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Abstract
Objective: This systematic review seeks to offer a summary of artificial intelligence (Al) methods for predicting renal cancer recurrence (RCR).

Methods This review involved searching for published studies dating from inception to January 2024 in Cochrane Central Register, PubMed,
EMBASE, ProQuest, Scopus, and Google Scholar. Search keywords consist of “renal cancer” OR “renal cell carcinoma” OR “kidney cancer” AND
“artificial intelligence” OR “machine learning.” We examined all studies that utilized machine learning techniques to predict RCR. The PROBAST
instrument was utilized to assess the bias risk and applicability of every study included.

Results The search method produced 143 citations; 105 full-text articles were assessed for eligibility following the screening. This review
included four studies. According to the risk of bias evaluation, three studies were determined to have a low risk of bias, while one had a low to
moderate risk. Ten unique models were selected as algorithms for machine learning. Age, gender, smoking status, BMI, tumor stage, histological
type, presence of necrosis, lymphovascular invasion, capsular invasion, Fuhrman grade, type of surgery (radical or partial nephrectomy),
surgical approach (laparoscopic or open), and tumor size were selected as potential predictors to develop the model. Naive Bayes, Decision Tree,
Adaboost, and Random Forest were some of the top models for predicting RCR. Each study utilized the area under the curve (AUC) to present the
accuracy. The AUC of machine learning models ranged from 0.740 to 0.877 across four studies.

Conclusion The outcomes of Al models for predicting RCR are encouraging. Scientists ought to keep exploring its extensive possibilities.

Keywords: Artificial Intelligence; Machine learning; Renal cancer; Systematic review

Introduction
neural networks, which function as statistical models inspired

Renal cancer ranks as the sixth most prevalent cancer in by and somewhat based on biological neural networks. They

men and the tenth most prevalent cancer in women globally [1].
Renal cancer exhibits a significant recurrence rate of 20% to
30% post-surgery, with over 40% of patients succumbing to the

are capable of modeling and processing nonlinear connections
between inputs and outputs simultaneously [3]. Exploratory
research has evaluated the possible uses of Al and machine
learning across different areas of urology, mainly focusing on
the diagnosis and prognosis of genitourinary cancers; insights
from other urological domains, including urolithiasis, kidney
transplantation, urinary infections, and functional urology, have

illness, underscoring the importance of consistent monitoring
and management [2]. At present, it is challenging to differentiate
between individuals who will experience a recurrence and those
who will not. Artificial intelligence (AI) and machine learning in

healthcare represent two emerging fields of research that have
generated considerable interest lately. Al often utilizes artificial

also been shared [4]. However, it is important to recognize that
Al medical applications extend well beyond the realm of urology
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[5,6]. This review seeks to offer a summary of Al methods for
forecasting renal cancer recurrence (RCR). It enhances the current
literature by outlining the AI methods used, the most suitable
features, prevalent training and testing approaches, standard
evaluation metrics, and how systems are implemented in clinical
settings. The primary aim of this review was to recognize and
outline the predictive factors of RCR through machine learning
models and to assess the diagnostic accuracy of these models in
predicting RCR.

Methods
Review questions
1. Which machine learning models were used to predict RCR?

2. What predictive factors of RCR are used to train the machine
learning model?

3. Which machine learning models had a better performance
in predicting RCR?

4. How accurate are machine learning models for predicting
RCR?

Eligibility criteria

All research utilizing machine learning-based methods to
forecast RCR was included. Articles that were not in English
and those irrelevant to the topic were excluded. Letters to the
editor and critiques were similarly omitted. Ethical approval was
unnecessary since we gathered and examined data from earlier
published studies, in which the primary researchers secured
informed consent. Data Sources and Searches The 2020 guidelines
for Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) [7] were utilized to present this study. This
approach involved looking for published research from the
beginning until January 2024. Databases comprised the Cochrane
Central Register, PubMed, EMBASE (Through Ovid), ProQuest,
Scopus, and Google Scholar. Terms used in the search included:
(“renal cancer” OR “renal cell carcinoma” OR “kidney cancer”
AND “artificial intelligence” OR “machine learning.” Selected
words and phrases came from a controlled vocabulary (MeSH,
ENTREE, and others) along with a free-text search for every
database. Furthermore, the reference lists from the identified
articles were examined alongside hand-searching to guarantee
that all documents were collected, which are integrated using
Boolean “OR” and “AND” operators. A knowledgeable researcher
explored every database. Following the removal of duplicates, two
researchers independently examined the titles and abstracts, and
subsequently the full texts of studies that may qualify, based on
the established eligibility criteria. Consensus or consulting with
a senior researcher was utilized to settle disputes. A PRISMA
flowchart was utilized to record the procedure for selecting
studies.
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Data Collection

Data were independently gathered by two researchers, while
a third party resolved any disputes. The subsequent items were
gathered: (1) demographic details (the nation of data collection,
the source of data, and the prediction timeframe); (2) the
category of predictive model, which is machine learning; and (3)
the outcomes of the predictions (such as accuracy, sensitivity,
specificity, and area under the recurrence curve) (AUROC); (4) the
characteristics utilized to train the models.

Data Synthesis

Given that only observational studies were part of the
research, a narrative synthesis of the information was performed
instead of a quantitative analysis.

Risk of Bias Assessment

Two researchers evaluated the quality of all included studies
separately and deliberated over any differences until they reached
an agreement. PROBAST [8], comprising 20 signaling questions
categorized into four areas (participants, predictors, outcome, and
analysis), was utilized to evaluate the risk of bias and relevance
of each study included. PROBAST helps evaluate the studied
outcome by examining how it was established, its objectivity, the
inclusion of any predictor data, its consistency across different
individuals, the timing of its assessment, its independence from
prior knowledge of predictor information, and its alignment with
the review question.

Results

The search approach produced 143 citations; subsequent to
eliminating duplicates and completing the screening, 105 full-
text articles were assessed for eligibility (PRISMA Flow Diagram,
Figure 1). This review encompassed four studies. According to
the assessment of bias risk, three studies had a low risk of bias,
[9-11] while one exhibited a low to moderate risk of bias [12].
(Table 1). Table 2 presents the features of the studies that were
included. The included studies took place in hospitals located in
South Korea, France, and Canada. All study designs included were
retrospective cohort studies. Ten unique models were selected as
machine learning algorithms from the four studies (ranging from
2 to 8 per study). Out of the four studies, 13 distinct variables
including: age, BMI, gender, smoking, pathological tumor stage,
histologic type, margin status, tumor size, lymphovascular
invasion, capsular invasion, Fuhrman grade, operation type
(partial or total nephrectomy), operative methods (open or
laparascopic surgery) were chosen as potential predictors to
develop the model (between 7 and 10 for each study). Naive Bayes,
Decision Tree, AdaBoost, and Random Forest were some of the top
models for predicting renal cancer recurrence. The accuracy in all
four studies was reported using metrics like specificity, sensitivity,
and the area under the curve (AUC). In four studies, the AUC for
machine learning models ranged from 0.740 to 0.877.
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Table 1: PROBAST risk of bias/applicability assessment.

Risk of Bias Applicability Overall
Study
Participants | Predictors | Outcome | Analysis | Participants | Predictors Outcome Risk of Bias Applicability
1 + + + + + + + + +
2 + +/- + + + +/- + +/- +/-
3 + + + + + + + + +
4 + + + + + + + + +

(+) indicate low risk of bias, (+/-) indicate low/moderate risk of bias, (=) indicate high risk of bias and (?) indicate unclear risk of bias.

Table 2: Summary of studies.

Findings
Studg' Num- |\ uthor Country | Data Source Prt'erc!lctlon Type of Best ML The features used to
& e ML perfor- Accuracy :
mance train the model
Age
BMI
SVM AUC: 0.84 for mod- Gender
LR els of recurrence Smoking
Dataset of 5-10 Years DT within 5 vears Pathological tumor
Kimetal. | Republic | 6849 patients KNN y stage
1 . after sur- NB . >
[9] of Korea with renal o NB AUC: 0.79 for mod- Histologic type
cancer gery EGBM s Margin status
els of recurrence
AdaBoost L Lymphovascular
within 10 years : .
GB invasion
Capsular invasion
Fuhrman grade
Age
Gender
Tumor laterality
Operation type (Par-
Gu[olzt] al. Dataset of 697 Not men- DT tial/Total) nephroc-
2 Canada patients with tioned Neural DT AUC: 0.877 tomy
renal cancer Network Pathological tumor
stage
Margin status
Fuhrman grade
Operation type (Par-
tial/Total) nephroc-
tomy
SL/;{VI Operative method
Dataset of DT AUC: 0.740 (Open/Laparascopy)
Kimetal. | Republic | 2956 patients | 5 Years af- KNN Sen51.t}v.1ty:0.673 Pathological tumor
3 . AdaBoost Specificity:0.807 stage
[10] of Korea with renal ter surgery NB )
cancer EGBM Accuracy: 0.799 Pathological node stage
AdaBoost Histologic type
GB Lymphovascular
invasion
Tumor size
Dataset of SUM Pathological tumor
Khene et 4067 patients stage
4 France . 57 Months RF RF AUC: 0.794 .
al. [11] with renal EGBM Pathological node stage
cancer Fuhrman grade

AUC: Area under curve; ML: Machine learning; GB: Gradient boost; EGBM: Extreme gradient boosting models; DL: Deep learning; LR: Logistic
regression; BT: Boosted tree; DT: Decision tree; KNN: K nearest neighbor; SP: support vector; SVM: kernel support vector machine; NB: naive
Bayes, RF: Random Forest.

How to cite this article: Mehrnoush V, Darsareh F, Shabana W, Shahrour W. Prediction of Renal Cancer Recurrence using Atrtificial Intelligence: A
Systematic Review. Canc Therapy & Oncol Int J. 2025; 28(2): 556233. DOI: 10.19080/CT01J.2025.28.556233


http://dx.doi.org/10.19080/CTOIJ.2025.28.556233

Cancer Therapy & Oncology International Journal

' B\
5
=) - = Recards removed befans
™ :e_cn;rd_‘ |d1e:éﬁed from screzning.
E s Duplicate records rermoved
£ {n = 38)
2=
_ :
Records screened for Stle and » Reoords exduded
absiract {n = 105} Irrelevant (n = 101)
Reports sought for retrieval Reparts not rerieved
= in=4) {n = 0}
=
-
; '
=
th
. R Reparis exduded:
_qe "3’3 aszessed for eligibility — | Hota model or ol for predicion
=2} {n = 4)
-_.-
¥
P—
o - . .
£ Studies included in review
= in = 4)
=
=
S
Figure 1: Flowchart of the study.
& J
Discussion [18,19].

Estimating the total risk of cancer recurrence for patients can
assist in customizing personal treatment strategies and improve
patient guidance. Although only a limited number of studies
employ Al models to forecast RCR, there exist multidisciplinary
examinations of the various applications of Al in diagnosing and
staging renal cancer. A recently published study demonstrated
a wide range of AUCs, from 0.96 to 0.98, in validation cohort
evaluations using different machine learning algorithms to
differentiate low- from high-grade renal cancer, [13] although
recent efforts have yielded AUCs between 0.91, [14] and 0.86,
[15] down to 0.83 [16]. A few Al models have been evaluated for
MRI classification of kidney cancer. Li et al. [17] found a favorable
AUC of 0.842 for distinguishing low-grade from high-grade renal
cancer using MRI, which showed a slight enhancement to 0.845
when incorporating patient history and imaging characteristics
assigned by interpreting radiologists (clinicopathologic risk
factors) into the model. To identify metastatic renal disease
through Al imaging, Wen et al. found an AUC of 0.83 for
forecasting the occurrence of synchronous distant metastases
from renal cancer.18 Bai et al. incorporated clinicopathologic risk
factors in their MRI radiomics machine learning model to identify
synchronous distant metastases. They discovered AUCs of 0.854
and 0.814 derived from validation cohorts of MRI studies sourced
from the same institution and outside institutions, respectively
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Recent publications have discussed the use of Al in staging
renal cancer to distinguish between early and advanced stages.
Bhalla et al. utilized a 64-gene validation set to investigate
gene expression in 523 samples of renal cancer. The aim was to
pinpoint genes that are expressed differently in the early and late
phases of renal cancer. The findings showed a peak accuracy of
72.64% and an AUC of 0.81 [20]. Regarding the application of Al to
forecast overall survival in metastatic renal cancer, a retrospective
analysis involving 322 Italian patients undergoing systemic
therapy showed that the Al model reached (0.786 and 0.771) AUC
and (0.675 and 0.558) specificity at a sensitivity of 0.90 for 3 and 5
years, respectively [21]. After our examination, we discovered only
four studies regarding the use of Al for predicting RCR. Kim and
colleagues employed machine learning algorithms to anticipate
the probability of renal RCR five to ten years post-nephrectomy.
Data from a Korean kidney cancer database were obtained, and
eight distinct machine-learning models were created to estimate
the probability of RCR. The maximum AUC in the five years
following surgery was 0.836. In a decade, AUC had achieved 0.784.
This approach showcases the capabilities of machine learning
algorithms in helping clinical teams manage patients more
effectively and deliver more personalized treatment strategies in
patient care, especially after renal cancer surgery.
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The final predictors of the optimized model comprised
age, BMI, gender, smoking status, tumor stage, histologic type,
presence of necrosis, lymphovascular invasion, capsular invasion,
and Fuhrman grade.9 Guo et al. conducted a study that compared
a neural network with a boosted decision tree model to predict
recurrence following curative treatment for kidney cancer. Data
from 697 patients were available. The finalized predictors of the
optimized model comprised age, gender, tumor laterality, radical
or partial nephrectomy, pathological tumor stage, margin status,
and Fuhrman grade, resulting in an AUC of 0.877.12 A different
research by Khene et al. revealed that the Random Forest model,
achieving an AUC of 0.794, outperformed conventional statistical
analysis in forecasting RCR. The most recent investigation by Kim
et al. focused on creating a prediction model for late recurrence
post-surgery in renal cancer patients, intended to serve as a
clinical decision support system for the prompt identification
of late recurrence. Late recurrence and non-recurrence were
categorized using eight machine learning models. Among the eight
models, the AdaBoost model displayed the best performance. The
created algorithm demonstrated a sensitivity of 0.673, a specificity
0f 0.807, an accuracy of 0.799, and an AUC of 0.740 [10].

In summary, Al models are quickly advancing in various
areas of renal cancer management and are currently achieving
performance levels comparable to human professionals.
Nevertheless, healthcare providers must initially establish a
basic comprehension to standardize data sets, identify significant
endpoints, and align interpretation. This requires collaboration
across disciplines and the integration of Al courses into medical
training. In the future, extensive and easily accessible databases
containing high-quality data covering all facets of renal cancer
care, from diagnosis to treatment, will be essential for facilitating
external validation and ongoing training of Al models. Although
they are effective in promoting innovation, competitions still
require revision. Generally, the validation of the resulting
algorithms has not been conducted separately from the algorithm
creators. In a competitive landscape, the motivation for developers
to deliberately or inadvertently introduce positive bias is arguably
heightened. The absence of independent validation implies that
the technical reproducibility of the suggested solutions must be
confirmed. Additionally, competitions seldom include validation of
the algorithms on extra international cohorts, prompting doubts
about whether the solutions produced can genuinely address
the fundamental clinical issue rather than being optimized for a
particular competition format and dataset.22 Despite significant
attempts to perform a comprehensive and precise search in
scientific databases, certain pertinent studies might have been
missed due to resource constraints, the employment of particular
search terms, or the restricted publication of certain articles. In
addition, although the quality of the research was evaluated using
established and validated methods, there remains a possibility of
human error in rating or understanding the assessment standards.

These constraints could affect the final outcomes, regardless of
attempts to minimize these biases.

Conclusion

The outcomes of Al models designed to forecast RCR are
encouraging. The identified prediction models displayed a low
to moderate level of bias risk. Machine learning has the capacity
to support various clinical areas within urology, and researchers
ought to keep exploring its extensive possibilities. Ethical
Approval Ethical approval was unnecessary since we gathered
and examined data from earlier published studies, in which
the primary researchers secured informed consent. Consent to
Publish All authors gave informed consent for the publication of
this study.
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