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Abstract

Objectives The detection of renal cell carcinoma (RCC) tumors in the earlier stages is of great importance for more
effective treatment. Encouraged by the key role of imaging in the management of RCC, we conducted a systematic
review and meta-analysis of the studies that made use of artificial intelligence (Al) for the detection of RCC to quanti-
tatively determine the performance of Al for distinguishing related renal lesions.

Materials and methods PubMed, Scopus, CENTRAL, and Embase electronic databases were systematically searched
in November 2024 to identify studies that applied Al for the detection or classification of RCC. We conducted a meta-
analysis to evaluate the diagnostic performance of utilized algorithms. Moreover, meta-regression was conducted
over suspected covariates to evaluate potential sources of inter-study heterogeneity. Publication bias and quality
assessment were also done for the included studies.

Results Sixty-four studies were included in this systematic review, of which 31 studies were selected for meta-anal-
ysis. The studies assessing algorithms’ performance on internal validation showed pooled sensitivity and specificity
of 85% (95% confidence interval [Cl], 82 to 87) and 76% (95% Cl, 70 to 80), respectively. Moreover, externally validated
Al algorithms had a pooled sensitivity and specificity of 80% (95% Cl, 73 to 84) and 90% (95% Cl, 84 to 93), respec-
tively. Studies that performed internal validation for clinician performance had a pooled sensitivity of 79% (95% Cl, 72
to 85) and specificity of 60% (95% Cl, 49 to 70).

Conclusion The findings of the present study validate the acceptable performance of Al algorithms when contrasted
with medical professionals in the identification and categorization of RCC. Nevertheless, the presence of heterogene-

ity between studies and the absence of coherence in the results underscore the necessity for the cautious interpreta-

tion of these results and additional prospective studies.
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Introduction

As the most prevalent primary renal neoplasm, renal
cell carcinoma (RCC) has shown improving case fatality
and survival rate in the past decades where the five-year
survival rate has increased from 34 to 75% over the past
60 years [1-3]. This is mostly attributed to the earlier
detection of tumors especially those with a diameter of
less than 4 ¢cm in addition to the introduction of curative
surgical treatments [4].

Although previously marked as benign adenoma,
recent evidence strongly suggests that even lesions
smaller than 3 cm can indicate carcinoma [5, 6]. Whereas
localized (stage I to III) clear cell RCC and non-clear cell
RCC have a considerable chance of cure following abla-
tion or surgical resection, until recently, patients with
advanced or metastatic RCC only received palliative care
even though newer treatment options like stereotactic
ablative radiotherapy (SABR) have emerged [7-9]. The
detection of RCC tumors in the earlier stages is of great
importance for clinicians to have wider and more effec-
tive treatment options to offer and an abdominal triple-
phase computed tomography (CT) scan remains the
primary and most accurate modality for staging RCC [10,
11].

Recently, artificial intelligence (AI) has gained abun-
dant attention in all aspects of human life including med-
ical science and practice [12, 13]. Although there is still a
serious debate over the application of Al in medical prac-
tice, several Al-powered software have been approved
by The US Food and Drug Administration (FDA) for
administration [14]. As the essential components of Al,
machine learning (ML) and its subset, deep learning
(DL), deal with data analysis, pattern recognition, and
decision-making just as a medical practitioner does regu-
larly [15].

Radiomics have been applied in RCC, especially to
differentiate benign renal lesions from malignant ones
which is important to prevent overtreatment [16].
Although radiomics examines extensive data collections,
it remains constrained by the requirement to manually
specify quantitative metrics. The incorporation of ML
algorithms and DL facilitates additional automation, as
images are scrutinized utilizing Al pattern recognition
[17]. Encouraged by the key role of imaging in the man-
agement of RCC, we conducted a systematic review and
meta-analysis of the studies that made use of Al for the
detection of RCC to quantitatively determine the perfor-
mance of Al for distinguishing related renal lesions.

Materials and methods

Protocol and registration

The Preferred Reporting Items for Systematic Reviews
and Meta-analysis (PRISMA) statement guidelines were
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followed to conduct this systematic review and meta-
analysis [18]. This review was submitted to the Inter-
national Prospective Register of Systematic Reviews
(PROSPERO) website (CRD42023410777).

Search strategy and study selection

PubMed, Scopus, CENTRAL, and Embase electronic
databases were systematically searched in October 2023
and updated in November 2024 to identify studies that
applied Al for the detection or classification of RCC
amid all renal lesions published since the conception of
the databases. For this purpose, we used the combination
of key terms “renal cell carcinoma” and “artificial intel-
ligence” and their synonyms and related Medical Sub-
ject Headings (MeSH) terms (Table E1). Two separate
reviewers (S.S and M.A.S) were responsible for the pri-
mary screening of the identified records based on their
titles and abstracts followed by a full-text screening. All
of the original human research studies that developed or
validated an AT algorithm to detect RCC amid other renal
lesions or compared to healthy controls meeting follow-
ing PICOS criteria were included without any publication
time, or study setting limitations. P: Patients with RCC;
I: Image analysis based on Al algorithm; C: Benign renal
lesions or healthy controls; O: Performance metrics such
as sensitivity, specificity, accuracy, etc.; S; Single studies,
comparative studies, and original studies on humans. The
Exclusion criteria were as follows: (1) non-original arti-
cles; (2) non-English articles. Any disagreements in this
phase were resolved by discussion.

Data extraction

The following demographic, methodologic, and analytic
data were extracted from the included studies by two
independent reviewers (M.S, S.S, and S.M): name of first
author; year of publication; study location; the number of
cases for each trait; modality of imaging; algorithm and
architecture applied; imaging dimension and view; evalu-
ation metrics; and training size; type and size of valida-
tion; the number of TN, FN, TP, and FP; sensitivity and
specificity; positive predictive value (PPV); negative
predictive value (NPV); AUC; accuracy. We made a con-
tingency table where possible using the required data to
extract calculated sensitivity and specificity. Discrepan-
cies in data extraction were resolved through consensus.

Statistical analysis

Stata version 17 software (Stata Corp, College Station,
TX) was employed for all quantitative data analyses to
evaluate the diagnostic performance of utilized algo-
rithms [19]. We conducted a meta-analysis if at least two
eligible studies were identified to determine the diagnos-
tic performance of Al algorithms along with radiologists.
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A random-effects model was applied to measure the
pooled sensitivity and specificity with their correspond-
ing 95% confidence intervals (CI) via a bivariate approach,
in which, logit-transformed sensitivity and specificity are
measured separately and put together across the studies.
Summary receiver operating characteristic (ROC) curves
were also applied to figuratively demonstrate the pooled
sensitivities and specificities. ROC curves were com-
puted by merging the effect sizes and their correspond-
ing variances or standard errors from each study, and by
means of calculating summary sensitivity and specificity
at various cut-off points along the curve, in order to pro-
duce a representation of the summary ROC curve.

Moreover, to evaluate potential sources of inter-study
heterogeneity, meta-regression with a logistic regression
model was conducted over covariates of the data aug-
mentation and the modality used in each study. All statis-
tical tests were two-sided and a P value less than 0.05 was
considered statistically significant.

Quality and risk of bias assessment

The Transparent Reporting of a Multivariable Prediction
Model for Individual Prognosis or Diagnosis (TRIPOD)
checklist consisting of 22 recommendations for transpar-
ent reporting in studies about the development or valida-
tion of prediction models was used for quality assessment
[20]. A modified version of TRIPOD (Table E2) was used
for quality assessment since several items in the original
checklist were unsuitable for AI studies such as follow-
up time which is irrelevant in diagnostic accuracy stud-
ies. Furthermore, we applied the Prediction Model Study
Risk of Bias Assessment Tool (PROBAST) checklist to
assess the presence of bias and evaluate the applicability
of the included articles in four domains of participants,
predictors, outcomes, and analyses (Table E3) [21]. Both
testing and training images were considered to evaluate
the participants’ domain. Quality assessment was sepa-
rately done by three reviewers (M.S and S.S and S.M)
and disagreement was resolved by a consult with a third
reviewer (S.M).

Publication bias

We conducted a thorough examination of the bibliog-
raphies of the studies that were included, in an attempt
to mitigate the potential influence of publication bias. A
regression analysis utilizing diagnostic log odds ratios
and asymmetry testing was to evaluate publication bias
[22].

Results

Study selection and characteristics

As depicted in Fig. 1, an initial search of electronic data-
bases identified 3167 records (PubMed: 766, Scopus:
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1768, Embase: 608, CENTRAL: 25), of which 933 records
were duplicates and thus removed. The remaining arti-
cles underwent primary screening based on their title
and abstract which resulted in the exclusion of 1974 stud-
ies. In the next step, the full texts of 260 studies were
evaluated for eligibility criteria, of which 195 articles
were excluded for the following reasons: irrelevant to
the title (n=81); non-original (n=59); not using imag-
ing as its diagnosis method (n=25); unavailable full-text
(n=19); non-English (n=5); not reporting diagnostic
performance measures (n=6). Eventually, 64 studies were
included in the current systematic review [23-86].

Included studies’ characteristics including target condi-
tion and comparator, imaging modality, radiologic view,
and reference standard were summarized in Tables 1 and
2. Nine studies used MRI [25, 40, 43, 57, 67, 71, 74, 76,
78], 2 studies used ultrasound [29, 55], and the rest of the
studies used CT as their imaging modality. MRI proto-
col and radiologic views of the studies can be found in
Tables 1 and 2. Moreover, 61 studies [23-71, 73-80, 82,
83, 85, 86] used internal validation for their outcomes
and 8 studies [43, 49, 51, 59, 69, 72, 81, 84] used external
validation method (Tables E5 and E6). Regarding com-
parison groups, 26 studies compared the results between
multiple algorithms [23, 24, 29, 34-37, 40, 41, 43, 45, 47,
49, 50, 52, 53, 56, 60, 61, 65, 70, 71, 76, 78, 85, 86], 25
studies with expert clinicians [25, 27, 28, 31, 32, 39, 42,
46, 51, 54, 55, 59, 62-64, 67, 68, 73-75, 77, 80, 82-84],
4 studies with both multiple algorithms and expert cli-
nicians [33, 57, 72, 79], and 2 studies between different
phases of CT scan [69, 81]. In the study by Coy et al. [44],
the performance of AI was compared between different
processing modes. Six studies did not specifically men-
tion their comparison group [26, 30, 38, 48, 58, 66]. Only
the study by Zhu et al. reported ‘expert consensus’ as
their reference standard [26].

Study participants

The number of participants in each study ranged con-
siderably (median, 161.5; range, 38—1795; interquartile
range, 78.75-310.5). Likewise, the percentage of par-
ticipants with RCC also varied substantially between
the included studies considerably (median, 71; range,
14.91-95.3; interquartile range, 58.97-80.85). Five stud-
ies did not mention the proportion of RCC cases among
the study participants [26, 54, 56, 78, 83].

Algorithm advancement and model output

The number of images used for model training in the
included studies differed widely (Tables 1 and 2): training
set (median, 234.5; range, 47—-48832; interquartile range,
117-423.25), tuning set (median, 116; range, 20-238;
interquartile range, 30-217.5), testing set (median, 124.5;
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Fig. 1 Flowchart of the study selection process

range, 18—20000; interquartile range, 54.5-288). Twenty-
one studies did not mention the number of these data
sets separately. Notably, only 8 studies reported the num-
ber of images per tuning set. In addition, Table E4 shows
data augmentation use, transfer learning utilization, and
the validation method in each study. Results of the devel-
oped models were reported in the form of specificity by
36 studies, sensitivity by 39 studies, accuracy by 35 stud-
ies, AUC by 34 studies, NPV by 12 studies, PPV by 19
studies, and F1 by 7 studies (Tables E5 and E6).

Quality assessment
Included studies had various levels of adherence to TRI-
POD guidelines (Fig. 2). Only six items of this guideline
were addressed by less than half of the included studies:
sample size estimation by 5% of the studies, handling
missing data by 6%, model-updating description by 42%,
difference between development and validation data by
13%, model specification by 13%, and reporting model-
updating results by 36%.

Evaluation of the studies with the PROBAST check-
list was summarized in Fig. 2. Results indicated that 46
studies (72%) had a high risk of bias and 6 studies (9%)
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histopathological(n=25); insufficient
data (n=6); full text not available
(n=19)

showed a high applicability concern. While participants’
selection bias was high in 25 studies (39%), applicability
concern was high in none of the studies. The risk of bias
in the outcome domain and respected applicability con-
cern were low in nearly all of the studies (95% and 91%,
respectively). Finally, in the analysis domain, the risk of
bias was high in 24 studies (38%). The PROBAST evalu-
ation was primarily influenced by two distinct categories
of research, namely studies lacking external validation
and studies featuring internal validation but employing
small sample sizes.

Meta-analysis

Thirty-one studies were selected for meta-analysis as
they provided desirable data to obtain contingency
tables used for RCC detection and classification [25,
27, 30-36, 39, 42, 43, 45, 51, 56, 57, 59-63, 68, 71-75,
78, 82, 84, 85]. As brought in Table 3, 109 contingency
tables were made from 27 studies assessing algorithm
performance on internal validation [25, 27, 30-36, 42,
45, 51, 56, 57, 59-63, 68, 71, 73-75, 78, 82, 85], the
analysis of which showed pooled sensitivity and speci-
ficity of 85% (95% CI, 82 to 87) and 76% (95% CI, 70 to
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Fig. 2 Adherence of the included studies to TRIPOD and PROPAST guidelines

80), respectively (Figure E1). Three observations from
two different studies had an accuracy of less than 60%
and the studies themselves had not recommended these
algorithms [31, 57]; thus, as strong confounders, they
were not included in this analysis.

Moreover, 5 studies [43, 51, 59, 72, 84] with 20 con-
tingency tables that externally validated Al algorithms
had a pooled sensitivity and specificity of 80% (95% CI,
73 to 84) and 90% (95% CI, 84 to 94), respectively (Fig-
ure E2).

Analysis of 7 studies [25, 32, 33, 39, 51, 57, 68] with 22
contingency tables that performed internal validation
for clinician performance resulted in the pooled sensi-
tivity of 79% (95% CI, 72 to 85) and specificity of 60%
(95% CI, 49 to 70; Figure E3). Since one study reported
externally validated clinician performance with contin-
gency tables [51], no analysis was done for this group.
However, 3 studies with 8 contingency tables assessed
clinician performance with Al assistance [39, 72, 84]
that had a pooled sensitivity of 86% (95% CI, 79 to 91)
and specificity of 72% (95% CI, 66 to 77; Figure E4).
Other analyzed metrics comprising AUC, diagnostic
odds ratio, and positive and negative likelihood ratio
for aforementioned groups were collectively brought
in Table 3. Moreover, hierarchical summary receiver
operating characteristic (HSROC) curves for the inter-
nal and external validation as well as clinicians with Al
assistance test sets were depicted in Figs. 3, 4, and 5,
respectively.

Furthermore, in the subgroup analysis based on com-
parator group, pooled results of 13 contingency tables
from 5 studies [25, 56, 61, 62, 73] showed that inter-
nally-validated Al algorithms differentiated RCC from
oncocytoma with the pooled sensitivity of 75% (95%
CI, 56 to 88) and specificity of 73% (95% CI, 64 to 81).
Pooled results from 5 studies [27, 32, 42, 45, 85] with

24 contingency tables demonstrated that Al algorithms
with internal validation differentiated RCC from angio-
myolipoma with the pooled sensitivity of 80% (95% CI,
75 to 84) and specificity of 81% (95% CI, 73 to 86).

We conducted meta-regression on three variables
including the presence of DL, application of transfer
learning, and usage of data augmentation which were
reported by more than three studies (Table E7). Results
demonstrated that studies implementing DL in their
algorithms had higher sensitivity than those without DL
(87% [95%CI, 83 to 90] vs. 84% [95%Cl, 81 to 87]). Like-
wise, specificity was higher in the studies that used DL
than those without DL in their algorithms (86% [95%CI,
77 to 92] vs. 70% [95%CI, 65 to 75]). Moreover, stud-
ies that applied transfer learning had a higher sensitiv-
ity than those without transfer learning (88% [95%CI,
82 to 92] vs. 84% [95%CI, 81 to 87]), as well as higher
specificity (96% [95%CI, 89 to 99] vs. 71% [95%CI, 66
to 76]). Eventually, studies with data augmentation had
lower sensitivity than the group of studies that did not
use this method (83% [95%CI, 79 to 87] vs. 86% [95%CI,
82 to 89]); However, the specificity was higher in the
former group (81% [95%CI, 72 to 88] vs. 72% [95%CI,
66 to 77)).

Publication bias

Analysis for publication bias was conducted for stud-
ies assessing Al algorithms with internal validation
and external validation as well as studies evaluating
clinician performance on internal validation tests and
studies that measured clinician performance with Al
assistance (Table E8). Statistically significant publica-
tion bias was only detected in the analysis of studies
assessing developed algorithms with internal validation
datasets which corresponded to a slope coefficient of
-42.07 (95% CI, -47.82 to -36.32; P value < 0.001).



Gouravani et al. BMC Cancer

(2025) 25:155

SROC W|th Predlctlon & Confldence Contours

Page 14 of 20

SROC with Prediction & Confidence Contours

1.0 1

Sensitivity
[}
)
1

(O observed Data

Summary Operahng Point
@ sens=o7s o-12-0¢8)
SPEC=0.60[0.49 - 0.70

SROC Curve
AUC=0.77[0.73-0.80]
— 95% Confidence Contour

95% Prediction Contour

>
=
=
=
@ 0.5
c
0]
(]
O Observed Data
Summary Operating Point
@ SEns=085[082
SheSZo30070- 050
_ SROC Curv
AUC= 053 [085-091)
—  95% Confidence Contour
95% Prediction Contour
0.0 T
1.0 0.5
Specificity

1 0.0‘|

1.0

0.5
Specificity

0.0

Fig. 3 HSROC curves for artificial intelligence algorithms (A) and clinicians (B) at the internal validation test. Legend: The Hierarchical summary
receiver operating characteristic (HSROC) curve serves as a comprehensive representation of the overall diagnostic accuracy across various studies,
plotting sensitivity against specificity. The confidence contour visually presents the confidence intervals for both sensitivity and specificity
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Table 3 Pooled sensitivities, specificities, and area under the curve, positive likelihood ratio, negative likelihood ratio, diagnostic odds

ratio

Parameter Sensitivity Specificity AUC Positive Negative Likelihood Ratio Diagnostic
Likelihood Odds Ratio
Ratio

Algorithms, Internal validation, 0.85[0.82,0.87] 0.76[0.70,0.80] 0.88[0.85—091] 35[28,42] 0.20[0.17,0.24] 17[13,24] 109

All modalities

Algorithms, External validation 0.80[0.73,0.84] 0.90[0.84,0.93] 0.90[0.88-0.93] 7.8[5.1,11.8] 0.23[0.18,0.29] 34[21,56] 20

Clinicians, Internal validation 0.79[0.72,0.85] 0.60[049,0.70] 0.77[0.73-0.80] 20[16,25] 034[0.25047] 6[4,9] 22

Algorithms +clinicians 0.86[0.79,091] 0.72[066,0.77] 0.73[069—0.77) 3.0[25,37] 0.19[0.13,0.30] 16 [9,27] 8

Abbreviations: AUC Area under the curve

Discussion

Results of the current systematic review and meta-
analysis indicated that Al algorithms with internal
validation had higher performance than clinicians with
internal validation in terms of pooled sensitivity (85%
vs. 79%) and specificity (76% vs. 60%). Furthermore,
externally validated Al algorithms were also at compa-
rable levels with a pooled sensitivity of 80% in addition
to a pooled specificity of 90%. Moreover, pooled sensi-
tivity and specificity for clinician performance with Al

assistance were 86% and 72%, respectively. Therefore,
among the analyzed groups, clinicians with Al assis-
tance showed the highest sensitivity (86%), and AI algo-
rithms with external validation represented the highest
specificity (90%). However, clinicians’ performance
with external validation was not surveyed in this study
since only one study reported this parameter [51, 84].
Externally validated clinician performance in the study
by Uhm et al. at its highest level had a sensitivity of 92%
which was in the classification of clear cell RCC, and
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a specificity of 90% which was in the classification of
chromophobe RCC [51].

The utilization of Al and ML has seen a growing trend
in the assessment and treatment of RCC. These technolo-
gies have been investigated in several diagnostic areas,
such as differentiation between benign and malignant
renal tumors, categorizing subtypes, determining the
grade and stage of RCC, and characterizing small renal
masses [87]. As observed in our included studies, Al has
been extensively used by researchers for distinguishing
RCC from other renal masses such as angiomyolipoma,
oncocytoma, and renal cysts. Al algorithms, particularly
deep learning models like Res-UNet, have been devel-
oped to automatically segment kidney and renal mass
regions in 3D CT images. This reduces the need for man-
ual segmentation, which is both time-consuming and
costly for clinical radiology [48]. In the urology setting,
Al can enhance surgical procedures by providing 3D ana-
tomical models, which facilitate better pre-surgical plan-
ning and reduce operation times [88]. Al algorithms can
also identify patients at high risk of recurrence, enabling
tailored follow-up strategies and personalized treatment
plans [89].

It has been well-established that CT scan plays a crucial
role as the primary imaging modality in the assessment
of renal neoplasms [90]. A systematic review showed that
CT had a median sensitivity and specificity of 88% (IQR,
81-94) and 75% (IQR, 51-90), and for MRI, the afore-
mentioned metrics were 87.5% (IQR, 75.25-100) and
89% (IQR, 75-96) [91]. Additionally, neural networks are
employed to analyze imaging data and extract quantita-
tive features of lesions, including contour, heterogeneity,
and gray zone features [92]. Thus, it has been promised
that by incorporating clinical data, utilizing ML tech-
niques, performing texture analysis, and retraining ML
algorithms, the accuracy of detection and classification
by imaging modalities such as CT and MRI can be sig-
nificantly improved. The findings of the current meta-
analysis revealed that Al algorithms have comparable and
even higher performance in comparison to clinicians.
Nevertheless, the considerable heterogeneity between
the included studies urged us to perform a meta-regres-
sion analysis to evaluate the influence of possible con-
founders comprising the application of DL, transfer
learning, and data augmentation. The results indicated
that the use of DL led higher sensitivity and specificity.
In addition, transfer learning as a technique that involves
utilizing knowledge learned from one task to improve
performance on another related task and is particularly
useful when there is limited labeled data available [93],
improved the performance of internally-validated Al in
terms of sensitivity and specificity. The data augmen-
tation, in which new training data were generated by
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manipulating existing data to increase the robustness of
the model and improve the generalization and perfor-
mance of models in DL [94], resulted in a higher pooled
specificity, but a lower sensitivity. Subgroup analysis
based on comparator group showed that internally-val-
idated AI algorithms performed better in differentiation
of RCC from angiomyolipoma than in differentiation of
RCC from onvocytoma. These inconsistent results and
the evident impact of methodologic diversities between
studies underscore the necessity of a cautious interpreta-
tion of our results.

In the publication bias analysis, the slope coefficient
denotes the correlation between the diagnostic odds ratio
(DOR) and the inverse of the square root of the effec-
tive sample size (ESS). In the absence of publication bias,
the slope coefficient should approximate zero. A positive
slope coeflicient implies that studies with elevated DORs
possess lower ESS, thereby indicating a plausible publica-
tion bias favoring studies with positive outcomes. There
was a statistically significant publication bias in the anal-
ysis of algorithms with internal validation that should be
noted.

Validation methods are generally categorized into two
types: internal and external. Internal validation methods
like cross-validation and bootstraps involve splitting one
dataset into parts, using some for training and the rest for
validation. External validation, on the other hand, tests
the model’s generalizability on a different dataset that
reflects the target population but comes from another
source. External validation is crucial for checking the
model’s generalizability and transportability, while inter-
nal validation provides an estimate of the model’s per-
formance using the available data [95]. This denotes the
necessity for the development of more algorithms with
external validation datasets than we currently have.

Furthermore, the current study is subject to several
limitations. Out of 64 studies included in the qualitative
synthesis of this systematic review, 33 studies, which is
approximately half of the studies, did not provide suf-
ficient data to extract contingency tables and conse-
quently did not enter the meta-analysis. Accuracy was
documented by multiple studies as a measure of diag-
nostic performance, despite the fact that this statistical
measure is contingent upon the prevalence of the dis-
ease among different study populations, even when the
sensitivity and specificity are identical between them
[96]. Moreover, several studies failed to disclose essen-
tial study details, such as the quantity of images included
in both the training and testing datasets. A significant
publication bias was also detected in the most extensive
analysis conducted in the current study, i.e., the perfor-
mance of Al algorithms at internal validation. This indi-
cates a potential bias in publishing may exist favoring
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studies that report positive outcomes. Likewise, evalua-
tion with the PROBAST checklist demonstrated that 72%
of studies had a high risk of bias. Moreover, 6 items of
the TRIPOD checklist were complied with by less than
half of the studies and most studies had unsatisfying sta-
tus in the method and result domains. The performance
of clinicians may be undervalued, given that the stud-
ies rarely employed clinicians with a substantial clinical
background. Unexpectedly, externally-validated Al algo-
rithms had a superior pooled specificity than internally-
validated algorithms which may be due to lower analyzed
contingency tables in external validation subset of stud-
ies leading to contradictory results. Lastly, the applied
meta-analysis model did not take into consideration
the clustered nature of the data as multiple contingency
tables were drawn from each study. The conventional
practice in meta-analysis studies is to include one effect
size from each study, as it is widely recognized and rec-
ommended. However, when conducting a meta-analysis
of diagnostic performance for Al algorithms, a different
situation arises. In most studies, multiple algorithms are
tested, and various diagnostic performance measures are
reported. In such cases, it is not appropriate to include
only a single measure in the analysis, as it may not pro-
vide a comprehensive evaluation of the algorithms’ per-
formance. Recently, this approach of including multiple
measures has been adopted in high-quality meta-analy-
ses of diagnostic performance for Al algorithms [13, 97,
98]. Multiple calculated contingency tables are extracted
from each study in this approach to determine the over-
all performance of Al algorithms developed in the stud-
ies that are included. The interstudy differences in the
architecture of various algorithms and the applied train-
ing and testing sets which lies in the nature of Al stud-
ies caused a vast heterogeneity in the accuracy reported
by these studies. Moreover, different imaging modalities
used in the studies is another source of heterogeneity. We
tried to address this issue by performing meta-regression
analysis, however, the use of more standardized method-
ologies with more robust methods such as external val-
idation in the future studies can improve the quality of
subsequent meta-analyses.

Conclusion

The results of the current study confirmed the accepta-
ble and comparable performance of Al algorithms com-
pared to clinicians in the detection and classification of
RCC, for which early diagnosis is of great importance.
However, inter-study heterogeneities and inconsistency
in several findings underpin the need for further pro-
spective studies and clinical trials with a larger study
population to carefully evaluate the performance of Al
in comparison to experienced clinicians in real clinical
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settings. Thus, the successful translation of AI systems
to healthcare depends not only on their performance
but also on factors such as interpretability, safety, and
trust from clinicians. Moreover, designing platforms
optimized for intuitive human-Al interactions and
ensuring the understandability of Al image classifiers to
human observers are crucial for building trust. Al algo-
rithms for RCC detection in imaging are transforming
clinical radiology and urology by enhancing diagnostic
accuracy, increasing efficiency, and providing valuable
decision support. However, Al is currently seen as a
tool to augment human expertise rather than replace it
entirely.
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