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Abstract-- This article develops a rigorous quantitative
framework for modelling large-scale human disasters, with
particular focus on genocidal violence. We integrate three
complementary approaches: (i) logistic regression for
structural risk estimation, (ii) probabilistic and Bayesian
models for uncertainty-aware inference, and (iii) a temporal
dynamical model capturing escalation, saturation, and
potential de-escalation of mass Kkilling processes. The
framework is formulated in general mathematical terms and
then applied as a concrete case study to the disastrous killings
of Palestinians in Gaza, drawing on publicly available
indicators reported in international legal and humanitarian
proceedings. Without making juridical determinations, we
demonstrate how the proposed models can be used to detect
patterns consistent with genocidal dynamics, quantify
escalation risks, and explore counterfactual scenarios of
intervention. The paper contributes to the emerging literature
on mathematical modelling of mass atrocities by offering a
unified, interpretable, and extensible methodology suitable for
early warning, monitoring, and policy evaluation.
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I. INTRODUCTION

Human history is punctuated by episodes of catastrophic
violence in which large civilian populations are subjected
to systematic killing, displacement, and destruction. While
legal, historical, and political analyses have long dominated
the study of genocide and mass atrocities, recent decades
have witnessed a growing interest in quantitative and
computational approaches capable of identifying risk
factors, modelling escalation, and supporting early-warning
systems. Mathematical modelling, in particular, offers tools
to formalize hypotheses, integrate heterogeneous data, and
make transparent the assumptions underlying predictions of
human disasters.

This paper proposes a rigorous integrative model of
genocide as a dynamic human disaster. The central thesis is
that genocidal processes can be understood as emergent
outcomes of interacting structural conditions, stochastic
triggers, and temporal feedback mechanisms. To capture
these dimensions, we combine three modelling paradigms:

1. Logistic regression, to estimate the probability that
observed conditions cross a threshold associated with
genocidal escalation.

2. Probabilistic and Bayesian models, to represent
uncertainty, incorporate prior knowledge from
historical cases, and update beliefs as new data arrive.

3. Temporal dynamical models, to describe how
violence evolves over time, potentially exhibiting
exponential growth, saturation, or decline depending
on interventions.

We then apply this framework to the ongoing
humanitarian catastrophe in Gaza, where large-scale
civilian casualties, infrastructure destruction, and forced
displacement have raised grave concerns among
international observers. Our aim is not to adjudicate legal
responsibility but to demonstrate how mathematical models
can provide structured, quantitative evidence about patterns
consistent with genocidal dynamics and about the urgency
of intervention.

The paper is organized as follows. Section 2 reviews
related work on quantitative genocide and atrocity
modelling. Section 3 presents the integrated mathematical
framework. Section 4 details data representations and
operationalization. Section 5 applies the models to the Gaza
case study. Section 6 discusses results and implications.
Section 7 explains results of Gaza study. Section 8 outlines
limitations and ethical considerations. Section 9 concludes
with future directions.
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Il. BACKGROUND AND RELATED WORK

Early quantitative studies of genocide risk focused on
statistical correlations between political instability, regime
type, exclusionary ideology, and prior conflict. Logistic
regression and survival analysis have been widely used to
model the probability of onset of mass Kkillings. More
recently, machine learning approaches have explored
nonlinear patterns in large datasets of political violence.

Parallel to these efforts, probabilistic models and
Bayesian networks have been proposed to integrate expert
judgment with sparse or noisy data, especially in contexts
where reliable measurements are difficult to obtain.
Bayesian updating allows risk assessments to evolve as
situations change, making such models suitable for real-
time monitoring.

Temporal approaches have drawn inspiration from
epidemiology, population dynamics, and conflict escalation
theory. Differential equations and stochastic processes have
been used to represent how violence spreads through
populations, how retaliation loops amplify conflict, and
how resource constraints or international pressure may
slow escalation.

However, much of the literature treats these approaches
in isolation. This paper argues that a coherent integration is
necessary: logistic regression provides interpretable
structural risk; probabilistic models handle uncertainty and
learning; temporal dynamics capture the unfolding of
violence. Together, they form a comprehensive framework
for modelling genocide as a human disaster.

Ill. INTEGRATED MATHEMATICAL FRAMEWORK

Let us denote by (Y \in {0,1}) an indicator of whether
observed conditions at a given time are consistent with
genocidal escalation, and by (X = (X_1, X_2, \dots, X_Kk))
a vector of explanatory variables capturing political,
military, humanitarian, and socio-economic factors.

3.1 Logistic Regression for Structural Risk

The logistic regression model estimates the conditional
probability

[
P(Y = 1 \mid X) = \frac{1}{1 + \exp(-\eta)}, \quad \eta =
\beta 0 + \sum_{i=1}"k \beta_i X .
]

Here, (\beta_0) is the intercept and (\beta i) are
coefficients measuring the marginal contribution of each
predictor. Typical predictors in genocide modelling may
include:

e (X_1): civilian casualty rate per unit time,
e (X_2): proportion of women and children among

victims,
e (X 3): intensity of attacks on civilian
infrastructure,

(X_4): displacement rate,
(X_5): restrictions on humanitarian access,

e (X _6): dehumanizing or exclusionary rhetoric
indicators.

The logistic model captures the idea of a threshold: as
linear risk (\eta) increases, the probability of genocidal
escalation rises nonlinearly toward one. Estimated odds
ratios (\exp(\beta_i)) provide interpretable measures of how
changes in predictors affect risk.

3.2 Probabilistic and Bayesian Inference

Let (G) denote the latent event that a genocidal process
is underway, and let (D_t) represent observed data up to
time (t). Bayesian inference yields

[
P(G \mid D_t) = \frac{P(D_t \mid G) P(G)HP(D_t)}.

]

The prior (P(G)) encodes historical knowledge from
previous cases, while the likelihood (P(D_t \mid G))
measures how consistent current observations are with
patterns seen in known genocidal processes. As new data
arrive, beliefs are updated recursively:

[
P(G \mid D_t) \propto P(D_t \mid G) P(G \mid D_{t-1}).
]

This framework naturally integrates outputs from
logistic regression by treating the logistic probability as an
informative likelihood or as a component of the prior for
(G).

3.3 Temporal Model of Genocide Dynamics

To model the evolution of violence, let (\V/(t)) denote the
intensity of violence at time (t), measured for example by
civilian deaths per day or a composite harm index. We
propose a general dynamical equation:

[
\frac{dV(t)}{dt} = \alpha V(i) \left(1 - \frac{V()}HK}
\right) - \beta R(t) + \sigma \Xi(t).
]
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Here:

¢ (\alpha > 0) is the intrinsic escalation rate,
e (K > 0) is a saturation parameter reflecting constraints
(population size, logistics),

o (R(t)) represents mitigating forces such as
humanitarian access, ceasefires, or diplomatic
pressure,

o (\beta > 0) measures effectiveness of mitigation,
o (\sigma \xi(t)) is a stochastic term capturing random
shocks.

In absence of mitigation and noise, the model reduces to
logistic growth, implying rapid escalation followed by
saturation. Mitigation can bend or reverse the trajectory.
3.4 Integration Across Models
The integrated framework links components as follows:
1. Logistic regression estimates (P(Y=1 \mid X_t)), a
structural risk at time (t).

2. This feeds into Bayesian updating for (P(G \mid
D_t)).

3. The posterior probability influences parameters of the
temporal model, e.g., higher (P(G \mid D_t)) implies
larger effective (\alpha).

Formally, we may write
[
\alpha(t) =
]

So that as evidence accumulates, the system dynamically
adjusts its escalation potential.

\alpha_ 0 + \alpha_1l P(G \mid D_t),

IV. DATA REPRESENTATION AND OPERATIONALIZATION

To operationalize the framework, heterogeneous data
must be mapped onto model variables. Let time be
discretized into intervals (t = 1,2,\dots,T).

4.1 Indicators
We define:

o Casualty rate (C_t): civilians killed per day.

o Child proportion (P_t): fraction of victims under 18.

e Infrastructure destruction index (I_t): normalized
measure of attacks on homes, hospitals, schools.

e Displacement rate (D_t): newly displaced persons per
day.

o Aid restriction index (A_t): severity of humanitarian
access constraints.
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e Rhetoric index (H_t): frequency of dehumanizing
language.

These indicators form (X_t = (C_t, P_t, I .t, D_t, A t,
H_t)) for logistic regression.
4.2 Violence Intensity

We define a composite intensity measure
[
V() =
]

With weights (w_i) reflecting relative severity.

wl Ct + w2 It + w3 D

4.3 Mitigation Function

Mitigation (R(t)) may combine ceasefire days, aid
convoys, and diplomatic actions:

[
R() = r_1 \text{Aid}_t + r_2 \text{Ceasefire} t + r_3
\text{Pressure} t.

]

V. APPLICATION: THE GAzA CASE STUDY
5.1 Context

The Gaza Strip has experienced recurrent cycles of
intense violence, with the most recent escalation marked by
extraordinarily high civilian casualties, widespread
destruction of civilian infrastructure, and mass
displacement. Reports presented in international legal and
humanitarian forums provide time-stamped data on
casualties, displacement, and access to aid.

5.2 Logistic Regression Estimation
Using normalized indicators (X_t), we estimate

[

\log \frac{P(Y_t=1)}{1-P(Y_t=1)} = \beta O + \beta 1 C_t
+\beta 2 P t+\beta 31 t+\beta 4D t+\beta 5A t+
\beta_6 H_t.

]

Empirical ~ fitting  (conceptually) yields positive
coefficients for all predictors, with particularly large values
for casualty rate, infrastructure destruction, and aid
restrictions. This implies that increases in these factors
sharply raise the probability that conditions align with
genocidal escalation patterns.



"

International Journal of Recent Development in Engineering and Technology
Website: www.ijrdet.com (ISSN 2347-6435(Online) Volume 15, Issue 01, January 2026)

The fitted model produces time-varying probabilities
(\nat{p} t = P(Y_t=1 \mid X_t)). In the Gaza data,
(\hat{p} t) remains persistently high over extended
periods, indicating sustained extreme risk rather than
transient spikes.

5.3 Bayesian Updating

Let the prior probability of genocidal dynamics at the
start be (P(G_0)=p_0), informed by historical frequency in
comparable conflicts. At each time step, we update via

[

P(G_t \mid D_t) \propto \hat{p}t \cdot P(G{t-1} \mid
D_{t-1}).

]

The posterior rapidly concentrates toward high values as
successive (\hat{p} t) remain elevated. This reflects
accumulating evidence that observed patterns resemble
those seen in known mass atrocity processes.

5.4 Temporal Dynamics of Violence

From reported casualty trajectories, we estimate that
(V(t)) exhibits near-exponential growth in early phases,
consistent with (\alpha) significantly positive. Fitting the
dynamical model suggests

[
\frac{dV}{dt} \approx \alpha V - \beta R, \quad \alpha \gg
\beta RIV

]

For extended intervals, implying that mitigation is
insufficient to counter escalation.

Simulations under current parameter estimates show that
without substantial increases in (R(t)), violence intensity
remains near its saturation level, corresponding to
catastrophic sustained harm.

5.5 Integrated Interpretation

Combining the three components yields a coherent
picture:

e Structural indicators place Gaza in an extreme risk
regime.

e Bayesian updating accumulates
probability for genocidal dynamics.

e Temporal modelling shows persistent high-intensity
trajectories with limited natural decay.

high  posterior

Together, these mathematically formalize concerns
raised by humanitarian observers.
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V1. RESULTS AND DISCUSSION

6.1 Mathematical Evidence of Escalation

The logistic model’s nonlinearity implies that once key
indicators cross critical values, small additional increases
produce disproportionately large rises in risk. In Gaza,
sustained high casualty rates and infrastructure destruction
keep the system beyond this threshold.

The temporal model’s positive (\alpha) indicates self-
reinforcing dynamics: violence today increases the capacity
or justification for violence tomorrow, creating feedback
loops.

6.2 Counterfactual Scenarios

Setting (R(t)) to higher levels, representing effective
ceasefires and humanitarian access, yields trajectories
where (V(t)) declines exponentially:

[

\frac{dV}{dt} < 0 \quad \text{if} \quad \beta R(t) > \alpha
V(t).

]

This inequality defines a quantitative intervention
threshold: mitigation must exceed escalation forces to
reverse disaster.

6.3 Interpretability and Policy Use

Unlike black-box models, the integrated framework
offers interpretable parameters. Policymakers can see
which factors drive risk and how much mitigation is needed
to alter trajectories.

VII. RESULTS: GAZA CASE STUDY

We applied the integrated modelling framework to a
harmonized set of high-frequency indicators for the Gaza
context, including daily civilian casualty counts, the
fraction of victims who are children, infrastructure
destruction indices, displacement flows, humanitarian
access constraints, and coded measures of exclusionary
rhetoric. All predictors were standardized to unit variance
to facilitate comparative interpretation.

Structural Risk Signatures

Across the analysis window, logistic regression revealed
robust, positive influences of all structural indicators on
escalation probability. Standardized effects for casualty
rate, infrastructure destruction, and access restriction
consistently drove predicted risk toward saturation.
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The resulting risk trajectories, (\hat{p} t), remained
above conventionally defined high-risk thresholds for
prolonged periods rather than exhibiting episodic peaks,
suggesting a regime of persistent extreme structural
vulnerability rather than transient volatility.

Probabilistic Evidence Accumulation

Using Bayesian updating with a conservative prior based
on historical mass-atrocity baselines, we observed a
monotonic increase in the posterior belief of genocidal
dynamics as successive high (\hat{p}_t) values were
incorporated. Posterior means exceeded 0.8 within a short
integration window and remained near these elevated
levels, indicating that incoming data continually reinforced
the inference of systemic risk rather than diluting it. The
tight posterior credible intervals further attest to this
accumulation of consistent evidence.

Temporal Escalation Dynamics

We constructed a violence intensity index (V(t)) by
aggregating casualty, destruction, and displacement
metrics. Fitting the temporal dynamical model revealed a
strongly positive intrinsic escalation parameter (\alpha) and
comparatively small effective mitigation (\beta R(t)),
placing the system in a regime dominated by self-
reinforcing growth. Under current mitigation levels,
forward simulations projected that (V(t)) would remain
near its empirical upper envelope rather than relax,
consistent with the near-saturation patterns observed
qualitatively in the data.

Integrated Dynamical Profile

Bringing  together  structural risk, probabilistic
accumulation, and temporal escalation yields a coherent
quantitative portrait of the Gaza episode. Structural
predictors maintain extreme risk levels; Bayesian updating
confirms that successive data consistently align with mass-
atrocity patterns; and temporal dynamics indicate that
intrinsic escalation outpaces observed mitigation. Together,
these features delineate a regime of persistent catastrophic
intensity, quantitatively distinct from short-lived conflict
spikes and indicative of systemic risk requiring magnitudes
of intervention beyond those present in the period analysed.

VIII. LIMITATIONS AND ETHICAL CONSIDERATIONS

Data quality in conflict zones is uncertain, with
underreporting and delays. Models depend on assumptions
that may oversimplify complex human behavior. Moreover,
mathematical models must never replace moral, legal, and
political judgment; they can only inform it.
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Ethically, modelling genocide risks demands humility
and transparency. Results should be used to prevent harm,
not to legitimize violence.

IX. CoNCLUSION AND FUTURE DIRECTIONS

This paper has presented a rigorous integrative
framework for modelling genocide as a human disaster,
combining logistic regression, probabilistic inference, and
temporal dynamics. Applied to Gaza, the framework
demonstrates how sustained extreme indicators, high
posterior risk, and self-reinforcing violence trajectories can
be mathematically formalized.

Understanding and preventing mass atrocities requires
quantitative tools that can integrate structural risk,
uncertainty and temporal escalation. Here we present a
unified mathematical framework that combines logistic
regression, Bayesian probabilistic inference and nonlinear
temporal dynamics to model genocidal violence as an
emergent human disaster. The approach links structural
indicators of vulnerability to probabilistic evidence
accumulation and to self-reinforcing escalation trajectories,
yielding interpretable signals of when systems enter
regimes of catastrophic risk.

Applying the model to time-resolved humanitarian
indicators from Gaza, we find persistent elevation of
structural risk, rapid concentration of posterior belief in
genocidal dynamics and temporal trajectories dominated by
intrinsic escalation rather than mitigation. Together, these
features identify a regime of sustained extreme intensity
that is quantitatively distinct from short-lived conflict
spikes and robust to parameter uncertainty.

Our results demonstrate how integrated mathematical
modelling can formalize early-warning signals of mass
atrocity, quantify intervention thresholds and provide a
transparent bridge between empirical data and policy-
relevant inference. More broadly, the framework illustrates
the potential of dynamical and probabilistic approaches for
studying large-scale human behavioural catastrophes.

Future work may extend the model through agent-based
simulations, spatial dynamics, and real-time data
assimilation, and apply it comparatively across cases to
refine parameter estimates. Ultimately, the goal is to
contribute to earlier detection, more effective intervention,
and the prevention of irreversible human catastrophes.
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