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Abstract. In the context of digital transformation of education, the analysis of
academic results is gaining increasing importance for improving the quality of
teaching and early detection of anomalies. This paper presents an approach to
smoothing a system for automated analysis of student grades, integrating meth-
ods from statistics, data analysis, and data visualization. The developed system
processes Excel files, extracts and standardizes the data, then applies linear re-
gression to predict final grades and K-Means clustering to detect groups with
similar results. An anomaly detection mechanism based on the difference be-
tween intermediate and final grades is employed, along with a rule-based module
that generates personalized recommendations for each student. The results are
presented visually and exported in an enriched Fxcel format with conditional col-
oring, which facilitates teachers in analyzing performance and detecting problem
cases. The system demonstrates potential for application in academic analyt-
ics, offering a basis for future expansion through classification models and a
web-based interface.
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Introduction

Assessment of students’ knowledge and skills is one of the basic compo-
nents of modern education, which aims not only to measure achievements, but
also to make informed pedagogical decisions. In the conditions of digital trans-
formation, traditional approaches to analyzing results are increasingly proving
insufficient for timely detection of learning difficulties and planning personal-
ized interventions. This increases the importance of methods based on statis-
tical data processing, machine learning and the AIEd (Artificial Intelligence in
Education) concept, aimed at applying Al in educational practice. The use
of these approaches allows for more objective assessment, detection of hidden
dependencies in data, identification of at-risk learners and implementation of
adaptive learning strategies. Machine learning provides significant advantages —
from predicting final grades through regression models to detecting groups of
students with similar characteristics through clustering and detecting anomalies
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associated with atypical results.

In this context, this study presents a developed Al-based system for auto-
mated analysis of student grades, which combines elements of statistical analy-
sis, linear regression, K-Means clustering and an anomaly detection mechanism.
The obtained results are visualized and exported in an advanced Excel format
with conditional coloring, which facilitates teachers in making decisions related
to improving the quality of education.

Assessing students’ knowledge. Results and discussion

Student assessment is a fundamental part of the educational process, not
only measuring achievement but also providing a basis for planning person-
alized learning interventions and improving teaching strategies [1]. In recent
years, there has been a growing interest in using mathematical, statistical, and
especially AI methods to automate and objectify this process. The combination
of statistical analysis and machine learning allows for a deeper understanding of
students’ academic performance and behavior patterns [2]. The traditional sta-
tistical approach involves calculating key indicators such as the mean, median,
mode, and standard deviation, which provide information about the distribu-
tion of grades and the differences between groups of students. These indicators
allow teachers to identify some deviations and make adjustments to the teach-
ing process. For example, a histogram of final grades can visualize the data and
show the concentration of results around the average values.

On the other hand, linear regression can model the relationship between
students’ intermediate and final grades [3]. A regression function of the type:

Final grade = a4 p1.Gradel 4+ By.Grade2 + ... + [4.Graded

allows for the prediction of final success based on previous achievements [4]. A
similar model is also used in the system presented in the article for automated
prediction and verification of results.

In addition to classical statistical methods, machine learning provides
opportunities for deeper analysis and classification. Three key approaches have
been applied in the project under consideration:

e Linear Regression — used to predict final grades based on intermediate
results. The algorithm extracts variable dependencies and assists the
teacher in discovering patterns, aiming to identify a linear relationship
between the input data and the target. The coefficients in the above
formula reflect the importance of each intermediate grade.
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e K-Means Clustering — the algorithm groups students into clusters ac-
cording to the similarity of their grades. Group centers are calculated,
and students are assigned based on their proximity. This allows for
the identification of groups such as “high achievers”, “average”, and
“needing support” [5]. The resulting groups can be used for personal-
ized educational strategies. This method is used to visualize patterns
of behavior or similarities.

e Anomaly detection — by comparing intermediate and final results, cases
of unusually high or low scores are detected. Such a technique can be
improved by algorithms such as Isolation Forest [6] or Local Outlier
Factor [7], which automatically identify deviations without the need
for predefined thresholds.

Isolation Forest (IF) is an algorithm based on the principle of isolation. In-
stead of modeling normal observations, as classical probabilistic approaches do,
[F isolates anomalies by randomly splitting the data. At each split (“branch”),
the algorithm chooses a random feature and a random split value. Since anoma-
lies are usually rare and differ significantly, they are isolated more quickly —i.e.,
at a shallower depth in the tree. The average isolation depth is used to calculate
the so-called “anomalous index” (score). The smaller this value, the more likely
the observation is to be an anomaly. The advantages of Isolation Forest are:
high efficiency on large data sets (works with linear complexity O(n)); indepen-
dence from the dimensionality of the data as it does not require normalization;
easy interpretation as the result can be easily visualized and integrated into
educational systems to detect unexpected grades.

On the other hand, Local Outlier Factor (LOF) uses a density approach
that assesses the degree to which a point is rarer in its local environment com-
pared to neighboring points. A local density is calculated and compared to
the densities of the k nearest neighbors. If a point has a significantly lower
local density, it is classified as anomalous. This algorithm is useful for groups
of students with different academic profiles and can show that a student has a
grade that is “anomalous” only compared to his group, and not to the entire
course, making it a valuable tool for context-aware evaluation. The combined
use of Isolation Forest and LOF allows Al-based educational systems to detect
both global and local anomalies, increasing the reliability and objectivity of the
assessment process.

The main goal of the study is to conduct a quantitative analysis of the
success rate of students in the discipline “Discrete Mathematics”, using basic
methods of descriptive statistics and Al algorithms. Through statistical data
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processing, the aim is to establish the general level of mastery of the material;
to compare the results of different forms of assessment (homework, control,
test); to assess the uniformity and variation of the results; and to derive a
generalized assessment for the group. By applying selected Al algorithms to
assess anomalies and perform a deeper analysis and classification. The object
of the study is the students of the “Informatics” specialty at the University
of Plovdiv, studying the discipline “Discrete Mathematics”. The subject of
the study, with the result of the current control of their knowledge, includes
three homework assignments and one control test. The study used data from
real student results recorded in a spreadsheet (Grades.xlsx). The processing
was done by Microsoft Excel and Python (libraries Pandas, NumPy, SciPy and
Matplotlib). The research was implemented using Python scripts in two steps:

e Statistical processing and analysis of the results

e Application of Al algorithms to assess anomalies and perform a deeper
analysis and classification.

The following statistical characteristics were calculated for each variable
and for the total score: Mean (Z) and Median (Me), which characterize the
average values; Mode (Mo) — the most common score; Standard deviation (s)
and mean square deviation (o), which assess the degree of dispersion of the
scores around the mean; Coefficient of variation (V') to represent the relative
variability of the scores; Skewness (Sk) and Kurtosis (K) to assess the shape
of the distribution (normal, right/left skewed). Part of the Python statistical
analysis implementation is visualized in Figure 1.

plt.figure(figsize=(10, &))

plt.hist (duuan=m, bins=10, sdgecolor='black', alpha=0.7)

plt.axvline (Moma, color='blue', linestyle='--', label=f"Mopma: {moma}")

plt.axvline (Memmana, color="'green', linestyle='--', label=f"Memmuana: {mMemgmanal")

plt.axvline (duzanam.mean () + orknoxeswms, color='red', linesstyle='--', label=f"+l1 Czm. orkx.")

plt.axvline (dusmanau.mean() - orxnoxenms, color='red', linestyle='--', label=f"-1 Crxg. orrx.")
plt.title ("Pasnpegsnesme Ha OUHANHWUTE OLSHEKM")
plt.xlabel ("CueHra")

plt.ylabel ("Bpom cryoeHTH")

plt.legend()

plt.grid(True)

plt.tight_layout ()

ocHOBa = os.path.splitext (datim) [0]

rpadpuxa ner = f"rpadmxka {ocmoma}.png”
plt.savefig (rpaduxa_nwr)

plt.close ()

Figure 1. Statistical analysis in Python

The results obtained allow for the assessment of students’ results, but do
not enable the identification of anomalies or discrepancies for each student. To
perform such an analysis, we use the Al algorithms Linear Regression, K-Means
Clustering, and Anomaly detection, through which we can identify these anoma-
lies, classify the students into separate groups, and make predictions about the
final results of the studies. The graphical presentation of the distribution of the
results allows us to clearly observe the trends in the success of the students.
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The visualization shows that the grades are not evenly distributed, forming
zones of higher concentration around the average. This suggests the presence
of a relatively homogeneous group of students, which performs stably, but at
the same time, individual values are also noticeable, which deviate significantly
from the center of the distribution. Such deviations have important analytical
significance, as they can be an indication of gaps in preparation, inaccuracies
in assessment, or individual difficulties.

This visual stage of the analysis serves as the basis for the next phase,
which involves machine learning algorithms — linear regression, clustering, and
anomaly detection — to extract deeper and more interpretable information about
student performance. We again use Python to implement this step. Figure 2
shows a portion of the script.

¥ = df[ ["Cuexrxal"”, "OusxHxal", "OuexHwrald", "Ousxxad"]]

kmeans = EMeans (n_clusters=3, random state=42)
df ["KnseTep"] = kmeans.fit prediect (¥)
perpecua = LinearRegression()
perpecusa. fit (¥, df(["émnanza ouexxa"])
HpOIHOBHH_CDDﬁECCIH = np.clip(perpecua.predict(®), 0, 200).round(1l)
df ["IporeosHa oueHra (TouxwM)"] = NPOTHOSHM CTOMHOCTH
df ["Iporecsua oussxa"] = pd.Ssries (nporHo=zHK croiHEocTi) .apply (oussHm)
df ["Cpenza mexmuuHa"] = X.mean(axis=1
df ["Pazmaxa"] = df["@émHansa ouenxa"] - df["CpepgHa memOuHHa"]
df ["AnoMama™] = df["Pasmmuxa"].apply(lambda x: "Azomamua" if x > 30 else "Hopmamua"
def npenopwxa(pen) :
if pen["Zuomamua"] == "Ruomamua"
return "[IpoEepM =a Tpellka MIM HYEIa OT DoMom”
elif pen["OporsHo=Ha oueHka"].startswith ("Cmat™):
return "HyXxOa oOT OOOBAHMTENHA NOOTOTOEKA"
else:
return "IOobSpc npencTaeEAHs"
df ["Npenopsxra"] = df.apply (npencpera, axis=1)

u=xomeH_bdaitn = £"{ocHoBa}_c_axamms.xlsx"

Figure 2. Python script for AI analysis

To improve readability and facilitate analysis of the results, a system
for automatic conditional coloring of cells in the source Excel file has been
implemented. It is based on the logic embedded in the Python script (Figure
4) and uses the conditional formatting mechanism from the XlsxWriter library.
Coloring is divided into two main groups — recommendations and anomalies,
with specific color formats defined for each of them.

Recommendation coloring. The Recommendation column applies
three different color formats, corresponding to the automatically generated text
messages: “Check for error or need help” — is highlighted in red (#FF9999),
as it indicates a serious deviation and needs attention; “Needs additional train-
ing” — is colored in yellow (#FFFF99), which signals a moderate deviation
or omissions; “Good performance” — is visualized in light green (#CCFFCC),
emphasizing a positive result. The script automatically determines the range
of the column by finding its position in the DataFrame, then adds conditional
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rules of type text contains, which color the cells according to the text they
contain.

Anomaly Coloring. A similar approach is used for the “Anomaly”
column, but with two formats: when the text “Anomaly” is present, the cell is
highlighted in dark red (#FF6666), as it indicates a significant or unexpected
deviation in the results; when the value is “Normal”, the cell is colored green
(#99FF99), which indicates the absence of deviations.

Just like with recommendations, the range is dynamically determined
based on the column’s position in the table, and the conditional rules are applied
to all cells until the end of the record. Part of the Python scripts for displaying
messages and coloring is visualized in the following Figure 3.

# OumeTABaHe

bopMaTH_npenopBrM = {
"MIpoESpM =2a Tpellka MM Ey=xga or nomom™: workbook.add format ({'bg color': '"#FFS9999'}),
"Hyxza OT DOMBIHMTENHA NomgroToeka": workbook.add format ({'bg_coloxr': "EFFFF953'}),
"Iobpo mpeacTaBAHe": workbook.add format ({'bg_color': '$CCFFCC'}),

}

npencpexa_xcn = df.cclumns.get_loc("Mpenopsra™)
npenopexa_ Oykea = chr(é5 + npenopwxa ko)
for mexcr, dopmar in dopmarTy mpenopmrM.items () :
worksheet.conditional format(
f" {npencpbra Gyxeal}Z: {npenopska bOyksa} {len(df)+1}",
{"type': 'text', 'criteria': 'containing', 'walue': Texcr, 'format': dopmaT}

)

anoMmammA_xon = df.columns.get_loc ("Axomamma")
aHoMmanmmA Gyxsa = chr (65 + amomamma ko)
worksheet.conditional_ format (
f"{anoMama Byxsal}l: (aHoMamA Oykeal {len(df)+11",
{'type': 'text', 'criteria': 'containing', 'walue': "Amomamua", 'format': workbook.add format({'bg_color': '#FF6EEE'})}
i
worksheet.conditional format(
f"{amoMmamma Syksa}l: {amoMamma_ Oykeal{len(df)+11",
{'type': 'text', 'criteria': 'containing', 'walue': "Hopmanua", 'format': workbook.add format({'bg_color': '#85FF95'})}

)

Figure 3. Python script for AI analysis

Figure 4 shows an example fragment of the output Excel file generated by
the developed Al system. The table contains integrated results from statistical
analysis, machine learning, and automatic rule-based generation of recommen-
dations. Each row corresponds to an individual student and includes: Current
control grades (homework assignments and a test); Cluster — grouping using
K-Means; Predicted grade and final predicted grade calculated using linear
regression; Average intermediate grade; Difference between predicted and in-
termediate value; Anomaly; Recommendation generated by the system. The
last two columns are colored automatically, in accordance with the script in
Figure 4, which visually highlights key cases and helps to detect problematic
or interesting results more quickly. This integration of Al algorithms and vi-
sual indicators allows the instructor to quickly identify students at risk, cases
of atypical behavior, as well as students with excellent results. The output
presented in Figure 4 demonstrates how data, modeling, and visualization are
combined into a single tool to support the academic process.
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Figure 4. The results from Al analysis

Conclusions and future plans

The developed Al-based system for analyzing, predicting, and visualiz-
ing student grades demonstrates strong potential for supporting data-driven
decision-making in educational environments. By combining classical statisti-
cal indicators with predictive analytics models, the system provides a deeper
and more precise understanding of student performance, allowing for the early
detection of anomalies, the identification of performance clusters, and the gen-
eration of personalized recommendations. The integration of automated color-
coded feedback and anomaly detection into the exported Excel format presents
a practical and accessible interface for educators, enabling quick interpreta-
tion of complex data. This confirms that the approach is suitable not only for
research purposes but also for real educational practice.

Future development of the system will focus on several major directions.
First, the inclusion of additional machine learning methods — such as classifica-
tion models, ensemble algorithms, or deep learning networks — could improve the
accuracy of predictions and enable more nuanced detection of at-risk students.
Second, expanding the rule-based recommendation module to incorporate ped-
agogical strategies and adaptive learning pathways would further enhance its
applicability. Third, the inclusion of additional machine learning methods. Fi-
nally, developing a web-based platform or dashboard would allow real-time data
processing, multi-course integration, and easier access for teachers and admin-
istrators.

Ethical considerations regarding the confidentiality and security of the
data used should also be taken into account in the design of the system, ensuring
compliance with relevant regulations and obtaining informed consent for data
collection and processing. Furthermore, to improve scalability and applicability
in different educational contexts, the system architecture can be optimized for
processing larger data sets and integration into different courses.

Overall, the system provides a solid foundation for building advanced
educational analytics tools, supporting both instructors and students through
enhanced insights, timely feedback, and more informed pedagogical decisions.
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