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Sex differences affect Parkinson’s disease (PD) development and manifestation. Yet, current PD identification
and treatments underuse these distinctions. Sex-focused PD literature often prioritizes prevalence rates over
feature importance analysis. However, underlying aspects could make a feature significant for predicting PD,
despite its score. Interactions between features require consideration, as do distinctions between scoring dis-
parities and actual feature importance. For instance, a higher score in males for a certain feature doesn’t
necessarily mean it’s less important for characterizing PD in females. This article proposes an explainable Ma-
chine Learning (ML) model to elucidate these underlying factors, emphasizing the importance of features. This
insight could be critical for personalized medicine, suggesting the need to tailor data collection and analysis for
males and females. The model identifies sex-specific differences in PD, aiding in predicting outcomes as
“Healthy” or “Pathological”. It adopts a system-level approach, integrating heterogeneous data - clinical, im-
aging, genetics, and demographics - to study new biomarkers for diagnosis. The explainable ML approach aids
non-ML experts in understanding model decisions, fostering trust and facilitating interpretation of complex ML
outcomes, thus enhancing usability and translational research. The ML model identifies muscle rigidity, auto-
nomic and cognitive assessments, and family history as key contributors to PD diagnosis, with sex differences
noted. The genetic variant SNCA-rs356181 may be more significant in characterizing PD in males. Interaction
analysis reveals a greater occurrence of feature interplay among males compared to females. These disparities
offer insights into PD pathophysiology and could guide the development of sex-specific diagnostic and thera-
peutic approaches.

people aged 60 and above, making it among the most prevalent
neurodegenerative disorders [6]. With the world population aging, PD
rates are projected to rise, creating considerable challenges for health-
care systems globally.

1. Introduction

Parkinson’s disease (PD) is a notable neurodegenerative disorder
characterized by motor symptoms including tremors, rigidity, and bra-

dykinesia [1,2,3]. Additionally, PD manifests non-motor symptoms such
as cognitive changes, depression, anxiety, sleep disturbances, autonomic
dysfunction, psychosis, and impulse control disorders [4,5]. The impact
of PD is significant due to its high prevalence and the resulting strain on
individuals, families, and healthcare systems. It affects around 1 % of

In recent years, comprehension of PD has advanced beyond viewing
it solely as a dysfunction of the basal ganglia. Several works acknowl-
edge PD as a disorder involving the intricate interplay within the basal
ganglia-cortex-cerebellum system, influenced by various factors such as
brain-body interactions, lifestyle choices, and environmental conditions
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[7,8,9,10,11,12]. This system-level perspective underscores the signifi-
cance of investigating PD subtypes based on genetic, environmental, and
sex disparities, as these elements can significantly influence the mani-
festation and progression of the disease [13,14].

Recent evidence suggests significant sex-based differences in PD
manifestation and progression, highlighting the necessity for personal-
ized, sex-specific approaches to both diagnosis and treatment
[15,16,14,17,18,19]. Theoretical explanations for sex differences in PD
manifestation include hormonal influences, genetic susceptibility, and
differences in brain structure and function [20,21,22]. Estrogen, for
example, has been shown to have neuroprotective effects, which may
contribute to the lower incidence of PD in premenopausal females.
Additionally, genetic studies have identified sex-specific risk factors for
PD [23,24,25].

Despite the growing recognition of sex-based differences in PD, there
remains a significant gap in the literature regarding the underlying
mechanisms by which sex influences disease manifestation. Under-
standing these mechanisms is critical for developing personalized, sex-
specific approaches to both diagnosis and treatment. In addition, sex-
focused PD literature often prioritizes prevalence rates over the anal-
ysis of feature importance. Nevertheless, underlying factors may still
render a feature significant in predicting PD, regardless of its prevalence rate.
It should be considered how features interact, along with the differences
between scoring and the actual importance of features. For example, a
higher score in males for a feature does not necessarily diminish its
importance in characterizing PD in females. Typically, the literature
exploring sex disparities in PD correlates variations in test scores be-
tween males and females with their respective significance in predicting
the likelihood of developing the disease. This article shows that
explainable Machine Learning (ML) approaches could reveal that this
implicit correlation is not always accurate. For instance, consider a
scenario where a high score on a particular test implies an increased risk
of PD. In males, a higher score on this test does not necessarily indicate
greater importance of the test as a marker for the disease compared to
females. It is plausible that in females, achieving a score slightly lower
than what males typically achieve still signifies a heightened risk of
developing PD. This discrepancy could arise due to various factors, such
as different baseline levels of the feature being measured or intricate
relationships with other unmeasured features. Consequently, the feature
assessed by the test may hold significant or even heightened importance
for females despite their scores being comparatively lower than those of
males. Furthermore, despite some efforts utilizing ML to investigate sex
differences in PD [26,27,28], there remains a significant gap in research
addressing the most important heterogeneous features for character-
izing PD in females and males.

This article pioneers the investigation of sex-specific features in PD
by employing a two-fold approach. First, it adopts a system-level analysis,
integrating and studying the interactions among heterogeneous data drawn
from the Parkinson’s Progression Markers Initiative dataset, encom-
passing demographic, genetic, biological, and clinical information
related to both motor and non-motor features. In this way, it could be
possible to better understand the complexity of PD and potentially
identify novel biomarkers for diagnosis and prognosis [7,13]. Second, it
utilizes an explainable ML approach to uncover patterns and relation-
ships within the data, shedding light on the distinct features defining PD
in females and males. By combining these methodologies, this study
aims to advance our understanding of PD heterogeneity and pave the
way for more tailored diagnostic and therapeutic interventions. Ulti-
mately, elucidating sex-specific aspects of PD will contribute to opti-
mizing symptom management and enhancing the quality of life for
individuals living with this debilitating condition.

As previously demonstrated in the context of medical research,
explainable ML approaches enable researchers to gain a deeper under-
standing of complex phenomena in neurological diseases [29,30]. An
explainable ML algorithm provides clear and understandable explana-
tions about how it reached a result. This transparency helps humans,
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especially non-ML experts, grasp the reasoning behind the model de-
cisions, fostering trust and facilitating interpretation of complex ML
outcomes.

Employing advanced analytical techniques, particularly leveraging
SHapley Additive exPlanations (SHAP) beeswarm plots, the ML model
uncovers the top nine features, over 59 initially examined, that exert the
most significant impact on PD diagnosis, with a specific focus on sex-
based disparities. The ML model highlights muscle rigidity, autonomic
symptoms, cognitive assessments, and family history as crucial factors
for PD prediction, acknowledging the presence of sex differences. The
genetic variant SNCA-rs356181 appears to play a more significant role
in characterizing PD in males. Furthermore, interaction analysis in-
dicates a higher frequency of feature interplays among males as opposed
to females.

Our research presents a sex-based diagnostic model for PD, unveiling
substantial differences between healthy controls and PD classification
based on sex. Furthermore, it deepens comprehension of sex-specific PD
characteristics, offering insights into early disease detection and
bolstering ML-based diagnostic approaches.

2. Materials and methods
2.1. PPMI dataset

This paper utilizes data sourced from the Parkinson’s Progression
Markers Initiative (PPMI) database,' a resource for both PD researchers
and healthcare professionals. The dataset contains a wide range of in-
formation, including genetics, neuroimaging scans, cerebrospinal fluid
samples, and clinical assessments, collected from individuals diagnosed
with idiopathic and genetic PD, as well as data from healthy controls. It
serves as a repository for studying the natural progression of PD, iden-
tifying biomarkers, and enhancing diagnostic and therapeutic ap-
proaches. The original identifiers from the PPMI dataset have been
preserved for the features discussed in this paper.

2.2. Cohort chosen for the study

Variables without relevant information were excluded from the
PPMI dataset to prevent unnecessary noise and maintain the clarity of
the analysis. Furthermore, columns deemed unnecessary were omitted
to streamline the dataset and focus our investigation on key factors
directly related to our research objectives. Variables not yet recorded in
the literature were also excluded to maintain alignment with established
scientific knowledge and to uphold the validity of our findings. This
selection process aimed to prioritize variables with demonstrated rele-
vance to our research questions, thereby enhancing the robustness and
interpretability of our analyses. This selection process resulted in a
dataset composed of 59 variables, and their description is summarized in
Table 1.

2.3. Data pre-processing

The Categorical Boosting (CatBoost) algorithm was used to handle
missing values in the dataset, leveraging its inherent capability to
manage them without requiring imputation. This functionality enables
users to work with the data in its original form (refer to Section 2.4.1).
The problem has been framed as a binary classification, with the group
membership as the target variable. Initially, several data cleaning op-
erations were performed, followed by separation based on biological sex
before further preparation and division into sets for cross-validation.
Unuseful categories were removed from the visit label (EVENT_ID)
and target label (APPRDX) columns. In particular, “ST” was removed
from EVENT_ID, “SWEDD” and “PRODROMAL” were removed from

1 https://www.ppmi-info.org/.
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Table 1

PPMI features used in our study.

ai_caudate

ai_putamen

ai_striatum

urate

PATNO
APPRDX

EVENT_ID

gen
ageonset
agediag

symptom1

symptom2

symptom3

symptom#4

symptom5

symptom6

DOMSIDE

CAUDATE R

CAUDATE_L

MSEADLG

It is a metric used in neuroimaging research. It focuses on the
asymmetry in the size or volume of the caudate nucleus, a
brain structure involved in motor control and cognitive
functions. In the context of the PPMI database, this index is
computed by comparing the volumes of the caudate nucleus
between the left and right hemispheres of the brain. It is a
continuous feature measured as a percentage.

It serves as a quantitative measure to assess the imbalance
between the left and right putamen regions within the brain.
The putamen, situated in the basal ganglia, plays a pivotal
role in modulating motor functions. This index is derived by
evaluating the relative sizes or other metrics of the left and
right putamen, typically acquired through various
neuroimaging methodologies. It is a continuous feature
measured as a percentage.

It is a metric used to quantify the degree of asymmetry in the
size of the striatum between the left and right hemispheres of
the brain. The striatum is a critical component of the basal
ganglia involved in various motor and cognitive functions.
Researchers use various imaging techniques to measure
striatal parameters and this index. It is a continuous feature
measured as a percentage.

Urate, also known as uric acid, is a chemical compound that
is the final oxidation product of purine metabolism in
humans. It is naturally present in the blood and is a potent
antioxidant, protecting against oxidative stress. Serum Urate
Acid (UA) levels can be influenced by various factors
including diet, genetics, and certain medications. It is a
continuous feature ranging from O to different levels of
serum concentration.

Patient number.

It is the “appropriate diagnosis” or “participant group”. It
encompasses the following categories: “PD Participant”,
“Healthy Control”, “SWEDD” (Scan Without Evidence of
Dopaminergic Deficit), and “Prodromal”. It is a categorical
feature measured as “1” for “PD participant”; “2” for
“Healthy Controls”; “3” for SWEDD”; “4" for “Prodromal”.
It is the visit time. It is a categorical feature including the
following categories: “BL”: “BL Baseline”; “V04™: “Visit 4
(Year 1)7; “V06™: “Visit 6 (Year 2)”; “V08™: “Visit 8 (Year 3)”;
“V10™: “Visit 10 (Year 4)”; “V12”: “Visit 12 (Year 5); “ST™:
“Symptomatic Therapy Visit”.

Sex (male or female). It is categorical feature measured as
“1: “Male”; “2”: “Female”

Age at PD symptom onset. It is a continuous feature
measured as ordinal numbers.

Age at PD diagnosis. It is a continuous feature measured as
ordinal numbers.

Resting Tremor (initial symptom at PD diagnosis). It is a
categorical feature measuring the symptom presence as “0:
“absent™; “1”: “present”.

Rigidity (initial symptom at PD diagnosis). It is a categorical
feature measuring the symptom presence as “0: “absent”;
“17: “present”.

Bradykinesia (initial symptom at PD diagnosis). It is a
categorical feature measuring the symptom presence as “0:
“absent”; “1”: “Symptom3”.

Postural Instability (initial symptom at PD diagnosis). It is a
categorical feature measuring the symptom presence as “0”:
“absent”; “1”: “present”.

Other (initial symptom at PD diagnosis). It is a categorical
feature measuring the symptom presence as “0”: “absent”;
“1”: “present”.

Missing initial symptoms. It is a categorical feature
measuring the symptoms presence as “0”: “absent”; “1:
“present”.

Side most affected at PD symptom onset. It is a categorical
feature measured as “Left”, “Right” or “Symmetric”.
Striatal Binding Ratio. Brain region used for ROI sampling
for right caudate. It is a continuous variable ranging from
0.06 to 5.09.

Striatal Binding Ratio. Brain region used for ROI sampling
for left caudate. It is a continuous variable ranging from 0.06
to 5.09.

The Schwab and England Activities of Daily Living (ADL)
scale is a tool used to assess the functional abilities of

Table 1 (continued)
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PD_MED_USE

APOE

APOE-e4

EDUCYRS
HVLTFPRL

HVLTRDLY

HVLTREC

MAPT

SDMTOTAL

SNCA-rs356181

individuals with PD. It is commonly used in research and
clinical settings to measure the level of independence in
performing daily activities. The scale rates the patient’s
ability to perform various activities such as dressing, feeding,
hygiene, walking, and other routine tasks. It is a continuous
feature measured as a simple rating scale that ranges from
0% to 100%, with 100% indicating complete independence
and 0% indicating complete dependence.

This field pertains to the documentation of medication usage
for the treatment of PD. It is a categorical feature measured
as the following categories: “0” signifies individuals not
taking medication for PD; “1” denotes Levodopa usage; “2”
indicates Dopamine Agonist usage; “3” represents Other
medications; “4” indicates a combination of Levodopa with
Other medications; “5” signifies a combination of Levodopa
with Dopamine Agonist; “6” represents a combination of
Dopamine Agonist with Other medications; “7” indicates a
combination of Levodopa, Dopamine Agonist, and Other
medications.

Gene that encodes a protein involved in lipid metabolism
and the transport of cholesterol in the body. It has different
alleles, including APOE-e2, APOE-e3, and APOE-e4. It is a
categorical feature measured as six different categories
according to different alleles: “e3/e3”, “e4/¢3”, “€3/¢2”, “€2/
e4”, “e4/e4”, “e2/e2".

It represents the count of APOE-e4 alleles present in the
individual. It is a categorical feature ranging from 0 to 2. The
APOE-¢4 allele is associated with an increased risk of
developing Alzheimer’s disease and has also been studied in
the context of PD. It, indeed, may influence the risk of
developing PD.

Years of formal education a person has received.

It is the score of the “Hopkins Verbal Learning Test (HVLT),
False Alarms”. It refers to a component of the HVLT, which is
a cognitive assessment tool used to evaluate verbal learning
and memory. The “False Alarms” feature in the HVLT
typically measures a participant’s tendency to incorrectly
recognize or recall items that were not actually presented
during the learning phase of the test. False alarms can
indicate issues with memory, attention, or cognitive
processing. The scoring of the test involves assessing the
number of incorrect responses made by the participant
during the recognition phase. It is a continuous variable
ranging from 0 to 12.

It is the score of the “Hopkins Verbal Learning Test, Delayed
Recall”. It refers to a component of the Hopkins Verbal
Learning Test assessment. The test captures data related to a
participant’s ability to recall verbal information after a
delay. The score involves assessing the number of words
correctly recalled by the participant after a delay period. It is
a continuous feature ranging from 0 to 36.

It is the score of the “Hopkins Verbal Learning Test, Delayed
Recognition”. The test consists of memorization of a list of
words to test the ability to recall immediately after
memorization (immediate recall) and after a 20 min delay
(delayed recall). It is a continuous feature ranging from 0 to
36.

Gene that encodes the tau protein, which is involved in
maintaining the structure of nerve cells. It is a categorical
feature, including three different haplotypes: “H1/H2”, “H1/
H1”, and “H2/H2".

The Symbol Digit Modalities Test is a neuropsychological
test that is generally interpreted as a measure of information
processing speed, although several cognitive domains, such
as lexical access speed and working memory contribute to its
result. In its oral version, the patient is asked to verbally
associate each symbol with the corresponding number, using
a legend. The task is to correctly code as many symbols as
possible in 90 s. The written modality consists of a sheet of
paper with, at the top, a sequence of nine symbols and nine
corresponding numbers (key). The task sequence consists of
a series of symbols, each with a blank space underneath.
Within a 90-s time limit the subject is required, consulting
the key as necessary, to insert the numbers associated with
the symbols. It is a continuous feature ranging from 0 to 110.
Specific genetic variant or single nucleotide polymorphism
(SNP) within the SNCA gene. It is a categorical feature

(continued on next page)
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Table 1 (continued)

SNCA-1s3910105

VLTANIM

VLTFRUIT

age

age_cat

bjlot

changedx
educ

fampd_new

gds_cat

hvlt_discrimination

hvlt_immediaterecall

hvlt_retention

quip

quip_buy

quip_eat
quip_gamble

measured as the following four categories: C/C, C/T, T/T,
and None. These notations refer to the different genotypes
individuals can have at that specific SNP locus. In particular,
C/C indicates that an individual has two copies of the “C”
allele at the SNP locus. In genetic notation, each individual
inherits one allele from each parent, so C/C means both
copies of the gene at that locus are the C allele. This is also
referred to as homozygous for the C allele. C/T indicates that
an individual has one copy of the “C” allele and one copy of
the “T” allele at the SNP locus. This is also referred to as
heterozygous for the SNP locus. T/T indicates that an
individual has two copies of the “T” allele at the SNP locus.
Similar to C/C, this is also homozygous but for the T allele.
None indicates that the genotype could not be determined
for that individual at the SNP locus.

Specific genetic variant or single nucleotide polymorphism
(SNP) within the SNCA gene. It is a categorical feature with
the same categories of SNCA-rs356181.

Semantic Verbal Fluency (SVF) test, animal semantics. The
SVF consists of giving the person 60 s to verbally list as many
things as possible in a category (animal semantics). To score
the test, count up the total number of animals or words that
the individual is able to produce. A score of under 17
indicates concern, although some practitioners use 14 as a
cutoff. It is a continuous feature ranging from 0 to 36.

SVF test, fruits semantics. It consists of giving the person 60 s
to verbally list as many things as possible in a category (fruits
semantics). As for VLTANIM, it is a continuous feature
ranging from 0 to 36.

Age. It is a continuous feature.

Age Category at enrollment. In our dataset it is a categorical
feature measured as “1”: “<56 yrs”, “2”: “56-65 yrs”, and
“3" “>65 yrs”.

The Benton Judgment of Line Orientation Test (BJLOT) is a
standardized test of visuospatial skills commonly associated
with functioning of the parietal lobe in the right hemisphere.
The test measures a person’s ability to match the angle and
orientation of lines in space. Scores classify individuals as
normal, borderline (or mild), moderate, and severely
impaired. A score of 17 or less is considered a sign of severe
deficit. It is a continuous feature ranging from 0 to a
maximum depending on numbers of short-forms utilized
(usually 15-items short forms).

Change in primary diagnosis from Baseline to current visit.
Education. It is a categorical feature measured as: “1”: “<13
yrs”, “27: “13-23 yrs”, and “3": “>23 yrs”.

Family history of disease is a categorical feature measured
as: “17: “First Degree Family with PD”; “2”: “Non-1st Degree
Family with PD”; “3”: “No Family with PD”.

The Geriatric Depression Scale (GDS) is a self-reported
measure of depression symptoms in elderly persons. It
consists of 15 yes/no questions. Normally it is a continuous
feature but in our dataset it is a categorical feature measured
as “0™: “<5 (not depressed)” and “1”: “5 or greater
(depressed)”.

It is the score of the “Hopkins Verbal Learning Test,
Discrimination Recognition™. It refers to a component of the
Hopkins Verbal Learning Test assessment. It is a continuous
feature ranging from 0 to 36.

It is the score of the “Hopkins Verbal Learning Test,
Immediate/Total Recall”. It refers to a component of the
Hopkins Verbal Learning Test assessment. It is a continuous
feature ranging from 0 to 36.

It is the score of the “Hopkins Verbal Learning Test,
Retention”. It refers to a component of the Hopkins Verbal
Learning Test assessment. It is a continuous feature ranging
from O to 36.

It is the score of the Questionnaire for Impulsive-Compulsive
Disorders in Parkinson’s Disease (QUIP), which has 3
sections: Section 1 assesses four ICDs (involving gambling,
sexual, buying, and eating behaviors), Section 2 other
compulsive behaviors (punding, hobbyism and walkabout)
and Section 3 compulsive medication use. It is a continuous
feature ranging from O to 5.

Section n. 1/3 of QUIP, Buy compulsion.

Section n. 1/3 of QUIP, Eating compulsion.

Section n. 1/3 of QUIP, Gambling compulsion.

quip_sex Section n. 1/3 of QUIP, Sex compulsion.

race Race. It is a categorical feature measured as “1”: “White”,

“27: “Black”, “3”: “Asian”, and “4”: “Other”.

It is represented by the Total Rigidity Score (OFF State).

Rigidity is scored based on the passive movement of

extremities when participants are in a relaxed sitting

position, with higher scores reflecting more rigidity,

according to the UPDRS-III scale. It is a continuous feature

ranging from to 100.

It is represented by the Total Rigidity Score (ON State). As for

rigidity (OFF state), rigidity_on is scored based on the passive

movement of extremities when participants are in a relaxed

sitting position, with higher scores reflecting more rigidity,

according to the UPDRS-III scale. It is a continuous feature

ranging from to 100.

scopa It refers to the total score of “Scales for Outcomes in
Parkinson’s Disease - Autonomic Dysfunction™ (SCOPA-
AUT). The SCOPA-AUT is a component of the wider research
effort called SCales for Outcomes in PArkinson’s disease
(SCOPA), which selects or develops clinimetric and practical
sound instruments for all key areas in PD. The scale consists
of 25 items assessing the following regions: gastrointestinal,
urinary, cardiovascular, thermoregulatory, pupillomotor

rigidity

rigidity_on

and sexual (2 items for males and 2 items for females)
dysfunction [31]. It is a continuous feature ranging from 0 to
125.

scopa_cv It is the score for SCOPA-AUT, Cardiovascular dysfunction
score. It is a continuous feature ranging from 0 to 15.

scopa_gi It is the score for SCOPA-AUT, Gastrointestinal score. It is a
continuous feature ranging from 0 to 35.

scopa_pm It is the score for SCOPA-AUT, Pupillomotor dysfunction
score. It is a continuous feature ranging from 0 to 5.

scopa_sex It is the score for SCOPA-AUT, Sexual dysfunction score. It is

a continuous feature ranging from 0 to 10.

It is the score for SCOPA-AUT, Thermoregulatory

dysfunction score. It is a continuous feature ranging from

0 to 20.

It is the score for SCOPA-AUT, Urinary dysfunction score. It

is a continuous feature ranging from 0 to 30.

sft It is the Semantic Fluency Task score, calculated as the sum
of the scores obtained from the categories VLTANIM,
VLTFRUIT, and VLTVEG. This task serves to assess both
lexical organization and executive function by prompting

scopa_therm

scopa_ur

participants to generate as many words as they can from a
given semantic category within a designated time frame. The
resulting score is a continuous measure, ranging from 0 to
108.

APPRDX, focusing only on “PD Participant”, “Healthy Control”. Subse-
quently, features with near-zero variance within the target category
were dropped (features that had target-conditional counts equal to
target value counts), heavily biased features, single-valued features
(such as sex, since has already been stratified by us), features biased
towards a single target category (columns having a zero count only for
one APPRDX value). Moreover, features with strong associations with
the target variable were removed. Then, the target labels were trans-
formed (APPRDX) into integer values (1 for “PD Participant” and O for
“Healthy Control”), and the dataset was divided by biological sex into
males (M) and females (F). A single visit label was selected for analysis,
choosing the most common EVENT_ID among patients (“BL Baseline™)
while maintaining a valid distribution of APPRDX (“PD Participant”,
“Healthy Control”). Lastly, a single record per patient was chosen to
minimize record dependence. This was a straightforward step as
selecting a single EVENT_ID already resulted in a single record per
patient.

This comprehensive data pre-processing ensured that the dataset was
clean, well-structured, and suitable for subsequent analysis and
modeling. Here a list of the starting features after cleaning: APOE, APOE-
&4, EDUCYRS, HVLTFPRL, HVLTRDLY, HVLTREC, MAPT, SDMTOTAL,
SNCA-rs356181, SNCA-rs3910105, VLTANIM, VLTFRUIT, age, age cat,
bjlot, changedx, educ, fampd-new, gds cat, hvlt discrimination, hvlt imme-
diaterecall, hvlt retention, quip, quip buy, quip eat, quip_gamble, quip_sex,
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race, rigidity, rigidity on, scopa, scopa cv, scopa gi, scopa_pm, scopd_sex,
scopa_therm, scopa_ur, sft.

After this phase, the dataset was split into training (65%), validation
(15%), and test (20%) sets. Record assignment ensured that each patient
number (PATNO) appeared in only one of the three sets, based on a
random allocation of PATNO. This allocation was facilitated by the
dataset prior filtering to include one record per patient. Table 2 presents
the distribution of the dataset following the pre-processing stage, while
Table 3 delineates the dataset partitioning according to diagnosis.

The male cohort chosen for the training set had an average age of
61.2 years (with a range from 30.62 to 84.9 and a standard deviation of
10.23), coupled with an average education duration of 15.7 years
(ranging from 5 to 26, with a standard deviation of 2.97). Conversely,
the female counterpart had an average age of 60.0 years (ranging from
30.97 to 83.7, with a standard deviation of 10.31), alongside an average
education duration of 15.4 years (ranging from 5 to 26, with a standard
deviation of 2.82).

2.4. Sex-specific classification model and feature importance

2.4.1. CatBoost algorithm

The CatBoost algorithm was employed to construct a sex-based
classification model capable of distinguishing between individuals
who are healthy and those who have PD. Using the CatBoost algorithm
in unraveling sex differences in PD offers several advantages compared
to other ML algorithms. Firstly, CatBoost stands out due to its capability
to directly handle categorical features without requiring one-hot
encoding or label encoding, thereby simplifying the pre-processing
step and potentially saving significant time and effort [32]. This
feature makes it particularly well-suited for analyzing datasets that
include numerous categorical variables such as sex, medication type,
and symptom severity.

Secondly, CatBoost demonstrates remarkable robustness against
overfitting. Leveraging gradient boosting, it inherently mitigates over-
fitting by amalgamating predictions from multiple weak models (deci-
sion trees) to construct a robust and interpretable predictive model.
Moreover, CatBoost employs various techniques including regulariza-
tion and early stopping to further alleviate overfitting, thereby
enhancing its ability to generalize effectively to unseen data. This
capability is crucial when dealing with medical datasets characterized
by limited size.

Thirdly, CatBoost is moderately robust to multicollinearity and can
handle missing values in the dataset without needing imputation,
allowing users to work with data as is (cf. Section 2.3). This means users
can analyze and process their data without the potentially heavy task of
filling in missing values artificially. CatBoost employs an advanced al-
gorithm that effectively integrates missing values into its decision-
making process during training. By treating missing values as a sepa-
rate category, CatBoost ensures that no valuable information is lost due
to data pre-processing steps. The CatBoost approach of treating missing
values does not need additional parameter settings. It is particularly
beneficial in heterogeneous tabular data, such as clinical datasets where
each patient may have unique characteristics, and little variations can
impact diagnosis outcomes. This method is advantageous because it
preserves the original distribution and characteristics of the data
without introducing biases from imputation. Trusting CatBoost for
handling missing values simplifies the data pre-processing pipeline,

Table 2
Dataset partitioning at the end of the dataset pre-processing.

Males partition Females partition

Training set size 261 139
Validation set size 61 33
Test set size 81 44

Total 403 216
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Table 3
Dataset partitioning in terms of appropriate diagnosis (APPRDX), “0” for
“Healthy Control” and “1” for “PD Participant”.

Sex APPRDX Count Percent
F 0 95 0.24

M 0 181 0.45

F 1 44 0.11

M 1 80 0.2

saving time and effort typically spent on imputation methods. Moreover,
by not relying on imputation, CatBoost reduces the risk of introducing
bias or distortion into the data, which can be crucial for accurate model
training and prediction. CatBoost, being a Gradient Boosted Decision
Tree model, remains highly interpretable. It natively offers scores linked
to measures of information gain or loss, which allows easy sorting of
features according to their importance for classification. The model
ability to divide the feature space accurately, even in the presence of
missing values, maintains the clarity of feature importance and decision
paths.

Finally, CatBoost is known for its high prediction accuracy, which is
essential for uncovering subtle differences and patterns in medical data,
especially when studying sex differences in PD where the effects might
be nuanced. All these aspects make CatBoost an flexibility and perfor-
mance tool to capture complex relationships within the dataset, deliv-
ering robust and interpretable predictions [33].

The CatBoostClassifier model from the Python package was utilized,
employing CrossEntropy as the loss function. To determine the optimal
hyperparameters, a Grid Search leveraging the built-in function of Cat-
Boost was conducted. This function inherently incorporates a stratified
K-Fold method, which proves beneficial for addressing unbalanced
datasets. Three folds were opted for. Each best-performing model un-
derwent testing on the validation set. Subsequently, the best model was
validated before evaluating its performance against the test set. The Grid
Search algorithm was employed with the following parameter grid to
identify the optimal hyperparameters: ‘iterations’: [5, 10, 100, 1000];
‘depth’: [2, 3, 5]; ‘learning rate’: [0.01, 0.05, 0.1]; 12_leaf reg’: [1, 3, 5;
‘early_stopping_rounds’: [5]. The primary aim was to achieve results
close to optimal while considering the robustness and stability inherent
in CatBoost. Unlike deep neural networks that often demand meticulous
fine-tuning, CatBoost resilience allows for a more pragmatic approach,
balancing optimization efforts with achievable gains. Moreover, an
initial exploration with alternative hyperparameters revealed that the
optimal performance typically resided within the above specified
ranges. To address the risk of overfitting, the inherent robustness of
CatBoost acts as an initial safeguard, supplemented by the deliberate
choice of moderate ‘depth’ and the implementation of cross-validation
during the Grid Search process. The ‘early_stopping rounds’ hyper-
parameter not only serves to prevent performance degradation but also
acts as a guard against overfitting, ensuring that the model doesn’t
persist in training when further improvements are marginal or non-
existent. This comprehensive approach helped maintain a balance be-
tween model complexity and generalization, ultimately leading to a
more reliable and effective predictive model.

2.4.2. Model evaluation

The classification performance was assessed by calculating the ac-
curacy, which is determined by the ratio of correct predictions to the
total number of predictions made by the model. Additionally, the AUC
(Area Under the Curve) metric was employed to gauge the overall
effectiveness of the binary -classification model. This involved
computing the area under the ROC (Receiver Operating Characteristic)
curve, which graphically illustrates the true positive rate (sensitivity)
against the false positive rate (1 - specificity) across various thresholds of
the binary classification model. The best Grid Search model achieved an
accuracy of 0.89 and an AUC of 0.86 on the test set for females. This
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model is characterized by a depth of 2, a learning rate of 0.1, and an L2
leaf regulation parameter of 3, with 10 iterations (10 estimators). For
males, the accuracy was 0.90, with an AUC of 0.88 on the test set. This
model is also characterized by a depth of 2, a learning rate of 0.1, and an
L2 leaf regulation parameter of 1, with 10 iterations (10 estimators).

2.4.3. Feature importance and statistical analysis

SHAP (SHapley Additive exPlanations) analysis techniques with the
"permutation importance" method were utilized to further evaluate the
significance of features within the CatBoost model [34]. This method,
grounded in game theory, evaluates the importance of each feature by
examining all possible feature combinations within the model. It aids in
comprehending why the ML algorithm generated a particular prediction
for an individual by analyzing each feature (such as age, APOE,
SDMTOTAL, etc.) and determining its contribution to the final predic-
tion. More in detail, SHAP initiates by exploring all conceivable com-
binations of features for an individual and observes how each
combination impacts the prediction. Subsequently, it evaluates how the
addition or removal of one feature influences the prediction. For
instance, it may be observed that including “APOE” heightens the like-
lihood of predicting PD, whereas adding “SDMTOTAL” diminishes that
likelihood. Through these various scenarios, the algorithm computes the
significance of each feature, revealing its contribution to the final pre-
diction. Therefore, if the CatBoost algorithm predicts that an individual
has PD, SHAP might elucidate, for instance, that it’s due to factors such
as advanced age, specific medical history, etc. Ultimately, SHAP aids in
understanding the rationale behind a particular prediction by breaking
down the importance of each feature in the prediction process.

The SHAP approach offers several advantages over alternative
methods for evaluating feature importance. SHAP values furnish an
intuitive explanation of feature significance by quantifying the influence
of each feature on model predictions. This interpretive capability is
pivotal for comprehending the elements contributing to sex differentials
in PD and can aid clinicians and researchers in pinpointing pertinent
biomarkers or risk factors. In addition, the algorithm satisfies several
desirable attributes such as local accuracy, adaptability to missing data,
and consistency, ensuring that the assessments of feature importance
remain robust and dependable across diverse subsets of the data. SHAP
is model-agnostic, thus adaptable to any machine learning model,
including CatBoost. This adaptability empowers researchers to study
feature importance across an array of algorithms without being confined
to a specific modeling methodology.

The combined power of CatBoost and SHAP offers a robust frame-
work to analyze complex data, pinpoint crucial features, and gain in-
sights into the underlying mechanisms influencing disease development
and progression in both sexes. CatBoost and SHAP capacity to handle
categorical variables, mitigate overfitting, and offer interpretable
feature importance metrics make them particularly well-suited for this
task compared to other ML algorithms and feature importance
techniques.

A Mann-Whitney U test was conducted to statistically compare SHAP
values between males (M) and females (F). The significance level was set
at 0.05. Each test included the calculation of 95% confidence intervals
for the sampled differences between the datasets, achieved through
bootstrapping. Notably, the Mann-Whitney test does not mandate that
the compared samples have equal sizes. One of its assumptions is that
instances or records in the dataset are independent of each other. Since
our dataset is anonymous, verifying this assumption directly is not
feasible, and any patient relationships remain unknown. Nevertheless,
precautions were implemented, such as employing a single record for
each patient and partitioning the data based on patient identifiers
(PATNO). All analyses were performed using the Python programming
language and the Pandas, Matplotlib, Seaborn, CatBoost, scikit-learn,
and SHAP libraries.
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2.4.4. Feature interaction analysis

Feature interaction analysis stands as a robust method for unraveling
the relationships among predictor variables, ultimately bolstering model
interpretability and predictive efficacy. It facilitates the identification
and measurement of interactions between features throughout the
model training process. In datasets, such as ours, characterized by
complex dependencies among predictor variables, feature interaction
analysis proves invaluable.

At its essence, feature interaction analysis involves examining how
the predictive performance of the model is affected by the combined
effects of multiple features. Specifically, the algorithm assesses the
feature interaction strength for each pair of features by examining all
feature splits within the resulting ensemble of trees. For each pair of
features, CatBoost looks at all the splits in the trees where these features
are used. If splits of both features are present in the same tree, CatBoost
calculates how much the leaf value (the final prediction) changes when
these splits have the same value and when they have opposite values.
The larger the change, the stronger the interaction between the two
features. Thus, through the exploration of feature interactions, it is
possible to uncover synergistic or antagonistic relationships between
predictors, thereby shedding light on important patterns and de-
pendencies within the data.

A pivotal aspect of feature interaction analysis in CatBoost lies in its
ability to automatically detect and exploit interactions between cate-
gorical and numerical features, obviating the need for explicit feature
engineering. By considering interactions across different feature types,
CatBoost can capture more nuanced representations of the underlying
data landscape, consequently enhancing predictive accuracy and model
performance.

3. Results
3.1. Key features to predict PD in females and males

Fig. 1 presents two plots that compare the nine most important
features, as determined by SHAP values obtained from the ML algo-
rithm, separately for females and males. Specifically, each plot illus-
trates the SHAP values for the features utilized in CatBoost model
training across all examples (records) sampled from the test set. These
values indicate the extent to which a feature contributes to altering the
CatBoost prediction in comparison to the expected value (refer to Sec-
tion 2.4.3). SHAP values less than zero lean towards a PD outcome,
whereas SHAP values greater than zero lean towards a healthy controls
outcome. The SHAP algorithm assesses both motor and non-motor fea-
tures. For both females and males, the SHAP values associated with
certain features appear to be spread across the x-axis, while those linked
to other features show less dispersion. In the latter scenario, these fea-
tures not only prove to be significant but also provide a robust indication
of the likelihood for females or males to belong to either a healthy
controls or PD group with greater accuracy compared to instances with
wide dispersion of SHAP values.

Fig. 2 provides a concise representation of the most influential fea-
tures identified through SHAP analysis for both females and males,
based on the average of the absolute SHAP values. Table 4 summarizes
the result of the Mann-Whitney test to statistically compare SHAP values
between females and males.

3.2. Interactions among key PD predictors for females and males

Fig. 3 summarizes the results of the features interaction analysis (cf.,
2.4.4). This analysis shows how the predictive performance of the ML
model is influenced by the collective effects of multiple features. In
datasets characterized by complex dependencies among predictor vari-
ables, such as ours, this kind of analysis proves invaluable.

The interaction of features inherently operates asymmetrically, tak-
ing into account outcome alterations when feature B is either present or
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Fig. 1. SHAP beeswarm plot from females (F) and males (M) individuals. Each data point corresponds to a specific record within the test set. The vertical axis
represents training features, sorted by their respective feature importance. Feature names remain consistent with their original source from the PPMI dataset. On the
horizontal axis, each point signifies an individual record and expresses the SHAP value attributed to that particular feature during prediction. The color of each point
reflects the true value of the feature in the corresponding record used during prediction. To enhance figure readability, categorical features were represented using
three strips, each corresponding to a category. Similarly, data points associated with continuous features were binned into five strips, obtained by using five ranges
representing the values the feature can encompass. The “Count” column summarizes the number of records for each strip.

absent in splits, with feature A serving as a reference point. Conse-
quently, each split entails not only features A and B but also additional
variables that may differ across various splits, leading to observed
asymmetries. While CatBoost consideration of feature presence or
absence in splits may be asymmetric, it effectively identifies and lever-
ages interactions that improve predictive accuracy, maintaining its
ability to capture complex relationships between features and outcomes.
The asymmetry could be interesting as it underscores how certain fea-
tures might exert a more pronounced influence on the target than others.
Consequently, they might engage in interactions with other features,
whereas the latter may not wield the same level of impact or relevance to
the same extent.

4. Discussion

4.1. Model results framed within the current literature on sex difference in
PD

The observation that PD manifests differently in males and females

could imply the involvement of partially distinct neurophysiological
mechanisms. It could be crucial to categorize sex variations using
cutting-edge tools such as ML, which can aid clinicians in compre-
hending the impact of these differences on the etiology of PD. Upon
comparing our ML model findings with existing literature on sex dif-
ferences in PD, several key aspects of the ML model output that align
with or corroborate previous research were identified. In our analyses,
the deliberate choice was made not to focus on the classic couple of
symptoms associated with the disease at the time of diagnosis (tremor,
and bradykinesia), as these are now recognized as established clinical
biomarkers and the most predictive features [35]. However, we decided
to incorporate the total score of rigidity into the model, encompassing
both the period before and after diagnosis, and considering the follow-
up of both healthy controls and PD patients. This decision stems from
the fact that while current clinical instrumentation offers greater
recognition and objectivity for tremor and bradykinesia, the patho-
physiological basis of rigidity remains unknown, and its experimental
measurement is notably inadequate [36]. Aside from rigidity, we trained
the ML model to predict the differentiation between healthy controls
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Feature Importance by SHAP values

rigidity rigidity
rigidity_on rigidity_on
scopa_gi fampd_new
fampd_new scopa_gi
scopa_ur scopa
age age
SDMTOTAL sft
scopa SNCA rs356181
VLTFRUIT SDMTOTAL

Sum of 30 other features Sum of 30 other features

0 1 0.0 25
mean(|SHAP value|) mean(|SHAP value|)

Fig. 2. Critical features to predict PD identified through SHAP analysis. Sum-
mary bar chart depicts the importance of features based on their SHAP values,
with the mean SHAP value displayed. Each bar represents the expected value of
SHAP values in absolute terms.

Table 4

Mann-Whitney U test comparing SHAP value distributions between females (F)
and males (M). A p-value <0.05 (bold) indicates a statistically significant dif-
ference. Abbreviations: MM: male median; FM: female median; DL95: lower
95% confidence interval boundary for the difference between male and female
medians; DU95: upper 95% confidence interval boundary.

P MM FM DL95 DU95
rigidity 0.0 -1.87 -0.71 -0.15 0.35
rigidity_on 0.026 —0.66 —0.90 —-0.32 —0.005
fampd_new 0.0 0.40 0.18 —0.12 0.05
scopa_gi 0.431 -0.14 —0.02 —0.08 0.07
scopa 0.578 0.09 —0.002 —0.04 0.04
age 0.00 -0.11 —0.06 —0.03 0.07
sft 0.011 0.20 0.004 —0.03 0.02
SNCA rs356181 0.0 —0.08 0.0 -0.10 —0.04
SDMTOTAL 0.0 —0.09 0.03 —0.04 0.02
scopa_ur 0.0 0.01 0.09 —0.02 0.02
VLTFRUIT 0.001 0.02 —0.03 —0.01 0.03

and individuals with PD by using heterogeneous data encompassing
demographic, genetic, biological, and clinical information related to
both motor and non-motor features (cf. Section 2.3).

Figs. 1, 2 show that the most predictive feature for both females and
males is the total rigidity score during OFF phase treatment, followed by
the total rigidity score during ON phase treatment. Muscle rigidity is a
prevalent symptom among PD patients, persisting from the disease onset
through its progression [37,38]. Research indicates that males often
exhibit more pronounced rigidity, while females tend to display
increased postural instability and susceptibility to levodopa-induced
dyskinesia [39,15,40,41]. However, these findings do not diminish the
importance of rigidity in predicting PD in females; they merely under-
score its higher prevalence in males. The existing literature does not
explicitly investigate whether rigidity significantly contributes to PD
prediction when stratified by sex. Our model addresses this gap. Our ML
analysis suggests, indeed, that rigidity is a significant predictor for males
(Figs. 1, 2). In addition, the SHAP value for males is significantly higher
than that for females (Table 4), suggesting that the rigidity and rigid-
ity_on may be more predictive factors in determining the risk of PD in
males than in females. Overall these results align with the literature
emphasis on rigidity prominence in males. Nonetheless, the ML analysis
also underscores rigidity importance in predicting PD in females,
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Fig. 3. Interactions among the key features and all other features.

representing a novel insight with respect to current literature.

In terms of SHAP analysis (Fig. 1), rigidity consistently demonstrates
a polarized distribution for both sexes, with low values indicating a
healthy condition and high values suggesting disease. This observation
corroborates existing literature [39,41] and underscores rigidity clinical
significance as a pivotal motor symptom, making it a valuable diagnostic
marker for both males and females.

The ML model also identified the tests for autonomic dysfunctions
(scopa scores in Table 1), as highly significant for predicting PD pro-
gression in both females and males, albeit with notable differences (see
Figs. 1, 2). Specifically, the score associated with gastrointestinal
symptoms (scopa_gi) emerges as influential for both females and males.
The comprehensive score evaluating gastrointestinal, urinary, cardio-
vascular, thermoregulatory, pupillomotor, and sexual dysfunctions
(scopa) holds greater importance for males. Additionally, the scores
related to urinary dysfunctions (scopa_ur) are crucial for females but not
as much for males. The difference in the SHAP values for scopa_gi and
scopa is not statistically significant between the two groups, whereas is
statistically significant for scopa_ur (Table 4).

Although explicit studies measuring the importance of these features
in predicting PD with sex stratification are lacking, contextualizing the
findings of our ML analysis within existing literature exploring sex dif-
ferences in the scoring of these tests is possible. According to existing
research, females tend to exhibit higher autonomic dysfunction scores
[42], whereas males demonstrate higher rates of gastrointestinal
symptoms [43] and urinary issues [44]. For instance, in terms of
gastrointestinal symptoms, studies have shown that stool samples from
female PD patients exhibit elevated levels of various immunological and
angiogenesis mediators associated with the illness, while those from
male patients do not significantly differ from controls [45]. Addition-
ally, while male PD patients are more prone to severe drooling, female
patients are more likely to develop significant dysphagia [46,47].

These findings do not undermine the importance of gastrointestinal
and urinary deficits in predicting PD in females; rather, they highlight
the higher prevalence of these symptoms in males. Despite scoring lower
compared to males, the ML analysis underlines the significance of these
features as predictors for females. This outcome presents a novel insight



G. Angelini et al.

compared to existing literature and suggests a need to be more cautious
in linking higher scoring values with greater feature importance. Likely,
various factors contribute to this perspective, recognizing the
complexity of sex-specific manifestations in PD and the necessity for
nuanced interpretations of autonomic dysfunction markers in both
sexes. Our examination of these diverse autonomic features contributes
to a more nuanced comprehension of the sex-specific manifestations of
PD, illuminating the intricate interplay between autonomic dysfunction
and disease outcomes in both males and females.

According to the feature importance algorithm, the presence of a
family history of disease (fampd_new) tends to increase the likelihood of
developing PD for both males and females (refer to Fig. 1). The model
indicates that the effect of family history is significantly higher for males
compared to females (refer to Fig. 2 and Table 4). This finding appears to
diverge from the literature, which has not identified significant differ-
ences between the sexes concerning this feature [48]. Therefore, it
would be beneficial to conduct further analyses to explore this incon-
sistency between the ML model results and those documented in the
literature, aiming to gain deeper insights into the role of family history
of disease in the context of PD.

The model identifies age as a significant predictor for PD in both
males and females. Specifically, advancing age is correlated with a
higher probability of developing the disease (see Fig. 1). However, the
SHAP values for males are significantly higher than those for females,
indicating that older age may exert a stronger predictive influence on PD
risk in males than in females (see Fig. 2 and Table 4). These findings
partially align with the existing literature. Some studies suggest no sex
disparities among PD patients concerning age [48]. However, alterna-
tive evidence indicates that females tend to develop the disease at a later
age, with longer disease duration observed at the time of their initial
UPDRS-III assessment [30]. Females typically experience the illness later
in life, display longer-lasting symptoms, and undergo their initial PD
assessment at an older age [20,49,21,22]. Hence, the SHAP values
derived from our model corroborate literature findings, confirming that
age is a significant predictor of disease development. However, a
discrepancy arises between the ML model results and those of the
literature regarding sex differences. While the literature emphasizes that
females with PD usually have a higher age, the ML model indicates a
more pronounced impact of age in males compared to females. This
contrast suggests that age may hold varying importance in the context of
PD, depending on factors like the studied population or patients’ level of
education. Therefore, given these factors and the fact that some studies
do not emphasize significant differences between males and females
with PD concerning age, further exploration of the significance of this
feature in PD is necessary. This exploration should consider sex differ-
ences and include a detailed examination of the interactions among
various factors influencing the disease development and progression.

Our analysis further suggests that scores obtained from the Semantic
Verbal Fluency Test (sft) could be crucial in predicting PD, particularly
among males. In contrast, for the female cohort, only the test evaluating
fruit semantics (VLTFRUIT) seems to have some significance, albeit with
a relatively minor impact (see Figs. 1 and 2). These findings partially
align with the literature emphasis on the prominence of fluency tests in
females [50,51]. However, our ML analysis also underscores the
importance of sft in predicting PD in males, representing a novel insight
compared to the current literature. Further analyses would be beneficial
to gain deeper understanding into the role of these tests in the context of
PD stratified by sex.

The analysis of feature importance conducted through the ML model
indicates that cognitive assessments (SDMTOTAL), influence the diag-
nosis of PD in both males and females (Fig. 1). The effect of SDMTOTAL
is significantly higher for males compared to females (Fig. 2 and
Table 4). This result agrees with literature [15,52] and, in general, aligns
with data on cognitive distinctions between males and females, as dis-
cussed below (Section 4.2).

Finally, our model indicates that the specific variant SNCA-rs356181
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of the alpha-synuclein gene SNCA may hold greater significance in
characterizing PD among males compared to females. This result rep-
resents a model prediction since, although there is evidence suggesting
that certain genetic variants may interact with sex-related factors to
influence PD risk and progression [53,54], comprehensive in-
vestigations into the sex-specific effects of SNCA-rs356181 are lacking.
It’s essential to recognize that the influence of SNCA-rs356181 on PD
manifestation may vary depending on factors such as the demographics
of the study population, research methodologies employed, and other
genetic or environmental variables. Therefore, further research is
indispensable to ascertain whether SNCA-rs356181 indeed plays a more
prominent role in characterizing PD in males compared to females. In
broader terms, future studies elucidating the intricate interplay between
genetic components, sex-specific disparities, and various PD phenotypes
are pivotal for enhancing our comprehension of the disease and devising
personalized treatment strategies. Such endeavors may entail large-scale
genetic analyses, functional assessments, and in-depth explorations into
the molecular mechanisms underlying sex-specific discrepancies in PD
[13,37,55].

Features interaction (Fig. 3) shows that for females, the level of ri-
gidity in the OFF condition (rigidity) strongly interacts with the level of
rigidity in the ON condition (rigidity_on). Additionally, there are other
interactions, albeit of lesser intensity but still relevant, between rigidity
and rigidity_on and the scopa_gi. Age interacts with various tests for
autonomic dysfunctions, as well as with rigidity and certain cognitive
assessment tests. Furthermore, there is some interaction observed be-
tween VLTFRUIT, rigidity_on, and scopa_gi.

The level of rigidity strongly interacts with the level of rigidity_on,
even among males. Additionally, there are other interactions, though of
lesser intensity yet still relevant, between rigidity and autonomic dys-
functions tests, as well as with sft. Familiarity also interacts with rigid-
ity. Like for females, even for males age interacts with various tests for
autonomic dysfunctions, with rigidity, and with certain cognitive
assessment tests. However, in males, age also interacts with family
history and with tests investigating compulsive behavior and with race.
Furthermore, SNCA-rs356181 interacts with age, family history, and
rigidity.

These interactions could be partially explained by existing literature.
For instance, the notable correlation between age and certain charac-
teristics in males is consistent with established data showing that males
are more prone to developing PD at an earlier age, whereas females
typically experience the onset of the illness later in life, endure pro-
longed symptoms, and undergo their initial PD assessment at an
advanced age [20,49,21,22]. However, there is still a lack of literature
investigating the complex interplay of various features in defining PD
based on sex. Consequently, the model results suggest the need for
further exploration.

Interestingly, the analysis of feature interaction reveals a notable
distinction: there exists more interactions among features in males as
opposed to females, as illustrated in Fig. 3. The female group exhibits a
decreased number of interactions between features; however, the in-
teractions present are notably stronger compared to those in males (refer
to the heatmap ranges for both groups). This discovery aligns with
existing literature that underscores the neurobiological differences in
brain structure, function, and neurotransmitter systems between the
sexes [56,57]. Fig. 3 provides additional clarity by highlighting the
increased significance of studying these interactions in males for pre-
dicting PD. The heightened feature interactions observed in males may
suggest unique patterns of disease-related biomarkers or alterations in
neural circuitry specific to Parkinsonian males when compared to fe-
males. These disparities could offer valuable insights into the patho-
physiology of PD and potentially guide the development of sex-specific
diagnostic and therapeutic approaches.
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4.2. Literature on sex difference in PD

Table 5 presents a summary of the main scientific literature inves-
tigating sex differences in PD.

In recent years, investigations have brought to light various sex
differences in the PD characteristics [15,17]. Males generally show a
higher likelihood of developing PD, with females experiencing the
illness later in life, exhibiting longer-lasting symptoms, and undergoing
their initial PD assessment at an older age [20,49,21,22]. The influence
of estrogen on dopaminergic neurons is suggested as a potential cause
for the clinical and cognitive differences between sex in PD
[63,23,64,65]. Differences for serum UA levels report males having
higher levels associated with slower disease progression [66]. Recent
research, however, indicates that high UA levels reduce PD risk in both
sexes [67]. Males also tend to have higher UA levels, suggesting a po-
tential protective effect.

Some studies emphasize comparable age-related differences between
females and males with PD. Middle-aged individuals with PD exhibit
lower motor scores despite having a disease duration similar to those
with an onset at an older age. However, additional evidence indicates
that females tend to experience a later onset of the disease and present
with higher age and disease duration at the initial assessment
[62,68,69,21].

PD patients exhibit distinct clinical phenotypes based on their sex
[15,35]. Several studies have investigated the variation in frequency and
severity of motor symptoms across sex in relation to PD [15]. While
extensive evidence suggests a potentially milder and slower progression
of PD in females, other studies indicate that females are more prone than

Table 5

Main literature supporting sex-based differences in PD. None of the articles
explicitly outline a feature importance analysis as addressed in this article. The
most important predictive features of PD in sex stratification identified by our
ML algorithm are highlighted in bold.

Feature Sex-based difference Reference

urate M higher serum UA levels are [19]
associated with a slower disease
progression of PD

M worse in verbal, letter, and [58]
category fluency tests, F worse in
visuospatial abilities

hvlt_discrimination

scopa_gi M higher scores [43]
scopa_ur M higher scores [44]
scopa_cog F better performance [59]
scopa F higher scores [42]
HVLTFPRL F higher performances in memory, [42]
executive functions (Semantic
fluency)
rigidity M more advanced rigidity, and F [39,15,40,41]
more instability and a tendency
towards increased levodopa-
induced dyskinesia
SDMTOTAL M more rapid progression of [15,52]
cognitive decline in processing
speed
HVLTRDLY M worse performance than F in [42,51,60]
delayed recall
HVLTREC No sex differences [51,60]
bjlot M better performance [61,51]
gds_cat No sex differences [48]
sft F higher scores [50,51]
fampd_new No sex differences [48]
educ No sex differences [48]
age Some studies find no sex [20,62,30,49,48,21,22]
disparities in PD patients.
However, other evidence suggests
F have later disease onset and
higher age and disease duration
when first assessed with UPDRS-
111
race No sex differences [48]

Journal of the Neurological Sciences 462 (2024) 123091

males to experience postural instability [15] and motor issues, including
levodopa-induced dyskinesia [39,61,70,71] and the “wearing-off” phe-
nomenon [40,35]. Tremor often serves as the initial presenting symptom
in females [39,41,38,25], while other motor signs tend to manifest later
[37,40]. Additionally, recent observations indicate that males are more
prone than females to encounter issues such as drooling, sexual
dysfunction, urinary problems, and excessive daytime drowsiness
[72,14].

Several studies have investigated the correlation between sex and the
prevalence of non-motor symptoms in individuals with PD [73,38,35].
Females with PD show pronounced fatigue, sadness, restless legs, con-
stipation, discomfort, loss of taste or smell, weight fluctuations, and
increased perspiration compared to their male counterparts [15,74].
Furthermore, they are more prone to experiencing anxiety and depres-
sion [75,76,77]. Additionally, pain emerges as one of the most prevalent
non-motor symptoms of PD, with females consistently reporting a higher
frequency of this symptom than males [77,78,79]. Contrary to this
pattern, other literature presents conflicting findings regarding cogni-
tive impairment. While the majority of studies reveal no significant
distinctions between males and females in this aspect
[75,80,38,74,81,82,83], some studies suggest that males are more likely
than females to experience cognitive impairment [77,48,35,78].
Conversely, other research argues in favor of females exhibiting cogni-
tive impairment [76]. Supporting these findings, male PD patients have
been observed to undergo more significant brain atrophy and structural
connection disruption than their female counterparts, indicating that
males may experience more severe neurodegeneration at the onset of the
illness [72,84]. Female patients with PD demonstrate diminished vi-
suospatial function but obtain good scores in verbal fluency tests
(SDMTOTAL), and the Montreal Cognitive Assessment scale (MOCA)
compared to male patients with PD [15,52]. Notably, females exhibit
superior cognitive functioning, evident through their exceptional per-
formance on assessments such as the HVLT [42,60] and the Scales for
Outcomes in Parkinson’s Disease-Cognition (SCOPA-COG) [59].
Conversely, males often display poorer performances on tests measuring
verbal, letter, and category fluency [60], Hopkins Verbal Learning Test -
Discrimination (hvlt_discrimination), Hopkins Verbal Learning Test -
Delayed Recall (HVLTRDLY), and the Semantic Fluency Task (sft),
where female PD patients typically achieve higher scores [50,51].
However, results from the Benton Judgment of Line Orientation Test
(bjlot) indicate significantly better performance among males compared
to females [61,51], aligning with the observed weaker visuospatial
abilities of females in the Hopkins Verbal Learning Tests-Discrimination
(hvlt_discrimination). Regarding mental health assessment, no signifi-
cant sex disparities were found in the Geriatric Depression Scale (GDS)
scores [48]. Family history, education, age, and race did not exhibit
significant sex differences in PD according to recent literature [48].

The literature on sex differences in PD does not explicitly explore an
analysis of feature importance in the manner discussed in this article.
Here we underline that it is crucial to differentiate between scoring
differences and the actual importance of features. For example, if
research indicates that a certain feature scores higher in males compared
to females, it does not necessarily imply that the feature lacks impor-
tance in characterizing PD in females. This finding does not diminish the
significance of the feature in predicting PD in females; it simply em-
phasizes its lower prevalence in this group.

As of our current understanding, there is a lack of direct investigation
into the most crucial features for characterizing PD diagnosis based on
sex differences, with the meaning discussed in this article. Several fac-
tors may hide the importance of a feature for a particular sex. For
instance, different scoring scales may be necessary for males and females
for the same test, or the interaction between different features may need
consideration. Our ML analysis allows us to clarify these underlying
factors, emphasizing the importance of a feature not only through
scoring but also by considering other aspects, such as interactions
among features. This insight holds considerable potential for
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personalized medicine, suggesting the need to tailor data collection
methods for males and females to enhance diagnostic and therapeutic
outcomes. Despite this, Table 5 and the accompanying discussion on sex
differences in literature presented in this subsection, serve as valuable
reference points. They enable us to contextualize the findings of our
model within the established body of knowledge. Indeed, as discussed
earlier (Section 4.1), we found a certain alignment between the analysis
of feature importance conducted by our model and the literature sum-
marized in Table 5.

4.3. The route to integrate sex-based biomarkers into current clinical
practice

Integrating sex-specific biomarkers for PD diagnosis into current
clinical practice is essential for improving patient care and advancing
personalized medicine in neurology. The study highlights significant
differences in PD development and manifestation between males and
females, underscoring the importance of tailoring diagnostic approaches
accordingly. To begin with, educating healthcare professionals about
these sex-specific biomarkers is paramount. This action involves raising
awareness about the differences in PD presentation and progression
between sexes and emphasizing the role of biomarkers in accurately
diagnosing and treating the disease.

Updating diagnostic guidelines is another crucial step. Collaborating
with medical associations and organizations to incorporate sex-specific
biomarkers into these guidelines ensures that healthcare providers
have clear guidance on which assessments to prioritize and how to
interpret their results in the context of sex differences. Incorporating
biomarker testing into routine PD diagnostic protocols is a practical
approach. By including specific sex-based assessments for muscle ri-
gidity, autonomic function, cognitive abilities, and family history, as
identified in this article, clinicians can gather more comprehensive data
to inform their diagnostic decisions. Tailoring treatment plans based on
sex-specific biomarker results is essential for optimizing patient care.
For instance, if some biomarkers indicate a higher risk or different
progression pattern in males, treatment strategies can be tuned
accordingly to address these needs.

Enhancing patient education is also crucial in this process. Educating
patients about the significance of sex-specific biomarkers empowers
them to advocate for comprehensive assessments and personalized care
based on their characteristics, ultimately improving their treatment
outcomes. Furthermore, fostering ongoing research and development in
this area is essential. The exploration of sex-specific biomarkers for PD
and refinement of existing ones will contribute to improving diagnostic
accuracy and informing tailored treatment approaches in the future.

5. Conclusions and future works

This study sheds light on crucial sex-specific variations in PD,
unraveling distinctive clinical phenotypes and manifestation patterns.
Four main aspects distinguish our ML-based approach. Firstly, results
obtained through the ML model reveal that muscle rigidity symptoms,
autonomic features, cognitive assessments, and family history emerge as
pivotal contributors to PD diagnosis, with acknowledged variations
between sexes. Moreover, the specific genetic variant SNCA-rs356181
may hold greater significance in characterizing PD among males
compared to females. These results largely align with existing literature
on sex differences in PD, underscoring the necessity for deeper empirical
investigations, especially in cases with partial contrasts with existing
literature. Validation of literature data emphasizes the clinical relevance
of the model results, offering direction for future research and person-
alized diagnostic strategies.

Secondly, literature on sex differences in PD does not explicitly delve
into the importance of features as proposed by our ML approach. It is
crucial to differentiate between scoring differences and the actual
importance of features: if a certain feature scores lower in, for example,
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males compared to females, it does not necessarily imply that the feature
lacks importance in characterizing PD in males. It simply emphasizes its
lower prevalence in this group. Indeed, several factors may hide the
importance of a feature for a particular sex. For instance, different
scoring scales may be necessary for males and females for the same test,
or the interaction between different features may need consideration.
Our ML analysis elucidates these underlying factors, emphasizing the
significance of a feature while considering its score as one aspect among
others in determining its impact. This insight holds considerable po-
tential for personalized medicine, suggesting the need to tailor data
collection methods for males and females to enhance diagnostic and
therapeutic outcomes.

Thirdly, we adopt a system-level approach, integrating heteroge-
neous data from clinical, imaging, genetics, and demographics, and
investigating on their interactions to better understand the complexity
of PD and potentially identify novel biomarkers related to both motor
and non-motor symptoms for diagnosis and prognosis [7,13].

Finally, we utilize an explainable ML approach to uncover patterns
and relationships within the data, shedding light on the distinct features
defining PD in females and males. An explainable ML algorithm provides
clear and understandable explanations about how it reached a result
[29,30]. This transparency helps humans, especially non-ML experts,
grasp the reasoning behind the model decisions, fostering trust and
facilitating interpretation of complex ML outcomes. In this way, it could
impact usability, clarity, and real translational research.

Although previous studies have reviewed the use of ML in the
diagnosis and assessment of PD, they were limited to the analysis of
motor symptoms (tremor, rigidity, and bradykinesia), and only a few
studies focused on non-motor symptoms [85,86,87]. By recognizing and
addressing sex disparities through explainable ML techniques, health-
care professionals can tailor interventions to facilitate early diagnosis
and effective disease management, thereby improving outcomes for
both male and female patients.

Despite these results, our proposed approach stands to benefit from
further refinement through future research endeavors. One area that
requires attention is the need to enhance the sex balance within our
datasets by increasing the number of both male and female participants.

Additionally, it’s important to note that the analyzed PPMI dataset
comprises both idiopathic and genetic forms of PD. Justifying our results
becomes challenging considering the division of patients into genetic
and non-genetic forms. The inclusion of a mixed population could
introduce additional variability in the data, potentially affecting the
generalizability of the findings. While the study aims to identify sex-
specific patterns within this heterogeneous dataset, it’s essential to
acknowledge that different subtypes may display distinct clinical char-
acteristics. Further investigations are necessary to analyze these dis-
tinctions to utilize our proposed method for studying different PD
cohorts. Achieving a more balanced representation entails expanding
beyond the confines of the PPMI cohort, which predominantly com-
prises individuals from North America. It is imperative to incorporate
cohorts from diverse regions such as Europe and Asia to foster a broader
and more inclusive dataset.

Another limitation of our study may lie in our model ability to only
differentiate between healthy controls and PD patients. Future research
could benefit from a more targeted exploration of specific subtypes to
enhance the precision and applicability of sex-based analyses in PD that
consider the unique characteristics of each individual. Future work
should also consider the potential influence of lifestyle factors and dis-
ease progression over time on the manifestation and diagnosis of PD
[13]. Incorporating longitudinal data and lifestyle variables such as diet,
physical activity, and environmental exposures into our ML model might
enhance its predictive accuracy and clinical relevance. By tracking
changes in these variables over time, researchers can better understand
how lifestyle factors interact with genetic predispositions and other risk
factors to influence disease onset and progression in females and males
[88]. This approach could also help to identify critical periods where
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interventions might be most effective, leading to more personalized and
proactive disease management strategies.

All these actions could allow us to capture a richer spectrum of
populations encompassing different geographical regions, ethnicities,
and socio-cultural backgrounds. This diversification not only improves
the robustness and reliability of our findings but also increases their
applicability across a wide array of real-world scenarios and
populations.
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