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Abstract 

Background  Predicting pituitary adenoma (PA) recurrence after surgical resection is critical for guiding clinical 
decision-making, and machine learning (ML) based models show great promise in improving the accuracy of these 
predictions. These models can provide valuable insights to surgeons and oncologists, helping them tailor personal-
ized treatment plans, enhance patient prognostication, and optimize follow-up strategies.

Methods  We systematically searched PubMed, Scopus, Embase, Cochrane Library, and Web of Science databases 
until November 2024, applying PRISMA guidelines.

Results  Out of 1240 studies screened, six met our eligibility criteria involving ML-based approaches to predict PA 
recurrence. The studies employed 12 different ML algorithms. Meta-analysis showed a pooled sensitivity of 0.87 [95% 
CI: 0.78–0.92], specificity of 0.86 [95% CI: 0.67–0.95], positive diagnostic likelihood ratio (DLR) of 6.32 [95% CI: 2.46–
16.26], and negative DLR of 0.16 [95% CI: 0.1–0.25]. The diagnostic odds ratio (DOR) was 40.52 [95% CI: 13–126.27], 
and the diagnostic score was 3.7 [95% CI: 2.57–4.84]. The pooled AUC was 0.89 [95% CI: 0.86–0.92], indicating a high 
overall diagnostic performance. For the comparison between Logistic Regression (LR) and non-LR algorithms, LR-
based algorithms exhibited numerically higher AUC and sensitivity; however, these differences were not statistically 
significant. Additionally, LR-based algorithms showed lower specificity, positive likelihood ratio, and diagnostic odds 
ratios, but the statistical tests did not provide strong evidence for meaningful differences.

Conclusion  AI-based models show strong predictive power for recurrence in both functional and non-functional 
pituitary adenomas, with an average accuracy above 80%. However, the lack of external validation and the complexity 
of input data pose challenges, highlighting the need for rigorous validation with multi-center datasets and standard-
ized imaging techniques to enhance clinical applicability.
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Introduction
Pituitary adenomas (PAs) constitute 10–25% of all 
intracranial tumors and are prevalent in approximately 
17–20% of the general population [1, 2]. Based on their 
secretion status, PAs can be divided into function-
ing adenomas  (FPA), which actively secrete hormones 
with or without mass effects, and nonfunctioning ade-
nomas  (NFPAs), which usually only have mass effects 
complications [3]. PAs can impose various morbidities 
on patients regarding hormonal dysfunction, includ-
ing amenorrhea-galactorrhea in women and sexual 
dysfunction in men with prolactin (PRL)-secreting ade-
noma; acromegaly and gigantism in growth hormone 
(GH)-secreting adenomas; Cushing’s disease (CD) in 
adrenocorticotropic hormone (ACTH)-secreting corti-
cotrophinomas; and central hyperthyroidism in the rare 
TSH (thyrotropin)-secreting thyrotrophinomas [4, 5]. 
Nonfunctioning PAs may present with symptoms of mass 
effect, which include visual field defects, headaches, ante-
rior hypopituitarism, and diabetes insipidus (DI) in infil-
trative or suprasellar lesions [6]. Clinically nonfunctioning 
microadenomas (diameter < 10 mm) are unlikely to cause 
mass effects and are usually detected incidentally [6].

Surgical removal through microscopic or endoscopic 
transnasal transsphenoidal approaches is the primary 
treatment option; however, up to 40–50% of cases achieve 
complete resection in some series, and at least 10–20% of 
entirely resected tumors recur after 5–10 years [7]. Among 
patients with residual adenomas, 12–58% experience recur-
rence [8]. Recurrence of PAs significantly affects the quality 
of life of patients due to the impact of pituitary dysfunction, 
invasion-related risks, and increased risk with additional 
surgical or nonoperative treatment [8].

Artificial intelligence (AI) is an increasingly applicable field 
with many neuro-oncology applications [9]. AI models, includ-
ing machine learning (ML), artificial neural networks (ANN), 
and deep learning (DL), have been developed to perform big 
data analysis and predictive analysis in medicine [10–14]. ML 
algorithms can be used to generate predictive models based on 
large datasets and iteratively learning. Studies show the efficient 
performance of ML-based models over some conventional 
models for a variety of radiological and clinical outcomes [15–
17]. AI can potentially improve the diagnosis and treatment of 
brain tumors and provide a path toward personalized medicine 
and better patient outcomes [18–20]. We aimed to investigate 
the application of AI in forecasting recurrence in patients with 
previously treated PA. Through a systematic review, we evalu-
ated the effectiveness and accuracy of AI algorithms in predict-
ing the likelihood of tumor recurrence. The primary goal was 
to explore the accuracy of AI-based models as well as added 

value to clinical decision-making by providing reliable and pre-
cise predictions of recurrence.

Method
Study design
This systematic review and meta-analysis examined the 
current role of AI algorithms, including ML and DL, in 
forecasting recurrence following surgical resection PAs. 
The study follows the guidelines based on the Preferred 
Reporting Items for Systematic Reviews and Meta-Anal-
yses (PRISMA) [21], and has been registered with PROS-
PERO ID: CRD42024627890.

Search strategy
Five major databases in medical research, including Pub-
Med, Embase, Scopus, Cochrane Library, and Web of Sci-
ence, were comprehensively searched using the following 
search terms: (“machine learning” OR “deep learning” OR 
“artificial intelligence”) AND (“pituitary adenoma” OR “pitu-
itary tumor” OR “ACTH-secreting” OR “GH-secreting” OR 
“TSH- secreting” OR “thyrotropin-secreting” OR “Cushing’s 
disease” OR corticotrophinomas OR thyrotrophinomas 
OR adrenocorticotropic OR prolactinoma OR somatotro-
pinoma OR “nonfunctional adenoma” OR “secretory ade-
noma”) AND (recurrence OR residual OR regrowth). No 
restriction on publication type or language was applied and 
they were searched from their inception up to 27 Novem-
ber 2024. The first 100 results from Google Scholar were 
also reviewed as a supplementary search to ensure all rel-
evant articles were included. Special syntax of each database 
such as the medical subject heading (Mesh) in PubMed and 
Emtree in Embase were used to retrieve the unique search 
strategy for each database. The complete search strategy 
syntax is provided in Supplementary file 1, Table S1.

Inclusion criteria
The eligible studies were selected according to the following 
criteria: 1) Study participants consisting of patients already 
diagnosed with PA and undergone endoscopic or micro-
scopic TSS, 2) At least one year of follow-up after surgery, 3) 
Studies reporting the application of ML or DL algorithms in 
the prediction of the recurrence or regrowth of PA.

Exclusion criteria
Studies were excluded if they were non-English language, 
animal studies, commentaries, conference abstracts, case 
reports, or case-series with fewer than 15 patients, did not 
reporting sufficient data on our intended parameters (sensi-
tivity, specificity, AUC, true positives (TP) and true negatives 
(TN)), and included patients younger than 18 years old.
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Study selection
After a systematic literature search, the articles were 
exported from databases into EndNote software (ver-
sion 21). After resolving the duplicates, the titles and 
abstracts of the retrieved records were reviewed and 
screened independently by two authors (B.N. and P.E.). A 
full-text assessment resolved conflicts. Subsequently, the 
full-text screening of the included or possible articles was 
performed by two authors (N.F. and B.H.). At this stage, 
the disagreements were resolved by a third reviewer 
(I.M.). No automatic tools were used during the selection 
process.

Data extraction
Two reviewers (B.N. and P.E.) separately collected the 
data from the included articles. A pre-designed Excel 
form was utilized to submit data from each study. From 
each article the following data were collected: study 
design, sample size, average age, gender composition, 
type of the tumor (adenoma), criteria for recurrence, time 
to recurrence, duration of follow-up, modality of imag-
ing, input characteristics, validation method, selected 
features, number of final features, type of AI model(s), 
the best-performing model and its sensitivity, specificity, 
accuracy, precision, F1 score, and AUC.

Risk of bias and applicability assessment
The risk of bias and applicability of the terminally included 
articles was assessed using the PROBAST (Prediction 
Model Risk of Bias Assessment Tool) [22]. PROBAST 
was primarily intended for use in systematic reviews, 
but generally, it can be used more in critically evaluating 
prediction model studies. The applicability of the predic-
tion models determines the compatibility of the included 
studies with the research question. This tool examines 
four key domains for assessing the risk of bias, including 
participants, predictors, outcome, and analysis, and the 
same except for the analysis domain for applicability. Each 
domain was ranked as low, high, or unclear risk.

Statistical analysis
The true positive, true negative, false positive, and false 
negative values were derived based on the sensitivity and 
specificity of each algorithm in every study. A diagnos-
tic meta-analysis model was then applied using these 
values to synthesize data. Statistical analysis for all data 
was performed using the MIDAS module in STATA ver-
sion 17. The primary objective of this review was to iden-
tify the top-performing ML algorithm from each study. 
Additionally, a secondary analysis was conducted on all 
reported algorithms to provide a more comprehensive 
overview.

Result
The initial search identified 1461 records, of which 207 
were duplicates and non-English (Fig. 1). After resolving 
them, 1254 records were screened by title and abstract, 
and 11 studies were eligible for full-text assessment. 
Finally, six studies published between 2019 and 2024 
were included in the systematic review, with their sample 
sizes ranging from 27 to 354, comprising a total of 1188 
subjects.

Female gender accounted for 56.23% of the sample 
(female/male ratio: 1.28), and the mean age was 44.3 
years (Table 1). Three studies included CD patients (n = 
719), one of them also surveyed participants with acro-
megaly (n = 191), and three of studies examined NFPA 
(n = 267). furthermore, three were from China (50%), 
and one each from the US, Russia, and Brazil (13.33%) 
(Table 1). A total of 12 algorithms were used for mode-
ling among six studies, while three of them were DL and 
the remaining were ML approaches (Fig. 2) (Table 2). DL 
models included neural networks (NN), ANN, and mul-
tilayer perceptron (MLP). ML approaches were logistic 
regression (LR), random forest (RF), k-nearest neighbors 
(KNN), decision tree (DT), extreme gradient boosting 
(XGBoost), adaptive boosting (AdaBoost), and gradient-
boosted decision trees (GBDT). The KNN was the best-
performing algorithm with the highest average values for 
accuracy (0.92.6), sensitivity (0.833), specificity (1), and 
AUC (0.979) (Fig.  3) (Table  2). the input characteristics 
primarily comprised radiomics features with radiomics 
combined with clinical features, reported in six studies; 
in addition, genomic features were used in two studies.

Sensitivity and specificity
The pooled sensitivity was obtained at 0.87 [95% CI: 
0.78–0.92], with mild heterogeneity noted with an I2 of 
34.27 [95% CI: 0–94.3]. χ2 test of heterogeneity exhibited 
a Q of 7.61 (p-value = 0.18). The pooled specificity was 
demonstrated to be 0.86 [95% CI 0.67–0.95], with signifi-
cant heterogeneity observed between the studies, repre-
sented by an I2 of 95.65 [95% CI: 93.45 −97.85]. The χ2 
test yielded Q of 5 (p-value < 0.001) (Fig. 4).

Positive and negative diagnostic likelihood ratio (DLR)
The positive DLR found to be 6.32 [95% CI: 2.46–16.26], 
while showed significant heterogeneity with an I2 of 
91.96 (95% CI: 91.96–97.56). The χ2 test for heterogeneity 
deferred a Q of 95.42 (p-value < 0.001).

The pooled negative DLR was 0.16 [95% CI: 0.1–0.25], 
with moderate heterogeneity indicated by an I2 value of 
44.6 [95% CI: 0–95.96]. The results of the χ2 test revealed 
a Q of 9.03 (p-value = 0.11) (Fig. 5).
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Diagnostic score and diagnostic odds ratio
The diagnostic score was calculated as 3.7 [95% CI: 2.57–
4.84], while demonstrating significant heterogeneity with 
an I2 of 99.05% [95% CI:95.75–99.34]. The χ2 test showed 
a Q (p-value < 0.001). The DOR was found to be 40.52 
[95% CI: 13–126.27], with significant variation observed 
between the studies with the I2 of 100% [95% CI: 100–
100]. The χ2 test revealed a Q of 4.3e + 21(p-value 
< 0.001) (Fig. 6).

Performance metric (area under the curve, AUC)
The pooled performance of best-performing ML algo-
rithm from each study in predicting recurrent PA was 
calculated as 0.89 [95% CI: 0.86–0.92] (Fig. 7).

Meta‑analysis on all algorithms
Pooled sensitivity, specificity was 0.84 [95% CI: 0.79–
0.87] and 0.92 [95% CI: 0.84–0.96] with negligible (I2 = 
0%) and significant heterogeneity (I2 = 90.55%, respec-
tively), respectively. The positive DLR was 10.21, and 
the negative DLR 0.18, corresponding to significant and 
very low heterogeneity (I2 = 83.28% and 0%), respec-
tively. The diagnostic score was 4.04 and the DOR was 
57.02 (I2 = 97.10% and 100%, respectively). The pooled 
area under the SROC curve had an AUC of 0.88 [95% 
CI: 0.85–0.90] (Supplementary file 2).

Fig. 1  PRISMA flowchart of the study selection process
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Sub group between LR‑based and non‑LR‑based 
algorithms
Compared to the non-LR-based algorithm, the LR-
based algorithm exhibited a slightly higher AUC (0.89 
[95% CI: 0.86–0.92] vs. 0.87 [95% CI: 0.84–0.90]) and 
sensitivity (0.86 [95% CI: 0.80–0.90] vs 0.81 [95% CI: 
0.74–0.87]), but its specificity was lower (0.81 [95% 
CI: 0.71–0.88] vs. 0.96 [95% CI: 0.87–0.99]). While 
LR-based algorithms had a slightly higher AUC and 
sensitivity, their specificity was lower, indicating that 
non-LR-based algorithms may better rule out non-
recurrence. The LR-based algorithm also showed a 
lower positive likelihood ratio (4.4 [95% CI: 2.9–6.8] 
vs. 22.1 [95% CI: 6–81.2]) and a comparable negative 
likelihood ratio (0.17 [95% CI: 0.12–0.25] vs. 0.19 [95% 
CI: 0.13–0.28]). Additionally, although the DOR for the 
non-LR-based algorithm (26 [95% CI: 14–48]) appeared 
numerically higher than the LR-based algorithm (115 
[95% CI: 29–449]), this difference was not statisti-
cally significant (P-value: 0.15), indicating no strong 
evidence to suggest a meaningful difference in DOR 
between the two algorithms.

Bias assessment (PROBAST)
Among the four evaluated domains, including partici-
pants, predictors, outcomes, and analysis, 82.02% of 
studies demonstrated a low risk of bias. In contrast, 
10.8% of studies showed high risk, mainly related to 

predictors and outcomes. No studies were identified 
with unclear bias (Supplementary file 3, Fig. S1).

Applicability assessment (PROBAST)
Regarding the applicability, 90% of studies had low con-
cerns across participants, predictors, outcomes, and 
analysis. However, 10% showed high concerns, par-
ticularly in the predictors category. None of the studies 
were rated as unclear in terms of applicability (Supple-
mentary file 3, Fig. S2).

Discussion
This systematic review and meta-analysis aimed to 
assess how accurately ML models can predict PA recur-
rence following surgery. In this study, two types of 
meta-analysis, one based on the best-performing model 
of each study and the other according to the data of all 
ML models (all-models approach) was performed. The 
results of meta-analysis based on best-predictor model 
of each study (RF, ANN, NN and LR), demonstrated a 
pooled sensitivity of 0.87 shows a  high ability to cor-
rectly identify cases of recurrence, while the pooled 
specificity of 0.86 demonstrates their ability to exclude 
cases of non-recurrence.

In addition, based best models, the effectiveness of 
the diagnostic models is supported by a positive DLR of 
6.32, indicating that when the test result is positive, the 
probability of recurrence will considerably increase. On 

Fig. 2  Frequency of algorithms used in the analyzed studies
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Fig. 3  Performance comparison of ML algorithms, including Accuracy, Sensitivity, Specificity, F1 Score, and AUROC

Fig. 4  Sensitivity and specificity of ML algorithms



Page 11 of 15Mohammadzadeh et al. BMC Endocrine Disorders          (2025) 25:158 	

the other hand, the negative DLR of 0.16 depicts the 
decreasing recurrence probability when the test result is 
negative. The DOR of 40.52 shows how the models can 
distinguish between cases that return and those that do 
not. The AUC of 0.89 shows that ML is fairly accurate 
overall and confirms that they may be powerful tools 
for making predictions. These findings suggest that ML-
based models may be reliable for predicting recurrence 
and guiding postoperative management strategies.

When all models and algorithms were included in the 
meta-analysis, the pooled sensitivity was 0.83, the speci-
ficity was 0.95, AUC of 0.88 and the DOR was 83.18, This 
approach demonstrated higher specificity and DOR but 
slightly lower sensitivity compared to the meta-analysis 
of the best-performing algorithms. However, the sub-
stantial heterogeneity observed in the all-model meta-
analysis underscores the need for further refinement and 
standardization of ML models to ensure consistent reli-
ability across diverse datasets and clinical contexts. The 
subgroup analysis showed that LR-based algorithms had 
slightly higher AUC (0.88 vs. 0.87), sensitivity (85% vs. 

81%), and specificity (89% vs. 96%). In contrast, non-LR-
based algorithms exhibited a significantly higher DOR 
(115 vs. 83.18) and positive likelihood ratio (22.1 vs. 7.6). 
These results illustrate that LR-based algorithms pro-
vide good diagnostic performance, which would help in 
many clinical settings. On the other hand, non-LR-based 
algorithms are better at confirming positive cases, which 
could be especially useful when confirmation is very 
important.

Comparison of ML algorithms
Y. Liu and colleagues conducted a study to predict the 
chances of recurrence after TSS for CD [15]. They used 
seven machine learning models based on 17 factors and 
compared them with two traditional models (LR and 
Naive Bayes). The models showed moderate accuracy, 
with the Random Forest model achieving the high-
est AUC of 0.78, followed by XGBoost, AdaBoost, and 
GBDT, which outperformed LR, DT, and Naive Bayes. 
Nine key predictors were identified, with the top three 

Fig. 5  Positive and negative DLR of ML algorithms
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being age, the lowest morning serum cortisol after sur-
gery, and morning ACTH levels. They tested different 
numbers of variables with the seven algorithms to see 
how it affected performance. Most models reached a sta-
ble performance with nine variables. Adding more vari-
ables improved AdaBoost slightly, but the performance 
of Naive Bayes and LR decreased. Among the models, 
DT, LR and NB are interpretable models. At the same 
time, GBDT, RF, AdaBoost, and XGBoost are unexplain-
able, in which the function between the variables and the 
response is invisible to the user. However, the contribu-
tion of each variable could be inferred according to the 
feature selection method, and univariate analysis might 
indicate the direction.

An LR-based nomogram model developed by J. Zhong 
et al. effectively predicted postoperative recurrence after 
TSS for NFPAs in men, demonstrating a strong predictive 
capability with an AUC of 0.9 [29]. Internal validation 
confirmed that the model exhibited excellent discrimi-
nation and calibration. Female patients were excluded 
from this study due to a higher prevalence of conditions 

such as type 2 diabetes mellitus, myocardial infarction, 
cerebral infarction, and fractures, which may impact 
postoperative outcomes and mortality risk factors. The 
predictive model ultimately included three key predictors 
identified through least absolute shrinkage and selec-
tion operator (LASSO): Ki67, Modified Knosp grade, and 
resection extent.

Neural network (NN) models have proven highly 
effective in predicting adenoma recurrence. In a study 
by Sh. Shahrestani et  al., a multilayered NN, analyzed 
outcomes in 348 patients with FPA as causing CD or 
acromegaly [30]. Key variables, including MRI follow-
up assessments, diabetes insipidus (DI), tumor traits, 
endocrine test results, prior craniotomies, and hospi-
tal types, were input into the NN. The model for the 
entire cohort outperformed those specific to CD and 
acromegaly, achieving an AUC of 0.91. This indicates 
that diverse samples of FPA patients, given adequate 
statistical power, can yield highly accurate predictions 
for postoperative outcomes. A three-layer ANN model 
based on age, disease duration, MRI data on adenoma, 

Fig. 6  Diagnostic score and diagnostic odds ratio of ML algorithms
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morning postoperative levels of ACTH and cortisol 
suggested by E. Y. Nadezhdina et  al. [31]. This model 
demonstrated an accuracy of 84% in the validation 
sample when predicting the three-year recurrence rate 
for patients with CD who have undergone ETS. ROC 
analysis showed the high efficacy of the model with 
AUC 0.912. The model performs over-diagnosis in 15% 
of cases (i.e., predicts recurrence in 41 when there is 
actual remission in 6 of them) and under-diagnosis in 
7% of cases (i.e., predicts remission in 178 when there is 
actual recurrence in 12 of them). So, over-diagnosis is 
slightly higher than under-diagnosis. Such a strategy is 
consistent with a high level of alertness for recurrence.

Radiomic prediction of pituitary adenoma recurrence
Radiomics, predominantly used in oncology, is an 
approach to quantitative perception of medical imag-
ing, which operates on the assumption that biomedi-
cal images hold disease-specific insights beyond human 
visual perception and traditional inspection. The pro-
cess involves four key steps: segmentation, processing, 
feature extraction, and feature selection or dimension 
reduction [32]. Machado et al., evaluated the prognostic 
power of preoperative MRI radiomics features based on 
two extraction modalities (2D and 3D), combined with 
ML models to differentiate the recurrent NFPA patients 

[1]. Six and thirteen radiomic feature found to be statisti-
cally different in recurrent and non-recurrent lesions for 
2D and 3D radiomics, respectively. The majority of the 
features (2D and 3D) were related to energy, total-energy, 
and non-uniformity, which cannot be seen or interpreted 
with the naked eye because they are mostly obtained 
from filtered images. While the ML experiments trained 
with both 2D and 3D radiomics feature sets produced 
excellent results (AUC > 0.85), ML models trained with 
3D features achieved superior accuracies than when 
trained with 2D features and used fewer features.

In another study to predict the recurrence of NFAPs 
using the radiomics feature, Shen et  al. employed 
both pre-and postoperative MRI radiomics features to 
compare the models based on T1-weighted (T1 WI), 
T2-weighted (T2 WI) and contrast-enhanced T1 (T1 CE) 
sequences to differentiate regrowth and non-regrowth 
groups [7]. The best predictive power was obtained when 
pre- and postoperative radiomic features were combined 
rather than using single pre- or postoperative images. 
This indicates that the postoperative images are signifi-
cant referents for investigating residual tumors. Integrat-
ing two independent clinical variables, including Knosp 
classification (grades 3 or 4) and preoperative tumor vol-
ume doubling time (TVDT) with radiomics based on the 
three modalities (T1 WI, T1 CE, T2 WI) using the LR 

Fig. 7  Summary receiver operator characteristic curve (SROC) of ML algorithms
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approach resulted in an excellent predictive power (AUC 
of 0.92 in training cohort and 0.88 in the test set) and 
performed significantly better than the single clinical or 
radiomic model in both the training and test sets.

Limitation
Due to the retrospective single-center design of most 
studies, bias is inevitable to some extent, and a large 
amount of missing data is possible. Several studies lacked 
clearly defined test and training groups, which is crucial 
in AI studies. In these cases, the absence of specified 
cases and controls for each patient group made it impos-
sible to calculate key metrics such as TP, TN, FP, and 
FN. Additionally, patients developing suboptimal out-
comes may not have been adequately represented due to 
improper sample sizes and short follow-up periods. The 
high heterogeneity in specificity (I2 = 95.65%) indicates 
that the models’ ability to rule out non-recurrence varies 
widely, possibly due to differences in study populations or 
imaging protocols. Another major source of heterogene-
ity is the diversity of machine learning algorithms used 
in the studies, as each algorithm has distinct structures 
and functionalities, which can contribute to variations in 
performance.

Future direction
To improve the applicability and performance of ML 
models in predicting recurrence in PA, future original 
studies should focus on expanding the dataset through 
multi-center, prospective research with larger and more 
diverse patient populations [14]. A more robust study 
design, including well-defined test and training groups, 
adequate sample sizes, and longer follow-up periods, is 
essential to accurately calculate key metrics such as TP, 
TN, FP, and FN. Standardizing imaging protocols, par-
ticularly MRI parameters. Additionally, optimization 
and comparison of various ML algorithms, including DL 
models, should be explored further to enhance predic-
tive accuracy, particularly for different PA subtypes (e.g., 
functional vs. non-functional). Finally, external validation 
of predictive models in independent multi-center cohorts 
is necessary to assess their real-world applicability and 
ensure that they generalize well across diverse patient 
populations.

Conclusion
AI-based models show potential in predicting recurrence 
in patients with both FPAs and NFPAs. These models 
demonstrate a discriminatory ability exceeding 80%. Var-
ious variables, including clinical, imaging, and radiomics 
features, have been identified as predictors, highlighting 

the capability of AI models to process diverse data for 
predictions. The pooled results from the best-performing 
and all-model approaches suggest promising predictive 
power, offering the potential to reduce bias in clinical 
decision-making. However, a significant limitation of the 
current models is the lack of external validation, coupled 
with the small size of the training cohorts. Additionally, 
high heterogeneity in specificity across studies under-
scores the need for further validation. To bridge the gap 
between research and clinical application, it is essential 
to conduct rigorous validation of these models using 
multi-center, prospective datasets with standardized 
imaging protocols.
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