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ABSTRACT:

Machine learning systems are trained on a snapshot of the world but deployed into a world that keeps changing.
When the data that a model sees in production departs from its training distribution, predictions can degrade
silently, and decisions that rely on them become unreliable. This paper proposes an adaptive, evidence-driven and
self-validating framework for maintaining reliable Al decision-making under continuous data drift. The
framework combines a multimodal representation layer, a statistical evidence layer that quantifies drift and
uncertainty, a validation gate that converts evidence into trust states, an adaptive response layer that recalibrates,
retrains or defers to human judgement, and an audit ledger that records why each action was taken. Using three
illustrative figures, we show how multimodal contrastive alignment feeds anomaly detection, compliance
validation and risk scoring; how the statistical significance of a drift test depends jointly on shift magnitude and
sample size; and how the same synthetic shift can improve performance at one hospital while degrading it at
another, with large class-level variation hidden behind stable aggregate metrics. We derive design rules for
monitoring, response policy and governance, and we discuss limitations and research directions.

Keywords: Data Drift, Self-Validating Al, Evidence-Driven Decision-Making, Model Monitoring, Multimodal Learning,
Contrastive Learning, Calibration, Al Governance.

INTRODUCTION

Machine learning models are usually evaluated on held-out data that resembles the data on which they were
trained. In deployment, this assumption fails. Customer behaviour changes, sensors age, clinical protocols and
imaging equipment differ between hospitals, regulations alter what is recorded, and adversaries adapt. The
resulting departure of production data from the training distribution is known as dataset shift or data drift [1], [2].
Its consequences are serious because a drifting model continues to produce confident predictions even as their
accuracy falls, and ground-truth labels often arrive late or not at all, so the degradation can remain invisible [3].
The problem is acute in high-stakes domains. Finlayson and colleagues have described how dataset shift affects
clinical Al, where changes in patient populations, practice patterns and imaging hardware can reduce the reliability
of models that performed well at validation [4]. Similar concerns arise in finance, audit and compliance, where
models support decisions about fraud, risk and regulatory conformity. In these settings, an organisation needs
more than a prediction. It needs evidence that the prediction can still be trusted and a record of what was done
when it could not.

Existing practice tends to treat drift detection, retraining and governance as separate activities. Drift detectors
raise alarms but do not say how much they should change a decision; retraining pipelines run on schedules
unrelated to evidence; and governance documents are written once and rarely updated. The result is a gap between
what a model is believed to do and what it is doing now.

We argue for an alternative: a self-validating framework in which every automated decision is accompanied by
current evidence about the reliability of the data and the model, and in which the system adapts its own behaviour
in response to that evidence. We call this adaptive, evidence-driven data intelligence. The key ideas are that
evidence should be quantitative and comparable across modalities, that it should be converted into explicit trust
states that govern what the system is allowed to do, and that responses and their justifications should be logged
for audit.
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The contributions of this paper are as follows. First, we formalise the problem of reliable decision-making under
continuous drift and define self-validation. Second, we present a five-layer framework and map it to a multimodal
audit-integration network. Third, we analyse how the strength of drift evidence depends on shift magnitude and
sample size, and we draw design rules for monitoring windows. Fourth, we examine multi-site healthcare drift
results to show why aggregate monitoring is insufficient and why site-level and class-level evidence is required.
Fifth, we provide a response policy, governance guidance and an implementation checklist.

BACKGROUND AND RELATED WORK

A. Types of Dataset Shift

Dataset shift is conventionally decomposed according to which part of the joint distribution P(X, Y) of inputs X
and labels Y changes [1]. Table | summarises the main types. In practice, several occur at once and cannot be
cleanly separated, especially when labels are unavailable.

TABLE I. TYPES OF DATASET SHIFT

Type What changes Example Detection signal
Covariate shift Input distribution P(X); New scanner model changes Input or embedding drift
P(Y|X) unchanged image statistics tests
Prior (label) shift Class prevalence P(Y) Seasonal change in disease Shift in predicted class
frequency distribution
Concept drift Relationship P(Y|X) Fraud tactics evolve; new coding Performance decline;
practice delayed labels
Data-quality drift Missingness, formats, Upstream system alters a field Quality checks and
schema schema validation
Multimodal drift Relations between Report templates change while Cross-modal alignment
modalities images do not statistics

B. Detecting Drift

Detection methods fall into three groups. Statistical two-sample tests compare a reference window with a current
window of features or model outputs. Examples include the Kolmogorov-Smirnov test for univariate features,
kernel-based tests such as maximum mean discrepancy [5], and population stability indices commonly used in
credit scoring. Sequential detectors such as the Drift Detection Method and ADWIN monitor streams of errors or
values and adapt their window sizes [6], [7]. Learning-based detectors train a classifier to distinguish reference
from current data, with its accuracy indicating the degree of shift. Rabanser and colleagues compared
combinations of dimensionality reduction and statistical testing and concluded that no single detector dominates,
and that detection on low-dimensional representations of model outputs is often effective [3]. Reviews of concept-
drift learning provide broader surveys of detection and adaptation strategies [8], [9].

C. Uncertainty, Calibration and Reliability

A model that knows when it does not know is more useful than one that is merely accurate. Calibration measures
whether predicted probabilities match observed frequencies, and the Brier score is a proper scoring rule that
combines calibration and discrimination [10]. Modern neural networks are often poorly calibrated [11], and
calibration degrades further under shift, as shown by Ovadia and colleagues in a large benchmark of predictive
uncertainty [12]. Conformal prediction provides distribution-free prediction sets with coverage guarantees under
exchangeability, although its guarantees weaken under drift unless it is adapted [13].

D. Representation Learning Across Modalities

Enterprise data is rarely a single table. Audit and compliance processes combine structured records, free text and
images or scanned documents. Contrastive learning aligns representations of related items and separates unrelated
ones. The supervised contrastive loss of Khosla and colleagues uses class labels to define positives and has been
shown to improve representation quality and robustness [14]. These properties are attractive for drift monitoring
because a well-structured latent space makes distances and densities more meaningful as drift indicators.

E. Operational and Regulatory Context
Hidden technical debt in machine learning systems, including monitoring gaps and unstable data dependencies,
has been recognised as a cause of production failures [15], and rubrics for ML test readiness explicitly include
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data and prediction monitoring [16]. Regulatory frameworks increasingly require continuous oversight: the NIST
Al Risk Management Framework emphasises measurement and management of risk across the Al lifecycle [17],
and the European Union Artificial Intelligence Act requires post-market monitoring and logging for high-risk
systems [18]. A framework for reliable decision-making must therefore generate auditable evidence as a first-
class output.

PROBLEM FORMULATION

Consider a deployed model f trained on data from a distribution Po(X, Y). At time t the model receives inputs from
P:«(X, Y), which may differ from Po. A decision d: is taken using the model's output, and its quality depends on the
unobserved loss of f under P.. Because labels are delayed or absent, the loss cannot be measured directly. The
system therefore relies on proxy evidence E;, which may include drift statistics on inputs and outputs, estimated
uncertainty, data-quality indicators and, when available, delayed performance feedback.

We define a system as self-validating if it satisfies three conditions. First, it computes E; continuously and attaches
a summary of it to each decision or batch of decisions. Second, it maps E; to a trust state that constrains its own
autonomy, for example by allowing automatic action, requiring review or blocking action. Third, it records the
evidence, the state and the action in a tamper-evident log so that decisions can be reconstructed later.

Four requirements follow. Timeliness: evidence must be fresh enough to act upon before harm accumulates.
Calibrated sensitivity: the system should raise alarms when shift matters, not whenever any shift exists, since
benign drift is common and alarm fatigue is costly. Granularity: evidence must be available at the level at which
harm occurs, such as site, subgroup or class, and not only in aggregate. Accountability: every adaptation must be
traceable to evidence and approved under policy.

THE ADAPTIVE EVIDENCE-DRIVEN FRAMEWORK

The framework has five layers, summarised in Table I1. Data flow from the representation layer to the evidence
layer, then to the validation gate, which determines the response layer's behaviour; the audit ledger records every

transition.
TABLE II. LAYERS OF THE FRAMEWORK

Layer Purpose Typical outputs

1 Representation Encode multimodal data into a shared latent Embeddings; anomaly, compliance
space and risk signals

2 Evidence Quantify drift, uncertainty, quality and Statistics with effect sizes and
performance confidence intervals
3 Validation gate Map evidence to trust states Green, amber or red state per site and
class
4 Adaptive response Act in proportion to evidence Recalibration, retraining, rollback,
deferral
5 Audit ledger Record evidence, decisions and approvals Append-only, tamper-evident log

A. Representation Layer: Multimodal Alignment

Fig. 1 shows a multimodal network that we use as the representation and intelligence layer. Data are acquired and
pre-processed, then passed through modality-specific encoders. A cross-modal alignment network maps the
encoder outputs into a shared latent space, and training uses a supervised contrastive objective. The audit
intelligence module sits downstream of the latent space and produces three outputs: anomaly detection,
compliance validation and risk scoring.
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Fig. 1. Al-driven multimodal audit integration network: modality encoders, cross-modal alignment into a
shared latent space, supervised contrastive learning and an audit intelligence module.
The supervised contrastive loss in the figure follows the form

Lsup = Zia (—1/|P(i)] ) Zperiy 109 [ exp(zi - Zp / tau) / Zaeagiy €Xp(zi - za/ tau) ]

where z; is the normalised embedding of sample i, P(i) is the set of other samples sharing its label, A(i) is the set
of all other samples in the batch, and tau is a temperature parameter [14]. The loss pulls together embeddings of
samples with the same label, regardless of modality, and pushes apart those with different labels. For our purposes
the shared latent space has a second function. Because it places structured records, text and images in a common
geometry, distributional distance and density measures computed there become comparable across modalities,
and a single drift statistic can monitor evidence from heterogeneous sources. The figure's three modality encoders
are labelled for visual, text and structured data respectively; in a deployment the encoder for each modality is
chosen to suit the data, such as a vision transformer for scans, a language model for documents and a tabular
network for ledgers.

The audit intelligence module links the representation layer to evidence. Anomaly detection flags samples that lie
in low-density regions of the latent space or are poorly explained by the model. Compliance validation checks
whether records satisfy rules and whether predictions are consistent with policy. Risk scoring combines these
signals into a score that supports prioritisation. Each of these outputs is itself monitored, since a change in the rate
of anomalies or in the distribution of risk scores is a drift signal.

B. Evidence Layer

The evidence layer computes four families of indicators. Input drift is measured by two-sample tests or distances
between reference and current windows, on raw features, on latent embeddings and on model outputs.
Uncertainty and calibration are measured by predictive entropy, ensemble disagreement, the Brier score and
reliability diagrams. Data quality captures missingness, schema violations, range violations and duplicate rates.
Delayed performance is computed on labelled samples as they become available, with confidence intervals that
reflect the small sample. Each indicator is accompanied by its effect size and its sampling uncertainty, because a
statistic without its uncertainty cannot support a decision.

C. Validation Gate
The validation gate converts evidence into one of three trust states. In the green state, evidence is consistent with
the reference and automated action is permitted. In the amber state, evidence of material drift or elevated
uncertainty exists, and the system continues but increases sampling for labelling, narrows the actions it may take
automatically and flags decisions for review. In the red state, evidence indicates that reliability cannot be assured,
and the system falls back to a safe default, such as human decision, a conservative rule or a previous validated
model. Thresholds are set by the cost of errors in each domain and are reviewed periodically.
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EVIDENCE STRENGTH: SHIFT MAGNITUDE AND SAMPLE SIZE

A common practice is to run a statistical test on each monitoring window and raise an alarm when the p-value
falls below a threshold such as 0.05. The reliability of this practice depends on the interaction between how large
the shift is and how many samples are in the window. Fig. 2 illustrates this interaction. It plots drift-test p-values
against shift magnitude, expressed as a percentage, for window sizes from 500 to 4,000 samples, with the
significance threshold shown as a horizontal line and shaded bands indicating variability across repetitions.
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Fig. 2. Drift-test p-values versus shift magnitude for window sizes of 500 to 4,000 samples, with the
significance threshold shown.

A. What the Figure Shows

« Small shifts are not detected. At a shift of about five percent, p-values for every window size lie well
above the threshold, roughly between 0.45 and 0.7. A small shift is statistically indistinguishable from
sampling noise at these sample sizes.

« P-values fall as shift increases, and fall faster for larger windows. At a shift of thirty percent the 3,000
and 4,000-sample windows have p-values near 0.13 to 0.15, whereas the 500 and 1,000-sample windows
remain near 0.39. By forty percent the largest windows approach the threshold, and by fifty percent they
are effectively zero.

« Small windows may never detect a moderate shift. The 500-sample window still has a p-value above
0.25 at the largest shift shown, and the 1,000-sample window, while declining, remains above the threshold.
The curve for 500 samples is also non-monotonic, indicating that noise can dominate the trend.

« Variability is large. The shaded bands are wide and overlap across window sizes, especially at small shifts.
A single window's p-value is therefore a noisy measurement, and individual alarms or non-alarms should
not be treated as certain.

B. Design Implications

Three design rules follow. First, window size is a design parameter with a direct effect on detection power, and it
should be chosen from the smallest shift that matters to the decision, not from convenience. Where traffic is low,
windows must be longer, which increases detection delay; this timeliness trade-off should be stated explicitly.
Second, p-values should be accompanied by effect sizes. A large window can produce a very small p-value for a
trivial shift, causing false alarms, while a small window can fail to flag a consequential shift. Third, decisions
should be based on persistence across windows and on aggregated evidence, for example through sequential tests
or by requiring that a statistic remain beyond its threshold for several consecutive windows, rather than on a single
test. When many features or subgroups are tested simultaneously, multiple-testing corrections or false-discovery-
rate control are needed so that the number of alarms is not inflated by chance.

The population stability index is a widely used effect-size measure for binned features, computed as

4 2026 #EfH 54 [ 4 DOI: 10.46121/pspc.54.4.03



https://pspac.info/index.php/dlbh/article/view/542

A
>

-
Al

ISSN:1674-3415

R s, - . i s i

PSI =2 (ak—ex) xIn(ax/ex)
where ax and ey are the actual and expected proportions in bin k. Industry conventions treat values below about
0.1 as stable and values above about 0.25 as a significant shift, though such thresholds are heuristics and should
be calibrated to the application. Combining an effect-size indicator with a significance test provides a more robust
evidence summary than either alone.

DRIFT ACROSS SITES: AHEALTHCARE ILLUSTRATION

Medical imaging provides a demanding test of drift monitoring because scanners, protocols and patient
populations differ across institutions. Fig. 3 shows the change in model performance under increasing synthetic
shift at two hospital sites. The left panels give the change relative to the unshifted baseline in AUROC, precision,
recall, F1 and Brier score loss; the right panels give the change in F1 for each of ten findings, such as atelectasis,

cardiomegaly, consolidation, edema, effusion, fracture, lung lesion, pneumonia and pneumothorax.
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Fig. 3. Change in aggregate metrics (left) and per-class F1 (right) under increasing shift at two hospital sites.

A. Aggregate Metrics Can Move in Opposite Directions

At the first site, aggregate changes are small and mostly positive. Precision, recall and F1 rise by roughly 0.01 to
0.025 for moderate shifts, AUROC is close to unchanged, and the Brier score loss decreases slightly, which
indicates marginally better probabilistic accuracy. At the second site, the same range of shift magnitudes produces
the opposite pattern. Precision, recall, F1 and AUROC all decline, with F1 falling by about 0.03 at the largest
shift, and the Brier score loss increases slightly. The same intervention therefore improves some measures at one
institution and harms them at another. A framework that monitors a single pooled metric, or that assumes a shift
has a consistent direction, would misjudge the effect on at least one site.

B. Aggregates Hide Class-Level Volatility
The class-level panels reveal considerably more variation than the aggregates. At the first site the per-class
changes in F1 range from about minus 0.04 to plus 0.07. One finding, pneumothorax, rises sharply at a shift of
around twenty percent, then falls below baseline at the largest shifts, while another class climbs steadily. At the
second site most classes decline as shift increases, with some reaching about minus 0.07, whereas fracture rises
slightly at high shift and pneumothorax swings between positive and strongly negative values. The shaded bands,
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which indicate uncertainty, are widest for the rarer findings, so changes for these classes are both large and
imprecisely estimated.

C. Lessons for Evidence Design

« Monitor at the level of harm. Evidence should be computed per site and per class or subgroup, with
aggregates as summaries and not as substitutes.

« Report uncertainty with every change. For rare classes, label scarcity makes estimates noisy; the
validation gate should treat wide intervals as a reason for caution, not as reassurance.

« Do not assume monotonic degradation. Some metrics improve temporarily or in one direction, so alarms
should be triggered by deviation from the baseline in either direction when the decision depends on
stability.

» Prefer calibration-aware evidence. Brier score and calibration changes can move independently of
discrimination measures such as AUROC, so both families should be tracked.

» Local adaptation matters. Because sites respond differently, a single global update may help one site and
harm another; adaptation should be validated per site before release.

ADAPTIVE RESPONSE POLICY

The response layer turns evidence states into actions. Table Il gives a representative policy. Responses are
ordered by cost and risk: lightweight actions are applied first, and heavier ones only when evidence persists.

TABLE I1l. EXAMPLE RESPONSE POLICY

Evidence state Typical condition Response
Green No material drift; calibration stable Continue automated operation; routine
sampling
Amber: input drift only Significant, persistent drift with stable Increase labelling; recalibrate; narrow
labelled performance auto-actions; alert owner
Amber: calibration loss Rising Brier score or reliability error Recalibrate; raise review rate for

uncertain cases
Red: performance decline Labelled metrics below threshold with Fall back to validated model or human;

confidence start retraining
Red: data failure Schema or quality violation Block affected inputs; escalate to data
steward

A. Recalibration and Re-weighting

When drift is moderate and discrimination is stable, probability recalibration, for example by temperature scaling
or isotonic regression on recent labelled data, can restore calibration at low cost. Importance weighting can adjust
for covariate shift when density ratios can be estimated reliably. These measures are fast and reversible but do not
help when the relationship between inputs and outcomes has changed.

B. Retraining and Fine-Tuning

When labelled evidence indicates a performance decline, or when drift is large and persistent, the model should
be retrained or fine-tuned on recent data. To avoid forgetting stable patterns, training data should combine recent
and historic samples, and candidate models should be validated against both. The decision to promote a candidate
should rely on a pre-registered validation protocol, including per-site and per-class checks, not on aggregate
accuracy alone.

C. Safe Deployment of Updates

New models should be released in shadow mode, where they score live traffic without affecting decisions, and
then through canary deployment to a small fraction of traffic with automatic rollback if evidence worsens.
Versioning of data, code, features and models allows any decision to be reproduced. Every update, including the
evidence that justified it, is written to the audit ledger.

D. Deferral and Human Oversight
In the red state, or whenever uncertainty exceeds a threshold, the system should abstain and route the case to a
human. Selective prediction, in which the model answers only when its confidence is adequate, trades coverage
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for reliability and provides a continuous mechanism for deferral. Human reviewers also supply the labels needed
to refresh evidence, so deferral and learning reinforce one another. Reviewer workload must be modelled so that
thresholds do not overwhelm capacity.

GOVERNANCE AND THE AUDIT LEDGER

The audit ledger is a structured, append-only record that stores for each monitoring window the data snapshot
identifiers, the evidence indicators with uncertainty, the resulting trust state, the response taken, the approver, and
the model and data versions in use. Cryptographic hashing or write-once storage makes tampering detectable.
This record serves several purposes. It enables incident investigation by reconstructing why a given decision was
made. It provides the documentation of monitoring and logging that frameworks such as the NIST Al Risk
Management Framework and the EU Al Act expect [17], [18]. It supports model documentation practices, which
can be extended to include live reliability summaries beside static descriptions of intended use [19].

Roles must be explicit. A model owner is accountable for performance and approves updates; a data steward is
accountable for input quality; a risk function sets thresholds and reviews exceptions; and an independent validator
checks candidate models. Thresholds for trust states, escalation timelines, and the criteria for decommissioning a
model should be documented and reviewed after significant incidents. Evidence about subgroups also supports
fairness oversight, since drift that affects one population more than another is an equity risk as well as a
performance risk, as the site-level variation in Fig. 3 illustrates.

IMPLEMENTATION GUIDANCE

A practical implementation can be built incrementally on standard MLOps tooling. Table IV lists the core
indicators, the typical computation and the intended use. The following sequence has proved sensible in similar

systems.
TABLE IV. CORE MONITORING INDICATORS
Indicator Computation Use
Feature and embedding Two-sample tests or distances with effect Early warning of input shift
drift size, per window
Output distribution Change in predicted class or score Detect prior shift and model
distribution behaviour changes
Calibration Brier score, reliability error, calibration Probability reliability for decisions
curves
Per-site and per-class Metrics with confidence intervals on labelled Locate harm; detect opposing site
performance samples effects
Data quality Missingness, schema and range violations Prevent silent upstream failures
Operational Latency, review rate, alarm precision Tune thresholds and workload

« Establish the reference. Freeze reference windows and baseline metrics at the time of validation, including
per-site and per-subgroup values with confidence intervals.

« Instrument the pipeline. Log inputs, embeddings, outputs and uncertainty for every prediction, subject to
privacy requirements, and collect labels with known delay.

« Select windows and thresholds deliberately. Use the sample-size analysis in Section V to select window
length, and define effect-size thresholds with domain experts.

- Start with alerting, then add gating. Run the evidence layer in observation mode, tune thresholds against
historical incidents, and only then allow it to constrain automated actions.

» Rehearse failure. Test rollback, fallback and deferral paths using simulated drift, and run periodic drills.

» Review regularly. Evaluate alarm precision, detection delay and reviewer workload, and adjust the
framework as the data and the business change.

LIMITATIONS
The framework has limitations. Evidence from proxies cannot replace ground truth, and drift in inputs does not

always imply performance loss; conversely, concept drift may degrade performance without any visible change
in the inputs. The illustrations in Figs. 2 and 3 summarise drift experiments under synthetic shifts and are intended
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to show qualitative behaviour; details such as the test statistic, the shift generation and the dataset should be
specified when reproducing them, and conclusions should be validated on the organisation's own data. The
multimodal network in Fig. 1 is described at the architectural level, and the benefit of contrastive alignment for
drift monitoring requires empirical evaluation. Finally, adaptive updating introduces its own risks, including
feedback loops in which the model's actions alter the data it later sees, and adversaries who may attempt to induce
drift deliberately, so adaptation must be conservative and monitored.

FUTURE RESEARCH DIRECTIONS

Several directions follow. Unlabelled performance estimation, which predicts accuracy from model outputs and
drift statistics, could strengthen proxy evidence. Conformal methods that remain valid under drift would provide
prediction sets with reliable coverage. Causal and shift-stable modelling could reduce sensitivity to site-specific
changes [20]. Federated and site-specific adaptation could allow institutions to benefit from shared learning
without exchanging data. Standardised benchmarks and shared reporting of drift evidence across multimodal
settings would improve comparability. Finally, human-factors studies on how reviewers use trust states and
explanations would help calibrate the interaction between automation and oversight.

CONCLUSION

Reliable Al decision-making cannot be established once and assumed thereafter. Data keep changing, and the
evidence that a model remains trustworthy has to be produced continuously. This paper proposed a self-validating
framework in which a multimodal representation layer supplies comparable signals, an evidence layer quantifies
drift, uncertainty and quality, a validation gate converts evidence into trust states, an adaptive response layer acts
proportionately, and an audit ledger records the reasoning.

The illustrative analyses yielded concrete design rules. Drift-test evidence depends on both shift magnitude and
sample size, so windows must be sized for the smallest consequential shift and p-values read together with effect
sizes and persistence. The same shift can help one site and harm another, and aggregate metrics conceal large
class-level swings, so evidence must be computed at the level of site and class with uncertainty reported alongside.
Response policies should favour cheap, reversible actions first, validate candidates per site, release updates safely
and defer to humans when evidence is weak.

Organisations that adopt this approach gain more than robustness. They gain the ability to explain, at any moment,
why an automated decision was or was not trusted, which is the foundation of accountable Al in high-stakes
settings.
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