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Abstract
AI-powered accessibility systems have shifted from transcription
to interpretation, creating a verification paradox: blind and low-
vision (BLV) users, who most rely on AI-generated narratives, lack
perceptual redundancy to detect errors such as hallucinations or
semantic drift, resulting in an agency deficit. Through a systematic
meta-analysis of 17 empirically evaluated AI accessibility systems
(2019–2025), we examine how architectural choices shape verifica-
tion affordances. We introduce the Verification-Cognition Balance
Index (VCBI), a composite metric quantifying trade-offs between
validation rigor, user agency, complexity, and risk. Our analysis
uncovers weak overall balance across the field, with transformer-
based systems showing higher risk density than classical com-
puter vision with no gain in validation rigor. Only hybrid special-
ized architectures—constraining AI to narrow semantic subtasks—
achieve good balance in our corpus, though this finding is prelimi-
nary given the small number of such systems evaluated. We argue
for a necessary paradigm shift in evaluation from system accuracy
to user verifiability. Our findings suggest that for high-stakes acces-
sibility, task-specific constrained AI outperforms general-purpose
models in epistemic safety and user empowerment.

CCS Concepts
• Human-centered computing → Accessibility; Empirical stud-
ies in HCI ; • Computing methodologies→ Artificial intelligence.
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1 Introduction
Assistive technologies (AT) for blind and low-vision (BLV) users
have historically operated under a transcription paradigm: optical
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character recognition (OCR) transduces pixel arrays into charac-
ter streams [11], screen readers linearize interface hierarchies into
serialized auditory outputs [19], and tactile graphics encode spa-
tial relations through embossed representations [29]. Across these
modalities, systems functioned primarily as sensory transducers,
rendering inaccessible visual information into alternative percep-
tual forms while preserving the user as the ultimate locus of seman-
tic interpretation. The epistemic division of labor was unambiguous:
systems rendered information accessible; users interpreted it.

The integration of deep learning and generative AI has intro-
duced a fundamental shift from transcription to interpretation. Con-
temporary systems now generate natural-language narratives of
statistical visualizations (VizAbility [12]), synthesize semantic sum-
maries of complex tabular data (TableNarrator [24]), produce con-
textually enriched descriptions of visual content (Edukoi [13]), or
render scientific diagrams as accessible learning materials (Lecture-
Assistant [2]). This transformation repositions AT from neutral
conduits to epistemic intermediaries, fundamentally altering the
verification relationship between user and system.

For sighted users, AI-generated interpretations coexist with di-
rect perceptual access to the source material, enabling rapid cross-
validation. For BLV users, by contrast, the AI often constitutes the
primary—and sometimes sole—information source. This asymmetry
becomes particularly consequential given well-documented failure
modes in vision-language models—including hallucination, seman-
tic drift, misclassification, and contextual errors—whichmay remain
undetectable without ground-truth visual access [15, 16]. When an
AI misreports a data trend, fabricates details, or introduces factual
inaccuracies, BLV users lack the perceptual redundancy available
to sighted counterparts.

This creates a verification paradox: those who most need AI inter-
pretation are least equipped to verify it. The practical consequences
of this paradox become clear in routine analytical tasks. Consider a
blind data analyst accessing a bar chart comparing quarterly sales
across five regions. The system narrates: “Sales peaked in Q3 across
all regions, with the Northeast showing the strongest growth at 47%”.
The interpretation is fluent and authoritative—yet if the AI has
hallucinated the 47% figure, misread axis labels, or conflated data
series, the analyst has no independent means of detecting the error.
Recent empirical work underscores this vulnerability: BLV users
detect only approximately 50% of recognition errors in controlled
studies [14]. These findings reveal a pronounced verification gap
and fundamental epistemic vulnerability in AI-mediated access.

Traditional approaches to appropriate reliance in human-AI
interaction—such as confidence scores, explanations, or alternative
hypotheses—presume users retain independent epistemic access or
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auxiliary verification channels [4, 35]. In accessibility contexts, this
assumption does not hold: verification mechanisms must operate
under the same sensory and cognitive constraints that initially ne-
cessitated AI mediation. Despite these heightened epistemic stakes,
systematic analyses of verification affordances in AI-powered assis-
tive technologies remain largely absent. Prior work has documented
isolated failure risks (e.g., hallucinations in AlternAtIve [27], mis-
classification in ChartVi [23]), but has typically treated verification
as a binary property rather than a continuous, multidimensional
capability. Evaluation practices remain centered on system accuracy
rather than user verifiability—that is, whether users can recognize
when the AI fails.

This study addresses three research questions through a system-
atic meta-analysis of empirically evaluated AI accessibility systems:

• RQ1 (Profiles): What verification-cognition profiles emerge
from validation rigor, user agency, complexity, and risks in
AI accessibility systems?

• RQ2 (Architectural): How does verification-cognition bal-
ance vary across AI paradigms (classical CV, transformer-
based, hybrid), and which characteristics best support verifi-
cation affordances?

• RQ3 (Design): What verification-aware design patterns and
implementation choices distinguish systems with stronger
verification affordances?

Our investigation yields four main contributions: (1) an empirical
characterization of state-of-the-art AI accessibility systems, offering
the first comprehensive analysis of verification affordances across
architectural paradigms; (2) the introduction of the Verification–
Cognition Balance Index (VCBI), a composite metric to formalize
and quantify the equilibrium between system capabilities and user
verification challenges; and (3) insights into architectural trade-offs
and capability-risk dynamics, and (4) a set of empirically grounded
design principles to guide future development of more verifiable
and agency-enhancing AI accessibility tools.

2 Related Work
2.1 AI Architectures and Verification
AI accessibility systems for BLV users span three architectural
paradigms with distinct verification implications. Rule-based and
classical computer vision systems rely on deterministic algorithms or
early CNNs to produce constrained outputs where failures typically
manifest as detectable errors [20]. Transformer-based generative
systems generate rich semantic interpretations but produce hallu-
cinations and plausible-yet-false outputs indistinguishable from
valid ones without ground-truth access [16]; alignment techniques
for multimodal models remain an active area of research [8]. Hy-
brid specialized architectures constrain AI to well-defined subtasks
within structured workflows, offering a potential balance between
enhanced capability and improved verifiability through human
oversight and modular control [32].

Research on human-AI collaboration indicates that users strug-
gle to calibrate appropriate trust without independent verification
channels [4, 18]. However, these frameworks typically assume users
have access to alternative information sources—an assumption that
breaks down in accessibility contexts where the AI constitutes the
primary or sole perceptual channel.

2.2 Explainability and User Agency
Explainability techniques such as saliency maps remain largely
inaccessible to BLV users as they rely on visual representations
[26]. Uncertainty quantification could aid calibration [10], yet such
metrics are rarely exposed in commercial models.

Shneiderman’s human-centered AI framework [32] calls for mov-
ing beyond passive consumption toward greater supervisory con-
trol and user agency. Yet the practical implementation of such
agency in AI systems designed for accessibility remains largely un-
derexplored. While cognitive forcing functions and well-designed
explanations have been shown to foster appropriate reliance on
AI outputs [4], these techniques generally assume that users can
meaningfully assess the system’s limitations—an assumption that
relies on independent verification channels, which are frequently
absent in BLV contexts. This reinforces the verification paradox.

2.3 Gap Analysis
While extensive research examines appropriate reliance on AI [4,
18] and explainability techniques [26], these frameworks assume
users retain independent epistemic access—an assumption invalid
in BLV contexts where AI constitutes the sole perceptual channel.
Current evaluations predominantly emphasize system accuracy
metrics (e.g., precision, recall, BLEU scores) rather than user error
detection capacity. As systems evolve from classical computer vision
(producing detectable classification errors) to transformer-based
generative models (prone to undetectable semantic fabrications
and hallucinations), failure modes become increasingly subtle and
challenging to contest without ground-truth access—yet evaluation
methodologies have not evolved accordingly.

To address this gap, this work introduces a composite met-
ric quantifying verification affordances across AI architectural
paradigms, integrating validation rigor, user agency, complexity,
and risk into a unified verification-cognition framework.

3 Methodology
3.1 Corpus Construction
To systematically identify relevant AI-powered accessibility sys-
tems and the associated empirical evidence, we conducted a scop-
ing review following the PRISMA-ScR guidelines [33]. We searched
four major academic databases—ACM Digital Library, IEEE Xplore,
SpringerLink, and PubMed—using structured Boolean queries that
combined terms related to visual impairment, assistive technologies,
visual content access, and empirical evaluation.

Studies were included if they: (1) reported empirical evalua-
tion with BLV participants (no proxies or simulations), (2) focused
on technologies enabling access to visual content (images, charts,
diagrams, interfaces, documents), (3) employed AI/ML as a core
functional component, and (4) were published as peer-reviewed
full papers between 2015 and 2025.

This initial search and screening process yielded a parent corpus
of 66 papers. From these, we further selected studies in which arti-
ficial intelligence or machine learning constituted a core functional
component and where evaluation involved direct participation of
BLV users (no proxy or simulation-based assessments). This cura-
tion resulted in a critical corpus of 17 papers, each representing an
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empirically validated AI-powered accessibility system, spanning
the period 2019–2025.

We categorize the 17 systems into three architectural paradigms.
Four systems required reclassification from their raw coding label
to match the paper’s taxonomy: the Android math application, the
multimodal DNN framework, and the educational dialogue system
were reclassified as Classical CV, while KASI (coded ‘cnn’) was
reclassified as Hybrid Specialized; the ground-truth mapping is
provided in Table 4.

• Classical CV & Rule-Based (n=7): Systems employing
deterministic algorithms or convolutional neural networks
(pre-transformer era) with constrained, structured outputs.
This includes EyeMath [9], ChartVi [23], an educational dia-
logue system [3], an Android math application [1], a chart
extraction pipeline [7], a multimodal DNN framework [17],
and Edukoi [13]. Errors in these systems—such as misclassi-
fications or extraction failures—are often detectable through
domain knowledge or consistency checks.

• Transformer-Based (n=8): Systems using LLMs or vision-
language models for generative interpretation and narrative
production. Examples include AltCanvas [22], AltGen [31],
AlternAtIve [27], MAIDR AI [30], LectureAssistant [2], MIUI
[36], TableNarrator [24], and VizAbility [12]. While enabling
rich semantic descriptions, these models introduce risks of
hallucinations and semantic drift that can be difficult to
detect without ground-truth access.

• Hybrid Specialized (n=2): Systems where AI contributes
to semantic interpretation but is constrained to specific sub-
tasks within a larger, structured workflow. The two systems
in this category—KASI [34] and TableView+ [21]—show that
controlled AI integration, rather than general-purpose gen-
erative modeling, can yield stronger verification affordances.

3.2 Data Extraction and Coding
3.2.1 Coding Framework. A multidimensional coding scheme was
applied to each paper, encompassing AI/ML characteristics, docu-
mented risks and mitigations, system topology, validation method-
ology, user agency and interaction design, methodological quality,
results, participant profiles, reproducibility, output modalities, ethi-
cal considerations, cognitive load, usability, and contextual factors.
This scheme provided a structured basis for analyzing technical
specifications, evaluation rigor, and verification affordances. A sec-
ond trained coder independently coded 20% of the corpus. Inter-
rater agreement reached Cohen’s𝜅 = 0.83 for the qualitative coding
items. Disagreements were resolved through discussion and con-
sensus.

3.2.2 Derived Metrics and Scoring Rubrics. To enable quantitative
comparison across the 17 systems, we developed amultidimensional
scoring framework. Each system was coded across five primary
metrics using a combination of ordinal scales (for structural and
interaction properties) and continuous indices (for methodologi-
cal and risk assessments), all normalized to a 0–10 range where
appropriate.

Topology Complexity (C, scale 1–4). This metric assesses the
structural sophistication of information processing. For BLV users,

higher topology often correlates with a higher cognitive-epistemic
burden during verification. When a system’s affordances spanned
two levels, intermediate values (e.g., 2.4, 3.6) were assigned to reflect
partial fulfillment of the higher stage.

• Level 1 (Discrete): Single-functionmapping with no branch-
ing logic (e.g., direct OCR).

• Level 2 (Hierarchical): Linear pipelines where information
is transformed sequentially across multiple stages.

• Level 3 (Network): Convergent processing or multi-modal
fusion where multiple information paths intersect.

• Level 4 (Ecosystem): Complex interacting subsystems with
feedback loops where outputs influence prior processing
stages.

User Agency (A, scale 1–4). Adapted from Shneiderman’s human-
centered AI framework [32], this scale measures the degree of user
control. In accessibility, agency is not merely about navigation but
about the epistemic capacity to challenge AI interpretations.

• Level 1 (Passive Consumption): Fixed system outputs
with no interaction; the user is a passive recipient.

• Level 2 (Guided Exploration): Pre-defined navigation path-
ways through constrained interfaces (e.g., simple keyboard
drilling).

• Level 3 (Steered Collaboration): Bidirectional interaction,
including natural language querying, clarification, and out-
put contestation.

• Level 4 (Full Epistemic Control): Direct access to under-
lying source data, uncertainty estimates (e.g., confidence
scores), and the ability to override AI reasoning.

Validation Rigor (V, 0–10 points). To assess methodological rigor,
we developed a 10-point rubric spanning five sub-dimensions. This
score captures the strength of the evidence underpinning a system’s
accuracy, as well as the transparency with which it reports errors.

• Study Design (max 3.0): Mixed-methods or within-subjects
(3.0); between-subjects with controls (2.0); qualitative-only
(1.0); pilot or case study (0.5).

• Statistical Completeness (max 2.0): Full inferential test-
ing with effect sizes and 95% CIs (2.0); partial inferential
reporting (1.0); descriptive statistics only (0.5).

• BLV Sample Adequacy (max 2.0): 𝑛≥15 confirmed BLV
participants (2.0); 10≤𝑛<15 (1.5); 𝑛<10 (1.0); token inclusion
or 𝑛≤3 (0.5).

• Protocol Reproducibility (max 2.0): Comprehensive spec-
ification with materials archived (2.0); partially described
(1.0); minimal detail (0.5).

• Quality Framework (max 1.0): Use of validated instruments
(MMAT, SUS, NASA-TLX) (1.0); informal or ad-hoc rubrics
(0.5).

Risk Density (R, 0–10 points). We identified and weighted docu-
mented failure modes to assess the risk of user misreliance. Unlike
accuracy, this metric captures the potential for undetectable error.
Scores are a weighted sum (capped at 10) of:

• Critical Risks (2.0 pts): Direct safety hazards, systemic bias,
or privacy violations.
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• High Risks (1.5 pts): Semantic hallucinations or fabrications
indistinguishable from ground truth without visual access.

• Moderate Risks (1.0 pt): Detectable misclassifications or
extraction errors (e.g., OCR "garbage" text).

• Low Risks (0.5 pt): Technical adoption barriers or platform
dependencies.

AI Integration (0–10 points). This continuous metric assesses
the centrality of AI to the system’s function. It aggregates scores
for architectural specificity (transformer vs. rule-based), model
transparency, technique diversity (e.g., RAG + LLM), purpose clarity,
and multimodal sophistication.

Justifications for individual system scores across these metrics
are provided in Table 4 (Appendix).

3.2.3 The Verification-Cognition Balance Index (VCBI). We intro-
duce the Verification-Cognition Balance Index (VCBI), a composite
metric that quantifies the balance between verification affordances
and cognitive-epistemic burden in AI accessibility systems. Verifi-
cation affordances—comprising validation rigor and user agency—
represent a system’s capacity to support users in detecting and con-
testing AI errors. Cognitive-epistemic burden—comprising archi-
tectural complexity and documented risks—represents the mental
effort required to verify AI outputs and the probability of encoun-
tering failures that demand such verification.

Mathematical Formulation. The VCBI combines verification af-
fordances in the numerator and cognitive-epistemic burden in the
denominator as follows:

VCBI(𝑉 ,𝐴,𝐶, 𝑅) = 𝑉 0.85 ×𝐴0.85

1 + (𝐶 + 1.5𝑅)0.65
+ 0.08 · I[𝑉 ≥0.7∧𝑅≥0.6]

where𝑉 ,𝐴,𝐶, 𝑅 ∈ [0, 1] represent validation rigor (VR), user agency,
topology complexity, and risk density (RD), normalized as: 𝑉 =

VR/10, 𝐴 = (agency − 1)/3, 𝐶 = (topology − 1)/3, 𝑅 = RD/10.
The indicator function implements a resilience bonus: systems

maintaining high validation (𝑉 ≥ 0.7) despite elevated risks (𝑅 ≥
0.6) receive a +0.08 bonus. No system met both thresholds.

A critical mathematical property follows directly from the nor-
malization: when Agency= 1, 𝐴 = 0 and the numerator collapses to
exactly zero, yielding VCBI= 0.000 regardless of validation quality.
This is the case for the multimodal DNN framework (Agency= 1),
whose VCBI≈ 0.000 despite adequate validation rigor (VR= 6.4)—an
extreme illustration of the agency deficit.

Design Rationale. The VCBI structure embodies three design
principles:

(1) Verification requires both validation and agency. The
multiplicative numerator ensures deficiencies in either di-
mension cannot be fully compensated by the other. A sys-
tem scoring 0.9 on validation but only 0.3 on agency yields
0.90.85 × 0.30.85 = 0.33, below balanced moderate scores
0.60.85 × 0.60.85 = 0.42.

(2) Cognitive burden compressed relative to affordances.
The denominator exponent of 0.65 causes (𝐶 + 1.5𝑅)0.65 to
grow sub-linearly. Verification capacity emerges primarily
from what systems provide (V, A) rather than what they
avoid (C, R).

(3) Risk weighted above complexity. The coefficient 1.5 on
risk density prioritizes reliability over simplicity: each failure
mode demands cognitive resources for detection, imposing
greater verification burden than architectural sophistication
alone.

Coefficient Calibration and Sensitivity. Coefficients were selected
through iterative testing across the shared numerator exponent
({0.7, 0.8, 0.85, 0.9, 1.0}), the denominator exponent ({0.5, 0.65, 0.8}),
and the risk weight ({1.0, 1.5, 2.0}). A linear numerator exponent
(1.00) was rejected because it awards equal marginal weight to any
gain in 𝑉 or 𝐴 regardless of starting level, causing the numerator
to dominate over the burden denominator among high-performing
systems; the chosen value (0.85) encodes diminishing returns so
that the denominator remains the primary differentiator at the top
of the scale. Values below 0.80 compress mid-range differentiation
excessively. The denominator exponent 0.65 achieves the intended
sub-linear burden growth; the risk weight 1.5 ensures high-risk sys-
tems are penalised proportionally more than equivalent-complexity
low-risk systems. Across all 12 parameter configurations tested,
rank ordering proved highly stable: no system shifted by more
than two positions, and cluster assignments (Section 4.1.4) were
unchanged in all configurations, supporting the robustness of the
substantive findings. Per-system VCBI scores are derived directly
from the Appendix inputs and reported in Table 4.

3.2.4 Statistical Analysis. Descriptive statistics (means, SD, ranges,
95% CI, 𝑡-distribution, 𝑑 𝑓 = 16) were computed for each metric.
Quartiles use the Type 6 method (Minitab/SAS/SPSS convention:
position = (𝑛+1) · 𝑝 , linear interpolation), yielding Q1= 0.113,
median= 0.173, Q3= 0.214 for the VCBI distribution. Cluster analy-
sis (Ward method, Euclidean distance) and non-parametric Spear-
man’s rank correlations (𝜌) between independent components were
examined, as variables like Agency and Topology are ordinal. Corre-
lations with VCBI were avoided due to mathematical circularity. To
control for the inflation of Type I error due to multiple comparisons,
we applied the Benjamini-Hochberg (FDR) correction (𝑚 = 6) to
all pairwise Spearman correlations among the four independent
components: Agency×Topology, Agency×Risk, Agency×Validation,
Risk×Validation, Topology×Risk, and Topology×Validation. Given
small sample size (𝑁 = 17), analyses emphasize descriptive patterns,
effect sizes (Cohen’s 𝑑), and qualitative design pattern extraction
rather than statistical significance testing. Where 𝑝-values are re-
ported, they serve as supplementary indicators of pattern strength
rather than confirmatory tests, acknowledging limited statistical
power for detecting effects smaller than 𝑑 ≈ 0.9.

We further caution that non-significant correlations in a sample
of 𝑁=17 should not be interpreted as evidence of independence:
with this sample size, correlations below |𝑟 |≈0.48 are undetectable
at conventional power levels (1−𝛽=0.80, 𝛼=0.05). Non-significant
results are therefore reported as no evidence of association in this
sample, not as evidence of independence.

4 Results
4.1 RQ1: Verification-Cognition Profiles
4.1.1 Descriptive Statistics. Table 1 summarizes the central ten-
dency, dispersion, and range of each primary metric across the 17
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Table 1: Descriptive Statistics for Primary Metrics (N=17)

Metric Mean SD 95% CI Range

VCBI (0–1) 0.163 0.071 [0.127, 0.199] 0.000–0.287
User Agency (1–4) 2.59 0.62 [2.28, 2.90] 1.0–3.0
Validation Rigor (0–10) 5.54 1.51 [4.77, 6.31] 2.0–8.0
Risk Density (0–10) 5.71 2.30 [4.53, 6.89] 1.8–10.0
AI Integration (0–10) 5.50 2.14 [4.40, 6.60] 2.55–9.0
Topology Complexity(1–4) 1.89 0.70 [1.55, 2.24] 1.0–3.0

Distribution (N=17)
0

0.1

0.2

0.3

Q1

Median

Q3

V
C
B
I
S
co
re

Figure 1: VCBI distribution across 17 AI accessibility systems.
Median=0.173, IQR=[0.113, 0.214], range [0.000, 0.287].

systems. Topology Complexity concentrates at lower levels: Level 1
accounts for 7 systems (41.2%), Level 2 for 8 systems (47.1%), Level 3
for 2 systems (11.8%), and no system reaches Level 4. User Agency
skews toward Level 3: 11 systems (64.7%) achieve Steered Collabo-
ration, 5 (29.4%) Guided Exploration, 1 (5.9%) Passive Consumption,
and none reach Level 4 (Full Epistemic Control). Three salient
patterns emerge: The mean VCBI of 0.163 (95% CI [0.127, 0.199])
indicates only marginal verification-cognition balance. User agency
averages 2.59/4.0 with no system reaching Level 4 (Full Epistemic
Control). Risk density averages 5.71/10 (SD=2.30), reflecting wide-
spread documentation of potential failures.

4.1.2 VCBI Distribution Analysis. Figure 1 presents the VCBI dis-
tribution across all systems. The median VCBI of 0.173 (IQR=[0.113,
0.214]) indicates that the typical AI accessibility system in our cor-
pus achieves moderate verification-cognition balance. Substantial
variation exists, with scores spanning from effectively zero (multi-
modal DNN framework, VCBI= 0.000, a mathematical consequence
of Agency= 1, c.f. Section 3.2.3) to 0.287 (TableView+ [21]).

The distribution exhibits several notable characteristics:
• Central concentration: The majority of systems (n=13,
76.5%) cluster within one standard deviation of the mean
(0.094–0.232), suggesting convergence toward moderate bal-
ance in current design practices.

• Lower tail cases: Two systems (11.8%) fall substantially be-
low the first quartile with VCBI below 0.08, representing
fundamental verification-cognition failures. These systems—
the multimodal DNN framework (0.000) and TableNarrator
(0.075)—exhibit orthogonal failure modes detailed in Sec-
tion 4.3.1.

• Limited upper achievement: Seven systems (41.2%) exceed
0.20: TableView+ (0.287), educational dialogue (0.247), Alt-
Canvas (0.220), VizAbility (0.218), KASI (0.211), LectureAssis-
tant (0.209), and Edukoi (0.206). The educational dialogue sys-
tem, despite being rule-based, achieves the second-highest

score through exceptional validation rigor (VR= 7.7, highest
in corpus), showing that strong evaluation can compensate
for architectural simplicity. Three transformer systems also
surpass 0.20, indicating that high balance is possible across
paradigms.

• Absence of excellence: No system approaches the theo-
retical upper range (VCBI> 0.29). We emphasise that the
theoretical maximum of the formula is 1.0 (a system with
VR= 10, Agency= 4, Topology= 1, RD= 0). The value 0.287
is the empirical upper bound of our corpus, indicating that
even the strongest evaluated system attains only ∼29% of the
theoretically attainable score—evidence of systematic design
barriers rather than a scale artefact.

This polarization—concentration in the moderate range with
severe low-scoring cases and rare upper achievers—suggests diver-
gent design philosophies within the field. The rarity of high-VCBI
systems indicates that achieving strong verification-cognition bal-
ance requires intentional design choices that remain uncommon in
current practice.

4.1.3 The AI Capability–Risk Coupling. A striking pattern emerges:
AI Integration correlates strongly with risk density (𝜌 = 0.722,
𝑝𝑎𝑑 𝑗 < 0.01), indicating more sophisticated AI architectures sys-
tematically introduce greater documented risks. This reflects fun-
damental capability-risk coupling: generative AI systems produce
outputs spanning vast possibility spaces, enabling rich interpreta-
tions but also fabrications indistinguishable from valid outputs [16].
This suggests a verification ceiling: beyond certain AI sophistica-
tion, user-facing verification becomes increasingly difficult without
perceptual access.

4.1.4 Empirical Design Profiles via Hierarchical Clustering. To iden-
tify empirical design patterns beyond distributional statistics, we
performed hierarchical cluster analysis using Ward’s method with
Euclidean distance on normalized VCBI components (V, A, C, R).
The dendrogram cutting analysis suggested an optimal four-cluster
solution (pseudo-F=4.2), explaining 68% of the total variance. Given
the sample size relative to the four-dimensional feature space, these
clusters are treated as exploratory archetypes rather than definitive
sub-populations. The emergence of singleton or doublet clusters
(Clusters 3 and 4) reflects the high granularity inherent in clustering
a small corpus, highlighting the sensitivity of these segments to
exceptional individual cases.

Cluster Interpretation. Cluster 1 (Moderate Mainstream, 58.8%)
represents the dominant paradigm: functional but unremarkable
balance through moderate validation paired with steered collabo-
ration (Agency Level 3). Spanning diverse architectures (classical
CV, transformers, hybrid), these systems neither fail critically nor
excel. The upper bound of this cluster (0.247) is achieved by the
educational dialogue system, a Classical CV/rule-based system that
attains this score through exceptional validation rigor (VR= 7.7,
the highest in the corpus) rather than architectural specialization—
illustrating that evaluation quality can compensate for architectural
limitations. Notably, one transformer system (AlternAtIve) and one
Classical CV system (Android math app) also fall into this cluster,
indicating that moderate balance is attainable across paradigms
when validation and agency are sufficiently aligned.
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Table 2: Empirical Design Profiles from Hierarchical Cluster-
ing (Ward’s Method, N=17)

Cluster (%) n Systems and Characteristics

Cluster 1: Moderate
Mainstream (58.8%)

10 KASI [34], AltCanvas [22], Edukoi [13], MAIDR AI
[30], LectureAssistant [2], MIUI [36], educational di-
alogue [3], VizAbility [12], AlternAtIve [27], Android
math app [1]
Mean VCBI=0.194 [0.109–0.247]; balanced valida-
tion (5.59) and high agency (2.90); represents typical
satisficing design approaches.

Cluster 2: Con-
strained Strugglers
(23.5%)

4 AltGen [31], ChartVi [23], EyeMath [9], chart
pipeline [7]

Mean VCBI=0.119 [0.107–0.130]; constrained by
low agency (2.00) despite moderate validation
(5.47); risk density (5.40) slightly above the Clas-
sical CV subsample average (4.24), without com-
pensatory verification support. Three of four use
Classical CV architectures (AltGen is Transformer),
suggesting legacy patterns prioritizing automation
over empowerment.

Cluster 3: Critical
Imbalance (11.8%)

2 multimodal DNN framework [17], TableNarrator
[24]
Mean VCBI=0.037 [0.000–0.075]; orthogonal failure
modes—agency deficiency (VCBI= 0.000, Agency=
1) vs. validation failure (VCBI= 0.075, VR= 2.0)—
both insufficient for verification.

Cluster 4: High Per-
formers (5.9%)

1 TableView+ [21]

VCBI=0.287; validation excellence (8.0) compen-
sates for moderate agency (3.0) and controlled com-
plexity (2.4); demonstrates achievable upper bound.

Cluster 2 (Constrained Strugglers, 23.5%) show low agency (mean=
2.00/4.0) despite adequate validation. Three of four use Classical CV
architectures (AltGen is Transformer), suggesting legacy patterns
prioritizing automation over empowerment. Risk density (5.40) is
above the Classical CV subsample average (4.24), without compen-
satory mechanisms, creating verification vulnerability.

Cluster 3 (Critical Imbalance, 11.8%) exhibit orthogonal failures:
the multimodal DNN (VCBI= 0.000) has validation (6.4) without
agency (1.0)—the numerator collapses to exactly zero; TableNarra-
tor (VCBI= 0.075) has agency (3.0) without validation (2.0). Both
demonstrate that verification requires both dimensions.

Cluster 4 (High Performers, 5.9%) contains only TableView+
(VCBI= 0.287). Its singularity indicates that exceptional verification-
cognition balance remains rare in current practice. While this isola-
tion marks the system as a benchmark, it also reflects the sensitivity
of small-sample clustering to high-performing cases, which Ward’s
method tends to isolate individually rather than absorb into broader
groups.

Architectural Distribution Across Clusters. Classical CV systems
distribute across clusters: 3 in Cluster 1, 3 in Cluster 2, 1 in Cluster
3. Transformer-based systems show higher variance: 6 in Cluster 1,
1 in Cluster 2, 1 in Cluster 3. Both hybrid systems appear in high-
performing clusters (KASI in Cluster 1, TableView+ in Cluster 4).
While consistent with the hypothesis that specialized architectures
facilitate stronger verification affordances, this pattern is based on
only two systems and should be interpreted as preliminary.

Architectural paradigm shows a stronger descriptive association
with VCBI variance (𝑅2≈0.18) than publication year (𝑅2≈0.07), both

Table 3: Verification-Cognition Balance by Architectural Par-
adigm (N=17)

Metric Classical CV Transformer Hybrid
(n=7) (n=8) (n=2)

Verification Affordances
VCBI (mean) 0.141 0.162𝑎 0.249
VCBI [min–max] [0.000, 0.247] [0.075, 0.220] [0.211, 0.287]
Validation Rigor (mean) 5.81 5.05 6.55
User Agency (mean) 2.14 2.88 3.00
Agency Level 4 achieved 0/7 0/8 0/2

Risk Profile
Risk Density (mean) 4.24 7.64𝑏 3.15
Risk Density [min–max] [1.80, 5.50] [4.60, 10.00] [2.30, 4.00]
Hallucination documented 1/7 (14.3%) 7/8 (87.5%) 0/2 (0%)

Methodological Profile
Topology Complexity (mean) 1.57 2.04 2.45
Design pattern adoption 3/7 (42.9%) 8/8 (100.0%) 1/2 (50.0%)
𝑎 VCBI gap vs Classical CV: Cohen’s 𝑑 = 0.31 (small). 𝑏 Risk gap vs Classical CV:
Cohen’s 𝑑 = 2.43 (very large). Effect sizes for Hybrid omitted (𝑛 = 2, unstable). Group
comparisons via Mann-Whitney𝑈 test (two-tailed); see Section 4.1.4. Hybrid scores: VR
mean = (5.1+8.0)/2; Topology mean = (2.5+2.4)/2. Design pattern adoption = at least one
verification-aware pattern implemented.

estimated via OLS regression of VCBI on dummy-coded paradigm
and continuous publication year, respectively. To compare Classical
CV (𝑛 = 7) and Transformer-based (𝑛 = 8) groups, Mann-Whitney
𝑈 tests revealed significant differences in Risk Density (𝑈 = 3.0,
𝑝 = 0.005). Agency showed a borderline difference (𝑈 = 11.0,
𝑝 ≈ 0.05, exact test), which should be interpreted with caution
given complete separation of values between groups. No significant
differences were found for Topology Complexity (𝑈 = 17.0, 𝑝 =

0.203), VCBI (𝑈 = 24.0, 𝑝 = 0.643), or Validation Rigor (𝑈 = 24.5,
𝑝 = 0.685). Thus, risk profile—not verification-cognition balance—is
the main differentiator between paradigms.

4.1.5 Relationships Between Independent Components. To assess
relationships between independent components (Agency, Topology,
Risk, and Validation) while avoiding circularity with the VCBI, we
examined pairwise Spearman correlations. Agency and Topology
show a strong positive association (Spearman’s 𝜌 = 0.669, raw
𝑝 = 0.0003), which survives the Benjamini-Hochberg correction
(𝑝𝑎𝑑 𝑗 = 0.0018, ∗∗). Agency and Risk also exhibit amoderate positive
correlation (𝜌 = 0.503, raw 𝑝 = 0.0048, 𝑝𝑎𝑑 𝑗 = 0.0144, ∗). This indi-
cates that systems with greater user control tend to present more
structurally complex information pipelines and also face higher
documented risks. The remaining four pairs show no significant
associations after BH correction: Agency×Validation (𝜌 = 0.151,
𝑝𝑎𝑑 𝑗 = 0.0546), Risk×Validation (𝜌 = −0.134, 𝑝𝑎𝑑 𝑗 = 0.0546),
Topology×Risk (𝜌 = 0.181, 𝑝𝑎𝑑 𝑗 = 0.0546), and Topology×Validation
(𝜌 = 0.208, 𝑝𝑎𝑑 𝑗 = 0.0546). These results indicate that, after statisti-
cal correction, two of the four dimensions (Agency and Topology,
and Agency and Risk) are significantly associated, while Validation
operates largely independently of the others.

4.2 RQ2: Architectural Patterns in Verification
Affordances

Table 3 reveals systematic differences across paradigms, spanning
verification affordances, risk profiles, and methodological practices.
Three critical patterns emerge:
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Pattern 1: Capability-Risk Coupling Without Validation Improve-
ment. Transformer-based systems document 80% higher risk den-
sity than Classical CV (7.64 vs. 4.24, 𝑑 = 2.43, very large effect),
with hallucinations reported in 7 of 8 systems (87.5%) versus one
among Classical CV (the multimodal DNN framework, which doc-
uments hallucination as a risk in its LLM comparator evaluation).
Yet this capability leap brings no validation improvement: Classical
CV systems maintain marginally higher average validation rigor
(5.81 vs. 5.05, 𝑑 = 0.52), while the VCBI gap remains small (0.162 vs.
0.141, 𝑑 = 0.30). Crucially, Classical CV systems demonstrate that
deterministic architectures with controlled output spaces achieve
weak synergy (mean VCBI= 0.141) primarily due to limited agency
(mean= 2.14/4.0) despite relatively lower risks—not because of the
risks themselves.

Pattern 2: Agency Progression But Persistent Ceiling. Agency in-
creases from Classical CV to more sophisticated paradigms (2.14
→ 2.88), representing a 34% improvement. Yet as shown in Table 3,
no system across any paradigm achieves Level 4 (Full Epistemic
Control): the Agency Level 4 achieved row reads 0/7, 0/8, and 0/2
respectively. Transformer systems like MAIDR AI [30] and Viz-
Ability [12] implement query-based interaction (Level 3) but do
not expose confidence estimates, reasoning traces, or raw data
access—capabilities their architectures could readily support. The
field prioritizes task efficiency over epistemic scrutiny.

Pattern 3: Hybrid Specialized as Implementation Proof Cases. The
two hybrid systems achieve the highest observed scores across most
affordance dimensions: VCBI mean of 0.249, the lowest risk density
(3.15), zero documented hallucinations, and strong design pattern
adoption (1/2, 50% vs. 100% for transformers and 43% for Classical
CV). However, this result is strictly descriptive and must not be
interpreted as a statistically validated paradigm victory. With only
two instances, these systems act as high-performance proof cases
of implementation excellence rather than a robust population:

• AI constrained to semantic subtasks: Both KASI [34] (tac-
tile piece recognition) and TableView+ [21] (semantic table
extraction) leverage AI for narrow, well-defined tasks within
structured workflows. This minimizes the error surface and
ensures failures manifest as detectable misclassifications
rather than undetectable hallucinations.

• Exceptional methodological rigour: The high perfor-
mance likely reflects the rigorous evaluation standards of
their authors (MMAT scores ≥ 85, BLV samples 𝑛 ≥ 25,
extensive mixed-methods protocols) rather than an inherent
property of hybridity alone.

Both systems were published in 2022–2023, before widespread gen-
erative AI deployment pressure, and target constrained domains.
These characteristics—domain specificity, publication timing, and
architectural choice—are confounded, precluding attribution of
the observed advantage to architecture alone. Replication across a
larger and more diverse sample of hybrid systems is necessary to
validate these exploratory findings.

4.2.1 Architectural Analysis Summary. Three key findings emerge:
(1) Architectural determinism: AI paradigm explains approxi-

mately 18% of VCBI variance (𝑅2 = 0.178, OLS), while publi-
cation year explains approximately 7% (𝑅2 = 0.07, OLS),
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Figure 2: Verification-cognition balance across AI architec-
tural paradigms (N=17). VCBI×20 and Agency×2.5 scaled for
visibility.

suggesting that neither architectural choices nor tempo-
ral trends alone strongly predict verification affordances.
The VCBI difference between Classical CV and Transformer
paradigms is negligible and non-significant (𝑈 = 24.0, 𝑝 =

0.643), while the difference in Risk Density remains statisti-
cally supported (𝑈 = 3.0, 𝑝 = 0.004); the Agency difference
is borderline significant (𝑈 = 11.0, 𝑝 = 0.049).

(2) The verification ceiling: Beyond transformer-scale generative
models, user-facing verification becomes increasingly diffi-
cult without perceptual access. Each capability increment
brings fundamentally new failure modes.

(3) Specialization as mitigation: The two hybrid systems demon-
strate that controlled AI scope within task-specific architec-
tures can achieve stronger verification affordances, suggest-
ing a promising direction for future investigation rather than
a confirmed design principle.

4.3 RQ3: Design Patterns for Verification-Aware
Systems

4.3.1 Comparative Analysis: High vs. Low VCBI Systems. We con-
trast TableView+ (VCBI= 0.287, Cluster 4) with the two critically
imbalanced cases from Cluster 3.

TableView+ achieves the strongest balance through compen-
satory equilibrium: high validation rigor (8.0/10) offsets moderate
agency (3.0/4) and limited architectural complexity (2.4/4). Its per-
formance is driven by rigorous mixed-methods evaluation with BLV
participants, customizable yet constrained interaction affordances,
explicit documentation of failure modes, and a hierarchical pipeline
architecture that localizes AI errors.

By contrast, the two low-VCBI systems exhibit orthogonal fail-
ure modes. The multimodal DNN framework (VCBI= 0.000) at-
tains reasonable validation rigor (6.4/10) but offers minimal user
agency (1.0/4), collapsing the VCBI numerator to exactly zero. Con-
versely, TableNarrator (VCBI= 0.075) provides substantial agency
(3.0/4) through interactive exploration but lacks adequate validation
(2.0/10), rendering its outputs epistemically unreliable. Together,
these cases illustrate a core design constraint: verification requires
both validation rigor and user agency, and a deficit in either dimen-
sion critically undermines epistemic safety.

4.3.2 Design Pattern Extraction.
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Pattern 1: Provenance Transparency (Sensemaking Support). Prove-
nance transparency—grounded in Russell et al.’s sensemaking loop
[28]—enables users to trace AI-generated interpretations back to
their evidential basis. Observed implementations include: hierarchi-
cal drill-down (TableView+ [21]); sonified data access (chart pipeline
[7]), providing a direct auditory mapping; and query-based retrieval
(MAIDR AI [30], VizAbility [12]). Adoption was strikingly low: one
system (5.9%) implemented full provenance; three (17.6%) offered
partial implementation; 76.5% provided none. An optimal design
follows progressive disclosure [25]: trustworthy summary by default,
with on-demand drill-down pathways.

Pattern 2: Uncertainty Signaling (Calibration Support). Uncer-
tainty signaling extends confidence communication [35] to non-
visual modalities. Promising implementations include: prosodicmod-
ulation [5]; semantic hedging (“likely,” “possibly”); earcon tiers [6];
and explicit querying. Despite its critical role in mitigating over-
reliance, no system in our corpus exposed confidence estimates to
users. Four systems (23.5%) computed internal confidence metrics
but failed to surface them. Uncertainty must be passively perceivable:
requiring users to actively query confidence for each AI statement
creates prohibitive interaction burden.

Pattern 3: Challenge Interactions (Agency Support). This pattern
operationalizes Shneiderman’s “Collaborate” level [32] for epis-
temic scrutiny: open-ended querying (MAIDR AI [30], VizAbility
[12]); structured alternatives (ChartVi [23]); and undo/redo with
explanations. Only two systems (11.8%) fully implemented open-
ended querying; four (23.5%) offered structured alternatives; 64.7%
provided no contestation mechanisms. The educational dialogue
system’s authors note that without such controls, LLMs proved
inadequate for consistently describing FSA [3].

4.3.3 Architecture-Specific Design Pattern Adoption. Classical CV
systems show moderate adoption (3/7, 42.9%). Transformer-based
systems demonstrate universal adoption (8/8, 100.0%). Hybrid sys-
tems show partial adoption (1/2, 50.0%). Transformer systems docu-
ment 80% higher risk density (7.64 vs 4.24, 𝑑 = 2.43) with a negligi-
ble VCBI difference (0.162 vs 0.141, 𝑑 = 0.30) and show no improve-
ment in validation rigor (5.05 vs 5.81 for Classical CV, 𝑑 = 0.52).
Despite 100% pattern adoption, transformer-based designs still cre-
ate significant verification gaps—isolated design patterns are in-
sufficient; verification must be an architectural priority from the
outset.

4.3.4 The Agency-Verification Link: Quality Over Quantity. Agency
implementation quality matters more than quantity. We distin-
guish verification-relevant agency—questioning outputs, drilling to
source data, contesting interpretations—from task-relevant agency—
filtering, sorting, customizing presentation. Both MAIDR AI and
TableView+ score 3.0/4.0 on agency, but MAIDR AI’s question-
answering capability directly supports verification while Table-
View+’s table customization supports efficiency. A refined metric
distinguishing epistemic control from interface control would better
predict verification capacity.

5 Discussion
5.1 Architectural Determinism and the

Verification Ceiling
Classical CV & Rule-Based: Constrained but Underutilized. These

systems (n=7, mean VCBI= 0.141) achieve weak synergy despite
controlled risks (mean= 4.24/10) due to limited agency (mean=
2.14/4.0). Poor agency affordances prevent users from exercising
verification potential—as illustrated by the multimodal DNN frame-
work [17], which achieves adequate validation (6.4/10) but VCBI
exactly zero due to its passive consumption design (Agency= 1.0).
This case demonstrates that even potentially verifiable AI fails
without interaction affordances.

Transformer-Based: Capability Without Verifiability. These sys-
tems (𝑛 = 8, mean VCBI= 0.162) show negligibly higher balance
than Classical CV (0.141), and this difference is non-significant
(𝑈 = 24.0, 𝑝 = 0.643). They achieve marginally improved agency
(2.88/4, +34% vs Classical CV; 𝑈 = 11.0, 𝑝≈0.05) but face signifi-
cantly elevated risks (7.64/10, +80%; 𝑈 = 3.0, 𝑝 = 0.005) without
validation improvements—mean validation rigor (5.05/10) is lower
than Classical CV (5.81/10,𝑈 = 24.5, 𝑝 = 0.685). Among transformer
systems, 87.5% (7/8) document hallucination concerns versus 14.3%
(1/7) of Classical CV systems.

The educational dialogue system (VCBI= 0.247, Classical CV)
represents a notable exception: it achieves the second-highest score
in the corpus through exceptional evaluation rigor (VR= 7.7), not
architectural specialization. This case reinforces the core VCBI
insight—validation quality and agency jointly determine verifi-
cation capacity—and confirms that even rule-based systems can
achieve strong balance when evaluation standards are sufficiently
rigorous, albeit rarely in current practice.

Hybrid Specialized: Emerging Proof Cases. The hybrid systems
in our corpus (𝑛 = 2) achieve the strongest balance (mean VCBI=
0.249). However, with only two systems, these findings represent
proof cases of implementation excellence rather than a statistically
generalizable architectural victory. The high performance of KASI
[34] and TableView+ [21] likely stems from a synergy between
constrained semantic subtasks and exceptionally rigorous evalua-
tion protocols. While these systems demonstrate that controlled
AI integration can yield superior verification affordances, the sam-
ple size is too small to calculate reliable variance or to isolate the
architectural effect from individual researcher rigor.

Design Implication. Although the hybrid specialized approach
achieved the highest average VCBI in our corpus, this outcome
reflects exemplary implementation cases rather than a statistically
generalizable superiority of the paradigm itself. With 𝑛 = 2, the
success of KASI and TableView+ likely reflects synergy between
narrow-domain semantic constraints and the methodological rigor
of their authors (both reporting MMAT scores ≥ 85). These systems
serve as verifiable design benchmarks, suggesting that constrain-
ing AI to well-defined subtasks provides a promising roadmap for
future AT. However, further research with a larger sample is re-
quired to decouple the benefits of specialized architectures from
the evaluation standards observed in these cases.
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5.2 The Agency-Verification Gap
Mathematical sensitivity analysis shows agency has equal marginal
impact on VCBI as validation rigor (≈8% improvement per 10%
increase). Yet empirically, agency remains underdeveloped (corpus
mean= 2.59/4.0, Classical CV= 2.14, Transformer= 2.88, Hybrid=
3.00), with no system achieving Level 4. Improving agency may
be more feasible than further increasing validation rigor for many
research teams.

5.3 Risk Documentation Without Mitigation
Despite comprehensive risk documentation (mean= 5.71/10), no
system provides user-facing mitigation mechanisms. Among trans-
former systems documenting hallucination (87.5%), none implement
detection capabilities. Risks are treated as algorithmic accuracy
problems rather than verification challenges addressable through
interaction design. No system earned the VCBI resilience bonus
(𝑉 ≥ 0.7 ∧ 𝑅 ≥ 0.6).

5.4 Independence of Design Dimensions
Our analysis reveals that two of the four VCBI dimensions are signif-
icantly associated: Agency and Topology (𝜌 = 0.669, 𝑝𝑎𝑑 𝑗 = 0.0018)
and Agency and Risk (𝜌 = 0.503, 𝑝𝑎𝑑 𝑗 = 0.0144). Validation Rigor,
however, operates largely independently of the other three dimen-
sions, showing no significant correlations after correction. This
suggests that systems with higher user agency tend to have more
complex information pipelines and also face greater documented
risks, but validation strength does not systematically co-vary with
these factors. The partial independence confirms that the VCBI cap-
tures distinct facets of verification-cognition balance, with Agency
acting as a central hub linked to both complexity and risk, while
Validation remains an orthogonal pillar that must be intentionally
addressed.

5.5 From Accuracy to Verifiability
Among our 17 systems, 82.4% report accuracy metrics yet none
measure error detection rates. This reveals a methodological blind
spot: we measure what AI gets right, not what users can verify.
We propose three evaluation criteria for verification-aware AI. Er-
ror Detection measures users’ ability to identify injected errors
without external validation (target: >70% detection rate). Scrutiny
Friction counts the interaction steps required to access the evi-
dential basis for an interpretation (target: <5 steps). Contestation
Success measures the percentage of user challenges eliciting a
meaningful AI response (target: >50%). Future papers should re-
port at least one of these verification metrics alongside traditional
accuracy measures.

5.6 Limitations and Future Directions
Our sample size (𝑁 = 17) limits statistical power and increases the
risk of instability in multivariate analyses. Specifically, performing
hierarchical clustering in a four-dimensional space on a micro-
sample may lead to over-segmentation, as the algorithm becomes
highly sensitive to unique system profiles. Consequently, our cluster
assignments should be viewed as a preliminary taxonomy intended
to provide exploratory insights into design trends rather than a
finalized population model. VCBI component circularity precludes

correlating individual components with the composite index. Our
agency metric may underrepresent verification-specific affordances
by conflating task-oriented and epistemic agency. Architectural
classification required interpretive judgment for hybrid systems.

Our corpus focuses on visual information accessibility, exclud-
ing navigation and mobility domains. Geographic and linguistic
diversity is limited: 76.5% of systems originate from US or European
institutions. Adopting verification-aware designs faces practical
barriers: commercial LLM APIs restrict access to uncertainty esti-
mates; non-visual uncertainty signaling lacks shared conventions.

Future directions include: verification-aware protocols measur-
ing error detection rates; refined agency metrics distinguishing epis-
temic from task-level control; corpus expansion (target 𝑁 ≥ 50);
causal studies disentangling design choices from resource effects;
adaptive interfaces scaling scrutiny to task stakes; longitudinal
studies of trust calibration; and cross-domain extensions.

6 Conclusion
This work establishes verification affordances—the capacity for
users to detect and contest AI errors—as a critical yet underexam-
ined dimension of AI accessibility systems. Through the VCBI, we
provide the first quantitative framework for assessing how architec-
tural choices, validation practices, user agency, and risk exposure
jointly shape epistemic safety for users who cannot independently
validate AI outputs. Our analysis reveals a field at an architec-
tural crossroads. Widespread adoption of transformer-based gener-
ative models has expanded AI capabilities while introducing failure
modes fundamentally harder to verify without perceptual access.
The rarity of systems achieving strong verification-cognition bal-
ance (41.2% exceeding VCBI=0.20 in our corpus, with two hybrid
systems and two Classical CV systems—the educational dialogue
and Edukoi—among the seven high-achievers) indicates that de-
signing for verifiability requires intentional architectural and inter-
action choices that remain uncommon in current practice.

We argue for a paradigm shift: verification affordances must be
design requirements, assessed by metrics measuring users’ ability
to detect AI failures, not just successes. For high-stakes accessi-
bility applications, the question is not whether AI can perform a
task, but whether users can maintain epistemic agency over AI-
mediated information. The VCBI framework provides amethodolog-
ical starting point for this shift. Although bounded by corpus size
and domain scope, our findings establish that verification-cognition
balance is quantifiable and achievable through deliberate design.
As AI systems increasingly mediate access to information for those
who cannot independently verify their outputs, ensuring users
can appropriately trust—and appropriately distrust—these systems
becomes an ethical imperative alongside a technical one.
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Table 4: Per-System Scores, VCBI, and Justifications (N=17).

System Arch. VR Ag. Topo. RD VCBI Key justification
(0–10) (1–4) (1–4) (0–10) (0–1)

KASI [34] Hyb. 5.1 3 2.5 2.3 0.211 VR: Mixed methods, 𝑛=10 BVI, MMAT=85; partial inferential reporting (no effect sizes) caps statistical
completeness. Ag.: Multimodal querying + contextual elaboration (L3); no confidence exposure (L4 absent).
Topo.: Predominantly hierarchical pipeline with one conditional branch for piece-recognition routing (2.5).
RD: STEM chemistry domain (molecular models) and task-specific CV confine error space; minor occlusion
failures and hardware dependency documented.

AltCanvas [22] Trans. 6.5 3 2.0 7.0 0.220 VR: Within-subjects study with BLV; inferential stats partially reported; no formal quality checklist. Ag.:
Structured alternative views + clarification queries (L3); no model-confidence access. Topo.: Tile-based
editor with canvas→tile parent-child hierarchy (N2); spatial coordinates not preserved in non-visual output
(2.0). RD: Hallucination (1.5×2), visual element misidentification (1.0×2), bias on non-standard charts (1.5).

AltGen [31] Trans. 5.8 2 1.0 8.0 0.116 VR: Between-subjects; descriptive stats only; partial BLV inclusion. Ag.: Output navigation among fixed
alternatives; no querying (L2). Topo.: Single-function pipeline processing individual images without spatial
relationships; N1 discrete (1.0). RD: Multi-stage CLIP/ViT/GPT transformer pipeline introduces hallucination
risk (1.5×2); misclassification of complex images (1.0×2); coverage limits (0.5×2).

Educ. Dialogue [3] Cl.CV 7.7 3 3.0 5.5 0.247 VR: Mixed methods with formal checklist (MMAT); inferential stats reported; adequate BLV inclusion;
highest VR in corpus. Ag.: Bidirectional FSA dialogue (L3); rule-based AIML engine (103 rules) with LLMs
evaluated as external comparators only. Topo.: FSA represented as connected states with transitions (N3
topological graph connectivity); 3.0. RD: LLM comparators show hallucination in FSA descriptions (1.5×2),
cross-turn inconsistency (1.0); deployed AIML system uses controlled rule-based responses—risk score
reflects evaluation of LLM comparators.

ChartVi [23] Cl.CV 6.1 2 1.7 4.9 0.131 VR: Task-based evaluation; partial inferential reporting; misclassification rates empirically documented. Ag.:
Keyboard navigation of chart elements; no contestation (L2). RD: Overlapping bars/legend misclassification
(1.0×3).

TableView+ [21] Hyb. 8.0 3 2.4 4.0 0.287 VR: Within-subjects, 𝑛=25 BLV, MMAT=90; full inferential stats + effect sizes (2.0/2.0); formal checklist
(1.0/1.0); minor protocol deduction (stimuli not publicly archived) yields 8.0. Ag.: Hierarchical drill-down +
semantic queries (L3); embedding scores unexposed (L4 absent). Topo.: Sequential extraction pipeline with
one semantic-routing branch for cell-grouping decisions (2.4). RD: Domain-specific term misembedding
(1.5), inconsistent cell grouping (1.0×2), non-standard layout failure (1.0).

Edukoi [13] Cl.CV 4.7 3 1.0 4.8 0.206 VR: Controlled study, adequate BLV inclusion; partial stats; no formal checklist. Ag.: Gesture-based bidirec-
tional navigation (L3); semantic layer is deterministic/rule-based. Topo.: Pixel-to-sound conversion without
spatial relationships; N1 discrete (1.0). RD: Hand-tracking failure under variable lighting (1.0×2); limited
math-content vocabulary (0.5×2).

EyeMath [9] Cl.CV 5.1 2 2.3 4.5 0.107 VR: Task-based evaluation; partial stats; small BLV 𝑛. Ag.: Step-by-step keyboard navigation; no querying
(L2). RD: Handwritten/cursive notation failure (1.0×2); limited operator coverage (0.5×2).

AlternAtIve [27] Trans. 3.1 3 1.6 10.0 0.109 VR: Preliminary pilot; limited BLV𝑛; descriptive-only statistics; no checklist—lowest VR among transformer
systems. Ag.: LLM-powered alternative generation supports follow-up queries and contestation of STEM
descriptions (L3). RD: Maximum score—hallucination central (1.5×2); STEM element misidentification
(1.0×2); coverage limits (0.5×2); no mitigation documented.

Multimodal DNN [17] Cl.CV 6.4 1 1.0 4.0 0.000 VR: Controlled study with inferential tests; adequate BLV inclusion; no quality framework. Ag.: Single fixed
output per input; no navigation or querying (L1). Agency= 1 sets𝐴=0, collapsing the VCBI numerator
to exactly zero despite VR= 6.4. Topo.: Template-based extraction of discrete elements with sequential
ordering; N1 discrete (1.0). RD: Misclassification across visual domains (1.0×3); limited generalisability
(1.0); hardware barriers (0.5×2); constrained CNN output space limits undetectable failure modes.

Android Math [1] Cl.CV 5.8 2 1.0 1.8 0.173 VR: Pilot evaluation; partial stats; small BLV𝑛; Newman’s theory framework provides structured assessment
rubric. Ag.: Structured expression navigation; no querying (L2). Topo.: Sequential mathematical problem
steps (Newman’s theory); no spatial relationships; N1 discrete (1.0). No customML/CV component: standard
Android TalkBack STT with rule-based AST traversal for LaTeX parsing. Classified Cl.CV by convention
(non-neural pipeline). RD: Minimal—narrow scope; handwritten notation failure (1.0); platform dependency
(0.5×2).

MAIDR AI [30] Trans. 6.0 3 3.0 8.3 0.182 VR: BLV user study; partial inferential stats; no checklist. Ag.: Open-ended LLM queries, contestation
supported (L3); no confidence/data-array exposure. Topo.: Box plot statistical relationships (medians,
quartiles, outliers) across categories without metric coordinates; N3 topological (3.0). RD: Hallucination in
trend descriptions (1.5×2); non-standard chart misinterpretation (1.0×2); API dependency (0.5×2).

LectureAsst. [2] Trans. 6.4 3 2.0 8.0 0.209 VR: BLV user study; partial stats; no checklist; RAG pipeline provides partial reproducibility evidence. Ag.:
Section navigation + follow-up dialogue (L3). Topo.: Hierarchical structure with chapters and summaries
(N2); parent-child content organisation (2.0). RD: Scientific diagram misinterpretation (1.5×2); equation
hallucination (1.5); out-of-STEM brittleness (1.0×2).

MIUI [36] Trans. 4.2 3 2.3 4.6 0.163 VR: BLV user study; limited BLV 𝑛; absent inferential statistics; no checklist. Ag.: NL navigation + mode-
switching + clarification (L3). RD: UI-label hallucination (1.5×2); layout misinterpretation (1.0×2); OS
dependency (0.5×2).

TableNarrator [24] Trans. 2.0 3 2.4 8.3 0.075 VR: BLV study included; study design poorly specified (1.0/3.0); descriptive-only statistics (0.5/2.0);
sample adequacy partial (0.5/2.0); insufficient protocol detail (0.0/2.0); no checklist (0.0/1.0). Sum:
1.0+0.5+0.5+0.0+0.0 = 2.0. Ag.: Multi-turn interactive exploration (L3). RD: Hallucinated summaries
(1.5×2); semantic drift across turns (1.5); structural misinterpretation (1.0).

Chart Pipeline [7] Cl.CV 4.9 2 1.0 4.2 0.123 VR: BLV study; quantitative metrics + partial inferential reporting; limited procedural detail. Ag.: Soni-
fied playback of pitch-mapped data; passive delivery without on-demand querying (L2). Topo.: Discrete
bar/line/pie data point extraction with no inter-element spatial relations preserved; N1 discrete (1.0). RD:
Segmentation failure on low-contrast charts (1.0×3); 2D-only coverage (0.5×2).

VizAbility [12] Trans. 6.4 3 2.0 6.9 0.218 VR: BLV user study; partial stats; no checklist. Ag.: LLM follow-up queries on visualisation narratives
(L3); no underlying data/confidence access. Topo.: Olli tree view displaying hierarchical chart navigation
structure (N2); hierarchical drill-down (2.0). RD: Statistical narrative hallucination (1.5×2); axis label
misinterpretation (1.0×2); API latency (0.5×2).

Mean (SD) 5.54 2.59 1.89 5.71 0.163
(1.51) (0.62) (0.70) (2.30) (0.071)

Arch.: Cl.CV=Classical CV/Rule-Based; Trans.=Transformer-Based; Hyb.=Hybrid Specialized. Columns: VR=Validation Rigor (0–10); Ag.=User Agency (1–4); Topo.=Topology Complexity
(1–4); RD=Risk Density (0–10); VCBI computed via Section 3.2.3 formula, rounded to 3 decimal places. AltGen is classified as Transformer (CLIP/ViT/GPT pipeline). Educ. Dialogue is
classified as Cl.CV (rule-based AIML; LLMs as external comparators only).
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