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Abstract
The main question of our study is how far social position can be predicted solely
based on digital behavior. The phenomenon that offline inequalities are reflected in
the digital space has been heavily researched since the digital revolution.
Nevertheless, there are few data, which both measure social inequalities and digital
behavior: scientists either have information on the social status of people, or on their
observed digital behavior, but not on both. When analyzing digital behavioral data,
however large scale it is, information on the social position of the users is hardly
available. In the current paper, we analyze a special dataset collected with a data
donation technique, which contains information on both the social position and the
observed digital behavior of participants, and which is representative for the internet
user population of Hungary. In the analysis, using diverse models, we explored how
well basic indicators measuring digital behavior on Facebook can classify users’ social
class measured by the 5-category version of the European Socio-economic
Classification (ESeC). The results show that based on basic quantitative indicators of
digital behavior and usage the models cannot classify users’ social position with a
high degree neither in the classification of social class, nor in the case of
socio-economic status. Nevertheless, the inclusion of socio-demographic
characteristics as features increased the predictive power of the models, that could
differentiate between the lowest and highest social position with a high degree. The
models based on purely observed digital behavior could identify those in the lowest
social position with the highest performance. Among those features, that played an
important role in this classification, usage time, frequency network size and language
characteristics (especially the diversity of the used language and punctuation) should
be highlighted, while diverse Facebook activities and detected interest categories
also played a role. These results are in line with the results of previous studies derived
from smaller-scale, non-representative, or self-reported survey-based data on the
same topic.

Keywords: Observed digital behavior; Social position; Social inequalities; Social
media; XGBoost; Classification

1 Introduction
Social media has radically transformed social reality over the past 20 years. People spend
hours on different social media platforms on a daily basis. The resulting data enabled re-
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searchers to analyze social processes and phenomena, as well as social network theories on
several order of magnitude larger scale. Since the appearance of these platforms, an ocean
of studies have analyzed X (Twitter), Facebook, or Instagram data – nevertheless, in the
latest years, access to these platforms has become limited [1]. However, due to privacy
regulations, we know little about the social background of the users whose data is ana-
lyzed unless we involve the social media platform itself in the research, which has data on
its own users. Accordingly, our knowledge on how different social groups behave in these
online spaces is limited. This paper contributes to the understanding of the relationship
between social position and inequality and social media usage with a special dataset col-
lected by a data donation technique, which includes detailed information on both the par-
ticipants’ observed behavior on social media and their socio-demographic characteristics.
With diverse classifier models we aim to explore how well social position can be classified
by different features of digital behavior and interpret the characterization of such features
in the classification.

1.1 Digital behavior and social inequality
Research on the relationship between digital behavior and social characteristics dates back
to the advent of the internet. While early research focused on inequality in access to online
spaces and digital tools, the focus shifted towards usage patterns as internet penetration
became more widespread. Research on the second- and third level digital inequalities –
which targets such ways of usage, like competencies and skills, and also opportunities and
risks [2] – suggests that different groups of the society use the digital space differently.
Even at the beginning of the century it was proven that socio-economic background of
the users heavily affects internet usage [3]. Since then, many studies came to the same
conclusion, highlighting the relationship of structural social inequalities (especially socio-
demographic and financial ones) with digital skills and type of usage (see e.g., [4–7]). Fo-
cusing on social media platforms, various research showed that users with different social
characteristics use the platforms differently. According to a meta-analysis based mostly
on surveys with self-reported behavior and profile analysis, men and women use social
media platforms with different consciousness and for different motivations: women are
more likely to activate privacy settings and untag themselves from photos than men [8].
At the same time, a research based on a smaller scale survey showed that women mostly
use these sites for keeping up with close friends and relatives, and gather social informa-
tion, while men are keener for general information seeking [9]. An analysis based on a
population-level survey (which measured digital behavior by self-report) found that with
respect to education, higher educated people use social media for work and politics more,
and for participating in fan clubs less, compared to lower educated ones [10]. Based on the
self-reporting of respondents of a representative sample, age affects digital media usage
as well, such as younger generations spend more time online, especially with media con-
sumption and social use [11]. A research conducted on a smaller scale, non-representative
sample of users with estimation on the users’ age, suggests that varying feature usage can
be observed between users of different generations, for example, younger users are more
likely to write comments and use the reply function, while older ones tend to write directly
on someone’s wall and post hyper media [12]. According to the same research, comparing
the size of social network, younger users have substantially larger network than older ones.
Nevertheless, these studies examined social media usage only by main sociodemographic
variables and did not analyze it by complex concepts such as social position.
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Sociology has long used the concept of social class to operationalize social positions,
as it captures multiple dimensions of inequalities and measures the social status of peo-
ple well. Previous research showed that even within the same socio-demographic groups
(e.g. age group), those belonging to different social classes are different in their technol-
ogy usage [13]. Therefore, using the concept of social class in the understanding of the
relationship between digital behavior and social inequalities is important, as it allows for
a more nuanced analysis of how digital behaviors are shaped by underlying structural in-
equalities and varying access to resources. Earlier research showed that people in different
social classes also differ in their time of usage and their focus on social media in digital
consumption. Class affects self-reported digital media usage with lower classes spending
more time online [11] and are more likely to primarily engage with social media platforms
[14]. The same research showed that composition of activities in social media platforms
differs among classes as well: those belonging to higher classes are more likely to carry
out various cultural and personal activities on social media sites, such as participating in
offline activities or joining groups. [14]. Regarding interest categories, they have found
that lower classes may have less engagement with professional contexts on social media,
while higher classes are more interested in culture and sport related discussions and events
[14]. Additionally, the ocean of written text on social media provides an efficient source
of class differentiation as well. Since Bernstein, we know that different classes use differ-
ent languages, namely lower working class people tend to use restricted code with limited
range of alternatives, while middle class people choose their language use from a more
extensive range [15]. His theory has since been confirmed by many, and newer waves of
research even detect those particular linguistic elements, which differ across social classes
(e.g. [16–18]).

1.2 Measurement of digital behavior and social position
Working with observed digital behavioral data, a frequent solution for having informa-
tion on the social background of the users is the inference of social characteristics (e.g.,
based on users’ metadata, or other, platform related information), frequently with ma-
chine learning algorithms [19]. We can find inference of gender, race/ethnicity, age, socio-
economic status, or regional origin of users [20–28], but they lack the ground-truth about
the real social characteristics of the users.

Another solution to collect information both about people’s social characteristics and
their digital behavior is conducting surveys. Still, self-reported surveys can only capture
digital behavior to a limited extent, as they are more capable of measuring attitudes than
real behavior [29].

Among the studies where researchers have precise information both on some social
characteristics of users and their real behavior, we can find analyses based on early social
network sites (e.g. [30]), data from times when privacy regulations towards private profiles
were not as strict as they currently are (e.g. [31]), or studies, which applied data donation
techniques (through web-browser plugins, or Data Download Packages (DDP’s) and have
used either a limited number of digital behavioral characteristics (e.g. [1] - study 1, [32–
34]), or a smaller scale sample (e.g. [35]). Nevertheless, these efforts generally focus only
on a very limited number of social characteristics and thus can barely grab the complexity
of users’ real social position.

The lack of studies on the correlation between social position and online behavior is
also coming from a disciplinary boundary. Most studies that combine digital and survey
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data are associated with media and communication studies or the field of political science
- this approach is relatively rare in sociological research.

Summarizing the previously presented studies targeting the relationship between social
characteristics or position and digital behavior are based on smaller scale (e.g. [7]) or non-
representative research (e.g. [35]), measure digital behavior with self-reported survey data
[8], or only measure a limited number of social characteristics (e.g. [1] - study 1, [32–34]).
All of these have limitations regarding their conclusions: smaller scale, non-representative
data is hardly generalizable to a larger population, self-declared data on digital behavior is
biased compared to real behavior, while limited number of social characteristics does not
allow for the measurement of complex social positions. For the solid analysis of the re-
lationship between social position and digital behavior, it is crucial to have generalizable
and valid data without self-report bias. Thus, having a representative sample of people
with detailed knowledge on their real complex social position as well as their observed
digital behavior is needed for such analysis. To the best of our knowledge, no such exten-
sive digital- and survey data have been collected from the same respondents prior to this
research.

In this study, the solution we applied is a data donation approach, which has become a
promising research direction in the latest years. This process allows researchers to access
social media data in a clean, legal environment [18]. When data donation is combined with
a survey of the same participants, as is the case in the current research, both digitally ob-
served data and information on the participants’ social positions become available. Having
information on the social position and the observed digital behavior of the same partici-
pants of a representative sample lets us test how well social position can be classified solely
based on digital behavior.

1.3 Goal and contribution
The goal of this paper is twofold. First, we explore how well the social position of users can
be classified purely on basic quantitative data on their digital behavior. This exploration
could contribute to existing literature as the data we test the question on is representative
of a whole society, based on real behavior, not on self-report, while it also includes (not
inferred) data on complex social characteristics. We use multiple model types to address
this question, such as Random Forest, XGBoost, and TabNet. For these classifiers, we se-
lected features based on the previously introduced literature, which showed meaningful
relationship with social class and position. Therefore, the time of usage, the language that
users use in their posts or comments, the size of the social network and the way users
manage their contacts, the different types of activities users execute on the platform, and
their interest categories were operationalized as indicators, which were then applied as
features in the classifiers. The second goal of this paper is to identify those features in
more detail, which play the most important role in the classification of different social po-
sitions. These analyses could contribute to the understanding of how different aspects of
digital behaviors are related to diverse social positions.

2 Data and methods
This study uses a donation-based data collection, which collected survey responses and
digital behavioral data from the same participants. In a donation-based research design,
researchers ask participants to share their data stored by different digital platforms with
them.
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The implementation of the General Data Protection Regulation (GDPR) in 2016 made
data donation more accessible by mandating that data controllers offer individuals elec-
tronic access to their data [1, 36, 37]. In response, all major digital platforms now pro-
vide users with downloadable “data packages” containing their information. In the con-
text of data donation research, participants are generally recruited using standard survey
sampling methods. After being selected, users download their personal data packages, re-
view the accompanying privacy notice and consent form, and then submit their data to
the research team. More details on data collection, the invitation forms, and provided in-
structions are available in the Supporting Information. These data can be downloaded and
shared with the researchers by the user with informed consent, and thus, make it available
for analysis.

2.1 Dataset
The dataset we analyze was collected on a nationally representative sample of 758 people
representing the Hungarian 16 years old or older internet user population in terms of
gender and age. The data collection period spanned from February 2023 to June 18, 2023.
Participants were recruited via the online access panel of an online polling company, NRC.
The recruitment process began with an invitation email sent by NRC to each potential
participant. This email provided information about the project’s objectives, the incentives
offered and included a link to the project’s dedicated webpage.

Participants who decided to participate in the study had to follow three consecutive
steps:

• Initial Screening Questionnaire and Consent: Participants first completed a brief
online questionnaire that included eligibility questions and a consent form. This initial
screening was designed to exclude those who did not have or regularly use Google
and Facebook profiles. Participants were required to read a detailed description of the
research and agree to the consent form to proceed further. Without agreeing to the
consent form, they could not go forward to the next steps.

• Data Download and Upload: Eligible participants were then directed to a webpage
with comprehensive guides for each platform (Google, Facebook, Instagram, Twitter,
and TikTok). These guides provided step-by-step instructions for exporting and
downloading data from these platforms, supplemented by a video tutorial with the
same content. After downloading their data to their computers, participants uploaded
the unaltered files to the project’s website. Uploading data from Google and Facebook
was mandatory, while those who also provided data from Instagram, TikTok, and
Twitter received additional incentives. Participants could contact the researchers via a
dedicated email address for any technical issues or research related questions. If the
uploaded data format was incorrect, researchers could reach out to the participants
via email as well.

• Detailed Survey Questionnaire: Following the data upload, participants were required
to complete a 30-minute questionnaire addressing various topics. This survey
included detailed questions about the participants’ labor market position, financial
situation, and different socio-demographic characteristics.

The donated datasets are stored in a safe server at the research center. In the data pre-
processing phase, all names and identifiers were hashed from the datasets. The parsed,
sanitized, and anonymized data were uploaded to a highly integrated SQL database. The



Koltai et al. EPJ Data Science           (2025) 14:60 Page 6 of 22

processed dataset is only accessible from a dedicated server with a strict access protocol in
place. Only aggregated and fully anonymized data has been deposited in a data repository.

By the end of the data collection period, 758 participants had successfully completed
all the steps. To address sampling biases, we applied individual weighting to mini-
mize discrepancies between the population and sample distributions concerning socio-
demographic variables. These weights were derived using iterative proportional fitting
[38]. Ultimately, the weights adjusted the distributions of all variables to closely match
the population distribution (within a tolerable margin of error), where the population is
defined as Hungarian internet users aged 16 and older, who uses the internet for commu-
nication with chats or emails. The dimensions considered for weighting included gender,
age, education, settlement type, and geographic regions. The data donation study was fully
complying with the actual European and Hungarian privacy data regulations and was con-
ducted with the IRB approval of the Centre for Social Science Ethical Board (1-FOIG/130-
37/2022) and with the informed consent of the participants. The hybrid technique of do-
nation and survey made it possible to both have information on the participants’ social
position, and their observed behavioral data.

In this paper, from the digital behavioral data available in the dataset, Facebook data will
be analyzed. Although in some countries’ trends show a decreasing Facebook penetration,
especially among the younger generations, Hungary is a country, where 7.43 million peo-
ple used Facebook in 2022 [39] out of the 8.56 million internet users (which is 89 percent
of the total population) [40]. This 86.7 percent penetration of Facebook among internet
users does not only mean a high rate, but according to [41], the platform is equally popular
among users of various age groups and genders.

2.2 Measures
Social class serves as a fundamental variable in this study. Adhering to the tradition of em-
pirical class analysis, we measure it based on individuals’ occupations and other labor mar-
ket characteristics. We used the five-category concept of the European Socio-economic
Classification (ESeC) [42] for the measurement of social positions, which includes the fol-
lowing categories: higher-level service class, lower-level service class, intermediate, skilled
workers, and unskilled workers. The approach relies on the concept of social class devel-
oped by John Goldthorpe and his colleagues [43, 44]. We derived the variable from the
survey data based on detailed occupational codes and labor market information. In the
case of respondents who were not employed at the time of the survey, the most recent
occupation was considered.

As a robustness test, we also tested models, in which we classified the 4-category version
of the participants’ socio-economic status (SES) instead of the ESeC5. The 4-category SES
was created through a principal component analysis by using the education level (mea-
sured in years spent in the education system), the household income per capita based on
the (OECD2 equivalent) income variable and the occupational prestige. The total variance
explained by the first principal component was 62.973.

From the observed digital behavioral Facebook data, based on the previously intro-
duced studies, we created indicators for the main concepts, about which previous research
showed to have a relationship with social inequalities or social position. These concepts
were time and frequency of usage, language characteristics of users used in their posts
or comments, users’ social network and the way they manage their contacts, the differ-
ent features users use on the platform, and the users’ interest categories. In the Supporting
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Information, Table S1 presents all indicators used, including their previously mentioned
category (type) and detailed description, along with a description on the creation of the
interest categories. While creating the indicators, we applied a restriction on the database
to reflect on the time-embeddedness of various activities. For the basic models, we fil-
tered for the last 5 years of the available data as we assumed that older behaviors do not
necessarily relate to the users’ social position measured at the time of the data collection.
Additionally, we normalized for the months spent on Facebook by each user in the sam-
ple. In more detail, we checked when the registration happened and computed the active
months on Facebook within the five-year long period for each user. This number was used
as a divisor to normalize the observed digital behavior. In the model used for robustness
check, we conducted the same procedure, but instead of the 5-year-long timeframe, we
filtered the data only for 2 years before the data collection for the creation of the time-
normalized indicators.

2.3 Classification models
In our basic model, we classified the 5-category social class with an XGBoost model, with
features calculated from the users’ behavior in the last 5 years compared to the data col-
lection. Nevertheless, as the performance of the model is in the focus of our first research
question, we conducted multiple robustness tests to make sure the results are solid. First,
we tested whether the performance of the model changes if the time frame, in which
the features are created, is limited to 2 years before the data collection. Second, we ran
the models with an alternative measurement of social position, which is based on socio-
demographic variables more directly, namely the socio-economic status of the respon-
dent. Third, we repeated all these classifications with multiple models: additionally, to the
XGBoost model, we used Random Forest and a deep learning-based transformer model,
TabNet model. Finally, to see how the inclusion of socio-demographic characteristics in-
creases model performance, we also added the participants’ gender [male/female], age,
education level in 3 categories [Primary/Secondary/Tertiary], and type of settlement as
features to the existing model. The different models tested for the analyses are presented
in Table 1.

In the basic model, for the classification of social position, measured with the 5-category
version of the European Socio-economic Classification (ESeC5), we used fine-tuned and
ten-fold, stratified cross-validated XGBoost models [45] with 5-years ranged indicators of
the main concepts as features. We have applied ten-fold cross-validation in order to han-
dle the problem of over-fitting. As the ESeC5 variable had missing cases (46 participants),
we used a smaller dataset, which contained 712 participants, all with sufficient social class
values. We fine-tuned the hyperparameters, such as the number of trees, learning rate, and
max depth of the trees, using the default parameters of the xgboost v.1.7.7.1. R-package
[46] with train-test split validation (80%-20% proportions respectively), using the multi-
class logloss as the evaluation metric. As the target 5-class ESeC variable had an unbal-
anced distribution, we used the Synthetic Minority Oversampling Technique (SMOTE,
[47]). We applied the same procedure for the robustness check, when features of the XG-
Boost models were limited for users’ behavior in the last 2 years from the time of the
data collection; as well as in the case when socio-demographic characteristics of the users
were added as features. Also, a very similar procedure was conducted for the robustness
check when an alternative measurement of the classified variable was used in the XG-
Boost model: instead of ESeC5, 4-category version of the socio-economic status (SES)
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Table 1 Summary of the classifiers conducted for the research. The models are described by three
characteristics: classified variable, features, and type of model. Altogether 12 models were executed,
taking the first model (marked with bold) as the base model and running all other models with
alternative specifications as robustness tests. Alternative specifications include limitation of the time
frame the features are derived from, alternative classified variable for the measurement of social
position, the extension of features with socio-demographic variables, and the usage of Random
Forest and TabNet models additionally to the XGBoost

Classified
variable

ESeC5 ESeC5 ESeC5 ESeC5 ESeC5 ESeC5

Features 5-years
behavior-based
indicators

5-years
behavior-based
indicators

5-years
behavior-based
indicators

2-years
behavior-based
indicators

2-years
behavior-based
indicators

2-years
behavior-based
indicators

Model XGBoost Random Forest TabNet XGBoost Random Forest TabNet

Classified
variable

ESeC5 ESeC5 ESeC5 SeS4 SeS4 SeS4

Features 5-years
behavior-based
indicators +
socio-
demographic
characteristics

5-years
behavior-based
indicators +
socio-
demographic
characteristics

5-years
behavior-based
indicators +
socio-
demographic
characteristics

5-years
behavior-based
indicators

5-years
behavior-based
indicators

5-years
behavior-based
indicators

Model XGBoost Random Forest TabNet XGBoost Random Forest TabNet

was considered. The only exception here was that we did not apply the Synthetic Minority
Oversampling Technique as the distribution of the SES was balanced.

The outcomes of these models can reveal the distinct dimensions that are important for
one class, but not for others, and provide information on the direction of these effects. To
aid the interpretation of our results, we used SHAP values [48] displayed on beeswarm
plots and calculated feature importance values as mean absolute SHAP values.

As additional robustness tests, we conducted all previously described analysis with Ran-
dom Forest and TabNet classifiers. Tree-based models - like the aforementioned XGBoost
and Random Forest - are still dominant in the task of tabular data classification. Similarly
to the XGBoost model, we used a fine-tuned and ten-fold, stratified cross-validated Ran-
dom Forest model [49]. TabNet is a novel deep learning architecture that uses sequential
attention to select the most important features at each processing step and according to
the authors [50, 51], outperforms XGBoost and Random Forest classifiers, and contrary
to previous neural networks used for classification tasks, TabNet deploys learnable masks
to help feature interpretation. In the case of TabNet, an additional global feature stan-
dardization was applied to the inputs in addition to the internal batch normalization of
the model. The TabNet models were hyperparameter optimized for the width of the deci-
sion layer (n_d), width of the attention embedding (n_a) and the gamma parameter of the
model. Additionally, similarly to the XGBoost models, a ten-fold cross-validation was ap-
plied. The same train-test split was used as in the XGBoost model. Adam optimizer with
entmax mask type and logloss evaluation metric was used during the fine-tuning process.
The TabNet model was built in Python using Pytorch, pytorch-tabnet 4.1.0. [50, 51].

3 Results
First, we aim to answer our first research question, namely how well the social position
of users can be classified purely by basic quantitative data on their digital behavior. In our
basic model, where ESeC5 was classified with XGBoost models using digital indicators
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derived from the participants’ behavior from the last 5 years, the balanced accuracy of
the model was 32.7% (see Table 2). Although this performance does not seem that strong,
we must consider some circumstances by which we should evaluate this value. First, as a
result of Synthetic Minority Oversampling Technique, we had equal group sizes. There-
fore, based on the 5-class setup, we expect the accuracy of 20% according to the random
chance, and should evaluate the model performances compared to this measure, which, in
this case means a 12.7 percentage point increase. A 5-category classification is a more diffi-
cult problem than the most commonly used binary classification problem: This is reflected
in the complexity of the XGBoost decision boundaries, which are increasingly fragmented
and irregular as the number of classes increases [52]. We can see in a number of previous
studies using state-of-the-art model architectures for classification that - also depending
on the complexity of the data - as the number of classes increases, the accuracy scores can
drop substantially (ex. [53]).

Checking the balanced accuracy measures, which reveal information about the classifi-
cation of each category of ESeC individually, one can observe that the classes are not sim-
ilarly difficult to classify. The balanced accuracies of classes from top to bottom - starting
with the highest class and ending with the lowest one were: 0.458, 0.499, 0.472, 0.518, and
0.545. These results suggest that the model has the weakest performance in the case of
the classification of the highest social class. Nevertheless, its best performing task was to
classify the lowest category of ESeC, the unskilled workers category, where the balanced
accuracy was 54.5%. Comparing this accuracy to the random chances of one category out
of the 5 (20%) means a 34.5 percentage points increase in the case of this social class.

3.1 Analyses of the alternative models’ performances
To check whether the not so strong performance of our basic model was due to the model
used, or the selection of the features, we came up with various checks for robustness and
complementary analyses as well (as we described in the Data and Methods chapter).

First, we built further models with the same settings, complementing the results of the
XGBoost classifier. We built a simple machine learning model - a Random Forest classi-
fier -, and also a deep learning-based transformer model - a TabNet classifier. Based on the
comparison of the performances of various classifiers. It turned out that for this feature
set (containing qunatitative Facebook digital behavior indicators of the last 5 years com-
pared to the data collection) the machine learning-based XGBoost classifier performed
the best. Both Random Forest and TabNet provided weaker performance with 24.9% and
20% overall accuracy - compared to the 32.7% accuracy of the XGBoost model.

As a second type of robustness test, we created a different subset containing only the
last 2 years right before the time-period of the data collection process (see Table 3). We
created the same indicators as we used in the original modeling but on the data collected
from July 1, 2021. In this way, we were able to compare the robustness of our models from
the perspective of time: besides the original 5-year-long-period (data from July 1, 2018)
we had data for the 2-year-long-period as well. According to the model performances,
the classifiers built on the data restricted to the last 2 years were quite similar and mostly
over-performed by the classifiers built on the initially used 5-year-long period, containing
data from July 1, 2018. These results can be explained both from a theoretical and from a
methodological point of view. Based on the theoretical literature, social position and the
theory-driven class structures are quite robust over time [54, 55]. From a methodological
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Table 2 Summary of classification performances of 5-category ESeC by digital behavior indicators,
regarding the 5-year-long period and the classification model type (Random Forest, XGBoost, and
TabNet classifiers). The table contains the general accuracy of each model, along with the
class-specific performance metrics: balanced accuracy, F1 score, Negative Predictive Value, Positive
Predictive Value, Sensitivity, and Specificity for each ESeC5 class. The ESeC classes (ranging from Class
1 to 5) are as follows: higher-level service class, lower-level service class, intermediate class, class of
skilled workers, class of unskilled workers, respectively

Classification of ESeC5
by digital indicators

Accuracy Balanced
Accuracy

F1 Negative
Predictive
Value

Precision
(Positive
Predictive
Value)

Sensitivity
(True
Positive
Rate)

Specificity
(True
Negative
Rate)

Digital
indicators of
last 5 years -
Random
Forest

Class 1 0.249 0.366 0.260 0.586 0.189 0.415 0.318
Class 2 0.390 0.217 0.568 0.214 0.220 0.560
Class 3 0.444 0.167 0.561 0.263 0.122 0.767
Class 4 0.464 0.346 0.578 0.350 0.341 0.587
Class 5 0.498 0.218 0.563 0.429 0.146 0.849

Digital
indicators of
last 5 years
– XGBoost

Class 1 0.327 0.458 0.311 0.671 0.258 0.390 0.526
Class 2 0.499 0.316 0.655 0.343 0.293 0.705
Class 3 0.472 0.250 0.644 0.290 0.220 0.725
Class 4 0.518 0.391 0.681 0.353 0.439 0.598
Class 5 0.545 0.358 0.655 0.462 0.293 0.797

Digital
indicators of
last 5 years
– TabNet

Class 1 0.200 0.521 0.255 0.809 0.226 0.293 0.750
Class 2 0.537 0.253 0.814 0.263 0.244 0.829
Class 3 0.527 0.253 0.811 0.239 0.268 0.787
Class 4 0.491 0.145 0.797 0.179 0.122 0.860
Class 5 0.591 0.346 0.836 0.350 0.341 0.841

Table 3 Summary of classification performances of 5-category ESeC by digital behavior indicators,
regarding the 2-year-long periods and the classification model type (Random Forest, XGBoost, and
TabNet classifiers). The table contains the general accuracy of each model, along with the
class-specific performance metrics: balanced accuracy, F1 score, Negative Predictive Value, Positive
Predictive Value, Sensitivity, and Specificity for each ESeC5 class. The ESeC classes (ranging from Class
1 to 5) are as follows: higher-level service class, lower-level service class, intermediate class, class of
skilled workers, class of unskilled workers, respectively

Classification of ESeC5
by digital indicators

Accuracy Balanced
Accuracy

F1 Negative
Predictive
Value

Precision
(Positive
Predictive
Value)

Sensitivity
(True
Positive
Rate)

Specificity
(True
Negative
Rate)

Digital
indicators of
last 2 years
– Random
Forest

Class 1 0.259 0.400 0.299 0.607 0.221 0.463 0.337
Class 2 0.502 0.419 0.603 0.400 0.439 0.565
Class 3 0.390 0.198 0.577 0.200 0.195 0.584
Class 4 0.448 0.167 0.571 0.263 0.122 0.774
Class 5 0.440 0.107 0.568 0.200 0.073 0.806

Digital
indicators of
last 2 years
– XGBoost

Class 1 0.322 0.440 0.253 0.647 0.239 0.268 0.611
Class 2 0.516 0.319 0.647 0.393 0.268 0.764
Class 3 0.437 0.192 0.634 0.219 0.171 0.702
Class 4 0.481 0.274 0.644 0.313 0.244 0.718
Class 5 0.576 0.500 0.736 0.403 0.659 0.494

Digital
indicators of
last 2 years
– TabNet

Class 1 0.178 0.500 0.184 0.800 0.200 0.171 0.829
Class 2 0.595 0.358 0.841 0.315 0.415 0.774
Class 3 0.482 0.097 0.793 0.143 0.073 0.890
Class 4 0.491 0.202 0.796 0.188 0.220 0.762
Class 5 0.570 0.318 0.829 0.298 0.341 0.799
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Table 4 Summary of classification performances of 4-category SES by digital behavior indicators,
regarding the 5-year-long period and the classification model type (Random Forest, XGBoost, and
TabNet classifiers). The table contains the general accuracy of each model, along with the
class-specific performance metrics: balanced accuracy, F1 score, Negative Predictive Value, Positive
Predictive Value, Sensitivity, and Specificity for each SeS class. The SeS categories (ranging from
Quartile 1 to 4) are as follows: First (lowest) quartile, Second quartile, Third quartile, and Fourth
(highest) quartile, respectively

Classification of the
4-category SeS by
digital indicators

Accuracy Balanced
Accuracy

F1 Negative
Predictive
Value

Precision
(Positive
Predictive
Value)

Sensitivity
(True
Positive
Rate)

Specificity
(True
Negative
Rate)

Digital
indicators of
last 5 years -
Random
Forest

Quartile 1 0.349 0.529 0.436 0.632 0.425 0.447 0.610
Quartile 2 0.467 0.341 0.619 0.318 0.368 0.565
Quartile 3 0.428 0.243 0.603 0.250 0.237 0.620
Quartile 4 0.510 0.371 0.615 0.406 0.342 0.678

Digital
indicators of
last 5 years
– XGBoost

Quartile 1 0.382 0.523 0.371 0.643 0.406 0.342 0.703
Quartile 2 0.565 0.482 0.679 0.444 0.526 0.603
Quartile 3 0.475 0.325 0.643 0.310 0.342 0.608
Quartile 4 0.501 0.338 0.639 0.364 0.316 0.687

Digital
indicators of
last 5 years
– TabNet

Quartile 1 0.276 0.531 0.196 0.763 0.385 0.132 0.930
Quartile 2 0.544 0.354 0.777 0.293 0.447 0.640
Quartile 3 0.610 0.416 0.805 0.410 0.421 0.798
Quartile 4 0.544 0.325 0.773 0.310 0.342 0.746

point of view – according to our results –, using a greater amount of data (5 years instead
of 2 years) improved the performance. Therefore, after the robustness of the time com-
ponent, we became determined to use the 5-year-long time-period for the later and final
analyses in this paper.

Third, as another type of robustness test, we conducted classifications, where the vari-
able to be classified was changed from ESeC5 to another measure of social position con-
necting more strongly to the socio-demographic characteristics of the participants. Ac-
cordingly, we built a classifier for a 4-category socio-economic status (4-category SES).

For this analysis, we used the original time-constraints (5 years prior to the data collec-
tion) and the same model types (Random Forest, XGBoost, TabNet). The model perfor-
mances are detailed in Table 4.

Considering the accuracy of each model, the XGBoost classifier is proved to be again
the best performer, with the accuracy of 38.2%. Compared to the random chance-based
classification, in case of which the expected accuracy would be 25%, there is a 13.2% in-
crease when using the digital behavior indicators to classify the 4 categories of SES. This
increase is very similar to the increase of 12.7% that we could observe in the case of ESeC5
classification using the same model and same settings. Therefore, the performance of this
classifier with the alternative measurement of the social position shows similar results
compared to the basic model.

As a last complementary analysis, we extended the list of features of the basic model
and involved socio-demographic characteristics into the set of features as well. The vari-
ables – gender, age, education level, type of settlement – were included to examine the
potential change in the model performance compared to the initial setup. Therefore, the
classification problem was the same, we predicted the outcome of the five-category ESeC
variable, and applied the methodology as described above, using a hyperparameter fine-
tuned, cross-validated XGBoost model on a balanced dataset. We tested the 5-year-long
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Table 5 Summary of classification performances of 5-category ESeC by using socio-economic and
digital behavior indicator features. The summary was made regarding the 5-year-long period, and the
classification model types (Random Forest, XGBoost, TabNet). The table contains the general
accuracy of each model, along with the class-specific performance metrics: balanced accuracy, F1
score, Negative Predictive Value, Positive Predictive Value, Sensitivity, and Specificity for each ESeC5
class. The ESeC classes (ranging from Class 1 to 5) are as follows: higher-level service class, lower-level
service class, intermediate class, class of skilled workers, class of unskilled workers, respectively

Classification of ESeC5
by digital indicators and
socio-demographic
characteristics

Accuracy Balanced
Accuracy

F1 Negative
Predictive
Value

Precision
(Positive
Predictive
Value)

Sensitivity
(True
Positive
Rate)

Specificity
(True
Negative
Rate)

Digital
indicators of
last 5 years -
Random
Forest

Class 1 0.395 0.673 0.583 0.803 0.509 0.683 0.663
Class 2 0.501 0.257 0.692 0.310 0.220 0.783
Class 3 0.489 0.247 0.692 0.281 0.220 0.758
Class 4 0.547 0.400 0.750 0.328 0.512 0.583
Class 5 0.600 0.424 0.713 0.560 0.341 0.859

Digital
indicators of
last 5 years
– XGBoost

Class 1 0.502 0.757 0.653 0.878 0.574 0.756 0.758
Class 2 0.557 0.308 0.750 0.417 0.244 0.869
Class 3 0.501 0.083 0.721 0.286 0.049 0.953
Class 4 0.695 0.560 0.852 0.475 0.683 0.708
Class 5 0.745 0.627 0.888 0.525 0.780 0.710

Digital
indicators of
last 5 years
– TabNet

Class 1 0.297 0.555 0.295 0.823 0.277 0.317 0.793
Class 2 0.558 0.293 0.823 0.293 0.293 0.823
Class 3 0.503 0.154 0.801 0.208 0.122 0.884
Class 4 0.588 0.348 0.838 0.314 0.390 0.787
Class 5 0.585 0.337 0.834 0.333 0.341 0.829

time-period with various classifiers detailed above (Random Forest, XGBoost, TabNet).
The classification performances are summarized in Table 5.

According to the results of Table 5, when using digital behavior indicators and social
characteristic features for classifying the 5-category ESeC, the XGBoost classifier per-
forms the best: the general accuracy is 50.2%, which means a 30.2 percentage point in-
crease compared to random chance. This model has definitely stronger performance com-
pared to the basic model (where general accuracy was 32.7% and increase was 12.7 per-
centage points), which suggests the continued importance of social demographic charac-
teristics in the determination of social position.

3.2 Analyses of the features
In the second part of the Results chapter, we aim to answer the second research question of
the paper, namely, to identify those features in more detail, which play the most important
role in the classification of different social positions. In the basic model, we only included
the digital behavioral features from the 5-years period classifying the ESeC5 based social
classes with XGBoost models. Although the performance of this model was not high, we
believe the analyses of the strongest patterns observed among the features can bring us
closer to the understanding of the relationship between digital behavior and social position
and could serve as a potential starting point for further research.

As social class condenses multiple inequality-related characteristics, which can be im-
portant in the interpretation of the features, we first introduce the description of the
classes by multiple socio-demographic dimensions (see Table 6). In the main text of the
article, the weighted values are demonstrated (Table 6), while in the Supporting Informa-
tion, we present the unweighted table (Table S2) as well. In general, by interpreting the
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Table 6 Description of social classes based on the European Socio-economic Classification (ESeC) by
gender, age, domicile, education, marital status, household size, and occupational prestige. The table
displays weighted column percentages

Higher-level
Service Class

Lower-level
Service Class

Intermediate
Class

Skilled
Workers

Unskilled
Workers

Gender
Male 53.4% 38.8% 42.8% 54.6% 45.7%
Female 46.6% 61.2% 57.2% 45.4% 54.3%

Age
16–29 15.9% 11.6% 19.9% 20.4% 15.2%
30–39 28.9% 24.0% 24.6% 20.4% 28.3%
40–49 21.6% 19.4% 24.7% 29.6% 26.1%
50–59 14.8% 14.0% 15.8% 14.2% 17.4%
60–69 12.5% 26.3% 12.3% 12.3% 13.0%
70+ 6.3% 4.7% 2.7% 3.1% 0.0%

Type of Settlement
Capital 36.3% 20.2% 16.4% 20.4% 14.1%
County Town 18.8% 22.5% 23.3% 25.3% 22.8%
City 29.0% 36.4% 37.0% 24.7% 25.0%
Village 15.9% 20.9% 23.3% 29.6% 38.1%

Education Level
Primary 6.8% 9.4% 33.6% 43.6% 70.6%
Secondary 20.5% 43.0% 46.5% 51.5% 27.2%
Tertiary 72.7% 47.6% 19.9% 4.9% 2.2%

Marital Status
Single 17.7% 18.9% 29.9% 26.4% 22.8%
Married/Partnered 74.3% 70.1% 56.2% 65.6% 68.5%
Divorced/Widowed 8.0% 11.0% 13.9% 8.0% 8.7%

Household Size
1 20.6% 20.0% 22.1% 17.8% 15.4%
2 29.7% 36.2% 30.3% 35.0% 35.1%
3 21.7% 23.8% 22.1% 27.6% 23.1%
4+ 28.0% 20.0% 25.5% 19.6% 26.4%

Prestige
Tier 1 (Lowest) 2.8% 1.6% 14.7% 28.8% 98.9%
Tier 2 5.1% 2.3% 48.9% 60.1% 1.1%
Tier 3 19.9% 64.1% 34.3% 11.1% 0.0%
Tier 4 (Highest) 72.2% 32.0% 2.1% 0.0% 0.0%

Total 25.0% 18.3% 20.7% 23.0% 13.0%

weighted values it is – from a methodological point of view – more correct to generalize
for the target population, however as in the modeling the unweighted values are used, we
entail that information in the Supporting Information section.

Regarding the European Socio-economic Classification based social classes, the ratios of
different social classes in the sample were as follows: higher-level service class 25%, lower-
level service class 18%, intermediate class 21%, skilled workers 23%, and unskilled workers
13%. The most important socio-demographic variable in the description of social classes
is education and its distribution among classes is in line with expectations based on earlier
research. In the two highest classes, those with tertiary education are over-represented,
while in the intermediate class, those with secondary education have a higher ratio than
the sample average. Skilled workers are characterized by having dominantly secondary
education, while unskilled workers tend to have a mainly primary but also secondary ed-
ucation. Compared to the whole sample, the highest class is more likely to live in the cap-
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Figure 1 General feature importance for the 5-category ESeC. The means of absolute SHAP values – the
feature importance – are displayed in the order of the features: the higher a feature is positioned, the more it
contributes to the classification. The color-coding, as shown in the upper legend, reveals the feature
importance for each ESeC category (higher-level service class, lower-level service class, intermediate, skilled
workers, and unskilled workers), while lower legend marks the feature categories (Social network, Usage time
and frequency, Facebook activities, Language, and Interest category)

ital, while the lowest is in villages. Lower-level service class consists of more women, and
there are more men among skilled workers. The prestige of the occupations is in line with
class membership. (The detailed analysis of social classes by socio-demographic variables
is presented in the Supporting Information, under the Description of Social Classes by
socio-demographic indicators.)

Based on the overall importance of features, we examined which ones contribute to the
classification of the social classes the most, for each of the 5-category of ESeC (see Fig. 1).
Overall, the most important features belong to the initial concepts of language, usage time,
interest categories, network-size, and different types of Facebook-activities.

Considering the diversity of language used (token type ratio) by the respondents, the
observed amount of punctuation and length of the texts, as well as the number of emojis
are among the top 15 features (out of the 21 used in the model). The features measur-
ing various Facebook-activities are also dominant; the number of event-related, friend-
related, group-related, page-related activities along with the number of comments and
posts written. Usage time related indicators, such as the frequency and span of usage were
also among the most important ones, and the network-size of the Facebook friends is also
considered an important feature. From the different interest-categories, the most classify-
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ing power is found in travel, science, and art, and in baking, cooking and beauty, according
to these categories it is easier to differentiate between social classes.

As we defined a classification problem for the 5-category ESeC by using digital behavior
indicators and all classes were involved in the modeling, the results can be compared to
each other and represent the relative feature importance of each class. In addition to the
general importance of features, it is important to note that the same features are not nec-
essarily important for all classes. These results show that there are no general features that
are important for all classes in the classification. Rather, each class has different features
that are distinctive.

However, not only does the importance of digital features provide meaningful insights
for the interpretation of the relationship between digital features and social class, but the
direction of the features’ effect on the classification. To interpret these relationships, we il-
lustrated the SHAP values of each participant with color coding for different feature values
in the classification of the five classes in Fig. 2. With such a presentation of the results, we
can conclude on the relationship between different features and the given class position.

Based on the SHAP values (Fig. 2a), belonging to the higher-level service class increases
with a larger Facebook network, a higher number of event-related activities, and interests
in travel, science, and art. Additionally, less frequent posting and commenting, combined
with more complex and diverse phrasing in texts, such as a higher token-type ratio and
greater use of nouns and proper nouns with fewer emojis, also contribute positively. Con-
versely, activities related to managing Facebook friends – like adding, removing, following,
unfollowing, and handling friend requests – reduce the probability, as do lower average
Facebook usage spans and higher activity frequencies. Similarly, interests in music and
films are less characteristic of this group.

Participants in the lower-level service class (Fig. 2b) are more characterized by the model
(measured by the number of characters), use slightly more punctuation, emojis, nouns,
and adverbs (but fewer proper nouns), and show interest in topics such as baking, cooking,
and beauty. They also tend to be more active in relation to pages and reacting. On the other
hand, they are less likely to have a high token type ratio, indicating less diverse textual
content, and they write fewer posts, which aligns with their lower average usage span and
less frequent platform use. Additionally, they are less active in group- and friend-related
activities.

Members of the intermediate class (Fig. 2c) show interest in baking, cooking, beauty, Eu-
ropean and American sports, and music and films. They also tend to use relatively higher
amounts of punctuation and insert slightly more emojis into their posts and comments,
which are often shorter. Additionally, they have larger networks, are more active in man-
aging relationships and participating in groups and are active on Facebook over a wider
timeframe during an average day. Conversely, they comment less, use fewer auxiliaries in
their textual content, and have a lower token-type ratio, indicating less diverse phrasing,
though this relationship is not necessarily linear.

Members of the skilled working class (Fig. 2d) use Facebook on a broader time horizon
during the day, comment more frequently (albeit briefly), and have dominant interests in
cars and men’s sports. However, they tend to use Facebook less frequently overall, write
with fewer proper nouns and less punctuation, and are less active in groups and friends-
related activities. Additionally, they show a lower interest in travel, science, art, music, and
films.
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Figure 2 SHAP beeswarm plot for summarizing the results of the XGBoost classification for the 5 categories
of ESeC; 2a: higher-level service class, 2b: lower-level service class, 2c: intermediate, 2d: skilled workers, 2e:
unskilled workers. The SHAP values belonging to the features are ordered hierarchically by feature importance
(the higher a feature is positioned, the more important it is in the classification). The color-coding, as shown in
the legends, reveals the values of the feature, while lower legend marks the feature categories (Social
network, Usage time and frequency, Facebook activities, Language, and Interest category)
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Members of the unskilled workers (Fig. 2e) tend to use Facebook more frequently, post
more often, and be more active in groups. They also tend to have smaller networks and
are less active in managing their friends (e.g., adding, removing, following). However, they
participate less in event-related activities, follow pages, or respond to online or offline
events. In terms of language, they use slightly fewer auxiliaries, verbs, and punctuation,
and their class-belonging does not show a clear relationship with token-type ratio. They
are more interested in cars, men’s sports, and travel and science, but less so in baking,
cooking, and beauty.

4 Discussion
The aim of this study was twofold. First, we investigated the extent to which users’ social
positions could be accurately classified using only basic quantitative data derived from
their digital behavior. This approach provides contribution to the existing literature by
utilizing a dataset that is representative of an entire society, based not on self-reported in-
formation but on actual behavioral traces, and which included directly observed—rather
than inferred—social characteristics. To examine this, we applied a range of classification
models, including Random Forest, XGBoost, TabNet (and for a complementary analysis
for the classification of 5-category ESeC by digital behavior indicators along with socio-
demographic characteristics). Feature selection was guided by prior literature that had
identified meaningful associations with social class and position. As such, dimensions
such as usage time, language used in posts or comments, the size and structure of users’
social networks, patterns of contact management, activity types, and interest categories
were operationalized with multiple digital behavioral indicators, which were used as fea-
tures in the models.

The models, which only included the indicators of the observed digital behavior and
classified the 5-class ESeC as a complex measure of social position did not show strong
performance. Out of the three models tested, the XGBoost model showed the strongest
overall accuracy with 32.7 percent. Using alternative measures for the operationalization
of social position, like 4-category SES neither showed significantly better results (com-
pared to the random distribution), nor those models, in which we limited the time con-
straint of the observed digital data closer to the measurement of social status. The similar
results of the different model types, the varied timespan of the data, and the alternative
measurement of social position suggest that the results are quite robust. Although this
accuracy seems low, it is important to mention that in this case, a 5-class classifier was
trained, which means that compared to random distribution, the model shows a 12.7 per-
centage point gain. As mentioned above, ESeC is a complex measure, and classifying it
into 5 categories – as opposed to a binary classification – presents a significantly more
challenging task. Therefore, we can conclude that basic indicators of digital behavior can
only classify social position to a limited extent.

One reason for this performance can be the limited selection of features used in the
model. Although we carefully selected the concepts which we included based on the re-
sults of earlier studies, other factors not included in the model can still play a role in the
classification. This argument is strengthened by the results of those modeling scenarios,
which complement digital behavior indicators with socio-demographic variables. Adding
socio-demographic variables (such as gender, age, education level, and type of settlement)
as features increased the models’ performance. This suggests that we cannot properly clas-
sify the social class of social media users based solely on their digital behavior, without
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considering traditional offline inequalities – as social class is strongly defined by socio-
demographic characteristics.

For the selected set of features – exclusively digital behavior indicators – of the main
analysis, it turned out that compared to a deep learning- and transformer-based model
(TabNet) a more traditional machine learning model XGBoost performed better. There-
fore, considering the nature of the features (purely quantitative, tabular data) involved
in the modeling, and the classification performances of alternative models, for the main
analysis we interpreted the results of the XGBoost model. Further solution for the ex-
tension of these modeling scenarios would be to extend the feature set with additional,
not only quantitative, but also textual digital features. The weaker performance of TabNet
classifier might be explained by the fact that traditional deep learning models – while per-
forming well on image or textual data – are overparameterized for tabular data [51]. The
vast amount of information that can be encoded in the high-dimensional representations
of most neural networks cannot be effectively utilized. Additionally, unlike textual data,
which benefits from a highly structured semantic embedding space where vectors carry
semantic information that can be combined algebraically, tabular data generally lack such
geometry [56]. Other studies showed that based on raw digital text data of Facebook posts
and comments the social class of users can be detected with high performance [57]. An-
other opportunity for the extension of features could be the inclusion of indicators from
other platforms, such as Google Search or YouTube. The usage of multiplatform data could
also reflect on the diverse platform usage of different social groups [58] and could increase
the performance of the classifiers. These methodological questions, including the data
used, the features involved in the classification, and the architecture of the models applied,
should be considered in future research. By examining and documenting various model-
ing scenarios, we hope that this article contributes to the debate on those methodological
aspects, while providing insights about the social classes’ digital behavior differences.

It is also worth mentioning that balanced accuracy varies a lot between the five social
classes, suggesting that there are classes which members can be better classified than oth-
ers. In the model, which only includes digital behavioral features, the lowest balanced
accuracy can be observed at the highest class – the higher-level service class – and the
model has the highest performance at the lowest class – the class of unskilled workers.
These results suggest that based only on observed digital behavior, people with low sta-
tus are the more distinguishable than others, their digital traces seem more remarkable
than the ones of other classes. Although the description of the precise processes behind
this phenomenon needs deeper research, this result indicates that the main fault line in
second- and third level digital inequalities lies between the most vulnerable groups and
the other parts of society.

The second objective of the study was to identify the features that played the most sig-
nificant roles in classifying users into different social positions. Although the models did
not perform very strongly, we believe that analyzing the most significant patterns of the
features can add to our understanding of the relationship between various dimensions of
digital behavior and social position because of the above-mentioned arguments on the
goodness of a 5-category classification problem. The first result that is important to men-
tion is that the most distinctive features are not necessarily the same for all classes, sug-
gesting that different social positions can be distinguished by different types of behavior. In
the following, we summarize the findings of the XGBoost model including features from
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2018, and we focus on those results, which are relevant for the lowest class – namely the
class of unskilled workers – that had the best performance in the classification models.

We found that the size of the network increases the probability of classification for al-
most all higher-level classes, while decreases it for the lowest class. This finding is in line
with multiple social network related research (see e.g. [48, 59, 60]). Usage-frequency was
also present among the most important features in almost all classes. The average daily
frequency of usage decreased the classification to almost all classes, except the unskilled
workers, where high frequency of usage was associated with higher group-belonging.
These results are partly in line with previous studies, which suggest that lower classes
spend more time in the digital space [11], as we detected that the breaking point between
high and low frequency is between the lowest and the other classes. The results of the
model show that the higher three classes post and comment less, while the two lower
classes do it more. Regarding language characteristics, we found that more diverse lan-
guage characterizes the highest class, while we can observe the opposite in almost all other
classes. Interestingly, these results are only partially aligned with Bernstein’s argument
[15], namely that lower working class people use limited alternatives in their language,
while individuals with higher status are characterized with more diverse language use. In
our case, this distinction can be detected between the highest and other classes. Focus-
ing on different Facebook activities, we should highlight that for the highest class, event
related activities are frequent, while for the lowest class, such activities are rare. These
results confirm the results of Yates et al. [14] that higher classes are more engaged with
offline activities and interested in various events. Also, in each class, we can detect some
interest-categories, which shape the classification.

Additionally to the results, the method of data collection and the findings of the pa-
per rightly raise the question of social impact and privacy. Our approach respects user
agencies by emphasizing the informed and consensual gathering of data. The data collec-
tion we conducted was preceded by careful planning of anonymization in order to ensure
privacy of the participants, and through informed consent, users were informed about
how and for what their data would be used. By openly studying these data, the predict-
ing power and results of our models, we can spread awareness about how the predictive
system based on digital footprints works. The average user might not realize how vast
and in-depth the data gathered about them by the platform providers can be, and neither
how the predictions-based algorithms work. By demonstrating how we can predict social
position solely through the data that Facebook stores about them, we can highlight the im-
portance of conscious online presence and user awareness in our increasingly digitalized
world. For the impact on the academic scene, understanding how digital footprints can be
used to predict social position when no tangible survey data is available can help improve
models and reduce their bias, which can have cascading effects and social impact as well.

This study addressed the extent to which social position can be inferred solely from in-
dividuals’ digital behavior. The study could contribute to the existing research by testing
the question on a representative dataset that provided simultaneous access to both users’
social status and their observed digital activity. By using various models with different
timeframes and operationalizations, our findings indicate that models relying exclusively
on digital behavior showed limited accuracy in predicting social class or socio-economic
status. Nevertheless, they were more effective in identifying individuals in the lowest so-
cial strata. The addition of socio-demographic attributes substantially improved classifi-
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cation performance, particularly in distinguishing between the most and least advantaged
groups. The analysis of features aligned with prior findings from smaller or self-reported
datasets, reinforcing the relevance of digital traces in understanding social inequalities.
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