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Abstract—This article examines how structured explanation trace schemas can support regulatory compliance in algorithmic decision -making. 
The problem is acute in high-stakes domains where automated outputs affect access to credit, employment, services, or public be nefits. At the 
same time, the evidentiary basis of each decision remains fragmented across logs, model reports, and policy files. The study aims to determine 

which documentation elements must be captured at the decision level, how they should be organized,  and how they can be translated into an 
implementable compliance architecture. The materials consist of ten sources published between 2021 and 2025 on AI documentation, auditability, 
machine-readable compliance artifacts, and traceability infrastructures. Comparative analysis, conceptual synthesis, and typologization were 
applied. The analytical section establishes that compliance-ready explainability depends on linking rationale, provenance, model state, policy 

version, and human intervention records within a structured trace. The practical value lies in the proposed implementation model, the monitoring 
metrics, and the documentation logic for regulated algorithmic environments.  
 
Keywords— algorithmic decision-making, regulatory compliance, explanation trace schema, AI documentation, auditability, traceability, model 

governance, machine-readable documentation, algorithmic accountability, explainable AI . 
 

I. INTRODUCTION  

Algorithmic decisions are increasingly used in contexts where 
mistaken outputs have immediate legal, financial, or social 

consequences. Yet compliance work in such settings is still 
often built from disconnected artifacts. A model card may 
describe the intended use, a dataset document may record 
provenance, a monitoring dashboard may contain performance 
indicators, and an application log may preserve timestamps. 
When a decision is challenged, these materials rarely form a 

coherent evidentiary chain. The operational weakness arises 
from the absence of a structured record that binds explanation 
to the exact decision event. 

This study aims to develop an analytical model of a 
structured explanation trace schema as a compliance instrument 
for algorithmic decisions. Three objectives organize the 

inquiry. The first is to identify why current documentation 
approaches leave a gap at the moment of decision. The second 
is to determine which elements a compliance-oriented trace 
schema must contain. The third is to propose an implementation 
and monitoring logic suitable for regulated decision 
environments. 

The novelty of the article lies in treating explanation trace 
schemas as an intermediate compliance layer. In that layer, 
upstream documentation on data, models, and system design is 
linked to downstream functions such as audit, dispute handling, 
internal control, and regulatory review. 

II. MATERIALS AND METHODS 

The source base comprises 10 publications issued between 
2021 and 2025. The corpus was assembled through targeted 
screening of recent literature on AI documentation, auditability, 
machine-readable compliance instruments, and traceability 
infrastructures. The selection included foundational work on 
dataset documentation [3], comparative studies of 

documentation practices and principles [1; 2; 6], frameworks 
for machine-readable risk and lifecycle documentation [4; 7; 8], 
and studies that move from documentation toward auditable 

trace architectures [5; 9; 10]. The logic of inclusion followed 
the article’s research design. Each source had to contribute 
either to the diagnosis of documentation insufficiency, to the 
specification of structured fields for compliance, or to the 
design of an operational trace infrastructure. 

The study combines comparative analysis, source analysis, 

conceptual synthesis, typologization, and analytical 
generalization. Comparative reading was used to isolate 
convergent and divergent positions across documentation 
frameworks. Conceptual synthesis was applied to derive a 
unified definition of the explanation trace schema. 
Typologization was used to separate upstream artifacts, 

decision-level records, and post-decision audit instruments. 
Analytical generalization supported the transition from 
literature-based findings to an implementable compliance 
model. 

III. RESULTS 

Recent literature no longer treats AI documentation as a 

single artifact. It describes a diversified documentation ecology 
whose units differ by scope, audience, and level of automation. 
A systematic review of documentation practices reports that 
data and model cards still dominate the field, while system 
cards remain less common, and documentation production 
remains largely manual [1]. A large-scale study of 32,111 

model cards reaches a parallel conclusion from a different 
angle. Model cards are widely present for heavily downloaded 
models, yet their informativeness is uneven, with limitations 
and evaluation among the weakest sections [6]. Read together, 
these studies expose a structural compliance problem. The field 
has produced many descriptive documents, but their 

distribution across lifecycle stages remains uneven, and the 
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most compliance-sensitive content is frequently incomplete. In 
such conditions, explanation at the level of a single decision 
becomes fragile because the necessary evidence is dispersed 
before the decision is even made. 

The answer proposed by documentation theory is to make 

documentation more comparable, legible, actionable, and 
robust [2]. That move matters because compliance work 
depends on consistency across cases. A record that differs 
radically from one system, team, or release to another becomes 
difficult to audit, compare, and test against internal policy. At 
the same time, the comparative literature warns against 

assuming that a single static template is sufficient for every 
situation [2]. A regulated decision environment requires 
standardized fields, yet it also requires sensitivity to intended 
use, stakeholders, and the lifecycle stage at which evidence is 
generated [1; 2]. The literature, therefore, pushes in two 
directions at once. It favors standardization but resists flattening 

the entire compliance problem into a single generic form. 
Foundational documentation work on datasets already 

points toward the logic needed for a trace schema. Datasheets 
were designed to record motivation, composition, collection 
procedures, intended uses, and maintenance conditions for 
datasets [3]. That contribution remains indispensable because 

no decision record can be reliable if it cannot point back to the 
data conditions from which the model emerged. Still, dataset 
documentation stays upstream. It does not by itself tell an 
auditor which model instance was used, which policy threshold 
was active, which features were decisive, or whether a human 
reviewer intervened in a particular case. More recent work 

closes that distance. AI Cards propose a framework that 
combines technical specifications, context of use, and risk 
management in both human-readable and machine-readable 
form [4]. The move toward machine readability is decisive. 
Once documentation is represented in a structured form, it 
becomes possible to exchange it across the AI value chain, 

update it when conditions change, and use it in conformity 
assessment tasks [4]. 

Automation research reinforces the same direction. The 
literature review on documentation practices notes that full 
automation remains rare [1]. That observation explains why 
many organizations still treat compliance documentation as an 

ex post exercise. By contrast, recent work on automatic 
generation of models and data cards shows that documentation 
pipelines can improve completeness, objectivity, and 
faithfulness when generation is grounded in structured retrieval 
workflows [7]. The significance of the present study is direct. 
A compliance-oriented explanation trace schema should be 

generated from structured sources already present in the system, 
or from registries designed to be queried at the moment of 
decision. 

A clearer picture emerges when one compares the functions 
assigned to documentation across several recent frameworks. 
The CLeAR framework supplies principles for documentation 
quality [2]. AI Cards introduce a machine-readable structure for 

intended use and risk management [4]. TechOps extends the 
logic across data, model, and application levels and explicitly 
links documentation to lifecycle oversight and auditable 
operational practice [8]. The review of documentation practices 

adds evidence that the field is moving toward more holistic and 
automated forms, even though manual effort remains dominant 
[1]. Their convergence is substantial. Compliance-oriented 
documentation must cover more than technical performance. It 
has to register who the system is for, what risks are anticipated, 

which component produced the output, which constraints 
govern use, and how the record remains usable across time. 
Their divergence is instructive as well. Principle-based 
frameworks clarify what good documentation should look like. 
Machine-readable frameworks clarify how documentation can 
circulate and be checked. Lifecycle templates clarify where 

evidence should be captured. None of these alone fully resolves 
decision-level accountability. Together, they indicate that a 
separate decision-event layer is needed. 

On that basis, the explanation trace schema can be defined 
more narrowly and more rigorously. It is a structured record 
attached to a concrete algorithmic output and linked to the 

surrounding documentation environment. At minimum, it 
should contain a unique decision identifier, timestamp, system 
identifier, model, model version reference, data or feature 
provenance reference, decision outcome, confidence or score 
(where applicable), explanation payload, policy threshold or 
rule applied, human intervention status, documentation links, 

and post-decision state. Recent traceability work clarifies why 
these fields must be grouped. The AI Model Passport treats 
traceability as a lifecycle property and frames model identity, 
verification, versioning, and monitoring as a unified 
documentation problem [5]. BAXDT goes further by placing 
explanation summaries, contextual metadata, and 

cryptographic integrity within a single decision-trace object [9]. 
Work on knowledge-graph-based auditing reaches the same 
conclusion via a different route, arguing that audit traces need 
semantic structure to be integrated, queried, and interpreted 
across complex systems [10]. The literature supports a strong 
claim: compliance rests on explanation joined to provenance, 

state, and governance metadata in a form that remains 
inspectable. 

Figure 1 synthesizes the position of the structured 
explanation trace schema within the broader compliance chain. 
It is the runtime node that binds those upstream materials to the 
concrete decision event and to downstream review activities. 

The architectural literature adds one more step that is often 
underappreciated in debates about explainability. A trace 
schema must remain durable, queryable, and resistant to silent 
alteration. The AI Model Passport responds to that need through 
unique identity, version control, and lifecycle monitoring [5]. 
BAXDT responds via a unified JSON trace, with its 

cryptographic hash separately preserved, thereby strengthening 
evidentiary integrity [9]. Knowledge-graph-based auditing 
makes relations between artifacts explicit so that auditors can 
follow connections among models, datasets, system 
components, and control requirements [10]. These approaches 
differ in technical realization, yet they converge on the same 
operational lesson. A compliance-ready explanation trace 

schema is a structured evidence object. 
A second comparative lesson follows from the relationship 

between static documentation and dynamic compliance. 
Datasheets, model cards, and system-level templates remain 
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indispensable because they capture upstream conditions [1; 2; 
3; 6]. Machine-readable documentation and lifecycle templates 
extend their utility by enabling interoperability, updating, and 
automated checking [4; 7; 8]. Traceability frameworks then 
translate those materials into decision-level evidence [5; 9; 10]. 

This layered logic resolves a recurrent tension in the literature. 
Static cards are too broad to answer a concrete dispute on their 
own. Event logs are too narrow if they are detached from the 
system's meaning. The explanation trace schema closes that gap 
by turning a single decision into a traceable node within a wider 
compliance network. 

 
Fig. 1. Lifecycle position of a structured explanation trace schema in 

compliance-oriented algorithmic decisioning, adapted from [2; 4; 8] 

 
The analytical synthesis of the reviewed literature therefore 

supports three findings. First, current documentation 
approaches improve transparency, yet they often fail to preserve 
a reconstructable chain at the level of individual decisions [1; 
2; 6]. Second, a compliance-oriented trace schema must 
combine rationale with provenance, system state, governance 
references, and intervention records [4; 5; 8; 9; 10]. Third, the 

schema becomes operationally reliable only when it is machine-
readable, connected to upstream documentation, and supported 
by retrieval or registry mechanisms that reduce manual 
completion and post hoc reconstruction. 

IV. DISCUSSION 

The reviewed literature suggests that regulatory compliance 

in algorithmic decision-making is best understood as a record-
formation problem. Explanations fail in practice when they are 
produced late, detached from system state, or written in forms 
that auditors cannot verify. For that reason, the explanation 
trace schema should be implemented as a standing 
infrastructure for decision evidence. Organizations working in 

high-stakes environments should separate three questions from 
the start: what must be documented before deployment, what 
must be captured at decision time, and what must remain 

measurable after deployment. Once these layers are separated, 
compliance design becomes tractable. 

The first Table I compares the organizational layers that a 
structured explanation trace schema has to connect. Its purpose 
is to distinguish stable documentation registers from event-level 

traces and from repositories that enable later review. 
 

TABLE I. Compliance architecture of a structured explanation trace schema 

[1–10] 

Layer 
Primary 

purpose 
Core contents 

Main 

owner 

Update 

rhythm 

Data 

docume

ntation 

layer 

Preserve 

provenanc

e and data-

use 

constraints 

Dataset identity, 

source, collection 

logic, preprocessing, 

limitations, 

permitted use 

Data 

governanc

e team 

On 

dataset 

change 

Model 

docume

ntation 

layer 

Preserve 

model 

state and 

evaluation 

history 

Model ID, version, 

training context, 

validation metrics, 

known limits 

ML 

engineerin

g team 

On model 

release or 

retraining 

System 

and 

policy 

layer 

Bind 

technical 

behavior to 

organizatio

nal rules 

Intended use, risk 

controls, human 

oversight rules, 

decision thresholds, 

escalation logic 

Product, 

complianc

e, legal 

On policy 

or 

workflow 

change 

Decisio

n trace 

layer 

Capture 

the 

individual 

algorithmi

c event 

Decision ID, 

timestamp, input 

abstraction, output, 

explanation payload, 

threshold applied, 

reviewer action 

Runtime 

service 

with 

governanc

e controls 

At each 

decision 

Evidenc

e 

storage 

layer 

Keep 

records 

durable 

and 

queryable 

Immutable store, 

hash or integrity 

marker, retention 

label, access rights 

Platform 

and 

security 

teams 

Continuo

us 

Review 

and 

recours

e layer 

Support 

internal 

and 

external 

scrutiny 

Audit queries, case 

reconstruction, 

dispute packets, 

override review, 

exception history 

Complian

ce, audit, 

operations 

Periodic 

and case-

triggered 

 
The comparison shows that the explanation trace schema 

occupies a narrow but decisive place. It translates them into 
case-bound evidence. If the decision trace layer is weak, the 
surrounding layers remain informative yet legally fragile. If the 
decision-trace layer is strong but isolated, the record becomes 
technically precise but institutionally thin. Compliance depends 
on linkage. 

The second table addresses a different problem. A trace 
schema can exist formally and still fail in practice if its fields 
are missing, stale, slow to retrieve, or inconsistent with current 
policy. Table II sets out a monitoring model for compliance 
readiness. 

The metrics clarify a broader point. Compliance cannot be 
assessed solely through the formal existence of templates. It has 

to be measured through the system’s ability to reproduce and 
justify a decision under scrutiny. In that sense, the most 
revealing indicators are operational properties of the evidence-
formation process. Completeness without policy alignment is 
weak. Fast retrieval without provenance linkage is weak. 
Integrity without reviewer capture is weak. The monitoring 

model works because it treats compliance as a chain whose 
weakest link can be identified. 
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TABLE II. Monitoring metrics for explanation trace quality and compliance 

readiness [1–10] 

Metric What it measures 
Practical 

interpretation 

Management 

use 

Trace 

completene

ss rate 

Share of decisions 

with all mandatory 

fields populated 

Low values 

indicate broken 

capture logic or 

missing 

integrations 

Repair field 

mapping and 

block 

incomplete 

releases 

Provenance 

linkage rate 

Share of decisions 

linked to valid 

data and model 

identifiers 

Weak linkage 

makes 

reconstruction 

unreliable 

Tighten 

registry 

integration 

Policy-

version 

match rate 

Share of decisions 

tied to the active 

policy release 

Mismatch signals 

governance drift 

Review rollout 

controls 

Human 

intervention 

capture rate 

Share of overrides 

or reviews 

recorded in 

structured form 

Missing entries 

hide accountability 

at the most 

sensitive points 

Redesign 

reviewer 

workflow 

Explanation 

retrieval 

latency 

Time needed to 

assemble a 

review-ready trace 

High latency 

undermines 

dispute handling 

and audit response 

Improve 

storage and 

indexing 

Reproducib

ility rate 

Share of sampled 

cases that can be 

reconstructed 

without manual 

inference 

Low rates indicate 

evidentiary 

weakness 

Expand 

captured 

runtime state 

Integrity 

verification 

rate 

Share of records 

that pass hash or 

immutability 

checks 

Failures weaken 

legal defensibility 

Strengthen 

integrity 

controls 

Exception 

recurrence 

rate 

Frequency of 

repeated schema 

failures by system 

segment 

Repetition 

indicates structural 

defects, not 

isolated errors 

Trigger 

targeted 

remediation 

 

Implementation should proceed in a defined sequence. An 
organization first needs a decision taxonomy that distinguishes 
automated, assisted, and human-overridden decisions. It then 

needs a canonical field dictionary that specifies which elements 
are mandatory for every case and which are conditional on 
domain, model type, or legal regime. The next step is to connect 
those fields to the source systems so that data provenance, 
model version, policy version, and runtime output are 
automatically pulled. After that, explanation payloads should be 

normalized into a limited set of representational forms such as 
ranked factors, rule references, or structured reason objects. 
Human review actions have to be recorded in the same schema. 
Retention, access control, and integrity protection come after 
schema stabilization. 

In practical terms, the explanation trace schema works best 

when it is treated as a living compliance object. It should be 
reviewed during model updates, policy changes, and incident 
analysis. The internal audit should sample it. It should be used 

in training for reviewers and case handlers. Most of all, it should 
be designed for retrieval by people who were not present when 
the decision was made. That requirement changes the trace's 
logic. The schema has to privilege field clarity, evidentiary 
sufficiency, and cross-functional readability. 

V. CONCLUSION 

The review showed that current documentation practices 
improve transparency across datasets, models, and systems, yet 
they frequently leave decision-specific evidence fragmented 
and unevenly captured. 

The analysis established that a defensible schema must 

combine rationale, provenance, model state, policy reference, 
and human intervention records into a single structured decision 
object. 

The discussion developed a layered architecture and a 
metric-based monitoring model through which explanation 
traces can function as operational evidence for audit, dispute 

handling, and regulatory review. 
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