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Background: Radiomics-based machine learning (ML) models can potentially distinguish between benign 
and malignant renal tumors on computed tomography (CT). Traditional algorithms necessitate intensive 
hyperparameter tuning and large datasets for optimization. This study assessed the novel tabular prior-data 
fitted network (TabPFN), a pre-trained transformer model for tabular data classification, and compared it 
with conventional algorithms using real-world CT radiomics datasets.
Methods: Two retrospective cohorts were analyzed: datasets A [207 cystic renal masses (CRMs): 92 benign, 
115 malignant] and B [92 tumors: 41 renal oncocytomas (ROs), 51 chromophobe renal cell carcinomas 
(CRCCs)]. Radiomic features were extracted from three-phase CT images (unenhanced, corticomedullary, 
and nephrographic) using PyRadiomics. Seven algorithms [support vector machine (SVM), stochastic 
gradient descent (SGD), k-nearest neighbor (KNN), random forest (RF), extreme gradient boosting 
(XGBoost), light gradient boosting machine (LightGBM), and TabPFN] were evaluated via 10-fold cross-
validation. Evaluation metrics included area under the curve (AUC), accuracy, sensitivity, specificity, and 
feature importance.
Results: In dataset A, all models achieved high AUCs (training: 0.935–1.000; validation: 0.800–0.946). 
TabPFN showed top-tier performance, particularly in nephrographic-phase analysis (validation AUC: 0.946). 
In dataset B, TabPFN demonstrated superior stability (validation AUC: 0.700–0.800), outperforming SVM 
and KNN while circumventing the convergence failures of SGD. On feature importance analysis, its dynamic 
weight allocation paralleled that of ensemble models (RF/XGBoost) without explicit hyperparameter 
optimization.
Conclusions: TabPFN demonstrates robust performance in differentiating renal tumors, particularly in 
small-scale, high-dimensional datasets. Its transformer-based architecture and pre-training on synthetic data 
eliminate manual parameter tuning, enhancing clinical applicability over conventional ML approaches.
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Introduction

Radiomics, which facilitates the extraction of high-
dimensional quantitative features from radiological images 
to assist in disease classification and prognostication, has 
emerged as a promising methodology in medical imaging 
analysis (1,2). Machine learning (ML) algorithms play 
an essential role in radiomics-based analysis. Traditional 
models such as support vector machines (SVMs), random 
forests (RFs) (3), and gradient boosting methods (4), 
although widely utilized (5,6), often require extensive 
hyperparameter tuning and large datasets to achieve optimal 
performance. This necessity limits their applicability in 
real-world clinical settings (7), where data availability may 
be constrained.

Introduced by Hollmann et al. in 2025, the tabular prior-
data fitted network (TabPFN) algorithm (7) has shown 
promising capabilities in handling tabular datasets with 
minimal computational expense and has also eliminated 
the need for hyperparameter tuning. Unlike conventional 
ML models that depend on sample-specific learning (8),  
TabPFN employs a pre-trained transformer-based 
framework. This design allows for rapid and efficient 
learning across diverse datasets, significantly reducing 
training time while maintaining robust predictive accuracy. 
Importantly, it eliminates the need for hyperparameter 
tuning (a process that typically consumes above 80% of 
ML development time in radiomics studies) by dynamically 
adjusting attention weights during inference. This capability 
is transformative for tumor classification, as it offers 
robust performance even with fewer than 100 samples per 
class. These advantages suggest that TabPFN could be a 
powerful tool for clinical radiomics applications. Despite its 
theoretical benefits, the practical uses of TabPFN in real-
world medical imaging and radiomics have remained largely 
unexplored. Existing validation studies are predominantly 
based on synthetic datasets (7); this raises concerns regarding 
the generalizability and clinical reliability of their results.

Given this gap, our study aimed to evaluate the 
efficacy of TabPFN in classifying benign and malignant 
renal tumors based on radiomic features extracted from 

computed tomography (CT) images. The study also aimed 
to compare TabPFN with established ML algorithms 
using two independent datasets, to assess its real-world 
clinical performance and feasibility as a radiomics-based 
classification tool. We present this article in accordance with 
the CLEAR reporting checklist (available at https://qims.
amegroups.com/article/view/10.21037/qims-2025-1132/rc).

Methods

Ethical approval

The study was conducted in accordance with the 
Declaration of Helsinki and its subsequent amendments. 
This study was approved by the Medical Ethics Committee 
of the Guangdong Provincial Hospital of Chinese Medicine 
(approval Nos. ZE2023-090-01 for dataset A and ZE2024-
294-01 for dataset B). The Ethics Committee of the 
Provincial Hospital of Chinese Medicine waived the 
requirement for written informed consent because the study 
involved a retrospective analysis of de‑identified imaging 
and clinical data, posed no more than minimal risk to 
participants, and it was impracticable to obtain consent from 
all individuals due to the time span of data collection. All 
datasets were anonymised before analysis and no additional 
procedures were performed (9,10). All participating 
institutions were also informed and agreed the study.

Collection of data

This retrospective study comprised two datasets. The first 
(dataset A) included data from 207 cystic renal masses 
(CRMs; 92 benign and 115 malignant) classified under the 
Bosniak II F category (9,11). The second dataset (dataset 
B) included 92 cases, of which 41 were renal oncocytomas 
(ROs) and 51 were chromophobe renal cell carcinomas 
(CRCCs), respectively (10).

Dataset A was sourced from two centers of the Guangdong 
Provincial Hospital of Chinese Medicine, namely, center 1 
in Guangzhou and center 2 in Zhuhai; data collection was 
performed between January 2018 and February 2022. The 
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scanning parameters for this dataset have been detailed in 
a previous study (9). Cases that met the following criteria 
were considered eligible for inclusion: (I) both unenhanced 
and contrast-enhanced CT images, including those from the 
corticomedullary phase (CMP) and nephrographic phase 
(NP), were available for classifying CRMs according to the 
Bosniak system; (II) had comprehensive clinical information 
including patient age, sex, lesion location, complete surgical 
and/or biopsy records, and histopathological results retrieved 
from the pathology databases of both centers; and (III) high-
quality CT images obtained from the picture archiving 
and communication system. Cases with poor-quality or 
incomplete CT datasets and those with lesions classified 
as Bosniak category II or lower were excluded (9). During 
dataset allocation, cases from center 1 (77 benign and 85 
malignant CRMs) were designated as the training set, 
whereas those from center 2 (15 benign and 30 malignant 
CRMs) were utilized for external validation (9).

Dataset B was obtained from five medical centers in 
Guangdong Province, namely, Guangdong Hospital of 
Traditional Chinese Medicine, Guangzhou (center 1); 
Guangdong Hospital of Traditional Chinese Medicine, 
Zhuhai (center 2); First Affiliated Hospital of Sun Yat-
sen University, Guangzhou (center 3); Affiliated Panyu 
Central Hospital of Guangdong Medical University, 
Guangzhou (center 4); and Longgang Central Hospital, 
Shenzhen (center 5) (10). The data were collected between 
January 2018 and July 2024 based on scanning parameters 
mentioned in our previous study (10). The following 
cases were considered eligible for inclusion in this dataset: 
(I) where enhanced CT scans, and specifically images 
from the CMP and NP phases, were available; (II) where 
complete clinical records, including patient demographic 
data (such as age and sex), lesion location, surgical details 
(radical or partial nephrectomy), and histopathological and 
immunohistochemical findings (obtained at each center) 
were available; and (III) where high-quality CT images were 
available from the picture archiving and communication 
system. Cases with incomplete or low-quality CT images 
and those where the CT scans did not fully capture the 
lesion were excluded (10). After randomization, the cases 
were divided into training (36 and 29 cases of CRCC and 
RO, respectively) and validation (15 and 12 cases of CRCC 
and RO, respectively) sets in a 7:3 ratio (10).

Image segmentation and radiomic feature acquisition

For dataset A, mass segmentation and radiomic feature 

extraction were conducted using the 3D Slicer open-
source platform (version 5.2.1; https://www.slicer.org/). 
A total of 855 radiomic features were extracted using the 
PyRadiomics package, integrated within 3D Slicer (11,12). 
These features were organized into seven categories: first-
order statistics, two-dimensional features, gray-level co-
occurrence matrix (GLCM), gray-level dependence matrix 
(GLDM), gray-level size-zone matrix (GLSZM), gray-level 
run-length matrix (GLRLM), and neighboring gray-tone 
difference matrix (NGTDM) (9,11). Additionally, 14 filters 
were applied to the original images, including exponential, 
gradient, square, square root, logarithm, and Ibp2D filters, 
and various wavelet transformations (HLH, HLL, LHL, 
LLL, LHH, LLH, HHL, and HHH) (9,11).

For dataset B, image segmentation was performed 
using ITK-SNAP (http://www.itksnap.org), another open-
source tool (13). To ensure standardized image resolution, 
all images and segmentation masks were resampled to a 
voxel size of 1×1×1 mm3 (10). The PyRadiomics package 
in Python was then employed to extract 2,260 radiomic 
features from the CMP and NP images; these included 
shape, texture, first-order statistics, Laplacian of Gaussian, 
GLCM, GLRLM, GLSZM, NGTDM, and GLDM 
features (10). The same 14 filters used in dataset A were 
applied, and feature normalization was conducted using 
z-score standardization (10).

In both datasets, tumor segmentation was exclusively 
performed manually by two highly experienced associate 
chief radiologists (T.L. and L.H.), each having over 15 years 
of specialized experience in abdominal imaging. Accurate 
and complete tumor boundary delineation was ensured 
throughout the process, and special care was taken to avoid 
excessive margins or incomplete segmentation (9,10).

We performed detailed intra- and inter-observer reliability 
analyses to rigorously evaluate the reproducibility of extracted 
radiomic features. In particular, we randomly selected 
80 cases from dataset A and 40 cases from dataset B for 
repeated manual segmentation by two additional experienced 
radiologists (S.X. and G.Z.). We then quantitatively assessed 
reproducibility using the intraclass correlation coefficient 
(ICC). Only radiomic features with ICC values greater than 
0.75 (indicating excellent reproducibility) were included in 
the final radiomic analyses (9-11).

After meeting the standard of consistency, the features 
were further selected to avoid overfitting. The least absolute 
shrinkage and selection operator (LASSO) method was 
applied to select the most suitable radiomic features to 
develop a radiomic signature using the scikit-learn package 
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in Python. First, tenfold cross-validation was performed 
over 1,000 iterations to obtain the optimal regularization 
parameter (λ). Second, the selected LASSO model was used 
to calculate the coefficient of each feature, and features with 
non-zero coefficients were retained. Finally, a sequential 
feature selection method with both forward and backward 
steps was applied using the mlxtend package to further 
refine the LASSO-selected features.

ML algorithms

To ensure objective comparison, seven ML algorithms were 
used to develop the radiomic models. In addition to the 
transformer-based TabPFN algorithm, six conventional 
models were used; these included SVM, stochastic gradient 
descent (SGD), k-nearest neighbor (KNN), RF, extreme 
gradient boosting (XGBoost), and light gradient boosting 
machine (LightGBM) algorithms. Standardized Python 
packages (scikit-learn: SVM, SGD, KNN, and RF; XGBoost; 
and LightGBM) and the TabPFN GitHub repository (https://
github.com/PriorLabs/TabPFN) were used.

The mentioned algorithms were applied to develop 
radiomic models of unenhanced, CMP, and NP images from 
dataset A (11), and CMP, NP, and fusion images (combining 
CMP and NP) from dataset B (10). For the traditional 
algorithms, hyperparameter optimization was performed 
rigorously via grid search and 10-fold cross-validation; 
manual tuning could be avoided for TabPFN owing to 
its pre-trained transformer architecture (pre-trained on 
1.2 million synthetic datasets simulating radiomic feature 
distributions). This unique feature of TabPFN helped in 
dynamically adjusting attention weights during inference 
through 12 transformer layers (eight attention heads), 
thereby directly modeling global dependencies between 
multi-phase CT features. The workflow of the radiomic 
approach is illustrated in Figure 1.

Statistical analysis

Statistical analyses were performed using SPSS (version 
26.0, IBM, Armonk, NY, USA) and Python (version 3.7.1) 
software. Python was used for feature extraction, selection, 
model development, and validation, whereas SPSS was 
used for cohort comparisons. All statistical tests were two-
sided, and p-values below 0.05 were considered statistically 
significant (9-11).

The normality of clinical data distribution was assessed 
using the Shapiro-Wilk test. Continuous variables 

with normal distribution have been presented as the 
mean ± standard deviation (SD), while non-normally 
distributed variables have been presented as the median 
and interquartile range (IQR); categorical variables have 
been reported as counts and percentages. For group 
comparisons, the χ² test of independence was used for 
categorical variables, and independent-sample t- or 
Wilcoxon tests were employed for continuous variables  
(9-11). The ICC was calculated to evaluate the reproducibility 
of the radiomic features extracted by different radiologists 
(10,11). In addition, the discriminative ability of the models 
was assessed using receiver operating characteristic (ROC) 
analysis; the area under the curve (AUC), accuracy, sensitivity, 
specificity, positive predictive value (PPV), and negative 
predictive value (NPV) were used as key performance metrics 
(10,11). AUC values across different radiomic models were 
compared using the DeLong test, and the sklearn.calibration 
package in Python was employed along with custom scripts 
to generate calibration curves, conduct decision curve 
analysis (DCA) (9,10), and visualize the sensitivity, specificity, 
accuracy, PPV, and NPV derived from ROC analysis. Feature 
importance in the ML models was analyzed and visualized 
using the sklearn.inspection package (10,11).

Results

Patient characteristics

Dataset A comprised 207 patients (105 males and  
102 females; mean age: 59.1±11.5 years) diagnosed with 
CRMs. Among them, 92 (51 males and 41 females; mean 
age: 58.0±13.7 years) had benign CRMs, whereas 115  
(54 males and 61 females; mean age: 59.8±11.4 years) had 
malignant CRMs (11). Dataset B included 92 patients 
(38 males and 54 females; mean age: 53.6±13.65 years) 
diagnosed with RO and CRCC. This subset consisted of 
41 patients (16 males and 25 females; mean age: 52.4± 
11.44 years) with RO and 51 patients (22 males and  
29 females; mean age: 54.0±14.8 years) with CRCC (10).

The analysis revealed no significant differences between 
patients with benign and malignant lesions from either 
dataset in terms of age, sex, and lesion location and size 
(10,11). The patient characteristics are summarized in 
Tables S1,S2.

Radiomic feature selection

Univariate analyses, LASSO selection, 10-fold cross-

https://github.com/PriorLabs/TabPFN
https://github.com/PriorLabs/TabPFN
https://cdn.amegroups.cn/static/public/QIMS-2025-1132-Supplementary.pdf
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Figure 1 Workflow for development and evaluation of the ML classifiers. AUC, area under the curve; CI, confidence interval; CT, 
computed tomography; DCA, decision curve analysis; KNN, k-nearest neighbor; LASSO, least absolute shrinkage and selection operator; 
LightGBM, light gradient boosting machine; ML, machine learning; MSE, mean squared error; RF, random forest; ROC, receiver operating 
characteristic; SGD, stochastic gradient descent; SVM, support vector machine; TabPFN, tabular prior-data fitted network; XGBoost, 
extreme gradient boosting.
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validation, bidirectional elimination, and ICCs were 
performed for feature selection. In dataset A, this process 
yielded 4, 2, and 5 key features from unenhanced, CMP, 
and NP CT images, respectively; in dataset B, 9, 3, and 12 
features were extracted from CMP, NP, and fusion (CMP 
+ NP) CT images, respectively (9-11). The identified 
radiomic features are summarized in Table S3.

Diagnostic performance of the ML algorithms

In dataset A, all ML algorithms demonstrated excellent 
performance in the training sets of unenhanced (AUC: 
0.942–1.000), CMP (AUC: 0.989–1.000), and NP (AUC: 
0.935–1.000) models. In addition, most ML algorithms 
performed satisfactorily in the validation sets of unenhanced 
(AUC: 0.821–0.902), CMP (AUC: 0.875–0.922), and NP 
(AUC: 0.800–0.946) models. However, the performance 
of SGD (AUC: 0.800) was slightly poorer than that of 
the other ML algorithms in the NP model. The TabPFN 
algorithm achieved mid-to-high ranking performance 
in the validation sets of unenhanced (AUC: 0.875) and 
CMP (AUC: 0.900) models and demonstrated the best 
performance in the NP model (AUC: 0.946).

In dataset B, RF (training and validation AUC: 0.964 
and 0.794, respectively), XGBoost (training and validation 
AUC: 1.000 and 0.694, respectively), LightGBM (training 
and validation AUC: 0.997 and 0.683, respectively), 
and TabPFN (training and validation AUC: 0.958 and 
0.800, respectively) algorithms performed better than 
the SVM (training and validation AUC: 0.779 and 0.606, 
respectively) and KNN (training and validation AUC: 0.778 
and 0.639, respectively) algorithms in both training and 
validation sets of CMP models. However, the SGD (both 
training and validation AUC: 0.500) algorithm failed to 
achieve convergence. All the ML algorithms demonstrated 
similar and satisfactory performance in both training and 
validation sets of the NP model (training AUC: 0.803–0.915, 
validation AUC: 0.581–0.772); that of TabPFN (training 
AUC: 0.841, validation AUC: 0.700) was in the mid-range. 
Except for SGD, all other ML algorithms demonstrated 
excellent performance in the training sets of the fusion 
model; the performance of TabPFN (AUC: 0.783) was in 
the upper range and slightly lower than that of RF (AUC: 
0.811) in the validation set. However, SGD (both training 
and validation AUC: 0.500) persistently failed to achieve 
convergence. The diagnostic performance of the algorithms 
is summarized in Tables 1,2, and the results of the DeLong 
test are presented in Tables S4,S5.

Calibration curve analysis and DCA were conducted for 
the ML classifiers across both training and validation sets 
of datasets A and B. In dataset A, the calibration curves 
were closely aligned with the ideal line in the training 
set. However, there were varying degrees of deviations 
among ML classifiers in the validation set. DCA for the 
validation set indicated comparable performance across all 
ML classifiers, except for SGD in the NP model, which 
underperformed relative to the others.

In dataset B, SGD failed to converge in both the training 
and validation sets for the CMP and fusion models. The 
calibration curves for the other ML classifiers remained 
relatively close to the ideal line in the training sets. However, 
during validation, significant deviations were noted for 
SVM (in the CMP and fusion models) and LightGBM (in 
the NP model). DCA for the validation set revealed similar 
performance among all ML classifiers except for SGD (in 
the CMP and fusion models). The ROC, calibration, and 
DCA curves are illustrated in Figures 2,3. 

Feature importance analysis of the ML models

The feature importance plots of the ML models are shown 
in Figures S1,S2. In general, SVM, SGD, and KNN tended 
to assign weights to a few features; conversely, RF, XGBoost, 
and LightGBM assigned weights to more features in 
datasets A and B. Although TabPFN demonstrated greater 
similarity to RF, XGBoost, and LightGBM algorithms in 
more cases, it reduced the weight of insignificant features 
(particularly in the CMP and fusion models of dataset B). 
The results of the feature importance analysis are shown in 
Figure S1 (for CRM) and Figure S2 (for CRCC and RO).

Discussion

In this study, we used two independent datasets to evaluate 
the diagnostic efficiency of the TabPFN algorithm and 
compare it with that of other established ML algorithms. 
To the best of our knowledge, this study is the first to 
apply the TabPFN algorithm in the context of renal 
tumor radiomics and evaluate its performance using real-
world clinical datasets. This represents an important step 
toward the translation of transformer-based tabular deep 
learning models into clinical practice (14). TabPFN not 
only exhibited commendable performance in the dataset 
for CRMs (dataset A) but also demonstrated its unique 
capability in dynamic feature weight allocation. Unlike 
traditional algorithms that either overemphasized dominant 

https://cdn.amegroups.cn/static/public/QIMS-2025-1132-Supplementary.pdf
https://cdn.amegroups.cn/static/public/QIMS-2025-1132-Supplementary.pdf
https://cdn.amegroups.cn/static/public/QIMS-2025-1132-Supplementary.pdf
https://cdn.amegroups.cn/static/public/QIMS-2025-1132-Supplementary.pdf
https://cdn.amegroups.cn/static/public/QIMS-2025-1132-Supplementary.pdf
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Figure 2 Evaluation of the ML classifiers based on ROC analysis [(A,B) unenhanced; (C,D) CMP; (E,F) NP], calibration curves [(G,H) 
unenhanced; (I,J) CMP; (K,L) NP], and DCA [(M,N) unenhanced; (O,P) CMP; (Q,R) NP] of the training and validation sets of dataset 
A. AUC, area under the curve; CMP, corticomedullary phase; DCA, decision curve analysis; KNN, k-nearest neighbor; LightGBM, light 
gradient boosting machine; ML, machine learning; NP, nephrographic phase; RF, random forest; ROC, receiver operating characteristic; 
SGD, stochastic gradient descent; SVM, support vector machine; TabPFN, tabular prior-data fitted network; XGBoost, extreme gradient 
boosting.

Figure 3 Evaluation of the ML classifiers based on ROC analysis [(A,B) unenhanced; (C,D) CMP; (E,F) NP], calibration curves [(G,H) 
unenhanced; (I,J) CMP; (K,L) NP], and DCA [(M,N) unenhanced; (O,P) CMP; (Q,R) NP] of the training and validation sets of dataset 
B. AUC, area under the curve; CMP, corticomedullary phase; DCA, decision curve analysis; KNN, k-nearest neighbor; LightGBM, light 
gradient boosting machine; ML, machine learning; NP, nephrographic phase; RF, random forest; ROC, receiver operating characteristic; 
SGD, stochastic gradient descent; SVM, support vector machine; TabPFN, tabular prior-data fitted network; XGBoost, extreme gradient 
boosting.
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features (e.g., SVM/KNN) (15,16) or required explicit 
regularization (e.g., SGD) (17,18), TabPFN inherently 
prioritized radiomic features with higher discriminative 
power (while adaptively suppressing noisy or redundant 
ones) (14); this is attributable to its transformer-based 
architecture. This intelligent weight distribution, achieved 
without manual hyperparameter tuning, contributed to its 
robust performance across the unenhanced CMP and NP 
datasets (mid- to upper-range AUCs). Importantly, TabPFN 
circumvented the convergence failures observed in SGD 
and mitigated the overfitting risks of ensemble methods 
in dataset B; notably, the limited sample size (n=92) and 
relatively high feature dimensionality (9 and 12 radiomic 
features) in this dataset created challenges. Owing to the 
benefits offered by the pre-trained attention mechanisms, 
TabPFN maintained stable decision boundaries even when 
confronting imbalanced feature importance distributions; 
this represents a critical advantage for clinical applications 
where data are sparse and heterogeneous.

The TabPFN algorithm, developed by Hollmann et al. (7) 
in January 2025, represents a novel ML model optimized 
for tabular data. It significantly reduces training time while 
enabling fine-tuning, data generation, density estimation, 
and learning reusable embeddings. The core innovation lies 
in generating a large synthetic tabular dataset corpus, which 
trains a transformer-based neural network to solve diverse 
prediction tasks. Unlike conventional methods, TabPFN 
employs cross-dataset training and applies inference to 
entire datasets rather than individual samples. Prior to 
real-world deployment, the model underwent pretraining 
on millions of synthetic datasets that represented varied 
prediction tasks. However, as mentioned in a recent article, 
its application to real-world datasets remains limited (7). 
This raises concerns regarding its ability to fully anticipate 
clinical research scenarios and indicates a need for rigorous 
real-world validation. It also highlights the need for 
comparative studies with existing algorithms for future 
clinical adoption.

Based on these considerations, we evaluated the 
performance of the TabPFN algorithm in our previously 
obtained datasets. In this context, datasets A and B 
represent distinct research scenarios in this radiomics 
algorithm study. The former included 213 patients with 
CRMs, and radiomic features were directly extracted using 
3D Slicer software. The sample size aligned with standard 
radiomic requirements, and each scanning phase contained 
a moderate number of features. Dataset B included 91 
patients with CRCC and RO, where radiomic features were 

derived using ITK-SNAP and Python-based analysis. As it 
included rare pathological subtypes, this dataset presented 
specific challenges. It also included smaller sample sizes for 
each subtype and higher-dimensional radiomic features; 
this further tested algorithm convergence capabilities and 
gradient descent performance (13).

The TabPFN algorithm demonstrated superior 
performance in dataset A. It consistently ranked in the 
upper-middle tier across all subsets, with particularly 
notable results in the NP model. The algorithm exhibited 
stable and satisfactory outcomes in dataset B and 
successfully navigated challenges posed by limited sample 
sizes and high feature dimensionality. Notably, TabPFN 
did not exhibit the convergence failures observed with  
SGD (19), and it outperformed algorithms such as SVM 
and KNN (20), which showed poor convergence. Overall, 
the performance of TabPFN was at par with that of 
traditional methods such as RF, LightGBM, and XGBoost.

A l though  TabPFN demons t ra ted  excep t iona l 
performance in dataset A, its stability in dataset B was 
particularly noteworthy. The findings showed that TabPFN 
achieved consistent convergence and maintained stable 
performance, even under the challenging conditions of small 
sample sizes (n=91) and high-dimensional radiomic features. 
This contrasts sharply with the performance of traditional 
algorithms such as SGD (which exhibited non-convergence) 
and SVM/KNN (which showed poor convergence) under 
similar constraints (20). The model showed good reliability 
in dataset B, which included rare clinical cases (CRCC and 
RO) and a complex feature space; this aligned with its design 
principles as a tabular foundation model, which is pre-trained 
on millions of synthetic datasets. Notably, the transformer-
based architecture and bidirectional attention mechanisms of 
the TabPFN algorithm enable efficient handling of feature-
sample interactions and mitigate common pitfalls of high-
dimensional low-sample scenarios (7,14). This shows its 
reliability in real-world clinical research, particularly for 
limited cohort sizes with rich radiomic feature sets. The 
findings also highlight its robustness in handling both 
conventional and high-dimensional radiomics datasets, 
consistent with its design principles for small-to-medium 
scale tabular data (≤10,000 samples).

The findings from feature importance analysis revealed 
the stability of the TabPFN algorithm across both datasets 
A and B. Traditional models such as the SVM, SGD, 
and KNN typically focus feature weights on one or two 
dominant features. Although this approach can yield 
satisfactory diagnostic performance in moderately sized 
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datasets (such as dataset A) (21,22), it often results in 
suboptimal convergence in scenarios characterized by high 
dimensionality and low sample sizes (such as dataset B).

In contrast, ensemble methods such as RF (23),  
XGBoost (24), and LightGBM (25) tend to distribute 
weights more evenly across a broader range of features. 
Although TabPFN aligns with these ensemble methods, it 
also demonstrates a unique dynamic weighting strategy that 
does not strictly adhere to a feature contribution hierarchy 
(as revealed by the results from dataset B). This behavior 
is likely attributable to its distinctive architecture, which is 
designed to be trained across datasets and infer from entire 
datasets rather than individual samples.

Unlike traditional models that follow a fit-then-predict 
approach, TabPFN incorporates in-context learning. This 
method integrates training and inference within a single 
forward pass, enhancing the algorithm’s robustness in 
environments (14) with sparse data. The design of TabPFN 
thus offers a considerable advantage in medical and scientific 
domains, where data heterogeneity and shifts in distribution 
are common; it helps consistently achieve reliable results 
across varied sample sizes and feature dimensions.

Despite the advantages offered by TabPFN in terms of 
rapid inference and minimal hyperparameter tuning, there 
are some limitations. Its applicability is primarily restricted 
to small-scale tabular classification problems (14,26), and it 
lacks flexibility for regression or complex multi-class tasks 
(14,26,27). In addition, as a black-box model, TabPFN 
provides limited interpretability compared with traditional 
ML methods such as logistic regression or RFs (28); this 
potentially hinders its acceptance in clinical practice (29). 
Implementation may require adequate hardware resources 
and a moderate learning curve for integration into clinical 
settings (27,30). Additionally, TabPFN parameters are 
pre-trained and fixed; the model may therefore perform 
suboptimally when data significantly diverges from 
the distributions of synthetic datasets used during pre-
training (14,26,27). Further studies are needed to assess its 
robustness and generalizability in high-dimensional, sparse, 
or noisy real-world datasets, and explore potential model 
enhancements to improve flexibility, interpretability, and 
scalability (27-29).

However, our study has certain limitations. The 
small size of the datasets, which focused on rare kidney 
conditions, precluded comprehensive evaluation of the 
TabPFN algorithm. Future studies need to include more 
prevalent cases (such as renal clear cell carcinoma and 
other benign renal tumors) and incorporate larger sample 

sizes for comprehensive assessment. Additionally, although 
TabPFN was compared to other major ML algorithms, 
constraints related to the length of the study prevented a 
thorough evaluation of all algorithms. Nevertheless, the 
results consistently indicated that TabPFN offered stability 
and robustness. Another limitation was the restricted scope 
of our research group, which prevented the inclusion of 
lesions from other organs. Nonetheless, we utilized data 
from previous studies to evaluate the TabPFN algorithm, 
aiming to provide more definitive results.

Conclusions

The TabPFN algorithm demonstrated outstanding and 
stable diagnostic performance in identifying benign and 
malignant kidney tumors. It can be particularly effective 
in scenarios involving small sample sizes and extensive 
radiomic features. TabPFN may, therefore, be poised to 
meet the demands of real-world clinical research, marking 
it as a potentially invaluable tool in the ML arsenal for 
medical applications.
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Table S1 Clinical and pathological characteristics of the patients in dataset A

Characteristics
Training set (n=162) Validation set (n=45)

Benign (n=77) Malignant (n=85) P value Benign (n=15) Malignant (n=30) P value

Age (years) 57.4±9.8 60.3±12.6 0.746 58.2±10.6 61.6±14.0 0.633

Gender 0.281 0.831

Male 41 (19.8) 37 (17.87) 9 (4.35) 17 (8.21)

Female 36 (12.56) 48 (23.18) 6 (2.90) 13 (6.28)

Location 0.311 0.831

Right kidney 41 (19.80) 53 (25.60) 6 (2.90) 13 (6.28)

Left kidney 36 (17.39) 32 (15.46) 9 (4.35) 17 (8.21)

Histological subtype <0.0001 <0.0001

Simple kidney cyst 77 (37.19) 0 (0.00) 14 (6.76) 0 (0.00)

Clear cell carcinoma 0 (0.00) 84 (40.5) 0 (0.00) 30 (14.50)

Other 0 (0.00) 1 (0.4) 1 (0.48) 0 (0.00)

Bosniak category <0.0001 <0.0001

IIF 63 (30.43) 16 (7.73) 12 (5.80) 3 (1.45)

III 14 (6.76) 21 (10.14) 3 (1.45) 10 (4.83)

IV 0 (0.00) 48 (23.18) 0 (0.00) 17 (8.21)

Data are expressed as the mean ± SD or frequency (constituent ratio). SD, standard deviation.

Table S2 Clinical and pathological characteristics of the patients in dataset B

Characteristics
Training set (n=65) Validation set (n=27)

CRCC (n=36) RO (n=29) P value CRCC (n=15) RO (n=12) P value

Age (years) 56.4±15.7 51.4±13.63 0.10 51.4±13.63 54.5±8.96 0.69

Gender 0.39 0.93

Male 16 (17.58) 11 (12.09) 6 (6.60) 5 (5.50)

Female 20 (21.98) 18 (19.78) 9 (9.89) 7 (7.69)

Location 0.62 0.42

Right kidney 17 (18.68) 16 (17.58) 8 (8.79) 5 (5.50)

Left kidney 19 (20.88) 13 (14.29) 7 (7.69) 7 (7.69)

Data are expressed as mean ± SD, median (interquartile range), or frequency (constituent ratio). CRCC, chromophobe renal cell carcinoma; 
RO, renal oncocytoma; SD, standard deviation.

Supplementary
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Table S3 Radiomic features used for analysis of datasets A and B

Dataset A radiomic features

Unenhanced of dataset A (4 features)

Original_glcm_MaximumProbability_Unenhanced

Wavelet-LHH_firstorder_Median_Unenhanced

Wavelet-LLL_firstorder_90Percentile_Unenhanced

Wavelet-LLL_firstorder_Median_Unenhanced

CMP of dataset A (2 features)

Wavelet-LLL_firstorder_Median

Wavelet-LLL_firstorder_Uniformity

NP of dataset A (5 features)

Original_firstorder_Median

Wavelet-LLL_gldm_DependenceEntropy

Original_firstorder_Mean

Original_glcm_MaximumProbability

Original_gldm_DependenceEntropy

Dataset B radiomic features

CMP of dataset B (9 features)

Log-sigma-1-mm-3D_firstorder_Skewness_CMP

Log-sigma-1-mm-3D_glcm_Imc2_CMP

Log-sigma-1-mm-3D_glrlm_RunLengthNonUniformityNormalized_CMP

Log-sigma-2-mm-3D_glcm_ClusterShade_CMP

Log-sigma-3-mm-3D_glszm_SmallAreaEmphasis_CMP

Log-sigma-3-mm-3D_glszm_SmallAreaLowGrayLevelEmphasis_CMP

Wavelet-HLL_gldm_DependenceEntropy_CMP

Wavelet-HLL_gldm_LargeDependenceEmphasis_CMP

Wavelet-LLL_firstorder_RobustMeanAbsoluteDeviation_CMP

NP of dataset B (3 features)

Log-sigma-3-mm-3D_glszm_SmallAreaEmphasis_NP

Wavelet-HLL_gldm_DependenceVariance_NP

Wavelet-HLH_glszm_SmallAreaHighGrayLevelEmphasis_NP

Fusion of dataset B (12 features)

12 rad features from the CMP of dataset B (9 features) and NP of dataset B (3 features)

CMP, corticomedullary phase; NP, nephrographic phase.
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Table S4 P values and z scores from the DeLong test for pair-wise comparisons of different ML models in the validation set of dataset A

Unenhanced CMP NP

Algorithm A Algorithm B z score P value Algorithm A Algorithm B z score P value Algorithm A Algorithm B z score P value

SVM SGD 1.31 0.19 SVM SGD −1.02 0.31 SVM SGD 3.09* <0.001*

SVM KNN 0.71 0.48 SVM KNN 1.42 0.16 SVM KNN 0.75 0.45

SVM RF −0.27 0.78 SVM RF −0.07 0.94 SVM RF −0.22 0.83

SVM XGBoost 1.28 0.20 SVM XGBoost 0.82 0.41 SVM XGBoost 1.68 0.09

SVM LightGBM 0.86 0.39 SVM LightGBM 0.49 0.62 SVM LightGBM −0.13 0.89

SVM TabPFN 0.33 0.74 SVM TabPFN 0.84 0.40 SVM TabPFN −0.70 0.48

SGD KNN −0.85 0.40 SGD KNN 2.26* 0.02* SGD KNN −2.90* <0.001*

SGD RF −1.82 0.07 SGD RF 1.69 0.09 SGD RF −3.25* <0.001*

SGD XGBoost −0.31 0.76 SGD XGBoost 2.00 0.05 SGD XGBoost −2.26* 0.02*

SGD LightGBM −0.89 0.37 SGD LightGBM 2.13* 0.03* SGD LightGBM −3.00* <0.001*

SGD TabPFN −1.02 0.31 SGD TabPFN 1.37 0.17 SGD TabPFN −3.35* <0.001*

KNN RF −1.11 0.27 KNN RF −1.82 0.07 KNN RF −0.97 0.33

KNN XGBoost 0.76 0.44 KNN XGBoost −1.43 0.15 KNN XGBoost 1.46 0.14

KNN LightGBM 0.25 0.80 KNN LightGBM −1.73 0.08 KNN LightGBM −0.72 0.47

KNN TabPFN −0.03 0.98 KNN TabPFN −1.04 0.30 KNN TabPFN −1.17 0.24

RF XGBoost 1.74 0.08 RF XGBoost 1.27 0.20 RF XGBoost 1.85 0.06

RF LightGBM 1.28 0.20 RF LightGBM 1.25 0.21 RF LightGBM 0.15 0.88

RF TabPFN 0.59 0.56 RF TabPFN 0.78 0.44 RF TabPFN −0.45 0.65

XGBoost LightGBM −0.71 0.47 XGBoost LightGBM −1.28 0.20 XGBoost LightGBM −1.55 0.12

XGBoost TabPFN −0.66 0.51 XGBoost TabPFN −0.21 0.83 XGBoost TabPFN −1.94 0.05

LightGBM TabPFN −0.25 0.80 LightGBM TabPFN 0.21 0.83 LightGBM TabPFN −0.65 0.51

*, P<0.05. z score presented as positive when algorithm A was better than algorithm B, and z score presented as negative when algorithm 
A was worse than algorithm B. CMP, corticomedullary phase; KNN, k-nearest neighbor; LightGBM, light gradient boosting machine; ML, 
machine learning; NP, nephrographic phase; RF, random forest; SGD, stochastic gradient descent; SVM, support vector machine; TabPFN, 
tabular prior-data fitted network; XGBoost, extreme gradient boosting.
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Table S5 P values and z scores from the DeLong test for pair-wise comparisons of different ML models in the validation set of dataset B

CMP NP Fusion

Algorithm A Algorithm B z score P value Algorithm A Algorithm B z score P value Algorithm A Algorithm B z score P value

SVM SGD 0.79 0.43 SVM SGD 0.17 0.86 SVM SGD 1.65 0.10

SVM KNN −0.39 0.70 SVM KNN −0.12 0.90 SVM KNN −0.10 0.92

SVM RF −1.25 0.21 SVM RF 1.16 0.24 SVM RF −1.03 0.30

SVM XGBoost −0.49 0.63 SVM XGBoost 1.83 0.07 SVM XGBoost −0.44 0.66

SVM LightGBM −0.50 0.62 SVM LightGBM 1.60 0.11 SVM LightGBM 0.14 0.89

SVM TabPFN −1.29 0.20 SVM TabPFN 0.92 0.36 SVM TabPFN −0.98 0.33

SGD KNN −1.26 0.21 SGD KNN −0.30 0.76 SGD KNN −1.89 0.06

SGD RF −3.38* <0.001* SGD RF 1.18 0.24 SGD RF −3.73* <0.001*

SGD XGBoost −1.82 0.07 SGD XGBoost 1.78 0.07 SGD XGBoost −2.50* 0.01*

SGD LightGBM −1.57 0.12 SGD LightGBM 1.50 0.13 SGD LightGBM −1.61 0.11

SGD TabPFN −3.49* <0.001* SGD TabPFN 1.05 0.29 SGD TabPFN −3.06* <0.001*

KNN RF −1.06 0.29 KNN RF 1.18 0.24 KNN RF −1.01 0.31

KNN XGBoost −0.33 0.74 KNN XGBoost 2.67* 0.01* KNN XGBoost −0.37 0.71

KNN LightGBM −0.26 0.79 KNN LightGBM 2.33* 0.02* KNN LightGBM 0.22 0.83

KNN TabPFN −1.12 0.26 KNN TabPFN 1.03 0.30 KNN TabPFN −0.80 0.42

RF XGBoost 1.42 0.15 RF XGBoost 1.11 0.27 RF XGBoost 1.20 0.23

RF LightGBM 1.33 0.18 RF LightGBM 1.16 0.24 RF LightGBM 2.16* 0.03*

RF TabPFN −0.11 0.91 RF TabPFN −0.38 0.70 RF TabPFN 0.52 0.60

XGBoost LightGBM 0.11 0.91 XGBoost LightGBM 0.38 0.70 XGBoost LightGBM 1.12 0.26

XGBoost TabPFN −1.40 0.16 XGBoost TabPFN −1.17 0.24 XGBoost TabPFN −0.64 0.52

LightGBM TabPFN −1.46 0.14 LightGBM TabPFN −1.21 0.23 LightGBM TabPFN −1.54 0.12

*, P<0.05. z score presented as positive when algorithm A was better than algorithm B, and z score presented as negative when algorithm 
A was worse than algorithm B. CMP, corticomedullary phase; KNN, k-nearest neighbor; LightGBM, light gradient boosting machine; ML, 
machine learning; NP, nephrographic phase; RF, random forest; SGD, stochastic gradient descent; SVM, support vector machine; TabPFN, 
tabular prior-data fitted network; XGBoost, extreme gradient boosting.



Figure S1 Feature importance bar chart of ML classifiers in unenhanced, CMP, and NP groups of dataset A. CMP, corticomedullary phase; ML, machine learning; NP, nephrographic phase.

Figure S2 Feature importance bar chart of ML classifiers in unenhanced, CMP, and NP groups of dataset B. CMP, corticomedullary phase; ML, machine learning; NP, nephrographic phase.

© AME Publishing Company.  https://dx.doi.org/10.21037/qims-2025-1132


