
Ab s t r ac t
The escalating volume and sophistication of cyberattacks have exposed the structural limits of signature-based and 
rule-driven defenses, prompting a sustained turn toward machine learning as the foundation of predictive cyber threat 
intelligence. This paper synthesizes recent scholarship on machine learning and deep learning approaches that fuse multiple 
categories of security telemetry, including network flow records, endpoint logs, open-source and dark web intelligence, 
identity and behavioral analytics, and vulnerability disclosure signals, into unified predictive frameworks. Rather than 
reporting new experimental results, the study adopts a theoretical and integrative research design, drawing on peer-
reviewed literature published primarily between 2019 and 2026 to identify recurring architectural patterns, methodological 
trends, and persistent gaps in the field. The review finds that multi-source fusion consistently improves detection accuracy 
and reduces false alarm rates relative to single-source models, yet these gains are constrained by data heterogeneity, 
weak ground truth for forward-looking prediction tasks, adversarial manipulation of training data, and limited model 
interpretability. The paper further develops a conceptual framework that maps distinct categories of cybersecurity data 
to the machine learning techniques best suited to exploit them and to the specific analytical limitations each combination 
introduces. The discussion situates these findings within the broader movement toward zero trust architectures and 
human-in-the-loop security operations, arguing that predictive value depends less on model sophistication alone than 
on principled data governance, continuous validation, and sustained analyst oversight. The paper concludes by proposing 
directions for future empirical work, including longitudinal benchmarking and privacy-preserving federated learning 
across organizational boundaries.
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In t r o d u c t i o n
Cybersecurity has entered a period in which the pace 
and diversity of adversarial activity routinely outstrip the 
capacity of static, rule-based defenses to respond in time. 
Firewalls, signature-matching intrusion detection systems, 
and manually curated blocklists remain useful for known 
threats, but they falter against zero-day exploits, polymorphic 
malware, and campaigns that unfold across multiple channels 
simultaneously. This gap between the tempo of attack and 
the tempo of defense has motivated a decade of research 
into machine learning as a mechanism for anticipating, rather 
than merely reacting to, malicious activity.

Predictive threat intelligence, in this sense, denotes an 
analytical orientation that seeks to forecast the likelihood, 
timing, or trajectory of cyber threats before they fully 
materialize, using historical patterns, behavioral signals, 
and contextual indicators drawn from more than one data 
source. The premise is straightforward even if the execution 

is not: a single telemetry stream, whether network traffic, 
endpoint logs, or open-source chatter, offers only a partial 
view of adversarial behavior, whereas the fusion of several 
such streams can reveal correlations invisible to any one 
source in isolation. This intuition has driven a proliferation 
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of studies proposing hybrid and ensemble machine 
learning architectures for multi-source security analytics, 
spanning domains from enterprise information technology 
environments to smart city infrastructure and zero trust 
network deployments.

Despite this proliferation, the literature remains 
fragmented along several axes. Studies differ in the 
datasets they employ, the machine learning techniques 
they favor, the threat categories they target, and the metrics 
by which they claim success. Consequently, it is difficult 
for practitioners and researchers alike to discern which 
architectural choices generalize across contexts and which 
are artifacts of particular benchmark datasets. This paper 
addresses that fragmentation by synthesizing, rather than 
merely cataloguing, the existing body of work on machine 
learning-based predictive threat intelligence that draws on 
multiple sources of cybersecurity data.

The study is guided by three interrelated research 
questions. First,  what recurring architectural and 
methodological patterns characterize machine learning 
frameworks for multi-source predictive threat intelligence. 
Second, what analytical and operational limitations 
most consistently constrain the real-world deployment 
of these frameworks. Third, how might these limitations 
be addressed through changes in data governance, 
model design, or organizational practice rather than 
through incremental gains in classifier accuracy alone. In 
pursuing these questions, the paper draws conceptually 
on the routine activity and rational choice traditions in 
criminology, which frame cyberattacks as the convergence 
of motivated offenders, suitable targets, and the absence 
of capable guardianship, and on sociotechnical systems 
theory, which insists that technical performance cannot 
be evaluated apart from the human and organizational 
context in which a system is embedded. Together these 
frameworks justify treating predictive accuracy and 
operational trustworthiness as jointly necessary conditions 
for a threat intelligence system to be considered effective.

The remainder of the paper proceeds as follows. 
Section two synthesizes the relevant literature across 
five thematic clusters: the evolution of cyber threat 
intelligence as a discipline, machine learning and deep 
learning techniques for intrusion and anomaly detection, 
approaches to multi-source data fusion and zero trust 
analytics, challenges of explainability and adversarial 
robustness, and the persistent data quality problems that 
undercut predictive claims. Section three describes the 
theoretical and qualitative research design adopted for 
this synthesis, along with its ethical and methodological 
justification. Section four presents findings organized 
around a conceptual mapping of data sources to 
techniques and limitations. Section five discusses the 
implications of these findings, and section six concludes 
with recommendations for future research.

Li t e r at u r e Re v i e w

The Evolution of Cyber Threat Intelligence
Cyber threat intelligence emerged as a distinct discipline 
from the recognition that security operations require not 
merely detection but context: information about who is 
attacking, why, and by what means. Early treatments of the 
field emphasized structured information sharing standards 
and manual analytic tradecraft adapted from military and law 
enforcement intelligence practice. As the volume of security-
relevant data grew, however, manual analysis became 
untenable, and researchers began to explore automation 
at every stage of the intelligence lifecycle, from collection 
and enrichment through correlation, prioritization, and 
operational dissemination. Recent reviews describe this shift 
as a transition from static, indicator-centric pipelines toward 
adaptive, learning-based systems capable of ingesting 
heterogeneous data at scale.

This transition has been documented across numerous 
systematic reviews. One comprehensive assessment of 
organizational cybersecurity resilience concluded that 
intelligence sharing frameworks and automated correlation 
substantially improve an organization’s capacity to anticipate 
and contain incidents, while also noting that adoption 
remains uneven across sectors and is often hindered by a 
shortage of skilled analysts and by interoperability gaps 
between platforms. A related review focusing specifically 
on the effectiveness of threat intelligence technologies 
found that collaborative, multi-organizational intelligence 
sharing produces measurable improvements in detection 
speed, but cautioned that the benefits are contingent on 
trust relationships between participating entities and on the 
quality of the underlying data. A bibliometric analysis of the 
broader artificial intelligence and security literature similarly 
identified a marked acceleration in publication volume 
after 2020, concentrated heavily on intrusion detection and 
malware classification, with comparatively less attention paid 
to prediction of future attacker behavior.

Machine Learning and Deep Learning for 
Intrusion and Anomaly Detection
The largest share of empirical work in this domain concerns 
supervised classification of network intrusions, typically 
evaluated on benchmark datasets such as UNSW-NB15, 
CICIDS2017, and their successors. These datasets, though 
dated, remain the de facto standard against which 
new architectures are compared, and a substantial 
methodological literature has developed around optimizing 
feature selection and classifier choice for them. Ensemble 
methods, including random forest, gradient boosting, and 
stacked classifiers, consistently achieve high accuracy on 
these benchmarks, often exceeding ninety-nine percent 
under favorable conditions, while hybrid deep learning 
architectures combining convolutional and recurrent layers 
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have been shown to improve detection of low-frequency, 
hard-to-detect intrusions that traditional models tend to 
miss.

A parallel line of work addresses the specific problem of 
feature selection under high-dimensional and imbalanced 
conditions. Metaheuristic optimization techniques, including 
variants of grey wolf and bat-inspired algorithms, have been 
paired with classifiers such as naive Bayes and k-nearest 
neighbors to reduce feature sets while preserving detection 
accuracy, and information-theoretic approaches combining 
information gain with recursive feature elimination have 
likewise demonstrated strong performance on the UNSW-
NB15 dataset. These studies collectively suggest that the 
marginal returns to raw model complexity are diminishing 
relative to the returns available from careful feature 
engineering and data preprocessing, a point echoed 
in systematic reviews of deep learning-driven intrusion 
detection covering the period from 2018 through 2024.

At the same time, cross-dataset generalization remains 
a persistent weakness. Comparative evaluations have found 
that models trained on one benchmark dataset and tested 
on another suffer substantial accuracy degradation, a finding 
attributed to the synthetic and somewhat predictable 
character of laboratory-generated traffic relative to real-world 
network conditions. Proposed remedies include domain 
adaptation techniques, federated training across multiple 
datasets to preserve privacy while improving generalization, 
and reinforcement learning approaches that dynamically 
adjust detection thresholds in response to changing traffic 
conditions. Chen, Zhao, and Yin extend this line of inquiry 
into the specific context of smart city environments, where 
heterogeneous sensor and network data must be fused 
for cyber-physical threat detection, demonstrating that 
predictive deep learning models tailored to this domain 
can outperform generic intrusion detection baselines, 
particularly when the model architecture accounts for the 
temporal dependencies characteristic of urban infrastructure 
traffic.

Multi-Source Fusion, Zero Trust, and Behavioral 
Analytics
A distinct but overlapping literature examines the fusion of 
behavioral, identity, and contextual data sources beyond 
network traffic alone. Guemmah, Chekira, and Fadili 
contribute to this literature through the development of 
a zero trust architecture dataset explicitly designed to 
support multi-source behavioral analysis, arguing that 
conventional intrusion detection datasets inadequately 
capture the identity-centric, continuous-verification logic 
that defines zero trust security models. Their work, along 
with related contributions on feature optimization for 
zero trust contexts, reflects a broader recognition that 
predictive threat intelligence must eventually move beyond 
network-layer signals to incorporate authentication patterns, 
access anomalies, and device posture if it is to support the 

continuous verification principle that zero trust architectures 
require.

Pai and Suresha advance a comprehensive predictive 
information security risk intelligence framework intended for 
information technology service environments, integrating 
empirical machine learning techniques across multiple 
organizational data streams to produce a composite risk 
score rather than a binary detection outcome. This framing 
is significant because it reorients the analytical objective 
away from discrete alert generation and toward continuous, 
probabilistic risk assessment, a shift consistent with the 
operational definition of predictive intelligence articulated 
in recent architectural reviews of artificial intelligence-
enhanced threat intelligence platforms, which distinguish 
predictive capability from purely descriptive or correlational 
analysis by emphasizing time-aware, forward-looking 
forecasting validated against subsequent events rather than 
retrospective pattern matching alone.

Complementar y research on natural language 
processing techniques has extended multi-source fusion 
into unstructured text, enabling automated extraction 
of indicators of compromise, tactics, techniques, and 
procedures from threat reports, forums, and dark web 
content. Transformer-based named entity recognition and 
relationship extraction pipelines have been applied to convert 
unstructured narrative reports into structured, machine-
readable intelligence artifacts, a capability that materially 
expands the range of data sources that can be incorporated 
into predictive models beyond structured network and log 
data alone. Graph-based learning techniques, including 
graph neural networks and knowledge graph embeddings, 
further support this fusion by modeling relationships among 
threat actors, infrastructure, and indicators that would 
otherwise remain implicit across disparate data silos.

Explainability, Adversarial Robustness, and 
Human-in-the-Loop Design
As machine learning models have grown more capable, so too 
has scholarly concern about their opacity and susceptibility 
to manipulation. Deep learning architectures, particularly 
those built on long short-term memory networks and graph 
neural networks, are frequently criticized for functioning 
as black boxes that impede analyst trust and complicate 
deployment in regulated environments. Explainable artificial 
intelligence techniques such as locally interpretable model-
agnostic explanations and Shapley additive explanations 
offer partial remedies, providing post hoc insight into feature 
contributions, yet reviews of their application to large-scale, 
continuously evolving threat intelligence pipelines note that 
such explanations often remain difficult for non-specialist 
analysts to interpret in time-critical operational settings.

Adversarial manipulation compounds this challenge. 
Because threat intelligence systems are themselves high-
value targets, adversaries have strong incentives to poison 
shared intelligence feeds with misleading indicators or to 
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craft inputs specifically designed to evade classification. This 
dynamic transforms predictive threat intelligence into an 
ongoing contest rather than a static engineering problem, 
and it has motivated research into adversarial training, data 
provenance verification, and cross-source corroboration 
as mitigation strategies. The recurring conclusion across 
this literature is that fully autonomous prediction remains 
premature, and that human-in-the-loop architectures, in 
which automated outputs are treated as decision support 
rather than final judgment, achieve materially better 
operational outcomes than either purely manual or purely 
automated alternatives. Reciprocal learning frameworks, in 
which analyst feedback iteratively refines model behavior, 
have been proposed as one mechanism for operationalizing 
this principle without sacrificing the scalability benefits that 
motivated automation in the first place.

Data Quality, Ethical Considerations, and the 
Gap Addressed by This Paper
A cross-cutting theme across nearly all of the literature 
reviewed above concerns the quality and representativeness 
of the data on which predictive models depend. Structural 
deficiencies include class imbalance between benign 
and malicious observations, weak or absent ground truth 
for higher-order constructs such as attacker attribution, 
systematic bias in community-shared datasets toward 
particular regions or sectors, and rapid concept drift as 
adversaries adapt their tactics. These deficiencies are not 
incidental but constitutive of the domain: cybersecurity data 
is adversarially generated, non-stationary, and frequently 
proprietary, which distinguishes it from many other machine 
learning application areas in ways that the literature has only 
partially reckoned with.

Taken together, the reviewed scholarship demonstrates 
considerable technical sophistication in the design 
of individual classifiers and fusion architectures, yet 
comparatively little cumulative synthesis of how these 
architectural choices interact with organizational, ethical, 
and governance considerations. Few studies explicitly 
connect the technical performance of multi-source predictive 
models to the operational conditions, such as analyst 
staffing, regulatory constraints, and cross-organizational 
trust, that determine whether such models are actually 
deployable. This paper contributes to closing that gap by 
offering an integrative conceptual framework, developed 
in the following sections, that explicitly maps categories of 
cybersecurity data to the machine learning techniques best 
suited to exploit them and to the specific limitations that each 
combination introduces, thereby providing a reference point 
for both researchers designing new studies and practitioners 
evaluating existing tools.

Me t h o d o lo g y
This study adopts a qualitative, theoretical research design 
centered on an integrative literature synthesis rather than 

an original empirical experiment. This design choice reflects 
the paper’s objective, which is not to propose or benchmark 
a new classifier but to consolidate and critically evaluate a 
fragmented body of existing scholarship in order to surface 
recurring patterns, contradictions, and gaps that individual 
empirical studies, by virtue of their narrower scope, cannot 
reveal on their own. Integrative synthesis is a well-established 
approach within information systems and cybersecurity 
research for precisely this purpose, particularly in fast-moving 
subfields where primary studies proliferate faster than any 
single research team could feasibly replicate or extend.

The literature corpus underlying this synthesis was 
assembled through a structured, though not fully systematic, 
search of peer-reviewed journals, conference proceedings, 
and reputable preprint repositories, using search terms 
combining machine learning, deep learning, predictive 
analytics, cyber threat intelligence, intrusion detection, and 
multi-source data fusion. Sources were prioritized according 
to three criteria: publication in a peer-reviewed venue or 
a widely cited preprint repository, direct relevance to the 
fusion of more than one category of security data, and 
recency, with particular weight given to work published 
between 2022 and 2026 to ensure the synthesis reflects the 
current state of the field while retaining foundational studies 
necessary for historical context. This approach follows the 
logic of a narrative-integrative review rather than a fully 
systematic review with predefined inclusion algorithms, a 
choice justified by the conceptual, cross-domain nature of the 
research questions, which require judgment about thematic 
relevance that rigid systematic protocols are not well suited 
to accommodate.

Analysis proceeded through iterative thematic coding of 
the assembled literature. Each source was read for its stated 
research problem, data sources employed, machine learning 
or deep learning techniques applied, reported performance 
metrics, and any limitations acknowledged by the original 
authors. These elements were then organized into the 
five thematic clusters presented in the literature review, 
and cross-cutting patterns, such as the recurring tension 
between model accuracy and interpretability, were identified 
through constant comparison across clusters. This process 
is analogous to a qualitative content analysis, adapted here 
to a technical rather than a purely social scientific literature, 
and it allowed the paper to move beyond simple summary 
toward genuine synthesis, in which the significance of any 
individual study emerges from its relationship to the broader 
pattern of findings rather than from its results in isolation.

The conceptual framework presented in the findings 
section, which maps categories of cybersecurity data to 
associated techniques and limitations, was developed 
inductively from this thematic coding process. It does not 
derive from a single source but represents the paper’s 
own synthetic contribution, constructed by identifying 
which combinations of data type and technique recurred 
most frequently across the reviewed literature and which 
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limitations were most consistently reported in connection 
with each combination. This inductive framework-building 
approach is consistent with established practice in 
conceptual and theoretical cybersecurity research, where 
the objective is to produce an organizing structure that 
can guide subsequent empirical work rather than to test a 
specific hypothesis.

Several considerations bear on the validity and reliability 
of this synthesis. Because the paper does not analyze primary 
data, its principal validity concern is representativeness of the 
literature corpus: whether the sources reviewed adequately 
capture the range of perspectives and findings in the field 
rather than reflecting an idiosyncratic or biased sample. This 
concern was addressed by deliberately including studies 
employing divergent methodological approaches, ranging 
from purely theoretical framework papers to applied studies 
reporting quantitative benchmark results, and by cross-
referencing claims across multiple independent sources 
before treating them as representative patterns rather 
than isolated findings. Reliability, in the qualitative sense of 
consistency in interpretation, was supported by returning 
iteratively to primary sources when thematic categorization 
was ambiguous, rather than relying on a single initial reading.

Ethical considerations for a literature synthesis differ 
from those governing primary data collection but remain 
non-trivial. The paper takes care to represent the claims of 
reviewed studies accurately and in proportion to the evidence 
those studies themselves present, avoiding overstatement of 
predictive capability that the underlying empirical literature 
does not support. This is a substantive ethical concern in the 
cyber threat intelligence field specifically, where inflated 
claims about predictive or autonomous capability can 
encourage premature operational reliance on systems whose 
failure modes, particularly around adversarial manipulation 
and data quality, are not yet well understood. The paper also 
avoids reproducing any operationally sensitive technical 
detail, such as specific exploit code or attack methodology, 
that would exceed the legitimate scope of an academic 
synthesis focused on defensive analytical architecture.

Re s u lts a n d Fi n d i n g s
The synthesis yields a conceptual mapping between five 
broad categories of cybersecurity data, the machine learning 
and deep learning techniques most commonly applied to 
each, and the principal analytical limitation associated with 
that combination in the reviewed literature. This mapping, 
presented in Table 1, is intended not as an exhaustive 
taxonomy but as a structured summary of the recurring 
patterns identified through the thematic analysis described 
in the methodology.

Several patterns emerge clearly from this mapping. 
First, no single machine learning technique dominates 
across all data categories; rather, the reviewed literature 
demonstrates a consistent pattern of technique selection 
driven by the structural properties of the underlying data, 
with sequence-sensitive architectures favored for temporally 
structured network and behavioral data, and transformer-
based natural language models favored for unstructured 
textual intelligence. Second, every category of data source 
carries at least one persistent analytical limitation that 
model sophistication alone does not resolve, suggesting 
that improvements in predictive accuracy are increasingly 
bounded by data quality rather than by algorithmic capacity. 
Third, the limitations associated with different data categories 
are not independent; class imbalance in network telemetry, 
sparse labeling in endpoint data, and weak ground truth in 
vulnerability signals all trace back to the same underlying 
condition, namely that malicious activity is rare relative to 
benign activity and that authoritative labels for future events 
cannot exist by definition until those events occur.

The synthesis further indicates that multi-source fusion 
produces measurable gains over single-source approaches, 
but that these gains are not uniform across threat categories. 
Fusion appears to yield the largest relative improvement for 
threats that manifest gradually across multiple channels, 
such as advanced persistent threat campaigns and insider 
risk scenarios, where no single data stream contains sufficient 
signal in isolation. By contrast, for narrowly scoped, high-

Table 1: Data Sources, Associated Techniques, and Principal Limitations in Multi-Source Predictive Threat Intelligence
Data Source Category Representative Signal Types Common ML/DL Techniques Applied Principal Analytical Limitation

Network telemetry and 
flow records

Packet headers, flow statistics, protocol 
metadata

Random Forest, XGBoost, CNN-LSTM 
hybrids

Class imbalance and rapid 
concept drift

Endpoint and host logs Process trees, registry activity, system 
calls

Sequence models, graph neural 
networks

High dimensionality and sparse 
labeling

Open-source and dark 
web intelligence

Forum posts, leaked credentials, actor 
chatter

Transformer-based NLP, named 
entity recognition

Source reliability and 
translation noise

Behavioral and identity 
analytics

Authentication patterns, access 
anomalies

Unsupervised clustering, 
autoencoders

Baseline drift in legitimate user 
behavior

Vulnerability and exploit 
signals

CVE metadata, exploit-kit chatter, 
patch cadence

Time-series forecasting, ensemble 
scoring

Weak ground truth for future 
exploitation
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volume threats such as commodity malware detection, 
single-source network or endpoint models already perform 
near the practical ceiling of available benchmark datasets, 
and fusion offers comparatively modest additional benefit 
relative to its integration cost. This distinction, largely implicit 
rather than explicitly stated across the reviewed studies, 
represents a meaningful refinement of the general claim that 
multi-source fusion improves predictive threat intelligence, 
since it suggests the benefit is threat-dependent rather than 
universal.

Finally, the reviewed literature converges on the finding 
that predictive value in operational settings depends 
substantially on factors external to the model itself, including 
the maturity of an organization’s data governance practices, 
the presence of human-in-the-loop validation mechanisms, 
and the degree of cross-organizational trust supporting 
intelligence sharing. Studies that evaluate models purely 
on benchmark accuracy, without reference to these 
operational conditions, systematically overstate the readiness 
of proposed architectures for real-world deployment, a 
pattern consistent across the intrusion detection, zero trust, 
and natural language processing subfields reviewed in this 
synthesis.

Di s c u s s i o n
These findings carry several implications for both research 
and practice. For research, the identification of threat-
dependent variation in the benefit of multi-source fusion 
suggests that future empirical studies should move away 
from reporting aggregate accuracy improvements and 
toward disaggregated evaluation by threat category, since 
the current practice of pooling diverse attack types into single 
benchmark metrics likely obscures meaningful heterogeneity 
in where fusion genuinely adds value. For practice, the 
consistent finding that operational conditions mediate 
predictive value implies that organizations considering 
investment in machine learning-based threat intelligence 
should weigh data governance maturity and analyst capacity 
as seriously as model selection, since the reviewed literature 
suggests that even a technically sound model deployed into 
a poorly governed data environment is unlikely to deliver its 
benchmarked performance in production.

Situated within the theoretical frameworks introduced 
earlier, these findings support the sociotechnical premise 
that predictive capability is jointly determined by technical 
and organizational factors rather than by algorithmic design 
alone, and they extend the routine activity perspective by 
suggesting that capable guardianship in the cyber domain 
increasingly depends on the fusion of heterogeneous data 
streams rather than on any single monitoring capability. At 
the same time, the persistence of adversarial manipulation 
risk across every data category reviewed indicates that 
guardianship itself has become a contested, adaptive process 
rather than a fixed technical control, consistent with recent 
scholarship framing cybersecurity as a continuous arms race 
rather than a solvable engineering problem.

The principal limitation of this synthesis is inherent to its 
method: because it relies on secondary analysis of published 
literature rather than original data collection, it cannot resolve 
disagreements between studies that employ incompatible 
datasets or evaluation metrics, and it may underrepresent 
proprietary industry research that is not published in 
peer-reviewed venues. Future research would benefit 
from longitudinal, cross-organizational benchmarking 
studies that track predictive model performance over time 
as adversaries adapt, from privacy-preserving federated 
learning architectures that allow multiple organizations 
to jointly train models without exposing raw data, and 
from more rigorous evaluation of human-in-the-loop 
configurations to determine which interaction designs most 
effectively mitigate automation bias without sacrificing the 
scalability benefits of automation. Globally, as regulatory 
frameworks governing high-risk artificial intelligence 
systems continue to develop, predictive threat intelligence 
research will also need to more directly address questions of 
accountability and auditability alongside its traditional focus 
on detection performance.

Co n c lu s i o n
This paper has synthesized a fragmented body of scholarship 
on machine learning-based predictive threat intelligence 
drawing on multiple sources of cybersecurity data, 
developing a conceptual framework that maps data 
categories to associated techniques and their principal 
limitations. The synthesis demonstrates that multi-source 
fusion yields real but threat-dependent predictive gains, and 
that these gains are consistently bounded by data quality, 
adversarial risk, and interpretability challenges rather than 
by the sophistication of the classifiers themselves. Perhaps 
most significantly, the review indicates that operational 
deployment success depends as much on organizational 
data governance and human-in-the-loop design as on 
technical architecture, a conclusion with direct relevance 
for organizations weighing investment in predictive security 
capabilities. Future scholarship stands to benefit from 
longitudinal, threat-disaggregated evaluation and from 
closer integration between the technical and organizational 
strands of this literature, which to date have largely 
developed in parallel rather than in genuine conversation 
with one another.
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