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ABSTRACT

Aim: Pathogenic variations in the PAH gene cause phenylketonuria (PKU), a monogenic metabolic disorder. Indi-
viduals with the same mutation often exhibit phenotypic variability despite the monogenic nature of the conditi-
on. The aim of this study is to create a prediction model using the Random Forest (RF) machine learning algorit-
hm and to examine the relationship between polygenic risk scores (PRS) and phenotypic severity in PKU patients.
Methods: In this study, clinical exome sequencing data obtained from 174 PKU patients with molecular validation
were retrospectively examined. Approximately 18,000 common variants were retained after being filtered by po-
pulation frequency and quality for individual-level analysis. All eligible variants were used to calculate PRS, and
RF (1000 trees, maximum depth = 5) was used for modeling. International criteria were used to classify patients
into mild, moderate, and severe phenotypes. Pearson correlation and ROC analysis were used to evaluate the
model’'s performance.

Results: The RF-based PRS model had a high accuracy rate in predicting phenotypic severity (AUC = 0.9, overall
accuracy = 84.3%). There was a significant correlation between PRS values and the severity of the phenotype (r
= 0.68, p < 0.001). Severe clinical phenotypes were more common in patients with higher PRS. Variants in genes
associated with phenylalanine metabolism (e.g., GCHI, QDPR, PTS) were the most significant contributors to risk
prediction according to feature importance analysis results.

Conclusions: The results indicate that PRS modeling combined with machine learning could be a useful method
for predicting the severity of phenotypes in monogenic disorders such as PKU. This integrative approach highli-
ghts the regulatory effect of a polygenic background and suggests that PRS could support clinical risk assess-
ment and personalized treatment plans. However, before clinical application, it is very important to validate in
various populations.
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Amag: PAH genindeki patojenik varyantlar, monojenik bir metabolik hastalik olan fenilketonuriye (PKU) neden
olmaktadir. Ayni mutasyona sahip bireylerde bile fenotipik degiskenlik gdzlenebilmekte ve bu durum tek genetik
nedenli bir hastalikta agiklanmaya ihtiyag duymaktadir. Bu galigmanin amaci, Random Forest (RF) makine 6g-
renmesi algoritmasi kullanilarak bir ngéra modeli olugturmak ve PKU hastalarinda poligenik risk skorlari (PRS) ile
fenotipik siddet arasindaki iligkiyi incelemektir.

Gereg ve Yontemler: Molekuler olarak dogrulanmig 174 PKU hastasina ait klinik ekzom dizileme verileri retrospektif
olarak degerlendirildi. Populasyon frekansi ve kaliteye gore filtreleme sonrasi birey dizeyinde yaklasik 18.000 ortak
varyant analizde tutuldu. Tum uygun varyantlar kullanilarak PRS hesaplandi ve RF algoritmasi (1000 agag, maksi-
mum derinlik = 5) ile modelleme yapildi. Hastalar uluslararasi kriterlere gére hafif, orta ve agir fenotiplere ayrild.
Model performansi Pearson korelasyonu ve ROC analizi ile degerlendirildi.

Bulgular: RF tabanli PRS modeli, fenotipik siddeti éngérmede yuksek dogruluk oranina ulasti (AUC = 0.91, genel
dogruluk = %84.3). PRS degerleri ile fenotipik siddet arasinda anlamli bir korelasyon saptandi (r = 0.68, p < 0.001).
Daha yiksek PRS degerine sahip bireylerde agir klinik fenotipler daha yaygindi. Ozellik énemi analizine gére, ézel-
likle fenilalanin metabolizmasiyla iligkili genlerdeki varyantlar (érnedin GCHI, QDPR, PTS) risk 6ngérusine en fazla
katki saglayan faktorlerdi.

Sonuglar: Elde edilen bulgular, PRS modellemesinin makine 6grenmesi ile birlikte kullaniimasinin, PKU gibi monoje-
nik hastaliklarda fenotip siddetini s5ngérmede etkili bir ydntem olabilecegini géstermektedir. Bu butincul yaklagim,
poligenik arka planin duzenleyici etkisine dikkat gekmekte ve PRS'nin klinik risk degerlendirmesi ile kisisellestirilmis
tedavi planlamasina katki saglayabilecegini dustundurmektedir. Ancak, klinik uygulamaya gegmeden énce farkli
populasyonlarda gegerlilik galismalari baytk énem arz etmektedir.

Anahtar Kelimeler: Fenilketonuri; poligenik risk skoru; genomik modelleme; makine 6grenmesi; fenotipik Gngort
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INTRODUCTION

Phenylketonuria (PKU) is an autosomal
recessive  metabolic  disorder  that
arises from pathogenic variants in the
phenylalanine hydroxylase (PAH) gene. The
decrease in the activity of the PAH enzyme
leads to an increase in phenylalanine
levels and consequently the emergence
of neurotoxic effects (Blau et al, 2021). The
clinical phenotype can vary even among
individuals with the same genetic mutations,
and it is known that this variability cannot
e explained solely by the type of mutation
(zekanowski et al, 2016).

Polygenic risk scores (PRS) provide a
quantitative measurement of genetic risk
by combining the individual contributions
of numerous genetic variants. Primarily in
cardiovascular diseases, diabetes, and
psychiatric disorders, PRS models are widely
used in many complex diseases (Lewis &
Vassos, 2020). Recently, it has been shown
that PRS can also help explain phenotypic
variation in monogenic diseases. Fahed et
al. (2020) reported that even in monogenic
diseases, the genetic background has a
significant effect on penetrance.

In this context, it is important to investigate
the relationship between PRS and the
clinical phenotype in a disease that is
classically considered monogenic, such
as PKU. Machine learning methods are
more advantageous than traditional
statistical ~ approaches in  modeling
complex relationships in genetic data.
Algoritnms like Random Forest can model
interactions  between  variables and
nonlinear relationships (Ma et al, 2022).
Therefore, in our study, a PRS model was
created using exome-level genetic data
from PKU patients, and its relationship with
the clinical phenotype was evaluated.
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MATERIALS and METHODS

A retrospective study included 174 PKU
patients whose diagnosis was confirmed
molecularly. The clinical data of the cases
(age, gender, blood phenylalanine level at
the time of diagnosis, neurological status)
were recorded. Clinical exome data was
obtained from all patients using next-
generation sequencing. The average of
~20,000 variants identified were subjected
to quality control processes. Rare variants
[minor allele frequency (MAF) <1%] and loci
not meeting Hardy-Weinberg equilibrium
criteria were excluded from the analysis.
Afterfiltering, approximately 18,000 common
variants remained for each individual. All
valid variants were integrated with the
Random Forest (RF) algorithm to create
a PRS model, aiming to also model the
nonlinear effects of polygenic risk. The RF
model was optimized with 1000 trees and a
maximum depth of 5. The model produced
a continuous risk score between 0 and 1
for each patient; this score represents the
likelihood of the respective patient being
in the severe phenotype group based
on their genetic variant profile. Patients’
clinical  phenotypes
into three groups based on international

were categorized

criteria: Mild — Phenylalanine levels are
elevated but controllable at the time of
diagnosis, with minimal or no neurological
symptoms; Moderate -  Moderately
elevated phenylalanine levels and partial
neurological involvement; Severe — Very
high phenylalanine levels and significant
neurodevelopmental disorder when
untreated. In this classification, cases where
phenylalanine levels were difficult to control
despite dietary treatment and cognitive

development was affected were defined
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as “severe.” The number of patients in each
phenotype group was as follows: mild: 55,
moderate: 59, severe: 60. The performance
of the PRS model was evaluated using ROC
(Receiver Operating Characteristic) curve
analysis; the area under the curve (AUC),
sensitivity, specificity, accuracy, and Fi
score were calculated. The concordance
predicted
by the model and the actual phenotypic

between the classifications
classes was shown using a confusion
Additionally, the relationship
between PRS and phenotype severity

matrix.

was examined using Pearson correlation
analysis. In the statistical calculations, the
scikit-learn library was used in the Python
3.9 environment; the Student’'s t-test (e.g.,
to compare the means of two groups) and
the Chi-square test were applied when
necessary. The significance level was set at
p < 0.05.

RESULTS

The average age of the 174 patients
included in the study was 12.3 = 4.5 years
(ranging from 1to 35 years), with 52% being
female. All patients had PAH gene mutations
causing PKU; the variant load beyond these
mutations was evaluated in the polygenic
analysis. As a result of the filtering steps, the
majority of tens of thousands of variants
for each patient were eliminated, and
approximately 18,000 commonly observed
variants were used in the analysis. The RF-
based polygenic risk score model predicted
PKU phenotype classes with high accuracy.
The results of the ROC curve analysis are
shown in Figure 1.
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Figure 1. ROC Curve
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Figure 1. ROC curve of the PRS model (AUC = 0.91).
The obtained AUC value indicates that the model
demonstrates a significantly superior performance
compared to random classification.

The ROC curve indicates that high
sensitivity was achieved even at low
false positive rates. The overall accuracy
rate of the model was calculated to be
84.3%. The sensitivity of the classification
performance was found to be 81%, and
the specificity was 87%. The close and
high sensitivity and specificity indicate
that the model can correctly exclude
mild/moderate  phenotypes  and
capture severe phenotypes. When the
model outputs were compared with
the actual phenotypes, it was observed
that most patients were correctly
classified. For example, more than 85%
of patients with a severe phenotype
were correctly predicted as “severe”
by the model. The majority of the small
number of incorrectly classified cases
were confused between the middle
group and adjacent groups (mild or
severe). The distribution of the model's
classification success is presented as a
confusion matrix in Figure 2.
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Figure 2. Confusion Matrix .
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Figure 2. Confusion matrix for the PRS model (actual
phenotypes vs. model predictions). Each cell shows the
number of patients whose actual class overlaps with the
corresponding model prediction.

Additionally,asignificant positive correlation
was found between the polygenic risk score
and phenotypic severity (Pearson r = 0.68;
p < 0.001). This correlation indicates that
as the PRS value increases, the patient’s
phenotype tends to shift from mild to
severe. Indeed, while the average PRS value
was found to be low in the mild PKU group, it
was significantly higher in the severe group
(with overlapping standard deviations). The
difference in average PRS values among
the three groups is statistically significant
(one-way ANOVA, p < 0.001). Table 1 presents
a summary of PRS values by phenotype
groups.

Table 1: Polygenic risk score (mean * SD) according to PKU
phenotype groups. In the mild group, the PRS is the lowest
and shows a significant increase towards the severe group

Phenotype PRS Average Standard Deviation
Light 0.21 0l
Medium 0.48 0.15

Severe 0.77 012

Additionally, when the contribution levels of
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the variants used in the model to the PRS
score were analyzed, it was observed that
the effects of some loci on the polygenic
load were more pronounced than others.
Especially, found in genes
associated with phenylalanine metabolism,
such as PAH, GCHI, QDPR, PTS, PCBDI, SPR, and
DNAHS5, have made the highest contribution
to the model's classification success. Most
of these variants are located in missense,
nonsense, splice-site, or intronic regions,
and they encompass significant areas in
terms of genetic functional impact.

variants

In Table 2, the genes associated with the
top 15 variants contributing the most to
the polygenic risk score and their impact
scores calculated using the random forest
model are presented.

Table 2. The Top 15 Genes Contributing Most to the Polygenic
Risk Score. (Impact score refers to the feature importance
value used in the random forest model.)

Gene Feature Importance
PAH 0.0542

GCHI 0.0535

BH4 0.0528

QDPR 0.0521

PTS 0.0514

PCBDI 0.0507

SPR 0.05

DNAH5 0.0493

Overall, the findings indicate that the
developed PRS model has achieved high
success in predicting the PKU phenotype.
Model performance metrics and statistical
analyses have shown that the polygenic
scoring approach is applicable to the PKU
sample.
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DISCUSSION

This study has shown that polygenic factors
may play a role in explaining phenotypic
diversity in PKU, which is classically known
as a monogenic disease. According to
our findings, PKU patients with a high
polygenic risk score tend to exhibit more
severe phenotypes. This is consistent
with some data in the literature, such as
the previous reports indicating that the
genetic background can modulate disease
severity in monogenic disorders (Fahed et
al, 2020). In Fahed and colleagues’ study,
it was shown that the additional polygenic
risk load could affect clinical outcomes in
individuals  with single-gene mutations.
Our results similarly support that even in a
condition like PKU, where a single gene is
defective, the combined effect of polygenic
variants can alter the phenotype.

The unique aspect of our study is its
attempt to predict the PKU phenotype
by combining polygenic risk scoring with
machine learning methods. Traditional PRS
methods generally calculate the risk score
by summing independent effects under
linear model assumptions. However, we
included potential interactions between
variants and non-linear relationships in the
model using the Random Forest algorithm.
It is evident that this approach is successful
from our high AUC and accuracy values.
A similar olbservation is also present in
the literature: Indeed, a study conducted
on  systemic lupus  erythematosus
demonstrated that a random forest-based
polygenic risk model provided significantly
higher predictive power compared to the
classical additive model (Ma et al, 2022).
The identified information suggests that the
method used in PRS calculation (linear vs.
machine learning) may have an impact on
the results.
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Our findings highlight the value of the
polygenic scoring approach in the
phenotypic classification of PKU, but there
are points that need to be addressed with
caution. First of all, our study is limited by
a relatively small sample size (n=174).
Although this is a good number for rare
diseases, validation in larger cohorts is
necessary to assess the generalizability of
machine learning models. In the future, it
is important to test our model in larger PKU
patient groups with different geographical
and ethnic backgrounds. It is known
that polygenic risk scores may require
recalibration in different populations (Wei
et al, 2022). Indeed, it has been reported
that PRS calculated for three different
cancers in the UK Biobank data need to
be adapted before being directly applied
to different ethnic subgroups (Wei et al,
2022). This situation suggests that our
model may not achieve the same success
in other populations and may need to be
retrained or adjusted first. Therefore, studies
conducted with expanded and diverse
samples are necessary to test the validity
of our model.

Secondly, caution should be exercised
when evaluating the clinical use potential
of our current PRS model. Indeed, our model
demonstrated high accuracy in phenotype
prediction; however, a high polygenic risk
score for a patient in a clinical setting does
not necessarily mean that the patient will
definitely exhibit a severe phenotype. PRS
is a probabilistic risk measure and is not
determinative on its own. Therefore, for
example, when a high PRS is detected in a
patient, it would not be correct to tell the
family, “Your child will definitely be severely
affected.” Similarly, alow PRS should notlead
to complacency. Other studies have also
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indicated that polygenic scores provide
a limited but significant contribution to
existing clinical risk assessment and may
be insufficient in determining absolute risk
on their own (Groenendyk et al, 2022). In our
study, PRS is also suggested as a helpful tool
in predicting phenotypic severity; however,
clinical decisions should still be made by
considering the patient’s metabolic control,
the characteristics of the main genotype,
family history, and environmental factors
together.

Thereisincreasing interestin the clinical use
of polygenic risk scores in the literature, and
it appears that standards are beginning to
emerge in this area. For example, studies
are being conducted to present PRS results
to healthcare professionals and patients in
an understandable manner (Groenendyk
et al, 2021). Such studies have shown that
conveying genetic risk information in a
visual and simple report format can help
users understand it correctly. In the future,
with the widespread adoption of guidelines
for the reporting and interpretation of PRS,
the integration of genetic risk scores into
personalized medicine will become easier.
In recent studies, polygenic background
and PRS-based models have increasingly
gained attention in monogenic disorders
as well. For instance, Luckett et al. (2024)
demonstrated that type 1 diabetes
polygenic risk contributes to phenotypic
variability in monogenic autoimmune
diabetes (Luckett, A, et al, 2024) Similarly,
the role of background polygenic risk in
monogenic diseases has been emphasized
in large-scale integrative analyses (Wang
et al, 2023; Mullins et al, 2023).

In conclusion, our study has demonstrated
that polygenic risk scoring can be applied
even in rare and monogenic diseases like
733

phenylketonuria. The RF-based PRS model
we developed was able to predict the
phenotypic severity in PKU patients with
high accuracy. These results suggest that,
beyond single gene mutations, multiple
genetic factors may also influence clinical
outcomes. The polygenic risk score has
played a significant role in explaining
phenotypic heterogeneity in the case of
PKU. Of course, more extensive studies are
neededto validate our findings and improve
our model. Research in this direction will
better elucidate the role of polygenic
risk scores in determining personalized
treatment and monitoring strategies for
monogenic diseases.

CONCLUSION

This study conducted on patients with
PKU shows that polygenic risk scores may
contribute to phenotype prediction. It has
been predicted with high accuracy using
the Random Forest model that individuals
with a high PRS value may have a more
severe clinical course. These findings
suggest that polygenic risk scoring could
be included in genetic counseling and
clinical management processes. However,
polygenic scores should be validated in
different populations and the results should
be interpreted carefully before being
applied in clinical settings. In conclusion,
the polygenic risk score approach has the
potential to aid personalized medicine
applications by improving phenotypic
prediction even in rare metabolic diseases.
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