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Formulas based on red blood cell indices have been used to differentiate between iron deficiency 
anemia (IDA) and thalassemia (Thal). However, they exhibit varying efficiencies. In this study, we 
aimed to develop a tool for discriminating between IDA and Thal by using the random forest (RF) and 
gradient boosting (GB) algorithms. Complete blood count data from 1143 patients with anemia and 
low mean corpuscular volume were collected (382 patients with IDA, 635 with Thal, and 126 with IDA 
and Thal). The data were randomly divided into the training and testing datasets in a ratio of 80:20. 
The RF and GB models had good diagnostic performances for predicting IDA and Thal in the training 
and testing datasets. In the testing dataset for predicting binary outcomes, GB and RF both had an 
accuracy of 90.7%, and an area under the receiver operating characteristic curve (AUC-ROC) of 0.953. 
A lower diagnostic performance was observed when patients with IDA and Thal were included. GB 
and RF showed accuracies of 80.4% and 82.2%, respectively, and AUC-ROC values of 0.910 and 0.899, 
respectively. In conclusion, we developed a machine learning approach using GB algorithm. This tool is 
potentially useful in Thal- and IDA-endemic regions.

Keywords  Iron deficiency anemia, Thalassemia, Machine learning, Random forest, Gradient boosting

Anemia is a common condition encountered in clinical practice. It is defined as a low number of red blood 
cells (RBCs) or a low hemoglobin (Hb) concentration. Anemia is classified into three categories on the basis 
of the Hb concentration and RBC size: hypochromic microcytic anemia, normochromic normocytic anemia, 
and macrocytic anemia1. Iron deficiency anemia (IDA) and thalassemia (Thal) are the most common causes 
of hypochromic microcytic anemia. A 2021 global survey reported that the prevalence of anemia was 24.3%, 
and approximately 66.2% of the total anemia cases are caused by IDA2. IDA is characterized by a depleted iron 
storage that leads to low RBC production. Moreover, it can be caused by a low iron intake, acute or chronic 
blood loss, or abnormalities in iron absorption. The prevalence of IDA is approximately 1.5–12% in the Thai 
population3,4. Thal, which is one of the most common causes of anemia2, is an inherited disorder caused by 
a mutation in the globin gene that results in reduced or absent globin chain production. Patients with Thal 
traits (TTs) usually exhibit no anemic symptoms. By contrast, patients with Thal disease show widely different 
clinical phenotypes (from mild to severe anemia) depending on the mutation type. In Thailand, the prevalence 
rates of TTs, including α-TT, β-TT, and heterozygous Hb E, are approximately 20–30%, 3–9%, and 10–50%, 
respectively5.

Laboratory investigations for diagnosing these conditions include serum iron tests, ferritin level assessment, 
Hb analysis, and deoxyribonucleic acid (DNA) analysis for Thal6,7. However, Hb and DNA analyses are 
unavailable in some hospitals owing to the need for specialized equipment, advanced technical expertise, and 
the time-consuming nature of the tests. In addition, these investigations can be costly, as patients often incur 
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substantial expenses when physicians request comprehensive confirmatory tests for the diagnosis. Therefore, 
several mathematical formulas based on RBC indices, including Sirdah, Green and King, Mentzer, England 
and Fraser, Ehsani, Srivastava, Shine & Lal, and the 11 T score, have been developed to help clinicians select 
appropriate confirmatory tests for differentiating between IDA and TTs, aiming to reduce investigation costs 
and time4,8. However, the efficiency of these equations varies. Moreover, the cutoff values of each formula are 
affected by sex, age, and ethnicity, resulting in unsatisfactory sensitivity and specificity results among different 
populations9,10. Applying these formulas for the differential diagnosis between IDA and Thal, including TT and 
Thal intermedia (TI), offers limited diagnostic value.

In recent years, several machine learning algorithms such as C4.5 decision tree, k-nearest neighbor, artificial 
neural network, support vector machine, Naive Bayes, random forest (RF), vote algorithm, and extreme learning 
machine were evaluated for their classification performance in predicting whether a patient has IDA or TT11–13. 
RF showed a high performance with accuracies of 94.2 and 96.0% for IDA and TT, respectively11,12. In addition, 
the gradient boosting (GB) algorithm has been an effective model for predicting and diagnosing several 
diseases14. However, this algorithm has limited information in discriminating between patients with IDA and 
Thal.

Thus, owing to the advancements of machine learning algorithms and the limitations of previous formulas 
for the differential diagnosis of IDA and Thal, this study aimed to generate a diagnostic model by using RF 
and GB algorithms to predict the probability of IDA and Thal. The results of the study should aid clinicians in 
determining appropriate laboratory investigations for patients with hypochromic microcytic anemia.

Methods
Study population
This cross-sectional study was conducted at Songklanagarind Hospital, the largest tertiary hospital in southern 
Thailand, between January 2015 and December 2019. We assessed the first-visit data of 7488 patients, who 
had the following characteristics: (1) age > 15 years, (2) Hb concentration < 13 g/dL in men and menopausal 
women, or < 12 g/dL in reproductive women, (3) mean corpuscular volume (MCV) < 80 fL, (4) available iron 
profiles and ferritin level data, and (5) Hb and DNA analyses for Thal. Patients with anemia of inflammation, 
transfusion-dependent Thal, pregnancy, or incomplete laboratory data were excluded. To exclude anemia due to 
inflammation and pregnancy, a hematologist reviewed the medical records to confirm the diagnoses of IDA and 
Thal and to exclude patients with inflammation and infection.

Patients with serum ferritin levels < 30 ng/mL and transferrin saturation < 16% were diagnosed with IDA15. 
All patients were diagnosed with Thal (TT and TI) by using the following diagnostic criteria: patients with Hb 
type A2A and Hb A2 levels ≥ 3.5% were diagnosed with β-TT. Those with Hb type A2A, Hb A2 levels < 3.5%, 
and positive α-Thal mutation following DNA analysis were diagnosed with α-TT. Those with Hb type EA 
and Hb E > 10–35% were considered to have the Hb E trait. Patients diagnosed with TI exhibited Hb patterns 
such as A2FA, EFA, EE, A2AH, A2ABart’sH, CSA2AH, CSA2ABart’sH, EABart’s, EFABart’s, CSEABart’s, and 
CSEFABart’s; furthermore, these patients had no history of transfusion, and their conditions were confirmed 
through DNA analysis. The definitions and full names of the abbreviations are shown in the appendix. Patients 
who met the criteria for IDA and Thal were diagnosed as having IDA with Thal.

Ethical approval
Ethical approval for this study was obtained from the Human Research Ethics Committee (HREC) of the Faculty 
of Medicine, Prince of Songkla University (REC 62-232-5-2). The HREC waived the requirement for informed 
consent because this study used deidentified data.

Laboratory techniques
The hematological features were measured using an automated blood cell counter (XN3000; Sysmex Corp., 
Kobe, Japan). Hb analysis was performed using capillary electrophoresis (CapillaryS2; Sebia, Lisses, France). 
Serum iron levels, total iron binding capacity, and ferritin levels were measured using an automated analyzer 
(Cobas e411; Roche, Rotkreuz, Switzerland). DNA analysis for Thal was performed using polymerase chain 
reaction and reverse dot blot hybridization, as previously described7,16.

Statistical analysis
The baseline characteristics and hematological features of patients with Thal and IDA were compared using 
Pearson’s chi-squared test for categorical data and the Kruskal–Wallis rank sum test for continuous data. P < 0.05 
was considered statistically significant. The complete blood count (CBC) data of patients diagnosed with Thal 
(TT and TI), IDA, and IDA with Thal (TT and TI) were divided into training and testing sets by using a ratio 
of 80:20. Nine features were used in the machine learning methods, including Hb levels, hematocrit (Hct), 
MCV, mean corpuscular hemoglobin (MCH), mean corpuscular hemoglobin concentration (MCHC), red cell 
distribution width (RDW), RBC count, age, and sex.

Two types of models were built: binary outcome models (Thal and IDA) and multiclass outcome models 
(Thal, IDA, and IDA with Thal). Two ensemble machine learning classification methods were used to diagnose 
Thal and/or IDA. RF builds multiple decision trees on random subsets of the training dataset. This reduces the 
correlation between trees and avoids overfitting by selecting random subsets of features at each split. The final 
prediction is the majority vote from all the trees. GB builds trees sequentially by using information learned from 
previous trees. In theory, this improves accuracy compared to single-decision trees17.

Our dataset was randomly separated into the training and testing datasets at ratio of 80:20. To minimize 
over- and under-fitting, the model features in the training dataset were optimized using tenfold cross-validation. 
The Latin hypercube method was used to sample 1000 sets of feature values for each model. The best feature 
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subsets were those that maximized the AUC-ROC of the validation data. The prediction models were then 
trained on the entire training data using the best features. To address the class imbalance, the synthetic minority 
over-sampling technique (SMOTE)18 was employed to generate synthetic samples for the minority class, thereby 
effectively balancing the dataset prior to model training.

The performance of the developed models was evaluated on the testing dataset using a range of metrics, 
including accuracy, Kappa coefficient, sensitivity, specificity and AUC-ROC. Additionally, we compared the 
diagnostic performances of GB and RF with those of formulas based on RBC indices—such as Hct/Hb, MCV/
Hb, Keikhaei, Jayabose, Sirdah, Green and King, Mentzer, England and Fraser, Srivastava, Shine & Lal, Matos, 
Ricera, Kerman I, Kerman II, Ehsani8,19–22—by calculating the difference in AUC-ROC, using the method 
proposed by Delong et al.23. The definitions of all features and formulas are provided in the Appendix. The 
methodological flowchart of this study is presented in Supplementary Fig. S1.

Analysis was performed using R version 4.4.224. The model specifications and analytical processes were 
performed using tidymodels version 1.225. The underlying analytic packages for RF and GB were ranger version 
0.17.0  26 and xgboost version 1.7.8.1  27, respectively. The over-sampling of the minority class was performed 
using themis version 1.0.328. The calculation and comparison of AUC-ROC were performed using pROC version 
1.18.529.

Results
A total of 14,407 CBC records of patients with anemia and low MCV from 2015 to 2019 were assessed. First-
visit data from 7488 patients were selected. In total, 6345 patients with anemia of inflammation (n = 1535), 
transfusion-dependent Thal (n = 65), or incomplete laboratory records (n = 4745) were excluded. Therefore, 
1143 patients were included in the study. The data were randomly divided into two sets namely, the training 
and testing datasets, by using a ratio of 80:20. Figure 1 shows the distribution of the cases in the training and 
testing datasets. Table 1 summarizes the baseline characteristics of the study groups. All RBC indices differed 
significantly among the three groups.

Supplementary Table S1 shows the diagnostic performance of GB and RF for predicting binary outcomes, 
including Thal and IDA, in the training dataset. In this model, patients with IDA and Thal were not included in 
the training dataset because the small sample size might have affected the data analysis. The results demonstrated 
that both GB and RF achieved high accuracy in the training dataset (90.5 and 96.4%, respectively). The AUC-
ROC values of GB and RF were 0.969 and 0.996, respectively. However, their performance slightly decreased in 
the testing dataset, with the accuracy decreasing to 90.7% (95% confidence interval [CI] 86.8–94.6%) for both 
GB and RF. Table 2 shows that their AUC-ROC remained consistent at 0.953 (95% CI 0.924–0.982).

Supplementary Table S2 shows the diagnostic performance of RF and GB for predicting multiclass outcomes, 
including Thal, IDA, and IDA with Thal, in the training dataset. RF achieved an accuracy of 91.7% compared 
with 85.4% for GB. The AUC-ROC values of GB and RF were 0.957 and 0.986, respectively. RF demonstrated 
a higher sensitivity than GB in predicting Thal and IDA groups. A notable decrease in sensitivity was observed 
both in RF and GB in predicting IDA with Thal, with RF achieving 87.0% sensitivity and GB achieving 78.0%.

Fig. 1.  Study population flow and distribution of cases in the training and testing dataset. CBC, complete 
blood count; MCV, mean corpuscular volume
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Table 3 shows the diagnostic performance of RF and GB for predicting multiclass outcomes, including Thal, 
IDA, and IDA with Thal, in the testing dataset. Both GB and RF exhibited lower accuracies in the testing dataset 
(80.4% [95% CI 75.2–85.2%] accuracy for GB and 82.2% [95% CI 77.0–87.0%] for RF) than in the training 
dataset. The AUC-ROC of both algorithms is also slightly lower than in the training dataset (0.910 [95% CI 
0.859–0.949] for GB and 0.899 [95% CI 0.844–0.939] for RF). However, both algorithms maintained high 
sensitivity for predicting Thal (89.2% [95% CI 83.3–93.9%] for RF and 81.9% [95% CI 74.8–88.6%] for GB). By 
contrast, the sensitivity (76.8% [95% CI 66.7–86.8%]) was lower in the IDA group using RF. The sensitivity for 
predicting IDA with Thal was particularly low (69.1% [95% CI 50.0–86.4%] for GB and 65.3% [95% CI 46.4–
84.6%] for RF). The two essential variables for predicting multiclass outcomes using GB and RF were MCHC 
and MCV (Fig. 2).

Table 4 presents the diagnostic performance of 15 previously reported formulas for predicting binary 
outcomes (Thal and IDA). Among these, only the Hct/Hb index demonstrated strong predictive capability, and it 
achieved an AUC-ROC of 0.820. Furthermore, our study revealed that the GB and RF algorithms, when utilizing 
only CBC indices, exhibited significantly higher predictive efficiency than any single index (P < 0.05).

Discussion
IDA and Thal are common causes of hypochromic microcytic anemia in Southeast Asia, particularly in 
Thailand30. The differential diagnosis of these abnormalities is vital for effective treatment and proper genetic 

Metric

GB RF

Median 95% CI Median 95% CI

Sensitivity (%) 93.8 89.4–97.7 93.9 89.5–97.7

Specificity (%) 85.7 78.0–92.8 85.9 77.6–93.1

Accuracy (%) 90.7 86.8–94.6 90.7 86.8–94.6

Kappa 0.802 0.719–0.881 0.803 0.717–0.887

AUC-ROC 0.953 0.924–0.982 0.953 0.924–0.982

Table 2.  Diagnostic performance of the RF and GB models for predicting binary outcomes (Thal [TT and 
TI] and IDA) in the testing dataset. Data are shown as median (2.5th–97.5th percentile) from bootstrapping 
method performed 1000 times. TT thalassemia trait, TI Thal intermedia, IDA iron deficiency anemia, RF 
random forest, GB gradient boosting, AUC-ROC area under the receiver operating characteristic curve.

 

Characteristic Thal (n = 635) Median (Q1–Q3) IDA with Thal (n = 126) Median (Q1–Q3) IDA (n = 382) Median (Q1–Q3) P-valuea

Sex, female (n, %) 428 (67.4%) 111 (88.1%) 327 (85.6%)  < 0.001

Age (years) 55 (35–69) 43 (28–49) 47 (33–55)  < 0.001

Red blood cells (× 106/µL) 4.58 (3.92–5.13) 4.51 (4.17–4.89) 4.31 (3.84–4.71)  < 0.001

Hemoglobin (g/dL) 9.5 (8.3–11.0) 8.8 (7.0–10.3) 8.7 (7.3–9.9)  < 0.001

Hematocrit (%) 30.4 (26.5–34.4) 28.2 (24.2–32.5) 29.6 (26.1–32.9)  < 0.001

Mean cell volume (fL) 68 (62–74) 63 (57–68) 68 (63–74)  < 0.001

Mean corpuscular hemoglobin (pg) 21.1 (19.1–23.9) 19.2 (16.4–21.6) 20.2 (17.6–22.8)  < 0.001

Mean corpuscular hemoglobin concentration (g/dL) 31.9 (30.6–32.9) 30.6 (28.7–31.9) 29.3 (28.2–30.7)  < 0.001

Red blood cell distribution width (%) 17.0 (15.2–21.5) 19.9 (16.7–22.8) 18.7 (16.6–21.2)  < 0.001

Thalassemia type (n)

 α-Thal trait 9 6 0

 Hb Constant Spring trait 18 4 0

 Hb H disease 81 2 0

 Hb H with Constant Spring 19 0 0

 Hb H with Hb E trait 1 0 0

 β-Thal trait 194 26 0

 β+/β+-Thal disease 9 0 0

 β+-Thal/Hb E disease 21 1 0

 Hb E trait 218 80 0

 Hb E trait with Hb Constant Spring trait 2 0 0

 Homozygous Hb E 51 5 0

 HPFH trait 12 2 0

Table 1.  Baseline characteristics and hematological features of patients with Thal and IDA. Thal thalassemia, 
IDA iron deficiency anemia, HPFH hereditary persistence of fetal hemoglobin. aPearson’s chi-squared test; 
Kruskal–Wallis rank sum test.

 

Scientific Reports |        (2025) 15:16917 4| https://doi.org/10.1038/s41598-025-01458-5

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


counseling. Serum ferritin and transferrin saturation are widely used for diagnosing IDA, but their accuracy 
can be influenced by various confounding factors. For example, serum ferritin thresholds must be adjusted in 
patients with concurrent inflammation. Moreover, conventional cutoffs for younger adults may not be suitable 
for older adults because of the cumulative effects of inflammation with age. To enhance accuracy and validity, 
serum ferritin cutoffs should be adjusted to demographic and physiological factors31. Our study used serum 
ferritin < 30 ng/mL and transferrin saturation < 16% as cutoff values because we included only adult patients 
without underlying conditions such as inflammation or pregnancy. Several RBC index formulas have been 
constructed to discriminate between IDA and TT. However, each formula has a different efficiency depending 
on the study population19,32,33. Applying discriminating formulas and indices for TT, TI, and IDA offers limited 
diagnostic value. Thus, the current study included both TT and TI in the Thal group, which generally occurs in 
real-world hospital situations. Our internal validation showed that both the RF and GB models performed well 
in discriminating IDA from Thal in either the training or testing datasets but not in the differential diagnosis of 
IDA with Thal. Thus, a patient’s history review, including data regarding the family history, blood transfusion, 
history of anemia, blood loss, melena, and hematochezia, might help conduct a proper investigation for the 
differential diagnosis of IDA with Thal.

In this study, we utilized only RBC indices and personal demographic data to minimize feature redundancy 
and enhance the performance of our machine learning model. We demonstrated that MCHC and MCV levels 
are the two important features for machine learning in the RF and GB models, respectively. MCHC represents 
the average Hb concentration within a single RBC. Notably, this index is significantly lower in patients with 
IDA than in patients with Thal (TT and TI) (Table 1). This may be explained by the fact that IDA results from 
a lack of iron, which is essential for Hb production. As a result, RBCs have lower Hb content and are smaller in 
size. By contrast, Thal is caused by a defect in globin chain production, with iron supply remaining sufficient. 
Consequently, MCHC is not as drastically reduced in Thal as in IDA. A recent study used GB to predict 
individuals with TT, IDA, and a normal condition and identified MCV, MCH, RDW-SD, and Hb levels as the 
most significant features34. MCV and MCH are effective markers for screening Thal carriers35,36. Similarly, in the 
current study, MCV also emerged as a key feature in the model, thus aligning with previous findings.

Additionally, we compared the diagnostic performance of previously reported formulas with machine 
learning models (GB and RF) in binary outcomes model. Among the 15 formulas used to predict Thal (TT and 
TI) and IDA, only the Hct/Hb index demonstrated strong performance. This is the first study to use the Hct/Hb 
index to discriminate between IDA and Thal (TT and TI). This index is useful for differential diagnosis because 
patients with Thal can have low Hb levels37. By contrast, patients with IDA have low RBC production, which 
contributes to low Hb and Hct levels38. However, the Hct/Hb index has not been used to differentiate IDA from 
TT in previous studies. Moreover, the performance of this single index remains lower than that of our machine 
learning model that uses only RBC indices (Table 4). The remaining 14 formulas demonstrated low performance 
in our cases because they were originally validated for predicting TT and IDA. However, the Thal group in our 
study included a diverse range of genotypes that encompasses both TT and TI. Therefore, the applicability of 
these formulas may be limited in regions where Thal is prevalent.

We demonstrated the efficiency of two predictive models: one distinguishing between Thal and IDA and 
the other differentiating among Thal, IDA, and the combined group of IDA with Thal by using GB and RF. 
GB performed better in multiclass outcomes model, with an AUC-ROC of 0.910 (95% CI 0.859–0.949). We 
suggested the application of a predictive model involving three groups for patient care because we could not 
exclude patients with both IDA and Thal in a real-world clinical setting. However, the accuracy of GB in the 
testing dataset was lower than that in the training dataset, and this result might have been due to the small 
sample size. The model performance of GB in the testing dataset remained high and acceptable. However, 
further prospective studies should be performed to externally validate the performance and refinement of this 
diagnostic model.

Finally, a machine learning approach for discriminating between IDA and Thal using the GB algorithm was 
developed, along with a web-based prediction tool named “PSU Thal-IDA Pred.” The probability scores can guide 
clinicians in selecting suitable confirmation tests in first-visit patients with unknown causes of hypochromic 
microcytic anemia, resulting in reduced laboratory investigation costs and time and reduced blood volume in 

Metric

GB RF

Thal IDA IDA with Thal Thal IDA IDA with Thal

Sensitivity, % (95% CI) 81.9 (74.8–88.6) 82.1 (73.0–90.4) 69.1 (50.0–86.4) 89.2 (83.3–93.9) 76.8 (66.7–86.8) 65.3 (46.4–84.6)

Specificity, % (95% CI) 88.5 (82.1–94.3) 91.7 (86.8–95.4 90.3 (86.1–94.0) 84.5 (77.0–90.0) 93.6 (89.6–96.9) 92.6 (88.9–96.1)

Accuracy, % (95% CI) 80.4 (75.2–85.2) 82.2 (77.0–87.0)

Kappa, median (95% CI) 0.669 (0.586–0.751) 0.689 (0.603–0.770)

AUC-ROC, median (95% CI) 0.910 (0.859–0.949) 0.899 (0.844–0.939)

Table 3.  Diagnostic performance of the RF and GB models for predicting multiclass outcomes (Thal [TT 
and TI], IDA, and IDA with Thal) in the testing dataset. Data are shown as median (2.5th–97.5th percentile) 
from bootstrapping method performed 1000 times. Thal thalassemia, TT Thal trait, TI Thal intermedia, IDA 
iron deficiency anemia, RF random forest, GB gradient boosting, AUC-ROC area under the receiver operating 
characteristic curve.

 

Scientific Reports |        (2025) 15:16917 5| https://doi.org/10.1038/s41598-025-01458-5

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


the sample collection of patients with anemia. Users can easily access our website at ​h​t​t​p​s​:​​​/​​/​s​r​i​s​i​n​t​o​r​n​​w​.​s​h​i​​n​y​a​p​p​​​
s​.​​i​o​/​s​​m​a​​l​l​_​​​m​c​v​_​p​​r​e​d​i​c​t​​i​o​n​_​c​b​c​/. The prediction scores were obtained after inputting the RBC indices.

In conclusion, our study demonstrated that machine learning (GB and RF) algorithms are efficient in 
discriminating between patients with IDA and Thal but not in complex diseases, such as IDA with Thal. Thus, 
we recommend the application of this diagnostic model for the diagnosis of IDA and Thal in first-visit patients 
with unknown causes of hypochromic microcytic anemia.

Fig. 2.  Variable importance from multiclass outcomes (Thal, IDA, IDA with Thal) of the random forest model 
(a) and gradient boosting model (b).
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Data availability
The datasets generated and analyzed during the current study are available from the corresponding author upon 
reasonable request. Some data may be not available because of privacy or ethical reasons.
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