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ABSTRACT

Medical laboratory data offer critical insights into patient health, enabling early detection of diseases and monitoring of treatment efficacy. This study
investigates the application of machine learning (ML) algorithms specifically Random Forest (RF), Support Vector Machine (SVM), and Multi-Layer
Perceptron (MLP) neural networks in analyzing a dataset comprising routine biological parameters. The dataset includes complete blood count (CBC),
platelets, erythrocyte sedimentation rate (ESR), C-reactive protein (CRP), electrolytes, and renal function indicators. The primary objective is to classify
patients based on anomaly risk and predict potential biomarkers indicative of underlying health conditions. The findings demonstrate that ML models can

effectively process complex medical data, offering valuable tools for enhancing diagnostic accuracy and patient care.
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Introduction

Medical laboratory tests are fundamental in diagnosing diseases, monitoring treatment responses, and assessing overall health
status [1, 2]. Traditionally, the interpretation of these tests relies heavily on clinical expertise and manual analysis. However, the
increasing volume and complexity of laboratory data necessitate the adoption of advanced analytical techniques. Machine learning
(ML) has emerged as a powerful tool in this domain, capable of identifying intricate patterns within large datasets. By leveraging ML
algorithms, healthcare providers can enhance diagnostic accuracy, predict disease progression, and personalize treatment plans. This
study explores the potential of ML in analyzing medical laboratory data, focusing on classification tasks and biomarker prediction.
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Figure 1: Different Types of Machine Learning Algorithms
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The ML algorithms are generally classified into three categories
such as supervised, unsupervised, and semisupervised [3].
However, ML algorithms can be divided into several subgroups
based on different learning approaches, as shown in Figure 1. Some
of the popular ML algorithms include linear regression, logistic
regression, support vector machines (SVM), random forest (RF),
and naive Bayes (NB) [4-8].

This paper is structured as follows: Section 2 reviews the related
work, while. Section 3 deals with the proposed methods. Section
4 presents the results and discussion, and Section 5 concludes
the paper.

Related Work

Recent advancements in ML have significantly impacted various
aspects of healthcare, including medical diagnostics and biomarker
discovery. Studies have demonstrated the efficacy of ML algorithms
in predicting disease outcomes and identifying potential biomarkers
from laboratory data. For instance, research has shown that SVMs
can classify disease states based on laboratory parameters with
high accuracy. Similarly, Random Forest algorithms have been

utilized to identify key biomarkers associated with specific health
conditions. These studies underscore the transformative potential
of ML in modernizing laboratory medicine and improving patient
outcomes [9-13].

Methodology

This study explores the potential of ML such as support vector
machines (SVM), random forest (RF) and Multi-Layer Perceptron
in analyzing medical laboratory data, focusing on classification
tasks and biomarker prediction.

Dataset Description

The dataset utilized in this study was sourced from a Moroccan
medical laboratory, encompassing a comprehensive range of
biological parameters: Complete Blood Count (CBC), Platelets,
Erythrocyte Sedimentation Rate (ESR), C-Reactive Protein (CRP),
Sodium (Na*), Potassium (K*), Chloride (CI"), Calcium (Ca?"),
Phosphorus, Bicarbonates, Urea, Creatinine, Uric Acid, Total
and Conjugated Bilirubin, Alkaline Phosphatase, Transaminases
(ASAT, ALAT) and Gamma-Glutamyl Transferase (GGT). These
variables are described in Table 1 [14-16].

Table 1 : Normal and Non-Normal Ranges for Key Laboratory and Biochemical Parameters

WBC: 4,000-10,000 /uL.
RBC: & 4.5-6.0 M/uL; ¢
4.0-5.5 M/uL

Parameter Normal Range (Adults) Abnormal Values Clinical Interpretation
Complete Blood Count (CBC) Hemoglobin: & 13-17 g/dL; Q Below or above normal limits | | Anemia, infection; 1 Polycythemia,
12-16 g/dL leukemia

Platelets 150,000 — 400,000 /pL

<150,000 or >400,000 /uL. | Thrombocytopenia; 1

Thrombocytosis

Erythrocyte Sedimentation Rate 4 <15 mm/hr; @ <20 mm/hr

Elevated values 1 Inflammation, infection,

(ESR) autoimmune disorders
C-Reactive Protein (CRP) <6 mg/L >6 mg/L 1 Acute inflammation or infection
Sodium (Na*) 135 — 145 mmol/L <135 or >145 mmol/L | Hyponatremia; 1 Hypernatremia

Potassium (K*) 3.5—5.0 mmol/L

<3.5 or >5.0 mmol/L | Hypokalemia; 1 Hyperkalemia

(cardiac risk)

Chloride (CI) 98 — 106 mmol/L

<98 or >106 mmol/L | Hypochloremia; T Hyperchloremia

ALAT/ALT)

Calcium (Ca?") 2.15-2.55 mmol/L (8.6-10.2 <2.15 or >2.55 mmol/L | Hypocalcemia; 1 Hypercalcemia
mg/dL)
Phosphorus (Phosphate) Phosphorus (Phosphate) <0.8 or >1.5 mmol/L | Hypophosphatemia; 1
Hyperphosphatemia
Bicarbonates (HCO:") 22 —29 mmol/L <22 or >29 mmol/L | Metabolic acidosis; 1 Metabolic
alkalosis
Urea 2.5 7.5 mmol/L (15-45 mg/dL) <2.5 or >7.5 mmol/L 1 Renal failure; | Liver dysfunction
Creatinine & 62-115 umol/L (0.7-1.3 mg/ Above upper limits 1 Renal dysfunction or muscle
dL); Q 53-97 umol/L (0.6-1.1 breakdown
mg/dL)
Uric Acid 3 240420 pmol/L (3.4-7.0 mg/ <140 or >420 pmol/L 1 Gout, renal failure; | Malnutrition
dL); @ 140-360 pmol/L (2.4-6.0
mg/dL)
Total Bilirubin 5—21 pmol/L (0.3—-1.2 mg/dL) >21 pmol/L 1 Liver disease, hemolysis
Conjugated Bilirubin 0 —7 pmol/L (0-0.4 mg/dL) >7 umol/L 1 Cholestasis or hepatic obstruction
Alkaline Phosphatase (ALP) 40 - 130 U/L <40 or >130 U/L 1 Liver or bone disorders
Transaminases (ASAT/AST, AST <40 U/L; ALT <41 U/L >40-41 U/L 1 Hepatic injury or muscle damage

Gamma-Glutamy] Transferase
(GGT)

4 10-71 U/L; @ 6-42 U/L

>71 or >42 U/L 1 Alcohol use, hepatic or biliary

disease
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The first seven rows of the dataset used in this paper are given in Table 2. The “Anomaly” column indicates whether the patient’s

results fall within normal (0) or abnormal (1) ranges.

Table 2. The first Seven Rows of the Dataset

Patient_ID NFS Platelets ESR CRP Na K Cl Creatinine Urea Anomaly
1 4.5 220 12 52 140 4.0 102 0.9 25 0
2 4.8 210 15 3.8 138 42 101 1.1 28 0
3 5.0 230 10 6.1 142 39 103 0.8 22 0
4 4.2 190 18 8.5 139 4.1 100 1.3 35 1
5 4.7 215 14 7.2 141 4.0 104 1.0 27 1
6 4.6 225 11 4.5 140 3.8 102 0.9 24 0
7 4.9 205 13 6.8 143 4.1 105 1.2 30 1

Data Preprocessing

Before applying machine learning algorithms, the dataset must
undergo preprocessing to ensure quality and enhance model
performance. The key preprocessing steps include handling
missing data, normalization, standardization, and data splitting.

Handling Missing Data

Missing values can introduce bias or reduce model accuracy.
Common techniques include mean imputation, median imputation,
or k-nearest neighbors (KNN) imputation. For example, if xi is a
missing value in feature X, the mean imputation replaces it with:

] n
“'f =;Z“’_‘I‘

=

(M

where n is the number of non-missing values in X.

Normalization
Features in different ranges can negatively affect certain ML
algorithms. Min-Max normalization scales a feature x to [0,1]:

2)

where x . and x__ are the minimum and maximum values of

the feature.

Standardization
Standardization centers features around zero with unit variance :

_X—u
_ 3)

where 1 is the mean and o is the standard deviation of the feature.
Standardization is particularly important for algorithms sensitive
to feature scaling, such as SVM and MLP.

Data Splitting
The dataset is divided into training and testing subsets, commonly
with a 70/30 ratio. If D is the full dataset:

D:DtrainUDtest: Dtraian :®

test

This ensures that models are trained on one subset and evaluated
on another to prevent overfitting.

Machine Learning Algorithms

This study uses three supervised ML algorithms: Random Forest
(RF), Support Vector Machine (SVM), and Multi-Layer Perceptron
(MLP). Each algorithm is described mathematically below.

Random Forest (RF)
Random Forest is an ensemble learning method that constructs T
decision trees and aggregates their predictions. For classification:

4)
where ht(x) is the prediction of the ttt-th tree. Each tree is trained

on a bootstrap sample, and a random subset of features is used at
each split. The Gini impurity is used to determine the best split:

K
G=1-2 p;
1

y"=mode{ht(x),t=1,2,...,T}

©)

where pk is the proportion of class k in a node, and K is the
number of classes.

Support Vector Machine (SVM)
SVM finds the hyperplane that maximally separates two classes.
For linearly separable data, the optimization problem is:

nﬂl;%”uﬂz subject to: yiw'xitb)>L,i=1,....n  (6)
LA

where w is the weight vector, b is the bias, xi are feature vectors,
and yi€{—1,1} are class labels.

For non-linear data, a kernel function K(xi,xj) is used to map inputs
to a higher-dimensional space

Multi-Layer Perceptron (MLP)
MLP is a feedforward neural network with one or more hidden
layers. The output of a neuron j in layer [ is:

ﬂfr_?} - f‘(z ,‘,‘}SF)‘__,{:_:F—I} + b}?)) ™

where wl./.“) are weights, b/(]) is the bias, @V are activations from
the previous layer, and f is a non-linear activation function (e.g.,
ReLU, sigmoid).
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The network is trained using backpropagation to minimize a loss function, commonly cross-entropy loss for classification:

n K A
1=-2.2 vixlog(s) ®)

i=1 k=1

where y, is the true label and % is the predicted probability for class k.

Results and Discussion

A correlation heatmap was generated to assess relationships between biomarkers (Table 3). Fig.2 illustrates the Heatmap. Note that
CRP and creatinine show a moderate positive correlation (~0.30), indicating their mutual influence on patient health. Importance of
variables for Random Forest, SVM, and MLP are shown in Table 4.

Table 3: Correlation Matrix

NFS Platelets ESR CRP Na K Cl Creatinine | Urea
NFS 1.00 0.12 0.10 -0.05 0.05 0.01 0.02 0.15 0.12
Platelets 0.12 1.00 0.08 0.03 -0.02 0.01 0.00 0.10 0.05
ESR 0.10 0.08 1.00 0.25 0.01 0.02 0.03 0.05 0.08
CRP -0.05 0.03 0.25 1.00 0.00 0.05 0.01 0.30 0.20
Na 0.05 -0.02 0.01 0.00 1.00 0.05 0.10 0.02 0.01
K 0.01 0.01 0.02 0.05 0.05 1.00 0.00 0.03 0.01
Cl 0.02 0.00 0.03 0.01 0.10 0.00 1.00 0.05 0.02
Creatinine | 0.15 0.10 0.05 0.30 0.02 0.03 0.05 1.00 0.50
Urea 0.12 0.05 0.08 0.20 0.01 0.01 0.02 0.50 1.00
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Figure 2: Heatmap
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Table 4: Variable importance

Table 6 : Confusion Matrix for Random Forest

CRP, creatinine, and urea are the most influential variables for
detecting anomalies. Fig.3 illustrates the importance of variables.
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Figure 3: Varaibles Importance

To evaluate the performance of the algorithms, several metrics
were used. Table 5 shows the evaluation metrics used in the study.

Table 5: Metrics used

Metric Description

Accuracy : The proportion of correctly predicted outcomes
(e.g., predicted market demand vs. actual demand).

Precision : The ratio of true positive predictions to the
total number of positive predictions made by the
algorithm

Recall : The proportion of true positive predictions to the
total actual positive cases.

F1-Score : The harmonic mean of precision and recall,
providing a balance between the two.

These metrics are expressed by the following formulas

TP+TN
Accuracy = TP+TN+FP+FN ©)
iy _1P
Precision = TP+ FP (10)
TP
Recall = TP+ FN (1
N Precision.Recall
Fl-Score = Precision +recall (12)

Where TP = True Positives, TN = True Negatives, FP = False
Positives and FN = False Negatives Tables 6,7 and Table 8 show
respectively the confusion matrix of RF, SVM and MLP.

Variable RF SVM MLP Predicted Normal Predicted Anomaly
CRP 0.25 0.28 0.26 © O

Creatinine 0.22 0.20 0.23 sl Nesel(@) || I lie= 1

Uien 0.18 0.15 0.17 EAI;tual Anomaly FN=10 TP =48

NFS 0.10 0.12 0.11

ESR 0.08 0.08 0.08 Table 7. Confusion Matrix for SVM

Platelets 0.07 0.07 0.07 Predicted Normal | Predicted Anomaly
Na 0.04 0.05 0.04 © O

K 003 0.03 003 Actual Normal (0) | TN =78 FP=14

cl 0.03 0.02 001 Actual Anomaly (1) | FN =12 TP =46

Table 8. Confusion Matrix for MLP

Predicted Normal Predicted Anomaly
0 ()

Actual Normal (0) TN =82 FP=10

Actual Anomaly (1) | FN =280 TP =50

MLP has the highest TP and TN, and the lowest FP and FN,
explaining its superior accuracy and F1-score. Random Forest
performs well but slightly worse in identifying anomalies
compared to MLP. SVM shows the lowest TP and highest FN,
indicating some missed anomalies, which aligns with its lower
recall (0.79) and F1-score (0.78).

Confusion matrices provide a clear picture of each model’s
performance beyond global metrics, highlighting strengths and
weaknesses in correctly classifying normal vs. anomalous patients
(Table 9).

Table 9. Classification Metrics

Model Accuracy | Precision | Recall F1-Score
Random 0.85 0.80 0.83 0.81
Forest

SVM 0.83 0.76 0.79 0,78
MLP 0.88 0.83 0.86 0.85

The Area Under the Curve (AUC) from ROC analysis for each
algorithm is given in Table 10 and illustrated in Fig.4.

Table 10. Area Under Curve

Model AUC
Random Forest 0.89
SVM 0.86
MLP 0.91

B Simulated ROC Curves — Random Forest, SVM, MLP
S ——

0.8
0.6

0.4

True Positive Rate (TPR)

e Random Forest (AUC = 0.89)
WM (AUC = 0.85)

— MLP {AUC = 0.91)
Chance (AUC = 0.50)

0'?).0 0.2 0.4 0.6 o8 Lo
False Positive Rate (FPR)

Figure 4: Area Under Curve

J Biotechnol Bioinforma Res, 2025

Volume 7(6): 5-6



Citation: Weam Fakir, Youssef Fakir, Rachid EL Ayachi (2025) Analysis of Medical Laboratory Data and Biomarker Prediction Using Machine Learning. Journal of
Biotechnology & Bioinformatics Research. SRC/JBBR-252. DOI: doi.org/10.47363/JBBR/2025(7)211

MLP slightly outperformed RF and SVM in all evaluation
metrics. CRP, creatinine, and urea consistently appeared as the
most predictive features across algorithms. High precision and
recall indicate strong performance in detecting patient anomalies,
reducing both false positives and false negatives.

The study demonstrates that ML algorithms can classify patients
and predict anomalies accurately. Incorporating ML in laboratory
settings can facilitate early detection, personalized care, and
efficient clinical decision-making. Key biomarkers such as CRP,
creatinine, and urea consistently influence risk classification,
aligning with clinical understanding of inflammation and renal
function.

Conclusion

Machine learning applied to medical laboratory data enables
precise biomarker prediction and patient classification. These
models support healthcare professionals in decision-making,
enhance early detection, and improve clinical outcomes. Future
work should expand datasets, incorporate additional biomarkers,
and refine ML algorithms to further improve predictive capabilities.
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