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Purpose: To perform a pilot study aiming at evaluating whether machine learning could be a useful model to evaluate semen
analysis, improving the diagnostic work-up of male partner of infertile couples.

Materials and Methods: A retrospective observational study was conducted using real-world data on male evaluated in rou-
tine andrological clinical practice at two ltalian tertiary centers. The study utilized two distinct datasets: the first (UNIROMA)
encompassed three distinct variables, including semen analysis, sex hormones, and testicular ultrasound parameters. The
second dataset (UNIMORE) was constructed incorporating semen analysis, sex hormones, biochemical examinations, and
parameters related to environmental pollution. The XGBoost analysis, as part of machine learning techniques, was applied
separately to each dataset, as the two datasets did not share a significant overlap in terms of variables.

Results: The UNIROMA dataset comprised 2,334 male subjects. The XGBoost analysis exhibited the highest accuracy (area
under the curve [AUC], 0.987) in predicting patients with azoospermia compared to other categories. Remarkably, our analy-
sis revealed that among the most influential predictive variables, follicle-stimulating hormone serum levels (F-score=492.0),
inhibin B serum levels (F-score=261), and bitesticular volume (F-score=253.0) stood out. The UNIMORE dataset consisted
of 11,981 records. The XGBoost analysis demonstrated a good predictive accuracy (AUC, 0.668), especially for identifying
the azoospermia group. Notably, the most crucial predictive variables were environmental pollution parameters (PM10, F-
score=361; NO,, F-score=299) and biochemical data (white blood cells, F-score=326; red blood cells, F-score=299).
Conclusions: This pilot study applies machine learning to two extensive datasets, suggesting that changes in semen analysis may
be linked to other variables, such as testicular ultrasound characteristics, red blood cell count, and environmental pollution.
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INTRODUCTION

Couple infertility is a worldwide clinical challenge,
affecting at least 15% of couples attempting to conceive
through unprotected sexual intercourse [1]. In this con-
text, the male partner contributes to approximately
50% of all cases [2]. Despite significant advancements
in the diagnostic work-up of male infertility [3], around
40% of infertile men remain have unexplained etiology,
forming the group known as male idiopathic infertil-
ity [4]. This cohort of men represents an intriguing
epidemiological group that should be further engaged
in specific clinical trials. Given the unknown poten-
tial etiological factors in idiopathic infertility, specific
treatments have not yet been established. Consequent-
ly, various empirical attempts, both hormonal and non-
hormonal treatments, have been applied, albeit with
concerning results for current clinical applications [5-9].
However, the low success rates reported in the litera-
ture for these empirical treatments may be attributed
to the significant heterogeneity among men falling un-
der the definition of male idiopathic infertility. Indeed,
given the lack of knowledge, male idiopathic infertility
necessarily includes men with infertility due to dif-
ferent, yet undiagnosed, causes, which underscores the
need for further diagnostic development.

Recently, we employed machine learning algorithms
to analyze a comprehensive andrological dataset. This
groundbreaking effort revealed, for the first time, a
significant, yet previously hidden, connection between
hematological and semen parameters. This discovery
suggests potential intra-individual links that could
provide valuable insights into male infertility [10]. This
success serves as a prime example of how artificial
intelligence can be harnessed to advance our under-
standing of the factors contributing to male infertility
[11,12]. Machine learning, a subfield of artificial intelli-
gence, 1s instrumental in identifying latent connections
between input and output variables to develop auto-
mated algorithms [13,14]. This approach is founded on
computer-based statistics and self-learning, utilizing al-
gorithms to predict relationships among a multitude of
concurrently analyzed variables [15]. These algorithms
evolve, becoming 'adaptive' systems as they learn from
increasingly extensive datasets, enabling them to
handle vast quantities of information and illuminate
previously uncharted territories, including challeng-
ing conditions such as male infertility [16]. Machine

2  wwwwjmh.org

he World Journal of

MEN's HEALTH

learning has found applications across various domains
within andrology, ranging from initial semen analysis
to facilitating clinical decision-making [14]. However,
the full clinical implementation of these algorithms
is still on the horizon. The true value of applying ar-
tificial intelligence in male infertility lies in the gen-
eration of high-quality evidence, the aggregation of
copious amounts of data through diverse approaches,
the establishment of interconnected networks, and the
potential to reshape medical practice [14]. Consequently,
the enigmatic realm of male idiopathic infertility rep-
resents a fertile ground for the application of artificial
intelligence. This pursuit aims to identify potential
subgroups among infertile men. Such a discovery could
prove immensely beneficial for future clinical develop-
ment, as each subgroup of infertile men might receive
tailored, and possibly highly effective, therapies.

With these in mind, the present study was designed
to implement machine learning in a big data model. In
particular, this pilot study was designed with the aim
at evaluating whether machine learning could be a
useful model to evaluate semen analysis, improving the
diagnostic work-up of male partner of infertile couples.
It involved the analysis of two extensive datasets con-
taining parameters from two tertiary Italian centers,
encompassing semen analysis. Given that semen analy-
sis remains the gold standard for assessing male fertil-
ity, it was chosen as the foundation for generating big
data to be processed by machine learning algorithms.

MATERIALS AND METHODS

1. Study design

A retrospective, observational pilot study based on
real-world data collected during routine andrological
clinical practice was carried out in two Italian tertiary
centers. The institutional review board of the Azienda
Ospedaliero-Universitaria of Modena approved the
study conduction (protocol number 2400P).

The first dataset was created considering patients re-
ferred for testicular ultrasound at University of Rome
(Italy) (UNIROMA) and who performed at least one
conventional semen analysis, from 2005 to 2019. The
second dataset was created considering all semen anal-
yses performed at University of Modena and Reggio
Emilia (Ttaly) (UNIMORE), from January 2010 to De-
cember 2022, regardless of the reason for testing, which
ranged from routine screening to infertility evaluation
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in couples.

In order to avoid false positive results due to im-
proper sample size [17] or selection biases of potentially
informative predictors [18], the study design did not
foresee any patients’ exclusion criteria for enrollment.
Thus, men enrolled in the study were either infertile,
fertile or with unknown infertility status, undergoing
seminal examinations for any clinical reason.

All semen samples were collected within hospital at
room temperature. Semen analyses were performed
according to the World Health Organization (WHO)
manual edition used by the laboratory at the time of
semen collection. In particular, the UNIROMA semen
analyses were evaluated using the WHO manual IV
edition until 2010 and the V edition for the following
years. Otherwise, UNIMORE used the WHO manual V
edition until 2021 and the VI edition for the last year
of observation.

2. Datasets creation
Two large datasets were built.
The first one (UNIROMA dataset) collected three dif-

ferent categories of variables for each man: (1) semen

Table 1. Parameters included in the two datasets considered
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analysis, (2) sex hormones, and (3) testicular ultrasound
parameters (Table 1). Among all patients evaluated at
University of Rome, only patients with all three vari-
ables available were included in the final dataset. Part
of the data was previously reported [19].

The second dataset (UNIMORE dataset) included all
laboratory examinations performed in the Province
of Modena, which currently accounted for more than
700,000 inhabitants. Table 1 reported the variables
included in the UNIMORE dataset, divided in four dif-
ferent categories: (1) semen analysis, (2) hormonal data,
(3) biochemical examinations, and (4) environmental
pollution related parameters. The latter were intro-
duced to increase the knowledge of potential influenc-
ing factors on semen parameters. These data are pub-
licly available at https://datiarpae.it/dataset/qualita-
dell-aria-rete-di-monitoraggio. The description of the
geo-localization process was previously reported [20,21].
Environmental data were collected daily from various
stations located across different sites in the Province of
Modena. These data were sent to the Data Processing
Centre of the Emilia-Romagna Environmental Protec-
tion Agency (ARPA), which managed the entire moni-

UNIROMA dataset

UNIMORE dataset

Anthropometrical variables Age (years)

Residential address

Days of abstinence

Semen volume (mL)

Semen pH

Total sperm number (million)
Sperm concentration (million/mL)
Sperm progressive motility (%)
Normal forms (%)

Abnormal forms (%)

Leucocytes (million/mL)

Total testosterone (ng/mL)
Bioavailable testosterone (nmol/L)
Free testosterone (nmol/L)

FSH (IU/L)

LH (1U/L)

Estradiol (pg/mL)

SHBG (nmol/L)

Inhibin B (pg/mL)

Semen analysis

Hormonal examinations

Age (years)

Residential address

Days of abstinence

Semen volume (mL)

Semen pH

Total sperm number (million)
Sperm concentration (million/mL)
Sperm progressive motility (%)
Normal forms (%)

Abnormal forms (%)
Leucocytes (million/mL)

Total testosterone (ng/mL)

FSH (1U/L)
LH (IU/L)
Estradiol (pg/mL)

PSA (ng/mL)
TSH (microlU/mL)
fT3 (pg/mL)
fT4 (pg/mL)
Prolactin (ng/mL)

www.wjmh.org 3
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Table 1. Continued

UNIROMA dataset UNIMORE dataset

Biochemical examinations Red blood cells (millions/mm’)
Hematocrit (%)
Red cell distribution width (cv%)
Mean corpuscular volume (fl)
Hemoglobin (g/dL)
Mean corpuscular hemoglobin (pg)
Mean corpuscular hemoglobin concentration (g/dL)
White blood cells (10*/mm®)
Neutrophil granulocytes (10°/mm’)
Basophilic granulocytes (10°/mm?)
Eosinophil granulocytes (10°/mm?)
Lymphocytes (10°/mm’)
Monocytes (10*/mm?)
Platelets (10°/mm?)
Mean platelet volume (fl)
VES (mm)
C-reactive protein (mg/dL)
Alanine transaminase (U/L)
Aspartate transaminase (U/L)
Total bilirubin (mg/dL)
Fractioned bilirubin (mg/dL)
Gamma-glutamyl transferase (GGT) (U/L)
Alkaline phosphatase (U/L)
Creatinine (mg/dL)
Urea (mg/dL)
Uric acid (mg/dL)
Sodium (mEq/L)
Potassium (mEgq/L)
Glucose (mg/dL)
Glycated hemoglobin (%)
Total cholesterol (mg/dL)
HDL cholesterol (mg/dL)
LDL cholesterol (mg/dL)
Triglycerides (mg/dL)

Testicular ultrasound Right testicular volume (mL)
Left testicular volume (mL)
Bitesticular volume (mL)
Asymmetry
Score_text (echotexture)
Score_reflect (echogenicity)
Score_micro (microlithiasis)
Left varicocele
Right varicocele
Score varicocele
Bilateral varicocele
Lesions
Environmental pollution PM10
PM2.5
0,
NO,
The first collected at the University of Rome ‘La Sapienza’ (UNIROMA dataset), the second at the University of Modena and Reggio Emilia (UNIMORE
dataset).
FSH: follicle-stimulating hormone, LH: luteinizing hormone, SHBG: sex hormone-binding globulin, PSA: prostate-specific antigen, TSH: thyroid-stimulat-
ing hormone, VES: erythrocyte sedimentation rate, HDL: high-density lipoprotein, LDL: low-density lipoprotein, NO: nitric oxide; PM: particulate matter.
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toring network. From these databases, environmental
parameters (e.g., PM10, O, NO,, and NO) recorded dur-
ing the 30 and 90 days preceding the semen analysis
were included in the dataset as mean values. The sites
for environmental data collection were separately reg-
istered based on their geographical distribution. These
data were then linked to each patient by identifying
the station closest to their residential address.

3. Statistical analysis

Statistical analyses were performed considering each
dataset alone, since the two datasets did not match for
most variables.

The first step provided the bivariate correlation
analysis, including all variables available in each da-
taset. After evaluation of continuous data distribution,
correlation analyses were performed by Pearson or
Rho’s Spearman, according to normal or not normal
data distribution, respectively. A strong correlation
between two variables was defined when coefficient of
correlation was higher than 0.75.

The second step consisted of the application of prin-
cipal component analysis (PCA), to analyze the dataset
with a large number of features, reducing it to a small-
er number through a decomposition in a space of re-
duced dimensions and a noise component. This method
allowed an overview of data of which correlation is not
known, in order to simplify the graphical representa-
tion of the clusters [22]. PCA were applied including all
parameters available for each dataset.

The third step was the detection of potential pre-
dictors of semen analysis alteration. To this purpose,
machine learning was performed using the eXtreme
Gradient Boosting (XGBoost) technique [23]. XGBoost
is a powerful algorithm, part of the ensemble methods
that obtain an accurate classifier starting from poorly
skilled models gradually made more and more efficient.
It could also capture non-linear patterns and apply
regularization methods to avoid overfitting. The selec-
tion of XGBoost among potential available algorithm
was performed after performing other classifiers (e.g.,
deep neural network) and considering the characteris-
tics of datasets collected. Indeed, XGBoost fitted with
specific scenario, in which was requested high level of
accuracy, large datasets, highly scalable, high variety
of feature types, and adaptation to unbalanced classes.
The XGBoost pre-processing step included a normaliza-
tion for numeric variables and an encoding for categor-
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ical ones. In both cases an Imputer was provided to fill
any missing values with the closest neighbor value, in
case of numerical features, and with the most frequent
value in case of categorical features. For the training
pipeline, a 5-fold cross-validation and a randomized fine
tuning of some of the hyper-parameters typical of an
XGBoost classifier were used randomly selected data
within datasets. Before application, the entire dataset
was divided in three classes, according to semen analy-
sis characteristics. In particular, we defined subjects
with normozoospermia, when sperm concentration,
progressive and total sperm motility and normal mor-
phology were above the 5th centile suggested by WHO.
The second group was formed by subjects with altered
semen analysis parameters. This group included all
men with sperm concentration, sperm motility and
sperm morphology below the 5th centile suggested by
WHO manual edition used when the semen analysis
was performed. The third group consisted of men with
azoospermia (i.e, no sperms detectable at semen analy-
sis). To address the multi-class problem, which refers to
the task of classifying data into more than two classes,
both One versus Rest (OvR) and One versus One
(OvO) approaches were performed. These strategies
transformed a multi-class problem into a set of binary
problems, each characterized by the considered class as
opposed to the group comprising all the remaining ones
(OVR) or to each of the other classes, taken individu-
ally (OvO). Different subsets of starting features (cases)
are considered and an XGBoost classifier is trained to
predict the class that identifies the condition (target)
of a patient starting from the values assumed by these
features.

To XGBoost analysis, the relevance of each variable
was evaluated by feature importance. This is a statis-
tical approach technique used to determine the rela-
tive importance of each feature in a machine learning
model. The interpretation and calculation of feature
importance can vary depending on the model used. For
tree-based models like decision trees and random for-
ests, feature importance is typically calculated based
on how much each feature contributes to reducing
impurity or splitting the data. The importance was
measured by the total reduction in impurity or the
total decrease in the Gini index. The higher the value,
the more important the feature was considered to be in
making predictions. In XGBoost, which is also a tree-
based algorithm, feature importance in multi-class

www.wjmh.org 5
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classification models is generally calculated using dif-

nmn

ferent methods, such as the "weight," "gain," and "cover"
metrics. The "weight" metric, which has been used in
this work, represents the number of times a feature
appears in a tree across all boosting rounds. It consid-
ers both the number of times a feature is used to make
splits and the depth of those splits. Features that are
more frequently used for splits and have deeper splits
tend to have higher F scores, indicating their greater
importance in the model.

When machine learning was applied to identify cat-
egories of semen analysis alterations, the parameter
used for classifying male patients was excluded from
the analysis to avoid potential confounding results.

All calculations, data pre-processing, exploratory data
analysis, modeling and visualizations were performed
with ad hoc python scripts and Jupiter notebooks
(Linux Ubuntu 20.04.6 LTS [Focal Fossa], Python 3.10.11,
with support from OpenAl ChatGPT).

RESULTS

1. UNIROMA dataset

The UNIROMA dataset consisted of 2,334 male sub-
jects (Table 2). A first cleaning step was performed ap-
plying data frame reduction for numerical variables,
maintaining only those patients in which all three
categories of variables (Table 1) were reported. A total
of 1,036 subjects were considered (mean age 32.0+10.2
years). As expected, the main outcomes (i.e.,, semen
analysis parameters) showed a wide variability in the
entire cohort, ranging from azoospermia (subjects in
which no sperms have been detected) to potential nor-
mal fertility (subjects in which all semen parameters
were above WHO thresholds).

Data distribution was evaluated by qualitative nor-
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mality test, generating quantile-quantile plots for each
variable. Although several variables showed a normal
distribution, the vast majority did not follow a Gauss-
ian distribution (Supplement Fig. 1), thus non-paramet-
ric statistical analyses were applied.

2. Correlation analysis

Bivariate correlation analyses were performed con-
sidering each variable alone (Fig. 1). A strong correla-
tion (Rho>0.75) was detected among variables of the
same categories. Indeed, semen analysis parameters
showed a positive correlation only among each other
(Fig. 1). Similarly, hormonal analyses correlated with
each other, as well as ultrasound variables, as expected
(Fig. 1). This analysis did not highlight significant cor-
relations connecting semen parameters to either ultra-
sound or hormonal variables.

3. Clustering analysis

PCA analysis was applied to the final UNTROMA
dataset, showing that the first three clusters retained
more than 80% of data variability (Supplement Fig. 2).
Considering these three principal components and ap-
plying a linear clustering algorithm such as K-means,
a data separation has been obtained, although the
clustering quality was still poor, as suggested by the
silhouette plot (Supplement Fig. 3).

4. Machine learning analysis

Since conventional statistical analyses did not describe
potential associations among data, machine learning was
applied, using the supervised approach. The XGBoost
analysis showed an overall good predictive accuracy (area
under the curve [AUC], 0.950) (Fig. 2A). In particular, the
highest accuracy (AUC, 0.987) was detected to predict
patients with azoospermia compared to other classes in

Table 2. Semen analysis parameters in 2,334 male subjects evaluated in the UNIROMA dataset and in 8,095 subjects included in UNIMORE dataset

UNIROMA dataset

UNIMORE dataset

Days of abstinence

Semen volume (mL)

Sperm concentration (million/mL)
Total sperm number (millions)
Progressive sperm motility (%)
Typical forms (%)

Leucocyte number (million/mL)

4.00+1.00 (1.0, 7.0)
1.25+1.78 (0.5, 13.0)
17.56+42.32 (0.0, 600.0)
50.12+126.13
12.16+19.84 (0.0, 65.0)
6.70£11.12 (0.0, 47.0)
0.31£0.69 (0.0, 15.0)

3.00£1.50 (1.0, 9.0)
2.98+1.66 (0.4, 11.5)
161.64+199.88 (0.0, 3200.0)
58.29+68.34 (0.0, 900.0)
32.92+22.73 (0.0, 83.0)
5.10£10.45 (0.0, 100.0)
0.43+1.87 (0.0, 93.0)

0.0, 1980.0)

— o~ o~ o~ —~ —

Values are presented as meanzxstandard deviation (minimum and maximum).
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Heatmap of correlation matrix (Spearman)
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Fig. 1. Heat-map of correlation analyses performed by Rho's Spearman, considering the UNIROME dataset. Positive correlations are displayed in
red and negative correlations in blue color. Color intensity is proportional to the correlation coefficients. Statistical significant correlations are
reported as strong (S) when p<0.001, and moderate (M) when p<0.05. FSH: follicle-stimulating hormone, LH: luteinizing hormone. The red color

indicates a positive correlation, the blue a negative one.

OvR approach (Fig. 2B). The accuracy decreased to 0.907
at predicting subjects with altered semen analysis (Fig.
2B). Similarly, the OvO approach showed a good accura-
cy, although lowest levels were obtained when subjects
with altered semen parameters were compared to those
with normozoospermia in the OvO approach (AUC, 0.742)
(Fig. 2C). Interestingly, among the most relevant predic-
tive variables, our analysis showed follicle-stimulating
hormone (FSH) serum levels (F-score=4920), inhibin B
serum levels (F-score=261) and bitesticular volume (F-
score=253.0) (Fig. 3).

5. UNIMORE dataset

The UNIMORE dataset consisted of 11,981 records,
belonging to 8,095 subjects. Indeed, several patients
underwent semen analysis more than one time during
the time frame interval of datasets generation. Data
pre-processing consisted of the evaluation of data con-
sistency, removing outliers and missing data, obtaining
a total of 10,870 records (mean age 35.0£9.2 years). Out-
liers were identified by the machine learning approach,
defining outliers based on deviations from the majority
data distribution.

www.wjmh.org 7
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Fig. 2. Classification analysis performed with XGBoost analysis on UNIROMA dataset, subdividing subjects according to semen analysis and con-

sidering hormonal and testicular ultrasound data (A), applying the one vs. rest (OVvR) (B) and the one vs. one (OvO) (C) approaches. ROC: receiver
operating characteristic, AUC: area under the curve.

Several variables showed a normal distribution,
whereas the vast majority did not follow a Gaussian

distribution (Supplement Fig. 4).

6. Correlation analysis

Bivariate correlation analyses, considering each vari-

among variables within the same category (Fig. 4),
such as biochemical examination, semen analyses and

environmental parameters (Table 1). On the contrary,
external correlations between different characteristics
(inter-correlations) are not detected (Fig. 4), such as

able per se, showed a strong correlation (Rho>0.75)
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7. Clustering analysis

A clustering analysis was carried out to highlight
whether data, without any external intervention, al-
lowed an intrinsic structure to emerge, using K-means
analysis. Moving k from two to five, no results detected
well-defined, separate, and balanced clusters. A similar
result was obtained applying PCA, showing that seven
components were required to explain the 80% of data

0 100 200 300
F score

: : ,  classification analysis performed with
400 500 600 XGBoost analysis. FSH: follicle-stimulat-
ing hormone, LH: luteinizing hormone.

variance (Supplement Fig. 5).

K-means linear clustering algorithm together with
PCA were applied in unsupervised manner, showing
that features appeared to separate better than using
individual analyses alone (Supplement Fig. 6). How-
ever, as demonstrated for the UNIROMA dataset, the
quality of this clustering remained insufficient (Sup-
plement Fig. 6), suggesting that data are not linearly
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Fig. 4. Heat-map of correlation analyses performed by Rho's Spearman on the UNIMORE dataset. Statistical significant correlations are reported as
strong (S) when p<0.001, and moderate (M) when p<0.05. NO: nitric oxide, PM: particulate matter. The red color indicates a positive correlation,

the blue a negative one.

separable, and non-linearity should be considered for
further modeling techniques adopted.

8. Machine learning analysis
The entire dataset was divided in three classes, ac-

cording to semen analysis parameters (see Materials
and Methods section). The XGBoost analysis showed
a fairly good predictive accuracy (AUC: Ov0=0.870,
OvR=0668) (Fig. 5A). In details, the azoospermia group
was better identified (AUC, 0.699) with the OvR ap-
proach compared to the altered semen quality group,
which showed the poorest accuracy detected (AUC,
0.631) (Fig. 5B). The OvO approach did not significantly

10 www.wjmh.org

improve the accuracy of the methods, confirming the
best performance in the discrimination between azo-
ospermia and altered semen analysis (AUC, 0.680) (Fig.
5C).

Interestingly, among the most relevant predictive
variables, our analysis showed that both environmen-
tal pollution parameters (PM10, F-score=361 and NO,
F-score=299) and biochemical data (white blood cells, F-
score=326, and red blood cells F-score=299) (Fig. 6) were
the most important.



The World Journal of

MEN's HEALTH

A ROC curves for XGBClassifier
1.0 ,

True positive rate

—— ROC of class azoospermia, AUC=0.699

ROC of class normozoospermia, AUC=0.680
Micro-average ROC curve, AUC=0.870
Micro-average ROC curve, AUC=0.668

~— ROC of class altered_semen_analysis, AUC=0.631

Daniele Santi, et al: Male Infertility and Machine Learning I

0 - T T T T 1
0 0.2 0.4 0.6 0.8 1.0
False positive rate
B Azoospermia Altered_semen_analysis Normozoospermia
70
Azoospermia Aletered_semen_analysis Normozoospermia
140 7] Rest 60 a Rest 120 T Rest
120 + 50 100 +
100 ~
= £ 40 g 897
S 8041 =] =]
3 S 304 S 60
60 -
40 - 201 401
20 - 10 4 20 1
0 ——= T T T T 0 T T T T T 0 -‘tr—"—"— T T T
0 02 04 06 08 1.0 0 02 04 06 08 1.0 0 02 04 06 08 1.0
p (x=azoospermia) p (x=altered_semen_analysis) p (x=normozoospermia)
ROC curve OVR ROC curve OVR ROC curve OVR
1.0 4 — ROC (AUC=0.699) yid 1.0 4 — ROC (AUC=0.631) id 1.0 4 — RoC (AUC=0.675) o
[0) Q (0]
© © ©
(0] [0 (0]
= = =
o o o
o o o
(0] [0 (0]
= = =
= [ =
0 02 04 06 08 1.0 0 02 04 06 08 1.0 0 02 04 06 08 1.0

False positive rate

False positive rate

False positive rate
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one (OvO) (C) approaches. ROC: receiver operating characteristic, AUC: area under the curve.

DISCUSSION

Here, we explore the potential application of arti-
ficial intelligence, specifically machine learning, in
advancing our understanding of idiopathic male infer-
tility. Through a big data approach, we achieve several
key objectives. Firstly, we validate the significant pre-
dictive role of FSH and testicular volume in defining

male infertility. Secondly, we shed light on the detri-
mental impact of environmental pollution on sperm
production. Lastly, we provide further confirmation of
a previously hinted connection, documented in existing
literature, between two human tissues characterized
by consistent and robust proliferative activity—the
spermatogenic and hematopoietic tissues.

Big data analysis enables the examination of large
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amounts of data, detecting unexpected new associa-
tions. However, such discoveries are only possible when
data is analyzed in a meticulous and often complex
manner using unconventional statistical approaches.
In this context, our study demonstrated that semen
analysis parameters, which are traditionally considered
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the gold standard for assessing male fertility, do not
exhibit significant correlations with testicular ultra-
sound, hormonal levels, or biochemical variables when
analyzed using bivariate correlations. Similarly, em-
ploying PCA, our data reinforced the intricate nature
of male fertility, as it did not reveal any potential data
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reduction. Therefore, it might be inferred that there
are no parameters directly or indirectly influencing
sperm production in humans when considering it as a
whole. However, when we applied machine learning,
the landscape changed dramatically. Supervised XG-
Boost analyses proved effective in predicting the fertil-
ity status of men included in our two datasets. Upon
dividing the two cohorts into three categories based on
semen analysis results, namely azoospermia, altered
semen analysis, and normozoospermia, we found that
machine learning could accurately predict this classi-
fication. Notably, subjects with azoospermia were con-
sistently distinguished from the others, regardless of
the dataset, suggesting that this group of men is more
homogenous and thus easier to recognize. This outcome
can be partly explained by the inherent limitations of
semen analysis, which cannot effectively differentiate
between fertile and infertile men. It is widely acknowl-
edged that there is substantial overlap in conventional
semen parameters between fertile and infertile men,
failing to provide insights into the functional capacity
of sperm to fertilize an oocyte. Consequently, a signifi-
cant number of men with semen parameters below the
WHO 5th centile can achieve pregnancy spontaneously
or through assisted reproduction. Thus, conventional
semen analysis has inherent limitations in diagnosing
male fertility or infertility. Our machine learning ap-
proach highlights this challenge and demonstrates a
partial overlap in cases where sperm are present. Azo-
ospermic individuals appear to be distinctly different
and easily distinguishable. Therefore, grouping men
with both azoospermia and altered semen analysis into
the same "male infertility" category appears to be a
diagnostic pitfall. These two categories are distinct, and
men with altered semen analysis appear to be more
comparable to those with normozoospermia rather
than azoospermia. Obviously, this result must be care-
fully considered in light also of the inherent pitfalls of
semen analysis per se, as well as acknowledging that
the high separability in that case is largely driven by
extreme values in semen parameters (e.g., sperm con-
centration=0) and may impact the true diagnostic com-
plexity seen in more ambiguous cases.

In our study, machine learning works with different
accuracy depending on the dataset considered, high for
UNIROMA, fair for UNIMORE. This difference proba-
bly depends on the different nature of data introduced
in final datasets. In particular, UNIROMA considered
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parameters strictly related to the testicular function,
such as hypothalamic-pituitary-gonadal axis hormones
and testicular ultrasound parameters. Thus, when the
male fertility/infertility is evaluated with these pa-
rameters, the predictive accuracy is higher. On the con-
trary, UNIMORE considered data far from the testicu-
lar gland, i.e. environment parameters and biochemical
data. Interestingly, a prediction is possible also con-
sidering these data, although with a slightly reduced
accuracy. Entering the machine learning models gener-
ated and considering the first example, i.e. UNIROMA
dataset, highlights that semen analysis parameters are
mainly predicted by FSH and inhibin B serum levels.
These hormones are markers of Sertoli cells function
which are considered one of the most complex cell
types involved in the complex and highly orchestrated
biological process, such as spermatogenesis [24,25].
Sertoli cells are the target cell of FSH action, which is
fundamental, together with testosterone, for a quali-
tatively and quantitatively normal sperm production
[26]. Thus, the machine learning approach confirms the
predictive role of Sertoli cells’ functional markers in
the evaluation on male fertility/infertility diagnosis. In
the literature, FSH and inhibin B have demonstrated
moderate predictive power for distinguishing obstruc-
tive from non-obstructive azoospermia, with varying
degrees of accuracy depending on the thresholds and
models used. Traditional statistical approaches have
shown that elevated FSH and low inhibin B levels are
generally associated with impaired spermatogenesis,
but their sensitivity and specificity remain suboptimal.
Recent Al-based studies have attempted to improve the
predictive performance of these markers by integrat-
ing them with other clinical variables [27,28]. However,
these models still face limitations due to the intrinsic
biological variability and the lack of standardized cut-
off values. Moreover, this machine learning approach
highlighted the relevance of several parameters re-
ported in semen analysis, such as leukocytes, semen
pH, and volume. These findings underscore the role of
accessory glands in determining overall semen quality
and emphasize the need for a comprehensive evalua-
tion of semen production, rather than focusing solely
on sperm-related parameters [29]. Furthermore, the di-
agnostic evaluation of male fertility/infertility could be
accounted for by the varying characteristics of the two
populations. The UNIROMA dataset comprised specifi-
cally chosen men from tertiary centers for andrological
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concerns, whereas UNIMORE consists of unselected
subjects, likely encompassing both fertile and infertile
men. It is noteworthy that the predictive significance
of hormones, such as FSH and inhibin B, seems more
pronounced within the former scenario, whereas it ap-
pears attenuated when considering the general popula-
tion. This discrepancy, rather than indicating a lack of
generalizability, highlights the importance of context-
specific modeling and the need for multi-center datas-
ets to enhance robustness.

Bitesticular volume calculated at testicular ultra-
sound is the third main predictor of male fertility/
infertility in the UNIROMA dataset. This result con-
firms that testicular volume is the most relevant pa-
rameter obtained by testicular ultrasound, predicting
male fertility/infertility. Indeed, spermatogenesis occurs
within seminiferous tubules, representing about 80%
to 90% of the total testicular volume [30]. The higher is
testicular volume, the better is the sperm production.
Here, we confirm that testicular ultrasound is the gold
standard in assessing testicular volume [31], entering
the predicting model, able to discriminate azoosper-
mic patients from those with normal or altered semen
analysis. However, among all parameters detectable at
ultrasound examination, testicular volume seems to be
the only sufficiently strong variable to predict male
fertility/infertility. Indeed, several works in the litera-
ture tried to evaluate other testicular characteristics on
ultrasound at supporting the prognostic significance of
its findings in relation to spermatogenesis and testicu-
lar endocrine function. Accordingly, a testicular ultra-
sound score was recently built, combining testicular ul-
trasound, endocrine, and sperm parameters to provide
not only morphological but also functional information
of the testis [19]. This score is simple and informative,
but probably applicable only to the specific popula-
tion in which it was created [19]. Indeed, increasing the
sample size and including more parameters, its predic-
tive power was lost. Similarly, we applied radiomics on
testicular ultrasound variables, showing that from a
single ultrasound snapshot we could extract important
predictive information on testicular function [32]). How-
ever, this ‘omics’ approach still requires further appli-
cation in clinical practice [33,34]. With this in mind, our
study confirms the relevance of testicular ultrasound
in the first andrological assessment for fertility/infer-
tility issues [3].

When other variables are included, far from the tes-
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ticular function (UNIMORE dataset), we demonstrated
that the most relevant predictor of patients’ classifica-
tion were environmental pollution (i.e., PM10 and NO,),
and biochemical variables (i.e. white and red blood cells
counts). Thus, here we first confirm the potential hid-
den link between spermatogenic and hematopoietic tis-
sues [10], confirming previous suggestion of a specular
regulatory mechanisms at the basis of the two systems
[35,36]. Several animal models suggested a common ori-
gins between spermatogonial stem cells' niche and both
hematopoietic stem cells [36] and white component of
blood cells (i.e., lymphocytes and granulocytes) [37-39].
Similarly, our machine learning results confirm the
previously suggested association between environmen-
tal pollution and sperm production [20,21]. Despite this
association has been repeatedly reported [40-42], the
mechanism by which several chemicals, free in the air,
could affect spermatogenesis is still largely unknown.
Previous machine learning approaches highlighted the
correlation between air pollution measurements and
the percentage of typical and atypical forms, sperm
concentration and motility [21]. The higher air pollu-
tion is, the higher progressive sperm motility reduction
is detected, suggesting a possible effect of pollution on
semen quality [43-48]. Obviously, machine learning re-
sults are not able to define a cause-effect relationship
[49], but they should be intended as a spy of hidden
associations that require further deep evaluations. At
present, these tools are primarily being developed as
diagnostic aids to support clinical decision-making, for
example, in stratifying patients, predicting outcomes
such as sperm retrieval success, or guiding the need
for invasive procedures. In this context, artificial intel-
ligence can help synthesize complex multidimensional
datasets that are often challenging to interpret using
traditional methods. However, an equally promising
avenue lies in the ability of artificial intelligence to
uncover novel predictive markers or patterns that may
not be evident through conventional statistical analy-
sis. By analyzing large datasets with minimal a priori
assumptions, machine learning models may highlight
new combinations of features or interactions that are
biologically relevant but previously unrecognized. This
exploratory capacity opens the door for hypothesis
generation and further validation in both clinical and
experimental studies.

Our study highlights significant limitations. The
first main limit of the study is intrinsic on the pilot
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study nature. Indeed, we applied machine learning to
two extensive datasets although we are not able to
perform external validation so far. The result of this
pilot application requires further validation in other
large cohorts of subjects. Then, machine learning was
employed on two distinct populations. Specifically,
UNIROMA comprised selectively chosen patients with
infertility issues, whereas UNIMORE encompassed a
more heterogeneous group likely to include both fertile
and infertile men. Therefore, it's imperative to inter-
pret our findings in view of these notable distinctions.
Secondly, the UNIMORE dataset comprised subjects
undergoing semen analysis for various clinical reasons,
making it unavailable for subgroup analysis based on
patients' characteristics. Moreover, only patients with
all parameters required for the machine learning ap-
plication were included in both datasets. This inevita-
bly represents a selection bias that cannot be mitigated
by any statistical adjustments. Moreover, our study
explores the potential application of machine learn-
ing to distinguish between fertile and infertile men.
However, this goal is extremely challenging due to the
inherent limitations of semen analysis itself. Indeed,
no semen analysis parameter can definitively classify
a patient as fertile or infertile. Nevertheless, these
parameters must be used, at least in research settings,
to create subgroups of infertile men, thereby enabling
classifications that are useful for statistical analysis
[50]. Finally, when a study aims to evaluate couple in-
fertility, pregnancy and live birth rates are the most
appropriate endpoints for statistical analysis. However,
these data are entirely absent from our datasets, as not
all men included were evaluated for infertility, and
only male patient data were considered. Therefore, our
results must be interpreted with these limitations in
mind.

CONCLUSIONS

In conclusion, our study underscores the potential
future utility of machine learning in the diagnosis of
male infertility. Indeed, this analysis highlights that
this statistical approach could be used for a more ef-
ficient categorization of male infertility than the con-
ventional methods applied so far. The analysis of two
extensive datasets clearly reveals that alterations in
semen analysis may be associated with other variables,
including testicular ultrasound characteristics, as well

Daniele Santi, et al: Male Infertility and Machine Learning I

as red and white blood cell count and environmental
pollution. Future studies, utilizing larger datasets and
Incorporating more parameters, could enhance the ac-
curacy of the diagnostic process for male infertility.
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