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Trusted Human Simulation
A Standard for Assessing Digital Twins
How to design, measure, and trust simulations of human respondents.

Abstract
The market for synthetic survey respondents is loud with accuracy claims and quiet on the question that actually
governs adoption: can a buyer trust a given output enough to act on it and to defend that decision to a stakeholder?
This paper argues that trustworthiness in human simulation is as much a property of the simulation engine as it
is of the infrastructure around it: the data it is grounded in, the way it is simulated, the audit trail it produces,
and the protocol by which it is validated. This paper defines what a digital twin is, sets out four pillars a
trustworthy system must contain, Grounding, Simulation, Explainability, Validation, specifies a measurement
suite for assessing fidelity, and describes the infrastructure that turns a raw dataset into guarded, auditable
output.

1. Why Trust is the bottleneck
Traditional survey fielding is under structural pressure: increasing fraud rates on open panels, declining re-
sponse rates, respondent fatigue, and rising demand for faster, more granular insight. Simulated respondents
are the natural response. Yet adoption lags behind the capability. The problem is not that simulations are
inaccurate, but that buyers cannot tell when to believe them. The field’s central weakness is opacity: an output
arrives with no per-answer audit trail, no statement of its own reliability, and no test on the buyer’s own data
that could prove it wrong. The buyer is asked to trust the vendor. This frames the question to “can I trust this
output, on this dataset, for this question, before I act?”. Answering this question repeatably is an infrastructure
problem.
Digital Twin is used as an umbrella term for any computational model that reproduces the survey responses of
a population of real respondents. Four families of methods are commonly described as such:

• Statistical augmentation / boosting learns the distribution of an existing sample and draws additional
synthetic respondents from that model. It is typically used to enlarge an under-collected subgroup, so that
an analysis has enough sample to be stable. Because it stays within the distribution already collected, it
interpolates rather than extends. It adds no answers to questions that were never asked, and no synthetic
row corresponds to a specific real person.

• Generic LLM personas prompt a language model with a demographic sketch. They regress toward an
average of that demographic and erase the within-segment heterogeneity that research exists to measure.

• Persona-bots role-play a handful of archetypes. They are expressive but not individually grounded, so they
cannot support reliable, segment-level distribution estimates.

• Individually-grounded twins create a separate model for each real respondent, directly anchored in that
person’s actual answers and characteristics. This preserves individual variation within segments and enables
simulation of how that specific person might answer unseen questions, rather than relying on group averages.

The form we believe delivers the most decision-grade value, is a twin grounded in a single real respondent.
Rather than describe a demographic average, it is built from one person’s own answered items and reasons
from them, so it can simulate how that specific individual would answer questions they were never asked.
Imputing a missing answer is simply one case of this more general ability, and the richer the person’s real data,
the better the simulation can be.
Such twins are where the value of research actually sits, at the level of populations and their subgroups: what
share of people holds a view, how it shifts by age or region, how attitudes move together. It can persist, refreshed
as new data arrives, queried again for new questions, and reused across projects rather than rebuilt each time.
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2. The Four Pillars: Designing for Trust
What separates a plausable twin from a usable one is not model quality but how this model is encapsulated in
a broader simulation system: the data it relies on, how it simulates, the audit it enables and the validation it
survives. Each pillar states a part of a trustworthy simulation system, the reason it is necessary, and what a
compliant system must provide.

Pillar I: Grounding
The data a twin is built from, one record per real respondent, captured at individual granularity rather than as
group aggregates.
Why. A twin can be no better than what it is built from. Aggregated data leaves it reasoning from group
averages alone, erasing the within-segment variation that research exists to measure.
Must provide. Genuinely individual data, one row per real person rather than aggregates, sufficient richness
of answered items per respondent to characterise them, and input-data-quality screening (fraud, duplicate,
straightlining, etc.) before any simulation.

Pillar II: Simulation
How a twin produces answers to questions it was never asked, and how faithfully those answers reproduce real
responses.
Why. Simulation is what turns a static record into new answers, and it is where the value of a twin is created.
It lets a twin answer questions never put to that person, shorten a questionnaire by asking each respondent
less and simulating the rest, and reach subgroups too thin to field, so research gets more from the data already
collected.
Must provide. Output that reproduces the structure of real responses, the marginal distribution of each ques-
tion, and the joint structure between items, the correlations on which key-driver and segmentation work de-
pend, rather than merely believable individual answers. These are the targets the measurement standard that
follows puts to the test.

Pillar III: Explainability
Every simulated answer carries artefacts that trace it back to the signals that produced it.
Why. A result that cannot be interrogated or anticipated cannot be trusted. Explainability lets a researcher
question a surprising output instead of accepting it on faith. An a-priori reliability forecast lets them gate a
decision before acting on it.
Must provide. Simulation artefacts produced before any ground truth is seen. We include Key Explaining
Variables (KEVs), the previously answered questions most predictive of the target, forming a genuine pre-hoc
audit trail; and an a-priori confidence score, a per-question reliability forecast. Every simulated response must
trace back to the respondent signals that drove it and be reproducible, so that identical inputs yield the identical
answer and explanation, and any audit can be re-run and verified.

Pillar IV: Validation
Reliability is established by blinded, held-out testing on the client’s own fielded data, never by a vendor benchmark
on vendor data.
Why. Only an on-distribution, ground-truth-withheld test is both representative of the client’s population and
one the client can prove wrong on their own data.
Must provide. A train/test partition in which the test answers are never seen during construction or simulation;
and, wherever possible, an independent party that assigns question difficulty and/or evaluates results.

Eleya A Standard for Assessing Digital Twins 2 / 4



3. Measurement: Validation in Depth
This section operationalises the Validation pillar: it specifies how a trustworthy simulation is measured on the
client’s own data, applying the metrics that verify the fidelity targets the Simulation pillar set out. No single
number can establish that a simulation is trustworthy, and any vendor offering one, particularly a proprietary
“accuracy” score with an undisclosed definition, should be treated with suspicion. Trustworthiness is multi-
dimensional: a simulation canmatch everymarginal distribution yet destroy the relationships between variables,
match the population yet fail a minority segment. Creating trust mandates a suite of metrics, each testing a
property the others cannot.

3.1 The Metric Suite
(1) Distribution similarity. We check, category by category, whether the simulated answer distributionmatches
the true one, using 1−MAE, the complement of the mean absolute error between the two distributions over a
question’s response categories. Other measures of the distance between two distributions exist, notably Total
Variation Distance and Jensen-Shannon divergence. We adopt 1−MAE as a non-technical stakeholder can easily
interpret it. Why. Matching the distribution is the most basic faithfulness a simulation must show.
(2) Correlation-structure preservation. Bias-corrected Cramér’s V (Bergsma, 2013) compares the strength of
association between variable pairs in the simulated and real data. Concretely, we report the average absolute
difference between the simulated and real Cramér’s V across variable pairs. Why. Key-driver, segmentation,
and multivariate analyses depend on the joint structure of the data. A model can reproduce every marginal yet
collapse associations toward independence or invent false associations, a failure that a distribution check alone
cannot see.
(3) Subgroup fidelity (including bias). Distribution similarity computed within each demographic segment
that carries enough sample to be reliable. Bias is assessed here as per-segment distribution similarity. The
difference in error across segments (gender, age, region, occupation) should be stable. Why. Digital twins’
value lies in simulating under-represented segments. Assessing distribution similarity within each segment and
systematic error across specific groups is how bias can be captured.

3.2 Why Not Individual Accuracy?
It is tempting to score a simulation by how often it reproduces each respondent’s exact answer, a per-response
one-to-one hit rate. We deliberately reject this as a primary metric, for a reason rooted in what research is
for. Market research does not exist to predict what a named individual will answer; it exists to estimate how a
population and its segments are distributed: what share holds a view, how that share differs by age or region,
how two attitudes co-move. The unit of assessment must match the unit of decision, and that unit is the
distribution, at the population and subgroup level. Every metric above measures it.

3.3 The Validation Protocol
The metrics above are only meaningful under a sound protocol: a blinded, held-out test on the client’s own
fielded data. The test answers are never seen during construction or simulation. Why. This assessment is both
on-distribution (the real target population) and able to be proven wrong (ground truth withheld).
Concretely, a validation runs as follows.

1. Use-case identification. We first define what the twins will be used for in production, which research type,
and question types. This intended use determines the held-out design, so that the test mirrors the real-world
use case the client actually wants to use the twins for.

2. Partition, before any data changes hands. The train/test split is agreed up front and performed by the
client on their side. They send only the construction set and keep the test answers sealed. Blinding is
therefore structural: we never hold the ground truth we are evaluated against.

3. Construction and blinded simulation. Twins are built from the construction set and the held-out questions
are simulated.

4. Validation against ground truth. The client unseals the held-out answers and the full metric suite (§3.1)
is computed, reported per question and per demographic segment.

5. Report and use The client receives a validation report on data they own and can independently re-check,
and decides whether to put the twins into production.
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Table 1. The measurement suite at a glance.

Metric What it verifies

Distribution similarity (1−MAE) Simulated answer distribution matches the true distribution, category by category.
Correlation preservation
(Cramér’s V)

Pairwise associations are preserved, so key-driver and segmentation analysis sur-
vive.

Subgroup fidelity (& bias) Distribution similarity holds within demographic segments, the error reveals di-
rectional bias.

4. The Infrastructure Layer for Trusted Simulation
The four pillars are not an additive checklist, they are mutually constraining, which is why trust cannot be
achieved by improving any single component. What a simulation can reproduce (Simulation) is capped by the
granularity and quality of the data it was built from (Grounding). The audit a result carries (Explainability),
its Key Explaining Variables and its a-priori confidence, is only meaningful if it is produced by the same model
that generated the answer, so it cannot be bolted on afterward. And a blinded held-out test (Validation) is only
assessable when the grounding is per-individual, so that a real answer can be withheld and compared. A choice
in one pillar dictates the design of the others.
It follows that a better model cannot, on its own, deliver trust. Trust is a property of the whole pipeline:
ingestion and data-quality screening, per-respondent twin construction, simulation of the unseen, the audit
emitted with every answer, and the validation harness that tests it, each stage built to satisfy the constraints
the next imposes. Designing and operating that chain as one system, rather than shipping a model, is what we
mean by infrastructure. The twins it maintains are persistent and refreshable, so the same system is queried
again as new questions are asked and new data arrives, the way an infrastructure is run rather than delivered
once.
Concretely, this is what the infrastructure provides. A dataset put in is first screened for the fraud, duplication,
and straightlining that would otherwise cap everything downstream. Every question asked of it comes back not
as a bare number but as a trust panel: the answer distribution with its uncertainty bands, the Key Explaining
Variables rendered as a plain-language account of why it came out that way, and the a-priori confidence score.
Each output is gated green, amber, or red. Green can be acted on, amber is directional and should be triangu-
lated, and red falls outside the validated scope and is routed to a human. A system willing to say “do not trust
me here” is what makes its green outputs credible.
Before any of simulated insights reach production, a calibration report card must be provided, with an auto-
mated blinded held-out test on the client’s own data which reports the full measurement suite. The first thing
a buyer receives is evidence on ground truth they already hold. Every simulated answer stays traceable to the
respondent signals that produced it, and because outputs are distributions with confidence rather than verdicts,
the researcher remains the final interpreter: the infrastructure surfaces patterns at speed and makes them
inspectable, which makes the analyst’s judgement more valuable.

5. Conclusion
The bottleneck for human simulation is not accuracy, it is trust. Trust ensues from proper infrastructure. A
simulation earns it by being grounded in real individuals, simulated to reproduce the structure of real responses,
explainable per question, validated on the buyer’s own withheld data, and by reporting its reliability through
a metric suite that measures distributional accuracy, association structure, and subgroup fidelity rather than a
single headline number. Assessed at the unit that matches the decision and delivered through infrastructure
that shows its uncertainty and its limits, simulated respondents become something a researcher can act on and
defend. We propose this standard as the basis for that assessment, and call for blinded, independent validation
to become the norm.
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