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In biomedical research, it is often necessary to quantitatively assess the combi-
ned effect of multiple factors-both quantitative and qualitative-on a specific biomedical
outcome. This article discusses approaches to data normalization, determination of fac-
tor weights, information aggregation, and model development for evaluating the cumu-
lative influence of factors. Both expert-based and data-driven methods are examined,
along with their application to health prediction, risk assessment, and decision-making
in biomedicine.
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1. Introduction. Modern biomedical research increasingly requires a compre-
hendsive assessment of the combined effects of multiple heterogeneous factors on hu-
man health. Such challenges are particularly relevant in studies of disease risk predict-
tion, the impact of occupational and environmental exposures, and the identification of
diagnostic and prognostic biomarkers. A distinctive feature of these investigations is the
heterogeneity of input data: the influencing factors may be quantitative (e.g., blood glu-
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cose concentration) or qualitative/dichotomous (e.g., presence of harmful habits, wor-
king conditions, sex).

Effective integration of such diverse variables, as well as consideration of their
potential interactions, demands the use of appropriate statistical and mathematical me-
thods. These approaches enable researchers to move beyond the analysis of individual
factors and toward the development of multidimensional models that reflect the cumu-
lative and potentially synergistic effects of various influences on biomedical outcomes.

2. Classification and Representation of Factors. The factors influencing the
studied outcome can be classified as follows:

Quantitative continuous variables: measured on an interval or absolute scale
(e.g., age, body weight).

Quantitative discrete variables: for instance, the number of disease exacerbations
per year.

Qualitative (categorical) variables: such as the presence or absence of a particu-
lar trait (dichotomous), or blood type categories.

To be included in a statistical or mathematical model, all variables must be
transformed into a numerical format. Common approaches for this transformation in-
clude binarization, one-hot encoding, and normalization procedures [1].

3. Methods for Factor Normalization. To ensure comparability across different
factors, it is necessary to bring them to a common scale. The following approaches are
commonly applied:

Min—max normalization:
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Quantile normalization: commonly used for high-dimensional biological data,
such as transcriptomics [1].
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Binarization: applied to dichotomous factors (0/1).

The choice of normalization method depends on the nature of the data and the
goals of the analysis.

4. Determining the Importance Weights of Factors. To combine multiple fac-
tors into an aggregate assessment, it is necessary to assign importance weights wi, ref-
lecting the contribution of each feature to the studied effect. The following approaches
are commonly used:

4.1. Expert-Based Methods

Direct ranking and normalization: experts assign weights based on their profess-
sional judgment.

Pairwise comparison method (Analytic Hierarchy Process, AHP): used to assess
the relative importance of factors [2].

Delphi method: an iterative survey process designed to achieve consensus
among experts [3].

4.2. Data-Driven Methods

Linear and logistic regression: model coefficients can be interpreted as weights
[4].

Decision trees and ensemble methods (Random Forest, XGBoost): importance is
estimated based on each factor’s contribution to reducing model error [5].

Feature selection methods (LASSO, PCA): applied to reduce dimensionality and
identify the most relevant factors [6].

The choice of method depends on the availability of data and the objectives of
the study.

5. Factor Aggregation and Construction of a Composite Index.

5.1. Linear Model

The most common method of integration is a weighted linear combination:
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Where E € [0,1] — is the resulting quantitative estimate of the effect.
5.2. Nonlinear Models
Logistic function:
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Logistic function: Frequently used when the outcome is binary and a probabilis-
tic interpretation is required. Neural networks: Capable of capturing complex, nonlinear
interacttions between factors. Bayesian networks: Particularly useful when data have an
inherent probabilistic structure. In clinical research, especially in situations with limited
or incomplete data, Bayesian methods offer powerful tools for risk estimation and disea-
se prediction.

For example, a study based on a diabetic patient database employed Bayesian
regression to predict the likelihood of complications based on factors such as blood glu-
cose levels, age, and genetic predisposition. In cases with missing or sparse data, such
methods can incorporate uncertainty and generate more accurate, individualized predict-
tions [7-8].

In small-sample studies, Bayesian logistic regression can be used to estimate the
probability of breast cancer based on variables such as age, family history, and biopsy
results. In the context of rare diseases or limited data availability, Bayesian approxima-
tion methods help to account for uncertainty in model parameters and enhance predict-
tive accuracy.

A notable advantage of Bayesian models is their capacity to handle missing data
by incorporating all possible scenarios and variations. For instance, in modeling chronic
disease development in patients with incomplete medical test results, Bayesian methods
allow for more accurate projections. They are also valuable in adjusting for data limita-
tions in clinical trials, where small sample sizes and missing observations are common.

These models can capture probabilistic dependencies between variables (e.g.,
age, sex, cholesterol level), enabling more precise and tailored risk assessments. The
2019 study “A Bayesian Network for Predicting Lung Cancer Risk” demonstrated how
a Bayesian network approach can be applied to estimate lung cancer risk based on
multiple factors including age, smoking status, family history, and medical background

[a].

Other research has explored the use of Bayesian hierarchical models to integrate
data from multiple clinical centers, accounting for variations in data collection methods
and quality across sites. Such models are especially useful for analyzing multi-center
clinical studies with heterogeneous or incomplete datasets [10].

ISSN 1727-9712 l'uruena Tpyna u MmemunuHckas sxonorus. Ne3, 2025



13

The choice of model depends on the complexity of the problem and the availabi-
lity of data. The next step involves evaluating model performance.

6. Model Evaluation and Interpretation of Results. Evaluating the quality of a
model that aggregates multiple factors into a single composite indicator is essential to
ensure its reliability and applicability in biomedical research. Without proper validation,
it is impossible to determine whether the resulting model adequately reflects the cumu-
lative impact of the contributing factors on the outcome of interest.

6.1. Model Performance Metrics.

If the outcome variable is continuous (e.g., a health status score ranging from 0
to 1), commonly used evaluation metrics include Mean Absolute Error (MAE), Root
Mean Square Error (RMSE), and the Coefficient of Determination (R?). These metrics
quantify the model’s accuracy and assess how well it explains the observed data.

For binary outcomes (e.g., presence or absence of disease), performance is asses-
sed using sensitivity (the ability to correctly identify positive cases), specificity (the
ability to correctly identify negative cases), accuracy, and the Area Under the ROC Cur-
ve (AUC). AUC provides a measure of the trade-off between sensitivity and specificity,
and is particularly important in screening and early diagnostic tasks [11].

6.2. Model Validation Methods.

To assess the robustness and generalizability of the model, various validation
techniques are employed. The most widely used is cross-validation, in which the dataset
is partitioned into several subsets; each subset is used in turn as a test set while the
remainning subsets are used for training. This method helps prevent overfitting and
improves the objectivity of the performance assessment.

Another approach is the bootstrap method, which involves repeated random
sampling with replacement. This technique provides an estimate of the variability and
stability of the model’s performance metrics. A simpler alternative is the train-test split,
in which the dataset is divided into a training and a test set; however, this method is
more sensitive to random variation and less robust [12].

6.3. Interpretability and Trust in the Model.

Interpretability is of paramount importance in biomedical applications, as the
model’s outputs must be understandable to healthcare professionals making decisions.
Modern techniques for model interpretation include SHAP (SHapley Additive ex Plana-
tions), which is based on cooperative game theory, and LIME (Local Interpretable
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Model-agnostic Explanations), which constructs local surrogate models to explain
predictions.

In addition, partial dependence plots (PDPs) are used to visualize the marginal
effect of individual features on the predicted outcome while holding other variables
constant. These tools enhance both the transparency and the usability of predictive
models, which is especially critical when integrating such models into clinical decision-
support systems [13].

Ensuring interpretability is particularly important in medical and biological
contexts, where understanding the contribution of each factor is crucial. For example,
these approaches can be applied in:

Environmental risk assessment based on pollutant concentrations, chronic disea-
se prevalence, and lifestyle factors;

Treatment outcome prediction using clinical and laboratory data;

Occupational risk evaluation in the presence of harmful workplace exposures.

7. Conclusion. A comprehensive assessment of the influence of multiple factors
on biomedical outcomes requires an integration of statistical and expert-based approa-
ches. Standardized normalization procedures, flexible aggregation models, and data-
driven learning methods allow the analytical framework to be tailored to specific rese-
arch objectives. Among the most promising directions are approaches that combine
machine learning techniques with model interpretability, ensuring both predictive power
and transparency in biomedical applications.
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TYyXKbIpbIM

MemuIHAIBIK-OHOJIOTUSIIBIK, 3epTTEYJIepe KOnTereH GaKkTopIapIbiH — CAH IbIK
Ta, canajblK Ta — Oenrir O0ip OMOMEIUIIMHAIIBIK dCEPre >KUBIHTHIK BIKITAJIBIH CaH]IbIK
TypFbIIaH Oaranay ui KakeT Oonaapl. byn makanana aepekTepli KajiblllKa KenTipy,
(dakToprnapIplH CalIMaKTapblH aHBIKTAY, aKMmapaTThl OIpiKTipy >koHE (aKTopIapIbIH
KHUBIHTBIK 9CepiH Oarasiay YIIIH MOJEIbAEp Kypy Tocuiaepi KapacTbipbuiaabl. CapamnTa-

MaJiblK JKOHE JEpEeKTepre HEri3NieNreH oiicTep, COHIai-aK OJapIblH JICHCAYIBIK XKaF-
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TalbIH 0OJDKAY, TOyeKeN i Oaranay skoHe OMOMeIUIIMHAIaFbl IIeniM KaObliay MiHAeT-
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Pe3rome

B meanko-0MoNOornyeckux MCCiIeOBaHUAX YacTo TpeOyeTcss KOJIWYECTBEHHO
OIICHUTh COBOKYITHOE BO3/ICHCTBHE MHOKECTBA (PAKTOPOB - KaK KOJMUYECTBEHHBIX, TaK U
KAaueCTBEHHBIX - Ha ompeAenéHHbId OnomenuuuHckuil a¢dext. B nanHoit crarbe pac-
CMaTPUBAIOTCS MOJAXOJbl K HOpPMAallM3alliM JaHHBIX, ONPEICIICHUI0 BECOB (PAKTOPOB,
arperupoBaHUI0 HH(OOPMALIUU U TIOCTPOCHUIO MOJEIeH IS OLICHKH CyMMapHOTO BJIHSI-
Hus (hakTopoB. OOCYK1al0TCs KaK SKCIEPTHBIC, TaK U OCHOBAHHBIE HA JAHHBIX METO/IbI,
a TaKKe UX MPUMEHEHHE B 3a/layax MPOTHO3UPOBAHUS COCTOSHUS 3/I0POBBS, OLEHKU
PHUCKa U PUHATHUS PEUICHUI B OMOMETUITHE.

Kniouesnie cnosa. MC,Z[I/IKO-6I/IOJ'IOFI/I‘ICCKI/IC HUCCICa0BaHUA, HHTCFpaHLHLIﬁ II0Ka3aTcilb,

MHOFOMGpHI:IfI aHaJIu3, CTaTUCTUYCCKUEC MOACIIH.
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