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Abstract 

Background: Early detection of HIV infection is essential for clinical 

diagnosis, preventing transmission, and ensuring the safety of blood products. 

Individuals diagnosed late with HIV may unknowingly transmit the virus, and once 

diagnosed, they may experience worse health outcomes. Therefore, this study aims 

to identify the characteristics associated with late diagnosis of HIV patients. 

Methods: In this retrospective cohort study, the information of 236 patients 

with HIV infection in Hamadan, the West of Iran, was collected by recording the 

CD4 count during 2011 to 2022 years. Late HIV diagnosis was considered with a 

CD4≤350/mm3. Initially, Extreme Gradient Boosting (XGBoost) and Random 

Forest (RF) algorithms identified important variables. Subsequently, models such as 

Logistic Model Tree (LMT), Classification and Regression Tree (CART), Deep 

Neural Network (DNN), and Support Vector Machine (SVM) were developed using 

a 70/30 training/test dataset split for clinical and demographic variables. Finally, the 

optimal model was selected based on accuracy and F1-score using Python software 

version 3.10. 

Results: The age, logarithm of Viral Load (LVL), Wight Blood Cell (WBC), 

Red Blood Cell (RBC), Lymphocyte (Lym), Hematocrit (Hct), Platelet (PLT), 

Hemoglobin (Hb), and clinical stage variables had relative importance above 6%. 

Among the developed models for the importance variables, the CART with F1-score 

and Accuracy values of 0.887 and 0.801 and 0.897 and 0.822 for training data, 

respectively. The AUC value obtained for the CART was equal to 0.918. 

Conclusions: Late diagnosis of HIV infection is a substantial problem, 

particularly in developing an algorithm that can accurately and interpretably detect 

disease characteristics, such as the CART, which could be essential for identifying 

characteristics that influence late HIV diagnosis and clinical and therapeutic 

decisions. 

Keywords: Machine Learning, Deep Learning, Decision Tree, HIV/AIDS, 

Classification 
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Резюме  

Введение: Раннее выявление ВИЧ-инфекции имеет важное значение для 

клинической диагностики, предотвращения трансмиссии и обеспечения 

безопасности продуктов крови. Лица с поздним диагностированием ВИЧ 

могут неосознанно передавать вирус, и после постановки диагноза у них 

могут возникнуть более неблагоприятные последствия для здоровья. 

Поэтому настоящее исследование направлено на выявление характеристик, 

связанных с поздней диагностикой ВИЧ-пациентов. 

Методы: В настоящем ретроспективном когортном исследовании была 

собрана информация о 236 пациентах с ВИЧ-инфекцией в Хамадане (запад 

Ирана) путем оценки количества CD4 Т клеток периферической крови в 

период с 2011 по 2022 годы. Поздняя диагностика ВИЧ считалась при уровне 

CD4 Т клеток≤350/мм3. Первоначально алгоритмы Extreme Gradient Boosting 

(XGBoost) и Random Forest (RF) выявили основные переменные. 

Впоследствии были разработаны такие модели, как Logistic Model Tree 

(LMT), Classification and Regression Tree (CART), Deep Neural Network (DNN) 

и Support Vector Machine (SVM) с использованием 70/30 разделения набора 

данных для обучения/тестирования для клинических и демографических 

переменных. Наконец, оптимальная модель была выбрана на основе точности 

и F1-оценки с использованием программного обеспечения Python (версия 

3.10). 

Результаты: Показано, что возраст, логарифм вирусной нагрузки (LVL), 

содержание лейкоцитов (WBC), эритроцитов (RBC), лимфоцитов (Lym), 

гематокрит (Hct), уровень тромбоцитов (PLT), гемоглобина (Hb) и параметры 

клинической стадии имели относительную важность выше уровня в 6%. 

Среди разработанных моделей для переменных важности CART со 

значениями F1-оценки и точности 0,887 и 0,801 и 0,897 и 0,822 для 
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обучающих данных соответственно. Значение AUC, полученное для CART, 

было равно 0,918. 

Выводы: Поздняя диагностика ВИЧ-инфекции является существенной 

проблемой, особенно при разработке алгоритма, который может точно и 

интерпретируемо определять характеристики заболевания, такие как CART, 

что может быть важно для выявления характеристик, влияющих на позднюю 

диагностику ВИЧ и клинические и терапевтические решения.  

 

Ключевые слова: Машинное обучение, Глубокое обучение, Дерево 

решений, ВИЧ/СПИД, Классификация. 
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1 Introduction 1 

The human immunodeficiency virus (HIV) is a type of slowly spreading virus 2 

(retroviral virus with a low replication rate) and the cause of AIDS [31]. People 3 

infected with HIV experience psychological consequences. The virus leaves 4 

negative physical, psychological, and social impacts and threatens the personal and 5 

social lives of those affected [8]. Late referral and diagnosis of HIV remains a major 6 

unresolved problem with serious consequences at individual, social, and economic 7 

levels. Early detection of HIV enables people to protect themselves from 8 

opportunistic infections in time and receive prompt treatment to prevent secondary 9 

complications [26]. 10 

The late diagnosis of HIV in humans is an important factor in the occurrence 11 

of new infections and the resulting mortality. Factors such as sexual contact, contact 12 

with blood or infected tissue, transmission from mother to child during pregnancy, 13 

childbirth or breastfeeding, and co-injection of drugs are the main causes of virus 14 

transmission among people. Despite the efforts made worldwide to control and 15 

prevent HIV, 48% of newly infected HIV patients are still diagnosed too late, and as 16 

many as 27% are at an advanced stage of the disease [6, 14]. Late diagnosis requires 17 

rapid clinical assessments, increases mortality, leads to poor therapeutic response 18 

and even higher toxicity of antiretroviral therapies [5]. 19 

A CD4 cell count below 200 cells per microliter significantly increases 20 

susceptibility to opportunistic infections, which raises the risk of contracting 21 

additional viruses and can ultimately lead to death if the disease remains untreated 22 

and its stage is not properly identified [9]. In recent years, HIV-infected individuals 23 

have had many tests and their CD4 count has been relatively low. As for the problem 24 

of late HIV diagnosis (CD4 count less than 350 cells per microliter), these people 25 

are mislabeled as HIV-infected, leading to late diagnosis [7]. Based on public health 26 

significance, late HIV diagnosis remains a significant barrier to effective HIV 27 

management and control. Individuals who are diagnosed at a late stage often face 28 

poorer clinical outcomes, experience delays in starting antiretroviral therapy (ART), 29 
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and are at a higher risk of HIV-related health issues and mortality. Additionally, late 30 

diagnosis contributes to ongoing transmission within communities, as those who are 31 

undiagnosed may unknowingly spread the virus. Treating advanced HIV also 32 

demands more resources and is more costly due to increased hospitalizations and 33 

complex care needs. The high rates of late diagnosis indicate weaknesses in 34 

screening, education, and access to healthcare. This situation highlights populations 35 

that may be underserved or face stigma and discrimination [33, 3]. 36 

Several studies on late diagnosis of HIV infection have cited demographic, 37 

behavioral and clinical factors. In these studies, using statistical tests or GLM and 38 

GAM models, factors such as being female, older, living in rural areas, alcohol 39 

dependent, smoker, understanding the stigma associated with HIV, contact with 40 

commercial sex workers, and risky sexual behavior were introduced as factors for 41 

late diagnosis [10, 22]. Classical statistical models, like the generalized linear model 42 

(GLM), particularly linear regression, assume a linear relationship between the 43 

predictors and the outcome, handling multicollinearity, and outlier sensitivity. 44 

However, this assumption may not be valid in real datasets, where relationships are 45 

often nonlinear or more complex [27]. 46 

More recently, machine learning (ML) algorithms have been used in the 47 

diagnosis of disease, helping to improve advanced treatments for healthcare 48 

professionals [20, 21]. Key applications of these algorithms include predicting HIV 49 

status, identifying risk factors or characteristics affecting the disease, improving 50 

HIV testing algorithms and personalized treatment recommendations [29, 32]. In 51 

general, machine learning has the potential to improve the accuracy and efficiency 52 

of diagnosis and treatment, which can lead to better outcomes for people living with 53 

HIV [4]. Several studies have used ML algorithms in the diagnosis and identification 54 

of risk factors affecting outcome with high accuracy, e.g. decision trees, DNN, SVM 55 

and boosting [16, 19]. The ML models offer significant advantages over traditional 56 

statistical models, especially when working with nonlinear, complex, and high-57 

dimensional data. Then, the advantages of ML models, include Handling Nonlinear 58 
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Relationships, Automatically Capture Interactions, High Predictive Accuracy, 59 

Robustness to Outliers and Noise, Feature Importance and Selection, Model Tuning, 60 

and Regularization Options [15]. 61 

Therefore, application of ML in late HIV diagnosis employs advanced 62 

algorithms to analyze large patient datasets, identifying patterns, characteristics and 63 

risk factors. Given the variability in characteristics influencing late HIV diagnosis 64 

such as clinical significance, public health implications of early diagnosis, timely 65 

treatment initiation, and CD4 cell counts across different regions, further 66 

investigation is needed. This study aims to identify the indicators or characteristics 67 

associated with late HIV diagnosis in Hamadan.  68 

2. Materials and methods  69 

2.1. Data collection 70 

In this retrospective study, demographic, clinical and laboratory biomarkers 71 

of 236 patients with HIV infection were collected as risk factors or characteristics 72 

for late diagnosis in patients referred to medical centers and counseling centers in 73 

Hamadan province, West of Iran, between 2011 and 2022 at the third visit of the 74 

patients. All patient data were completely anonymized before analysis to ensure 75 

participants' confidentiality and privacy. No identifiable personal information was 76 

employed at any stage of the study. Also, informed written consent was obtained 77 

from all participants involved in the study. The retrospective nature of the study, 78 

combined with the use of de-identified data, led the ethics committee to waive the 79 

requirement for informed consent. Demographic characteristics such as age, gender, 80 

marital status, education, history of drug addiction (H_addiction), history of 81 

injecting drug use (H_injection), prison history, employment status and condom use, 82 

as well as clinical and laboratory biomarkers such as disease stage, Hepatitis, 83 

hemoglobin (Hb), hematocrit (Hct), lymphocytes (Lym), platelets (PLT), red blood 84 

cells (RBC), white blood cells (WBC), receipt of ARV treatment, logarithm of viral 85 

load (LVL), and CD4 cell count were collected from patient records in collaboration 86 

with the treatment deputy of Hamadan College of Medical Sciences. The outcome 87 
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variable in this study was the number of CD4 cells below 350 and above 350 as a 88 

dichotomous condition. 89 

2.2. Data preparation 90 

The RF and XGboost models were used to identify important variables. First, 91 

a RF algorithm was used that generated 1000 decision trees and considered entropy 92 

and Gini criteria in determining important variables. Also, to ensure the selection of 93 

important variables, the XGBoost model was used with a learning rate of 0.001 and 94 

a maximum depth of 40. Significant variables affecting the number of CD4 cells 95 

below 350 and above 350 were selected with a relative importance of more than 6%. 96 

The dataset considered was divided into two subsets of training/test data in a 70:30 97 

ratio. Machine learning models such as XGBoosting, CART, LMT, DNN and SVM 98 

were developed for the training dataset. Finally, the classification accuracy of these 99 

models was evaluated based on the test dataset. A 5-fold cross-validation was used 100 

for the efficiency of the models. 101 

2.3. Decision Trees (DT) 102 

The DT structure consists of a root node, internal nodes, and output nodes 103 

(leaves). Each internal node tests a variable, branches indicate test results, and leaf 104 

nodes represent characteristics. Internal nodes divide the number of samples into 105 

sub-samples using probability metrics like entropy and Gini. The paths from root to 106 

leaf define classification rules. Various algorithms, such as CART, LMT, and RF, 107 

can be used to build decision trees for classification and regression tasks [19]. 108 

2.4. Classification and Regression tree (CART) 109 

CART trees, developed in 1984 by Breiman et al., stand for classification and 110 

regression trees. They generate binary trees, with two output edges for each internal 111 

node. Partitions are chosen based on the splitting criterion, and the tree is pruned 112 

using cost-complexity methods (weakest link pruning or error complexity pruning). 113 

CART accounts for misclassification costs during tree construction and visualizes 114 

prior probability distributions. A key feature of CART is its ability to create 115 

regression trees, where the leaves predict continuous numerical values rather than 116 
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classes. In regression, CART seeks subdivisions that minimize the squared error of 117 

predictions, with each leaf's prediction derived from the weighted average of the 118 

nodes [11]. In CART, entropy and Gini index are used to divide the nodes into 119 

several other nodes. Then These indices for a given feature, such as X for class C, 120 

𝑖𝑖 = 1, . . . ,𝐶𝐶, are as follows: 121 

Entropy(𝑋𝑋) = −�𝑝̂𝑝𝑖𝑖𝑙𝑙𝑙𝑙𝑙𝑙2(𝑝̂𝑝𝑖𝑖)
𝐶𝐶

𝑖𝑖=1

, 122 

Gini(𝑋𝑋) = 1 −�𝑝̂𝑝𝑖𝑖2
𝐶𝐶

𝑖𝑖=1

, 123 

Where, 𝑝̂𝑝𝑖𝑖 is the probability of a data set of class i. 124 

2.5. Logistic Model Tree (LMT) 125 

LMT is a classification algorithm that integrates a decision tree with logistic 126 

regression. It segments the data into subsets using a decision tree and applies a 127 

logistic regression model to each subset.In LMT, a logistic regression model is fitted 128 

for each tree node using the LogitBoost algorithm. In other words, the posterior class 129 

probabilities for several classes Ci; 𝑖𝑖 = 1, … , 𝐼𝐼 are modelled and the maximum value 130 

of this probability is estimated. For any variable such as Y of class I, the LMT model 131 

with parameter 𝛽𝛽𝑖𝑖𝑇𝑇 for class i is as follows: 132 

𝑃𝑃(𝐶𝐶 = 𝐼𝐼|𝑌𝑌 = 𝑦𝑦) =
exp(𝛽𝛽𝐼𝐼𝑇𝑇𝑦𝑦)

∑ exp(𝛽𝛽𝑖𝑖𝑇𝑇𝑦𝑦)𝐼𝐼−1
𝑖𝑖=1

 . 133 

The LMT tree is pruned using the CART algorithm and uses cross-validation 134 

to find the number of LogitBoost iterations to avoid overfitting the tree [12]. 135 

2.6. Deep Neural Networks (DNN) 136 

The DNN is an artificial neural network consisting of an input layer, several 137 

hidden layers, and an output layer, designed to classify and predict complex data 138 

patterns. Its neurons employ activation functions like ReLU, sigmoid, or tanh to 139 

introduce nonlinearity, enabling the model to learn complex relationships. DNNs are 140 

trained on large datasets using optimization algorithms like stochastic gradient 141 
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descent (SGD) to minimize a loss function that measures the disparity between 142 

predicted and actual outputs. The Backpropagation algorithm adjusts the network's 143 

weights and biases by calculating gradients from the output error and propagating 144 

them back through the network [24]. 145 

2.7. Support Vector Machine (SVM) 146 

SVMs are supervised learning models for classification and regression that 147 

identify the hyperplane best separating classes in feature space. In n-dimensional 148 

space, this hyperplane is an (n-1)-dimensional subspace that maximize the margin, 149 

the distance to the nearest data points of each class, enhancing the model's 150 

generalization to unseen data. Support vectors, the closest data points to the 151 

hyperplane, are crucial for determining its position and orientation. SVMs can apply 152 

kernel functions to map input space into higher dimensions for non-linear 153 

separations, with common kernels being linear, polynomial, and radial basis 154 

functions (RBF). A tuning parameter(C) manages the trade-off between maximizing 155 

the margin and minimizing classification error, with variations in C affecting the 156 

model's fit to the training data [28]. 157 

2.8. Extreme Gradient Boosting (XGBoost) 158 

XGBoost is a powerful and efficient algorithm from the gradient boosting 159 

framework that is widely used in machine learning for classification and regression 160 

tasks. This algorithm builds models sequentially, with each new model correcting 161 

the previous errors. It combines predictions from multiple weak learners (usually 162 

DT) to create a robust predictive model. XGBoost incorporates L1 (lasso) and L2 163 

(ridge) regularization techniques to avoid overfitting, making it more robust 164 

compared to traditional gradient boosting methods. To simplify the pre-processing 165 

of the data, this algorithm can automatically check missing values during training. 166 

XGBoost uses a deep-first approach for tree construction and performs backpruning 167 

of the trees to optimize the model and reduce complexity. These algorithms can 168 

identify and prioritize important variables [23]. 169 

2.9. Evaluation Metrics 170 
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The confusion matrix reveals the characteristics of a classification rule by 171 

showing the counts of correctly and incorrectly classified instances for each class. 172 

The main diagonal represents correct classifications, while the sub-diagonals 173 

indicate incorrect ones. For a binary classification, the confusion matrix can be 174 

constructed by inputting the actual and predicted values from a chosen model, as 175 

shown in Table 1. 176 

[Table 1] 177 

Based on the values in Table 1, the evaluation metrics can calculate defined 178 

above [19]: 179 

Accuracy: (a + d) / (a + b + c + d) 180 

Precision: d / (b + d) 181 

Recall: d / (c + d) 182 

F1-score: 2 * (Precision * Recall) / (Precision + Recall) 183 

We conducted analyses using Python software version 3.10 with scikit-learn 184 

library. 185 

3. Result 186 

In this study, out of 236 patients, late HIV diagnosis in 127 (53.8%) cases. It 187 

can be seen that 69.5% of patients with late diagnosis were men. Also, the majority 188 

of patients with 65.3% and 55.5% had a history of drug addiction and injection, 189 

respectively. Then, the other descriptive information of patients, including 190 

demographic variables and blood and laboratory biomarkers, is reported in Table 2. 191 

[Table 2] 192 

The results of the Table 2 indicated that only the variables of clinical stage, 193 

Lym, WBC, RBC, and LVL were statistically significant at different levels of CD4. 194 

Figure 1 shows the results of the relative importance of the variables for the entire 195 

dataset based on RF and XGboost methods in CD4 detection. 196 

[Figure 1] 197 

According to Figure 1, the variables LVL, WBC, RBC, Lym, Hct, PLT, Hb, 198 

Age, and clinical stage have more than 6% relative importance. The proposed LMT, 199 
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CART, DNN, and SVM models classify CD4. They use variables with importance 200 

over 6% from RF and XGBoost. The criteria of recall, precision, and F1-score 201 

evaluation for the training, test, and total dataset to evaluate the performance of the 202 

introduced models are shown in Table 3. 203 

[Table 3] 204 

The CART decision tree emerged as the top choice for late diagnosis, based 205 

on Table 3's evaluation criteria. A flowchart illustrated the CART model's use of key 206 

characteristics: LVL, WBC, RBC, Lym, Hct, PLT, Hb, age, and clinical stage. 207 

Figure 2 displays the final CART model's accuracy across the entire dataset, 208 

encompassing all samples and their diverse attributes. Also, the ROC curve 209 

visualized classification performance (Figure 3).  210 

[Figure 2] 211 

[Figure 3] 212 

According to Figure 2, the interpretability of the CART can be expressed in 213 

the identification of variables affecting the late diagnosis of HIV infection based on 214 

the priority of their importance. The CART with a maximum depth of 8 consists of 215 

50 nodes including a root node (node zero), 24 internal nodes, and 25 leaf nodes. In 216 

the root node, there are 236 subjects with HIV infection, of which 127 subjects have 217 

CD4 less or equal than 350 and 109 subjects have CD4 more than 350. For example, 218 

the root nodes, 2, 4, 36, and 48 from the first branch on the right side of the tree 219 

show that if an individual has LVL above 5.84, age above 25 years, and RBC above 220 

1.58, CD4 detection less than 350 will be 43 person (18.2% of subjects). Meanwhile, 221 

for root nodes, 2, 4, 36, and 47, for an individual with LVL above 5.84, age above 222 

25 years, and RBC less than 1.58, CD4 diagnosis is less than 350 for this individual, 223 

8 person (3.4% of subjects). 224 

4. Discussion  225 

In this study, of the 18 demographic and biomarker variables associated with 226 

late HIV infection diagnosis, age stood out with a relative importance exceeding 6%. 227 

These findings align with those of Mohammadi et al., Gesesew et al., and Bath et al 228 
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[10, 2, 17]. Additionally, biomarker variables such as LVL, WBC, RBC, PLT, Lym, 229 

Hb, and Hct exhibited significant influence in the late diagnosis of HIV, each with 230 

relative significance above 6%. This supports previous work by Weissman et al. and 231 

Lee et al., [13, 30] which indicated that deviations in these variables from their 232 

normal ranges can significantly affect in late HIV diagnosis.  233 

This study utilized variables with relative importance above 6% to create an 234 

easily interpretable tree flowchart, enabling specialists and physicians to make quick 235 

treatment decisions. The LMT, CART, DNN, SVM, and XGBoost models were 236 

developed based on the total dataset using the variables age, LVL, WBC, RBC, PLT, 237 

Lym, Hb, and Hct. The accuracy of these models in classifying late HIV diagnosis 238 

was 78.9%, 82.2%, 79.2%, 78.2%, and 79.2%, respectively. Also, the evaluation 239 

criteria revealed F1-scores of 87.7%, 89.7%, 87.2%, 87.7%, and 86.5%, 240 

respectively. Among the developed trees, the CART exhibited the highest accuracy 241 

at 82.2% and was selected as the optimal decision tree for the late diagnosis of HIV 242 

infection, with an F1-score of 89.7%. A flowchart of the CART tree was created to 243 

guide treatment decisions for patients diagnosed late with HIV (AUC=91.8%). In 244 

the study of Morales-Sánchez et al., [18] and Romero-Rodríguez et al., [25] machine 245 

learning models such as LMT and LASSO regression in determining variables 246 

related to the recovery of CD4 cells in patients with HIV infection have higher 247 

predictive accuracy compared to classical models. In Mohammadi et al.'s study [33], 248 

variables such as age, transmission method, drug injection, gender, and marital status 249 

were effective in late HIV diagnosis. Compared to this studies that primarily 250 

employed traditional statistical models, our use of ML techniques such as Random 251 

Forest and XGBoost yielded significantly improved selective Features and 252 

sensitivity in identifying risk factors or characteristics associated with late HIV 253 

diagnosis. Also, Traditional models typically assume linear relationships, which can 254 

limit their ability to detect complex interactions. In contrast, the CART model 255 

automatically captures nonlinear relationships and interactions between variables. 256 
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This capability allows us to identify subtle patterns and high-risk profiles that may 257 

have been missed in earlier analyses. 258 

According to Figures 2, the CART tree's interpretability aids clinical 259 

specialists in prioritizing patient treatment and making quicker decisions. The tree 260 

consists of 50 nodes and 25 branches from the root to the leaves. In five branches 261 

leading to leaves with numbers 10, 22, 24, 48, and 49, the highest count of CD4 cells 262 

was below 350, indicating a greater probability of late HIV diagnosis. The branch 263 

of nodes zero, 2, 4, 36, and 48 indicates the highest risk of late HIV diagnosis, 264 

namely, if a person is LVL>5.84, age> 25, and RBC>1.58, then the risk of late HIV 265 

diagnosis is 18.2%. Also, the branch of nodes zero, 2, 3, 6, 9, 12, 13, and 24 indicates 266 

the highest risk of late HIV diagnosis, namely, if a person is LVL≤5.84, PLT> 98.5, 267 

Lym>25.1, and 3.05<Hb≤10.9, then the risk of late HIV diagnosis is 6.8%. In 268 

contrast, the risk of late HIV diagnosis in other branches is reduced. For instance, 269 

the branch of nodes zero, 2, 4, 36, 47, and 50 indicates the lowest risk of late HIV 270 

diagnosis, namely, if a person is LVL>5.84, age> 25 years old, and 1.52<RBC≤1.59, 271 

then his risk of late HIV diagnosis is 0 %. In study of Lee et al. identified blood 272 

biomarkers like Lym and PLT, along with age over 45, as key factors in the late 273 

diagnosis of HIV infection [13]. Similarly, Adler et al. found that LVL, RBC, WBC, 274 

age, and gender were significant variables contributing to late HIV diagnosis [17].  275 

By identifying key risk factors and populations disproportionately affected by 276 

late diagnosis, this work contributes to the scientific understanding of HIV 277 

transmission dynamics and informs targeted public health interventions aimed at 278 

improving early detection, reducing transmission, and enhancing patient outcomes. 279 

Also, this methodological advancement enhances the field by providing a more 280 

scalable and precise framework for identifying late HIV diagnosis cases, which is 281 

essential for timely intervention, resource allocation, and effective public health 282 

surveillance. The main limitation of this study was the lack of sufficient information 283 

about the repetitions of subjects in later times such as two years after visiting the 284 

treatment centers and recording the information of these individuals. 285 
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ТАБЛИЦЫ 

 

Table 1. A confusion matrix for two classes. 

  Predicted outcome 

  Late 

diagnosis 

Without Late 

diagnosis 

Real 

outcome 

Late diagnosis a b 

Without Late 

diagnosis 
c d 

 

Table 2. Descriptive statistics of investigated variables in cases of late diagnosis in 

HIV patients. 

Variable 

CD4 <= 350 CD4 > 350 

P-value* 

Frequency 

(%) 

Frequency 

(%) 

Gender 
Male 89 (70.1) 75 (68.8) 

0.833 
Female 38 (29.9) 34 (31.2) 

ART 
No 27 (21.3) 20 (18.3) 

 
Yes 100 (78.7) 89 (81.7) 

Education 

Elementary-

school 
56 (44.1) 42 (38.5) 

0.629 Middle-

school 
42 (33.1) 42 (38.5) 

High-school 29 (22.8) 25 (22.9) 

H_addiction 
No 44 (34.6) 38 (34.9) 

0.540 
Yes 83 (65.4) 71 (65.1) 

H_injection No 54 (42.5) 51 (46.8) 0.515 
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Yes 73 (57.5) 58 (53.2) 

H_prison 
No 60 (47.2) 54 (49.5) 

0.523 
Yes 67 (52.8) 55 (50.5) 

Transmissio

n 

Injection 76 (59.8) 63 (57.8) 

0.131 Sexual 33 (26.0) 38 (34.9) 

Other 18 (14.2) 8 (7.3) 

Job 

Season 

worker 
20 (15.7) 17 (15.6) 

0.811 
Employee 41 (32.3) 33 (30.3) 

Other 66 (52.0) 59 (54.1) 

Marital 

status 

Married 55 (43.3) 47 (43.1) 
0.541 

Single 72 (56.7) 62 (56.9) 

Clinical 

stage 

I 59 (46.5) 64 (58.7) 

0.029 II 38 (29.9) 30 (27.5) 

III 30 (23.6) 15 (13.8) 

Condom use 
No 105 (82.7) 84 (77.1) 

0.328 
Yes 22 (17.3) 25 (22.9) 

Hepatitis  
No 61 (48.0) 49 (45.0) 

0.695 
Yes 66 (52.0) 60 (55.0) 

  Mean (SD) Mean (SD) P-value** 

Age - 36.61 (8.78) 35.43 (9.01) 0.309 

Hb - 8.28 (2.45) 8.72 (2.19) 0.153 

Hct - 34.15 (7.26) 35.23 (5.79) 0.215 

Lym - 
30.2 (9.75) 

32.77 

(10.77) 

0.045 

PLT - 214.3 

(128.7) 

190.5 

(72.54) 

0.088 
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WBC - 70.16 

(88.66) 

40.33 

(27.12) 

0.001 

RBC - 6.56 (9.95) 4.24 (5.28) 0.030 

LVL - 5.78 (0.54) 4.96 (0.59) < 0.001 

ART: Antiretroviral Treatment; H_addiction: History of Addiction; 

H_injection: History of injection drug;  Hb: Hemoglobin level;  Hct: 

Hematocrit; Lym: Lymphocytes;  PLT: Plaquette;  WBC: Wight 

blood cell;  RBC: Red blood cell;  LVL: logarithm of viral load  

*: Chi-square test;  **: two sample T test 
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Table 3. Classifying accuracy of proposed models. 

Evaluation metric 

Subset Model  

Accurac

y 

F1-

score 
Recall 

Precisio

n 

0.793 0.883 0.913 0.854 Train 

LMT 0.775 0.865 0.896 0.836 Test 

0.789 0.877 0.907 0.848 Total  

0.798 0.877 0.908 0.848 Train 

DNN 0.784 0.858 0.889 0.829 Test 

0.792 0.872 0.904 0.843 Total  

0.787 0.857 0.888 0.828 Train 

SVM 0.779 0.865 0.896 0.836 Test 

0.789 0.877 0.908 0.848 Total  

0.786 0.849 0.881 0.820 Train 

XGBoost 0.774 0.840 0.871 0.811 Test 

0.792 0.865 0.896 0.836 Total  

0.801 0.877 0.908 0.848 Train 

CART 0.798 0.869 0.905 0.835 Test 

0.822 0.897 0.929 0.869 Total  
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РИСУНКИ 

 

Figure 1.  Relative importance variables based on RF and XGBoost. 
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Figure 2. CART flowchart in CD4-level classification. 
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Figure 3. ROC curve for the CART model. 
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