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ABSTRACT

Aim. Exploring the potential of using a random forest method (RFM) to identify associations between serum levels
of microRNAs miR-181a and miR-25 and the expression of the following markers: E-cadherin (CDH1), type 11
collagen (CII), integrin beta-1 (ITGB1), cyclin D1 (CCND1), and T-lymphocyte costimulator (CD86), as well as
their relationship with clinically relevant molecular genetic markers (ER, PR, HER2, Ki-67) in patients with breast
cancer (BC).

Materials and methods. We recruited 44 BC patients with invasive ductal carcinoma who had not received
neoadjuvant treatment. Serum levels of miR-181a and miR-25 were measured using digital droplet PCR, and the
expression of CDH1, CII, ITGB1, CCND1, CD86, ER, PR, HER2, and Ki-67 in tumor tissue samples was assessed
via immunohistochemistry. Spearman’s correlation analysis and the RFM were applied to assess associations
between variables.

Results. Spearman’s correlation analysis did not reveal any significant linear relationships between the studied
parameters (p > 0.05). However, the RFM identified nonlinear associations: for miR-181a, the optimal predictive
model included CDH1 and CCND1 (MAE = 4.267); for miR-25, ITGB1 and CCND1 (MAE = 16.255). Among
clinical and pathological characteristics, statistically significant positive correlations were found between CII and
ER (= 0.498; p = 0.001) and PR (r = 0.354; p = 0.018). The RFM models demonstrated the highest accuracy in
predicting the HER2 status (82.6%) when using a combination of ITGB1, miR-181a, and CDH1.

Conclusion. The RFM revealed complex nonlinear associations between microRNAs and tissue markers of tumor
progression that were not detected by conventional statistical methods. These findings are exploratory in nature
and provide a foundation for further research aimed at validating these biomarkers and elucidating their role in the
pathogenesis of various breast cancer subtypes.
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PE3IOME

Hensb. [Tonck BO3MOXKHOCTH BBISIBICHHS ¢ IOMOIIBIO METO/a «CitydaiHoro sieca» (MCJI) B3aMOCBS3M MEXIy YPOBHEM
MukpoPHK miR-181a, miR-25 u skcnpeccueii mapkepos: E-kanrepuna (CDH1), komnarena I (CII), unterpuna Gera-1
(ITGB1), muxmuaa D1 (CCNDI1) n 6enka-koctumyastopa T-mumdormro (CD86), a Takke MX acCOLHMALNN C KIIMHHU-
YeCKH 3HAYUMBIMHU MOJIeKyJIsipHO-reHeTinaeckumu Mapkepamu (ER, PR, HER2, Ki-67) y naipeHTOK ¢ pakoM MOJIOYHOM
xedessl (PMIK).

MarepuaJjnl 1 MeToabl. Y 44 ManyeHTOK C MHBA3UBHOM MPOTOKOBOW KapIIMHOMOH MOJIOYHOM kene3sl (6e3 Heo-
aJIBIOBAaHTHOM Teparuy) onpenesuti sxkcrnpeccuio MEKpoPHK miR-181a u miR-25 B ceIBOpoTKE KpOBH, HCIIOIb-
3ys MUPPOBYIO KaIENbHYIO MoJiuMepas3Hyto nennyro peakiwro (ITLP). Dxcnpeccuro CDHI1, CII, ITGB1, CCND1,
CDS86, ER, PR, HER2 u Ki-67 ananu3upoBaJid ¢ TOMOIIBE) UMMYHOTHCTOXAMHH B 00pa3iax OmyXxoJIeBOW TKaHU.
Jlis ananu3a B3aMMOCBSI3€H HCIIOIBb30BaIN KOPPEJIUOHHbIN aHanu3 Crnupmena u anroputm MCJL

Pe3yabTarsl. KOppe/siiMOHHBINH aHAIM3 HE BBISIBUII CTATHCTHYCCKU 3HAUMMBIX JIMHEHHBIX B3aMMOCBSI3EH MEXIY
uccieyeMbIMH Tapamerpamu (p > 0,05). Merona «ciy4aifHoro jiecay mokasajl HalnuKue HeTMHEHHbIX aCCOLMALIMIL:
it miR-181a onTumaneHast mporaoctudeckas Mmozaens Bkroyana CDH1 u CCND1 (MAE =4,267), s miR-25 —
ITGB1 u CCND1 (MAE = 16,255). 13 KIIMHUKO-TTaTOJIOTUIECKUX XapAKTEPUCTUK CTATUCTUIECKU 3HAYMMBIE T0-
noxwurensHble Koppersinun BeisiBiensl i CII ¢ ER (= 0,498; p = 0,001) u PR (» = 0,354; p = 0,018). Monemu
MCIJI npoieMOHCTpHUPOBAIN HauOONBIIYI0 TOYHOCTE Ipeackazanns HER2-ctaryca (82,6%) npu ncroiabs3oBaHuH
xomOuuanuu ITGB1, miR-181a u CDHI.

3akiaouenne. Anroputm MCJI BBISIBUIT CIIOKHBIC HENMMHEHHBIE B3aUMOCBs3M Mexay miR-181a, miR-25 u Tkane-
BBIMH MapKepaMH OIyXOJICBOW MPOrPEeCCHH, KOTOpbIe paHee He 0OHAPYXKEHbI CTAHIAPTHBIMU CTATHCTUYECKUMU
MetoziaMu. [Tosy4eHHbIe pe3ysIbTaThl HOCST MOMCKOBBIH XapakTep U ()OPMUPYIOT OCHOBY JUIS AAJIbHEHIIINX HCCIIe-
JIOBaHMI O BATMIALMH JAHHBIX OMOMApKEPOB U UX POJIM B ATOTeHE3€ pa3InyHbIX noaTunos PMK.

KioueBsble cioBa: pak MmoouHoit xxenes3bl, HER2, MukpoPHK, MammHHOE 00ydeHHe, METO/T «CITyYalfHOTO JIecay,
MOJIEKYJISIPHBIE MAapKEePHI, STNTEINATLHO-ME3€HXIMAITbHBIN TTePeX o

KOHq).]'IP[KT HHTEPECOB. ABTOpI)I JACKIApUPYIOT OTCYTCTBUE SIBHBIX U INOTCHIIUAJIBHBIX KOHq)J'II/IKTOB HUHTEPECOB,
CBA3aHHBIX C Hy6J'II/IKaHI/IeI71 HaCTOHIJ.[efI CTaTbHU.
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INTRODUCTION

Breast cancer (BC) annually claims the lives of
thousands of women, underscoring the need for an
in-depth study of the molecular mechanisms of its
pathogenesis. Particular attention should be paid to
analyzing the association of potential markers with
classical molecular genetic indicators: estrogen
receptors (ER), progesterone receptors (PR), human
epidermal growth factor receptor 2 (HER2), and the
Ki-67 proliferation index.

MicroRNAs (miRs) are small non-coding
RNAs that regulate gene expression at the post-
transcriptional level [1]. They function as both
oncogenes and tumor suppressors, affecting
mRNA stability and translation. Dysregulation of
microRNAs is associated with various types of
cancer [2]. Specifically, miR-181a and miR-25 are
involved in proliferation, invasion, and modulation
of the immune response [3, 4]. It is known that miR-
181a can reduce ER expression in BC cell culture,
and its high level correlates with low PR expression,
HER?2 overexpression, and a high Ki-67 index [5-7].
MiR-25, in turn, is involved in modulating ER and
PR signaling pathways [5].

The study by J. Feng et al. confirms that abnormal
microRNA expression is accompanied by the
development of cellular transformation towards
carcinogenesis, which is also associated with the
ability of microRNAs to promote epithelial —
mesenchymal transition (EMT) [8]. This process
is characterized by a decrease in the expression of
epithelial markers, such as E-cadherin (CDH1), and
the activation of mesenchymal markers, including
integrin beta-1 (ITGB1) [9]. During this process,
tumor cells lose intercellular connections and

acquire increased mobility and invasiveness, which
is associated with a higher degree of malignancy and
metastasis to lymph nodes [10]. According to A.H.
Ali et al., low CDHI1 expression was characteristic
of patients with negative ER and HER2 status [11].

We previously showed that BC patients had
elevated levels of miR-181a, miR-25, CD86, ITGBI,
and cyclin D1 (CCND1) along with reduced CDHI
expression compared to patients with benign breast
diseases [12—14]. However, no statistically significant
relationships were found between these biomarkers,
indicating the need for more sophisticated analytical
tools. It should be emphasized that each of these
biomarkers plays an important role in BC pathogenesis.
CCNDL1 is a key regulator of the cell cycle and can
increase the transcriptional activity of ER, contributing
to the formation of resistance to endocrine therapy
[15]. CD86 is a co-stimulatory molecule involved in
T-lymphocyte activation and the formation of an anti-
tumor immune response [16]. Type II collagen (CII),
as a major component of the cartilage matrix, may
be involved in extracellular matrix remodeling and
the creation of metastatic niches in BC [17]. Despite
the fact that CCND1, CD86, and CII are not classic
inducers of EMT, their influence on key signaling
pathways, such as TGF-3, Wnt/B-catenin, and integrin-
dependent signaling, suggests their indirect role in
EMT progression [17, 18].

Machine learning algorithms offer objective and
reproducible tools for identifying hidden patterns
and relationships between biomarkers that may
be overlooked by traditional analysis, which is a
promising direction for studying the molecular
mechanisms of the development and progression
of oncological diseases [19]. The Random Forest
Method (RFM) is a machine learning algorithm based
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on constructing an ensemble of decision trees, each
of which is built on its own unique subset of data and
features (bootstrap sample), and then averaging their
predictions. This significantly reduces prediction
variance and the tendency to overfit compared to
single trees [20].

The first step is to form the training sample
D = {(X, y)}"_,, where N is the number of objects,
X is a set of k features for the i-th observation, and
, 1s the value of the target variable. Then, a function
that calculates the final prediction of the values of
the variable of interest is sought. An ensemble of T
regression trees, {h}"_, is formed, where 4, is an
individual decision tree. Next, a bootstrap sample
is formed for each tree 4: from the training sample
D, a training set D, is created by random sampling
of N observations; some observations will appear
in D, several times, and some will not appear at all.
The construction of a regression decision tree on D,
begins with the root node, which contains the entire
sample D, . Then, for each node, a subset of features
is randomly selected from all features, and among the
selected features, the best feature and the best split
value (point) are found to maximize the reduction of
the variance of the target variable y in the two child
nodes. The criterion is the minimization of the Mean
Squared Error (MSE):

[\ ]

MSE=7 5 (v, ).
i=1
where y. is the obtained prediction of the target
variable, and » is the number of observations. The
sample is then split into two based on the found point
and features. The splitting procedure is recursively
repeated for each child node until one of the stopping
criteria is met (maximum tree depth reached, split
does not reduce MSE sufficiently, etc.). When the
stopping criterion is reached, the prediction in
that node becomes the average value of the target
variable y of all training observations that fell into
that node. The prediction of the trained model for
a new observation x is obtained by finding the
terminal node for x in each tree 4, of the ensemble.
The terminal node is found by following the splitting
rules compiled during the training of the decision tree.
The prediction of the terminal node is considered as
the model’s prediction. The final RFM prediction is
found by averaging the predictions of all trees:
s_1§7

T z=1ht'

RFM has shown promising results in predicting
the risk of BC development, early detection
of recurrences, and predicting a response to
chemotherapy [21-23].

The present study is exploratory in nature and
aims at determining the possibility of effectively
using machine learning algorithms to analyze the
relationships between microRNAs and molecular
tumor markers in the context of a limited sample size.

The aim of the study was to explore the
potential of using the RFM algorithm to identify the
association between the levels of miR-181a, miR-
25 and the expression of the molecular markers
CDHI1, CII, ITGBI1, CCNDI1, and CD86, as well
as their association with key clinicopathological
characteristics (ER, PR, HER2, Ki-67) in BC
patients.

MATERIALS AND METHODS

The study involved 44 female patients with the
diagnosis of ductal breast carcinoma of no special
type, aged 23 to 72 years (mean age 55 years), who
received treatment at the Breast Tumor Department
of City Clinical Hospital (CCH) No. 1 (Novosibirsk).
Inclusion criteria: primary BC without neoadjuvant
therapy; histologically confirmed diagnosis of ductal
breast carcinoma of no special type; histological
tumor grade G2. Exclusion criteria: concomitant
malignant neoplasms; acute infectious diseases
or exacerbation of chronic infections; distant
metastases. The expression of ER, PR, HER2, and
Ki-67 was determined according to standard clinical
protocols of CCH No. 1 and provided in patient
charts. A detailed description of the patients is
presented in Table 1.

Table 1
Clinical and Pathological Characteristics of BC Patient Tumors
Abs. Share
Parameter Category Number (1) (%)
. T1 (<2 cm) 13 29.5
Tumor Size (T) T2 (2-5 cm) 31 70.5
Lvinoh Node Invol NO 28 63.6
ymph Node Involvement NI 2 273
(N)
N2 4 9.1
ER+ (>1%) 25 56.8
Estrogen Receptors (ER) ER— (<1%) 0 132
Progesterone Receptors PR+ (>1%) 22 50.0
(PR) PR- (<1%) 22 50.0
Human Epidermal Growth 3+ 9 20.5
Factor Receptor 2 (HER2) 0or 1+ 35 79.5
. . . <20% 18 40.9
Ki-67 Proliferative Index >20% 2% 501

94 bionneteHb cMbUpPCKo meanuuHbl. 2026; 25 (2): 91-100



Original Articles

MicroRNAs were isolated from 300 pl of blood
serum using the NucleoSpin miRNA Plasma Kit
(Macherey—Nagel, = Germany). = M-MuLV-RH
(Biolabmix, Russia) and miR-specific primers were
used for reverse transcription. Detailed primer
characteristics were presented in a previously
published work [16]. Quantitative expression was
assessed by digital droplet PCR on the QX200
AutoDG system (Bio—Rad, USA) with TagMan
detection. U6 small nuclear RNA served as an
internal control sample.

Immunohistochemistry. The expression of the
studied markers was determined on deparaffinized
tumor tissue sections using monoclonal antibodies:
Anti-E-Cadherin (Cat. No. 610181, BD Biosciences,
USA), Anti-CD29/Clone 18 (Cat. No. 610467,
BD Transduction Laboratories, USA), Anti-CII
(COL2A1/M2139, Cat. No. sc-52658, Santa Cruz
Biotechnology, Inc., USA), Anti-Cyclin D1 and
Anti-B7-2 (PAA585Hu01, Cloud-Clone Corp.,
China). Visualization was performed using the
VECTASTAIN ABC Kit (Vector Laboratories,
USA) and analyzed with the Imagel] software
(National Instruments Corporation, USA). Marker
expression levels were calculated as the percentage
of positively stained cells, using at least 10 fields of
view at x400 magnification for each patient.

The expression levels of Her2/neu, estrogen (ER)
and progesterone (PR) receptors, as well as the Ki-
67 proliferation marker were assessed in BC samples
according to the methods [24] recommended for
determining molecular genetic subtypes of BC
(Gallen International Expert Consensus, 2011). The
receptor status for ER and PR was determined using
the ER/PR pharmDx Kit (K4071, Dako). The Ultra
View Universal DAB Detection Kit (4B5 antibodies)
was used to determine the HER2/neu status. The Ki-
67 protein (MIB-1 clone) was detected using a set of
diagnostic antibodies from Dako. All antibodies were
used at a dilution of 1:100. ER and PR expression
levels were assessed using the Allred scoring system
[25]. Her2/neu expression levels were assessed using
the generally accepted scoring system (from 0 to 3+).

Data processing was carried out using the Python
programming language (version 3.12). The Scikit —
learn package (version 1.4.0) for Data Science and
Machine Learning was used to calculate Spearman’s
rank correlation coefficients () and develop the RFM
model. Normality of distribution was checked using

the Shapiro — Wilk test. The non-parametric Mann
— Whitney U-test was used to assess differences in
marker expression levels between the patient groups.
Data were presented as the median, the 25™ and the
75th percentiles Me (Q,.; Q..). Differences were
considered to be statistically significant at p < 0.05.

The quality of RFM regression models was
assessed using the Mean Absolute Error (MAE),
which indicates the average deviation of predicted
values from actual values. The smaller the MAE, the
more accurately the model describes the data [26].
MAE is expressed in the same units as the target
variable. The MAE formula is:

MAE=%3_ 1y~ 5,

where y, is the true value, 7, is the predicted value,
and n is the number of observations. For RFM
classification tasks, the precision metric was used,
calculated as the ratio of correctly predicted positive
cases to the total number of predicted positive cases.

Given the limited sample size (n = 44), which did
not allow for splitting the data into training and test
subsets without losing statistical representativeness,
RFM model training and validation were performed
on the entire dataset. The relatively small number of
predictors (molecular markers) allowed for finding
the most suitable model to describe the existing
relationships through complete enumeration of
all predictor combinations. For each possible
combination of predictors, 500 models with
different randomness parameters were built, and the
quality was assessed by averaging the MAE across
all models.

RESULTS

Initial analysis using the Spearman’s rank
correlation coefficient did not reveal significant
relationships between the levels of miR-181a,
miR-25, and markers of adhesion, proliferation,
and immune response (Table 2, p > 0.05 for all
comparisons). This indicated the absence of simple
linear dependencies and the need for more complex
analytical approaches.

Table 2

Correlations between MicroRNA Levels and Molecular Markers

Marker miR-181a miR-25
r p r p
CDHI1 —0.049 0.753 -0.018 0.910
ITGBI1 0.036 0.815 -0.071 0.648

Bulletin of Siberian Medicine. 2026; 25 (2): 91-100 95



Studenikina A.A., Mihailovsky M.A., Timofeev V.S. et al.

The Potential Application of the Random Forest Method to Explore

End of table 2

Marker miR-181a miR-25
r P r P
CCND1 0.006 0.970 -0.124 0.421
CII 0.069 0.657 -0.091 0.557
CD86 —0.081 0.600 0.053 0.731

The RFM was used to identify more complex
nonlinear  associations. The optimal model
corresponded to the combination of predictors

miR-181a
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yielding the smallest MAE. For miR-181a, the
best predictive model included the combination of
markers CDH1 and CCND1 (MAE = 4.267). For
miR-25, the optimal set of predictors was ITGB1
and CCNDI1 (MAE = 16.255). Figure presents a
comparison of predicted and actual values for both
models, demonstrating their ability to detect hidden
patterns in the data.
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Figure. Comparison of predicted and actual levels of miR-181a and miR-25: X-axis: patients, n =44; Y-axis: microRNA concentration

The analysis of the relationships between the
studied biomarkers and key clinicopathological
tumor parameters (ER, PR, HER2, Ki-67) showed
statistically significant correlations only for CII.
Moderate positive correlations were found between
CII expression and estrogen receptor status (r =
0.498; p =0.001) and progesterone receptor status (»
=0.354; p=0.018, Table 3).

Table 3

Correlation between MicroRNA Levels, Molecular Markers,
and Molecular Genetic Tumor Parameters

Marker ER PR HER2 Ki-67
. r -0.156 -0.036 0.150 0.176
miR-181a
p 0.311 0.819 0.330 0.253
. r —0.166 —-0.007 0.057 0.300
miR-25
P 0.282 0.967 0.712 0.048
r 0.089 0.047 0.024 -0.051
CDH1
p 0.568 0.763 0.879 0.744
r 0.326 0.180 0.168 -0.121
ITGB1
p 0.031 0.243 0.275 0.433
CI r 0.498* 0.354* 0.076 -0.196
p 0.001 0.018 0.623 0.202
r -0.016 0.118 0.076 —0.164
CCND1
p 0.917 0.446 0.622 0.288

End of table 3

Marker ER PR HER2 | Ki-67
r 0.030 | —0.058 | —0277 | 0.204
CD86
) 0.846 0.708 | 0069 | 0.183
*p < 0.05.

Further analysis of marker level differences
between the patient groups showed that CII
expression was statistically significantly higher in
tumors with positive hormone receptor status (Table
4). In ER-positive samples, the Me expression
level was 20.3% compared to 6.9% in ER-negative
samples (p = 0.010). A similar trend was noted for
the PR status: 20.2% in PR-positive versus 9.8% in
PR-negative tumors (p = 0.016). For ITGBI, there
was a trend toward higher expression in ER-positive
tumors (Me 18.8% vs. 11.5%), but the difference did
not reach statistical significance (p = 0.052).

The application of the RFM for predicting
the BC receptor status showed varying levels of
accuracy depending on the marker. The best result
was achieved for the HER2 status (82.6% accuracy)
using the combination of ITGBI, miR-181a, and
CDHI1.
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Table 4

Analysis of the Expression of the Studied Markers Depending on Molecular Genetic Tumor Parameters, Me (Q,.; Q..)

Para- ER-, ER+, PR, PR+ HER2-0 nu HER2+ Ki-67 <20%, | Ki-67 >20%,
meters n=19 n=25 n=22 n=22 1+, n=135 3+,n=9 n=18 n=26
miR- 2.9(1.6-14.4) | 3.0(0.8-11.3) | 3.0(1.5-18.0) | 2.9 (0.9-10.3) | 2.9(1.0-9.4) | 3.1(1.4-52.8) | 2.6 (0.8-18.1) | 4.5(1.6-13.1)
181a p=0414 p=0.438 p=0.383 p=0.557
MiR-25 5.0 (3.1-26.7) | 3.3(1.3-25.8) | 3.6 (2.2-28.1) | 4.5(1.3-24.2) | 3.6 (1.8-25.5) | 5.0 (0.8-49.2) | 3.3(1.0-16.6) | 5.5(3.1-38.6)
p=0.337 p=0.656 p=0.977 p=0.162
81.5 (30.8-94.0)[90.3 (59.5-96.4) 84.0 89.4 88.5 (58.9-94.8)(74.1 (31.4-96.3) 8.5 86.4 (38.8-94.8)
CDHI1 (36.8-94.5) (67.1-96.3) (49.3-95.4)
p=0.507 p=0.664 p=0.942 p=0.925 ‘
ITGBI 11.5 (5.4-19.1) |18.8 (10.5-80.6)(12.0 (6.1—20.4)| 18.5 (8.2-80.1) | 13.5 (6.3-46.1) | 16.5(9.8-24.9) [ 14.3 (5.9—26.4)| 16.4 (7.4-46.1)
p=0.052 p=0.236 p=0.827 p=0.690
I 6.9 (6.3-15.7) |20.3 (12.7-30.0)| 9.8 (6.4-15.9) |20.2 (11.2-27.3) 14.4 (6.4-26.5) | 14.4 (9.0-18.5) [15.7 (8.4727.2)| 14.4 (6.5-20.5)
p=0.010% p=0.016% p=0.942 p=0.259
93.9 (77.1-97.2)|93.9 (83.1-97.6) 939 93.9 93.9 (80.7-97.3)|93.9 (87.9-97.4) 93.9 93.9 (77.1-96.7)
CCND1 (74.6-96.8) (85.8-97.7) (83.1-98.0)
p=0.849 p=0.451 p=0.759 p=0.207
CDS6 21.1 (10.9726.4)| 19.9 (15.2-29.2)21.3 (10.9727,3)| 19.0 2.4-29.0) |20.7 (12.8730.2)| 19.0 (8.9-23.6) [20.7 (1 1.2729.2)|19.9 (16.1-26.4)
p=0.924 p=0.673 p=0.244 p=0.991

The accuracy for the ER status was 69.5% using
miR-25, CDHI1, and CII. The accuracy for the PR
status was 66.3% with predictors miR-181a, ITGB1,
and CCNDI. In contrast, predicting the Ki-67 level
using miR-25 and CCNDI1 was the least accurate,
indicated by high mean absolute error (MAE =
30.411).

DISCUSSION

The obtained data demonstrate the complex
nature of the associations between the expression
of miR-25, miR-181a and molecular markers in
BC. The ability of the RFM algorithm to detect
nonlinear associations that were not detectable by
traditional correlation analysis methods emphasizes
the potential of machine learning in studying the
molecular mechanisms of carcinogenesis.

The identified association of miR-181a with
CDH1 and CCNDI has a biological rationale. MiR-
181a can influence E-cadherin by activating TGF-f3/
Smad-dependent mechanisms, promoting EMT
[27]. Furthermore, miR-181a activates the PI3K-Akt
signaling pathway, which enhances cell growth and
proliferation, thereby influencing CDH1 expression
[28]. The involvement of both CCND1 and CDHI1 in
regulating the Wnt/B-catenin signaling pathway may
explain their joint inclusion in the predictive model
for miR-181a [29]. A study on multiple myeloma by
X. Yan et al. outlined the mechanisms underlying
the regulation of the cell cycle by miR-181a through
influencing CCND1 expression [30].
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The connection of miR-25 with ITGB1 and
CCNDI also finds confirmation at the molecular
level. MiR-25 is involved in activating the Wnt/(3-
catenin pathway, promoting the nuclear accumulation
of B-catenin and enhancing the transcription of target
genes, including CCND1 [31]. ITGBI1 is involved
in the ILK-Akt signaling pathway, which enhances
EMT, potentially indicating common regulatory
mechanisms with miR-25 [32].

The statistically significant associations of
CII with hormonal receptors (ER and PR) are of
particular interest, as this marker is not well-studied
in the context of BC. In breast cancer, different
types of collagen demonstrate varied expression
profiles [33]. It has been shown that different types
of collagen have varying effects on the development
of malignant growth, particularly BC, by impacting
crucial cellular processes, including apoptosis,
proliferation, and metastasis [33, 34]. For example,
in triple-negative BC, decreased expression of
COL2A1 (CII) is associated with an increased
grade of tumor malignancy, metastasis, poor
prognosis, and decreased survival [33]. Conversely,
a decrease in COL1A1 expression may be associated
with a decrease in BC malignancy. It has been
established that COL1A1 expression is linked to
ER/PR expression and metastasis status. In patients
with ER-positive BC, higher COL1A1 expression
correlates with aggressive cellular behavior and
poor prognosis [34]. Our findings of increased CII
expression in hormone-positive tumors may reflect
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specific characteristics of extracellular matrix
remodeling in luminal BC subtypes, which requires
further investigation.

The high accuracy of HER2 status prediction
(over 80%) using the combination of ITGB1, miR-
181a, and CDHI points to their potential diagnostic
significance. This combination likely reflects the
biological characteristics of the aggressive HER2-
positive BC subtype comprehensively. ITGBI1
enhances tumor aggressiveness through cellular
remodeling, while miR-181a further amplifies
proliferation and invasive potential by suppressing
CDHI1 expression. In contrast, the models for ER
and PR status showed only moderate accuracy. This
is most likely due to the significant heterogeneity
of luminal BC subtypes, which vary greatly in both
molecular characteristics and clinical behavior.

It should be emphasized that this study is
exploratory in nature and has several significant
limitations that must be considered when
interpreting the results. The main limitations are the
relatively small sample size and its heterogeneity
in terms of clinical, morphological, and molecular
genetic parameters. Due to the small number of
observations, we did not split the data into training
and test samples, which increases the risk of model
overfitting and limits the generalizability of the
results. Therefore, the findings should be considered
as preliminary, requiring validation in larger and
independent patient cohorts.

CONCLUSION

The obtained data demonstrate that the
application of the random forest machine learning
method is an effective approach for identifying
complex, nonlinear associations between circulating
microRNAs and markers in breast tumor tissue. The
established associations (specifically between miR-
181a, CDHI, and CCND1, as well as between miR-
25, ITGB1, and CCND1) were not detected using
standard correlation analysis methods. These results
are of fundamental importance as they allow for the
hypothesis of coordinated regulation of key processes
in tumor progression: loss of cell adhesion (CDH1),
enhanced migration (ITGB1), and disruption of the
cell cycle (CCNDI1). Although the resulting models
are not intended for direct clinical application at
this stage, they represent an important starting point
for future research in this direction. The findings

underscore the potential of biomarker combinations
for patient stratification and prediction of molecular
BC subtypes, especially the HER2 status.
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