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Abstract. The academic performance of students at Bauman Moscow State Technical University
and its correlation to their activity in the VKontakte social network are considered. Machine learn-
ing methods are used to identify distinct performance paths reflecting the dynamics of educational
achievement. The subscription lists of students are analyzed to identify marker communities char-
acterizing the predominance of specific performance categories. Graph-theoretic clustering is
applied to reveal structural groups of student interests. For each path, the stochastic vectors of
interest shares across the community clusters are constructed and then used to identify the clusters
having a statistically significant relation to particular performance paths. The results indicate a
correlation between the digital behavior and academic outcomes of students, which contributes to
the development of performance prediction models considering student interests in a social net-

work.
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INTRODUCTION

Within the digitalization of the educational pro-
cess, the data generated by students on social networks
are becoming an important source of information for
analyzing their academic and social activity. The pos-
sibility of differentiating students by their academic
performance level based on their activity on VKon-
takte (VK), a Russian online social media and social
networking service, was earlier demonstrated in sever-
al research works [1]. The dependence of career
achievements on participation in professional social
networks was also investigated [2], and academic suc-
cess was considered to spread through friendly and
educational links [3]. An inverted U-shaped relation-
ship between the intensity of social network use and
academic performance was identified [4]. As also es-
tablished, mental health can act as a mediator in this
relationship [5].

The vast majority of students have VK pages with
a significant amount of information reflecting their
interests and social links. Although social networks
are rarely used to search for serious information and
are more often launched “for leisure,” the long-term
structure of subscriptions reflects the stable prefer-
ences and personal orientations of users. Therefore,
their digital footprint can be associated with educa-
tional indicators and used as a reliable predictor of
academic performance. This research is intended to
identify the correlation between the academic perfor-
mance and behavior of students in the digital space
using machine learning methods and graph theory.

The topicality of this research is due to the need to
develop effective tools for academic achievement
monitoring and early identification of students at risk.
Traditional performance assessment methods based on
limited samples and surveys often neglect the multi-
faceted aspects of student behavior outside educational
institutions. Analyzing digital footprints on social
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networks provides a more complete picture of students
with their interests, social links, and even the interests
of their friends, supplementing the existing assessment
methods.

The aim of this research is to analyze the correla-
tion between the academic performance paths and dig-
ital interests of students. Its uniqueness lies in the use
of an extensive database: among 76 000 students of
the Bauman Moscow State Technical University in
2014-2023, real VK pages were successfully matched
for 48 000 students. The data include both academic
performance indicators (end-of-semester examination
grades) and information about subscriptions and
friendships; therefore, a comprehensive digital portrait
of each student can be created. Figure 1 shows an ex-
ample of a friendship graph based on VK data.

The methodological foundation of this research in-
cludes clustering, standardization, and principal com-
ponent analysis (PCA) algorithms to identify typical
academic performance paths, as well as graph theory
methods to analyze community structures. The re-
search is based on VK data and university electronic
records, anonymized after matching.

1. DATA DESCRIPTION

The analysis involves two main sources of infor-
mation. The first source is an academic database ob-
tained from the Electronic University system, covering
end-of-semester examination grades for 2014-2023.
For each student, grades for each semester are record-
ed, and the average grade for each of the four academ-
ic years can be calculated accordingly. The second
source is VK data, collected using the VK API. For
each user, the lists of community subscriptions and
friendship information are extracted to analyze the
interests and network environment of students. The
profiles subscribed to university-related communities
and all their friends were downloaded. A similar ap-
proach to data mining was used in [6].

The matching of academic data with VK profiles
was carried out iteratively. At the first stage, the
“core” of students with a high data fit degree was
formed, where the comparison was carried out via the
strict matching of full names and dates of birth, sup-
plemented by the Levenshtein distance [7] calculated
for non-matching name forms.
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Fig. 1. The author’s friendship graph based on VK links as an example (large clusters are labeled).
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At the second stage, additional profiles were iden-
tified using friendship information: if a candidate
matched only the basic parameters (e.g., name and
year of birth) but was associated with the identified
students from a particular study group, he/she was as-
signed to the same group with high probability. This
process was based on the well-known principle: “tell
me who your friends are, and I’ll tell you who you
are” (friendships as an additional marker of reliabil-
ity). Following this approach, we managed to include
students without enough initial matches for unambig-
uous identification.

The iterative repetition of the process (a core of
5000 students obtained at the first iteration, about 22
000 at the second, and 46 000 at the third) is based on
the principle that the more friend profiles have already
been confirmed for a student, the higher the probabil-
ity of correctly matching his/her profile with academic
data will be. For example, in cases where many users
have the same name and the same birth date, an addi-
tional feature in the form of friendships with students
with confirmed profiles significantly increases the re-
liability of identification. This approach considerably
enlarges the sample and ensures its high representa-
tiveness. After the matching procedure, the data were
anonymized and used for analysis only in this form.
Similar methods for the extended matching of digital
footprints with educational data demonstrated high
effectiveness when investigating the academic perfor-
mance of high school and college students [8, 9].

2. ACADEMIC PERFORMANCE ANALYSIS

To analyze academic performance paths, we se-
lected students who had successfully completed four
bachelor’s or specialist program years without aca-
demic debt; the corresponding sample contains 15 495
males and 6285 females. A cluster approach to the
segmentation of academic outcomes was earlier ap-
plied to assess the relationship between time spent on
social networks and the grades of students specialized
in biology [10] and analyze the use of social media on
mobile devices in an international sample [11], con-
firming its suitability for identifying latent academic
performance paths. For each student i, we calculated
the average year grade vector

X = (Xi,1’ Xi2r Xig Xi,4) eR’,

where x . denotes the average grade for academic

year ¢ (c = 1, 2, 3, 4). Next, the matrix X e R"** was
standardized as follows:

Xi,c —He
ic ’

S

where p, and o, stand for the sample mean and

standard deviation for academic year c, respectively.

We employed the k-means algorithm to partition
students by academic performance paths. The optimal
number k of clusters was selected based on the sil-
houette score, a measure of intra-cluster compactness
(tightness) and inter-cluster separation proposed by P.
Rousseeuw [12]. The maximum value of this measure
(about 0.43) was achieved at k=2 , but this partition
does not reflect the diversity of academic performance
paths. Increasing k from 6 to 16 stabilized the silhou-
ette score in the range of 0.21-0.27, indicating moder-
ate but stable clustering quality.

To confirm the optimal number of clusters, we ap-
plied the Gap Statistic method proposed by R. Tibshi-
rani et al. [13]. This method allows comparing the
clustering quality of the original data with that of ran-
domly generated data with the uniform distribution in
the same range. The higher the value Gap(k) of this
statistic is, the more distinct structure the data will
have. (In other words, the clusters identified will be
more significant than random ones.) For k=6 and
k=8, the wvalues of Gap(k) were close:
0.994+0.006 and 0.911+0.003, respectively. The
slight decrease in the gap statistic value when passing
from six to eight clusters is within the standard error,
forming the so-called “plateau.” This indicates that the
detail of the clusters does not significantly deteriorate
when increasing their number from six to eight.

Thus, despite the moderate values of the quality
metrics, the choice of k=8 is a reasonable trade-off
between the statistical stability of the results and the
sufficient detail of academic performance paths for the
subsequent analysis of their correlation with the digital
interests of students.

After the partition, each student was assigned a
cluster number, in ascending order of the overall aver-
age academic performance (the simple arithmetic
mean of all grades for eight semesters, see Table 1).
Note the decreasing trend in the proportion of males
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when passing from clusters with low academic per- — Path 5. Moderate grades transitioning to stably
formance to those with high academic performance. good outcomes.
The academic performance paths are shown in
Figs. 2 and 3. Table 1
The final partition is characterized by the follow- Statistics by path clusters
ing paths: The number Average The share
— Path 0. Stably low academic performance. el of students grade of males, %
— Path 1. Low grades in the initial academic years, 0 1910 3.48 90.0
followed by an improvement. 1 2510 3.81 85.7
— Path 2. Initially good outcomes, followed by a 2 2120 3.92 828
. ! 3 2870 4.19 76.7
decline. 4 1950 421 716
— Path 3. Low academic performance with notice- 5 2200 4.43 69.7
able growth. 6 3500 4,57 52.9
— Path 4. Stably good grades with a slight dip. I 4720 4.86 56.5
Interval 25-75% Average path
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Fig. 2. Path clusters: (a) cluster 0, (b) cluster 1, (c) cluster 2, and (d) cluster 3.
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Fig. 3. Path clusters: (a) cluster 4, (b) cluster 5, (c) cluster 6, and (d) cluster 7.

For clarity, each cluster is represented by diagrams
showing the proportions of students in different aca-
demic performance categories’: red, blue, and green
bars indicate the shares of mediocre (g <3.9), good

(39<g<45), and excellent (g=>4.5)students, re-
spectively, where @ is the student’s average grade

(the arithmetic mean of all his/her end-of-semester
grades). These diagrams allow assessing the distribu-
tion of academic performance levels of different stu-
dents across academic years in each path.

! In Russian higher education, the five-grade system is used:
1—“fail,” 2—"“unsatisfactory,” 3—"satisfactory,” 4—“good,” and
5—*“excellent.” In the Western grade system, they are equivalent
toF, D, C, B, and A, respectively.

For additional visualization of the clustering re-
sults, we employed the principal component analysis
(PCA) method. In Fig. 4, the points corresponding to
students are displayed on the plane, with the horizontal
axis reflecting the overall academic performance and
the vertical one the dynamics of changes. The cross
indicates the center of mass of the set.

The repeated runs of the k-means algorithm con-
firmed the stability of the resulting partition, and the
visualization results demonstrate the separation of
clusters, despite the partial overlap of their boundaries
in the 2D projection. This structure provides a reliable
foundation for further analysis of the correlation be-
tween the digital interests and academic performance
of students since the average values of the paths well
describe the main differences between the path clus-
ters.
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Fig. 4. Student clusters based on academic performance: PCA results.

3. THE GRAPH MODEL OF VK COMMUNITIES AND ITS
ROLE IN ACADEMIC PERFORMANCE PATH ANALYSIS

3.1. Initial Data

As the initial data, we took all VK public pages
(also called communities or groups) with at least 50
students subscribed; the resulting corpus contains ap-
proximately 4500 communities. The approach of using
community subscriptions as academic success features
has recently proven itself in the identification of the
best students by NLP algorithms [14]. Before proceed-
ing to theoretical graph analysis, we checked each
community for correlation with academic performance
paths using single-factor analysis of variance (ANO-
VA): for 760 communities, the differences between
the paths were significant at p<0.05; for 350, at

p<0.01.

Let G=(V, E,W) be an undirected graph where
V denotes the set of communities and an edge
(c,, c,) e E exists if there is at least one common sub-
scriber. The strength of a link between communities
was estimated using the weighted Jaccard coefficient,
first proposed for assessing the similarity of floral
compositions [15]:

s,s.

w(c, c,)=In| 1+
s, s,

where S is the set of students subscribed to commu-

nity c,. Taking the logarithm allows smoothing out

extreme values of the coefficient when the communi-
ties overlap greatly or, conversely, are almost disjoint.

To detect communities, we applied the Louvain al-
gorithm [16], which maximizes graph modularity. A
single run on the entire graph with resolution = 1 pro-
duces several abnormally large clusters and many
small clusters, so we employed a step-by-step ap-
proach. First, the entire graph was clustered at a low
resolution value; then the overly large groups were
recursively re-partitioned using the same method with
resolution = 0.7. Additionally, 30% of the weakest
links were eliminated, as their total number was very
large. The iterative merging of the results provided a
final partition into 21 clusters of comparable size.

3.2. The Visualization and Interpretation of Clusters

The final structure of the community graph is
shown in Fig. 5: the complete graph with 21 clusters
(on the left) and cluster 10 in detail (on the right),

e Y
o‘ﬁe o 2
i o

Fig. 5. The visualization of the VK community graph.
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Table 2
The characteristics of VK community clusters based on clustering results
Cluster The description of communities 3/4/5
0 Large communities with universal entertainment content, covering a wide audience 41/32/27
1 Communities focused on humorous content, including memes related to e-sports and video games 42/33/25
(CS2, PUBG)
2 Highly popular communities with memes targeted at a mass audience 42/131/27
3 Communities devoted to sports broadcasts and e-sports (soccer, UFC, Dota2) 46/32/22
4 Entertainment communities with simple and widespread memes 42/33/25
5 Communities with original, unique, or niche memes 46/34/20
6 Entertainment communities with repetitive trite memes 46/33/21
7 Communities spreading post-ironic memes targeted at a specific audience 40/35/25
8 Humorous communities focused on distributing video content 46/34/20
9 Communities representing post-irony and absurd humor 42/34/23
10 Communities related to educational and scientific topics: programming, internships, research 27/34/39
11 Student communities, including faculty public pages and groups like “Eavesdrop” 32/35/33
12 Communities focused on student life, including events and activities 27/35/37
13 Communities with friendly memes, often focused on pets (especially cats) 32/34/34
14 Communities devoted to aesthetics, fitness, nutrition, and self-care, primarily targeted at a female audi- | 26/33/41
ence
15 Communities about fashion, the beauty industry, online stores, and female memes 25/34/41
16 Communities related to self-development, literature, foreign language learning, and aesthetic concepts | 30/33/37
17 Foreign communities containing female memes and aesthetic content 29/34/38
18 Communities devoted to informal fashion, clothing, and footwear trade 46/35/19
19 Music communities focused on rap artists and the music industry 45/35/20
20 Gaming communities (Dota2, e-sports), as well as groups related to the trade of used cars 46/34/20

which includes mainly educational communities. The
node colors correspond to the predominant academic
performance level of subscribers, namely, red to me-
diocre, blue to good, and green to excellent students.
This coding allows immediately assessing the homo-
geneity of the clusters in terms of academic perfor-
mance.

Note that the path clusters (n= 8) reflect the dy-
namics of student academic performance changes over
time, while the categories (mediocre, good, and excel-
lent) are calculated based on the individual average
grade for the entire study period and are introduced
separately for a clear interpretation of the academic
performance level in each community. They serve as
an additional “projection” of the data.

The description of all clusters and the distribution
of students by their academic performance categories

are given in Table 2 (based on the author’s subjective
generalizations).

4. THE CORRELATION BETWEEN THE DIGITAL
INTERESTS AND ACADEMIC PERFORMANCE PATHS OF
STUDENTS

4.1. The Formalization of Interests and Calculation
of the Log-Odds Ratio

For each student i, we constructed the stochastic
interest vector

Pi :(pi,Ov Pigsee pi,zo)

with equal weights for all clusters (i.e., Zpi'k =1),
k
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where p;, is the ratio of subscriptions of student i in

cluster k to all his/her subscriptions in total. This vec-
tor reflects the degree of concentration of the student’s
interests on particular community clusters.

To identify distinctions in the digital interests of
students from different academic performance paths,
we used a sample of students with known subscription
data: after filtering, 4500 males and 1900 females re-
mained. The log-odds ratio [17] was selected for the
assessment, measuring the deviation of the share of
subscriptions to cluster k in academic performance
path t from the global average:

log_odds, , =In Pee | | Pea |
Y 1_pk,l 1_pk‘g

In this formula:
P, is the trimmed mean share of subscriptions to

cluster k among students in path t. First, for each stu-
dent i from path t, the ratio of his/her subscriptions in
cluster k to all his/her subscriptions is calculated.
Then, the trimmed mean is taken from the ratios ob-
tained for all students in path t;

P, is the global trimmed mean share of subscrip-

tions to cluster k across the entire sample of students.
First, for each student, the ratio of his/her subscrip-
tions in cluster k to all his/her subscriptions is calcu-
lated. Then, the trimmed mean is taken from all these
ratios.

To reduce distortion due to atypically low or high
individual values, we calculated the average shares for
each cluster using trimmed mean: the 10% lowest and
highest share values were excluded from the analysis.
This approach yielded more reliable and informative
estimates robust to outliers.

Positive values of log_odds indicate increased in-

terest in the cluster among students of a particular aca-
demic performance path, while negative values indi-
cate a lower share of subscriptions compared to the

global average Py, (i.e., “avoidance” of this cluster).
Here are some illustrative examples of this metric:
e log _odds=0.5 means that the odds of encoun-

tering subscriptions to this cluster among students of a
given academic performance path are approximately

65% higher than the overall level since e%° ~1.65.
e log_odds=-1 means that the chances of en-

countering subscriptions to this cluster among students

of a given academic performance path are approxi-

mately e ~0.37, i.e.,, 1/0.37 ~ 2.7 times lower than
the average.

In further analysis, we calculated log_odds sepa-
rately for males and females. The reasons are as fol-
lows:

e The gender composition of paths is irregular.
In path cluster 0, males account for about 90%; in path
cluster 7, only about 57%. During aggregation, this

irregularity distorts the global averages p,, and, ac-

cordingly, the logarithmic coefficients.

e Subscriptions have gender specifics. Some
communities (clusters 14-17) are targeted at a female
audience; their “avoidance” by males is not informa-
tive for academic performance conclusions but in-
creases the variance in the overall sample.

Figure 6 shows the heat map of log_odds values

for the male sample, revealing marked differences in
the interests of such students depending on their aca-
demic performance path. The percentage of subscrip-
tions to a given cluster among students of a given aca-
demic performance path is indicated below the corre-
sponding log_odds value.

Here are some observations:

e Paths 0-2 (low and declining academic perfor-
mance). These paths demonstrate a strong bias to-
wards entertainment clusters 0—6 (log_odds = 0.18—
0.51) and a moderate bias towards street fashion and
rap communities. Also, there is an avoidance of educa-
tional cluster 10 and university communities 11-12
(log_odds up to —0.41).

e Path 7 (stably excellent students). The picture is
mirrored: negative coefficients for entertainment con-
tent and a noticeable jump in interest in clusters 10-12
(education and university communities).

Figure 7 shows a similar heat map for the female
sample.

Similar conclusions can be drawn for female stu-
dents from low academic performance paths: high in-
terest in entertainment clusters and avoidance of edu-
cational ones. However, for the best paths (6 and 7), a
more uniform distribution of interests is observed. De-
spite the general obviousness of the conclusions (en-
tertainment prevails among weak students whereas
education among strong ones), there are individual
preferences within each path. These distinctions in
digital interests can be used to build a predictive aca-
demic performance model.
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Fig. 7. The heat map of log_odds values for the female sample.

4.2. Testing the Hypothesis on the Independence of
Academic Performance Paths from Digital Interests

To formally test the hypothesis on the statistical
correlation between the academic performance and
digital interests of students, we carried out a contin-

gency table analysis using Pearson’s y? test, separately
for the male and female samples (Table 3). The global
¥* test confirmed the existence of a statistically signifi-
cant correlation between belonging to a particular aca-
demic performance path and the subscription profile,
among both male and female students.
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The distinctions are illustrated in detail in Fig. 8.
More specifically, Fig. 8a and 8b present the partial x>
test statistic for each of the 21 interest clusters; the x2-
significant distinctions (o = 0.05) are set off in red
whereas the insignificant ones in gray.

Clearly, correlations with academic performance
paths became significant in 10 clusters for males and
15 for females. Figures 8c and 8d show estimates of
the effect n? where the dotted lines indicate the
thresholds of 0.01 (small effect), 0.06 (medium), and
0.14 (large) [18]. Most of the significant clusters
demonstrate n? > 0.3, and especially among females,

about half of the clusters exceed 0.5 (high practical
significance of the distinctions revealed). The strong-
est correlation with academic performance is observed
in clusters of educational and student communities
(numbers 10-12), as well as entertainment and fash-
ion/music communities (numbers 18-19). This logi-
cally fits the subscription patterns observed previous-
ly. The data obtained clearly reject the null hypothesis
on the independence of academic performance paths
from digital interests, confirming that students’ digital
preferences are representative and substantively relat-
ed to their academic performance indicators.

Table 3

The global x? test of the independence of academic performance paths from digital interests

_ The number The critical 2 test value
2 =
Gender Sample, students | 2 test statistic of degrees of freedom p-value (@=0.05)
Males ~ 4500 557.6 le-51
Females ~1900 7558 140 1e-85 168.613
Wl 0 = Critical value (o = 0.05) 1754 0 === Critical value (a. = 0.05)
150
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Large effect ) Large effect
0.4
=03 = e
0.2 1
0.2
0.1
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Fig. 8. Partial indicators of the relationship between the clusters of digital interests and academic performance paths: (a), (b) ¥ statistic (red color — p <
0.05; dotted line — critical y? test value) and (c), (d) estimates of the effect n? (dotted lines — thresholds). Bar charts (a) and (c) correspond to males whereas bar

charts (b) and (d) to females.
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CONCLUSIONS

In this research, we have established a statistical
correlation between the topics of subscriptions of stu-
dents at Bauman Moscow State Technical University
on the VKontakte social network and their academic
performance. According to the results, the digital foot-
print formed through interests and online activity can
be a significant predictor of educational paths and,
possibly, other offline indicators. A formal test of the
hypothesis using Pearson’s ¥ test has shown high sta-
tistical significance (p<0.001) of the identified corre-

lations for both gender samples, and an analysis of the
effect has confirmed the practical significance of the
distinctions revealed.

Studies by other researchers also indicate a rela-
tionship between social media activity and academic
performance, but most of them are limited to small
samples and assessments of time spent on social me-
dia.

In the future, we plan to expand the analysis by
adding the network structure of student friendships in
order to build an integrated model for predicting aca-
demic performance based on both individual digital
interests and their structural position in the student
network (centrality measures, community member-
ship, and broker roles). This approach will enable the
more accurate diagnosis of academic risks and the
formation of personalized recommendations for aca-
demic support, from course selection and consulting to
inclusion in relevant educational communities.
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