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Executive Summary 

Currently, around 40 million people relocate each year, whether within a country or 

internationally, yet none of them have a way of factoring health into their decision. This is because they 

do not know what their individual predicted health outcomes will be. There have been several studies 

showing general, population-level trends of migrant health. However, migrant health varies significantly 

depending on baseline health, initial and final residential locations, and demographics. So, migrants 

need a way to predict their individual health outcomes for their specific situation.  

Machine Learning models offer a promising approach to solving this problem. They have been 

increasingly used in the health field to predict health outcomes. Furthermore, a specific type of Machine 

Learning model, Deep Learning models, has been shown to handle time-based and causal event-based 

predictions effectively. Deep Learning models have been used to make health predictions for individuals. 

So, this project aims to address the problem of migrants needing a way to predict their individual health 

outcomes by using a Deep Learning model to make those predictions.  

First, a dataset of migrant health data containing each individual’s demographics, residential 

location history, and health history will need to be collected. Then, a benchmark evaluating state-of-the-

art models on the dataset will be created. Finally, a new model will need to be trained and evaluated on 

the dataset.  

Overall, this project will create a model that accurately predicts health outcomes for people who 

grew up in one area and relocated to another.  

Keywords: migrant health, health predictions, Deep Learning, Machine Learning, personalized 

health 

 

 

 



Developing a Deep Learning Model to Predict Individual Migrant Health Outcomes   Agarwal 3 

 

   

 

Developing a Deep Learning Model to Predict the Health Risks for Individual Migrants  

Where each person lives has a massive impact on their health. Since each 

location has different air quality, allergens, lifestyle factors, access to fresh 

food, water quality, temperature, and other environmental factors, people 

have different health conditions based on where they live. For example, 

people living in more polluted areas, such as urban cities, tend to be more 

susceptible to respiratory diseases (Mohan et al., 2023). Air pollution also affects the risk of death, as 

shown in Figure 1. Furthermore, individual family history also affects respiratory disease risk (Hersh et 

al., 2011). Likewise, people living in tropical areas with high mosquito populations are more likely to 

encounter malaria or Lyme disease than those living in other areas (CDC, 2024). However, these 

conclusions only take into account people who live in that one area. 

Overview of Migrant Health 

Living in one area for an entire lifetime is not true for many people in the world. In fact, as of 

2024, over 300 million people worldwide are international migrants, meaning they have moved to live in 

a new country long-term at least once in their lifetime (Paez-Deggeller, 2025). Researchers found that, in 

general, migrants experience better resilience to health risks when they first relocate, but this resilience 

can worsen over time as they continue to stay in their new location (Elshahat et al., 2022). Some 

examples of health changes that immigrants face include increased rates of cardiovascular disease, 

metabolic conditions, and respiratory diseases (Chen et al., 2024). Increased rates of disease impact 

quality of life, increase medical bills, and cause stress. Migrants cannot consider the health risks 

associated with their migration when deciding to relocate. When individuals can learn their predicted 

health risks before moving, they can choose a location that offers the best predicted health outcomes, 

or at least prepare themselves for specific conditions. 

Previous Migrant Health Studies 

Most studies on migrant health have been cohort-based, analyzing data on self-reported or 

clinically observed health. One study uses UK Biobank data to analyze how different categories of 
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relocation, related to changes in pollution levels, affect risk for major diseases and mortality (Chen et al., 

2024). However, none of these examines specific trends in migrant health beyond general trends. The 

general results are not helpful to individuals who want to understand what their specific health risks 

might look like based on their personal history and data. 

Personalized vs. Population Health Predictions 

With improvements in technology, especially in artificial intelligence, there has been a shift 

toward personalized medical treatments and risk diagnosis, rather than a one-size-fits-all approach 

(Johnson et al., 2021). This personalized approach has been applied to create drugs, develop treatment 

plans, and even more accurately predict the risk or onset level of a disease for individual people (Parekh 

et al., 2023; Serrano et al., 2024). Previous clinical studies of migrant health have conducted population-

level health assessments by examining general trends. However, this does not give people individual 

health predictions based on their personal history, which means it is not as accurate since it is not 

specific to them.   

Deep Learning with EHR Data to Predict Health 

One technique for predicting disease 

risk or onset uses Deep Learning models. Deep 

Learning is used to predict health changes and 

risks by analyzing temporal patterns in 

Electronic Health Record (EHR) data (Amirahmadi et al., 2023). They have been used to predict multiple 

different outcomes, shown in Figure 2.   

Datasets 

Several datasets exist with either EHR data or clinical data, with a specific focus on migrants, or 

can be filtered to focus on people who relocated. An example is the UK Biobank dataset, which includes 

patient demographics, baseline health, where they relocated, and their final health (Bycroft et al., 2018). 
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Section II: Specific Aims 

This proposal’s objective is to develop a model that can predict health outcomes for individuals 

who relocate.  

Our long-term goal is to help every single person be informed and prepared about their 

individual potential health outcomes if they relocate to a specific location.   

Specific Aim 1: Create a dataset that contains information about a migrants residential location 

before and after their relocation, a baseline health before and after relocating, and their demographics.  

Specific Aim 2: Create a benchmark evaluating state-of-the-art models on their ability to predict 

health outcomes of migrants.  

Specific Aim 3: Train a Deep Learning model to predict health outcomes of migrants accurately.  

The expected outcome of this work is a model that can effectively and accurately predict the 

health risks and outcomes of a potential relocation for each user. 

Section III: Project Goals and Methodology 

Relevance/Significance 

 This project is significant because it helps individuals prepare for their relocations and make 

informed decisions by accurately predicting health outcomes associated with a change in residential 

location. The proposed model is the first to accurately make these predictions for use, allowing the user 

to factor in their individual health when deciding where to relocate.   

From a technical side, this model is significant because of its temporal and causal nature. It will 

be able to make a prediction years in the future, requiring a strong temporal understanding. 

Furthermore, it will factor in a causal event, the relocation, into the predictions.  

Innovation 
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This project is innovative due to its unique focus. There has been no model or solution to help 

individuals predict their health outcomes after migration. The dataset is innovative because it creates an 

entirely new dataset specifically for migrants. It also uses a new approach to link several datasets. The 

model itself will also be innovative because it will be the first Deep Learning model explicitly trained for 

predicting migrant health outcomes.  

Methodology  

The first step for this project is to create a dataset from longitudinal studies that track patients’ 

health and residential locations. These datasets will have to be filtered to include only migrants. Then, 

the dataset features will have to be aligned to work across all combinations of datasets. Furthermore, 

the data will be normalized to account for differences in bias and collection methods across datasets. 

Finally, the data will be deidentified to remove any potential biases or risks of identification for the 

people who participated in the data collection.  

Next, I will create a benchmark. The benchmark will consist of several state-of-the-art models’ 

performances on the dataset. To do this, a pipeline will first need to be created to run the models on the 

dataset. Then I will run each model through the pipeline and collect the final results. For each model’s 

results, I will need to run evaluation metrics to quantify performance and compare them. Since the 

model will predict several different aspects of health, I will not only have evaluation metrics for each 

aspect individually, but also need to create an evaluation metric that summarizes the model’s overall 

performance across all aspects of health. This benchmark will help set a baseline for how well current 

state-of-the-art models predict health outcomes for migrants.   

Then, I will train a model. This benchmark will help demonstrate how the model improves 

overall performance compared to the current state of the art. To train the model, I will split the dataset 

and use 70% for training, 15% for validation, and 15% for testing. The train split of the dataset will be 
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used for the model to learn and adjust its weights and biases. The validation split will be used during 

training to fine-tune hyperparameters and prevent the model from overfitting to the training data. 

Finally, the test split will be used to evaluate the model’s performance on the dataset. 

Specific Aim #1:  

The objective is to create a dataset that contains information about a migrant’s residential 

location before and after their relocation, a baseline health before and after relocating, and their 

demographics. 

Justification and Feasibility. Creating a 

dataset is important because the model needs 

data to train on. This specific aim is feasible 

because several datasets exist. For example, some migrant surveys include health and relocation data, 

such as the Peru Migrant Study (Carrillo-Larco et al., 2017). As shown in Figure 3, this dataset is helpful 

because it includes a significant number of migrants and tracks their health over several years. This 

shows that creating a dataset is feasible, as datasets like the Peru Migrant Dataset already exist that can 

be used. Other datasets track longitudinal health data for several participants, including migrants, such 

as the Panel Study of Income Dynamics from the University of Michigan (Gouskova et al., n.d.). These 

datasets can be incorporated into my final dataset by filtering for people with relocations.   

Summary of Preliminary Data. Using the Peru 

Migrant Study data, I have created a preliminary dataset. This 

dataset includes the participants' sex, the location before and 

after relocation, and their blood pressure before and after relocation, as shown in Figure 4. It contains 

data from over 300 migrant participants. Although it does not yet contain as many participants as 

needed and only contains a few features, it shows the feasibility of creating a migrant health dataset. 
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Expected Outcomes. The overall aim is to create a complete dataset that links each person’s 

demographics, residential history, and medical records. This knowledge will be used to create a 

benchmark for state-of-the-art models to assess how well they predict health outcomes for migrants. 

This same dataset will also be used to train the model to predict health outcomes for people who lived 

in one place and then moved to another, as accurately as possible.  

Potential Pitfalls and Alternative Strategies. Since there are no datasets for this problem, there 

might not be enough data to include all the necessary information. An alternative strategy will be to 

combine multiple datasets or collect data through linkage frameworks, such as the one used to link 

environmental and residential data to the UK Biobank (Vanoli et al., 2024). Another potential pitfall is 

that the data is not consistent across all the datasets I am trying to collect. For example, one dataset 

might have state-level locations, while another might have specific zip codes. An alternate strategy is to 

standardize on the most general location. In this example, I would have to convert the zip codes to their 

state locations. 

Specific Aim #2:  

The objective is to create a benchmark that assesses state-of-the-art models’ capabilities to 

predict health outcomes for people who relocate.  

Justification and Feasibility. Creating a benchmark is feasible because once I have the dataset, I 

need to define the evaluation metrics, and then I can run several state-of-the-art models to see how 

they perform. Some examples of state-of-the-art models I could use are Gemini 1.5 (Team et al., 2024), 

GPT 4o (OpenAI et al., 2024), and Foundation Health Models (Moor et al., 2023).   

Summary of Preliminary Data. Using the preliminary dataset, Gemini 1.5 (Team et al., 2024) 

was evaluated on 300 participants and performed as shown in Figure 5 in Appendix A. The results show 
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that Gemini predicts clinically acceptable results less than 25% of the time. This is a very low score, 

showing that there is significant improvement to be made, justifying the project and the need for the 

benchmark. 

Expected Outcomes. The expected outcome is that all state-of-the-art models will perform 

poorly on the benchmark, with less than 80% accuracy. This will demonstrate the need to train a model. 

Potential Pitfalls and Alternative Strategies. Some potential problems are the fact that I might 

not be able to use some models because they are not open source. In that case, I will use other 

comparable, open-source models. 

Specific Aim #3:  

The objective is to create a benchmark that assesses state-of-the-art models’ capabilities to 

predict health outcomes for people who relocate.  

Justification and Feasibility. Creating a benchmark is feasible because once I have the dataset, I 

need to define the evaluation metrics, and then I can run several state-of-the-art models to see how 

they perform. Some examples of state-of-the-art models I could use are Gemini 1.5 (Team et al., 2024), 

GPT 4o (OpenAI et al., 2024), and Foundation Health Models (Moor et al., 2023).   

Summary of Preliminary Data. Using the preliminary dataset, Gemini 1.5 (Team et al., 2024) 

was evaluated on 300 participants and performed as shown in Figure 5 in Appendix A. The results show 

that Gemini predicts clinically acceptable results less than 25% of the time. This is a very low score, 

showing that there is significant improvement to be made, justifying the project and the need for the 

benchmark. 

Expected Outcomes. The expected outcome is that all state-of-the-art models will perform 

poorly on the benchmark, with less than 80% accuracy. This will demonstrate the need to train a model.  
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Potential Pitfalls and Alternative Strategies. Some potential problems are the fact that I might 

not be able to use some models because they are not open source. In that case, I will use other 

comparable, open-source models. 

Section III: Resources/Equipment 

For this project, I will need several different resources. To start, I will need internet access to 

collect datasets to create my complete dataset. I will need access to a computer running Python and to 

Python libraries such as PyTorch and TensorFlow to train my model. 

Section V: Ethical Considerations 

For this project, there are two primary ethical considerations to keep in mind. One ethical 

consideration is each person’s privacy because the model is trained on people’s individual data. 

However, since it is being obtained from public datasets, consent is already in place. One action I will 

take to mitigate any ethical concerns further is to ensure each data point is deidentified. 

Another ethical concern is bias. The model will develop biases from whatever data it is trained 

on. So, if my final dataset contains biases, my model might inherit them. For this reason, I will track how 

features are distributed. To evaluate and reduce bias, I will create an evaluation set to assess bias and 

use specific metrics to quantify the bias in the dataset. 

Section VI: Timeline 

The timeline is shown in Figure 7 in Appendix C. 
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Section VII: Appendix 

Appendix A: Figure of Preliminary Benchmark Results 

 

Appendix B: Figure of Preliminary Data from Training 
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Appendix C: Timeline Image 
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