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Abstract 

Childhood obesity represents a major global public health challenge, with increasing evidence 

identifying the prenatal period as a critical window for metabolic programming. This PhD 

thesis investigates early-life determinants relevant to childhood obesity risk, focusing on 

maternal pre-pregnancy body mass index (BMI), gestational weight gain (GWG), lifestyle 

factors during pregnancy, and neonatal gut microbiota signatures at birth.  

This thesis is structured as a publication-based doctoral work and is embedded within the 

LIMIT (LIfestyle and Microbiome InTeraction Early Adiposity Rebound in Children) 

prospective cohort study. It primarily addresses baseline (T0) assessments conducted at 

delivery. Framed within the Developmental Origins of Health and Disease (DOHaD) paradigm 

and the first 1,000 days framework, the thesis integrates evidence synthesis with original 

empirical analyses to examine how prenatal exposures may shape early metabolic and 

microbial profiles.  

The publication-based structure comprises a series of peer-reviewed and under-submission 

studies. First, a literature synthesis includes narrative and systematic reviews examining 

maternal lifestyle and nutritional exposures, early microbial environments, and the offspring 

exposome as determinants of obesity risk. Second, an original empirical study evaluates 

associations between maternal lifestyle behaviors during pregnancy and the adequacy of 

gestational weight gain. Third, a cross-sectional analysis investigates relationships between 

maternal pre-pregnancy BMI, GWG, lifestyle factors, and neonatal meconium microbiota 

composition at birth using 16S rRNA gene sequencing.  

Overall, this thesis characterizes key maternal and neonatal factors present at delivery that are 

biologically and behaviorally relevant to later obesity susceptibility. By focusing on early-life 

exposures rather than downstream obesity outcomes, this publication-based work contributes  

to advancing understanding of early metabolic programming and informs future preventive 

strategies beginning before and during pregnancy.   
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Chapter 1:  General Introduction 

1.1. Global Burden of Overweight and Obesity  

Over the last decades, obesity has become one of the most serious public-health issues 

worldwide, affecting individuals from all age groups, including women of reproductive age as 

well as children[1,2]. As stated by the World Health Organization (WHO), overweight and 

obesity are the major risk factors for several non-communicable diseases (NCDs), including 

type II diabetes[3], cardiovascular diseases[3], metabolic syndrome, various types of cancer[3], 

musculoskeletal disorders[3], and overall impaired health status[3].  

The WHO has defined obesity as an abnormal or excessive accumulation of body fat that can 

negatively affect the human health[3]. In adults, it is usually assessed through calculating the 

body mass index (BMI) and having a value more than or equal to 30 Kg/m²[3]. However, in 

children and adolescents, age- and sex-specific BMI z-scores are used, based on international 

growth references[4]. While BMI does not directly measure body fat distribution at the 

individual level, it remains the most widely used indicator in population-based research and 

public health surveillance due to its feasibility and strong association with morbidity and 

mortality outcomes[5]. 

Latest updates reveal that by 2050, overweight and obesity rates are expected to reach 

approximately 3.8 billion adults, corresponding to nearly 60% of the adult population (10.2% 

to 20.8% are women), and 746 million children and adolescents, representing 31% of the young 

population[2].  

Trends in global obesity prevalence and future projections are summarized in Figure 1[2]. 
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Figure 1. Estimated age-standardised prevalence of obesity in adults aged 25 years and older by sex, globally and by super-

region, 1990–2050. (A) Females. (B) Males. (C) All sexes combined. Shaded regions are 95% uncertainty intervals. Reprinted 

from GBD 2021 Adult BMI Collaborators (2025)[2]. 
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This rapid expansion has been driven by societal and environmental changes, including 

urbanization, reduced physical activity (PA), and increased availability of energy-dense ultra-

processed foods (UPF)[6,7]. Further concern is that nowadays obesity coexists with 

undernutrition in many regions, generating what we now call the “Double Burden of 

Malnutrition” that has significant effects on women and children[8,9].  

In Europe, the number of individuals affected by obesity has tripled over the last few 

decades[10], reflecting substantial changes in lifestyle, dietary patterns, and environmental 

exposures[10]. As shown in the WHO European Childhood Obesity Surveillance Initiative 

(COSI)[11], a high and persistent prevalence of overweight and obesity is detected among 

primary school–aged children (6–9 years), with limited evidence of meaningful declines over 

time[11]. Approximately 25% of children in this age range in the WHO European Region are 

affected by being overweight (including obesity), with obesity alone accounting for 11% of 

them (Figure 2). This emphasises the magnitude of this public health challenge and highlights 

the limited effectiveness of interventions that could be applied once the individual has reached 

the class of obesity[11,12].  

Marked socioeconomic and geographic inequalities characterize childhood obesity prevalence 

across Europe. Data from the WHO European COSI also indicate higher prevalences among 

children from families with lower parental educational attainment (Figure 3), and substantial 

variation across countries, with higher rates observed in Southern and Eastern Europe 

compared with Northern regions. Through this, we can observe the influence of social and 

environmental determinants beyond individual behaviours[11]. 

According to data from the World Obesity Federation, Italy currently shows a prevalence of 

obesity affecting approximately 17.8% of adults and 9.8% of children, highlighting the growing 

public health relevance of this condition at the national level[13]. Despite being a 

Mediterranean country, Italy nowadays is facing a declining adherence to the Mediterranean 

dietary pattern coupled with increased consumption of energy-dense and processed foods, 

especially in southern areas[14,15].  
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Figure 2 Prevalence of obesity (WHO definitions) in children aged 7–9 years (%).Copied from WHO COSI data[11]. 

 

Figure 3. Prevalence of obesity (WHO definitions) in children aged 6–9 years, by level of parental education (low to medium 

versus high) (%). a Variations, measured in percentage points, were calculated as the difference between the estimate for 

children with low to medium parental education and the estimate for children with high parental education  

Data relate to all children aged 6–9 years for whom data about parental education and weight status were available. The 

asterisk indicates a significant difference (P < 0.05). Copied from WHO COSI data[11]. 

From a public health perspective, the persistence of obesity across the life course reflects strong 

tracking of adiposity from childhood into adulthood[16,17]. Children with overweight or 

obesity are more likely to remain with obesity through adulthood, with limited effectiveness of 

interventions implemented after obesity is already established[18]. These observations 

highlight the need to shift preventive efforts toward earlier stages of life, before excess 

adiposity and metabolic dysfunction become hard to reverse[11,19].  

In recent years, this need has become particularly urgent due to the rising prevalence of 

overweight and obesity among women of reproductive age, a trend that directly affects the 

intrauterine environment and early developmental trajectories of the offspring. Traditional 

interventions implemented after birth or during childhood have shown limited long-term 
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effectiveness, highlighting the importance of shifting prevention strategies toward earlier life 

stages. Increasing attention has therefore focused on the combined role of maternal lifestyle 

behaviours, metabolic status, and early microbial exposures as modifiable determinants acting 

before obesity becomes established. Within this framework, pregnancy and the 

periconceptional period represent a critical window for early prevention, with the potential to 

interrupt intergenerational cycles of obesity risk. 

Rising global rates of overweight and obesity are particularly alarming among women of 

childbearing age[10]. Evidence suggests that excessive maternal adiposity, before and during 

pregnancy, is linked to adverse pregnancy outcomes, including gestational diabetes mellitus 

(GDM)[20], pre-eclampsia[20], caesarean delivery[20], and excessive gestational weight gain 

(GWG), as well as a higher risk of giving birth to large-for-gestational age infants[21]. 

Furthermore, it may predispose offspring to develop obesity and experience other metabolic 

disorders in the future[10,22,23], creating a cycle of intergenerational health risk.  

Children born to mothers with overweight or obesity are more likely to experience accelerated 

postnatal weight gain, higher adiposity rates, and altered metabolic profiles during childhood, 

which may continue into adolescence and adulthood[17,24]. These observations highlight the 

importance of targeting maternal health before and during pregnancy, as a critical phase for 

implementing strategies to prevent childhood obesity[18,19].  

Strategies for prevention have increasingly prioritised early life, particularly within the “first 

1,000 days” window, the critical period of life that starts from preconception and ends at the 

second year of age[25,26]. This window is considered a critical stage of plasticity during 

children's growth, metabolic health and disease susceptibility could be influenced by 

environmental, nutritional, and other lifestyle exposures[26–28]. Within this period, early-life 

interventions can be very effective in preventing the risk of childhood obesity and its related 

consequences, through targeting biological and behavioural determinants before the unhealthy 

trajectories take the lead[27]. 

In this context, ensuring optimal maternal weight and metabolic health as well as healthy 

lifestyle behaviours may serve as a defensive opportunity against the intergenerational 

transmission of obesity and consequently will reduce the risk of obesity-related diseases. 

1.2 Maternal Lifestyle Factors 
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Maternal lifestyle factors before and during pregnancy, including dietary patterns, PA, 

smoking, alcohol consumption, sleep quality, and psychosocial stress, play an important role 

in shaping maternal metabolic health[29]. They also contribute to shaping the intrauterine 

environment[30,31]. Evidence from life-course and developmental origins research[32] 

highlights that these exposures can influence maternal GWG, glucose metabolism, 

inflammatory pathways, and hormonal regulation, thereby affecting both maternal and fetal 

health[23]. Unhealthy lifestyle behaviours are common among women of reproductive age and 

have been associated with high risks of GDM, hypertensive disorders, and adverse 

cardiometabolic outcomes in the offspring[32]. 

Maternal nutrition is not limited to what a mother consumes during her pregnancy [33]. Rather, 

it represents a continuum of nutritional status and behaviours all over the periods of 

preconception, pregnancy, and postpartum[32]. Adequate preconception nutrition is 

fundamental for the mother to establish sufficient nutrient stores, such as iron and folic acid, 

aiming at supporting early fetal development[10,29,34], particularly during the first weeks of 

gestation when many women are not yet aware they are pregnant[32]. Adequate nutrition 

before and during pregnancy has been associated with optimal GWG, adequate fetal growth, 

and reduced rates of pregnancy complications[20,35].  

During pregnancy, diet quality has emerged as a critical determinant of maternal and neonatal 

metabolic health[36]. Dietary patterns rich in fruits, vegetables, whole grains, legumes, nuts, 

and unsaturated fats, such as the Mediterranean diet (MD)[35], are associated with improved 

insulin sensitivity, reduced systemic inflammation, and better regulation of GWG[35,37]. In 

contrast, diets high in saturated fats, refined carbohydrates, ultra-processed foods and added 

sugars have been linked to excessive GWG, maternal and fetal metabolic dysregulation[38] 

and higher rates of preterm birth and low birth weight[37,38].  

The MD pattern features a high consumption of fruits, vegetables, whole grains, legumes, nuts, 

olive oil, and moderate fish consumption, and adhering to this pattern offers a well-balanced 

macronutrient profile with anti-inflammatory and antioxidant properties[35,39]. In a 

systematic review conducted by Sharma et al. 202[39] on a large-scale of observational studies 

and randomized controlled trials to evaluate the protective effect of MD adherence on 

metabolic and obstetric complications, it was observed that higher adherence was associated 

with a lower risk of developing GDM for up to 28%.  
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By providing abundant dietary fiber, polyphenols, and unsaturated fatty acids, the MD may 

influence maternal gut microbiota and early microbial transmission at birth, providing a 

mechanistic pathway linking maternal diet quality with GWG, and the composition of neonatal 

microbiota[40]. 

In addition to nutrition, regular PA before and during pregnancy contributes to improved 

metabolic health[41] and supports appropriate GWG[42], although adherence remains low due 

to multiple factors[43].  

In a recent systematic review and meta-analysis conducted by Xie W et al (2024)[44], the 

authors demonstrated an important role of PA in improving insulin sensitivity and reducing 

GDM risk by up to 36%. The study also highlights a clear dose-response relationship, showing 

that increasing PA levels is significantly linked to lower risks of developing GDM. The 

findings emphasize that pregnant women are a primary target for interventions aimed at 

maintaining moderate-intensity activity to ensure optimal pregnancy outcomes[44]. 

Smoking[46,47], alcohol consumption[47], inadequate sleep[48], and high stress levels[49] 

further contribute to adverse pregnancy outcomes and may interact with maternal overweight 

or obesity to exacerbate metabolic risk[50].  

In a cohort study conducted by Schnurr M. T et al. (2022)[51], a sample of 700 mother-infant 

dyads taken from the German GINIplus and LISA birth cohorts was examined to assess the 

effects of maternal smoking during pregnancy on longer-term health outcomes in offspring. 

Children exposed to smoking in utero were found to have a significantly higher risk of being 

overweight by the age of 10 years, even after adjusting for maternal pre-pregnancy BMI (pre-

BMI) and the child’s genetic predisposition to adiposity (measured via polygenic risk scores). 

These findings suggest an association between smoking during pregnancy, as a direct 

intrauterine stressor,  and children's metabolic risk[51]. 

A literature review explored the relationship between maternal alcohol consumption during 

pregnancy and long-term health outcomes in children. The analysis highlighted that alcohol 

exposure in utero can induce oxidative stress, impair cellular function and neurodevelopment, 

and increase the risk of obesity later in life, as well as insulin resistance, dyslipidaemia, and 

neurocognitive deficits[52]. 
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Poor maternal sleep and elevated stress levels were also found in the literature to have an impact 

on the offspring outcomes, including risk of GDM, higher values of BMI and waist 

circumference in children, as well as increasing adiposity[48,53].  

Collectively, these maternal lifestyle factors may also influence early biological pathways 

relevant to offspring health, including the establishment of maternal and neonatal microbiota, 

which have been proposed as potential mediators linking prenatal exposures to later obesity 

risk[54]. 

1.3 Gestational Weight Gain (GWG) 

GWG is an important indicator of maternal nutritional and metabolic status during the period 

of pregnancy[55], and reflects the combined influence of pre-BMI, maternal lifestyle 

behaviours, and fetal growth[56]. Both low and excessive GWG have been consistently 

associated with adverse maternal and neonatal outcomes[56–58], making GWG a central focus 

in maternal and child health research. 

To standardize the assessment of GWG adequacy, the Institute of Medicine (IOM) has created 

evidence-based recommendations defining optimal ranges of GWG based on pre-BMI 

categories[55].  

Studies have demonstrated an association between excessive GWG with higher likelihood of 

GDM, hypertensive disorders of pregnancy, caesarean delivery, postpartum weight retention, 

and delivery of large-for-gestational-age infants, whereas low GWG is linked to preterm birth 

and small-for-gestational age infants[57,59]. Moreover, excessive GWG may contribute to 

long-term maternal obesity[58] and increase offspring susceptibility to metabolic disorders, 

thereby reinforcing intergenerational patterns of obesity risk. 

Although pre-pregnancy is a major determinant of GWG[59,60]; growing evidence indicates 

that modifiable lifestyle factors during pregnancy, particularly PA[42] and nutrition[60], can 

independently provide a positive influence on GWG trajectories.  

Regular PA, before and during pregnancy, can reduce the risk of excessive GWG by 

approximately 32% and decrease total weight gain by an average of 0.9 Kg[42]. It is also 

associated with reduced risk of developing GDM by 38%, gestational hypertension by 39%, 

and pre-eclampsia by 41%[41]. Moreover, women who exercise during pregnancy, are less 

likely to experience postpartum water retention, which is a risk factor for developing obesity, 

and more likely to have vaginal deliveries[42].  
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Pre-pregnancy 

BMI 

BMI Category 

(Kg/m2) 

Total Weight Gain 

(lbs) 

Total Weight Gain 

(Kg) 

Underweight < 18.5 28 – 40 12.5 – 18 

Normal Weight 18.5 – 24.9 25 – 35 11.5 – 16 

Overweight 25.0 – 29.9 15 – 25 7 – 11.5 

Obese (all classes) ≥  30.0 11 – 20 5 – 9 

Table 1. IOM 2009 Recommendations for Total Gestational Weight Gain 

1.4 Pregnancy as a Critical Period for Early-Life Programming 

Pregnancy is a foundational phase of the first 1000 days of life, during which environmental 

exposures can alter fetal development and health trajectories throughout the life course[27]. 

This concept is central to the Developmental Origins of Health and Disease (DOHaD) 

framework[61,62], which proposes that nutritional, metabolic, and lifestyle-related exposures 

during prenatal and early postnatal life may influence susceptibility to chronic diseases, 

including obesity and metabolic disorders, later in life[61]. 

Maternal metabolic status, GWG, and lifestyle behaviours during pregnancy act as critical 

signals that shape fetal growth and development through multiple biological pathways, 

including altered nutrient supply, hormonal signalling, inflammatory processes, and epigenetic 

modifications[27,63,64]. These biological mechanisms play a role in developmental 

programming, creating metabolic patterns during infancy that could continue into adulthood 

and affect future health outcomes[27]. 

Adiposity rebound (AR) is the primary indicator of early-life metabolic programming and 

represents the secondary rise in BMI that typically occurs between ages 4 and 7 years. 

However, an accelerated onset of this phase could happen earlier, and it is widely known as 

early adiposity rebound (EAR). This early transition signals an imbalance in developmental 

programming, which is a risk factor for the future development of metabolic syndrome and a 

higher likelihood of having insulin resistance and chronic cardiometabolic complications[65]. 

Research suggests that maternal weight status and the intrauterine environment are the main 

drivers for this early transition[65]. For this reason, EAR is used as a clinical indicator for 

developmental programming that can detect early metabolic exposures influencing children's 

health and growth trends[65]. 
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While AR and EAR are not evaluated as outcomes within my PhD thesis, they are targeted as 

outcomes within the LIMIT (LIfestyle and Microbiome InTeraction early adiposity rebound in 

children ) prospective cohort study[66]. 

At the offspring level, maternal PA has a central role in managing the intrauterine environment 

through boosting placental function and nutrient transport to the fetus. This optimization helps 

ensure healthy fetal growth, preventing excess fat accumulation (macrosomia) while 

preserving lean muscle mass[68,69]. Maternal PA during and after pregnancy positively 

influences weight trajectories in offspring[68]. 

Other maternal lifestyle factors, such as the quality of dietary consumption, smoking status, 

alcohol consumption, quality of sleeping, and psychosocial stress levels, may also influence 

developmental programming through different metabolic and inflammatory systems[27]. 

These lifestyle exposures likely interact with maternal weight status and shape the infant's risk 

of lifelong metabolic disorders. 

1.5 Early-Life Microbiota and Metabolic Programming 

The human gut microbiome is a fundamental moderator for metabolic function, energy balance, 

and the immune system. A growing body of evidence identifies gut microbial dysbiosis 

(alterations in composition and diversity) as key influencers for weight gain and metabolic 

disorders. These alterations can adversely influence the caloric extraction from the diet, create 

systemic inflammation, and reduce insulin sensitivity[69,70].  

Maternal microbiota during pregnancy and at delivery is fundamental for shaping the infant's 

immune and microbial systems through multiple biological pathways. These include the 

systemic transfer of metabolites across the placenta and the exposure to maternal microbes 

during delivery through vaginal, skin and mucosal contacts[69]. Moreover, the presence of 

maternal short-chain fatty acids (SCFAs) and secondary bile acids of maternal origin helps in 

regulating fetal immunity and preparing infants’ gut for postnatal colonization[71].  

Beyond these mechanisms, the early development of neonatal gut microbiota within the first 

1,000 days of life is affected by multiple interactions between maternal, perinatal, and 

environmental exposures[69] (Figure 4[72]). These include pre-BMI[54], GWG[54], maternal 

dietary pattern[73], delivery mode[74], infant feeding choices[74], antibiotic use[74], and 

broader environmental exposures[74]. Among these determinants, maternal lifestyle factors 
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and weight status have been linked to the specific diversity and density of the newborn’s gut 

microbiota[54,73,75].  

 

Figure 4. Interrelation between maternal and neonatal nutrition, gut microbiota, and epigenetics during the first 1,000 days 

of life. The main influencing factors are detailed in the boxes. Copyright © 2017 Indrio, Martini, Francavilla, Corvaglia, 

Cristofori, Mastrolia, Neu, Rautava, Russo Spena, Raimondi and Loverro[72]. 

Growing evidence suggests that these maternal influences on early microbial composition may 

represent a biological pathway linking prenatal exposures to early-life metabolic programming. 

Maternal pre-BMI, GWG, and dietary quality have been associated with differences in neonatal 

gut microbiota, including reduced microbial diversity and altered abundance of taxa involved 

in metabolic regulation[54,73]. Such microbial signatures may contribute to offspring 

metabolic susceptibility by modulating the maturation of the immune system, the integrity of 

the intestinal barrier, and the regulation of systemic inflammatory pathways[69]. 

Despite the need for further investigations to confirm a causal mechanism for early-life 

microbiota, the consistency of findings in the literature highlights the relevance of the infant 

microbiome. The investigation of microbial profiles at delivery provides a unique opportunity 

for identifying early markers of developmental programming[76][69,76]. By understanding the 
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pathways by which these exposures can influence neonatal microbiota, targeted early 

prevention strategies must be implemented. 

1.6 Meconium Microbiota at Delivery (T0) 

Meconium, the first neonatal stool, provides a unique biological image for the intrauterine 

environment that holds the history of fetal exposures, including maternal influences. It helps in 

understanding the microbial exchange occurred during late pregnancy between the mother and 

her infant[77]. Traditionally considered sterile, advanced molecular techniques have 

demonstrated that meconium contains a wide array of microbial-derived metabolites. These 

chemical signatures reflect a complex exchange of microbial and metabolic signals from the 

mother to the fetus during late gestation and the perinatal period[77]. As reported by Bekhti et 

al. (2022) [77], the metabolic profile of meconium has matured rapidly between delivery and 

almost the third day of birth, influenced by several exposomes including the initiation of 

feeding[77]. This rapid transition confirms the importance of analysing meconium to identify 

early signs of fetal programming before the effect of postnatal exposures. 

The microbial composition of meconium is mainly influenced by multiple interactions between 

maternal, placental, and perinatal factors. As demonstrated by Liu et al. (2025)[78], infants 

born to mothers with GDM had a lower microbial diversity and composition. Maternal pre-

BMI, age, and GWG were also shown as potential moderators for these microbial profiles[78]. 

Based on the framework of the first 1,000 days and the DOHaD paradigm[61,62], meconium 

microbiota can be conceptualized as an early biological “print” of prenatal and perinatal 

influences.  

In the LIMIT[66] prospective cohort study, baseline (T0: at delivery) assessments include the 

systematic collection and analysis of meconium samples as a baseline biological assessment 

upon which all subsequent longitudinal analyses will be performed.  

Within the DOHaD framework, these early microbial and metabolic signatures at T0 may 

contribute to developmental programming processes that influence postnatal growth 

trajectories and the timing of adiposity rebound, thereby providing biological context for later 

outcomes such as early adiposity rebound, even when these outcomes are not directly assessed 

at baseline. 

1.7 The LIMIT Prospective Cohort Study and Scope of the Present PhD Thesis 
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The present PhD thesis is embedded within the LIMIT (; www.clinicaltrials.gov 

NCT04960670)[66] study, an ongoing observational study designed to investigate early-life 

determinants of childhood obesity risk. The LIMIT[66] study follows 272 mother–child dyads 

from delivery until early childhood, with follow-up extending up to 36 months of age. It aims 

at examining the link between infant gut microbiota during the first 6 months of life, and EAR 

by the age of 36 months, as well as exploring how maternal and infant lifestyle factors, and 

environmental exposures shape infant gut microbiome at 6 time points spanning pregnancy, 

delivery, and postnatal follow-up (T0, at delivery; T1, 1 month; T2, 6 months; T3, 12 months; 

T4, 24 months; T5, 36 months after birth). Figure 5: Graphical abstract of LIMIT[66] study  

 

Figure 5. Graphical abstract of LIMIT study representing all time points of measurement. T0 measurements are the scope of 

the present thesis[66] 

The LIMIT study was funded by: 

1. The National Recovery and Resilience Plan (PNRR), Mission 4 Component 2 Investment 1.4-Call for tender 

No. 3138 of 16 December 2021, rectified by Decree n.3175 of 18 December 2021 of Italian Ministry of 

University and Research funded by the European Union-NextGenerationEU; Award Number: Project code 

CN_00000033, Concession Decree No. 1034 of 17 June 2022 adopted by the Italian Ministry of University 

and Research, CUP F13C22000720007, Project title “National Biodiversity Future Center-NBFC”  

2. The National Recovery and Resilience Plan (PNRR), Mission 4 Component 2 Investment 1.3-Call for proposal 

No. 341 of 15 March 2022 of Italian Ministry of University and Research funded by the European Union-

NextGenerationEU. Project code PE00000003, Concession Decree No. 1550 of 11 October 2022 adopted by 

http://www.clinicaltrials.gov/
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the Italian Ministry of University and Research, CUP F13C22001210007, Project title “ON Foods-Research 

and innovation network on food and nutrition Sustainability, Safety and Security-Working ON Foods. 

3. The University of Pavia’s “Fondo Ricerca e Giovani, years 2020–2021 and 2021-2022. 

Subsequent follow-up assessments (T1–T5) will capture dynamic changes in infant gut 

microbiota, growth patterns, lifestyle exposures, and metabolic indicators across early 

childhood, ultimately allowing evaluation of early adiposity rebound and related obesity risk 

within a longitudinal developmental framework. 

Despite the longitudinal nature of the LIMIT[66] study, the scope of this PhD thesis is mainly 

restricted to baseline assessments (T0) conducted at delivery. Specifically focusing on maternal 

pre- BMI, GWG, lifestyle factors and environmental exposures, and their associations with 

neonatal meconium microbiota composition at birth. 

The comprehensive framework of the LIMIT study is reported in the published study 

protocol[66]. In accordance with the objectives of this PhD thesis, only methodological aspects 

directly relevant to baseline data collection and T0 microbiota analyses are addressed.  

From a conceptual perspective, T0 measurements could be considered as the starting conditions 

of a long developmental trajectory. While the LIMIT[66] study follows children across early 

life, enabling the evaluation of growth patterns and obesity-related outcomes, the present thesis 

focuses on identifying early biological and lifestyle-related determinants present at delivery. 

Therefore, this work refines current hypotheses regarding early microbial shaping and informs 

the interpretation of metabolic programming processes relevant to childhood obesity risk. 

1.8 Aims of the PhD Thesis 

The overall aim is to cross-sectionally characterise, within the LIMIT[66] study, key early-life 

exposures that have been linked to later childhood obesity risk, focusing on maternal pre-

pregnancy weight status (e.g. pre-BMI), GWG, and pregnancy lifestyle factors (including 

nutrition and other behavioural determinants), together with the neonatal meconium microbiota 

profile at delivery. Specifically, the thesis will describe these maternal and neonatal features 

and explore their interrelationships at birth, without evaluating childhood obesity as an 

outcome. Therefore, specific objectives are 

1. To synthesize current evidence on maternal lifestyle, nutrition, and early microbial 

exposures relevant to offspring obesity risk. 
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2. To assess the relationship between maternal lifestyle factors during pregnancy and 

GWG adequacy. 

3. To investigate associations between maternal weight status (pre-BMI and GWG) and 

lifestyle factors, with infant microbiota composition of the meconium at the delivery 

(Bacteria 16S rRNA gene variable regions 1-8, bV18-A) 

1.9 Structure of the Thesis 

This PhD thesis is structured around three complementary objectives based on the published 

and under-submission studies conducted during my doctoral program (2023-2026).  

Briefly, first (Chapter 2), it aims to synthesise the current evidence on maternal lifestyle and 

nutrition during pregnancy, as well as early microbial exposures, as determinants relevant to 

offspring obesity risk. To address this objective, I conducted a structured body of literature 

work, comprising two narrative reviews[27,79] and one systematic review[80], which together 

provide a critical and updated framework on the biological plausibility, consistency of findings, 

and methodological gaps in this research area.  

Building on this evidence base, the thesis then moves to an empirical component embedded 

within the ongoing LIMIT study[66] (Chapter 3). Indeed, the second objective focuses on the 

relationship between maternal lifestyle factors during pregnancy (particularly nutrition and 

related behavioural determinants) and the adequacy of GWG, which was examined through a 

cross-sectional analysis at baseline/time of delivery and resulted in one original research 

paper[81]. The third objective further expands this investigation by exploring, within the same 

cohort and at T0, the associations between maternal weight status (pre-BMI and GWG) and 

maternal lifestyle factors with the neonatal meconium microbiota profile at birth, also using a 

cross-sectional design and resulting in a second original research paper. 

Overall, the thesis combines a robust synthesis of existing evidence with original analyses of 

maternal and neonatal characteristics within LIMIT[66] study, providing an integrated view of 

pregnancy-related exposures and early-life microbial patterns that are considered relevant to 

later obesity susceptibility, while not assessing childhood obesity outcomes within the scope 

of this doctoral work. 

Last, Chapter 4 integrates findings and concludes with implications and future directions both 

for the LIMIT[66] study as well as for clinical practice. For each included 

publication[27,79,80], I made substantial contributions to the study and methodology design, 
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data collection and analysis and scientific writing process, including manuscript drafting and 

iterative revision across multiple rounds. Beyond producing original text, I actively shaped the 

overall structure and narrative coherence of each paper, refined the rationale and framing in 

line with the study objectives, and strengthened the clarity, consistency, and scientific tone of 

the Methods, Results, and Discussion sections.  

I also contributed to the interpretation of findings and their contextualisation within the existing 

literature, ensuring that conclusions were appropriately supported by the data and aligned with 

current evidence.  

In publications where I was not the first author[81], I nonetheless played an important role in 

critically revising key sections, integrating co-authors’ feedback, addressing methodological 

and editorial comments, and supporting the finalisation of the submission-ready version.  

My contributions are documented in the “Author Contribution” statements of the respective 

publications.  
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CHAPTER 2: LITERATURE SYNTHESIS 

This chapter integrates three literature reviews carried out during my PhD journey (2023-2026) 

at Laboratory of Dietetics and Clinical Nutrition (LDNC) - Department of Public Health, 

Experimental and Forensic Medicine - University of Pavia.  

The three reviews presented in this chapter form a coherent conceptual point by jointly 

addressing maternal lifestyle, nutritional exposures, and early biological pathways that 

emphasize developmental programming and childhood obesity risk. Together, these reviews 

focus on early-life determinants of childhood obesity, including maternal lifestyle factors, 

human breast milk microbiota, and folic acid supplementation in pregnant women affected by 

overweight and obesity. 

The full published versions of the three reviews are provided in Appendices A,B and C. 

Paper 1: The Influence of Maternal Lifestyle Factors on Human Breast 

Milk Microbial Composition: A Narrative Review 

Published online at: https://doi.org/10.3390/biomedicines12112423  

This narrative review investigates the relationship between maternal lifestyle behaviours and 

the microbial composition of human breast milk, highlighting the important role of maternal 

consumption for a plant based dietary pattern. 

Brief Introduction 

In this narrative review[79], our aim was to investigate the association of maternal lifestyle 

behaviours and environmental exposures during pregnancy and lactation, involving dietary 

habits, PA/exercise, sleep quality, smoking status, alcohol consumption, psychological 

stress/distress, with the human breast milk (HBM) microbiota. We also framed the topic within 

Lifestyle Medicine by focusing on modifiable variables, during pregnancy and breastfeeding 

phases, and their potential influence on infant gut development and long-term health 

outcomes[82–87]. 

We approached the topic from the view that HBM is more than just a rich biological source of 

nutrition, but also as a highly complex system characterized by immune factors and microbial 

https://doi.org/10.3390/biomedicines12112423
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communities that help in shaping early microbial colonisations and metabolic and immune 

programming[82–86]. We described breastfeeding as a major early-life exposure that impacts 

the establishment of neonatal gut microbiota and is linked to reduced risks of infectious 

diseases and various chronic conditions later in life, including allergic and metabolic disorders. 

Furthermore, we suggested that these health benefits are maybe, at least partially, influenced 

by milk-derived microbes and their functional activities such as the antimicrobial activity, 

competitive exclusion of pathogens, and interactions with the intestinal epithelium and mucosal 

immune responses[82,86,87]. 

Methodology: 

From a methodological standpoint, we realized that the use of culture-independent 

technologies, specifically the 16SrRNA gene sequencing and related techniques, has 

considerably advanced our understanding of the HBM microbiota while also demonstrating 

marked inter- and intra-individual variability[87,88]. We documented that HBM contains 

hundreds of microbial taxa, with streptococcus and staphylococcus being the most abundant. 

We further noted that the “core” set of genera represent a substantial proportion of the 

community, although relative abundances varied markedly across samples[82]. We also 

highlighted the biological feasibility of milk-to-infant microbial transfer by estimating that a 

substantial microbial daily dose is consumed by the infants through breastfeeding[82]. 

We presented the following two main overlapping pathways that could drive the microbial 

communities in HBM: 

1- Reverse flow: we outlined that during infant suckling; maternal cutaneous infant oral 

microbes can migrate to the milk ducts potentially influencing milk and infant gut microbial 

communities[89–91]. 
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2- Enteromammary pathways or gut-breast axis:  we cited evidence suggesting that 

maternal intestinal microbes may translocate across barriers to the mammary gland, possibly 

via cellular immune transport, enabling a vertical microbial transfer through breast milk[92–

94]. We used this pathway as a mechanistic framework, to support the idea of how maternal 

lifestyle factors may influence HBM composition, through their effect on the intestinal gut 

microbiota. 

In this narrative, we also emphasized on the relationship between breastfeeding practices as, 

at-the-breast feeding, and as expressed milk feeding, and the distinct patterns of microbial co-

occurence, between milk and infant stool. In this way, we strengthened the concept that the 

HBM microbiota is part of a bidirectional mother-infant microbial ecosystem[95–98]. 

We then summarized human evidence on direct relationships between certain determinants, 

such as diet, alcohol, smoking, and stress, with the microbial composition of HBM. In contrast, 

we addressed PA and sleeping patterns primarily as factors that altered intestinal microbiota of 

the mother, with a proposed indirect influence on HBM through the enteromammary pathways. 

Importantly, at the time of writing this narrative, there were no other studies that directly tested 

the effect of maternal PA and sleep quality on HBM microbial composition. The reason why 

our discussion was partly speculated and supported by biological mechanisms and 

reasonings[99–103].  

Results: 

Across lifestyle domains, our main findings involved maternal diet, PA, quality of sleep, 

exposure to smoking and alcohol, psychological stress/distress. 

1- Maternal Diet (the most robust evidence base we found): 

Maternal diet was the most investigated among all lifestyle variables as having an influence on 

HBM microbiota through dual mechanisms as direct or gut-mediated pathways. Among the 
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observational studies, we reported that overall dietary patterns (vegan, vegetarian, omnivorous 

diets) were found to be associated with variations in microbial environments in some 

populations, with effects in some cases becoming more detectable when examined at finer 

taxonomic resolutions, including species-level markers[104]. Broader dietary clusters and 

macronutrients profiles appeared to be associated with distinct microbial configurations in the 

HBM. Dietary patterns based mainly on protein plant sources, fibers, and complex 

carbohydrates were linked to the HBM profiles in a different way than those based on protein 

animal sources, fats, and simple sugars, with a distinct observation at the phylum and genus 

levels and through discriminant analysis in specific datasets[105]. 

The quality of fat (saturated, unsaturated, trans fatty acids) emerged as an important 

differentiating variable. Various studies classified milk according to its fatty acid composition 

and demonstrated differences in microbial community structure, with particular taxa linked to 

specific fat profiles; trans fatty acids were often shown as informative markers[104]. In some 

studies, individual nutrients and micronutrients, demonstrated associations with specific 

genera, with effects that differ based on whether dietary intake was assessed during gestation 

or during breastfeeding period[106,107]. Evidence highlighted that the dietary exposures 

during pregnancy may have a stronger effect on overall microbial profile, while during 

lactation, they were more associated with shifts in particular genera[106,107]. 

Fibers and other non-digestible carbohydrates were reported not only as markers for the quality 

of diet, but also as functional substrates that can affect microbial metabolism. We then 

highlighted the connection between non-digestible carbohydrates, butyrate levels, and the 

microbial composition in HBM[105]. Multi-omics studies have shown minimal differences in 

overall diversity in specific dietary restrictions, such as the gluten-free diet for celiac disease, 

while indicating also potential changes in selected taxa[107]. 
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We concluded these dietary associations through the gut-breast axis, proposing that diet-

induced changes in the gut microbiota of the mother and its metabolic products, could have 

affected which microbes or microbial metabolites entered to the mammary glands or persisted 

in breast milk[92–94]. 

Overall, our investigations, we concluded that diet was the most consistently reported 

modifiable variable for the HBM microbiota, while highlighting that the differences in the 

studied populations, timing of the sampling, and the used analytical approaches restricted the 

direct comparison across all the included studies. 

2- Physical activity/exercise: 

We examined PA and exercise as biologically plausible modifiers for the HBM microbiota, 

due to their well-known effects on the maternal intestinal microbiota and systemic physiology. 

However, we did not find any studies that directly examined PA or exercise in relation to the 

microbial composition of the HBM[99]. As a result, this variable was widely discussed as a 

hypothesis informed by indirect evidence, to negatively affect the maternal gut microbiota 

when it is in low levels, and to influence microbial composition of breast milk through 

endogenous transfer. 

3- Sleep quality: 

Similarly to PA, sleep disruptions were found to be associated with alteration in the gut 

microbiota in other settings, which could plausibly influence HBM through the 

enteromammary mechanism. We highlighted that paucity of evidence directly measuring the 

relationship between sleeping and HBM microbiota[99].  

4- Smoking and alcohol: 

Limited evidence was also detected in terms of smoking and alcohol exposures. For the alcohol 

we found at least one study that reported no significant association with overall microbial 
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profile of the HBM, while describing a core milk microbiome dominated by a particular 

genera[108]. Available evidence for smoking was sparse, and the link with microbial diversity 

was inconsistently observed.  

However, even with the absence of a direct effect, we noted that both variables, alcohol and 

smoking, were associated with alterations in the gut microbiota, which are relevant within a 

gut-breast axis framework. 

5- Psychological stress/distress: 

This variable has emerged as potentially important but not well-explored. Longitudinal studies 

identified in some populations an association between higher distress levels and lower 

microbial diversity and /or temporal shifts in particular phyla or genera during early stages of 

lactation, even where large cross-sectional differences were not evident[109,110]. 

In the BINGO cohort, no significant differences were detected over the genus composition 

between groups of high- and low- distress levels. However, mothers experiencing a lower 

distress level, showed higher alpha diversity and progressive taxonomic changes over 

time[109]. In mothers of very preterm infants, higher stress was linked to limited early milk 

production and with temporal phylum-level differences, including reduction in Firmicutes and 

increase in Proteobacteria over the first two weeks after delivery[111].  

Overall, we identified that psychological stressors may affect the microbiota of HBM through 

direct physiological effects and gut-regulated pathways, however, further investigations are 

still needed. 

6- Translational considerations in terms of probiotics in infant formulas: 

In our narrative, we decided to include probiotics (and synbiotic, including HMOs) exposure, 

even though they are obviously not maternal lifestyle exposures, but to understand if they could 
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influence the gut microbiota of formula-fed infants toward profiles that are closely similar to 

those in breastfed infants. We found evidence indicating that certain probiotic strains, namely 

Bifidobacterium and Lactobacillus, are associated with higher rates of beneficial taxa, and in 

some contexts, with immune-related benefits. We also emphasized that these effects varied 

depending on several factors, including strain, dose, and duration, and were often 

transient[91,98,112].  

We discussed that probiotics alone were unlikely to reproduce the full bioactive and 

immunomodulatory complexity of HBM, particularly without HMOs, and the synbiotic 

approaches may be more promising but still require stronger long-term evidence.  

Finally in this narrative review, we devoted substantial attention to methodological limitations 

affecting comparability and causal interpretation. These limitations include sampling 

variability, and contamination risks in low-biomass milk samples, and carryover from skin or 

nipple sources. Technical restrictions of 16S rRNA sequencing, which often limits the 

resolution and functional insights at the genus level. Whole-genome metagenomics provided a 

deeper taxonomic and functional characterization; however, it required higher financial and 

computational resources[88]. We also underlined the limitations of the study design, as cross-

sectional studies predominated and could not capture dynamic changes across lactation, while 

longitudinal studies were fewer and more resource intensive.  

Most of the findings remained correlational rather than causal. We called for greater protocol 

standardization, more longitudinal and interventional designs, and wider multi-omics 

approaches to improve functional interpretation and reduce heterogeneity.  

In conclusion, we can say that maternal lifestyle exposures were relevant to HBM microbiota, 

with diet being the most consistently supported influence, while PA, sleep, and stress remained 

key evidence gaps requiring targeted investigations.  
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These areas required dedicated research. We encouraged integrating these insights into prenatal 

and postnatal care. We supported balanced dietary patterns, regular PA, and stress 

management. The goal was to promote favourable HBM composition. This could also support 

infant gut microbiota maturation and immune development. Finally, we reiterated the need for 

stronger longitudinal and intervention studies. This would help move from association to 

actionable recommendations. We also underscored the importance of addressing 

methodological barriers in milk microbiome research. 
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Paper 2: Folic Acid Supplementation in European Women of 

Reproductive Age and During Pregnancy with Excessive Weight 

This systematic review examines folic acid supplementation practices among European women 

with overweight and obesity, addressing a potential nutritional gap within the critical period 

for preventing NTDs. 

published online at: https://pmc.ncbi.nlm.nih.gov/articles/PMC11786555/  

Brief Introduction 

In this systematic review, we aimed at synthesizing the evidence on folic acid (FA) 

supplementation practices among European women of reproductive age, and pregnant women 

with overweight or obesity, with a specific focus on whether these women are supplemented 

according to current clinical recommendations and whether recommended doses are applied in 

practice.  

We also discussed the biological and clinical implications of FA status in this population, 

highlighting how contextual factors and circumstances, including socioeconomic and 

behavioural determinants, influence the effectiveness and uptake of supplementation protocols.  

We started by observing that neural tube defects (NTDs), severe congenital conditions 

including spina bifida and anencephaly, are primarily caused by maternal folate deficiency in 

the periconceptional period and represent a major public health burden in Europe, occurring in 

approximately 1 per 1,000 pregnancies[113,114]. International guidelines recommend daily 

FA supplementation of 0.4 mg before conception and through the first trimester to prevent 

NTDs, with a higher dose (5 mg) advised for women with obesity due to their altered metabolic 

demands and lower circulating folate levels[115–117]. These biological risks are thought to be 

mediated by chronic low-grade inflammation and increased nutrient requirements associated 

with higher BMI.  

Methodology: 

To address our aim, we followed PRISMA[118] guidelines to identify relevant studies, 

searching databases including PubMed, Web of Science, and Medline without time restrictions. 

Eligibility criteria focused on human studies conducted in European settings that assessed FA 

supplementation patterns in women with overweight/obesity and reported dosage, timing, and 

compliance outcomes. Eight studies met inclusion criteria and were included in the synthesis.  

https://pmc.ncbi.nlm.nih.gov/articles/PMC11786555/
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Results: 

Across the included studies, adherence to FA supplementation guidelines among women with 

overweight or obesity was consistently low. Only 4–9.5% of pregnant women with obesity 

took the recommended 5 mg FA dose for enhanced neural tube defect prevention[119]. While 

most of the participants, including those with obesity, received standard 0.4 mg doses or did 

not take FA at all before conception. Moreover, we reported that up to 61% of women began 

supplementation after conception, thus missing the critical periconceptional window when FA 

has maximal preventive effect against NTDs[120].  

Despite consistent clinical guidance, this finding revealed that real-world supplementation 

practices frequently fall short of recommendations, leaving women with excessive weight 

inadequately protected.  

Several studies within the review reported that women with obesity exhibited significantly 

lower serum plasma folate levels in early and late pregnancy compared with normal-weight 

counterparts, even when supplementation was reported. For example, in one cohort, mean 

serum folate at 16 and 28 weeks was 7.9 ng/mL and 3.9 ng/mL respectively in women with 

severe obesity compared with 15.0 ng/mL and 10.6 ng/mL in control women without 

obesity[119,121]. These biochemical disparities occurred even though almost all women 

reported taking some form of FA supplementation, underlining that standard doses may be 

insufficient in the context of high BMI and altered folate metabolism. In other reports, serum 

folate differences between BMI categories remained significant, although red cell folate 

measures did not differ significantly.  

Our synthesis for these data provides direct evidence of altered folate status in women with 

excessive weight and support the rationale for heightened dosing and early supplementation 

protocols in this group.  

Concerning the timing of supplementation, we reported it as a critical determinant of 

periconceptional folate status. Preconceptional initiation was uncommon in most studies, with 

many women first taking FA after pregnancy recognition.  Suboptimal timing is particularly 

relevant given that the neural tube closes by approximately day 28 post-conception, often 

before pregnancy awareness, which underscores why preconception supplementation is 

crucial.  Only a minority of women began FA supplementation more than 12 weeks prior to 

conception in some cohorts. 
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As the timing of starting with FA supplementation significantly influences tissue folate levels 

during early embryogenesis, these findings suggest that behavioural and contextual barriers to 

preconception care are an important part of the exposome around FA supplementation 

practices.  

Within our systematic review, we summarized evidence suggesting that diet quality and related 

lifestyle factors influence both biologic folate status and supplementation patterns. Pregnant 

women with severe obesity generally reported lower dietary folate intake, reinforcing the joint 

role of diet and supplementation in determining folate status[122].  

While in terms of behavioural and sociodemographic factors, including age, education, 

smoking, alcohol use, and pregnancy planning status, these emerged to be associated with 

compliance to FA supplementation recommendations[120,122,123].  

We reported that these factors are more likely to interact with broader socioeconomic 

conditions such that women with lower socioeconomic resources or less health literacy may be 

at greater risk for both folate insufficiency and poor supplementation adherence, consistent 

with evidence from social exposome research showing that environmental exposures and health 

behaviours do not act uniformly across populations. Accordingly, the effects of FA 

supplementation practices cannot be interpreted solely through a biological lens, because 

education, planning, and access to healthcare resources shape preconception and prenatal 

behaviours. 

Through our investigation, we highlighted on the biological need of adequate folate status in 

the periconceptional period for proper neural tube closure and embryonic development. We 

reported how obesity-related metabolic alterations, such as chronic inflammation and increased 

nutrient turnover, compromise folate homeostasis, thereby increasing the risk of NTDs even 

when FA supplementation is reported. Moreover, the lower preconception folate status in 

women with obesity may reflect a combination of reduced dietary folate intake, suboptimal 

adherence to supplementation protocols, and physiologic metabolic demands that attenuate 

plasma folate levels. 

This set of mechanisms highlights the internal exposome mechanisms (e.g., metabolic 

adaptation, inflammation) by which external behaviors and contexts manifest biologically 

relevant deficiencies. 
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We noted some limitations within our included studies[119,120,122–124]. Most of them were 

observational cohort or case–control designs, which limits the causal inference. The sample 

sizes varied between studies, and measurement of adherence often relied on self-reported 

supplementation practices, which may introduce recall bias. Reporting on sociodemographic 

correlates and comprehensive diet patterns was inconsistent across studies, limiting the ability 

to fully model contextual modifiers of supplementation practices. 

These limitations underscore the need for prospective, longitudinal studies with validated 

biomarkers to better ascertain the effects of both supplementation behaviours and underlying 

metabolic variation. 

In conclusion we can say that European women with overweight or obesity are frequently non-

adherent to current FA supplementation recommendations, particularly the enhanced 5 mg dose 

recommended for high-BMI women. We call for standardization of FA supplementation 

guidance across European countries, stronger emphasis on preconception care, and tailored 

public health programming to ensure vulnerable populations fully benefit from evidence-based 

recommendations.  
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Paper 3: Offspring’s Exposome: Early-Life Factors and Childhood 

Obesity Risk  

This review situates maternal and early-life exposures within the exposome framework, 

providing a comprehensive overview of pathways influencing childhood obesity risk. 

published online at: https://pmc.ncbi.nlm.nih.gov/articles/PMC12535905/  

Brief Introduction 

In this narrative review, our main aim was to create a comprehensive overview of how 

environmental exposures early in life, usually referred to as the “offspring’s exposome”, can 

increase the risk of developing childhood obesity, while focusing on all variables within the 

first 1,000 days window of life.  

We outlined our discussion within the Developmental Origins of Health and Disease (DOHaD) 

framework[61,62], highlighting that during critical window of development, lifestyle and 

environmental exposures may create long-term metabolic trajectories. This can happen through 

alterations in the biological systems associated with adiposity, energy balance, immunity, and 

endocrine signalling.  

We started with the rising prevalences of childhood obesity which become a global health 

challenge, known to be associated with long-term risks of non-communicable diseases (NCDs). 

These chronic diseases include type 2 diabetes, cardiovascular diseases, and other metabolic 

disorders[125–127].  

In this context, we introduced the exposome framework as a method to detect all possible 

environmental determinants, involving external environmental variables, lifestyle factors, and 

internal biological reactions[128–130]. 

Methodology: 

To address our aim, we categorized possible exposures into two external exposomes (general 

and specific), and one internal exposome (Figure 1). The category of the general external 

exposome involved air pollutants, metals, chemicals (eg. endocrine-disrupting chemicals or 

EDCs), urbanization, and climate change. The category of specific external exposome involved 

modifiable lifestyle factors such as diet, PA, sleeping pattern, socioeconomic status (SES) and 

infant feeding practices. The internal exposome included endogenic biological interactions 

https://pmc.ncbi.nlm.nih.gov/articles/PMC12535905/
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such as metabolic regulations, inflammation, oxidative stress, hormonal milieu, and the 

microbiome. 

 

Figure 1. Healthy and unhealthy exposome factors in early life: general, specific, and internal determinants influencing 

childhood obesity risk. 

Results: 

We then investigated how the components of these three domains interact dynamically across 

early development and influence the risk of obesity. Our findings revealed that: 

1- General External Exposome and Obesity 

1.1 Endocrine-Disrupting Chemicals (EDCs) 

One the most studied exposures was the effect of EDCs, specifically bisphenol A (BPA), 

phthalates, and perfluoroalkyl substances (PFAS), since they are widely available in all 

industrial products that are of daily use[131–137]. These EDCs are present in packages, 
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plastics, and food items, and they can alter the functions of the endocrine system through 

different mechanisms. Through our investigation, we noted that: 

− Prenatal BPA exposure was associated with higher BMI z-scores, increased waist 

circumference, and greater fat mass in childhood, with several studies reporting sex-

specific effects, often stronger in girls. 

− Phthalate exposure during pregnancy was linked to accelerated postnatal weight gain and 

increased adiposity, although associations varied by phthalate metabolite and timing of 

exposure. 

− PFAS exposure showed mixed but concerning associations, with several studies 

reporting higher BMI or overweight risk in childhood following prenatal exposure, 

particularly at higher exposure quartiles. 

Our findings from original empirical studies and systematic reviews, revealed that the exposure 

to the chemicals within the critical period of life interact with fat cells production, and 

consequently affect the metabolic development of the infant. However, these findings were 

varied depending on the type of EDCs as well as the timing of exposure.  

1.2 Air Pollution 

Evidence suggested that prenatal exposure to particulate matter (PM₂.₅ and PM₁₀) was 

associated in some cohorts with higher BMI trajectories, increased fat mass, or rapid postnatal 

weight gain, while other studies reported null associations. Moreover, traffic-related pollutants 

(e.g., NO₂) were associated with metabolic dysregulation markers, including insulin resistance, 

which may precede overt obesity[138,139]. 

We highlighted that inconsistencies, likely reflect differences in exposure assessment, timing, 

and confounding by socioeconomic and lifestyle factors, but overall findings suggest that air 

pollution may act as an indirect obesogenic stressor through inflammation and oxidative stress 

pathways.  

1.3 Urbanization and Climate Change: 

We noted that the access to green spaces during early childhood was associated with lower 

BMI trajectories and reduced obesity risk, mediated partly by increased PA and reduced 

psychosocial stress. Conversely, highly urbanized environments were associated with greater 

sedentary behaviours and higher obesity prevalence[140,141]. These findings were described 

as moderately consistent across observational studies, though strongly context dependent. 
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2- Specific external exposome and childhood obesity 

2.1 Early Infant Feeding 

Through our investigation, we reported that the primary protective variable withing this 

category, is the exposure to exclusive breastfeeding at least for the first six months of life. 

Different cohorts demonstrated that infants who exclusively breastfed have a lower BMI 

trajectories and reduced risk of childhood obesity when compared to those fed on formulas. A 

cumulative benefit is present whit longer breastfeeding durations. Studies adjusting for 

maternal BMI and socioeconomic factors generally retained a protective association, though 

effect sizes were attenuated[142,143].  

Concerning human breast milk composition, some studies linked higher milk leptin or 

adiponectin levels to infant growth regulation, but results were inconsistent across cohorts, 

preventing firm conclusions. 

2.2 Complementary Feeding Practices 

The introduction of complementary foods before 4 to 6 months of age was associated with 

higher risk of overweight and obesity, particularly when combined with formula feeding. Some 

studies report that high intake of sugar-sweetened beverages in infancy and early childhood 

was consistently associated with higher BMI and adiposity. In contrast, the consumption of 

diets rich in fruits, vegetables, and minimally processed foods were associated with healthier 

weight trajectories, though fewer studies addressed diet quality comprehensively[144]. 

2.3 Children’s Lifestyle Behaviours 

Lifestyle factors such as PA, screen time, and sleep patterns were also emphasized. Higher 

levels of daily screen time (≥2 hours per day) were strongly correlated with higher BMI and 

obesity risk, whereas regular PA and appropriate sleep duration were associated with healthier 

weight trajectories. These associations were described as robust across populations, though 

predominantly observational[145]. 

2.4 Socioeconomic Status (SES) 

In terms of SES influences, we observed obesity risk through complex pathways, including 

access to healthy foods, environments conducive to activity, and exposure to psychosocial 

stressors. In many high-income settings, lower SES was associated with higher childhood 

obesity risk, mediated by diet quality, environment, and access to activity.  Though in some 
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low- and middle-income contexts, higher SES was associated with higher obesity prevalence, 

reflecting nutrition transition dynamics.  

3- Internal Exposome: Biological Mechanisms 

The first component we discussed within this category of exposures, is to better understand 

how prenatal exposures, particularly maternal nutrition, smoking, and EDCs, can trigger 

epigenetic modifications, altered hormonal signalling, and inflammatory pathways that 

predispose children to increased adipose tissue accumulation and metabolic dysregulation. 

Evidence framed oxidative stress and perturbations in endocrine signalling as mechanisms by 

which environmental and lifestyle exposures influence adipogenesis, insulin sensitivity, and 

energy balance early in life. Although this evidence is still evolving, interactions between the 

microbiome and metabolic signalling were reported as another internal determinant that could 

also be affected by external exposures such as diet and PA, as they may influence gut microbial 

composition, which in turn modulates inflammatory responses and metabolic pathways 

relevant to obesity[146,147].  

We concluded that these internal processes likely mediate and expand the external exposures, 

which in turn reinforces obesity trajectories. 

Across the exposome domains, we were able to identify a spectrum of protective and risk 

factors (Figure 1). We emphasized that these 3 categories of exposures likely interact together 

on common biological mechanisms, including hormonal regulation, epigenetic remodelling, 

inflammatory signalling, and energy homeostasis mechanisms, and consequently influence 

childhood obesity risk.  

This mechanistic framing reinforced the biological plausibility that early-life exposures can 

have sustained effects into later childhood and adulthood. 

Within our investigation we revealed several limitations affecting the current evidence base, 

including the heterogeneity in exposure assessment, timing, and outcome measures across 

studies. Observational research was predominant and this limits causal inference. The effects 

of some exposures depend strongly on the surrounding circumstances.  

Future direction must involve more longitudinal, multi-exposure, and mechanistic studies to 

strengthen causal interpretation and refine public health recommendations. 
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In conclusion, we can say that early-life exposures across multiple domains of the exposome 

significantly influence the risk childhood obesity. While some determinants like breastfeeding, 

adequate complementary feeding, PA, and reduced screen time are consistently protective, 

others such as EDCs exposure, air pollution, and maternal smoking contribute to obesogenic 

pathways. 

Intervention to target childhood obesity must involve management for environmental 

conditions, lifestyle behaviours, and internal biological responses during critical 

developmental windows.  
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CHAPTER 3: EMPIRICAL STUDIES 

In this chapter I am reporting the original empirical studies including, published and under 

submission papers. These analyses were conducted baseline data derived from the LIMIT[66] 

study. These studies investigate the association between maternal lifestyle factors, GWG, and 

neonatal microbiota composition. 

I had the privilege to present both papers during my PhD journey the annual international 

congress on Obesity: 

• Paper 1 at the 31rst European Congress on Obesity (ECO) which was held in Venice-

Italy on May 2024. 

• Paper 2 at the 32nd European Congress on Obesity (ECO) which was held in Malaga – 

Spain on May 2025 

The articles are included same as published, except for minor paraphrasing and formatting 

adjustments. 

 

Paper 1: Associations of Maternal Lifestyle Factors with Inadequate 

Pregnancy Weight Gain 

In this cross-sectional analysis we aimed at investigating how maternal lifestyle choices could 

affect the adequacy of gestational weight gain, as it is a key driver for several pregnancy 

outcome with implications for maternal and child health. 

published online at: https://doi.org/10.1007/s00394-024-03473-0  

A. Introduction 

GWG is an important factor during the prenatal period as it supports the health of the mother 

and her baby[56]. Inadequate GWG is when weight gained during pregnancy is outside the 

optimal ranges developed as guidelines by the Institute of Medicine (IOM). GWG range 

guidelines were provided in accordance with pre-BMI class as follow: underweight= 12.5-18 

Kg, normal weight=11.5-16 Kg, overweight=7-11.5 Kg, and obesity=5-9 Kg[56,59]. The 

inadequacy in GWG is affecting more than half of the pregnant women population in most of 

the countries[148,149]. Not meeting these guidelines during pregnancy will increase health 

issues for mothers and their infants at the short- and long-terms. Some of these negative 

consequences are GDM and maternal weight retention after delivery which is usually followed 

https://doi.org/10.1007/s00394-024-03473-0
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by obesity[56,150], having a large- or small-for-gestational-age infant[57,151], low or high-

birth-weight infant (LBW, HBW)[151], risk of childhood obesity[150], and many other health 

problems[152,153]. As reported in the systematic review and meta-analysis of diverse 

international cohorts conducted by Goldstein et al (2017), 47% of a sample of more than 1 

million pregnant women gained weight more than IOM recommendations, with a clear 

association with a higher risk of large-for-gestational-age, macrosomia, and cesarean 

delivery.  While 23% of the sample gained less than the recommendations, with an obvious 

link with increased risk of small-for-gestational-age and preterm birth[57].  

Other than maternal age, pre-BMI, and the physiological changes of pregnancy, lifestyle factors 

before and during pregnancy were found to have a great impact on GWG[59]. 

Evidence showed that inadequate GWG is connected to pre-BMI class[59,60], PA 

level[56,154], educational level[155], smoking habits[156], and adherence to a balanced 

diet[60]. 

Lifestyle interventions targeting eating habits and PA levels[56,157,158], before and during 

pregnancy, were widely studied and confirmed to have a positive impact in controlling GWG 

within the adequate ranges, and in reducing health risks in both mother and baby[59]. Other 

lifestyle factors have also shown a good effect on managing GWG. These include engaging in 

regular PA[46], having a higher educational level, and being non-smoker, as well as adhering 

to the MD[46,159,160]. Lower risks of GDM, overweight, and obesity are associated with 

these lifestyle factors[19], as well as lowers risks of facing preterm delivery, and other 

metabolic problems[35,57,161]. Adherence to the MD was shown to be also associated with a 

reduction in the health risks that may affect newborns and children, such as fetal growth 

alterations, inappropriate birth weight, prematurity, gastroschisis, and other problems[35].  

Targeting GWG to stay within IOM recommendations is a public health challenge that aims at 

protecting the overall well-being of pregnant women, and their infants. Despite this, there is a 

paucity of evidence in Italy about the magnitude of GWG adequacy and its associated factors, 

particularly in the Lombardy region. Therefore, the primary goal of this study was to 

investigate the association of inadequate GWG with maternal lifestyle factors using baseline 

data from the LIMIT study[66,162]. 
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B. Materials and methods 

B.1 Study Design and Period 

A cross-sectional study was conducted using baseline data from the ongoing LIMIT[66] 

(Lifestyle and Microbiome Interaction Early Adiposity Rebound in Children) prospective 

cohort project[160]. LIMIT[66] aims at identifying the longitudinal interplay between infant 

gut microbiome, infant/maternal lifestyle, and environmental variables, in children with early 

adiposity rebound, which is a risk factor for the development of childhood obesity. This 

assessment will be conducted at different points in time (T0, at delivery; T1, 1 month; T2, 6 

months; T3, 12 months; T4, 24 months; T5, 36 months after birth). 

B.2 Study Participants and Setting 

In the ongoing LIMIT[66] prospective cohort study, a total of 200 pregnant women were 

enrolled between October 2022 and June 2024 during the pre-hospital care before birth at the 

UOC Neonatology and Neonatal Intensive Care, Fondazione IRCCS Policlinico San Matteo of 

Pavia (Pavia, Italy), of which 178 pregnant women were eligible and selected for this specific 

study. The overall selection was performed based on the inclusion and exclusion criteria 

previously defined in the LIMIT[66] study protocol[160] and the completeness of the data was 

added as an additional criterion for inclusion and exclusion. The study followed the Helsinki 

Declaration, and the participants signed a consent form.  

B.3 Variables, Data source, and Measurements  

At the delivery, women were investigated for i). sociodemographic characteristics (such as age, 

and educational level); ii). pre-pregnancy anthropometric data; iii). Lifestyle behaviours during 

pregnancy (such as eating habits including adherence to the MD, level of PA, and smoking 

habits) by using previously validated questionnaires and structured interviews.  

B.4 Anthropometric measurements  

Two trained dietitians collected maternal anthropometric data (GWG). Pre-gravid weight (Kg) 

was self-reported by the participants and a Harpenden stadiometer with a fixed vertical 

backboard and an adjustable headpiece was used to measure height in centimeters (cm). 

Participants were asked to stand barefooted on the platform of the stadiometer, in a Frankfort 

plane position for an accurate measurement of their height.  
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BMI was then calculated using the standard formula BMI = Weight (Kg)/Height (m2), enabling 

the classification of participants into the class of women with low pre-pregnancy weight status 

(BMI<18.5 Kg/m2); women with normal pre-pregnancy weight status (18.5≤BMI≤24.9 

Kg/m2), and women with overweight (25≤BMI≥29.9 Kg/m2) or obesity (BMI≥30 Kg/m2) 

statuses[23]. The total weight gained during pregnancy was also self-reported by the 

participants.  

B.5 Adherence to the Mediterranean Diet 

The maternal adherence to the MD was retrospectively investigated by two trained dietitians, 

using the MEDI-LITE (Appendix) score validated questionnaire [24]. However, since alcohol 

is not recommended during pregnancy, the MEDI-LITE score was adapted for the pregnant 

women target group, by removing its score as explained below. It evaluates the frequency of 

consumption of nine food groups.  

• A score of 0 to 2 was assigned to indicate 2 for a high frequency, 1 for a moderate 

frequency, and 0 for a low frequency of consumption of five food groups: fruits, 

vegetables, cereals, legumes, and fish and fish products.  

• For the groups of meat and meat products, and dairy products, a score of 2 was assigned 

for items consumed with low frequency, 1 for those consumed with moderate 

frequency, and 0 for those consumed with high frequency. 

• For alcoholic consumption, a score of 2 was assigned to the middle category (1-2 units 

of alcohol/day), 1 for the lowest category (1 unit of alcohol/day), and 0 for the highest 

category (>2 units of alcohol/day). In our analysis, due to incomplete data as the 

participants are pregnant women, we excluded alcohol consumption from the MD 

adherence score calculation, and the total score was recalculated accordingly. 

• The last section is for olive oil, a score of 2 was given for regular use, 1 for frequent 

use, and 0 for occasional use. 

The overall score, after excluding the alcohol consumption score, ranged from 0 to 16, 

suggesting the greatest adherence for the highest score obtained. It was classified into tertiles, 

low, medium, and high adherence to the MD. 

B.6 Physical Activity Level 
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A section of a previously developed and validated questionnaire for assessing lifestyle 

behaviours, including PA and sedentary behaviours among an Italian youth population[163], 

was adapted and administered to our adult participants. Questions referring to school-based PA 

were removed and only the items related to habitual activities were retained to capture general 

maternal PA habits during pregnancy. This adapted version was also pre-tested on a sample of 

24 subjects and revised accordingly, to assess clarity and applicability. All answers were 

structured to quantify the time spent weekly in PA and sedentary leisure activity. This 

adaptation aimed to maintain the conceptual structure of the original instrument while ensuring 

applicability to pregnant adult participants. The questionnaire was composed of 5 multiple-

choice questions that followed a Likert scale format comprising 4 choices (“Always”, “Often”, 

“Sometimes”, and “Never”) corresponding to a score between 0 and 3, where the highest score 

suggested the healthiest habit[163]. 

B.7 Smoking Habit 

Smoking habits were collected through interviews, and the number of smoked cigarette packs 

per year was documented. Participants were categorized as those who had never smoked, quit 

smoking before or during pregnancy, or started or kept smoking during pregnancy.  

B.8 Gestational Weight Gain (GWG) 

Total GWG was calculated as the difference between the participant’s weight at delivery time 

and the pre-pregnancy weight. Based on that, women were classified into 3 categories, 

according to the IOM (U.S.) and the National Research Council (U.S.) Committee to 

Reexamine IOM Pregnancy Weight Guidelines[56], as follows: 

i.Women with Adequate GWG (AGWG; women with normal pre-BMI, gaining from 11.5 

Kg to 16 Kg during pregnancy); 

ii.Women with Excessive GWG (EGWG; women with pre-BMI indicating overweight or 

obesity, gaining more than 11.5 Kg or 9 Kg during pregnancy, respectively);  

iii.Women with Low GWG (LGWG; women with low pre-pregnancy weight status, gaining 

less than 12.5 Kg). 

B.9 Statistical Analysis 

A descriptive analysis was performed to explore the distribution of variables across the study 

subjects by outcome status (AGWG, EGWG, LGWG) and summarized in terms of mean and 
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standard deviations for continuous variables. While frequency and percentage were used for 

categorical variables. Variables with a p-value of less than 0.2 (p < 0.2) in the univariate 

analysis were selected for the multinomial logistic regression model, aiming at identifying 

lifestyle factors associated with inadequate GWG. Education level, pre-BMI, PA score, MD 

adherence score, daily vegetable consumption, and daily consumption of meat and meat 

products fulfilled the criteria and were included as potential predictors in our multinomial 

logistic regressions. A forest plot with confidence interval and adjusted relative risk ratio 

(RRR) was used to visualize the presence and strength of association of those factors with 

inadequate GWG (EGWG and LGWG) considering AGWG as the reference category. 

C. Results 

Table 1 and Figure 1 summarize the distribution of sociodemographic and lifestyle factors of 

the study participants based on the GWG category.  More than half (61.2%) of the sample of 

study participants fell into the category of inadequate GWG, of which 60.5% and 39.4% were 

in the LGWG and EGWG categories, respectively. 

Participants’ mean age was reported for each category as AGWG (mean age: 34 [32-37] years), 

EGWG (mean age: 33 [30-35] years), and LGWG (mean age: 32 [30-36] years), showing no 

statistically significant relationship with GWG. Concerning the educational levels, a significant 

association was detected (P=0.0.011), where participants holding a university degree 

represented more than two-thirds of the AGWG (69%) and LGWG (79%) categories, compared 

to those with lower educational levels (31% of the AGWG; 21% of the LGWG). For the pre-

BMI variable, a statistical significance was observed (P=0.0051), where the highest percentage 

of the participants in the EGWG category (63%), had a pre-BMI indicating overweight or 

obesity. (Table 1) 

Regarding the adherence to MD which showed a significant association (P=0.008) with GWG, 

participants with highest and medium adherence scores represented almost half of the AGWG 

(52%) category and more than half of the LGWG (64%) category. On the other hand, those 

with the lowest adherence scores made up more than two-thirds of the EGWG (72%) category. 

(Table 2). 

The individual items of the MEDI-Lite questionnaire were also considered; the results were 

summarized in Table 2 and categorized based on the 3 GWG groups, showing a highly 

significant association with the average daily consumption of vegetables (P<0.001).  Last, 

considering other lifestyle factors, participants with high and medium PA scores constituted 
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the highest percentage of the AGWG (68%) and LGWG (69%) categories, while those with 

the lowest scores accounted for almost half of the EGWG category. Despite these differences, 

the association was not observed between PA and GWG (P=0.25). 
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Table1. Maternal sociodemographic and lifestyle factors related to gestational weight gain. 

 Gestational Weight Gain (GWG) Adequacy 
p-value 

 Adequate GWG Excess GWG Low GWG 

n 69 (38.8%) 43 (24.1%) 66 (37.1%)  

Age (year) 
34.00 

(32.00-37.00) 

33.00 

(30.00-35.00) 

32.00 

(30.00-36.00) 
0.32 

Mother's Educational Level    0.011 

Lower or High School 21 (31%) 21 (49%) 14 (21%)  

University degree 47 (69%) 22 (51%) 52 (79%)  

Did you smoke during pregnancy?    0.10 

NO 66 (96%) 40 (93%) 66 (100%)  

YES 3 (4%) 3 (7%) 0 (0%)  

Pregravid BMI category    0.005 

Underweight 9 (13%) 1 (2%) 6 (9%)  

Normal weight 46 (67%) 26 (60%) 55 (83%)  

Overweight 8 (12%) 10 (23%) 4 (6%)  

Obesity 6 (9%) 6 (14%) 1 (2%)  

Physical Activity    0.25 

Lower Score 22 (32%) 20 (47%) 20 (30%)  

Medium Score 23 (33%) 15 (35%) 22 (33%)  

Higher Score 24 (35%) 8 (19%) 24 (36%)  

Legend. * Significance was set at p-value <0.05 

 

Figure 1. Distribution of physical activity score, Adherence to MD score, total gestational weight gain and pre-gravid BMI 

across Gestational Weight Gain Adequacy using LIMIT data [0.055, 0.003, and 0.024 is the p-value for physical activity, pre-

gravid BMI and adherence score, respectively] 
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Figure 2 represents a significant association between average daily consumption of 1 to 1.5 

portions of vegetables and lower risks of EGWG when compared to the reference line of 

AGWG (RRR=0.279, P=0.04). A significant association was also represented between the 

daily consumption of >1.5 portions of meat with higher risk of EGWG when compared to the 

reference line of AGWG (RRR=7.83, P=0.03). No significant evidence of any of the studied 

variables was detected in terms of LGWG in comparison with the reference line of AGWG.  
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Table 2. Maternal diet consumption and adherence to the Mediterranean Diet by Gestational weight gain (GWG) adequacy. 

 
Gestational weight gain (GWG) adequacy p-value 

Adequate GWG Excess GWG Low GWG 

MID Adherence Score category without alcohol 
  

 0.008 

   Lower Score 33 (48%) 31 (72%) 24 (36%) 
 

   Medium Score 13 (19%) 3 (7%) 15 (23%) 
 

   Higher Score 23 (33%) 9 (21%) 27 (41%) 
 

Daily Fruits Consumption 
   

 0.57 

   Inadequate 21 (30%) 13 (33%) 13 (20%) 
 

   Average 40 (58%) 22 (56%) 44 (68%) 
 

   Adequate 8 (12%) 4 (10%) 8 (12%) 
 

Daily Vegetables Consumption 
   

<0.001 

   Inadequate 7 (10%) 11 (28%) 8 (12%) 
 

   Average 59 (87%) 23 (57%) 43 (65%) 
 

   Adequate 2 (3%) 6 (15%) 15 (23%) 
 

Weekly Legumes Consumption 
   

 0.36 

   Inadequate 27 (40%) 15 (37%) 17 (26%) 
 

   Average 29 (43%) 21 (51%) 39 (59%) 
 

   Adequate 12 (18%) 5 (12%) 10 (15%) 
 

Daily CEREAL consumption 
   

 0.93 

   Inadequate 13 (19%) 8 (19%) 12 (18%) 
 

   Average 39 (57%) 23 (53%) 33 (50%) 
 

   Adequate 17 (25%) 12 (28%) 21 (32%) 
 

Weekly Fish Consumption 
   

 0.37 

   Inadequate 32 (49%) 17 (44%) 21 (33%) 
 

   Average 31 (48%) 21 (54%) 39 (61%) 
 

   Adequate 2 (3%) 1 (3%) 4 (6%) 
 

Daily Meat Consumption 
   

 0.11 

   Less than 1 portion 38 (56%) 19 (45%) 30 (46%) 
 

   1 to 1.5 portion 28 (41%) 16 (38%) 31 (48%) 
 

   >1.5 portion 2 (3%) 7 (17%) 4 (6%) 
 

Daily milk and milk product Consumption 
   

 0.25 

   Less than 1 portion 26 (38%) 15 (35%) 18 (28%) 
 

   1 to 1.5 portion 35 (51%) 17 (40%) 36 (55%) 
 

   >1.5 portion 8 (12%) 11 (26%) 11 (17%) 
 

Olive Oil Consumption 
   

 0.50 

   Occasional 7 (10%) 5 (12%) 4 (6%) 
 

   Regular 50 (72%) 26 (60%) 45 (68%) 
 

   Frequent 12 (17%) 12 (28%) 17 (26%) 
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Figure 2.  Forest plot showing the results of the multinomial regression model using baseline data from the LIMIT prospective 

cohort study. Predictor’s relative risk ratio and corresponding confidence intervals for Excess and Low GWG reported 

considering adequate GWG 

D. Discussion 

This study showed an alarming increase in the prevalence of inadequate GWG accounting for 

61.2% out of 178 participants. Our findings indicate that the adequacy of GWG could be 

influenced by maternal factors such as pre-BMI, educational level, adherence to the MD, and 

the average consumption of vegetables, as well as the excessive consumption of meat products. 

These findings may suggest the importance of promoting lifestyle interventions before and 

during pregnancy to ensure health and well-being for both, the mother and her infant.  

No statistical significance supporting the evidence of the association between maternal age and 

inadequate GWG was observed. These results were inconsistent with a study conducted by Sun 

Y et al.[164] on a sample of 3172 pregnant women, where the authors found that an average 

age of 20-25 years old, is a protective factor for maintaining GWG within IOM guidelines 

against adverse health effects and malformations. The inconsistency in findings between their 

results and the current study could be influenced by the huge difference in sample size of both 
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studies. Furthermore, there was insufficient previous investigation about the effect of maternal 

age on GWG, which made it difficult to compare with other findings. 

Current findings showed a significant association with maternal educational level, where 79% 

of the mothers who experienced an LGWG were holding a university degree. This result is not 

completely following the findings of a previous systematic review of observational studies that 

was conducted by O’Brien et al.[159], where pregnant women with low educational levels 

were less likely to maintain GWG within IOM recommendations.  Further investigations must 

be performed on a larger sample targeting highly educated mothers to identify if their level of 

awareness about not gaining weight in excess during pregnancy, is negatively transformed into 

a GWG less than the recommendations. 

Concerning pre-BMI, our findings suggested a statistically significant association with GWG, 

as participants with pre-pregnancy overweight or obesity were more likely to experience 

EGWG, increasing the risk of adverse health consequences for the mother and her infant. This 

finding was consistent with previous studies, where women with a pre-BMI value≥25 Kg/m2, 

experienced EGWG and were at higher risk of developing GDM and/or pre-eclampsia, having 

preterm or cesarean birth, hemorrhage, infection and many other complications[59,152]. 

EGWG has been reported with an increased likelihood to retain weight after delivery, which is 

usually followed by a higher possibility of developing postpartum obesity and suffering from 

other difficulties during future pregnancies, as well as giving birth to large-for-gestational-age 

infants, who will also be at higher risk to develop childhood overweight or obesity and its 

associated consequences[151,153]. However, it was not possible to comment on the outcomes 

of our findings as this data was not yet collected. 

In the present study, the adherence to the MD was significantly associated with GWG in 

comparison with IOM guidelines[56,59], suggesting a potential benefit for the health of both, 

the mother and her infant. Participants with low adherence were more likely to experience 

EGWG. These results were in line with previous studies where lower GWG was associated 

with higher adherence to the MD before and during pregnancy[165,166].  In another systematic 

review, some of the selected studies highlighted the importance of MD during pregnancy to 

prevent excessive GWG, while others confirmed its association with a decreased risk of 

maternal and fetal complications[35]. This alignment with the existing literature confirms the 

importance of dietary interventions in the management of GWG and prevention of its adverse 

health consequences. Moreover, for a better understanding of this association, it is highly 



50 
 

recommended to create or validate a questionnaire that is suitable for this population to detect 

adherence. Although our study did not measure the impact of MD adherence on newborns, the 

association with GWG suggests potential implications on the health of the infants and children. 

Previous studies also showed association between adherence to the MD and reduction of some 

pregnancy and childbirth complications as well as perinatal and childhood problems[35].  

In terms of PA score, our findings imply no association with GWG, where score differences 

between GWG categories were relatively small, but higher among AGWG and LGWG 

indicating that more active pregnant women were less likely to gain excessive weight during 

pregnancy. This finding was in accordance with the systematic review results of O’Brien et 

al.[159] where PA was shown to be significantly inversely associated with GWG. It was also 

proposed by Teede et al.[157], that PA-based interventions are associated with reduced GWG 

as well as maternal and neonatal health risks. However, the highest mean value of PA score in 

our results was detected among the LGWG category, and this could also be linked to the high 

educational level of our participants. Perhaps, they tend to be more active due to their 

awareness of the importance of PA during pregnancy, leading to insufficient GWG. In 2019, 

O’Brien et al.[155] conducted a data meta-analysis about the impact of maternal education on 

GWG, indicating an increased risk of inadequate GWG among highly educated mothers 

following a mixed intervention of diet and PA-based interventions. Further investigations 

needed to be performed on a larger sample size, taking into consideration this relationship 

between educational level and PA and their association with GWG especially in terms of 

LGWG. 

Maternal smoking habits were not associated with GWG. In contrast to our findings, a 

previously conducted systematic review by Zhou et al.[46], showed that smoking during 

pregnancy was associated with EGWG. However, our results may be influenced by the fact 

that only 6 participants from the whole sample were smokers, and those were equally 

distributed between AGWG and EGWG categories. Further examination is needed on a larger 

sample size. 

Regarding the average daily consumption of vegetables that was shown in our study, to be 

associated with a lower risk of EGWG, our suggestion for future investigation is to identify if 

there is a link between high levels of maternal education and adequate consumption of 

vegetables on a larger sample size. This result could be considered following a previously 
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conducted cohort study by Hirko et al. [167], where women with obesity who consumed more 

fruits and vegetables during pregnancy, were less likely to experience EGWG. 

As for the excessive daily consumption of red meat, a significant association was detected with 

an increased risk of EGWG. A study conducted by Maugeri et al.[168], showed an increase in 

the trend of EGWG that was linked to the consumption of western dietary pattern, which means 

a high consumption of red meat and fast-food products. 

Our study encompasses some limitations. The sample size is considered small, which may 

hinder the detection or be the reason for some associations and therefore affect the statistical 

power of the study. For this reason, we recommend future investigations incorporating larger 

sample sizes to better explore these associations. Unfortunately, we did not include other 

potential factors that could influence GWG such as “income”, since we did not collect this data, 

and “employment status” as there was a significant number of missing responses from our 

study participants. Additionally, pre-pregnancy weight and total GWG were self-reported by 

the participants and not measured by the trained dietitians, which increases the potential risk 

for bias by reducing the overall reliability of the data. Moreover, the lack of availability of a 

valid tool for assessing the adherence to the MD that is tailored to pregnant women, is a major 

limitation, as we had to adapt an existing questionnaire by removing the item of “alcohol 

consumption” and reducing the score, which affects its validity. Future research should focus 

on developing an assessment tool that is tailored to this specific population to enhance the 

robustness of the dietary assessment. However, this could also be considered as a strength of 

our study as we tried to make the measurement tool more relevant to our population to obtain 

meaningful data, as well as addressed a gap in the existing literature which is the absence of a 

valid questionnaire that measures adherence of the MD in pregnant women, taking into 

consideration the international guidelines in pregnancy which state the importance of avoiding 

alcohol within this critical period. Another key strength is the use of a section from the 

previously validated questionnaire by Turconi et al.[169] to assess PA levels among 

participants. Last but not least, our study provides a new region-specific data on GWG 

adequacy and its associated factors in the Lombardy region, offering insights to the 

policymakers and healthcare providers to develop new health interventions at the local level.  

This study affirmed conclusions from previous research on the association between lifestyle 

factors including the adherence to the MD, before and during pregnancy, and the maintenance 

of GWG within IOM guidelines. An alarming increase in the rate of pregnant women with 
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inadequate GWG was revealed, indicating a significant association with maternal educational 

level, pre-BMI, adherence to the MD, average daily consumption of vegetables, and excessive 

consumption of meat products. The small sample size imposes a major limitation on our 

findings; however, the absence of a valid questionnaire that could assess MD adherence in 

pregnant women was detected as a gap in the literature and emphasized the importance of future 

research to fill it. Our results emphasize the importance of promoting lifestyle interventions 

during childbearing age as well as during pregnancy, as a crucial public health strategy to 

ensure health and well-being for two of the vulnerable groups, pregnant women, and infants. 
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Paper 2: Maternal BMI, gestational weight gain, lifestyle factors, and 

meconium microbiota structure  

Under Submission 

This study examines associations between maternal characteristics and neonatal meconium 

microbiota at delivery, addressing a critical gap in early-life microbiome research. 

A. Introduction 

The establishment of the gut microbiota during the early stages of life is a crucial process for 

maintaining overall human health. Initial microbial colonisation of the neonatal gastrointestinal 

tract plays a fundamental role in the development of the immune system, metabolism, and brain 

function.[69,70] Any disruption in this process may contribute to adverse short- and long-term 

health consequences, including necrotising enterocolitis (NEC), obesity, asthma, diabetes, 

inflammatory bowel disease, cancer, allergies, and neurological conditions related to the gut-

brain axis[69]. 

Previously, the womb was believed to be sterile; however, growing evidence proposes that 

meconium, the first baby’s stool, contains a unique microbial community. However, the 

prenatal gut microbiota is less diverse than the microbiota observed in the perinatal period, and 

mainly contains common bacterial groups such as Firmicutes, Proteobacteria, and 

Bacteroidetes. Among these groups, the most common types of bacteria are Escherichia–

Shigella, Enterococcus, Lactobacillus, and Staphylococcus[170,171]. 

Maternal microbiota during pregnancy and at delivery may influence fetal microbial and 

immune development through multiple interconnected pathways, including the transplacental 

transfer of microbial metabolites, exposure via the umbilical cord or amniotic fluid, fetal 

membranes, and gastrointestinal tract, as well as through vaginal delivery, skin contact, and 

mucosal membranes at birth[69]. Evidence indicates that microbiome-related metabolites 

originating from the maternal microbiota are transferred vertically to the fetus. Short-chain 

fatty acids (SCFAs) and secondary bile acids appear to play active roles in modulating the fetal 

immune system and preparing the gut for postnatal microbial exposure[71].  

Other maternal and environmental factors also influence early-life microbiota development 

during the first 1000 days. These include pre-BMI, GWG, maternal dietary habits, delivery 

mode, infant feeding practices, antibiotic usage, and various environmental exposures. Mainly, 

research reports that maternal lifestyle factors, along with weight status, have been associated 

with variations in newborn gut microbial diversity and abundance[54,73–75].  

An observational study of 935 mother-infant pairs found that infants born vaginally to mothers 

with overweight or obesity before pregnancy, had higher abundance of Firmicutes, especially 

the Lachnospiraceae family, and were three times more likely to develop overweight or obesity 

(95% CI, 1.49-7.41) by ages 1 and 3 years old, when compared to those born to mothers with 

normal pre-BMI[172]. This risk increased further among infants delivered by caesarean section 

to overweight mothers, who were five times more likely to become overweight (95% CI, 2.04-

12.38) at the same ages[172]. Similarly, a study by Mueller NT et al.[173] involving 74 
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neonates to mothers with a pre-BMI indicating overweight or obesity, revealed changes in 

infants’ microbiota, particularly among those born via vaginal delivery.[173] Another study 

conducted by Sasaki T. et al.[73], on 33 mother–infant pairs demonstrated that higher maternal 

adherence to a MD during pregnancy is associated with increased abundance of 

Pasteurellaceae, Bacteroidaceae, and other SCFAs-producing bacteria in neonatal meconium. 

In addition to microbiota changes, the study also found an association with epigenetic 

differences in placental and cord blood tissues, suggesting that maternal diet can influence early 

gut microbiota development not only through the direct transfer of microbes, but also by 

altering fetal gene activity by influencing the gut and immune system function[73]. 

Since meconium begins to develop in the fetal intestine during the late stages of gestation, it 

represents a valuable matrix for investigating early microbial and metabolic exposures. 

Therefore, analysing meconium provides a unique opportunity to understand better the prenatal 

microbial environment and its potential implications for the subsequent development of the gut 

microbiota during the first 1000 days of life[76]. Despite such findings, the influence of 

maternal factors during pregnancy on the composition of meconium microbiota is still lacking 

and needs further investigation.  

In this context, using data from the LIMIT study[66], we investigated whether maternal pre-

BMI, GWG adequacy, classified as adequate or inadequate, according to the Institute of 

Medicine guidelines[55], and maternal lifestyle factors during pregnancy (e.g. dietary habits, 

PA level, smoking habits) are associated with the composition of meconium microbiota.  

B. Materials and methods 

B.1 Study cohort description 

The present research refers to the experimental hypothesis of the ongoing prospective cohort 

study LIMIT (www.clinicaltrials.gov NCT04960670)[66], which investigates the longitudinal 

interplay between infant gut microbiome, infant/maternal lifestyle exposure factors, and 

environmental variables at different follow-up (T0, at delivery; T1, 1 month; T2, 6 months; T3, 

12 months; T4, 24 months; T5, 36 months after birth).  

Ethical approval was granted by the Ethical Committee of IRCCS Policlinico San Matteo 

(Pavia) (protocol number: 0020200/22; Accepted: 11 April 2022).  

A total of 200 pregnant women were enrolled between October 2022 and June 2024 during the 

pre-hospital care before birth at the UOC Neonatology and Neonatal Intensive Care, 

Fondazione IRCCS Policlinico San Matteo of Pavia (Pavia, Italy). The overall selection was 

performed based on the inclusion and exclusion criteria previously defined in the LIMIT study 

protocol[66]. Additionally, the completeness of the data and the availability of a neonatal 

meconium sample at T0 for gut microbiota analysis were added as additional inclusion and 

exclusion criteria. Therefore, 168 mother-infant pairs were selected for this specific study. 

The study adhered to the principles outlined in the Helsinki Declaration, and all participants 

signed a consent form. In the current analysis, we analysed meconium samples collected at 

http://www.clinicaltrials.gov/
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birth from newborns. At the delivery, women were investigated for potential modifiers of the 

microbial composition, including: 

i) sociodemographic characteristics (such as age and educational level); ii) pre-pregnancy 

anthropometric data (pre-BMI) and GWG adequacy levels[56]; iii) lifestyle factors during 

pregnancy, including dietary habits, PA level, and smoking habits, were collected through the 

LIMIT study[66] by using previously validated questionnaires and structured interviews. 

B.2 Maternal anthropometric measurements  

Maternal pre-pregnancy weight and height were self-reported by the participants. BMI was 

calculated using weight (Kg) divided by height squared (m2) and used to classify participants 

as underweight (BMI<18.5 Kg/m2), normal weight (18.5≤BMI≤24.9 Kg/m2), overweight 

(25≤BMI≥29.9 Kg/m2) or with obesity (BMI≥30 Kg/m2).15 The total weight gained during 

pregnancy was also self-reported. Total GWG was calculated as the difference between pre-

pregnancy weight and total weight at delivery. According to the IOM guidelines[56], 

participants were classified into i) AGWG: women who gained within the recommended range 

for their respective pre-BMI category; ii) excessive GWG (EGWG): women who gained more 

than the recommended range for their respective pre-BMI category; iii) low GWG (LGWG): 

women who gained less than the recommended range for their respective pre-BMI category.  

B.3 Lifestyle variables assessment 

Detailed descriptions of the questionnaires, scoring systems and interviews for lifestyle data 

collection are provided in the previous publication of the LIMIT study protocol[66].  

In brief, Food consumption frequency (FFQ) and dietary habits (DH) were assessed using a 

previously validated self-administered dietary questionnaire. Two of the nine original sections, 

initially developed for an Italian adolescent population, were adapted to adults by two 

dietitians, as described elsewhere. The FFQ section (18 items) evaluated daily consumption of 

staple foods and beverages (e.g., bread, pasta, cereals, fruits, vegetables, milk, yoghurt, tea, 

coffee), and weekly intake of foods such as meat, fish, eggs, cheese, legumes, sweets, and 

alcohol. Responses were based on a four-point Likert scale (always, often, sometimes, never), 

scored from 0 to 3, with higher scores reflecting healthier choices. The DH section (14 items) 

investigated dietary habits, including breakfast frequency, number of daily meals, fruit and 

vegetable intake, and beverage consumption. Eight items use the same four-point scale, while 

six have alternative formats scored from 1 to 4. In both cases, the highest score indicates the 

healthiest behaviour[169,174]. Total scores were divided into tertiles: “inadequate”, “partially 

satisfactory,” and “satisfactory” dietary habits, aligned with the Italian National Dietary 

Guidelines[116]. 

The adherence to MD was evaluated through the MEDI-Lite score, a validated index that 

measures dietary patterns based on the frequency of consumption of nine key food groups 

characteristic of the MD, such as vegetables, fruits, legumes, cereals, and olive oil.19 For this 

study, the scoring system was adapted to suit the specific nutritional needs and dietary habits 

of pregnant women[81]. Therefore, after excluding the alcohol component, the total score 
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ranged from 0 to 16, with higher values indicating greater adherence to the MD. Scores were 

categorised into tertiles representing low, medium, and high levels of adherence. 

PA levels during pregnancy were assessed using a section of a previously developed and 

validated questionnaire for the Italian youth population, which was adapted for use with adults 

by removing items related to school-based physical activities. The modified version was pre-

tested on a sample of 24 individuals and subsequently revised based on the feedback 

received[81,163]. The questionnaire aimed to assess PA patterns by quantifying the time spent 

weekly on various activities, including leisure-time PA and screen time.[163] It consisted of 

five multiple-choice items, each presented in a 4-point Likert scale format ("Always," "Often," 

"Sometimes," "Never"), with responses scored from 0 to 3. Higher scores indicated healthier 

lifestyle behaviours; scores were then categorised into tertiles representing low, medium, and 

high levels of PA. 

Smoking habits were assessed through interviews, and participants were asked to report the 

number of cigarette packs smoked per year. Based on their responses, women were categorised 

as either smokers during pregnancy (“yes”) or non-smokers during pregnancy (“no”) 

B.4 Meconium Sample Collection and DNA Extraction 

Meconium samples were collected within the first 24 hours of birth using sterile protocols and 

stored at -80°C until analysis, as recommended by previous studies.4,21 The faecal samples were 

shipped on dry ice and sequenced. DNA extraction was carried out using a revised DNeasy 96 

PowerSoil Pro QIAcube HT Kit method as described by Jensen et al.[175] Modifications 

include mixing each sample with 500 µL of CD1 solution, followed by bead-beating at 1600 

rpm for two minutes, repeated three times, with two-minute breaks on ice in between. After 

lysis, samples were spun at 3500 x g for ten minutes. The supernatant of each sample was 

transferred into a new S-block well and mixed with CD2 and nuclease-free water in the ratio 

3:3:1 (V/V). Contents were thoroughly mixed, and samples were then spun again at 3500 x g 

for 10 min. 

B.5 Bacteria 16S rRNA gene variable regions 1-8 (bV18-A) library preparation and 

sequencing 

Meconium samples were first subjected to DNA extraction, followed by PCR amplification 

targeting the bacterial 16S rRNA gene variable regions 1–8 (bV18-A). The resulting amplicon 

libraries were sequenced using Oxford Nanopore technology. Sequencing reads were 

subsequently processed through a bioinformatic pipeline including quality filtering, taxonomic 

assignment against the GTDB reference database, and generation of OTU tables. Finally, 

microbial diversity and community structure were analysed using established ecological and 

statistical approaches. 

Amplicon libraries for the bacteria 16S rRNA gene variable regions 1-8 (bV18-A) were 

prepared using a custom protocol. Up to 25 ng of extracted DNA was used as template for PCR 

amplification, and each PCR reaction (50 μL) contained 0.2 mM dNTP mix, 0.01 units of 

Platinum SuperFi DNA Polymerase (Thermo Fisher Scientific, USA), and 500 nM of each 

forward and reverse primer in the supplied SuperFi Buffer. PCR was done with the following 
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program: Initial denaturation at 98 ∘ C for 3 min, 25 cycles of amplification (98 ∘ C for 30 s, 

62 ∘ C for 20 s, 72 ∘ C for 2 min) and a final elongation at 72 ∘ C for 5 min. The forward and 

reverse primers used include custom 24 nt barcode sequences followed by the sequences 

targeting bV18-A: [8F] AGRGTTYGATYMTGGCTCAG and [1391R] 

GACGGGCGGTGWGTRCA[176–179]. The resulting amplicon libraries were purified using 

the standard protocol for CleanNGS SPRI beads (CleanNA, NL) with a bead-to-sample ratio 

of 3:5. DNA was eluted in 25 μL of nuclease-free water (Qiagen, Germany). Sequencing 

libraries were prepared from the purified amplicon libraries using the SQK-LSK114 kit 

(Oxford Nanopore Technologies, UK) according to manufacturer protocol with the following 

modifications: 500 ng total DNA was used as input, and CleanNGS SPRI beads were used for 

library clean-up steps. DNA concentration was measured using the Qubit dsDNA HS Assay 

kit (Thermo Fisher Scientific, USA). Gel electrophoresis using Tapestation 2200 and 

D1000/High sensitivity D1000 screentapes (Agilent, USA) was used to validate product size 

and purity of a subset of amplicon libraries. 

The resulting sequencing library was loaded onto a PromethION R10.4.1 flowcell and 

sequenced using the MinKNOW 24.06.15 software (Oxford Nanopore Technologies, UK). 

Reads were basecalled and demultiplexed with MinKNOW Dorado 7.4.14 using the super 

accurate basecalling algorithm (config r10.4.1_400bps_sup.cfg) and custom barcodes. 

B.6 Statistical analysis of maternal sociodemographic and lifestyle factors  

Descriptive statistics were used to summarise the sociodemographic, anthropometric, and 

lifestyle characteristics of the study population. Continuous variables were reported as means 

and age range, while categorical variables were expressed as frequencies and percentages. 

Differences across GWG categories, classified as low (LGWG), adequate (AGWG), or 

excessive (EGWG), were assessed using the Kruskal–Wallis test for continuous variables and 

the Chi-square test for categorical variables. Since the sample related to each mother 

considered in the present analysis was substantially similar to that examined in our previous 

study[81], differing only by a few mother-infant pairs based on the availability of meconium 

samples at T0, the same multinomial logistic regression model was applied to identify factors 

associated with GWG categories, using AGWG as the reference category. This approach was 

adopted to confirm the consistency of the previously reported findings. 

The results were expressed as relative risk ratios (RRRs) with corresponding 95% confidence 

intervals (CIs). All statistical tests were two-sided, and a p-value < 0.05 was considered 

indicative of statistical significance. Analyses were performed using StataCorp. 2024. Stata 

Statistical Software: Release 18.5. College Station, TX: StataCorp LLC. 

B.7 Long read bioinformatic processing and statistical analyses 

The sequencing reads in the demultiplexed and basecalled fastq files were filtered for length 

(320 - 2000 bp) and quality (phred score > 17) using a local implementation of filtlong v0.2.1 

with the settings –min_length 320–max_length 2000 –min_mean_q 98. The filtered reads were 

mapped to the species-representative (reps) 16S rRNA (SSU) sequences from the GTDB 

release 220 database with minimap2 v2.24-r1122 using the -ax map-ont command[180] and 
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downstream processing using samtools v1.14.[180] The merged data set for bacteria and 

archaea entries (bac120_ssu_reps_r220.fna and ar53_ssu_reps_r220.fna) was filtered for 

archaea SSU > 450 bp, and bacteria SSU > 650 bp. Mapping results were filtered such that the 

query sequence length relative to the alignment length deviated < 5 %. Notably, low-abundant 

OTUs making up < 0.1 % of the total mapped reads within each sample were disregarded as a 

data denoising step. 

Statistical analyses were conducted by using R Software v4.3.1[181]. The OTUs sequence was 

examined for non-standard nucleotide symbols, and any invalid characters were removed. Then 

it was loaded, together with the OTU count table and metadata, into an ampvis2 object using 

the “ampvis2” package v2.8.9.[182] The dataset was also cleaned of c-section-related samples, 

avoiding confounding and false positive effects. The β-diversity analyses were conducted by 

using the “vegan” package v2.6.10.[183] Differences in β-diversity were depicted in 

multidimensional space by Principal Coordinates Analysis (PCoA) produced using the 

cmdscale function, on the Bray-Curtis dissimilarity matrix. The α-diversity analysis was 

carried out using the amp_alphadiv function of the "ampvis2" package v2.8.9. Environmental 

fitting analyses were carried out by using the envfit function of the “vegan” package v2.6.10. 

Given the variety of statistical analyses performed, a detailed description of each analysis is 

provided in the Supplementary file. 

 

C. Results 

C.1 Maternal sociodemographic and lifestyle factors  

Table 1 presents the distribution of sociodemographic and lifestyle factors of the study 

participants according to the GWG category.14 Overall, 58.34% of women in the sample were 

classified as having inadequate GWG, of whom 68.37% were in the low GWG (LGWG) 

category and 31.64% in the excessive GWG (EGWG) category. The median age of participants 

was similar across GWG groups: 33 years (IQR 31–36) for AGWG, 32 years (IQR 29–36) for 

EGWG, and 33 years (IQR 30–36) for LGWG, with no statistically significant differences 

observed. Similarly, the educational level did not differ significantly among the groups. For 

the pre-BMI variable, a statistical significance was observed (p < 0.001); notably, 45% of the 

participants in the EGWG category had a pre-BMI indicating overweight (35%) or obesity 

(10%) (Table 1). 

Concerning gestational lifestyle habits, no significant associations were observed between 

GWG categories and adherence to the MD. However, only 43% of women in the AGWG group 

reported medium or high adherence to the MD, compared to 55% and 52% in the LGWG and 

EGWG groups, respectively. Conversely, low adherence to the MD was more prevalent in the 

AGWG group, encompassing 57% of its participants (Table 4).  

Concerning the FFQ score, a trend was observed (p = 0.082), suggesting an association between 

GWG categories and food frequency consumption. Indeed, among women with EGWG, 35% 

showed inadequate scores, 52% partially satisfactory, and only 13% satisfactory. In the AGWG 
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group, 40% had inadequate scores, 39% partially satisfactory, and 21% satisfactory. 

Conversely, among those with LGWG, a higher proportion (36%) achieved satisfactory scores, 

while 39% were partially satisfactory and 25% inadequate. A similar trend was observed for 

the DH Score (p = 0.068), where 48% of women in the EGWG group had inadequate scores, 

compared to 43% in the AGWG group and 30% in the LGWG group. The proportion of 

satisfactory scores was highest among women with LGWG (31%), followed by those with 

EGWG (29%) and AGWG (16%). 

PA levels also showed no significant differences across the GWG categories. Nevertheless, 

medium or high PA scores were reported by 70% of participants in the AGWG group and 69% 

in the LGWG group (Table 4). Finally, a statistically significant difference was found in 

smoking habits during pregnancy (p < 0.001). 13% of women in the EGWG group reported 

smoking while pregnant (Table 4). 

       

Table 4. Maternal sociodemographic and lifestyle factors related to gestational weight gain.  
EGWG AGWG LGWG P-

value 

n 31 70 67 
  

Age (year) 

32.00 

(29.00-

36.00) 

33.00 

(31.00-

36.00) 

33.00 

(30.00-

36.00) 

0.20 
 

Mother's Educational Level 
   

0.061 
 

Lower or High School 6 (20%) 7 (10%) 3 (5%) 
  

University degree 24 (80%) 63 (90%) 63 (95%) 
  

Pre-pregnancy BMI category 
   

<0.001 
 

Underweight (BMI<18.5 Kg/m2) 0 (0%) 7 (10%) 9 (13%) 
  

Normal weight (18.5≤BMI≤24.9 Kg/m2) 17 (55%) 54 (77%) 53 (79%) 
  

Overweight (25≤BMI≥29.9 Kg/m2) 11 (35%) 5 (7%) 3 (4%) 
  

Obesity (BMI≥30 Kg/m2) 3 (10%) 4 (6%) 2 (3%) 
  

Food Frequencies (FFQ) 
   

0.082 
 

Inadequate 11 (35%) 28 (40%) 17 (25%) 
  

Partially satisfactory 16 (52%) 27 (39%) 26 (39%) 
  

Satisfactory 4 (13%)  15 (21%) 24 (36%) 
  

Dietary Habits (DH) 
   

0.068 
 

Inadequate 15 (48%) 30 (43%) 20 (30%) 
  

Partially satisfactory 7 (23%) 29 (41%) 26 (39%) 
  

Satisfactory 9 (29%) 11 (16%) 21 (31%) 
  

Mediterranean Diet adherence Score category [without 

alcohol] 

   
0.50 

 

Lower Score 15 (48%) 40 (57%) 30 (45%) 
  

Medium Score 7 (23%) 18 (26%) 19 (28%) 
  

Higher Score 9 (29%) 12 (17%) 18 (27%) 
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Physical Activity 
   

0.45 
 

Lower Score 15 (48%) 21 (30%) 21 (31%) 
  

Medium Score 8 (26%) 28 (40%) 24 (36%) 
  

Higher Score 8 (26%) 21 (30%) 22 (33%) 
  

Did you smoke during pregnancy? 
   

<0.001 
 

No 16 (52%) 24 (34%) 12 (18%) 
  

Yes 4 (13%) 3 (4%) 0 (0%) 
  

Notably, although FFQ and dietary habits DH were initially assessed using two validated 

sections of the Turconi et al. questionnaire[163], these variables were not analysed separately 

in Table S1 and then included in the final multivariable analyses. Instead, we focused 

exclusively on the MEDI-Lite score as a measure of adherence to the MD. This decision was 

based on both methodological and conceptual considerations.  

First, the MEDI-Lite score is a comprehensive, validated index specifically designed to assess 

adherence to the Mediterranean dietary pattern, which was the primary dietary framework of 

interest in our study. Unlike the FFQ and DH sections, which provide more general insights 

into dietary behaviour and consumption frequency, the MEDI-Lite score directly reflects 

alignment with a well-characterised and evidence-based dietary model known to influence gut 

microbiota composition[184]. Second, including all three scores in the multivariate model 

would have introduced redundancy, as several components of the Turconi-derived scores 

overlap conceptually with the MEDI-Lite components (e.g., fruit and vegetable intake, 

frequency of sweets or meat consumption). This collinearity could have affected the robustness 

and interpretability of the regression models, resulting in misleading results. 

No significant differences were observed in daily fruit consumption across GWG groups; most 

women reported average fruit intake, with proportions ranging from 55% in the EGWG group 

to 68% in the LGWG group. In contrast, a statistically significant difference emerged for daily 

vegetable consumption (p = 0.031); women in the AGWG group most frequently reported 

average vegetable intake (86%), whereas excessive and low GWG groups showed a higher 

prevalence of both inadequate (18% and 15%, respectively) and adequate (21% and 18%, 

respectively) consumption levels. Weekly legume consumption did not differ significantly 

among groups, although a higher proportion of women in the AGWG and LGWG categories 

reported average intake (55% and 58%, respectively), compared to only 37% in the EGWG 

group. Daily cereal consumption and weekly fish consumption were not significantly 

associated with GWG, and across all groups, with average intake reported by most participants 

in all groups. Daily meat consumption was evenly distributed among the three groups, with 

most women in each category consuming between 1 to 1.5 portions per day or less than one 

portion. Although not reaching statistical significance (p = 0.054), differences in daily milk 

and dairy product consumption approached significance and women with AGWG most 

frequently consumed 1 to 1.5 portions per day (60%), whereas both lower and excessive GWG 

groups had a higher proportion of women reporting consumption below or above this range. 

Lastly, regular use of olive oil was the most common across all GWG categories, particularly 

among women with AGWG (71%), showing no significant differences among the categories. 
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A multinomial regression analysis was conducted to identify dietary, anthropometric and social 

demographic predictors associated with GWG categories, using AGWG as the reference group. 

The results are presented in Figure 1. 

Pre-BMI was significantly associated with an increased risk of EGWG compared to AGWG 

(Relative Risk Ratio [RRR]=1.162, p=0.007). Additionally, a trend toward a protective effect 

was observed for daily vegetable consumption: women reporting an average intake of 1 to 1.5 

portions per day had a lower risk of EGWG compared to those with AGWG (RRR = 0.227, 

p=0.068), although this association did not reach conventional statistical significance. 

No other variables included in the model were significantly associated with low GWG 

(LGWG) relative to the reference category. 

 

 

Figure 1. The forest plot illustrates the results of the multinomial regression model based on maternal data from the LIMIT 

perspective cohort study. Relative risk ratios (RRRs) and corresponding confidence intervals for EGWG and LGWG are 

presented, using AGWG as the reference category. 

C.2 Meconium microbiota development according to maternal dietary parameters 

The ordination analysis (PCoA based on Bray-Curtis distance; Fig. 2a) did not reveal any 

evident grouping of samples according to GWG categories. This observation was consistent 

with the results of the permutational multivariate analysis of variance (PERMANOVA; Table 

S1), which showed no significant effect of GWG on bacterial diversity. In other words, there 

were no significant differences in β-diversity among meconium samples from mothers with 
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AGWG, EGWG, or LGWG. A lack of significant effect on bacterial diversity was also 

observed for all main variables included in the model formula (GWG, gender, pre-BMI, GWG, 

Medi-Lite score, Medi-Lite score rank, celiac condition, PA, FFQ, and IPAQ), as assessed by 

adonis PERMANOVA (Table S1) and corroborated by comparing all group combinations by 

using pairwise adonis PERMANOVA (Fig. 2b). Environmental fitting analysis was also 

conducted to examine associations between main study variables (continuous variables) and 

community structure. Similarly, no environmental or lifestyle variable was found to 

significantly correlate with the primary axes of variation (Fig. 3c and Table S2), suggesting 

that the observed sample distribution may reflect complex, multivariate factors not directly 

related to the studied variables. Furthermore, no significant differences in α-diversity were 

observed across GWG categories (adequate, excessive, and low) (Fig. 2d). 

 

 

 

Figure 2. Effect of GWG on meconium bacterial diversity. (a) PCoA (Bray-Curtis distance) based on the relative abundance 

table depicted according to GWG by using a colour scheme. The first two principal coordinate axes (PCo1 and PCo2), which 

explained 15.1% and 12.7% of the total variation, respectively, were used to highlight a sample distribution. The 95% 

confidence ellipses were added using the dotted line. (b) Heatmaps report the results of pairwise Adonis PERMANOVA 

comparisons between GWG groups. The significance is annotated within each tile using annotation (ns: non-significant 

results). Each tile represented a pairwise comparison, coloured by the corresponding R² value. (c) Barplot reports the amount 

of variance (i.e. R2 from the envfit function) for each variable tested in the model formula. All variables tested display no 

significant effect (p>0.05). (d) Boxplot reports the α-diversity metrics, Inverse Simpson, Shannon and Simpson indices among 

different GWG categories. Differences between α-diversity metrics are assessed using the Kruskal-Wallis test. 

C.3 Unsupervised learning reveals distinct microbiota-type patterns. 
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As no significant associations were observed between bacterial diversity and the study-defined 

categories, we performed a deeper exploration of the dataset by performing an unsupervised 

learning analysis aimed at identifying coherent clusters independently of our study categories.  

To identify natural groupings within the sample dataset, a partitioning around medoids (PAM) 

clustering approach was applied. The optimal number of clusters (k) was determined using 

average silhouette width (ASW), which peaked at an optimum of 5 clusters, indicating the most 

appropriate partitioning structure (Fig. 3a). The unsupervised classification resulted in 5 

distinct clusters reported by using ordination analysis (PCoA, Bray-Curtis distance in Fig. 3b), 

depicted different principal coordinate axes to highlight cluster separation better. Permutational 

multivariate analysis adonis PERMANOVA confirmed that the identified clusters accounted 

for a significant portion of the variation in microbial community composition (R² = 0.349, p = 

0.001), highlighting that the clusters partitioning capture biologically meaningful structure in 

the dataset. The pairwise adonis PERMANOVA analysis further supported these distinctions: 

as expected all the inter-cluster comparisons were statistically significant, however, not all 

cluster comparisons explained the same amount of variance, as  R² values ranging from 0.18 

to 0.31, with highest amount reported for Cluster 3 vs Cluster 5 comparison and the lowest 

amount reported for Cluster 1 vs Cluster 3 and 4 comparison (Fig. 3c). Therefore, a hierarchical 

clustering analysis was performed using the Bray-Curtis dissimilarity matrix and the average 

linkage method. The fidelity of the resulting dendrogram to the original distance matrix (used 

for the unsupervised analysis) was evaluated via cophenetic correlation (r = 0.83), indicating 

appropriate representational accuracy. The clustering structure was reported by using a 

dendrogram with cluster annotations, to highlight the correspondence between ordination-

based and hierarchical groupings (Fig. S4). To further highlight the distribution of OTUs based 

on abundance, a cluster analysis was performed using Euclidean distance and the Ward D2 

linkage (Figure 3d). The analysis was conducted on the 21 OTUs whose abundance 

significantly (Wilcoxon test with FDR correction) changed among the 5 clusters produced by 

the unsupervised learning. Despite the use of different cluster methods, the samples grouped 

coherently with the unsupervised cluster assignment, exhibiting consistent compositional 

profiles that confirmed the robustness of the clustering approach. Several OTUs displayed clear 

cluster-specific enrichment, with higher abundances concentrated in defined subsets of 

samples, whereas others showed a more heterogeneous distribution across clusters. Notably, 

low-abundance taxa substantially contributed to the observed differences, reflecting a less rich 

and polarized microbiota structure.  

To investigate the contribution of specific OTUs to the observed community structure, we build 

PCoA ordination using an envfit-like approach. Statistically significant OTUs (p < 0.05) were 

then assigned to sample clusters by computing the cosine similarity between each OTU's vector 

of variation and the centroids of identified clusters in ordination space. This vector-based 

method revealed strong directional associations between subsets of OTUs and specific clusters, 

suggesting that distinct taxonomic signatures underlie the observed microbial community 

patterns, independently of measured environmental or lifestyle variables (Fig. S3 and Table 

S5). 
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Figure 3. Assessment of different microbiota types through unsupervised learning analysis. . (a) The line chart reports the 

Average Silhouette Width (ASW) calculated for the interval between 2 and 10 clusters. Each point represents the ASW obtained 

for each cluster, and the vertical red dotted line highlights the optimum number of clusters. (b) PCoA based on Bray-Curtis 

distance, produced using the axis PCo1 vs PCo2 and PCo1 vs PCo4, highlights the sample distribution according to the 

clusters calculated by using the PAM algorithm. Clusters are represented using colour code in the legend, and ellipses 

represent 95% confidence intervals of the clusters. (c) The heatmap represents the results of cluster cross-comparisons 

produced by pairwise adonis PERMANOVA. Significant contrasts are reported using asterisks (*, p<0.001) while the R2 

values are reported using a colour gradient. (d) Heatmap reports the distribution of significantly different OTUs across 

clusters selected using the Wilcoxon test (FDR adjustment). The OTUs are reported in the rows, and each column corresponds 

to a sample. Percentage abundances are shown on a colour scale ranging from low (white) to high (dark red-blue). Top 

annotations indicate cluster membership, with colours assigned according to the colour scheme in the legend. Rows were 

hierarchically clustered using Euclidean distance and the Ward D2 linkage method. Each OTU label is reported together with 

the related taxonomic assignment, indicated below each OTU using brackets. 

The differences in the relative abundances of specific OTUs among the five clusters were 

assessed. Considering the most representative OTUs within the dataset (see Taxonomic 

signature associated with the clusters section in the supplementary file), we identified 21 OTUs 

whose relative abundances significantly changed among the five clusters (Figure S5). Each of 

these OTUs exhibited significantly different abundance patterns when compared between each 

cluster by using post-hoc analyses (Table S6). Each cluster showed prevalences in specific 

OTUs; Cluster 1 was characterised by species-level OTUs such as Alloprevotella sp004555055, 

Collinsella sp900764415, Sutterella sp90519795, Escherichia fergusonii, Escherichia coli F, 
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and Escherichia coli. These OTUs were predominant within cluster 1's microbiota, although 

some were also shared with other clusters, for instance, Escherichia whittamii and Escherichia 

sp0044211955, which were also representative of cluster 3. However, cluster 3 showed a 

significant association in species-level OTUs belonging to the Bifidobacterium genus, such as 

Bifidobacterium infantis, Bifidobacterium longum, and Bifidobacterium adolescentis, the latter 

also being partly represented in cluster 4. Clusters 4, 2 and 5 were each associated with distinct 

OTU signatures that contributed substantially to their overall OTU abundance profiles. 

Specifically, Streptococcus pasteurianus was related to cluster 4, while Staphylococcus 

epidermidis was associated with cluster 2, and Enterococcus faecalis was associated with 

cluster 5. This overview of OTUs abundance variations highlights the presence of distinct 

microbiota types underlying each cluster, highlighting specific bacterial signatures in the 

meconium that appear to be independent of maternal diet and lifestyle habits. 

D. Discussion 

In this study, we investigated the influence of maternal GWG and other maternal lifestyle and 

physiological variables on the composition of neonatal meconium microbiota within the LIMIT 

study[66], applying a long-read sequencing approach to provide high-resolution microbial 

profiling.  

Our analyses revealed that neither GWG categories nor maternal pre-BMI, MD adherence, or 

PA exerted a measurable effect on meconium microbial diversity. These findings suggest that 

maternal weight gain and lifestyle-related factors, although crucial for pregnancy outcomes and 

child health, may not directly shape the earliest microbial communities in newborns. The 

results are in line with previous work of Turunen et al[170], which pointed to the delivery mode 

as the strongest determinant of meconium microbial composition, thereby reinforcing the idea 

that gut microbiota establishment begins primarily at birth through exposures occurring during 

delivery and in the immediate postnatal period. Therefore, the lack of significant microbial 

community variation in meconium samples associated with GWG categories and other 

maternal factors, such as pre-BMI, MD adherence, and PA level, suggests that the initial 

establishment of the neonatal gut microbiota may be driven by complex, multifactorial 

processes not directly explained by the maternal lifestyle variables measured in this study.  

At the same time, our results stand in contrast to other studies[185,186] reporting significant 

associations between maternal GWG and neonatal microbiota. For instance, evidence from 

Song and Liu[185] found that EGWG was linked to reduced alpha diversity and depletion of 
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specific microbial taxa. Another study conducted by Cho et al.[186], exploring the relationship 

between maternal pre-BMI, GWG, and early gut colonisation, revealed that maternal pre-BMI 

was associated with distinct microbial profiles in neonatal meconium. Citrobacter was more 

abundant in infants of mothers with normal pre-BMI, while higher Lachnospira levels were 

found in newborns of mothers experiencing underweight before pregnancy. 

Additionally, maternal GWG was found to be linked to specific microbial signatures in 

neonatal meconium, with variations in bacterial composition observed across different levels 

of maternal weight gain.[186] Such discrepancies across studies likely reflect heterogeneity in 

study design, sample size, sequencing methodologies, and confounding control, and they 

highlight the complexity of disentangling maternal metabolic influences from other perinatal 

determinants. 

Our study also considered maternal dietary patterns and lifestyle variables. Although maternal 

adherence to the MD and reported dietary habits showed no significant associations with 

meconium microbial diversity, this does not rule out their importance. Prior work by Sasaki et 

al. [73] demonstrated that higher adherence to the MD during pregnancy correlated with 

increased abundance of SCFAs-producing bacteria in meconium, and even with epigenetic 

changes in placental and cord blood tissues. The lack of associations in our cohort may be 

explained by methodological differences, by the exclusion of alcohol from the MD score during 

pregnancy, or by the fact that dietary influences may become more evident later in infancy 

during breastfeeding and complementary feeding, when maternal diet exerts a more direct 

impact. Similarly, no significant relationships were observed for maternal PA or smoking 

status, though these behaviours remain important for overall pregnancy and infant health. One 

of the strengths of this study lies in its use of unsupervised clustering, using the PAM algorithm, 

to move beyond predefined maternal categories and explore intrinsic microbial structures. This 

approach revealed five distinct and biologically meaningful clusters of meconium microbial 

communities, each defined by unique taxonomic signatures and differing in the relative 

abundance of key OTUs such as Bifidobacterium, Streptococcus, Escherichia, Enterococcus, 

and Staphylococcus. These findings suggested that neonatal microbiota may be organised into 

“types” or enterotype-like structures, reminiscent of clustering observed in adult gut microbiota 

studies, and align with the results of Chang et al,35 who reported similar microbial community 

structures in meconium using long-read sequencing.   
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Our findings supported the notion that early-life microbial colonisation may follow distinct 

ecological trajectories, potentially shaped by perinatal exposures, genetic predispositions, or 

stochastic events during the gestational period and delivery, rather than specific maternal 

lifestyle or nutritional status. The presence of defined microbiota types at birth echoes similar 

observations in adult gut microbiota studies[187,188], where enterotype-like clustering has 

been proposed.  

However, the determinants and long-term implications of these early microbial patterns remain 

to be elucidated. For instance, some studies[189,190]38,39 challenged the presence of a prenatal 

microbiome.  

For example, Kennedy et al.[189] found no evidence of microbial presence in 20 prenatal 

meconium samples collected under sterile conditions, supporting the hypothesis that initial gut 

colonisation may begin only during or after delivery. Similarly, Santos Scott et 

al.[190]  reported difficulties in identifying a distinct microbiome in 141 meconium samples 

from which DNA was extracted, also under sterile conditions to avoid contamination. These 

divergent findings may be due to differences in DNA extraction and sequencing protocols, 

contamination controls, or sensitivity of detection, and they underline the need for 

methodological rigour and standardisation in future research. 

Taken together, our findings suggest that maternal GWG and lifestyle factors may not be the 

principal drivers of initial gut colonisation, which appears to be shaped by more complex and 

multifactorial influences. 

The unsupervised clustering approach adopted here underscored the importance of exploring 

microbial community structures beyond traditional categorical variables. The application of 

unsupervised learning approaches in this context proved crucial for uncovering meaningful 

variation that would otherwise have remained hidden. This has significant implications for the 

study of microbiota development, highlighting the need for refined methodologies capable of 

capturing the complexity of host–microbe development in early life. 

Limitations of this study must also be acknowledged. The analysis was restricted to meconium 

collected at birth, representing a single time point and therefore unable to capture the dynamic 

colonisation processes that occur immediately after delivery and during early infancy. The 

sample size, while larger than many previous studies, may still have been insufficient to detect 

subtle associations. The focus on the MEDI-Lite score,19 although conceptually justified, may 

have reduced the granularity of dietary assessment. Additionally, although we excluded 
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caesarean-related samples to minimise confounding, other factors such as maternal stress or 

other unmeasured environmental variables may have influenced microbial signals.  

Despite these limitations, our findings provide important insights into the complex and 

multifactorial nature of neonatal microbiota establishment. They suggest that GWG and 

maternal lifestyle, although important for other aspects of pregnancy and infant outcomes, may 

not be major determinants of meconium microbial structure. Instead, our identification of 

distinct microbiota clusters points to the possibility that neonatal colonisation follows specific 

ecological trajectories, the origins and implications of which remain to be fully elucidated.  

Future research should adopt a longitudinal perspective, integrating repeated sampling across 

the first 1000 days of life and combining metagenomic, metabolomic, and transcriptomic 

approaches to determine whether early microbial clusters persist, converge, or diverge, and 

whether they predict outcomes such as growth trajectories, immune development, and 

susceptibility to metabolic or inflammatory diseases. The longitudinal design of the LIMIT 

study[66] provides a unique opportunity to address these questions. 

In conclusion, while maternal GWG and lifestyle variables did not significantly influence 

meconium microbiota diversity, our unsupervised analyses revealed distinct and biologically 

relevant microbiota types in newborns’ meconium. These findings suggest that neonatal 

microbial colonisation may be mainly influenced by unmeasured or stochastic factors than by 

maternal gestational characteristics alone. The entire longitudinal dataset will be essential to 

unravel the determinants and factors shaping these early microbial profiles. 
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CHAPTER 4: GENERAL DISCUSSION 

This chapter provides a comprehensive discussion based on the findings of all the five included 

publications in my doctoral thesis. In the previous chapters, I presented the conducted papers 

in a chronological order, starting with a synthesis for the existing body of evidence[27,79,80] 

to understand what is well known and what gaps still exist, ending up with my original 

empirical studies to test some question that fill the same broader image, using samples of 

mother-infant dyads derived from the original cohort study namely LIMIT[66]. 

The transition between my conducted papers, I went from theoretical available evidence to 

population-based observations and early biological signals of infant microbiota at delivery, 

which allowed me to interpret how maternal lifestyle and metabolic factors, can influence 

pregnancy outcomes and microbiota-related pathways relevant to an increased risk of 

childhood obesity, while also identifying gaps and inconsistencies that require further 

investigation. 

This chapter provides an integrated discussion connecting all the findings of the conducted 

studies in a sequential way to create a wider image that falls within the framework of the 

DOHaD. This framework suggests that exposures acting during critical periods of early 

development exert long-lasting effects on metabolic health and disease susceptibility across the 

life course. Within this framework, maternal lifestyle behaviours, pre-pregnancy adiposity, and 

gestational metabolic status function as early environmental stimuli capable of shaping fetal 

development through integrated hormonal, inflammatory, metabolic, epigenetic, and microbial 

pathways.[61,62] The first 1,000 days of life, spanning from preconception to the end of the 

second postnatal year, represent a phase of heightened developmental plasticity, during which 

these signals may permanently influence biological systems regulating energy balance and 

adiposity. Importantly, this window also represents a unique opportunity for targeted 

preventive interventions, as modifying maternal and early-life exposures during this period 

may mitigate the establishment of adverse metabolic trajectories and reduce the long-term risk 

of childhood obesity. Within this conceptual framework, the results of the present PhD thesis 

contribute to the growing evidence that maternal health and lifestyle before and during 

pregnancy represent critical leverage points for early prevention, as they may influence both 

maternal metabolic adaptation to pregnancy and early biological conditions at birth. 

From a mechanistic standpoint, the observed associations between maternal lifestyle factors, 

GWG, and the composition of neonatal microbiota composition can be interpreted within 
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established pathways of metabolic and inflammatory programming. Maternal nutritional 

quality, PA, and metabolic status are known to influence insulin sensitivity, systemic 

inflammation, and hormonal signalling during pregnancy, all of which may shape the 

intrauterine milieu. These biological signals can affect fetal nutrient exposure and immune 

maturation, potentially influencing early microbial colonization patterns that are relevant to 

later metabolic regulation. 

4.1 Insights from literature-based studies: 

The first step in this journey included two narrative[27,79] and one systematic review[80], 

covering existing findings about maternal nutrition factors, lifestyle habits, and early biological 

exposures, with respect to the metabolic health of the offspring.  

By looking at the findings of these three reviews, a consistency of evidence was presented 

supporting the impact of maternal lifestyle choices and metabolic status on pregnancy 

outcomes and infants’ health, characterized by numerous pathways involving inflammation, 

glucose and lipid metabolisms, epigenetic conditions and hormonal regulations.  

In the narrative review conducted on HBM microbiota[79] provide a wider frame for the 

potential role of maternal lifestyle factors on infant’s health that goes beyond pregnancy to 

reach the different stages of lactation period, through enteromammary mechanisms. Similarly, 

the narrative review investigating the offspring exposomes[27] highlighted that that metabolic 

programming is not only shaped during the prenatal period, emphasizing the importance of 

lifestyle interventions across all stages of the critical first 1000 days window. The systematic 

review on FA supplementation[80], further emphasized this idea by showing how 

micronutrient exposures in the preconception stage or during pregnancy, can be altered 

depending on several factors involving maternal lifestyle behaviours and weight status. 

As shown by these three reviews, one common message can be emerged demonstrating the role 

of maternal lifestyle and nutritional status as biological plausible moderators for maternal and 

neonatal metabolic health on the short- and long-terms. 

On the other hand, inconsistencies and knowledge gaps were found in the literature, related to 

the differences in the timing of exposures measurement (during preconception, pregnancy, or 

postpartum); for the outcome’s measurement (studying meconium or stool samples); or related 

to the difference in methodological analysis for the microbiota (sequencing and diversity reads 
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techniques). This proposes that maternal exposures act differently, based on the biological 

systems. 

Our findings are in line with the DOHaD[61,62,191] framework and microbiome 

research[192], where the risks of developing any kind of diseases across life course, depends 

on the timing and biological system of the environmental exposures.  

4.2 From Literature to Population Data: Maternal Lifestyle and GWG 

Building on the first step of the literature synthesis, the second step involved two original 

analyses for the identified maternal factors, conducted on samples of mother-infant dyads 

derived from the original sample of the LIMIT study[66]. Both papers followed an 

observational cross-sectional design. The first one assessed the relationship between maternal 

lifestyle factors and GWG adequacy. The second one investigated the relationship between 

maternal weight status, lifestyle behaviours, and environmental exposures, with the meconium 

microbial profile via analysing meconium samples at delivery.  

The first empirical study[81], I conducted within the LIMIT study[66] examined associations 

between maternal lifestyle factors and GWG adequacy. 

The findings of this study[81] confirmed the associations suggested in the reviews, determining 

how maternal lifestyle choices can significantly affect the adequacy of GWG. Dietary patterns, 

PA, and pre-pregnancy weight class were all associated with maintaining GWG within 

recommended ranges. 

With these results, we were able to link the narrative and systematic reviews with real-world 

cohort data, providing additional evidence on how maternal lifestyle factors are measurable 

determinants of biological and metabolic health outcomes.  

Similar observations between maternal lifestyle behaviours and GWG adequacy were 

previously reported in large cohorts and meta-analyses including European populations, 

showing a strong connection with adverse health outcomes at the level of mothers and 

offspring[57,193]. 

These findings are connected at a common point highlighting that GWG represents a key 

intermediate phenotype linking maternal lifestyle exposures with metabolic health during 

pregnancy. In this context, dietary quality and PA emerge as central modifiable determinants 
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that may influence both maternal metabolic adaptation and downstream pregnancy outcomes, 

reinforcing the relevance of lifestyle-based preventive strategies during this critical period. 

Although several covariates were included in the statistical models, the possibility of some 

residual confounding cannot be excluded. These confounding variables could be related to 

additional lifestyle behaviours, socioeconomic conditions, environmental exposures, or 

maternal metabolic characteristics. Moreover, some analyses were conducted using complete-

case datasets after excluding participants with missing values in key variables. While this 

approach improves interpretability of multivariable analyses, it may introduce bias if missing 

data are not completely random.  

4.3 Maternal Lifestyle and Early Microbial Signals: Insights from Meconium Microbiota 

Analysis 

The second empirical study was conducted as a further investigation targeting meconium 

microbiota, as it is considered the first measurable biological signal in infants. 

The microbiome-related pathways potentially linking prenatal exposures to later obesity risk 

include the production of short-chain fatty acids (SCFAs), modulation of immune 

development, and regulation of inflammatory and metabolic signalling. SCFAs such as acetate, 

propionate, and butyrate play key roles in energy homeostasis, gut barrier integrity, and 

immune tolerance. Altered early microbial profiles may influence these pathways during 

critical windows of development, thereby contributing to long-term metabolic programming. 

Additionally, early-life microbial exposures are increasingly recognised as modulators of 

systemic inflammation and insulin sensitivity, mechanisms that are central to obesity 

pathophysiology. 

Despite the expectations derived from the literature reviews, maternal weight status, adherence 

to the MD, and engaging in PA, did not show any association with the overall microbial 

diversity in meconium. These results support the idea previously discussed regarding  the 

different effects of maternal exposures depending on the timing of measurement and the 

measured biological systems. In other words, the influence of maternal lifestyle factors may 

not susbstantially affect the composition of the meconium microbiota at birth. In addition, the 

microbial analysis of meconium may be influenced by environmental contamination. 

Rather than being interpreted solely as negative findings, these results may reflect the specific 

biological nature of meconium as a very early intrauterine snapshot. From a DOHaD 
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perspective, these findings may also reflect the timing of biological programming processes 

during early development. The DOHaD framework emphasizes that the effects of prenatal 

exposures depend not only on the exposure itself but also on the developmental window during 

which it occurs. In this context, the absence of detectable associations between maternal 

lifestyle factors and meconium microbial diversity at birth does not necessarily contradict 

developmental programming hypotheses. Instead, it may indicate that microbiome-related 

programming mechanisms emerge progressively after birth, when environmental exposures 

such as feeding practices, antibiotic use, and early-life nutrition begin to shape microbial 

colonization more strongly. Therefore, the evaluation of microbial trajectories across early 

infancy may provide a more informative perspective for understanding how prenatal exposures 

contribute to long-term metabolic risk within the DOHaD framework. Meconium captures late 

prenatal exposures before postnatal factors begin to exert a strong influence on microbial 

development. It is considered a low-biomass microbial environment and the detection of 

microbial DNA in it does not necessarily indicate the presence of viable bacteria. For this 

reason, the microbial environment of meconium should be interpreted with caution. Growing 

evidence suggests that lifestyle-related microbial alterations may emerge more clearly later in 

infancy, when breastfeeding practices, complementary feeding, antibiotic exposure, and 

environmental contacts dynamically shape gut microbial communities. Moreover, ongoing 

scientific debate regarding the presence and stability of a detectable microbiota in meconium 

prior to birth may further explain inconsistencies across studies. 

Following these findings, it is important to consider both the timing of measurement and the 

biological context when interpreting microbiome related associations. This conclusion aligns 

with previously reported inconsistencies and weak associations when assessed at birth 

compared with later in infancy[70]. 

Moreover, the absence of associations at T0, does not cancel the effect of maternal lifestyle 

factors, but since meconium provides a very early snapshot for the intrauterine exposures, the 

absence of associations in our results suggests that microbial alteration may occur 

predominantly later during infancy. This was reported in other longitudinal studies, which 

confirmed that infant gut microbiota is rapidly and strongly shaped after being exposed to 

several factors such as breastfeeding, complementary feeding, antibiotic use, and any 

environmental contact with siblings or pets[74,194]. 

4.4 Early Microbiota Profile: the five clusters 
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Although we did not find any association with microbial diversity, the PAM algorithm 

(unsupervised analysis) identified the presence of five different meconium microbiota profiles 

composed of various taxonomic compositions. 

This result determines a new observation within the topic of my thesis, early-life microbial 

communities differ naturally between infants, and are not easy to measure through the studied 

maternal lifestyle variables or environmental exposures. 

Going back to the findings of the narrative review conducted on offspring exposomes[27], we 

can see the alignment with this new observation, indicating that early-life biological systems 

may be shaped by multifactorial stimuli, some of which are not yet known or unable to be 

measured by standard exposures. 

These findings align with other emerging microbiome studies, which suggest that early-

microbial development is influenced by unexplained multifaceted colonisations[195], maternal 

microbial reservoirs[196], and in utero microbial exposures[171,197] that may influence early 

microbial development. 

The identification of these distinct microbial clusters therefore represents an original 

contribution of this thesis, suggesting that heterogeneity in neonatal microbial profiles at birth 

may reflect complex and partially unmeasured biological processes. This observation supports 

the need for longitudinal follow-up and integrative exposure assessment to better understand 

how early microbial patterns evolve and relate to later metabolic outcomes. 

4.5 Conclusion 

Within the whole framework of my thesis, I can finally conclude that maternal lifestyle factors 

and nutritional status can significantly affect pregnancy outcomes and maternal and offspring 

health, while their observed impact on early microbiota at birth appears to be limited. The 

integration of reviews with population-based analysis underscores the importance for future 

investigations, taking into account the timing effect and the studied biological system on the 

resulted measure. From a broader perspective, these findings can also be interpreted within the 

offspring exposome framework, which recognises that metabolic programming results from 

cumulative environmental exposures acting across early life. In addition to lifestyle behaviours, 

chemical exposures such as EDCs (e.g., phthalates and bisphenols) [131–137]. may interact 

with biological systems during sensitive developmental windows, contributing to obesity 

susceptibility through shared inflammatory, endocrine, and metabolic pathways. 
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Within the LIMIT cohort, the baseline microbial and lifestyle profiles described in this thesis 

provide a reference point for subsequent longitudinal analyses. These T0 findings inform 

hypotheses regarding how early microbial patterns may evolve across infancy and interact with 

postnatal lifestyle exposures at T1–T5, ultimately influencing growth trajectories and the 

timing of adiposity rebound. By characterizing early-life starting conditions, this work supports 

a developmental interpretation of future findings related to early adiposity rebound and 

childhood obesity risk. 

A major strength of this thesis falls within its conceptual and transitional design. Some 

limitations are linked to the restricted analysis of T0 data and the inability to follow-up on the 

postnatal effects. However, these will be assessed later throughout the LIMIT cohort[66].  

An additional methodological limitation relates to challenges inherent to microbiota analysis, 

including variability in sequencing approaches and diversity metrics, particularly in low-

biomass samples such as meconium. Future longitudinal data from the LIMIT cohort will allow 

for the investigation of postnatal microbial trajectories and their relationship with early 

adiposity rebound and metabolic outcomes. 

From a clinical and public health perspective, these findings reinforce the importance of 

preconception and prenatal care as key opportunities for obesity prevention. Integrating 

lifestyle medicine approaches into maternal care—including nutritional counselling, promotion 

of PA, smoking cessation, and stress management—may support healthier metabolic and 

microbial environments early in life. Such strategies have the potential to reduce 

intergenerational transmission of obesity risk and improve long-term metabolic and obstetric 

trajectories. Emphasizing early prevention rather than postnatal treatment aligns with emerging 

public health priorities and supports more sustainable approaches to addressing the global 

burden of obesity. 
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Abstract: Human breast milk (HBM) is considered the gold standard for infant nutrition due to its
optimal nutrient profile and complex composition of cellular and non-cellular components. Breast-
feeding positively influences the newborn’s gut microbiota and health, reducing the risk of conditions
like gastrointestinal infections and chronic diseases (e.g., allergies, asthma, diabetes, and obesity).
Research has revealed that HBM contains beneficial microbes that aid gut microbiota maturation
through mechanisms like antimicrobial production and pathogen exclusion. The HBM microbiota
composition can be affected by several factors, including gestational age, delivery mode, medical
treatments, lactation stage, as well as maternal lifestyle habits (e.g., diet, physical activity, sleep quality,
smoking, alcohol consumption, stress level). Particularly, lifestyle factors can play a significant role in
shaping the HBM microbiota by directly modulating the microbial composition or influencing the ma-
ternal gut microbiota and influencing the HBM microbes through the enteromammary pathway. This
narrative review of current findings summarized how maternal lifestyle influences HBM microbiota.
While the influence of maternal diet on HBM microbiota is well-documented, indicating that dietary
patterns, especially those rich in plant-based proteins and complex carbohydrates, can positively
influence HBM microbiota, the impact of other lifestyle factors is poorly investigated. Maintaining
a healthy lifestyle during pregnancy and breastfeeding is crucial for the health of both mother and
baby. Understanding how maternal lifestyle factors influence microbial colonization of HBM, along
with their interactions and impact, is key to developing new strategies that support the beneficial
maturation of the infant’s gut microbiota.

Keywords: human breast milk; microbiota; maternal dietary pattern; lifestyle; breastfeeding

1. Introduction

Human breast milk (HBM) is widely regarded as the gold standard of infant nutrition,
offering an unparalleled source of essential nutrients tailored specifically for the newborn
during the crucial neonatal period [1]. This remarkable fluid is highly complex, comprising
diverse cellular components and bioactive molecules, all working together to support the
infant’s growth, immune development, and overall health [2]. “Human milk” refers to
milk produced by lactating parents and includes (i) breast milk produced by a parent that
is given directly to infants through the breast or expressed by the breastfeeding parent
and then given to the infant; (ii) donor milk produced by breastfeeding individuals is
stored and then donated (e.g., human milk banks) or given to infants other than their
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children [3]. Breastfeeding is one of the exposure factors that can modify the composition
of the newborn’s gut microbiota and, therefore, perpetuate the state of newborn health [4].
Notably, breastfed children exhibit a decreased risk of developing diseases in their lifespan,
such as gastrointestinal infection, acute otitis media, and infectious diarrhea, compared to
infants fed with formula milk [5,6].

As widely described, HBM is recognized as one of the most important postpartum
elements modulating metabolic and immunologic programming related to the child’s
health [7,8]; this is partly due to the presence of a specific HBM microbiota, a source of
beneficial, non-pathogenic, and probiotic bacteria that may positively affect the infant
gut microbiota maturation [9]. Several studies have also shown that breastfed babies
had a lower risk of chronic diseases such as allergies, asthma, diabetes, and obesity in
childhood and adulthood [10–12]. All of this could be related to the composition of the HBM
microbiota and its multiple mechanisms [13], including the production of antimicrobial
compounds against pathogenic bacteria, the exclusion of competitors, the prevention of
adherence of pathogenic bacteria to the intestinal epithelium, and the increase in intestinal
mucosal production [14].

Alterations in the composition of the HBM microbiota can be ascribed to several
exposure factors, such as maternal health (presence of certain pathologies including obesity,
allergies, celiac disease, mastitis) [15–17], maternal dietary habits and lifestyle factors [18],
gestational age (term vs. preterm birth) [19], delivery mode (vaginal birth vs. C-section
birth) [7], medical treatment and antibiotic exposure [7], lactation period (colostrum vs.
transitional milk vs. mature milk) [20]. Furthermore, it is widely believed that the bacteria
colonizing HBM originate from the mother’s skin and the newborn’s oral cavity, with the
infant being exposed to the mother’s vaginal and intestinal microbiota during childbirth [9].

Particularly, among these factors, it is important to highlight the crucial role that
the adoption of adequate lifestyle plays in periconception and prenatal and postnatal
care in maintaining general health and preventing lifestyle-related diseases, including
non-communicable diseases (NCDs), throughout the entire life course [21].

Given the growing interest in identifying modifiable maternal factors that may influ-
ence the HBM microbiota, to the best of our knowledge, the present narrative review is
the first to provide an overview of maternal lifestyle elements, including dietary habits,
physical activity, sleep quality, smoking, and stress levels, that are associated with shaping
the HBM microbiota. Special attention is given to maternal diet during lactation and its
potential impact on the infant’s health. By understanding the effect of lifestyle on the
formation of the HBM microbiota, it is possible to generate personalized advice to adapt to
the maternal profile and encourage the adoption of lifestyle changes that can influence the
composition of the newborn’s intestinal microbiota and preserve its health.

2. The Human Breast Milk Composition

The HBM is a dynamic, bioactive fluid that changes in composition from colostrum
to late lactation and varies within feeds, diurnally, and between mothers [2]. It consists of
cellular and non-cellular components coming from different sources (i.e., lactocytes) [2].

2.1. Non-Cellular Components of the Human Breast Milk

The non-cellular components of HBM encompass macro- and micronutrients, as well
as a plethora of active compounds like immunoglobulins, human milk oligosaccharides
(HMOs), growth factors, cytokines, chemokines, and epithelial and immune cells, which
provide nutritional, immunological, and developmental benefits to the newborn, as well as
having a key role in anti-oncogenicity, neurocognitive development, cellular communica-
tion, and differentiation [9,22,23].

HBM has a unique composition that constantly changes based on neonatal needs [24].
For instance, concerning macronutrients, colostrum, which is produced in the first few
days postpartum, is rich in protein (14–16 g/L), lipids (15–20 g/L), and carbohydrates
(50–60 g/L), particularly HMO (20–24 g/L), and other cellular components; transitional
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milk, which is produced approximately 5–14 days after giving birth and is similar in
composition to colostrum [2,4]; mature milk differs completely from the previous lactation
stages and consists of 90% water, 3.8% fat, 1.0% protein, and 7% lactose [20]. Regarding the
micronutrients present in human breast milk, they constitute the only source of nutrients
for a newborn, at least for the first six months of life [2]. Although the composition of breast
milk is highly conserved, the amount of nutrients can vary depending on the mother’s
diet and body reserves. Since maternal dietary habits are not always optimal, the use
of supplements is recommended during breastfeeding as vitamins, minerals, and trace
elements are essential for infant development, including hormone synthesis, immune
system function, and antioxidant activity [2]. Besides macro and micronutrient content,
HBM contains human milk oligosaccharides (HMOs), complex sugars found in significant
concentrations and with unique structural diversity [25]. Although they are the fourth
most abundant component of human milk after water, lipids, and lactose, they provide no
direct nutritional value to the newborn [25]. However, HMOs have a prebiotic effect, and
through their features, they are responsible for the microbiota composition of the baby and
the composition of the bacterial community of the milk itself [2,25]. Indeed, HMOs serve
as a selective food source for beneficial bacteria, particularly Bifidobacteria and Lactobacilli,
which have specific enzymes that can break down HMOs, allowing them to proliferate [25].
At the same time, HMOs can prevent pathogenic bacteria from binding to the intestinal
lining by mimicking the receptor structures that these pathogens would normally bind to;
this reduces the colonization of harmful bacteria both in the baby’s intestines and, to some
extent, in the breast milk itself [25].

2.2. Cellular Components of the Human Breast Milk: The Microbial Composition

The HBM is not only rich in nutrients and antibodies, which play a fundamental role
in the immunological development of newborns, but also includes types of cells derived
from blood and breast, including immune cells, lactocytes, stem cells, and epithelial cells [2].
These cells are accompanied by the presence of some types of bacterial communities, which
influence the health and development of the infant by colonizing and shaping the gut
microbiota in early life [26].

In recent years, culture-independent methods, such as 16S ribosomal RNA (16S rRNA)
sequencing, clone libraries, meta taxonomy, as well as next-generation sequencing tech-
nologies, have been developed, enabling accurate identification of microbial communities
in HBM [27,28] and showing high inter- and intra-individual specific profiles [1].

The microbiota of breast milk comprises over 820 taxa at a species level, predominantly
from the Proteobacteria and Firmicutes phyla, with Streptococcus and Staphylococcus being the
most prevalent genera [1]. Studies indicate that the majority of bacterial communities in
HBM are anaerobic [28]. Consequently, the HBM microbiota serves as the second source of
microbes for newborns, following exposure to the birth canal during vaginal delivery [28].
Furthermore, it has been reported that by consuming approximately 800 mL of HBM per
day, an infant ingests between 105 and 107 bacteria daily [1].

In general, the bacteriome core of HBM includes nine genera, such as Staphylococcus,
Streptococcus, Serratia, Pseudomonas, Corynebacterium, Ralstonia, Propionibacterium, Sphin-
gomonas, and Bradyrhizobium, representing half of the microbial milk community, although
their abundance can vary across milk samples [28]. Currently, the shape of the HBM
microbiota is still unclear; however, two conceivable mechanisms have been proposed to
elucidate the composition of the milk microbiota [29].

First, the notion of “retrograde transfer” describes the external influx of bacteria
coming from the periareolar skin and the baby’s mouth, which can also influence the
composition of the infant’s gut microbiota shaping [29,30]. For instance, a study conducted
by Biagi and colleagues [31] on 36 healthy mother–child pairs found several operational
taxonomic units (OTUs) belonging to the genera Bifidobacterium, Streptococcus, and Staphylo-
coccus in both the oral and fecal microbiota of the child as well as in the HBM microbiota.
This could support the hypothesis that the baby’s mouth can play a bidirectional role: on
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the one hand, it could influence the composition of the newborn’s intestinal microbiota
throughout swallowing; on the other hand, it could, instead, influence the colonization of
the maternal milk ducts during suckling [31].

Second, the most widely accepted hypothesis, known as the “enteromammary path-
way” (also known as the Gut–Breast Axis), illustrates the intricate connection between the
mother’s gut health and the quality of her breast milk, emphasizing the role of lifestyle
factors in shaping maternal and infant health outcomes [32,33]. In this pathway, where the
translocation of internal bacteria from the mother’s gastrointestinal (GI) tract into the mam-
mary gland, driven by immune cells during the late stages of pregnancy, the dendritic cells
of the maternal intestinal mucosa engulf the mother’s intestinal bacteria and translocate
through the lymphatic or circulatory system to the mammary gland [32,33]. In this manner,
the maternal GI tract is a source of bacteria for the HBM microbiota, and the maternal gut
microbiota is vertically transferred to the infant via HBM [34]; Lactobacilli, Staphylococci,
Enterococci, and Bifidobacteria would be transferred through the milk from the mother to
the newborn, then boosting the growth of the same bacteria in the newborn’s intestine,
influencing different functions such as the development of the gastrointestinal tract, the
immune system, and the central nervous system of the baby [35]. However, it is noteworthy
that although the “enteromammary pathway” process can establish a good microbiome
environment, it also has the potential to move infectious agents such as immunodeficiency
virus, herpes, and cytomegalovirus [36].

Breastfeeding shapes the development of the infant’s gut microbiota in the first years
of life, both directly through the infant’s contact with the breast milk microbiota and indi-
rectly through bioactive factors and compounds in breast milk that influence the growth
and metabolism of bacteria [37]. Several studies have analyzed whether breast milk feeding
practices (e.g., breastfeeding exclusivity, nursing at the breast, feeding pumped breastmilk
from a bottle) may influence the transmission of bacteria from HBM to the newborn’s intes-
tine [38,39]. For instance, the analysis conducted on 1249 mothers belonging to the CHILD
(Canadian Healthy Infant Longitudinal Development) cohort study demonstrated that
Streptococcus spp. and Veillonella dispar were simultaneously found in both HBM and baby’s
feces and were reduced if babies received pumped HBM or if they began weaning [38].
Others [40] found that in Bifidobacteria (Bifidobacterium bifidum and B. animalis), most taxa
shared between breast milk and newborn feces were found in 48% of direct breastfeeding
compared to 30% of indirect breastfeeding. Again, the infant gut microbiota composition
is strongly associated with the exclusivity and duration of breastfeeding [41]. Stewart
et al., in the TEDDY (The Environmental Determinants of Diabetes in the Young) cohort
study [42], showed that the gut microbiota of exclusively breastfed infants was related to
a lower diversity but higher bacterial counts, and higher levels of Lactobacillus spp., Bifi-
dobacterium breve, and B. bifidum, when compared to formula-fed infants; furthermore, the
cessation of breastfeeding resulted in faster maturation of the gut microbiome, as marked
by the phylum Firmicutes [42]. Fehr and colleagues [38] found increased co-occurrence
of amplicon sequencing variant (ASV), both in HBM and infant stool, in still-breastfed
babies at 12 months, suggesting that prolonged breastfeeding promoted continued transfer
of bacteria via HBM. Cabrera R. and colleagues [7] also investigated HM composition in
18 women during different stages of lactation; the analysis revealed that Weisella, Leuconos-
toc, Staphylococcus, Streptococcus, and Lactococcus genera were predominant in colostrum
samples, while in 1- and 6-months milk samples, Veillonella, Leptotrichia, and Prevotella,
typical of the oral cavity, increased significantly [7].
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3. Human Breast Milk Microbiota Is Influenced by Maternal Lifestyle Habits

Maternal lifestyle habits, such as diet, physical activity and exercise, sleep quality,
smoking, alcohol consumption, and psychological distress (including stress, anxiety, or
depression), during pregnancy and lactation can affect the health of both mother and
child [43]. Currently, it has been established that the microbial diversity of HBM varies
during the lactation stages, depending on many factors, such as genetics, health, antibiotic
usage, demography, environmental differences, and mode of delivery [31].

Regarding lifestyle factors, maternal dietary habits [44–51], smoking habits [40], al-
cohol consumption [52], and psychological distress [53,54] were evaluated for their direct
effect on the composition of the HBM microbiota; physical activity/exercise and sleep
quality [55–59] were investigated for their influence on the maternal intestinal microbiota
composition, hypothesizing their potential effect on the HBM microbiota through the en-
teromammary pathway. Nonetheless, even if the topic is still poorly investigated, a healthy
lifestyle during pregnancy and breastfeeding is essential and should be recommended to
ensure the shaping of an HBM microbiota that promotes the health and well-being of the
newborn; the choices a mother makes regarding her diet, physical activity, stress manage-
ment, and avoidance of harmful substances directly influence the microbial composition
of her breast milk, which plays a critical role in the development of her child’s immune
system, gut health, and overall long-term health.

3.1. Maternal Dietary Habits

Maternal dietary habits could play an important role in shaping the HBM microbiota
by influencing microbiota diversity through changes in maternal gut microbiota diver-
sity [44]; indeed, the mother’s gut and breast can undergo certain bacterial migration
through the enteromammary pathway [45]. This could explain the origin of bacteria in
milk that are not only found on the maternal skin or in the newborn’s mouth (e.g., contam-
ination hypothesis), described as potential bacterial sources that shape the human milk
microbiota [44]. Thanks to this evidence, intervention in the maternal diet during lactation
may affect the composition of the maternal gut microbiota and, thus, regulate breast milk
microbiota, as well as the intestinal microbiota of breastfed infants [45]. Studies [44,46–51]
reported how different maternal dietary patterns, as well as single dietary nutrients, can
influence the HBM microbiota shaping (Table 1).

For instance, considering the maternal diet as a whole, Marsh et al. [46] conducted
a cross-sectional microbiome diversity analysis of 72 human milk samples to investigate
the relationship between different maternal dietary patterns (e.g., vegan, vegetarian, and
omnivore) and HBM microbiota composition [46]. No significant differences were observed
between the diet groups at the phylum level [46]. However, statistically significant differ-
ences were observed between the vegan and omnivore groups at the genus level where of
the 18 genera that were statistically different between the two groups, Mycobacterium, Rothia,
Geobacillus, Actinomyces, and a genus of the family Vermiphilaceae were present in more than
30 samples, and differences in their relative abundance were significant after correction for
false discovery rate [46]. Moreover, species indicator analysis (SIA) revealed several species
to be significant positive indicators of omnivore, vegetarian, and vegan dietary patterns,
and Rothia mucilaginosa was the most significant indicator associated with the omnivore
group [46]. Similarly, Cortes-Macias and colleagues [47] conducted a cross-sectional study
to investigate the influence of maternal diet and specific nutrients during pregnancy on
HBM microbiota from healthy mothers (MAternal Microbes—MAMI, Spanish cohort), di-
vided into the group with a high maternal intake of fiber, plant protein, and carbohydrates
(Cluster I) and the group with a high maternal intake of animal protein and lipids (Cluster
II) [47]. Contrary to what Marsh et al. [46] have reported, the authors highlighted that
HBM microbiota was shaped by maternal dietary clusters with important contributions
coming from dietary fiber and both plant and animal protein intakes [47]. Indeed, Cluster
I showed (i) at the phylum level, a higher relative abundance of both Bacteroidetes and
Actinobacteria; (ii) at the genus level, a higher relative abundance of Staphylococcus and
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Lactobacillus, Bifidobacterium, and Sediminibacterium; (iii) at the genus level, a lower relative
abundances of Bacteroides and Escherichia/Shigella, when compared with Cluster II [47].
Moreover, LEfSe [linear discriminant analysis (LDA) > 2.5] analysis showed that Cluster II
was characterized by Bacteroides and Escherichia/Shigella genera, whereas Staphylococcus spp.
was characteristic of Cluster I [47]. Interestingly, the discrepancies between the findings
highlighted by Marsh et al. [46] and Cortes-Macias et al. [47] may be due to the wide
range of postpartum periods during which milk samples in the Marsh et al. [47] study
were collected (2 weeks–over 2 years). It is known that the lactation phase (i.e., colostrum,
transitional or mature milk) influences the microbiota of HBM, and although longitudinal
studies characterizing human milk throughout the phase are lacking, that study showed
that Sphingobium and Pseudomonas were enriched later during breastfeeding [60].

Regarding the contribution of maternal nutrient intake in shaping the HBM of lactating
mothers, again, Marsh and colleagues in the same study previously described [46], classified
HBM samples into low and high groups according to the content of fatty acids: saturated
fats (SF, lower/greater than 40%), unsaturated fats (UF, lower/greater than 60%), and
trans-unsaturated fatty acids (TF, lower/greater than 0.7%) [46]. The authors reported
that TF breast milk content differed by dietary groups and highlighted the relationship
between maternal diet and the microbial profile of human milk [46]. Indeed, the microbiota
composition of HBM containing a greater content of TF differed significantly from that
containing low TF; furthermore, differences in diversity between the high and low groups
within both the SF and UF categories were noted, although these differences did not achieve
statistical significance. [46]. SIA also identified 20 taxa as representative of the high UF
group, including Lactobacillus rhamnosus and undetermined species of Lactobacillus; 21 taxa
as representative of the high SF, including Streptococcus and Bifidobacterium, and 19 taxa as
representative of the TF group, including L. rhamnosus and Lactobacillus agilis [46]. At the
same time, Cortes-Macias et al. [47] reported an association between HBM microbiota and
specific dietary nutrients; among these, it is noteworthy to mention that Staphylococcus and
Bifidobacterium were associated with carbohydrate intake, whereas the Streptococcus genus
was associated with intakes of the n–3 PUFAs (EPA and docosapentaenoic acid, 22:5ω-3).

Padilha and colleagues [44] explored in a cross-sectional study the effect of the mater-
nal diet during pregnancy and the first month of lactation on the human milk microbiota
profile of healthy lactating Brazilian women volunteers with uncomplicated pregnancies.
The authors reported that the effects of maternal dietary habits appeared to be different for
diet during pregnancy and the breastfeeding period, as diet during pregnancy had a greater
impact on bacterial community structure than diet during the first month of breastfeeding,
where specific nutrients, on the contrary, have been shown to influence the abundance of
specific bacterial genera differentially [44]. Particularly, the vitamin C intake during preg-
nancy was positively correlated with the Staphylococcus genus, while PUFAs and linoleic
fatty acid correlated positively with the relative abundance of the genera Bifidobacterium
during the lactation period [44]. Moreover, Pseudomonas correlated negatively with sugars
and positively with vitamin B9, while Enterococcus correlated negatively with vitamins B1,
B2, and B9 [44].
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Table 1. Studies evaluating the association between maternal dietary patterns and macro- and micro-nutrient intake during pregnancy and lactation and HBM
microbiota composition.

Maternal Dietary Habits and HBM Microbiota Composition

Type of Dietary Pattern
or Nutrients Author(s) and Year Type of the Study Aim of the Study

HBM Samples
Collection and

Study Population
Microbiome

Analysis Method Results

Dietary pattern

• Vegan
• Vegetarian
• Omnivore

Marsh et al., 2022 [46]
Observational and
cross-sectional
study

To investigate the
relationship between
different maternal
dietary patterns (e.g.,
vegan, vegetarian, and
omnivore) and HBM
microbiota composition

A total of 72 HBM
samples from healthy
lactating mothers (mean
age of the mothers:
32.1 ± 4.9 years; infants’
age range:
from 3.5 to 186 weeks)

16S rRNA amplicon
sequencing

(i) At the phylum level: no significant differences
between the diet groups;
(ii) At the genus level: significant differences in
18 genera between vegan and omnivore groups.
Mycobacterium, Rothia, Geobacillus, Actinomyces, and a
genus of the family Vermiphilaceae differed significantly
(p < 0.001) in their relative abundance after correction
for false discovery rate;
(iii) At the species level: Species indicator analysis (SIA)
revealed species to be significant positive indicators of

• omnivore (n = 9 species);
• vegetarian (n = 9 species);
• vegan (n = 12 species).

• High intake of
plant protein,
fiber, and
carbohydrates
(Cluster I)

• High intake of
animal protein,
lipids (Cluster II)

Cortès-Macias et al.,
2021 [47]

Observational and
cross-sectional
study

To assess whether
maternal diet and
specific nutrients
during pregnancy
would shape the HBM
microbiota

A total of 120 HBM
samples (collected
during 7–15 days after
birth) from healthy
lactating mothers
(MAMI Spanish cohort)

16S rRNA amplicon
sequencing

• Cluster I showed

(i) at the phylum level: higher relative abundance of
Bacteroidetes (p < 0.001), Actinobacteria (p = 0.014);
(ii) at the genus level: higher relative abundance of
Staphylococcus (p = 0.036) and Lactobacillus (p = 0.022),
Bifidobacterium (p = 0.026), Sediminibacterium (p < 0.001);
a lower relative abundance of Bacteroides (p = 0.023) and
Escherichia/Shigella (p = 0.023), when compared with
Cluster II.
• LEfSe [linear discriminant analysis (LDA) > 2.5]

analysis:

- Cluster I was characterized by
Staphylococcus spp.;
- Cluster II was characterized by
Bacteroides and Escherichia/Shigella genera.

Gluten-free diet Olshan et al., 2021 [51]
Case-control and
cross-sectional
study

To analyze the HBM
microbiome integrated
with metabolome
profiling of subjects
with CD on a
gluten-free diet

A total of 36 HBM
samples (collected at
7–14 days post-partum)
from 20 mothers with
CD on a gluten-free diet
and 16 healthy mothers
ingesting gluten

Multi-omics approach
with shotgun
metagenomics

• No significant differences in α- or
• β-diversity between groups at the species or

strain level (gluten-free diet vs. gluten ingestion);
• Significantly higher abundance of Acinetobacter

ursingii, Rothia mucilaginosa, and Acintobacter sp.
(p-value < 0.05) in women adhering to a
gluten-free diet.



Biomedicines 2024, 12, 2423 8 of 27

Table 1. Cont.

Maternal Dietary Habits and HBM Microbiota Composition

Type of Dietary Pattern
or Nutrients Author(s) and Year Type of the Study Aim of the Study

HBM Samples
Collection and

Study Population
Microbiome

Analysis Method Results

Macro and
micronutrient
intake

Fatty acids
- SF, lower/greater than
40%;
- UF, lower/greater than
60%;
- TF, lower/greater than
0.7%

Marsh et al., 2022 [46]
Observational and
cross-sectional
study

To investigate the
relationship between
different maternal
dietary patterns (e.g.,
vegan, vegetarian, and
omnivore) and HBM
microbiota composition

A total of 72 HBM
samples from healthy
lactating mothers (mean
age
of the mothers:
32.1 ± 4.9 years; infants’
age range:
from 3.5–186 weeks)

16S rRNA amplicon
sequencing

• The microbiota composition of HBM containing a
greater content of TF differed significantly from
that containing low TF,

• Species indicator analysis (SIA) identified:

- 20 taxa representative of the high UF group, including
Lactobacillus rhamnosus and undetermined species of
Lactobacillus;
- 21 taxa representative of the high SF, including
Streptococcus and Bifidobacterium;
- 19 taxa representative of the TF group, including
L. rhamnosus and Lactobacillus agilis.

• Carbohydrate
• n–3 PUFAs

Cortès-Macias et al.,
2021 [47]

Observational and
cross-sectional
study

To assess whether
maternal diet and
specific nutrients
during pregnancy
would shape the HBM
microbiota

A total of 120 HBM
samples (collected
during 7–15 days after
birth) from healthy
lactating mothers
(MAMI Spanish cohort)

16S rRNA amplicon
sequencing

• Carbohydrate intake was associated with
Staphylococcus and Bifidobacterium;

• n–3 PUFAs (EPA and docosapentaenoic acid,
22:5ω-3) intake was associated with the
Streptococcus genus.

• Vitamin C (during
pregnancy)

• PUFA/linoleic
fatty acid (during
lactation)

• Sugars
• Vitamin B group

(e.g., B1, B2, B9)
• Lycopene (during

pregnancy)
• Pectin (during

pregnancy)

Padilha et al., 2019 [44]
Observational and
cross-sectional
study

To evaluate the effect of
maternal diet during
pregnancy, the first
month of lactation on
the HBM microbiota

A total of 94 HBM
samples (collected at
30 ± 4) days after
delivery) from healthy
lactating Brazilian
women volunteers with
uncomplicated
pregnancy

16S rRNA amplicon
sequencing

• The vitamin C intake was positively correlated
(p = 0.029) with Staphylococcus genus and differed
significantly between Cluster I (driven by
Streptococcus) and Cluster II (driven by
Staphylococcus) (p = 0.0249);

• PUFAs (p = 0.005) and linoleic fatty acid
(p = 0.007) correlated positively with the relative
abundance of the genera Bifidobacterium;

• Pseudomonas correlated negatively with sugars
(p = 0.0085) and positively with vitamin B9
(p = 0.0053);

• Enterococcus correlated negatively with vitamin B1
(p = 0.0002), B2 (p = 0.0084), and B9 (p = 0.00001);

• Cluster 2 showed higher levels of
• pectin (p = 0.053) and lycopene (p = 0.058).
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Table 1. Cont.

Maternal Dietary Habits and HBM Microbiota Composition

Type of Dietary Pattern
or Nutrients Author(s) and Year Type of the Study Aim of the Study

HBM Samples
Collection and

Study Population
Microbiome

Analysis Method Results

Macro and
micronutrient
intake

• Carbohydrates
• Total, monounsat-

urated, saturated
fat

• Total protein
• Cholesterol
• Fibre
• B vitamin group

(B1, B2, B3, B9)
• Vitamin A
• Vitamin C
• Pantothenic acid
• Magnesium

Londoño-Sierra et al.,
2023
[48]

Observational and
cross-sectional
study

To analyze the effects of
food and nutritional
status during gestation
and the first trimester of
lactation on the
microbiota of HBM

A total of 30 HBM
samples from healthy
women from Colombia
in their first trimester of
lactation

16S rRNA amplicon
sequencing

• Carbohydrate intake during pregnancy and
lactation positively correlated with Enterobacter
spp. (p ≤ 0.01 and p ≤ 0.01, respectively) and
negatively with the genus Bifidobacterium spp.
(p ≤ 0.01) during lactation;

• Total fat (p = 0.03), saturated fat (p = 0.03), and
monounsaturated fat (p = 0.02) intake during
lactation correlated positively with the genus
Eubacterium spp.;

• Total protein (p = 0.01), total carbohydrates
(p ≤ 0.01), cholesterol (p ≤ 0.01), and fiber
(p ≤ 0. 01) negatively correlated with the genus
Aerococcus spp. during lactation;

• Positive correlation for (i) folic acid intake and
Akkermansia spp. (p ≤ 0.01) during lactation; (ii) B
complex vitamins, including B1 (p = 0.01), B2
(p ≤ 0.01), B3 (p ≤ 0.01), and genus Gemella spp.,
during lactation; (iii) vitamin A, genera
Bifidobacterium spp. (p = 0.047), Corynebacterium
spp. (p = 0.01), and Ruminococcus UCG.009 spp.
(p ≤ 0.01) during lactation;

• Negative correlation between genus Aerococcus
spp. and vitamin A (p = 0.01), vitamin C
(p ≤ 0.01), folic acid (p ≤ 0.01), pantothenic acid
(p ≤ 0.01), and magnesium (p ≤ 0.01) during
lactation;

• Positive correlations between the intake of simple
(p ≤ 0.01) and total carbohydrates (p = 0.02),
saturated fat (p = 0.03), and total protein (p = 0.04)
with the genus Enterobacter spp. during
pregnancy;

• Saturated fat also positively correlated with the
genus Halomonas spp. (p = 0.02) during
pregnancy;

• Zinc and vitamin C positively correlated with
Pseudomonas spp. (p = 0.03) and Rothia spp.
(p = 0.01) during pregnancy, respectively;

• Protein (p = 0.01) and saturated fat (p ≤ 0.01) were
negatively correlated with Bifidobacterium spp.
during pregnancy;

• Fibre negatively correlated with Ruminiclostridium
9 spp. (p = 0.02), Ruminococcaceae UCG.005
(p = 0.03), Ruminococcaceae UCG.014 (p = 0.02), and
Ruminococcus 1 spp. (p ≤ 0.01) during pregnancy.
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Table 1. Cont.

Maternal Dietary Habits and HBM Microbiota Composition

Type of Dietary Pattern
or Nutrients Author(s) and Year Type of the Study Aim of the Study

HBM Samples
Collection and

Study Population
Microbiome

Analysis Method Results

Macro and
micronutrient
intake

• Non-digestible
carbohydrates
(e.g., fibers and
resistant starch)

Olga et al., 2023 [49]

Prospective
longitudinal study
(Cambridge Baby
Growth and
Breastfeeding
study, CBGS-BF)

To provide evidence on
the origin of HBM
butyrate by examining
its associations with
HBM microbiota
composition

A total of 47 HBM
samples (collected at
6 weeks infant age)
from healthy mothers of
the CBGS-BF study

16S rRNA amplicon
sequencing

• Non-digestible carbohydrates promoted the
metabolism of the Clostridiales-dominant
microbiota, resulting in the fermentation of SCFAs
(e.g., butyrate);

• HBM butyrate content was associated with HBM
microbiota composition (p = 0.036).

• Fiber from grains
• Fat

(Polyunsaturated
and Trans)

LeMay-Nedjelski et al.,
2021 [50]

Observational and
cross-sectional
study

To assess the association
between lactating diet
and HBM microbiota at
3 months post-partum
in mothers with
gestational glucose
intolerance

A total of 93 HBM
samples (collected at
3 months post-partum)
from mothers with
different degrees of
gestational glucose
intolerance

16S rRNA amplicon
sequencing

• Polyunsaturated fats (p = 0.047) and fiber from
grains (p = 0.048) positively correlated with
α-diversity (Shannon Index) and negatively
correlated with Acinetobacter incidence;

• Fiber from grains was positively correlated
(p = 0.04) with β-diversity (Bray–Curtis
dissimilarity index) and associated with a
reduced incidence of Streptococcus;

• Trans fats showed a positive association with both
Staphylococcus and Gemella incidence.

Legend. HBM: human breast milk; SF: saturated fatty acids; UF: unsaturated fatty acids; TF: trans-unsaturated fatty acids; PUFAs: polyunsaturated fatty acids; SCFAs: short-chain
fatty acids.
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Again, a recent cross-sectional study conducted by Londoño-Sierra and colleagues [48]
on a group of women from Colombia during the first three months of lactation demon-
strated that anthropometric indexes (e.g., body mass index, BMI), the gestational weight
gain, and the macro and micronutrient intake during both gestation and lactation could
impact the content of HBM bacterial genera, as well as the consumption of certain micronu-
trients, which could contribute to the presence of bacteria with probiotic potential [48].
Indeed, it has been observed that women with adequate BMI reported a higher alpha
diversity even without statistical differences, while a lower richness and diversity were
observed in those women who had excessive gestational weight gain. Regarding macronu-
trient intake, the consumption of simple carbohydrates during pregnancy and lactation
also positively correlated with Enterobacter spp. and negatively correlated with the genus
Bifidobacterium spp. during lactation [48]. Similarly, the maternal intake during lactation of
total fat, saturated fat, and monounsaturated fat showed a positive correlation with the
genus Eubacterium spp. [48]. Conversely, the maternal consumption during lactation of
total protein, total carbohydrates, cholesterol, and dietary fiber negatively correlated with
the genus Aerococcus spp. [48]. As for the micronutrient intake during lactation, a positive
correlation was observed between (i) folic acid intake and Akkermansia spp.; (ii) B-group
vitamins, including B1, B2, B3 and genus Gemella spp.; (iii) vitamin A intake and the genera
Bifidobacterium spp., Corynebacterium spp. and Ruminococcus UCG.009 spp. [48]. At the
same time, the genus Aerococcus spp. negatively correlated with vitamin A, vitamin C, folic
acid, pantothenic acid, and magnesium [48]. Significant associations were also observed
between maternal macro and micronutrient intake during pregnancy and HBM microbiota
composition [48]. Indeed, positive correlations were identified between the intake of simple
and total carbohydrates, saturated fat, and total protein with the genus Enterobacter spp.;
saturated fat intake also positively correlated with the genus Halomonas spp. [48]. Regard-
ing micronutrient intake, zinc and vitamin C positively correlated with Pseudomonas spp.
and Rothia spp., respectively [48]. On the contrary, protein and saturated fat intake were
negatively correlated with Bifidobacterium spp., while fiber intake negatively correlated
with Ruminiclostridium 9 spp., Ruminococcaceae UCG.005, Ruminococcaceae UCG.014, and
Ruminococcus 1 spp. [48].

Others [49], in a prospective longitudinal study conducted on 47 HBM samples from
mothers belonging to the Cambridge Baby Growth and Breastfeeding Study (CBGS-BF),
have recently reported that adequate intake of non-digestible carbohydrates (e.g., fibers
and resistant starch) could also promote the metabolism of the Clostridiales-dominant
microbiota, resulting in the fermentation of short-chain Fatty Acids (SCFAs) in HBM,
including butyrate, which is known to have anti-inflammatory properties and may be
protective against increased adiposity in children [49,61]. Indeed, the authors observed
cross-sectionally at 6 weeks of infant age that HBM butyrate content was associated with
HBM microbiota composition [49]. However, the source of butyrate in HBM is still unclear.
Indeed, some researchers consider that it is produced in the intestines and later transferred
to breast milk through the enteromammary pathway [62]; others argue that it is a metabolite
yielded by the microorganisms that colonize HBM, such as HMO [63,64].

It is important to highlight that the HBM samples in the above-mentioned studies all
came from healthy mothers; however, there are also studies in the literature that consider
mothers with gestational glucose intolerance [50] and celiac disease (CD) on a gluten-free
diet [51]. Thus, LeMay-Nedjelski et al. conducted an explorative analysis to investigate
the association between lactating diet and HBM microbiota at 3 months post-partum in
93 mothers with different degrees of gestational glucose intolerance. The results sug-
gested that maternal consumption of fiber and fat were important determinants of the
HBM microbiota [50]. Indeed, the authors demonstrated that polyunsaturated fat and
fiber from grains were positively correlated with the α-diversity of HBM microbiota and
negatively correlated with Acinetobacter incidence; trans fats showed a positive association
with both Staphylococcus and Gemella incidence [50]. Additionally, fiber from grain intake
was positively correlated with the β-diversity of HBM microbiota and associated with a
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reduced incidence of Streptococcus [50]. Again, Olshan and colleagues [51] cross-sectionally
analyzed the HBM microbiome, with CD on a gluten-free diet and healthy controls in-
gesting gluten. The authors reported that the HBM composition of subjects with CD on
a gluten-free diet appeared quite like the HBM composition of healthy control subjects
at 7–14 days post-partum since they did not identify any significant differences in α- or
β-diversity between groups at the species or strain levels [51]. However, milk samples of
mothers adhering to a gluten-free diet resulted in an association with a significantly higher
abundance of Acinetobacter ursingii, Rothia mucilaginosa, and Acintobacter spp. (p < 0.05) [51];
Rothia mucilaginosa has been detected in the gut microbiota of subjects with autoimmune
inflammatory diseases [51].

3.2. Other Lifestyle Variables
3.2.1. Maternal Physical Activity and Physical Exercise

During breastfeeding and lactation, regular physical activity (PA)/physical exercise
(PE) may lead to several benefits for maternal health [65,66]; furthermore, moderate to
vigorous PA does not impact the volume and quality of HBM if it is supported by adequate
maternal nutrition and hydration only [65,66].

To our knowledge, no research has studied the effect of maternal PA or PE on the
composition of the HBM microbiota; however, several studies have reported a positive
impact of PA on the composition of the human gut microbiota, such as an increase in
bacterial diversity and richness [55–57].

For instance, a recent systematic review was conducted by Cataldi et al. [56] to explore
the current scientific evidence investigating the relationship between PA/PE and gut
microbiota shaping, focusing on the different types/variables of PA/PE and age-related
effects, both in healthy and unhealthy individuals. Results highlighted that gut microbiota
diversity was associated with aerobic exercise contrary to resistance training; abundance of
Prevotella genus was associated with training duration; exercising according to the minimum
dose recommended by the World Health Organization (WHO) did not significantly change
the gut microbiota richness and diversity; intense and prolonged PE can induce a higher
abundance of pro-inflammatory bacteria [56]. Another systematic review [57] aimed at
evaluating the role that PA played in determining the gut microbiota composition in
healthy subjects (without gender or age limitations), trying to distinguish its effects from
those of diet. In general, considering the results of the 10 studies included, the authors
reported that PA can increase the abundance of health-promoting bacteria, hindering some
negative genera [57]. Indeed, a higher variability and abundance of Firmicutes (genera
Ruminococcaceae or Fecalibacteria) were reported in active subjects when compared to the
inactive ones, especially in athletes; these findings were less robust in the studies performed
in the general population because of the different volume of exercise between athletes and
non-athletes, suggesting the influence of the PA volume in shaping the gut microbiota [57].
Bressa and colleagues [58] conducted an observational study on Caucasian childbearing-
age women and compared the composition of the intestinal microbiota between women
who did not practice any PE and women who at least practiced exercise at the minimum
dose recommended by the WHO. Results showed PE did not produce significant changes
to the microbiota diversity/richness [58]; however, sedentary parameters (i.e., sedentary
time and breaks) correlated with microbiota richness (number of species and Shannon
and Simpson indices), hypothesizing that physical exercise pattern, such as breaks in
sedentary time, the avoidance of long periods of inactivity in daily life, might shape the
intestinal microbiota [58]. In general, results reported that PA performed at low doses
but continuously could increase the abundance of health-promoting bacteria, such as
Bifidobacterium spp., R. hominis, A. muciniphila, and F. prausnitzii [58]. Indeed, although at
the phylum level, a higher presence of Firmicutes and a lower presence of Bacteroidetes in
active women with a trend toward significance was observed, at the genus level, there were
significant differences in the following genera: Bifidobacterium; Barnesiellaceae; Odoribacter;



Biomedicines 2024, 12, 2423 13 of 27

Paraprevotella; Turicibacter; Clostridiales; Coprococcus; Ruminococcus; and two unknown genera
of Ruminococcaceae family [58].

Therefore, based on the positive influence of PA in shaping gut microbiota and based
on the fact that the maternal intestinal tract relates to two seemingly unrelated organs of
the mammary gland, suggesting that bacteria in the mother’s gut migrate to the mammary
gland via an endogenous pathway (active migration theory) [45], the modulation of the
maternal gut microbiota through PA or PE could, albeit indirectly, influence the microbiota
composition of the HBM [67].

3.2.2. Quality of Sleep

Recently, a current study demonstrated that sleep quality was one of the predictors
of breastfeeding self-efficacy since as women’s sleep quality increases, their self-efficacy
in breastfeeding also increases [68]. Indeed, sleep deprivation (SD) is known to affect
a mother’s quality of life and her mental health status [69,70], and it has been reported
that continuous sleep shortage (four hours of sleep per day) lasting more than a month
increased the risk of post-partum depression [71].

To date, several studies [59,72] have shown no association between sleep quality
and HBM macro- and micronutrient composition; furthermore, to our knowledge, no
study has evaluated the role of SD either on the microbial composition of HMB or on
the composition of the maternal intestinal microbiota. However, Sun and colleagues [59],
in a recent narrative review, depicted how SD causes gut microbiota dysbiosis, as well
as systemic changes such as immune defense reduction, increased energy intake, broken
glucose metabolism, and impaired cognitive functions. The results highlighted that SD
might affect gut microbiota in both abundances and compositions, leading to a reduction
in α-diversity and chao1 indexes [59]. Furthermore, SD results in (i) higher abundances of
the families Coriobacteriaceae and Erysipelotrichaceae, (ii) lower abundance of the Tenericutes
phylum, and reduction at the genus-level relative abundance of g_Prevotella; g_Sutterella,
g_Parasutterella, g_Alloprevotella, g_Anaeroplasma, g_Elusimicrobium. Last, SD increased
the ratio Firmicutes:Bacteroidetes [59]. Although the study examined in the review by Sun
et al. [56] was conducted on a small sample, which sometimes involved only young, healthy
men, the results seem promising and of interest for extending the investigation to larger
populations, also including breastfeeding women. Indeed, ensuring good sleep hygiene
and managing stress are, therefore, critical components of postnatal care where adequate
quality of sleep is essential for breastfeeding mothers since sleep supports the balance of
the mother’s gut microbiota, which directly affects the quality of HBM and, subsequently,
the infant’s gut health and overall well-being.

3.2.3. Tobacco Exposure

Tobacco exposure, either directly or indirectly, has harmful effects on human health
and increases the risk of several diseases [73]. According to data, in the United States, 10.7%
of women smoke during pregnancy, while in Europe, this habit involves 1 in 10 women [74].
Even if mothers stop smoking during pregnancy, 50–80% of them start again within six
months after giving birth, during breastfeeding [74].

Evidence has highlighted the harmful effects of tobacco smoke, which contains over
5300 compounds and 70 carcinogens, as well as second-hand smoke exposure on the HBM
composition, which can reduce the human milk protective properties and, thus, negatively
impact infant health and development [75]. Indeed, breastfed infants of smoking mothers
are more prone to experience adverse effects, including allergies, sleep disorders, increased
colic, upper respiratory tract infections, cardiac rhythm disorders, and sudden infant death
syndrome [75]; however, the mechanisms underlying the infant risks mentioned above,
which are associated with exposure to smoking, are still under investigation. In addition,
mothers who smoke and choose to breastfeed have a shorter lactation period and produce
less milk compared to non-smoking mothers, particularly between weeks 2 and 4 after
initiation of lactation [74]. These changes can be explained by the effects of nicotine on
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hormonal levels [74]. Studies have shown that nicotine in the mother’s bloodstream reduces
prolactin levels; furthermore, maternal smoking habits during breastfeeding may alter
the taste of milk, which may affect the baby’s desire to suck [74]. A recent systematic
review concluded that milk produced by smoking mothers is associated with a lower
macro- and micronutrient content [74], reduced antioxidant properties, and altered immune
status [76,77]. Interestingly, mothers exposed to passive smoking showed higher levels of
heavy metals such as arsenic, cadmium, mercury, and lead [75].

To our knowledge, only one cohort study by Moossavi et al. investigated the effect
of smoking on the HBM microbiota and did not observe any effect on the diversity or
composition of HBM. In this contest, researchers analyzed a subset of the CHILD cohort
study, investigating the impact of several maternal and infant factors on the microbial
composition of HBM [40]. They examined HBM samples produced 3–4 months after birth,
considering both mothers who have always smoked and mothers who smoked during the
prenatal period [40]. Smoking habit was associated with microbiota diversity in a phylum-
specific manner; however, no association was highlighted between overall α-diversity in
milk samples and smoking habit [40]. Thus, exposure to tobacco appears not to influence
the composition of breast milk in microbial terms, although this relationship is poorly
studied to date, and studies are needed to reach definitive conclusions. Similarly, the effect
of cigarette smoking exposure on the gut microbiota composition remains unclear, and
there is no agreement on how smoking affects the gut microorganisms.

However, others [78] compared the difference in gut microbial composition between
current and never smokers in a Chinese cohort, showing that although there were no
significant differences in the microbiota α-diversity among the two groups, smoking
altered the relative abundance of several specific taxa, where Phascolarctobacterium and
Fusobacterium increased, and Dialister decreased. Furthermore, this research revealed
that smoking introduced more microbial interactions between taxa and a decrease in
the network modularity [78]. Therefore, in this case, considering the maternal active
migration theory previously elucidated [45], the habit of smoking during breastfeeding
could somehow modify the composition of the HBM; this relationship deserves to be
investigated more precisely.

3.2.4. Alcohol Consumption

Alcohol consumption during pregnancy and lactation is generally not recommended
due to the potential risks it poses to the developing fetus, such as Fetal Alcohol Spectrum
Disorders (FASD), which can lead to physical, behavioral, as well as cognitive impairments,
including low birth weight, facial abnormalities, learning disabilities, and behavioral
problems [79], miscarriage and stillbirth [80], pre-term births, and births defects [80].
Moreover, alcohol passes into breast milk and can reach the baby’s bloodstream; the
amount of alcohol in HBM generally peaks 30–60 min after consumption, but this time may
be delayed if it is consumed with the meal [81]. Thus, also during lactation, alcohol exerts
its harmful effects on the infant since even small amounts of alcohol in HBM can affect a
baby’s sleep patterns, feeding, and development [82]; at the same time, excessive maternal
alcohol consumption may interfere with the milk let-down reflex, potentially reducing milk
production as well as lead to delays in infant motor development [82].

Since it has been established that alcohol consumption affects the composition of the
gut microbiota, leading to dysbiosis and increased intestinal permeability [83,84], similar
effects may be transferred on the microbial composition of the HBM either through the
direct impact exerted by alcohol on the HBM or through the indirect effect through the
enteromammary pathway [45], as described for the other factors; however, the literature is
still scarce. For instance, a population-based birth cohort study conducted by Wang and
colleagues [85] on mother–child dyads enrolled in central China investigated the effect of
alcohol consumption and maternal diet during pregnancy on maternal and infant’s gut
microbiota, showing that alcohol consumption during breastfeeding induced changes in the
maternal gut microbiota shaping. Indeed, general linear model analysis performed to con-
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trol possible confounders revealed that maternal alcohol consumption during pregnancy
correlated negatively with Faecalibacterium while correlating positively with Phascolarctobac-
terium and Blautia [85]. In addition, although the α-diversity of maternal gut microbiota
was not associated with alcohol consumption, the PCoA (β-diversity) revealed a significant
difference in maternal gut microbiota composition between the alcohol-consumption group
and the non-alcohol consumption group [85]. Again, Shenker and colleagues [52] evaluated
cross-sectionally and, for the first time, the metabolite (rapid evaporative ionization mass
spectrometry—REIMS—for metabolic fingerprinting) and bacterial composition of HBM
from mothers of infants aged 3–48 months, also considering alcohol consumption, among
other lifestyle factors. The authors showed that the macro-level metabolic and microbial
composition of HBM was maintained between 3 and 24 months of nursing age. Following
other previous studies, results reported a core genus-level microbiome within HBM, which
was dominated by Streptococcus and Rothia, with other genera in lower-level abundance, in-
cluding Actinomyces, Acinetobacter, Veillonella, Granulicatella, Burkholderia, Sediminibacterium,
and Corynebacterium [52]. Lifestyle factors were correlated with microbiome features, but
contrary to what was described by Wang and colleagues [82], no significant associations
were described for alcohol consumption [52].

3.2.5. Postnatal Psychosocial Distress

In breastfeeding women, postnatal psychosocial distress is a common issue that can
lead to anxiety, stress, or depressive symptoms [53]. Although physiological mechanisms re-
mained unclear, findings described a relation between maternal psychological distress (e.g.,
anxiety, perceived stress, depression) and non-optimal breastfeeding outcomes, including a
decreased proportion and duration of exclusive breastfeeding [86].

A high level of maternal psychological distress may influence the HBM microbiota,
reducing microbial diversity and altering the abundance of specific bacterial groups through
both direct and indirect mechanisms [53,87]. Indeed, since stress can affect both gut
microbial composition and intestinal permeability [88–90], the direct pathway could involve
the transfer of aberrant maternal gastrointestinal microorganisms via the enteromammary
pathway [53]; on the other hand, the indirect mechanism may impact the nutrient content
in HBM, which could potentially affect the microorganism content in milk [53].

Browne and colleagues [53], in the longitudinal BINGO (Dutch acronym for Biological
Influences on Baby’s Health and Development) cohort study, investigated for the first time
the association between postnatal maternal stress and HBM microbial composition, analyz-
ing milk samples at 2, 6, and 12 weeks after delivery. Variables related to stress, anxiety,
and depressive symptoms were assessed, and subjects were grouped into women with
high (H) and low (L) psychosocial distress [53]. Considering HBM microbial composition
and psychological distress, no significant differences in the relative abundance of major
bacterial genera were revealed [53]. However, progressive changes in the content of Firmi-
cutes, Proteobacteria, and Bacteroidetes at the phylum level and Acinetobacter, Flavobacterium,
and Lactobacillus at the genera level were found in the HBM of the L-women group [53].
Concerning milk microbial diversity, women with low psychosocial distress showed a
significantly increased microbial α-diversity abundance [53].

Perinatal stress experienced by mothers of very premature infants can modulate HBM
and the infant’s gut microbial composition [54]. Recently, a 2-year prospective study of
mothers of very preterm newborns fed with mother’s milk was carried out, showing that
maternal stress influenced bacterial diversity in the HBM as well as in fecal samples from
their premature newborns with clear trends despite non-significant results (due to the study
limitations) [54]. Indeed, the researchers described an inverse relationship between stress
and HBM production in the first days of life and a progressive decrease and increase in the
proportions of Firmicutes and Proteobacteria species, respectively, over 15 days post-delivery,
in HBM of mothers with high stress levels [54]. The results of the studies investigating the
influence of other lifestyle variables are summarized in Table 2.
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Table 2. Studies evaluating the association between lifestyle factors (e.g., physical activity/physical exercise, quality of sleep, smoking habit, postnatal psychosocial
distress) and gut or HBM microbiota composition.

Author(s) and Year Type of the Study Aim of the Study Samples Collection and
Study Population

Microbiome Analysis
Method Results

Regular physical activity
(PA)/physical exercise (PE)

Cataldi et al., 2022
[56] Systematic review

To explore the current
scientific evidence
investigating the
relationship between PA/PE
and gut microbiota shaping,
both in healthy and
unhealthy general
population

A total of 25 studies (randomized
and non-randomized trials,
observational studies) conducted
on healthy and unhealthy subjects
(no age restrictions, both sexes),
following: aerobic PA/PE (n = 11);
changes occurring after an
endurance protocol (n = 2); changes
induced by concurrent training
(n = 3) or separate interventions of
resistance and aerobic exercises
(n = 3); effects produced from the
practice of specific sports (n = 6).

• 16S rRNA amplicon
sequencing;

• Metagenomic
whole-genome
shotgun
sequencing.

• Gut microbiota diversity is associated with
aerobic exercise contrary to resistance training;

• Abundance of Prevotella genus was associated
with training duration;

• Exercising according to the minimum dose
recommended by the WHO did not change
significantly the gut microbiota richness and
diversity;

• Intense and prolonged PE can induce a higher
abundance of pro-inflammatory bacteria.

Dorelli et al., 2021
[57] Systematic review

To investigate the role that
PA plays in determining the
gut microbiota composition
in healthy humans, trying to
distinguish its effects from
those of diet.

A total of 10 studies (any study
design with a control group)
conducted on athletes (n = 5),
active people classified based on
habitual PA level (n = 3), and
sedentary subjects undergoing
exercise interventions (n = 2),
without gender or age limitations.

16S rRNA amplicon
sequencing

• PA increases the abundance of
health-promoting bacteria, hindering some
negative genera;

• Higher variability and abundance of Firmicutes
(genera Ruminococcaceae or Fecalibacteria) in
athletes than sedentary people;

• Influence of the PA volume in shaping the gut
microbiota.

Bressa et al., 2017 [58] Cross-sectional and
case-control study

To compare
the composition of the gut
microbiota between
individuals who did not
practice any physical
exercise and those who, at
the very least, practiced
exercise at the minimum
dose recommended
by WHO.

A total of 40 stool samples from
Caucasian women (aged: 18–40;
exclusion criteria; any kind of
pathology, previous
gastrointestinal surgery, antibiotics
intake during three months before
this study, smoking, prebiotics,
probiotics, vegetarian or vegan,
nutritional or ergogenic
complements, pregnancy or
lactation) divided into women who
did not practice any PE (n = 21)
and women who at least practiced
exercise at the minimum dose
recommended by the WHO
(n = 19).

16S rRNA amplicon
sequencing

• PE did not produce significant changes to the
microbiota diversity/richness;

• Sedentary parameters (i.e., sedentary time and
breaks) correlated with microbiota richness
(number of species and Shannon and Simpson
indices);

• At the phylum level, a higher presence of
Firmicutes (p = 0.085) and a lower presence of
Bacteroidetes (p = 0.076) in active women, with a
trend towards significance;

• At the genus level, significant abundance
differences (p < 0.001) in the following:
Bifidobacterium (↑active); Barnesiellaceae
(↑sedentary); Odoribacter (↑sedentary);
Paraprevotella (↑active); Turicibacter (↑active);
Clostridiales (↑active); Coprococcus (↑active);
Ruminococcus (↑sedentary); and two unknown
genera of Ruminococcaceae family (↑active);

• Significant higher abundance of healthy
bacteria such as F. prautznnii (p = 0.029),
R. hominis (p = 0.005), and A. muciniphila
(p = 0.002) in active than in sedentary women.
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Table 2. Cont.

Author(s) and Year Type of the Study Aim of the Study Samples Collection and
Study Population

Microbiome Analysis
Method Results

Quality of sleep Sun et al., 2023 [59]

Narrative review,
including 4
representative studies
conducted on animal
models (mice, n = 2)
and human
population (n = 2; one
randomized
within-subject
crossover study and
one longitudinal
clinical trial.

To summarize the gut
microbiota dysbiosis caused
by SD and the related
diseases, elucidating the
potential biological
mechanisms.

A total of 25 stool samples from
healthy participants (13M/12F)
enrolled in the clinical trial;
9 healthy young men (age
23.3 ± 0.6 years) enrolled in the
randomized within-subject
crossover study.

16S rRNA amplicon
sequencing

• Only results from studies on humans were
considered in the present review.

• SD may reduce dramatically diversity,
including α-diversity (p < 0.001) and chao1
indexes (p = 0.011);

• SD may affect gut’s microbiota in abundance
and compositions, leading to a reduction in
Bacteroidetes and an increase in the ratio
Firmicutes:Bacteroidetes;

• SD results in higher abundances of the families
Coriobacteriaceae and Erysipelotrichaceae
(p = 0.049);

• SD results in lower abundance of Tenericutes
(p = 0.03);

• SD results in reduction in genus-level relative
abundance (e.g., g_Prevotella, p < 0.001;
g_Sutterella, p = 0.047; g_Parasutterella, p = 0.030;
g_Alloprevotella, p < 0.001; g_Anaeroplasma,
p = 0.001; g_Elusimicrobium, p = 0.001).

Smoking habits

Moossavi et al., 2019
[40] Cohort study

To profile the HBM
microbiota and to examine
the association of maternal,
infant, early-life, and milk
factors with HBM
microbiota composition

A total of 393 HBM samples
(collected at 3–4 months
postpartum) from healthy
mother–infant dyads.

16S rRNA amplicon
sequencing

• Smoking habit was associated with microbiota
diversity in a phylum-specific manner;

• No association was highlighted between
overall α-diversity in HBM samples and
smoking habits.

Zhu et al., 2024 [78]
Observational,
cross-sectional, and
case-control study

To compare the difference in
gut microbial composition
between current and never
smokers in the Chinese
cohort.

A total of 80 stool samples from
participants grouped as current
smokers (n = 33, with 25 years of
smoking experience, on average,
and consumption of an average of
15 cigarettes per day) or never
smokers (n = 47).

16S rRNA amplicon
sequencing

• No significant differences in the diversity (e.g.,
ASV number and Chao1, Shannon, and
Simpson indices) of the gut microbiota between
the current and non-smokers;

• Smoking altered the relative abundance of
several specific taxa, where
Phascolarctobacterium and Fusobacterium
increased and Dialister decreased.
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Table 2. Cont.

Author(s) and Year Type of the Study Aim of the Study Samples Collection and
Study Population

Microbiome Analysis
Method Results

Alcohol consumption

Wang et al., 2021 [85]
Population-based
birth cohort
study

To analyze the effect of
maternal alcohol
consumption and diet
during pregnancy on
maternal and infant gut
microbiota composition

A total of 29 stool samples both
from mother and their infants
enrolled in central China. Women
were divided into the alcohol
consumption group (n = 10) and
the non-alcohol consumption
(n = 19) group.

16S rRNA amplicon
sequencing

• Maternal alcohol consumption during
pregnancy correlated negatively with
Faecalibacterium (p = 0.001), while positively
with Phascolarctobacterium (p = 0.032), and
Blautia (p = 0.019) (GLM analysis);

• α-diversity of maternal gut microbiota was not
associated with alcohol consumption;

• PCoA (β-diversity) revealed a significant
difference in maternal gut microbiota
composition between the alcohol-consumption
and the non-alcohol-consumption groups
(p = 0.006).

Shenker et al., 2020
[52] Cross-sectional study

To investigate the metabolite
and bacterial composition of
HBM, also considering
alcohol consumption,
among other lifestyle
factors.

A total of 62 HBM samples
(collected at infants’ ages of
3–48 months). Sample collection
was carried out as a sub-project of
the Breastmilk Epigenetic Cohort
Study (Imperial College Healthcare
Tissue Bank). Only 46 samples
were suitable for the microbic
profile analysis.

16S rRNA amplicon
sequencing

• Identification of a core genus-level microbiome
within HBM, dominated by Streptococcus and
Rothia, with other genera in lower-level
abundance, including Actinomyces,
Acinetobacter, Veillonella, Granulicatella,
Burkholderia, Sediminibacterium, and
Corynebacterium (REF);

• No significant association between microbial
composition and alcohol consumption

Psychological distress

Browne et al., 2019
[53]

Longitudinal BINGO
cohort study

To explore the association
between postnatal maternal
stress and HBM microbial
composition

A total of 77 HBM samples milk
samples (n = 51 with complete
data) (collected at 2, 6, and
12 weeks after delivery) from
women grouped into subjects with
high (H, n = 13) and low (L, n = 13)
psychosocial distress.

16S rRNA amplicon
sequencing

• No significant differences in the relative
abundance of major bacterial genera were
revealed;

• L-women group showed a significantly
increased (p = 0.004) microbial α-diversity
abundance (Shannon and Simpson index);

• Progressive changes in the content of Firmicutes,
Proteobacteria, and Bacteroidetes at the phylum
level and Acinetobacter, Flavobacterium, and
Lactobacillus at the genera level were found in
the HBM of the L-women group.

Fernández-Tuñas
et al., 2023 [54]

2-year prospective
study

To investigate the
association between
postnatal maternal
psychological distress and
HBM production and
microbial composition
through the process of
bacterial colonization of the
gut of very preterm infants

A total of 45 HBM samples
(collected on days 3, 7, and 15 after
the birth) from mothers of very
preterm newborns (n = 52;
GA ≤ 32 weeks and/or
bodyweight ≤ 1500 g) and
52 infant stool samples.

16S rRNA amplicon
sequencing

• Inverse relationship between stress and HBM
production in the first days of life (p = 0.012);

• Progressive decrease and increase in the
proportions of Firmicutes and Proteobacteria
species, respectively, over 15 days post-delivery
in HBM of mothers with high-stress levels.

Legend. HBM: human breast milk; WHO: World Health Organization; GLM: general linear model analysis.
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4. Probiotics: Potential Bridge Between Breastfed and Formula-Fed Infants

Breastfed infants typically harbor a gut microbiota predominantly composed of Bifi-
dobacterium and Lactobacillus, which are linked to beneficial immunological and metabolic ef-
fects [91]; these bacteria are selectively supported by HMOs, which act as prebiotics [91–93].
In contrast, formula-fed infants tend to exhibit a more diverse but less beneficial microbial
profile, characterized by increased levels of potentially pathogenic bacteria, including
Clostridium difficile and Enterobacteriaceae [94]. Studies demonstrated that these microbial
imbalances in formula-fed infants have been associated with a heightened risk of infections,
allergies, and metabolic disorders [95].

Probiotics, particularly strains of Bifidobacterium and Lactobacillus, have been explored
for their ability to modulate the gut microbiota of formula-fed infants, potentially shifting
it to resemble the microbiota of breastfed infants [96–98]. The premise is that introducing
beneficial bacteria through probiotic supplementation may foster a more favorable gut
environment akin to that induced by breastfeeding [97,98]. Studies showed that probiotics
could increase the abundance of Bifidobacterium and Lactobacillus in formula-fed infants,
promoting a microbial composition more similar to that of breastfed infants; however, the
extent of this modulation depends on factors such as the probiotic strain, dosage, and
duration of administration [99].

Currently, it has been reported [100,101] that probiotic supplementation in formula-
fed infants has been associated with improved immune outcomes, including reductions
in the incidence of diarrhea, necrotizing enterocolitis (NEC), and respiratory infections
and suggesting that probiotics might help offset some of the immunological advantages
conferred by breast milk. Similarly, from a metabolic perspective, probiotics may reduce
inflammation and enhance gut barrier function, mimicking some of the protective effects of
breast milk [102].

Nevertheless, there are limited long-term data on the sustained impact of probiotic-
induced microbiota changes on the health outcomes of formula-fed infants, and several
challenges and limitations must be acknowledged. In the first place, not all probiotics exert
the same effect, and the beneficial outcomes observed with specific Bifidobacterium and
Lactobacillus strains are not consistent across all strains, emphasizing the need for careful
selection of probiotic species and strains to achieve the desired microbiota modulation [97].

Additionally, probiotics tend to provide only temporary colonization of the gut, and
once supplementation ceases, the introduced strains may decline, and the infant’s micro-
biota may revert to its pre-supplementation state [97,99]. Therefore, continuous administra-
tion or long-term dietary changes may be necessary to maintain the benefits.

Last, probiotics alone, however, may not fully replicate the effects of HBM, particularly
due to the absence of HMOs in most infant formulas. The inclusion of HMOs in the formula,
along with probiotics, offers a more comprehensive strategy to emulate HBM microbiota-
shaping effects since they serve as selective substrates for beneficial bacteria [91,103].
Studies indicate that formulas combining HMOs and probiotics, also named synbiotics,
can produce a microbiota profile more similar to that of breastfed infants than probiotics
alone [98]. However, further research is required to optimize synbiotic formulations and
assess their long-term health impacts.

5. Discussion

The WHO recommends exclusive breastfeeding for the first six months, followed
by continued breastfeeding alongside safe complementary foods until at least two years
of age [104]. Breastfeeding offers numerous benefits, including improved infant health
and development, strengthened maternal–infant bonding, and a lower risk of chronic
conditions [105,106]. Human breast milk is increasingly recognized not only as a biologi-
cal fluid supporting neonatal growth but also as a complex medium with functions that
extend beyond its nutrient content [4,107]. The microbial composition of HBM is crucial
for establishing the infant gut microbiota, and any alterations may pose health risks, with
early dysbiosis linked to a higher risk of non-communicable diseases like obesity and type
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2 diabetes in adulthood [108]. Maternal environmental factors, particularly lifestyle habits
during pregnancy and lactation, significantly influence the microbiota of HBM [43,109].
Therefore, maintaining a healthy lifestyle—including proper nutrition, physical activity,
quality sleep, and the avoidance of harmful behaviors—is essential for promoting im-
mediate maternal and infant health and preventing long-term disease risk in offspring,
potentially through the modulation of HBM components, especially its microbiota [13].

This narrative review summarizes for the first time the influence of these specific
maternal lifestyle habits on the modulation of the HBM microbiota composition. Although
other authors [110] have investigated the influence of maternal diet on HBM microbiota
composition, the novelty of this review lies in the fact that, to date, maternal lifestyle as a
whole has not been considered as a factor influencing microbial composition. This aspect is
particularly significant as it aligns with the principles of Lifestyle Medicine, an evidence-
based medical specialty that focuses on the prevention, treatment, and management of
diseases through lifestyle changes [111]. It emphasizes the importance of making informed
choices about diet, physical activity, sleep, stress management, and other lifestyle factors
to improve overall health and well-being [111]. Indeed, lifestyle medicine is essential for
promoting the health of both mothers and children by encouraging sustainable lifestyle
changes that prevent disease and enhance well-being throughout the maternal–child rela-
tionship [112,113].

The scientific literature predominantly examines the role that the maternal diet (de-
fined both as dietary patterns and as macro-and micronutrient intake) during pregnancy
and breastfeeding has in modulating the microbial composition of HBM. Dietary patterns
(e.g., vegan, vegetarian, and omnivore) may influence HBM microbiota composition at
the species level [46], and the HBM of mothers with a high intake of plant-based proteins
and complex carbohydrates have shown a different microbial composition of HBM [47,48]
when compared to patterns characterized by a high content of simple sugars and animal
proteins [47,48]. At the same time, the type of fats (SF, UF, and TF) significantly influenced
the HBM microbiota uniformity [46]. To date, there are no studies analyzing the direct
role that maternal PA/PE and quality of sleep during pregnancy and breastfeeding have
in modulating the microbial composition of the HBM. However, because bacteria in the
mother’s intestine migrate to the mammary gland via an endogenous pathway [45], the
influence that reduced PA/PE and SD potentially exert on the maternal intestinal micro-
biota [57–59], although indirectly, could negatively modulate the composition of the HBM
microbiota [45]. On the contrary, the positive influence of PE patterns and good sleep
hygiene in increasing the abundance of beneficial bacteria for the health of the intestinal mi-
crobiota has been previously described [55,59]. Concerning the effects of cigarette smoking
and alcohol consumption in the modulation of HBM composition, in the present narrative
review, it was highlighted that, even only in two studies, a significant association has been
reported between the consumption of these substances and the composition of the intestinal
microbiota [78,85]; in contrast, no significant associations have been described regarding
the direct effect of alcohol consumption on the composition of the HBM microbiota [52], as
well as smoking habits and microbial diversity of the HBM [40].

Last, even if it is still poorly explored, researchers [53,54] reported how the reduction
in maternal psychological distress progressively influenced the content of certain microor-
ganisms both at the phylum at the genera level of the HBM, as well as the increase in its
microbial α-diversity abundance, also in mothers of very premature infants.

Currently, probiotics can help bridge some microbiota differences between breastfed
and formula-fed infants by promoting beneficial bacterial populations, particularly Bifi-
dobacterium and Lactobacillus [96,97,99]. However, probiotics alone are unlikely to fully
replicate the complex microbiota and immune-modulating effects conferred by HBM, es-
pecially in the absence of HMOs and other bioactive components of human milk [98]. A
more holistic approach that combines probiotics with HMOs or other prebiotics may offer
a more effective strategy for modulating the gut microbiota of formula-fed infants toward
a breastfed-like profile [98].
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It is, finally, important to mention that currently, bacterial analysis of HBM microbes,
while essential for understanding the maternal–infant microbiome, faces several scientific
and methodological limitations introducing heterogeneity in results and making it challeng-
ing to compare across studies. Sampling variability remains a major challenge; inconsistent
collection methods (e.g., manual expression vs. pump extraction) can lead to contamination
and variation in microbial load, while improper handling or delays in processing affect
bacterial viability and diversity [30,114]. Additionally, contamination from breast skin
and nipple microbiota complicates the distinction between native and external microbes,
requiring sterile protocols that are not always rigorously applied [31,114].

The low-biomass nature of HBM further complicates analysis [114]. Indeed, compared
to other biological fluids, HBM contains fewer bacterial cells, increasing the signal-to-noise
ratio and making it difficult to distinguish native bacteria from environmental or reagent
contaminants [30,31,114]. While common, techniques like 16S rRNA sequencing often
struggle with sparse bacterial DNA, providing only taxonomic data at the genus level and
lacking functional or strain-specific insights [27]. Whole-genome metagenomics, though
more informative, is costlier and requires greater computational resources [115]. Data
processing in bacterial studies adds another layer of complexity where high-throughput
sequencing generates large datasets that require advanced bioinformatics tools, and factors
such as sequencing errors, data normalization, and statistical models for low microbial
abundance can influence results [115]. Moreover, most studies focus on bacterial identi-
fication, neglecting the functional roles of these microbes and techniques like metatran-
scriptomics, metabolomics, and proteomics are needed to assess microbial activity and
interactions, but they are underutilized due to their complexity and expense [115]. The
study design also presents limitations; for instance, cross-sectional studies, which analyze
samples at a one-time point, offer limited insight into the dynamic nature of HBM micro-
biota [44,46–48,50–52,58,72]. On the contrary, longitudinal studies are more informative but
are logistically demanding and costly [40,49,53,54,85]. Furthermore, associations between
HBM microbiota and infant health outcomes, while frequently observed, remain correlative,
as experimental studies that manipulate the microbiota to establish causality are ethically
and practically challenging [30]. Finally, rare taxa with potentially significant roles often go
undetected due to limitations in sequencing depth, with most methodologies focusing on
more abundant species [30,114].

6. Conclusions

Human breast milk (HBM) is widely recognized as the optimal source of nutrition for
infants, supporting both immediate growth and long-term health outcomes. This narrative
review underscores the significant influence of maternal lifestyle habits—such as diet,
physical activity, sleep quality, smoking, and alcohol consumption—on the composition
of HBM microbiota. The findings suggest that maintaining a healthy lifestyle during
pregnancy and lactation is essential not only for the mother’s well-being but also for
shaping the infant’s gut microbiota and immune system development.

While the influence of diet on HBM microbiota is increasingly well-documented, other
factors such as physical activity, sleep, and psychological stress remain underexplored.
Current evidence indicates that lifestyle modifications during pregnancy and lactation
could positively affect breast milk microbiota and, in turn, the infant’s health. However,
more research, particularly longitudinal and interventional studies, is needed to fully
understand the extent of these influences and to develop tailored recommendations.

Health professionals should integrate these findings into prenatal and postnatal care,
advising mothers on the importance of maintaining a balanced diet, engaging in regular
physical activity, and managing stress to promote optimal HBM composition. Additionally,
public health policies must account for these factors when developing breastfeeding support
programs, ensuring that maternal well-being is prioritized for the benefit of both mother
and child.
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A deeper understanding of how maternal lifestyle shapes HBM microbiota is crucial
for designing effective interventions that promote infant health. Future research should
focus on filling the gaps in our knowledge, particularly in areas like physical activity and
stress, to develop comprehensive guidelines that will enhance breastfeeding practices and
optimize long-term health outcomes for both mothers and their children.

At the same time, it is crucial to highlight that methodological and scientific limitations
in studying the HBM microbiota, including inconsistencies in sampling, low microbial
biomass, biases in detection technologies, and lack of functional insights, need to be
addressed to gain more in-depth, accurate, and complete understanding. Standardizing
protocols, using multi-omics approaches, and adopting longitudinal designs can help
mitigate some of these limitations.
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Reproductive Health

Folic acid supplementation 
in European women of reproductive age 
and during pregnancy with excessive weight: 
a systematic review
Federica Loperfido1*†, Francesca Sottotetti1†, Irene Bianco1, Dana El Masri1, Beatrice Maccarini1, Chiara Ferrara1, 
Antonio Limitone3, Hellas Cena1,2† and Rachele De Giuseppe1† 

Abstract 

Objective  Neural tube defects (NTDs), well-known consequences of folate deficiency, are the second most com-
mon cause of serious birth defects, affecting approximately one in a thousand pregnancies in Europe. Maternal folate 
deficiency before conception and during early pregnancy has been suggested as the most important preventable risk 
factor for NTDs; thus women should be supplemented before conception with 0.4 mg of folic acid (FA) until the first 
trimester of gestation. Findings have described a positive association between elevated Body Mass Index (BMI) 
and birth defect risk; data on plasma folate levels in pregnant women with obesity have shown values lower than rec-
ommended because of a state of chronic low-grade inflammation, resulting in increased metabolic demands. Nowa-
days, disparities exist regarding the recommended dose of FA in women at risk, including women of childbearing age 
with excessive weight. Therefore, this systematic review aimed to investigate if European childbearing age/pregnant 
women with overweight/obesity are supplemented according to the current country-specific FA recommendations 
and whether the dosage of 5 mg recommended for pregnant women with obesity is effective in preventing NTDs.

Methods  The Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines were fol-
lowed. An electronic database search of manuscripts was carried out in Web of Sciences, PubMed and Medline. The 
quality of the included studies was assessed by using the Quality Assessment for Diverse Studies statement.

Results  Out of 1718 records identified, 8 manuscripts met all the inclusion criteria. Overall, the results showed 
that pregnant women with obesity adherent to FA recommendations ranged between 4% and 9.5%. Furthermore, 
the majority (61%) started the supplementation after conception, highlighting that European pregnant women are 
not particularly adherent to recommendations during the period of greatest need.

Conclusions  The scarce adherence to the current guidelines shows an urgent need to standardize the recommenda-
tions across European countries. Particularly, women of childbearing age with excess weight should be monitored 
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assessing serum folate, RBC folate, and homocysteine levels developing tailored supplementation protocols, to coun-
teract the occurrence of NTDs.

Keywords  Neural tube defects, Folic acid, Childbearing age, Pregnancy, Women with excessive weight, 
Supplementation

Plain English Summary 

–	 Neural tube defects (NTDs) are severe congenital abnormalities connected to maternal folate deficiency. Cur-
rent international guidelines recommend a daily supplementation of 0.4 mg of folic acid (FA) starting before con-
ception and during the first trimester of pregnancy, to prevent NTDs.

–	 Women with  excessive weight need higher folic acid doses due to  their altered metabolic demands. Women 
with obesity encounter a greater risk of NTDs, as they often have lower plasma folate levels. This deficiency may 
result from chronic low-grade inflammation and increased nutrient requirements. For these vulnerable women, 
a higher dose of 5 mg of FA is recommended by the World Health Organization guidelines.

–	 However, only 4–9.5% of pregnant women with obesity adhere to FA supplementation recommendations, tak-
ing FA supplementation after conception, and missing the critical preconception period necessary for effective 
NTDs prevention.

–	 There is  an  urgent need to  standardize FA supplementation recommendations across  European countries 
and to monitor the folate status of women with excess weight. This will help develop personalized supplementa-
tion strategies aimed at effectively reducing the risk of NTDs.

Introduction
Neural tube defects (NTDs), are the second most com-
mon cause of serious congenital disorders and affect 
0.2 –10 per 1000 established pregnancies worldwide, 
including about 1 in 1000 pregnancies in Europe [1, 2]. 
NTDs result from a failure of the neural tube to close 
properly within 4  weeks following conception. There 
are different types of NTDs, among which spina bifida, 
anencephaly, and encephalocele, are the most preva-
lent forms, while iniencephaly and craniorachischisis, 
are considered rare. The clinical characteristics and 
outcomes differ depending on the type of NTD [3]. 
In recent decades, maternal folate deficiency before 
conception and during early pregnancy has been sug-
gested as the most preventable risk factor for NTDs. As 
reported by the World Health Organization (WHO), 
Red Blood Cell (RBC) folate concentrations should be 
above 400 ng/mL (906 nmol/L) in women of reproduc-
tive age to achieve the greatest reduction in NTDs [4]. 
Thus, women should i) supplement with 0.4 mg of folic 
acid (FA) before conception until the first trimester of 
pregnancy, ii) regularly include foods naturally rich in 
folate into their diet (e.g. leafy green vegetables such 
as spinach, asparagus, beets, broccoli, and artichokes), 
iii) consume fortified foods [5–7]. Indeed, mandatory 
fortification of staple foods, such as wheat flour, maize 
flour, and rice with folic acid, has become an important 
public health strategy for the primary prevention of 
NTDs. This safe and cost-effective initiative is currently 

implemented in nearly 60 countries worldwide and has 
successfully prevented a substantial number of NTD 
cases [3].

Data reveal that folate deficiency (defined 
as < 7  nmol/L) [8] is rare (0–5%) in developed coun-
tries; however, insufficient levels of folate (defined 
as < 25.5  nmol/L) [8] are more common (40–50%), sug-
gesting a higher risk of NTDs even though folate stor-
age may be adequate [9]. To date, despite the WHO’s 
recommendation to start FA supplementation during 
childbearing age, many women begin later, often during 
the first trimester of pregnancy, which reduces its protec-
tive effect [10]. In this regard, existing literature reports a 
notable prevalence of unplanned pregnancies, potentially 
leading to delays in supplementation [11, 12].

Concurrently, the rising incidence of overweight and 
obesity among adolescents, particularly during the child-
bearing years, become one of the most significant chal-
lenges in obstetric care, due to its potential implications 
for maternal and fetal health [13]. Notably, in Europe, 
the prevalence of pre-pregnancy overweight and obe-
sity ranges between 26.8% and 54.0% [14]. Research has 
indicated markedly decreased plasma folate levels in 
pregnant women with obesity, showing much lower val-
ues than those recommended, exposing them to higher 
risks of developing NTDs [15, 16]. Specifically, the litera-
ture indicates that during the first trimester, women with 
excessive weight exhibit lower serum folate levels when 
compared to those of normal weight (β = -2.3, p < 0.01), 
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showing an association with a higher likelihood of folate 
deficiency (OR = 2.0, p < 0.01) [17].

Findings from a recent meta-analysis registered a 
positive association between women with excessive pre-
gravid Body Mass Index (BMI) and congenital abnormal-
ities such as spina bifida and other NTDs when compared 
to those with normal pre-gravid BMI [18].

Women with obesity may have a lower folate level 
caused by a state of chronic low-grade inflammation, 
which results in an increased metabolic requirement 
[19]. This phenomenon could be explained by what is 
commonly defined as the "obesity paradox" [20]. Accord-
ing to this theory, individuals with excessive weight 
exhibit higher activity of the enzyme cytochrome P450 
(CYP) 2E1, which can use FA as a substrate [21]. Indeed, 
women with overweight or obesity have been found to 
have higher levels of plasma folate oxidation products 
(specifically, 5-methyltetrahydrofolate oxidation product; 
MeFox) compared to those without obesity [19]. Overall, 
current global guidelines agree that women with a history 
of NTDs should take a higher dose of folic acid (5  mg) 
[5]. Although the same dosage is also recommended for 
women of childbearing age who are planning for preg-
nancy and pregnant women with obesity, the supporting 
scientific evidence remains limited [22, 23]. Therefore, 
further research and systematic reviews are essential to 
enable clinicians to provide an appropriate dosage.

Furthermore, because NTDs and obesity continue 
to have a significant health and economic impact at the 
European level, it is crucial to identify women at risk, to 
develop tailored recommendations and specific guide-
lines for FA supplementation and NTDs prevention. 
Considering the substantial evidence highlighting the 
benefits of folate fortification, this strategy should be 
considered alongside supplementation to achieve equita-
ble primary prevention of NTDs globally.

Based on these considerations, the main research ques-
tion of the present systematic review aimed at investigat-
ing if European childbearing age/pregnant women with 
overweight/obesity are supplemented according to the 
current country-specific FA recommendations.

Additionally, the authors will examine whether the 
dosage of 5 mg recommended for pregnant women with 
obesity is effective in preventing NTDs. The potential 
role of folate food fortification, when addressed in the 
studies included, will also be discussed.

Methods
The present systematic review has been registered in the 
PROSPERO International prospective register of system-
atic reviews (www.​crd.​york.​ac.​uk/​PROSP​ERO; register 
no. CRD42024469780), and has been reported following 

the Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses (PRISMA) guidelines [24].

Search strategy
A systematic literature review was initially performed 
in October 2023, then repeated in December 2023, and 
finally in February 2024. PubMed (http://​www.​ncbi.​
nlm.​nih.​gov/​pubmed), and Web of Science have been 
searched, without time range restriction. A literature 
search was performed using structured search strings 
considering the following combined search terms for 
pregnancy and childbearing age, weight status, and FA 
supplementation. Therefore, “pregnan*” OR “gestation*” 
OR “preconception” OR “peri-conception” OR “prepreg-
nancy” OR “pre-pregnancy” OR “childbearing” combined 
to “obes*” OR “overweight” OR “body mass index” OR 
“BMI”, as well as “folic acid” OR “folin*” OR “vitamin B9” 
OR “folat*”. A search sample has been added in the Addi-
tional File section (Additional file 1): “Query used for the 
search in the different databases”.

Types of studies
Studies referred to humans were considered. Clini-
cal Study, Clinical Trial, Clinical Trial, Phase IV, Clini-
cal Trial Protocol, Clinical Trial, Phase I, Clinical Trial, 
Phase II, Clinical Trial, Phase III, Comparative Study, 
Controlled Clinical Trial, Multicenter Study, Observa-
tional Study, Randomized Controlled Trial in English lan-
guage investigating both childbearing/pregnant women 
with overweight/obesity related to FA supplementation 
and completed in European countries were included. 
Research articles have considered referring to European 
women of childbearing age/European pregnant women 
with overweight and obesity as one of the populations at 
greater risk of giving birth to newborns with NTDs.

Types of participants
Eligible participants were women of childbearing age or 
pregnant (age range ≥ 18 years) with overweight or obe-
sity defined by the WHO (overweight, 25.0–29.9; grade 1 
obesity, 30.0–34.9; grade 2 obesity, 35.0–39.9; and grade 
3 obesity, ≥ 40.0.) [25].

Outcome
The present systematic review aimed to explore if 
women of childbearing age/pregnant women with 
overweight/obesity across European countries supple-
ment with FA according to the recommendations. Since 
childbearing age/pregnant women with obesity require 
a higher dosage of FA, the secondary objective of our 
systematic review was to determine whether the cur-
rent recommended dosage is adequate to achieve blood 
folate levels within the reference range. Finally, the 

http://www.crd.york.ac.uk/PROSPERO
http://www.ncbi.nlm.nih.gov/pubmed
http://www.ncbi.nlm.nih.gov/pubmed
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authors evaluated whether the higher FA dose (5  mg) 
recommended for pregnant women with obesity, is 
effective in preventing NTDs in the offspring.

Inclusion and exclusion criteria
The inclusion criteria for exposed women were: 
aged ≥ 18  years; not diagnosed with type 2 Diabetes 
Mellitus (T2DM) and diseases related to malabsorption 
(e.g. celiac disease; Inflammatory Bowel Disease (IBD); 
bariatric surgery); no alcohol abuse; no enzyme defects 
related to folate metabolism (MTHFR mutation).

The exclusion criteria were as follows: aged < 18 years; 
diagnosed with T2DM and diseases related to malab-
sorption (e.g. celiac disease; IBD; bariatric surgery); 
alcohol abuse; defects of enzymes related to folate 
metabolism.

Study selection, data collection, and extraction
The flowchart of the study selection process is presented 
in Fig. 1, according to the PRISMA guidelines [24]. Three 
coauthors (FL, FS, and IB) determined whether the stud-
ies met the criteria previously established by undertaking 
the initial duplicates, title screening, and abstract review 
independently. In brief, after applying the search filters, 
the studies were equally divided among the three coau-
thors for the data extraction. A fourth co-author (DEM) 
randomly checked a sample of about 20% of the studies. 
Before the inclusion in the manuscript, each full-text 
article selected for retrieval has been reviewed indepen-
dently by the three coauthors, checking the eligibility. 
Any difference in the selection process has been deter-
mined by discussion. Whenever there is no full consen-
sus, a fourth co-author has been consulted. The three 
co-authors independently extracted relevant information 
from all the included studies on an Office Excel data-
sheet, as follows: i) authors and publication year; ii) type 
of the study; iv) country; v) sample size; vi) characteris-
tics of participants (e.g. age, childbearing age or pregnant, 
demographic and socioeconomic characteristics, BMI 
expressed as Kg/m2; vii) outcome assessment (FA sup-
plementation evaluation—expressed as Y/N – related 
to BMI; FA supplementation dosage—expressed as mg/
die—related to BMI; blood folate levels – expressed as 
ng/mL – related to BMI); viii) timing of supplementation 
(preconceptionally/during the first trimester); ix) pro-
tocol of supplementation (type of supplementation e.g. 
exclusively FA, multi-vitamins supplementation, formu-
lation of supplement, frequency of supplementation); x) 
summary of findings; xi) European country-specific FA 
policy fortification. Whenever there was no consensus, a 
fourth co-author was consulted.

Data synthesis
Data extracted from this systematic research are pre-
sented as a summary of findings and the quality assess-
ment of the eligible studies are shown in Tables 1 and 2.

Moreover, the extracted data are summarized accord-
ing to the following columns: i) authors; ii) type of the 
study; iv) country; vi) characteristics of participants 
(e.g. age, childbearing age or pregnancy, demographic 
and socioeconomic characteristics, BMI expressed as 
Kg/m2; vii) outcome assessment (FA supplementation 
evaluation—expressed as Y/N – related to BMI; FA sup-
plementation dosage—expressed as mg/die—related to 
BMI; blood folate levels – expressed as ng/mL – related 
to BMI), viii) timing of supplementation (preconception-
ally/during the first trimester); ix) protocol of supple-
mentation (type of supplementation e.g. (exclusively FA, 
multi-vitamins supplementation, formulation of supple-
ment, frequency of supplementation); xi) European coun-
try-specific FA policy fortification.

The blood folate levels have been taken into account 
about the FA-supplemented dosage, considering differ-
ent classes of BMI (normal weight: 18.5 ≤ BMI < 24.99 kg/
m2; overweight: 25.00 ≤ BMI < 29.99  kg/m2; obesity: 
BMI ≥ 30.00 kg/m2) and countries.

In general, all continuous variables are reported/con-
verted into means and SDs. Data regarding frequen-
cies will be presented as percentages and the absolute 
number.

Study quality assessment
Regarding the quality assessment of the human-included 
studies, three co-authors (FL, FS, IB) independently 
assessed the quality of each study that met inclusion cri-
teria. Following a discussion, the final score was deter-
mined; any differences were discussed with a fourth 
reviewer (DEM).

The authors adopted the criteria for quality appraisal 
from the Quality Assessment for Diverse Studies (QuADS) 
[26]. QuADS consists of 16 quality criteria, with 14 
applying to qualitative studies, 14 to quantitative studies, 
and all 16 to any mixed methods study. Each criterion is 
rated on a scale from 0 to 3. The scores have been con-
verted into percentages. No specific score was set as a 
cut-off for determining whether a study is of high or low 
quality. For instance, the authors then discuss the quality 
assessment considering the studies included.

Results
Overview of the studies
Searches from PubMed and Web of Science (WoS) 
returned 1718 records: 759 were excluded based on the 
applied filters (language, species, study design) (Fig.  1). 
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Fig. 1  Flowchart of the study selection process, based on the PRISMA guidelines
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Table 2  Quality assessment

The study quality for the eligible studies is presented. A value of between 0 and 3 was assigned to each item

Items Cawley et al. 
[28]

Linell et al. 
[29]

Malvasi et al. 
[30]

Nor Moh-d-
Shukri et al. 
[31]

Redfern K et al. 
[32]

Santamaria 
et al. [33]

Vitale S et al. 
[34]

O’Malley et al. 
[27]

1. Theoretical 
or conceptual 
underpinning 
to the research

3 2 3 2 3 3 2 3

2. Statement 
of research aim/s

3 3 3 2 3 3 3 3

3. Clear descrip-
tion of research 
setting and target 
population

3 3 3 2 3 3 1 2

4. The study 
design is
appropriate 
to address 
the stated 
research aim/s

3 3 2 3 3 3 2 3

5. Appropri-
ate sampling 
to address 
the research aim/s

3 3 1 2 2 2 0 2

6. Rationale 
for choice of data 
collection tool/s

2 3 2 2 2 2 2 3

7. The format 
and content 
of data collection 
tool is appropri-
ate to address 
the stated 
research aim/s

3 2 2 3 3 2 2 3

8. Description 
of data collection 
procedure

2 2 3 3 3 3 2 3

9. Recruitment 
data provided

3 2 3 2 3 2 2 3

10. Justifica-
tion for analytic 
method selected

2 3 2 2 2 2 2 2

11. The method 
of analysis 
was appropri-
ate to answer 
the research aim/s

2 3 2 2 2 3 3 3

12. Evidence 
that the research 
stakeholders have 
been considered 
in research design 
or conduct

2 1 3 2 2 2 2 2

13. Strengths 
and limitations 
critically discussed

3 1 3 1 3 3 3 3

Total score
(sum and % of 13 
items’ score)

34
(80,90%)

31
(73,80%)

32
(76,20%)

28
(66,60%)

34
(80,90%)

33
(78,50%)

26
(66,66%)

35
(83,30%)
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Duplicates (n = 24) were removed. Thus, 824 studies 
were excluded as their titles/abstracts were not relevant, 
and 111 studies were assessed for eligibility and full-text 
screening. Of these, 33 studies were excluded since they 
did not meet the inclusion criteria, and 71 studies were 
excluded after contacting the corresponding authors to 
obtain the datasets and extrapolate the required addi-
tional data. Moreover, one other study was selected dur-
ing the full-text screening since it reported outcomes 
of relevant interest [27]. In total, 8 studies [27–34] were 
included in this systematic review. Overall, the studies 
were conducted in Ireland, Italy, the United Kingdom, 
Greece, and Russia. Data extracted from this systematic 
research, including those related to food fortification pol-
icies [35–37], are summarized in Table 1.

Overview of the study quality
The assessment of the study’s quality for the eligible stud-
ies in this systematic review is presented in Table 2. Out 
of the total studies, the majority (n = 6) [27–30, 32, 33] 
achieved a total score higher than 70%; the others (n = 2) 
scored slightly lower, with a percentage above 66% [31, 
34].

Characteristics of studies included in the systematic review
The 8 included studies in this systematic review [27–34] 
are summarized below. All the studies take into account 
pregnant women with excessive weight and consider 
FA supplementation in the preconception period and/
or during pregnancy. Considering BMI, the studies 
focused on women with both overweight and/or obe-
sity based on WHO classification (BMI ≥ 25.0  kg/m2: 
overweight; BMI ≥ 30.0  kg/m2: obesity) [43]. As far as 
studies included in this review, three of them involved 
women who were taking FA supplements preconception-
ally [28, 29], while the rest focused on FA supplementa-
tion starting from the 1st trimester [27, 30–34]. Briefly, 
Cawley and colleagues [28] conducted a prospective 
cohort study to assess the impact of FA supplementation 
in n = 587 pregnant women. Questionnaires were used to 
gather information on FA supplementation during either 
pre- and periconceptional periods, including details on 
dosage and specific brand names of the supplements. 
The authors stratified the population according to BMI, 
reporting 29.3% (n = 171) women with overweight and 
18.1% (n = 106) with obesity. Approximately 75% of the 
participants did not meet FA supplementation recom-
mendations, which increased the risk of having low Red 
Cell Folate (RCF) levels. Specifically, only 5.7% (n = 6) 
of women with obesity were taking the recommended 
higher dosage of FA (5  mg). Similarly, in their prospec-
tive cohort study, Linell et  al. [29], stated that out of 
n = 78 women with a BMI ≥ 30.0  kg/m2, only 6.7% were 

supplemented with the recommended higher dosage of 
FA (p =  < 0,001). Furthermore, data revealed that 61% 
(n = 199) of women started FA supplementation upon 
becoming aware of their pregnancy, which increased the 
risk of NTDs in the offspring. These findings are consist-
ent with the results of a case–control study conducted by 
Mohd-Shukri et al. [31] which examined the role of die-
tary habits and physical activity in a sample of pregnant 
women with severe obesity (BMI > 40  kg/m2) compared 
to the control group. Notably, only 31% of the former 
started taking FA supplementations before conception. 
The study also encompassed the assessment of serum 
folate levels at 16 weeks (early pregnancy) and 28 weeks 
(late pregnancy) of gestation in a subset of both groups 
(n = 25). Results revealed that at the 28th week, women 
with severe obesity exhibited an average serum folate 
level of 3.9  ng/mL (± 2.8 SD), while the control group 
registered 10.6 ng/mL (± 5.7 SD) (p < 0.0001). In this con-
text, the authors highlighted that pregnant woman with 
obesity exhibited significantly lower circulating folate 
levels compared to the control group, with early preg-
nancy (16 weeks) levels averaging 7.9 ng/mL (± 4.2 SD) in 
women with obesity, versus 15.0 ng/mL (± 2.7 SD) in the 
control group. Noteworthy, 96% of women with obesity 
supplemented with 0.4 mg of FA, and did not adhere to 
the recommendations. While 2% (n = 5) of them did not 
supplement either before or during pregnancy. Focusing 
on pregnant women with obesity, Redfern et  al.[32], in 
a cohort of English women, recorded differences in the 
FA dosage. Out of the 66 recruited women, 26% (n = 17) 
took 5 mg of FA during the first trimester; n = 12 of these 
added an extra dose of 0.4  mg. The remaining 36% did 
not adhere to the recommendations and only supple-
mented with 0.4 mg. Out of 24 women who were not tak-
ing FA by the end of the first trimester, only one achieved 
the Recommended Nutritional Intake (RNI) of 300 ug 
of folate through diet. Notably, the study did not assess 
serum folate levels. In contrast, the prospective-observa-
tional study by O’Malley et al. [27], aimed to analyze the 
association between maternal BMI in early pregnancy 
and serum folate levels, considering both dietary intake 
and FA supplementation protocol. Among the 84 women 
with obesity who were aware of the supplemented dos-
age of FA, only 9,5% (n = 8) reported taking 5.0  mg, as 
recommended. These data were consistent with serum 
folate levels being lower in women with BMI > 30 kg/m2 
compared to the control group (9.23 ng/mL vs 10.44 ng/
mL, P = 0.02). However, no significant difference was 
observed in the mean RCF between the two groups.

Two randomized controlled trials (RCT) were included 
in this systematic review [30, 33]. Their objective was to 
evaluate the effectiveness of a supplement containing 
Myo-inositol (4 g/day) and FA (0.4 mg/day) in preventing 
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gestational diabetes compared to the placebo group, 
which received only 0.4  mg of FA per day. Both stud-
ies involved overweight pregnant women who started 
the supplementation protocol at 12–13  weeks of gesta-
tion. Overall, the studies demonstrated that the group of 
women undergoing treatment with Myo-inositol and FA 
exhibited improved lipid (cholesterol, p = 0.0001; LDL, 
p = 0.0001; HDL, p = 0.047; TG, p = 0.0001) and glycemic 
profiles (glycemia, p = 0.019) compared with the control 
group [30]. Furthermore, a reduction in the incidence of 
GDM was recognised within the same group (11.6% ver-
sus 27.4%, respectively, p = 0.004) [33].

Discussion
Although a decline in the prevalence of NTDs was 
observed between 2001 and 2015, the prevailing data 
remains alarming, counting two cases per 1000 births, 
amounting to an estimated 214.000–322.000 affected 
pregnancies worldwide annually [3]. Furthermore, while 
historically NTDs were predominant in low-income 
countries, nowadays their occurrence increased in high-
middle-income countries, notably in Europe. From 1998 
to 2017, an estimated 95.213 NTD-affected pregnancies 
were recorded among 104 million births across 28 coun-
tries in the European Union, reflecting a prevalence rate 
of 0.92 per 1.000 births [44].

Studies reported an association between maternal high 
BMI (≥ 30 kg/m2) and the severity of NTDs, identifying 
this population as more vulnerable [45]. Indeed, women 
with excessive weight exhibit lower folate levels due to 
several factors, such as chronic low-grade inflammation, 
poor-quality diet adherence, and non-compliance to sup-
plementation recommendations [46]. Moreover, reduced 
intake of FA is often attributed to unplanned pregnancies 
and ineffective contraceptive methods [47]. For these rea-
sons, scientific literature related to FA supplementation 
in women of childbearing age with excessive weight has 
been systematically reviewed. Studies conducted in Euro-
pean countries were evaluated to assess FA supplemen-
tation practices. Although this review primarily focuses 
on FA supplementation, the contribution of folate forti-
fication in staple foods as an additional preventive strat-
egy for NTDs is also recognized and discussed, due to its 
demonstrated effectiveness in reducing folate deficiency 
at the population level.

As shown in Table 2, most of the studies included were 
of good quality showing a percentage higher than 66% 
according to the QUADs criteria.

Overall, most of the studies analyzed in this review 
reported a high number of women non-compliant with 
the FA recommendations during the periconceptional 
period [27–29, 31, 32, 34]. In particular, the study con-
ducted by Cawley and colleagues exhibits that only 5.7% 

(n = 6) of pregnant women with obesity were taking the 
recommended higher dosage (5  mg) of FA supplemen-
tation [28]. These data were in line with the results by 
Linell et al., showing that only 6.7% of women with obe-
sity were supplemented with the recommended higher 
dose, emphasizing the low adherence to FA recommen-
dations in this vulnerable group [29, 48]. Mohd-Shukri 
and colleagues [31] also reported lower folate levels in 
women with obesity, emphasizing the need for improved 
supplementation practices. These results might be due 
to inadequate adherence to the FA protocol and chronic 
low-grade inflammatory state, typical of obesity [49]. 
Regarding diet, a poor-quality and unbalanced dietary 
pattern can lead to micronutrient deficiencies, includ-
ing vitamin B12 and folate, which are often observed in 
individuals with a high BMI [50]. Specifically, folate defi-
ciency can reduce methyl group availability, resulting in 
higher homocysteine levels. This condition is known as a 
risk factor for different adverse health outcomes, includ-
ing neurological disorders, vascular diseases, and repro-
ductive health [51]. High maternal homocysteine levels 
are also associated with pregnancy complications, posing 
a threat to the health of the maternal–fetal dyad in the 
short and long term [52]. For instance, pregnant women 
with obesity have increased risks related to pregnancy, 
delivery, and postpartum, such as pregnancy-induced 
hypertension and GDM, preeclampsia, and cesarean 
section [53]. Still, cardiometabolic and neurodevelop-
ment impairment has been detected in the offspring of 
women with obesity, other than higher incidence of large 
for gestational age (LGA) babies, perinatal mortality, and 
congenital anomalies, including NTDs [54]. The existing 
body of literature reveals a paucity of studies delving into 
the effect of FA supplementation on NTDs incidence. 
Notably, out of the studies included in this systematic 
review, only two investigated health outcomes in new-
borns [33, 34]. However, they evaluated anthropometric 
measurements at birth, such as weight, height, and head 
circumference, as well as the incidence of macrosomia, 
without addressing the occurrence of NTDs [33, 34].

Two randomized controlled trials included in the 
present review evaluated the efficacy of FA supplemen-
tation combined with Myo-inositol on the incidence 
of GDM [33, 34], indicating a positive impact. How-
ever, it was unclear whether the effect was due to one 
molecule or both, or their potential synergistic effect. 
In the last decades, research has emphasized the role 
of inositol in different forms, such as Myo-inositol 
and D-chiro-inositol, in improving insulin sensitivity 
and related conditions such as diabetes mellitus and 
reproductive disorders [55]. One study not included 
in this systematic review, revealed that administering 
Myo-inositol during the first trimester of pregnancy to 
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women with a BMI > 30 kg/m2 and pre-gestational dia-
betes, decreased the occurrence of GDM in the treated 
group (Myo-inositol 2  g and 200  µg FA twice a day) 
compared to the control (200  µg FA twice a day), by 
enhancing insulin sensitivity (P = 0,001; OR = 0,34, 95% 
CI: 0,17–0,68) [55]. Conversely, despite being affected 
by obesity, women in this study did not adhere to the 
recommended higher dosage of 5  mg [56]. Similar to 
FA, Myo-inositol has emerged as a contributing factor 
in reducing the prevalence of NTDs. Studies in mice 
have demonstrated that mothers with significantly 
lower blood inositol concentration levels had a 2.6-fold 
increased risk of having NTDs affected offspring [57]. 
Further research is needed to deepen understanding of 
the role of inositol in preventing NTDs and its interac-
tion with folate metabolism.

During the study selection process, the authors 
recorded that most of the included studies focused on 
supplementation practice once pregnancy has already 
begun, investigating the pre-gestational FA protocol, ret-
rospectively [27–34]. The authors highlighted the lack 
of comprehensive data on women of reproductive age, 
despite the well-established importance of raising serum 
folate levels before pregnancy. Concerning dietary habits, 
Mohd-Shukri et  al. [31] reported that pregnant women 
with very severe obesity exhibited significantly lower 
dietary folate intake; this was also confirmed by Redfern 
and colleagues [32]. Notably, these studies referred to dif-
ferent RNI values regarding folate (600 μg/day vs. 300 μg/
day), even though they were both conducted in the UK 
[31, 32]. Folate is essential for synthesizing nucleic acids 
and amino acids, and it plays a crucial role in cell growth 
and differentiation during the periconceptional period 
[58]. Daily intakes of 800  μg to 5  mg of folic acid from 
supplementations have been linked to an increased risk 
of perinatal mortality and cancer development [59]. 
Therefore, it is crucial to establish precise and consist-
ent guidelines to better provide healthcare professionals 
addressing the dietary needs of pregnant women.

This systematic review included studies from European 
countries that adhered to a policy of voluntary fortifica-
tion. Mandatory fortification has been implemented in 
different non-European countries, such as the USA in 
1998, followed by Canada, Israel, Chile, and others. In 
Europe, the proposal for mandatory fortification has 
been placed forward by the UK and Ireland, which reg-
istered a high incidence of NTDs [60]. Fortification aims 
to contrast folate deficiency, particularly in unplanned 
pregnancies, without replacing periconceptional supple-
mentation. Notably, fortification in the USA has dem-
onstrated a reduction in NTDs incidence by 25–30%, 
approximately 50% of the preventable fraction with folic 
acid [61].

Voluntary fortification is an alternative approach, 
where fortified foods are available on the market and 
promoted by public and private initiatives. However, this 
method requires well-informed citizens and faces chal-
lenges in effectively controlling and monitoring intake 
levels over an extended period [62]. Despite the wide-
spread use of dietary supplements, even among non-
fertile women, concerns have been raised about potential 
excessive FA intake [63]. However, as noted in the pre-
sent systematic review, European pregnant women are 
not particularly adherent to recommendations during the 
period of greatest need [27–34]. All the included studies 
highlighted the influence of different factors on the poor 
adherence of women with obesity to the recommended 
higher dose of FA. These include age, level of education, 
smoking, alcohol consumption, and pregnancy planning. 
Notably, the latter emerges as a pivotal determinant in 
compliance with FA supplementation, particularly dur-
ing the preconception period [29]. From the studies 
conducted so far, it is not possible to make definitive con-
siderations about the pre-pregnancy period due to insuf-
ficient comprehensive data. There is a need to conduct 
longitudinal cohort studies, rather than retrospective 
ones, on a larger sample size using validated and targeted 
questionnaires, to collect a greater quantity of data that 
can be used in clinical practice.

Conclusion
The literature analysis demonstrates that pregnant 
women with overweight/obesity frequently do not 
adhere to current FA supplementation recommenda-
tions. Furthermore, there is an urgent need to standard-
ize the recommendations across European countries. To 
date, the scientific community should: i) conduct higher 
quality clinical trials to ascertain if the highest recom-
mended dose (5  mg) is the most suitable and safe for 
both women with obesity and their offspring; ii) educate 
women of childbearing age, particularly those with exces-
sive weight, on the significance of commencing FA sup-
plementation before pregnancy, as neural tube closure 
occurs around the 28th day of gestation; iii) encourage 
women of childbearing age with obesity to embrace a 
healthy lifestyle and argument the consumption of folate-
rich foods before conception; iv) promote the implemen-
tation of effective food fortification policies with folic 
acid through the active engagement of healthcare pro-
viders, to achieve equitable primary prevention of NTDs 
across countries.

In conclusion, women of childbearing age with excess 
weight should be monitored assessing serum folate, RBC 
folate, and homocysteine levels to gain a better under-
standing of one-carbon metabolism and devise tailored 
supplementation protocols. These improvements should 
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be supported by educational policies involving coopera-
tion among healthcare professionals, medical doctors, 
policymakers, and citizens, to enhance awareness among 
women of childbearing age about their pivotal role in 
supporting health across generations.
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Childhood obesity has emerged as a global health challenge, with

significant long-term health consequences, including an increased risk of

non-communicable diseases. The “first 1,000 days” period of life is a critical

window for shaping long-term health outcomes. This narrative review aims to

explore the role of environmental exposures, categorized within the exposome

framework, in developing childhood obesity. The exposome encompasses

three domains: general external exposures (e.g., air pollution, urbanization),

specific external exposures [e.g., nutrition, physical activity, socioeconomic

status (SES)], and internal exposures (e.g., metabolic responses, oxidative

stress). Evidence identifies risk factors such as maternal smoking during

pregnancy, early-life exposure to endocrine-disrupting chemicals, and air

pollution, which contribute to obesogenic processes. In contrast, protective

factors include access to green and blue spaces, exclusive breastfeeding,

adequate complementary feeding, regular physical activity, limited screen

time, and su�cient sleep, which support healthy growth trajectories. Findings

regarding SES, perfluoroalkyl and polyfluoroalkyl substances exposure, and

human breast milk macronutrient composition remain heterogeneous and

context-dependent. The findings highlight the need to integrate public health

strategies addressingmodifiable environmental and lifestyle factors. Identifying a

“healthy exposome” that protects against obesity risk can steer the development

of personalized prevention strategies, ultimately reducing the burden of obesity

and associated diseases.

KEYWORDS

childhoodobesity, infant nutrition, exposome, gutmicrobiota,maternal lifestyle, human

breast milk

1 Introduction

The prevalence of childhood obesity has risen alarmingly worldwide. In 2022, 159
million children and adolescents were affected by obesity, a rate four times higher than
in 1990 (1). Childhood obesity is strongly associated with an increased risk of early onset
of other non-communicable diseases (NCDs), including type 2 diabetes, cardiovascular
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diseases, and certain cancers, leading to adverse health, economic,
and social consequences (2, 3).

The developmental origins of health and disease (DOHaD)
hypothesis suggests that environmental exposures during critical
periods of early life influence disease risk by altering biological
pathways related to metabolism, inflammation, and energy
homeostasis (4). Preventing childhood obesity has become a global
public health challenge, giving attention to modifiable exposure
factors during critical developmental periods, such as the prenatal
and early childhood stages (5). In particular, the “first 1,000 days”
period, from conception to the child’s second year of age, represents
a crucial window for shaping long-term development and health
outcomes (6, 7).

Particularly, maternal factors, including nutrition, stress,
and exposure to environmental pollutants, can influence fetal
programming, shaping the development of the child’s immune
system, metabolic pathways, and brain function (8). These
exposuresmay induce epigenetic changes and alter gene expression,
impacting long-term health outcomes. The interplay between
maternal exposures and early-life environment highlights the
pivotal role of the “first 1,000 days” in determining lifelong health
trajectories (7, 9).

Consequently, there is an increasing need to investigate
the complex totality of external and internal exposures
that affect the risk of obesity and NCDs from conception
onward (10). Measuring the interaction of different exposures
throughout life is highly complicated and challenging. In
this context, the exposome concept was introduced in
2005, defined as the totality of environmental factors that
potentially influence human health across the lifespan (11).
The “exposome approach” represents a novel perspective
aimed at moving beyond the study of the relationship between
individual environmental factors and health outcomes, by
integrating multiple risk factors and examining their interactions
and potential causal mechanisms related to various health
outcomes (11).

The exposome is divided into three different domains:
(i) general external exposome, encompassing factors such as
social capital, urbanization, air pollution, and climate; (ii)
specific external exposome, which includes aspects such as
nutrition, physical activity (PA), and other lifestyle habits,
as well as social-economic determinants; and (iii) internal
exposome, which involves endogenous biological responses
unique to everyone, including metabolic factors, oxidative stress,
inflammation, circulating blood biomarkers, hormones, and
microbiome (12).

In the context of the “first 1,000 days” of life, the present
review will provide an in-depth analysis of the infant exposome,
categorized according to the domains previously described and
adapted to the following research question.

Specifically, the review aims to identify exposure
determinants associated with an increased risk of obesity
during childhood and to define the characteristics and
components of a “healthy exposome” in early life. The
identification of protective factors may contribute to
the development of effective preventive strategies for
childhood obesity.

2 General external exposome and
childhood obesity

Environmental pollutants, metals, chemicals, such as
endocrine-disrupting chemicals (EDCs), and urbanization
are components of the general external exposome (12). Recently,
research has analyzed both prenatal and postnatal exposure to
environmental factors, focusing on their influence on a higher risk
of developing chronic diseases, including obesity.

2.1 Endocrine disrupting chemicals

Exposure to EDCs during early life seems to have an impact on
the development of obesity, as shown in several original studies as
well as systematic reviews (13).

EDCs include compounds such as bisphenol A (BPA),
phthalates, and perfluoroalkyl and polyfluoroalkyl substances
(PFAS). EDCs primarily originate from industrial processes and
can be found in everyday settings, other than pesticides, clothing
additives, toys, food items (e.g., beverages, cereals, canned food,
and drinks, or labeled fruit), and packaging materials, including
ultra-processed food (13, 14). These compounds can disrupt
the endocrine system’s function, affecting organs such as the
liver, pancreas, and reproductive system, potentially leading
to various health issues, including neurodevelopmental and
metabolic disorders like obesity (13). Particularly, phthalates and
BPA have potential obesogenic effects, especially in vulnerable
populations, including infants (15). Gutiérrez-Torres and
colleagues investigated whether exposure to EDCs during
the prenatal period may affect anthropometric variables and
biochemical parameters in preschool-age children (ages 3-5) (16).
Positive associations have been found in (i) percentage of fat mass,
(ii) body mass index (BMI), (iii) waist circumference, and (iv)
skinfolds. Furthermore, the risk of being overweight persisted
after adjustment for key confounding variables (e.g., maternal
BMI, birth weight, breastfeeding, sex of the child, smoking, and
other environmental exposures). No association was detected
between prenatal exposure and lipid profile or glucose levels in
childhood (16).

In contrast, a recent systematic review and meta-analysis of 13
studies found no statistical association between prenatal exposure
to four different PFAS compounds and BMI fluctuations or waist
circumference in children aged 18 months to 11 years. Notably, the
authors highlight that these results may be influenced by the timing
of exposure and individual vulnerability (17).

These findings were in line with the results of Lin and
colleagues, which reported no significant associations between
prenatal BPA exposure and birth weight, birth length, or head
circumference (18).

Symeonides and colleagues (19) conducted an umbrella review
on both prenatal and postnatal exposures to various chemicals and
their adverse effects on children’s health. They found that exposure
to BPA was linked to insulin resistance, obesity, and hypertension.
Specifically, phthalate compounds were associated with insulin
resistance, elevated blood pressure, and precocious puberty in girls.
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Furthermore, exposure to PFAS was related to an increased BMI
and overweight status (19).

Research on postnatal exposure primarily focuses on children
aged 3–19 years. Notably, Ribeiro et al. (20) found positive
associations between EDCs exposure and several indicators of
overweight or obesity, including BMI and waist circumference,
in children (aged between 6 and 19 years). In particular, the
meta-analysis highlighted a correlation between child exposure
to 2,5-dichlorophenol (2,5-DCP) and obesity (OR = 1.8; CI:
1.1018, 3.184) (20). However, since most of the results are
from observational studies, causality couldn’t be definitively
established (20).

Recent evidence (21) has also identified a positive correlation
between exposure to several phthalate acid ester compounds
(PAEs) and childhood obesity. Studies included were conducted
on children and adolescents aged 3-19 worldwide, including the
United States, China, Iran, South Korea, and Sweden. Strong
associations were found throughout subgroup analysis between
several phthalate metabolites in urinary samples and childhood
obesity, especially in Asia (21). However, the heterogeneity of
the upper tolerable values established by government authorities
worldwide must be considered.

2.2 Air pollution

Current literature on air pollution has examined the risk
of developing obesity, with a focus on exposures during early
childhood and adulthood (22–24). Air pollutants mainly originate
from combustion processes, including vehicular emissions,
industrial activities, and the burning of fossil fuels (23). Although
the mechanism connecting air pollution to a higher risk of obesity
is not completely understood, biochemical processes are widely
recognized as primary contributors. When air pollutants enter the
body through the respiratory system, they can enhance oxidative
stress levels in several tissues. Consequently, the inflammatory
response may result in vascular damage and insulin resistance,
affecting body weight (25). Prenatal exposure to air pollution,
notably fine particulate matter (PM) with a diameter of ≤10mm
(PM10) and PM with a diameter of ≤2,5mm (PM2.5), has been
related to fetal growth restriction (26, 27). Young adults born with
fetal growth restriction (FGR) are at increased risk of experiencing
high blood pressure, reduced kidney function, hypertension,
and cardiovascular complications later in life (28). However, the
effects related to PM exposure on postnatal growth and childhood
obesity remain unclear (29). Shao and colleagues investigated the
impact of PM prenatal exposure on fetal development and its
potential long-term health consequences, showing that prenatal
exposure to PM2,5, PM10, sulfur dioxide (SO2), and ozone (O3)
was significantly associated with reduced fetal biometry at 24
weeks of gestation (GW), with SO2 having the most pronounced
effect (26). At GW36, exposure to air pollution continued to
negatively affect fetal size, although the effects were less significant
compared to the earlier stage of pregnancy. Fetuses in the highest
exposure quartile registered intrauterine weights that were 6.3%
lower at GW24 and 2.1% lower at GW36 than those in the lowest
quartile (26). However, no significant difference in birth weight

was observed, suggesting that rapid growth occurred during the
third trimester to offset earlier growth restrictions (30). Mergetaki
et al. (29) examined the association between prenatal air pollution
exposure and obesity-related parameters in children by analyzing
data from 633 mother-child pairs. Prenatal exposure to PM was
not associated with adiposity at 4 years of age. However, increased
prenatal exposure to PM2.5 and PM10 was linked to a higher risk of
obesity (OR = 1.15; 95% CI: 1.01–1.31, p = 0.04) and abdominal
obesity (OR = 1.18; 95% CI: 1.03–1.35, p = 0.03) at 6 years,
respectively (29).

Recently, Zheng et al. confirmed findings from previous
research in their systematic review, emphasizing several key factors
(e.g., duration of exposure, geographic region, country’s level of
development) that influence the relationship between exposure to
air pollution and childhood excessive weight. The study found that
short-term exposure (<1 year) and long-term exposure (1 year or
more) to PM2.5 had different effects on the risk of being overweight
and obesity, with an OR of 1.18 (95% CI: 1.09, 1.27) (24).

Considering geographic differences, PM2.5 exposure
significantly increased the risk of being overweight and obese
in Asia, with an OR of 1.19 (95% CI: 1.10, 1.28). However, studies
conducted in America and Europe did not find significant results.
Moreover, when assessing the risk of overweight or obesity,
developing countries exhibited a higher risk than developed
countries for all pollutants considered (24).

Among the various pollutants examined, PM1 showed
a significant negative impact on the development of
overweight/obesity and BMI increase (24).

2.3 Urbanization

A further significant component of the general external
exposome is urbanization, a global phenomenon that involves
population growth and densification in urban areas (31). The
extension of developed areas leads to greater environmental
challenges, such as increased traffic congestion, higher levels of
air and noise pollution, exacerbation of the urban heat island
effect, and the depletion of accessible green and blue spaces (31).
In this context, several systematic reviews investigated the role of
Nature-based Solutions (NbS) on human health (32).

Currently, scientific literature lacks systematic reviews and
meta-analyses that specifically address the role of prenatal exposure
to green spaces. Consequently, our analysis draws upon alternative
study designs. Heo et al. conducted a prospective cohort study in
New York City, examining the effect of residential green space
exposure on birth outcomes such as preterm birth (PTB), birth
weight, and estimated fetal weight (EFW) (33). They found that
although green space exposure did not significantly affect birth
weight or EFW, greater exposure was associated with a reduced risk
of PTB, suggesting potential benefits for fetal maturity and neonatal
health beginning from the gestational period (33). Similarly, Toda
et al., in an analysis of 11 European birth cohorts, reported
that increased residential green space exposure was linked to
higher birth weight and lower odds of being small for gestational
age (SGA), with increased effects observed in more deprived
populations (34). Furthermore, Marteines and colleagues explored
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the consequences of prenatal environmental exposures on BMI
from birth to 24 months, finding that access to green spaces during
pregnancy was associated with lower BMI z-scores at 24 months
in a cohort of predominantly lower socioeconomic status (SES)
participants (35).

Concerning postnatal exposure, a systematic review and meta-
analysis showed that living in rural areas is associated with a higher
prevalence of childhood obesity compared to children residing in
urban areas of the United States. The meta-analysis (n = 74,168
participants aged 2–19) found that rural children have 26% higher
odds of living with obesity compared to their urban counterparts
(OR= 1.26; 95% CI: 1.21-1.32) (36).

The authors highlighted the obesity disparity between urban
and rural children; however, the mechanisms driving these
differences remain unclear (36). Previously Dunton and colleagues
have documented comparable results, emphasizing the association
between neighborhood characteristics, urban sprawl, and obesity
outcomes among adolescents. Specifically, adolescents residing
in rural, exurban, and mixed urban areas exhibited a higher
likelihood of being overweight compared to their counterparts
living in newer suburban, older suburban, and inner-city
regions (37).

In contrast, recent evidence suggests that residing in urban
areas is a significant risk factor for developing obesity. Specifically,
children living in urban regions, particularly in the southern and
northern areas of Mexico, registered higher rates of overweight
and obesity compared to their counterparts in rural areas, as
well as those in Mexico City and the central regions (38). Street
connectivity, residential density, access to green spaces, public
transportation, sidewalks, fast-food restaurants, and fresh markets
are factors within urban areas that may have a significant role in the
onset of childhood obesity (39, 40).

A recent meta-analysis comprising 457 studies revealed
that most built environmental factors were inversely associated
with childhood obesity. Specifically, access to green spaces was
associated with increased PA and reduced screen time (38).
Furthermore, access to food outlets, excluding convenience stores
and fast food, was also correlated with healthier dietary behaviors.
In contrast, greater proximity to fast-food restaurants was linked to
higher consumption of ultra-processed foods, contributing to the
creation of an obesogenic environment (41).

The built environment, such as transportation infrastructure
and recreational facilities, may influence individual behaviors,
potentially leading to reduced PA and increased obesity rates
among children and adolescents (40). According to recent results,
green and blue spaces play a significant role in promoting
PA and influencing eating behaviors among children under 18
years old from various countries, including New Zealand, the
UK, the USA, the Netherlands, Canada, Turkey, and Germany.
Green spaces encompass parks, sports fields, playgrounds, nature
reserves, and open picnic areas, while blue spaces include lakes,
rivers, canals, and waterfronts. Green and Blue Spaces (GABS)
provide safe environments for children to socialize and engage
in lengthy and enjoyable PA. Additionally, the creation of
school and home gardens has a positive impact on children’s
attitudes toward eating vegetables, thus promoting healthier dietary
habits (39).

2.4 Climate change

The decline in the nutritional quality of food due to rising
CO2 levels and increasing global temperatures has significant
implications for human health, particularly through the
exacerbation of hidden hunger. The reduction of essential
micronutrients such as iron, zinc, and protein in staple crops
like wheat, rice, and maize (42, 43) contributes to widespread
deficiencies, potentially affecting hundreds of millions of people
by 2050 (44–46). Hidden hunger, a condition in which individuals
consume sufficient calories but lack essential nutrients, is
expected to increase by 10% due to climate-driven decreases
in nutrient bioavailability (47). Additionally, extreme weather
events and high ambient temperatures further compromise
agricultural productivity, reducing protein content and overall
crop yields (48–50).

These nutritional deficits are compounded by environmental
contaminants, as climate change enhances the bioaccumulation
of heavy metals like arsenic in food crops, particularly rice,
leading to toxic effects on the gut microbiota (51, 52). Warmer
waters similarly diminish omega-3 fatty acid concentrations in
marine food webs, weakening their beneficial effects on gut
health and immune function (53). Beyond direct dietary impacts,
prolonged exposure to heat stress increases gut permeability,
disrupts microbial balance, and promotes systemic inflammation,
heightening susceptibility to gastrointestinal disorders such as
inflammatory bowel disease (54–56). Furthermore, extreme
temperatures exacerbate malnutrition in vulnerable populations,
particularly children in low- and middle-income countries,
where dysbiotic gut microbiota may persist despite nutritional
interventions (57).

Breastfeeding patterns may be altered under high heat stress,
influencing early-life gut microbiome development and potentially
reinforcing health disparities (58–60). The interplay of these factors
underscores the urgent need for climate-resilient agricultural
strategies, biofortification efforts, and microbiota-targeted
interventions to mitigate the long-term health consequences of
climate change on human nutrition and gut health.

3 Specific external exposome and
childhood obesity

During the “first 1,000 days” feeding practices, maternal
substance consumption, and infant lifestyle factors are key
components of the specific external exposome and may affect the
risk of childhood obesity (61–63).

3.1 Infant feeding practices

Concerning the role of breastfeeding, several studies support
the evidence that exclusively breastfed infants are at lower risk of
accumulating excessive fat mass and experiencing overweight and
obesity, in comparison with formula-fed infants (64, 65).

This protective effect can be attributed to the unique
composition of human breast milk (HBM), which contains
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metabolic hormones, bioactive molecules, and essential nutrients
(66, 67). For example, leptin, ghrelin, growth factors, and hormones
play a crucial role in regulating children’s food intake and energy
balance, controlling appetite, glucose, and lipid levels (68).

Human milk oligosaccharides (HMOs), which are highly
concentrated in HBM, promote the growth of beneficial gut
bacteria and may influence infant development, including weight
gain and body composition (69). A recent systematic review
conducted by Zheng et al. (68) summarized findings from
27 studies to assess the association between breastfeeding and
BMI trajectory changes over time between childhood and
adulthood. Findings revealed that breastfeeding, whether exclusive
or combined with formula feeding, is associated with lower BMI
trajectories compared to exclusively formula-fed infants (68).
Moreover, the WHO conducted a study on 16 European countries
to examine the relationship between different feeding practices, and
children’s body weight. The results showed a clear protective effect
of exclusively breastfeeding, reducing the risk of obesity by 25%.
On the other hand, an increased risk of 22% was observed among
exclusively formula-fed infants (70, 71). The study also highlighted
the influence of breastfeeding duration on the risk of obesity,
showing that children breastfed for<6months had a 12% increased
risk (70, 71). However, a systematic review published in 2023
revealed conflicting evidence regarding the composition of HBM
and the subsequent risk of obesity (72). The review investigated the
role of hormones present in HBM, such as leptin, adiponectin, and
insulin, in relation to the risk of later obesity, finding heterogeneous
results. Additionally, the association between the macronutrient
composition of HBM and the risk of subsequent obesity or body
composition was examined, with only one study identifying that a
higher fat percentage in HBM was associated with lower adiposity
at 12 months, while a higher carbohydrate percentage was linked
to increased adiposity at the same age, independent of other
factors (72).

These findings emphasize the need for a better understanding
of the mechanisms supporting the protective effects of
breastfeeding against later obesity and highlight the necessity
for further research in this area (72).

3.1.1 Human breast milk as a vehicle of EDCs and
nicotine

Although HBM represents the primary and healthiest
nutritional source, it may also serve as a significant vehicle for
environmental pollutants and various harmful substances, such
as EDCs, and nicotine (73, 74). Vulnerable groups including
fetuses, infants, and children, may face greater susceptibility to
environmental chemicals due to differences in toxicokinetics,
resulting in an elevated risk of childhood diseases (75). In
2022, Iribarne-Durán et al. published the first results about the
concentrations of some EDCs in HBM (73), suggesting that
the entero-mammary circulation facilitates the transfer of these
chemicals, as certain EDCs can cross the gut barrier, enter the
bloodstream, and reach the mammary glands, subsequently
appearing in HBM (76) and potentially exposing the infant
to harmful effects (77). A recent study conducted by Vacca
et al. investigated the association between maternal urinary

concentration of EDCs and the gut microbiota composition of
20 breastfed infants, at four time points. The authors identified
that maternal EDCs exposure impacts the infant’s gut microbiota
and potentially influences the risk of metabolic and inflammatory
diseases including obesity (78).

Early-life exposure to smoking was also found to be associated
with childhood obesity (79, 80). Specifically, nicotine quickly
transfers into HBM, potentially harming an infant’s development
and health (79, 80).

Exposure to tobacco smoke during pregnancy and lactation
has been linked to changes in the macronutrient composition of
HBM. This may be due to the accumulation of toxic substances in
the adipose tissue of the mammary glands, potentially disrupting
lactogenesis and lipid synthesis (81).

In this regard, a systematic review conducted by Macchi et al.
revealed that breastfed children of smoking mothers have reduced
lean body mass and an increased risk of developing obesity within
their first year of life (81). Moreover, tobacco exposure leads to a
significant rise in thiobarbituric acid reactive substances (TBARS)
levels, a marker of lipid peroxidation, and a reduction in trolox
equivalent antioxidant capacity (TEAC), a measurement of total
antioxidant capacity, within both colostrum and mature milk. In
response to the increased reactive oxygen species (ROS) induced
by tobacco smoke, there is a corresponding upregulation in the
activity of antioxidant enzymes (82). These oxidative changes may
contribute to the alterations observed in breast milk composition
and potentially impact infant health (82). Several studies have also
shown that nicotine not only passes through HBM but also crosses
the placenta (83).

As a result, exposure to maternal or paternal smoking during
pregnancy has been identified as a risk factor for the development
of early overweight (83). A meta-analysis of 229,000 births showed
that children from mothers who smoked during pregnancy had
an increased risk of developing overweight [OR 1.42 (1.35–1.48),
P-value <0.001] compared to children from no-smoking mothers.
Noteworthy, paternal tobacco consumption was also assessed,
revealing an association with a higher risk of childhood overweight,
independently of maternal smoking habits (83). A study conducted
by Srivastava et al. (79) revealed high rates of obesity in children
exposed to parental smoking with the association being stronger
with maternal smoking than with paternal smoking (79). This
was confirmed in another study conducted by Cummings et al.
(80), where the authors identified that a family history of nicotine
use, and alcohol consumption was accompanied by an increased
reward-driven eating in their children. Such behaviors may later
lead to overweight and obesity, since children may eat more for
pleasure rather than for satiety (80).

3.1.2 Complementary feeding
The transition from exclusive breast milk feeding to solid foods

also plays a significant role in children’s weight change, based on the
timing of its introduction as well as its composition (71, 84, 85). The
complementary feeding period is essential for providing children
with safe and nutrient-dense foods and preventing overweight and
obesity, as well as influencing their future dietary preferences (85).
Early introduction of complementary feeding, before 6 months
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of age, was shown to be associated with an increased risk of
obesity (84). According to WHO and UNICEF recommendations,
exclusive breastfeeding for the first 6 months of life must be
followed by continued frequent or on-demand breastfeeding,
combined with complementary feeding up to 2 years of age (71,
85). Caregivers play an essential role in protecting their infants
and toddlers from the risk of excessive weight gain by providing
them with an age-appropriate complementary diet, that is rich in
nutritive value and includes a variety of foods from all food groups.
This diet should be low in saturated fats, and trans fats and totally
free from added sugars and salt (85). In this regard, a systematic
review andmeta-analysis was conducted by Rousham et al. to assess
the impact of consuming unhealthy foods and beverages on the risk
of overweight and obesity in children aged 10.9 years or below, in
comparison with no or lower consumption levels (86). This review
found a positive association between the consumption of sugar-
sweetened beverages and both BMI level and body fat percentage,
whereas artificially sweetened beverages or 100% fruit juice, had a
low or no impact on BMI levels. On the other hand, unhealthy foods
including ultra-processed items were found to increase BMI levels
and obesity risk (86).

3.2 Children’s lifestyle

Children’s lifestyle is a significant component of early-life
exposome that can impact body weight (87). Regarding daily screen
time, the systematic review and meta-analysis conducted by Fang
et al. (63) revealed that screen time ≥2 h per day was more
strongly associated with an increased risk of overweight/obesity
compared to screen time of <2 h per day. Additionally, the analysis
showed that specific types of screen time, such as TV viewing
and computer use, were more strongly linked to overweight and
obesity than total screen time. Many existing studies have focused
on the impact of a single type of screen time, which may not fully
capture the overall effects of screen time on childhood obesity.
Therefore, it is important to differentiate between the effects of
different types of screen time when assessing their influence on
childhood obesity. As recommended by WHO, children under
5 years old should limit sedentary behaviors, including screen
time and prolonged periods spent in their strollers or chairs,
ensure adequate sleep duration, and engage in active play to
achieve healthy growth from the beginning of their lives and
prevent childhood obesity and its related consequences (87). PA
level must be incorporated in the child’s daily routine, whether
at home, in the nursery, or at school (88). Together with the
quality of complementary feeding, PA can maintain energy balance
and reduce the risk of overweight and obesity (88). It could be
influenced by different factors including weather conditions (hot
or cold degrees, wind speed, and precipitation (89, 90). A recent
systematic review conducted by Jia et al. (89) showed that high
and low temperatures were significantly linked to reduced daily
PA levels among children (89). Another longitudinal prospective
cohort study conducted on 372 children aged 3 years and followed
for 5 years, showed that precipitation, wind speed, higher heating
and cooling degrees than the average temperature, were associated
with a decreased PA level (90). Apart from PA, sleep duration

was also found to have a link with the risk of overweight and
obesity. As demonstrated in the systematic review conducted by
Morrissey et al. (91) a strong negative association was detected
between insufficient sleep duration and increased weight status in
primary school-aged children (91).

3.3 Socioeconomic status

Another important determinant of the specific external
exposome is represented by the SES, recognized as a significant
determinant of numerous adverse health outcomes, including
obesity as obesity prevalence is inextricably related to the degree
of relative social inequality (92). Although children do not
have their own SES, recognized contextual factors include the
parental sociodemographic characteristics (e.g., age and sex, race or
ethnicity, SES) as a proxy for a child’s SES level (93). Recent research
categorized contextual factors to the child, parents, or family (e.g.,
sex, age, race, or ethnicity) and various SES metrics (e.g., annual
family income, education level and/or employment of parents,
health insurance coverage, and eligibility for free school lunch
program) to investigate whether these factors serve as moderators
in the relationship between parental stress and childhood obesity
(93). Results revealed that parenting role stress may be associated
with unhealthy practices such as children’s unhealthy food intake,
including consumption of fast foods, emotional overeating, screen
time, and low PA levels (93). In this regard, recent studies have
shown that dietary practices, sleep time, and level of PA in children
aged 6-12 years living in the Pacific Region play a significant
role in the development of overweight and obesity. Moreover,
SES and food availability, parenting practices, and education level
contribute to children’s weight status (37, 94). Concerning the
educational level of the family, while current literature does not
directly address its relationship with childhood obesity, findings
suggest that socioeconomic factors and parenting practices, which
may be influenced by educational attainment, may play a significant
role (94, 95). Bertrand and colleagues identified that the education
level of caregivers was a key determinant of children’s weight status,
with higher caregiver education associated with a greater likelihood
of childhood obesity in certain contexts. However, these findings
are in contrast with other data, where an inverse association was
registered between fathers’ educational attainment and daughters’
adiposity (94). Recently, Alruwaii conducted a systematic review
examining the impact of both parents’ educational levels on
childhood obesity and overweight in Middle Eastern and North
African countries, emphasizing the interaction between SES and
metabolic health outcomes (95).

Although family-based SES indicators include several
parameters, such as parental education level, occupation, living
conditions, size of family, family income, and type of medical
insurance, SES emerged as one of the most investigated parental
factors. McGillivray and colleagues have reported a positive
association between SES and BMI in children with intellectual or
developmental disability; however, other research did not find a
significant statistical association (96).

SES may also influence dietary habits among children. Notably,
findings by Avery and colleagues examined the associations
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between TV viewing while eating and children’s diet quality
(97). Four studies in their systematic review identified an
association between low SES and increased likelihood of eating
while watching TV (p ≤ 0.01), highlighting the need for
educational programs targeting parents, especially those with low-
socioeconomic backgrounds (97).

In this context, nutritional education intervention may play
a significant role in the prevention and treatment of obesity,
mostly during early life. Recently, Spiga and colleagues collected
data to explore the effectiveness of educational interventions
focused on dietary and/or PA aimed at preventing childhood
obesity, depending on factors related to health disparities, such
as SES (98). Exploratory analyses of 55 studies targeting low-
SES populations found no evidence suggesting that obesity
prevention interventions are less effective in children from lower
socioeconomic backgrounds (98).

Current literature also explores the role of the neighborhood
environment on childhood obesity onset. A systematic review
examined the neighborhood environment and obesity risk among
urban, low SES Black and Hispanic children (99). Among the 24
included studies, 16 reported an association between neighborhood
SES and BMI for the overall study population. These primarily
investigated the relationship between neighborhood SES and BMI
as measured by neighborhood income or a composite SES measure.
These composite indicators integrate various SES-related factors,
such as educational attainment, employment status, household
income, and financial wellbeing, to generate a single score (100).
While four studies found no association between composite SES
and BMI, one study identified an inverse relationship. Similarly,
three studies showed no association between neighborhood income
and BMI, while five studies reported an inverse relationship (99).

4 Internal exposome and childhood
obesity

The internal exposome comprises a plethora of biological
responses occurring within the human body due to exposure to
external stimuli (101). Metabolic processes that begin in childhood
can increase the risk of obesity and other long-term health
complications (102).

4.1 Exposure to chemical compounds

Considering exposure factors related to the general external
exposome, the activation of the PPARs pathway has been
implicated in the metabolic effects of phthalates and BPA
exposures, which can enhance the risk of obesity by interfering
with several pathways. In particular, these chemicals may (i)
disrupt adipogenesis by inducing ROS species production, which
can interfere with the normal differentiation of adipocytes; (ii)
increase the number and size of adipocytes by regulating genes
involved in adipogenesis; (iii) alter epigenetic pathways during
development, which increases susceptibility to obesity; (iv) disrupt
neuroendocrine signals involved in appetite and satiety pathways;
(v) foster a proinflammatory environment in adipose tissue,
leading to chronic low-grade inflammation; (vi) disrupting the

gut microbiome and immune system balance; and (vii) impair
the function of thermogenic adipose tissue (103–105). Recent
evidence found that phthalates and BPA can pass through
HBM, potentially affecting infant health (106, 107). In particular,
high molecular weight phthalates and di(2-ethylhexyl) phthalate
(DEHP) metabolites have been also linked to increased visceral
adipose tissue (VAT) mass and higher Android-to-Gynoid (A/G)
ratio in adolescents (108).

A significant association has been observed, with 5-fold
increases in phthalate metabolites correlating to 21.7% and 18.0%
greater VAT mass, respectively (106). Additionally, recent studies
have investigated the role of per- and polyfluoroalkyl substances
(PFAS) in childhood obesity. A systematic review andmeta-analysis
of 13 studies found no strong evidence of a direct association;
however, an inverse relationship was suggested between postnatal
PFAS exposure and BMI z-score. The limited number of studies
available on this topic warrants the need for further investigation
(17). In summary, exposure to environmental factors during both
the prenatal period and early life can disrupt key metabolic
pathways, affecting adipogenesis, lipid and glucose metabolism,
gut microbiota homeostasis, and growth trajectories, with long-
term implications for a child’s health, including a higher risk of
developing obesity. The interaction between genetic susceptibility,
environmental exposures, and early-life exposure factors, such as
breastfeeding, offers new insights into the complex mechanisms
driving obesity risk.

4.2 Infant feeding practices

Referring to the specific external exposome, the type of infant
feeding is an important factor influencing the risk of childhood
obesity. Exclusive breastfeeding until the age of 2 is strongly
recommended as a protective factor for the risk of obesity in
children (109, 110). Research indicates that this practice may affect
obesity-related gene expression, including fat mass and obesity-
associated gene (FTO), Nuclear Respiratory Factor 1 gene (NRF1),
and Leptin Receptor gene (LEPR), through epigenetic processes
such as DNA methylation and regulation of CpG island loci (111).
Studies have demonstrated that breastfeeding delays the onset of
adiposity peaks and rebounds, helping to prevent excessive weight
gain, particularly in children with a genetic predisposition (112,
113).

The FTO gene is essential for cell proliferation and
differentiation through the PI3K/Akt signaling pathway; it
also interacts with AMP-activated protein kinase (AMPK) and
the PI3K/AKT/mTOR pathways, which are key regulators of
energy metabolism (113). Recent research has emphasized the
contribution of the FTO gene, especially its polymorphism, in
promoting increased BMI and adiposity in children (114, 115).
A study conducted by Wu and colleagues revealed that exclusive
breastfeeding up to 5 months significantly reduces the risk of
obesity in children carrying the FTO rs9939609 risk allele. The
study further indicated that breastfeeding postpones the age at
which peak fat mass and fat accumulation occur. Specifically,
breastfed children experienced a delay of 2–3 months in reaching
their peak fat compared to non-breastfed children, with girls
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showing a delay of up to 6 months. At age 15, the adolescents
exhibited a predicted BMI reduction of 0.56 kg/m² for boys
[CI 95%:0.11–1.01; P = 0.003] and 1.14 kg/m² for girls [CI
95%:0.67–1.62; P < 0.0001] (116). These findings highlighted
the role of exclusive breastfeeding in mitigating up to 39–70%
of genetic obesity risk, particularly in children characterized by
high genetic risk scores (116). Also, Verier et al. highlighted the
significant interaction between breastfeeding and polymorphisms
of the peroxisome proliferator-activated receptor γ (PPAR-γ) gene
concerning childhood obesity. Prolonged breastfeeding in children
with the high-risk variant Pro12Ala phenotype led to reduced
BMI, waist circumference, and skinfold thickness compared
to formula-fed children (117). However, for children with the
non-high-risk Pro12Pro phenotype, breastfeeding duration had
no significant effect on obesity-related indicators (117). The
human PPAR genes are involved in regulating lipid and glucose
metabolism, lipid storage, and insulin sensitization. Given the
gene’s role in macronutrient metabolism, the PPAR signaling
pathway has become a focal point in obesity research, particularly
in elucidating the interactions between environmental exposure
and gene expression (118).

4.2.1 Complementary feeding
The introduction of solid foods represents a significant

milestone in the development of various infant physiological
systems, including the gastrointestinal tract, gut microbiota, and
immune system (119). Evidence suggests that initiating solid food
consumption at approximately 5–6 months of age may correlate
with a reduced risk of greater BMI. However, systematic reviews
have emphasized the need for additional prospective studies to
better assess the differences between the introduction of solid
food and exclusively breastfed, formula-fed, or mixed-fed infants
(120, 121). Additionally, the dietary pattern adopted during the
introduction of solid foods is particularly relevant, as it can
influence behavioral outcomes and molecular pathways that may
affect the risk of obesity (122). In fact, in their Randomized
Controlled Trial (RCT) including healthy, full-term formula-fed
infants, Tang et al. (123) demonstrated that the z-score for length-
for-age significantly increased in the group of children with higher
consumption of meat (+0.33 ± 0.09; P = 0.001 over time),
whereas it decreased in the dairy group (−0.30 ± 0.10; P = 0.0002
over time). Moreover, the z-score for weight-for-length increased
significantly in the dairy group (0.76 ± 0.21; P = 0.000002 over
time) compared to the meat group (0.30± 0.17; P= 0.55 over time)
(123). Although theWHO guidelines recommend daily or frequent
consumption of animal-source foods such as meat, poultry, fish, or
eggs due to their high nutrient density, providing easily digestible
proteins, several studies and systematic reviews have shown that
higher protein intake before the age of 2 is related to accelerated
growth trajectories and increased risk of higher BMI later in
childhood (124, 125). According to the early protein hypothesis,
high protein intake during lactation and complementary feeding
is thought to stimulate insulin and insulin-like growth factor
(IGF) secretion, which can promote fat accumulation by enhancing
adipogenesis and adipocyte differentiation (126, 127). However,
other research has found no significant differences in IGF-I

levels among infants consuming varying amounts or sources of
protein, indicating that other mechanisms may occur (123). The
development of gut microbiota is a complex process, beginning at
birth and influencing long-term health. A first factor implicated
in the development of the intestinal microbiota of a newborn
is the mode of delivery, i.e., natural birth or c-section, followed
by the immediate feeding method, i.e., breastfeeding or formula
feeding. This sequence of events and future feeding habits is
crucial for the long-term development of the intestinal microbiota.
The infant gut is initially colonized by facultative anaerobes,
such as Staphylococcus, Streptococcus, Enterobacteriaceae, and
Lactobacillus, which create an environment suitable for obligate
anaerobes like Bifidobacterium, Clostridium, and Bacteroides to
thrive (128, 129). Maternal milk, with its nutritional and bioactive
components, fosters the optimal microbial growth in the infant
gut, influencing both the microbiota’s composition and immune
system development.

Therefore, the introduction of semi-solid and solid food
significantly alters the composition of the gut microbiota,
contributing to its maturation and diversification (130). During
this transition, the abundance of milk-related bacteria, such as
Bifidobacterium and Enterobacteriaceae, decreases, while bacteria
such as Bacteroides and Firmicutes, which preferentially digest
fibers and complex carbohydrates, increase (131). Comparisons
of different dietary patterns revealed that children following a
Mediterranean Diet (MD) exhibited greater intestinal microbial
diversity and a higher abundance of beneficial taxa, such as
Coriobacteriaceae, which can metabolize polyphenols, particularly
abundant in the MD (130). Recent research has increasingly
highlighted the role of the gut microbiota as a key mediator in the
development of obesity, particularly during early life (132). Bacteria
from the Firmicutes and Bacteroidetes phyla are closely linked to the
regulation of energy metabolism. A dysbiotic microbiota can lead
to reduced production of short-chain fatty acids (SCFAs), which
may promote systemic inflammation and, consequently, insulin
resistance and visceral fat accumulation (130, 133).

A fiber-based diet favors SCFA-producing bacteria implicated
in obesity and in the regulation of intestinal endocrine signals,
influencing glucose and lipid metabolism. Furthermore, SCFAs are
implicated in the regulation of oxidative metabolism and insulin
sensitivity in the liver and adipose tissue, thus managing to improve
obesity, determining the reduction of metabolic endotoxemia and
inflammation (134, 135). SCFAs play a crucial role in preserving the
integrity of the barrier, and Bacteroides thetaiotaomicron, through
the production of acetate and propionate, regulates the production
of mucin; therefore, the balance of the intestinal mucosa (136).

4.3 Maternal smoking habits

Moreover, the maternal smoking habit during pregnancy can
affect the risk of excessive weight gain during early life. Peng
and colleagues demonstrated that infants exposed to maternal
smoking during gestation had higher BMI z-scores at 3 years
of age than those who were not exposed (Model 3: β = 0.28,
CI: 95%; 0.06–0.49). They were significantly more likely to be
affected by obesity at 3 years of age (Model 3: OR 1.78, CI: 95%;
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TABLE 1 Summary of the main results of the studies included.

Infant exposome
domains

Exposure
factors

Study design References Main results of the studies

General external exposome Air quality Analysis from a
longitudinal cohort
study (29)

Margetaki et al. (29) • Exposure to PMs in utero was not associated with measures
of adiposity at 4 or 6 y (29);

• Higher exposure to PM10 during pregnancy, combined
with maternal consumption of <5 servings of FV/day was
associated with increased BMI (beta 0.41 kg/m2 , 95% CI:
−0.06, 0.88, p-interaction = 0.037) and increased WC (beta
0.83 cm, 95% CI: −0.38, 2.05, p-interaction = 0.043) in
children at 6 years (29);

• Higher exposure to PM2.5 during pregnancy, combined with
maternal consumption of <5 servings of FV/day were
associated with increased fat mass (beta 0.5 kg, 95% CI: 0.0,
0.99, p-interaction= 0.039) and percentage of body fat (beta
1.06%, 95% CI:−0.06, 2.17, p-interaction= 0.035) in
children at 6 years (29).

Systematic review and
meta-analysis (25)

Huang et al. (25) • Higher exposure to air pollutants was significantly associated
with higher obesity risk [OR = 1.12 (95% CI: 1.06-1.18)
for PM10 , OR = 1.28 (95% CI: 1.13-1.45) for PM2.5 , OR =

1.41 (95% CI: 1.30-1.53) for PM1 , and OR = 1.11 (95% CI:
1.06-1.18) for NO2] (25);

• Each 10 µg/m3 increment in pollutant concentration was
associated with BMI increases of+0.08 kg/m² (95% CI:
0.03-0.12) for PM10 ,+0.11 kg/m² (95% CI: 0.05-0.17) for
PM2.5 , and+0.03 kg/m² (95% CI: 0.01-0.04) for NO2 (25).

Systematic review and
meta-analysis (17)

Frangione et al. (17) • No evidence of a positive association was found between
prenatal PFAS exposure and pediatric obesity (17);

• Prenatal PFAS exposure was not statistically associated with
BMI or WC, whereas postnatal exposure showed inverse
associations (17).

Analysis from a
longitudinal cohort
study (26)

Shao et al. (26) • Prenatal exposure to PM2.5 , PM10 , SO2 , and O3 was
associated with reduced fetal biometry, specifically at GW24
(SO2 strongest effect:+10µg/m3 femur length−2.20mm,≈
−5.3%). Effects persisted but were attenuated at GW36 (26);

• No differences in birth weight were registered, indicating
rapid catch-up growth in the 3rd trimester (26).

EDCs Analysis from a
longitudinal cohort
study (108)

Webb et al. (108) • 5-fold increase in HMW (%BF: +2.86 units, 95% CI: 0.69–
5.03; % of VAT+21.7%, 95% CI: 10.5–33.9) and DEHP
(% of BF: +2.69 units, 95% CI: 0.66–4.72; VAT:) exposure
was associated with increased %BF and VAT (+18.0%, 95%
CI: 7.72–29.2) in adolescent males (108)

• 5-fold increase in LMW exposure was associated with
increased %BF (+2.01 units, 95% CI: 0.05–3.98), VAT
(+9.38%, 95% CI: 0.01–19.6), VAT (+9.38%, 95% CI: 0.01–
19.6) and A/G ratio (+0.03, 95% CI: 0.00–0.07) in adolescent
males (105);

• No significant associations in adolescent females (108).

In vitro study (104) Longo et al. (104) • BPA induces hypomethylation of the Pparγ promoter and
transient gene activation (p < 0.05) (104);

• BPA stimulates transient lipid accumulation and
inflammation, both reversible (p < 0.01; proinflammatory
cytokines Il6, Ifnγ, Tnfα, Mcp1, Il1β increased during
exposure, normalized after BPA removal) (104);

Systematic review
(105)

Naomi et al. (105) • BPA exposure was associated with lower abundance of
Bifidobacterium spp. (4.2% vs. 7.8%, p < 0.01) and
Clostridium Cluster XIVa (6.5% vs. 10.3%, p < 0.05), lower
SCFAs production (1.8 vs. 3.5µmol/g, p< 0.01), and a higher
abundance of Proteobacteria (9.2% vs. 3.7%, p < 0.01) (105);

• Sex-dependent differences were observed: males had higher
Bacteroides,Mollicutes, Prevotellaceae, and Akkermansia,

while females had higher Lachnobacterium and
Prevotella (105).

Urbanization Systematic review and
meta-analysis (36);

Johnson et al. (36) • Across 10 studies (five in meta-analysis, n= 74,168
children, 2–19 years), rural residence was consistently
associated with higher obesity prevalence. Pooled data
showed 26% greater odds of obesity in rural vs. urban
children (OR= 1.26; 95% CI: 1.21–1.32) (36);

(Continued)
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TABLE 1 (Continued)

Infant exposome
domains

Exposure
factors

Study design References Main results of the studies

Nbs Cross-sectional
analysis from a
longitudinal cohort
study (33)

Heo et al. (33) • Prenatal greenspace exposure (EVI, park number) was linked
to a reduced risk of preterm birth (Q2 OR = 0.65; Q3 OR =

0.51; Q4 OR= 0.56 vs. Q1) (33).
• No significant associations were found with the terms low

birthweight, birthweight, or estimated fetal weight (33).

Cross-sectional
analysis from 11
cohort studies (34)

Torres Toda et al.
(34)

• An IQR increase in residential surrounding greenspace
(100m, 300m, 500m) was associated with lower odds of
SGA (OR = 0.87, 95% CI: 0.83–0.92; OR = 0.87, 95% CI:
0.82–0.91; OR= 0.86, 95% CI: 0.81–0.90) (34);

• Greater residential distance to greenspace increased SGA
risk (OR= 1.07, 95% CI: 1.02–1.12). Associations for
accessibility to GABS exposure were close to null (34).

Climate Meta-analysis (42) Myers et al. (42) • CO2 (546–586 ppm) significantly decreased nutrient
concentrations: wheat grains showed −9.3% zinc (95% CI:
−12.7 to −5.9), −5.1% iron (95% CI: −6.5 to −3.7), and
−6.3% protein (95% CI: −7.5 to −5.2), while rice showed
−7.8% protein (95% CI:−8.9 to−6.8) (42);

• Reductions in zinc and iron were observed across other C3
legumes and grasses, whereas C4 crops were minimally
affected (42).

Analysis from a
longitudinal cohort
study (58)

Part et al. (58) • Each +1 ◦C increase in daily mean temperature was
associated with −2.3 min/day BF (95% CI: −4.6 to 0.04)
and +0.6 min/day childcare (95% CI: 0.06–1.2). During the
hottest vs. coolest periods, women breastfed ∼25 min/day
less. Odds of exclusive BF in very young infants (0–3months)
decreased with higher temperature (OR = 0.88; 95% CI:
0.75–1.02) (58).

• No associations were found in exclusively breastfed infants
at 3–6 months or for supplementary feeding at 6–12
months (58).

Specific external exposome Breastfeeding Systematic review
(110)

Kumari et al. (110) • Protective effect of prolonged BF on excess child body
weight (110).

Analysis from a
longitudinal cohort
study (111)

Lin et al (111) • Lower risk of EAR in children breastfed for > 4 months
(adjusted RR= 0.80, 95% CI: 0.73-0.87, p <0.001) (111).

Analysis from a
longitudinal cohort
study (112)

Wu et al. (112) • Delayed AR in girls: 5 months EBF associated with +0.64
years (GRS 2.5), +0.53 years (GRS 5.0), +0.44 years (GRS
7.5); p < 0.05 (112);

• Delayed AP: 5months EBF associated with+0.21 years (GRS
5.0), +0.25 years (GRS 7.5) in boys and +0.14 years (GRS
2.5),+0.24 years (GRS 7.5) in girls; p < 0.05 (112);

• BMI reduction at 18 y with 5 months EBF: boys −0.81 to
−1.14 kg/m² and girls −0.86 to −1.53 kg/m² (depending on
GRS); p < 0.05 (112);

• Non-exclusive BF associated with lower BMI reduction
compared to EBF: −0.31 to −0.37 kg/m² in boys, −0.34 to
−0.54 kg/m² in girls (p < 0.05) (112);

• Shorter EBF (3 months) was associated with smaller effects
on delaying AP/AR and reducing BMI (boys−0.49 to−0.68
kg/m², girls−0.52 to−0.92 kg/m²; depending on GRS; p <

0.05) (112).

Analysis from a
longitudinal cohort
study (114)

Kanders et al. (114) • BF 7–12 months: lower risk of overweight at W1 (114);
• BF >12 months in FTO rs9939609 TA children was

associated with reduced risk of overweight atW1 (OR= 0.41,
95% CI: 0.19–0.88) (114);

• No significant effect of BF or FTO variants on
BMI/overweight at W2 or W3 (114).

Analysis from a
cross-sectional study
(117)

Verier et al. (117) • Non–breastfed children (n = 173), Ala12 carriers vs.
Pro12Pro registered higher BMI:+1.88 kg/m² (adjusted P =

0.007), WC:+3.8 cm (adjusted P = 0.03) (117);
• Breastfed children: no significant difference in BMI, WC, or

skinfolds between Ala12 carriers and Pro12Pro (117);
• Protective effect of BF mitigates genetic predisposition to

higher adiposity in Ala12 carriers, even for short-duration
BF (117).

(Continued)
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TABLE 1 (Continued)

Infant exposome
domains

Exposure
factors

Study design References Main results of the studies

Breast milk (as a
vehicle
of substances) EDCs

Analysis from a
longitudinal cohort
study (78)

Vacca M. et al. (78) • In breastfed infants (stratified by maternal urinary BPA;
>0.96 mg/g creatinine = high exposure), differential gut
colonization was observed at 12 months: Ruminococcus

torques group was significantly higher in low-exposed
infants (p < 0.05), whereas Erysipelatoclostridium and
Bifidobacterium breve were enriched in high-exposed infants
(78);

• Retrospective β-diversity analysis (from birth to 12 months)
confirmed compositional disparities between exposure
groups (78);

• Stratification by phthalate exposure showed no significant
differences between groups (78).

Nicotine Cross-sectional
analysis from a cohort
study (82)

Napierala et al. (82) • Smoking during lactation significantly increased the TBARS
and TEAC (measure of total antioxidant potential) in
colostrum and mature milk (p < 0.05) (82);

• The activity of antioxidant enzymes, including superoxide
dismutase, glutathione S-transferase, glutathione
peroxidase, and catalase, was significantly elevated
(p < 0.05) (82).

Systematic review (81) Macchi et al. (81) • Maternal smoking during lactation was consistently
associated with altered HBM composition. Specifically,
smoking is correlated with a reduction in total lipid and
PUFA levels and a higher concentration of MUFA (81).

Analysis from a
longitudinal cohort
study (79)

Srivastava et al. (79) • Maternal smoking increased obesity probability by+2.8%,
paternal smoking by+2.1%, and exposure to both parents
by+2.0%. Age-stratified analyses confirmed a higher risk in
(4–11 years:+2.3%) children (79)

Complementary
feeding

Analysis from 2 cohort
studies (119)

Homann et al. (119) • Higher daily dietary diversity modulated the gut microbiota
homeostasis and promoted taxa as Bifidobacterium (β =

0.28, p < 0.01), while reducing genera like Veillonella (β =

−0.22, p < 0.05) (119).

Internal exposome Biological responses to external exposure factors

ROS production (82)
Adipogenesis genes expression (107)
Epigenetic pathways via DNAmethylation and CpG island regulation (104, 107)
Chronic low-grade inflammation in adipose tissue (104)
Gut microbiota homeostasis (116, 125)
SCFAs production (105)
Obesity-related genes (FTO, NRF1, LEPR) and PPAR signaling (104, 107, 111)

Presentation of the findings referred to the exposome domains and biological responses.
PM, particulate matter; FV, fruits and vegetables; BMI, body mass index; WC, waist circumference; PFAS, per- and polyfluoroalkyl substances; GW, gestational age; EDCs, endocrine disrupting
chemicals; HMW, high molecular weight; DEHP, di(2-ethylhexyl) phthalate; %BF, percentage body fat; VAT, visceral adipose tissue LMW, low molecular weight; A/G ratio, Android-to-Gynoid
fat ratio; BPA, bisphenol A; PPAR, peroxisome proliferator-activated receptor; SCFAs, short-chain fatty acids; Nbs, nature-based solution; EVI, enhanced vegetation index; SGA, small for
gestational age; BF, breastfeeding; EAR, early adiposity rebound; AR, adiposity rebound; EBF, exclusive breastfeeding; AP, adiposity peak; FTO, fat mass and obesity-associated gene; TBARS,
thiobarbituric acid reactive substances; TEAC, trolox equivalent antioxidant capacity; HBM, human breast milk; PUFA, polyunsaturated fatty acid; MUFA, monounsaturated fatty acid; ROS,
reactive oxygen species; NRF1, nuclear respiratory factor 1 gene; LEPR, Leptin Receptor gene.

1.11–2.86) (134). Additionally, gut microbiota mediated the effect
of smoking habits during pregnancy on the higher risk of obesity
in offspring. Particularly, the Firmicutes group accounted for the
largest portions (23.3–24.6%) of the total effects on BMI z-scores at
1 year and 12.4–15.2% at 3 years of age of the children (137). The
main results are summarized in Table 1.

5 Discussion

Childhood obesity has become one of the most critical
global health challenges (5). Particular attention should be
directed to preventable factors during the pivotal period of the
“first 1,000 days” (6). This narrative review provides a novel
perspective by exploring various exposure factors within the

general external exposome during the “first 1,000 days” of life
(chemical compounds, air pollution, urbanization), focusing on
their potential role in the development of childhood obesity (17,
23, 36).

In addition, the review also explores specific external
exposome factors (infant feeding practices, children’s
lifestyle, SES) to which the mother, and more broadly the
family, are exposed, recognizing the complex interplay of
intergenerational and familial dynamics that may affect the
child’s development and future health (71, 93). Furthermore,
exposure to environmental factors during both the prenatal
period and early childhood may alter crucial metabolic
processes, threatening the internal exposome homeostasis
and increasing the risk of developing obesity and other metabolic
disorders (102).
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FIGURE 1

Healthy and unhealthy esposome factors in early life: general, specific, and internal determinants influencing childhood obesity risk.

According to the literature findings, the authors identified
a “healthy exposome,” encompassing protective factors against
obesity, and an “unhealthy exposome” associated with higher
obesity risk (Figure 1).

Clear evidence of protective factors emerged across different
domains of the exposome (33–35). Within the general external
exposome, results indicate that access to GABS protects against
obesity by supporting healthier growth trajectories, increased PA,
and healthier dietary patterns (33–35).

Similarly, regarding the specific external exposome, exclusive
breastfeeding for at least 6 months, adequate complementary
feeding, regular PA, limited screen time, and proper sleep represent
robust protective factors (64, 65, 85–88). These exposures act
through internal pathways, includingmodulation of gut microbiota
composition, regulation of AR, and epigenetic effects on obesity-
related genes (110–112, 117, 130).

In contrast, evidence indicates that key risk factors include
maternal smoking during pregnancy and early-life exposure to

EDCs, such as BPA and phthalates, which have been shown to
promote obesogenic processes by disrupting adipogenesis, altering
glucose and lipid metabolism, and enhancing proinflammatory
signaling (103, 107–110, 134).

However, the role of several factors remains controversial,
including evidence regarding SES and the exposure to PFAS,
for which findings are heterogeneous and context-dependent
(17, 99). Moreover, although breastfeeding is consistently
protective, conflicting evidence exists regarding its biochemical
composition. For instance, Vieira Queiroz De Paula et al.
reported heterogeneous associations of hormones (e.g., leptin,
adiponectin, insulin) and macronutrients with later obesity
risk (72). These discrepancies highlight the complexity
of exposome research and the need for more longitudinal
cohort studies.

Addressing these exposures early in life is essential, as they
may have compounding effects that influence health outcomes and
potentially persist across generations (9, 138, 139).
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FIGURE 2

Summary of public health interventions targeting exposome domains to foster healthy early-life environments and behaviors, reducing childhood

obesity risk.

Furthermore, One Health challenges, such as biodiversity loss,
climate change, and ecosystem degradation, lead to exacerbation of
exposure to air pollution, EDCs, and unhealthy food environments,
thereby contributing to obesity and NCDs (140). To address
these challenges, integrated actions are needed. Accordingly, the
authors present a roadmap of actions aimed at promoting a healthy
exposome during the first 1,000 days of life (Figure 2).

Accordingly, recent regulatory actions, including the 2023
EFSA safety assessment that reduced the tolerable daily intake of
BPA (from 4 µg/kg bw/day to 0.2 ng/kg bw/day) and the 2024
European Commission ban on its use in food contact materials,
represent key steps forward in limiting early-life exposure to these
chemicals (141).

In addition, the WHO highlights six priority areas for action,
such as promotion of healthy diets, increased PA, preconception
and pregnancy care, early childhood nutrition, school-based
interventions, and weight management, highlighting that only
an integrated strategy can effectively address the modifiable risk
factors identified and reduce the global burden of childhood
obesity (142).

Despite the innovative approach adopted, this review has
certain limitations that must be acknowledged. Primarily, not
all factors of the general and specific external exposome were
analyzed. This limitation arises from the inherent difficulties in
assessing the complex and multifactorial nature of environmental
exposures during the critical “first 1,000 days”. Second, while
a range of exposures were considered, not all were assessed

within the prenatal period, with some factors being investigated
exclusively during early childhood. Furthermore, the results
concerning certain exposome components were inconsistent,
which can largely be attributed to the heterogeneity of the available
research. Variations in study designs, population characteristics,
and exposure assessment methodologies contribute to these
discrepancies, thereby limiting the ability to generalize some of the
conclusions derived from the findings.

6 Conclusion

During the first 1,000 days of life, general and specific
external exposures critically shape childhood obesity risk through
their effects on internal biological processes. A functional
exposome approach, integrating environmental, behavioral, and
biological data, allows the identification of critical windows of
vulnerability and supports early interventions that limit harmful
exposures. Interdisciplinary collaboration is essential to unravel the
complex interplay between genetic susceptibility, environmental
determinants, and lifestyle-related factors, thereby enabling the
development of tailored prevention strategies. Future research
should prioritize the integration of big data analytics, machine
learning, and epidemiological studies to clarify inconsistent
findings and uncover exposure patterns not detectable with
traditional methods. This approach enhances the ability to design
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evidence-based policies, regulatory frameworks, and community-
based initiatives that reduce disease prevalence and improve overall
public health outcomes.
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Appendix D: questionnaires of paper 1 empirical 

MEDI-LITE 

Qual è il consumo dei seguenti gruppi di alimenti? Opzione: 1 2 3 

FRUTTA (es: una mela, pera, arancia; 3 prugne; 

mandarini) 
1 porzione = 150 g 0 1 2 

VERDURA (es: 1 piatto di insalata, 2 pomodori, ½ 

vaschetta di verdura cotta) 
1 porzione = 100 g 0 1 2 

LEGUMI (es: mezza scatoletta di fagioli, ceci, lenticchie o 

piselli) 
1 porzione = 70 g 0 1 2 

CEREALI (pane, pasta, biscotti, ecc.) (es: pasta 80 g; 4 

biscotti ≈ 50 g) 
1 porzione = 130 g 0 1 2 

PESCE (eccetto molluschi e crostacei) 1 porzione = 100 g 0 1 2 

CARNE E SALUMI (1 porzione carne = 100 g; salumi = 

50 g) 
1 porzione = 80 g 2 1 0 

LATTE E LATTICINI (es: latte 150 g; yogurt 125 g) 1 porzione = 180 g 2 1 0 

ALCOL (1 U.A. = 1 bicchiere di vino o 1 lattina di birra)  1 2 0 

OLIO DI OLIVA Condimento abituale 0 1 2 

• Punteggio: 0-18 

• cut-off: 9        

• Score: ≥ 9 c’è una buona aderenza alla dieta mediterranea. 

• Maggiore è lo score, maggiore è l’aderenza. 
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ATTIVITA’ FISICA - TURCONI  

SEZIONE C. ATTIVITA’ FISICA E IMPIEGO DEL TEMPO LIBERO 

C. 1 Svolge regolarmente qualche attività fisica?  

□ sempre, tutto l’anno           3 

□ solo in alcune stagioni       2 

□ talvolta                               1 

□ mai                                     0 

 

C. 2 Quanto tempo dedica all’attività fisica ?  

□ 1h-2h alla settimana          1 

□ 3h-4h alla settimana          2 

□ più di 4h alla settimana      3 

□ non svolgo nessuna attività fisica 0 

 

C. 3 Quando ha del tempo libero, cosa preferisce fare ?  

□ ascoltare musica/ leggere/usare il computer/ guardare la TV/andare a cinema, teatro 0 

□ praticare sport                   3 

□ visitare mostre, musei       1 

□ passeggiare, fare shopping 2 

 

C. 4 Quanto tempo trascorre davanti al computer e/o televisore e/o in automobile ? 

□ 1h-2h al giorno                  3 

□ 3h-4h al giorno                  2 

□ 5h-6h al giorno                  1 

□ più di 6h al giorno              0 

 

C. 5 Il suo stile di vita, secondo lei, è: 

□ molto sedentario               0 

□ sedentario                         1 

□ moderatamente attivo       2 

□ molto attivo                      3 
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Appendix E: Supplementary Material 

Paper 2 empirical: 

Dataset quality assessment 

DNA extraction and sequencing library preparation was successful for 168 / 183 sample 

analyses (91.8 %) and yielded between 2’688 and 126’205 DNA reads after QC and 

bioinformatic processing. Failed samples were those yielding significantly less mapped DNA 

reads (mappedReads) than 10’000; here mappedReads < 2’000. Low-read samples were 

disregarded in all subsequent analyses.  

The bioinformatic workflow produced an OTU reference sequences file in FASTA format, 

loaded using the “Biostrings” package v2.70.3.1 Several sequences were flagged for containing 

non-standard nucleotide characters outside the IUPAC DNA alphabet. These sequences were 

inspected, then in order to preserve biological interpretability while ensuring compatibility with 

downstream functions, non-IUPAC characters were removed, resulting in a cleaned FASTA 

format sequence object, combined into ampvis2 object using “ampvis2” package v2.8.9,2 

together with the OTU count data table and metadata from the study cohort. 

After quality filtering the dataset was composed of 168 samples of 12’706’791 reads 

(minimum: 2’688, maximum: 126’205, median: 87’214) collapsed in a total of 538 OTUs. To 

explore community structure and sequencing depth adequacy, both rank-abundance and 

rarefaction curves were generated using the R package “ampvis2”, highlighting that sequencing 

was effective in adequately sampling the microbial diversity (Figure S1). Moreover, the total 

number of reads did not differ across the main study variables, excluding sequencing-related 

biases and validating the subsequent statistical analyses (Figure S2).  

 

 

 

Supplementary figure 1. (a) Rank-abundance curves showing the abundance percentage of 

OTUs ranked by decreasing abundance across samples grouped by GWG categories. The x-

axis represents the rank of each OTU (following abundance rank), while the y-axis shows the 

corresponding abundance percentage on a linear scale. Shaded areas indicate standard 

deviations across replicates within each group. (b) Rarefaction curves depicting the relationship 
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between sequencing depth (total number of reads) on x-axis and observed OTU richness (total 

number of OTUs) on y-axis, for each sample, coloured according to GWG categories. The step 

size for calculating rarefaction points was set to 50 reads and the x-axis was constrained to a 

maximum of 5’000 reads. 

 

 

 

Supplementary figure 2. Boxplot reports the sequencing depth expressed as logarithm of the 

total number of reads per sample among the main categorical variables considered in the study. 

Differences are assessed using anova test after fitting the model formula using linear model. P-

values from the analysis are reported on top of each panel. All the categories within each 

variable in which the metadata are not annotated during the enrollment are indicated as not 

reported (nr). 

 

 

To properly perform the downstream statistical analysis according to the study project 

purposes, the dataset underwent a cleaning process illustrated as follows. We kept only the 

subjects that presented a category within the GWG variable, as the main variable considered in 

the study, thus eliminating 13 samples with no GWG reference, keeping a total of 155 samples 

with 531 associated OTUs. The birth type was initially included in the permutation model 

showing a significant effect (Adonis PERMANOVA: R2 = 0.02, p < 0.001), this was likely 

attributable to both the imbalance in the dataset as the c-section samples were 23 against 132 

samples with normal birth and for a real biological effect of delivery mode on meconium 

microbiota as already documented.3 To reduce the bias resulting from the dataset imbalance, a 
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permutation analysis was performed by increasing the number of permutations to 9’999 and 

stratified within the birth type, that is, the birth type was set as a group within which to constrain 

permutations. This analysis highlights a significant effect albeit reduced (Adonis 

PERMANOVA: R2 = 0.02, p = 0.04). In line with this evidence and the aim of the study, all 

subsequent analyses were conducted exclusively on samples from individuals born via natural 

delivery and with an assigned classification within the GWG category. Therefore, samples 

related to c-section delivery mode and lacking GWG information were excluded in order to 

minimize potential confounding effects that could lead to misleading interpretations. After this 

further quality filtering the dataset was composed of 132 samples, of 10’246’006 reads 

(minimum: 2’688, maximum: 126’205, median: 96’442.5) collapsed in a total of 436 OTUs. A 

further sample with missing values in key metadata variables (i.e. GWG, gender, pre pregnancy 

BMI, pre pregnancy weight, weight gain, medi lite score, medi lite score rank, PA, DH, FFQ 

and IPAQ) was also excluded to ensure complete case analysis and improve the robustness and 

interpretability of downstream multivariate statistical analyses, obtaining a final clean dataset 

of 131 samples suitable for the all subsequent analyses. The adonis PERMANOVA analyses 

described were carried out by using the adonis2 function of “vegan” package v2.6.10,4 based 

on Bray-Curtis distance matrix made from normalised counts (relative abundance). 

 

 

 

Bacterial diversity analysis according to the mother’s diet and lifestyle variables 

 

Performing the Adonis2 function by using a model formula which include several factors and 

potentially collinear variables could affect the outcome of the analysis, so an analysis to test 

the potential collinearity was first performed by using Variance Inflation Factor (VIF) analysis, 

in order to remove predictors with collinearity and select an appropriate number of factors to 

include in the model formula of permutational multivariate analysis. This analysis was 

performed by using the vif function of the "car" package.5 We considered as potentially 

collinear variables those with a Generalized VIF (GVIF) value > 5, among these we identified 

the pre pregnancy BMI and pre pregnancy weight variables which reported a GVIF value of 

6.01 and 5.43 respectively, and their correlation was also tested (Pearson; corr: 0.894, p < 

0.001). Therefore, we exclude the pre pregnancy weight from the model formula. Therefore, 

the adonis PERMANOVA analysis was carried out producing the output reported in table S1, 

highlighting the effect of the main variables selected on the bacterial diversity. The adonis 

PERMANOVA analysis was performed on Bray-Curtis distance matrix produced from 

normalised count (relative abundance) and setting 1’000 number of permutations. 
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Supplementary table 1. Adonis PERMANOVA table. The table reports the results of the 

analysis of adonis PERMANOVA. Factors considered in the model formula are reported with 

the related adonis output (Sum of Squares, R2 and P-value). Continuous variables (Pre 

pregnancy BMI, PA, DH, FFQ, IPAQ) are added in the model as covariates.    

      

Factor SumOfSqs R2 P-value 

GWG 0.541 0.011 0.8991 

Gender 0.235 0.005 0.8591 

Pre pregnancy BMI 0.385 0.008 0.4426 

Weight gain 0.284 0.006 0.7473 

Medi lite score 0.346 0.007 0.5544 

Medi lite score rank 0.234 0.005 0.8641 

Mother celiac condition 0.958 0.019 0.1788 

PA 0.391 0.008 0.4296 

DH 0.297 0.006 0.7143 

FFQ 0.228 0.005 0.8891 

IPAQ 0.355 0.007 0.5155 

Residual 45.372 0.914  

Total 49.626 1  

 

 

To deeply inspect the relationship between bacterial diversity and continuous variables of 

nutritional and clinical data, the environmental fitting analysis was performed by using the 

envfit function of the "vegan" package v2.6.10. The analysis was performed on relative 

abundances -transformed counts and converted into a distance matrix using the Bray-Curtis 

index, then the principal coordinate axes were calculated using the cmdscale function. The 

continuous variables related to diet and lifestyle were normalized by using z-score 

transformation to remove scale bias which can affect the distance-based analysis. The analysis 

was carried out setting 1’000 numbers of permutations. Environmental fitting analysis does not 

reveal significant correlations between diversity and the tested variables, confirming the 

absence of significant effects of these variables on the bacterial diversity (Table S2). 
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Supplementary table 2. The table reports the results from environmental fitting analysis 

considering the main variables related to diet and lifestyle conditions. Each vector is reported 

together with the related R² and p-values from permutation testing.     

Factor R2 Pr(>r) 

Pre pregnancy weight 0.017 0.3556 

End pregnancy weight 0.010 0.5285 

Weight gain 0.008 0.6114 

Pre pregnancy BMI 0.025 0.2208 

End pregnancy BMI 0.018 0.3457 

FFQ 0.001 0.9530 

DH 0.002 0.9091 

PA 0.024 0.2228 

Medi lite score 0.011 0.4735 

 

 

To assess differences in bacterial diversity (β-diversity) between GWG groups, a pairwise 

adonis PERMANOVA was carried out. For each pairwise comparison, the subset of the 

distance matrix corresponding to the two groups (see Group 1 and 2 in table S3) was extracted, 

and a PERMANOVA test was performed using the adonis2 function from the “vegan” package 

v2.6.10, setting 1’000 number of permutations. The analysis was performed on Bray-curtis 

distance matrix produced from normalised (relative abundance) counts table. To facilitate the 

interpretation, the resulting R² values, indicating the proportion of variance explained by group 

membership, were displayed as heatmap in the figure 1b. 

 

 

Supplementary table 3. Table reports the results from pairwise adonis PERMANOVA testing 

differences between different gestational weight gain (GWG) categories. For each comparison, 

the proportion of variance explained (R²) and the associated p-value are reported.      

  

Group 1 Group 2 R2 P-value 

LGWG AGWG 0.006 0.849 

LGWG EGWG 0.008 0.903 
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AGWG EGWG 0.013 0.466 

 

 

The α-diversity metrics, i.e. Shannon, Simpson, and inverse Simpson indices were generated 

for each sample using the amp_alphadiv function of the "ampvis2" package. Differences in α-

diversity among GWG categories were assessed using Kruskal-Wallis test for each index. 

Differences in α-diversity among GWG categories were assessed using Kruskal-Wallis test for 

each index. No statistically significant differences in α-diversity were observed between GWG 

groups (Shannon: p = 0.349, Simpson: p = 0.594, and inverse Simpson: p = 0.594). 

 

 

Unsupervised learning approach highlight hidden structure of meconium microbiota 

 

To identify latent structure in the multivariate space, unsupervised learning was carried out by 

using Partitioning Around Medoids (PAM) algorithm implemented in the pam function of the 

“cluster” package v2.1.4,6 using the Bray-Curtis dissimilarity matrix on relative abundance 

transformed counts as input. The optimal number of clusters (k) was empirically determined 

by evaluating the average silhouette width (ASW) for k ranging from 2 to 10. ASW values 

were computed iteratively and the value of k maximising mean silhouette width was selected 

as the optimal clustering solution. Clustering performance using the PAM algorithm was 

evaluated based on the minimisation of the objective function, which reflects the total 

dissimilarity between observations and their assigned medoids. The initial configuration, 

generated by the "build" phase, yielded a dissimilarity value of 0.532, and subsequent 

optimisation through the "swap" phase reduced this value to 0.516. The internal cohesion and 

external separation for each cluster were reported in table S4. Cluster sizes ranged from 13 

(Cluster 4) to 48 (Cluster 1). The average within-cluster dissimilarities varied between 0.381 

(Cluster 5) and 0.624 (Cluster 2), with lower values suggesting higher internal similarity. 

Notably, Cluster 5 exhibited the lowest average dissimilarity, indicating tight grouping of its 

members, whereas Cluster 2 reported the highest average dissimilarity, suggesting greater 

internal variability. 

 

 

Supplementary table 4. The table reports, for each cluster, the number of observations 

(Cluster size), maximum within-cluster dissimilarity (Max diss), average within-cluster 

dissimilarity (Av diss), and minimum separation from other clusters (Separation).  

Cluster size Max diss Av diss Separation 
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48 0.9975 0.541 0.2193 

17 0.9858 0.6244 0.2404 

19 0.8298 0.5756 0.2193 

13 1 0.5382 0.3825 

34 0.9895 0.381 0.2404 

 

 

Cluster membership was then overlaid on the first two axes of PCoA space for visualisation 

and interpretation. Additionally, PCoA results were extended to four dimensions in order to 

capture a higher proportion of total β-diversity variance and to evaluate inter-cluster separation 

along supplement ordination axes (i.e. PCo1 vs PCo4 in figure 2b). The effect of Cluster in 

explaining bacterial diversity was statistically assessed by using permutational multivariate 

analysis adonis PERMANOVA using the adonis2 function of “vegan” package v2.6.10, setting 

1’000 as the number of permutations. The adonis PERMANOVA highlights that the identified 

clusters explained a significant proportion of the variance in microbial community composition 

that reflects biologically relevant meaning in the dataset (R² = 0.349, p = 0.001). 

 

To define the influence of the main OTUs on the separation of the clusters, we applied a 

constrained environmental fitting approach on the ordination space. The OTU relative 

abundance matrix was filtered to remove OTUs with zero variance or those absent across all 

samples and OTUs present in less than 5% of the samples were removed to reduce noise from 

rare taxa. A PCoA was then performed based on a Bray-curtis distance matrix using the filtered 

community composition data described above. Significant OTUs were identified by fitting 

OTU vectors onto the PCoA ordination using the envfit function from the "vegan" package 

v2.6.10, setting 1’000 permutations to assess statistical significance. Only OTUs with a 

permutation-based p-value < 0.05 were retained and projected as vectors in the 

multidimensional space (Figure S4a). 

The orientation of each OTU reflects its maximal correlation with the ordination axes. To 

associate OTUs with specific bacterial clusters, we calculated the cosine similarity between 

each significant OTU vector and the centroids of predefined sample clusters, defined as the 

mean coordinates on the first two ordination axes. Each OTU was assigned to the cluster whose 

centroid exhibited the highest directional similarity, providing an interpretable link between 

environmental fitting analysis and cluster-associated OTUs (Figure S3b and table S5). The 

cosine similarity formula was: cos(θ) = A⋅B / ∥A∥ ∥B∥; where A⋅B is the dot product of the 

two vectors, and ∥A∥ and ∥B∥ are their euclidean norms. This metric quantifies the cosine of 

the angle (θ) between the vectors, with values closer to 1 indicating higher similarity in 

direction. 
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Supplementary figure 3. OTUs-Clusters association. (a) PCoA (Bray-Curtis distance) reports 

the sample distribution according to the clusters produced by the PAM algorithm. The OTUs 

significantly selected by environmental fitting analysis (p < 0.05) are fitted as directional 

vectors into the multidimensional space. Clusters are represented using color code in the legend 

and ellipses represent 95% confidence intervals of the clusters. (b) Barplot reports the 

coefficients of determination (R²) from the OTUs selected by the environmental fitting analysis 

(p < 0.05). Each bar is colored based on the best alignment between significant OTU and cluster 

using a cosine analysis. The asterisks highlight significance levels of each OTU (*, p<0.05; **, 

p<0.01; ***, p<0.001). 
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Supplementary table 5. Table reports the results of the environmental fitting analysis depicted 

in figure S3. Table reports the significant OTUs together with the species-level taxonomic 

assignment, the related cluster calculated using cosine similarity and the output values from 

envfit analysis, i.e. coefficients of determination (R²) values and p-values. Significant effect are 

also highlighted using asterisks (*, p<0.05; **, p<0.01; ***, p<0.001).      

    

OTU Species-level assignment Cluster R2 p-value Sign 

RS_GCF_029024925.

1 

Enterococcus faecalis 5 0.9182 0.000999 *** 

GB_GCA_905197905.

1 

Sutterella sp905197905 1 0.6175 0.000999 *** 

RS_GCF_006742205.

1 

Staphylococcus epidermidis 2 0.2849 0.000999 *** 

GB_GCA_902469435.

1 

Collinsella sp902469435 4 0.1497 0.000999 *** 

GB_GCA_004555055.

1 

Alloprevotella sp004555055 1 0.1987 0.000999 *** 

GB_GCA_900764415.

1 

Collinsella sp900764415 1 0.2945 0.000999 *** 

RS_GCF_000194175.

1 

Escherichia coli F 1 0.1944 0.000999 *** 

RS_GCF_000026225.

1 

Escherichia fergusonii 1 0.1618 0.000999 *** 

RS_GCF_002901705.

1 

Staphylococcus lugdunensis 2 0.1069 0.000999 *** 

RS_GCF_002902725.

1 

Staphylococcus caprae 5 0.0979 0.000999 *** 
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RS_GCF_900458815.

1 

Staphylococcus saccharolyticus 2 0.1285 0.000999 *** 

RS_GCF_002931555.

1 

Pseudoclavibacter sp002931555 2 0.1173 0.000999 *** 

RS_GCF_000759775.

1 

Escherichia albertii 1 0.1279 0.000999 *** 

RS_GCF_000269965.

1 

Bifidobacterium infantis 4 0.0887 0.003996 ** 

RS_GCF_014836715.

1 

Escherichia whittamii 1 0.0693 0.003996 ** 

RS_GCF_004211955.

1 

Escherichia sp004211955 1 0.0695 0.004995 ** 

RS_GCF_030506365.

1 

Corynebacterium tuberculostearicum 

E 

2 0.0519 0.015984 * 

RS_GCF_013408445.

1 

Corynebacterium tuberculostearicum 2 0.0511 0.016983 * 

RS_GCF_000175635.

1 

Corynebacterium tuberculostearicum 

C 

2 0.0498 0.018981 * 

GB_GCA_023399815.

1 

Stenotrophomonas sp023399815 1 0.0564 0.021978 * 

RS_GCF_002901845.

1 

Staphylococcus hominis 2 0.0437 0.022977 * 

 

 

 

To assess similarity between microbial community clusters, hierarchical clustering was 

performed on a Bray-Curtis dissimilarity matrix. The Bray-Curtis distances were computed 

from normalised abundance (relative abundance) data using the vegdist function from the 

"vegan" package. Hierarchical clustering was then conducted using the hclust function with the 

average linkage method (UPGMA). To evaluate the fidelity of the dendrogram in representing 

the original dissimilarities, cophenetic distances were calculated. The correlation between the 

original Bray-Curtis distance matrix and the cophenetic distance matrix was computed using 

Pearson’s correlation. A correlation coefficient (r) greater than 0.75 (r = 0.83) was interpreted 
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as indicating a good fit between the dendrogram structure and the original dissimilarities. The 

dendrogram structure was produced by using the "ggdendro" package v0.2.7 

 

 

Supplementary figure 4. A dendrogram represents hierarchical clustering analysis performed 

using the average linkage method and based on a Bray-Curtis dissimilarity matrix from 

normalised abundance. Tree branches were drawn as line segments, and sample nodes were 

displayed as coloured points, according to the assigned cluster. 

 

 

Taxonomic signature associated to the clusters 

 

To identify differentially abundant operational taxonomic units (OTUs) among clusters, the 

OTUs present in at least 10% of the samples were filtered to avoid bias related to rare OTUs, 

then transformed in relative abundance percentages. Differences among clusters were inspected 

by using Kruskal-Wallis rank sum test adjusting the p-value using the false discovery rate 

(FDR) method. OTUs with FDR-adjusted p-values < 0.05 were considered significantly 

different across clusters and retained for post hoc pairwise testing. For each significant OTU, 

pairwise Wilcoxon rank-sum test (FDR correction) were performed between clusters (Table 
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S7). Significantly different OTUs were further explored through heatmap analysis of 

percentage abundance. Heatmaps generated with the Significant OTUs were displayed using 

hierarchical clustering analysis produced using package "ComplexHeatmap" v2.18,8 applying 

Euclidean distance and hierarchical clustering with the Ward D2 method (Figure 3d).  

 

 

 

 

Supplementary figure 5. Different OTUs abundances among clusters. Bar plots represent the 

mean OTU relative abundance percentages and standard error across clusters (color scheme). 

The OTUs are selected by using Kruskal-Wallis test (p < 0.05) then with the Wilcoxon rank 

test (FDR correction method). For each OTU the corresponding species-level taxonomic 

assignment is reported. 
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Supplementary table 6. Table reports the differences in OTUs relative abundances among 

clusters assessed by using Wilcoxon rank sum test. The p-values are adjusted by using the FDR 

correction method. The table reports the OTUs annotations and related species-level taxonomic 

assignment. Significant comparisons are highlighted using asterisks (*, p<0.05; **, p<0.01; 

***, p<0.001). 

All figures were produced using the graphics package "ggplot2" v3.5.29 and where necessary 

the graphic rendering was improved using the open source software Inkscape 

(https://inkscape.org/). 
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