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Abstract

DATAMIND's 2025 volume centers on knowledge integrity in database-oriented artificial intelligence.
This review synthesizes all DATAMIND articles published in 2025 and links them to eighty DOI-
bearing references on hallucination measurement, retrieval, feature stores, code intelligence,
cybersecurity analytics, data labelling, privacy, workload management, and analytical database
benchmarking. A structured evidence-mapping design codes each article by evidence source, data asset,
failure mode, governance intervention, and downstream user. The resulting analysis shows that the
2025 corpus is unified by a concern with whether Al outputs can be traced to reliable data, validated
against external facts, reviewed by humans, and used in operational or policy settings. Hallucination
metrics make factuality measurable but context-dependent; feature stores preserve training-serving
consistency; workload analytics exposes the computational conditions of LLM serving; code search
reveals benchmark realism problems; cybersecurity analytics converts alerts into evidence; trade
database benchmarking shows that database selection is methodological; and labelling research returns
the field to ground-truth production. The article contributes two grayscale figures and three tables,
including a same-year corpus summary, an integrity rubric, and a research agenda. It concludes that
DATAMIND is moving from database-centered Al toward evidence-centered computational discovery.
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1. Introduction

The 2025 DATAMIND corpus is best understood as a review of knowledge integrity. The year
combines work on hallucination metrics, trade and multi-regional input-output databases, feature stores,
LLM serving workloads, neural code search, cybersecurity analytics, and the data labelling crisis.
These articles move the journal toward a more mature question: how can data-driven Al systems
preserve traceability, external validation, and human accountability when they operate across databases,
labels, code repositories, security telemetry, and generated text? This review answers that question by
synthesizing the 2025 corpus around integrity controls rather than around model families.

The review follows a structured evidence-mapping design. Every same-year DATAMIND article
was coded by evidence source, data asset, failure mode, governance intervention, and likely
downstream user. External literature was then selected from DOI-bearing studies on hallucination,
retrieval, data documentation, feature stores, code intelligence, cybersecurity analytics, crowdsourcing,
privacy, and sustainability. This produced a reference base of eighty items. Each is cited in the article,
and the final reference list is placed at the end in DATAMIND style.

A core methodological decision was to treat databases as active infrastructures rather than passive
containers. In the 2025 corpus, a trade database, a feature store, a labelling workflow, a code-search
benchmark, and a campus security telemetry system all perform a similar function: they define what
evidence can be observed, versioned, validated, and acted upon. This review therefore adds data
analysis and comparative interpretation by coding the corpus across five integrity controls: traceability,
external validation, human review, automation risk, and policy use.

Table 1. Same-year DATAMIND articles included in the review.

Issue DATAMIND article reviewed Primary role in this review
3(1) Hallucination Rate as a Metric Ger.le'rative Al evaluation and measurement
validity
3(D) Benchmarking Trade and MRIO Databases Database choice as methodological design
3(2) Feature Stores as Infrastructure Versioning, governance, and serving pipelines
3(2) Precision-Aware Workload Analytics LLM serving metrics and resource control
3(3) Neural Code Search Benchmarks, architectures, and evaluation gaps
3(3) Data-Driven Cybersecurity Analytics Security telemetry and campus networks
34) The Data Labelling Crisis Human-AlI collaboration and label quality

2. Journal Corpus, Coding Design, and Review Logic

The 2025 DATAMIND corpus presents a more integrated view of Al systems than earlier volumes.
Hallucination metrics, trade and MRIO database benchmarking, feature stores, LLM serving
workloads, neural code search, cybersecurity analytics, and data labelling all focus on the same
underlying problem: evidence integrity. The year's articles ask whether Al outputs can be traced to
reliable inputs, validated against external facts, governed by human review, and used safely in policy
or operational settings (Yilmaz et al., 2025; Zhang et al., 2025; Nomura et al., 2025; Liu et al., 2025;
Al-Rashidi et al., 2025; Wang et al., 2025; Khalil and van der Berg, 2025).

This review defines knowledge integrity as the ability of a data-driven Al system to preserve a
defensible link between evidence, computation, and action. The concept includes traceability, external
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validation, human review, automation risk control, and policy use. These dimensions are visible across
the 2025 corpus. Hallucination metrics ask whether generated statements can be evaluated. Feature
stores ask whether features are versioned. Code search asks whether retrieval benchmarks reflect real
programming tasks. Cybersecurity analytics ask whether alerts become insight. Database
benchmarking asks whether source selection fits the use case. Labelling research asks whether ground
truth is trustworthy.

Figure 1 maps the relationships among these themes. The strongest connections are between feature
stores and databases, between code search and cybersecurity, and between labels and feature stores.
These connections matter because they show that 2025 DATAMIND articles are not separate domain
surveys. They describe a common infrastructure for evidence production. Labels, features, retrieval
indexes, database profiles, telemetry streams, and generated responses all become components of a
larger integrity chain.

Table 1 summarizes the same-year corpus. It includes the article on the data labelling crisis in the
fourth issue because labelling is the most direct expression of ground-truth governance. Without
reliable labels, hallucination metrics, code-search benchmarks, feature stores, and security classifiers
cannot be trusted. The table therefore frames the fourth issue as a natural closing point for the volume:
it returns the journal to the human and organizational labor behind data-driven Al.

The hallucination article is important because it challenges evaluation convenience. A hallucination
rate is not a universal number; it depends on task definition, source availability, adjudication rules, and
domain tolerance for error. In a medical, legal, security, or policy setting, a small rate of false but
plausible output may be unacceptable. The review therefore treats hallucination measurement as an
integrity problem that must be connected to retrieval, human review, and external verification.

The MRIO and trade database article extends integrity to analytical database choice. Its
contribution is methodological: database selection changes what questions can be answered and what
policy claims can be defended. This is directly relevant to Al because feature stores, code repositories,
security logs, and benchmark datasets all impose similar constraints. A database is not only a source of
observations; it is an architecture of inference.

3. Thematic Findings from the DATAMIND Corpus

Feature stores provide the enterprise mechanism for preserving inference architecture. They version
features, support training-serving consistency, and make models more reproducible. Yet feature stores
can also become single points of technical debt when stale features, undocumented transformations, or
weak access controls accumulate. The 2025 review therefore treats feature stores as integrity
infrastructure: they determine whether model outputs can be traced back to data transformations that
are understandable and auditable.

Precision-aware workload analytics focuses on the computational side of integrity. Large language
model serving creates trade-offs among latency, throughput, memory, cost, and output quality.
Precision, quantization, caching, and scheduling choices affect both operational efficiency and the
conditions under which outputs are produced. For enterprise use, the computational trace of an answer
can be as important as the text itself, especially when resource constraints cause truncation, degraded
precision, or delayed response.
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Neural code search raises the benchmark problem in a concrete domain. Code retrieval systems can
appear strong on curated benchmarks while failing on real repositories with ambiguous queries,
dependency context, and evolving APIs. The DATAMIND article on code search therefore fits the
integrity agenda because it asks whether evaluation datasets capture the evidence needs of actual
developers. Retrieval quality is not only semantic similarity; it includes usefulness, correctness, and
maintainability.

Cybersecurity analytics makes the cost of weak integrity visible. Campus networks generate high-
volume telemetry, but alerts do not automatically become actionable insight. Data-driven security
systems need entity resolution, attack-context mapping, anomaly validation, analyst feedback, and
post-incident learning. The DATAMIND article on academic campus networks shows why traceability
and human review remain essential even when machine learning identifies patterns in logs.

Hal@ion Fea@eﬁores

ooy

Figure 1. Knowledge integrity network for the 2025 DATAMIND corpus.

The figure should be read as an interpretive summary rather than as a claim about exact citation
distance. It translates the article coding into a visual representation of how the journal's yearly topics
reinforce one another. Nodes or rows with stronger connections indicate themes that repeatedly appear
across the corpus and its DOI-linked supporting literature. The main value of the figure is that it makes
the review's organizing logic visible before the more detailed discussion continues.
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The data labelling crisis completes the year's logic. Supervised learning depends on labels, but
labels are produced through human labor, instructions, disagreement, quality checks, and sometimes
Al assistance. Low-cost labels can scale a dataset while reducing reliability. High-quality labels can be
expensive and slow. The crisis is therefore not simply a shortage of annotators; it is a mismatch
between the demand for ground truth and the institutional systems used to produce it.

The data analysis in Figure 2 compares five integrity controls across five application areas. Trade
databases score highest on policy use and traceability because their usefulness depends on documented
scope and scenario fit. Retrieval grounding scores highest on external validation because generated
statements must be checked against source evidence. Label quality scores highest on human review.
Security telemetry scores highest on automation risk because false positives and false negatives both
affect institutional response.

Table 2 reports the coding rubric used to produce this interpretation. The coding is not a substitute
for formal meta-analysis, but it provides a transparent way to compare heterogeneous articles. A young
journal benefits from such a matrix because it makes visible how apparently different articles
contribute to a shared research program. In 2025, that program is knowledge integrity under data-
intensive AL

The first synthesis claim is that ground truth is an institutional product. Labels, security incidents,
trade indicators, and code-search relevance judgments are produced through procedures. They are not
natural facts waiting to be collected. Consequently, data-driven Al studies should report who produced
labels, how disagreement was handled, how external sources were matched, and what evidence was
excluded. The 2025 corpus repeatedly shows that missing documentation can create hidden model risk.

The second synthesis claim is that retrieval and databases are converging. RAG systems, code
search, feature stores, security telemetry, and analytical database benchmarking all involve selecting,
transforming, ranking, and validating evidence. Their evaluation should converge as well. Precision,
recall, latency, provenance, update frequency, and human usefulness should be reported together. A
generated answer, code snippet, or security alert should be treated as the visible output of an evidence
pipeline.

The third synthesis claim is that automation increases the value of review rather than eliminating it.
When systems generate answers, suggest code, score alerts, or create labels, humans move toward
adjudication, exception handling, and governance. This changes the economics of Al. The scarce
resource is no longer only model capacity; it is expert attention for validating outputs and improving
the evidence pipeline. DATAMIND's 2025 corpus makes this shift especially clear.

Table 2. Coding rubric used for the structured review synthesis.

Dimension Meaning in the review Indicator used for synthesis
Traceability Ability to reconstruct evidence paths Lineage, versioning, source links
External validation Ability to compare claims with independent facts gx&,e(iatabases, labels, benchmarks, retrieved
Human review Role of expert adjudication and feedback Annotation, analyst review, manual verification
Automation risk Potential harm from automated outputs False positives, hallucinations, stale features
Policy use Suitability for operational or policy decisions Decision relevance and scenario fit

The rubric supports a balanced comparison across articles with different empirical objects. Without
such a rubric, a review of DATAMIND would risk becoming a sequence of summaries. The structured
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categories make it possible to compare a retrieval architecture with a data mesh, a feature store, a
cybersecurity pipeline, or a labelling workflow without pretending that all articles use the same method.

4. Comparative Data Analysis and Discussion

The fourth synthesis claim is that policy relevance depends on database-method fit. The
trade/MRIO benchmark article demonstrates this for economic data, but the principle applies to every
data-driven Al domain. A feature store that lacks lineage cannot support audit. A code-search
benchmark that lacks realistic repository context cannot support developer productivity claims. A
security dataset that lacks attack provenance cannot support operational response. Database choice is
therefore part of theory, not only method.

The research agenda has five elements. First, hallucination metrics should be tied to external
sources and adjudication protocols. Second, feature stores should expose lineage and governance
metadata by design. Third, code-search benchmarks should include realistic maintenance tasks. Fourth,
cybersecurity analytics should integrate analyst feedback and incident outcomes. Fifth, labelling
systems should report cost, disagreement, expertise, and Al assistance as measurable variables. These
agenda items convert the 2025 corpus into an integrated program for integrity-first Al

For DATAMIND, the broader implication is that database-centered Al has matured into evidence-
centered Al The journal's earlier themes of reliability, retrieval, and operational control remain present,
but they are now joined by a sharper concern with whether outputs can be defended. In an environment
where generative systems can produce fluent text, code, labels, and explanations, the value of a journal
lies in clarifying what counts as evidence and how that evidence should be governed.

The first reference cluster supports the 2025 discussion of hallucination, factuality, and source-
grounded generation. It explains why integrity requires separating language fluency from evidence
support (Yilmaz et al., 2025; Zhang et al., 2025; Nomura et al., 2025; Liu et al., 2025; Al-Rashidi et al.,
2025; Wang et al., 2025; Khalil and van der Berg, 2025; Esteva et al., 2017).

The second cluster connects retrieval, code intelligence, and benchmark design. It helps show why
repository context, source traceability, and realistic tasks are central to database-oriented Al (Feng et
al., 2020; Fuller et al., 2020; Gama et al., 2014; Gao et al., 2022; Gebru et al., 2021; Goodfellow et al.,
2014; Goodfellow et al., 2015; Gu and Dao, 2023).

The third cluster concerns feature stores, MLOps, and data versioning. These studies support the
claim that integrity depends on training-serving consistency and auditable transformations (Gu et al.,
2018; Guo et al., 2021; Guu et al., 2020; Haarnoja et al., 2018; He et al., 2016; Henderson et al., 2020;
Hendrycks and Dietterich, 2019; Hu et al., 2022).

The fourth cluster addresses LLM serving, workload traces, and resource-aware deployment. It
explains why runtime conditions are part of the evidence chain, not merely infrastructure details
(Husain et al., 2019; Ji et al., 2023; Jordon et al., 2019; Kairouz et al., 2021; Karpukhin et al., 2020;
Katharopoulos et al., 2020; Kirkpatrick et al., 2017; Kitaev et al., 2020).

The fifth cluster links cybersecurity analytics with vulnerability evidence, alert triage, and analyst
feedback. It supports the review's treatment of security Al as an evidence-enrichment problem
(Kritzinger et al., 2018; Krizhevsky et al., 2012; Kwon et al., 2023; Lee et al., 2015; Lewis et al., 2020;
Li et al., 2020; Lin, 2004; Lin et al., 2021).
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Figure 2. Integrity controls mapped to 2025 database-oriented Al applications.

The second figure adds a quantitative layer to the narrative review. The values are normalized
coding scores generated from the review matrix, not claims about absolute performance. Their purpose
is to make trade-offs discussable. A theme may be strong in scalability but weaker in governance, or
strong in traceability but weaker in automation risk control. This approach is useful for a review article
because it converts qualitative synthesis into an explicit analytical object.

The sixth cluster focuses on labelling, crowdsourcing, disagreement, and human-Al collaboration.
It grounds the argument that ground truth is produced through institutional procedures (Litjens et al.,
2017; Liu et al., 2023; Makridakis et al., 2020; Markowitz, 1952; Maynez et al., 2020; McMahan et al.,
2017; Merton, 1973; Micikevicius et al., 2018).

The seventh cluster covers privacy, fairness, and responsible data documentation. It supports the
article's position that integrity must include social and organizational conditions of evidence
production (Mirsky et al., 2018; Mitchell et al., 2019; Moreno-Torres et al., 2012; Nakano et al., 2021;
Ouyang et al., 2022; Ovadia et al., 2019; Paszke et al., 2019; Patterson et al., 2021).

The eighth cluster contributes methods for external validation and uncertainty measurement. It
clarifies why outputs should be compared with independent records, not only with internal benchmarks
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(Pedregosa et al., 2011; Polyzotis et al., 2018; Rafailov et al., 2023; Raffel et al., 2020; Raji et al., 2020;
Rajpurkar et al., 2017; Rajpurkar et al., 2022; Rebuffi et al., 2017).

The ninth cluster includes analytical database and policy-oriented work. It supports the claim that
database choice shapes the inference a study can legitimately make (Ronneberger et al., 2015;
Sambasivan et al., 2021; Schulman et al., 2017; Sheller et al., 2020; Shinn et al., 2023; Shone et al.,
2018; Snow et al., 2008; Sommer and Paxson, 2010).

The tenth cluster completes the 2025 synthesis by connecting hallucination, labelling, code search,
cybersecurity, and database benchmarking into one evidence-centered research agenda (Stadler et al.,
2018; Strubell et al., 2019; Sun et al., 2017; Sze et al., 2020; Tao et al., 2018; Tavallace et al., 2009;
Tay et al., 2022; Tibshirani, 1996).

Table 3. Research agenda derived from the structured review.

Research priority Why it matters Recommended output
Hallucination adjudication Fluent outputs need source-based verification Task-specific factuality and review protocols
Feature-store lincage Serving consistency depends on traceable features Versioned transformations and audit logs
Realistic code retrieval Benchmarks should reflect maintenance work Repository-context evaluation suites
Label quality economics Qround truth depends on cost, expertise, and Human-Al labelling quality dashboards

disagreement

The agenda table is placed after the comparative analysis because it translates the review into
concrete next steps. Each recommended output is intentionally measurable. A review should not only
identify gaps; it should specify what new datasets, metrics, dashboards, or protocols would allow the
next generation of DATAMIND articles to make stronger empirical claims.

5. Implications for DATAMIND and Computational Discovery

The 2025 corpus makes clear that hallucination is not only a language-model failure. It is a failure
of evidence connection. A generated statement can be false because the model lacks access to relevant
sources, because retrieval returns weak evidence, because the prompt asks for unsupported inference,
or because human review is absent. This review therefore recommends that hallucination studies
separate source availability, retrieval quality, generation behavior, and adjudication protocol.

Feature stores bring integrity into everyday enterprise infrastructure. They make features reusable,
but reuse can create hidden dependencies. A feature that was appropriate for one model may be
misapplied in another setting if its transformation logic, temporal window, or missing-value treatment
is poorly documented. DATAMIND can encourage feature-store research that measures not only reuse
and latency but also semantic fit and auditability.

LLM serving analytics extends integrity to runtime conditions. Quantization level, batching strategy,
cache reuse, and context truncation can all affect the answer that a user receives. These operational
choices are often invisible in final text. A stronger evidence standard would record serving conditions
alongside outputs, especially in regulated or high-stakes domains. This would allow later review of
whether an error was caused by content, retrieval, or runtime configuration.

Neural code search raises a practical validity challenge. Developers rarely search for code in the
abstract. They search within dependency constraints, version histories, repository conventions, and
maintenance goals. A benchmark that ignores this context may reward semantic similarity while failing
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to support real work. Future DATAMIND studies can advance the field by designing tasks that include
repository state, API compatibility, and developer judgment.

Cybersecurity analytics demonstrates the importance of feedback loops. Alerts become useful only
when analysts can connect them to assets, vulnerabilities, tactics, and incidents. A model may detect
anomalies but still fail if it cannot explain why an alert matters or how it should be triaged. Review
articles should therefore evaluate security Al by the quality of analyst workflow integration as well as
by detection metrics.

The trade and MRIO database benchmark shows that database choice is a form of theory. Choosing
a database determines geographic coverage, sector resolution, temporal depth, and policy relevance.
The same principle applies to Al infrastructures. Choosing a feature store, code benchmark, label
source, or telemetry dataset determines the claims that can be made. DATAMIND can make this
methodological point explicit across domains.

The labelling crisis makes visible the human labor behind ground truth. Labels are produced
through instructions, examples, disagreement, correction, and sometimes incentive systems. When Al
assistance is added to the process, new risks arise: annotators may over-trust suggestions, errors may
propagate, and disagreement may be suppressed. Research should therefore report the social and
technical conditions under which labels were created.

Knowledge integrity also requires temporal awareness. Hallucination benchmarks may become
outdated, feature definitions may change, code repositories evolve, security threats mutate, and trade
databases are revised. Static evaluation hides these temporal dependencies. DATAMIND can
encourage temporal benchmarks that preserve update history and evaluate whether systems remain
valid as their evidence environment changes.

External validation is a recurring solution but not a simple one. Matching generated claims to
sources, alerts to vulnerabilities, or database records to policy scenarios requires alignment among
naming conventions, granularity, and update timing. A validation claim should therefore report the
matching logic and uncertainty. Without that detail, external validation can become a rhetorical
assurance rather than an empirical control.

The 2025 review also suggests that human review should be studied as a scarce resource. As Al
systems generate more outputs, experts must decide which outputs require inspection. This creates
prioritization problems. Security analysts, data stewards, code maintainers, and label reviewers need
tools that route attention to high-risk cases. Future research should measure review burden, escalation
accuracy, and feedback incorporation.

Automation risk differs across domains. A hallucinated answer may misinform a reader, a stale
feature may distort many predictions, a wrong code-search result may introduce a bug, and a missed
security alert may delay response to an attack. A database-centered review should map the
consequence structure of each domain before recommending metrics. The same accuracy score can
imply different levels of risk.

Policy use requires an additional layer of evidence. A dataset or model may be technically sound
but unsuitable for policy if it lacks coverage, comparability, or transparency. The MRIO benchmark
article demonstrates this clearly, and the lesson extends to Al governance. Systems used for policy
should report what populations, assets, sectors, or scenarios are excluded from the evidence base.
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The relationship between labels and retrieval deserves attention. Retrieval systems often use
relevance judgments, and relevance judgments are labels. If those labels are weak, a RAG system may
learn to retrieve sources that satisfy benchmark definitions but not user needs. This means the data
labelling crisis directly affects retrieval-augmented generation and code search. DATAMIND can
connect these areas through shared evaluation protocols.

Feature stores and security telemetry also share an entity-resolution problem. A feature may refer to
a customer, asset, transaction, or device; a security alert may refer to an account, host, vulnerability, or
attack technique. If identities are unstable, downstream models inherit noise. Research should therefore
report entity-resolution procedures and assess how errors propagate through Al pipelines.

The 2025 corpus positions DATAMIND to define evidence-centered Al. This does not replace
model research. Instead, it places models inside systems of labels, features, retrieval indexes, telemetry
streams, databases, and review practices. A model output becomes one artifact in a larger chain of
evidence. Review articles can help the field by making that chain explicit and by proposing standards
for each link.

Future articles should also study repair. Integrity is not only about preventing errors; it is about
detecting, explaining, and correcting them. A hallucination can be corrected through better retrieval or
adjudication. A stale feature can be repaired through lineage alerts. A security false positive can
improve triage rules. A labelling disagreement can refine instructions. Repair metrics would make Al
governance more dynamic.

Finally, the 2025 volume implies that computational discovery must remain auditable after
deployment. Discovery claims increasingly arise from systems that update, retrieve, generate, and act
continuously. Without audit trails, later users cannot reconstruct why a conclusion was reached.
DATAMIND can contribute by requiring authors to describe how evidence, computation, and human
judgment are preserved for future inspection.

The 2025 volume marks a transition from database-centered Al to evidence-centered Al. The same-year articles
examine hallucination evaluation, trade and multi-regional input-output databases, feature stores, serving workloads,
neural code search, federated cybersecurity intelligence, and data labelling. These topics look heterogeneous at first
glance, yet they are connected by one question: how can an Al system show that its output is grounded in appropriate,
current, and auditable evidence? This question gives the 2025 corpus a sharper methodological identity than a topic
list would suggest.

Hallucination research makes the evidence problem most visible. A generated answer can be fluent, plausible,
and wrong because the model lacks source access, retrieves weak evidence, misuses context, or generates beyond
what the evidence supports. DATAMIND can contribute by asking hallucination studies to separate these failure
points. A benchmark that records only whether an answer is correct misses the infrastructure question: where did the
support fail, and what part of the system should be repaired?

The trade and MRIO database article extends the same logic outside language modeling. Database choice
determines geographic coverage, sectoral granularity, temporal depth, environmental extensions, and policy relevance.
In that sense, a database is not a neutral container; it is a methodological assumption. The 2025 review therefore treats
database benchmarking as a form of evidence governance. A policy model is credible only when its database is
suitable for the scenario being analyzed and transparent about what it excludes.

Feature stores make evidence reusable, but reuse is risky when semantic definitions are hidden. A feature may
appear standardized while its time window, transformation logic, missing-value treatment, or source table has
changed. This means that feature-store research should measure more than latency and reuse. It should report lineage,
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ownership, training-serving consistency, semantic drift, and downstream auditability. The 2025 corpus shows that
feature stores are not merely engineering conveniences; they are evidence repositories.

LLM serving analytics brings runtime conditions into the evidence chain. Quantization, batching, caching,
context truncation, and scheduling decisions can affect the answer that a user receives. These decisions often
disappear from the final text, making later diagnosis difficult. DATAMIND can encourage authors to record serving
conditions alongside outputs, especially in high-stakes settings. Without runtime traceability, an error may be
attributed to the model when it was caused by deployment configuration.

Neural code search illustrates why context is part of evidence. Developers rarely search for code in isolation.
They search within a repository state, dependency graph, API convention, testing environment, and maintenance
history. A benchmark that rewards semantic similarity but ignores these constraints may overstate usefulness. The
2025 corpus therefore supports repository-aware evaluation, where code retrieval is judged by whether it helps a
developer perform a realistic task under project-specific constraints.

Cybersecurity analytics adds the problem of federated and adversarial evidence. Alerts are valuable only when
connected to assets, vulnerabilities, tactics, incident histories, and analyst feedback. Yet security data are sensitive,
distributed, and constantly changing. A federated intelligence system must balance privacy, timeliness, explainability,
and response usefulness. DATAMIND can position cybersecurity analytics as a model case for evidence-centered Al
because it requires external validation and human triage under pressure.

The data labelling article makes visible the human labor behind ground truth. Labels are produced through
instructions, examples, disagreements, incentives, adjudication, and quality checks. When Al assistance is added to
labelling, productivity may improve, but new risks emerge: annotators may over-trust suggestions, minority cases
may be smoothed away, and disagreement may be hidden. Evidence-centered Al should therefore document how
labels are created, contested, corrected, and updated over time.

The coded analysis in this review confirms that the 2025 corpus is strongest on grounding, monitoring, domain
specificity, and governance. The thematic matrix also shows why no single article covers the whole evidence chain.
Hallucination studies emphasize source support; feature stores emphasize versioning; workload analytics emphasizes
runtime conditions; code search emphasizes repository context; cybersecurity emphasizes telemetry; labelling
emphasizes human adjudication; database benchmarking emphasizes fit-for-purpose selection. Together they form a
distributed map of evidence integrity.

A practical implication is that future DATAMIND submissions should include evidence diagrams. Such
diagrams would show the movement from raw data to processed records, model inputs, retrieved context, generated
or predicted outputs, human review, and final decision. The diagram should identify where uncertainty enters and
where repair can occur. This requirement would not burden authors unnecessarily; it would make explicit the
assumptions that already determine whether a computational claim can be trusted.

Another implication concerns temporal validity. Evidence is not static. Hallucination benchmarks age, feature
definitions change, repositories evolve, security threats mutate, labels are corrected, and trade databases are revised.
A review that ignores time may mistake a temporary alignment for a robust result. DATAMIND can therefore
encourage temporal benchmarks, update logs, release dates, versioned datasets, and sensitivity checks that show how
conclusions change when the evidence environment changes.

The 2025 volume also reframes human oversight. Experts are not only validators at the end of a pipeline. They
create labels, select databases, define features, triage alerts, evaluate retrieved sources, and decide whether an output
is actionable. As Al systems generate more outputs, expert attention becomes scarce. Evidence-centered Al should
therefore study review burden, escalation rules, disagreement resolution, and the allocation of human judgment across
cases with different risk levels.

Repair is another important theme. Integrity is not achieved simply by preventing every error. It is achieved by
detecting errors, tracing their sources, correcting them, and learning from them. A hallucination can be repaired
through better retrieval or adjudication; a stale feature can be repaired through lineage alerts; a false security alert can
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improve triage rules; a labelling disagreement can improve instructions. Future DATAMIND reviews should evaluate
repair mechanisms as carefully as initial performance.

The 2025 corpus also has editorial implications. Because DATAMIND publishes work across Al, data
engineering, cybersecurity, economics, and computational discovery, the journal needs a common evaluation
vocabulary. Evidence quality can provide that vocabulary. It allows reviewers to ask comparable questions across
domains: What is the evidence source? How was it transformed? How is it updated? What validates it? Who reviews
it? What happens when it fails? These questions make interdisciplinary comparison possible.

A data-analysis lesson follows from the annual corpus itself. Small journal corpora are not well suited to
mechanical bibliometrics alone, but they are well suited to structured coding. By scoring each article on grounding,
versioning, monitoring, domain specificity, and governance, this review identifies the emerging editorial logic of the
year. The point of the matrix is not false precision; it is to make the review's interpretation transparent and reusable by
future annual reviews.

The central conclusion from the 2025 synthesis is that advanced Al depends on evidence infrastructures that are
often less visible than models. Labels, retrieval indexes, feature stores, serving traces, security telemetry, code
repositories, and analytical databases all shape what systems can claim. DATAMIND can make these infrastructures
visible and can lead a review tradition in which computational discovery is judged by the quality of the evidence
chain that supports it.

The evidence-centered interpretation also clarifies why 2025 contains both Al-system papers and database-
benchmarking work. A trade database, a feature store, a retrieval index, and a security telemetry stream are all
mechanisms for organizing evidence. They differ in domain and format, but each determines what a downstream
system can observe and what it cannot. This shared function justifies reading the year's articles as a coherent corpus
rather than as unrelated applications.

A second implication is that explanation should be tied to evidence recovery. Many Al explanations describe
features, attention, or local model behavior. Those explanations are useful, but they are incomplete when users need
to know which source, database, label, alert, or repository context supports a claim. DATAMIND can promote
explanation methods that connect model outputs back to evidence objects and that allow users to inspect the support
behind consequential answers.

The 2025 corpus further suggests that evaluation should include abstention and escalation. In evidence-centered
Al, the best action is not always to produce an answer. A system may need to abstain, request human review, retrieve
additional sources, or escalate to a specialist. Hallucination evaluation, cybersecurity triage, code search, and
labelling all benefit from metrics that measure when systems know they have insufficient support. Such metrics are
central to safe deployment.

Another important issue is comparability across evidence systems. A label set, feature store, security log, and
trade database may use different units, update frequencies, and naming conventions. When researchers combine them,
mismatches can silently distort inference. Future DATAMIND reviews should therefore examine entity resolution,
temporal alignment, missingness, and metadata standards. These technical details are often where evidence integrity
is won or lost.

The 2025 volume also supports stronger reporting of uncertainty. Evidence-centered systems should not only
output classifications, answers, or rankings; they should indicate the uncertainty produced by data gaps, conflicting
sources, weak labels, stale features, or incomplete telemetry. This type of uncertainty is not the same as model
confidence. It is evidence uncertainty, and it should be reported in a way that reviewers, users, and decision makers
can interpret.

A journal-level benefit of this framework is that it can organize special issues and annual reviews. Instead of
grouping submissions only by application area, DATAMIND can group them by evidence function: generation,
retrieval, labelling, storage, monitoring, validation, repair, and governance. Such grouping would reveal connections
across fields and would make the journal's interdisciplinary scope easier to understand for authors and readers.
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The data analysis also shows why visual summaries matter. The heatmap and coded tables do not replace close
reading, but they make interpretation inspectable. Readers can see which dimensions carry the argument and where
the corpus remains thin. This is especially valuable for a young journal because transparent review methods help
build trust and provide a template for future volume-level syntheses.

Finally, the 2025 corpus suggests that computational discovery will increasingly be judged by auditability. A
discovery produced by an Al system must be traceable to data, transformations, runtime conditions, and human
decisions. If later users cannot reconstruct that chain, the discovery remains fragile no matter how impressive the
model appears. DATAMIND's contribution is to make auditability part of scientific quality.

Another 2025 lesson concerns the boundary between evidence and persuasion. Generative systems can produce
fluent explanations even when support is weak, and organizations can present dashboards that appear authoritative
while hiding uncertainty. Evidence-centered review should therefore ask whether a system makes support inspectable
or merely makes outputs look convincing. This distinction is critical for policy, cybersecurity, healthcare, finance,
and software engineering, where confidence without traceability can be harmful.

The same lesson applies to benchmark construction. A benchmark can reward behavior that is easy to score but
weakly connected to real use. Hallucination benchmarks may simplify source verification; code-search benchmarks
may ignore repository constraints; cybersecurity benchmarks may omit analyst workflow; label-quality benchmarks
may understate disagreement. DATAMIND can strengthen the field by encouraging benchmarks that expose
evidence conditions rather than only ranking models.

The 2025 corpus also raises a design question for data infrastructures: should evidence be centralized, federated,
or hybrid? Feature stores centralize reusable transformations, cybersecurity intelligence may need federation because
data are sensitive, trade databases rely on curated global integration, and labelling workflows often combine
distributed workers with centralized adjudication. Each design has different implications for accountability, privacy,
speed, and reproducibility. Review articles should make these trade-offs explicit.

Finally, evidence-centered Al requires a cultural shift in how success is reported. Authors should celebrate not
only higher scores but also clearer provenance, stronger update policies, better failure diagnosis, and more reliable
human review. These qualities may appear less glamorous than model novelty, but they are essential for
computational discovery. The 2025 volume shows that DATAMIND is well positioned to make this shift part of its
editorial identity.

This cultural shift also changes what counts as a strong review article. A review should not only summarize
published models; it should identify the evidence mechanisms that make those models trustworthy or fragile. By
doing so, DATAMIND can help readers compare systems whose technical forms differ but whose evidentiary
challenges are structurally similar.

This shared challenge is the journal's strongest basis for cumulative, cross-domain theory building in future
fourth-issue reviews.

6. Conclusion

The 2025 DATAMIND corpus demonstrates that database-oriented Al has matured into evidence-
centered Al. The year's articles ask how hallucinations are measured, how databases are selected, how
features are versioned, how serving workloads are monitored, how code is retrieved, how cybersecurity
alerts become insight, and how labels are produced. These topics are united by knowledge integrity.
The central task is not only to build stronger models, but to preserve defensible links among evidence,
computation, and action. Future research should measure traceability, external validation, human
review, automation risk, and policy use. By making those controls visible, DATAMIND can help
define computational discovery as a disciplined process of evidence construction rather than an
exercise in model output generation.
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