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Supplementary Figure 1: (A) Histogram of the user transaction number in the CCRs, the 150,000
users selected for the analysis are those with more than 10 transactions and less than 300. (B) Relation
between the district population (”Source: INEGI, Intercensal Survey 2015”) and the number of user in
our datasets, using the same color map as Fig. 1 in the paper (each color represents a city district Fig.
1A main text, the districts legend in Fig. S1s). (C) Distribution of overall users’ monthly expenditure
in USD. (D) Comparison between district users of CCR and district population from Census Data in
gray (”Source: INEGI, Intercensal Survey 2015”). (E)Mexico City Color legend district for Fig. 1A
of the main text and figures S1b-S1d-S1F. (F) Female percentage usage of credit card (by district)
CCRs, in comparison with the female percentage from census in gray (”Source: INEGI, Intercensal
Survey 2015”).
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Supplementary Figure 2: (A) Complementary Cumulative Distribution and Probability Density Plot
(inset) of MMCs’ transaction codes. The probability distribution of a transaction code x presents
Zipf’s distribution p(wi) ∝ x

(−1.05)
i , with a Kolmogorov-Smirnov distance Dn=0.04 and with cutoff

identified as the right-most point in the distribution before the fitted power law [1, 2]. (B) Median’s
distributions of the number of transactions per day divided by socio-demographic features; the error
bars represent the confidence interval of 95% (C) Percentage of the number of transactions per day
per user divided by socio- demographic features.
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Supplementary Figure 3: Example of word occurrence distribution of the 1000 randomized code
sequences preserving the same number of transactions per type. In both cases the real occurrence of
the word showed in the purple box his higher than the average of the random sample. We can see that
the z-score equal 2 computed from the sample in relation with the 90th quantile of the distribution.
The icons used in this figure are work of Azaze11o/Shutterstock.com.

Supplementary Figure 4: Relation between the quantile value of the real occurrence of words respect
to the randomized distribution vs. the z-score relative percentile of the words. The z-score relative
percentile is highly correlated with the quantile position of the real word occurrence. We selected only
the words with z-score> 2, corresponding to the 97.73th percentile for a Gaussian distribution.
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Supplementary Figure 5: (A) The z-score of each word depend on occurrence. The z-score of each
word is calculated by comparing the code sequence with 1000 randomized code sequences for each
user, preserving the number of transactions per type. (B) Probability Density Function plot of the
occurrence of the significant words {Wi} and its complementary cumulative distribution; the prob-
ability distribution words manifest a power law behavior p(Wi) ∝ x

(−1.73)
i with xi frequency of the

{Wi} and Kolmogorov-Smirnov test of 0.02. (C) Z-score of a words occurrence for a sample user.
We highlight in orange the users’ associated set of words with a z-score greater than 2, that charac-
terizes the user shopping routines. (D) Number of validate users given a z-score threshold. Selecting
higher values of the z-score generate a decrease of analyzable users, while low values will impact the
significance of the word selected. (E) CDF of the words z-scores. The icons used in this figure are
work of Azaze11o/Shutterstock.com.
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Supplementary Figure 6: (A) Clustering results using the turnover component of the Jaccard dis-
similarity index [3]. (B) Distributions comparison between the Jaccard Similarity and the Jaccard
turnover. (C) CDF of the number of links per users’ network. The icons used in this figure are work
of Azaze11o/Shutterstock.com.
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Supplementary Figure 7: Clustering results depending on the users’ selection. For each threshold xwe
select all the users with more than x significant links. Using the Louvain Algorithm [4, 5] we perform
the cluster of the users’ similarity matrix of the selected users at each threshold. For each threshold,
we show the proportion of users that belong to each cluster, the core transaction for that cluster (as
defined in the main text, Fig. 3 main text) and the conditional probability for a user to belong in a
given cluster depending on its number of significant links P (cluster|#links). By applying a lower
threshold is it possible to increase the number of users analyzed. In particular, selecting users with
more than 3 significant links improves the identification of clusters 4 and 6, which were misidentified
when using higher thresholds. At the same time lowering the threshold increases the number of user
that we are not able to categorize effectively (user percentage of cluster 5). The icons used in this
figure are work of Azaze11o/Shutterstock.com.
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Supplementary Figure 8: (A) Cluster analysis of the users’ similarity matrix for threshold 3 using
the Leading Eigenvector [6] and Walking Trap [7] algorithms; both algorithms detect six different
clusters as Louvain [4] (Fig. 3 main text and Supplementary Figure 5). (B) Network modularity
analysis depending on the three cluster algorithms proposed. We see the Louvain algorithm always
performs better in terms of modularity [8]. (C) Analysis of similarity between the three methods of
data clustering performed, using Normalized Mutual Information (NMI) [9, 10] and Rand [11] index.
Values near one suggest a higher similarity between the cluster identified by the Louvain algorithm
and the other two algorithms. The icons used in this figure are work of Azaze11o/Shutterstock.com.
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Supplementary Figure 9: (A) Distributions of the number of users’ transactions per clusters (on the
left), and confidence interval of 95% (on the right). (B)Distribution of the users’ transaction diversity
per clusters(on the left), and confidence interval of 95% (on the right). We measure the transaction
diversity D(i) of a user i by using the Shannon entropy of the user’s transactions and dividing by the
number of transactionsN hence: D(i) = [

∑
ti∈Ti

p(ti) log p(ti)]/N ; with T the set of user transaction.
The users identified as “commuters” (see main text) are those with low transactions diversity and a
higher frequency of transactions. Conversely the users in the cluster 5 manifest a higher transaction
diversity with a low number of transactions. These two factors combined means that the identification
of the users’ routines in this cluster is more challenging.
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Supplementary Figure 10: (A) Sequitur compression ratio. Ratio between the original sequence
transactions length and the length of Sequitur [12] sequence output. The compression ratio of the
clustered user is 1.50. (B) Shanon entropy of the transactions Sequence. We define the Shannon
entropy for a user i as S(i) = [

∑
ti∈Ti

p(ti) log p(ti)].
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Supplementary Figure 11: Distributions of socio-demographic characteristics of individuals in each
cluster.
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Supplementary Figure 12: Confidence intervals of 95% of socio-demographic characteristics of indi-
viduals in each cluster detected by our framework, and the solid in red representing the median values
of the all clustered users.

12



Toll

Toll

A

B

Supplementary Figure 13: (A) Median expenditure by transaction code (in USD for the 10 weeks
considered). The overall clusters’ expenditure are in agreement with the core transaction identified
by our framework. (B) Frequency of transaction code for the 10 weeks considered for each fo the
six cluster detected; the core transaction is a dominant feature for each of the clusters. Our method
is able to extract information form a zipf like distribution uncovering behavior in shopping patterns.
The icons used in this figure are work of Azaze11o/Shutterstock.com.
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Supplementary Figure 14: Returners and Explorer [13] analysis all the users.

Supplementary Figure 15: Returners and Explorer [13] analysis by clusters.

14



Supplementary Figure 16: Returners and Explorer [13] cell tower residual activity [14]. The maps
were created using the software Mathematica
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Supplementary Figure 17: Cluster analysis of the selected user using the TF-IDF [15, 16] algorithm to
compare the users transaction code sequence. (A) Confidence interval of 95% of socio-demographic
characteristics of the five clusters detected. The TF-IDF is not able to capture any hidden information
form the zipf like distribution of the credit card transaction. According with our socio-demographic
metrics each of the 5 cluster detected is only a random sample of users and do not show any particular
behavior. (B)Cluster analysis of the 13.0K selected users. The Louvain algorithm has been performed
over the users’ cosine similarity matrix of the TF-IDF, with a threshold at 0.6 of cosine similarity
[15]. The clusters 3,4 show and high users’ similarity in the TF-IDF without showing any meaningful
socio-demographic relation. (C) Transactions frequency for each clusters show the same zipf like
distributions outlining that standard methods are not suitable to extract information form a zipf like
distribution as our framework (see Supplementary Figure 13B). The icons used in this figure are work
of Azaze11o/Shutterstock.com.
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Supplementary Figure 18: Cluster analysis of the selected user using Latent Dirichlet Allocation
(LDA) [17] to model user transactions. (A) Confidence interval of 95% of socio-demographic char-
acteristics of the seven clusters detected the solid in red representing the median values of the all
clustered users. (B) Cluster analysis of the 13.0K selected users. Using LDA we model each user
as a mixture of five spending behaviors, where each behavior is a mixture of transaction codes. We
compute the Jensen-Shannon divergence [18] for the user similarity matrix, then perform the Louvain
algorithm with a threshold of 0.1. We compare the clusters detected with the LDA and the Sequitur
methods using the Normalized Mutual Information [9, 10] NMI = 0.2 and the Rand=0.7 [11]. This
two tests show a degree of similarity among the clusters. (C) Frequency of the transaction codes for
the 10 weeks considered for each of the seven clusters detected. The clusters extracted with the LDA
manifest similar characteristics with the ones extracted with our method (Supplementary Figure 13B).
The (1,2,3,7) clusters detected by LDA share distribution in spending codes with the (1,2,3,6) cluster
of the sequitur. Moreover, the clusters (4,5) of LDA are very similar at the sequitur cluster 5. The
icons used in this figure are work of Azaze11o/Shutterstock.com.
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Supplementary Figure 19: Cluster analysis for the second city analyzed in Mexico: Puebla. Con-
fidence interval of 95% of socio-demographic characteristics. In this city the users have an higher
mobility and social diversity with low radius of gyration. (For further considerations see Supplemen-
tary Figure 20-21)
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Supplementary Figure 20: Groups based on their spending habits for the second city analyzed in
Mexico: Puebla. We show the top 5 most frequent spending sequences of the users in each group,
representing more than 30% of users’ shopping routines. The percentage of the total users in each
group is shown in the bottom-right corner. Distribution of individual characteristics among users:
gender radius of gyration, mobility diversity, social diversity, median expenditure by month, transac-
tion diversity and age. While the clusters (1,2,4,5,6), manifest similarity among the two cities. The
cluster 3 in the City B has different routines with the core transactions in Miscellaneous Food store
and insurance instead of taxi and restaurants (see Supplementary Figure 21 for further comparison on
the socio-demographic-mobility indicators between the two cities). The icons used in this figure are
work of Azaze11o/Shutterstock.com.
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Supplementary Figure 21: Analysis of median socio-demographic-mobility index variation per
cluster. The y axis represents (x̃i − X̃)/MAD(X); with X̃ the median of the whole dataset for
the socio-demographic-mobility attribute X , x̃i the median of the same socio-demographic-mobility
attribute of the i-cluster users andMAD theMedian Absolute Deviation. Remarkably the behaviors of
the clusters (2,4,5,6) are very similar between the two cities considered. The two Clusters 3 as already
stress represent two different segments of the population. Meanwhile the clusters 1 of the commuters
have different behaviors maintaining the lower transaction diversity this could be due to the different
topology of the cities.
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