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ABSTRACT

INTRODUCTION: Neoadjuvant cisplatin-based combination chemotherapy (NAC) fol-
lowed by radical cystectomy is the standard of care for cisplatin-fit patients harboring muscle-
invasive bladder cancer (MIBC). Prediction of response to NAC is essential for clinical
decision-making regarding alternatives in case of non-response, and bladder-sparing in case
of complete response. This research aimed to assess the performance of machine learning
in predicting therapeutic response following NAC treatment in patients with MIBC.

METHODS: A systematic review adhering to the PRISMA guidelines was conducted until July
2023. The study integrated articles relating to artificial intelligence and NAC response in MIBC
from various databases. The quality of articles was evaluated using the Quality Assessment
Tool for Diagnostic Accuracy Studies 2 (QUADAS-2). A meta-analysis was subsequently
performed on selected studies to determine the sensitivity and specificity of machine leaming
algorithms in predicting NAC response.

RESULTS: Of 655 articles identified, |2 studies comprising 1523 patients were included, and
four studies were eligible for meta-analysis. The sensitivity and specificity of the studies were
0.62 (95% confidence interval [CI] 0.50-0.72) and 0.82 (95% Cl 0.72-0.89), respectively,
with a heterogeneity score (I?) of 38.5%. The machine learning algorithms used computed
tomography, genetic, and anatomopathologic data as input and exhibited promising potential
for predicting NAC response.

E276 CUAJ < SEPTEMBER 2024 « VOLUME 18, ISSUE9 © 2024 CANADIAN UROLOGICAL ASSOCIATION

intelligence for predicting response to neoadjuvant

CONCLUSIONS: Machine-learning
algorithms, especially those using
computed tomography, genetic, and
pathologic data, demonstrate signifi-
cant potential for predicting NAC
response in MIBC. Standardization
of methodologic data analysis and
response criteria are needed as
validation studies.

INTRODUCTION

Artificial intelligence (Al) is the abil-
ity of a machine to learn and display
intelligence." Al has the potential to
transform big data into clinical prac-
tice and can produce more accurate
data, reduce inevitable errors,* and
make real-time predictions.*

In the last decade, improvements
in computational memory and pro-
cessing speed have helped imple-
ment and refine Al techniques for the
oncological management of patients,
especially the use of machine learn-
ing (ML), which is a computer sci-
ence field where algorithms learn
and improve through data exposure.
It involves using statistical methods
to build models to identify patterns
and make predictions from data. ML
includes techniques like supervised
learning (using labeled data) and
unsupervised leaming (finding pattems
in unlabeled data), enhancing our abil-
ity to handle large data volumes.?

ML techniques have been applied
across the bladder cancer manage-
ment spectrum to improve the
diagnostic accuracy of cystoscopy,®
computed tomography scanning for
metastases, particularly micrometas-
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KEY MESSAGES

B This meta-analysis of studies focused on
radiomics showed moderate accuracy in
predicting neoadjuvant chemotherapy response
in bladder cancer, with a sensitivity of 62% and
specificity of 82%.

B Genetic data analysis in three studies
showed promising results in predicting
chemotherapy response but was limited by
small sample sizes and methodology.

B A study using anatomopathologic data
identified key cellular characteristics for
predicting treatment response, with accuracies
ranging from 65—73%.

B The research identifies Al as a potential tool
to enhance diagnostic accuracy and reduce
variability in physician assessments.

tases (i.e., lymph nodes),” and complete response to
neoadjuvant chemotherapy (Figure I).

Neoadjuvant cisplatin-based combination chemo-
therapy (NAC) followed by radical cystectomy is the
standard of care for cisplatin-fit muscle-invasive bladder
cancer (MIBC) patients. The prediction of response to
NAC is on the current clinical ward and could change
the therapeutic paradigm by a large degree.®

Patients who are unlikely to respond to NAC would
receive alternative therapies and avoid unnecessary
adverse events from an ineffective therapy. Those likely
to experience complete responses would be given the
choice of bladder-sparing strategies. Radiomic, genetic
analysis, molecular markers, and histopathologic charac-
teristics have been used with algorithms to predict with
variable accuracy the response to NAC in MIBC patients.

In this study, we aimed to access the different
Al-driven algorithms to predict NAC response in MIBC
patients to establish an up-to-date catalog of studies to
help advance future research in this space.

METHODS

Literature search

The study was conducted in strict compliance with the
Preferred Reporting Items for Systematic Reviews and
Meta-Analysis (PRISMA)? statement on July |, 2023,

and it was registered in the PROSPERO international
database of prospectively registered systematic reviews
(CRD 42023463142).

A research question was established based on the
Patient-Index test-Comparator-Outcome-Study design
(PICOS) criteria, which is as follows:® What is the diag-
nostic performance of machine leaming in predicting
therapeutic response to NAC in patients with MIBC?

The search strategy was: (Al OR deep learming OR
machine learing) AND (neoplasm, urinary bladder OR
urinary bladder neoplasm OR bladder tumors OR blad-
der tumor OR tumor, bladder OR tumors, bladder OR
neoplasms, bladder OR bladder neoplasms OR bladder
neoplasm OR neoplasm, bladder OR urinary bladder
cancer OR cancer, urinary bladder OR malignant tumor
of urinary bladder OR cancer of the bladder OR blad-
der cancer OR bladder cancers OR cancer, bladder
OR cancer of bladder) AND (neoadjuvant therapy OR
neoadjuvant chemotherapy OR treatment, neoadju-
vant systemic OR systemic treatment, neoadjuvant OR
chemotherapy treatment OR treatment, neoadjuvant).

We searched the following databases up to July
2023:

- Cochrane Central Register of Controlled
Trials (CENTRAL) 2020, Issue 3, in the
Cochrane Library;

- MEDUNE via Ovid (from 1946);

- Embase via Ovid (from [974);

- LILACS (Latin American and Caribbean
Health Science Information database, from
1982);

- Scopus, Elsevier's citation tool (from 2004);

- Web of Science/Web of Knowledge (Clarivate
and Thomson Reuters) (from 1900);

- Education Resources Information Center
(ERIC) (from 1966);

- and the following trial registries:

- ISRCTN registry (http://www.isrctn.com);

- ClinicalTrials.gov (http://www.clinicaltrials.gov);

- Auwustralian New Zealand Clinical Trials
Registry (http://www.anzctr.org.au);

- World Health Organization International
Clinical Trials Registry Platform (ICTRP)
(apps.who.int/trialsearch/); and

- EU Clinical Trials Register
(http:/lwww.clinicaltrialsregister.eu).

We also checked the bibliographies of the studies

included for further references to relevant trials.

We included randomized clinical trials and cohort
studies. Meeting abstracts, reviews, case reports, letters
to the editor, and editorials were excluded.
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Figure 1. Clinical application of arfificial intelligence.
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Figure 2. PRISMA flowchart of the literature research.

Study screening and selection

Two independent authors screened all retrieved rec-
ords. Discrepancies were resolved by discussion. The
full text of the screened papers was selected if found
to be relevant to the present review.

Selection criteria

We included studies that met the following criteria:
) patients (P) had MIBC and underwent neoadjuvant
chemotherapy treatment; 2) index test (I) of preopera-
tive diagnostic test combined with machine learning
to determine the outcome (O) of interest (sensitiv-
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ity, specificity, and accuracy for predicting neoadjuvant
response); 3) pathologic results based on radical cyst-
ectomy was used as the reference standard or com-
parator (C); 4) sufficient data were provided regarding
sensitivity and specificity; and 5) publication type or
study design (S) was an original article. The studies were
excluded if the model did not use Al if models studied
artificial intelligence just for prognostic evaluation, and
if they did not include NAC. Authors of the studies
were contacted when needed to request information
regarding 2x2 tables or other relevant information
required for meta-analytical purposes.

Quality assessment and risk of bias
Studies were assessed for robustness of methodol-
ogy using the scoring system of the APPRAISE-AI tool,
which is structured to evaluate the quality of Al studies
across six key domains: clinical relevance, data quality,
methodological conduct, robustness of results, reporting
quality, and reproducibility. These domains are further
broken down into 24 specific items. Each item within
these domains is assigned a certain number of points,
contributing to the overall score. The maximum overall
score that a study can achieve using the APPRAISE-AI
tool is 100 points. Higher scores indicate stronger meth-
odological or reporting quality. This point system allows
for a detailed and nuanced assessment of each study,
focusing on different aspects critical for the validity and
reliability of Al research in the medical field.'®

Statistical analysis

Forest plots and summary receiver operating charac-
teristic (ROC) curves were generated. The pooled
area under the curve (AUC), sensitivity, and specificity
were used to assess the ability of radiomics to predict
the treatment response of NAC in MIBC patients.
Heterogeneity was visually checked and evaluated
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using 1% an 1> value of 0-25% meant unremarkable
heterogeneity, 25-50% meant reduced heterogeneity,
50-75% meant moderate heterogeneity, and >75%
meant high heterogeneity. IBM SPSS Statistics (version
24; IBM Corporation, Armonk, NY, USA) and Review
Manager (version 5.4.1) were employed for statistical
analyses.

A meta-analysis of investigations related to the pre-
diction of the treatment response of NAC in MIBC
patients was further performed. Two independent
reviewers retrieved the data. A third reviewer assessed
the internal validity. Only studies with similar designs
and outcomes that provided a 2 x 2 contingency table
or had enough data to reconstruct such a table were
eligible for analysis.

We opted to analyze sensitivity and specificity over
AUC as primary metrics due to their direct reflection of
the machine learning models’ diagnostic accuracy, pro-
viding clear, actionable insights into patient outcomes.
These metrics are fundamental in determining the true
positive and negative rates, and essential for the accur-
ate categorization of responders and non-responders to
treatment — critical in the clinical setting. Additionally,
our meta-analysis concentrated exclusively on radiomic
studies to capitalize on the homogeneity and compar-
ability of data, which is pivotal for the integrity of meta-
analytic conclusions. Radiomics — a burgeoning field in
oncological imaging — offers quantifiable insights from
medical images, presenting a more standardized and
replicable dataset across studies for predictive modeling.

Our study prioritizes sensitivity and specificity over
AUC for their clarity in evaluating machine learning
predictions of chemotherapy response in bladder can-
cer, ensuring clinical relevance. We exclusively analyzed
radiomic studies in our meta-analysis to maintain data
homogeneity, reflecting the precision required for
robust predictive modeling in personalized medicine.

In cases where multiple models were presented, the
model with the most significant accuracy was chosen
for our study. A coupled forest plot of sensitivity and
specificity was created using RevMan (version 5.4.1).
The ROC curve, combined sensitivity, and combined
specificity were used to assess the ability of machine
learning algorithms to predict the response of NAC.

RESULTS

Literature screening

The literature search retrieved 655 papers. One hun-
dred and fifty-seven duplicate studies were automatic-
ally excluded. After title and abstract screening of the

498 unique references, 472 records were excluded
due to irrelevance to the study’'s aim. The full texts of
the remaining 26 studies were assessed for eligibility.
Finally, 12 studies were selected and included. Figure 2
shows the PRISMA flowchart of the literature search. In
Table |, we summarized information about the selected
articles, such as institution, year of publication, country,
study design, total number of patients, and type of
data used.

Evaluation criteria for neoadjuvant
chemotherapy

The response evaluation of NAC in all included studies
assessing imaging was based on the Response Evaluation
Criteria in Solid Tumors |.1 (RECIST I.1).!" All studies
used the anatomopathologic pTO status of RC as a
definition of pathologic response, with most considering
ypTO (9/12) as the response and three considering
ypT 1 (3/12) (i.e., downstaging to non-muscle-invasive).

Study evaluation

The quality of studies was assessed by the APPRAISE-
Al tool (1), which is presented in Table 2. A range
of scores indicates varying levels of research quality

Table 1. Characteristics of eligible studies

Study Year | Country | Study design Number of | Type of data
patients

Cha et al® 2016 | US. Retrospective cohort | 91 CT images

Cha et al® 2017 | US. Retrospective cohort | 123 CT images

W et al* 2019 | US. Retrospective cohort | 123 CT images

Cha et ol 2019 | US. Retrospective cohort | 205 CT images

Hadjiiski et al’ | 2020 | U.S. Retrospective cohort | 199 CT images

Mi et al” 2021 | US. Retrospective cohort | 122 Imaging of biopsy
pathology specimens pre-
neoadjuvant treatment

Hepburn et al®® | 2021 | UK. Retrospective cohort | 129 Genetic data Microarray
gene expression data

Mohanad et al® | 2021 | Egypt Retrospective case- 100 RNA-sequencing data

control

Choi et al® 2021 | Korea Retrospective cohort | 135 CT images

Parmaretal” | 2021 | Canada | Retrospective cohort | 19 CT images

Sun et al” 2022 | US. Retrospective cohort | 205 CT images

Lu et al® 2023 | US. Prospective 72 Plasma circulating cell-free
DNA

CT: computed tomography.
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Table 2. Evaluation of the quality of studies with APPPRAISE-AI score

Cha2016 | Cha 2017 | Cha Choi | Hadjiiski

2019 2021 | 2020

Overall APPRAISE-Al score | 54 55 60 63 |60

(out of 100)

Quality based on overall | Moderate | Moderate | High | High | High

APPRAISE-Al score

Clinical relevance (out 4 4 4 4 4

of 4)

Data quality (outof 24) | 13 15 14 15 |15

Methodological conduct | 13 12 12 13 |13

(out of 20)

Robustness of results (out | 4 3 9 9 6

of 20)

Reporting quality (out 9 10 10 10 |10

of 12)

Reproducibility (out of 20) | 11 " 11 12 12

Hepburn | Lu Mi2021 | Mohanad | Parmar Sun2022 | Wu
2021 2023 2021 2021 2019
60 67 |55 67 47 52 61
High | High | Moderate | High Moderate | Moderate | High
4 4 4 4 3 3 3

12 18 15 18 12 13 15
14 14 12 10 8 14 12

3 3 3 9 5 6 9

12 12 10 10 8 (Al 10
15 16 |11 16 " 5 12

The overall APPRAISE-Al score was graded as follows: very low quality, 0-19; low quality, 20—39; moderate quality, 40-59; high quality, 60—79; very

high quality, 80—100.

in using Al as a predictive tool following neoadju-
vant chemotherapy for bladder cancer. The overall
APPRAISE-Al scores out of 100 for the studies vary,
with some studies like Lu 2023, Mohanad 2021, and
Wu 2019 receiving high scores (67, 67, and 6, respect-
ively), indicating a high quality of research. Conversely,
studies such as Parmar 202 | and Sun 2022, with scores
of 47 and 52, fall into the moderate quality category.
This variability underscores the evolving nature of Al
applications in this clinical setting and the lack of meth-
odological standardization.

The detailed analysis provided by the APPRAISE-A
tool allows us to delve into specific aspects such as
clinical relevance, data quality, methodological conduct,
robustness of results, reporting quality, and reproduc-
ibility. Notably, all studies scored well in clinical rel-
evance, suggesting a strong alignment of the Al tools
with clinical needs in bladder cancer treatment; how-
ever, the scores in categories like robustness of results
and methodological conduct varied more significantly,
highlighting areas on which future research could focus
to enhance the quality of the studies.

Ten studies examined were conducted in individual
and two multi-institutional institutions. The absence of
sample size calculations in the analyzed articles is a
significant methodological gap that prevents the evalua-
tion of statistical power and generalization of results. In
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addition, there is a lack of transparency in the treatment
of missing data, which may compromise the integrity
and reliability of the study conclusions. Regarding the
potential data leakage, that is, contamination between
the training and test sets, the articles did not provide
enough information to ensure the absence of this
practice. The assessment of bias, particularly in rela-
tion to gender differences in model performance, was
not adequately addressed in the studies, leaving open
questions of equity and applicability. Finally, the unavail-
ability of models or datasets creates significant barriers
to external validation and replication of studies by other
researchers.

The neoadjuvant therapy regimen varied between
studies, which impairs the comparison between mod-
els and applicability in other neoadjuvant treatment
regimens. In the future, new studies with standardized
treatments should be performed and validated, allowing
the extension of the conclusions to other cohorts of
patients.

Meta-analysis

Four studies were selected for the quantitative meta-
analysis since the other studies involving radiomics did
not present enough data to reconstruct a 2x2 con-
tingency table. The meta-analysis did not include the
four studies involving circulating tumor DNA (ctDNA),
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epigenetics, and anatomopathologic criteria, as their
methodologies were too specific to allow comparison.

Based on our analysis, the meta-analytical sensitivity
and specificity for response to NAC were 0.62 (95% Cl:
0.50-0.72) and 0.82 (95% Cl: 0.72-0.89), respectively,
as evidenced by the corresponding Forest Graphs in
Figure 3. The I score was 38.5%, representing a low
heterogeneity level within eligible studies with hetero-
geneity. The ROC curve is provided in Figure 4. Given
that we had less than ten eligible articles in our meta-
analysis, the Egger test was not applicable, as suggested
by the Cochrane guidelines.

This systematic review summarized |2 prediction
models for response to NAC in MIBC patients. The
models were grouped according to the data type used
in the machine learning algorithms and included sev-
eral promising predictors, with some models showing
encouraging predictive potential; however, nine stud-
ies considered responders patients with ypTO, while
three studies considered responders all patients with
<ypTl. In addition, most studies used small samples,
and external validation in independent studies was
insufficient.

Machine learning with computerized
tomography
Eight retrospective cohorts used abdominal computed
tomography images as input for machine leaming algo-
rithms to predict response to NAC in patients with
MIBC. Deep Learning-Convolutional Networks and
Random Forests were the most used machine learn-
ing approaches. The number of patients in the training
cohorts ranged from 19 to 87, while the validation
cohort ranged from 9 to 123. Five studies mainly used
methotrexate, vinblastine, doxorubicin, and cisplatin
(MVAC) as NAC. Seven studies considered ypTO
as responders, and one study?' considered <ypT| as
responders. The accuracy of the algorithms ranged
from 0.69+0.08 to 0.80£0.04.Cha et al published the
first article exploring the possibility of predictive mod-
els based on the potential for radiomics to distinguish
between patients who experienced response (ypTO)
to NAC and those who did not, based on the analysis
of pre-and post-treatment CT images.'” The tested
models of radiometry involved a pattern recognition
method (DL-CNN). The evolution of machine learn-
ing techniques has progressively improved in accuracy
since 2016, with increasingly efficient and elaborate
algorithms for training and validation.

Our meta-analysis showed a specificity of 82%
(0.73-0.89), which demonstrates the great capacity of

95% CI

[0.35; 0.90]
[0.41;0.83]
[0.37;0.77]
[0.24;0.91]

[0.50; 0.72]

95% Cl

[0.66;0.91]
[0.79;0.97]
[0.55;0.92]
[0.31;0.89]

[0.73; 0.89]

Specificity (95% Cl)
—a-

=
—a—

A
Total
Study TP  (TP+FN) Sensitivity
Cha, 2017 8 12 —a— 0.67
Wu, 2019 14 22 z 0.64
Choi, 2021 15 26 —— 0.58
Parmar, 2022 5 8 0.62
Random effects model —_ 0.62
I T T T T 1
0 02 04 06 08 1
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B
Total
Study TN (TN+FP) Specificity
Cha, 2017 34 42 e 0.81
Wu, 2019 46 51 —.— 0.90
Choi, 2021 17 22 —— 0.77
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1) Cha, 2017 8 8 4 34 0.67[0.35,0.90]  0.81[0.66, 0.91] —
2) Wu, 2019 14 5 8 46 0.64[0.41,0.83]  0.90[0.79, 0.97] ——
3) Choi, 2021 15 5 11 17 0.58[0.37,0.77]  0.77[0.55, 0.92] ——
4)Parmar, 2022 5 4 3 7  0.62[0.24,0.91]  0.64[0.31,0.89]
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Figure 3. Forest plofs. (A) sensitivity; (B) specificity; (C) global analyses. CI: confidence intervals; FN: false negative; TP: frue

posifive.

the algorithms to identify patients who, based on their
likelihood of complete response, can be chosen for
bladder-sparing despite the modest sensitivity of 62%
(0.50-0.72).

In a study conducted by Cha et al, radiologists dem-
onstrated an accuracy of 0.74 (range: 0.66—0.78) with-
out the aid of machine learming. When supported by
machine leaming, accuracy statistically improved to 0.77
(range: 0.73-0.81), p<0.001."> These findings are similar
to those of Hadjiiski et al, who reported an average
AUC of 12 physicians examined in scenarios with and
without machine learning assistance.'®

Moreover, there is notable variability in accuracy
without machine leaming, with a standard deviation of
26,53. The integration of machine learning markedly
mitigated this variability, resulting in a more uniform
accuracy across physicians, evidenced by a margin-
ally reduced standard deviation of 21, 59.'® Currently,
radiomics is mainly helpful to auxiliary doctors in radio-
logical diagnosis. Machine leaming can help non-experts’
performance and even achieve the same accuracy as
experienced doctors (26, 22).

Parmar et al performed preoperative tomography
to predict the response to neoadjuvant chemotherapy,
developing an algorithm to characterize a signature

CUAJ « SEPTEMBER 2024 « VOLUME 18, ISSUE 9

E281




Suartz et al

0.9+

0.8t

0.7+

o
o

o
»

Sensitivity

0.44

0.3+

0.2+

0.11

0.9

0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1 0

Specificity

Figure 4. The summary receiver operating characteristic (ROC) curve.

E282 CUA| -

SEPTEMBER 2024 -

for predicting the response to neoadjuvant chemo-
therapy in muscle-invasive bladder cancer before any
treatment.?!

Machine learning with genetic data
Three studies employed genetic analyses to predict
NAC responses. These comprised a retrospective
case-control study,'” a retrospective cohort study,'®
and a prospective study.” Investigations focusing on
DNA have shown promising outcomes with satisfactory
accuracies; however, these studies often have limited
participants and need external validation for clinical
applicability.

Mohanad et al conducted a retrospective case-
control study involving 100 patients — 70 with MIBC
and 30 with unaltered urothelium. Their primary
aim was to investigate the epigenetic inactivation of
DNA Damage Repair (DDR) genes as predictive
biomarkers and to identify patients likely to benefit
from NAC." The model combined the expression of
Retinoblastoma Binding protein 8 (RBBP8) and MutS
homolog 4 (MSH4), ascertained via gRT-PCR, with
clinical features such as tumor size, grade, stage, and
lymph node metastasis.

Algorithms like Support Vector Machine (SVM),
K-Nearest Neighbors (KNN), Decision Tree (DT), and
Random Forest (RF) were used. The most efficacious

VOLUME 18, ISSUE 9

predictive model was the KNN, with an accuracy of
90.05+4.5%, a sensitivity of 87.8%, and a specificity of
90.7%. A combination of KNN and RF models yielded
an accuracy of 90.0£3.4%, a sensitivity of 92.98%, and
a specificity of 81.4%. Nevertheless, while the model’s
predictive strength is commendable, it did not distin-
guish between patients treated with neoadjuvant and
adjuvant chemotherapy.'”

The second study, by Hepburn et al, was a retro-
spective cohort investigation that used a 4 |-gene panel
to predict NAC responses. The study compared the
performance of a machine learning algorithm with that
of a microarray differential gene expression analysis.
Patients were deemed responders if they exhibited
anatomopathologic staging of radical cystectomy <T 1.
The Rank-Guided Iterative Feature Elimination (RGIFE)
algorithm, designed to iteratively remove and evalu-
ate feature blocks, was used. The most predictive of
the gene panels generated was “panel |, encom-
passing nine genes. SHapley Additive exPlanations
(SHAP) were employed to ascertain the contribution
of each gene. Notably, the HISTIH4F gene consist-
ently appeared as a response predictor, up-regulated
in responders, while the CNGBI gene was identified
as up-regulated in non-responders.'®

The final study, an exploratory analysis of the pro-
spective research SWOG S1314, contrasted the effects
of neoadjuvant chemotherapy with gemcitabine and
cisplatin vs. dense-dose MVAC. The primary objective
was to delineate the role of cell-free DNA (cfDNA)
methylation in predicting neoadjuvant responses using
a machine learning approach. Plasma samples were
procured before and after one chemotherapy cycle.
Using Random Forest, a classifier named Methylation-
based Response score (mR-score) was devised and
crafted employing Elastic Net. In the prediction analysis,
the mR-score, built with Random Forest, presented a
receiving area operating characteristic under the curve
AUC of 0.636 (95% CI [0.498-0.773]), while the Elastic
Net-derived model attained an AUC of 0.639 (95% Cl
[0.503-0.774)).

[t is worth noting that the sample size of this study
was limited, and the training of the models focused on
overall cfDNA methylation, of which bladder-derived
DNA formed a minor fraction, ranging between 0-3%.
Consequently, the mR-score was not dictated by resid-
ual disease, as evidenced by its lack of correlation with
circulating bladder DNA2
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Machine learning with
anatomopathologic data

In a retrospective study conducted by Mi et al, a total
of 129 MIBC who underwent NAC were investigated.
Transurethral resection of the bladder anatomopatho-
logic specimens were obtained from these patients
prior to NAC and were subsequently analyzed using
tissue microarrays, incorporating hematoxylin-eosin
staining and immunohistochemistry. The captured
images were meticulously examined, focusing on three
cellular categories: cancer cells, ymphocytes, and stro-
mal cells.”

From this analysis, | |87 features were derived and
integrated with demographic and clinical data. These
consolidated data points were then processed using
machine learning algorithms, specifically the Support
Vector Machine and Random Forest techniques. The
most salient features were discerned based on their
frequency of occurrence.”

Notably, diversified cell morphology, elevated stro-
mal load, distinct cell orientation, and a decreased CD8-
Foxp3 ratio were found to be correlated with resist-
ance to NAC. Conversely, rapid cell proliferation, close
cellular proximity, elongated cellular structure, and the
presence of luminal MIBC were identified as indicators
of a higher likelihood of response to NAC."

It is important to highlight that the cohort size for
this study was relatively limited, and the validation pro-
cess did not incorporate immunohistochemical mark-
ers. Nonetheless, the predictive model showcased a
commendable accuracy in determining the response to
NAC in MIBC patients, with accuracy scores spanning
from 65% to 73%. Fusing anatomopathologic features
with other clinical attributes holds significant promise
for future research endeavors."”

DISCUSSION

Our results indicate that some pre-treatment prediction
models, particularly those based on CT scan features,
genetics, and pathology, may have significant clinical
value in the future. Models must be further developed
and externally validated in independent prospective
cohorts with sufficient sample size. Specifically, there
is a need to standardize specimen acquisition, study
design, and study endpoints.

One area of promise is magnetic resonance imaging
with radiomics to predict response to NAC and assess
the specimen for the complete response. In the future,
the models should be integrated into a multi-omics
concept, increasing accuracy, and allowing for an indi-
vidualized precision approach.

[t is important to underline the contribution of
machine learning in increasing our understanding of
responses to neoadjuvant treatment in bladder tumors.
Unlike traditional statistical methods, which focus pre-
dominantly on numerical predictions, machine learming
models excel at discovering complex and nonlinear
relationships within large datasets, offering a deeper
and differentiated understanding of treatment out-
comes. The analysis of additive Shapley explanations
(SHAP), as exemplified in Hepbum's study, elucidates
this aspect by providing transparent insights into the
decision-making processes of Al models.'®

Random Forest and Convolutional Neural Networks
(CNNs) were among the most used models in pre-
dicting the response to neoadjuvant chemotherapy in
bladder cancer, mainly when dealing with computed
tomography, genetic data, and histopathologic images.
The versatility of Random Forest, an ensemble leamn-
ing method, lies in its ability to handle large datasets
with multiple variables, making it ideal for genetic data
analysis. On the other hand, CNNs excel in image
processing, an essential aspect when analyzing com-
puted tomography and histopathologic images. Their
deep learming architecture enables them to automatic-
ally and efficiently extract and learn feature hierarchies,
crucial for identifying subtle patterns and characteristics
in medical images indicative of chemotherapy response.
This synergy of Random Forest's adeptness at handling
genetic data and CNN's proficiency in image analysis
makes them highly effective for predicting neoadjuvant
chemotherapy response in patients with bladder cancer.

In addition, our review reveals a critical gap between
the advanced capabilities of these statistical models
and their practical implementation in clinical settings.
Addressing this gap requires a joint effort to validate
and translate these Al-driven insights into tangible clinic-
al practices, eliminating the division between theoretical
models and real-world medical applications. This shift
toward a more interpretative and application-focused
approach to Al research is not just a technological
breakthrough but a paradigm shift in understanding and
responding to complex medical challenges in oncology.

CONCLUSIONS

Studies that used machine leaming to evaluate the effi-
cacy of NAC in MIBC patients are still limited, including
a small number of patients/cases, and lacking external
validation. The clinical potential of using artificial intel-
ligence in this context is promising but needs a clear
strategy for validation and standardization of the meth-
odological analysis of the data.
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