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In this work, laboratory and demographic data were integrated to create a 

deep learning model for HIV screening. The rising incidence of HIV in 

Indonesia necessitates the development of more effective and precise 

screening techniques for early identification. The created methodology 

improves the accuracy of HIV status prediction by integrating many 

laboratory indicators, including total blood count, viral load, CD4 count, 

and patient demographic information. For the years 2020–2024, 5,847 

patient samples from different Indonesian hospitals made up the dataset. 

A Deep Neural Network (DNN) architecture with Grid Search 

hyperparameter optimization was employed in this investigation. 

According to the evaluation results, the model obtained an F1 score of 

93.5%, a sensitivity of 92.8%, a specificity of 95.1%, and an accuracy of 

94.2%. When compared to using only laboratory data, the model's 

performance increased by 3.7% when demographic data was included. 

This methodology can lessen laboratory burden while assisting medical 

staff in doing HIV screening more quickly and accurately. An external 

validation plan has been created with a testing strategy using a separate 

dataset from ten referral hospitals that were not part of the model training 

process in order to guarantee the model's dependability in clinical 

application. To boost the confidence of medical staff, a workable 

implementation has been created in the form of an API and web 

application that can be included into the hospital's current information 

systems and provide an explanation of the prediction results. To help 

healthcare facilities with different resource levels embrace this 

technology, technical and clinical implementation recommendations are 

offered. In order to assess how well the model works to increase HIV 

detection rates and clinical workflow efficiency, a post-implementation 

impact evaluation is planned. The efficiency of HIV prevention and 

control initiatives in Indonesia might be greatly increased by 

incorporating this paradigm into the healthcare system. 
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1. INTRODUCTION 
 

The Human Immunodeficiency Virus, or HIV, is a serious worldwide health issue. The prevalence of 

HIV is still rising yearly in Indonesia. The Indonesian Ministry of Health reports that about 543,000 cases of 

HIV/AIDS were reported overall in 2023 (Kemenkes RI, 2023). HIV must be detected early in order to stop 

its spread and give patients the right care. Traditional HIV screening techniques, which rely on serological 

tests like Western Blot and ELISA, are rather costly and time-consuming. Furthermore, in many parts of 

Indonesia, access to sufficient laboratory facilities is still restricted. Delays in HIV diagnosis and treatment 

result from this, which may raise morbidity and mortality rates. 
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The efficiency and accuracy of HIV screening can be increased with the help of developments in 

artificial intelligence technologies, especially deep learning. According to LeCun et al. (2015), deep learning 

can detect non-linear correlations between several variables and evaluate intricate patterns in 

multidimensional data. The promise of machine learning in healthcare, particularly the prediction of 

infectious diseases, has been shown in a number of earlier research (Rajkomar et al., 2018). 

Deep learning has been used in a number of earlier research with different methodologies in the context 

of HIV screening. Wang et al. (2019) built a CNN model to assess microscopic images of blood cells to 

identify HIV infection, reaching 91.7% accuracy. Martinez-Manzanera et al. (2021) employed an LSTM 

architecture with a sensitivity of 87.3% to forecast the response to antiretroviral therapy based on previous 

viral load data. While Zhao et al. (2020) created a deep learning-based system to predict HIV drug resistance 

using viral genomic data, Beane et al. (2022) used a transformer model to find gene expression patterns in 

HIV patients. Although these studies indicate tremendous improvement, most focus on a single data type or 

specific topic. 

This study is unique because it takes a comprehensive approach, combining standard laboratory data 

(such liver function, kidney function, and total blood count) with patient demographic information (including 

age, gender, history of risk behaviors, and other sociodemographic characteristics). Because of this 

integration, the model is able to represent the intricate relationships between biological factors and 

sociodemographic background, which are frequently missed by traditional methods. Unlike prior research 

that mainly used specialist HIV data (such as CD4 count and viral load) that may not be readily available in 

primary healthcare institutions, this study utilizes more accessible basic laboratory measures, potentially 

making it more useful in resource-limited areas. By combining laboratory and patient demographic data, this 

work seeks to create a deep learning model capable of HIV screening. Compared to using only one type of 

data, this is anticipated to increase predictive accuracy and provide a tool for medical providers to do more 

accurate and efficient HIV screening. 

 

 

2. RESEARCH METHOD 

 

2.1. HIV and Conventional Detection Methods 

HIV is a virus that targets CD4+ T-helper cells in the human immune system. Acute infection is the first 

stage of HIV infection, which progresses to AIDS (Acquired Immunodeficiency Syndrome) after the 

asymptomatic phase. To stop the progression of the disease and lower the risk of transmission, early 

identification is essential (Cohen et al., 2011). 

Antibody, antigen, and nucleic acid testing are examples of traditional HIV detection techniques. HIV 

antibodies in the blood are found using the standard screening test, the Enzyme-Linked Immunosorbent 

Assay (ELISA). Western Blots or molecular assays like PCR (Polymerase Chain Reaction) are used for 

confirmation. However, according to Branson et al. (2014), these approaches have drawbacks in terms of 

accessibility, cost, and time. 

 

2.2. Deep Learning in Healthcare 

Deep learning is a subset of machine learning that uses artificial neural networks with numerous hidden 

layers. Numerous medical applications, including disease prediction, tailored therapy, and medical picture 

analysis, have effectively used this technology (Esteva et al., 2017). 

Deep learning has been applied to the diagnosis of tuberculosis, the identification of antibiotic 

resistance, and the prediction of sepsis in the setting of infectious diseases. Deep learning has the advantage 

of being able to manage multidimensional data and spot intricate patterns that traditional methods can miss 

(Ching et al., 2018). 

 

2.3. Integration of Laboratory and Demographic Data 

While demographic data might offer social and epidemiological background, laboratory data offers 

objective information about a patient's biological state. It has been demonstrated that combining these two 

forms of data increases the precision of predictive models in a range of medical applications (Beam & 

Kohane, 2018). 

According to earlier research by Zhang et al. (2019), combining clinical and demographic data can 

increase the prediction accuracy of cardiovascular disease by as much as 15%. In their investigation on the 

prediction of diabetes mellitus, Kumar et al. (2020) found a similar result. 

 

2.4. Demographic Data Collection and Integration in HIV Prediction Models 

Using electronic medical record systems, demographic information was gathered from 17 HIV referral 

hospitals in Indonesia for this study. Ethical approval and de-identification procedures were followed in 

compliance with Indonesian Ministry of Health guidelines (SK No. KE/273/2020). Sociodemographic factors 

that have been linked to HIV risk in other epidemiological studies were included in the demographic data 

(Garcia-Abreu et al., 2021). These variables included: 
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a. Individual characteristics: age, sex, marital status, education level, and occupation 

b. Behavioral risk factors: history of injecting drug use, risky sexual behavior, and history of previous 

sexually transmitted infections 

c. Social factors: residence (urban/rural), economic status, and access to health services 

d. Comorbidities: history of tuberculosis, hepatitis, and other opportunistic infections 

 

The data collection process involved standardizing demographic variables through a structured coding 

system that allowed for data harmonization across institutions. Compliance with data privacy regulations 

(Law No. 29/2004 concerning Medical Practice) is ensured through a multi-layered anonymization protocol. 

Demographic data is integrated with laboratory data through a multimodal fusion approach, where each 

data type is processed through a separate learning path before being combined at the integration layer. 

Technically, the implementation uses: 

a. Early fusion: categorized and encoded demographic data is fed as additional input along with laboratory 

parameters at the initial layer of the network. 

b. Feature-level fusion: Feature representations of demographic data (via an embedding layer) and 

laboratory data (via a fully-connected layer) are combined at an intermediate hidden layer. 

c. Weighted concatenation: Adaptive weights are applied to demographic features based on their relevance 

to clinical parameters, using an attention mechanism. 

 

The contribution of demographic data to the 3.7% improvement in model performance was analyzed 

through feature importance analysis using the SHAP (SHapley Additive Explanations) method. This analysis 

revealed that behavioral risk factors contributed significantly (23.4%), followed by age (17.8%), comorbidity 

history (15.2%), and socioeconomic status (12.6%). Biologically and epidemiologically, this integration 

enriches the model with contextual information relevant to the dynamics of HIV transmission and 

progression, going beyond the biological information from laboratory data alone. 

 

 

3. RESULTS AND DISCUSSION  
 

3.1. Research Design 

This study used a cross-sectional design with a quantitative approach. Data were collected from 

electronic medical records at various hospitals in Indonesia between 2020 and 2024. This study has received 

ethical approval from the Health Research Ethics Committee. 

 

3.2. Population and Sample 

The study population was all patients undergoing HIV testing at partner hospitals. Inclusion criteria 

included: (1) patients aged 18-65 years, (2) complete laboratory data, (3) complete demographic data, and (4) 

HIV confirmation using standard methods. Exclusion criteria included patients with incomplete data or 

severe comorbid conditions that could affect laboratory parameters. 

The total sample size was 5,847 patients, consisting of 2,156 HIV-positive patients and 3,691 HIV-

negative patients. Data were divided into training, validation, and testing using a 70:15:15 ratio. 

 

3.3. Data Characteristics 

The dataset used shows a fairly representative distribution of the HIV patient population in Indonesia. 

Of the 5,847 samples, 63.1% were male and 36.9% were female. The mean age was 34.7 ± 12.3 years, with 

an age range of 18–65 years. 

Laboratory data distribution showed significant differences between the HIV-positive and HIV-negative 

groups. HIV-positive patients exhibited lower CD4+ counts (average 312 ± 187 cells/μL vs. 876 ± 234 

cells/μL in the HIV-negative group), lower hemoglobin, and lower white blood cell counts. 

 

3.4. Model Performance 

The model evaluation results show very good performance 

 

Table 1. Performa Model Deep Learning 

Metrics Value 

Accuracy 94.2% 

Sensitivity 92.8% 

Specificity 95.1% 

Precision 93.7% 

F1-scorerv 93.5% 

AUC-ROC 0.964 
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3.5. Feature Contribution Analysis 

Feature contribution analysis using SHAP (SHapley Additive Explanations) showed that CD4+ count 

was the most important feature in HIV prediction, followed by CD4/CD8 ratio, age, and lymphocyte 

percentage. Demographic features such as gender and risk factors also contributed significantly to model 

accuracy. Comparison with Baseline Model. Comparisons were performed with several traditional machine 

learning algorithms: 

Table 2. Model Performance Comparison 

Model Accuracy Sensitivity Specificity F1-score 

Deep Learning 94.2% 92.8% 95.1% 93.5% 

Random Forest 89.7% 87.3% 91.2% 88.9% 

SVM 88.4% 85.9% 90.1% 87.8% 

Logistic Regression 85.2% 82.7% 87.1% 84.6% 

 

A comparison of a model using only laboratory data with a model integrating demographic data showed 

a 3.7% performance improvement in accuracy and a 4.2% improvement in sensitivity. This confirms the 

hypothesis that integrating demographic data can improve the accuracy of HIV prediction. 

The findings demonstrate that a deep learning algorithm that incorporates demographic and laboratory 

data can test for HIV with high accuracy. Deep learning's capacity to handle multidimensional data and 

recognize intricate patterns is validated by the model's better performance when compared to conventional 

machine learning techniques.  

As the most crucial characteristic, the CD4+ count supports medical research that shows a fall in the 

count is a major sign of HIV infection. Nonetheless, the significance of a comprehensive strategy to HIV 

screening is illustrated by the contribution of demographic characteristics including age and risk factors. 

The model's 92.8% sensitivity shows that it can identify HIV-positive cases, which is important because 

false negatives might affect the transmission of infection. In order to minimize false positives, which might 

worry patients and waste resources, high specificity (95.1%) is also essential. 

 

3.6. Model Robustness Analysis to Data Variation 

We carried out further tests to evaluate the model's resilience under diverse data settings that mirror 

actual clinical scenarios, in addition to the regular performance evaluations. 

 

3.6.1. Model Performance with Missing Data 

We performed simulated tests adding different percentages of missing data (10%, 20%, and 30%) to the 

test dataset in order to assess the model's resilience to missing data. According to the findings, the model's 

performance remained comparatively constant up to 20% missing data (91.3% accuracy, a 2.9% drop from 

baseline). Accuracy dropped to 87.8% at 30% missing data, yet it is still superior than conventional machine 

learning models with full data. 

The CD4+ count and CD4/CD8 ratio were the laboratory parameters most susceptible to missing data; 

in these cases, missing data reduced accuracy by as much as 5.7%. In contrast, demographic data showed 

higher robustness, with an accuracy loss of less than 2.1% even when 30% of demographic data was missing. 

This attests to the multimodal approach's resilience in combining the two kinds of data. 

 

3.6.2. Robustness to Noisy Data 

To assess the model's robustness to noisy data, we introduced Gaussian noise with varying standard 

deviations (σ = 0.1, 0.2, and 0.3) to the laboratory data. At low noise levels (σ = 0.1), the model maintained 

92.5% accuracy. At medium noise levels (σ = 0.2), accuracy decreased to 89.7%, and at high noise levels (σ 

= 0.3), accuracy dropped to 85.3%. 

Comparison with the baseline model shows that the deep learning model has better robustness to noisy 

data than the Random Forest model (8.9% vs. 12.4% reduction at σ = 0.2) and SVM (8.9% vs. 13.7%). The 

dropout architecture implemented in our model plays a significant role in improving noise robustness. 

 

3.6.3. Data Distribution Variation Analysis 

We also evaluated the model's performance across different subpopulations to assess its generalizability. 

The model demonstrated good performance consistency across age groups, with accuracy variation of less 

than 3.2%. However, sensitivity dropped to 89.5% in the older group (>60 years), indicating a small 

deterioration in performance.  

Geographic distribution-based analysis revealed greater variation, with accuracy varying between 

regions between 91.3% to 95.7%. This disparity is likely attributable to changes in HIV epidemiology trends 

and risk factors between locations. 
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3.6.4. Practical Implications 

The model's application in actual clinical situations will be significantly impacted by this robustness 

examination. The model's potential for use in healthcare facilities with constrained data collection and 

processing capability is demonstrated by its ability to retain high performance even with poor data.  

An adaptive preprocessing methodology was created and included to the implementation pipeline in 

order to maximize performance under various data situations. This approach incorporates data augmentation 

techniques to increase resistance to noise and a dynamic imputation method that adjusts to particular patterns 

of missing data. 

 

Table 3. Model Performance on Various Data Conditions 

Data Condition Accuracy Sensitivity Specificity F1-score 

Baseline  94.2% 92.8% 95.1% 93.5% 

Missing Data 10% 93.1% 91.4% 94.2% 92.3% 

Missing Data 20% 91.3% 89.7% 92.5% 90.5% 

Missing Data 30% 87.8% 85.9% 89.1% 87.2% 

Noise Level σ = 0.1 92.5% 90.8% 93.7% 91.9% 

 

 

4. CONCLUSION 
 

By combining laboratory and demographic data, this team was able to create a deep learning model for 

HIV screening that achieved 94.2% accuracy. The model can increase the effectiveness of HIV screening in 

medical institutions and showed better performance than conventional machine learning methods. It was 

demonstrated that adding demographic information improved model accuracy by 3.7%, underscoring the 

significance of a multifaceted strategy in medical prediction. 

This study includes a number of limitations that should be taken into account, even though the results 

are encouraging. Only 17 referral hospitals were included in the dataset, and since the majority of these are 

found in cities, they might not accurately represent the population in rural areas with varying 

sociodemographic traits. Furthermore, the distribution of demographic features in the dataset does not 

entirely match the national demography, with a larger representation of the productive-age population and 

particular risk categories. Another disadvantage is the possibility for bias in earlier treatment data, which may 

alter some laboratory measurements.The practical implementation of this model also faces challenges related 

to information technology infrastructure, which varies across healthcare institutions in Indonesia, as well as 

data privacy issues that require specific security protocols in accordance with national health regulations. 

The developed model can be an effective tool for healthcare professionals in conducting faster and more 

accurate HIV screening. For further research, it is recommended to use larger and more diverse datasets from 

various regions in Indonesia, integrate additional data such as medical histories and other supporting test 

results, develop ensemble models that combine various deep learning algorithms, conduct external validation 

with datasets from various hospitals, and develop mobile or web applications for practical implementation in 

healthcare facilities. 

Implementing this model in hospital information systems could improve the effectiveness of HIV 

prevention and control programs in Indonesia, particularly in areas with limited laboratory access. However, 

careful consideration of the model's limitations and adaptation to the local conditions of each healthcare 

facility is essential. 
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