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Abstract

This study establishes a coherent mathematical model for the investigation of road accidents in Bangladesh by integrating
nonlinear deterministic modeling, count regression with exposure, normalized fatality-rate estimation and seasonal time-series
forecasting. The analysis constructs a balanced monthly panel from January 2023 to December 2025, with 36 national monthly
observations and 288 division-month observations, using four synchronized datasets on population, monthly accidents, fatalities
by type of vehicle, and vehicle involvement. During the study period, Bangladesh recorded 17,046 accidents, 15,994 deaths,
20,389 injuries and 36,383 total casualties indicating a persistently high and fluctuating national toll. Analysis of the deterministic
model shows that harmonic quadratic equations best describe the accidents and fatalities, a harmonic linear equation the injuries,
and a cubic equation the accident severity index, confirming the absence of any single common trend structure across the burden
dimensions. Seasonal-index analysis revealed that June is the month with the highest number of accidents, fatalities and injuries,
while August is the lowest month for accidents and fatalities and November for injuries, indicating consistent annual patterns.
At the division-month level, the negative binomial model is significantly better than the Poisson model, reducing the AIC by
275.558 points, indicating significant overdispersion in accident occurrences. The harmonic OLS model for the fatality rate
accounts for 46.1% of the variation in fatalities per 100,000 individuals. The SARIMAX forecast has a 12-month seasonal
memory and projects a rise in June 2026 and a fall in August 2026. The results suggest that the incidence of road accidents in
Bangladesh is influenced by nonlinear trends, seasonal variations, exposure disparities, and random temporal correlations,
providing a mathematically coherent basis for risk assessment and road safety strategies.
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1. Introduction

Road traffic collisions continue to be a major challenge for represented by simple quantitative assessments alone. A de-
transportation and public health due to the interaction of traf-  tailed mathematical approach is required to understand the
fic exposure, road infrastructure, vehicle type, driver behavior ~ temporal development of accident frequency, fatality impact,
and environmental factors. Thus, their load is not adequately injury severity and crash intensity arising from structural and
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stochastic factors.

Mathematical and statistical methods are increasingly used
in road safety research in the last few years, to describe the
complexity of the accident system. Studies have indicated that
crash data are usually nonlinear, heterogeneous, and count-
based, and thus not appropriate for over-simplified analytical
methods. Therefore, mathematical modeling has become a ne-
cessity in the estimation of accident frequency, crash risk as-
sessment, and safety-based planning [10-13].

The literature has focused on statistical count models and
predictive models to model accident frequency. Poisson-based
methods have been used to explain variations in accident fre-
quencies. Different data-driven and analytical methods have
been compared to characterize crash events in more compre-
hensive predictive studies. These studies consistently show
that the frequency of accidents is influenced by the visible
traffic conditions, but also by the fundamental exposure fac-
tors and time patterns [2, 3, 6].

Another area of research that has received considerable at-
tention is crash severity. The impact of accidents cannot be
measured just on the basis of the frequency of occurrences.
Severity models have been developed using ensemble meth-
ods, classification techniques, and mechanistic models to dis-
tinguish between minor crashes and fatal or high-consequence
events. The literature suggests that severity is a unique mod-
eling challenge that requires explicit mathematical treatment,
since similar crash totals can imply very different human and
economic consequences [4, 8, 9].

In recent years, the role of time series and forecasting mod-
els in the study of road accidents has been emphasized. Sea-
sonal and stochastic forecast methods such as SARIMA mod-
els and other similar predictive methods have been shown ca-
pable of detecting repetitive peaks, troughs and short term per-
sistence in accident statistics. These methods are especially
effective when crashes are caused by repetitive calendar
events, mobility patterns, variations in demand due to weather,
and other seasonal influences.

In addition to explanation and prediction, mathematical
models have been employed for operational traffic control and
enhancing road safety. These investigations show that formal
analytical tools can aid in the design of interventions, traffic
regulation under disrupted conditions and higher level deci-
sion making in safety management. Mathematical modeling in
this context is useful for the science of understanding transport
as well as for managing it efficiently [1, 7, 11].

However, no mathematically explicit analysis of road acci-
dents has been done on the context of Bangladesh, although
some studies have indicated the importance of formal model-
ling. The root causes of increasing road accidents in Bangla-
desh have been studied and an SEIR-type mathematical model
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has been suggested to evaluate the severity. These contribu-
tions confirm that Bangladesh offers a significant practical
need and appropriate empirical environment for sophisticated
accident modeling [5, 8].

Nevertheless, a major research gap remains. The existing
literature to date has not produced a comprehensive frame-
work that simultaneously accounts for nonlinear national ac-
cident trajectories, exposure-adjusted division-level count
trends, normalized fatality burden, and seasonal stochastic in-
terdependence in a single mathematical model. The majority
of research being conducted today focuses on a single aspect
of the accident process such as frequency, severity or predic-
tion rather than integrating the elements within an analytical
framework. To fill this gap, the present study develops a full
framework of Mathematical Modeling for Road Accident
Analysis in Bangladesh. It employs nonlinear deterministic
equations to describe national pathways, exposure-adjusted
count models for division-specific accident rates, normalized
rate models to describe fatality impact, and seasonal time-se-
ries techniques for temporal correlation and prediction. This
research seeks to integrate these layers to offer a mathemati-
cally interpretable and policy relevant analysis of the road ac-
cident burden in Bangladesh.

2. Data and Study Design

This study employed an integrated monthly panel frame-
work to analyze road-traffic accident burden in Bangladesh.
The objective was to link national temporal trends, division-
level accident incidence, population-adjusted risk, vehicle-re-
lated fatalities, and exposure-sensitive severity within a single
mathematical structure, as summarized in Figure 1.

The analytical database combined four sources: division-
level population data, monthly accident records, fatalities by
vehicle type and division, and vehicles involved in accidents.
After harmonization, the study covered January-2023 to De-
cember-2025, yielding a 36-month national time series and an
eight-division monthly panel capturing accident frequency,
fatalities, injuries, severity, vehicle involvement, and popula-
tion-adjusted exposure.

Data preprocessing involved standardization of division
names, harmonization of vehicle classifications, synchroniza-
tion of observations by month and year, construction of a con-
solidated monthly date variable, and verification of con-
sistency across the four source documents. For the sake of
consistency in figures, tables and fitted equations, months are
always labeled as January-2023, February-2023, ..., Decem-
ber-2025. Before merging the data sets at common temporal
and spatial scales, missingness and anomalies in the values
were explored.
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Figure 1. Study Design.
The final analytical database was structured in two levels. Fatalitv Raters = 100000F;¢ @)
. . . y it P;: 4
The main variables at the national monthly level were total t
accidents, fatalities, injuries, casualties and an accident sever- 1000007;;
. . - . =i
ity index calculated. These aggregates were used for determin- Injury Rateit P; ©))

istic trend modeling, seasonal index examination, decomposi-
tion and seasonal time-series prediction. The primary response
variable at the division-month level was the number of acci-
dents for division i in month t, which we denote as Y_it. This
panel was used for exposure-adjusted count regression and for
normalized mortality rate modeling. The final dataset included
36 national monthly data points and 288 division-month data
points:

8 divisions X 36 month = 288 division-month observations:

The variables analyzed were accident totals, fatality figures,
injury statistics, casualty numbers, fatalities by vehicle type,
vehicles involved in accidents, division demographics, pro-
portion of population, land expanse, population density, de-
pendency ratio and literacy levels. Developed derived metrics
that standardized burden across divisions, and differentiated
between accident frequency and severity of consequences.

Let A;;, Fy, and I;; denote accidents, fatalities, and inju-
ries in division iduring month ¢, and let P; denote the popu-
lation of division i. The population-normalized indicators
were defined as

) __ 1000004;;
Accident Rateit =~ p—

M

If V;.denotes the number of vehicles involved in accidents,
the exposure-related indicator was defined as

. . _ Vit
Vehicles per Accidentic — 7, (4)
The accident severity index was formulated as
_ 3Fije+lit
Sie ==, — (5)

where fatalities were assigned a greater weight than injuries to
reflect their higher consequence intensity. These transfor-
mations allowed raw accident counts to be distinguished from
normalized risk, exposure intensity, and accident seriousness.

The analytical framework was purposely built in a number
of phases. Phase 1 included descriptive and exploratory anal-
ysis such as national summaries, yearly totals, division-spe-
cific burden profiles, and standardized risk comparisons. The
next step was the evaluation of several alternative determinis-
tic models, including linear, quadratic, cubic, harmonic linear
and harmonic quadratic formulations. In the third stage the re-
petitive temporal trends were analyzed by seasonal index and
decomposition. The fourth phase simulated accidents at the
division level using exposure-adjusted Poisson and negative
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binomial regressions. In the fifth phase, the standardized mor-
tality burden was assessed using a harmonic ordinary least-
squares rate model. Finally, SARIMAX was used to identify
stochastic temporal relationships and to forecast national ac-
cident totals beyond the observed period.

A basic methodological aspect was the clear treatment of
exposure. Accident statistics can also be misleading, because
places with high population density or heavy traffic are more
likely to have more crashes, just because there are more peo-
ple and vehicles there. We therefore used population both as
the denominator for normalized rates, and as a logarithmic ad-
justment in the count models. The direct measure of exposure
to mobility-related was also included as a vehicle participation.
This approach ensured that the count models evaluated rela-
tive accident frequency as a function of exposure and not
solely as a function of differences in division size.

Transparency and reproducibility require that the four da-
tasets be documented, including the source agency, exact da-
taset or report title, date of access, and availability status. The
dataset used in the beginning was “Bangladesh Division Pop-
ulation 2022 Dataset” and it was taken from BBS. The second
dataset was the “Bangladesh Road Accident Dataset, 2023-
20257, the third was the “Number of Fatalities by Vehicle
Types and Division, 2023-2025” and the fourth was the
“Number of Vehicles Involved in Road Accidents, 2023-2025
from BRTA. For publicly available datasets, the repository or
URL should be mentioned in the final manuscript. If the doc-
ument is not permitted to be redistributed, it should identify
the specific licensing, administrative, confidentiality or own-
ership restrictions that preclude public release.

All evaluations were conducted in Python version 3.14.3.
The deterministic linear, quadratic, cubic, harmonic linear and
harmonic quadratic regressions were calculated using the OLS
method in statsmodels. Poisson and negative binomial models
with adjustment for exposure were fit using the GLM, Poisson
and NegativeBinomial classes of the statsmodels library. The
SARIMAX function provided in statsmodels was used for the
seasonal time-series analysis and prediction. Data organiza-
tion and conversion were done with pandas and NumPy, sta-
tistical analyses were performed with SciPy, and high-quality
visual representations were created with Matplotlib.

The specific package versions must be documented from
the analysis environment before submission. The analytical
code, data dictionary, variable definitions and reproducible
processing workflow should be deposited in a suitable repos-
itory (e.g. Zenodo, OSF, Figshare or an institutional archive)
according to the redistribution stipulations of the original data
providers. Where the release of unprocessed administrative
data is not possible, the manuscript should provide the neces-
sary code and metadata to replicate the analytical process.

The design of the study combined panel structure, national
time series analysis, normalization, exposure adjustment, and
multistage mathematical modeling in a cohesive fashion. This
design is particularly suitable for Bangladesh where the road-
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traffic load varies in time and space with very different popu-
lation densities, mobility levels and transportation conditions.
The study used national and division-month scales to capture
large time periods while retaining the regional diversity nec-
essary for meaningful exposure-adjusted conclusions.

3. Mathematical Framework

This study’s analytical framework was developed to portray
the burden of road-traffic accidents in Bangladesh as a com-
plex system that is driven by deterministic drift, seasonal pat-
terns, changes in exposure-adjusted count, normalized conse-
guence severity and stochastic temporal correlation. Instead of
assuming that a single statistical family can capture all the fea-
tures of the accident process, the framework disaggregates the
problem into mathematically distinct but interrelated layers.
The framework at the national level describes the evolution of
accidents, fatalities, injuries and severity by deterministic and
seasonal equations. It models accident occurrences as expo-
sure-adjusted stochastic processes and fatality impact as a
standardized rate process at the division-month level. The
framework combines descriptive burden, structural dynamics,
exposure variability and forecasting into a single mathemati-
cal model.

3.1. Notation, Basic Structure and Derived
Indicators

Let t = 1,2, ..., Tindex the monthly time dimension, where
T =36 for the observed study period. Let m(t) €
{1,2,...,12} denote the calendar month associated with time
t, so that m = 1 corresponds to January, m = 2 to Febru-
ary, and so forth. Let i = 1,2, ...,8 index the administrative
divisions of Bangladesh.

At the national monthly level, define:

A; = total number of accidents in month ¢,

F; = total number of fatalities in month ¢,

I; = total number of injuries in month ¢,

C, = total number of casualties in month ¢,

Where,

C,=F +1, (6)

To quantify consequence intensity per crash event, the
study defines a national accident severity index:

_ 3Fptl;

Se =", (")

The factor 3 attached to fatalities reflects the stronger con-
sequence weight of death relative to injury. This weighted
construction allows the severity process to be modeled sepa-
rately from simple accident frequency.

At the division-month level, define:

Y;; = accident count in division i during month ¢,
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F;; = fatality count in division i during month ¢,

I;; = injury count in division i during month ¢,

V;; = number of vehicles involved in accidents in
division i during month ¢,

P; = population of division i.

The static division-level contextual variables are denoted
by:

D; = population density of division i,

R; = dependency ratio of division i,

L; = literacy rate of division i.

These variables enter the count and rate models as structural
covariates that may shift accident incidence and normalized
fatality burden across divisions.

Now,

The accident rate per 100,000 population is defined as:

__ 100000 Y

ARie = ®)

The fatality rate per 100,000 population is:

100000 F;
FRit = p— )

The injury rate per 100,000 population is:

100000 I;
Rit =5 = (10)

The vehicles-per-accident indicator, which approximates
crash exposure intensity, is defined as:

Vi
VPAit =5, (11)

The fatalities-per-involved-vehicle indicator is defined as:

Fi
FPVit =7, (12)

t
The division-month severity index is:

S, = 3Fjt+1it
it — Y:
it

(13)

These transformations serve two purposes. First, they nor-
malize accident burden across differently sized divisions. Sec-
ond, they separate the notions of frequency, consequence, and
exposure so that one model is not forced to represent all di-
mensions simultaneously.

3.2. Deterministic Trend Models

The first family of models treats the national monthly series
as deterministic functions of time. The goal is to identify
whether the accident process follows a monotone trend, a
curved nonlinear trajectory, or a seasonally modulated path.

3.2.1. Linear Trend Model

The linear trend model assumes that the monthly outcome
changes at a constant rate:

Ye = Bo+ Bt + & (14)

where Y.may represent A, F;, I, or S;, [B,is the intercept,
Byis the slope, and &,is the residual error term.

This formulation is useful as a baseline specification. How-
ever, because road-accident systems often rise and fall non-
monotonically, a purely linear model is usually too restrictive.

3.2.2. Quadratic Trend Model

To allow a single turning point, the quadratic trend model
is written as

Y, = Bo + it + Bot® + &, (15)

Here, B, # 0 introduces curvature. If B, < 0, the trajec-
tory rises and then falls; if 8, > 0, it falls and then rises. This
specification is appropriate when the burden increases during
one part of the study period and moderates later.

3.2.3. Cubic Trend Model

To allow more flexible nonlinear movement with poten-
tially two inflection changes, the cubic model is

Y, = Bo + Pit + Bat® + Bt + &, (16)

The cubic form is useful when accident burden cannot be
represented by a single arc and instead shows more complex
local acceleration and deceleration.

3.3. Harmonic Seasonal Models

The deterministic polynomial models above capture long-
run drift but do not explicitly model periodic seasonality. To
account for regular monthly recurrence, the framework intro-
duces harmonic terms based on trigonometric functions.

3.3.1. Harmonic Linear Model

The harmonic linear model combines a linear time trend
with annual seasonality:

. (2mm(t) 2mm(t)
Yt=[5’0+[5’1t+a151n(”1n2 )+a2cos<n1n2 )+et an

The sine and cosine pair jointly captures a periodic cycle
with period 12 months. The amplitude of the seasonal effect
is

and the phase angle is
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¢1, = tan™" (2) (19)

This model allows the level of the series to drift linearly
while oscillating around that trend according to the calendar
cycle.

3.3.2. Harmonic Quadratic Model

To allow both nonlinear drift and seasonality, the harmonic
quadratic model is defined as

Y, = Bo + Pit + Bot? + a;sin (_anr;(t)) + a,cos (—Znﬁ(t)) +

y1Sin (zmz(t)) + y,cos (2m:(t)) + & (20)

This formulation contains both an annual harmonic compo-
nent and a semiannual harmonic component. The annual pair
captures one full cycle per year, while the semiannual pair al-
lows a second oscillatory mode within each year. The corre-
sponding amplitudes are

A =i + a3, Ag =V +13 (1)

The harmonic quadratic model is particularly useful when
accident burden exhibits both a nonlinear national drift and
recurring within-year peaks and troughs.

3.4. Model Selection for Deterministic
Equations

For each national outcome Y; € {4, F,, 1I;,S;}, the study
compares the linear, quadratic, cubic, harmonic linear, and
harmonic quadratic models. Let ?t(")denote the fitted value
under model k. Model comparison is based on goodness of fit
and parsimony using:

_ ZL(Y:—?:)Z

R*=1 22
3 ey (fe-1)? #2)

Alc = —2logL+2p (23)
BiCc = —2logL +plogT (24)

where Lis the likelihood and pis the number of estimated pa-
rameters. The preferred deterministic equation is the one that
provides the best balance of explanatory power and model
economy.

3.5. Seasonal-Index Analysis

To complement the regression-based harmonic models, the
study computes month-specific seasonal indices. Let Y,,de-

note the average value of a national monthly outcome in cal-
endar month m, averaged across all years in the sample. Let
Ydenote the grand monthly mean over the full study period.
The seasonal index for month m is then:

Sim = (25)

Equivalently, in percentage form,
0% Y
Sk’ =100 x 2 (26)

If SI,, > 1, then month mhas above-average burden; if
SI,, < 1, then it has below-average burden. Seasonal indices
provide a nonparametric summary of the within-year pattern
and therefore serve as an empirical check on the harmonic re-
gression results.

The study next decomposes each national monthly series
into trend, seasonal, and irregular components using an addi-
tive structure:

Yt — Tt + Sgseason) + Rt (27)

where T,is the long-run trend component, S¢*°™js the sea-
sonal component, and R,is the irregular residual. In practice,
this decomposition is useful because it isolates how much of
the variation is attributable to systematic long-run movement,
how much to recurring seasonality, and how much to residual
short-run shocks.

The additive form is appropriate when the seasonal oscilla-
tion is approximately constant in magnitude across the study
period rather than proportional to the level of the series.

3.6. Exposure-adjusted Count Models

At the division-month level, accident counts are nonnega-
tive integers and therefore naturally modeled as count varia-
bles. Let Y;.denote the number of accidents in division idur-
ing month t.

3.6.1. Poisson Regression

The standard Poisson model assumes Y;; ~ Poisson(u;;)
with conditional mean

EYie | Xit) = mye (28)
The log-link function is specified as:

log(uit) = Bo + B1D; + B2R; + BsL; + BaM, + PstT, +
BeVie + Brypaic + log(P;) (29)

where M,is the month number, t.is a year or time index, and
log(P;) enters as an exposure offset. Rearranging gives

i = P; exp(Bo+P1D; +.32Ri+.33Li+ﬁ4Mt+.35'ft+ﬁeVit+.37VPAit) (30)
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This means that the expected accident count scales with
population exposure while the exponential component cap-
tures the effect of structural and temporal predictors.

The incident-rate ratio for predictor x; is

IRR; = €/ (31)

An IRR; > 1 implies an increase in expected accident in-
cidence, whereas IRR; < 1 implies a decrease.

3.6.2. Negative Binomial Regression

Accident data often violate the Equi dispersion assumption
of the Poisson model. Under Poisson regression,
Var(Yie | Xit) = tie 32)
However, if the variance exceeds the mean, the data are
over dispersed. To account for this, the study also estimates a
negative binomial model:
Yie

~ NB i, @) (33)

FRit = = Bo + B1Yie + B2Vie + B3D; + B4R; + BsL; + M, + BT + Sm(

This equation links normalized fatality burden to accident
volume, exposure, division structure, temporal progression,
and annual seasonality. The inclusion of harmonic terms en-
sures that fatality risk is not forced into a purely monotone
time structure when recurrent seasonal effects are present.

3.8. Correlation and Inferential Structure

To assess pairwise linear association between selected var-
iables, the study uses the Pearson correlation coefficient:

Y X-R)j-Y)

=

@7

For rank-based monotonic association, the Spearman coef-
ficient is used:

62
11]

nn2-1)

Ps = (38)

where d;is the rank difference for observation j.
To compare mean accident levels across divisions, one-way
ANOVA evaluates

Ho:py = pp = -+ = g

against the alternative that at least one division mean differs.

The test statistic is
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with the same log-link for u;.but with variance

Var(Yie | Xie) = pae + auf, (34)
where a > 0 is the overdispersion parameter. When « = 0,
the model reduces to Poisson. A positive aallows the condi-
tional variance to rise faster than the mean, which is often
more realistic for regional accident data.

Model comparison between Poisson and negative binomial
is based on AIC, BIC, and log-likelihood. If the negative bi-
nomial model produces a substantially lower AIC/BIC, this
indicates that overdispersion is materially important.

3.7. Normalized Fatality-Rate Model

The study directly models fatality rates because population-
adjusted mortality is a key public health indicator. Let

00000 F;
FRit = 1P—Lt (35)
The harmonic OLS fatality-rate model is specified as
(t)) +a,c s( (t)) + & (36)
F = MStetucen (39)

MSwithin

Because accident counts may depart from normality, the
Kruskal-Wallis alternative can also be used, with statistic

——3(1v+1)

i=1 ™

(40)

N(N+1)

where R; isthe sum of ranks in group i, n;is the group size,
gis the number of groups, and Nis the total sample size.

3.9. Time-series Forecasting Model

The final layer of the framework model’s national accident
counts as a seasonal stochastic process. Let A.denote national
monthly accident counts. The study uses a seasonal ARIMA
model with exogenous seasonal structure, commonly written
as SARIMAX. In backshift notation, the general seasonal
ARIMA model is

®p(B') ¢, (B)(1 — B)? (1 — B)P A, = 04(B'*)8,(B)e; (41)
where:

i. B is the backshift operator, BA; = A;_1,
ii. p,d,q arethe nonseasonal autoregressive, differencing,
and moving-average orders,

iii. P,D,Q are the seasonal autoregressive, differencing,
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and moving-average orders,
. 12 is the seasonal period for monthly data,
¢,(B) and 6,(B) are the nonseasonal AR and MA
polynomials,
®p(B'?) and 0, (B'?) are the seasonal AR and MA
polynomials,

Vii. g,is white noise.

For example, an AR (1) term implies dependence on the
immediately preceding month, while a seasonal AR term at
lag 12 captures annual memory. Forecasts are generated re-
cursively once model parameters are estimated.

Vi.

3.10. Error Measures and Predictive Evaluation

For fitted and forecast values Y;, the study evaluates pre-
dictive performance using root mean squared error and mean
absolute error:

RMSE = \/% Y (Y, =12 (42)

1 ~
MAE =7 2oy | Ve =T (43)

Where appropriate, coefficient of determination is also re-
ported:

_ Z:;l(yt—?t)z

RZ=1 :
¥ i (-1)2

(44)

These criteria allow comparison between deterministic fits,
count-model predictions, and forecast performance.

4. Results and Discussion

4.1. National Burden Profile and Temporal
Structure

The national monthly series provides an initial quantitative
assessment of the magnitude, variability, and temporal organ-
ization of road-traffic burden in Bangladesh. This preliminary
analysis is essential for determining whether accident fre-
quency and consequences exhibit stable, nonlinear, or season-
ally recurrent patterns before applying formal deterministic
and stochastic models.

Table 1. National descriptive profile of the monthly Bangladesh road-traffic burden.

Outcome Total Mean SD
Accidents 17,046 473.500 96.952
Fatalities 15,994 444278 83.984
Injuries 20,389 566.361 157.62
Casualties 36,383 1,010.639 226.50
Severity index 144.982 4.027 0.287

Table 1 shows that Bangladesh experienced a substantial
cumulative burden over the 36-month observation window,
with 17,046 accidents, 15,994 fatalities, 20,389 injuries, and
36,383 casualties. The corresponding monthly means were
473.500 accidents, 444.278 fatalities, 566.361 injuries, and
1,010.639 casualties, confirming that the burden remained
consistently high throughout the period. The standard devia-
tions further indicate marked temporal fluctuation, particu-
larly for injuries (157.625) and casualties (226.506), implying
that the consequence dimension of the accident system varied
more strongly than accident frequency alone. The minimum
and maximum values reinforce this interpretation: accident
counts ranged from 214 to 730, fatalities from 231 to 642, and
injuries from 283 to 934. The severity index averaged 4.027,
with a minimum of 3.562 and a maximum of 4.995, which
demonstrates that the average consequence intensity per crash
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Min Median Max
214.000 469.500 730.000
231.000 442.500 642.000
283.000 546.000 934.000
514.000 1,015.500 1,498.000
3.562 3.964 4.995

changed materially across time rather than remaining constant.
In Q1-journal terms, Table 1 establishes that the Bangladesh
road-traffic system is not only high-burden but also structur-
ally unstable at the monthly scale.

Figure 1 extends this interpretation by revealing the temporal
architecture of the burden. The three national series display a
clear pattern of repeated mid-year escalation followed by pro-
nounced decline, especially in the accident and fatality curves.
The accident series reached its highest observed value in June-
2024 (730 accidents) and its lowest value in August-2024 (214
accidents), indicating a sharp crest-trough transition within a
relatively short interval. Fatalities followed a closely synchro-
nized path, peaking in June-2024 at 642 fatalities, which sug-
gests that accident occurrence and fatal consequence burden
were driven by a common seasonal mechanism. Injuries also
exhibited strong fluctuation, but with a larger amplitude and a
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slightly different peak structure, reaching their maximum in
July-2023 at 934 injuries. This difference in amplitude is im-
portant because it implies that accident occurrence, fatality con-
version, and injury burden were correlated but not identical pro-
cesses. Thus, Figure 1 rules out a purely linear temporal inter-
pretation and instead supports the coexistence of medium-run

drift and within-year seasonal recurrence.

Table 1 and Figure 2 establish the basis for subsequent mod-
eling by showing that the national road-traffic burden is both
highly variable and seasonally structured. These patterns sup-
port the use of nonlinear deterministic, harmonic, and stochastic
time-series models rather than descriptive analysis alone.
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Figure 2. National monthly accident, fatality, and injury burden in Bangladesh.

4.2. Annual and Division-level Burden Differentials

Table 2. Annual national totals and average monthly burden.

Year Accidents Fatalities Injuries
2,023 5,495 5,024 7,495
2,024 5,856 5,480 6,470
2,025 5,695 5,490 6,424

Annual and regional summaries show that road-traffic bur-
den in Bangladesh varies across both time and space. The di-
vergence between yearly trends, raw divisional counts, and
normalized risk highlights the need for distinct temporal and
exposure-adjusted modeling approaches.

Table 2 shows that the national annual burden did not evolve
in a simple monotone manner. Total accidents increased from
5,495 in 2023 to 5,856 in 2024, before moderating slightly to
5,695 in 2025. Fatalities followed a similar but more persistent
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Casualties Accidents/month Fatalities/month
12,519 457.92 418.67
11,950 488.00 456.67
11,914 474,58 457.50

upward path, rising from 5,024 in 2023 to 5,480 in 2024 and re-
maining high at 5,490 in 2025. By contrast, injuries were highest
in 2023, with 7,495 cases, and then declined to 6,470 in 2024 and
6,424 in 2025. Casualties also decreased from 12,519 in 2023 to
11,950 in 2024 and 11,914 in 2025. The corresponding average
monthly burden confirms the same pattern: accidents per month
increased from 457.92 to 488.00 and then fell slightly to 474.58,
while fatalities per month rose from 418.67 to 456.67 and 457.50.
This divergence between accident frequency and injury burden
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suggests that the Bangladesh accident system did not evolve
through a single common mechanism. Instead, the temporal

structure appears to involve distinct processes for crash occur-
rence, fatality conversion, and injury generation.

Table 3. Division-level burden and normalized risk profile.

Division Totgl Total_ _ To_tal_ Mea_m Mean_ Mean_ Mea_n _
Accidents Fatalities Injuries Accident Rate 100k Fatality Rate 100k Severity Index Vehicles Per Accident
Dhaka 3,912 3,815 4,338 0.238 0.232 4.031 1.457
Chattogram 3,340 3,053 5,088 0.271 0.248 4.264 1.449
Rajshahi 2,488 2,390 1,877 0.332 0.319 3.720 1.442
Barishal 1,611 1,523 2,005 0.480 0.453 4.350 0.960
Sylhet 1,609 1,520 1,825 0.391 0.370 4.049 1.029
Khulna 1,486 1,222 2,133 0.232 0.191 3.894 2.456
Mymensingh 1,324 1,266 1,436 0.291 0.278 3.979 1.913
Rangpur 1,276 1,205 1,687 0.197 0.186 4.334 2.816

Table 3 extends this interpretation to the division level and
shows that regional burden was highly uneven. In absolute
terms, Dhaka recorded the highest cumulative accident burden
(3,912 accidents), followed by Chattogram (3,340) and
Rajshahi (2,488). Dhaka also recorded the highest total fatali-
ties (3,815), whereas Chattogram recorded the highest total in-
juries (5,088). However, the normalized risk profile differs
markedly from the raw burden ranking. Barishal exhibited the
highest mean accident rate per 100,000 population (0.480) and

the highest mean fatality rate per 100,000 population (0.453),
despite contributing fewer total accidents than Dhaka, Chatto-
gram, or Rajshahi. Sylhet and Rajshahi also showed elevated
normalized rates relative to their raw accident totals. This
means that divisions with the largest cumulative burden are
not necessarily the divisions with the greatest relative risk, and
it highlights the need to distinguish accident volume from ex-
posure-adjusted severity of burden.
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Figure 3. Division-wise cumulative accident burden across the study period.
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The division-level comparison also reveals important vari-
ation in consequence intensity and vehicle involvement. Bari-
shal had the highest mean severity index (4.350), followed
closely by Rangpur (4.334) and Chattogram (4.264), indicat-
ing that the average consequence burden per accident was not
spatially uniform. In contrast, Rajshahi had the lowest mean
severity index (3.720), suggesting that although its total bur-
den was high, its average accident consequence intensity was
lower than that of several other divisions. The vehicles-per-
accident indicator displays another important pattern.
Rangpur recorded the highest mean vehicles per accident
(2.816), followed by Khulna (2.456) and Mymensingh (1.913),
while Barishal had the lowest value (0.960). This implies that
divisions differ not only in accident volume and normalized
risk, but also in the structure of crash exposure and involve-
ment intensity. Such variation provides direct justification for
the later use of exposure-adjusted count models rather than re-
lying on raw counts alone.

Figure 3 visually reinforces the hierarchy already observed
in Table 3. The bar chart shows a steep separation between
Dhaka and the rest of the country, with Chattogram forming
the second tier and Rajshahi the third. The remaining divisions
cluster at substantially lower total accident levels, although
the differences among Barishal, Sylhet, Khulna, Mymensingh,
and Rangpur is smaller in magnitude. The figure is useful be-
cause it makes the raw burden structure immediately visible:
Bangladesh’s cumulative accident burden was spatially con-
centrated, with the largest metropolitan and high-mobility di-
visions carrying the greatest total number of recorded crashes.
At the same time, when Figure 3 is interpreted together with
Table 3, it becomes evident that raw concentration does not
fully represent risk intensity. A division can contribute fewer
accidents in total while still exhibiting a higher accident rate,
fatality rate, or severity index once exposure is taken into ac-
count.

Collectively, Tables 2, 3 and Figure 3 show clear temporal
and spatial heterogeneity in Bangladesh’s road-traffic burden.
Annual accident, fatality, and injury trends differed, while di-
vision-level raw counts did not align with normalized risk.
These patterns justify the use of nonlinear national models and
exposure-adjusted division-level count and rate models.

4.3. Best-fitting Deterministic Equations

The deterministic modeling stage evaluated linear, quad-
ratic, cubic, harmonic linear, and harmonic quadratic specifi-
cations to identify the most appropriate structure for each na-
tional road-traffic outcome. The comparison assessed whether
a common deterministic form could explain all outcomes or
whether distinct burden dimensions required different combi-
nations of temporal drift and seasonality.

Table 4 shows that the best-fitting deterministic form dif-
fered across outcomes. Both the number of accidents and the
number of fatalities were best represented by the harmonic
quadratic model, with R? = 0.385 and R? = 0.402, respec-
tively. By contrast, the number of injuries was best captured
by a harmonic linear model with R? = 0.295, while the acci-
dent severity index was best represented by a cubic model
with R? = 0.250. The information criteria support the same
conclusion. The selected accident model achieved an AIC of
427.014 and a BIC of 438.098, while the corresponding fatal-
ity model achieved an AIC of 415.625 and a BIC of 426.710.
For injuries, the harmonic linear model produced an AIC of
460.912 and a BIC of 467.247, and for the severity index the
cubic model yielded an AIC of 8.822 and a BIC of 15.156.
Taken together, these values indicate that no single determin-
istic form governs the entire road-traffic burden. Instead, each
outcome responds to a different combination of temporal cur-
vature and seasonal forcing, which is itself an important sub-
stantive result.

Table 4. Best deterministic trend models by outcome.

QOutcome Best model

Number_of Accidents Harmonic_Quadratic

Number_of_Fatalities Harmonic_Quadratic
Number_of_Injuries Harmonic_Linear

Accident_Severity_Index Cubic

The fitted national accident equation is:

A(t,m) = 402.1174 + 10.9461¢ — 0.2902¢2 + 44.4736 sin (
37.8855 cos(

This specification combines a quadratic temporal drift with
annual and semiannual harmonic components. The positive

AlC BIC R=

427.014 438.098 0.385
415.625 426.710 0.402
460.912 467.247 0.295
8.822 15.156 0.250

2mm 2mm 2mm

7) — 26.5980 cos (?) — 35.6078 sin (T) +
2’"”) (45)

6

linear coefficient (10.9461)and negative quadratic coeffi-
cient (-0.2902) indicate that accident counts initially increased
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and then gradually moderated over time. The seasonal terms  crest structure, and also captures the post-crest contraction
show that this drift operated within a strong periodic structure  that follows. Although the fitted line necessarily smooths
rather than in isolation. Figure 4 confirms this interpretation. short-run fluctuations, it reproduces the dominant determinis-
The harmonic quadratic fit follows the broad rise in accident tic pattern and therefore provides a credible representation of
counts across 2023 and early 2024, reproduces the mid-year  the underlying national accident trajectory.
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Figure 4. Best deterministic fit for national monthly accidents.
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Figure 5. Best deterministic fit for national monthly fatalities.
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The fitted fatality equation is:

F(t,m) = 375.6497 + 8.5065t — 0.1937t2 + 49.6133 sin(
30.9385 cos (Z”T’")

The structure of this equation closely parallels that of the
accident model, which suggests that fatalities were governed
by the same broad deterministic system as crash occurrence.
However, the coefficients differ in magnitude, indicating that
fatality burden did not merely scale proportionally with acci-
dent frequency. The lower quadratic coefficient implies a
slightly smoother medium-run curvature, while the harmonic
coefficients confirm strong annual and semiannual seasonal

2mm
12

2mm
12

) — 19.7454 cos (22) — 27.9962 sin (2) +

6

(46)

dependence. Figure 5 supports this interpretation by showing
that the fitted fatality curve tracks the observed crest-trough
pattern with considerable fidelity. In particular, the model re-
produces the broad mid-year elevation and the late-2024 con-
traction, even though it smooths the sharpest month-to-month
departures. The deterministic fatality process is therefore best
understood as a seasonally modulated nonlinear trajectory ra-
ther than a linear accumulation of crash consequences.
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Figure 6. Best deterministic fit for national monthly injuries.

For injuries, the best-fitting equation is the harmonic linear model.

i(t,m) = 622.8712 — 3.2291¢ + 56.6627 sin (2’"”) — 82.9357 cos (2’””)

Unlike the accident and fatality equations, this model does
not include a quadratic term, indicating that injuries did not
require the same degree of medium-run curvature for optimal
deterministic representation. The negative time coefficient (-
3.2291) suggests a mild downward drift through the study pe-
riod, while the two harmonic terms confirm strong recurring
annual variation. Figure 6 illustrates this clearly: the fitted in-
jury line reproduces the major annual oscillation and the broad
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(47)

12 12
high-low transitions, but with smoother curvature than the ob-
served series. The injury process therefore appears to have
been more strongly driven by within-year periodicity than by
pronounced nonlinear trend reversal. This distinction is con-
sistent with the descriptive evidence, which showed that inju-
ries declined after 2023 even though accident and fatality bur-
dens remained comparatively elevated.

The best-fitting deterministic equation for the accident se-
verity index was cubic:
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S(t) = 4.5180 — 0.1104t + 0.0062t> — 0.0001t> (48)

Although its explanatory power was lower than that of the
other selected models, the cubic form remains informative be-
cause it shows that severity changed dynamically over time
rather than remaining mechanically fixed in proportion to ac-
cident totals. The alternating signs of the coefficients imply an
initial decline, followed by partial recovery and later modera-
tion. This means that the average consequence intensity of ac-
cidents was itself time-dependent and did not follow the same
deterministic structure as the frequency outcomes. In substan-
tive terms, Bangladesh’s road-traffic burden was governed by
more than one deterministic mechanism: one for accident and
fatality occurrence, another for injury oscillation, and yet an-
other for average consequence intensity.

Figures 4-6 confirm that the deterministic structure is out-
come-specific. Harmonic quadratic models capture the non-
linear and seasonal behavior of accidents and fatalities, while
the harmonic linear model adequately represents the cyclical
injury pattern. Overall, the fitted models recover the dominant

temporal and seasonal structure without attempting to repro-
duce short-term fluctuations.

Overall, Table 4 and Figures 4-6 show that Bangladesh’s
national accident dynamics are outcome-specific. Accidents
and fatalities are best described by harmonic quadratic models,
injuries by a harmonic linear model, and severity by a cubic
model. This confirms that the burden is driven by distinct
combinations of nonlinear trend and seasonality, supporting
the use of a layered mathematical framework.

4.4. Seasonal Structure and Stochastic
Dependence

The deterministic models identified strong seasonality in
Bangladesh’s national accident burden. To verify its robust-
ness and persistence, seasonal-index analysis and seasonal
time-series forecasting were applied jointly, combining non-
parametric monthly pattern assessment with stochastic mod-
eling of serial dependence and future seasonal recurrence.

Table 5. Seasonal-index peaks and troughs.

Outcome Peak month Peak index
Accidents June 1.302
Fatalities June 1.284
Injuries June 1.375

Table 5 summarizes the seasonal-index peaks and troughs
for the principal national burden variables. The results show a
remarkably coherent seasonal structure. For accidents, the
peak month was June, with a seasonal index of 1.302, while
the trough month was August, with a seasonal index of 0.767.
For fatalities, the same pattern was observed: June produced
the highest seasonal index (1.284), whereas August produced
the lowest (0.769). For injuries, the peak also occurred in June,
and the corresponding seasonal index was even larger (1.375),
indicating a stronger mid-year elevation than that observed for
accidents or fatalities. The trough for injuries, however,
shifted to November, with a seasonal index of 0.832. This dis-
tinction is important because it suggests that injury burden,
although synchronized with the broader annual cycle, does not
contract at exactly the same point in the calendar as accident
and fatality counts. In substantive terms, Table 5 confirms that
the seasonal process is not random noise; it is a stable and in-
terpretable feature of the national road-traffic system.

Figures 7 and 8 provide a graphical interpretation of the
same seasonal-index evidence for accidents and fatalities. In
Figure 7, the accident seasonal-index curve rises progressively
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Trough month Trough index

August 0.767
August 0.769
November 0.832

from the early months of the year, crosses above the unit ref-
erence line by March, and reaches its maximum in June. This
means that accident counts during June were approximately
30.2% above the overall monthly average. The curve then de-
clines sharply, falling below unity in July and reaching its
lowest point in August, when accident burden was approxi-
mately 23.3% below the average monthly level. Thereafter,
the index gradually recovers, returning to values close to or
slightly above unity toward the end of the year. Figure 8 shows
an almost identical temporal architecture for fatalities. Fatality
burden rises from below-average levels in the early months to
a June peak approximately 28.4% above the monthly average,
then contracts sharply to an August through approximately
23.1% below average. The close correspondence between Fig-
ures 7 and 8 indicates that accident occurrence and fatal con-
sequence burden were governed by the same broad seasonal
system. This graphical alignment also reinforces the harmonic
regression findings reported earlier, but unlike harmonic re-
gression, the seasonal-index method does not impose a para-
metric sinusoidal structure. The agreement between the two
therefore strengthens confidence that the observed seasonality
is genuine rather than an artifact of model specification.
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Figure 8. Seasonal index of national monthly fatalities.
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Figure 9. SARIMAX forecast for national monthly accidents with confidence limits.

The stochastic time-series evidence leads to the same con-
clusion. Figure 9 presents the SARIMAX fit and forecast for
national monthly accident counts, together with confidence
limits. The in-sample fitted values reproduce the broad tem-
poral movement of the observed series, including the strong
oscillatory pattern and the sharp contraction following the
2024 crest. More importantly, the post-sample forecast pre-
serves a clear 12-month seasonal memory, indicating that the
annual accident cycle identified in the historical data contin-
ues to shape the projected path. The forecasted series shows a
renewed crest in June-2026, with 531.074 forecast accidents,
followed by a sharp decline to a trough in August-2026, with
172.717 forecast accidents. Thus, the same mid-year intensi-
fication and late-monsoon contraction observed during the es-
timation period is projected to reappear in the post-sample
horizon. Although the confidence band widens as the forecast
extends further into the future, the central path remains
strongly seasonal, which implies that the annual cycle is not
only descriptive but predictive.

From a methodological standpoint, the seasonal-index re-
sults and SARIMAX forecast complement one another in a
highly informative way. The seasonal indices identify the
months that systematically lie above or below the long-run av-
erage, while the SARIMAX model shows that these recurring
departures are embedded within a stochastic dependence
structure with persistent annual memory. This means that
Bangladesh’s road-traffic accident burden is not merely sea-
sonal in a descriptive sense; it is seasonally reproducible in a
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predictive sense as well. In practical terms, the recurrence of
June peaks and August troughs suggests that preventive
measures, traffic monitoring, and emergency preparedness
should be aligned with the calendar structure of risk rather
than distributed uniformly across the year.

Taken together, Table 5 and Figures 7-9 confirm a persis-
tent seasonal structure in Bangladesh’s road-traffic burden.
Seasonal indices identify stable peak and trough months,
while SARIMAX shows that this annual pattern persists into
the forecast period. The agreement across deterministic, sea-
sonal, and stochastic models indicates a recurring mid-year
peak followed by a later decline, with clear implications for
both modeling and road-safety planning.

4.5. Exposure-adjusted Count Modelling and
Normalized Fatality Risk

The preceding analyses revealed substantial temporal and
regional heterogeneity in road-traffic burden. To evaluate this
structure inferentially, division-month accident counts were
modeled using exposure-adjusted Poisson and negative bino-
mial regression, while normalized fatality risk was assessed
through a harmonic OLS model. This approach tests whether
accident incidence and fatalities per 100,000 population can
be explained systematically after accounting for exposure, re-
gional characteristics, and seasonality.
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Table 6. Count-model comparison for division-month accident inci-
dence.

(2934.931 vs. 3210.489), and higher log-likelihood
(—1439.151 vs. —1576.929). The 275.558-point AIC improve-
ment provides strong evidence of overdispersion, indicating

ikl AIE e L L that the Poisson equidispersion assumption is inappropriate
) for the Bangladesh accident panel.

Poisson 3173859 3210489 -1576.929 Figure 10 supports this result by showing a clear positive

Negative Binomial ~ 2898.301 2934.931 -1439.151 relationship between observed and predicted counts under the

Table 6 shows that the negative binomial model clearly out-
performed the Poisson model for division-month accident
counts, with lower AIC (2898.301 vs. 3173.859), lower BIC

negative binomial model. Although dispersion increases at
higher accident levels, the model captures the main incidence
pattern across low-, medium-, and high-burden observations,
supporting its suitability for exposure-adjusted accident mod-
eling.
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Figure 10. Observed versus predicted accident counts under the negative binomial model.
Table 7 shows that the harmonic OLS fatality-rate model -
. . . Statistic Value
explained 46.1% of the variation in fatalities per 100,000 pop-
ulation. The model was highly significant, with AIC and BIC Adj_R_squared 0.443268
values of —433.804 and —397.175, respectively. These results E statisti 26.389808
indicate that normalized fatality risk has a statistically mean- SHatstie '
ingful structure once exposure, regional characteristics, and F_pvalue 0.000000
seasonal effects are incorporated. AIC -433.804445
BIC -397.174840

Table 7. OLS harmonic fatality-rate model diagnostics.

Statistic Value Figure 10 provides the graphical counterpart to Table 7 by
comparing observed and predicted fatalities per 100,000 pop-
R_squared 0.460727 ulation under the harmonic OLS model. The scatter points are

concentrated along an upward-sloping pattern, indicating
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broad agreement between observed and fitted normalized fa-
tality values. The alignment is strongest in the central portion
of the distribution, where most observations cluster, while
greater dispersion is visible at the higher end of the fatality-

rate scale. This is a typical feature of applied rate modeling in
heterogeneous regional data and does not weaken the substan-
tive result.
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Figure 11. Observed versus predicted fatalities per 100,000 population under the harmonic OLS model.

On the contrary, the Figure 11 shows that the model cap-
tures the main gradient of normalized fatality risk without re-
ducing all divisions and months to a uniform fitted average. In
policy terms, this is important because it means that variation
in fatality burden across divisions is not merely a consequence
of size differences; it reflects interpretable structure linked to
exposure, accident burden, and seasonality.

4.6. Integrated Interpretation

The results collectively indicate that road-traffic accident
burden in Bangladesh is governed by the interaction of non-
linear temporal dynamics, recurring seasonality, exposure het-
erogeneity, and consequence severity, rather than by a single
underlying process. The integrated framework is therefore
necessary because each model captures a different structural
component of the accident system.

At the national level, accidents and fatalities were best rep-
resented by harmonic quadratic models, injuries by a har-
monic linear model, and the severity index by a cubic model.
This confirms that crash frequency, fatality burden, injury bur-
den, and severity follow distinct temporal patterns. Seasonal
analysis further identified June as the dominant peak month,
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while August represented the principal trough for accidents
and fatalities. The SARIMAX results preserved this 12-month
recurrence, indicating that the seasonal structure is both statis-
tically persistent and predictive.

At the regional level, raw accident burden and normalized
risk differed substantially. Dhaka and Chattogram recorded
the largest total accident counts, whereas Barishal exhibited
the highest population-adjusted accident and fatality rates.
This divergence demonstrates the importance of exposure ad-
justment when comparing divisions of different population
and mobility characteristics.

The negative binomial model clearly outperformed the
Poisson specification, confirming substantial overdispersion
in division-month accident counts. This suggests that regional
accident incidence contains unobserved heterogeneity and
variability that cannot be represented adequately by an equi-
dispersed count process. Similarly, the normalized fatality-
rate model showed that fatality risk has a systematic explana-
tory structure once exposure, regional characteristics, and sea-
sonality are incorporated.

Overall, the findings support a multilayered interpretation
of road-traffic burden in Bangladesh. National trends are non-
linear and seasonal, regional incidence is exposure-sensitive
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and overdispersed, and consequence severity follows a dis-
tinct risk structure. From a policy perspective, road-safety in-
terventions should therefore combine seasonally targeted pre-
vention, exposure-adjusted regional prioritization, and sepa-
rate monitoring of accident frequency and fatality severity.

5. Findings, Limitations and Future
Works

5.1. Findings

These complementary results provide a coherent basis for
interpreting the temporal, spatial, and exposure-related dimen-
sions of road-traffic risk. The key findings are summarized as
follows.

i. Bangladesh experienced a persistently high national
road-traffic burden over the study period, with 17,046
accidents, 15,994 fatalities, 20,389 injuries, and 36,383
casualties recorded over 36 months. This confirms that
the accident system was both substantial in magnitude
and materially variable over time.

ii. The annual burden did not evolve monotonically. Ac-
cident totals increased from 5,495 in 2023 to 5,856 in
2024 before moderating to 5,695 in 2025, while fatali-
ties rose from 5,024 in 2023 to 5,480 in 2024 and re-
mained high at 5,490 in 2025. This temporal pattern
supports the use of nonlinear deterministic models ra-
ther than a simple linear trend.

iii. The best-fitting deterministic structure differed across
outcomes, indicating that no single functional form
governs the entire accident system. National accidents
and fatalities were best represented by harmonic quad-
ratic models, injuries by a harmonic linear model, and
the accident severity index by a cubic model. This re-
sult shows that the different burden dimensions re-
spond to distinct combinations of temporal drift and
seasonal forcing.

iv. The national accident and fatality series were both char-
acterized by a rising-then-moderating pattern under
strong annual and semiannual seasonal influence. This
indicates that accident occurrence and fatality burden
were governed by the same broad seasonal system, alt-
hough not with identical amplitude or response intensity.

v. The injury series followed a different deterministic
structure, with recurring annual oscillation playing a
stronger role than medium-run nonlinear curvature.
This suggests that injury burden was seasonally recur-
rent but less strongly driven by the same medium-run
trajectory that shaped accident and fatality counts.

vi. The accident severity index changed dynamically
across the study period rather than remaining mechan-
ically proportional to accident frequency. This shows
that the consequence intensity of crashes evolved over
time and should therefore be modeled separately from

raw accident totals.

vii. Seasonal-index analysis revealed a clear and stable cal-
endar structure. June was the peak month for accidents,
fatalities, and injuries, whereas August was the trough
month for accidents and fatalities and November was
the trough month for injuries. This confirms that the
Bangladesh accident system is seasonally recurrent ra-
ther than temporally uniform.

viii. Division-level raw burden and population-normalized
risk did not coincide. Dhaka and Chattogram recorded
the largest cumulative accident totals, but Barishal ex-
hibited the highest mean accident and fatality rates per
100,000 population. This demonstrates that the divi-
sions with the greatest raw burden are not necessarily
the divisions with the highest relative risk.

iX. Division-month accident counts were substantially over
dispersed. The negative binomial model outperformed
the Poisson model by improving the AIC by 275.558
points, indicating that equidispersion assumptions are in-
appropriate for the Bangladesh regional accident panel.

X.  Within the exposure-adjusted count framework, vehi-
cles involved and vehicles per accident remained im-
portant predictors of accident incidence. This demon-
strates that mobility-related exposure is a major deter-
minant of crash burden even after adjustment for pop-
ulation size and division-level structural characteristics.

xi. The harmonic OLS fatality-rate model explained 46.1%
of the variation in fatalities per 100,000 population, con-
firming that normalized fatality burden has a meaningful
explanatory structure linked to accident volume, expo-
sure, division characteristics, and seasonality.

xii. Seasonal stochastic forecasting through SARIMAX pre-
served a strong 12-month seasonal memory and pro-
jected a renewed accident crest in June-2026 and a
trough in August-2026, implying that the observed sea-
sonal cycle is likely to persist beyond the estimation pe-
riod.

5.2. Limitations

The main limitations of the study are as follows:

i. The 36-month study period limits assessment of long-
term structural changes.

ii. Secondary administrative data may contain underreport-
ing, delays, or measurement inconsistencies.

iii. Important factors such as weather, road geometry, traffic
speed, enforcement, and driver behavior were not in-
cluded.

5.3. Future Works

The findings suggest several directions for future research:

i. Incorporate weather, roadway, traffic, enforcement,
land-use, and behavioral factors.

ii. Extend the framework to spatial and spatio-temporal
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models for regional dependence and clustering.
iii. Compare the current models with Bayesian, spatial neg-
ative binomial, and advanced forecasting approaches.

6. Conclusions

This study developed an integrated mathematical frame-
work for road-traffic accident analysis in Bangladesh by com-
bining nonlinear deterministic modeling, exposure-adjusted
count regression, normalized fatality-rate analysis, and sea-
sonal time-series forecasting. The findings demonstrate that
accident burden is governed by interacting temporal, seasonal,
exposure-related, and stochastic mechanisms rather than by a
single uniform process. National accidents and fatalities were
best represented by harmonic quadratic models, injuries by a
harmonic linear model, and the severity index by a cubic spec-
ification, confirming that different burden dimensions follow
distinct structural trajectories. At the division level, the nega-
tive binomial model substantially outperformed the Poisson
model, indicating pronounced overdispersion in accident
counts, while the normalized fatality-rate model showed that
fatality risk can be meaningfully explained after accounting
for exposure, regional characteristics, and seasonality. Overall,
the results support interpreting road accidents in Bangladesh
as a structured dynamic system rather than as isolated monthly
events. The proposed framework therefore provides a mathe-
matically coherent and policy-relevant basis for seasonal sur-
veillance, exposure-adjusted regional risk assessment, and ev-
idence-based road-safety planning.
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