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Traditional selection in cattle heavily relies on linear mixed models (BLUP),
which are effective but limited in modeling non-linear genetic interactions (epistasis).
Machine learning (ML) algorithms offer an alternative capable of detecting complex
dependencies in genetic data. The aim of this work was to test the Support Vector
Regression (SVR) methodology for predicting milk productivity and to develop a "reverse
engineering™ approach to identify optimal allelic combinations based on a limited and
heterogeneous set of genetic markers.

The study was conducted on a sample of 81 Ukrainian Red-and-White dairy cows.
Genotypes for 3 QTLs (PRL, LEP, TNF-a) were used, which were transformed into 12
binary features (One-Hot encoding). Milk yield (305 days) and fat content (kg) were used
as target variables for building the SVR model. The target variable (milk yield) was
standardized using StandardScaler. The model was trained using 5-fold cross-validation
with hyperparameter tuning (GridSearchCV), comparing both non-shuffled and shuffled
data splits. A synthetic "solution space™ (54 combinations) was generated to identify
"ideal™ genotypes, which was then analyzed by the trained SVR model.

Three-way ANOVA did not reveal a statistically significant (p < 0.05) effect of the
main factors (PRL, LEP, TNF-a) or their interactions on milk yield, although PRL
showed a borderline trend (p=0.055). SVR models trained on non-shuffled data failed,
yielding negative R? values (down to -0.066), indicating overfitting. However, the model
using all 3 markers (12 features) combined with 5-fold cross-validation with shuffling
(shuffle=True) achieved the best, albeit practically negligible, positive result (R*> =
0.0064) using a non-linear ~rbr’ kernel, with an estimated RMSE of ~790 kg. The
"reverse engineering" approach identified hypothetical complex genotypes (Top 3: CC-
CC-AD, CT-CC-AD, CC-CC-AB) with a predicted yield (up to 5173 kg) significantly
higher than the herd average (4838 kg).

The study confirmed the methodological suitability of SVR for analyzing
heterogeneous genetic data and "reverse engineering” selection goals, even on a
critically small sample (n=81). The low R? values highlight that the primary limitation is
the small sample size relative to the number of features, which prevents the model from
capturing reliable predictive signals. This approach serves as a powerful analytical
complement to traditional BLUP methods, providing a framework for identifying
desirable "genetic formulas" for targeted selection once larger datasets become
available.

Keywords: machine learning (ML), support vector regression (SVR), prediction,
genetic markers, dairy cattle productivity.
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3ACTOCYBAHHA METOAY OIIOPHUX BEKTOPIB (SVR) JJI51
INEHTHOIKALII TA "3BOPOTHOI'O IHZKMHIPUHI'Y"
BUCOKOIIPOAYKTUBHUX AJIEJIBHUX KOMBIHAIIIN ¥ BPX

IOpiii JIAIHEHKO, k. c.-T. H., c. H. ¢., https://orcid.org0000-0003-2747-476X
Incruryr TBapunaunrea HAAH, Xapkis

Tpaouyiiina cenexyis BPX cnupaemuvcs ua ninitini 3miwani mooeni (BLUP),
ehexmueHni, ane obMediceHi y 8PaAXy8aHHI HETHIUIHUX 2eHEMUYHUX 83AEMOOTU. Aneopummu
MauwunHno2o nHasuanuns (MH) 0arome 3Mo02y 8UABIAMU CKAAOHT 3AIEHCHOCTE Y 2eHEMUYUHUX
Ooanux. Mema pobomu — anpodysamu pecpeciio onophux eexmopie (SVR) o0ns
NPOCHO3YBAHHS MOJIOYHOI NPOOYKMUBHOCMI mMda po3pooumu  nioxio «360POMHOCO
IHOICUHIDUHZY» Ol GUBHAYEHH ONMUMAIbHUX QNIeIbHUX KOMOIHAYi HA OCHO8I
0OMedHcen020 2emepo2enHo20 Habopy mapkepis. /locniodcents BUKOHAHO Ha 8ubipyi 3 81
MBAPUHU YKPAIHCLKOT 4epB8OHO-PAO0I MOI0UHOI hopoou. Bukopucmano eenomunu mpvox
QTL (PRL, LEP, TNF-a), nepemesopeni y 12 6inapnux osnax (One-Hot encoding).
Linvosa 3minna — wuaoit 3a 305 oOmie. [ani nooineno na mpenysanvnuii (80%) i
mecmosuil (20%) nabopu, macumabdysanHs npogedeHo 3a donomozoio StandardScaler.
Mooenv SVR nasuanu 3 5-kpamuoio nepexpecHoio 8anioayicro ma Halaumy8aHHIM
einepnapamempie (GridSearchCYV), nopigntorouu nepemacogati i Henepemaco8aHi Oami.
s nowyky onmumanbHux 2eHOmunie CMmeopeHo CUHMemuyHUuLl «npocmip piwienvy (54
Kombinayii), npoananizoeanutl Haguernowo mooenito SVR.

Tpugpaxmopnuit ANOVA ne suseus cmamucmuuro 3Ha4yui020 eniusy paxkmopis
(PRL, LEP, TNF-a) abo ix e3aemooiu na naoditi (p < 0,05), xoua ons PRL 6io3naueno
noepanuuny menoenyiro (p = 0,055). Mooeni SVR na nenepemacosanux 0aHux noKazaiu
610 emui R? (00 —0,066), wo ceiouums npo nepenaguanns. Hamomicms mooens 3 ycima
mpvoma mapxkepamu (12 o3nak) i S-kpammuoro nepexpecHoro eanioayicio 3
nepemacysanuam (shuffle=True) docsena natikpawjo2o, xou i He3HAYHO20, pe3yIbmamy
(R? = 0,0064; RMSE = 790 ke) 3 siopom «rbf». Ilioxio «360pomnoco iH#CUHIDUHSY»
susHauue nomenyiino onmumanvui cenomunu (Ton-3: CC-CC-AD, CT-CC-AD, CC-CC-
AB) 3 npoenososanum Haooem 0o 5173 ke, wo nepesuwyye cepeouitl pigeHb no cmaody
(4838 ko).

Hocniosxcenus niomeepouno memooonociuny npudamuicme SVR Ons amanisy
2eMEPOeHHUX 2eHeMUYHUX OaHux ma yinei 6i060opy 3a 00NOMO20H0 «360POMHOL
iHJfcenepii», Hasimb Ha KpumuuHo maniu eudipyi (n=81). Huzwki 3nauenus R?
RIOKpecuooms, W0 OCHOBHUM OOMEINCeHHAM € Maiuil po3mip 6UOIPKU BIOHOCHO
KLIbKOCMI O3HAK, WO 3a8adxcac mooeni gikcysamu HAOIUHI npoeHocmuyni cuenanu. Llet
RIOXIO CAYAHCUMb NOMYICHUM AHANIMUYHUM OONOBHEHHAM 00 MPAOUYIUHUX Memooig
BLUP, 3abe3neuyrouu ocHO8y Ol BUSHAYUEHHS OANCAHUX «2eHEeMUYHUX GOpMYL» O]
yinecnpamosanozo 8i000py, KoaU CMAHyms OOCMYNHUMU OLIbWI HADOPU OAHUX.

Kurouosi cinoBa: mammune HapuanHs (MH), meton onopuux BektopiB (SVR),
MIPOTHO3YBaHHs, TEHETUYHI MapKepH, MOJIOYHA MTPOAYKTUBHICTH KOPIiB

Introduction. The estimation of animal breeding values (EBV) forms the basis of
modern selection. For decades, BLUP (Best Linear Unbiased Prediction) models and their
genomic modifications (GBLUP, ssGBLUP) have remained the recognized standard in
the field (Chafai et al., 2023). These methods are linear mixed models that effectively
account for additive genetic variation using relationship (A) or genomic (G) matrices.

However, quantitative traits such as milk productivity are the result of complex
biological processes involving non-additive genetic effects, particularly dominance and
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epistasis (gene-gene interactions) (Mackay TF, 2014). Linear BLUP models account for
epistasis only indirectly, and its explicit inclusion in prediction remains a complex task
(Alves K et al., 2023).

In parallel, alternative approaches based on machine learning (ML) algorithms are
being developed, such as Support Vector Regression (SVR), Random Forest (RF),
Gradient Boosting Machines (GBM), and neural networks (Azodi et al., 2019, Mendoza
et al., 2019). The key advantage of these methods is their ability to model complex, non-
linear interactions directly from the data (Pérez-Enciso et al., 2019). This is particularly
relevant for populations with limited or heterogeneous genomic information (e.g., when
using data of different types — immunogenetic, microsatellite, SNP).

Unlike BLUP, ML models can serve as a complementary prediction system that
focuses exclusively on the direct "marker — phenotype" relationship, eliminating the
need for complex relationship matrices.

Current research extends beyond predicting the phenotype based on a known
genotype (G—P). Rather, of particular interest is the "reverse engineering” of genetic
data (Rockman, 2008; Choi et al., 2024). This approach treats a trained machine learning
(ML) model as a powerful computational simulator (Liu et al., 2025). It allows for in
silico resolution of the inverse problem (P —G"): “What allelic combination (G') is
necessary to achieve a target productivity level (P)?” (Cavallaro et al., 2024)..

Today, thanks to the development of molecular technologies, a significant amount
of data on the polymorphism of key QTL loci and their associations with economically
valuable traits has been accumulated. This has become the basis for the active
implementation of marker-assisted selection (MAS). For certain cattle breeds,
comprehensive model genotypes, so-called "desirable genotype formulas,” have already
been developed, reflecting optimal allelic combinations for individual candidate genes
(e.g., CSN3, DGATL, LEP, GH, PIT-1, etc.) (Kopylov et al., 2015; Berezovskyi et al.,
2015, Kopylov et al., 2016; Hladiy et al., 2018, Ivashchenko, 2023).

However, this approach has a fundamental limitation. In modern domestic and
global practice, research mostly focuses on individual loci, while the analysis of complex
genotypes (haplotypes) and their combined effect on productivity is almost never carried
out. Instead, desirable genotypes of individual loci are usually mechanically combined
into "formulas"” that are actually based on an additive model—an assumption that the
overall effect is a simple sum of the contributions of individual genes.

Such an approach deliberately ignores epistasis—complex non-linear interactions
between different genes. Quantitative traits, including milk productivity, are polygenic in
nature, and their phenotypic expression is determined not so much by the presence of
individual "favorable"” alleles as by their harmonious combination. The "optimal” allele
of one gene may prove to be ineffective or even unfavorable in combination with a
specific allele of another gene.

This is why the use of machine learning (ML) methods in this context is extremely
promising. Traditional linear models have limitations, whereas ML algorithms like SVR
or Random Forest can detect hidden non-linear relationships in complex datasets. They
view the genotype as a comprehensive system, making it possible to account for epistatic
effects. This enables a transition from the additive summation of markers to the
identification of synergistic allelic combinations (haplotypes) that underlie the highest
productivity.

The SVR algorithm is particularly attractive in this context. Unlike, for example,
neural networks, which require massive amounts of data, SVR demonstrates high
efficiency on relatively small samples (Vapnik, 1995). This is achieved through the
"kernel trick,” which allows the model to find non-linear dependencies in a high-
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dimensional feature space without explicitly computing these complex interactions.
Specifically, the Radial Basis Function (RBF) kernel, chosen for this study, is capable of
modeling complex epistatic effects, making it an ideal candidate for analyzing polygenic
traits on limited datasets (Gonzalez-Recio et al., 2011).

The aim of this study was (1) to test the Support Vector Regression (SVR)
methodology for predicting dairy cattle productivity and (2) to develop and test a "reverse
engineering” approach to identify hypothetical high-productivity allelic combinations
based on a limited set of heterogeneous genetic data.

Materials and methods. 1.Sample and Phenotype Characteristics. The study was
conducted on a sample of cows (n=81) from the Ukrainian Red-and-White dairy breed
population (State Enterprise Experimental Farm"Gontarivka,” Kharkiv region). Data on
milk yield for the first lactation (305 days) and fat content (kg) were used as the target
traits (phenotypes). Descriptive statistics for the milk vyield trait were: Xmean
=4838+91,5 kg, Xvax= 7093 kg, Xin=2592 Kkg.

1. Genotyping and Data Preparation. Animals were genotyped using
heterogeneous marker systems based on functional QTLs: prolactin (PRL, exon 4,
35106206C>T), leptin (LEP, exon 2, 73C>T), and tumor necrosis factor-alpha (TNF-a,
exon 2, SSCP analysis).

To unify the data, the "One-Hot encoding™ approach was applied. Each detected
genotype (12 variants in total: PRL (3), LEP (3), TNF-a (6)) was converted into a separate
binary feature (column), where 1 indicated the animal's possession of the allele and 0
indicated its absence. Thus, an initial feature matrix (X) with dimensions of 81 animals X
12 features (markers) was formed.

2. Statistical Analysis (ANOVA). To preliminarily assess the associative links
between individual genotypes (PRL, LEP, TNF) and milk yield ("Milk’), an analysis of
variance (ANOVA) was performed. The analysis was carried out in the Python
environment wusing the ols (Ordinary Least Squares) function from the
statsmodels.formula.api library.

Both single-factor models (e.g., Milk ~ C(PRL)) and multi-factor models
considering interactions (e.g., Milk ~ C(PRL) * C(LEP) and Milk ~ C(PRL) * C(LEP) *
C(TNF)) were evaluated. The statistical significance of the effect of each factor and their
interactions was determined using the F-test (using ANOVA Type II).

3. SVR Modeling. The Python programming language and the Scikit-learn library
were used for the analysis (Pedregosa et al., 2011).

1) Sample Formation: The feature matrix (X, 81x12) and the target variable
vector (y, 81x1, milk yield) were split into training (80% of data) and testing (20% of
data) sets.

2) Data Scaling: As SVR is sensitive to scaling, the target variable (Y, milk
yield) was standardized (StandardScaler) to a zero mean and unit variance. The feature
matrix (X), consisting of binary data (0/1) after encoding, was not scaled.

3) Model Training: A Support Vector Regression (SVR) model was used. To
find non-linear dependencies, the Radial Basis Function (RBF) kernel (kernel="rbf') was
chosen, and the standard linear kernel (kernel="linear") was also tested for comparison.

Model optimization was conducted for two key hyperparameters:

e c (Regularization parameter): Controls the trade-off between minimizing the
error on the training data and maximizing the margin. Low c values allow for a larger
error (a softer margin), which prevents overfitting, whereas high c values attempt to
minimize the error, risking overfitting.
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e cpsilon (e-insensitive zone): Defines the width of the "tube” within which
prediction errors are not penalized. This parameter allows the model to ignore minor
"noise” in the data.

Optimal hyperparameters (C, epsilon, and kernel type) were automatically
selected using an exhaustive Grid Search (cridsearchcv) with 5-fold cross-validation
on the training set.

4) Accuracy Assessment: The predictive ability of the final model was
evaluated on the test set (20% of data the model had not seen during training) using the
coefficient of determination (R?) and the Root Mean Squared Error (RMSE).

e R? (Coefficient of Determination): A metric showing the proportion (from
0 to 1) of the variance in the target variable that the model can explain. It is particularly
important that R? can be negative (R? < 0) if the model performs worse than simple data
averaging, which is a clear indicator of model non-viability.

e RMSE (Root Mean Squared Error): An absolute error measure expressed
in the units of the target variable (in our case, kg of milk). It shows how much, on average,
the model's predictions deviate from the actual values and is more interpretable than R?
for assessing the practical magnitude of the error.

5 "Reverse Engineering" Methodology. After training and validation, the SVR
model was used for "reverse engineering."

1) Solution Space Creation: Based on the 12 selected markers, a complete
solution space was generated—a synthetic matrix x synth containing all possible unique
combinations of these alleles. The total volume of hypothetical genotypes was 54 (3x3x6)
combinations.

2) Hypothesis Prediction: The trained SVR model
(model.predict (X_synth)) was applied to each of the 54 hypothetical combinations to
predict the scaled milk yield.

3) Inverse Transformation: The resulting predictions were returned to their
original scale (kg) using an inverse transformation (scaler y.inverse transform),
allowing absolute milk yield values to be obtained.

4) Identification: The obtained predictions were sorted in descending order
to identify the TOP-10 best allelic combinations corresponding to the maximum predicted
productivity.

Data processing and machine learning model construction were performed using
the Google Colaboratory (Colab) cloud service.

Research results. Prior to building predictive machine learning models, an
analysis of variance (ANOVA) was conducted to assess the presence of statistically
significant associations between the genotypes of individual loci (PRL, LEP, TNF-a) and
the target trait — milk yield for 305 days in the first lactation.

To evaluate not only individual effects but also possible epistatic interactions
between loci, a three-way analysis of variance was performed. The analysis results
(Table 1) indicate the absence of a statistically significant (p < 0.05) effect on milk yield
for any of the three markers taken individually, as well as for factor interactions. The
prolactin (PRL) locus showed a trend towards an association (p=0.055), but it did not
reach the established significance level. The absence of strong linear associations
indicates the difficulty of predicting this trait and justifies the need to apply more flexible
non-linear machine learning methods like SVR.

For building the predictive models, SVR was used. The genotypes were
transformed using One-Hot Encoding, resulting in a model with 6 features for 2 markers
(PRL+LEP) and 12 features for 3 markers (PRL+LEP+TNF-a).
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Table 1
Results of the three-way analysis of variance (ANOVA) of the influence of
genotypes (PRL, LEP, TNF-a) on the milk yield of Ukrainian Red-and-White dairy

cattle
Source of Variation df SS MS F p
C(PRL) 2.0 5.287718e+06 | 2.64e+06 3.814 0.055
C(LEP) 2.0 2.803068e+05 | 1.40e+05 0.202 0.654
C(TNF) 5.0 4.461275e+06 | 8.92e+05 1.038 0.362
C(PRL):C(LEP) 4.0 5.585413e+05 | 1.40e+05 0.163 0.689
C(PRL):C(TNF) 10.0 | 3.024966e+06 | 3.02e+05 0.352 0.878
C(LEP):C(TNF) 10.0 |5.055151e+06 | 5.06e+05 0.588 0.709
C(PRL):C(LEP):C(TNF) | 20.0 | 7.549629e+06 | 3.77e+05 0.440 |0.930
Residual 46.0 | 3.952052e+07 NaN NaN NaN

Notes. Residual - residuals, SS - sum of squares, MS - mean square, F - F-statistic, p - significance level.

Due to the extremely limited sample size (n=81), a 5-fold cross-validation method
was used for objective model quality assessment. This method involves dividing the 81
observations into 5 equal parts (“folds"), approx. 16-17 animals each. The process is
repeated 5 times: the model is trained on 4 parts (=65 animals) and checks its accuracy
(calculates R? and RMSE) on the 1 part (=16 animals) it has "not seen." The final R* (or
RMSE) score is the averaged value of these 5 separate tests. This provides a much more
reliable estimate than a single 80/20 split.

Furthermore, we compared two cross-validation approaches:

1.  Without shuffling (shuff1e=False): Data is split sequentially. This can lead
to a biased estimate if the data has a hidden order.

2. With shuffling (shuffile=True): Data is randomly permuted before being
split into 5 folds. This creates more "truthful™ and representative folds.

The impact of the cross-validation method proved critical for correct model
evaluation. As shown below, models tested without shuffling (shuffle=ralse)
demonstrated worse and less stable R? results than models tested with shuffling
(shuff1le=True), Which provided more representative test folds.

Scenario 1: SVR Model (PRL + LEP)

When using the SVR model with two markers (PRL and LEP, 6 input features),
the cross-validation results were unsatisfactory (Table 2).

Table 2
Comparison of SVR results for Scenario 1 (PRL+LEP)
Validation Method | Best R? |RMSE (kg) Best Hyperparameters
No Shuffle -0.066 ~809 {'C" 0.1, 'epsilon": 0.01, 'kernel': 'rbf’}
(shuffle=False)
With Shuffle 0.0037 =793 |{'C": 0.1, 'epsilon’ 0.5, 'kernel': 'linear'}
(shuffle=True)

In the first case (no shuffle), the R? is negative, indicating complete model non-
viability. This is likely because the sequential data split led to unrepresentative test
samples. Applying shuffling (shuffie=True) stabilized the evaluation, allowing a weak
but positive R? = 0.0037 (0.4% of variance explained) to be obtained. Interestingly,
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Gridsearchcv Selected the kernel='1inear' as optimal here, suggesting the model
could not find useful non-linear dependency and the simple linear combination was
slightly more robust against overfitting.

Scenario 2: SVR Model (PRL + LEP + TNF-«)

Adding the third marker (TNF-a), which increased the input features to 12, also
demonstrated the benefits of shuffling (Table 3).

Table 3
Comparison of SVR results for Scenario 2 (PRL+LEP+TNF-a)

Validation Method | Best R? | RMSE (kg) Best Hyperparameters

No Shuffle N . i Lt . . .
(shuffle=False) -0.032 ~795  |{'C" 0.1, 'epsilon: 0.01, 'kernel" 'linear'}
Wlth Sthﬂe ~ Tal® 1 H 1. 1 [ {
(shuffle=True) 0.0064 ~790 {'C" 0.1, 'epsilon’: 0.01, 'kernel": 'rbf’}

Similar to scenario 1, the non-shuffled model showed a negative R? (-0.032).
However, when applying shuffling, the model achieved the best score of all tested
variants: R? = 0.0064.

It is important to note that in this case (with 12 features), cridsearchcv selected
the non-linear xerne1="rbf'. This suggests that adding the TNF-oa. marker allowed the
model to capture an extremely weak, but statistically fixed, non-linear interaction
between the markers, which neither the 2-factor model nor the classic ANOVA could
detect.

Based on this best (though still very weak) SVR model (Scenario 2, shuffled,
R?=0.0064), 54 hypothetical genotype combinations (3 PRL x 3 LEP x 6 TNF-a) were
generated, and milk yield was predicted for each. The top 10 combinations with the
highest predicted yield are presented in Table 4.

Table 4
The best hypothetical complex genotypes according to SVR prediction (R>=0.0064)
Ne PRL LEP TNF-a Milk yield (305 days), kg

1 CcC CC AD 5173.2
2 CT CC AD 5139.7
3 CcC CC AB 5057.8
4 CT CC AB 5035.9
5 CcC CT AD 5022.0
6 CC CC AA 5013.6
7 TT CC AD 4988.0
8 CcC CT AB 4964.9
9 CT CC AA 4940.0
10 CcC CC AC 4929.1

The analysis shows that the model favors combinations containing the PRL-CC
genotype (6 of the top 10), LEP-CC (8 of the top 10), and TNF-AD (4 of the top 10).

Discussion. The SVR modeling results are fully consistent with the preliminary
ANOVA data (Table 1). ANOVA did not reveal a statistically significant linear
relationship between the studied markers and milk yield, which explains why the
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predictive models built on the same data demonstrated an extremely low coefficient of
determination (R?). In essence, the machine learning models confirmed the ANOVA
conclusion: in this sample (n=81), there is no strong predictive signal associated with the
PRL, LEP, and TNF-« loci.

The study demonstrated the successful application of the SVR algorithm for
working with heterogeneous genetic data (QTLs) under small sample size conditions. The
key result is not so much the absolute prediction accuracy (which is expectedly low due
to the N=81 to p=12 ratio) but the successful implementation of the "reverse engineering"
methodology. Unlike traditional estimation, which provides a forecast for existing
animals, our approach allowed us to generate an "ideal genetic formula™ —a selection goal
that can be pursued through targeted fixation of desired alleles.

The use of the non-linear 'rof' kernel in SVR potentially allowed the model to
account for epistatic interactions between the 12 selected markers. It is likely that the high
predicted yield of the TOP genotypes (Table 4) is due precisely to a successful
combination of alleles, and not just their additive sum effect, which BLUP would
estimate.

The study also highlighted the key challenges of working with small-sample
biological data. Although classic ANOVA found no significant associations (p>0.05),
applying SVR with shuffling (shuf f1e=True) allowed for a minimal positive R? = 0.0064
(Scenario 2). This indicates that adding the TNF-o. marker and using the 'rof' kernel
allowed the model to capture an extremely weak non-linear dependency that ANOVA
could not detect.

However, an R? = 0.0064 means the model explains only about 0.6% (not 1%) of
the milk yield variance. The calculated RMSE for this model was ~790 kg (with a data
standard deviation =818 kg). This indicates that, despite the positive R?, the model has
no practical predictive value for selection.

The main reason for the low efficiency is the insufficient sample size (n=81).
When we encode 3 markers, we get 12 input features. Training a model on 12 features
with only 81 observations leads to the "curse of dimensionality" and severe overfitting,
which we observed as negative R? values in most scenarios.

To improve the prediction, it is necessary to:

1. Significantly increase the sample size (to several hundred or thousand animals).

2. Include additional markers that have a proven strong association with the trait.

3. Include non-genetic factors (parity, calving season, feeding level) as additional
features in the model.

Furthermore, it is worth noting that although Random Forest is often considered
a more powerful algorithm, in parallel experiments (data not shown) on this same sample,
it showed significantly worse results (R? =~ -0.10 to -0.23). This indicates its stronger
tendency to overfit on such a feature-to-observation ratio (12 to 81). This underscores the
advantage of SVR (especially with regularization-promoting parameters like c=0.1)
specifically in critically small sample conditions.

This study is primarily an important validation of the methodology for applying
machine learning (SVR) for analyzing genetic data in animal husbandry. It clearly
demonstrated the importance of correct model evaluation, particularly the use of cross-
validation with shuffling (shuff1e=True), to obtain reliable results on small samples.

It was shown that a negative R? (as in the non-shuffled scenario) is just as
important a result as a positive one, as it clearly indicates the model's non-viability and
prevents false conclusions that could be drawn from an inflated R? on the training set.

Although the current models have no practical predictive value, the developed
algorithm (feature encoding, hyperparameter tuning, R?RMSE evaluation) provides a
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basis for further analysis on expanded datasets. The ML approach should be considered

a powerful analytical tool that complements the traditional BLUP system. It provides a

new methodological basis for identifying rare but high-productivity allelic combinations

and for the operational management of the genetic fund.

Conclusions:

1. The Support Vector Regression (SVR) methodology confirmed its suitability
for processing and modeling heterogeneous genetic data.

2. Multi-factor analysis of variance (ANOVA) did not reveal a statistically
significant (p < 0.05) influence of the genotypes of the PRL, LEP, TNF-« loci, or their
interactions, on the milk yield level in the studied sample of 81 animals.

3. Building SVR predictive models on a small number of observations (n=81)
showed low efficiency. Models tested without data shuffling (shuffle=False)
demonstrated negative R? (down to -0.066), indicating overfitting and lower accuracy
than a simple mean model.

4. Applying cross-validation with shuffling (shuff1e=True) stabilized the SVR
model evaluation (PRL+LEP+TNF-«), allowing the best (though practically
insignificant) result of R2 = 0.0064 to be achieved with a non-linear 'rof' kernel.

5. The proposed "reverse engineering” approach successfully identified
hypothetical genotypes with high predicted productivity; however, the best model's
average error (RMSE) is ~790 kg, confirming its low predictive value for practical
selection.

6. The insufficient sample size (n=81) relative to the number of input features
(n=12) is the main limiting factor for building a reliable predictive model.

7. Further research requires a substantial increase in sample size and the testing
of more complex ML algorithms (Random Forest, XGBoost) to improve prediction
accuracy.
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