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Abstract 

Background: Machine Learning (ML) is a technique currently used to predict, 

diagnose, and treat diseases. Acute Lymphoblastic Leukemia (ALL) is the most common 

cancer among pediatric patients. A frequent complication in children with ALL is anemia, 

which leads to the need for recurrent blood transfusions. This, in turn, can result in 

increased Liver Iron Concentration (LIC). Currently, diagnosing LIC is performed using 

T2* MRI techniques; however, due to the limitations of MRI, employing ML techniques 

to predict LIC has become necessary. 

Materials and Methods: In this retrospective cohort study, a collection of datasets was 

obtained from 66 children (mean age = 10.7 year) diagnosed with ALL, and three ML 

models were used, including Random Forest Classifier (RFC), Support Vector Classifier 

(SVC), and Logistic Regression (LR). Given the small sample size, a preprocessing step 

including feature standardization and SMOTE oversampling was taken only within the 

training datasets during cross-validation to prevent data leakage. 

Results: Among the evaluated models, LR achieved the highest precision–recall (PR) 

Area Under the Curve (AUC) and receiver operating characteristic (ROC) AUC values 

(test PR AUC = 0.94, p-value = 0.002; CV PR AUC = 0.98 p-value < 0.001; test ROC 

AUC = 0.98, p-value = 0.002; CV ROC AUC = 0.98, p-value < 0.001). The permutation 

feature importance identified serum ferritin (SF) and transfusion volume per kilogram 

(TV/Kg) as the dominant predictors of LIC. 

Conclusion: This study indicates that ML models are promising ones for predicting 

LIC. However, due to the limited sample size, future studies with larger cohorts are 

warranted to validate these findings. 

Keywords: Acute lymphoblastic leukemia, Liver iron, Machine learning, Magnetic 

resonance imaging 
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Introduction 
Machine Learning (ML) is a field within 

Artificial Intelligence (AI) that is increasingly 

applied in the diagnosis and management of 

diseases (1-3). It is implemented through various 

methods, two major subgroups of which are 

supervised and unsupervised methods (1, 4). 

Different techniques are used in supervised ML, 

such as Random Forest (RF), Support Vector 

Machine (SVM), and Logistic Regression (LR) 

(1). Among supervised ML techniques, some are 

used for classification (e.g., RFC and SVC), 

whereas others are used for regression (e.g., LR) 

(5).  Machine learning has broad applications in 

medicine, such as pediatric oncology, where ALL 

remains a major clinical challenge. Accordingly, 

the integration of AI into cancer care is 

increasingly important. 

Acute Lymphoblastic Leukemia (ALL) is the 

most common pediatric cancer and the leading 

cause of cancer-related death among individuals 

younger than 20 years (6). The long-term survival 

rate for children with ALL is approximately 90 

percent (7). Moreover, anemia is common in 

children with ALL and may result from both the 

underlying disease and chemotherapy (8).  In this 

regard, blood transfusions are often required in 

pediatric patients. Liver Iron Concentration (LIC) 

from repeated blood transfusions is a frequent 

complication in these patients (8).  

Excessive iron accumulation in the body can 

result in iron overload, affecting the heart, liver, 

endocrine system, and other organs (9). In the 

liver, iron deposition can cause oxidative stress, 

hepatocellular injury, fibrosis, and hepatocellular 

carcinoma (10). Therefore, early prevention, 

diagnosis, and treatment are crucial in this group 

of patients. 

Liver biopsy has traditionally been regarded as 

the gold standard for the assessment of hepatic iron 

overload (11). Currently, Magnetic Resonance 

Imaging (MRI) with a T2* sequence is preferred 

for assessing hepatic and cardiac iron deposition 

(11, 12). However, the T2 technique has 

limitations. Children often cannot tolerate the 

duration of the MRI procedure and may require 

sedation or general anesthesia (13). Therefore, 

alternative approaches such as AI models are 

necessary for prediction and prevention.  

Recent studies suggest that serum ferritin (SF) 

is a key marker for the early prediction of the 

disease, and prescribing iron chelation therapy can 

prevent future morbidity (14-19). Therefore, 

determining the optimal cutoff value remains 

challenging. 

This study aims to evaluate the application of 

ML methods in predicting LIC in children with 

ALL. A secondary objective is to identify the most 

important factors contributing to the prediction of 

LIC. Notably, this study reports one of the early 

applications of ML methods, such as RFC and 

SVM, to predict LIC in children with ALL. 

 

Material and Methods 
    Patients and data 

A total of 66 pediatric patients with ALL, aged 

5-18 years, were enrolled in this retrospective 

cohort study. There were 40 males and 26 females. 

The data collection was conducted following 

approval from the institutional ethics committee of 

Shiraz University of Medical Sciences (ethical 

code: IR.SUMS.MED.REC 1400.219). Written 

informed consent was obtained from the parents of 

all the participants. 

 Children were assessed during six months after 

the completion of treatment. In this six-month 

follow-up period, the participants received packed 

red blood cell transfusions as clinically indicated, 

and the cumulative transfusion volume was 

recorded and normalized to body weight (TV/Kg). 

After six months, T2* MRI was performed to 

assess LIC. An iron profile was established too, 

which included SF, serum iron (SI), and total iron-

binding capacity (TIBC). The demographic data 

(age, sex, weight, and height) and the transfusion 

volumes were also recorded. The cumulative 

transfusion volume per kilogram of body weight 

(TV/kg) was determined.  Table I presents the 

descriptive characteristics of the study cohort, 

including demographic variables, transfusion 

measures, and iron profile parameters. 

Additionally, T2* MRI data were obtained from 

the liver. The relaxation times reported in the MRI 

results were categorized into two classes: values 

indicating iron deposition (n = 21) and values 

indicating no iron deposition (n = 45). To 
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determine the hepatic iron overload, the relaxation 

times were classified according to a cutoff value; < 

6.3 ms indicated iron deposition, whereas ≥ 6.3 ms 

was considered as no deposition (14).  

Notably, no patients in this cohort received iron 

chelation therapy during the study period; based on 

the treating physician’s judgment, any patient who 

required initiation of chelation during the follow-

up period was excluded from the study. 

    Equipment 

MRI was conducted using a 1.5 Tesla Siemens 

Avanto machine for T2* MRI data. A Lenovo 

laptop featuring an Intel(R) Core (TM) i7-

3612QM CPU was also used. The analyses in this 

project were based on Python within Visual Studio 

Code version 1.98.0 (user setup). 

   Data analysis and modeling 

In coding, the first step was data loading and 

preprocessing. The data were imported to Python 

from an Excel sheet that included a column for 

gender, which was categorical. There were six 

numerical columns for age, BMI, TV/Kg, TIBC, 

SI, and SF, and a binary column represented the 

T2* MRI results for the liver.  

The data preprocessing included a few steps. 

First, to ensure equal scaling, all the numerical 

datasets were standardized (20). Second, the 

datasets were split into two categories; 80 percent 

of them were allocated for Cross-Validation (CV) 

to train and optimize the model parameters, and 20 

percent were assigned to the evaluation of the 

performance of the models. Third, due to the 

imbalance in the binary data, the Synthetic 

Minority Over-Sampling Technique (SMOTE) 

(21) was used to train the data to oversample the 

minority classes. To prevent data leakage, all the 

preprocessing steps, including feature 

standardization and SMOTE oversampling, were 

implemented within a pipeline framework and 

applied exclusively to the training folds during the 

cross-validation. The independent test set was kept 

completely untouched; it was not involved in 

scaling parameter estimation or resampling 

procedures. Hyperparameter optimization was 

conducted using GridSearchCV integrated within 

this pipeline structure. 

The next step involved training the models and 

optimizing the hyperparameters using the 

GridSearchCV tool (20). K-Fold CV (with K = 5) 

was completed to ensure the stability of the 

performance of the models. 

The next step was the assessment of the models 

by computing the AUC for both the ROC and PR 

curves in the CV and test data; Additionally, for the 

test datasets, F-1 score, recall, precision, 

specificity, and accuracy were computed in all the 

models (22). To quantify uncertainty, 95% CIs for 

the ROC AUC and PR AUC was estimated through 

nonparametric bootstrapping with 1,000 resamples 

and replacement. For each bootstrap sample, the 

corresponding AUC and the 2.5th and 97.5th 

percentiles of the bootstrap distribution as the 95% 

CI were calculated. Any bootstrap resample that 

contained only one outcome class was excluded. 

Another step was plotting and analyzing the 

permutation feature importance (22, 23) for the 

best model. The step next to it involved plotting an 

ROC curve (22, 24) to determine an optimized 

threshold for the SF, which was calculated using 

Youden’s Index (25). Additionally, a PR curve was 

created based on the F1 score to derive the optimal 

threshold for SF. 

To evaluate the score separation, the predicted 

probabilities were compared between the LIC-

positive and LIC-negative groups using a one-

sided Mann–Whitney U test. (26), and a one-

sample t-test was used to assess whether the 

permutation importance scores significantly 

differed from zero (23). 

   Machine learning models 

Three supervised classification models 

including RFC, SVC, and LR were evaluated (4). 

First, RFC is an ensemble model that combines 

multiple decision trees and outputs the final class 

by aggregating the trees’ predictions (27). It was 

included to capture potential non-linear 

relationships among the clinical variables. The 

second model was SVC. It is a supervised classifier 

that separates classes using a decision boundary 

and can model non-linear patterns through kernel 

functions (28). As for LR, it is a widely used and 

interpretable baseline model for binary outcomes 

that estimates the probability of a target class from 

input variables (29). All these models were tuned 

using the same CV and grid-search procedure 

described above. 
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    Model evaluation  

Standard classification metrics including 

accuracy, precision, recall, F1-score, specificity, 

and AUC (ROC AUC and PR AUC) were used to 

evaluate the models (30). To monitor potential 

overfitting, the CV AUC were compared with the 

held-out test AUC values; larger discrepancies 

were interpreted as possible signs of limited 

generalizability in this dataset. 

 

Results 
In this section, first, the results of the PR and 

ROC curves are presented along with the other 

standard metrics for evaluating the models. The 

permutation feature importance results for all the 

models are also presented to quantify the 

contribution of each clinical variable to LIC 

prediction. Finally, the ROC and PR curve results 

are provided to identify the optimal threshold for 

both SF and TV/Kg. 

    AUC of the PR and ROC curves 

Table II summarizes the PR-AUC results for 

the three classifiers in both cross-validation and the 

independent test set, along with 95% CIs and AUC 

gaps. Table III provides the corresponding ROC-

AUC results. 

For the RFC model, the AUC of the PR curve 

in the CV dataset was 0.91, with a 95% Confidence 

Interval (CI) of 0.25 to 1.00 and a P-value (P) of 

less than 0.001. Given the relatively small sample 

size, 95% CI and AUC values are emphasized as 

primary indicators of model performance, with p-

values reported for reference only. The AUC of the 

PR curve for the test was 0.87 (95% CI: 0.85 to 

1.00, P = 0.004), and the AUC gap of the CV and 

the test datasets was 0.07. As shown in Table II, 

the RFC achieved a test PR-AUC of 0.87 and a CV 

PR-AUC of 0.94, with an AUC gap of 0.07. In 

contrast the AUC of the ROC curve for the CV and 

test datasets was 0.95 (95% CI: 0.89 to 1.00, P < 

0.001) and 0.95 (95% CI: 0.78 to 1.00, P = 0.004), 

respectively, reflecting a gap of 0.00. As shown in 

Table III, the RFC achieved a test ROC-AUC of 

0.95 and a CV ROC-AUC of 0.95, indicating no 

performance gap. Figure 2 illustrates the PR and 

ROC curves of the RFC model. 

In the SVC model, the AUC of the PR curve for 

the CV and test datasets was found to be 0.98 (95% 

CI: 0.94 to 1.00, P < 0.001) and 0.91 (95% CI: 0.51 

to 1.00, P = 0.004), respectively, reflecting a gap of 

0.07. As shown in Table II, the SVC model 

achieved a test PR-AUC of 0.91 and a CV PR-

AUC of 0.98, corresponding to an AUC gap of 

0.07. In contrast, the AUC of the ROC curve for the 

CV and test datasets was 0.98 (95% CI: 0.95 to 

1.00, P < 0.001) and 0.95 (95% CI: 0.77 to 1.00, P 

= 0.004), respectively, indicating a gap of 0.03. As 

shown in Table III, the SVC model achieved a test 

ROC-AUC of 0.95 and a CV ROC-AUC of 0.98, 

with a gap of 0.03.  Figure 2 displays the diagrams 

for the PR and ROC curves of the SVC model. 

In the LR model, the AUC of the PR curve for 

the CV and test datasets was 0.98 (95% CI: 0.94 to 

1.00, P < 0.001) and 0.94 (95% CI: 0.63 to 1.00, P 

= 0.002), respectively, which shows a gap of 0.03. 

Based on Table II, the LR model achieved the 

highest test PR-AUC of 0.94 and a CV PR-AUC of 

0.98, with a minimal AUC gap of 0.03. 

Subsequently, the AUC of the ROC curve for the 

CV and test datasets was found to be 0.98 (95% CI: 

0.95 to 1.00, P < 0.001) and 0.98 (95% CI: 0.85 to 

1.00, P = 0.002), respectively, indicating a gap of 

0.01. According to Table III, the LR model 

achieved a test ROC-AUC of 0.98 and a CV ROC-

AUC of 0.98, indicating a negligible performance 

gap. Figure 2 illustrates the diagrams for the PR 

and ROC curves of the LR model. 

The accuracy for the RFC model was 0.93, with 

a F1-score of 0.89, recall of 1.00, precision of 0.80, 

and specificity of 0.90. For the SVC model, the 

accuracy was 0.86, and the F1-score, recall, 

precision, and specificity were 0.80, 1.00, 0.67, 

0.80, respectively. Finally, for the LR model, the 

accuracy was 0.93, with a F1-score of 0.89, recall 

of 1.00, precision of 0.80, and specificity of 0.90. 

For better visual differentiation, all the outputs of 

the models are displayed in Figure 3. 

    Permutation feature importance 

In the following analysis, the permutation 

feature importance is presented for all the models. 

The RFC indicates a feature importance of 76.3% 

for SF (P < 0.001), 15.6% for TV/Kg (P < 0.001), 

4.1% for Age (P < 0.001), 1.9% for BMI (P = 

0.002), 1.6% for TIBC (P = 0.999), 0.6% for SI (P 

= 0.780), and 0.0% for gender (P = 1.000). The 

SVC model has the following importance levels: 
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SF: 46.0% (P < 0.001), TV/Kg: 22.5% (P < 0.001), 

TIBC: 11.3% (P < 0.001), BMI: 9.1% (P < 0.001), 

Age: 7.0% (P < 0.001), SI: 2.2% (P = 0.086), and 

gender: 1.9% (P = 0.079). Finally, the LR model 

shows the following importance levels: SF: 82.1% 

(P < 0.001) and TV/Kg: 17.9% (P < 0.001), while 

TIBC, BMI, Age, SI, and gender all have an 

importance of 0.00% (P = 1.000). For better visual 

comparison, the permutation feature importance 

results of the models are illustrated in Figure 4. 

    PR and ROC curves for SF and TV/Kg 

The PR and ROC curve results for determining 

the optimal thresholds of SF and TV/kg are 

presented here. The optimal threshold for SF was 

400.00 ng/ml, with a recall of 0.90 and a precision 

of 0.90. The PR AUC was 0.93 (95% CI: 0.83 to 

1.00, P < 0.001), with a sensitivity of 0.90 and a 

specificity of 0.96, resulting in an ROC AUC of 

0.97 (95% CI: 0.93 to 1.00, P < 0.001). The optimal 

threshold for TV/Kg was 29.79 ml/Kg, achieving a 

recall of 0.81 and a precision of 0.65. The PR AUC 

was 0.78 (95% CI: 0.61 to 0.91, P < 0.001), with a 

sensitivity of 0.81 and a specificity of 0.80, 

resulting in an ROC AUC of 0.87 (95% CI: 0.77 to 

0.94, P < 0.001). The PR and ROC curves for 

determining the optimal thresholds of the SF and 

TV/Kg are provided in Figure 5. 

 
Table I. Descriptive data for the patients participating in this study   

Variables N Range Minimum Maximum Mean ± SD 

Age (year) 66 13 5 18 10.74 ± 4.42 

Wt. (Kg) 66 83 13 96 39.32 ± 19.97 

Ht. (m) 66 0.87 0.95 1.82 1.40 ± 0.24 

BMI (Kg/m2) 66 20.42 12.80 33.22 18.78 ± 4.36 

Tx. N (n) 66 18 2 20 4.82 ± 4.28 

TV (ml) 66 6810 210 7020 1423.64 ± 1577.00 

TV/Kg(ml/Kg) 66 114.16 9.00 123.16 34.14 ± 30.22 

TIBC (µg/dl) 66 202 225 427 314.82 ± 40.23 

SI (µg/dl) 66 181 19 200 89.00 ± 33.50 

SF (ng/ml) 66 3044 5 3049 401.47 ± 512.03 

N: Number, Wt.: Weight, Ht.: Height, BMI: Body Mass Index, Tx. N: Transfusion Number, TV: Transfusion Volume, TV/Kg: Transfusion 

blood Volume per Kilogram body weight, TIBC: Total Iron Binding Capacity, SI: Serum Iron, and SF: Serum Ferritin. 
 

            Table II. Comparison of outputs in different models based on the AUC of CV and Test datasets for the PR 

curve 
 Test 

AUC 

Test AUC 95 % 

CI 

CV 

AUC 

CV AUC 95 % 

CI 

AUC 

gap 

p-value 

test 

p-value 

CV 

RFC 0.87 0.25-1.00 0.94 0.85-1.00 0.07 0.004 < 0.001 

SVC 0.91 0.51-1.00 0.98 0.94-1.00 0.07 0.004 < 0.001 

LR 0.94 0.63-1.00 0.98 0.94-1.00 0.03 0.002 < 0.001 

RFC: Random Forest Classifier, SVC: Supportive Vector Classifier, LR: Logistic Regression, CV: Cross Validation, AUC: Area Under 

the Curve, CI: Confidence Interval, PR: Precision-Recall, CV: Cross Validation 
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Table III. Comparison of outputs in different models based on the AUC of CV and Test datasets for the ROC 

curve 
 Test 

AUC 

Test AUC 95 % 

CI 

CV 

AUC 

CV AUC 95 % 

CI 

AUC 

gap 

p-value 

test 

p-value 

CV 

RFC 0.95 0.78-1.00 0.95 0.89-1.00 0 0.004 0.95 

SVC 0.95 0.77-1.00 0.98 0.95-1.00 0.03 0.004 0.95 

LR 0.98 0.85-1.00 0.98 0.95-1.00 0.01 0.002 0.98 

RFC: Random Forest Classifier, SVC: Supportive Vector Classifier, LR: Logistic Regression, CV: Cross Validation, AUC: Area Under 

the Curve, CI: Confidence Interval, ROC: Receiver-Operating Characteristic, CV: Cross Validation 

 

 

 

 
Figure 1. Overview of the steps in this study, from data collection to final analysis. AUC: Area Under the Curve; 

CV: Cross-Validation; F1: F1 Score; GridSearchCV: Grid Search Cross-Validation; LR: Logistic Regression; 

RFC: Random Forest Classifier; SVC: Support Vector Classifier 
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Figure 2. Precision-Recall (PR) and Receiver Operating Characteristic (ROC) curves for the Random Forest 

Classifier (RFC) model (A, B), Support Vector Classifier (SVC) model (C, D), and Logistic Regression (LR) 

model (E, F). AUC: Area Under the Curve; PR: Precision-Recall; ROC: Receiver Operating Characteristic; CV: 

Cross-Validation 
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Figure 3. Visual comparison of model outputs across different classifiers. RFC: Random Forest Classifier; SVC: 

Support Vector Classifier; LR: Logistic Regression; CV: Cross-Validation; AUC: Area Under the Curve; PR: 

Precision–Recall; ROC: Receiver Operating Characteristic 

 

 
Figure 4. Permutation feature importance for all the models. RFC: Random Forest Classifier; SVC: Support 

Vector Classifier; LR: Logistic Regression; SF: Serum Ferritin; TV/kg: Transfusion Volume per Kilogram Body 

Weight; BMI: Body Mass Index; TIBC: Total Iron-Binding Capacity; SI: Serum Iron 
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Figure 5. Precision-Recall (PR) and Receiver Operating Characteristic (ROC) curves used to determine thresholds 

for serum ferritin (SF) (A, B) and transfusion volume per kilogram body weight (TV/kg) (C, D) to distinguish 

between iron deposition and no-iron deposition. AUC: Area Under the Curve; PR: Precision-Recall; ROC: 

Receiver Operating Characteristic. 

 

 

Discussion 
The models evaluated in this study 

demonstrated strong discrimination for 

predicting LIC in children with ALL, as indicated 

by the high AUC values (test PR AUC = 0.94; 

CV PR AUC = 0.98; test ROC AUC = 0.98; and 

CV ROC AUC = 0.98). The small differences in 

performance between the CV and test sets further 

support the robustness of these models. Among 

the various models tested, LR achieved the 

highest AUC, outperforming both RFC and SVC. 

The permutation feature importance consistently 

identified SF and TV/kg as the most influential 

predictors in all the models. 

Given the class imbalance in the dataset (LIC 

present: n = 21; LIC absent: n = 45), the 

evaluation of the models prioritized recall and 

metrics based on the PR curve. A recall rate of 

1.00 was achieved for all the models. The precision 

of SVC was 0.67, indicating a higher false positive 

rate. The primary objective of this study was to 

maximize the recall rate, making the reduced 

precision less critical in this context. The high PR 

AUC values across the models support their 

effectiveness in identifying positive cases. In the 

existing literature, previous studies have often 

focused primarily on ROC curves; however, this 

analysis produced strong ROC-based results, 

indicating effective class separation. Despite the 

high AUC values, the wide CI highlights 

significant uncertainty due to the small sample size. 

This emphasizes that interpretation prioritizes CI 

rather than statistical significance alone. 

Few studies have applied ML approaches to 

evaluate LIC. A recent systematic review and 

meta-analysis suggests that ML and deep learning 

methods can enhance MRI-based LIC 
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quantification and classification of liver iron 

overload (31). Another study by Munikoty et al. 

(32) utilized multiple linear regression to assess 

iron overload, whereas many reports have relied 

primarily on descriptive statistics (33-35). The 

present study reports an early application of 

advanced ML methods, including RFC and SVC, 

to investigate LIC in children. 

In this study, LR outperformed more complex 

models like RFC, probably due to the limited 

sample size and a predictor set consisting of a 

small number of routinely measured variables. In 

such settings, simpler linear models may be 

generalized better and be less susceptible to 

variance and overfitting, effectively capturing the 

dominant signal without being influenced by 

noise (36). 

From a clinical perspective, once validated, 

the proposed approach could serve as a 

supportive tool by utilizing routinely available 

variables (e.g., SF and TV/kg) to estimate an 

individual patient's risk of LIC. Patients classified 

as higher risk could be prioritized for closer 

monitoring and earlier evaluation for chelation 

therapy, particularly in contexts with limited 

access to advanced imaging. However, due to the 

limited sample size and lack of external 

validation, the current model should not be used 

for clinical decision-making until confirmed in 

larger cohorts with independent validation. 

SF has consistently been identified as a key 

indicator of iron overload. Nashwan et al. (18) 

reported a median SF level of 687.25 ng/ml in 

cases of iron overload. Alkindi et al. (33) found a 

strong correlation between SF and LIC but did 

not establish a specific cutoff. Similarly, Acar et 

al. (34) reported SF as an important marker. 

Sawicka-Zukowska et al. (8) noted a significant 

association between SF and LIC, while Munikoty 

et al. (32) suggested that an SF level exceeding 

600 ng/ml may indicate iron overload. 

Alternatively, Sherief et al. (35) proposed a 

threshold of 205 ng/ml. The findings from this 

study support SF as a critical predictor of LIC; an 

exploratory threshold of 400 ng/ml was identified 

in this respect. TV/kg was also recognized as a 

significant predictor, with previous studies 

proposing cutoffs for transfusion exposure. 

Sawicka-Zukowska et al. (8) reported a cutoff of 

100 ml/kg for assessing iron overload, whereas the 

present study identified a lower exploratory 

threshold of approximately 30 ml/kg over a six-

month period. Additionally, age has been cited as a 

relevant factor (8), which is also supported by this 

analysis. 

This study has several limitations. First, the 

small sample size (n = 66), which includes only 21 

positive cases, may affect the stability of the model 

and increase the risk of overfitting. While CV is 

utilized, applying SMOTE to a small dataset can 

magnify noise and result in overly optimistic 

performance estimates. Therefore, high AUC 

values should be interpreted with caution. Second, 

the proposed cutoffs for SF at 400 ng/ml and TV/kg 

at approximately 30 ml/kg are exploratory and 

specific to this cohort; they require validation in 

larger independent studies before any clinical 

application. Third, the lack of external validation 

restricts the generalizability of the findings. Fourth, 

MRI assessments could not be conducted in 

children younger than 10 years, limiting the 

applicability of the results to younger patients. 

Fifth, due to the small sample size, the model inputs 

were restricted to a limited set of routinely 

available and clinically relevant variables (age, 

BMI, gender, SI, TIBC, SF, and TV/kg). 

Additional clinical or biochemical parameters were 

not included. Furthermore, beyond scaling and 

binary encoding of gender, formal multicollinearity 

screening and systematic feature selection, besides 

clinical judgment, were not performed. These steps 

should be included in future studies with larger 

cohorts. Finally, transfusion duration was not 

evaluated because all the participants were 

assessed over a fixed six-month period. However, 

understanding cumulative transfusion exposure is 

important for grasping the dynamics of iron 

overload and progressive organ iron deposition 

(37). 

 

Conclusion 
This study demonstrated that AI can 

accurately predict LIC. Three ML methods were 

employed in the analysis. Given the critical 

nature of diagnosing positive cases in medicine, 

both the PR curve and ROC curves were 
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assessed for all the models. The results from 

the PR curve indicated that all the models 

could effectively predict the positive cases, 

while the ROC curve demonstrated good 

discrimination between the positive and 

negative classes. 

Among the models evaluated, the LR model 

was identified as the optimal one based on both 

ROC and PR AUC results, along with a slight 

gap between the test and CV AUCs. Further 

analysis of feature importance through the 

permutation methods revealed that SF was the 

most significant factor influencing LIC, with 

the second most important factor being TV/Kg. 

The ROC and PR curves for SF and TV/Kg 

indicated the optimal threshold of 400 ng/ml 

for SF, while it was 30 ml/Kg for TV/Kg over 

a period of six months. It is to be noted that the 

proposed thresholds should be considered 

exploratory, thus requiring external validation 

before any clinical implementation. 

In addition, iron deposition can negatively 

impact children with ALL. Although 

diagnostic liver biopsies in children come with 

certain risks, T2* MRI also has its limitations. 

This study demonstrates that utilizing AI 

provides significant advantages by assisting 

physicians in diagnosing iron deposition and 

treating patients more effectively. However, 

due to the small sample size, the study has 

some limitations. Conducting future research 

with a larger sample size and employing deep 

learning techniques for more reliable results 

are recommended. 
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