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Abstract

Background Distinguishing between benign and malignant testicular lesions on clinical magnetic resonance
imaging (MRY) is crucial for guiding treatment planning. However, conventional MRI-based radiomics to identify
testicular cancer requires expert machine learning knowledge. This study aims to investigate the potential of utilizing
automatic machine learning (AutoML) based on MRI to diagnose testicular lesions without the need for expert
algorithm optimization.

Methods Retrospective preoperative MRI scans from 115 patients diagnosed with testicular disease through
pathology were obtained. A total of 1781 radiomics features were extracted from each lesion on the T2-weighted
images. Intraclass and interclass correlation coefficients were used to evaluate the intra-observer and interobserver
agreements for each radiomics feature. We developed an AutoML method based on the tree-based pipeline
optimization tool (TPOT) algorithm to construct a discriminant model. The best pipeline was determined through
100 repeated operations using a 5-fold cross-validation algorithm in TPOT. The model was evaluated for accuracy,
sensitivity, and specificity using the area under the curve (AUC) value of the receiver operating characteristic (ROC)
curve. Shapley Additive exPlanations were used to illustrate the optimization results.

Results Utilizing the TPOT method, 100 diagnostic models were developed to identify testicular lesions. The best
model was determined based on the highest AUC in the training cohort. The prediction model yielded AUC values of
0.989 (95% confidence interval [Cl]: 0.985-0.993) and 0.909 (95% Cl: 0.893-0.923) in the training and testing cohorts,
respectively.

Conclusions AutoML, based on the TPOT algorithm, holds potential as a noninvasive method for effectively
discriminating between benign and malignant testicular lesions.
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Background

Testicular tumors are relatively uncommon in humans,
constituting approximately 1% of all male malignancies
[1]. Despite its relatively low overall incidence, testicular
cancer is the most common solid tumor in men aged 20
to 34 years [2].

Due to the potential for tumor metastasis and infiltra-
tion, biopsy has not been widely employed in patients
with suspected malignant tumors [3, 4]. Orchiectomy is
the first choice for patients with suspected tumors, with
diagnosis relying mainly on postoperative pathological
examinations [5]. Some testicular masses are clinically
misdiagnosed as malignant, leading to unnecessary radi-
cal orchiectomy, and some patients with benign masses
may opt for surgery due to concerns about potential
malignancy [6]. In such patients, testis-sparing surgery
or clinical examination rather than radical orchiectomy
is the ideal method [7, 8]. Therefore, accurate preopera-
tive identification of benign tumors and cancer is crucial
to minimize unnecessary tumor resections and surgeries,
significantly impacting the clinical curative outcome in
patients [9].

Conventional ultrasonography (US), such as grayscale
and color Doppler flow imaging, is the most widely used
method for scrotal examination. Despite reports sug-
gesting the utility of US as an important indicator for
distinguishing between benign and malignant testicular
masses, varying conclusions exist across different stud-
ies [10-13]. In instances where traditional US methods
have limitations, multiparameter ultrasound (mpUS) and
magnetic resonance imaging (MRI) are effective auxil-
iary examination methods for tumor diagnosis [7]. Due
to its robust soft tissue imaging capability and versatil-
ity, MRI is increasingly utilized as an adjunct method to
address uncertain or inadequate scrotal US [14]. MRI can
reveal the shape, location, and tissue structure (such as
fat, blood, granulation tissue, and fibrosis) of lesions and
provide an important basis for formulating surgical treat-
ment plans and improving the overall medical quality of
patient care.

Radiomics, as an effective quantitative image evalua-
tion approach, aims to extract quantitative features such
as shape features, first-order features, texture features,
and filter features from images to characterize lesion fea-
tures effectively [15]. Radiomics involves high-through-
put quantitative analysis of image data using modern
imaging technologies and has found extensive applica-
tion in the diagnosis and treatment of neck cancer, breast
cancer, and brain glioma [16-18]. While radiomics is
predominantly a research tool, its translational potential
is evident in ongoing clinical trials for breast cancer risk
stratification [19] and glioma prognosis prediction [20].

However, there have been few reports on the use of
radiomics to evaluate testicular lesions. Previous studies
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have indicated that radiomics models perform better
than the statistical results of conventional methods in
diagnosing testicular lesions [21, 22].

Nevertheless, the development of a conventional
radiomics model involves preprocessing method, feature
selection, classifiers, and optimal parameters, all of which
require manual expert optimization [23]. Automatic
machine learning (AutoML) is a new technology that has
gained popularity in recent years and provides a solution
to this issue. The tree-based pipeline optimization tool
(TPOT) is an AutoML framework facilitating automatic
optimization [24]. The fundamental principle of TPOT is
to automatically optimize feature preprocessing, feature
selection, and classifiers using genetic algorithms with-
out manual design. Generations are generated through
heredity or mutation based on the predicted performance
and reliability of each generation to maximize predictive
model performance and reduce complexity.

While TPOT has been applied to diagnose several dis-
eases [25-27], its use for the treatment of testicular dis-
eases has not been reported. In this study, our primary
goal was to develop an AutoML (TPOT) model based
on MRI to investigate the potential of differentiating
between benign and malignant testicular masses without
manual expert optimization.

Methods

Patients

This retrospective study underwent ethical review of
the Tongji Hospital, Tongji Medical College, Huazhong
University of Science & Technology. In total, all patients
(n=424) who underwent clinical testicular MRI and
pathological examination between February 2014 and
April 2023 were enrolled in this study. Exclusion crite-
ria were applied as illustrated in Fig. 1: (1) MRI indicat-
ing no significant testicular lesion (n=198); (2) absence
of a testicular lesion confirmed by pathology (n=21);
(3) patients who had undergone biopsies, surgery, or
treatment before MRI examination (n=81); or (4) poor
image quality (n=9). After exclusion, 123 lesions in 115
patients were included in the study (Table 1). There were
49 benign and 74 malignant tumors. Testicular lesions
were diagnosed through histopathological examination
of testicular tissue sections obtained during surgical pro-
cedures or biopsy.

MRI protocol

All cases were imaged using a 3.0-T MRI scanner (MAG-
NETOM Skyra, Siemens Healthcare) using an 18-ele-
ment matrix and a 32-channel spine coil. The detailed
MRI parameters can be found in Supplemental Table
1. In view of the small sample size, diffusion-weighted
imaging and dynamic contrast-enhanced MRI images
were not used in the study.
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Patients underwent scrotal MRI from
February 2014 to April 2023(n=424)

Excluded (n = 309)
i1} No visible testicular lesion (n = 198)

{2) Patients without pathological
confirmed testicular lesion (n = 21)

{3) Biopsy, surgery or therapy before MRI
examination (n =81}

{4} Poor image quality (n = 9)

4

115 patients with 123 lesions were in duded

'

Training cohort {A0)

(Benign =24, Malignant =52)

'

Testing cohort {30°6)

{Benign = 15, Malignant = 22

Fig. 1 Patient inclusion and exclusion criteria. A chart illustrating the process of patient inclusion and exclusion until the final selection of 115 patients

with 123 lesions. MRI, magnetic resonance imaging

MRI segmentation and feature extraction

Axial T2-weighted images (T2WI) were utilized for
manual segmentation of lesions and subsequent analy-
ses. Three-dimensional volume of interest (VOI) manual
segmentation was performed using ITK-SNAP (version
3.4.0). The VOI was delineated slice-by-slice along the
contour of the mass on axial T2WI by a radiologist
(Reader 1, with four years of experience) blinded to the
histopathological information.

Radiomics features were extracted using the open-
source IBSI-compliant PyRadiomics package (ver-
sion 3.0.1) in Python [28]. Before feature extraction,
the T2WI were resampled with the same voxel size of
0.46875x0.46875x3 mm (x, y, z axis), with gray-level
discretization set to 20 bin counts. Pixel intensities were

normalized using the z-sore method by PyRadiomics.
The largest connected component analysis was applied
to remove small disconnected regions in the VOI, as it
would lead to errors in feature extraction. A total of 1781
features were extracted from each VOI in the original
and differently processed T2W1I (Supplemental Table 2).

Inter-observer and intra-observer reproducibility
of features

30% of patients (34 patients) were randomly selected to
assess the reproducibility of radiomics features. Reader 1
manually segmented these 34 patients again one month
later to evaluate intra-observer reproducibility. Another
radiologist (Reader 2, with 5 years of experience) delin-
eated the testicular lesions in these 34 patients to assess
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Table 1 The distribution and characteristics of the included

cohort
Benign Malignant
Age 36.55+2.63 Age 3755+£1.78
(years) (years)
Pathology Patient Lesion Pathology Patient Lesion
Number  Number Number Num-
ber
Epidermoid 12 12 Seminoma 27 27
cyst
Sexcord- 8 8 Embryonal 9 9
mesenchy- carcinoma
mal tumor
Infection 16 19 Mixed 10 10
germinoma
Cyst 2 2 Lymphoma 11 14
Infarction 1 1 Teratoma 6 6
Contusion 3 3 Testicular
metastases
Prepubertal 1 1 Neuroen- 1 1
teratoma docrine
carcinoma
Prepubertal 1 1 Yolk sac 2 2
teratoma tumor
and epider-
moid cyst
Testicular 1 2 Borderline 1 1
adrenal rest serous
Tumor tumor
Summa- 45 49 70 74
tion

interobserver reproducibility. The intraclass and inter-
class correlation coefficients (ICCs) were calculated
between the values of radiomics features from the two
Readers. Features with an ICC value of at least 0.8 were
regarded as reliable and incorporated into the subse-
quent analysis.

TPOT analysis

In this study, TPOT was used as an AutoML algorithm
to automatically generate optimal machine learning pipe-
lines for the identification of testicular lesions (Fig. 2). A
total of 123 testicular lesions were randomly divided into
training and testing cohorts at a ratio of 7:3. Patient-wise
splitting was applied to ensure all lesions from a single
subject were assigned exclusively to either the training
or testing cohort. The training cohort was utilized to
develop an optimal model, which was evaluated in the
testing cohort. The TPOT automatically optimized the
machine learning pipeline for maximum predictive per-
formance using tree-based genetic programming. The
performance of each pipeline was evaluated using equi-
librium accuracy with 5-fold cross-validation. Equilib-
rium accuracy is a measurement method for unbalanced
datasets that prevents excessive performance by calculat-
ing the weighted average accuracy for each category. The
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optimal pipeline obtained through training utilized all
training data to create the final model.

The hyperparameters for TPOT model training were
set as follows: the generation was 50, the population
size was 50, and a 5-fold cross-validation was utilized
(Table 2). Acknowledging the inherent randomness of
the evolutionary algorithm, which leads to model insta-
bility, 100 random seeds were used to build prediction
models using TPOT during the development process.
Among the 100 prediction models in the training cohort,
the model with the highest area under the curve (AUC)
was selected as the best. Finally, the Shapley Additive
exPlanations (SHAP) values were utilized to evaluate the
impact of each feature on the optimization model and
visually display how these values affected the model out-
put for a single case.

Statistical analysis

In this study, statistical analysis were performed utiliz-
ing the Python (version 3.7.13), with the packages used as
illustrated in Supplemental Table 3. Continuous variables
are presented as mean + standard deviation. The indepen-
dent t-test and Mann—Whitney U test were used to ana-
lyze variables with normal and non-normal distributions,
respectively, with the Shapiro—Wilk test used to evalu-
ate normality. The chi-square test or Fisher’s exact test
was utilized to compare differences in the classification
variables. The diagnostic performance of the predictive
model was evaluated by receiver operating characteris-
tic (ROC) curves, and the maximum Youden index was
used as the optimal cutoff value to calculate the accuracy,
sensitivity, and specificity. A p-value <0.05 on both sides
indicated statistical significance. To enhance transpar-
ency, a the CLAIM (Checklist for Artificial Intelligence
in Medical Imaging) [29, 30] is provided in Supplemental
Table 4.

Results

Patients

In total, 115 patients with 123 testicular masses (mean
age, 36.24 years+18 [SD]) were included in this study.
The testicular masses were pathologically confirmed
as 49 benign lesions (benign group) and 74 malignant
lesions (malignant group), as listed in Table 1. No statisti-
cally significant difference in age was observed between
the two groups (p=0.753). All lesions were randomly
allocated into two cohorts: a training cohort consisting of
86 lesions and a testing cohort comprising 37 lesions, fol-
lowing a split ratio of 7:3.

Radiomics feature extraction

A total of 1781 features were extracted from each lesion
using various types of images (Supplemental Table 1),
including 14 shape features, 18 first-order intensity
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Fig. 2 (See legend on next page.)
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Fig. 2 Study design illustration. Radiomics features are extracted from different images and processed by several filtering methods. The dataset was di-
vided into two independent sets: a training cohort and an evaluation cohort. The training cohort was subjected to TPOT, which combined normalization,
feature selection, classifier,and hyperparameter tuning, and the performance was evaluated. Five-fold cross-validation was carried out in each generation
to select the optimal genetic model for that generation, followed by replacement or mutation, and then passed on to the offspring. The TPOT process
was repeated 100 times, and based on this, the improved pipeline was retrained on a training cohort and tested on a test cohort. Finally, the analysis of
consequences was conducted using different methods. TPOT, Tree-based pipeline optimization tool

statistical features, 75 texture features, 744 wavelet fea-
tures, 186 Laplacian of Gaussian features, 93 square fea-
tures, 93 square root features, 93 logarithmic features, 93
exponential features, 93 magnitude of local gradient fea-
tures, and 279 local binary pattern features. Out of these,
1182 features were considered highly reproducible, with
both intra- and inter-observer ICCs exceeding 0.8.

Classification model derived from TPOT

One hundred different models were constructed based
on the training cohort to identify the optimal model for
diagnosing testicular diseases (Fig. 2). The AUC values
of the models generated by the TPOT under 100 differ-
ent random seeds are displayed in Supplemental Fig. 1.
The lowest AUC was 0.900, the overall performance was
0.977 £0.020, and the generated pipeline with the high-
est AUC was selected as the optimal model. The opti-
mal pipeline comprises two operators, namely, recursive
feature elimination and random forest, with the corre-
sponding hyperparameters listed in Supplemental Table
5. Subsequently, ROC and AUC values were used to
evaluate the performance of the optimal model. The ROC
curve and AUC of the classification results for benign
and malignant lesions are illustrated in Fig. 3a. In the
testing cohort, the model achieved good discriminabil-
ity with an accuracy of 0.784 for diagnosing testicular
lesions (AUC=0.909) (Fig. 3a; Table 3). The beeswarm
plot in Fig. 3b and the chord plot in Fig. 3¢ show the clas-
sification results for benign and malignant lesions using
our model.

After stability analysis and pipeline processing of the
features extracted from different types of images, the
probability of each lesion being benign or malignant was
obtained using the prediction model. Subsequently, the
importance of the features was interpretatively analyzed
using SHAP. The global importance of each feature was
considered the average absolute value of the feature for
all given samples (Supplemental Fig. 2).

Figures 5 and 4 show the features ranked highest
according to the SHAP values and waterfall plots of deci-
sions for one malignant lesion and one benign lesion.
The value at the intersection of red and blue represents
the probability of the patient suffering from malignant
tumors. The base value is the average probability of
malignant tumors obtained from the training data. The
red and blue arrows below the axes correspond to the
factors. The wider the arrows, the more important they

are. The red color represents factors that increase the risk
of malignant tumors, while the blue color represents fac-
tors that decrease the risk. The figure only shows a few
of the most important factors, and the number of factors
shown is controlled by a threshold.

Discussion

Accurate preoperative diagnosis is crucial for devising a
rational surgical plan, preventing unnecessary orchiec-
tomy, and improving patient care [31]. AutoML, based
on radiomics features, demonstrated strong performance
in MRI image diagnosis without manual optimization
design, effectively distinguishing between benign and
malignant testicular lesions. In the testing cohort, this
approach achieved an AUC value of 0.909. The output of
our optimal model demonstrated the potential of TPOT
as an automatic and robust approach for the preopera-
tive characterization of benign and malignant testicular
lesions.

Conventional radiomics methods have been employed
to distinguish between benign and malignant lesions
[32-35]. For instance, Xu et al. evaluated the application
of a radiomics signature in distinguishing benign and
malignant prostate lesions based on MRI and achieved
an AUC of 0.92 in the validation cohort [36]. Based on
the analysis of 44 testicular lesions in 42 patients, Feli-
ciani et al. [37] utilized T2WI to evaluate the diagnosis of
testicular germinoma and seminoma and approximately
500 features were extracted and selected using the Least
Absolute Shrinkage and Selection Operator (Lasso) to
build classifiers. The accuracies of the models with three
and four features were 89% and 86%, respectively. In
a previous study, Zhang et al. [38] established a T2W1I-
based radiomics signature for seminomas and non-
seminomas. While deep learning models demonstrate
remarkable capabilities in automated feature extrac-
tion from raw data, their performance is significantly
constrained by dataset scale. When applied to limited
datasets, these models frequently encounter overfitting
issues due to their inherent architectural complexity. This
limitation becomes particularly relevant in the medi-
cal imaging studies referenced, where the adoption of
radiomics-based machine learning approaches offers dis-
tinct advantages through dimensionality reduction and
simplified model architectures, thereby effectively miti-
gating overfitting risks.
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Table 2 Genetic programming parameters for the TPOT

Parameter Value

Population size 50

Generations 50

Selection 10% elitism, rest 3-way tournament
(2-way parsimony)

Per-individual mutation rate 90%

Fitness function Equilibrium accuracy
Per-individual crossover rate 5%

Replicate 30

Traditional machine learning methodologies pres-
ent additional implementation challenges, requiring
substantial domain expertise for manual optimization
of critical components including feature engineering,
algorithm selection, and hyperparameter configuration.
These human-dependent processes not only introduce
subjective biases but also create significant barriers to
knowledge transfer across different clinical scenarios.
By contrast, AutoML frameworks establish system-
atic pipelines that integrate automated feature process-
ing, model selection, and parameter optimization. This
algorithmic approach enhances reproducibility while
maintaining model efficacy, substantially lowering the
technical threshold for clinical implementation and facil-
itating broader adoption of Al-assisted diagnostic solu-
tions. TPOT can be applied to genetic programming to
automatically generate optimized machine learning pipe-
lines and has been used in other radiomics research [39].
Further, some studies have shown that random searches
are more likely to produce optimal models [40]. TPOT,
based on genetic programming, continually updates and
iterates populations in the process of “evolution” and
selects models with improved efficiency and lower com-
plexity based on balanced accuracy. The optimal model
was produced in a larger population by generating the
initial population multiple times, and the generated pipe-
lines achieved considerable classification efficiency on
the training set. Consequently, the TPOT-based model
established in this study can noninvasively and quanti-
tatively discriminate tumors, providing a foundation for
patients to make informed treatment plans. Additionally,
the interpretability of the model was enhanced by SHAP
values, illustrating how features influenced the predicted
results.

The higher proportion of benign lesions in our cohort
(49/123, 39.8%) compared to general orchiectomy
cohorts primarily reflects differences in patient inclusion
criteria. Unlike studies restricted to radical orchiectomy,
which inherently favor malignant diagnoses, our cohort
incorporated patients undergoing testis-sparing surgery
(TSS) and diagnostic biopsy for lesions with ambigu-
ous imaging findings. These conservative procedures are
selectively applied to cases with lower clinical suspicion
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of malignancy, thereby increasing the representation
of benign pathologies. This aligns with prior studies.
For instance, Isidori et al. (2014) reported a comparable
benign rate (42/86, 49%) in a cohort evaluated via con-
trast-enhanced ultrasound, despite methodological dif-
ferences in imaging modality and diagnostic workflow
[10]. Such parallels suggest that higher benign propor-
tions are inherent to studies evaluating diagnostically
challenging lesions, regardless of the imaging technique
employed. While this inclusion strategy enhances the
clinical relevance of our model for ambiguous cases, it
may limit direct comparability to cohorts dominated by
radical orchiectomy.

This study has several limitations. First, although we
selected more patients than most previous studies, our
sample size may still be considered small due to the rarity
of testicular cancer. Second, this study was retrospective,
thereby potentially introducing certain selection biases.
Third, manual VOI segmentation is subject to time con-
sumption and objective instability.

In the absence of sufficient external validation data,
we utilized various methods to ensure the reproducibil-
ity of the model. First, multiple readers were involved
to achieve the division of the range of interest in the
images. Second, the ICCs were computed to ensure the
robustness of the selected features. Third, a standard-
ized process of feature normalization, feature selection,
parameter optimization, and classification based on the
TPOT was implemented to realize feature processing and
model recognition. Further, the inner cross-validation of
each pipeline was performed. However, our results are
limited to the respondents. Therefore, we intend to fur-
ther test the universality of the model through external
validation.

Conclusions

In summary, AutoML, based on the TPOT algorithm,
can effectively establish a relationship between MRI fea-
tures and testicular disease by automatically optimizing
the machine learning process. This technique proves
valuable in discriminating between benign and malignant
testicular lesions without the subjective biases associated
with the manual design model-building process.
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Table 3 Performance of TPOT in the diagnosis of testicular lesions

Group AUC Sensitivity Specificity Accuracy NPV PPV
(%) (%) (%) (%) (%)
Training cohort 0.989 904 100 94.2 87.2 100
(0.985,0.993) (88.4,92.4) (100,100) (93.0,954) (84.9,89.6) (100,100)
Testing cohort 0.909 81.8 73.3 784 73.3 81.8
(0.893,0.923) (78.7,84.6) (68.8,77.4) (75.9,80.7) (69.7,76.5) (79.4,84.0)

Note: Data in parentheses are 95% confidence intervals. AUC, area under the curve; NPV, negative predictive value; PPV, positive predictive value
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Fig. 4 Results of individual-level interpretation for one malignant lesion (embryonal carcinoma). The features are ranked in the first two places according
to the SHAP values and waterfall plots of decisions. SHAP, Shapley additive exPlanations
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Fig. 5 Results of individual-level interpretation for one benign lesion (epidermoid cyst). The features are ranked in the first two places according to the
SHAP values and waterfall plots of decisions. SHAP, Shapley additive exPlanations
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AutoML  Automatic machine learning
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TPOT Tree-based pipeline optimization tool
T2WI T2-weighted Images

us Ultrasonography
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