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Abstract 

This research looks at the prediction technologies that are now in use in the field of 

migration and how they affect migration governance. It contrasts their breadth and 

relationship to the research topic, goal, and philosophy of migration. The paper draws 

attention to these tools' shortcomings, which have an impact on migration management, 

particularly in light of institutional and stakeholder efforts within the EU to forecast mixed 

migration. The primary predictive migration tools available today have varying scopes and 

are useful in forming the specifications for a more complete predictive migration tool in 

the future. Advancements in communication, software, and hardware have enabled the 

proliferation of Internet-connected sensory devices, with estimates suggesting 25-50 billion 

worldwide gadgets will be connected by 2020. The Internet of Things (IoT) technology 

expands the Internet's capabilities, producing big data with speed, modalities, and quality.  
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Introduction 

Migration can happen at any time. Since 2015, with the introduction of Given the alleged 

"migration crisis," several European organizations have allotted substantial funds and 

resources to look into predictive or forecasting solutions for migration (European 

Commission, 2021). The primary goal is to address the ongoing need for efficient and 

strategic global migration governance (Robinson, 2018; Triandafyllidou, 2020). The 

dynamics of the labor market have changed, international migration flows have become 

more diverse and globalized, and new transnational networks and spaces have emerged 

along with increasingly stringent admission policies and concerns about human trafficking 

and legal irregularities (Arango, 2018). Various factors have been recognized by academics 

and institutions as potential influences on these migration movements. Emigration 

decisions can be influenced by conflict, economy, climate, or political upheaval. The 

complexity and unpredictability of international migration movements require 

sophisticated instruments for understanding and managing it. Algorithmic governance and 

new technologies can fill knowledge gaps on migratory flows, aiding policy development. 

International technologies for migration management can shape migration governance, 
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causing conflicting interests and power dynamics. Technological skills can influence states' 

influence in determining migration agendas, potentially strengthening non-enterance 

policies and human monitoring. This is crucial for effective global governance approaches, 

as they may compromise international human rights frameworks. The study explores the 

EU's use of supranational predictive IT tools for efficient migration governance. It 

identifies primary tools, their factors, data sources, and their relationship with government 

management of migratory flows. The research also explores the potential impact of these 

tools on EU migration governance.   

 

Review of Literature 

Ren, P. (2018). The quality of life of patients is greatly affected by issues related to diabetes. 

To enable the early introduction of medical measures, the aim of this study was to predict 

which individuals were more likely to be in a complex health condition at the time of 

admission. 644 electronic health records from Alsukari Hospital were gathered between 

January 2018 and April 2019 to provide the data. We applied random forest, logistic 

regression, and k-nearest neighbor (KNN) machine learning techniques. Outperforming the 

other algorithms, the logistic regression algorithm achieved an 81% accuracy, an 81% 

recall, and a 75% F1 score. Additionally, characteristics including edema, diabetic 

ketoacidosis, infection years, and diabetic septic foot were important in predicting problems 

related to diabetes. 

Saeed, F. A. (2021). Data analysis is crucial in fields such as science, industry, and finance. 

As data volumes and complexity increase, data analysis must be automated to increase 

productivity and remove human error. Python's ease of use and extensive library support 

make it a popular language for automated data analysis. We are testing a number of popular 

Python libraries for automated data analysis, including TensorFlow, Seaborn Scikit-learn, 

Matplotlib, and Python and Pandas. We assess these libraries' accuracy, computational 

efficiency, and usefulness across a range of data processing activities. 

Batra, P. (2023). This report presents a thorough analysis and comparison of air quality 

monitoring techniques and their effects on human health. Rising levels of industrialization 

and urbanization in developing countries have made air pollution a serious hazard to human 

health. The study emphasizes how crucial it is to lessen exposure to air pollution in order 

to enhance public health. The study compares how the Air Quality Index (AQI) is measured 

using deep learning algorithms like Long Short-Term Memory (LSTM) and traditional 

machine learning models like Huber Regressor, Dummy Regressor, Extreme Gradient 

Boosting, Gradient Boosting, Adaptive Boosting, and Autoregressive Integrated Moving 

Average (ARIMA). Daily and hourly time series data from 2014 to are used to assess these 

models' performance. 

Dubey, H. (2016). In this digitally connected world where all information is stored, data is 

growing exponentially; it is estimated that data doubles every two years. One of the main 

contributors to the big data scenario is geographic data. While many big data analytics tools 

exist, not all of them are capable of handling geospatial big data. In this paper, two recent 

and widely used open-source geospatial big data analytical tools SpatialHadoop and 

GeoSpark are discussed. Through an architectural comparison, the pros and cons of each 

tool have been enumerated. 

Gao, J. Z. (2023). Water makes up over 70% of the earth's surface and is a vital component 

of life. The overuse of pesticides and fertilizers in agriculture has resulted in the erosion of 

the Salton Sea's water quality, endangering human health, the local economy, and 

biodiversity. Establishing efficient and trustworthy procedures for evaluating water quality 

and forecasting future trends is therefore essential. In order to predict the salinity level of 

the Salton Sea and forecast future trends, this work examines regression and machine 

learning models, including linear regression, random forest, support vector machine 

(SVM), and long short-term memory (LSTM). 
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Cases, Methodology, Data, and Categories of Analysis 

To address the two primary research inquiries, We looked at a ton of tools, projects, and 

models that could be used to forecast migration movements. reaching the European Union. 

The IT prediction tools were chosen during a ten-year period, from 2010 to 2020. In the 

initial investigation, we found 18 initiatives and technologies incorporating AI that were 

pertinent to EU migration governance. For several of these, however, data were lacking 

since some were no longer in use, more information was unavailable, some weren't actually 

predictive tools, or people in charge of running the tools weren't available for interviews. 

Consequently, we finally decided on three initiatives and technologies that would be helpful 

in estimating or forecasting mixed migration flows inside the EU. Noteworthy is the 

funding and operation of the Internal Displacement Event Tagging and Clustering Tool 

(IDETECT). Operated by the Internal Displacement Monitoring Centre (IDMC). 

Furthermore, it is crucial to note that while the Jetson project completed scoping, research, 

and piloting over the course of a year, it never produced an interactive, user-facing tool. 

Instead, it views itself as a proof of concept, which is why it is included in the final list of 

tools above.  

In light of the study of the interviews, two types of Comprehensive interviews have been 

carried out. We would start by highlighting those that were completed in February and 

March. In 2021, we spoke with five forecasting or artificial intelligence tool experts. Using 

the snowball sampling method, the interviewees were chosen based on their areas of 

expertise. These individuals included the founding developer of the Global Database of 

Events, Language, and Tone (GDELT) project, an IDMC representative regarding the AI 

tool IDETECT, and the three developers of the forecasting tools reviewed in this article. 

GDELT monitors global broadcast, print, and web news in more than 100 languages.  

On January 20, 2021, a group interview was held with thirteen European non-governmental 

organizations (NGOs) that are representative and specialize in migration. These 

organizations are headquartered in Bulgaria, Denmark, Greece, Italy, and Spain. The NGOs 

were chosen based on the depth of their local knowledge. This interview had two major 

goals: first, to find out how beneficial this kind of predictive tool can be for them as end 

users; second, to find out what kind of tool they would like and expect. 

These interviews, which lasted anywhere from 40 minutes to two hours, allowed us to 

confirm and finish the material analyzed using the document analysis technique (Corbetta, 

2003). All of the interviewees were given the opportunity to review this work and were told 

of the goals of our study. The overall sample has been sufficiently representative to allow 

for triangulation and saturation of the data collected. 

To increase the coherence of the research, we have designated a number of categories for 

analysis. Since these haven't been recognized in any prior literature, we used an inductive 

technique to derive distinct categories from the data. 

Comparative Analysis of the Existing Prediction Tools 

This section focuses on the study’s first research ques‐ tion as to the main predictive 

migration tools and their corresponding scopes. As explained in the methodology, we 

analyse: (1) the Jetson tool; (2) the EPS‐Forecasting tool; and (3) the Foresight tool. By 

contrast, irregular and forced migration can either occur quickly via a sudden event, which 

could be detected and signalled with an early warning system in place, or over longer 

periods of time with varying uncertain events that affect migration flows. The Jetson project 

formerly predicted forced, internally displaced people as pertained to the case study of 

Somalia. Meanwhile, the Foresight tool focuses its forecasts on only forcibly displaced 

asylum seekers and refugees from a given country. Finally, the EPS‐Forecasting tool seeks 

to anticipate flows of refugees and asylum‐seekers arriv‐ ing to the EU, which can be 

unpredictable if migrants arrive via irregular routes. It should be noted that forced migration 

is referring to migration that is not voluntary, while a refugee or an asylum‐seeker The 

types of movement to be predicted or forecasted relate to how each of the tools have 
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different predic‐ tion timescales, portrayed here in Figure 2. The Jetson tool worked with 

both monthly predictions and addi‐ tional short time frames, including three‐month predic‐ 

tions, as they sought to test the assumption that sud‐ den conflict events or external factors 

like drought and floods would cause population movement towards areas of humanitarian 

assistance. The EPS‐Forecasting tool provides weekly predictions, as well as offers short‐

term predictions of up to one month that can be expanded via a user‐selected variable. 

Finally, the Foresight tool ini‐ tially predicted mixed migration flows one to three years in 

advance but was then redesigned (among other rea‐ sons) for better accuracy to focus on 

forced displacement via one to three‐year predictions. 

Towards a Valid Predictive Tool for MigrationGovernance in the EU 

After a quick comparison of the three primary predictive migration tools, this study 

elaborates on each and evaluates the most important factors to consider when defining what 

constitutes a reliable prediction tool for efficient EU migration regulation. Because of this, 

this section partially addresses the second study question: How much can the current 

instruments help with effective migration governance? The following factors are 

specifically examined: data and prediction accuracy, tool interface, models that are 

appropriately fitted, and variables that are required for the models. 

Furthermore, a monitoring team that can concurrently review or supply qualitative data to 

corroborate or improve the quantitative outcomes of the tool would be beneficial for any 

legitimate predictive technology that uses quantitative data. One instance is the work of the 

IDMC, which conducts real-time surveillance and uses an AI tool as part of its global 

investigation of displaced people. A group of eight to ten specialists are employed by IDMC 

to oversee the unprocessed quantitative data and make sure it aligns with the displacements 

that occur in real time. 

Ideally, when assessing successful integration strate‐ gies, predictions of migratory flows 

should not only include parameters related solely to countries of origin, but also variables 

pertaining to the country of destina‐ tion, such as macroeconomic indicators 

(unemployment, job vacancies) or migration and integration policies (migration caps, visa 

regulations, etc.). This considera‐ tion is adequately incorporated into the EPS‐Forecasting 

model, and Foresight tool developers also tested this origin–destination relationship when 

initially looking at mixed migration in its preliminary modelling. In using such variables, 

both macro and micro synergies must be considered to sufficiently address populations with 

mul‐ tiple characteristics. While there are many sources of information, at the same time 

the inherent uncertainty and complexity of the migration phenomenon, and its study, 

present sev‐ eral issues with data. The first problem encountered includes access: Given the 

nature of migration, as well as the multiple actors involved, there may simply be a lack of 

data, it could be incomplete, or it could be impossible to obtain (Felkai Janssen, 2020; 

Kjaerum, 2020). For exam‐ ple, as some of the events being anticipated are sudden or 

unpredictable, a frequent possibility with mixed migra‐ tion flows, the short life of the 

process makes data col‐ lection itself difficult. Another example includes how, ini‐ tially, 

Foresight sought to use household level informa‐ tion, but ended up using national level. 

In addition to the considerations outlined in Section 4, the feasibility and effectiveness of 

predictive tools and projects for migration governance require extensive assessment of who 

manages them and how. These new technologies present a set of tools to understand and 

anticipate migration, as the information they provide can be analysed to inform long‐term, 

good governance efforts. However, there are still several potential challenges and gaps in 

first providing these tools for policymaking, and then in translating predictions into policy 

decisions. For one, economic and political considerations remain inextricably linked. 

Policy makers may view eco‐ nomic costs as a barrier to even utilizing such tools in the 

first place. 
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Chart 1.1 

To utilise the explanatory and empirical value of migra‐ tion predictions for governance, 

the nature of translating research into policy necessitates both human analysis in the form 

of a research team, as well as a policy unit or team corresponding to a given tool, in order 

to ensure the tool is useful for governance. In effect, while the tool analysts and even invited 

outside experts make sense of tool results, the engagement unit could serve as the liai‐ son 

with policymakers. The latter team can ensure infor‐ mation is provided in a palatable, non‐

technical format, as overly scientific explanations can ultimately not prove useful 

(Albertinelli et al., 2020). Evidently, the dialogue between scientists and poli‐ cymakers is 

not simply a matter of submitting palatable desk research resulting from the tool, and the 

proposed engagement team’s role would mean organizing partici‐ patory, collective, ideally 

public, events like workshops, focus groups, and webinars, where policymakers could 

present questions and input. This transparency would demonstrate the impact that this 

technology and data offer, and it would act as a check on decision‐makers: It would either 

monitor that they do not assert their agenda or self‐interest in the direction of one tool or 

monitor that they do not compare and select different tools to simply match tool results to 

their desired policies. Moreover, recent literature suggests that elites across countries—

including those drawing from the business, media, and civil society in addition to those 

from govern‐ ment and research—are moderately open to and confi‐ dent in select global 

institutions (Scholte et al., 2021); increased transparency and engagement with such elites 

in this prediction to policy dialogue could in turn further legitimise global migration 

governance. 

 

Conclusion  

This study explores existing developments in predictive tools for migration. After 

reviewing the literature and available documents, following up with tool developers and 

interviewing potential end‐users, three predictive migration tools and projects were studied 

and compared, namely, the Jetson tool, the EPS‐Forecasting tool, and the Foresight tool. 

The analysis demonstrates the chal‐ lenges in providing for effective interaction and 

feedback among tool developers and end‐users, and how each of these tools has a different 

scope, data sources, models, and validation mechanisms, according to their goals The 

discussion fleshes out the difficulties to date encountered by those managing predictive 
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tools in offer‐ ing predictions that could serve the totality of rele‐ vant stakeholders in their 

intent to develop strategic migration governance (Robinson, 2018; Triandafyllidou, 2020). 

In illustrating this, the study emphasises four main aspects that should be taken into 

consideration to create, or transform a predictive tool into, a valid predictive tool for 

effective migration governance. These main elements provided here include guidance on 

variables to incorpo‐ rate into the models, ways to involve end‐users in the pro‐ cess, 

adequate levels of accuracy, and tailoring modelling to the prediction or governance 

objective. Furthermore, mechanisms to convert predictions into policy decisions were 

ultimately emphasized. 
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