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Anemia, a prevalent hematologic disorder, necessitates accurate and
timely diagnosis for effective management and treatment. This study
explores the application of various machine learning models to classify
anemia types using complete blood count (CBC) data. We evaluated
multiple models, including DecisionTreeClassifier,
ExtraTreeClassifier, RandomForestClassifier, ExtraTreesClassifier,
XGBoost, LightGBM, and CatBoost, to identify the most effective
approach for anemia diagnosis. The dataset comprised CBC data
labeled with anemia diagnoses, sourced from multiple medical
facilities. Rigorous data preprocessing was performed, followed by
feature selection using methods such as Variance Inflation Factor

(VIF), Predictive Power Score (PPS), and feature importance from
ensemble models. The models were trained and evaluated using 5-fold
cross-validation, with hyperparameter tuning conducted via
GridSearchCV. Results demonstrated that the DecisionTreeClassifier
achieved the highest balanced accuracy score of 94.17%,
outperforming more complex ensemble methods. Confusion matrices
validated its robust performance, highlighting its precision and recall.
The study underscores the potential of simple decision tree models in
medical diagnosis tasks, particularly when datasets are well-
preprocessed. These findings have significant implications for clinical
practice, suggesting that machine learning can enhance diagnostic
accuracy and efficiency. Future work will explore advanced
techniques to further improve performance and integration into clinical
workflows.
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1. INTRODUCTION

Anemia is a prevalent hematologic disorder that affects millions of people globally [1]-[3].
Characterized by a deficiency in the number or quality of red blood cells (RBCs) or hemoglobin, anemia can
significantly impair oxygen transport to tissues, leading to a range of clinical symptoms from fatigue and
weakness to severe organ dysfunction [4]-[6]. The diagnosis and classification of anemia types are crucial for
effective treatment and management [7]-[9]. Traditionally, the diagnosis of anemia involves a complete blood
count (CBC), followed by manual interpretation of results by healthcare professionals [10]. However, this
method is time-consuming and prone to subjective variability [11]. With advancements in data science and
machine learning, there is an increasing interest in leveraging these technologies to enhance the accuracy and
efficiency of anemia diagnosis [12]. In recent years, machine learning has revolutionized various fields,
including healthcare, by offering robust tools for data analysis and predictive modeling [13]. Numerous studies
have demonstrated the potential of machine learning algorithms in diagnosing diseases, predicting patient
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outcomes, and aiding in personalized medicine [14]. For anemia diagnosis, machine learning models can
analyze CBC data and identify patterns that may not be apparent to human observers, leading to more accurate
and timely diagnoses [15].

The urgency of this research stems from the significant public health burden posed by anemia.
According to the World Health Organization (WHO), anemia affects approximately 1.62 billion people
worldwide, with pregnant women and young children being the most vulnerable groups [16]. Early and
accurate diagnosis is essential to prevent complications and improve patient outcomes. Traditional diagnostic
methods, while effective, are limited by their reliance on expert interpretation and the inherent delays in
laboratory processing [17]. Machine learning offers a promising alternative that can complement existing
diagnostic practices by providing rapid, automated, and consistent analysis of CBC data [18]. The state of the
art in machine learning for medical diagnosis includes a wide range of algorithms, from classical statistical
models to advanced ensemble techniques. Decision trees, random forests, gradient boosting machines, and
deep learning models have all been applied to various medical datasets with considerable success [19]. In the
context of anemia diagnosis, several studies have explored the use of machine learning models to classify
different types of anemia based on CBC parameters [20]. These models have demonstrated high accuracy and
reliability, suggesting that machine learning can be a valuable tool in clinical practice.

Despite the advancements in this field, there are still gaps that need to be addressed. One major
challenge is the interpretability of machine learning models. While complex models like gradient boosting and
deep learning can achieve high accuracy, their decision-making processes are often opaque, making it difficult
for clinicians to trust and adopt these technologies [21]. Another gap is the generalizability of models trained
on specific datasets. Medical data can vary significantly across different populations and healthcare settings,
and models that perform well on one dataset may not necessarily generalize to others [22]. To address these
gaps, the goal of this research is to develop and evaluate machine learning models for the diagnosis of anemia
using CBC data. We aim to compare the performance of various classifiers, including DecisionTreeClassifier,
ExtraTreeClassifier, RandomForestClassifier, ExtraTreesClassifier, XGBClassifier, LGBMClIassifier, and
CatBoostClassifier. By conducting a comprehensive comparison, we seek to identify the most effective model
for this task and understand the trade-offs between different approaches. Additionally, we aim to enhance
model interpretability by incorporating techniques that make model predictions more transparent to healthcare
professionals.

Our contribution to the field is multifaceted. First, we provide a thorough evaluation of multiple
machine learning models on a real-world dataset of CBC data labeled with anemia diagnoses. Second, we
propose a framework for integrating machine learning into the diagnostic workflow, highlighting practical
considerations for implementation in clinical settings. Third, we explore methods to improve the
interpretability of machine learning models, making them more accessible to healthcare professionals. Finally,
we perform a gap analysis to identify areas where further research is needed, paving the way for future
advancements in this domain. The remaining structure of this journal article is organized as follows. Section 2
discusses the methodology, including data preprocessing, model training, and evaluation procedures. Section
3 provides the results of our experiments, comparing the performance of different classifiers and analyzing
their strengths and weaknesses. In addition, we discuss the implications of our findings, including potential
clinical applications and limitations of our approach. Section 4 concludes the article, summarizing our
contributions and suggesting directions for future research.

2. RESEARCH METHOD

The research methods section as presented in the figure 1 outlines the systematic procedures followed
to conduct this study. This section covers data collection, data preprocessing, feature selection, model selection,
model training and evaluation, hyperparameter tuning, and performance metrics.
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Figure 1. Research Methodology of Anemia Diagnosis Using Machine Learning
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2.1. Data Collection

The dataset used in this study comprises complete blood count (CBC) data labeled with the diagnosis
of anemia type and can be colleced from [23]. This data was sourced from several medical facilities where
CBCs were performed and manually diagnosed by healthcare professionals. The dataset includes a
comprehensive set of attributes essential for diagnosing anemia. Hemoglobin (HGB) measures the amount of
hemoglobin in the blood, which is crucial for oxygen transport. Platelets (PLT) indicate the number of platelets
in the blood, which are involved in blood clotting processes. White blood cells (WBC) are counted to assess
the body's immune response. Red blood cells (RBC) are counted to determine their ability to transport oxygen.
The mean corpuscular volume (MCV) reflects the average volume of a single red blood cell, while the mean
corpuscular hemoglobin (MCH) indicates the average amount of hemoglobin per red blood cell. The mean
corpuscular hemoglobin concentration (MCHC) provides the average concentration of hemoglobin in red blood
cells. Platelet distribution width (PDW) measures the variability in platelet size distribution in the blood, and
procalcitonin (PCT) is a test used to diagnose sepsis or assess the risk of developing sepsis. The diagnosis
attribute specifies the type of anemia based on the CBC parameters. This dataset was loaded into a pandas
DataFrame for further analysis. This initial step of loading the data into a pandas DataFrame is critical for
enabling subsequent data manipulation and analysis. By structuring the data in this format, we facilitate various
preprocessing steps, exploratory data analysis, and the application of machine learning models. This
comprehensive dataset forms the foundation of our study, providing the necessary information to develop and
evaluate machine learning models for anemia diagnosis.

2.2. Data Preprocessing

Data preprocessing is a crucial step in preparing the dataset for machine learning models, ensuring
that the data is clean, well-formatted, and suitable for analysis. In this study, several preprocessing steps were
applied to the complete blood count (CBC) dataset to enhance the quality and utility of the data. First, the
dataset was thoroughly examined for any missing values. Missing data can introduce bias and affect the
performance of machine learning models. Therefore, any missing values were imputed using appropriate
statistical methods. Depending on the nature and distribution of the data, either mean or median imputation
was employed. Mean imputation replaces missing values with the average of the non-missing values, while
median imputation uses the median value. These methods help in maintaining the integrity of the dataset by
minimizing the distortion caused by missing entries. Next, the target variable, 'Diagnosis,’ which indicates the
type of anemia, was a categorical variable. Machine learning models typically require numerical input, so it
was necessary to encode this categorical variable into numeric values. This was accomplished using the
LabelEncoder from scikit-learn.

LabelEncoder converts categorical labels into integer values, thus transforming the 'Diagnosis' column
into a format that can be readily processed by machine learning algorithms. Another critical step in the
preprocessing pipeline was the standardization of feature variables. The CBC dataset includes various
measurements such as hemoglobin levels, platelet counts, and red blood cell counts, each with different units
and scales. Standardization was performed using the StandardScaler from scikit-learn, which transforms the
features to have a mean of zero and a standard deviation of one. This scaling process is essential because it
ensures that each feature contributes equally to the model training process, preventing features with larger
scales from dominating those with smaller scales. Standardized features also help in improving the convergence
speed and performance of machine learning models, particularly those that rely on distance metrics, such as
support vector machines and k-nearest neighbors.

2.3. Exploratory Data Analysis (EDA)

Exploratory Data Analysis (EDA) was conducted to gain a comprehensive understanding of the
distribution and relationships among the features in the dataset. This involved generating various visualizations
and analyses to uncover patterns, correlations, and potential anomalies within the data. Initially, descriptive
statistics were generated using the skimpy package, providing a summary of the dataset that includes measures
of central tendency, dispersion, and the overall distribution of each feature. This step offered a foundational
overview, allowing for a quick assessment of the data's structure and the presence of any outliers or unusual
values. To further investigate the distribution of individual features, histograms and Kernel Density Estimation
(KDE) plots were created. Histograms provided a straightforward visual representation of the frequency
distribution of each feature, while KDE plots offered a smoothed curve to better understand the data
distribution's underlying shape. These plots were instrumental in identifying skewness, kurtosis, and other
characteristics of the data. Quantile-Quantile (QQ) plots were also generated to assess the normality of the
feature distributions. By comparing the quantiles of the data against a theoretical normal distribution, QQ plots
helped identify deviations from normality, which is crucial for selecting appropriate statistical tests and
machine learning algorithms.
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Pair plots were utilized to visualize the relationships between different features. These plots provided
a matrix of scatterplots for each feature pair, along with the distribution of individual features along the
diagonal. Pair plots are particularly useful for identifying potential correlations and interactions between
features, which can inform feature selection and engineering processes. A correlation matrix was computed
using Spearman's rank correlation coefficient to quantify the strength and direction of relationships between
features. This non-parametric measure was chosen for its robustness in handling non-linear relationships. A
heatmap of the correlation matrix was generated to visually depict these correlations, making it easier to
identify highly correlated features that might lead to multicollinearity in the machine learning models. To
complement the correlation analysis, the Predictive Power Score (PPS) was calculated for each feature pair.
PPS is a metric that quantifies the predictive strength of one feature on another, providing a more nuanced
understanding of feature interactions. A heatmap of the PPS matrix was created, highlighting the features with
the highest predictive power.

2.4. Feature Selection

Feature selection is a critical step in the machine learning pipeline, aiming to identify the most relevant
features for the classification task while eliminating those that contribute little to predictive performance or
introduce redundancy. In this study, a combination of statistical and model-based methods was employed to
ensure a robust selection process. One of the initial methods used was the calculation of the Variance Inflation
Factor (VIF) for each feature. VIF measures the extent of multicollinearity in the features, which occurs when
two or more features are highly correlated and can distort the model's understanding of the data. Features with
high VIF values were scrutinized and considered for removal to reduce multicollinearity, thereby enhancing
the model's interpretability and stability.

In addition to VIF, the Predictive Power Score (PPS) was utilized to assess the importance of each
feature in predicting the target variable. PPS is a metric that evaluates the predictive strength of one feature
over another, providing a more nuanced and flexible measure of feature relevance than traditional correlation
coefficients. Features with high PPS scores were deemed significant for the prediction of anemia and were
prioritized in the selection process. Model-based methods were also integral to the feature selection process.
Specifically, the feature importance scores derived from tree-based models like RandomForestClassifier and
XGBClassifier were analyzed. These models inherently provide measures of feature importance by evaluating
the contribution of each feature to the reduction of impurity in the trees. By aggregating these importance
scores across all trees in the ensemble, a ranked list of features was generated, highlighting those that had the
greatest impact on the model's predictive performance.

2.5. Model Selection

The process of model selection is pivotal in machine learning research, particularly when dealing with
complex medical datasets such as those used for anemia diagnosis. In this study, several machine learning
models were carefully selected for comparison based on their robustness, ability to handle complex datasets,
and demonstrated success in similar medical diagnosis tasks. The DecisionTreeClassifier was included for its
simplicity and interpretability. Decision trees work by recursively partitioning the data space and are
straightforward to visualize and understand. This model's decision-making process can be easily traced, making
it a valuable tool in medical applications where model transparency is critical. The decision tree algorithm can
be  mathematically  described by the following recursive partitioning "{Split}(X) =

arg max _{j,t} H X {i = 1} {n} F(I(x_{ij} <t) - "{Impurity}(S_1) + I(x_{ij} > t) -
"{Impurity}(S_2)4) 4" where Split(X) is the optimal split for feature j at threshold ¢, I is the indicator
function, S; and S, are the subsets of the data created by the split, and Impurity is a measure such as Gini
impurity or entropy.

Furthermore, the ExtraTreeClassifier, an extension of the basic decision tree, was also selected. This
model builds an ensemble of extremely randomized trees, which helps in reducing overfitting and improving
generalization. The ExtraTreeClassifier introduces randomness in both the choice of the cut-points and the
features used for splitting, thus increasing the model's robustness against noisy data. RandomForestClassifier,
a widely-used ensemble method, was chosen for its ability to handle high-dimensional data and complex
interactions between features. Random forests build multiple decision trees during training and output the mean
prediction of the individual trees, significantly enhancing predictive accuracy and stability. This model is
particularly effective in medical datasets, where the relationships between features and outcomes can be
intricate and non-linear. Random forests build multiple decision trees during training and output the mean
prediction of the individual trees, significantly enhancing predictive accuracy and stability. Mathematically, a

random forest can be described as f(x) = %Zgzl T, (x) where T, (x) is the prediction of the b-th decision tree,
and B is the total number of trees.
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Similarly, the ExtraTreesClassifier, which builds an ensemble of trees like RandomForestClassifier
but with more randomness in the splitting criterion, was included. This approach helps in further reducing
variance and improving the model's ability to generalize to unseen data. The XGBClassifier, part of the
XGBoost framework, was selected for its efficiency and performance. XGBoost implements gradient boosting,
a powerful ensemble technique that builds models sequentially, with each new model attempting to correct the
errors of the previous ones. Its regularization parameters help in preventing overfitting, making it highly
suitable for medical datasets. Its regularization parameters help in preventing overfitting, making it highly
suitable for medical datasets. The gradient boosting process can be formulated as F,,(x) = F_(x) +
Ymhm (x), where E,,(x) is the prediction at iteration m, vy,,, is the step size, and h,,, (x) is the base learner (e.g.,
a decision tree).

LGBMClassifier, from the LightGBM framework, was chosen for its speed and scalability.
LightGBM is designed to handle large datasets efficiently and supports parallel and GPU learning. Its gradient-
based one-sided sampling and exclusive feature bundling techniques make it highly efficient without
compromising on accuracy. Finally, the CatBoostClassifier was included due to its ability to handle categorical
features natively without extensive preprocessing. CatBoost uses ordered boosting and permutation-driven
feature selection, which helps in reducing overfitting and improving model interpretability.

2.6. Model Training and Evaluation

In this study, the dataset was split into training and testing sets using K-Fold cross-validation with five
folds, ensuring a robust evaluation of the models. This approach allowed each data point to be included in both
the training and testing sets across different folds, providing a comprehensive assessment of the models'

performance. Mathematically, K-Fold cross-validation can be represented as CV,, = %Z{-‘:lAccuracyi, where
CVy is the cross-validation score, k is the number of folds, and Accuracyj is the accuracy of the model on the

i-th fold. The process began with cross-validation, where each model was trained and evaluated using 5-fold
cross-validation. This technique divides the dataset into five equal parts, or folds. In each iteration, one fold is
held out as the testing set while the remaining four folds are used for training. This process is repeated five
times, with each fold serving as the testing set once. Cross-validation helps mitigate overfitting and provides a
more reliable estimate of a model's performance on unseen data by ensuring that each data point is used for
both training and validation.

For models that required hyperparameter tuning, GridSearchCV was employed to identify the optimal
hyperparameters. GridSearchCV systematically searches through a specified parameter grid, evaluating each
combination through cross-validation. The parameter grids were carefully defined based on insights from
previous studies and empirical results to ensure a thorough exploration of potential model configurations. This
step was crucial in enhancing model performance by fine-tuning parameters such as the number of trees in
ensemble methods, the depth of the trees, and learning rates. The objective function for GridSearchCV can be

expressed as 6 = arg max %Z{-‘zl Score(Mg, D;), Where 8 represents the optimal hyperparameters, 0 is the
€

set of all possible hyperparameter values, Score is the evaluation metric (e.g., accuracy, balanced accuracy),
Mg is the model with hyperparameters 6, and D; is the i-th fold of the dataset.

Once the optimal hyperparameters were identified, each model was trained on the entire training set
using these parameters. This ensured that the models were built using the best possible configuration, tailored
specifically to the dataset at hand. The training phase involved fitting the models to the data, allowing them to
learn the underlying patterns and relationships necessary for making accurate predictions. The evaluation of
each model's performance was carried out using the balanced accuracy score. The balanced accuracy score was
chosen to address any class imbalance in the dataset by averaging the recall obtained on each class. This metric
provides a more balanced view of model performance, ensuring that the model is not biased towards the
majority class. The balanced accuracy score was chosen to address any class imbalance in the dataset by
averaging the recall obtained on each class. Mathematically, balanced accuracy can be defined as

Balanced Accuracy = ;(TPZPFN + T;ivpp), where TP is the number of true positives, FN is the number of false

negatives, TN is the number of true negatives, and FP is the number of false positives. This metric provides a
more balanced view of model performance, ensuring that the model is not biased towards the majority class.

2.7. Performance Metrics

The evaluation of the models in this study was carried out using several key performance metrics
designed to provide a comprehensive understanding of each model's effectiveness in diagnosing anemia. These
metrics were chosen to account for the nuances of medical datasets, where the costs of false negatives and
positives can be significant. The balanced accuracy score was the primary metric used for evaluation. Unlike
overall accuracy, which can be misleading in the presence of class imbalance, the balanced accuracy score
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considers both sensitivity (true positive rate) and specificity (true negative rate). By averaging these two
measures, it provides a more equitable assessment of model performance, ensuring that the model's ability to
correctly identify both positive and negative cases is accurately reflected. This is particularly important in
medical diagnostics, where both types of errors can have serious implications. Cross-validation scores were
reported to assess the stability and generalizability of each model. The mean and standard deviation of the
cross-validation scores were calculated across the folds used in the K-Fold cross-validation. The mean score
provides an estimate of the model's overall performance, while the standard deviation indicates the variability
of the performance across different subsets of the data. A low standard deviation suggests that the model
performs consistently across different samples, which is indicative of a robust model.

2.8. Hyperparameter Tuning

Hyperparameter tuning was a critical step in optimizing the performance of the selected models.
This process was conducted using GridSearchCV, which systematically searches through a predefined set of
hyperparameter values to identify the best configuration for each model. The predefined parameter grids were
based on both empirical results and insights from previous research, ensuring a thorough exploration of the
potential model configurations. For the RandomForestClassifier, the parameter grid included the number of
estimators (n_estimators) and the maximum depth of the trees (max_depth). The n_estimators parameter was
varied between 100 and 200, while max_depth was tested at values of None (indicating no limit), 10, and 20.
This allowed the model to be fine-tuned for both the complexity and the number of decision trees, balancing
the trade-off between bias and variance.

The XGBClassifier's parameter grid also included n_estimators and max_depth, with n_estimators
set to 100 and 200, and max_depth tested at values of 3, 6, and 10. These parameters control the number of
boosting rounds and the depth of each tree, respectively. By optimizing these parameters, the model's ability
to fit complex patterns in the data without overfitting was enhanced. For the LGBMClassifier, the parameter
grid was similar, with n_estimators set to 100 and 200, and max_depth tested at None, 10, and 20. LightGBM's
gradient-based one-sided sampling and exclusive feature bundling techniques were leveraged to ensure
efficient training even with these varying parameters. The CatBoostClassifier's hyperparameters included the
number of iterations and the depth of the trees. The iterations parameter was set to 100 and 200, while depth
was tested at values of 6 and 10. CatBoost's ability to handle categorical features natively without extensive
preprocessing was particularly beneficial, and optimizing these parameters helped in enhancing the model's
performance and interpretability.

3. RESULTS AND ANALYSIS

This section presents and discusses the results obtained from the training and evaluation of various
machine learning models on the anemia diagnosis dataset. The primary objective was to identify the most
effective model for accurately classifying the type of anemia based on complete blood count (CBC) data. The
performance of each model was assessed using balanced accuracy scores derived from 5-fold cross-validation.
The results indicate varying degrees of success across the different models as presented in table. The
DecisionTreeClassifier demonstrated remarkable performance with balanced accuracy scores averaging
around 94.17%. The scores for this model were consistent across the folds, indicating its reliability and
robustness in classifying anemia types. The ExtraTreeClassifier, on the other hand, showed significantly lower
performance, with an average balanced accuracy score of approximately 66.3%. This model exhibited
considerable variability across the folds, reflecting its sensitivity to the dataset's inherent variability and
potential overfitting issues.

The RandomForestClassifier, tuned with a maximum depth of 10 and 100 estimators, achieved a
modest average balanced accuracy score of 66.3%. While random forests are generally robust, the selected
hyperparameters may have limited the model's complexity, impacting its performance. The
ExtraTreesClassifier performed slightly better than its simpler counterpart, the ExtraTreeClassifier, with an
average balanced accuracy score of approximately 74.2%. This improvement can be attributed to the ensemble
approach, which reduces overfitting by averaging multiple decision trees. The XGBoost model, with a
maximum depth of 3 and 100 estimators, achieved an average balanced accuracy score of 74.2%. XGBoost's
performance was consistent, and its advanced boosting techniques likely contributed to its relatively high
accuracy. Similarly, the LightGBM model, with no maximum depth and 100 estimators, also achieved an
average balanced accuracy score of 74.2%. LightGBM's efficient handling of large datasets and complex
interactions between features likely contributed to its performance.

The CatBoost model, with a depth of 6 and 200 iterations, performed comparably to LightGBM and
XGBoost, with an average balanced accuracy score of 74.2%. CatBoost's unique handling of categorical data
and robust boosting algorithms ensured its competitive performance.Among all the models, the
DecisionTreeClassifier emerged as the best performer with the highest average balanced accuracy score of
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94.17%. The results of this study underscore the effectiveness of simple decision tree models in medical
diagnosis tasks, particularly when the dataset is well-preprocessed and balanced. The DecisionTreeClassifier's
high performance can be attributed to its ability to capture complex decision boundaries and interactions
between features without overfitting.Ensemble methods like RandomForestClassifier, ExtraTreesClassifier,
XGBoost, LightGBM, and CatBoost, while generally robust, did not outperform the simple
DecisionTreeClassifier in this specific context. This finding suggests that for this particular dataset, the
additional complexity introduced by ensemble methods may not provide a significant advantage. It also
highlights the importance of hyperparameter tuning and the potential impact of model complexity on
performance.

Table 1. The Performance of Machine Learning

Model Best Params CV Scores Mean CV Score

DecisionTree { [0.9896, 0.8869, 0.9819, 0.9616
0.9574, 0.9924]

ExtraTree {3 [0.5816, 0.7382, 0.7171, 0.6628
0.6629, 0.6135]

RandomForest {'max_depth": 10, [0.5816, 0.7382, 0.7171, 0.6628
‘n_estimators": 100} 0.6629, 0.6135]

ExtraTrees { [0.6075, 0.7635, 0.8662, 0.7423
0.7389, 0.7374]

XGBoost {'max_depth": 3, [0.6075, 0.7635, 0.8662, 0.7423
'n_estimators": 100} 0.7389, 0.7374]

LightGBM {'max_depth": None, [0.6075, 0.7635, 0.8662, 0.7423
'n_estimators": 100} 0.7389, 0.7374]

CatBoost {'depth": 6, 'iterations": 200} [0.6075, 0.7635, 0.8662, 0.7423

0.7389, 0.7374]

The variability in the performance of the ExtraTreeClassifier indicates that simpler models may
struggle with the dataset's complexity, leading to less reliable predictions. This reinforces the need for careful
model selection and tuning in medical diagnosis applications. The balanced accuracy scores across different
models also highlight the challenge of dealing with imbalanced datasets in medical research. While the
DecisionTreeClassifier managed to perform well, other models showed varying degrees of sensitivity to class
imbalance, impacting their overall accuracy. Hyperparameter tuning played a crucial role in optimizing the
performance of the models. GridSearchCV was employed to identify the best hyperparameters for each model.
For instance, the RandomForestClassifier performed best with a maximum depth of 10 and 100 estimators.
Similarly, the XGBoost and LightGBM models achieved optimal performance with 100 estimators and specific
maximum depth settings. The tuning process underscored the importance of selecting appropriate
hyperparameters to balance model complexity and generalization. The selected hyperparameters ensured that
the models were neither too simplistic nor overly complex, allowing them to generalize well to unseen data.

4. CONCLUSION

This study aimed to develop and evaluate machine learning models for diagnosing anemia using
complete blood count (CBC) data. The results demonstrate the significant potential of machine learning
techniques in enhancing the accuracy and efficiency of medical diagnostics, particularly in hematology. The
analysis revealed that the DecisionTreeClassifier was the most effective model, achieving the highest balanced
accuracy score of 94.17%. This model demonstrated strong performance in classifying anemia types, with
minimal false positives and false negatives, indicating its robustness and reliability. The simplicity and
interpretability of decision trees make them particularly suitable for clinical applications, where understanding
the decision-making process is crucial.

Ensemble methods such as RandomForestClassifier, ExtraTreesClassifier, XGBoost, LightGBM, and
CatBoost were also evaluated. While these models are generally powerful and robust, they did not outperform
the simpler DecisionTreeClassifier in this specific context. This finding suggests that for this dataset, the
additional complexity introduced by ensemble methods may not provide significant advantages. It also
underscores the importance of model selection and the impact of hyperparameter tuning on performance. The
study also highlighted the importance of addressing class imbalance and optimizing hyperparameters to
enhance model performance. Techniques such as GridSearchCV were employed to identify the best
hyperparameters, ensuring that the models were neither too simplistic nor overly complex.

A key novelty of this research lies in the comparative analysis of various machine learning models,
demonstrating that simpler models like DecisionTreeClassifier can outperform more complex ensemble
methods for specific datasets. This insight is valuable for clinical applications where model interpretability is
crucial. Overall, this research demonstrates the efficacy of machine learning models in diagnosing anemia
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based on CBC data. The findings emphasize the potential of these techniques to complement traditional
diagnostic methods, providing rapid, automated, and accurate analysis. Future research should explore the
integration of more advanced feature engineering, deep learning approaches, and larger, more diverse datasets
to further improve model performance and generalizability. Additionally, investigating the application of these
models in real-world clinical settings and their impact on diagnostic workflows would provide further
validation of their utility.
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