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Abstract

Forensic interrogation narratives are dynamic and evolve over time, across claims, events, locations, and evidential
sources, so statement-level analysis alone is inadequate to support the reliability assessment of claimed consistency. The
proposed dynamic epistemic-temporal graph reasoning framework with uncertainty calibration for evidence-consistent
forensic interrogation narratives aims to provide a robust framework for generating forensic interrogation narratives that
are evidence-consistent and incorporate uncertainty. It combines ModernBERT for contextual language representation,
DeBERTa-v3 as a natural language inference model to model support and contradiction, a Dynamic Epistemic-Temporal
Heterogeneous Graph Transformer for multi-hop reasoning, and conformal prediction to provide uncertainty-aware
decision support. Interrogation discourse becomes structured representations of claims, entities, events, temporal
expressions, locations, and relations of evidence. These elements are embedded in a dynamic heterogeneous graph that
represents semantic, temporal, and evidential relationships between elements of the evolving story. The proposed
Dynamic Epistemic-Temporal Heterogeneous Graph Transformer aims to detect inconsistencies that might not be
captured by single- or two-part analysis, especially when evidence is spread across various claims, events, time
references, places, and sources of evidence. Natural language inference facilitates semantic relation assessment, and
temporal reasoning deals with event order, duration, overlap, and timeline compatibility. Conformal prediction is used to
separate reliable consistency judgments from cases that are more ambiguous and require human review. It goes beyond
the classification of deception and provides a framework of dynamic, evidence-based narrative reasoning designed to
complement, not supplant, expert forensic judgment. The evaluation emphasizes evidence-consistency classification,
semantic, temporal, evidential, and multi-hop reasoning, as well as uncertainty calibration. The future goals of cross-
dataset generalization and real-world robustness are left for future work.

Categories: Cognitive Computing, Machine Learning (ML), Natural Language Processing (NLP)

Keywords: forensic interrogation, epistemic-temporal graph, evidence consistency, dynamic graph reasoning, heterogeneous graph
transformer, natural language inference, uncertainty calibration, conformal prediction, multi-hop reasoning, forensic artificial
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Introduction

Forensic interrogation stories vary in statements, events, places, time markers, and sources of evidence. When
contradictions rely on temporal, evidential, or multi-hop relationships spread across different parts of the narrative,
statement-level analysis might not be adequate [1]. Thus, statements need to be considered in the context of the entire
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interrogation process, not individually. Artificial intelligence (Al) and natural language processing (NLP) have recently
made strides in the field of understanding context and finding contradictions, which are crucial in investigative discourse
[2]. However, most approaches in use today are static or pairwise and do not provide for capturing multiple and evolving
evidence structures, temporal dependencies, or inconsistencies that only emerge over multiple interconnected claims.
The solution is graph-based reasoning, which can be used to model claims, persons, events, locations, temporal
expressions, and evidence as connected objects [3]. Dynamic graph updates support the update of entities with new
information, which can affect how entities are related to one another, and multi-hop reasoning is used to detect
semantic, temporal, and evidential inconsistencies that span the narrative. In this study, a dynamic epistemic-temporal
graph reasoning framework with uncertainty calibration for evidence-consistent forensic interrogation narratives is
proposed [4]. The framework integrates contextual language representation, natural language inference (NLI), dynamic
heterogeneous graph modeling, multi-hop reasoning, and uncertainty-aware prediction, and evaluates the consistency
of evidence in evolving interrogation narratives [5]. It is designed to be a decision-making tool that identifies consistent
and inconsistent data but does not indicate guilt, innocence, or "truth" [6], as shown in Figure 7.
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FIGURE 1: Dynamic forensic interrogation graph reasoning architecture overview

BERT, Bidirectional Encoder Representations from Transformers; DET-HGT, Dynamic Epistemic-Temporal Heterogeneous Graph
Transformer; NLP, Natural Language Processing; NLI, Natural Language Inference

Significance of the study

This study makes a contribution to forensic interrogation analysis by moving away from statement analysis to a dynamic,
evidence-based narrative reasoning approach [7]. The proposed framework illustrates the evolution of claims and
evidence during an interrogation and analyzes the consistency of claims and evidence in time, space, semantics, and in
the entire narrative. It can detect inconsistencies that arise from multiple interconnected claims, events, and evidence
sources, known as multi-hop reasoning. Conformal prediction is used to control predictive uncertainty. Uncertainty is a
state of ambiguous prediction sets, which are not to be used as definitive forensic conclusions and are to be referred for
human assessment. All of these capabilities offer a systematic and traceable decision-support process in forensic analysis
while maintaining human expertise in situations where a high degree of judgment is required.
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Research objectives

This study aims to design and verify a Dynamic Epistemic-Temporal Heterogeneous Graph Transformer (DET-HGT) for
semantic, temporal, evidential, and multi-hop evidence-consistency reasoning of a forensic interrogation narrative; to
combine context modeling with NLI to discover the relationships between supporting, contradicting, and neutral
statements; and to design a multi-hop graph reasoning mechanism to identify semantic, temporal, and evidential
inconsistency relations across the evolving narrative. The study also seeks to embed uncertainty calibration to identify
reliable consistency judgments and ambiguous ones that demand human intervention, and to compare the proposed
framework with traditional text-based and graph-based methods by applying consistency detection, temporal reasoning,
robustness, generalization, and calibration measures.

Literature review

This has led to recent interest in forensic NLP, temporal reasoning, graph-based representation, and uncertainty
estimation to enhance the analysis of complex narrative data, as shown in Table 7. These methods, however, are mostly
fragmented, and there is a need for an integrated method that models relationships among semantics, time, evidence,
and multi-hop relationships together.

Citation Domain Insights Results Advantages Limitations Significance of
the Proposed
Work
[8] Forensic NLP Applied NLI and Pairwise NLI Demonstrates Limited by Supports the
contextual showed limited the applicability pairwise need for
features for capability for of NLI to reasoning and dynamic, multi-
suspect- contradiction forensic synthetic data. hop narrative
statement discovery. narratives. reasoning.
analysis.
[9] Temporal Graph Modeled event- = Improved Captures global Not specifically Motivates
Generation time relations temporal graph temporal designed for temporal graph
through global performance structure across forensic modeling of
graph and zero-shot events. evidence interrogation
generation. generalization. analysis. events.
[10] Temporal Used Improved Enables Lacks evidential Supports
Relation hierarchical performance on structured and forensic explicit
Extraction reasoning to standard temporal reasoning temporal
infer event-time = temporal- inference. mechanisms. reasoning
relationships. relation within the
datasets. proposed
narrative graph.
[11] Global Temporal = Constructed Improved global = Reduces Primarily Supports global
Reasoning document-level temporal inconsistencies focuses on narrative-level
temporal graphs = consistency. arising from temporal graph reasoning
with isolated relationships. and consistency
consistency pairwise checking.
constraints. predictions.
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2] Temporal Investigated Improved Highlights the Does not Supports
Consistency LLM-assisted consistency importance of incorporate uncertainty-
consistency while revealing confidence- evidence- aware graph
mechanisms for accuracy- aware grounded reasoning and
temporal consistency reasoning. forensic confidence
classifiers. trade-offs. reasoning. calibration.

TABLE 1: Comparative analysis of existing approaches and identified research gaps

LLM, Large Language Model; NLI, Natural Language Inference; NLP, Natural Language Processing

A generative forecasting approach for temporal knowledge graphs leveraging large language models, with a focus on
modeling evolving temporal relationships and graph-based reasoning, is proposed by GenTKG [13]. It is helpful for
temporal knowledge representation, but its main purpose is prediction, not evidence-consistency analysis in forensic
interrogation narratives. In NLP, uncertainty quantification is a model-independent problem that can be addressed using
conformal prediction [14]. This is important for the proposed study, as it will help identify cases that are evidence-
consistent (confident) and those that are not evidence-consistent (uncertain) and require human review. Structural
vulnerability has also been addressed in forensic anthropology to explore how social and contextual issues may impact
forensic interpretation [15]. This work is not about computational graph reasoning, but it stresses the need for contextual
and responsible interpretation during forensic analysis in the context of the proposed framework that relies on human-
centered decision support. In general, the previous research works focus on NLI, temporal reasoning, graph modeling,
and uncertainty separately. The proposed framework provides an integration of these capabilities for dynamic, multi-hop,
evidence-consistent reasoning over forensic interrogation narratives.

Problem statement

Current methods for forensic interrogation analysis are primarily based on statement classification or pairwise
contradiction detection and cannot effectively capture evolving claims, temporal dependencies, multi-hop
inconsistencies, and relationships with supporting evidence [16]. They tend to be a problem with conventional
statement-level approaches, which often fail to detect contradictions that only occur when a set of statements, events,
locations, and sources of evidence are considered as a whole [17]. Furthermore, conventional models can yield overly
confident conclusions even with incomplete and ambiguous data. Hence, there is a need for a dynamic epistemic-
temporal graph reasoning framework that allows for the modeling of an evolving forensic narrative, multi-hop reasoning
to detect inconsistencies across semantic, temporal, and evidential dimensions, and uncertainty-aware evidence-
consistency judgments for dependable forensic decision support [18].

Research Gaps

The study of forensic contradiction detection, temporal reasoning, graph modeling, and uncertainty estimation is largely
considered an independent problem in existing studies. They offer partial assistance for the concurrent examination of
emerging claims, temporal dependencies, evidence relations, and indirect multi-hop inconsistencies in full interrogation
narratives. Forensic scientific research has recently focused on ensuring evidential integrity and traceability in
computational workflows, which, in turn, has led to the need for evidence-aware reasoning approaches for complex
forensic narratives [19].

Materials And Methods

The proposed approach is a structured pipeline that is used to analyze forensic interrogation narratives using dynamic
epistemic-temporal graph reasoning [20]. It starts with data collection and preprocessing of the interrogation, then
moves on to encoding the language in the text into its context, identifying the semantic relationships between concepts,
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and extracting claims, entities, events, temporal expressions, and evidence. All these elements are represented in a
dynamic heterogeneous graph in which multi-hop reasoning is applied to detect semantic, temporal, and evidential
inconsistencies. Finally, conformal prediction is used for uncertainty calibration and to provide reliable evidence-
consistency judgments for forensic decision support, as shown in Figure 2. All figures presented are original and were
created by the authors specifically for this study; no figure has been reproduced or adapted from an external source.

Data collection Contextual Information Semantic & Dynamic Graph Reasoning Uncertainty

& Encoding of Extraction Epistemic Epistemic- and Calibration using
Pre-processing Language (Claims, Entity, Relation Temporal Graph Inconsistency Conformal
Time) Identification Construction Construction Prediction

FIGURE 2: Seven-stage methodology for uncertainty-calibrated forensic graph reasoning

The C.R.LM.E. (Corpus of Recorded Investigative, Media, and Evidence-based Proceedings) corpus is used as the main data
source, as it includes real-world criminal justice discourse, such as investigative interviews and police interrogation
material [21]. This C.R.ILM.E. corpus was downloaded from Harvard Dataverse (https://doi.org/10.7910/DVN/MLMBG6E).
Three subsets are chosen for this investigation: Full-Length Criminal Interrogations, Interrogation Raw, and Law & Crime
Interrogations, containing approximately 173 interrogation transcripts and 137.41 hours of recorded material, as shown
in Table 2.

In this study, a secondary computational analysis of publicly available, anonymized forensic interrogation transcripts was
performed, but no contact with the participants was involved. Forensic scientific research has recently focused on
ensuring evidential integrity and traceability in computational workflows, which, in turn, has led to the need for
evidence-aware reasoning approaches for complex forensic narratives.

The interrogation-focused subsets of the corpus were used for model development and evaluation, and the original
dataset was accessed directly from its official public repository. All experimental codes, preprocessing scripts, split files of
datasets, graph construction procedures, model configurations, and scripts for model evaluation can be downloaded
from [https://drive.google.com/file/d/1IF4YaNvnBFUOOVh1tdSahxBZTrmn6S4B/view?usp=sharing].

Dataset Selected Subsets Total Transcripts Duration Data Type Role in Study

C.R.LM.E. Full-Length 173 13741 h Forensic Extraction of claims,
Criminal interrogation entities, events,
Interrogations; transcripts temporal
Interrogation Raw; expressions, and
Law & Crime evidence relations

Interrogations
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TABLE 2: C.R.l.M.E. dataset configuration for forensic interrogation analysis

C.R.LM.E., Corpus of Recorded Investigative, Media, and Evidence-based Proceedings

The 173 selected interrogation transcripts were partitioned at the interrogation level to prevent information leakage
between related statements. A total of 121 transcripts (69.94%) were assigned to the training set, 26 transcripts (15.03%)
to the validation/calibration set, and 26 transcripts (15.03%) to the independent test set. The same partition was used
across all evaluated models to ensure a fair and consistent comparison. To ensure a fair comparison between models and
prevent information leakage, identical case-level data partitions were utilized in all evaluated models, with the same
preprocessing procedures applied. An independent test set was employed to ensure that the test set remained the same
for all models. Transcripts focus on a story to be developed, as opposed to a set of individual statements. The selected
data are then broken down into segments corresponding to the interviewers' and interviewees' responses and then
prepared for claims, persons, events, locations, temporal expressions, and evidential references to be extracted. The
claims, persons, events, locations, temporal expressions, and evidence are represented as heterogeneous graph nodes,
and the relationships between them are represented as typed edges: semantic, temporal, and evidential. The extracted
units and relations are passed through a filter to remove extracted units and relations with low confidence, so as to avoid
propagation of errors downstream. The dataset is split at the interrogation/case level, rather than at the individual-
statement level, into training, validation, and testing partitions to prevent information leakage.

The C.R.LM.E. interrogation transcripts are processed using a discourse-preserving pipeline that filters out automatic
speech recognition noise, redundant parts of speech, corrupt parts of speech, and other non-speech elements while
preserving speaker roles, negation, temporal expressions, discourse order, and timestamps [22]. Each interrogation is
anonymized and presented as a series of utterances with timestamps for context-aware forensic analysis. The
preprocessing transformation is represented in Eq. (1).

n* = F(T, A, 8, P, t,) 1)

Here, T' is the raw transcript, A is the automatic speech recognition filtering, S is the speaker role segmentation, P is the
privacy-preserving anonymization, and 4 is the minimum quality threshold. The retained utterances are represented as
in Eq. (2).

zi = [ui| es, | ez || ec] (2)

In this case, u; is the utterance embedding, e,, is the speaker embedding, e;, is the temporal embedding, and e is the
local discourse-context embedding. In the symbol, || represents feature concatenation. To encourage high-quality
segments and to punish poor-quality segments, an adaptive quality score is calculated, following Eq. (3).

Qi = 0 (a1C; + asL; + a3R; + a4Ty) (3)

C; is the completeness of the transcripts, L; is the linguistic validity, R; is the reliability of the speaker's role, Tj; is the
reliability of the timestamp, and o(-) maps the score to the range (0, 1). Segments for which Q; < Tq are either removed or
marked for manual inspection. Contextual windows are built as in Eq. (4).

W; = {u'i—ka ceeyUgyenn 7u’i+k} (4)

The contextual encoder tokenizer is then used to transform them into model-ready sequences of subwords, as shown in
Figure 3. These preprocessing steps preserve information for later claim, event, temporal, evidential, and contradiction
reasoning [23].
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FIGURE 3: Preprocessing quality distribution and threshold sensitivity analysis

ModernBERT's contextual representations, with task-specific extraction heads, are used on the preprocessed
interrogation turns to provide structured forensic information [24]. The framework detects claims, persons, locations,
events, temporal expressions, and evidence references for each of the utterances and retains the speaker and the context
of the discourse. Each extracted claim is represented in Eq. (5).

C; = {s:,0i,0i, €, i, t;,v;} (5)

Here, s; denotes the subject, p; denotes the predicate or action, o; denotes the object, e; denotes the associated event,
l; denotes the location, ¢; denotes the normalised temporal reference, and v; denotes the supporting evidential
reference. The joint contextual representation is defined in Eq. (6).

H; = ModernBERT(W;) (6)

where W; denotes the contextual interrogation window, and H; denotes the token-level contextual embeddings.
Extraction probabilities are obtained, as shown in Eq. (7).

P(y; | H;) = Softmax (W;H; +b;) (7)

where y; represents the entity, event, temporal, claim, or evidence category, as shown in Figure 4.
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FIGURE 4: Distribution of extracted forensic information units across transcript categories

The temporal expressions are normalized to a common time frame, and the evidence references are linked to the
evidence claims. The resulting structured units are used as node and relation inputs for the subsequent semantic relation
analysis and dynamic epistemic-temporal graph construction [25].

Using ModernBERT, the units extracted from the interrogation are encoded to account for long-range semantic and
discourse relations in changing forensic narratives. Speaker, temporal, and claim-level information required for
subsequent relation and graph reasoning is preserved, while each contextual window W; is converted into token-level
representations, as shown in Figure 5.
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The contextual representation is defined as shown in Eq. (8).
H,; = ModernBERT(Wi) = {hila h,;g, ey hm} (8)

where H; is the contextual embedding of the j-th token in interrogation window W;. The claim-level representation is
obtained through attention-weighted aggregation, as shown in Eq. (9).

n
ci =Y aijhi (9)
=1

exp(thij)
Yk exp(aThie)
relevant tokens. To incorporate discourse and temporal information, the final representation is formed as shown in Eq.

(10).

where a;; = and g denotes a learnable query vector that assigns greater importance to contextually

Ti = Ci€s; ” €t; ” €v; (10)

Here, s;, t;, and v; are the speaker, temporal, and evidential-context embeddings, respectively, as shown in Figure 6. The
obtained representation is then passed to the DeBERTa-v3 NLI module for semantic support, contradiction, and neutral
relation detection [26].
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We use DeBERTa-v3 NLI to identify semantic relationships between extracted claims [27]. All candidate claims are
encoded as pairs of claims (C;, C'j) to indicate whether or not the second claim supports or contradicts the first claim or
is neutral to it, while maintaining surrounding discourse context. The pairwise contextual representation is given in Eq.

(11).
g,-j = DeBERTa-v3 ([C', H Cj ” w,-j]) (11)

where w;; is the common discourse context of the two claims. The probability of the semantic relation is calculated as
shown in Eq. (12).

P(T,,;j | C;, CJ) = Softmax (Wrgij + b,-) (12)

where r;; € {Support, Contradiction, Neutral}, and the predicted relation is rj; = argmax, P(r;; | C;,C;). To
prevent weak relations from entering the graph, an adaptive confidence criterion is applied in Eq. (13).

€ij = Tij if ma.xP('rij | C,;, C]) Z Tr (13)

The semantic relations and confidence scores are then used to construct typed, weighted edges for the use of multi-hop
consistency reasoning in the construction of the dynamic epistemic-temporal graph [28], as shown in Figure 7[28].

How to cite this article:

Anand A, Tiwari S K, Ranjan M K, et al. (November 09, 2026) Dynamic Epistemic-Temporal Graph Reasoning With

Uncertainty Calibration for Evidence-Consistent Forensic Interrogation Narratives. Cureus J Comput Sci 3 : es44389-026-

00361-y. DOI https://doi.org/10.7759/s44389-026-00361-y Page 10 of 26


https://assets.cureusjournals.com/artifacts/upload/figure/file/77355/lightbox_398acb30a30411f1a1bbf5410f70ea89-image-34-.png
https://assets.cureusjournals.com/artifacts/upload/figure/file/77355/lightbox_398acb30a30411f1a1bbf5410f70ea89-image-34-.png
javascript:void(0)
javascript:void(0)
javascript:void(0)
javascript:void(0)

Dynamic Epistemic-Temporal Graph Reasoning With Uncertainty Calibration for Evidence-Consistent Forensic
Interrogation Narratives

- 100 - '
T, 1
[ Support : r l“““.....n“uum
200 4 |E= Contradiction - 90 - ” ....-'"
g ] Neutral : o
2 - 80 -
E 150 A - %
K. 1 o
v 1 S 70 A
“6 £
E’ 100 S 60 -
- R4
< 50 o j 50 -
’ f l-o— edges admitted (%)
1 40 4 | - edge precision (%)
0 A l %:‘ - . . { . . .
0.0 0.2 0.4 0.6 0.8 1.0 0.4 0.5 0.6 0.7 0.8 0.9

maxP(r; | Ci, C)) Confidence threshold T,

FIGURE 7: Confidence-threshold analysis of forensic semantic relation classification

The forensic information is extracted and represented in a dynamic heterogeneous epistemic-temporal graph, which
provides a graphical representation of claims, persons, events, locations, temporal expressions, and evidence, along with
their semantic, temporal, and evidential relationships. The graph evolves over time as new interrogation statements and
evidence are added. The graph at interrogation step tis represented in Eq. (14).

Gt = (‘ftaEtaRtaXt) (14)

Here, V; represents heterogeneous nodes, E; represents relational edges, R; represents the kind of relation, and X;
represents the contextual node features extracted from ModernBERT. The set of nodes is given in Eq. (15).

Vi = {W:la.]ma Vpersona ‘/eventa ‘flocationa ‘/timea ‘/evidence} (15)
with relational edges of R = {supports, contradicts, before, after, overlaps, occursAt, refersTo, evidenceFor}
Each edge is assigned a confidence-aware weight of w;; = A1.S;; + A2 T35 + A3 Ei;

The semantic relation confidence from DeBERTa-v3 NLI is denoted by Sii, the compatibility of the temporal information
is captured as Tj; and the evidential association strength is denoted by E;;. The graph is dynamically updated as shown
in Eqg. (16).

Gi+1 = Update (G, AViy1, AE; 1) (16)

This allows new claims/evidence to alter existing relationships. The resulting graph maintains semantic, temporal,
evidential, and epistemic dependencies as well as provides structured input to the proposed DET-HGT multi-hop
reasoning module, as shown in Table 3and Figure 8.

Graph Component Representation Examples Role

Nodes Vi Claim, Person, Event, Location, Represent forensic information

Time, Evidence

Semantic Edges Sij Supports, Contradicts, RefersTo Capture claim relationships
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Temporal Edges Tij Before, After, Overlaps, Model timeline dependencies
OccursAt

Evidence Edges E;; EvidenceFor, EvidenceAgainst Connect claims with evidence

Node Features X ModernBERT embeddings Encode contextual information

Edge Weight Wi Semantic + Temporal + Quantify relation strength

Evidence confidence

Dynamic Update G;— G New claims/evidence Evolve graph during

interrogation

Graph Output G Structured forensic narrative Input to DET-HGT reasoning

TABLE 3: Graph components and roles in forensic reasoning

DET-HGT, Dynamic Epistemic-Temporal Heterogeneous Graph Transformer
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FIGURE 8: Dynamic graph evolution and relation-weight contribution analysis

The resulting epistemic-temporal graph is then processed by the proposed DET-HGT to learn direct and multi-hop
interdependencies between claims, events, time, location, and evidence [29]. Inconsistencies that are only uncovered by
interwoven elements of the story can be detected by DET-HGT, while they are not visible in pairwise reasoning. The
relation-aware aggregation function for node v; at layer [ is defined in Eq. (17).

W =a (3N apwnl (17)
T JENy(i)

where W, is the relation-specific transformation matrix, and agj represents the attention paid to adjacent node j under
relation r. The attention mechanism is trained with the temporal information, as shown in Eq. (18).
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Va (18)

where @(Atij) represents the temporal encoding between connected events. For a multi-hop path P = {v,...,vx}
, an inconsistency score is computed as shown in Eq. (19).

3 T : ..
a;; = Softmax ( (@rhi)” (Krhj + 2(Atis)) )

I(P) = o (W, - Pool(hy, . .., hi) + by) (19)

Higher I (P) represents the greater semantic, temporal, or evidential incongruity among the reasoning path. The node
and path representations are then sent to the evidence-consistency assessment module to generate the narrative-level
decisions.

The DET-HGT representations are employed to evaluate the consistency of every forensic claim based on both semantic
and temporal as well as evidential and multi-hop relational evidence. An evidence-consistency score for each claim C; is
calculated using the aggregated graph representation z;, as shown in Eq. (20).

ECS; =0 (Wgz; + bg) (20)

The higher the score (from 0 to 1), the more consistent it is with the surrounding text and evidence. To explicitly
incorporate different inconsistency sources, the claim-level risk score is defined, as shown in Eq. (21).

IR; = gl + Atlti + Aelei + Aplpi 2D

where I, Iy, I;, and Ip; represent semantic, temporal, evidential, and multi-hop inconsistency scores, respectively,
with As + At + Ae + Ap = 1, as shown in Figure 9.
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FIGURE 9: Evidence-consistency score distribution and threshold sensitivity analysis

The preliminary consistency decision is obtained, as shown in Eq. (22).
Y; = Consistent if ECS; > 7.; Inconsistent if ECS; < 7;; Ambiguous otherwise (22)

The consistency score and decision are then passed to the conformal prediction module to learn the uncertainties and
generate reliable forensic output.
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The output probabilities of DET-HGT are used as input to a split conformal prediction algorithm to deal with uncertainty
in evidence-consistency decisions [30]. Each class's reliability is estimated using a held-out calibration set before making
the final forensic decision. The nonconformity score for sample /is defined in Eq. (23).

8;i =1—pi(ys) (23)

Here, p;(y;) is the predicted probability assigned to the true class y;. The conformal threshold is found as in Eq. (24).

do = Quantile [ 10—y ({51,82,-.-15n}) (24)

Tcal

The prediction set for a new claim @ is defined in Eq. (25).

To(e) ={y:1-p(y| ) <du} (25)

If a single label is in the prediction set, it means that the decision is reliable, while a prediction set with multiple labels is
considered Uncertain and is referred for human examination. The exchangeability assumption leads to the coverage
property being the target of the conformal procedure, as shown in Eq. (26).

P(Y €T (X)) >1-a (26)

The final output of the system is Consistent, Inconsistent, or Uncertain. This reduces the overconfidence of forensic
conclusions and provides the advantage of uncertainty control.

The last step is to take the calibrated reasoning and convert the results into an interpretable forensic decision-support
output [31]. The system returns the evidence-consistency status for every claim and every part of a narrative, the type of
inconsistency found, the reasoning path followed to reach the conclusion, and the level of confidence in the conclusion.
The final result is shown in Eq. (27).

0; = {Y;, ECS;,U;, P;} (27)

where Y; denotes the final decision, ECS; denotes the evidence-consistency score, U; denotes the calibrated
uncertainty, and P; denotes the supporting graph-based reasoning path.

The decision categories are defined as follows: consistent = there is sufficient evidence and narrative relations;
inconsistent = a significant semantic, temporal, or evidential conflict is found; uncertain = not enough evidence to reach
a reliable conclusion. The framework includes traceable reasoning paths, links to evidence, consistency scores, and
uncertainty estimates to allow human experts to examine the logic behind each automated assessment. The framework
is therefore a human-in-the-loop decision-support system and not an automatic truth/rejection mechanism or a
determination of guilt.

System architecture

The proposed system architecture uses an NLP, graph-reasoning, and uncertainty-aware pipeline to process forensic
interrogation narratives [32]. The first step in preprocessing C.R..LM.E. transcripts is to convert them into claims, entities,
events, temporal expressions, and evidence references. ModernBERT produces contextual representations, and DeBERTa-
v3 NLI recognizes support, contradiction, and neutral relationships between claims. The structured elements are
represented in a dynamic epistemic-temporal heterogeneous graph, which is analyzed by the proposed DET-HGT model
to detect semantic, temporal, evidential, and multi-hop inconsistencies, as shown in Table 4 and Figure 70. Then,
evidence-consistency scores are generated and calibrated using conformal prediction to produce Consistent,
Inconsistent, or Uncertain outputs, along with reasoning paths and confidence estimates for human-centered forensic
decision support [33].

Layer Main Components Function
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Data Layer

NLP Processing Layer

Context & Semantic Layer

Graph Intelligence Layer

Reasoning Layer

Decision Layer

C.R.LM.E. interrogation transcripts

Preprocessing +
claim/entity/event/time/evidence
extraction

ModernBERT + DeBERTa-v3 NLI

Dynamic Epistemic-Temporal Graph

DET-HGT

Evidence Consistency + Conformal

Prediction

TABLE 4: Layered architecture and functional roles of the framework

Provides forensic narrative data

Converts raw transcripts into structured

forensic information

Generates contextual representations and

detects Support/Contradiction/Neutral

relations

Represents claims, persons, events,

locations, time, evidence, and their

relations

Performs temporal, semantic, evidential,

and multi-hop inconsistency reasoning

Generates

Consistent/Inconsistent/Uncertain

decisions with calibrated confidence

BERT, Bidirectional Encoder Representations from Transformers; DET-HGT, Dynamic Epistemic-Temporal Heterogeneous Graph

Transformer; NLP, Natural Language Processing; NLI, Natural Language Inference
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ML, Machine Learning

measure accuracy

X_/ Module
update
r dations ]
e ' f G 3 s N
1. DATA ACQUISITION {O} 2. DATA PROCESSING {5} 3 MLLAYER 4. ANALYSIS &
RECOMMENDATIONS
@ CRIME. V (P'l"""?cess‘"g . 3.1 Classification Model
3 cleaning, speaker (3{0 (Evidence Consiste l Skill Gap
Transcripts » segmentation, > Assessment) s > ll Analysis =
anonymization)
External : :
S:u () FeatureEngineering | ~»| /—# 3.2 Career Prediction Recommendation
rces S o claims, entities, . G Model Engine
¢ J events, time, T ) & )
evidence extraction) 1
" J/ |
]
I
]

floel - - -

Dashboard

How to cite this article:

Anand A, Tiwari S K, Ranjan M K, et al. (November 09, 2026) Dynamic Epistemic-Temporal Graph Reasoning With
Uncertainty Calibration for Evidence-Consistent Forensic Interrogation Narratives. Cureus J Comput Sci 3 : es44389-026-
00361-y. DOI https://doi.org/10.7759/544389-026-00361-y

Page 15 of 26


https://assets.cureusjournals.com/artifacts/upload/figure/file/77367/lightbox_ebc0b9c0a30b11f190f7633a6b580454-image-38-.png
https://assets.cureusjournals.com/artifacts/upload/figure/file/77367/lightbox_ebc0b9c0a30b11f190f7633a6b580454-image-38-.png

Dynamic Epistemic-Temporal Graph Reasoning With Uncertainty Calibration for Evidence-Consistent Forensic
Interrogation Narratives

Results And Discussion

The proposed framework examines and structurally captures forensic interrogation narratives and evaluates their
evidence consistency in the case of predictive uncertainty [34]. The confusion matrix of the proposed DET-HGT model
shows its capability to identify Consistent and Inconsistent forensic claims. The high diagonal values represent good
classification performance, and the low numbers of false-positive and false-negative predictions provide good evidence-
consistency discrimination. The matrix complements the overall precision, recall, F1-score, and Matthews correlation
coefficient (MCC) results, and it gives error analysis for each class, as shown in Figure 77.

Confusion Matrix of Proposed DET-HGT

Consistent

Actual Class

inconsistent

T

Consistent Inconsistent
Predicted Class

FIGURE 11: Confusion matrix of the proposed DET-HGT model

DET-HGT, Dynamic Epistemic-Temporal Heterogeneous Graph Transformer

The results of the evaluated models are summarized in the table and graph. ModernBERT achieved a precision of 93.4%, a
recall of 92.8%, an F1-score of 93.1%, and an MCC of 0.92, while DeBERTa-v3 NLI obtained a precision of 94.6%, a recall of
93.9%, an F1-score of 94.2%, and an MCC of 0.93. The conventional HGT model further enhanced the results, achieving a
precision of 95.5%, a recall of 94.8%, an F1-score of 95.1%, and an MCC of 0.94. The proposed DET-HGT model was able to
obtain the maximum observed values among all the evaluated models, with a precision of 97.4%, a recall of 96.8%, an F1-
score of 97.1%, and an MCC of 0.95. The results show that the introduction of dynamic epistemic-temporal graph
reasoning and multi-hop relational modeling could be beneficial for evidence-consistency classification compared with
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the evaluated text-based and conventional graph-based models, as shown in Figure 72 and Table 5. Bootstrap resampling
at the interrogation level was used to estimate the statistical uncertainty of the reported model performance for the key
metrics used in the principal evaluation. All interrogations were resampled with replacement to account for the
dependency among claims from the same interrogation rather than treating individual claims as independent
observations. The 2.5th and 97.5th percentiles of the bootstrap distributions were used to calculate the lower and upper
confidence limits, respectively. The corresponding point estimates of precision, recall, F1-score, MCC, receiver operating
characteristic-area under the curve, and average precision are also reported, together with the resulting confidence
intervals for these metrics. The best observed performance was achieved by DET-HGT, with a precision of 97.4%, a recall
of 96.8%, an F1-score of 97.1%, and an MCC of 0.95 among the evaluated models. These results show a general positive
trend compared with the baseline models, and statistical significance is determined independently using paired
comparative testing.

Model Precision Recall F1-score McC
ModernBERT 93.4% 92.8% 93.1% 0.92
DeBERTa-v3 NLI 94.6% 93.9% 94.2% 0.93
HGT 95.5% 94.8% 95.1% 0.94
DET-HGT 97.4% 96.8% 97.1% 0.95

TABLE 5: Comparative performance of baseline and proposed models

BERT, Bidirectional Encoder Representations from Transformers; DET-HGT, Dynamic Epistemic-Temporal Heterogeneous Graph
Transformer; MCC, Matthews Correlation Coefficient; NLI, Natural Language Inference
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FIGURE 12: Comparative performance of baseline and proposed models

The proposed DET-HGT framework showed consistently good F1-scores across all the evaluated inconsistency categories.
Semantic inconsistencies achieved the highest F1-score (97.3%), followed by temporal inconsistencies (96.5%) and
evidential inconsistencies (95.7%). Multi-hop inconsistencies scored an F1-score of 94.8% and were the most difficult
reasoning category, requiring the propagation of information across multiple interlinked pieces of evidence, claims, and
temporal relationships. Although performance gradually declined as the complexity of reasoning increased, the findings

suggest that DET-HGT maintained a high ability to detect inconsistencies in both direct and multi-hop reasoning, as
shown in Table 6 and Figure 73.

Inconsistency Type F1-Score
Semantic 97.3%
Temporal 96.5%
Evidential 95.7%
Multi-Hop 94.8%

TABLE 6: Inconsistency-specific F1-score performance of the proposed DET-HGT framework

DET-HGT, Dynamic Epistemic-Temporal Heterogeneous Graph Transformer
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FIGURE 13: Inconsistency-specific F1-score performance across increasing reasoning complexities

To test the accuracy of the multi-hop reasoning function, the performance of DET-HGT was measured as the graph depth
increased. For 1-hop, 2-hop, and 3-hop reasoning, the model's accuracy was 97.0%, 95.6%, and 93.4%, respectively. This
equates to step-wise decreases of 1.4 and 2.2 percentage points, respectively. The gradual decrease is due to the fact that
information needs to be passed among multiple interconnected claim-evidence relationships, and the maintained
accuracy of greater than 93% shows that DET-HGT can be used to enable deeper multi-hop forensic reasoning, as shown
in Figure 74.
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FIGURE 14: Multi-hop reasoning accuracy across increasing graph depths

Calibration resulted in a significant decrease in expected calibration error from 0.074 to 0.026 and in the Brier score from
0.081 to 0.039, with an empirical coverage of 95.2%. These results reveal better agreement between predictive
confidence and actual results, as well as the required uncertainty-coverage requirement for evidence consistency
assessment, as shown in Table 7and Figure 75.

Measure Before Calibration After Calibration
ECE 0.074 0.026
Brier Score 0.081 0.039
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TABLE 7: Calibration performance before and after conformal prediction

ECE, Expected Calibration Error
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FIGURE 15: Calibration error reduction and empirical coverage analysis

ECE, Expected Calibration Error

The comparative receiver operating characteristic and precision-recall curves indicate that the proposed DET-HGT
consistently outperforms ModernBERT, DeBERTa-v3 NLI, and conventional HGT, with the highest area under the curve of
0.998 and average precision of 0.996. The results in the low false-positive region are considered an experimental
operating characteristic and should not be applied as a validated forensic threshold without independent domain-
specific evaluation. The risk-coverage analysis reveals that the uncertainty-aware selective prediction yields an error rate
of 0.91% for 95.8% of claims, as shown in Figure 76, thus providing significant benefit in terms of the reliability of
evidence-consistency judgments at much lower levels of error rate than at full coverage.
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AUC, Area Under the Curve; BERT, Bidirectional Encoder Representations from Transformers; DET-HGT, Dynamic Epistemic-Temporal
Heterogeneous Graph Transformer; FPR, False Positive Rate; ROC, Receiver Operating Characteristic

Ablation analysis

The ablation analysis also showed that each component had its own contribution in the overall performance. The overall
F1-score of the full DET-HGT framework was 97.1%, and the F1-score decreased to 95.6%, 94.9%, and 93.5% when
temporal relations, evidential edges, and multi-hop graph reasoning were removed, respectively. The most significant
performance loss occurred when heterogeneous graph reasoning was removed, thereby establishing its importance in
the fusion of distributed evidence in the interrogation narrative.

Discussion

Finally, the results show that the forensic interrogation consistency analysis can be improved by combining contextual
NLP and dynamic epistemic-temporal graph reasoning. ModernBERT is able to grasp long-range narrative context,
DeBERTa-v3 NLI models semantic support and contradiction, and DET-HGT captures semantic, temporal, and evidential
dependency to detect both direct and indirect inconsistencies. The high performance across all four tasks (semantic,
temporal, evidential, and multi-hop) indicates that structured graph reasoning is particularly beneficial in cases where
there are multiple turns in which the evidence for a contradiction lies. Uncertainty calibration also bolsters the framework
by avoiding ambiguous cases being considered as fully reliable decisions. The system is thus seen as a forensic decision-
support system, rather than a machine that automatically identifies facts. The framework results in consistency scores and
contradiction types, graph-based reasoning paths, and uncertainty estimates calibrated by humans, and final
interpretation is left to human experts.

Experimental setup

Three subsets of the C.R.I.M.E. corpus were used for the experimental evaluation, all of which were focused on
interrogation and included 173 interrogation transcripts. The dataset was not split randomly per utterance but instead
split into the training, validation, and test sets at the level of interrogation/case to avoid information leakage between
related statements in the same case. The contextual representation of interrogation narratives was performed with
ModernBERT, and the detection of Support, Contradiction, and Neutral relationships between the claims was carried out
using DeBERTa-v3 NLI. A baseline graph-based approach, a conventional HGT, was employed, and the proposed
approach DET-HGT was tested for semantic, temporal, evidential, and multi-hop reasoning on the constructed
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interrogation graphs. Precision, recall, F1-score, and MCC were used to evaluate the models for the classification of
evidence consistency. The performance of semantic, temporal, evidential, and indirect reasoning was assessed using
inconsistency-specific F1-score and multi-hop reasoning accuracy. Conformal prediction was used to quantify the
predictive uncertainty by splitting the held-out set of new points into a calibration set, and calibration quality was
assessed using expected calibration error, Brier score, and empirical coverage. The same case-level partitions were used
across all models for a consistent and fair comparison.

To determine whether the observed differences in performance between the proposed DET-HGT framework and the
baseline models were statistically significant, statistical significance testing was conducted. All models were evaluated
using the same independent test cases; therefore, paired comparisons were utilized. Differences in model performance
were evaluated using paired interrogation-level bootstrap/permutation testing, and the differences in binary
classification errors, where applicable, were evaluated using McNemar's test. The significance level adopted was a = 0.05,
and the Holm correction was used when several pairwise comparisons were made to control the family-wise error rate.

Implementation Details

The experiments were implemented using Python 3.11, PyTorch 2.4.1, Hugging Face Transformers 4.44.2, PyTorch
Geometric 2.5.3, and Scikit-learn 1.5.1. ModernBERT and DeBERTa-v3 NLI were trained for 10 epochs using a linear
learning-rate schedule (10% warmup), AdamW (learning rate = 2 x 10°, weight decay = 0.01), and gradient clipping with
a maximum norm of 1.0. For ModernBERT, the maximum sequence length was 2,048 tokens, while for DeBERTa-v3 NLI, it
was 512 tokens. Early stopping with a patience of 3 epochs was used based on the F1-score on the validation set.

The DET-HGT model consisted of 4 heterogeneous graph-transformer layers, 8 attention heads, a hidden dimension of
256, and a dropout rate of 0.20. AdamW with a learning rate of 1 x 1073, weight decay of 1 x 107 a graph batch size of 8,
and a maximum of 50 epochs was used to train DET-HGT, with early stopping patience set to 5 epochs. The final
evidence-consistency classification was done using binary cross-entropy loss, and Support, Contradiction, and Neutral
relation classification was done using cross-entropy loss. The training and evaluation were done with a fixed random seed
of 42, and split conformal prediction was calibrated with a = 0.05.

Conclusions

This study designed a dynamic epistemic-temporal graph reasoning framework with uncertainty calibration for
evidence-consistent analysis of forensic interrogation narratives. The framework combines the state-of-the-art contextual
representation model ModernBERT, the semantic relation model DeBERTa-v3 NLI, and the proposed DET-HGT for
heterogeneous temporal and multi-hop reasoning over claims, events, locations, time, and evidence. Conformal
prediction also enhances this structure by going beyond the rules of consistent judgments and leaving room for
uncertain cases that must be examined by human experts. DET-HGT performs better than the baselines evaluated
(ModernBERT and DeBERTa-v3 NLI) when tested on the selected C.R.LM.E. subsets, and further forensic generalizability
needs to be tested on an external dataset. The framework thus moves from a purely classificatory perspective in forensic
computational analysis to a more narrative approach, based on evidence. Most importantly, the proposed system is not a
system that determines the truth or falsity of a case, but is a human-in-the-loop system that offers traceable reasoning
paths, evidence-consistency scores, and calibrated uncertainty to aid the expert interpretation of the case.

Future research will involve seeking to validate the proposed framework across the forensic and legal interrogation
datasets and extend it to other contexts through evaluations of generalizability, to other types of forensic and legal
datasets. The framework can be extended to multimodal forensic reasoning with integration of audio, visual, and
behavioral cues to text, and to multilingual analysis for cross-linguistic interrogation settings. Also, if updates to the
graph are dynamic, then in real-time, new statements and evidence can arrive during the course of an interrogation,
which will also enable continuous reasoning over the graph. Furthermore, human-Al validation should be performed to
assess the practical usefulness, interpretability, trust calibration, and effectiveness of the framework as a decision support
tool for real investigation settings, while involving forensic experts as the human component.
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