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Abstract 

Tabular data is central to many machine learning 

applications, as most enterprises use databases to store 

their data as structured or semi-structured data. While 

traditional machine learning models such as gradient 

boosting trees, Random Forest models dominate this 

domain, pre-trained tabular models like Tabular Prior-data 

Fitted Network (TabPFN) have shown ability to build 

models using limited training data or no training data. The 

Study shows transfer learning can be deployed in tabular 

data. Implemented models are evaluated using F1-score to 

ensure the balance between recall and precision. Results 

show that TabPFN outperforms models from 100 to 10k 

sample sizes datasets, TabPFN achieved (76.0% F1-score) 

in 5k sample size. However, as the training size increases, 

the performance gap decreased. At 10k sample size 

XGBoost eventually matches TabPFN and then starts 

outperforming TabPFN in above 10k sample sizes. These 

findings highlight pretrained foundation models in 

building machine learning models in domains that lack 

enough labeled tabular datasets. 

 

1. Introduction 

Tabular data remains one of the most widely used data formats across diverse domains, including healthcare, 

finance, and education [1], [2]. Both structured and semi-structured data represent the primary format for enterprise 

and business applications. Structured datasets are difficult to collect and limited in size due to strict schema 

requirements. In healthcare specifically, EHR-derived datasets are mainly small sized structured tabular formats 

due to the data privacy and protection protocols. Building smart systems perform better with high quality and large 

size data [3]. Therefore, many studies have worked on finding best ML algorithms that are capable to extract 

insights and patterns form small size datasets. Although deep learning advances rapidly, traditional machine 

learning algorithms such as tree-based models (bagging and boosting) continue to dominate tabular data prediction 

tasks due to their less complex structure making them top models for tasks that have less complex training datasets 

[4]. 
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Despite deep learning superiority in fields such as computer vision and natural language processing, but in 

structured and less complex features interactions do not thrive [5]. Such deep and complex models perform better 

with complex feature interactions and large sample sizes when compared to classical ML algorithms [6]. 

Nevertheless, recently neural networks and deep learning methods through pretrained tabular foundation models, 

such as TabPFN [7] and Tab-Net [8], have proven to be a promising alternative for building models from limited 

size tabular datasets. TabPFN is pretrained using huge synthetic tabular on broad simulated tasks, which enable it 

to not need a real dataset for training, instead it uses the training set just to predict the task context. However, while 

these pretrained models have demonstrated impressive results on small tabular data, there is still a limited 

understanding of how their performance changes with varying the amount of training data size. Specifically, the 

question remains unresolved whether their superiority remains on all range of sizes of tabular datasets or decreases 

compared to traditional ML approaches. 

This motivates the need for a study and analyze zero-training and pretrained models scaling behavior and to 

validate results we compared it against leading models on small to medium tabular datasets reported in literature 

such as XGBoost, Random Forest, and Logistic Regression [9], [10], [11]. Evaluating model performance using 

different training dataset sizes can help in proving models’ validity in domains where data are limited. In most 

real-world applications, especially healthcare and security, face a significant shortage of available labelled tabular 

datasets, which make need for learning approaches capable of effectively training and building models with small 

tabular datasets [12]. 

The remainder of this paper is organized as follows. Section II reviews related studies that build machine learning 

models using small scale datasets. Section III describes the methodology, starting by describing BRFSS dataset, 

the experimental setup, and the models evaluated. Section IV presents and discusses the experimental results. 

Finally, Section V concludes the study and outlines its future work. 

 

2. Related Work 

Tabular data scarcity remains a great challenge that many studies have tried to propose methods to overcome. In 

most recent studies, tree-based ML algorithms have been performed as one of the top models for tasks using tabular 

data training. Specifically, ensemble tree-based models like XGBoost and random forest are widely deployed in 

previous proposed methods and frameworks due to their reliable and high performance in wide range of domains 

that have no sufficient data size for training such as healthcare [7]. Besides small size, most healthcare datasets 

are tabular and their features are heterogeneous.  

A diabetes prediction study reported that Artificial Neural Networks (ANN) achieved the best performance on the 

PIMA dataset with approximately 99.4% in accuracy, while RF was ranked first when applied to early diabetes 

detection dataset (99.4%). Besides, selecting RF study also highlights the impact model tuning by selecting a sub-

group of features in order to enhance predictive performance. Both studies’ datasets used small-scale datasets 

under 1k rows [13]. In addition, a clinically relevant study used MIMIC-IV dataset for sepsis mortality prediction. 

Moreover, the study reported that RF outperformed other models, achieving an AUROC of 94% while also 

providing interpretable prediction by providing a rank list of features that influence model decision [14]. In general, 

healthcare datasets have several kinds of data types and their features are heterogenetic, thus tree-based models 

often show capability to manage diverse features distributions because of their intrinsic through hierarchical 

partitioning [11]. 

Conversely, deep learning models have achieved notable success in unprocessed, complex data such as images, 

text, and time series. It is highly effective in large-scale data where performance increases as dataset size grows. 

However, their performance on tabular data has been less consistent, particularly when data size is small or even 

moderate in some complex tasks [15]. 

In breast cancer detection, a study that applied multiple convolutional neural network architectures found that fine-

tuned ResNet50 achieved superior performance (97.54% accuracy), highlighting the effectiveness of transfer 

learning in improving diagnostic accuracy in medical imaging tasks [16]. In histopathological breast cancer 



Alkadhim Journal for Computer Science, Vol. 4, No. 3 (2026) 
 

16 

classification, a study introduced Cell-Sage, a lightweight attention-enhanced CNN, which outperformed larger 

models such as ResNet-50 and Vision Transformers while achieving highest performance, demonstrating that 

efficient architecture can balance predictive performance and computational cost in medical imaging tasks [17]. 

In Alzheimer’s disease monitoring and prediction, a study proposing a framework (DeTrAs) utilizing RNN-based 

models alongside CNN and NLP components demonstrated up to 20% improvement in accuracy compared to 

conventional ML models [18]. 

Also, a recent study integrated a deep learning model (CTGAN) to generate synthetic data via to be used in training 

traditional machine learning models. Although datasets contain 309 instances and sixteen attributes, RF achieved 

superior performance (98.93% accuracy), outperforming models such as SVM and k-NN, especially in addressing 

class imbalance and improving prediction robustness [19]. 

Despite their long-standing stability and widespread use, both classical machine learning (e.g., Random Forest and 

Gradient Boosting) and deep learning models (e.g., RNNs and CNNs) are still both less effective when training 

datasets is small. In general, all ML algorithms perform better as more training data provided, however, not all 

models have the ability to learn from limited data. Thus, many studies have studied building small tabular in 

domains such as healthcare, as models suffer from issues such as overfitting [20]. Notably, tree-based models in 

last year’s literature demonstrate superior performance on tabular heterogeneous non-temporal data; nevertheless, 

they still suffer from limitations, including high sensitivity to noise, outliers, and overfitting. Thus, it requires 

careful hyper-parameter tuning. 

Such challenges have motivated researchers to deploy pretrained foundation models, for example a recent study 

shows that TabPFN is able to perform reasonable performance on small to medium size datasets [7], [21]. Such 

models have the ability to perform classification/regression tasks with no training set, as they used prior learning 

on synthetic datasets to predict the output [22]. A comprehensive comparative study clearly showed that TabPFN 

outperforms traditional ML models such as tree-based, LR, and SVM [7]. Pretrained foundation models show a 

promising solution to bridge the gap between performance and generalization in small data training. Therefore, 

this study aims to systematically investigate the effectiveness of TabPFN in particular, in comparison to traditional 

ML models across different tabular data scales. 

3. Methodology 

This section outlines the experiment on using pretrained techniques on limited datasets. We use pretrained tabular 

foundation models against three traditional ML models that were built using various training sample sizes. 

Experiments aim to determine the dataset size at which pretrained tabular models perform better and to understand 

how their performance evolves relative to established ML models. 

Consequently, we construct 11 training subsets of varied sizes starting from 100 to 50k, while keeping a fixed test 

set for evaluation. For each subset, models are trained and evaluated on the unified test set to analyze how their 

predictive performance evolves as the number of training samples increases. Unifying training and testing set 

across models are to provide a systematic and fair assessment of traditional models (XGBoost, Random Forest and 

Logistic Regression) and pretrained foundation model TabPFN. 

The experiments were conducted using real-world and publicly available healthcare tabular datasets. The dataset 

is a sample derived from the Behavioral Risk Factor Surveillance System (BRFSS), an annual large-scale 

telephone survey conducted by the Centers for Disease Control and Prevention (CDC), which collects health-

related information on risk behaviors, chronic diseases states, and what preventive practices conducted.  

The dataset sample includes more than 70k rows and 21 features covering a wide range of health-related attributes, 

and diabetes as a target variable. Dataset independent variables include patient clinical features (e.g., BMI, blood 

pressure, and cholesterol level), lifestyle habits such as smoking, physical activity, and diet quality. Besides, 

general mental and physical conditions and socioeconomic and demographic factors such as age, sex, education 

level, and salary. 
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3.1. Experimental Design  

Figure 1 illustrates the overall experimental workflow. As the dataset is preprocessed and divided using a stratified 

method producing train/test sets, in order to maintain the class distribution as same as original full dataset. Then 

the training set subsampled into varying sets sizes, but all training sets used with the same fixed test set across all 

models.   

 

Figure (1): Methodology workflow. 

 To conduct a systematic assessment of model performance across different data ranges, we implement a 

controlled experimental design that varies the size of the training dataset while maintaining a fixed test data sample 

for evaluation. The original dataset is sampled into training and testing using a stratified sampling method to 

preserve class balance. The test set is kept fixed throughout all experiments to have fair comparisons across all 

models and training sizes. To study how models perform with increasing datasets, multiple subsets size ranges 

generated using stratified sampling five times each sample size. The training ranges from small to moderately 

large sets (100, 250, 500, 1k, 2k, 5k, 10k-50k samples). Also, to mitigate variability arising from sampling, five 

subsets were generated for each data size using different random seeds. 

Model performance is primarily evaluated using the F1-score, it is suitable metric for classification performance 

evaluation due to its ability to show the real model performance without favoring class on another and balances 

precision and recall effectively. Besides, F1 has the ability to handle class imbalance better than accuracy. All 

reported results are the average of all repeated experiments conducted using the five random samples for each 

sample size, to show a reasonable estimate of model behavior. 

3.2. Models Hyper-parameter Settings  

To set hyper-parameters in a way that suits each algorithm, we used a grid search method for tuning XGBoost, 

RF, and LR using a unified subset. Table 1, shows selected hyper-parameters settings used for all training dataset 

sizes. Also, the table shows hyper-parameters vary depending on the model type and what resulted from the search 

results. Furthermore, to avoid producing biased and over-fitted models the tuning models conducted separately for 

each data sample size used in the experiments. The key hyper-parameter settings for all models used in the 

experiments are summarized in Table 1.   
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Table (1): Hyper-parameter configurations used for each model. 

Hyper-

parameter 

TabPFN v2.5 XGBoost Random Forest Logistic Regression 

Model Type Pretrained Boosting Bagging Linear 

n_estimators — 300 200 Solver: LBFGS 

max_depth — 6 None Penalty: L2 

subsample — 0.9 Min samples leaf: 10 C (Regularization): 1.0 

Scaling — no no Standard 

It is worth noting, and can be considered an advantage, that TabPFN v2.5 was used designed to work without 

hyper-parameter tuning because it is pretrained designed to operate without task-specific tuning. Besides, 

pretrained foundation models require small dataset just to sense the context of the task and dataset. However, 

traditional machine learning algorithms used in this study’ experiments tuned using grid search method 

implemented by scikit-learn. 

4. Results and Discussion 

This section presents all experiments results evaluating the performance of TabPFN and classical machine learning 

models as training dataset size varies. As the results and analysis focus on understanding how model performance 

evolves as more training data becomes available, by comparing tree-based models with pretrained model TabPFN. 

Results are reported using mean and standard deviation of five times experiments repeated using random seeds to 

ensure that the results are not biased toward a specific data sample. 

Table (2): Comparison of model performance across selected training sample sizes using F1-score (mean and standard 

deviation). The best result for each training size is shown in bold. 

Train Size Logistic Regression Random Forest TabPFN XGBoost 

100 0.689 ± 0.024 0.721 ± 0.015 0.718 ± 0.010 0.709 ± 0.016 

250 0.727 ± 0.011 0.745 ± 0.008 0.747 ± 0.009 0.729 ± 0.013 

500 0.741 ± 0.006 0.748 ± 0.004 0.752 ± 0.003 0.733 ± 0.003 

1k 0.742 ± 0.005 0.749 ± 0.005 0.755 ± 0.005 0.741 ± 0.005 

2k 0.749 ± 0.002 0.752 ± 0.002 0.758 ± 0.003 0.751 ± 0.002 

5k 0.749 ± 0.001 0.756 ± 0.004 0.760 ± 0.002 0.758 ± 0.002 

10k 0.751 ± 0.001 0.757 ± 0.001 0.760 ± 0.002 0.760 ± 0.003 

20k 0.750 ± 0.001 0.758 ± 0.002 0.759 ± 0.001 0.762 ± 0.000 

30k 0.751 ± 0.001 0.759 ± 0.002 0.761 ± 0.001 0.763 ± 0.001 

40k 0.750 ± 0.001 0.759 ± 0.002 0.760 ± 0.001 0.764 ± 0.001 

50k 0.750 ± 0.000 0.757 ± 0.001 0.761 ± 0.000 0.764 ± 0.000 

Table 2, summarizes the F1-score performance of all models using all sample scales. At the smallest training size 

(Training Size = 100 to 2000), TabPFN demonstrates competitive and highest performance in 500 and 2000, 

outperforming XGBoost and Logistic Regression, while achieving results comparable to Random Forest in 100 

sample size. As the training size increases to 500 and 2,000 samples, TabPFN consistently maintains superior or 

near-superior performance. 

However, with further increase in training datasets, the performance gap between TabPFN and other models get 

less. At training size (10,000), TabPFN and XGBoost show very comparable results, implying a convergence point 

where pretraining models' benefit becomes marginal. As training size reaches 50,000 sample size, XGBoost starts 

to outperform TabPFN, while RF and LR remain below both models.  
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Despite the increase in dataset size and overall performance improvement, LR remained almost stable with no 

significant improvement in its performance above the 10k sample size. This could be due to model capability as 

there is an under-fitting situation clearly shown when models cannot capture more complex and deeper patterns in 

datasets even when more data are given no noticeable enhancement in model performance. In contrast, tree-based 

models’ behavior shows steady enhancement till the 30k sample size. After that, only XGBoost gets benefits from 

increased data, showing its capability to capture more uncaptured complex feature interactions. 

Figure 2 illustrates how models perform using F1 metric as datasets size increases. The learning curve shows that 

TabPFN achieves the highest performance in small data samples when compared to traditional models. At under 

5k sample sizes, the difference between TabPFN and XGBoost is observable, indicating the advantage of the 

pretrained model when training data are limited, as pertaining show as an advantage. As the training size increases, 

from 10k to 30k all models improve, but XGBoost starts to lead from the 20k sample size to 50k. XGBoost benefits 

from increased data by capturing more complex patterns. In contrast, Logistic Regression consistently remains 

below the tree-based methods, showing no enhancement even when more data is presented. 

 

Figure (2): Models performance using F1 metric using 11 training sample sizes. The vertical dashed line indicates the 

approximate transition point where the performance advantage of XGBoost starts to outperform TabPFN. 

Figure 3 provides a clearer view of the difference in performance (ΔF1) results between the top two models 

(TabPFN and XGBoost) by plotting the difference in F1 metric. The positive data points below 10k indicate that 

TabPFN has better performance compared to XGBoost. However, the difference decreases steadily towards zero, 

which means their performance is almost identical and to the negative as the number of training samples grows. 

The 10k sample size becomes a transition point, and beyond this point, the curve becomes slightly negative, 

demonstrating that XGBoost starts to outperform TabPFN as training size increases. 
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Figure (3): ΔF1 (TabPFN - XGBoost) vs sample size. 

Results clearly show that pretrained models (TabPFN) have a great advantage with smaller dataset samples, 

whereas as more training data presented XGBoost becomes increasingly competitive (10k) and better in 20k and 

above. 

The study result provides recommendations in model selection where dataset size is limited and has structured 

type, especially in healthcare domain or any domain with small tabular scall dataset size. Empirically, pretrained 

foundation models demonstrate strong suitability for small to medium range dataset sample size, thus making it 

well-suited for in domains where data expansion could be operationally challenging or expensive. However, as 

data becomes larger to a point where tree-based models and XGBoost in particular become more suitable for 

building using real sufficient training dataset. In summary, considering dataset size as a key factor in model 

selection for tabular machine learning tasks. 

5. Conclusions and Future work 

The results of this study highlights models have the ability to learn from limited tabular datasets, and this is proved 

by a systematic evaluation of a pretrained tabular foundation model (TabPFN) and classical machine learning 

models that are well known in literature such as  XGBoost, Random Forest, and Logistic Regression. The results 

demonstrate that TabPFN achieves superior performance on small training datasets, outperforming tree-based 

models and LR up to a crossover point between 10k and 20k samples. However, as the number of training samples 

increases, the performance gap between TabPFN and classical models decreases, beyond 20k scales XGBoost 

outperforming TabPFN. 

Pretrained foundation models excel on small datasets, making them highly suitable for healthcare, where data are 

limited. Pretrained models show advantage over classical machine learning models as they require no hyper-

parameters for tuning and show better performance in small-scale datasets.  

A key limitation of this study is that all experiments were conducted on  (BRFSS) diabetes health indicators 

dataset. Although, it help to control experiments and focus on set size and model performance, generalizing 

findings required more investigations and experiments on other domains. Thus, as future work, further analysis 

required multiple datasets from different domains.  

Also, to explore hybrid architecture pretrained models such TabPFN and regular models, hybrid model could 

complement the strengths of both approaches. TabPFN, with it pretrained in-context learning captures the 
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underlying data distribution and produces calibrated estimates on small data. TabPFN output calibrated with other 

models using stacking, voting, or as a feature augmentation.  
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