
Enhancing Binary Encoded Crime Linkage Analysis Using Siamese Network
Yicheng Zhan1, Fahim Ahmed1, Amy Burrell2, Matthew Tonkin3, Sarah Galambos4, Jessica

Woodhams2, Dalal Alrajeh1

1Department of Informatics, Imperial College London, London, UK
2University of Birmingham, Birmingham, UK

3University of Leicester, Leicester, UK
4UK National Crime Agency, Serious Crime Analysis Section, UK

yz10621@imperial.ac.uk, dalal.alrajeh04@imperial.ac.uk, j.woodhams@bham.ac.uk

Abstract
Effective crime linkage analysis is crucial for identifying serial
offenders and enhancing public safety. To address the limi-
tations of traditional crime linkage methods when handling
high-dimensional, sparse, and heterogeneous data, this paper
proposes a Siamese Autoencoder framework to learn meaning-
ful latent representations and uncover correlations in highly
complex data. Using a dataset from the Violent Crime Linkage
Analysis System—a database maintained by the Serious Crime
Analysis Section of the UK’s National Crime Agency—our
approach mitigates signal dilution in high-dimensional sparse
data through decoder-stage integration of geographic-temporal
features. This integration amplifies learned behavioral repre-
sentations rather than allowing them to be overwhelmed at the
input stage, leading to consistent improvements over baseline
methods across multiple metrics. We further examine how
different data reduction strategies based on domain-expert
can impact model performance, offering practical insights
into preprocessing for crime linkage. Our solution shows that
advanced machine learning approaches can enhance linkage
accuracy, improving AUC by up to 9% over traditional meth-
ods and providing insights to support human decision-making
in crime investigation.

Introduction
Crime Linkage (CL) is integral to modern law enforcement,
aiming to identify various types of serial offences (e.g., se-
rial sexual assault, burglary, or robbery) and can also help
link crimes to a known offender. The process focuses on the
offender’s Modus Operandi (MO), a specific combination
of behaviours that differentiate one offender from another,
during the commission of the crimes to predict that the same
individual is responsible for multiple incidents. Accurate CL
assists in prioritizing investigative resources and strength-
ening public safety measures. Real-world crime databases,
however, often contain complex data landscapes marked by
high dimensionality, sparsity, and geographic-temporal het-
erogeneity (Grubin, Kelly, and Brunsdon 2001). While tra-
ditional methods have demonstrated efficiency in controlled
scenarios, their effectiveness diminishes when deployed on
datasets exhibiting these real-world complexities.

This performance gap becomes apparent in large CL sys-
tems. In this paper, we examine our method using a dataset
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derived from the Violent Crime Linkage Analysis System
(ViCLAS), a database management system, used by the Se-
rious Crime Analysis Section (SCAS) of the UK’s National
Crime Agency (NCA). ViCLAS is the largest crime dataset
analyzed in published research to date.

Moreover, conventional CL research on serious sexual of-
fending primarily focused on patterns in the MO alone, with
limited consideration of geographic-temporal information of
offences. While some Machine Learning (ML) approaches
explored geographic-temporal patterns in specific contexts
(e.g., standalone analyses of burglary distance metrics and
temporal intervals (Solomon et al. 2020)), they mainly fo-
cused on smaller-scale, geographically-confined datasets.

We propose a Siamese Autoencoder framework that jointly
learns latent representations from complex, high-dimensional
binary-encoded data. Since geographic-temporal features
become statistically insignificant when concatenated with
behavioral features, we introduce decoder-stage integration
to preserves their discriminative characteristics by modu-
lating learned embeddings rather than competing during
feature extraction. This choice yields consistent improve-
ments of 0.86-3.29% AUC across network variants (Ta-
ble. 4). To address the high dimensionality of ViCLAS data,
we further explore the impact of domain-specific, expert-
defined data reduction strategies for dimensionality reduc-
tion and evaluate their effectiveness. This paper aims to ex-
amine how ML techniques can support crime linkage anal-
ysis, aiming to accelerate and help investigative decision-
making. Our experiments on real-world data show that the
proposed approach outperforms both traditional methods and
Naive Siamese baselines. The sanitized code is available at:
https://github.com/AlberTgarY/CrimeLinkageSiamese.

• A novel application of Siamese Autoencoder to crime link-
age analysis, evaluated on ViCLAS, the largest real-world
dataset on serious sexual offences analyzed in published
research.

• An exploration of data reduction strategies that high-
lights effective preprocessing techniques based on domain-
expert for sparse, high-dimensional datasets.

• Key insights into the application of ML to crime data, in-
cluding the impact of dataset properties and the sensitivity
of network structures.
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Related Work
Crime Linkage
Crime linkage identifies offence series and supports the
detection and apprehension of prolific offenders (Burrell
and Tonkin 2020), enabling resource sharing and prevent-
ing redundant efforts (Grubin, Kelly, and Brunsdon 2001).
While physical evidence (e.g., fingerprints, DNA) can di-
rectly link crimes, behavioural indicators—victim approach,
violence level, weapon use—offer alternative linkage when
forensic traces are absent (Bennell and Jones 2005; Tonkin
et al. 2017a). Behavioural Crime Linkage (BCL) rests on
two theoretical pillars: behavioural consistency (similar of-
fender actions across offences) and behavioural distinctive-
ness (unique patterns differentiating offenders) (Woodhams
and Bennell 2014). Empirical support for these assumptions
is extensive (Burrell, Costello, and Woodhams 2024). In prac-
tice, practitioners employ both individual behaviours and
thematic clusters representing shared functions (Alison et al.
2011). Research has explored various multivariate linkage
techniques, including taxonomic similarity metrics (Wood-
hams, Grant, and Price 2007), discriminant function analysis
and multidimensional scaling for theme derivation (Winter
et al. 2013), and other advanced methods (Burrell, Costello,
and Woodhams 2024).

Data-Driven Approaches in Crime Linkage
Early crime linkage approaches relied on statistical models
such as logistic regression and decision trees using predefined
modus operandi (MO) features to capture behavioural consis-
tencies (Bennell and Jones 2005; Melnyk et al. 2011). While
effective for controlled scenarios, these models struggle with
non-linear dependencies intrinsic to crime data. Recent ad-
vances leverage machine learning to process large datasets
and uncover complex patterns (Bennell et al. 2014). Li and
Qi (Li and Qi 2019) demonstrated enhanced serial-crime
detection by combining natural language processing with dy-
namic time warping on crime narratives. However, challenges
remain for sexual-offence linkage, where geographically dis-
persed, small samples often lead to under-exploited spatial
and temporal features (Woodhams, Hollin, and Bull 2008;
Grubin, Kelly, and Brunsdon 2001).

Machine Learning Techniques in Crime Linkage
With the advancement of artificial intelligence, ML methods
have also been applied to crime linkage tasks. (Stalidis, Se-
mertzidis, and Daras 2021) examined various deep learning
architectures for crime classification and prediction, show-
ing the robustness of learned methods outperforming tra-
ditional methods when working with 2D incident images
as input. Similarly, (Utsha et al. 2024) also reviewed deep
learning-based crime prediction models and highlighted the
effectiveness of specific architectures in dealing with sparse
crime data. Furthermore, (Butt et al. 2020) explored the ap-
plication of spatio-temporal neural networks for predicting
crime hotspots, seeking optimal configurations for crime
data analysis. The recent study by (Burrell, Costello, and
Woodhams 2024) presents a comprehensive review of the ap-
plication of ML and the other approaches in CL. One notable

approach in the learned domain CL is the use of Siamese Au-
toencoders. These networks optimize the similarity between
linked crimes while maximizing the differences between
unlinked ones, rather than relying on predefined similarity
metrics. (Solomon et al. 2020) applied Siamese neural net-
works to crime data, using embeddings derived from textual
features combined with spatial-temporal information to pre-
dict linkages between burglary cases. In this work, we extend
the application of Siamese architectures by introducing a
novel geographic-temporal integration approach designed to
process high-dimensional binary-encoded features.

Dataset: ViCLAS
We utilize data from ViCLAS, a comprehensive database
maintained by the SCAS of the NCA in the United Kingdom.
ViCLAS is designed to capture detailed information about
violent and sexual offences (weapon, victim, scene, vehicle,
and other variables that are related to the actual offence), pro-
viding a rich source of data for crime linkage analysis (Law
et al. 2022). The original ViCLAS dataset remains categori-
cal in nature, with a few binary representations. For research,
the dataset is reformatted in binary, with 1 indicating an ob-
served attribute and 0 for unobserved or unrecorded ones.1
Our study employs two variants derived from this database:

Single Victim-Offender-Scene Series
Serving as a proof of concept for our approach, we first
analyzed a focused subset of our main dataset, which was
recorded on January 6, 2014. The dataset consists of a col-
lection of series involving offenders convicted of multiple
offences. Each offence was executed by a single offender
against a single victim at a single scene. The simplification
facilitates the attribution of behaviour exhibited in an offence
to the offender. This initial dataset consists of 1,482 cases
distributed across 493 series and does not contain geographic-
temporal data. Each case is identified by a unique ViCLAS
reference (ID), which serves as a linking key of the same
offence across various data sheets.

Multiple Victim-Offender-Scene Series
For the main dataset, we expanded our analysis beyond
the initial Single Victim-Offender-Scene Series to our main
dataset spanning January 1990 to November 2021, compris-
ing 22,282 offences across 446 features. The dataset includes
both solved cases (where sufficient evidence links the offence
to a known offender) and unsolved cases. Unlike the initial
dataset, the incident may involve multiple offenders against
multiple victims, where the offence occurs across multiple
scenes. There are no means for directly attributing which of-
fensive behaviour was performed by which offender, against
which victim, and at what scene. This increases the complex-
ity of the dataset and the problem of identifying patterns. Of
these, 12,625 cases were categorized as solved, and 11,970

1Access to the data used in this research was granted through
requests R123, R128, R182a, and R182b submitted to SCAS. Due to
strict confidentiality and data-sharing agreements with the Agency,
the data cannot be shared publicly. Access requests for research
must be submitted directly to the UK’s NCA.
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were retained for analysis after applying data validation steps
to ensure consistency and completeness. The final analysis
focuses on 446 of the 449 features. For the purpose of explor-
ing data reduction strategies, we further adopted information
about the type of features in the dataset, i.e., behavioural or
contextual, following the process in (Law et al. 2022). Be-
havioural features are those that capture behaviours exhibited
by the offender (e.g., weapon use, approach method, verbal
threats). Contextual features describe the context in which
the offence took place (e.g., location type, time of day, vic-
tim characteristics). As such, the dataset encompassed 177
behavioural features and 158 contextual features, with 11
features classified as both behavioural and contextual.

Methodology
Effective CL remains challenging due to the high-
dimensional and sparse nature of crime data (Chi et al. 2017).
Traditional methods impose limiting assumptions: logistic
regression assumes linear feature relationships while deci-
sion trees enforce rigid hierarchical structures, both inade-
quate for capturing non-linear criminal behavior associations.
Meaningful patterns emerge from feature combinations rather
than direct matching, which is particularly challenging given
sparse binary encodings are dominated by zero values.

We present a novel Siamese Autoencoder framework that
discovers latent representations in ViCLAS dataset and incor-
porates geographic-temporal data for CL analysis. As shown
in Fig. 1, our approach comprises three components: (Net-
work Structure) extracts compact embeddings from sparse,
binary-encoded data, with geographic-temporal data fused
at the decoder stage; (Loss Function) employs contrastive
and reconstruction losses to cluster crimes by the same of-
fender while separating unlinked cases; (Model Inference
On Unsolved Cases) transforms latent code distances into
bounded probability scores for case comparison. We begin
by describing the problem definition below.

Problem Definition
Given a set of N binary-encoded criminal incidents,
each described by a high-dimensional feature vector
(e.g., behavioural and contextual features) and continuous
geographic-temporal indicators (e.g., distance and time in-
terval), the goal of CL is to determine whether any two or
more incidents originate from the same offender. Formally,
let xi ∈ {0, 1}M be the binary-encoded features of the i-
th incident where M = 446 represents the original feature
dimensionality before reduction, and let g(xi,xj) ∈ R2 cap-
ture the continuous geographic-temporal data (specifically,
the spatial distance and temporal interval) between incidents
i and j. We seek a function f(xi,xj , g(xi,xj)) → [0, 1]
that outputs a probability score reflecting whether these two
incidents are linked (i.e., committed by the same offender),
where higher scores indicate greater probability of linkage.

Network Structure
Architectural Overview. Figure 2 shows our Siamese
Autoencoder with two identical sub-networks processing

Figure 1: The overview of the network training pipeline.
Case data from the ViCLAS dataset undergoes data filter-
ing&clearning and data reduction before being processed
by the Siamese Autoencoder. The framework handles pair-
wise cases with added noise and incorporates geographic-
temporal data at the decoder stage. Here geo&temp refers to
geographic-temporal data.

crime pairs in parallel. Each sub-network uses an encoder-
decoder structure optimized for binary behavioral data. The
encoder comprises two linear layers with ReLU activa-
tions (446→128→8), compressing input features to an 8-
dimensional latent representation. The decoder mirrors this
architecture (8→128→446), reconstructing the original fea-
ture space. The decoder mirrors this structure, reconstructing
original features. Geographic-temporal data integration oc-
curs between decoder layers. Logarithmically transformed
spatial-temporal features pass through a linear layer and com-
bine additively with the first decoder layer output, preserv-
ing geographic-temporal influence. Our proposed network
consists of 21,740 parameters, compared to the 22,981 pa-
rameters of the Naive Siamese network baseline. Despite
having comparable parameters, our approach consistently
demonstrates higher performance across metrics.

Motivation. Our architecture extends (Solomon et al.
2020) by incorporating reconstruction constraints tailored
for the ViCLAS domain, targeting three key challenges:
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Figure 2: The architecture of our Siamese Autoencoder. The
encoder reduces the input dimensionality to 8, while the
decoder reconstructs the latent code back to the original input
shape. Here geo&temp refers to geographic-temporal data.

(1) Feature Dimensionality: Solomon et al. used only 40-
dimensional TF-IDF vectors, whereas our model handles
217–446 binary-encoded dimensions, requiring compact rep-
resentation learning from high-dimensional, sparse data. (2)
Structurally-Informed Contrastive Learning: We integrate
reconstruction loss to retain structural information in latent
representations, enhancing discriminative capability via con-
trastive learning. (3) Geographic-Temporal Integration: In-
stead of concatenating geographic-temporal features at the
input (where their impact is minimal), we fuse them at the
decoder stage for stronger signal amplification. For more
information about the motivation of our architecture, please
refer to the Supplementary Material.

Decoder-Stage Integration Rationale. Integrating
geographic-temporal data at the decoder stage rather than
at the input level addresses two issues: (1) Signal Dilution:
When concatenated at the input layer, the 2-dimensional
geographic-temporal data become statistically insignificant
(< 1%) against 217-446 behavioral dimensions, limiting
their discriminative potential. Decoder-stage integration
enables explicit modulation of latent codes after behavioral
abstraction, amplifying pairwise geographic-temporal
signals where they provide maximum discriminative value.
(2) Pairwise Semantics: Geo-temporal data inherently
reflect pairwise relationships (comparisons between crimes).
Incorporating this data after encoding stage allows latent
behavioral representations to remain individually consistent
within encoder, while the decoder adjusts for these pairwise
geo-temporal relationships, mirroring real investigative
practice. Fig. 1 illustrates our complete training pipeline,
where paired cases undergo data preprocessing, reduction,
and simultaneous processing through twin networks to
generate distance-based linkage predictions.

Loss Function
Our model jointly optimizes contrastive and reconstruction
losses, defined as L = αLcontrast + βLrecon, with α = 1.0
and β = 0.2. As identifying linked cases is the primary
objective, the contrastive term Lcontrast is given higher weight
to maintain interpretability.

Contrastive Loss. Lcontrast clusters cases by the same
offender while separating dissimilar ones using a hybrid
Euclidean-Manhattan distance metric (Tonkin et al. 2017b):

d(x1, x2) =

√√√√ n∑
i=1

(x1i − x2i)2 +
n∑

i=1

|x1i − x2i|, (1)

where x1 and x2 denote latent representations. The con-
trastive objective is defined as

Lcontrast = α · E[y · d2 + (1− y) ·max(m− d, 0)2], (2)

where y indicates case linkage (1=linked, 0=unlinked), m =
5 is the margin parameter (empirically determined from
values 1-10 for optimal clustering-separation balance), and
α = 1 is the scaling factor(Liu, Wang, and Liu 2023; Gho-
jogh et al. 2020).

Reconstruction Loss. Lrecon ensures latent representations
retain sufficient information for input reconstruction using
cosine similarity:

Lrecon = E
[

v⊤1 v̂1
∥v1∥∥v̂1∥

+
v⊤2 v̂2

∥v2∥∥v̂2∥

]
, (3)

where vi and v̂i are original and reconstructed feature vectors,
∥ · ∥ denotes L2 norm, and ⊤ represents transpose.

Figure 3: Network inference pipeline overview. Two identi-
cal Siamese Encoders process case pairs to compute latent
representations, rank them by distance, and output Top-K
similarity scores from the ViCLAS dataset.

Model Inference On Unsolved Cases
Fig. 3 illustrates the model inference process. To assess the
similarity between cases in probability scores, we utilize the
latent code generated by our network’s encoder. For each pair
of cases i and j, we compute the Euclidean distance between
their latent codes ei and ej :

Dij = ∥ei − ej∥2 =

√√√√ d∑
k=1

(eik − ejk)2, (4)
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where d refers to the dimensionality of the latent code. To
transform this distance into a probability score Sij , we apply
an exponential decay function:

Sij = exp(−Dij/β), (5)

where β is a scaling parameter set to m/1.5 to align with
our model’s training margin. This transformation maps dis-
tances to a bounded similarity score Sij ∈ (0, 1], with an
exponential decay that reflects the learned margin boundary.

Data Filtering and Cleaning
Each case in the ViCLAS dataset is split across multiple
Excel sheets, introducing potential inconsistencies and in-
complete records. Our data cleaning process involves two
distinct merging operations. First, we handle cases where a
single crime incident (identified by ID) has multiple entries
within the same sheet by applying a binary encoding rule:
if any part of the incident involves a specific attribute (e.g.,
weapon use in one part but not others), we encode it as 1 in
the merged record. This approach loses information about
attribute frequency within cases but preserves behavioral pres-
ence indicators crucial for linkage analysis. Second, we unify
categorical labels with overlapping meanings (e.g., merging
different naming conventions for the same attribute) and label
each binary-encoded dimension as either behavioural, contex-
tual, or both. This isolates specific feature subsets for targeted
analysis, such as single offender or single victim scenarios.

Data Reduction
Our data reduction approach addresses the inherent sparsity
and high dimensionality of ViCLAS data through expert-
informed feature consolidation of 446 binary dimensions with
approximately 91% zero values, which creates challenges for
pattern learning due to overwhelming inactive features (Lim,
Abdullah, and Jhanjhi 2021).

Strategy Features Remaining Reduction Rate

No Map 446 (original) 0%
Map 1 282 36.8%
Map 2 384 13.9%
Map 3 266 40.4%
Map 4 217 51.3%
Map 5 286 35.9%

Table 1: Comparison of data reduction strategies showing
feature count and reduction rates.

Expert-Driven Mapping Strategy. As shown in Table. 1,
We developed five data reduction strategies through collab-
oration with NCA domain experts, each capturing different
operational perspectives on behavioral crime linkage. This
hierarchical framework groups semantically similar variables
under abstract categories, identifying behaviorally similar
cases despite surface-level differences (Woodhams, Grant,
and Price 2007). Our mapping strategies were developed as
follows: Map 1 was created by an NCA analyst with 20+
years experience, focusing on investigative relevance and op-
erational utility. Map 2 refined Map 1 through consultation

with forensic psychologists, emphasizing behavioral consis-
tency principles. Map 3 merged Maps 1 and 2 by selecting
more abstract variables where they diverged, creating a hy-
brid approach. Map 4 was developed by forensic psychology
experts based on crime linkage literature, prioritizing behav-
ioral distinctiveness. Map 5 represented a refined version of
Map 4 with reduced abstraction to maintain behavioral speci-
ficity. For details of data reduction strategies, please refer to
the Supplementary Materials.

Figure 4: Schematic figure of data reduction. The original
binary-coded features are consolidated into broader cate-
gories to reduce dimensionality and improve representation.

Consolidation Methodology. Fig. 4 illustrates our reduc-
tion process, where contextually similar features are aggre-
gated into broader categories. For example, location-specific
variables such as ”shopping mall car park” and ”sports com-
plex car park” are consolidated under the abstract category
”car park,” preserving semantic meaning while reducing di-
mensionality. This approach aligns with findings that analysts
often link crimes thematically rather than through exact be-
havioral matching (Davies 2018).

Validation and Selection. Our evaluation across six con-
figurations (including unmapped data) demonstrates that
strategic dimensionality reduction enhances model perfor-
mance while preserving investigative relevance. Map 5
emerges as optimal, achieving 84% AUC while reducing
features by 44.8%, suggesting that moderate abstraction pre-
serves behavioral patterns while eliminating noise. See Sup-
plementary Material for detailed mapping specifications and
Table. 3 for comprehensive performance comparisons.

Implementation
We implement our approach using PyTorch (Paszke et al.
2019). The training was conducted on an Intel 12700k CPU.
The model was trained for 2 epochs with a batch size of
128, the total training time was 6 hours. We utilized the
Adam optimizer (Kingma and Ba 2015) with hyperparame-
ters β1 = 0.9, β2 = 0.999, the learning rate of 0.001, and
the Cosine Annealing Learning Rate (Loshchilov and Hutter
2017) as scheduler. Data augmentation included the addition
of Gaussian noise to inputs to avoid gradient vanishing issues.
The dataset was partitioned using 5-fold Cross Validation
(CV) for model training and evaluation. For more informa-
tion about data leakage related issues due to CV, please refer
to the Supplementary Materials.

Evaluation
In this section, we systematically evaluate our Siamese Au-
toencoder approach for crime linkage analysis by addressing
five core Research Question (RQ) (RQ 1 to RQ 5). Each
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Method AUC TP FP AUPRC
Mean Std Mean Std Mean

Ours 85 1.98 77.73 4.32 –
Logistic Regression 86 2.14 77.19 5.98 –
PCA 82 4.02 64.97 4.00 –

Table 2: Summary of performance metrics on the Single
Victim-Offender-Scene Series dataset. AUPRC is not re-
ported for this dataset. PCA: Principal Component Analysis.

Method AUC TP FP AUPRC
Mean Std Mean Std Mean

Ours 77 2.11 68.31 1.92 13.32
Ours (map 1) 83 2.34 78.21 2.34 15.17
Ours (map 2) 77 2.29 69.12 2.45 13.97
Ours (map 3) 80 3.43 76.53 2.71 14.04
Ours (map 4) 76 3.01 74.04 3.12 14.51
Ours (map 5) 84 2.86 79.38 2.56 15.43
Logistic Regression 75 2.97 70.43 2.12 10.24
Naive Siamese 76 2.15 67.53 2.60 13.45
Naive Siamese (map 1) 81 2.55 75.12 2.44 14.56
Naive Siamese (map 2) 74 2.97 68.36 2.57 13.41
Naive Siamese (map 3) 79 3.34 74.47 2.85 13.48
Naive Siamese (map 4) 74 3.19 72.08 3.28 14.12
Naive Siamese (map 5) 83 2.72 76.20 2.69 15.09

Table 3: Summary of performance metrics on the Multiple
Victim-Offender-Scene Series dataset. Naive Siamese refers
to the basic Siamese network from (Solomon et al. 2020).

subsection focuses on one research question, detailing the
corresponding experiments, metrics, and findings to clarify
the purpose and outcome of our solution.

RQ1: Effectiveness Compared to Baselines
To address RQ1, we evaluate our method using Area Under
the ROC Curve (AUC), True Positive Rate at Fixed False
Positive Rate (TPFP), and Area Under the Precision-Recall
Curve (AUPRC) metrics across 5-fold validations while intro-
ducing domain-specific data reduction strategies (See Supple-
mentary for AUPRC details). On the initial dataset (Table. 2),
our method performs comparably to logistic regression in
AUC and TP Fixed FP and outperforms Principal Component
Analysis (PCA), though logistic regression achieves better
overall performance due to the limited dataset size, evidenced
by its weaker performance on the extended dataset.

On the extended dataset (Table. 3), we implement various
data reduction strategies with map 5 proving most effec-
tive. Our approach outperforms both logistic regression and
Naive Siamese (Solomon et al. 2020), which uses standard
twin networks with shared weights, concatenating geo&temp
data with network input rather than adding it individually
in the decoder stage. With map 5, our approach achieves
84% AUC, 79.38% TP Fixed FP, and 15.43% AUPRC,
representing relative improvements over Logistic Regres-
sion (12.0%, 12.71%, and 50.68% respectively) and Naive
Siamese (6.67%, 8.37%, and 9.36% respectively), calculated
as (Ours − Baseline)/Baseline. These improvements are ro-
bust across all metrics, exceeding one standard deviation in
multiple configurations (Map 5: 84% ± 3% AUC vs. 75% ±

3% for logistic regression), with the 51% AUPRC improve-
ment proving practical significance for investigative contexts.

RQ2: Impact of Domain-Specific Data Reduction
Building on the results from RQ1, we conduct a detailed
analysis of how different domain-specific data reduction
strategies affect model performance. Our approach reveals
significant variations among different reduction strategies.
Across the five reduction strategies, AUC exhibits a range of
8.00 and a Standard Deviation (Std) of 3.54, TP Fixed FP
shows a range of 10.26 and a Std of 4.07, and AUPRC varies
with a smaller range of 1.46 and a Std of 0.66. On average,
our method demonstrates an improvement of 2.30%, 3.02%,
and 3.48% in AUC, TP Fixed FP, and AUPRC compared to
the Naive Siamese baseline. These variations suggest that
domain-expert designed data reduction strategies can help
maintain semantic relationships and reduce sparsity, thereby
improving the model’s capacity to identify crime patterns.

RQ3: Impact of Architectural and Training Choices
For RQ3, we benchmark our MLP architecture against two
established paradigms – 1D Convolutional Neural Network
(CNN) (Perslev et al. 2019) with convolutional temporal fil-
ters and SIREN (Sitzmann et al. 2020) using periodic activa-
tion functions. As shown in Table. 4, the MLP-based design
achieves a mean AUC of 65.30%, outperforming both 1D
CNN (57.10%) and SIREN (52.16%) variants. Additionally,
our analysis shows that omitting skip connections results in
a mean AUC of 63.03%, outperforming configurations with
skip connections (56.48%) by 6.55%. This suggests that di-
rect feature propagation may interfere with the abstraction
of subtle crime patterns, supporting the exclusion of skip
connections in our design. Additionally, network depth anal-
ysis identifies an optimal configuration of 2 encoder and 2
decoder layers, achieving the highest AUC of 77.29%. Both
shallower architectures (e.g., 1+1 with 52.49%) and deeper
ones (e.g., 4+4 with 63.57%) show degraded performance.
The performance of 2+2 layers suggests this configuration
balances feature abstraction capacity against overfitting risks
in sparse data regimes. These observations could also provide
insight into the future variations of our solution.

RQ4: Effect of Geographic-Temporal Integration
For RQ4, we examine how integrating geographic-temporal
information (geo&temp) affects our model’s ability to link
crimes. As shown in Table. 4, embedding this data at the
decoder level generally yields higher AUC values than input-
level concatenation. For Multilayer Perception (MLP) in
particular, decoder-level integration elevates the AUC from
76.43% to 77.29%, an absolute increase of 0.86%. A similar
trend holds for the 1D CNN and SIREN models. Specifically,
1D CNN with no skip connections improves from 58.45% to
61.74% AUC (+3.29%), while SIREN rises from 55.19% to
58.28% (+3.09%). This benefit appears to stem from allowing
the model to refine or “gate” geo&temp data in the context
of previously learned embeddings, rather than merging it
directly among high dimension data. In the sparse ViCLAS
data setting, an early-stage concatenation risks diluting the
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geo&temp signals. In contrast, late-stage integration at the de-
coder enhances latent codes with geographic-temporal cues.

Layer Skip Depth geo&temp AUC (%)
1D CNN ✔ 2+2 Concat 53.32
1D CNN ✗ 2+2 Concat 58.45
1D CNN ✔ 2+2 Decoder 54.89
1D CNN ✗ 2+2 Decoder 61.74
SIREN ✔ 2+2 Concat 47.78
SIREN ✗ 2+2 Concat 55.19
SIREN ✔ 2+2 Decoder 54.40
SIREN ✗ 2+2 Decoder 58.28
MLP ✔ 2+2 Concat 61.40
MLP ✔ 2+2 Decoder 67.07
MLP ✗ 1+1 Decoder 52.49
MLP ✗ 3+3 Decoder 70.85
MLP ✗ 4+4 Decoder 63.57
MLP ✗ 2+2 Concat 76.43
MLP (Ours) ✗ 2+2 Decoder 77.29

Table 4: Comparative analysis of different architectural con-
figurations and their impact on model performance without
data reduction strategies. Layer indicates the architecture
type, Skip denotes the residual connections, Depth speci-
fies the encoder-decoder layer configuration, and geo&temp
describes the embedding integration approach (Concat: input-
level integration, Decoder: decoder-level integration).

RQ5: Out of Time Distribution Test
To address RQ5, we assess temporal generalization through
an out-of-time test. We conduct experiments on an additional
dataset provided by NCA containing 1,165 solved cases span-
ning 2021 to 2025, representing crimes that occurred after
our main training period (1990-2021). This temporal separa-
tion assesses the model’s ability to generalize beyond training
distribution and highlights the necessity for periodic model
retraining in operational deployment to maintain predictive
accuracy as crime patterns evolve over time. Notably, this
post-2021 period coincides with COVID-19 aftermath, where
significant behavioral shifts have been observed due to so-
cial, economic, and environmental changes (Law et al. 2022;
Woodhams et al. 2024), presenting a challenging yet realistic
temporal generalization test.

Our analysis reveals two distinct optimization strategies:
Map 1 achieves highest recall (77.94%) with 53 of 68 true
positives, optimal for maximizing linkage detection; Map 5
minimizes investigative burden with only 97,013 false posi-
tives from

(
1165
2

)
= 678, 030 possible pairs while maintain-

ing 42.65% recall, representing the most efficient screening
approach. While out-of-time performance is significantly
lower than 5-fold CV results, our approach maintains practi-
cal value by functioning as an effective screening system that
reduces manual review workload by up to 80% while preserv-
ing over half of genuine criminal connections. This shows
the importance of domain-specific performance analysis in
highly imbalanced tasks, where standard precision metrics
may not reflect practical utility for end-users. For detailed per-
formance comparisons across all mapping strategies, please
refer to the supplementary material.

Discussion

Our experiments demonstrate that combining behavioural and
contextual features enhances linkage performance, whereas
using either alone yields suboptimal results, underscoring
their complementary roles in capturing offender consis-
tency. Unexpectedly, deeper architectures and skip connec-
tions—common optimizations—diminish model effective-
ness for CL, by introducing spurious correlations in binary-
encoded behavioural data. Future work should investigate
the incorporation of natural-language offence descriptions to
recover complex patterns lost in binary encoding. Our out-of-
time distribution analysis reveals obvious performance degra-
dation on post-2021 data, coinciding with COVID-19 after-
math where behavioral shifts have been observed. This neces-
sitates periodic model retraining in operational deployment
to maintain predictive accuracy as crime patterns evolve.

While our mapping was designed with UK expert knowl-
edge without claiming generalizability beyond UK’s Vi-
CLAS, similar behavioral data systems exist globally across
Europe, Canada, and New Zealand (Royal Canadian Mounted
Police 2025). Our work demonstrates Siamese networks’ po-
tential for behavioral analysis across datasets, building on
established precedent of ML applications to various crime
types including burglary and robbery (Tonkin et al. 2019).

Demographic Representativeness Assessment. We as-
sessed whether crimes recorded in ViCLAS were representa-
tive of those reported to the unit by UK police forces. Triage
processes include offences in ViCLAS only when containing
sufficient behavioral information, potentially introducing bias
if certain victims or suspects are associated with crimes lack-
ing such detail. Comparing victim and suspect demographics
(age and profession) between unit reports and ViCLAS re-
vealed no significant differences for available variables. No
studies currently assess behavioral differences across victim
groups or offender demographics, and victim surveys pro-
vide no demographic breakdowns for experiences of stranger
rape. This gap represents a significant direction for future
interdisciplinary research.

Conclusion

We proposed a Siamese Autoencoder framework to predict
offence linkages in high-dimensional, sparsely distributed,
binary-encoded ViCLAS data, incorporating geographic and
temporal information. Experiments on a real-world dataset
provided specifically for this research demonstrate superior
performance compared to baseline methods. We also evalu-
ate domain-expert-driven data reduction strategies integrated
into our training pipeline and find that such reductions can
improve both model performance and efficiency. Future work
will extend our method to additional crime types to assess
generalizability across offence categories. We also aim to
evaluate our method in audited operational settings, exam-
ining both effectiveness and ethical implications, to clarify
real-world benefits, risks, and guide informed integration of
ML tools into offence triage.
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Ethics Statement
When developing and evaluating CL algorithms, it is essential
to account for potential bias in input data and resulting group
disadvantage. Training sets predominantly consist of crime
series linked by DNA scene-to-scene hits or criminal justice
outcomes, while “apparent one-offs” lack confirmed links.
Because behavioural differences may exist between solved
and unsolved crimes, models trained primarily on solved
series risk degraded performance when applied to under-
represented groups in unsolved cases. We therefore mapped
potential sources of bias across data preparation, model train-
ing, and deployment. Our preliminary assessments found no
evidence of demographic or geographic bias in the training
data, detailed in the Supplementary Material.

Deployment Safeguards and Governance. Operational
use of CL systems requires explicit risk mitigation: (1)
Human-in-the-Loop: The system provides ranked similarity
lists to support, not replace, investigative decision-making,
with analysts required to document their reasoning. (2) Rou-
tine Bias Audits: Continuous monitoring for demographic
and geographic disparities is necessary, even where initial
assessments indicate no significant bias, as crime patterns
and data collection practices change. (3) Transparent Eval-
uation: System performance, assumptions, and limitations
must be made clear to prevent over-reliance on automated
outputs. (4) Continuous Adaptation: Periodic retraining is
required to address temporal distribution shifts, as evidenced
by performance degradation on post-2021 data coinciding
with societal behavioural changes. These measures align with
the National Police Chiefs’ Council Covenant for Using AI
in Policing and ensure that the approach supports, rather than
substitutes, human investigative expertise.

Cross-Jurisdictional Adaptation. Our binary encoding
approach is deliberately language-agnostic—crime reports
in any language are coded into structured binary features
(e.g., ”weapon used: yes/no”) before entering our pipeline,
providing operational safety, cross-border compatibility, and
reduced interpretation variance. However, feature taxonomies
require cultural adaptation, as weapon categories, location
types, and offense characteristics vary across legal systems.
Our mapping methodology provides a replicable framework
that local domain experts can adapt to jurisdictional stan-
dards. Researchers applying our approach to new jurisdic-
tions should: (1) engage local analysts to develop culturally-
appropriate feature consolidations, (2) validate that behav-
ioral consistency and distinctiveness principles hold in their
crime context, and (3) assess whether geographic-temporal
patterns exhibit similar discriminative properties. Further
discussion on mapping strategies and generalizability is pro-
vided in the supplementary materials.
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