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1. Introduction

In many humanitarian contexts, protection actors need to understand not only where protection risks are most
severe, but also how many people are likely to be exposed to those risks. However, reliable population-level data
on exposure to protection risks is often unavailable. This guidance outlines a practical approach for using
predictive modelling to estimate the number of people exposed to protection risks at sub-national level. The
methodology is intended to support protection analysis, prioritization of assessments, monitoring, response
planning, and strategic decision-making. It should be viewed as a complementary analytical tool that helps fill
information gaps where direct measurement of exposure is not feasible.

The approach combines protection severity analysis with other relevant contextual information, such as conflict
dynamics, displacement patterns, socio-economic conditions, and access constraints, to generate estimates of
populations potentially exposed to protection risks. While the model can provide useful evidence for operational
planning, results should always be interpreted alongside field knowledge, qualitative assessments, and
contextual analysis.

2.Objective of the Tool

The objective of the model is to estimate the number of people who may be exposed to protection risks in a
given administrative area. Rather than relying solely on reported incidents or assessment findings, the model
uses a combination of risk indicators and contextual variables that are known to influence protection outcomes.

The underlying assumption is that areas experiencing higher protection risk severity, increased conflict exposure,
greater socio-economic vulnerability, significant population movements, or restricted access to essential services
are more likely to have larger populations exposed to protection concerns. By analysing the relationship between
these factors, the model can generate estimates for areas where direct exposure data is unavailable or
incomplete.

3.Data Needed for the Analysis

The quality of the model depends heavily on the quality of the data used to build it. Wherever possible, data
should be collected at the lowest available administrative level, preferably at Admin 2 or Admin 3 level, to allow
for more localized analysis.

Protection risk severity scores form the foundation of the model. These may include severity scores for the agreed
protection risks identified through the Protection Analysis Framework or other country-level analysis processes.
These scores provide an indication of the intensity and seriousness of protection concerns across different
locations.

Population data is also essential. Baseline affected population figures (received from OCHA), including host
communities, internally displaced persons (IDPs), returnees, refugees, or other affected population groups, help
establish the size of the population potentially exposed to risks.

Additional contextual variables can strengthen the model considerably. These may include conflict indicators
such as violent incidents, fatalities, attacks against civilians, or armed clashes; socio-economic indicators such as
multidimensional poverty, food insecurity levels, unemployment, or lack of access to basic services; and
protection-related indicators such as restrictions on freedom of movement, barriers to accessing justice, housing
and land tenure challenges, or discrimination affecting specific population groups.

The selection of variables should be guided by both data availability and contextual relevance. Not all variables
will be suitable in every country, and local expertise should inform the final selection.
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4. Preparing and Exploring the Data

Before developing the predictive model, it is important to understand the relationships between the different
variables. This exploratory analysis helps identify patterns, data quality issues, and potential duplication of
information.

One useful step is to examine correlations between protection risks and other variables. Strong correlations may
reveal protection risks that frequently occur together or indicators that capture similar underlying dynamics. For
example, psychological abuse and gender-based violence may show strong relationships in some contexts, while
explosive ordnance contamination may correlate with conflict-related violence.

Identifying highly correlated indicators is important because including multiple variables that measure essentially
the same phenomenon can reduce the efficiency of the model and complicate interpretation. The goal is to retain
variables that provide distinct and meaningful information about protection outcomes.

Visual exploration is equally important. Mapping protection severity scores and contextual indicators helps
analysts identify geographic patterns, clusters of vulnerability, and potential hotspots where exposure is
expected to be highest. These visualizations often provide valuable insights even before statistical modelling
begins.

5. Building the Predictive Model

The predictive model uses historical or existing relationships between protection severity and contextual
variables to estimate the likely number of people exposed to protection risks.

Machine learning approaches such as XGBoost can be particularly useful because they are capable of identifying
complex and non-linear relationships that traditional statistical techniques may miss. They can also handle large
numbers of variables and provide information on which factors contribute most strongly to the final predictions.

The model should be designed to predict either the number of people exposed to protection risks or the
proportion of the population exposed within each administrative area. The choice will depend on available data
and the intended use of the results.

During model development, different combinations of variables should be tested to identify the most robust and
reliable predictors. Variables should be selected on the basis of statistical relevance, data quality, availability, and
operational significance within the specific country context.

6. Ensuring the Model is Reliable

A predictive model is only useful if its results are reliable. For this reason, model validation is a critical step in the
process.

The available data should be divided into separate datasets used for training and testing the model. This allows
analysts to assess how well the model performs when applied to data it has not previously seen. Cross-validation
techniques can further improve reliability and help reduce the risk of overfitting, where a model performs well
on historical data but poorly in real-world applications.

Model performance can be assessed using statistical measures such as the coefficient of determination (R2),
Mean Absolute Error (MAE), and Root Mean Square Error (RMSE). Higher R? values and lower error values
generally indicate stronger predictive performance.

Visual comparisons between observed values and predicted values can also help assess whether the model is
producing realistic estimates and whether systematic biases are present.
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7.Understanding the Results

The primary output of the model is an estimate of the number of people exposed to protection risks in each
administrative area. These estimates can be used to compare locations, identify areas requiring further
assessment, and support prioritization of humanitarian interventions.

The model may also provide information on the relative importance of different predictors. This can help analysts
understand which factors appear to be driving exposure in a particular context. For example, conflict intensity
may emerge as the strongest predictor in one country, while displacement levels or poverty indicators may be
more influential in another.

Where feasible, confidence intervals or uncertainty ranges can also be calculated. These provide additional
information about the level of certainty associated with the estimates and help users understand that predictions
should not be interpreted as exact figures.

8. Outputs Produced by the Tool

The predictive modeling tool produces a set of outputs designed to support both operational planning and
analytical validation. The primary output is a CSV file containing the estimated People Exposed to Risks (PER) for
all population groups included in the analysis. Depending on the available data and country context, these
population groups may include host communities, internally displaced persons (IDPs), returnees, refugees,
asylum seekers, or any other population categories incorporated into the model.

The CSV file provides PER estimates at the selected administrative level, typically Admin 2 or Admin 3. Each row
represents a geographic location and contains the predicted number of people exposed to protection risks for
each population group, as well as total estimates where applicable. This dataset serves as the main analytical
output and can be used for mapping, prioritization exercises, response planning, HNRP development,
monitoring, and further analytical work within the Protection Cluster and across humanitarian sectors.

The tool also generates a series of validation and quality assurance visualizations to help users assess how well
the model is performing. These visual outputs are intended to provide confidence that the predictions generated
by the model are reasonable and aligned with observed data.

8.1 Comparison of Actual and Predicted Population by Location

One Of the key OUtpUtS is a Comparison of Actual and Predicted Returnees Population by Location
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predictions are broadly consistent with observed data. Small deviations between actual and predicted values are
expected and are part of normal model uncertainty. Larger gaps may indicate locations where predictions should
be reviewed more carefully or where additional contextual information may be required.
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Particular attention should be given to locations with very large populations or unusually high concentrations of
affected people, as these can have a significant influence on model performance. Even if exact values differ
slightly, the model is generally considered useful if it successfully reproduces overall trends and identifies the
same high-priority locations as the observed data.

8.2 Actual versus Predicted Population Scatterplot

The tool also produces a scatterplot comparing actual values against predicted values for all analyzed locations.
Each point on the graph represents a location included in the model. The horizontal axis shows the actual
population value, while the vertical axis shows the
FAIbEle;Chiart cfAchiai va. Preictac Poplikation corresponding predicted value generated by the

- model.
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g4 prediction scenario, where actual and predicted
values are identical. Locations appearing close to

¥ this line indicate strong agreement between
. observed and predicted values. Points positioned
o above the line represent locations where the
-7 model has overestimated the population exposed
P to risks, while points below the line indicate
-7 underestimation.

Predicted Population
N

< This visualization provides a simple and intuitive
way of evaluating model accuracy across all

Actual Popation - N locations simultaneously. A clustering of points
around the diagonal line generally indicates good model performance and increases confidence in the resulting
PER estimates. Conversely, widespread dispersion away from the line may signal the need for further refinement
of the model or a review of the underlying data.

Together, the CSV output and validation visualizations provide users with both the final estimates of people
exposed to protection risks and a transparent assessment of the model's reliability. Users are encouraged to
review both the numerical outputs and the accompanying validation charts before using the results for
operational decision-making. The charts should not be interpreted as standalone products but rather as quality
assurance tools that help demonstrate the robustness and credibility of the estimated PER figures.

9. Using the Results for Decision-Making

The model should be viewed as a decision-support tool rather than a replacement for protection analysis.
Estimates of exposed populations can help identify priority locations for assessments, monitoring, advocacy,
resource allocation, response planning. They can also contribute to broader humanitarian analysis processes,
including Humanitarian Needs and Response Plans (HNRPs), protection monitoring frameworks, and
intersectoral prioritization exercises.

Results should always be interpreted alongside qualitative information from field teams, community
consultations, protection monitoring systems, assessment findings, and secondary data reviews. Statistical
outputs alone cannot fully explain the complex realities affecting protection risks and vulnerabilities.

To avoid unrealistic estimates, predicted exposure figures should never exceed the total population of a given
administrative unit. Analysts should also review results for consistency with contextual knowledge and make
appropriate adjustments where necessary.

10. Important Limitations

o o °
Predictive models are dependent on the quality, accuracy, and completeness of the data used to develop them.

In contexts where data is limited or outdated, model outputs should be interpreted with caution.
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The methodology is best suited for identifying broad patterns and likely exposure levels rather than producing
precise counts of affected individuals. It may not capture sudden shocks, rapidly evolving crises, new
displacement movements, changes in conflict dynamics, or emerging protection concerns that occur after the
model has been developed.

Furthermore, statistical relationships identified by the model do not necessarily imply causation. Findings should
therefore be complemented by expert judgment and contextual understanding.

11. Ethical Considerations

Protection data is highly sensitive and must be handled responsibly throughout the modeling process.
Appropriate data protection, privacy, and information security measures should be applied at all stages of
analysis.

Analysts should be transparent about the data sources, assumptions, methodology, and limitations used in
generating estimates. Results should be presented in a way that supports informed decision-making while
minimizing the risk of misuse or misinterpretation.

Where possible, findings should be discussed with national and local stakeholders, including affected
communities and protection actors, to ensure that interpretations reflect operational realities and local
knowledge.

12. Conclusion

Predictive modeling offers a practical and evidence-based approach for estimating the number of people
exposed to protection risks when direct measurement is unavailable or incomplete. By combining protection
severity information with relevant contextual indicators, humanitarian actors can generate useful estimates that
support prioritization, planning, and resource allocation. While these estimates can strengthen protection
analysis, they should always be complemented by contextual understanding, field evidence, and expert
judgment to ensure that decisions remain grounded in operational realities.
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