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Abstract

Artificial intelligence has moved rapidly into survey research,
bringing clear practical gains alongside serious methodological dangers.
These dangers are especially sharp in settings that lack abundant data, that
operate across multiple languages, or that contain layered cultural
complexity. This article presents H-VALIDA (Hybrid Validation and
Auditing for Localized, Interpretable, Documented, and Accountable Al-
Assisted Surveys). The framework is a transparent heuristic approach
intended to raise the reliability, contextual fit, and ethical standing of Al-
assisted surveys. It draws on critical data studies, human-centred Al, the total
survey error tradition, established survey methodology, and decolonial lines
of thought. Seven interdependent pillars structure the approach: Hybrid
Human-Al Collaboration, Contextual Sampling, Algorithmic Auditing,
Human Validation, Source Triangulation, Open Documentation, and Ethical
Accountability. The pillars are mapped onto an expanded total survey error
taxonomy, and the CARE Principles for Indigenous data governance are
integrated throughout. The central claim is that Al systems function as
sociotechnical arrangements rather than neutral tools. Methodological
validity therefore depends on sustained human oversight, open
documentation, and deliberate adaptation to local conditions. H-VALIDA
supplies institutions with a workable and theoretically grounded model for
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using computational power without surrendering interpretability, fairness, or
public confidence.

Keywords:  Artificial Intelligence;  Al-Assisted  Surveys; Hybrid
Methodology;  Algorithmic  Auditing; Human-Centred Al; Ethical
Governance; Total Survey Error; CARE Principles

1. Introduction
1.1. Background and Rationale

Survey systems still form the backbone of evidence-based
governance, public-health planning, educational assessment, climate
adaptation work, and the monitoring of sustainable development goals.
Governments, international bodies, and civil-society organizations depend on
survey evidence when they allocate resources, design interventions, and
judge the effects of public policy. Artificial intelligence, especially large
language models, automated classification tools, and predictive analytics, has
started to alter every phase of the survey cycle. Questionnaire design,
multilingual translation, coding, anomaly detection, and interpretive
reporting all now routinely involve computational assistance.

The attractions are obvious. Computational systems can process large
volumes of text quickly, support concurrent translation across several
languages, surface patterns that human coders might miss, and lower both
the cost and the calendar time of conventional survey operations. In
resource-constrained environments these efficiencies look particularly
compelling. Yet accumulating evidence shows that Al systems are never
neutral instruments. They carry the imprint of the training data on which they
rest, the institutional assumptions built into their design, the linguistic
hierarchies that organize global digital corpora, and the historical power
relations that decide whose knowledge is treated as authoritative (Crawford,
2021; Noble, 2018).

In data-scarce and multicultural settings the risks of invalidated Al-
assisted surveys become especially pronounced. Models trained mainly on
material from high-resource, English-dominant, urban environments can
systematically misrepresent populations in small developing states,
multilingual societies, rural communities, and Indigenous groups. What
results is knowledge that appears efficient while remaining fragile in
substance: outputs that look scientifically authoritative yet lack contextual
validity, linguistic precision, or cultural legitimacy. When such outputs shape
policy, the practical consequences can include the exclusion of vulnerable
populations, the misallocation of resources, and a gradual erosion of public
trust in official statistics.
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This article answers those difficulties by introducing H-VALIDA, a
hybrid methodological framework that places human judgement, algorithmic
auditing, and ethical accountability inside the everyday practice of Al-
assisted surveys. The framework is intended for environments marked by
informational asymmetry, institutional constraint, and sociocultural
complexity. It treats methodological validity not as a purely technical
accomplishment but as a sociotechnical and ethical achievement that
demands continuous human oversight, transparent documentation, and
deliberate contextual adaptation.

1.2. Problem Statement

The core difficulty is that Al-assisted surveys can intensify existing
methodological weaknesses whenever they are introduced without
systematic validation, contextual adaptation, and transparent governance.
Systems trained chiefly on data from high-resource contexts may
systematically misrepresent populations in small developing states,
multilingual societies, and rural or Indigenous communities (Barocas &
Selbst, 2016). The resulting knowledge looks efficient yet remains fragile,
carrying direct risks for policy design and social equity.

Opacity in algorithmic decision processes worsens the problem.
When researchers cannot reconstruct how a classification was produced, how
a translation was generated, or why a particular weighting scheme was
chosen, the ability to interrogate or contest the outputs is sharply reduced. In
small societies, where individuals and communities are more readily
identifiable, the privacy and ethical stakes of such opacity rise further.
Institutions that adopt Al tools without matching accountability mechanisms
effectively hand responsibility to external vendors while still bearing the
consequences of error.

The difficulty is therefore not merely technical. It is epistemological
and ethical. It concerns whose realities are accepted as legitimate knowledge,
whose voices are amplified or silenced by automated systems, and who
carries the costs when those systems fail. Addressing the problem requires a
methodological response that treats human judgement, contextual
knowledge, and ethical accountability as constitutive elements of survey
quality rather than optional extras.

1.3.  Research Objectives

The primary aim is to develop and articulate a transparent, hybrid,
context-sensitive, and ethically accountable methodological framework for
Al-assisted surveys. More specific objectives are:
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e to identify the principal methodological weaknesses that affect Al-
assisted surveys in data-scarce contexts, including urban bias,
linguistic distortion, cultural misclassification, and opacity;

e to synthesize principles drawn from critical data studies, human-
centred Al, the total survey error framework, survey methodology,
and decolonial thought;

e to construct and operationalize seven interdependent methodological
pillars that address these weaknesses across the survey lifecycle;

e to map the pillars onto an expanded total survey error taxonomy and
to incorporate the CARE Principles for Indigenous data governance;

e to specify practical procedures for validation, auditing,
documentation, and ethical oversight that institutions with limited
resources can implement;

e to demonstrate, through heuristic evaluation and structured simulation
logic, the comparative advantages of hybrid approaches relative to
purely automated systems.

1.4. Central Research Question

How can a transparent, hybrid, human-centred, and context-sensitive
methodology improve the reliability, validity, auditability, and ethical
legitimacy of Al-assisted surveys in data-scarce environments?

1.5.  Significance and Contribution

H-VALIDA contributes to methodological theory by enlarging
traditional notions of survey quality to include algorithmic validity,
contextual validity, linguistic validity, cultural validity, ethical validity,
interpretive validity, and documentation validity. These dimensions are not
peripheral to statistical quality; in the age of artificial intelligence they form
part of its substance. A survey that is statistically consistent yet
systematically excludes rural populations, misreads local language, or fails to
document its algorithmic processes cannot be regarded as high-quality.

The framework contributes to practice by offering operational
procedures that institutions with limited resources can introduce in stages. It
does not presuppose large computational infrastructure, proprietary audit
tools, or extensive specialist capacity. Instead it stresses external
documentation, structured human review, mixed-mode sampling, and
institutional accountability, practices that can be adjusted to local constraints.

Finally, H-VALIDA contributes to ethical governance by treating
transparency and human accountability as integral to methodological
legitimacy rather than external constraints imposed after the fact. By
engaging the total survey error tradition and the CARE Principles explicitly,
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the framework answers the growing demand for responsible Al practices that
remain grounded in local realities rather than abstract universal principles
(Mittelstadt, 2019).

2. Literature Review
2.1.  Evolution of Survey Methodology and the Total Survey Error
Framework

Survey research has moved through successive technological
regimes, from paper instruments and face-to-face interviewing, through
computer-assisted telephone and personal interviewing (CATI and CAPI), to
internet panels, mobile data-collection platforms, and real-time digital
systems. Each phase expanded capacity while introducing new error
structures. The total survey error (TSE) paradigm remains the central
organizing framework of the field (Groves & Lyberg, 2010).

As Groves and Lyberg (2010) articulate it, total survey error is the
accumulation of all errors that may arise in the design, collection, processing,
and analysis of survey data. A survey error is defined as the deviation of a
survey estimate from its underlying true value. The TSE framework was
developed to help designers optimize data quality within budgetary and
practical constraints by systematically weighing the trade-offs among
different sources of error. Early contributions by Hansen, Hurwitz,
Waksberg, Kish, Mahalanobis and others laid the intellectual foundations;
later work by Groves, Biemer, Lyberg and others refined the taxonomy and
linked error components to concrete design decisions.

The classical decomposition distinguishes sampling error (arising
because only a subset of the population is observed) from nonsampling error.
Nonsampling error is further divided into coverage (or frame) error, which
occurs when the sampling frame fails to include all elements of the target
population or includes elements that do not belong; nonresponse error, which
arises when selected units do not participate and differ systematically from
respondents; measurement error, which occurs when the recorded response
differs from the true value because of questionnaire design, interviewer
effects, respondent effects or mode effects; and processing error, which
arises during data editing, coding, weighting and imputation (Groves &
Lyberg, 2010). Specification error, the mismatch between the concept the
researcher intends to measure and the operational definition actually used, is
sometimes treated as a distinct component.

One lasting value of the TSE framework is its usefulness at the
design stage. By forcing attention to multiple sources of error and to the
costs of reducing each, the framework encourages designers to seek a
balanced reduction of error rather than the minimization of any single
component at the expense of others. It also supplies a common language for
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discussing survey quality among methodologists, practitioners and data
users.

Yet the classical TSE framework was developed mainly in the
context of probability sample surveys conducted under relatively controlled
conditions in high-resource environments. Artificial intelligence introduces
layers of complexity that the classical framework only partially anticipates.
Al adds opacity (the difficulty of reconstructing how an automated
classification, translation or prediction was produced), automation bias (the
tendency of human reviewers to over-trust machine-generated results even
when those results are flawed), and dependence on training data whose
provenance, representativeness, linguistic orientation and cultural
assumptions are often poorly understood or entirely opaque to the survey
team.

These new error sources are not merely technical additions to the
existing taxonomy. They are social and political because they shape whose
knowledge is treated as authoritative and whose realities are systematically
distorted or excluded. When an Al system trained predominantly on data
from high-resource, English-dominant, urban contexts is used to code open-
ended responses from rural multilingual communities, the resulting
measurement error is not random noise; it is structured by historical patterns
of linguistic and epistemic exclusion. When digital convenience sampling
systematically under-represents populations without reliable internet access,
the resulting coverage and nonresponse errors are not merely statistical
problems; they constitute forms of representational injustice.

Scholars have long recognized that survey quality is
multidimensional. Accuracy (the TSE concern) sits alongside relevance,
timeliness, accessibility, interpretability and coherence, dimensions
sometimes grouped under the broader idea of total survey quality or fitness
for use. Al-assisted systems may improve speed and cost while
simultaneously degrading interpretability and contextual coherence. Quality
must therefore be treated as a negotiated achievement across technical and
social dimensions rather than a purely statistical property. The introduction
of Al into survey practice does not eliminate the need for careful design
guided by the TSE paradigm; it intensifies that need by adding new points at
which error, bias and exclusion can enter the knowledge-production process,
and by making some of those points more difficult to observe and correct.

H-VALIDA builds on the TSE tradition by expanding the error
taxonomy to include algorithmic error (systematic distortion introduced by
automated processes), linguistic error (misrepresentation of meaning across
languages and dialects), cultural error (misinterpretation of local expressions,
practices and knowledge systems), and documentation error (the inability to
reconstruct or audit the analytical pathway). These additional error
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components are not peripheral; in data-scarce and multicultural environments
they can dominate the total error of the survey. The seven pillars of H-
VALIDA can be read as a practical strategy for controlling these expanded
sources of error under conditions of limited resources and partial
technological opacity.

2.2.  Artificial Intelligence as a Sociotechnical System

Critical data studies demonstrate that Al systems are shaped by
training data, institutional assumptions, linguistic structures and historical
power relations (Crawford, 2021; Latour, 2005). Data are never raw; they are
always already constructed through social processes of collection,
categorization and valuation. The categories used to organize data, the
languages privileged in digital corpora, and the populations over- or under-
represented in training sets all carry the imprint of historical inequality.

Large language models trained on uncurated internet text risk
generating plausible but unfounded content, what has been termed
“stochastic parrots” (Bender et al., 2021). These models can reproduce
stereotypes, amplify majority perspectives, and produce text that appears
authoritative while lacking grounding in the specific social realities under
investigation. High-level ethical principles alone cannot guarantee ethical
Al; institutional accountability mechanisms are required (Mittelstadt, 2019).
Principles without procedures remain aspirational rather than operational.

These perspectives underwrite the foundational claim of this article:
Al systems are sociotechnical rather than purely technical. Methodological
evaluation must therefore extend beyond technical performance metrics,
accuracy, precision, recall, F1 scores, to include ethical, political, social and
epistemological dimensions. Treating Al as a neutral instrument obscures the
ways in which power, history and culture are embedded in its outputs and, by
extension, in the survey knowledge that those outputs help to produce.

2.3.  Algorithmic Bias, Explainability, and Auditing in Survey

Contexts

Bias may arise from non-representative training data, flawed feature
selection, inappropriate model architectures, or deployment in contexts for
which systems were not designed (Barocas & Selbst, 2016; Abebe, 2020). In
survey research, bias appears in multiple forms: translation bias (systematic
distortion of meaning across languages), classification bias (misassignment
of responses to categories), sampling bias (over-representation of digitally
connected populations), weighting bias (inappropriate adjustment
procedures), prediction bias (systematic error in forecasts), and interpretive
bias (misreading of local expressions and practices).
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Urban bias, linguistic bias, gender bias and socioeconomic bias are
particularly relevant in developing-country settings. Populations that are
rural, multilingual, digitally excluded or socioeconomically marginalized are
precisely those most likely to be under-represented in the training data of
global Al systems and most likely to be misclassified or misinterpreted by
those systems when they are deployed.

Explainable Al and algorithmic auditing have developed as responses
to opacity. However, much of the existing literature focuses on high-resource
environments and large datasets. A significant gap remains in practical
guidance for auditing in data-scarce, multilingual and culturally diverse
contexts. Proprietary models often function as black boxes: researchers can
observe inputs and outputs but cannot inspect internal parameters or training
procedures. Under these conditions, external audit trails, systematic
documentation of inputs, prompts, outputs, human interventions and
validation decisions, offer a realistic path to accountability. External
documentation does not eliminate opacity, but it makes opacity manageable
and auditable.

2.4. Human-Centred Al and Hybrid Methodologies

Human-centred Al emphasizes systems that support rather than
replace human decision-making (Shneiderman, 2022). The goal is not to
maximize automation but to design computational tools that enhance human
judgement, preserve human agency, and remain accountable to the people
whose lives they affect. Cultural meaning, linguistic nuance, community
context and ethical judgement often cannot be adequately captured by
automated systems alone. These dimensions require interpretive capacity that
current Al systems do not possess.

Hybrid methodologies position computational tools as assistants
within broader systems of human oversight. The strongest research systems
combine the computational strengths of Al speed, scale, pattern detection,
with the interpretive, ethical, cultural and contextual strengths of human
judgement. This orientation is especially important in settings where the
social and political consequences of misrepresentation are high, and where
the capacity to correct errors after the fact is limited. Hybrid design is not a
compromise; it is a recognition that validity in complex social environments
requires both computational power and human understanding.

2.5.  Data Scarcity, Multilingualism, and Decolonial Perspectives on
Al
Data scarcity means that available data may be incomplete,
fragmented, outdated or insufficiently representative of the populations
under study. Al systems, particularly large language models and automated
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classification tools, often require large, high-quality datasets for reliable
performance. When data are limited or biased, models produce unreliable
outputs. In many small developing states, rural regions and Indigenous
communities, the volume and quality of digital data fall far short of the
requirements assumed by tools developed in high-resource contexts.
Applying those tools without adaptation is methodologically unsound and
ethically problematic.

Language is not merely a technical issue of translation accuracy; it
directly affects meaning, interpretation, trust and validity. Automated
translation systems may miss idiomatic expressions, culturally specific
meanings, code-switching and locally embedded concepts. In multilingual
societies, where respondents may switch between languages or use mixed-
language forms within a single response, the challenges are compounded.
Linguistic validity, the accurate representation of meaning across languages
and dialects, is a core dimension of survey quality that pure automation
frequently fails to secure. Failures of linguistic validity are not neutral
technical shortcomings; they systematically disadvantage speakers of non-
dominant languages and varieties.

Decolonial approaches to artificial intelligence supply a critical lens
for understanding these failures and for designing more just alternatives.
Decolonial theory uses historical hindsight to explain patterns of power that
shape intellectual, political, economic and social life. When applied to Al, a
decolonial lens reveals that many contemporary systems reproduce colonial
patterns: the extraction of data from populations that have little control over
its use; the imposition of categories and classifications developed in the
Global North onto Global South and Indigenous contexts; the concentration
of technological capacity and economic benefit in a small number of
powerful actors; and the marginalization of non-Western knowledge systems
and ways of knowing (Mohamed et al., 2020).

Scholars working on decolonial Al have identified several
interrelated forms of coloniality in contemporary systems. Coloniality of
power refers to the enduring structures of domination that organize the
global distribution of technological capacity and decision-making authority.
Coloniality of knowledge refers to the privileging of certain epistemologies,
typically Western, quantitative and universalizing, over others. Coloniality of
being refers to the ways in which certain populations are rendered less fully
human or less fully legible within technological systems. More recent work
has extended these concepts to data colonialism (the appropriation of human
life as data for commercial and governmental purposes), labour coloniality
(the exploitation of invisible and underpaid labour in data annotation and
content moderation), and digital feudalism (new forms of dependency on
proprietary platforms and infrastructures).
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From a decolonial perspective, the uncritical importation of Al tools
into survey research in data-scarce and culturally complex environments
risks reproducing epistemic dependency: the reliance on knowledge systems,
categories and technologies designed elsewhere and for other populations.
Methodological sovereignty, the capacity of communities and institutions to
determine the purposes, methods and standards of knowledge production that
affect them, is undermined when external tools and external categories are
treated as default. Responsible implementation requires remaining grounded
in local realities, local languages and human-centred interpretative practices.

Decolonial Al scholarship also points toward constructive
alternatives. These include the development of critical technical practices
that embed historical and political awareness into the design and evaluation
of systems; reverse tutelage and reverse pedagogies, in which knowledge
flows from the margins to the centres rather than only in the opposite
direction; the centering of Indigenous and community knowledge systems as
foundations rather than as afterthoughts; and the insistence on data
sovereignty and community control over the collection, use and governance
of data about those communities. Frameworks such as the CARE Principles
(Collective Benefit, Authority to Control, Responsibility, and Ethics) and
OCAP (Ownership, Control, Access, and Possession) articulate concrete
requirements for ethical engagement with Indigenous data that are highly
relevant to survey practice in postcolonial and Indigenous contexts (Research
Data Alliance International Indigenous Data Sovereignty Interest Group,
2019).

H-VALIDA is designed in explicit dialogue with these decolonial
concerns. Its emphasis on contextual sampling, human validation involving
local and bilingual reviewers, source triangulation, open documentation and
ethical accountability is intended to resist the uncritical transfer of tools and
categories from high-resource to data-scarce environments. The framework
does not reject computational tools; it insists that those tools be subordinated
to local knowledge needs, subjected to continuous human oversight, and held
accountable through transparent documentation and ethical protocols. In this
sense, H-VALIDA is an attempt to operationalize methodological
sovereignty within the practical constraints of contemporary survey research.

2.6. Research Gap and the Contribution of H-VALIDA

Despite growing attention to ethical Al and human-centred design,
limited guidance exists on validating Al-assisted survey systems in small
developing states, multicultural societies and contexts of data scarcity.
Existing frameworks often assume high-resource capacities, relatively
homogeneous linguistic environments, and access to internal model
parameters or large audit datasets. These assumptions do not hold in many of
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the settings where survey data are most urgently needed for development
planning and social policy.

H-VALIDA addresses this gap by offering an operational model
tailored to these conditions. It does not require proprietary audit
infrastructure, massive computational resources, or specialist Al expertise
beyond what can be developed through targeted capacity building. Instead it
emphasizes practices, hybrid collaboration, contextual sampling, external
documentation, structured human validation, source triangulation and ethical
accountability, that can be adapted to local institutional constraints while
remaining theoretically rigorous and explicitly linked to both the total survey
error tradition and decolonial data-governance principles.

3. Research Methodology
3.1.  Research Design

This article presents a methodological design and validation study. It
does not report primary field data collected from human respondents. The
research adopts a pragmatic mixed-methods orientation that combines
qualitative inquiry, comparative methodological analysis, heuristic systems
design, structured simulation logic, documentary analysis and expert-
informed validation criteria.

The design is consistent with the tradition of methodological
innovation research; in which the primary contribution is a transferable
framework whose subsequent empirical testing constitutes a recommended
agenda for future work. The absence of primary human-subject data is
therefore a deliberate design choice rather than a limitation of the present
contribution. The aim is to articulate a coherent, operationally specified and
ethically grounded framework that can be tested, refined and adapted
through subsequent field applications.

3.2.  Framework Development Process
H-VALIDA was developed through an iterative process involving
five stages:

e diagnostic analysis of methodological weaknesses in traditional and
Al-assisted surveys in data-scarce contexts, drawing on published
evidence of bias, exclusion and opacity;

e critical review of international models, standards and best practices
for Al validation, algorithmic auditing, ethical data governance
(including the CARE Principles), and survey quality assurance under
the total survey error paradigm;

e synthesis of principles from critical data studies, human-centred Al,
systems theory, survey methodology, constructivist epistemology and
decolonial approaches;
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e construction of seven interdependent methodological pillars, each
addressing a specific class of vulnerability in Al-assisted survey
practice and mapped onto an expanded error taxonomy;

« operationalization of each pillar into procedures applicable across the
survey lifecycle, with attention to feasibility under resource
constraints.

3.3.  Validation Strategy

Validation employed multiple complementary strategies. Expert-
informed heuristic evaluation assessed the framework against criteria of
reliability, transparency, ethical robustness, contextual sensitivity,
applicability and reproducibility. Comparative analysis examined hybrid
versus purely automated approaches, identifying points at which human
oversight demonstrably improves outcomes. Structured simulation logic
probed points of vulnerability in Al processing, particularly translation,
classification and interpretation, under conditions of linguistic and cultural
complexity. Documentary and literature triangulation cross-checked claims
against existing evidence. Internal consistency checks ensured that the seven
pillars cohere as an interdependent system rather than a loose collection of
recommendations.

The aim of this validation strategy was not to produce statistical
generalization but to establish conceptual coherence, operational clarity and
prospective advantage relative to purely automated alternatives. Full
empirical confirmation requires field testing, which is identified as a priority
for future research.

3.4.  Ethical Considerations and Limitations

Although no primary human-subject data were collected, ethical
principles of respect, transparency, fairness, accountability, privacy and
inclusion guided the research process. The framework itself is designed to
embed these principles into survey practice. The principal limitation of the
present study is the absence of full national field implementation.
Simulations and heuristic evaluation cannot fully reproduce the complexity
of real fieldwork, the dynamics of institutional decision-making, or the
unpredictability of respondent behaviour.

The framework is therefore presented as conceptually sound,
operationally specified and prospectively advantageous, pending empirical
confirmation at scale. Future research should test H-VALIDA through
controlled field applications across diverse linguistic, cultural and
institutional settings, with particular attention to the practical challenges of
implementation under resource constraints.
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4. Results: The H-VALIDA Framework
4.1.  Overview of the Framework

H-VALIDA is a transparent and validated heuristic methodology
designed to improve the reliability, contextual sensitivity, traceability,
reproducibility and ethical legitimacy of Al-assisted surveys in developing
and data-constrained contexts. Artificial intelligence functions not as a
replacement for human judgement but as a collaborative tool operating
within accountable systems of human oversight. The seven pillars are
interdependent: weakness in one undermines the others. The framework is
deliberately modular so that institutions with limited resources can adopt
pillars sequentially rather than all at once.

The name H-VALIDA encodes the core commitments of the
approach: Hybrid (human-Al collaboration), Validation and Auditing
(systematic checking and documentation), Localized (contextual adaptation),
Interpretable (comprehensible to human reviewers and stakeholders),
Documented (transparent records of process), and Accountable (clear locus
of ethical responsibility). These commitments are not aspirational slogans;
they are operational requirements that structure every stage of the survey
lifecycle.

4.2.  Mapping the Seven Pillars to an Expanded Total Survey Error

Taxonomy

A distinctive contribution of H-VALIDA is the explicit mapping of
its seven pillars onto an expanded total survey error taxonomy. This mapping
makes clear that the framework is not a loose collection of ethical
recommendations but a systematic strategy for controlling the major sources
of error that arise when artificial intelligence is introduced into survey
practice under conditions of data scarcity and cultural complexity.

Pillar 1 (Hybrid Human-Al Collaboration) primarily addresses
automation bias and processing error by ensuring that critical decisions
remain under human authority and that Al outputs are treated as proposals
rather than final determinations. Pillar 2 (Contextual Sampling) targets
coverage error and nonresponse error by deliberately including
geographically, linguistically and digitally marginalized populations and by
rejecting purely convenience-based digital sampling. Pillar 3 (Algorithmic
Auditing) confronts algorithmic error and opacity by creating external audit
trails that document tools, versions, prompts, outputs and human
interventions. Pillar 4 (Human Validation) reduces measurement error,
linguistic error and cultural error by subjecting Al-generated classifications,
translations and interpretations to structured review by local and bilingual
experts. Pillar 5 (Source Triangulation) mitigates the consequences of data
scarcity and specification error by requiring multiple sources of evidence and
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treating discrepancies as analytically productive. Pillar 6 (Open
Documentation) controls documentation error and supports reproducibility
by maintaining a living methodological log of every significant decision and
Al interaction. Pillar 7 (Ethical Accountability) addresses the ethical and
governance dimensions that lie beyond classical statistical error,
incorporating informed consent, privacy, data sovereignty and the CARE
Principles.

This mapping demonstrates that H-VALIDA is continuous with the
total survey error tradition while extending it to meet the distinctive
challenges of Al-assisted survey research. The pillars do not replace classical
error control; they operationalize it under new technological and social
conditions.

4.3.  The Seven Pillars in Detail
Pillar 1: Hybrid Human-Al Collaboration

Al supports rather than replaces human judgement. Computational
tools may assist with data organization, preliminary coding, pattern
detection, translation support, anomaly identification and statistical
interpretation. Critical decision points, questionnaire finalization, translation
approval, coding category definition, interpretation of ambiguous responses,
and final analytical conclusions, remain under human authority. The
principle is straightforward: Al may propose; humans dispose.

The division of labour must be specified in advance and documented.
Before a survey begins, the research team should define which tasks will be
assigned to Al systems, which will remain exclusively human, and which
will involve sequential human-Al interaction (for example, Al generates a
draft classification that a human reviewer then confirms or revises). This
specification prevents the gradual, unexamined expansion of automation into
domains where human judgement is essential. Hybrid collaboration is not a
vague aspiration; it is a design choice that must be made explicit and
enforced throughout the project.

From a TSE perspective, this pillar is the primary control for
automation bias and for processing error introduced by unexamined
algorithmic decisions. Meaningful human oversight requires that humans
have the information, authority and time to evaluate Al outputs critically and
to override them when necessary. Nominal human involvement, a checkbox
confirming that a human “reviewed” an output without genuine engagement,
does not satisfy the requirement (Shneiderman, 2022).

Pillar 2: Contextual Sampling

Sampling strategies must account for geographic diversity, rural-
urban differences, linguistic communities, Indigenous populations and
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digitally excluded groups. Contextual sampling seeks to reduce urban bias,
digital bias and representational exclusion. Mixed-mode data collection,
combining face-to-face, telephone and digital modes, is recommended where
digital inequality is significant. Representativeness cannot be achieved by
digital convenience alone.

In data-scarce environments, the design of the sample itself becomes
an ethical act because exclusion from the sample is equivalent to exclusion
from knowledge and, ultimately, from policy attention. Populations that are
difficult to reach, remote rural communities, speakers of minority languages,
people without reliable internet access, are precisely those most likely to be
omitted by convenience-based digital sampling and most likely to be harmed
by policies designed on the basis of incomplete data.

From a TSE perspective, this pillar is the primary control for
coverage error and nonresponse error under conditions of digital inequality.
Al tools can support sampling design, for example, by analyzing satellite
imagery or administrative data, but the final design decisions must
incorporate local expertise and must be evaluated against criteria of inclusion
and equity as well as statistical efficiency.

Pillar 3: Algorithmic Auditing

Algorithmic processes must be examined for bias, transparency and
reproducibility at every stage of the survey lifecycle. Researchers must
document the tool used, version, prompts entered, outputs generated, human
review status, errors corrected and reproducibility conditions. Even when
proprietary systems limit internal explainability, external documentation of
inputs, outputs and human interventions creates an audit trail that supports
accountability.

This external documentation approach is particularly important in
contexts where access to model weights, training data or internal architecture
is unavailable. Most commercially available large language models and
automated classification tools are proprietary. Researchers using these tools
cannot inspect their internal parameters. Under these conditions, the only
feasible form of auditability is the systematic recording of what was done:
which tool, which version, which prompt, which output, which human
decision, and why. An external audit trail does not eliminate the black box,
but it makes the interaction with the black box transparent and
reconstructible.

From a TSE perspective, this pillar is the primary control for
algorithmic error and opacity. Algorithmic auditing under H-VALIDA is not
a one-time event conducted at the end of a project. It is a continuous practice
integrated into every stage of the survey lifecycle.
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Pillar 4: Human Validation

Human validation is indispensable for correcting culturally
insensitive categorizations, identifying hidden biases, validating multilingual
interpretations and strengthening the legitimacy of analytical outputs.
Validation may involve researchers, subject experts, community
representatives, bilingual reviewers and local stakeholders. Structured review
protocols ensure that categories of error systematically missed by pure
automation are detected and corrected.

Human validation is therefore not a residual quality check performed
after automation has done the “real” work. It is a constitutive element of
methodological validity. Without it, the survey risks producing outputs that
are internally consistent yet externally invalid, technically coherent
representations of a social reality that does not match the lived experience of
the populations under study.

From a TSE perspective, this pillar is the primary control for
measurement error, linguistic error and cultural error. Effective human
validation requires structured protocols that specify what is to be reviewed,
by whom, against what criteria, and with what authority to revise. It requires
bilingual capacity where multilingual data are involved and genuine
engagement with community knowledge rather than token consultation.

Pillar 5: Source Triangulation

When large, high-quality datasets are unavailable, researchers must
rely on multiple sources of evidence, expert review and clear reporting of
limitations. Triangulation improves reliability by comparing multiple
sources, methods and interpretations. Discrepancies among sources are
treated as analytically productive signals rather than nuisances to be resolved
by privileging Al outputs.

In data-scarce settings, triangulation functions as a substitute for the
statistical power that large datasets would otherwise provide. A single Al-
generated classification, based on incomplete training data, is a weak
foundation for inference. The same classification, cross-checked against
administrative records, expert judgement, community feedback and
alternative analytical methods, becomes more robust. Triangulation does not
eliminate uncertainty, but it makes uncertainty visible and manageable.

From a TSE perspective, this pillar mitigates the consequences of
data scarcity and helps control specification error by ensuring that no single
operational definition or data source is treated as definitive.

Pillar 6: Open Documentation

Every methodological decision, Al process, data source, prompt,
model version and validation step must be recorded. Documentation supports
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reproducibility, institutional learning, accountability, public trust and
scientific credibility. A living methodological log, updated at each stage and
archived with the final dataset and report, enables subsequent researchers
and auditors to reconstruct the analytical pathway.

Open documentation transforms opacity into a manageable and
auditable condition. It does not require that every internal parameter of a
proprietary model be disclosed, something that is often impossible. It
requires that the research team’s interactions with those models, and the
decisions made on the basis of their outputs, be fully recorded. This record
becomes part of the scientific archive of the project, available for internal
review, external audit and future research.

From a TSE perspective, this pillar is the primary control for
documentation error. Documentation under H-VALIDA is not an after-the-
fact administrative burden. It is an integral part of the research process,
maintained in real time.

Pillar 7: Ethical Accountability and the CARE Principles

Ethical responsibility must remain clear throughout the survey
process. Key concerns include informed consent (including disclosure of Al
use), privacy, confidentiality, data ownership, algorithmic discrimination,
surveillance risks and respondent autonomy. In small societies, privacy
concerns are heightened because individuals and communities may be more
easily identifiable from survey data, even when formal anonymization
procedures are applied.

Institutions cannot outsource ethical responsibility to Al vendors. The
fact that a tool was developed by a major technology company does not
transfer accountability for its use in a specific survey context. The
researchers and institutions that deploy the tool remain responsible for the
consequences of that deployment.

H-VALIDA explicitly incorporates the CARE Principles for
Indigenous Data Governance (Research Data Alliance International
Indigenous Data Sovereignty Interest Group, 2019). Collective Benefit
requires that data ecosystems be designed to enable Indigenous and local
communities to derive benefit from the data. Authority to Control recognizes
the rights and interests of communities in governing the collection,
ownership and application of their data. Responsibility requires those
working with community data to demonstrate how its use supports
community self-determination and collective benefit. Ethics requires that the
rights and wellbeing of communities be the primary concern at all stages of
the data lifecycle. These principles are highly relevant not only to Indigenous
data but to any survey context in which communities have historically been
the objects rather than the governors of knowledge production.
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Informed consent under H-VALIDA includes disclosure of Al use.
Respondents have a right to know that their data may be processed by
automated systems, and to understand in general terms what that processing
involves. Privacy protocols must be designed with the specific risks of small
societies in mind. Data ownership and data sovereignty must be respected.
And the potential for algorithmic discrimination must be actively monitored
and mitigated throughout the survey lifecycle.

4.4. The Validation Matrix

A validation matrix operationalizes assessment under the framework.
Core components include sampling (contextual review for improved
representation), Al coding (human verification for reduced bias),
documentation (audit trails for greater transparency), interpretation (expert
triangulation for higher reliability), and ethics (oversight review for
accountability, including CARE compliance). Institutions may expand the
matrix to include multilingual review quality, community feedback
mechanisms, data protection compliance and longitudinal consistency
checks. The matrix is intended as a practical instrument rather than a rigid
checklist.

4.5. Comparative Findings from Heuristic Evaluation

Expert-informed heuristic evaluation and structured simulation logic
demonstrated that hybrid methodologies integrating human expertise with
Al-assisted capabilities significantly improve survey reliability, contextual
interpretability, methodological transparency and ethical robustness relative
to purely automated systems. Human oversight proved indispensable in
correcting culturally insensitive categorizations, identifying hidden biases,
validating multilingual interpretations and strengthening the legitimacy of
analytical outputs.

Key risks of invalidated Al-assisted surveys include algorithmic bias
from non-representative training data, urban bias from digitally mediated
sampling, linguistic bias against non-dominant languages or mixed-language
responses, cultural misinterpretation of local expressions and practices, false
objectivity created by apparently scientific outputs based on incomplete data,
opacity of decision processes that limits accountability, ethical harms related
to consent, privacy and autonomy, and institutional dependency on
externally designed systems that may not align with local knowledge needs.
These risks are not merely technical; they are ethical and political because
they shape whose realities are recognized as legitimate knowledge.

WWWw.esipreprints.org 450



http://www.eujournal.org/

ESI Preprints August 2026

5. Discussion
5.1.  Interpreting the Framework

The development of H-VALIDA confirms that hybrid methodologies
embedding Al within transparent, accountable, human-governed structures
improve the reliability and legitimacy of Al-assisted surveys in data-scarce
environments. Purely automated systems risk producing outputs that appear
efficient and scientific while remaining insufficiently transparent,
insufficiently validated and insufficiently adapted to local realities.

The findings reinforce the theoretical assumption that Al systems are
not inherently objective. Models trained predominantly on data from other
linguistic, cultural and socioeconomic contexts may misinterpret local
expressions, cultural references, community structures, rural livelihoods and
informal economic activities. Human validation is therefore not an optional
quality-control step but a condition of methodological validity. In this sense,
H-VALIDA treats validity as a relational and contextual achievement rather
than a property of the algorithm alone.

The interdependence of the seven pillars is a central design feature. A
survey that implements rigorous algorithmic auditing but neglects contextual
sampling will still produce biased results. A survey that emphasizes human
validation but fails to document Al processes will lack reproducibility and
accountability. A survey that documents everything but fails to secure
meaningful informed consent or respect data sovereignty will violate ethical
standards even if its statistical outputs are sound. The pillars work together;
none is sufficient in isolation.

5.2.  Implications for Survey Methodology

H-VALIDA expands traditional concepts of validity, reliability and
representativeness for the age of artificial intelligence. In addition to
statistical criteria, the framework introduces algorithmic validity, contextual
validity, linguistic validity, cultural validity, ethical validity, interpretive
validity and documentation validity as dimensions of applied validity. A
technically consistent survey may still be unreliable if it excludes rural
communities, misinterprets local language, overlooks Indigenous
perspectives or fails to account for digital inequality. Methodological quality
must therefore be assessed across both technical and sociopolitical axes.

By explicitly mapping the pillars onto an expanded total survey error
taxonomy, H-VALIDA provides a bridge between classical survey
methodology and the new challenges introduced by artificial intelligence.
This bridge is practically useful because it allows survey methodologists
already familiar with TSE concepts to locate the new requirements of Al-
assisted practice within a familiar conceptual architecture.
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5.3. Implications for Human-Centred Al, Algorithmic Auditing, and

Data Governance

The framework contributes to human-centred Al by demonstrating
how systems can be designed and used to support human decision-making
rather than replace it (Shneiderman, 2022). It extends algorithmic auditing
into the full survey lifecycle. Documentation of prompts, model versions,
outputs, validation decisions and limitations emerges as a practical
mechanism for improving reproducibility and accountability, even when
proprietary systems limit full internal explainability.

The incorporation of the CARE Principles strengthens the ethical
pillar by providing concrete, community-centred criteria for data governance.
Collective Benefit, Authority to Control, Responsibility and Ethics offer a
practical vocabulary for ensuring that survey data ecosystems serve the
populations from which data are drawn rather than treating those populations
merely as sources of extractable information. In resource-constrained
settings, external documentation combined with CARE-informed governance
is often the most feasible pathway to accountability.

5.4. Risks of Not Applying Hybrid Validation

If Al-assisted surveys are implemented without hybrid validation, the
consequences can be severe. Vulnerable groups may be systematically
excluded from samples and from the knowledge those samples produce. Al
outputs may embed and amplify biases that are invisible to researchers who
lack the contextual knowledge to detect them. Policy decisions may rely on
inaccurate or incomplete data. Public trust in official statistics may decline.
Communities may be misrepresented in ways that affect their access to
services and their political recognition. Privacy may be compromised,
particularly in small societies. Digital inequality may deepen. And
institutional accountability may weaken as responsibility is diffused across
opaque algorithmic systems and external vendors.

These risks are particularly acute where the capacity to detect and
correct errors after the fact is limited. In data-scarce settings, a single flawed
survey may constitute the only available evidence on a given issue for years.
The ethical cost of invalidated automation is therefore not abstract; it is
borne by the populations whose lives are shaped by the resulting knowledge
claims.

5.5.  Limitations of the Present Study

The principal limitation of this study is the absence of full empirical
field testing. The framework has been developed through theoretical
synthesis, diagnostic analysis, heuristic evaluation and structured simulation,
but it has not yet been applied in a complete national survey cycle.
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Simulations cannot fully capture the complexity of real fieldwork. The
claims made for H-VALIDA are therefore prospective: the framework is
argued to be conceptually sound and operationally feasible, but its
advantages must be confirmed through systematic field application.

A second limitation concerns the diversity of contexts in which the
framework might be applied. Data-scarce environments are not
homogeneous. While H-VALIDA is designed to be adaptable, the specific
operational protocols will need to be tailored to local conditions.
Transferability should not be assumed,; it should be tested.

Conclusions

Responsible use of artificial intelligence in survey research requires
far more than technological efficiency and computational speed. Al-assisted
surveys must be governed by transparency, human validation, contextual
sensitivity, ethical accountability and reproducibility. The central
contribution of this article is the articulation of H-VALIDA as a
methodological framework designed to improve reliability, traceability,
transparency, interpretability, documentation and contextual validity in data-
scarce and culturally complex environments.

Key conclusions include the following. First, Al systems are
sociotechnical and not inherently objective. Second, contextual knowledge is
essential for valid interpretation. Third, transparency is a prerequisite for
methodological legitimacy and public trust. Fourth, human oversight
improves algorithmic accountability and is indispensable in multilingual and
multicultural environments. Fifth, survey reliability is both statistical and
socially constructed. Sixth, ethical governance is inseparable from
technological implementation; the CARE Principles provide concrete
guidance for community-centred data governance. Seventh, data scarcity
requires methodological adaptation rather than resignation. Eighth, inclusion
is a condition of validity, not merely an ethical aspiration. Ninth, the total
survey error tradition remains a valuable foundation, but it must be expanded
to address algorithmic, linguistic, cultural and documentation error.

Recommendations for Practice
Institutions using Al-assisted surveys are recommended to:

e adopt hybrid human-Al workflows rather than fully automated
systems, with clear specification of the division of labour between
computational tools and human judgement;

e document all Al tools, model versions, prompts, translation
procedures, coding decisions and validation steps in a living
methodological log;
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e implement mixed-mode sampling strategies that reduce digital and
geographic exclusion;

e require human validation of Al-generated classifications, translations
and interpretations, preferably involving local and bilingual reviewers;

e conduct algorithmic audits focused on linguistic, cultural, urban,
socioeconomic and gender bias, using external documentation where
internal model access is unavailable;

e establish clear ethical protocols covering informed consent (including
disclosure of Al use), privacy protection, data ownership and
protection of vulnerable groups;

e apply the CARE Principles (Collective Benefit, Authority to Control,
Responsibility, Ethics) to the governance of survey data, particularly
where Indigenous or historically marginalized communities are
involved;

e build institutional capacity in Al literacy, algorithmic auditing,
multilingual validation and data ethics;

e treat the seven pillars of H-VALIDA as interdependent requirements
while recognizing that full implementation may proceed in phases
according to institutional capacity.

Recommendations for Future Research

Future research should pursue full field testing of H-VALIDA across
diverse communities; develop longitudinal validation studies; create context-
specific operational protocols and sector-specific models; expand research on
multilingual Al survey validation; integrate Indigenous data governance
principles more deeply; conduct community-based validation studies;
develop training programmes and audit templates; and test transferability in
other small developing states and multilingual societies. Comparative studies
examining H-VALIDA alongside alternative frameworks would further
clarify its relative strengths and limitations.

Final Reflection

Technological sophistication alone cannot guarantee truth, fairness or
social legitimacy. Responsible Al requires methodological humility: the
recognition that computational power does not substitute for contextual
understanding, ethical judgement or democratic accountability. The
legitimacy of Al systems depends upon transparency, participation,
contextual sensitivity and ethical accountability. These are not constraints on
innovation; they are conditions of trustworthy knowledge.

H-VALIDA proposes a philosophy of collaborative intelligence in
which humans and machines coexist within accountable systems of
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knowledge production. The future of survey research, and of evidence-based
policy more broadly, may depend not on how rapidly societies automate, but
on how wisely they govern the relationship between human judgement and
artificial intelligence. In data-scarce, multilingual and culturally complex
environments, that wisdom begins with the recognition that validity is a
sociotechnical achievement, that ethics is integral to methodology, and that
the populations whose lives are shaped by survey knowledge deserve
systems that represent them accurately, respectfully and accountably.
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