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Abstract

In the paper, a probabilistic model of the eating behavior of subjects with type 1 diabetes is proposed and validated against two
extensive datasets collected during experiments in free-living conditions in Padova and Amsterdam clinical centres. Meals are
modeled as a discrete-time marked point process. The random meal events are associated to a Markov Chain whose state is the
fasting period and the transition probabilities depend on variables such as daytime and carbohydrate intake of the previous meal. The
random marks associated to each meal represent the carbohydrate intake and their distribution possibly depends on daytime, fasting
period and carbohydrate intake of the previous meal. Logistic and Gaussian Mixture models are used to identify two models from the
Padova and Amsterdam datasets, respectively. In order to validate it, the proposed model is used to simulate synthetic datasets, whose
statistical properties appear to be in good agreement with those of the experimental datasets. The availability of a probabilistic model
of eating behavior is expected to be valuable for several purposes ranging from the optimization and customization of automatic
insulin dosing systems to decision supporting tools for insulin dosing and the alert management for missing meal announcements.

Keywords: eating behavior, type 1 diabetes, marked point process, meal simulation, artificial pancreas.

1. Introduction1

Event-history data are a record of events often collected2

through time where the basic information is the times of oc-3

currence of the events and the types of events that occur [1]. As4

life histories provide a rich source of data, event-history analysis5

has applications in many fields, including sociology, economics,6

biology, medicine, and engineering. The structure of data is7

often challenging to work with due to difficulties in extracting8

the most informative component.9

The event-history data studied in this paper involved data of10

individuals with type 1 diabetes (T1D) collected during a 1-11

month clinical trial under free-living condition in Padova (Italy)12

and Amsterdam (Netherlands) clinical centres [2]. As the partic-13

ipants had a normal life without any type of restriction during14

the clinical study, these historical datasets represent a rich and15

potentially useful source of information.16

In subjects with T1D, the pancreas does not produce adequate17

levels of insulin, which results in abnormal metabolism of carbo-18

hydrates, generating elevated levels of glucose in the blood and19

urine. These glycemic excursions can lead to serious medical20
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complications. The most common ones are related with cardio- 21

vascular diseases, which are the most frequent cause of death 22

in people with diabetes [3]. A frequent complication is a kid- 23

ney disease called nephropathy [4]: indeed high levels of blood 24

sugar make the kidneys filter too much blood, overburdening the 25

filters. After many years, the kidneys could start to not operate 26

correctly, and useful proteins could be lost in the urine. In half 27

of subjects affected by T1D, diabetic neuropathy [4], which is a 28

peripheral nerves malfunction, may also occur as a complication. 29

In this case the symptoms are tingling, pain, numbness, or weak- 30

ness in the feet and hands. The degeneration of neuropathy can 31

lead to foot ulcers and eventual limb amputation. Finally, long- 32

term accumulated damage to the small blood vessels in the eye 33

leads to diabetic retinopathy, an important cause of blindness [5]. 34

Therefore, people with T1D must constantly monitor their blood 35

glucose levels. For effective blood glucose management, those 36

with T1D must either inject themselves with insulin or use an 37

insulin infusion pump to keep the glucose concentration in the 38

euglycemic range ([70, 180] mg/dl). Carbohydrate intake results 39

in mild elevations in blood glucose depending on the meal size. 40

To compensate the carbohydrate intake, patients with T1D are 41

used to administer an insulin bolus at meal times to compensate 42

the glucose rise due to the meal. As food intake represents a 43
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challenge for the glucose control in automated insulin delivery44

(AID) systems, modeling and simulating the eating behavior45

can represent a valid support to improve diabetes management46

[6, 7]. Many clinical studies have reported that a high number47

of missed meal announcements and missed meal boluses occur,48

especially in adolescents who happen not to follow diabetes care49

diligently [8, 9]. This error is reflected on unexpected changes50

in glucose levels. For this reason several meal detection algo-51

rithms are present in the literature. Dassau et al. designed a52

voting scheme to trigger a binary detection of a meal without53

estimating the meal start time and meal size [10]. In a study by54

Lee and Bequette [11], a meal was detected based on certain55

logical conditions of the first and second derivatives of glucose56

levels, and then a finite impulse response (FIR) filter was ap-57

plied to estimate the meal size. Lee et al. later refined the logical58

conditions to generate a series of meal impulses, by which the59

bolus insulin was determined [11]. Cameron et al. developed a60

probabilistic detection algorithm based on a set of meal shapes,61

where the meal start time and postprandial glucose appearance62

were estimated at the same time [12]. Later they also developed63

a multimodel method to detect and estimate unannounced meals64

[13]. The multimodel method was also probabilistic but assumed65

a constant meal absorption shape. In [14], an unscented Kalman66

filter was applied to Bergman’s minimal model of glucose kinet-67

ics for meal detection and was evaluated using the UVA/Padova68

simulator [15]. Xie and Wang use a multi-model approach to69

detect meals, meal start time, and meals size using a Variable70

State Dimension (VSD) method, which used a switching criteria71

to switch between models with different state dimensions [16].72

Chen et al. and Weimer et al. proposed a method for meal73

detection and bolus estimation based on an estimated rate of74

appearance [17, 18]. In this study, an algorithm that uses cross-75

covariance to detect meals is tested in silico both in situations76

with and without exercise, while Ramkissoon et al. proposed77

an algorithm that uses cross-covariance to detect meals is tested78

in silico both in situations with and without exercise [19]. In79

general, meal detection algorithms could be enhanced by using80

a probabilistic model of meal occurrences, which can provide a81

more accurate prior information of the meal information.82

As a byproduct of outpatient trials, extensive data on eating83

behaviours have become available, observed over a long period84

of time without ad-hoc clinical protocols. By leveraging these85

data, this paper aims to identify a meal model that not only86

captures the patterns observed in the data but provides also a87

simulation framework that generates stochastic meal events con-88

sistent with the eating habits of a specific cohort of subjects with 89

T1D. Although the clinical eating protocol, (breakfast, lunch, 90

and dinner at fixed times and amounts) represents a standard 91

for a clinical study, it is evident that it may be entirely different 92

from a free living scenario. Currently, the ability to mimic a 93

real life scenario entirely depends on the sensibility of the re- 94

searcher on the patient’s habits. This work proposes a stochastic 95

meal generator aiming for an accurate reproducibility of eating 96

scenarios and would remove the arbitrariness of the scenario 97

design process and assure the likelihood of the simulated eating 98

patterns. 99

In the context of eating behaviors, event-history data are typ- 100

ically time series of discrete meal events in continuous time. 101

They can be represented by a temporal point process that cap- 102

tures the timestamps of occurrence of events scattered in time. 103

Besides the timestamp in which food intake occurs, a meal event 104

includes also information on the quantity of ingested carbohy- 105

drates. Thus, these eating history data can be thought of as the 106

realization of a marked point process, which is a sequence of 107

random events, each of which is a associated with a random vari- 108

able called mark. Outside of healthcare, marked point process 109

are widely used to model a number of natural hazard events such 110

as earthquakes [20], forest wildfires [21], and extreme events 111

[22]. 112

In order to ease the statistical characterization of the marked 113

point process, we resorted to a discrete representation of the 114

time axis, that was partitioned into equal sized bins. In each 115

time bin the presence or absence of a meal event is recorded. In 116

modeling, estimation, and prediction of marked point processes 117

it is often assumed that the distribution of marks does not depend 118

on points, so that the point process and the marker distribution 119

can be modelled separately. Rather remarkably, we will show 120

that this relatively simple statistical structure can adequately 121

model the eating behavior of the considered cohorts of T1D 122

subjects. 123

This kind of point process is characterized by an intensity 124

function, i.e. the instantaneous probability of an event occurring 125

in a time window, and a marker distribution. In our discrete- 126

time setting, the intensity was modelled as a logistic regression 127

[23, 24, 25, 26] on the relevant covariates, i.e. fasting period 128

and daytime. For the marker distribution, a Gaussian Mixture 129

(GM) model was adopted. Within this framework, the marked 130

point process of the eating events is generated by a discrete-time 131

Markov Chain (MC) [27, 28], whose transition probabilities are 132

24-hour periodic. In particular, the transition probabilities of the 133
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MC specify the probability of the occurrence of a meal event134

given daytime and the fasting period.135

The validation of the eating behavior model is performed by136

applying the Maximum mean discrepancy test [29] to check any137

distributional discrepancy between the original datasets and the138

synthetic datasets generated by the MC simulator.139

The paper is organized as follows: Section 2 introduces the140

theoretical framework, while Section 3 describes the data col-141

lection protocol and the data preprocessing phase, as well as the142

results. The discussion is drawn in Section 4 and some conclud-143

ing remarks and possible future developments are addressed in144

Section 5.145

2. Materials and Methods146

Life history data of the eating behaviors can be regarded as
a time series consisting of spikes of random amplitude and lo-
cation, corresponding to meal events. Event data with marker
information can be viewed as the realization of a marked tem-
poral point process consisting of events on a time line together
with a characteristic attached to each event, such as the amount
of associated carbohydrates. In fact, a marked temporal point
process is a random process whose realization consists of an
ordered sequence of events localized in time:

H = {e0 = (t0, z0), e1 = (t1, z1), ..., en = (tn, zn)} (1)

where ti ∈ T ⊂ R+, is the time of occurrence of event i ∈ Z+,147

and zi ∈ R+ is the associated mark [30], such that {ti, i ≥ 1} is a148

simple point process satisfying the following conditions:149

• P(0 ≤ t1 ≤ t2 . . . ) = 1150

• P(ti ≤ ti+1, ti < ∞) = P(ti < ∞)151

• P(limn→∞ tn = ∞) = 1152

where P is a measure of probabilty.153

Figure 1 displays an eating dataset represented as a marked154

point process: the spike locations correspond to the meal times155

and the spike amplitudes are proportional to the meal amounts.156

For identification and simulation purpose, a discrete-time157

representation can be more convenient.158

The time axis was discretized into bins of size ∆ > 0 and the
meal events converted to a binary sequence defined as follows:

mE(i) =

1 a meal event occurs in the i-th time bin

0 otherwise
(2)

Note that, if ∆ is small enough, the probability of two or more 159

events occurring in the same bin is negligible. 160

161

2.1. Identification 162

To simplify the identification task, the point process is 163

assumed independent of the mark values [31, 32]. Under this 164

assumption, the point process model and the mark distribution 165

can be modelled sequentially and then linked together for 166

simulation purposes. 167

168

2.1.1. Point process model 169

The logistic regression model [33] was applied for estimating
the probability of a meal event occurring within a bin, given
the values of the relevant predictors. For i = 1, 2, . . . , let π(i) =
P(mE(i) = 1|Φ(i)) denote the probability that an event occurs
at i, given the vector Φ(i)′ =

[
ϕ1(i), . . . , ϕp(i)

]
of the predictor

variables (features). The logistic regression model has the form:

log[
π(i)

1 − π(i)
] = β0+β1ϕ1(i)+β2ϕ2(i)+· · ·+βpϕp(i) = B′Φ(i) (3)

where β0, β1, . . . , βp are the model coefficients. Taking exponen-
tials on both sides, the probability can be explicitly written as:

π(i) =
1

1 + exp(−B′Φ(i))
(4)

The coefficients of the logistic model can be estimated via Maxi-
mum Likelihood estimation, which maximizes the log-likelihood
function

log ℓ(B) =
∑

i

mE(i) log π(i) + (1 − mE(i)) log(1 − π(i)). (5)

Regression analysis was performed to examine the association of
independent variables with the dependent variable. The Bayesian
Information Criterion (BIC) was used to support the investiga-
tion for the contribution of specific covariates: [33]:

BIC = −2ℓ(B) + log(n)(p + 1) (6)

where n is the dimension of the dataset, i.e. the number of bins. 170

171

2.1.2. Mark distribution 172

The random marks associated with the meal events represent 173

the amount of carbohydrate (CHO) intake. In order to have a 174
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Figure 1: Marked point process representation of the meals of a subject. The meals are modelled as instantaneous spikes whose amplitude is proportional to the
carbohydrate intake.

flexible description of the actual meals, the mark distribution will175

be modelled through a d-dimensional GM model [34] describing176

the joint distribution of the CHO intake and d − 1 covariates that177

help predicting the intakes.178

The probability density function of a GM is convex combina-
tion of R Gaussian densities:

f (ψ) =
R∑

r=1

ρr
e−

1
2 (ψ−µr)′Σ−1

r (ψ−µr)√
(2π)d detΣr

, 0 ≤ ρr ≤ 1,
R∑

r=1

ρr = 1

(7)
where the r-th component of the mixture is a multivariate Gaus-179

sian density with mean µr and covariance matrix Σr.180

The maximum likelihood estimates of the parameters181

{µr}, {Σr}, {ρr}, r = 1, . . . ,R, of the GM can be computed by182

means of the Expectation Maximization (EM) algorithm that183

guarantees convergence to a local maximum of the likelihood.184

2.2. Simulation185

The proposed probabilistic model takes the form of a Markov186

Chain [35, 36, 37, 38] and as such provides a simple way to sim-187

ulate new realizations, interpretable as meal histories statistically188

consistent with the historical data used to identify the model.189

The MC model is well suited to simulation because, condi-190

tional on the present state of the chain, the next state and the191

future values of the process (events and marks, in our case) are192

independent of the past values: the future values of the process193

(events and marks, in our case) are independent of the past val-194

ues, but only depend the present values. In a discrete time MC,195

the core of the model are the so-called transition probabilities196

that specify the probability of the next values of the state for all197

the possible present values. In our meal model, the transition198

probabilities are time-dependent and periodic on the 24 hours in199

alignment with the circadian rhythm patterns [9, 39].200

The process can be written as X1, X2, X3, . . ., where Xk ∈ S is
the state at time k, and the state space S = s0, s1, . . ., is the set of
possible states. The MC is characterised by the set of periodic
transition probabilities

Pi j(k) = P(Xk = s j|Xk−1 = si), Pi j(k + 24) = Pi j(k) (8)

In our MC model a notable simplification follows from the 201

nature of the state which is just the duration of the fasting pe- 202

riod. In particular, s0 corresponds to no fasting (a meal has just 203

occurred in the last time instant), s1 corresponds to fasting last- 204

ing one time bin, s2 to fasting lasting two time bins, and so on. 205

Therefore, if Xk = s j, the only possible transitions are to either 206

Xk + 1 = s0 (a meal event occurs) or Xk + 1 = s j + 1 (no meal oc- 207

curs and fasting increases by one time bin). This means that, for 208

any state s j, the needed transition probabilities can be obtained 209

by a logistic regression that models the probability of a meal 210

event as a function of daytime and other relevant covariates. 211

The transition across the states can be simulated by a standard 212

rejection sampling approach. A sample value u from the random 213

variable U ∈ U = [0, 1] is drawn at time k, and, if u is less 214

than the probability provided by the logistic regression, an event 215

occurs in k, else there is no meal event in k [40, 37, 38]. This 216

immediately determines the transition towards the next state of 217

the chain. 218

Whenever a meal occurs, a sample from the marker distri- 219

bution is required. The sample is drawn from the conditional 220

distribution of CHO intake given the context information, sum- 221

marized by a subset of relevant covariates. This conditional 222

distribution is obtained from the GM model and is itself a (uni- 223

variate) GM. 224
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2.3. Data225

The Amsterdam dataset includes 697 meals across 8 patients,226

while the Padova dataset consists of 882 meals over 7 patients [2].227

Even if the collection process suffered from some inaccuracies,228

no meals have been discharged because the aim is to use a dataset229

representative of real-life events.230

Assuming that the minimum meal duration is 15 minutes, this231

implies that two consecutive meals cannot occur in less than 15232

minutes. Thus, the bin size ∆ was set equal to 15 minutes.233

Letting NP the number of patients in the dataset and Nday234

the total number of days per patient, then the total number of235

samples is Nday × NP × 96, since each day we have 96 quarter-236

hour bins. A 1-day excerpt of the marked point process on the237

discrete time axis is displayed in Figure 2.238

Considering the 24-hour periodicity of the time axis, the vec-
tor of the daytimes can be derived as follows:

T (i) = mod (i, 96) · ∆ (9)

where i = 1, 2, . . . ,Nday × NP × 96 and the corresponding vector
of meal events can be expressed as follows:

Y(i) =

1 a meal event occurs in the i-th time bin

0 otherwise
(10)

It is convenient to define the marker array cho associated with Y

as:

cho(i) =

the carbohydrate amount in the i-th time bin if Y(i) = 1

0 otherwise.
(11)

To model the marked point process of the meal habits, the pro-239

posed approach uses the information available in the meal times-240

tamp combined with the information of what happened in the241

past. Associated with each meal there are four variables:242

• the daytime from 0-24 hours (T (i));243

• the amount of ingested carbohydrates (cho(i)) ;244

• the length of the fasting period preceding the meal ( f p(i));245

• the carbohydrate amount consumed at the previous meal246

(
←−−
cho(i))247

248

2.4. Empirical Maximum Mean Discrepancy 249

The purpose of the modelling effort is not fitting the Padova
and Amsterdam datasets, but rather building a stochastic meal
generator that produces random meal histories whose statistical
properties are indistinguishable from the observed data. There-
fore, the success of the model is not measurable in terms of
residuals, either in crossvalidation or test, but calls for measur-
ing the similarity between multivariate distributions. For this
purpose, reference is made to the Maximum Mean Discrepancy,
a widespread index used to compare multivariate distributions
[29, 41]. The MMD statistic measures the difference between
two probability distributions from their samples and it is defined
as:

MMD(F , P,Q)2 =

 sup
∥ f ∥H≤1

Ex∼P[ f (x)] − Ey∼Q[ f (y)]
2

(12)

where Ex∼P[ f (x)] and Ey∼Q[ f (y)] denote expectations with re-
spect to P and Q, respectively, x and y are random samples
drawn independent and identically distributed from P and Q,
respectively, F is a “unit ball” in a Reproducing Kernel Hilbert
Space (RKHS). Then MMD(F , P,Q)2 = 0 if and only if P = Q

[29]. In an RKHS, the squared MMD can be expressed in terms
of kernel functions, and a corresponding unbiased finite sample
estimate can be expressed, as follows:

MMD(F , P,Q)2 = Ex,x′ [k(x, x′)] + Ey,y′ [k(y, y)] − Ex,y′ [k(x, y)].
(13)

It is possible to use an empirical formulation for the above
equation with following formula:

MMD(F , P,Q)2 =
1

m(m − 1)

m∑
i=1

m∑
j

k(xi, x j)+

1
n(n − 1)

n∑
i=1

n∑
j

k(yi, y j) −
2

mn

m∑
i=1

n∑
j

k(xi, y j)

(14)

where x are the data points from the original dataset and y are
the simulated samples. We used the MMD with radial basis
function kernel where the bandwidth is selected by calculating
the median of the pairwise distances between the samples [29].
To determine if empirical MMD (Eq. 14) shows a statistically
significant difference between P and Q, it is required to compare
the test statistic MMD(F , P,Q) with a particular threshold: if
the threshold is exceeded, then the test rejects the null hypothesis
H′ : P = Q. To estimate the threshold with a given acceptance
level α,the bootstrap is used on the aggregated data, and the
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Figure 2: Discretization of the continuous-time marked point process. The discrete-time signal is nonzero whenever the continuous-time point process features a meal
event within the given time bin. The amplitude of the signal coincides with the carbohydrate amount taken during the corresponding time interval.

p-value is estimated from the permutations as follows:

p =
M + 1 − r

M + 1
(15)

where r denotes the position of the test statistic when sorting250

in ascending order the obtained MMD(F , P,Q)2 of the M per-251

mutations. In particular, the comparison between alternative252

models will be carried out by computing the Empirical MMD253

between the 4-dimensional distribution of T , cho, f p,
←−−
cho(i) of254

the simulated and real meal histories. The comparison is based255

on the p-values, preferring the model with the largest p-value,256

i.e. the model that generates meal histories such that the null257

hypothesis of being statistically distributed as the real data is258

farthest from being rejected.259

3. Results260

The dataset used in this work was collected during exper-261

iments in free-living conditions involved in the “AP@home”262

project [42] in 2015. Specifically, the dataset includes clinical263

data belonging to 15 patients, who underwent a 1-month clin-264

ical trial that took place in two clinical centres of Padova and265

Amsterdam [2]. Data were collected in real-life condition and266

carbohydrates ingested at meal time or for snack and those used267

to treat hypoglycemic episodes were manually entered by the268

patient into a suitably modified android smartphone (the DiAs269

platform, [43]). In this dataset, each meal event was recorded as270

a combination of the timestamp and its associated carbohydrate271

amount.272

Since each country is characterized by different habits, a sepa-273

rate analysis was performed for each clinical centre.A correlation274

analysis is performed to preliminarily quantify the associations275

between the available variables. Indeed, although patients with 276

T1D are required to respect regular eating patterns, a causal 277

model analysis of eating behavior can not be achieved in this 278

work due to the lack of potential causal factors. The primary goal 279

of this work is to design a simple, most likely and interpretable 280

model, whose development is mainly based on the observed 281

correlations among the small set of available features. Figures 282

3 and 4 show the scatter matrix for these variables and, on the 283

main diagonal, their marginal distributions for patients belong- 284

ing to the Padova and Amsterdam clinical centres, respectively. 285

Correlation coefficients are reported together with the regression 286

lines. The comparison between the magnitude of correlation 287

coefficients defines the order of importance in the relationships 288

among the different variables. 289

In the Padova dataset the marginal distribution of the mealtime 290

on a 24-hour period shows a trimodal shape, meaning that these 291

patients typically eat three meals a day: breakfast, lunch and 292

dinner. Breakfast is usually a light meal consumed between 293

[7.00 - 10.00]; lunch is the main meal and generally is consumed 294

in the interval [12.00 - 15.00]; finally, dinner is usually served 295

late in the evening after 20.00. Moreover, a small snack may be 296

taken at mid-morning or mid-noon. As patients data are mostly 297

characterized by meals intake at regular intervals, the distribution 298

of fasting periods preceding the meals appears having a bimodal 299

shape on a daily basis. Fasting periods result on average between 300

6 and 8 hours during the daytime and longer across the night 301

where the values ranged from 6 to 15 hours. The presence 302

of the snacks all day around comes up with clusters of meals 303

characterized by short fasting periods. 304

The Amsterdam cohort is characterized by multiple small 305

meals throughout the day, as well as light snacks during night 306

periods. These habits result in having in general short fasting 307
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Figure 3: Scatter matrix for the four main variables characterizing the meal
habits in the Padova dataset: previous CHO (

←−−
cho(i)), current CHO (cho(i)), time

(T (i)), and fasting period ( f p(i)). Main diagonal: histograms; lower panels:
scatter plots; upper panels: correlation coefficients. These marginal and joint
ditributions, together with the correlation coefficients, represent a statistical
reference against which the accuracy of a candidate model can be assessed.

periods with few longer periods reported. The fairly regular tim-308

ing of eating habits explains why the correlation between meal309

times and fasting periods results to be the strongest one with310

correlation coefficients equal to −0.41 and −0.39 for the Padova311

and Amsterdam datasets, respectively. Meal amounts show a312

skewed distribution. The Padova cohort ate meals with carbo-313

hydrate amount up to around 150 grams, while the Amsterdam314

cohort spans a narrower range.315

Meal times show a weaker relationship with the associated316

amount of carbohydrate. In Figure 4 the correlation is negative317

(−0.11) in the Amsterdam dataset, representing a tendency to318

consume larger meals early in the day, opposite to the Padova319

subjects who tend to consume larger meals late at night for320

which the correlation is positive (0.19) as shown in Figure 3.321

Conversely, there is no apparent relationship with the carbo-322

hydrate amount of the previous meal having an even weaker323

correlation coefficient equal to −0.08 and 0.08 for the Padova324

and Amsterdam datasets, respectively. This implies that the325

daytime somehow affects the amount of the CHO intake, while326

meal time does not seem affected by the CHO amount of the327

previous meal.328

For a given value of meal amount, the corresponding values329

of backward fasting periods range from 30 minutes to 10 hours.330

The relationship between the meal amount and the duration of331

the fasting period preceding the meal in the Padova cohort is332

described by the smallest correlation coefficient equal to −0.03.333
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Figure 4: Scatter matrix for the four main variables characterizing the meal
habits in the Amsterdam dataset: previous CHO (

←−−
cho(i)), current CHO (cho(i)),

time (T (i)), and fasting period ( f p(i)). Main diagonal: histograms; lower panels:
scatter plots; upper panels: correlation coefficients. These marginal and joint
distributions, together with the correlation coefficients, represent a statistical
reference against which the accuracy of a candidate model can be assessed.

The meal amount, that, as already observed, does not show an 334

effect on next meals’s amount (0.07), appears to affect the fasting 335

period after the meal as shown in Figure 3 with a correlation 336

coefficient equal to 0.24. 337

Meal amounts show a positive correlation with both the back- 338

ward fasting period (0.17) and the size of the previous meal 339

(0.12) in the Amsterdam dataset, as shown in Figure 4. The 340

quantity of carbohydrates can be equally depending on the two 341

variables. Although the fasting period affects clearly the meal 342

time, the meal amount can be related either to the fasting period 343

or the previous carbohydrate intake. 344

To sum up, the explorative analysis suggests that the occur- 345

rence of a meal is strongly affected by the current time and the 346

fasting period in both cohorts. The associated CHO amount is 347

mainly related to the daytime in the Padova dataset, while in the 348

Amsterdam dataset it can depend on either the fasting period or 349

the previous carbohydrate intake. 350

3.1. Logistic Regression 351

The logistic regression aims to model the dependence between
each Y(i) and the predictors T (i), f p(i), and

←−−
cho(i). The time

covariate has a periodic nature with period τ = 24 hours in align-
ment with the circadian rhythm patterns [9, 39] To further study
the periodicity of the Probability Density Function (PDF) of the
meal times, first, an histogram was used to estimate an approxi-
mated PDF of the meal time samples and the Square Root rule
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was used to choose the number of bins (Nbin). Given the size of
dataset, Nbin is equal to 30 and 26 in the Padova and Amsterdam
datasets, respectively. Then, interpreting the PDF approximation
as a time signal, the Fourier transform can be used to highlight
its main harmonic components. It is worthy to highlight that
Nbin defines the associated bin width, which turns up being the
sampling time of the PDF time signal. With the above choice,
the Nyquist frequency is defined as ωN =

π∗Nbin
24 [rad/hour]

[44].The Fourier transform shows that the signal spectra have
12 components each in total: the fundamental harmonic has
period τ1 = 1/24, and the principal components span up to τ7.
A notable improvement is however noticeable when including
up to the 10th components, while the harmonics τ11 and τ12

were not considered because they are very close to ωN . Based
on this analysis, the time covariate was expressed as a linear
combination of sinusoids and cosinusoids with periods τh =

τ
h

with h = 1, 2, . . . , 10. Therefore, the candidate regressors were:

Φ(i) = [1, sin
(

2πT (i)
τ1

)
, cos

(
2πT (i)
τ1

)
, . . . ,

sin
(

2πT (i)
τ10

)
, cos

(
2πT (i)
τ10

)
, f p(i),

←−−
cho(i)]

(16)

The results of the regression analysis on the above candidate352

regressors are reported in the Supplementary material where353

the estimated coefficients, as well as the standard error (SE), T-354

statistics, p-values and the 95% confidence interval (CI). Specif-355

ically, Supplementary tables S1 and S2 provide a list of the356

information concerning the Padova and Amsterdam dataset, re-357

spectively. It is worth highlighting that, from the scatter plot358

reported in Figure 3, the relation between the meal time and
←−−
cho359

appears negligible, with a correlation coefficient equal to −0.08360

in the Padova cohort. The same consideration concerns the Am-361

sterdam cohort showing a correlation coefficient equal to 0.08362

between time and
←−−
cho, as shown in Figure 4. It can be noted in363

Supplementary tables S1 and S2 that the coefficients associ-364

ated with
←−−
cho are close to zero confirming the hypothesis of no365

relationship. Based on this consideration, the regressor
←−−
cho was366

removed and a new model was identified for both cohorts. The367

logistic regression models based on the reduced set of regressors368

are reported in Supplementary tables S3 and S4. Aiming to369

seek the contribution of the carbohydrate amount consumed at370

the previous meal, the BIC criterion was considered to choose371

between the two competing logistic regression models. The BIC372

associated with the complete set of regressors was 6136, while373

a BIC of 6134 was obtained by removing
←−−
cho in the Padova374

dataset. The same results occurred in the Amsterdam dataset 375

obtaining a BIC value of 5474 with the complete set of regres- 376

sors, and 5471 discarding
←−−
cho. The achieved BICs suggested 377

to choose the simpler model where the meal event occurrence 378

depends on the fasting period and the current time only, for both 379

datasets. 380

3.2. Gaussian Mixture model 381

The set of the CHO intakes associated with the meal events 382

is given by {chom(i)}, i ∈ M, where M = {i|cho(i) > 0}. The 383

corresponding daytimes, fasting periods and previous CHO in- 384

takes are {Tm(i)}, { f pm(i)} and {
←−−
chom(i)}, i ∈ M. To investigate 385

which covariate does have an impact on predicting {chom}, three 386

separate GM models were identified with ψ1 = [chom,Tm]′, 387

ψ2 =
[
chom, f pm

]′, and ψ3 =

[
chom,

←−−
chom

]′
, and three corre- 388

sponding meal histories are generated using the MC model. 389

Then, as described in Section 2.4, the empirical estimate of 390

MMD between the 4-dimensional distribution of T , cho, f p, 391

←−−
cho(i) of the simulated and real meal history data, was applied to 392

test which combinations of covariates gives the model that gener- 393

ates meal histories statistically distributed as the real data. Using 394

a permutation procedure based on 100 repetitions, the null hy- 395

pothesis is always accepted for the Padova dataset for α = 0.01, 396

and the largest p-value is obtained with ψ1 = [chom,Tm]′, as 397

reported in Table 1. 398

Since Tm can satisfactorily predict chom, the GM model with 399

ψ = [chom,Tm]′ was included in the stochastic meal generator. 400

Figure 5 shows on the left side the identified Probability Density 401

Function (PDF), as well as the scatter plot of the ψ samples on 402

the right. The GM model includes four Gaussian distribution: a 403

baseline low-CHO distribution accounting for small meals con- 404

sumed thoughout the day and three distributions matching the 405

three clusters of meals at breakfast, lunch and dinner. The same 406

analysis was performed on the Amsterdam dataset to identify 407

the subset of explanatory variables that exhibit predictive capa- 408

bilities for chom in this specific dataset. Using a permutation 409

procedure based on 100 repetitions, the null hypothesis is ac- 410

cepted only for the combination ψ1 = [chom,Tm]′, as reported in 411

Table 1, and the corresponding model GM model was included 412

in the generator, ending with the same covariates to build the GM 413

model for both populations. Despite of its significance, the small 414

p-value can be attributed to the fact that the occurrence of a meal 415

and its amount may depend on several different causes, such as 416

the distribution of energy and macronutrient intakes throughout 417

the day, as well as psycho-behavioural mechanisms, which were 418



E.M. Aiello et al. 9

MMD

ψ1 = [chom,Tm]′ ψ2 =
[
chom, f pm

]′ ψ3 =

[
chom,

←−−
chom

]′
Padova 0.33 0.19 0.24

Amsterdam 0.03 0 0

Table 1: P-values of the Maximum Mean Discrepancy test for the different candidate GM models.

not annotated during the study. Additional details on the meals419

could highly improve this value. Figure 6 shows both the ob-420

tained density (left) and the scatter plot (right). The GM model421

contains three Gaussian distributions: a baseline low-CHO dis-422

tribution accounting for small meals consumed thoughout the423

day, and two clusters representing the meals consumed before424

noon and late at night, respectively. It is interesting to note that425

the cluster of large meals recorded around noon is present in the426

GM model.427

3.3. Markov chain428

As already observed, the states of the MC are the fasting
periods and the state space is the set of all positive integers
including 0, e.g S = 0, 1, 2, . . .. At times k = 0, 1, 2, . . . , two
admissible events can occur at each state j, that is an extension of
the fasting or a meal, as shown in Figure 7. The corresponding
transition probabilities are:

P j, j+1(k) =P( f p(k + 1) = j + 1| f p(k) = j, k)

P j,0(k) =P( f p(k + 1) = 0| f p(k) = j, k)
(17)

The transition probability is null for all other cases. Recalling
the daily periodicity, the above probabilities can be rewritten as
follows:

P j, j+1(k) =P(Y(k + 1) = 0| f p(k) = j,T (k))

P j,1(k) =P(Y(k + 1) = 1| f p(k) = j,T (k))
(18)

that can be computed applying the logistic regression models429

described in Section 3.1. As already observed, the MC model430

can be used to easily simulate the point process of the meal431

events. To guarantee the fasting periods to be non negative432

integers, at the beginning of the simulation, the state of the433

chain is initialized to 0, then, at each time k, the state increases434

by one if no meal occurs. Conversely, if a meal event occurs,435

the fasting period is reset to 0. Moreover, to assure T (k) to be436

non negative integers, at the beginning of the simulation, we437

initialized k = 0, then at each time the counter k increases by438

one, while the module operator guarantees the daily periodicity, 439

as described in Eq. 9. 440

To add the markers, whenever a meal event occurs, a sample 441

of CHO amount is drawn from the conditional distribution of 442

chom given the relevant covariates, a conditional distribution that 443

is rather straightforwardly derived from the GM model. 444

3.4. Comparison between observed and simulated meals 445

Figure 8 shows the comparison between the original Padova 446

dataset and a simulated dataset of the same size. In the sim- 447

ulated dataset, both the CHO amount and the meal times are 448

uncorrelated with the previous CHO intake, as seen in Section 449

2.3. The fasting period resulted having a weak correlation with 450

the current CHO amount as well as the previous CHO intake. 451

The correlation coefficient between the meal time and the CHO 452

amount was 0.29 compared to 0.19 in the Padova dataset. It is 453

worth observing that the simulated data are able to replicate well 454

the strongest correlation observed in the original dataset, that is 455

the correlation between the time and the fasting period. In fact, a 456

correlation coefficient of −0.39 was found in the simulated data, 457

compared to a value of −0.41 observed in the original dataset. 458

Coming to the simulation of the eating process of the Amsterdam 459

cohort, Figure 9 shows that the previous CHO intake does not 460

affect the next meal in term of CHO intake, but shows a negative 461

correlation, although not significant, with the fasting, as can be 462

observed in the original dataset. The correlation between the 463

CHO amount and the time was −0.011, in very good agreement 464

with −0.06 observed in the original dataset. In simulation, the 465

meal amount turned out having a correlation of 0.06 with the 466

fasting period, slightly smaller than the 0.17 observed in the 467

original dataset, but both statistically significant. The strongest 468

correlation in this dataset was the one between time and fasting 469

period, equal to −0.32. In simulation this correlation turned 470

out to be a statistically significant −0.31, but more remarkably, 471

the simulated scatter plot was able to reproduce the two clusters 472

separated by an empty region that are a peculiar feature of the ex- 473

perimental scatter plot. Figures S1 and S2 in the Supplementary 474
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Figure 5: Padova dataset: Gaussian Mixture model of the joint distribution of daytime and CHO intake. Left: estimated probability density function; Right: scatter
plot of the training data. The model of the joint distribution allows the computation of the conditional distribution of CHO intake given a specified daytime, which is
the key information needed for the random simulation of the marks of the marked point process.

Figure 6: Amsterdam dataset: Gaussian Mixture model of the joint distribution of time and CHO intake. Left: estimated probability density function; Right: scatter
plot of the training data. The model of the joint distribution allows the computation of the conditional distribution of CHO intake given a specified daytime, which is
the key information needed for the random simulation of the marks of the marked point process.
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Fasting
Period = Δ

Fasting
Period = 2*Δ

Fasting
Period = 3*Δ

Fasting
Period = 4*Δ

𝑚𝐸 = 1

𝑚𝐸 = 1

𝑚𝐸 = 1 𝑚𝐸 = 1

𝑚𝐸 = 0 𝑚𝐸 = 0 𝑚𝐸 = 0 𝑚𝐸 = 0

Figure 7: Markov Chain representation of the meal model. The chain states identify different values of the fasting period. If a meal event occurs, the fasting period is
reset (backward arrow), otherwise it undergoes a unit increase (forward arrow). The transition probabilities may depend on the fasting period as well as on daytime
and previous CHO.

materials shows the comparison between the Amsterdam dataset475

and the simulated dataset corresponding to the GM models, that476

were identified with ψ2 =
[
chom, f pm

]′ and ψ3 =

[
chom,

←−−
chom

]′
,477

respectively.478

4. Discussion479

The proposed approach provides a compact solution to the480

problem of modelling and simulating the eating behaviours of a481

T1D population. The simulation tool has a parsimonious struc-482

ture with a small set of parameters. Apart from the merit of a483

simple and meaningful structure, the strength of the approach484

is its ability to capture and reproduce different eating habits,485

as practically demonstrated on datasets collected in Italy and486

Netherlands. Our methodology can also be applied to leverage487

data from a previously conducted clinical study in order to run488

simulations that help the design of a future study. In princi-489

ple, the same procedure could be easily replicated for a specific490

patient, provided that an adequately sized dataset is available.491

The availability of large individual datasets is something that492

is soon to happen, due to the increasing ease in collecting this493

type of data using wearable devices [9]. Moreover, if a longer494

dataset was available, it would be interesting to investigate the495

seasonal variation to describe if and how eating patterns change496

across the year. Additionally, physical activity can highly impact497

the meal habits. Although the study records used in this work498

do not include any exercise information, it would be stimulat-499

ing to perform an extended analysis including physical activity500

information in the model development.501

Having a flexible and efficient model of the eating habits of a502

Figure 8: Scatter matrix for the four main variables characterizing the meal
habits in the Padova dataset: previous CHO (

←−−
cho(i)), current CHO (cho(i)), time

(T (i)), and fasting period ( f p(i)). Main diagonal: histograms of the original data
(blu) and simulated data (orange); lower panels: scatter plots of the original data
(blue); upper panels: scatter plots of the simulated data (orange). The correlation
coefficients are also reported. The good agreement between the original and
simulated distributions provides a validation of the stochastic simulation model.



E.M. Aiello et al. 12

Figure 9: Scatter matrix for the four main variables characterizing the meal habits
in the Amsterdam dataset: previous CHO (

←−−
cho(i)), current CHO (cho(i)), time

(T (i)), and fasting period ( f p(i)). Main diagonal: histograms of the original data
(blu) and simulated data (orange); lower panels: scatter plots of the original data
(blue); upper panels: scatter plots of the simulated data (orange). The correlation
coefficients are also reported. The good agreement between the original and
simulated distributions provides a validation of the stochastic simulation model.

population would also be of great help to customize automatic in-503

sulin dosing systems, tailoring them to specific eating scenarios,504

e.g. typical of a certain country or patient category.505

Our model could also play a role in the design of meal de-
tection algorithms. While it is clear from clinical results that
meal announcement represents an additional information, that
can improve the critical postprandial glycemic control, the real-
ity is that patients with T1D often forget to announce the meal.
Although the AID systems should remain able to operate safely
in case of a missing announcement, this condition represents a
challenge.The analysis of the glucose profile is obviously the
core of an effective automatic meal detection scheme. Our prob-
abilistic model should be regarded as complementary, in that
it provides the probability of meal time and amount before the
knowledge glucose level is made available. This means that,
rather an alternative way of detecting meals, it could provide
the prior probability useful to develop a Bayesian meal detector.
More precisely, according to the Bayes formula,

P(mE(t)|g(·),Y) ∝ P(g(·)|mE(t),Y)P(mE(t)|Y) (19)

where mE(t) is a meal event at time t, g(·) is the recorded glu-506

cose level history and Y denotes the relevant information e.g.507

daytime, fasting period, the CHO amount of the previous meal, 508

previous insulin administration, and so on. Our probabilistic 509

model would provide the prior probability P(mE(t)|Y) that mul- 510

tiplies the likelihood P(g(·)|mE(t),Y), typically derived from 511

glucose metabolism models. The availability of a realistic model 512

of the prior probability is expected to reduce the uncertainty 513

inherent in data-driven meal detection. 514

Moreover, even when meal is announced, the controller be- 515

comes aware of the meal just at the time of the announce- 516

ment.Since glucose variations induced by the meals intake are a 517

disturbance for an AID system, the proposed model can also be 518

used to predict the disturbance in the context of model predictive 519

control schemes [11, 45]. In fact, our model aims to provide 520

population-level assumptions about eating behavior that could 521

allow to anticipate future meals. For example, if a patient has a 522

meal early in the morning, then it is unlikely that the next meal 523

will occur within the next hour or after noon. However, if there 524

is no meal announcement after a long fasting period according 525

to the patient’s habits, the probability adapts to an increasing 526

chance of the patient eating soon. 527

Conclusions 528

This work proposes a methodology to identify eating be- 529

havioural patterns of individuals with type 1 diabetes. The 530

proposed approach describes the eating events as a marked point 531

process where the event occurrence is modeled by a logistic 532

regression, while the mark distribution is formulated as a GM 533

model. A MC framework was then applied to efficiently gen- 534

erate of synthetic datasets whose statistical properties are in 535

accordance with those of the original datasets. Due to its sim- 536

plicity, the model can run online for safety and decision support 537

purposes. Finally, it should be remarked that this approach can 538

be straightforwardly applied to obtain a patient-tailored model 539

if an adequate dataset is available. 540
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