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Abstract

Reliable forecasting of cross-regional terrorism
fatalities is essential for early warning and se-
curity planning.  However, real-world terror-
ism data are characterized by extreme sparsity,
abrupt volatility, and weak, rapidly shifting non-
Euclidean spatial relationships, posing substan-
tial challenges for existing spatiotemporal forecast-
ing models in learning stable multi-scale depen-
dencies. To address these challenges, we pro-
pose a robust spatiotemporal forecasting frame-
work, termed WBMCEF. In the temporal dimen-
sion, a single-level Discrete Wavelet Transform
(DWT) is introduced to stabilize temporal struc-
tures, and a Bidirectional Gated Mamba mod-
ule is employed to capture stage-dependent long-
range temporal dependencies; additionally, in the
spatial dimension, a topology-agnostic Convolu-
tional Feed-Forward Network (ConvFFN) is in-
corporated to model cross-regional dependencies
via implicit feature coupling, thereby eliminat-
ing reliance on fixed spatial topologies. Exten-
sive experiments on five regional subsets of the
Global Terrorism Database (GTD) demonstrate that
WBMCEF achieves stable and competitive forecast-
ing performance under sparse and noisy conditions.
The source code is available at https://github.com/
weibaozhong/WBMCF.

1 Introduction

Terrorism remains a critical destabilizing force in the per-
sistently volatile global security landscape [Wei et al.,
2024]. Long-term analysis of the Global Terrorism Database
(GTD) [LaFree and Dugan, 2007] reveals that incidents in
South Asia, the Middle East, and Sub-Saharan Africa exhibit
pronounced episodic fluctuations [Xu et al., 2024] and cross-
border spillovers [Rosenberg and Avdan, 2025] driven by po-
litical conflict, armed confrontations, and organizational re-
structuring. Crucially, these cross-regional interactions are
non-Euclidean and transcend fixed geographical adjacency,
instead reflecting shifting geopolitical alignments, emergent
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militant networks, and the episodic activation of latent con-
flict zones. Consequently, spatial relationships among re-
gions reorganize continuously and abruptly, often manifest-
ing as “jump diffusion” behavior [Kibris, 2021] where insta-
bility transmits between geographically distant but ideolog-
ically connected areas.  Capturing such dynamic, discontin-
uous, and topology-agnostic dependencies poses a persistent
challenge for terrorism forecasting [Shao et al., 2022].

Terrorism-induced fatality sequences [Hou ez al., 2023] di-
verge fundamentally from conventional socioeconomic time
series, characterized by extreme sparsity, abrupt spikes, long
dormant intervals, and multi-scale non-stationarity [Cheng et
al., 2023]. These features violate the stationarity and linearity
assumptions [Petropoulos et al., 2022] inherent in classical
techniques like ARIMA and VAR [Zeng et al., 2023]. Fur-
thermore, decomposition-based methods (e.g., STL, Prophet)
often conflate high-frequency bursts with trend shifts. While
sophisticated modal decomposition approaches (e.g., VMD,
CEEMDAN) and fixed-mapping time—frequency representa-
tions (e.g., Wavelet Scattering) offer improvements [Deng et
al., 2024], they frequently yield unstable components or fail
to adapt to evolving diffusion patterns. These limitations
underscore the necessity for a representation that is robust
to noise and capable of disentangling long-term geopoliti-
cal tendencies from sharp local outbreaks [Cao er al., 2025;
Dong et al., 2025].

Although deep learning has advanced nonlinear temporal
modeling, significant gaps remain in addressing the unique
spatial dynamics of terrorism data. Recurrent models (LSTM,
GRU) suffer from memory degradation under extreme spar-
sity as the underlying information flow is frequently disrupted
by prolonged dormant intervals [Schirmer et al., 2022]. Sim-
ilarly, Transformers, despite their expressiveness, are noise-
sensitive [Cheng er al., 2023; Qin et al., 2025b] and prone
to overfitting anomalies in weakly structured and sparse se-
quences [Liu et al., 2022¢]. More critically, conventional
spatiotemporal models (e.g., GCN, GAT, DCRNN) typically
rely on explicit graph topologies to guide information prop-
agation. This approach imposes a strong inductive bias fa-
voring smooth diffusion across defined neighbors, which is
ill-suited for terrorism’s sparse and erratic propagation paths.
When spatial relationships undergo sudden reorganization—
due to shifting alliances or cross-border interventions [Liang
et al., 2024]—forcing an explicit graph structure often intro-
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duces noise through false connections [Zhang et al., 2023],
rendering prediction unstable. While State Space Models
like Mamba enhance long-range temporal reasoning [Gu and
Dao, 2024], they lack intrinsic mechanisms to incorporate dy-
namic, implicit cross-regional coupling and robustly filter the
sporadic impulse noise [Weng et al., 2023] characteristic of
sparse datasets.

To address the multifaceted challenges of extreme spar-
sity, multi-scale non-stationarity, and explicit graph topol-
ogy mismatch, we propose a unified forecasting frame-
work: Wavelet—Bidirectional Gated Mamba—Convolution Fu-
sion (WBMCEF). The core of the framework lies in a hierar-
chical information reconstruction mechanism: first, a single-
level discrete wavelet transform (DWT) is utilized to map
disjointed raw impulses into a time—frequency representation
with a more continuous energy distribution, effectively sta-
bilizing the feature structure of sparse sequences at the sig-
nal source. Building upon this robust foundation, a Bidi-
rectional Gated Mamba module adaptively modulates infor-
mation gain through content-aware state transitions, which
filters out interference from prolonged silent intervals while
enhancing the capacity to capture critical volatility feedback
in non-stationary environments. Regarding spatial depen-
dencies in weak-topology settings, we introduce a topology-
agnostic enhancement module (ConvFFN) that leverages im-
plicit channel-mixing to facilitate feature transfer and pattern
sharing across regions. This allows the model to adaptively
learn a global interaction map of shifting geopolitical dynam-
ics without requiring a predefined adjacency matrix, ensuring
stability even in information-poor scenarios.

Overall, WBMCF integrates multi-scale temporal struc-
ture, bidirectional reasoning, and implicit spatial modeling
into a unified framework tailored to the volatility of terrorism
data. Experiments across five regional datasets demonstrate
that WBMCEF consistently outperforms state-of-the-art tem-
poral, frequency-domain, and explicit graph-based models,
particularly in long-horizon, sparse, and noisy scenarios. The
framework thus provides a principled solution for forecast-
ing fatalities in geopolitically dynamic environments where
explicit topology is weak or unavailable.

The main contributions of this paper are summarized as
follows:

* We investigate terrorism fatality forecasting under a
weak-topology spatiotemporal setting, where sequences
are sparse, bursty, non-stationary, and affected by non-
Euclidean cross-regional diffusion, differing from con-
ventional tasks with stable physical graphs.

* We propose WBMCEF, a unified framework that inte-
grates multi-scale time—frequency representation, bidi-
rectional state-space modeling, and topology-agnostic
cross-regional feature coupling to learn robust spa-
tiotemporal dependencies without predefined adjacency
structures.

* We introduce a single-level DWT representation and a
Bidirectional Gated Mamba encoder to stabilize sparse
temporal patterns while preserving burst dynamics, to-
gether with ConvFEN to enhance implicit inter-regional
modeling under weak spatial relations.

* Experiments on five GTD regional subsets show that
WBMCEF achieves competitive and stable performance,
while ablation, sensitivity, robustness, and efficiency
analyses further validate the effectiveness of the pro-
posed design.

2 Problem Setting

We study the problem of cross-regional terrorism fatality
forecasting, which aims to model how terrorism-induced
death counts evolve jointly over time across multiple regions
at a fixed temporal resolution. To keep the formulation con-
cise and consistent, we focus on region-level aggregated fatal-
ity sequences rather than event-level or individual-level mod-
eling.
Regional System. Consider a regional system consisting of
C regions, denoted by the set R.= {rq,r2,...,rc}. At
each time step ¢, the system state is represented by a C-
dimensional vector, where each entry corresponds to the num-
ber of fatalities caused by terrorism in a specific region at time
t. The temporal evolution of all regions together thus forms
a multivariate time series describing the global dynamics of
cross-regional risk.
Weak-Topology Diffusion Scenario. Unlike spatiotemporal
systems such-as transportation or energy networks that rely
on stable physical adjacency, cross-regional terrorism diffu-
sion does not follow fixed or continuous spatial propagation
paths. Interactions among regions are driven by geopolitical
ties, organizational networks, and stage-wise conflict dynam-
ics, exhibiting weak-topology, non-Euclidean, and potentially
discontinuous jump diffusion patterns. Under this scenario,
no reliable and static spatial adjacency structure is assumed to
be available, i.e., we do not assume the existence of a fixed ad-
jacency matrix A € RE* to explicitly model inter-regional
dependencies. Instead, such dependencies are regarded as la-
tent and must be inferred implicitly from historical observa-
tions.
Problem Formulation. Given a continuous time interval,
suppose that the historical states of the regional system are
observed over the past 7" time steps. The objective is to pre-
dict the evolution of terrorism-induced fatalities for all re-
gions over the subsequent H time steps. Let the historical
observation sequence be denoted as X;_7.; and the future
sequence as X;.;4 . The forecasting task can then be formu-
lated as

Xt = f(Xi—121), (1)
where f(-) denotes the spatiotemporal prediction function to
be learned, mapping historical dynamics to future risk evolu-
tion.

Under a supervised learning framework, the model param-
eters are optimized by minimizing the discrepancy between
predictions and ground-truth observations. Given a set of
training samples, the learning objective is defined as

win £ (0(x00) X0). @
n=1

where 6 denotes the model parameters and ¢(+) is a prediction
error metric consistent with the evaluation protocol used in
the experiments.
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3 Methodology

Despite substantial progress in multi-scale temporal model-
ing, long-range dependency learning, and region-level inter-
action mechanisms, existing approaches often become un-
stable when confronted with the extreme sparsity, abrupt
volatility, and weak spatial structure inherent in terrorism-
related time series. To address these challenges, we pro-
pose WBMCEF (Figure 1), a unified architecture designed to
robustly encode spatiotemporal dynamics under highly non-
stationary conditions.

WBMCF first applies RevIN to mitigate inter-region sta-
tistical bias, and then performs a single-level DWT to de-
couple slow-varying trends from high-frequency disruptions,
yielding a stabilized multi-scale representation. Next, a
Bidirectional Gated Mamba encoder captures complemen-
tary long-range dependencies from forward and backward
temporal flows, where a lightweight gate suppresses spike-
induced instabilities before the state-space update. In par-
allel, a topology-agnostic ConvFFN enables implicit cross-
region coupling via shared and grouped convolutions, en-
coding latent inter-regional dependencies without relying on
explicit adjacency. Finally, the framework reconstructs the
time-domain sequence through Inverse DWT (IDWT) and de-
normalization to produce multi-horizon forecasts.

3.1 Discrete Wavelet Transform

Terrorism sequences often combine slowly evolving struc-
tural trends with abrupt local fluctuations. Direct time-
domain modeling may entangle these heterogeneous patterns
and reduce stability. We therefore apply a single-level DWT
to obtain a disentangled multi-scale representation. Com-
pared with deep recursive decompositions, a single level bet-
ter preserves temporal localization, which is crucial for sparse
and instantaneous spikes in early warning scenarios.

For notational simplicity, we denote the historical input se-
quence X;_r.; in a batched form as

X ¢ RBXCXT’ (3)

where B is the batch size, C is the number of regions, and
T corresponds to the historical window length defined in the
problem formulation.

A single-level DWT produces low-frequency approxima-
tion coefficients Y7, and high-frequency detail coefficients
YHZ

(Y2,Ym) =DWT(X). “)

Under the Haar basis, the low-pass and high-pass filters are

1 1 1 1
h:777ah:77_77 5
=l vl @
and the decomposition is implemented via convolution and
downsampling:
YL:(X*h¢)¢2, YHZ(X*hw)l,Q, (6)

where * denotes 1D convolution and | 2 indicates temporal
downsampling. The resulting subbands are stacked to form
the multi-scale embedding:

Yemp = Stack(Yy, Yy) € REXCx2xT/2, @)

3.2 Bidirectional Gated Mamba

To capture both cumulative long-range effects and short-term
corrections, we adopt a bidirectional state-space encoder.
However, under extreme sparsity and volatility, bidirectional
fusion can amplify spikes and noise. We thus introduce a
lightweight gating mechanism to modulate inputs before state
updates, acting as a content-aware filter that suppresses im-
pulsive perturbations while preserving informative variations.

Given an input token (or channel-wise vector) X;, the gate
is defined as

g =0(WyXi +by), Xi=g0Xe, ®)
where o(-) denotes the Sigmoid function and ® is element-

wise multiplication. The gated input X7 is then fed into the
Mamba state-space update:

ht = Atht—l + BtXé (9)

Following the standard formulation of Mamba state-space
models, A; and B; denote learnable state transition param-
eters. With a learnable discretization step size A, the dis-
cretized parameters are given by

f_lt = exp(—AtAt), (10)

Bt = (AtAt)_l(exp(—AtAt) — I)(AtBt) (11)
The bidirectional representations are obtained as

Ht(f) = Norm(Marnbafwd(Xt/) + Xt)? 2)
Ht(b) = Norm (Flip(Mambanwq (Flip(X}))) + X;), (13)

which are fused as H; = Ht(f ) + Ht(b). A feed-forward layer
with residual normalization yields the final output:

H, = FFN(H,), H™ =Norm(H,+ H,). (14

3.3 Implicit Cross-Regional Modeling via
ConvFFN

Traditional spatiotemporal models often rely on explicit
topologies and local message passing, which can be un-
reliable under weak and rapidly shifting spatial structures.
We therefore model cross-regional dependency through a
topology-agnostic ConvFFN, using shared kernels and im-
plicit channel mixing to capture latent interactions (including
“jump diffusion”) without explicit adjacency.

Given X € RBXCXT ConvFFN first applies grouped con-
volution to extract local features:

X1:W1 *X+b1, (15)
followed by nonlinearity and dropout:
X5 = GELU(Dropout(X7)). (16)

A second convolution aggregates refined patterns to com-
plete implicit spatial mixing:

ConvFFN(X) = Dropout(Ws * X5 + bs). (17)

With global parameter sharing, ConvFFN enables pattern
transfer from data-rich to sparse regions and captures syn-
chronized bursts among non-adjacent areas in latent space,
complementing the long-range temporal modeling of the
gated Mamba.
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Figure 1: Overall architecture of WBMCF: RevIN + single-level DWT for multi-scale representation, Bidirectional Gated Mamba for long-
range temporal modeling, ConvFEN for topology-agnostic cross-regional coupling, and IDWT for time-domain reconstruction.

3.4 Inverse Discrete Wavelet Transform

After multi-scale modeling, the model predicts trend and de-
tail components separately. We apply IDWT to reconstruct a
coherent time-domain forecast. Let the predicted representa-
tion be Y/ € RBXCx2XT'/2 \here T’ denotes the tempo-
ral length of the prediction horizon, with subbands (Y7, Y7,).
Under the Haar basis, reconstruction can be written as

YV = (Y] 12) % hg+ (Y 12) * hy, (18)

where 1 2 denotes zero-insertion upsampling. Equiva-
lently,
Y = IDWT(Y},Y},). (19)
Finally, we apply upsampling (if required) and de-
normalization (RevIN' inversion) to output multi-horizon
forecasts, preserving both smooth long-term evolution and lo-
calized disruptive events.

4 Experiment

We conduct extensive experiments on multiple regional sub-
sets of the Global Terrorism Database to evaluate WBMCF
from different perspectives and address the following re-
search questions: Q1) How does WBMCF compare with
state-of-the-art forecasting models in terms of predictive ac-
curacy under sparse, volatile, and weak-topology terrorism
data? Q2) How does each core component of WBMCF

contribute to the overall performance? Q3) How stable is
WBMCEF under different hyperparameter settings? Q4) How
robust is WBMCEF to noise and partial observation? Q5) How
does WBMCEF perform in terms of computational efficiency?

4.1 Experiment Settings

Dataset Description. We conduct experiments on the Global
Terrorism Database (GTD), which contains 186,116 terrorist
incident records from 1970 to 2020 with 15 task-relevant at-
tributes. Following the United Nations M49 classification, we
construct five regional subsets: Africa (AFR), the Americas
(AMER), Asia-Pacific (APAC), Europe (EU), and the Mid-
dle East and Others (MEO). Event-level records are aggre-
gated into region-level fatality sequences, which are chrono-
logically split into training, validation, and test sets with a
ratio of 7:1:2 and normalized using z-score standardization.
Implementation Details. All experiments are performed un-
der a unified setting on a single NVIDIA RTX3090 GPU us-
ing PyTorch with CUDA support. The input sequence length
is fixed to 96, and prediction horizons are selected from
{12,24,48,96}. Models are trained with the Adam optimizer
(learning rate 1 x 107%) using MSE loss, a batch size of 32,
and early stopping; each experiment is repeated five times and
averaged.

Metrics and Baselines. Following prior studies on
spatiotemporal forecasting, we adopt Mean Squared Er-
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ror (MSE), Mean Absolute Error (MAE), and Rela-
tive Squared Error (RSE) to evaluate forecasting perfor-
mance. We compare WBMCF with representative base-
line methods spanning diverse modeling paradigms, includ-
ing PFN-based TimePFN [Taga et al., 2025], Mamba-based
S_Mamba [Wang er al., 2024], Transformer-based methods
such as PatchTST [Nie et al., 2023], Crossformer [Zhang
and Yan, 2023], and FEDformer [Zhou et al., 2022], the lin-
ear model DLinear [Zeng et al., 2023], and the CNN-based
Pyraformer [Liu et al., 2022b].

4.2 Comparison Results (RQ1)

We conduct comparative experiments on five regional ter-
rorism datasets (AFR, AMER, APAC, EU, and MEO). Ta-
ble 1 reports the averaged performance over four prediction
horizons O € {12,24,48,96}. For each method, experi-
ments are independently repeated five times with different
random seeds, and the variation across runs is consistently
within 0.01%, indicating high experimental stability. Over-
all, WBMCEF achieves the best or second-best results across
all regions, demonstrating consistent advantages under cross-
horizon evaluation.

Notably, WBMCEF yields clear improvements on challeng-
ing regions. In AFR, it improves the averaged MSE, MAE
and RSE by 1.5%, 19.2% and 0.8% over the strongest base-
line. In MEO, the corresponding improvements reach 1.2%,
19.2% and 0.6%. WBMCEF also remains competitive on
AMER, APAC, and EU, consistently attaining leading or
near-leading performance across metrics. These results in-
dicate that WBMCF maintains robust and reliable forecast-
ing accuracy even when evaluated under an averaged, multi-
horizon setting.

4.3 Effectiveness of Components (RQ2)

To examine the contributions of individual components in
WBMCEF, we conduct ablation experiments on two represen-
tative datasets (AFR and MEQO), comparing the full model
with several variants, including w/o DWT, w/o Mamba, w/o
ConvFFN, and the minimal w/o Mamba + ConvFFN. Ta-
ble 2 reports the averaged results over four prediction hori-
zons (O = 12,24,48,96). The full'WBMCEF consistently
achieves the best performance across both datasets and all
evaluation metrics, indicating the complementary roles of the
proposed components. In particular, removing DWT or si-
multaneously removing Mamba and ConvFFN leads to the
most pronounced performance degradation, highlighting the
foundational role of time—frequency decoupling in stabiliz-
ing highly non-stationary sequences. By contrast, removing
ConvFFN results in a milder yet consistent drop in perfor-
mance, suggesting that implicit cross-regional coupling con-
tributes steadily to overall accuracy. These results validate
the hierarchical design of WBMCE, in which time—frequency
stabilization provides a reliable basis that is further refined
by temporal modeling and topology-agnostic spatial interac-
tions.

4.4 Hyperparameter Sensitivity Analysis (RQ3)

Effect of Batch Size. Experiments on the AFR and MEO
datasets show that varying the batch size among {8, 16, 32,

12 Batch Size = 8 Batch Size = 16 Batch Size = 32 Batch Size = 64
e I 1 I
1.0 | | |
0.8 - ! I I
o 1 1 1 I
E 06 I I I
0.4 - ! ! !
1 1 I I
0.2 I I I
0.0
MSE [MAE| RSE | MSE [MAE| RSE | MSE [MAE] RSE | MSE [MAE[ RSE
Pred_len =12 Pred_len =24 Pred_len = 48 Pred_len =96
(a) Effect of batch size on AFR
Batch Size =8 Batch Size = 16 Batch Size = 32 Batch Size = 64

)
MSE [MAE [ RSE | MSE [MAE[ RSE | MSE [MAE[ RSE [ MSE [mAE[ RsE
Pred_len = 12 Pred_len =24 Pred_len = 48 Pred_len = 96

(b) Effect of batch size on MEO

Figure 2: Performance of WBMCEF with different batch sizes.

64} results in only minor fluctuations in MSE, MAE, and
RSE across all forecasting horizons, as illustrated in Fig-
ure 2. This stability persists despite substantial differences
in volatility and non-stationarity between the two regions, in-
dicating that WBMCEF is insensitive to gradient noise induced
by small-batch training. Moreover, increasing the batch size
does not yield consistent performance gains, suggesting that
training stability is primarily attributed to the model architec-
ture rather than large-batch smoothing effects.

Effect of State Expansion Factor. The State Expansion
Factor controls the state-space dimensionality of the Bidi-
rectional Gated Mamba. Under different SEF settings ({8,
16, 32, 64}), the MSE curves for both AFR and the highly
volatile MEO region remain smooth and confined within nar-
row ranges across all horizons, as shown in Figure 3. While
larger state dimensions provide marginal gains in certain con-
figurations, no structural degradation is observed. This indi-
cates that WBMCEF does not rely on brute-force state expan-
sion to achieve expressive power, but instead derives its ro-
bustness from the synergy between time—frequency modeling
and bidirectional temporal dynamics, enabling stable perfor-
mance even under constrained computational settings.

Effect of Decomposition Depth. We evaluate the Effect of
the wavelet decomposition depth by comparing J = 1,2,3
across multiple horizons on AFR and MEO. As shown in Fig-
ure 4, the single-level setting (J = 1) consistently achieves
the best or near-best performance and maintains stable be-
havior across prediction lengths. Increasing the decomposi-
tion depth does not lead to further improvements and instead
introduces mild but consistent degradation in several cases,
implying that overly deep multi-scale decomposition may re-
duce representation coherence in highly noisy and bursty ter-
rorism sequences.
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Method AFR AMER APAC EU MEO
MSE MAE RSE MSE MAE RSE MSE MAE RSE MSE MAE RSE MSE MAE RSE
Pyraformer 0.781 0.510 0.987 0.939 0.585 1.040 0.910 0.556 0.994 1.163 0.650 1.008 1.192 0.544 0.993
FEDformer 0.772 0.477 0.982 0903 0.584 1.020 0.891 0.545 0983 1.094 0.612 0978 1.165 0.554 0.982
Crossformer 0.760 0.486 0.974 0.870 0.534 1.001 0.881 0.540 0.978 1.085 0.583 0974 1.144 0.538 0.972
DLinear 0.766 0.488 0978 0.873 0.530 1.003 0.898 0.544 0.987 1.061 0.576 0.963 1.151 0.536 0.975
PatchTST  1.077 0.607 1.155 1.171 0.664 1.159 1.330 0.720 1.197 1.306 0.632 1.069 1.425 0.613 1.084
S_Mamba  0.760 0.489 0976 0.883 0.613 1.009 0.880 0.524 0.977 1.067 0.626 0.966 1.137 0.544 0.969
TimePFN  0.763 0.454 0.976 0.889 0.517 1.012 0.880 0.523 0.977 1.083 0.555 0.973 1.137 0.526 0.970
WBMCF(ours) 0.749 0.367 0.967 0.857 0.438 0.994 0.876 0.425 0.975 1.049 0.512 0958 1.124 0.425 0.964

Improvements +1.5% +19.2% +0.8% +1.5% +15.3% +0.7% +0.4% +18.7% +0.2% +1.1% +7.8% +0.6% +1.2% +19.2% +0.6%

Table 1: Multivariate forecasting performance of all methods on five datasets, where results are averaged over four prediction horizons
(O = 12,24, 48, 96). The best results are highlighted in bold, and the suboptimal results are underlined.

Method AFR MEO
MSE MAE RSE MSE MAE RSE
WBMCF(ours) 0.749 0.367 0.967 1.124 0.424 0.964
w/o Mamba 0.764 0.402 0.977 1.140 0.463 0.971
w/o ConvFFN 0.790 0.464 0.993 1.154 0.529 0.977
w/o DWT 0.759 0.368 0.974 1.133 0.428 0.968

w/o Mamba + ConvFFN 0.761 0.369 0.974 1.128 0.425 0.967

Table 2: Ablation results of WBMCEF on two representative datasets
(AFR and MEO), where results are averaged over four prediction
horizons (O = 12,24,48,96). The best results are highlighted in
bold, and the suboptimal results are underlined.

Pred_len =12

Pred_len =24 Pred_len = 48 Il Pred_len = 96

8 16 32 64 8 16 32 64

State Expansion Factor
(a) Effect of SEF on AFR

State Expansion Factor
(b) Effect of SEF on MEO

Figure 3: Performance of WBMCEF with different State Expansion
Factors (SEF).

4.5 Noise Robustness Evaluation (RQ4)

To assess robustness under disturbed conditions, we inject
Gaussian noise into continuous variables of the AFR and
MEO datasets with two perturbation levels (50% and 100%),
and compare the resulting prediction errors, as shown in Fig-
ure 5. WBMCEF consistently demonstrates superior robust-
ness across both noise settings, exhibiting markedly smaller
increases in MSE, MAE, and RSE than baseline methods.
Notably, even under the 100% noise level, WBMCF main-
tains stable predictive behavior, whereas baselines such as
PatchTST and DLinear suffer from pronounced error infla-
tion. The consistent performance on AFR and MEO—two
regions with contrasting event characteristics—indicates that
WBMCEF adapts well to diverse noise patterns, further sup-
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Figure 4: Performance of WBMCF with different decomposition
depths J.

porting its reliability in partially observed and highly unstable
forecasting scenarios.

4.6 Model Efficiency Analysis (RQS5)

To examine the trade-off between predictive accuracy and
computational cost, we conduct an efficiency analysis (Fig-
ure 6) on the AFR and MEO regions under a unified ex-
perimental configuration. We compare representative models
in terms of prediction error, per-iteration runtime, and mem-
ory consumption, and visualize their relative positions in the
efficiency—performance space.

The results indicate that WBMCF consistently occupies
a favorable region in both datasets, achieving low predic-
tion error with fast computation and moderate memory usage.
This compact positioning reflects a well-balanced efficiency
profile. In contrast, S_Mamba attains competitive runtime
performance but at the expense of higher prediction error,
while Transformer-based models generally incur increased
computational or memory overhead and exhibit less stable
efficiency—performance trade-offs across regions. Overall,
WBMCF maintains strong predictive accuracy while effec-
tively controlling computational and memory costs, demon-
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Figure 5: Performance of all methods with different noise perturba-
tion levels.

strating its practicality for large-scale cross-regional terrorism
forecasting.

5 Related Work

Spatiotemporal forecasting. Forecasting terrorism fatal-
ities requires modeling complex spatiotemporal dependen-
cies driven by geopolitical shifts and organizational dynam-
ics. Early approaches relied on convolution-based architec-
tures, such as ST-ResNet and 3D CNNs, to capture tempo-
ral evolution and local spatial neighborhoods through fixed
receptive fields [Jiang and Luo, 2022], but they struggle
with non-Euclidean or dynamically changing regional inter-
actions. Graph Neural Networks (GNNs), including STGCN,
Graph WaveNet, and diffusion-based models like DCRNN,
propagate information over predefined non-Euclidean struc-
tures [Zhang er al., 2023]." To relax static-topology as-
sumptions, adaptive and dynamic graph models such as
AGCRN [Kim et al., 2023] and DGCRN [Li et al., 2023]
introduce latent relation learning or time-varying adjacency
mechanisms [Lan et al., 2022; Qin et al., 2025al. However,
these methods generally assume smooth temporal and spatial
evolution, which is often violated in sparse and bursty terror-
ism data [Liu et al., 2022c; Weng et al., 2023].

Multi-scale temporal modeling. Terrorism-related time se-
ries exhibit pronounced multi-scale non-stationarity due to
the coexistence of long-term geopolitical trends and short-
term attacks [Hou et al, 2023]. Decomposition- and
frequency-based models, including Autoformer [Wu et al.,
2021], FEDformer [Zhou et al., 2022], SCINet [Liu et
al., 2022a], TimesNet [Wu et al., 2023], and Wavelet-
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Figure 6: Training efficiency and memory costs of different ap-
proaches.

former [Masserano er al., 2025], aim to separate trends
from local fluctuations. Lightweight methods such as DLin-
ear [Zeng et al., 2023], PatchTST [Nie er al., 2023], and
TiDE [Das et al., 2023] reduce model complexity while
maintaining stable performance. State-space models, notably
Mamba [Gu and Dao, 2024], further enhance long-range de-
pendency modeling, yet existing approaches still struggle to
jointly suppress noise and respond to abrupt anomalies under
frequent structural shifts.

Spatial dependency modeling. Compared to temporal dy-
namics, terrorism events exhibit greater irregularity in spatial
diffusion, often characterized by weak topology and jump
diffusion [Liang et al., 2024; Zhan et al., 2024], rendering
static adjacency matrices inadequate [Capone et al., 2025].
Explicit graph-based models perform well under stable spa-
tial structures but degrade when spatial relations are unstable
or missing [Han er al., 2024]. Adaptive and dynamic graph
approaches partially alleviate static assumptions yet remain
limited in capturing abrupt structural reorganization [Kong et
al., 2024; Kieu er al., 2024]. In contrast, topology-agnostic
methods model spatial dependencies through implicit fea-
ture interactions without explicit graphs [Qin ef al., 2023;
Mao et al., 2024], offering greater flexibility under weak-
topology conditions.

6 Conclusion

This paper proposes WBMCEF, a wavelet-bidirectional state-
space—convolution fusion framework for cross-regional ter-
rorism fatality forecasting under highly non-stationary and
weak-topology conditions. By decoupling long-term trends
and short-term bursts in the time—frequency domain, and
jointly modeling long-range temporal dependencies with im-
plicit spatial interactions, WBMCEF achieves robust and stable
performance across diverse regions, prediction horizons, and
disturbed environments. Extensive experiments demonstrate
that the proposed framework consistently balances predictive
accuracy, robustness, and computational efficiency, highlight-
ing its practical potential for reliable medium-term risk as-
sessment in complex and volatile terrorism scenarios. Future
work may explore the incorporation of explicit dynamic spa-
tial signals and uncertainty-aware extensions to further en-
hance its applicability.
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