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Abstract. “Tell me what you eat and I will tell you what you are”. Jean
Anthelme Brillat-Savarin was among the firsts to recognize the relation-
ship between identity and food consumption. Food adoption choices are
much less exposed to external judgment and social pressure than other in-
dividual behaviours, and can be observed over a long period. That makes
them an interesting basis for, among other applications, studying the in-
tegration of immigrants from a food consumption viewpoint. Indeed, in
this work we analyze immigrants’ food consumption from shopping retail
data for understanding if and how it converges towards those of natives.
As core contribution of our proposal, we define a score of adoption of
natives’ consumption habits by an individual as the probability of being
recognized as a native from a machine learning classifier, thus adopting
a completely data-driven approach. We measure the immigrant’s adop-
tion of natives’ consumption behavior over a long time, and we identify
different trends. A case study on real data of a large nation-wide super-
market chain reveals that we can distinguish five main different groups of
immigrants depending on their trends of native consumption adoption.

Keywords: Immigrants Shopping Consumption, Human Migration Anal-
ysis, Machine-Learning-Based Measure, Adoption Trends, Integration

1 Introduction

Moving across borders exposes people to the norms that are adopted by the
natives in their countries of destination. As time passes by, immigrants might
progressively adopt these norms [18, 37]. Adoption is a dynamic process that
requires time. A crucial choice that all immigrants must make is whether to
adopt the habits of their host society [11]. Examples of this choice are decisions
concerning ethnic-sounding vs. native-sounding names [1,20], whether to change
the surname [6], the language spoken [4], and whether to marry with people of the
same ethnic group [34]. All these measures reflect choices that are easily observed
by one’s peers and, thus, potentially exposed to social sanctions and not fully
reflecting one’s own preferences. In addition, these measures are usually observed
at one point in time, while integration is an inherently dynamic phenomenon.
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Jean Anthelme Brillat-Savarin, a lawyer, politician, and famous gastronome
was among the firsts to recognize the relationship between identity and food
consumption. In his book [12], he wrote his well-known aphorism: “Tell me what
you eat and I will tell you what you are”. Following this intuition, in this paper
we rely on immigrants’ detailed food consumption choices from shopping retail
data, over a long time after immigration. We highlight that food adoption choices
are not readily observed or inferred (unless the retail stores under study are very
biased, e.g. very cheap or specialized in ethnic food, which is not the case of the
data used in our study), and hence less exposed to peer pressure [3]. Moreover, a
measure of adoption based on food shopping consumption has a dynamic nature
and can be observed several times in the host country.

We use information from retail data and from the country of birth of the cus-
tomers to develop a measure evaluating whether immigrants adopt consumption
habits similar to those of natives. We name this measure native consumption
adoption (nca). Given a temporal granularity, we model the shopping behavior
of a customer as a vector containing information about shopping habits with re-
spect to different food categories. Then, we exploit the knowledge of the country
of birth, and we build a machine learning classifier able to distinguish between
natives and immigrants. In this work, instead of measuring the compliance of
customers to a pre-defined model of native behaviour, we propose to compute the
nca as the probability of being a native that the classifier learnt from training
data assigns to each customer. We adopted classification methods instead of sim-
pler solutions based on distances between vector representations of customers’
purchases because preliminary experiments showed that the latter are unable to
separate natives and immigrants in reasonable ways. Finally, we estimate the
nca for the immigrants over time, and we identify different trends of adoptions
of the native’ shopping consumption. We name tinca the proposed methodology
aimed at discovering trends of immigrants’ native consumption adoption.

We investigate whether immigrants’ consumption in terms of nca converges
towards those of natives on a case study over real data describing the pur-
chases of the customers (immigrants and natives) of a large Italian supermarket
chain between 2008 and 2015. Experimental results reveal five different groups
of immigrants depending on their trends of nca, namely increasing and stable
native-refusers, strong and weak native-adopters, and native-like customers. The
proposed methodology and the results that can be derived from its application
can be of interest to multiple subjects. For instance, social scientists analyzing
the process of integration in the host society, or collaborating with institutions
and organizations responsible for the integration of immigrants. In addition, the
customer management of retail sales companies can benefit from the proposed
methodology and the analysis that can be done on top of the outcomes returned.

The rest of the paper is structured as follows. Section 2 summarizes related
work on migration. In Section 3, we formalize the problem, while in Section 4 we
define the methodology proposed to solve it. Section 5 presents experiments in
the form of a case study in which we employ the proposed methodology. Finally,
Section 6 concludes the paper and illustrates future research directions.
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2 Related Work

Human migration has been a constant of human history, from the earliest ages
until now. The study of migration spans various research fields, including anthro-
pology, sociology, economics, statistics, and, more recently, physics and computer
science. In this paper, we focus on studying the “stay” phase of migration [36],
i.e., immigrant integration, and changes in life and habits.

The complexity of the immigrants’ choice, whether to assimilate or not in
terms of food consumption, has been widely analyzed in economics. In [35] it is
studied how Bengali Indian households in the US converged towards the host
country’s norm for their breakfast eaten at home. Economists recently started
to consider the analysis of immigrants’ consumption as a subject ripe for em-
pirical investigation [10] and recognized the importance of understanding immi-
grants’ consumption behavior to assess the labor market consequences of immi-
gration [19]. The differences in food preferences across social groups are analyzed
in [7], and it is shown that internal migrants in India bring their origin-state
food preferences with them during migration. In [31], the authors find that im-
migrants’ expenditure shares for different types of food in the nineteenth-century
are predicted by past relative prices in their countries of origin. Similarly, [13]
finds that the current purchases of consumers who migrate across states in the
US depend on both where they live currently, and where they lived in the past.
Our work is also related to the economics literature on the heterogeneity in cul-
tural traits. In [5] it is shown that in the last decades economic convergence
across European countries was not accompanied by cultural convergence. The
authors of [9] rely on machine learning to measure cultural distance in terms of
how predictable group membership is from media consumption, consumer be-
havior, time use and social attitudes. They show that cultural distances in the
US have remained broadly constant over time, with few exceptions.

As previously discussed, migrant integration is generally measured through
indicators related to the labor market and economic status. These statistics
are available with low resolution and not for all countries. A new direction is
that of observing integration through big data analysis. For instance, the anal-
ysis of online social networks can allow evaluating the level of adoption of a
culture. There is a vast literature regarding immigration and social networks,
especially Twitter. Most of the studies start from the language in which a post
is written [30]. In [29] it is proposed an approach to detect English linguistic
variation and quantify its significance among geographic regions, while in [33]
geolocated tweets are exploited to analyze the language diversity over different
countries. Also, the topological graph-composition of social networks is analyzed
for studying migration. In [27], community-centric metrics are used to study
cultural assimilation as a function of the number of social ties between migrant
communities and natives using the set of friendship links extracted from Face-
book. In [30], a bipartite graph structure, connecting tweet languages and cities,
is used for studying again cultural assimilation but from the spatial segregation
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point of view. Finally, call data records (CDR) from the D4R challenge5 are ex-
ploited in [8] to observe that integration seems to increase in time for refugees,
and also that the presence of refugees influences the house market in Turkey,
decreasing housing prices. The discussion above is not intended to be a complete
review of data-driven analytical methods for studying immigrants integration.
For a more comprehensive review, refer to [14,36].

In addition, to complement the perspectives of works in economics, sociol-
ogy and computer science, our paper is, to the best of our knowledge, the first
data-driven analytical method not using twitter or CDR for estimating immi-
grants integration in terms of the adoption of native consumption trends. Fur-
thermore, it is also the first work not using retail data with the final purpose
of customer profiling [15, 21, 24], customer segmentation [22, 23, 39], or pattern
discovery [2, 26]. We stress that, like in [17, 32], the analytical process proposed
in this paper takes into account the evolution of a customer and the changes in
her behavior. The work in [17] exploits behavioral and demographic variables,
and a transaction database for designing measures of similarity and unexpected-
ness for mining change patterns to analyze the degree of resemblance at different
time periods. In [32] it is proposed a customer segmentation model that allows
to track the evolution of a customer, including the splitting and merging of cus-
tomer groups and allowing to observe how groups evolve and how individuals
shift across groups. Similar aspects are addressed in the proposed approach.

3 Problem Formulation

In this section we define the context and the problem we want to solve.
Let P = {p1 . . . pq} be a set of q products, we define a basket b (or transaction)

as a subset of products such that ∅ ⊂ b ⊆ P . Given a customer i, we name

B
(t)
i = 〈b1 . . . bn〉 the set of temporally ordered n baskets purchased by i in the

time interval t. t can represent a week, a month, etc., and therefore the baskets in

B
(t)
i correspond to those purchased in a certain week, month, etc., respectively.

With D(b), we refer to the day in which the basket b is purchased. We highlight

that ∀b ∈ B
(t)
i , D(b) lies within the time interval t. Given a product p, the

function E(p) returns the expenditure6 required to purchase p.
Given a finite set of countries C = {China,France, Italy , . . . }, we define C

as the function that returns the country of birth of a customer i, i.e., C(i) ∈ C.
Given a reference country r ∈ C, and a customer i, we can distinguish whether
i is a native customer, i.e., C(i) = r, or i is a foreign customer, i.e., C(i) 6= r.

Let B(t) = {B(t)
1 , . . . , B

(t)
N } be the set of baskets purchased by N different

customers at time interval t. Given the set of sets of baskets {B(t1), . . . ,B(tk)}
purchased between time intervals t1 and tk, and a reference country r, our goal is
to measure the degree with which foreign customers adopt a shopping behavior
similar to that one of native customers along time.

5 Data for refugees of Turkey http://d4r.turktelekom.com.tr/.
6 We assume that the expenditure function E also accounts for the quantity.

http://d4r.turktelekom.com.tr/
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Fig. 1. tinca analytic framework workflow. 1. The baskets of each customer are turned
into features describing the customer shopping behavior in various time periods. 2. The
feature matrix X describing the customers and their country of birth Y are used to
train a machine learning classifier f . 3. The classifier f is used to estimate the level
of nca for the various time periods Π(t) = f(X(t))∀t ∈ [t1, tk]. 4. The nca values of
foreign customers Π̂ is arranged in a matrix with respect to the time at which the
customer started to purchase and a clustering algorithm is used to extract groups of
customers with similar trends of nca. 5. From each group is extracted a representative
trend of adoption/rejection of the shopping behavior of natives.

4 Trends of Immigrants Native Consumption Adoption

In this section, we describe our proposal for measuring immigrants’ level of
adoption of native shopping consumption over time. We name it tinca as its aim
is to discover trends of immigrants’ native consumption adoption. We indicate
the native consumption adoption withΠ. Given the set of sets {B(t1), . . . ,B(tk)},
a reference country r, a prediction function f , tinca consists of the following 5
steps, also illustrated in Figure 1:

1. Models in the matrix X(t) the customers’ shopping behavior for each time

interval t ∈ {t1, . . . , tk}, such that every row X
(t)
i is a vector of features

describing the purchases of customer i;

2. Learns the machine learning classifier prediction function f on the training
dataset 〈X(t0), Y (t0)〉 where Y (t0) indicates if the customer i is native or not.

3. Measures the nca as Π(t) = f(X(t)), i.e., as the probability of being clas-
sified native by the classifier f for each time interval t between t1 and tk;

4. Groups immigrants with respect to the fluctuations of their nca in Π over
time periods, obtaining clusters of non natives with a similar nca evolution;

5. Extracts from each group a representative trend of adoption/rejection.

In the following we provide the details of each step and explain the notation
adopted in the above pseudo-code.
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4.1 Modeling Customer Shopping Behavior

The first step of tinca aims to model the shopping behavior of customer i

at time interval t, represented by B
(t)
i (shortened as B, where clear from the

context). We design a vector of features X
(t)
i extracted from B

(t)
i , that capture

several different aspects of individual purchase activity:

– number of products purchased: NP =
∑

b∈B |b|
– number of distinct products purchased: DP =

∣∣⋃
b∈B b

∣∣
– number of baskets: NB = |B|
– average basket length7: AL = NP

NB
– total expenditure: TE =

∑
b∈B

∑
p∈bE(p)

– average expenditure: AE = TE
NB

– average period between purchases: AP = D(bNB )−D(b1)
NB−1

– number of purchases of product p: NBp =
∑

b∈B 1p∈b
– total expenditure of product p: TEp =

∑
b∈B 1p∈bE(p)

– average period of product p: APp =
maxb∈B|p D(b)−minb∈B|p D(b)

(NBp−1)

where the operator 1cond returns one if the condition cond is verified, zero oth-
erwise; and the operator |p applied to B returns the subset of baskets containing
product p, i.e., B|p = {b ∈ B | p ∈ b}. The features adopted are commonly
used in various work in the literature analyzing transactional data for recom-
mendation, classification or analysis purposes [16, 17]. The first seven features
capture general shopping behavior. Besides the total and average indicators of
quantities NB ,DP ,NP ,TE ,AL and AE , we highlight how AP captures the av-
erage frequency of the period within which a customer makes a purchase. This
is an important temporal indicator that can vary a lot even for customers hav-
ing similar shopping habits in terms of items purchased. The other features,
namely NBp,TEp,APp, capture the specific shopping behavior for each one of
the various products p ∈ P . More precisely, since working with single products
might lead to very sparse data, we suggest to group them into product categories
collecting items of similar type, e.g., bread, pasta, tomatoes, milk, etc. This ab-
straction has also the effect of reducing possible effects of the market dynamics,
where a product might be easily replaced by others in a short time. Details on
product categories adopted and data dimensionality for our case study are pro-
vided in Section 5. An important aspect to remark is that all the features we are
adopting have a clear meaning and are easily interpretable, therefore they can
be exploited for further analyses.

Given B(t), we name X(t) the feature matrix modeling in each row X
(t)
i the

shopping behavior of a customer among those in B(t), whereX
(t)
i = 〈NP ,DP ,NB ,

AL,TE , AE ,AP ,NB1,TE 1,AP1, . . . ,NBn,TEn,APn〉 for n = |P |. The fea-

tures in X
(t)
i describe the food consumption of customer i at time t.

7 We consider also features derived from others, like AL and AE , since they might cap-
ture different aspects of the customer shopping behavior. Where needed, redundant
features can be removed at the preprocessing stage preceding the training phase of
the machine learning classifier.
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4.2 Learning and Measuring Native Consumption Adoption (NCA)

The second and third steps of tinca consist in training a machine learning
classifier f for estimating the degree of adoption of natives’ shopping habits
by foreign customers in a specific time interval t. To this aim, our definition
of the native consumption adoption (nca) score starts from the observation
that customers with shopping behaviours very different from natives’ will be
recognized very easily as non-natives by a classifier, with a high confidence; on
the opposite, the more similar to natives is the purchase behaviour, the lower will
be the confidence, till the point where the customer will be recognized as native,
again with confidence dependent on the closeness to native behaviours. Based
on these observations, in this work we compute nca as the probability of being
recognized as a native returned by the classifier [38]. This methodology advances
state-of-the-art since, to the best of our knowledge, it is the first attempt to adopt
machine learning classification to implicitly build a completely data-driven model
of what it means to purchase like a native, thus not depending on preconceived
hypotheses or handcrafted rules.

The simplest way of implementing the principles introduced above would
consist in comparing the purchase features of a customer with those of natives,
for example by applying a basic k-NN classification with an Euclidean distance,
working either on the raw training set or on prototypes extracted beforehand.
However, preliminary experiments showed that there is not a clear distinction
between the overall features distribution of natives and foreign customers (see
Section 5.1) and that solutions based on simple combinations of features fail (e.g.
linear regression, shown in Section 5.2), thus calling for more complex analyses
of the features and requiring more sophisticated machine learning classifiers.

More in detail, let f : X → [0, 1] be the prediction function of a machine
learning classifier, that takes as input the features modeling the customer shop-
ping behavior, and returns the probability that this customer is recognized as a
native. Thus, given the model of shopping behavior Xi of customer i, we indicate
with Πi = f(Xi) her nca, and i is recognized as a foreign when Πi ≈ 0, while
i is recognized as a native when Πi ≈ 1. We obtain the prediction function f
from the learning function l : X × Y → f of a machine learning classifier. The
learning function l takes as input a set of N models of shopping behavior, i.e.,
the feature matrix X describing the customers’ shopping behaviors, and a vector
Y specifying if each customer is native or not with respect to a reference country
r, i.e., Y = 〈1C(i)=r〉i=1,...,N ; and returns the prediction function f . Coherently
with the objective of our study, the prediction function is learnt from a dataset

〈X(t0), Y (t0)〉 containing, on one hand, vectors of features X
(t0)
i modeling the

initial purchases of immigrants (i.e. features related to their early purchase his-
tory, which is less likely to be affected by their possible integration); on the other

hand, vectors of features X
(t0)
i modeling the shopping behavior of natives8.

8 Notice that we are implicitly assuming that the food consumption habits of natives
do not change over time. While not true in general, we empirically observed that it
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Fig. 2. (Left): Eurostat trend of immigrants moved to Italy vs trend of foreign cus-
tomers of UniCoop. (Right): 18 most represented countries in the dataset.

nbr baskets tot exp avg basket len avg exp avg freq

natives 3.95 ± 0.13 180.63 ± 13.67 8.21 ± 0.30 40.55 ± 2.42 3.29 ± 0.09
immigrants 4.39 ± 0.16 175.73 ± 12.59 7.26 ± 0.22 33.95 ± 1.93 3.28 ± 0.13

Table 1. Number of baskets, total expenditure, average basket length, average expendi-
ture, and average frequency means and standard deviations for natives and immigrants.

4.3 Grouping and Monitoring NCA Trends of Foreign Customers

The objective of steps four and five is to monitor how the nca values of foreign
customers (who are the focus of our study) evolve in time. We implement these
steps by exploiting a centroid-based clustering [38] that simultaneously groups
immigrants with respect to their nca trends and computes representative trends
as centroids. Each customer i might start her purchase history at a time S(i) that
differs from other customers. In particular, while some of them start with our
observation period (i.e., S(i) = t1), others might start later (i.e., t1 < S(i) ≤ tk).
In order to take that into consideration, and to perform unbiased comparisons
of the trends, before clustering the nca trends we align them with respect to
S(i). More formally, let Π(t1), . . . ,Π(tk) be the nca for all the customers for
each time interval t between t1 and tk. We create a matrix Π̂ where each row Π̂i

corresponds to a foreign customer i, i.e., C(i) 6= r, and each column j corresponds
to the j-th time period of the customer starting from her S(i), i.e., t = S(i)+j−1.
The trend analysis focuses on the first m time periods of Π̂, where m is a
parameter. The missing values in the nca sequences (either because the customer
has less than m time periods, or because of gaps) are replaced with the most
recent available nca value. Thus, through the matrix Π̂ we can compare the
nca trends of foreign customers. Indeed, Π̂ is used as input for the clustering
algorithm and for extracting the representative trends for the various clusters. In
particular, the representative trends are cleaned and studied exploiting methods
from time series analysis [28].

holds for the vast majority of customers in our data. Studying natives’ evolution in
time is part of our future works.
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Fig. 3. (Left): distributions of the average number of baskets for natives and immi-
grants. (Right): trends of average total expenditure for natives and immigrants.

5 Experiments

In order to use tinca9 to study if and how immigrants’ consumption converges
towards those of natives, we exploited the purchases of food products made by
a high number of documented immigrants (and natives) in UniCoop Tirreno10,
a large Italian supermarket chain. Thus, we set Italy as reference country r.
Customers are provided with a loyalty card which allows linking different shop-
ping sessions. We consider only customers labeled as resident according to [22],
i.e., the customers who stably perform a minimum number of purchases over
the years. In particular, we analyzed about 30 millions of transactions made by
about 160k customers in 128 different shops, over the years 2008-2015. In our
experiments we cover a month with each time interval t, while we use a set of
products P with |P | = 100 distinct products where each product refer to a cer-
tain group of semantically similar items, i.e., “milk” identifies all the different
types of milk11. Thus, we have a dimensionality of 307 for the feature matrix
X describing the customers shopping behavior. This choice with time intervals
of one month, and with the selected machine learning classifier avoids any issue
related with data sparsity for the classification task and the other steps.

5.1 Data Analysis

Before discussing the results obtained with tinca, we briefly present the Uni-
Coop dataset and the reasons for using it to study immigrants’ adoption of native
consumption. Figure 2 (left) shows the trend of immigrants moved to Italy ac-
cording to Eurostat12, and the trend of memberships with UniCoop Tirreno of
foreign-born customers. This high correlation13 confirms the suitability of the

9 The source code of tinca is available here: https://github.com/riccotti/TINCA.
10 https://www.unicooptirreno.it/, data: https://sobigdata.d4science.org/.
11 The 100 product groups are available in the shared repository. The grouping was

performed manually to respect the implicit semantic meaning. Each product models
on average 1.9 ± 2.0 categories of items of the UniCoop dataset. The largest product
groups are those modeling “bread”, “fish”, and “vegetables”.

12 Eurostat data: https://ec.europa.eu/eurostat/statistics-explained/index.

php/Migration_and_migrant_population_statistics.
13 Pearson of 0.75 and Spearman of 0.78 in both cases with p-value < 0.0005.

https://github.com/riccotti/TINCA
https://www.unicooptirreno.it/
https://sobigdata.d4science.org/
https://ec.europa.eu/eurostat/statistics-explained/index.php/Migration_and_migrant_population_statistics
https://ec.europa.eu/eurostat/statistics-explained/index.php/Migration_and_migrant_population_statistics
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F1-score Recall Precision

RF .37 ± .02 .58 ± .10 .29 ± .05
DT .35 ± .01 .55 ± .09 .26 ± .01
LR .10 ± .02 .05 ± .01 .70 ± .03

Fig. 4. Average performance and its
variability on the twelve training
datasets for the class not native. Fig. 5. F1-score along months when the classifiers

are applied to estimate the values of nca.

UniCoop dataset for this kind of study. We report in Figure 2 (right) the 18
most represented countries out of the 158 present in the dataset.

Table 1 and Figure 3 highlight how it is not trivial to distinguish between
natives, i.e., Italians in this case, and immigrants in the UniCoop dataset. Table 1
reports means and std. dev. for some measures which are contained in the vector
of features describing a customer: these values are quite similar and do not
separate natives and immigrants due to the variability in consumption behavior.
Figure 3 shows the distributions of the average number of baskets (left), and the
trends of average total expenditure (right). In both cases we observe that natives
and immigrants have rather similar distributions, without a strong separation.

5.2 Machine Learning and Classification Performance Analysis

In this section, we provide details for the training of the machine learning clas-
sifiers, and we analyze their performance. We remark that our final objective is
to obtain a model with sufficient discrimination power to identify and monitor
in time native-looking vs. immigrant-looking behaviours. While, obviously, the
more accurate are the models, the better, our emphasis is on capturing the non-
native class, which is fundamental for the analysis. As it will be shown, this is a
difficult classification problem.

We account for seasonality [23] by training a machine learning classifier f
for each month of the first year, i.e., f (1), f (2), . . . , f (12) for January, February,
etc., respectively. As the overall dataset is highly imbalanced, with only 3% of
immigrants, we adopt an undersampling strategy to reach a better equilibrium
and mitigate the well-known issues of classification with small minority classes.
In particular, as learning datasets X(1), X(2), . . . , X(12) we consider vectors of
features selected as follows: (i) for all immigrants, consider the vectors model-
ing the first year of purchases; and (ii) take a random selection of vectors for
natives. The result of the random undersampling is a set of training datasets
(one per month) that contain 20% of immigrants and 80% of natives. Exper-
iments are performed using a 10-fold cross validation approach for evaluation
purposes and for parameters estimation over each month. Then, for each month
the best classification models f (1), f (2), . . . , f (12) are trained on the the entire
learning datasets X(1), X(2), . . . , X(12) of the first year. Finally, they are tested
and employed to estimate the nca on all the subsequent years.
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Fig. 6. Top: Average trends of performance for DTs and RFs along years. Bottom:
Number of immigrants members from 2005 to 2015 divided by nca. The percentages
specify the portion of immigrants classified as not natives, i.e., with nca < 0.5.

Among existing machine learning classifiers [38], we test Decision Trees (DT)
and Random Forests (RF), because of their (partial) interpretability, since un-
derstanding the reasons behind the classification is one of our side goals [25]. We
optimize the parameters selection search for maximizing the F1-score [38] with
respect to the not native class C(r) 6= r. Also, we adopt Linear Regressors (LR)
as a baseline. In Figure 4, we report the average performance over the twelve
months on the training data with respect to the class not native, i.e., immigrant.
We observe that the baseline (LR) yields a relatively high precision, but a very
poor recall, basically showing its inability in most cases to capture our class of
interest, and also leading to a very low F1-score. DT and RF both largely out-
perform the baseline in terms of F1-score, with RF showing slightly better values
than DT on all the measures. Hence, RF results to provide the best trade-off in
performances, with a high recall (it captures 60% of non-native customers) and
a lower yet acceptable precision. Further improving the performances is not the
focus of this study, and will be the subject of future work.

Figure 5 confirms these intuitions showing the trends of F1-score across the
various months when the classifiers f (1), f (2), . . . , f (12) are applied to estimate
the values of nca. From Figure 5 it is also clear that RFs, like in [9], overcome
other classifiers and better fit our purposes. Moreover, we observe how, in certain
months, it seems easier to distinguish natives from immigrants. Finally, Figure 6
(top) shows the average F1-score, precision, and recall of DTs and RFs over the
years. Besides remarking that RFs perform better than DTs, this supports the
correctness of our intuition of monitoring changes in purchase habits. Indeed, we
notice a drop in the F1-score due to a drop in the recall, while precision remains
stable, with just a slight improvement. The decrease of the recall from 0.64
to 0.55 indicates that, as time passes, RFs decrease their power in recognizing
immigrants based on the patterns learnt at the beginning of the observation
period. The most natural explanation of this effect is that immigrants changed
their shopping behavior, and started adopting consumptions closer to those of
natives. We can discard the possibility that immigrants arriving in more recent
years have preferences closer to natives than earlier ones, by observing Figure 6
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Fig. 7. Average nca for immigrants (left) and natives (right). In red are reported the
linear regression trends and their coefficients.

(bottom): more than 60% of immigrants becoming customers in recent years have
in their first year of membership an nca lower than 0.5.

5.3 Trends of Native Consumption Adoption Analysis

In this section, we analyze the trends of nca observing their evolution across
time. Before presenting the results obtained with tinca relative to groups of
immigrants having similar trends of nca, we show that indeed nca is different for
immigrants and natives. In Figure 7 we report the average nca for immigrants
(left) and natives (right). As expected, the nca for immigrants is lower than
0.5, and for natives is higher than 0.5. We highlight that the limited difference
between the nca for immigrants and natives is due to the not easy task resolved
by the machine learning classifier. Figure 7 also highlights in red the linear
regressions (and their coefficients) showing that the average nca of immigrants
tends to 0.5, making immigrants more and more indistinguishable from natives.

We implement the centroid-based clustering of tinca by exploiting the K-
Means algorithm [38] to simultaneously group immigrants having similar nca
and to extract a representative trend of adoption/rejection. As already men-
tioned, we align trends of nca of different customers with respect to the time
S(i) at which customer i started to perform purchases, that is, the number of
months since membership subscription. We fill gaps in trends of nca due to
months without purchases by linear interpolation. As distance function, we rely
on the Euclidean distance14. We apply K-Means only for immigrants, and we
run K-means ranging the number of clusters from 2 to 150. We select 18 as the
best number by observing the knee in the Sum of Squared Error (SSE) curve
reported in Figure 8 (bottom right). Finally, in order to remove seasonality and
noise, the representative nca trend of each group is computed through time
series decomposition [28] applied to the centroid of every cluster.

In the following, we analyze the 18 trends of nca (Figure 8) aggregated into
five groups according to the trend’s coefficient and its distance from the classifi-

14 We leave to future works the study of the effect of other specific functions for time
series clustering like dynamic time warping.
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Fig. 8. Trends of nca grouped according to the coefficient of the trend and its distance
from the nca classification threshold, i.e., 0.5. The size of each group is reported as
percentage in the titles. The bottom right plot reports the Sum of Squared Error curve.

cation threshold, i.e., 0.5. We report each country within the group that captures
the largest share of its customers, focusing on most representative ones15.

– Group 1 - Increasingly Native-Refuser. In the first group, we find im-
migrants, classified as immigrants that maintain their “status” of immigrants
and also increase their discrepancies against natives after 20/40 months. It is
the smallest group detected with only 9% of all the immigrants. This group
captures large portions of customers from Iraq and Uzbekistan.

– Group 2 - Stable Native-Refuser. In the second group, the largest one
with 32% of immigrants, we observe customers classified as immigrants that
maintain this classification but assessing their degree of nca at about 0.45,

15 For each group we emphasize the countries having the largest relative number of cus-
tomers in that group normalized on the total number of customers from that specific
country. Focusing on countries with larger absolute presence would be less interest-
ing, as a few countries with overall very large presence (e.g. Romania, Switzerland
and Germany) would simply overwhelm the others in all groups.



14 R. Guidotti et al.

i.e., not far from natives. In this group, we mainly find customers from
Albania, China, Germany, Poland, Romania, Russia, and Ukraine.

– Group 3 - Early Native-Adopters. In this group, the customers are
initially classified as immigrants but after 10 months, or after 60 months
depending on the cluster, they start to be clearly classified as natives with
an nca ranging from 0.6 to 0.75. In this group, we mainly find customers
from Brazil, Croatia, Denmark, Eritrea, Norway, and Slovakia.

– Group 4 - Late Native-Adopters. Also in this group the customers are
initially classified as immigrants but after about 80 months they are classified
as natives with an nca slightly above 0.5. We mainly find customers from
Argentine, France, Ethiopia, Libya, Switzerland, UK, and USA.

– Group 5 - Native-Like Customers. Finally, in the last group we have im-
migrants which are never classified as such. Indeed, the trends of nca remain
stably above 0.5. In this group we mainly find customers from Bangladesh,
Georgia, Czech Republic, and Sweden.
Thanks to tinca, we are able to retrieve these distinctions in the adoption

of native’s shopping consumption. It is interesting to observe how the countries
reported for each group do not match any specific geographical area.

6 Conclusion

In this work we investigated if the analysis of retail data through machine
learning classifiers can help in understanding how much immigrants adopt na-
tives’ shopping consumption. We accomplished this task by designing tinca,
a methodology aimed at discovering trends of immigrants native consumption
adoption measuring the native adoption level by means of machine learning
classifiers. Experiments on a real dataset revealed that foreign-born customers
stably resident in Italy, i.e., immigrants, can be distinguished into five different
groups depending on their trends of native consumption adoptions.

By design, the methodology and the results obtained are clearly of interest
for the research community on social studies, and for the public bodies managing
the integration of immigrants in the territory. However, we also expect that the
information extracted can be useful for the retail sale companies themselves to
improve their customer management, since they provide insights on the needs
and behaviour of a significant portion of customers that are typically difficult
to grasp, as their purchase habits derive from a time-evolving mix of culture,
traditions, taste and financial resources.

This work is preliminary and it is intended to be extended in various direc-
tions besides testing it on other available datasets with similar characteristics
and with different reference countries. First, we would like to validate the re-
sults with null models and extensive clustering evaluation. Second, we could add
useful features taking into account spatio-temporal aspects like the typical hour
and day of purchase, the number of visits at small-size and large-size shops,
and a distinction between high-prices vs. low-prices products. Third, since the
convergence between immigrants and natives might be explained by immigrants
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switching over time from low-quality to higher quality products, we could in-
corporate in the customer models aspects characterizing the variety of different
products purchased, like the relative price within the product category. In a way
this could also mean to consider aspects related to the economic status of the
customers. Fourth, we could improve the performance of the machine learning
classifier with a finer parameter tuning, by adopting other classifiers like support
vector machines or deep neural networks, or by modeling customers with prod-
ucts in the word2vec fashion [40]. Fifth, we would like to explain the reasons for
the classification by interpreting the decisions made by the classifiers [25] and
therefore describe the retrieved groups also with respect to food consumption
and products purchases. Finally, we would like to deepen the study with respect
to specific countries by either developing classifiers aimed at recognizing specific
nationalities, or by clustering the trends for each country separately.
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