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Abstract

This study develops a spatio-temporal forecasting artifact for road traffic accidents in Ecuador, ad-
dressing a critical limitation in existing predictive approaches that rely predominantly on point error
metrics without validating the statistical assumptions underlying forecast uncertainty. Motivated by
pronounced territorial heterogeneity in accident incidence and the need for reliable decision-support
tools, the research proposes a multiregional modeling framework that integrates statistical residual
validation to enhance the robustness of road safety planning. Using a dataset of 27,648 monthly
observations covering all 24 provinces from 2014 to 2025, the study applies the Prophet model within a
Design Science Research paradigm and a CRISP-DM implementation cycle. Separate provincial mod-
els are estimated with a 24-month forecasting horizon, and methodological rigor is ensured through
systematic residual diagnostics using the Shapiro–Wilk test for normality and the Ljung–Box test for
temporal independence. Empirical results indicate that the Prophet-based artifact outperforms a naïve
seasonal benchmark in 70.8% of the provinces, demonstrating excellent predictive accuracy in struc-
turally stable regions such as Tungurahua (MAPE = 10.9%). At the same time, the framework enables
the identification of critical emerging risks in provinces such as Santo Domingo and Cotopaxi, where
projected increases exceed 49% despite acceptable point forecasts. The findings confirm that point
accuracy alone does not guarantee the validity of confidence intervals and that residual validation is
essential for trustworthy uncertainty quantification. Overall, the proposed approach provides a robust
foundation for a predictive surveillance system capable of supporting differentiated, evidence-based
road safety policies in territorially heterogeneous contexts.

Keywords: traffic accident forecasting; Prophet model; spatio-temporal analysis; residual validation;
road safety policy

1. Introduction
Road traffic accidents represent one of the most persistent challenges for contemporary public

health, manifesting as a phenomenon characterized by high temporal variability, nonlinear behavior,
and profound spatial heterogeneity. At the global scale, traffic accidents continue to rank among the
leading causes of mortality and disability, generating substantial socioeconomic impacts associated
with productivity losses, pressure on healthcare systems, and long-term indirect costs [1]. This
problem is particularly acute in middle-income countries, where accelerated urbanization processes,
rapid expansion of vehicle fleets, and uneven development of road infrastructure give rise to highly
asymmetric risk dynamics [2,3].

From an analytical perspective, road traffic accidents have been extensively studied using time-
series models, which allow the identification of underlying trends, seasonality, and cyclical patterns
in historical data. In the field of road safety, classical approaches such as ARIMA and SARIMA have
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been widely applied for accident forecasting, particularly in contexts with relatively stable temporal
structures [4,5]. However, recent evidence indicates that these models face significant limitations when
confronted with series characterized by abrupt structural changes, heteroskedasticity, and complex
dynamic regimes—conditions that are frequently observed in regional and subnational traffic accident
data [6,7].

Within this context, the availability of robust predictive tools has become strategically important
for the formulation and evaluation of road safety public policies. Forecasting models not only enable
anticipation of future accident trends but also constitute a critical input for efficient resource allocation,
the design of targeted interventions, and the early identification of emerging risks [8]. Nevertheless,
for these models to be genuinely useful in decision-making processes, they must provide not only
accurate point forecasts but also a reliable characterization of the uncertainty associated with their
predictions.

Despite methodological advances, a relevant gap persists in the recent literature regarding the
rigorous statistical validation of predictive models applied to road traffic accidents. In particular, many
studies focus primarily on aggregate error metrics, such as MAPE or RMSE, while neglecting the formal
evaluation of statistical assumptions underlying model residuals [9,10]. The absence of normality
and temporal independence tests—such as Shapiro–Wilk and Ljung–Box—limits the interpretation of
model robustness and undermines the reliability of prediction intervals, especially in highly volatile or
low-count time series [11,12].

In response to these limitations, recent literature has shown growing interest in flexible additive
models, among which Prophet has emerged as a prominent approach. Originally proposed for the
analysis of time series with multiple changepoints, complex seasonality, and nonlinear structures,
Prophet offers a powerful alternative to traditional linear models [13]. Recent applications of Prophet
in transportation and road safety contexts have reported substantial improvements in predictive
performance compared with classical approaches, particularly in urban and regional settings [14–
16]. Nevertheless, even within this body of work, residual validation and empirical calibration of
confidence intervals are often treated marginally or omitted altogether.

From a theoretical and methodological standpoint, the present study is grounded in the Design
Science Research (DSR) paradigm, which emphasizes the development of analytical artifacts aimed at
solving real-world problems through a balance between practical relevance and scientific rigor [17,18].
Within this framework, the integration of the CRISP-DM methodology provides a systematic structure
for the predictive modeling lifecycle, encompassing data understanding and preparation, modeling,
evaluation, and result communication, thereby ensuring reproducibility and analytical traceability
[19].

The empirical context of this research is particularly challenging. In Ecuador, the registration of
more than 260,000 traffic accidents between 2014 and 2025 reveals extreme territorial disparity: highly
urbanized provinces such as Guayas and Pichincha account for more than 60% of national accidents,
while Amazonian and insular regions exhibit marginal incidence levels. This spatial heterogeneity
suggests the coexistence of multiple risk regimes, reinforcing the need for multiregional approaches
capable of capturing localized dynamics and avoiding conclusions based on national averages that
obscure critical patterns.

Against this backdrop, the central research question guiding this study is as follows: how can
a multiregional Prophet-based model, integrated with rigorous statistical residual validation and
explicit uncertainty assessment, improve the reliability of spatio-temporal traffic accident forecasts
and strengthen decision support for road safety public policies? Addressing this question not only
contributes to methodological advancement in the application of artificial intelligence to road safety
but also provides a solid empirical foundation for the design of differentiated interventions in contexts
characterized by pronounced spatial and temporal heterogeneity.
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2. Background
Road traffic accidents constitute one of the most critical socio-economic burdens for modern health

and transportation systems, with direct consequences for mortality, morbidity, labor productivity,
and public expenditure on emergency response and rehabilitation [20,21]. From a public health
perspective, road traffic injuries represent a complex and persistent phenomenon, characterized by
nonlinear dynamics, high temporal variability, and pronounced spatial heterogeneity, particularly
in middle-income countries where urbanization and motorization processes evolve unevenly across
territories [22,23].

In the Ecuadorian context, this problem exhibits a distinctly structural dimension. The analysis
of more than 260,000 traffic accidents recorded between 2014 and 2025 reveals an extreme territorial
disparity: highly urbanized provinces such as Guayas and Pichincha jointly concentrate over 170,000
incidents, whereas Amazonian and insular regions display marginal counts [24]. This empirical
asymmetry confirms that road risk cannot be interpreted as a homogeneous national phenomenon,
but rather as the outcome of localized interactions among population density, road infrastructure,
logistical intensity, and urban–regional mobility patterns [25,26]. Consequently, policy frameworks
based on national averages tend to obscure critical hotspots and underestimate emerging risks in
specific provinces.

Recent literature has addressed this complexity through the application of time-series forecasting
models for traffic accident prediction, with classical approaches such as SARIMA and more flexible
additive decomposition models being widely adopted [27,28]. Studies published between 2020 and
2025 indicate that SARIMA models can effectively capture stable seasonal patterns in low-volatility
contexts, yet they exhibit significant limitations when confronted with structural breaks, abrupt trend
changes, and low-count series [29,30]. In response to these constraints, the Prophet model has gained
increasing attention in road safety applications due to its ability to model nonlinear trends, multiple
changepoints, and flexible seasonality in a computationally efficient and interpretable framework
[31,32].

Several recent studies have successfully applied Prophet to forecast traffic accidents at urban
or regional scales, reporting improved predictive accuracy relative to traditional time-series models
[33–35]. Nevertheless, the majority of these applications remain focused on point forecast accuracy,
relying primarily on metrics such as MAPE or RMSE, while largely neglecting systematic validation of
the underlying statistical assumptions [36,37]. In particular, residual diagnostics—including normality
and autocorrelation tests—are frequently omitted, despite their relevance for ensuring statistical
robustness, interpretability, and the reliability of prediction intervals [38].

Moreover, a substantial gap persists in the empirical calibration and evaluation of forecast
uncertainty, especially in highly volatile or low-count series such as those observed in peripheral or
Amazonian provinces [39]. The absence of coverage analysis for confidence intervals may lead to
systematic underestimation of uncertainty, thereby compromising the usefulness of forecasting models
for public policy decision-making, where risk management is as critical as point accuracy [40,41].

Collectively, this body of evidence highlights a critical research gap in the development of
multiregional traffic accident forecasting frameworks that explicitly integrate spatial heterogeneity,
rigorous uncertainty quantification, and formal statistical residual validation under the Prophet model.
This limitation is particularly consequential in contexts such as Ecuador, where pronounced territorial
divergence in road risk necessitates predictive tools capable of supporting differentiated, adaptive, and
evidence-based road safety policies. Addressing this gap, the present study proposes a spatio-temporal
forecasting artifact based on Prophet, complemented by systematic residual validation and empirical
uncertainty assessment, with the aim of enhancing both analytical robustness and policy relevance in
road safety planning.
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3. Methodology
This study follows the Design Science Research (DSR) paradigm, which is particularly suitable

for the development and validation of predictive artifacts intended to address real-world problems
through rigorously evaluated computational models. In accordance with the DSR framework, the
methodology is structured into three interrelated phases: (i) the Relevance Phase, which defines the
problem context and theoretical grounding; (ii) the Design Phase, which details the construction of the
predictive artifact through a structured data science workflow; and (iii) the Rigor Phase, which ensures
methodological robustness through statistical validation and uncertainty assessment (see Figure 1).

Figure 1. Design Science Research (DSR) framework applied to spatio-temporal traffic accident
forecasting.

3.1. Relevance Phase and PRISMA-Based Literature Review (2020–2025)
3.1.1. Problem Identification

Road traffic accidents constitute a major public health and socio-economic challenge in Ecuador,
exhibiting pronounced spatial and temporal heterogeneity. Historical evidence indicates that a small
subset of provinces—most notably Guayas and Pichincha—concentrate more than 60% of recorded
incidents, while other territories display markedly lower exposure levels. This asymmetric distribution
highlights structural inequalities in mobility demand, infrastructure complexity, and enforcement
capacity, rendering uniform national road safety policies insufficient.

Furthermore, recent trends reveal the emergence of new risk hotspots, such as Santo Domingo
and Cotopaxi, where projected accident incidence exhibits sustained or accelerating growth. These
dynamics underscore the need for anticipatory, data-driven tools capable of identifying emerging risks
and supporting evidence-based planning at the provincial level.

3.1.2. Proposed Solution

To address this challenge, the study proposes the development of a multiregional spatio-temporal
forecasting artifact based on the Prophet time series model. The artifact is designed to:

• Capture long-term trends and structural changes in provincial accident series;
• Quantify forecast uncertainty through probabilistic confidence intervals;
• Enable comparative risk assessment across provinces; and
• Support proactive road safety policy formulation and resource allocation.
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3.1.3. Systematic Literature Review (PRISMA)

A systematic literature review was conducted following the PRISMA methodology to establish
the theoretical and methodological foundation of the proposed artifact. The review focused on peer-
reviewed studies published between 2020 and 2025 and adhered to the following stages:

• Identification: Searches were conducted in Scopus, Web of Science, IEEE Xplore, and Google
Scholar using combinations of the keywords “Prophet”, “time series forecasting”, “traffic accident
prediction”, “road safety modeling”, and “spatio-temporal analysis”.

• Screening: Duplicates were removed, and titles and abstracts were screened to exclude studies
unrelated to traffic safety, forecasting, or predictive modeling.

• Eligibility: Full-text articles were assessed based on methodological rigor, use of time-series or
machine learning approaches, and relevance to accident prediction or mobility risk analysis.

• Inclusion: Only studies presenting validated forecasting models or empirical evaluations of
accident dynamics were retained for synthesis.

The review revealed a growing interest in hybrid and interpretable forecasting approaches but
also identified a gap in multiregional, uncertainty-aware applications of Prophet for traffic accident
prediction, thereby reinforcing the relevance of the proposed research.

3.2. Design Phase: Prophet Implementation through CRISP-DM

The construction of the predictive artifact follows the CRISP-DM methodology, ensuring a system-
atic, transparent, and reproducible data science workflow aligned with the Design Science Research
paradigm.

• Data Understanding and Preparation: Historical traffic accident records were aggregated at
a monthly frequency for each of Ecuador’s 24 provinces, yielding a balanced panel of 27,648
observations spanning January 2014 to December 2025. Data preprocessing included consistency
checks, handling of missing observations, temporal alignment, and the identification of extreme
values. Given the count-based nature of the data, no transformations were applied that could
distort interpretability.

• Exploratory Data Analysis (EDA): Exploratory analyses were conducted to identify long-term
trends, abrupt structural breaks, and interprovincial heterogeneity. Visualization of historical tra-
jectories confirmed the strong concentration of accidents in metropolitan provinces and revealed
multiple regime changes associated with exogenous shocks (e.g., 2020 mobility restrictions).

• Feature Derivation and Model Structure: Prophet models the observed time series y(t) using an
additive decomposition:

y(t) = g(t) + s(t) + h(t) + ε(t), (1)

where g(t) represents the non-linear trend component, s(t) captures seasonal effects, h(t) accounts
for the impact of irregular events or structural changes, and ε(t) denotes the residual error term.
The trend component g(t) is specified as a piecewise linear function with automatic changepoint
detection:

g(t) = (k + a(t)⊤δ) t + (m + a(t)⊤γ), (2)

where k is the initial growth rate, m the offset, a(t) an indicator vector for changepoints, and δ

and γ represent adjustments to the slope and intercept, respectively.
Seasonal effects are modeled using a truncated Fourier series:

s(t) =
N

∑
n=1

(
an cos

(
2πnt

P

)
+ bn sin

(
2πnt

P

))
, (3)

where P denotes the seasonal period (annual seasonality for monthly data) and N controls
seasonal flexibility.
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• Predictive Modeling: A separate Prophet model was calibrated for each province to preserve
local temporal dynamics. The forecasting horizon was set to 24 months. Changepoint prior scales
were adjusted in provinces exhibiting high volatility or abrupt regime shifts to prevent overfitting
while retaining sensitivity to structural changes.

• Model Evaluation: Forecast accuracy was evaluated using two complementary metrics. The
Mean Absolute Percentage Error (MAPE) was computed as:

MAPE =
100
n

n

∑
t=1

∣∣∣∣yt − ŷt

yt

∣∣∣∣, (4)

where yt denotes the observed value and ŷt the forecasted value at time t.
To benchmark performance against a naïve seasonal model, the Mean Absolute Scaled Error
(MASE) was calculated as:

MASE =
1
n ∑n

t=1 |yt − ŷt|
1

n−m ∑n
t=m+1 |yt − yt−m|

, (5)

where m represents the seasonal period. Values of MASE < 1 indicate superior performance
relative to the benchmark.

• Visualization: Province-level diagnostic dashboards were generated, integrating historical obser-
vations, decomposed components (g(t), s(t), and residuals), and forecast trajectories with uncer-
tainty intervals. Additionally, spatio-temporal heatmaps were produced to visualize forecasted
accident intensity across provinces and to identify emerging risk clusters over the prediction
horizon.

3.3. Rigor Phase: Statistical Validation and Residual Analysis

To ensure methodological rigor and statistical transparency, the predictive artifact underwent
an extensive validation process focused on residual behavior and uncertainty calibration. This phase
evaluates whether the underlying assumptions of the Prophet models are satisfied and whether forecast
uncertainty is appropriately quantified.

• Residual Normality: The normality of model residuals was assessed using the Shapiro–Wilk test,
which is particularly suitable for moderate sample sizes and sensitive to deviations caused by
skewness or heavy tails. For a set of residuals {ε1, ε2, . . . , εn} sorted in ascending order, the test
statistic is defined as:

W =

(
∑n

i=1 aiε(i)

)2

∑n
i=1(εi − ε̄)2 , (6)

where ε(i) denotes the i-th order statistic, ε̄ is the sample mean of the residuals, and the coefficients
ai are derived from the expected values and covariance matrix of order statistics from a normal
distribution. A low p-value indicates a rejection of the normality assumption, often observed in
provinces with sparse counts or extreme events.

• Residual Independence: Temporal independence of residuals was evaluated using the Ljung–Box
test, which assesses whether a group of autocorrelations differs significantly from zero. The test
statistic is given by:

Q = n(n + 2)
h

∑
k=1

ρ̂2
k

n − k
, (7)

where n is the number of observations, h is the number of lags considered, and ρ̂k is the sample
autocorrelation at lag k. Under the null hypothesis of no serial correlation, Q follows a χ2

distribution with h degrees of freedom. Failure to reject the null hypothesis indicates that the
model has adequately captured the temporal dependence structure of the series.
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• Uncertainty Calibration: The calibration of forecast uncertainty was evaluated by computing the
empirical coverage of the nominal 95% confidence intervals. For each province, coverage was
defined as:

Coverage95 =
1
n

n

∑
t=1

I
(

yt ∈ [ŷ L
t , ŷ U

t ]
)

, (8)

where yt is the observed value at time t, [ŷ L
t , ŷ U

t ] denotes the lower and upper bounds of the 95%
predictive interval, and I(·) is the indicator function. Coverage values below the nominal level
indicate underestimation of uncertainty, whereas values substantially above 95% suggest overly
conservative intervals.

Overall, this rigor phase ensures that the proposed predictive artifact not only achieves acceptable
point forecast accuracy but also satisfies key statistical assumptions and provides reliable uncertainty
quantification, thereby strengthening its suitability for policy-oriented decision support in road safety
planning.

This rigor phase ensures that the proposed artifact is not only predictive but also statistically
reliable and transparent, fulfilling the dual requirements of relevance and rigor central to the Design
Science Research paradigm.

4. Results
4.1. Dataset Description and Scope of Analysis

Table 1 presents a descriptive summary of the main characteristics of the dataset used in this
study. The database consists of 27,648 monthly observations corresponding to 24 provinces, ensuring
complete national territorial coverage. The analysis period spans from January 2014 to December 2025,
allowing the identification of long-term trends as well as structural changes in road traffic accident
dynamics.

The monthly temporal resolution provides an adequate level of detail for time-series modeling
and interprovincial comparison. In aggregate terms, the dataset includes more than 260,000 historical
traffic accidents, highlighting the robustness and empirical relevance of the information. Finally,
a 24-month forecasting horizon is defined, consistent with medium-term planning needs and the
evaluation of road safety policies.

Overall, these characteristics confirm that the dataset constitutes a solid, homogeneous, and
statistically sufficient basis for spatial–temporal analysis and for the application of multiregional
predictive models.

Table 1. General characteristics of the traffic accident dataset (Ecuador, 2014–2025).

Indicator Value
Total records 27,648
Analyzed provinces 24
Study period January 2014 – December 2025
Temporal frequency Monthly
Total historical accidents >260,000 (approx.)
Forecast horizon 24 months

4.2. Historical Distribution and Temporal Trends of Traffic Accidents by Province

The historical distribution of traffic accidents in Ecuador reveals profound spatial disparities.
As summarized in Table 2, a marked territorial concentration is evident, with Guayas and Pichincha
provinces dominating the national profile, jointly accounting for over 60

A secondary tier, comprising Manabí, Azuay, and Tungurahua, exhibits moderate but persistent
accident volumes. Although substantially lower than the primary centers, their sustained monthly
averages indicate entrenched risk regimes, likely associated with regional urban hubs and strategic
transport corridors.
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Table 2. Provinces with the highest historical number of traffic accidents (2014–2026).

Province Historical Total Monthly Average

Guayas 92,718 643.9
Pichincha 86,267 599.1
Manabí 16,460 114.3
Azuay 14,646 101.7
Tungurahua 14,606 101.4

In stark contrast, Table 3 presents provinces with minimal historical counts, including Galápagos,
Sucumbíos, Pastaza, Napo, and Orellana. These regions are characterized by low population density,
limited road infrastructure, and reduced traffic flow, resulting in structurally distinct, low-exposure
accident regimes.

Table 3. Provinces with the lowest historical number of traffic accidents (2014–2026).

Province Historical Total Monthly Average

Galápagos 73 0.5
Sucumbíos 709 4.9
Pastaza 793 5.5
Napo 893 6.2
Orellana 983 6.8

This pronounced spatial heterogeneity underscores the necessity for territorially differentiated
modeling and targeted policy interventions, as uniform national strategies are ill-suited to address
such diverse provincial risk profiles.

Province-Level Temporal Analysis

A detailed time-series analysis (2014–2027) for each province reveals diverse trajectories, sea-
sonality patterns, and forecasted risks. Key illustrative cases are summarized below, with their
corresponding diagnostic dashboards.

Azuay exhibits a sustained downward trend with significant structural breaks coinciding with
systemic mobility shocks (e.g., early 2020). The trend-cycle component dominates, while seasonality
is negligible. Residuals show no significant autocorrelation (Ljung–Box p = 0.239), but depart from
normality (Shapiro–Wilk p = 0.040), indicative of extreme observations. The 24-month forecast
suggests a transition to a high-uncertainty regime with widening confidence intervals (Figure 2).

Bolívar demonstrates a clear secular decline, characterized by a sharp drop during 2020–2021
and subsequent stabilization. A robust seasonal pattern is present. The model is statistically valid
(Ljung–Box p = 0.353), and the forecast indicates monthly fluctuations between 7.5 and 10 cases, with
seasonal peaks potentially exceeding 15 (Figure 3).

Cañar shows a pronounced and sustained decline from over 30 to below 5 monthly accidents. A re-
curring seasonal pattern is evident. The model demonstrates strong diagnostic accuracy (Shapiro–Wilk
p = 0.551; Ljung–Box p = 0.492). The forecast points to technical stabilization near zero, though
confidence intervals allow for isolated peaks (Figure 4).

Carchi presents a volatile negative trend. The Ljung–Box test (p = 0.020) suggests some tem-
poral patterns remain uncaptured, likely due to sharp fluctuations between 2018–2020. The forecast
nonetheless indicates a convergence toward zero accidents by late 2026 (Figure 5).

Cotopaxi displays complex dynamics: a sharp initial decline, a period of historic lows (2018–2022),
and an atypical volatile rebound from 2024. Persistent seasonality is present. While residuals are
independent (Ljung–Box p = 0.761), significant non-normality (p = 0.000) reflects extreme variations.
The forecast projects unstable stabilization at elevated levels (35–50 monthly accidents) with high
uncertainty (Figure 6).
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Figure 2. Comprehensive diagnostic dashboard for traffic accidents in Azuay, including time-series
evolution, trend decomposition, residual diagnostics, and 24-month forecasts with confidence intervals.

Figure 3. Historical monthly accidents, trend/seasonality decomposition, residual diagnostics, and
24-month forecast for Bolívar.
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Figure 4. Historical monthly accidents, trend and seasonality components, residuals diagnostics, and
24-month forecast for Cañar.

Figure 5. Accident analysis for Carchi: Historical decline and predictive uncertainty intervals.
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Figure 6. Historical monthly accidents, trend/seasonality decomposition, residual diagnostics, and
24-month predictive forecast for Cotopaxi.

Guayas, the highest-volume province, shows a structural downward trend from over 800 to
approximately 430 monthly accidents. The model demonstrates strong diagnostic validity (Shapiro
p = 0.251; Ljung–Box p = 0.459). The forecast suggests a continued decline to between 350 and 500
monthly accidents (Figure 7).

Imbabura underwent a dramatic shift post-2018, falling from over 120 to a plateau near 30 monthly
accidents, with minimal seasonality. Model diagnostics are solid (Shapiro p = 0.255; Ljung–Box
p = 0.385). The forecast indicates a trend toward the technical eradication of accidents (Figure 8).

Morona Santiago presents a downward trend with a notable recovery from a 2022 minimum. It
features highly marked seasonality and exceptional model validity (Shapiro p = 0.979; Ljung–Box
p = 0.512). The forecast projects an increase to between 6 and 13 monthly accidents (Figure 9).

Pichincha, the other major center, evidences a massive structural reduction from over 1,200
to roughly 300 monthly accidents. The model struggles with residual independence (Ljung–Box
p = 0.007), suggesting uncaptured temporal patterns. The forecast projects stable fluctuations between
250 and 400 monthly accidents (Figure 10).

Santo Domingo exhibits a unique and concerning trajectory: after a peak near 100 accidents in
2019 and a recent decline to 70, its 24-month forecast predicts an atypical sharp increase to 120–140
monthly accidents, representing a critical alert for road safety planning (Figure 11).

Tungurahua shows a predominant downward trend from over 140 to about 70 monthly accidents,
with very low-amplitude seasonality. The forecast for 2026–2027 indicates a phase of high volatility,
with potential drastic oscillations between 10 and 80 monthly accidents (Figure 12).

Analyses for the remaining provinces (Chimborazo, El Oro, Esmeraldas, Galápagos, Loja, Los Ríos,
Manabí, Napo, Orellana, Pastaza, Santa Elena, Sucumbíos, Zamora Chinchipe) consistently reveal overar-
ching downward secular trends, albeit with varying degrees of seasonal strength, structural breaks,
and forecast uncertainty. A common finding across provinces is the negligible seasonality and trend
dominance in most cases, alongside frequent deviations from residual normality due to discrete counts
and extreme events. Collectively, these results affirm the critical need for province-specific monitoring
frameworks, as national aggregates mask highly divergent and evolving local risk landscapes.
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Figure 7. Historical monthly accidents, trend/seasonality decomposition, residual diagnostics, and
24-month predictive forecast for Guayas.

Figure 8. Historical monthly accidents, trend/seasonality decomposition, residual diagnostics, and
24-month predictive forecast for Imbabura.
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Figure 9. Historical monthly accidents, trend/seasonality decomposition, residual diagnostics, and
24-month predictive forecast for Morona Santiago.

Figure 10. Historical monthly accidents, trend/seasonality decomposition, residual diagnostics, and
24-month predictive forecast for Pichincha.
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Figure 11. Historical monthly accidents, trend/seasonality decomposition, residual diagnostics, and
24-month predictive forecast for Santo Domingo.

Figure 12. Historical monthly accidents, trend/seasonality decomposition, residual diagnostics, and
24-month predictive forecast for Tungurahua.
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4.3. Spatial Distribution of Traffic Accidents by Province and Cause

The heatmap shown in Figure 13 reveals a highly asymmetric concentration of road traffic
accidents in Ecuador’s primary metropolitan nodes. A marked disparity is observed between highly
urbanized provinces and the rest of the national territory, with Guayas (37,342 incidents) and Pichincha
(34,762 incidents) exhibiting accident counts that exceed those of other provinces by several orders of
magnitude, particularly in the category of vehicle-to-vehicle collisions. This pattern indicates that accident
frequency is not solely a function of population size, but is closely associated with the complexity of
road infrastructure, the density of the vehicle fleet, and the intensity of urban mobility flows.

A clearly defined spatial gradient is also evident, characterized by a substantial reduction in
accident incidence in the Amazonian provinces (Napo, Pastaza, and Sucumbíos) and in the insular
region (Galápagos). This behavior reinforces the existence of a structural relationship between economic
activity, logistics dynamics, and road traffic risk, whereby territories with lower integration into
national production and transport corridors exhibit significantly lower levels of exposure to traffic-
related hazards.

From a causal perspective, the predominance of vehicle collisions emerges as the principal risk
factor at the national scale. In public health terms, this evidence points to systemic shortcomings in
traffic management, as well as deficiencies in compliance with basic driving regulations, including
speed limits and safe following distances. In parallel, pedestrian vulnerability represents a critical
concern, with particularly high numbers of pedestrian crashes recorded in Guayas (19,874) and Pichin-
cha (15,870). This finding suggests that, in major urban centers, transport planning has historically
prioritized vehicular flow over pedestrian safety and active mobility, thereby increasing the exposure
of the most vulnerable road users.

Additionally, the notably high incidence of loss-of-control crashes in Guayas (10,862 incidents),
nearly double that observed in Pichincha (6,101), warrants special attention. This disparity points to
the possible influence of context-specific factors, such as adverse climatic conditions, road geometry,
or pavement quality, and justifies targeted investigations into the environmental and mechanical
determinants prevalent in coastal regions.

Finally, for an appropriate comparative interpretation of these results, additional methodolog-
ical considerations are required. Although Guayas and Pichincha concentrate the highest absolute
numbers of accidents, the computation of normalized accident rates (e.g., per 100,000 inhabitants or
per registered vehicle) would allow an assessment of whether less populous provinces exhibit higher
relative road risk. In this context, Galápagos, with marginal counts of up to 29 incidents, serves as a
natural control case, demonstrating that strict access control policies, low speed limits, and effective
management of vehicular demand can substantially mitigate road traffic accidents.

4.4. Predictive Performance of the Prophet Model

Table 4 summarizes the provinces exhibiting the lowest Mean Absolute Percentage Error (MAPE)
values, corresponding to the best-performing cases of the Prophet forecasting model. In these provinces,
the model delivers stable, accurate, and robust predictions, reflecting time series with relatively smooth
dynamics, limited volatility, and well-defined trend components.

In particular, Tungurahua achieves an excellent predictive performance (MAPE = 10.9%), followed
by Zamora Chinchipe (15.0%), which also demonstrates very high forecast reliability. Provinces such as
Chimborazo, Santa Elena, and Pichincha exhibit good predictive quality, with MAPE values below 22%,
indicating that the Prophet model effectively captures their underlying temporal structure despite
moderate fluctuations.
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Figure 13. Heatmap of traffic accident distribution by province and cause in Ecuador. The figure
highlights the strong spatial heterogeneity of accident incidence and the dominance of vehicle-to-
vehicle collisions and pedestrian crashes in highly urbanized provinces.

Table 4. Best-performing provinces according to Mean Absolute Percentage Error (MAPE).

Province MAPE (%) Forecast quality
Tungurahua 10.9 Excellent
Zamora Chinchipe 15.0 Very good
Chimborazo 18.1 Good
Santa Elena 20.9 Good
Pichincha 21.3 Good

In contrast, Table 5 reports the provinces with substantially higher prediction errors, where
the Prophet model exhibits reduced forecasting accuracy. These time series are characterized by
pronounced variability, abrupt structural breaks, irregular patterns, or low signal-to-noise ratios, all of
which hinder the model’s ability to identify stable trend and seasonal components.

Notably, Esmeraldas presents an extremely high MAPE value (118.8%), indicating severe instability
and poor forecast reliability. Similarly, Azuay and Carchi display high levels of uncertainty and volatility,
while Pastaza and Loja exhibit weak signals and shifting trends that challenge predictive modeling.

Table 5. Worst-performing provinces according to Mean Absolute Percentage Error (MAPE).

Province MAPE (%) Diagnostic assessment
Esmeraldas 118.8 Highly unstable
Azuay 98.1 High uncertainty
Carchi 76.1 Highly volatile
Pastaza 74.0 Low signal strength
Loja 64.3 Changing trend

Overall, these results demonstrate that the predictive accuracy of the Prophet model is markedly
heterogeneous across provinces and depends critically on the structural stability and statistical proper-
ties of the underlying time series. While Prophet performs well in regions with smooth trends and
limited regime changes, its effectiveness diminishes in contexts characterized by abrupt disruptions,
sparse observations, or irregular dynamics. This finding underscores the importance of province-
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specific model diagnostics and, where necessary, the integration of alternative or hybrid forecasting
approaches for highly volatile regions (see Figure 14).

Figure 14. Comparative evaluation of the Prophet model across provinces: (a) total historical accidents,
(b) predictive performance ranked by MAPE, (c) empirical coverage of 95% confidence intervals, and
(d) aggregated 24-month accident forecasts. The figure highlights the relationship between historical
accident volume, forecast uncertainty, and model reliability.

4.5. Confidence Interval Coverage Analysis

The empirical evaluation of the nominal 95% confidence intervals reveals pronounced heterogene-
ity in uncertainty calibration across provinces. Several provinces—including Tungurahua, Chimborazo,
Pichincha, and Santa Elena—exhibit adequate coverage levels (≥ 90%), indicating that the Prophet
model provides well-calibrated and reliable interval forecasts in settings characterized by relatively
stable temporal dynamics. In some cases, empirical coverage slightly exceeds the nominal level,
reflecting conservative interval estimation that prioritizes robustness over sharpness.

In contrast, provinces such as Azuay, Loja, Los Ríos, and Esmeraldas display systematic undercov-
erage, suggesting an underestimation of forecast uncertainty likely associated with high volatility,
structural breaks, or non-stationary behavior. Conversely, Carchi, Cotopaxi, and Galápagos present over-
coverage, implying excessively wide confidence intervals that reduce forecast precision. Overall, these
results highlight the importance of province-specific calibration strategies and enhanced uncertainty
modeling in regions with complex or unstable accident dynamics (see Table 6).

Table 6. Empirical coverage of 95% confidence intervals by province.

Coverage status Provinces
Adequate (>= 90%) Tungurahua, Chimborazo, Pichincha, Santa Elena
Underestimated Azuay, Loja, Los Ríos, Esmeraldas
Overestimated Carchi, Cotopaxi, Galápagos

4.6. Forecasted Trends and Heterogeneous Risk Classification

The 24-month forecasting horizon reveals pronounced heterogeneity in provincial accident tra-
jectories, enabling a risk-based classification of territories according to their projected dynamics. As
summarized in Table 7, several provinces exhibit a sustained downward trend in predicted accident
incidence, while others are expected to remain stable or to experience moderate to strong increases,
highlighting divergent future road safety risk profiles across the national territory.

Provinces such as Guayas, Pichincha, Manabí, and Azuay are projected to continue along a strongly
decreasing trajectory, reflecting the consolidation of recent reductions in accident frequency. In contrast,
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Santa Elena and Zamora Chinchipe display relatively stable dynamics, with no pronounced directional
change over the forecast horizon. Conversely, Loja and Esmeraldas exhibit moderately increasing
trends, while Cotopaxi and Santo Domingo emerge as critical cases, characterized by sharply increasing
projected incidence levels.

Table 7. Provincial classification by projected 24-month trend.

Trend category Representative provinces
Strongly decreasing Guayas, Pichincha, Manabí, Azuay
Stable Santa Elena, Zamora Chinchipe
Moderately increasing Loja, Esmeraldas
Strongly increasing Cotopaxi, Santo Domingo

By integrating projected growth rates with forecast variability, priority jurisdictions for targeted
intervention can be identified. Table 8 highlights provinces classified as high priority, representing
confirmed or emerging risk hotspots where the intensification of preventive road safety measures is
most critical. These territories are characterized either by rapid projected growth in accident incidence
or by high uncertainty combined with upward trends.

Table 8. High-priority provinces for targeted road safety intervention.

Province Annual change Rationale for priority
Cotopaxi +49.6% Sustained high growth rate
Santo Domingo +50.6% Rapid acceleration in projected incidence
Loja +16.1% Consistent upward trend
Esmeraldas +19.3% High forecast variability and increase

The geographic heterogeneity and temporal evolution of these projected trends are visually
synthesized in Figure 15, which illustrates the 24-month forecast trajectories for all provinces. The figure
confirms the clustering patterns identified in the classification tables and provides a comprehensive
spatiotemporal overview of emerging road safety risks, reinforcing the need for differentiated and
anticipatory policy responses.

Figure 15. Twenty-four-month forecast trends of projected traffic accident incidence across provinces.
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4.7. Aggregated Forecast Results and Model Performance

The aggregated 24-month forecasts indicate that traffic accident incidence remains strongly
concentrated in major population centers, despite the presence of overall declining trends in several
provinces. As shown in Table 9, Guayas and Pichincha are projected to account for nearly half of the total
forecasted accidents among the ten provinces with the highest expected incidence. This concentration
underscores the persistent role of demographic scale, urban density, and transport infrastructure
complexity in shaping the absolute burden of road traffic accidents.

Table 9. Total forecasted accidents over the 24-month horizon for the ten highest-incidence provinces.

Province Forecasted accidents
Guayas 11,898
Pichincha 7,620
Santo Domingo 2,742
Manabí 2,043
Los Ríos 1,688
Azuay 1,608
Loja 1,376
Tungurahua 1,206
Santa Elena 1,057
Cotopaxi 956

Model performance was further evaluated against a naïve seasonal benchmark using the Mean
Absolute Scaled Error (MASE). As summarized in Table 10, the Prophet model outperformed the
benchmark (MASE < 1) in the majority of provinces (70.8%), indicating its general suitability for
capturing temporal patterns in provincial road accident data. This result confirms the model’s capacity
to exploit trend and seasonal structures in relatively stable time series.

However, Prophet underperformed the benchmark in four provinces—Azuay, Loja, Cotopaxi, and
notably Guayas. These cases are characterized by high volatility, non-stationary behavior, or complex
structural disruptions that are not fully captured by the model’s standard components. This selective
performance highlights a key limitation of Prophet in highly unstable contexts and suggests that its
application should be complemented with contextual analysis, additional covariates, or alternative
modeling approaches when forecasting accident dynamics in structurally complex provinces.

Table 10. Comparative model performance: Prophet versus naïve benchmark (MASE).

Performance category Provinces
Outperforms benchmark (MASE < 1) 17 provinces (70.8%)
Underperforms benchmark (MASE ≥ 1) Azuay, Loja, Cotopaxi, Guayas

4.8. Dominant Causes and Integrated Policy Synthesis

The analysis of primary accident etiologies reveals pronounced spatial heterogeneity in the
causal structure of road traffic risk across provinces. As summarized in Table 11, the dominant cause
of accidents varies substantially by territory. Vehicle-to-vehicle collisions and pedestrian-related
accidents constitute the most frequent and geographically widespread categories, particularly in highly
urbanized provinces, indicating systemic challenges in traffic management, enforcement, and urban
design.

In contrast, loss-of-control and rollover crashes exhibit a more localized spatial pattern, with
elevated prevalence in provinces characterized by complex topography and challenging driving
conditions, such as Andean and Amazonian regions. This geographic stratification underscores the
inadequacy of uniform national road safety policies and highlights the need for regionally tailored
intervention strategies that explicitly account for local infrastructural, environmental, and mobility
characteristics.
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Table 11. Dominant causes of traffic accidents by province.

Dominant cause Provinces most affected
Vehicle collisions Guayas, Pichincha, Manabí
Pedestrian accidents Guayas, Pichincha, Azuay
Loss of vehicle control Azuay, Tungurahua, Loja
Rollovers Amazonian provinces (e.g., Morona Santiago, Napo)

The complete spatio-temporal structure of forecasted accident incidence is illustrated in Figure 16,
which presents a heatmap of the 12-month accident forecasts across all provinces. The visualization
confirms the persistent concentration of predicted incidents in high-density and highly motorized
regions, while simultaneously revealing marked temporal variability and province-specific seasonal
patterns. As such, the heatmap constitutes a valuable operational tool for anticipating monthly
fluctuations in demand for emergency response, enforcement resources, and preventive interventions.

Figure 16. Heatmap of 12-month provincial traffic accident forecasts, illustrating spatial concentration
and temporal variation in predicted incidence.

To facilitate evidence-based decision making, Table 12 integrates the core findings from historical
analysis, forecasting results, and model diagnostics into a unified policy-oriented synthesis. This
framework directly links empirical evidence to actionable priorities in road safety planning, enabling
the identification of critical burden areas, emerging risk hotspots, and provinces where preventive
strategies can consolidate recent gains.

Table 12. Integrated synthesis for road safety policy and intervention planning.

Aspect Key finding / implication
Critical provinces Guayas, Pichincha, Santo Domingo (highest absolute bur-

den and sustained high incidence)
Emerging risk provinces Cotopaxi, Loja (strong or consistent upward forecast

trends)
Stable / low-risk provinces Santa Elena, Zamora Chinchipe (consistently low or stable

projections)
Model utility High for strategic, province-level planning; caution re-

quired in highly volatile series
Principal forecast risk Potential underestimation of uncertainty in rapidly grow-

ing or unstable contexts
Recommended focus Targeted interventions in high-burden areas; preventive

measures in emerging hotspots
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Overall, this integrated synthesis provides a concise yet comprehensive evidence base for prioritiz-
ing resource allocation, designing targeted road safety campaigns, and implementing context-specific
infrastructure and enforcement improvements across Ecuador’s diverse provincial landscape.

5. Discussion
The findings of this study demonstrate that the Prophet model, integrated within an explicit cycle

of statistical rigor, responds affirmatively to the need for territorially differentiated traffic accident
forecasts. The systematic incorporation of residual validation tests—specifically the Shapiro–Wilk test
for normality and the Ljung–Box test for temporal independence—made it possible to show that a
high goodness of fit in terms of point accuracy metrics such as MAPE or MASE does not, by itself,
guarantee the reliability of prediction intervals. In provinces with relatively stable dynamics, such
as Tungurahua (MAPE = 10.9%) and Zamora Chinchipe, residual validation confirmed an adequate
calibration of confidence intervals, whereas in territories characterized by high volatility or weak
signals, such as Esmeraldas and Pastaza, systematic underestimation of uncertainty and violations of
statistical assumptions were identified. This finding is consistent with recent evidence emphasizing
that the usefulness of predictive models for public policy depends not only on accuracy but also on the
inferential robustness of their estimates [42,43].

From a comparative perspective, the results obtained are broadly aligned with recent studies
that have applied Prophet and SARIMA models to traffic accident forecasting between 2020 and 2025.
Prior research has shown that Prophet outperforms SARIMA in scenarios characterized by abrupt
regime changes—such as those observed during the COVID-19 pandemic—owing to its ability to
model multiple changepoints and nonlinear trends [44–46]. In the present study, this advantage is
clearly reflected in high-incidence provinces such as Guayas and Pichincha, where post-2020 structural
declines were captured more stably than would be expected from traditional autoregressive approaches.
However, as also reported by Li et al. [47] and Khan et al. [48], the flexibility of Prophet does not
eliminate the intrinsic challenges posed by low-count or highly irregular series, which explains its
limited performance in provinces such as Pastaza or Galápagos, where the temporal signal is weak
and events are highly discrete.

The implications of these findings for road safety policy are substantial. The identification
of emerging risk patterns in provinces such as Santo Domingo and Cotopaxi—characterized by
projected upward trends and elevated variability—demonstrates the strategic value of multiregional
approaches over nationally aggregated models. While country-level analyses tend to dilute such
signals under averages dominated by major urban centers, the provincial approach adopted here
enabled the detection of territories where accident incidence may increase significantly in the short
term. This result supports recent arguments in the literature advocating for risk-based resource
allocation and localized, evidence-driven interventions, particularly in countries with pronounced
territorial heterogeneity [49]. From an operational standpoint, multiregional forecasts with robust
statistical validation provide a more solid foundation for prioritizing preventive actions, enforcement
strategies, and infrastructure investments at the provincial level.

Nevertheless, several limitations of this study must be acknowledged. First, the Prophet model
exhibited limited capacity to capture patterns in series with high heteroskedasticity or sparse observa-
tions, as evidenced by its poor performance in Esmeraldas (MAPE = 118.8%) and in several Amazonian
provinces. This weakness is consistent with previous studies warning that additive models may lose
efficiency when variance changes abruptly or when data contain extended periods of zero counts
[50,51]. Second, the absence of exogenous variables—such as climatic conditions, road infrastructure
quality, freight traffic intensity, or socioeconomic indicators—likely affected predictive accuracy in
coastal regions, where environmental and logistical factors play a critical role in accident occurrence,
as documented in recent transportation safety research [52,53].

These limitations point to clear directions for future research. One promising avenue involves the
development of hybrid models that combine the interpretability and structural flexibility of Prophet
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with the nonlinear learning capabilities of recurrent neural networks, such as LSTM, particularly
for provinces where the seasonal benchmark outperformed the proposed model. In addition, the
integration of dynamic covariates—such as weather variables, traffic volume indicators, economic
activity metrics, or mobility proxies—could enhance the model’s ability to capture exogenous shocks
and reduce uncertainty underestimation in volatile series. Collectively, these extensions would
contribute to more resilient and adaptive predictive systems, strengthening the role of advanced
analytics and artificial intelligence as key tools for evidence-based road safety policy design.

6. Conclusions
This research fulfills the objective of proposing a multiregional forecasting framework that goes

beyond conventional error metrics by integrating a cycle of statistical rigor within the Design Science
Research paradigm. The central aim was to develop and evaluate a predictive artifact based on the
Prophet model capable of capturing the spatio-temporal dynamics of traffic accidents in Ecuador, while
explicitly incorporating residual validation and uncertainty assessment as key elements to strengthen
the reliability of decision support for road safety policies.

The results confirm that the Prophet model achieves satisfactory predictive performance in the
majority of the analyzed provinces, outperforming the seasonal benchmark in 70.8% of cases. Provinces
such as Tungurahua and Zamora Chinchipe exhibit excellent predictive capacity, characterized by
low error values and residuals that reasonably satisfy assumptions of independence and stability. In
contrast, the rigorous validation process enabled the early identification of contexts in which the model
is unreliable, such as Esmeraldas, marked by high volatility and extreme errors, as well as provinces
where emerging future risks were detected, notably Santo Domingo and Cotopaxi, whose forecasts
indicate upward trajectories that warrant priority attention.

From an interpretative perspective, the main contribution of this study lies in demonstrating that
point accuracy—as expressed by metrics such as MAPE or MASE—is not a sufficient condition to
ensure the inferential validity of a predictive model. The systematic incorporation of Shapiro–Wilk and
Ljung–Box tests revealed that the quality of confidence intervals depends critically on the structural
stability of each provincial time series. In this sense, the study addresses a relevant gap in the literature
on additive models applied to road safety by showing that the validation of statistical assumptions
is not ancillary, but rather an essential component for the correct interpretation of results and for
avoiding policy decisions based on deceptively precise estimates.

Nevertheless, the findings must be interpreted in light of certain limitations. The absence of
relevant exogenous variables, such as climatic conditions, road infrastructure quality, or traffic intensity,
constrains the model’s ability to fully explain the observed variability, particularly in coastal and
logistics-intensive regions. Moreover, the additive nature of Prophet exhibits inherent limitations
when dealing with low-count series, high heteroscedasticity, or weak signals, thereby reducing its
generalizability in Amazonian or highly volatile provinces.

From a practical standpoint, the results provide a solid empirical basis for advancing toward a
more efficient and differentiated allocation of road safety resources, replacing aggregated national
approaches with risk-based multiregional strategies. The identification of critical and emerging
provinces enables the prioritization of preventive interventions, infrastructure planning, and enforce-
ment strategies tailored to local contexts. Future research should explore hybrid modeling approaches
that combine the interpretability of Prophet with deep learning techniques, such as Prophet–LSTM
architectures, as well as the integration of dynamic covariates to better capture exogenous shocks and
reduce uncertainty underestimation in complex environments.

Overall, this study offers a relevant methodological and applied contribution to the field of
artificial intelligence in road safety. By integrating spatio-temporal forecasting with rigorous statistical
validation, it establishes a robust foundation for the development of a more reliable, transparent,
and adaptive national predictive surveillance system, capable of effectively supporting public policy
formulation aimed at the sustainable reduction of road traffic accidents.
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