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 A B S T R A C T

We investigate how effectively automatic named entity recognition can recover entities selected by inves-
tigators in real criminal cases. Two homicide cases and one synthetic case were processed with five NER 
models, and extracted entities were matched to investigator labels using a lightweight entity resolution and 
similarity scoring method. Police trained models aligned best with investigator annotations, while general-
purpose models produced larger but less relevant entity sets. Manual validation confirmed that many labels 
are not text recoverable, establishing a realistic upper bound on NER performance. The results indicate that 
extraction and investigative relevance are distinct tasks, motivating a two-stage pipeline and future work on 
relevance modelling and improved resolution.
. Introduction

In major criminal investigations, collaborative efforts involving tens 
o hundreds of detectives across multiple forensic disciplines generate 
housands of police reports containing vast amounts of unstructured 
ext. Effective analysis of these reports requires systematic entity extrac-
ion and cross-document linking to build comprehensive case under-
tanding. Currently, detectives perform this entity generation manually, 
 tedious and time-consuming process [1–4] that may result in critical 
nformation being overlooked, as shown by Skipanes et al. [5].
Recent advances in Named Entity Recognition (NER), which identifies 

ntities such as persons, locations, and organisations in unstructured 
ext [6], have enabled automation with near-human accuracy. On the 
oNLL-2003 benchmark [7], transformer models achieve precision and 
ecall above 90%. Yet, these benchmarks cover only a few generic 
ategories, limited insight into the diverse and context-specific entity 
ypes encountered in criminal investigations [8].
A key knowledge gap concerns how NER models perform on real 

nvestigative data. Confidentiality restrictions limit access to police 
eports [9], leaving unclear which entity types investigators prioritise 
n practice. Although frameworks such as PIVCOLF (Fig.  1) [10] define 

∗ Corresponding author at: Department of Information Security and Communication Technology, Norwegian University of Science and Technology, 
eknologivegen 22, Gjøvik, 2815, Norway.

E-mail address: pippidis@proton.me (J.P. Lorentzen).
1 Entity resolution can occur at several levels: within a single document, across all documents in a case, and globally across multiple cases. Closely related 

s the task of entity linking, which associates resolved entities with external knowledge bases. A detailed discussion of these aspects is beyond the scope of this 
rticle.

ontologies for investigative entities, their alignment with practical 
investigative needs remains largely untested for NER applications.

Beyond entity recognition lies an equally important task Entity 
Resolution1 (ER), which involves identifying and merging duplicate 
entities in large, noisy datasets [11]. Effective entity extraction in 
criminal investigations requires creating canonical entities that consol-
idate repeated mentions. Without this step, investigators cannot reli-
ably trace relationships between entities across case materials, limiting 
comprehensive case analysis.

To address these gaps, we present what is, to the best of our 
knowledge, the first systematic evaluation of an automated NER and 
ER pipeline on real investigative datasets containing entities created 
by detectives. These manually produced entities were never intended 
for machine learning and therefore are often incomplete, lack explicit 
text-span links, and may contain incorrect or ambiguous connections. 
We compare automatically extracted and resolved entities with those 
manually created and linked by experienced investigators. In addition, 
we introduce a methodology for transforming investigator-generated 
entities into machine learning (ML)-ready datasets, bridging the gap 
between domain-specific investigative practices and computational re-
quirements for NER. This approach supports the development of fine-
tuned models tailored to criminal investigations rather than generic 
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Fig. 1. PIVCOLF Ontology applied within the National Criminal Investigation 
Service, Norway [10].

text domains and facilitates the use of a large corpus of historical 
case material that would otherwise remain inaccessible for machine 
learning. In this study, we therefore ask the following:

What systematic differences exist between criminal investigators’ entity 
selections and entities produced by an automated entity extraction sys-
tem, and how can manually created investigative entities be transformed 
for machine learning applications in criminal investigations?

Our contribution is twofold. First, we develop a complete and 
auditable pipeline that ingests investigative documents, performs NER, 
resolves entities at the document level, and matches the resulting 
entities against investigator-provided labels. Second, we validate this 
label-to-document matching process, identifying systematic differences 
between investigator annotations and automatically extracted entities. 
Together, these components provide a practical framework for evalu-
ating and improving automated entity extraction in real investigative 
settings.

In addition, we present a systematic methodology for transforming 
investigator-generated data into ML-ready datasets. We demonstrate 
that this approach is feasible by testing it on 3848 documents and 
13,630 labels drawn from two real cases. Methodologically, we argue 
that the NER model should identify all entities present in a docu-
ment, while a separate relevance module determines which entities 
are of investigative importance. This architectural separation keeps 
entity recognition a general linguistic task, allows common NER and 
document-level entity resolution models to be trained on non-sensitive 
data, and enables secure training of a relevance module on restricted 
datasets.

The remainder of this paper is structured as follows. Section 2 
reviews related work on named entity recognition, entity resolution, 
and information extraction within investigative contexts. Section 3 de-
scribes the dataset, the architecture of our pipeline, and the validation 
procedure. Section 4 presents the experimental results and key findings. 
Section 5 discusses methodological implications and outlines directions 
for future research, before we conclude in Section 6.

2. Related work

In this section, we review related work on named entity recognition 
and entity resolution within the context of criminal investigations. Both 
are subfields of Information Extraction (IE) concerned with identifying 
and consolidating named entities in text. Early approaches in the 1990s 
relied on rule-based systems and statistical models, including maximum 
entropy methods [12], followed by the dominance of Conditional Ran-
dom Fields [13]. With the advent of deep learning, neural architectures 
rapidly outperformed traditional models. The current state of the art 
is defined by transformer-based architectures, introduced by Vaswani 
et al. [14] and exemplified by BERT [15]. These models achieve 
F1 scores above 90% on standard benchmarks, generating significant 
optimism for their application in criminal investigative contexts, as 
reflected in recent specialised literature [16].
2 
2.1. NER in criminal investigations

Within criminal investigations, NER has been explored through 
traditional techniques such as lexical lookup and rule-based meth-
ods [17]. Most prior work has relied on open datasets with broad entity 
categories, while several studies have proposed domain-specific ontolo-
gies tailored to investigative contexts [18,19]. Domain-specific entity 
classes such as suspects, crime locations, drugs, and weapons have been 
introduced, and models have been trained for these categories using 
Norwegian data [20]. However, practitioners have noted that generic 
categories, including person and location, tend to be more stable and 
better suited for fine-tuning. From an investigative standpoint, domain-
specific labels such as suspect or crime location are problematic because 
their meaning can shift as a case evolves: a location initially recorded 
as a crime scene may later be dismissed, and a person identified as 
a suspect may be cleared. For this reason, we focus on the generic 
investigative categories building upon the work of Nissen [21], and de-
fined in the PIVCOLF ontology proposed by Skipanes et al. [10]: Person,
Items, Vehicle, Communication Profiles, Organizations, Location, and
Financial Profiles.

Beyond taxonomic design, the application of NER in criminal anal-
ysis raises fundamental linguistic and epistemological challenges. Gi-
anola [22], based on an in-depth corpus study of 370 French witness 
interviews, demonstrates the heterogeneity of investigative texts, the 
importance of genre awareness, and the necessity of maintaining ana-
lyst control over interpretation. Complementing this perspective, [23] 
propose a six-stage operational framework for deploying NER in in-
vestigative environments, formalising the interaction between auto-
mated extraction, link discovery, and human validation. Our study 
extends these foundations through large-scale empirical evaluation, 
quantitatively measuring how automatic NER aligns with investigator-
generated labels on real homicide case material, thereby establishing 
practical performance bounds for investigative NER systems.

Recent work has introduced complete NER systems for entity identi-
fication in investigative text [9,24], along with pipelines for knowledge 
graph construction [25]. Large language models have also been applied 
to related tasks, such as identifying persons and describing their roles 
in criminal investigations [26]. Furthermore, we [27] found that NER 
remains a core component of modern case management systems.

2.2. Entity resolution

Within investigative analysis, ER plays a critical role in consoli-
dating repeated mentions into canonical entities that can be traced 
across documents and cases. While essential for building consistent and 
searchable representations of people, locations, and other objects, ER 
has received comparatively limited attention in the context of criminal 
investigations.

The most mature implementations appear in large-scale admin-
istrative systems such as the Criminal Justice Administrative Records 
System (CJARS), which applies probabilistic matching to link millions of 
records across heterogeneous criminal justice databases [28]. However, 
such systems primarily address record linkage between databases rather 
than resolving entities within investigative documents.

A smaller body of research has begun addressing ER for investiga-
tive text. Xing and Chen [29] proposed a two-stage alignment approach 
for entity extraction in police reports, while [30] introduced graph-
based techniques for identity resolution across investigative materi-
als. Robinson [31] developed methods for detecting duplicate entities 
in criminal networks using reference graphs to integrate information 
across law enforcement datasets. Together, these studies demonstrate 
growing interest in applying ER methods to unstructured case data, 
although practical implementations remain rare.
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2.3. Training datasets

The development of training datasets for investigative NER has long 
represented a major bottleneck [9]. Creating such datasets is labor-
intensive and costly, as each annotation requires domain expertise 
and strict quality control. To date, no studies have been identified 
that transform datasets originally produced for investigative purposes 
into datasets suitable for machine learning. Previous research has in-
stead relied on synthetic data, often generated through large language 
models, and recent work has proposed taxonomies for applying LLM-
based annotation methods [32]. We used an LLM for synthetic data 
generation and fine-tuned a domain-specific Norwegian NER model 
for criminal investigations [10]. However, the reliance on synthetic 
data highlights a persistent lack of real-world, investigator-generated 
datasets for model training and evaluation.

3. Methods

This section presents the methodological framework used in this 
study. We describe start with an illustrative example, before describ-
ing the dataset, and the evaluation pipeline. The workflow includes 
document ingestion, entity extraction and resolution, and systematic 
comparison with investigator annotations. The section begins with an 
illustrative use case to demonstrate the intended outcome of automated 
entity extraction within investigative documents.

3.1. Illustrative example

To clarify the purpose of the proposed approach, we include a short 
example based on a synthetic police report. The excerpt demonstrates 
how entities within an investigative text are identified and categorised 
according to the PIVCOLF ontology. The text is as follows:

On Monday, April 26th, 2024, while serving as Detective Officer 
at the Stavanger police station, I, Nils Nielsen was on duty when 
at 3:01pm, OLE OLSEN, date of birth 22.02.80 visited the duty 
office to report a fraud. Olsen claimed he had transferred 300,000 
NOK to an individual named LARS LARSEN, date of birth unknown, 
for a BMW i3 advertised on Facebook marked. The vehicle was 
listed under the license plate AB12345. Olsen had engaged with 
Larsen through his Facebook account ‘‘LT LARS’’ and completed 
the payment to a Sparebanken account numbered 1234.33.4321
and was told to pick up the vehicle at Stavangergata 1. After the 
transaction was completed, the Facebook account ‘‘LT LARS’’ was 
deactivated. Olsen visited Stavangergata 1, and found a note on the 
wall that read ‘Idiot’. This prompted him to report to the police.

Table  1 summarises the extracted entities that have been high-
lighted in the text, along with their corresponding case database en-
tries. It is worth noting, however, that while only the relevant entities 
are highlighted, numerous additional named entities appear in the text. 
In real investigations, label creation also involves enrichment: inves-
tigators supplement entities with information drawn from registries, 
such as organisation numbers, registered addresses, or other identifying 
attributes, even when these details do not appear in the document text 
itself.

3.2. The dataset

In this study we executed the full pipeline on an air-gapped corpus 
of 3848 documents drawn from two real-world Norwegian homicide 
cases from within the last two decades. These datasets consist of 
various document types, including interview transcripts, evidentiality 
analyses, statements, and other case files. Because the dataset is highly 
sensitive, the exact composition of documents and time-frame cannot 
be disclosed. Similarly, no raw text extracts, labels, or models from the 
3 
Fig. 2. Conceptual Venn diagram illustrating the relationship between entities 
extracted from the document text and investigator labels. The left region rep-
resents text entities. The right region represents investigator labels, including 
subdivisions for labels that are not present in the text and labels that are only 
indirectly supported by the text.

operational cases can be made available. To mitigate this, all examples 
in this article are based on a synthetic case, and all code needed to 
reproduce results on that synthetic case is provided upon request.

The synthetic case was created providing an LLM with the book
‘‘The Mysterious Affair at Styles’’ by [33]. The novel was used as a 
narrative basis to generate five case-style documents, which were then 
manually curated to include common forensic attributes not present 
in the original narrative (e.g., phone numbers). A senior investigator 
annotated the synthetic documents using the same labelling approach 
as in an operational settings.

3.2.1. The labels
At the core of the utilised dataset are the labels: the annotations, 

notes, and cross-references that police investigators attach to individual 
documents within the investigative system. These labels represent the 
investigators’ interpretive understanding of entities, relationships, and 
events. They may clarify a person’s identity, provide supplementary 
contextual information, or link related objects and occurrences across 
documents.

Importantly, these labels were never designed for use in machine 
learning. They were created for investigative reasoning and operational 
traceability, not for text-span alignment or computational analysis. 
Consequently, they lack explicit links to the exact textual spans from 
which they originate, and their phrasing often differs substantially from 
the text itself.

Because of this, there is no guarantee that a labelled entity can 
be directly rediscovered in the document text. For instance, a report 
may describe a crime scene object as ‘‘white van’’, while the associated 
annotation records it as ‘‘Ford Transit, AB12345’’. In such cases, the 
annotation is considered indirectly present: the concept is represented 
in the text, but the surface form does not match. Conversely, when 
no textual overlap or paraphrastic relationship can be identified, the 
annotation is categorised as not present. This is visualised in Fig.  2.

This distinction between direct, indirect, and not present labels is 
crucial for evaluating the performance of automatic entity extraction 
systems on real investigative data, since it defines the upper bound of 
achievable matching accuracy. The labelling practices of investigators 
thus form both the ground truth and a fundamental limitation when 
comparing human and machine entity recognition.

3.3. Evaluation pipeline

This section introduces the system architecture. We developed a 
purpose-built pipeline on real investigative cases, operating in an air-
gapped environment with approved access controls. The pipeline has 
five major steps; Ingestion, Named Entity Recognition (NER), Entity 
Resolution (ER), Matching, and Validate as shown in Fig.  3. Below, we 
describe each component in detail.
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Table 1
Example of extracted entities from a synthetic police report following the PIVCOLF ontology. The Label in Database column refers to how it would be labelled by 
the investigators in a real world case.
 Entity type Named entity Sentence example Label in database  
 Person Ole Olsen ...at 3:01pm, OLE OLSEN... Ole Olsen, birth 22.02.80  
 Lars Larsen ...named LARS LARSEN... Lars Larsen, birth unknown  
 Item Note ...found a note on the... Note: ‘‘Idiot’’  
 Vehicle BMW i3 ...a BMW i3...plate AB12345... BMW i3, AB12345  
 Communication Profile LT LARS ...account ‘‘LT LARS’’ and... LT LARS  
 Organisation Facebook ...on Facebook marked... Facebook, Org.nr 456654  
 Sparebanken ...a Sparebanken account... Sparebanken, Org.nr 123321  
 Location Stavangergata 1 ...at Stavangergata 1... Stavangergata 1, 0989 Stavanger 
 Financial Profile 1234.33.4321 ...account numbered 1234.33.4321 1234.33.4321  
Fig. 3. High-level pipeline for document ingestion, entity extraction, matching, and validation.
𝑠

3.3.1. Ingestion
Cases were first discovered by the system, and all files were reg-

istered in the database together with their associated metadata. Doc-
ument and label text were extracted using the MarkItDown2 Python 
package. All extracted text was normalised and stored in a structured 
format to support the subsequent NER and analysis stages.

3.3.2. Named entity extraction
The NER stage forms the first computational step in transforming 

raw investigative text into structured information. For every document 
in the corpus, the pipeline identifies span-level mentions of Text Entities. 
Each detected mention is stored together with its character offsets, 
entity type, source model, and a short context window to support 
downstream processing.3 For comparability, text entities were also 
extracted from the investigator labels.

To assess the robustness of the approach across different model 
families and training regimes, we applied five NER models. Using 
multiple models allowed us to evaluate consistency, identify system-
atic differences, and compare the behaviour of general-purpose and 
domain-specific systems. The models were as follows:

ScandiNER: A general transformer-based NER model for Scandinavian 
languages, available via Hugging Face [35]. It represents a 
strong, multilingual baseline and provides broad coverage across 
common entity types.

Police 1 & 2: A domain-specific transformer NER model trained spe-
cifically for the PIVCOLF ontology [10]. These models reflect 
operational annotation practices and have been fine-tuned on 
representative investigative corpora.

Police 3: A domain-specific transformer NER model trained on a 
broader investigative ontology that extends well beyond the 
core PIVCOLF categories [20]. In addition to persons, locations, 
organisations, and identifiers, this model includes categories 
such as drugs, weapons, products, and event-related entities, 
resulting in a wider extraction scope than Police 1 and Police 2.

2 MarkItDown by [34] is a Python package that simplifies text extraction 
from heterogeneous documents.

3 This study does not aim to guarantee complete recall of all possible 
entities at the extraction stage. Ensuring absolute coverage is a distinct 
problem and lies outside the scope of the present work, which focuses on how 
extracted entities are transformed into investigative relevance.
4 
spaCy: A spaCy Norwegian model built on spaCy’s CNN-based tok2vec 
architecture rather than a transformer [36,37]. Trained mainly 
on Norwegian news text, it provides a broad, general-purpose 
baseline for common entity types.

3.3.3. Entity resolution
After extracting span-level Text Entities, the pipeline applies a light-

weight form of entity resolution to group surface variants that refer 
to the same real-world entity. The purpose of this step is twofold: (i) 
to reduce duplication when comparing text entities with investigator 
labels, and (ii) to test whether a simple clustering approach can provide 
practical utility on small investigative corpora.

For each extracted entity, an embedding vector is generated using 
the spaCy model. These vectors are grouped through a shallow clus-
tering step. When an entity does not yield a meaningful embedding 
(for example due to out-of-vocabulary tokens), a fuzzy string matching 
fallback assigns it to the closest cluster if the token set similarity score is 
above 85%, picked pragmatically. Otherwise, a new cluster is created.

The result is a set of canonical entities, each representing a cluster 
of surface forms such as ‘‘Per Olsen’’, ‘‘Olsen’’, and ‘‘P. Olsen’’. These 
canonical entities are used only to stabilise the matching step described 
below. The ER module is deliberately simple and is not intended as 
a full entity linking system, but it reduces fragmentation in the text-
entity space and makes the comparison with investigator labels more 
interpretable.

We performed a small exploratory test of three clustering ap-
proaches: agglomerative clustering, DBSCAN, and k-means, evaluated 
with both transformer-based and spaCy-based embeddings. Although 
the experiment was limited in scope, the results were consistent. Ag-
glomerative clustering produced the most stable and coherent clusters, 
DBSCAN ranked second, and k-means performed weakest on this type 
of investigative text. Based on these findings, agglomerative clustering 
was chosen as the default ER strategy in the pipeline.

3.3.4. Matching
After resolving entities on both the document side and the label 

side, we compared canonical label entities with canonical text entities 
to determine which investigator annotations were recovered by each 
NER model, and vice versa. For every model, a similarity matrix was 
constructed between the two canonical sets, as illustrated in Fig.  4. 
Each pair received a combined similarity score 𝑠 based on the following 
signals:

𝐞𝐦𝐛: Embedding similarity based on cosine distance between centroid 
embeddings.
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Fig. 4. Similarity matrix between label canonical entities (rows) and document canonical entities (columns) for the Police 3 model. The algorithm performs a best 
per label selection: for each label, the document entity with the highest score above the threshold is chosen as the match, shown with bordered cells. The yellow 
cells illustrate matches that appear when using the 0.25 threshold but disappear when the cutoff is raised to 0.50, highlighting the effect of stricter matching. 
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
𝑠𝐞𝐱: Exact canonical-name match, equal to 1 if the canonical names 
are identical and 0 otherwise.

𝑠𝐟𝐳: Fuzzy canonical-name similarity, computed using token-set simi-
larity.

𝑠𝐨𝐯: Exact member overlap, defined as the proportion of identical 
member strings in the two clusters.

𝐦𝐟𝐳: Fuzzy member similarity, defined as the mean token-set similarity 
across corresponding members.

The final similarity score for a label–document pair was computed 
as a normalised weighted average of the five signals: 

𝑠 =
∑

𝑤𝑖 𝑠𝑖
∑

𝑤𝑖
=

𝑤emb 𝑠emb + 𝑤ex 𝑠ex + 𝑤fz 𝑠fz + 𝑤ov 𝑠ov + 𝑤mfz 𝑠mfz
𝑤emb +𝑤ex +𝑤fz +𝑤ov +𝑤mfz

(1)

The weights reflected the relative reliability of each signal. Ex-
act canonical-name match and exact member overlap received the 
strongest weights (𝑤ex = 0.6, 𝑤ov = 0.6). Embedding similarity was 
given a moderate weight (𝑤emb = 0.5), and the fuzzy signals were 
weighted lower (𝑤fz = 0.3, 𝑤mfz = 0.2). Pairs with missing embeddings 
were scored using the remaining signals only.

Based on these signals we implemented six matching variants. The 
primary two were best per label and best per text entity. The best per label
algorithm identified the highest scoring canonical text entity for each 
canonical label entity and was used to answer the question ‘‘can we 
find this label in the document text?’’. The best per text entity algorithm 
examined the reverse direction by checking whether a given canonical 
text entity was matched by at least one label. This addressed the 
question ‘‘does the investigator consider this entity relevant?’’.

Thresholds and weights were tuned only on the synthetic case and 
then kept fixed for all experiments on the real investigative corpus. All 
match decisions, along with the underlying signal values, were stored 
in the database for auditability.

3.3.5. Validation
To estimate the theoretical upper bound of how many labels can 

be recovered from the document text, we manually validated a repre-
sentative subset of labels. Each label was classified into one of three 
5 
categories: directly there, indirectly there, or not there. This classifi-
cation reflects whether the corresponding concept appears verbatim 
in the document, appears only through paraphrasing or conceptual 
reference, or is entirely absent from the text. The validation was 
performed manually by the authors, and the categorisation was carried 
out independently of the NER output to avoid bias.

To support validation at scale, we developed a custom Streamlit-
based tool that displays documents, labels, and extracted text entities 
side-by-side. This tool was used to assign validation categories effi-
ciently and consistently across the dataset. The resulting proportions 
form the theoretical target for label recovery against which all NER 
models are evaluated.

3.4. Analytics

All analyses were conducted directly on the structured pipeline out-
put stored in the relational database. Model performance, match rates, 
and summary statistics were obtained through SQL queries over the 
extracted entities, labels, and match results. No additional modelling 
steps were applied.

4. Results

This section presents the results in four parts: (i) label character-
istics and theoretical recovery targets, (ii) label recovery across NER 
models, (iii) document-side entity production, and (iv) canonical entity 
consolidation after entity resolution.

4.1. Label characteristics and theoretical recovery targets

Table  2 summarises the number of documents and labels for each 
dataset together with the validation outcomes.4 Across the two oper-
ational cases, 28.8% of labels were classified as not present in the 

4 A 10% validation sample (1 363 of 13 630 labels) provides a statistically 
robust estimate of the proportion of text-recoverable labels. For a binary 
outcome (recoverable vs. not), the worst-case standard error of a sample 
proportion is SE =

√

𝑝(1 − 𝑝)∕𝑛, maximised at 𝑝 = 0.5. With 𝑛 = 1 363, this 
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Table 2
Document and label statistics by case. Validated refers to the percentage of 
labels manually verified. ∉ Doc. indicates the share of labels not directly 
found in the document. Indirect refers to labels mentioned only indirectly.
Target represents the maximum matching percentage theoretically achievable, 
calculated as the remainder after excluding ∉ Doc. and Indirect labels. Total 
excludes The Mysterious Affair at Styles.
 Case Documents Labels Validated ∉ Doc. Indirect Target

 Case A 1672 6743 10.0% 28.5% 12.4% 59.0%
 Case B 2176 6887 10.0% 28.6% 18.5% 53.1%
 Styles 5 49 100.0% 6.1% 6.1% 87.8%

 Total∗ 3848 13,630 10.0% 28.8% 15.4% 56.0%

document text, and 15.4% were present only indirectly. Since these 
cannot be located reliably by any text-based NER system, the remaining 
56.0% represents the theoretical upper bound for automatic recovery.

The synthetic case (The Mysterious Affair at Styles) shows broadly 
similar behaviour: only 12.2% of labels were indirectly present or 
absent, yielding a higher theoretical target of 87.8%.

4.2. Label recovery across NER models

Table  3 reports the proportion of investigator labels matched to 
at least one text entity under the two similarity thresholds 𝑀0.25 and 
𝑀0.5. These can be interpreted in relation to the theoretical targets 
established in Table  2.

Across the operational cases, the domain-specific models produced 
the strongest recovery rates. Police 1 and Police 2 matched between 
81.9% and 93.9% of all labels under 𝑀0.25, well above the theoretical 
upper bound of 56.0%. This is not contradictory: the target reflects 
only the labels that were clearly text-recoverable under manual valida-
tion, while the matching procedure can legitimately link paraphrased, 
partial, or contextually supported mentions outside those strict cate-
gories. Similarity-based matching can therefore exceed the theoretical 
estimate.

Raising the threshold from 𝑀0.25 to 𝑀0.5 sharply reduces these 
effects. Recovery rates for all models drop substantially, isolating 
the strongest and most reliable text–label correspondences. Under 
the stricter threshold, Police 1 and Police 2 still achieve the highest 
recovery rates.

The general Scandinavian baseline (ScandiNER) achieved recovery 
rates between 60.1% and 83.5%, while the spaCy model, trained on 
non-investigative news text, remained below the police models but 
above 65% across all datasets.

In the synthetic case, Police 2 again achieved the highest recovery 
rate (87.8% at 𝑀0.25), and the model ranking broadly reflected the 
pattern seen in the operational cases. This consistency indicates that 
the domain-specific models capture naming conventions and entity 
patterns characteristic of Norwegian investigative documents.

4.3. Document-side entity production

The right side of Table  3 reports the number of text entities ex-
tracted and the proportion of these that matched at least one label 
under the two thresholds. The general models (spaCy and ScandiNER) 
produced far larger numbers of text-level mentions, reflecting their 
broader type inventories and more permissive extraction strategies. 
Their lower match proportions indicate that many of these extractions 
fall outside the scope of investigator-relevant categories.

yields SE ≈ 0.0135, giving a 95% confidence interval of ±2.65 percentage 
points. Applying the finite-population correction for 𝑁 = 13,630 further 
reduces the margin to approximately ±2.5 percentage points. This level of 
precision is more than sufficient for estimating an upper bound such as 56%.
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Police 1 and Police 2 produced smaller, more focused sets of entities 
with match proportions around 30% at 𝑀0.25. Police 3, produced more 
entities than the other police models and achieved higher match pro-
portions than the general models, reflecting its wide ontology-aligned 
behaviour.

4.4. Canonical entity consolidation

The final column of Table  3 shows the number of canonical enti-
ties after entity resolution. Consolidation reduces the number of dis-
tinct mentions for all models, particularly for those producing large 
text-level sets. The relative differences between models remain con-
sistent after canonicalisation: Police 1 and Police 2 produce com-
pact, high-precision canonical sets, while the general models retain 
substantially larger sets with correspondingly lower proportions of 
investigator-relevant entities.

5. Discussion and lessons learned

This study evaluated an end-to-end pipeline for automatic entity ex-
traction, resolution, and matching against investigator-generated labels 
in two operational homicide cases. The results demonstrate that auto-
matic NER systems can recover a substantial proportion of investigator 
annotations, even when these labels were never designed for machine 
use and often do not appear verbatim in the underlying documents. At 
the same time, the analysis reveals systematic differences between what 
investigators label as important and what NER models extract from the 
text.

5.1. What the results imply for investigative NER

Three main observations follow from the analysis.

5.1.1. Model success depends on alignment with investigative labels, not 
domain specificity

Although the police-trained models outperform the general-purpose 
models, the decisive factor behind their superior performance is not 
domain specificity in itself. The results show that the critical determi-
nant is whether the model searches for the same types of entities that 
investigators consider meaningful.

Police 1 and Police 2 make use of an entity taxonomy that closely 
mirrors investigative annotation practices. These models focus on per-
sons, identifiers, organisations, locations, phones, email addresses, 
usernames, financial entities, and items. These categories reflect the 
core investigative questions of identity, communication, movement, 
and ownership. As a result, when these models identify an entity, that 
entity is likely to belong to a category that investigators also label.

Police 3 is formally more domain-specific in the sense that it covers 
a broader investigative ontology, including event categories, weapons, 
product types, and relational constructs. These categories are rarely 
annotated by investigators in the present dataset. As a result, Police 3 
produces many correct extractions that fall outside the investigator-
label space. The resulting gap in recovery rates therefore reflects a 
taxonomy mismatch rather than model error: the model finds entities 
it is trained to recognise, while investigators annotate only a narrow 
subset that is operationally relevant.

The general-purpose models (ScandiNER and spaCy) show the same 
pattern for a different reason. Their taxonomies originate in newswire 
and web text, and include categories such as MISC, geopolitical entities, 
and general products. These are only partially relevant for investiga-
tive reasoning. As a result, they extract many entities that have no 
investigative significance.

This behaviour highlights a conceptual point. Success in investiga-
tive NER is not primarily about domain adaptation in the conventional 
sense. It depends on whether the model’s output space reflects the 
cognitive and operational categories that investigators use. When the 
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Table 3
Results by case and NER model. Label match reports the proportion of investigator labels matched to at least one text entity at 
the two similarity thresholds 𝑀0.25 and 𝑀0.5, comparable to the Target values in Table  2. Document text entities gives the number 
of entities extracted by each model and the proportion resolved to at least one label at the same thresholds. Canonical shows the 
number of consolidated entities after entity resolution. Total excludes The Mysterious Affair at Styles.
 Case Model Labels match Document Text Entities Canonical

 𝑀0.25 𝑀0.5 n 𝑀0.25 𝑀0.5 n

 
Case A
Labels = 6743
Target = 59.0%

ScandiNER 60.1% 35.0% 44,124 45.5% 28.1% 14,878
 Police 1 93.8% 91.0% 9921 30.9% 13.2% 6544
 Police 2 93.9% 92.5% 5207 28.2% 9.1% 3801
 Police 3 63.7% 38.5% 43,718 47.8% 28.8% 14,243
 spaCy 73.6% 57.0% 86,182 30.1% 22.6% 29,847

 
Case B
Labels = 6887
Target = 53.1%

ScandiNER 83.5% 41.4% 70,802 34.4% 15.7% 29,459
 Police 1 84.6% 78.6% 13,254 30.7% 11.7% 9308
 Police 2 81.9% 81.2% 6866 32.3% 10.4% 5323
 Police 3 84.0% 40.8% 65,220 39.2% 19.4% 25,838
 spaCy 84.3% 46.2% 108,140 28.0% 14.3% 52,677

 Mysterious Affair
at Styles
Labels = 49 
Target = 87.8%

ScandiNER 73.5% 55.1% 99 56.6% 48.2% 64
 Police 1 85.7% 73.5% 40 60.0% 52.9% 29
 Police 2 87.8% 81.6% 30 66.7% 54.5% 22
 Police 3 73.5% 67.3% 101 51.5% 47.8% 57
 spaCy 65.3% 53.1% 105 48.6% 41.9% 75

 
Total∗
Labels = 13630 
Target = 56.0%

ScandiNER 71.9% 38.2% 114,926 38.7% 20.4% 44,337
 Police 1 89.2% 84.7% 23,175 30.8% 12.4% 15,852
 Police 2 87.8% 86.8% 12,073 30.5% 9.8% 9124
 Police 3 73.9% 39.5% 108,938 42.7% 23.1% 40,081
 spaCy 79.0% 51.5% 194,322 28.9% 18.1% 82,524
label set is aligned with investigative practice, the model is rewarded 
for finding the entities that matter, and its output is directly comparable 
to human annotations. When the label set is misaligned, the model can 
be technically correct but practically irrelevant.

This distinction is essential for future model development. Instead of 
asking whether a model is sufficiently domain-specific, it may be more 
productive to ask whether its taxonomy is aligned with the investigative 
task. A smaller, focused taxonomy that captures the entities investiga-
tors consistently reference may provide more operational value than 
a larger, more expressive taxonomy trained on a broad investigative 
corpus.

5.1.2. Investigators select a narrow but meaningful subset of entities
The results confirm that investigators do not attempt to annotate 

every entity mentioned in a document. Their labels reflect interpre-
tive choices informed by investigative relevance, case hypotheses, and 
evidential value. Human annotators must also be selective to avoid 
cognitive overload: exhaustively marking every entity in thousands 
of documents would be both impractical and counterproductive. As 
a consequence, large portions of the entities extracted by any au-
tomatic NER system, including the police-trained models, are never 
annotated by humans. This should not be interpreted as model error. 
It reflects the fact that investigative annotation and automatic NER 
address fundamentally different tasks.

Investigators selectively capture only those entity mentions that 
support narrative reconstruction, link analysis, or identity clarification. 
Typical examples include identifying a suspect, confirming a phone 
number, or linking a bank account to a person or event. Other textual 
elements, such as repeated mentions of the same location, generic 
objects, background characters, or routine administrative details, are 
usually left unlabelled. These omissions do not represent errors in 
annotation. They reflect the fact that investigators annotate entities 
only when doing so contributes to the investigative task.

This has two implications. First, a purely recall-based evaluation 
can be misleading when applied to investigative data. NER models 
will always extract entities that investigators did not label, and this 
difference is structural rather than accidental. Second, investigative 
workflows benefit from a separation between extraction and relevance 
assessment. Automatic NER can provide broad coverage, while a dedi-
cated relevance classifier can determine which extracted entities should 
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be surfaced for human review. This pipeline structure mirrors the way 
investigators think and helps prevent oversaturation with irrelevant 
information.

5.1.3. Most disagreement reflects structural limits rather than model error
The validation results show that a non-trivial proportion of inves-

tigator labels are not directly present in the text. Some labels refer to 
inferred conclusions, shorthand identifiers, or standardised terminology 
that does not appear verbatim in the underlying documents. Others are 
only indirectly supported by the text through paraphrase or conceptual 
overlap. These distinctions place a natural limit on the achievable 
matching accuracy of any text-only system.

Because indirect and not-present labels cannot be rediscovered 
through surface NER, the theoretical upper bound for perfect agreement 
is significantly below 100 percent. This structural ceiling is visible 
across all models, including the police models that performed best. The 
disagreement therefore reflects the nature of investigative annotation 
rather than limitations of the modelling approach.

This observation has methodological consequences. Evaluation met-
rics must account for the fact that the annotation space is not text-
complete. Measures that assume full text-span alignment, such as strict 
span-level recall, are inappropriate for investigative corpora. Instead, 
evaluation should be framed around the recoverable subset of labels 
and around the utility of NER outputs in downstream tasks such as 
link analysis or timeline construction. The fact that the police-trained 
models approach the recoverable limit suggests that the remaining gap 
is driven primarily by textual absence rather than by NER performance.

Some models appear to exceed the estimated recovery target. This 
does not imply that they surpass a true upper bound. The target is 
based on manual validation of a 10% sample of the labels, which 
identifies only those labels that are clearly recoverable from the text. 
It is therefore an estimate rather than a strict ceiling. Similarity-based 
matching can also connect labels that are paraphrased or only partly 
aligned with the document text, which produces legitimate matches 
beyond the validated subset. In addition, the matching procedure itself 
has parameters that influence how strictly or loosely similarity is 
assessed. This can introduce a small degree of optimistic alignment. 
Taken together, exceeding the target reflects the behaviour of the 
matching system and the sampling-based estimate of recoverability 
rather than any violation of the underlying validation.
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5.2. Separation of responsibilities: ‘‘find everything’’ versus ‘‘is it relevant?’’

A central methodological insight from this study is that automatic 
NER should not attempt to imitate investigator behaviour. Investiga-
tors are not performing linguistic extraction. They are carrying out 
a relevance judgement driven by hypotheses, evidential needs, and 
investigative priorities. These tasks differ in training data availability, 
error tolerance, and operational purpose. Treating them as the same 
task obscures both. We therefore propose a two-stage architecture:

Find everything A broad-coverage NER model identifies all spans that 
appear to reference persons, organisations, locations, accounts, 
identifiers, or other surface-level entities. This component ben-
efits from large, non-sensitive corpora and can be trained or 
fine-tuned without any access to operational case material. Its 
goal is coverage, not selectivity.

Is this relevant? A separate model determines which of the extracted 
entities investigators actually act upon. This component can be 
trained only on restricted operational data and aligned with in-
vestigative priorities. It performs a classification task grounded 
in relevance, salience, and evidential context rather than in 
surface form.

This division provides several benefits:

Better generalisation The extraction model remains a stable linguis-
tic tool rather than absorbing investigator habits that differ 
across units, case types, or regions.

Reduced sensitivity Only the relevance classifier requires access to 
sensitive case data, simplifying compliance and auditing.

Operational transparency Investigators can influence and interpret 
relevance scoring without modifying the underlying NER sys-
tem.

Higher precision The relevance layer can incorporate contextual in-
formation, cross-document evidence, case stage, and hypothesis-
driven cues that generic NER cannot capture.

Dynamic re-evaluation Because the system retains all extracted enti-
ties, relevance can be re-classified as an investigation evolves. 
An entity initially deemed unimportant may become significant 
when new information appears, or when investigators shift their 
working hypotheses.

Our empirical results support this separation. Police 1 and Police 2 
extracted fewer entities, but a larger share aligned with investigator 
annotations. In contrast, spaCy and ScandiNER extracted far more 
entities, yet a substantial proportion were irrelevant in an investigative 
sense. Police 3 illustrates a related point. Its taxonomy is richer and 
closer to the full investigative ontology, and it therefore finds many 
entities that are potentially useful in principle, even if they are not 
routinely labelled in the current cases. This is desirable for an extraction 
layer, which must remain exhaustive with respect to the ontology it 
is designed to cover. The fact that many of these entities lack corre-
sponding labels does not weaken the argument for a two-stage design. 
Instead, it highlights that a broad extractor and a relevance classifier 
serve different but complementary roles.

This indicates that the optimal architecture is not to tune NER to 
be more selective, but to allow NER to be deliberately broad and to 
delegate relevance assessment to a downstream model.
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5.3. Relevance and entity resolution at multiple levels

A central implication of our findings is that both relevance as-
sessment and entity resolution must operate on more than one level. 
Document-level processing and case-level processing solve fundamen-
tally different problems, and neither can substitute for the other. In-
stead, they form a complementary pair.
Document-level relevance and resolution. At the document level, both rel-
evance classification and entity resolution can be applied in a relatively 
direct and deterministic manner. Entities appear with local context, 
surface forms are stable, and many relevance decisions can be made 
based on the immediate linguistic environment. This level is inexpen-
sive to compute, easy to audit, and supports real-time or near real-time 
workflows. Document-level ER also removes trivial duplication (for 
example, variant spellings or abbreviations within a single interview 
transcript), which stabilises downstream analysis.
Case-level relevance and resolution. Case-level reasoning introduces a 
different set of requirements. Here, relevance is no longer a local 
linguistic judgement but an analytical inference that depends on accu-
mulation of evidence, cross-document comparison, hypotheses under 
development, and investigator knowledge. Entity resolution also be-
comes more complex. Names may change across documents, entities 
may be referenced obliquely, and cross-document linking requires tem-
poral, relational, and contextual signals that do not exist in any single 
document.

For this reason, case-level relevance and case-level ER must be 
allowed to integrate external information such as financial traces, 
phone metadata, cross-references, or investigator annotations. These 
steps are necessarily probabilistic, iterative, and subject to revision as 
the investigation evolves.
Why both levels are required. Relying exclusively on document-level 
processing would fail to capture cross-document identity and long-
range relevance cues. Conversely, relying only on case-level reason-
ing would be computationally expensive and would lack the stability 
provided by deterministic document-level extractions. A robust in-
vestigative system therefore requires both: a broad, exhaustive, and 
inexpensive document-level layer, and a more selective, analytical 
case-level layer that builds on accumulated evidence.

Our results reinforce this distinction. Document-level NER captures 
a wide field of potential entities, while case-level matching identi-
fies which of these entities actually matter. Similarly, document-level 
ER removes trivial variation, while case-level ER is necessary to link 
references across interviews and evidence types. Both layers must there-
fore be present in any system intended to support real investigative 
reasoning.

5.4. Future work

Future work will extend this study in three main directions. First, 
the next stage is to develop a supervised relevance classifier using the 
dataset produced in this project. The results clearly show that linguistic 
extraction and investigative selectivity are distinct tasks. A dedicated 
relevance model will allow this separation to be implemented in prac-
tice. Such a model should rely primarily on document-level signals, 
since document-level relevance is fast, cheap, and largely determin-
istic. Case-level information can still enrich relevance scoring further 
downstream in the analysis pipeline, once cross-document context and 
evolving investigative priorities become available.

Second, the entity resolution component should be expanded be-
yond the initial clustering experiment. With larger datasets, it becomes 
possible to evaluate span embeddings more systematically, test hybrid 
fuzzy–vector approaches, and design multi-stage candidate-ranking 
procedures. This extended resolution step also forms the basis for 
relationship extraction. A practical system will need to capture simple 
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co-occurrence patterns, rule-based syntactic relations, and more subtle 
links that require transformer-based interpretation. These relations are 
essential inputs to downstream investigative reasoning.

Third, the long-term trajectory is to construct a functional knowl-
edge graph over complete investigations. The extraction module and 
the relevance classifier together provide the inputs for graph con-
struction, entity linking, pruning, and hypothesis-testing mechanisms. 
A graph layer enables cross-document reasoning, retrieval-augmented 
question answering, historical reconstruction of events, and the identi-
fication of entities or statements that warrant further attention.

Taken together, these efforts move the work from evaluating NER 
behaviour towards building a full investigative analysis pipeline. A 
relevance classifier, a strengthened resolution module, and a graph-
based reasoning layer form the natural and technically grounded next 
steps.

5.5. Limitations

This study is based on two operational homicide cases and one syn-
thetic case, which limits generalisability to other investigative domains. 
The labels used as ground truth were not designed for machine learning 
and often do not correspond directly to textual spans. Many are indirect 
or conceptual, which constrains the theoretical upper bound for any 
text-only system.

The documents also contain a large amount of boilerplate and 
structural content. General-purpose NER models tend to extract entities 
from this material, while investigators rarely annotate it. This affects 
document-side precision and should be considered when interpreting 
extraction volume.

Similarity weights and thresholds were tuned only on the synthetic 
case and then held constant. While methodologically consistent, this 
may not be optimal for cases with different writing styles or entity 
distributions.

Finally, the entity resolution module is intentionally simple. It 
stabilises surface variants but does not perform full semantic disam-
biguation or cross-document linking. A more advanced ER module is 
needed to support richer case-level analysis.

6. Conclusion

This study examined how well automatic NER can rediscover the 
entities that investigators annotate in real criminal cases. By applying 
five models to 3848 operational documents and comparing their out-
puts to 13,630 investigator labels, we showed that a substantial share 
of labels cannot be recovered from text alone. These structural limits 
define a realistic ceiling for any text-only system.

Across models, the strongest performance came from those whose 
entity taxonomy aligns with what investigators actually label. At the 
same time, the broader extractions produced by general-purpose mod-
els underline the need for a downstream relevance component. Taken 
together, the results support a two-stage architecture: a broad, linguis-
tically driven NER model followed by a relevance classifier that reflects 
investigative priorities.

The study also highlights the value of combining document-level 
and case-level reasoning. Document-level processing provides fast and 
deterministic signals, while case-level aggregation allows relevance to 
evolve as the investigation progresses.

The work establishes a baseline and a methodological template for 
future research. Next steps include training a relevance classifier on 
the prepared dataset, extending entity resolution, and incorporating 
relation extraction and knowledge-graph construction to support richer 
case analysis.
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