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Abstract

Hallucination in large language models (LLMs)
and related generative models has become a
central issue for reliability and practical de-
ployment. Yet prior work does not consistently
define what is treated as hallucination or the
level of expectation under which model outputs
are evaluated. This study conducts a scoping
review of 244 papers published between 2018
and 2025, analyzing definitions of hallucina-
tion, output-side symptoms, and Convergence
Expectation (CE). The results show that ap-
proximately 90% of the papers provide some
form of operational definition, but the symp-
toms targeted by these operationalizations vary
substantially by task. Addition appears across
many tasks as a common symptom, whereas
Transformation and Deviation strongly depend
on task structure and input constraints. Analy-
ses by CE band further show that, even within
the same task, the symptoms problematized as
hallucination vary according to the strictness of
expected output convergence. These findings
indicate that hallucination is not a fixed failure
inherent in model outputs, but a phenomenon
shaped by task, input constraints, evaluation
criteria, and the expectations of humans or eval-
uators. This study reframes hallucination as ex-
pectation mismatch and argues that definitions,
symptom scope, and expectation levels must be
made explicit when comparing research find-
ings and designing evaluations.

1 Introduction

Large language models (LLMs) and related gen-
erative models are widely used across a variety of
natural language generation tasks. At the same
time, these models may produce outputs that are
inconsistent with input, context, or external knowl-
edge. This phenomenon is commonly referred to
as hallucination. Hallucination is a critical issue for
the reliability of generative AI systems, decision
support, practical deployment, and safety.

However, the term “hallucination” is not used
consistently across prior work. Previous studies
have noted that hallucination is defined in a task-
dependent manner and that its manifestations, eval-
uation methods, and mitigation strategies differ
across NLG tasks such as summarization, dialogue,
question answering, data-to-text generation, and
machine translation (Yang et al., 2023; Ji et al.,
2023a; Xu et al., 2023b). Furthermore, it has been
pointed out that there is a lack of a clear and uni-
fied definition in this field (Filippova, 2020; Rau-
nak et al., 2021; Rawte et al., 2023). In practice,
what counts as hallucination differs between tasks
with explicit input sources, such as machine trans-
lation and summarization, and tasks with weaker
input constraints, such as dialogue and open-ended
question answering. Moreover, the same output-
side departure may be treated as problematic in
one task context, while being acceptable as a cre-
ative or exploratory output in another. Under these
conditions, hallucination rates and detection perfor-
mance reported across studies cannot be compared
straightforwardly. Recent benchmarking work has
likewise identified inconsistent definitions and cat-
egory coverage across hallucination benchmarks,
complicating direct comparison of evaluation re-
sults (Bang et al., 2025).

This study begins from a form of uncertainty
that precedes model-level uncertainty estimation.
Hallucination research often examines predictive
or semantic uncertainty as a signal for detecting
unreliable generations (Farquhar et al., 2024; Xiao
and Wang, 2021). In contrast, we focus on concep-
tual and operational uncertainty: uncertainty about
which output phenomena are labeled as hallucina-
tion, which criteria are used to identify them, and
how strictly outputs are expected to conform to a
task-specific ideal. This uncertainty is located not
in an individual model’s probability distribution,
but in the definitions, evaluation practices, and task
assumptions adopted across studies. We introduce

625



Convergence Expectation (CE) to make one dimen-
sion of this variation explicit, namely the strictness
with which each paper expects outputs to converge
toward an ideal response.

To this end, this study conducts a scoping review
of how hallucination is defined and operationalized
in research on LLMs and related generative models.
The review consists of two phases. The first phase
explores how target papers define hallucination and
in which tasks and evaluation settings the term
is used. The second phase uses the output-side
symptom taxonomy and Convergence Expectation
(CE) derived from this exploratory phase as a fixed
codebook and re-codes the target papers.

The central claim of this study is that halluci-
nation is not a single property inherent in model
outputs, but a phenomenon defined through the in-
teraction between task structure and expectations.
In tasks where strong faithfulness to an input source
is expected, unsupported content is more likely to
be treated as hallucination. In contrast, in open-
ended dialogue or creative generation, some degree
of divergence may be acceptable, and the same
type of deviation may not necessarily be treated
as hallucination. Thus, evaluating hallucination re-
quires explicit specification of task-specific input
constraints, the range of desirable outputs, and the
expected level of accuracy or groundedness.

This study makes three contributions. First, it
systematically examines the clarity of hallucination
definitions in related work. Second, it classifies
output-side symptoms treated as hallucination and
quantitatively shows how these symptoms differ
across tasks. Third, it introduces CE as an analytic
construct and shows that judgements of hallucina-
tion are shaped by task structure and expectation
levels. The contribution is not merely the general
observation that hallucination is task-dependent.
Rather, this study provides systematic evidence
of how that dependence is operationalized across
244 papers and offers a fixed codebook for separat-
ing definitional clarity, output-side symptom scope,
and evaluative strictness. Through these steps, this
study reframes hallucination not merely as a model
failure, but as an evaluative concept in research,
evaluation design, and practical deployment.

2 Related Work

Hallucination in natural language generation
has been treated through various conceptual
lenses (Rawte et al., 2023; Ji et al., 2023a). Early

work often understood hallucination as a lack of
faithfulness to the input source. For example, stud-
ies of machine translation have emphasized the
need to distinguish hallucination from ordinary
translation errors (Dale et al., 2023a), while studies
of summarization have proposed the distinction be-
tween intrinsic and extrinsic hallucination (Maynez
et al., 2020). The former refers to outputs that
contradict the source, whereas the latter refers to
outputs containing information that cannot be de-
termined from the source. This distinction is use-
ful, but it primarily assumes tasks with explicit in-
put sources, such as translation and summarization.
More broadly, faithfulness research has examined
source consistency across multiple NLG tasks and
has shown that evaluation and optimization meth-
ods remain highly task-specific (Li et al., 2022).

With the spread of LLMs, hallucination has
come to refer not only to inconsistency with in-
put, but also to factual errors with respect to the
external world, deviations from context, generation
of unverifiable information, and misinterpretation
of user intent (Huang et al., 2025c). This expan-
sion has broadened the scope of research, but has
also increased conceptual ambiguity. Although
many classifications have been proposed, they are
used at different granularities and for different pur-
poses, and they do not function as a unified coding
system across studies (Bang et al., 2025). This in-
consistency extends to human evaluation. A recent
survey found substantial variation in definitions,
terminology, annotation guidelines, agreement re-
porting, and evaluator information across halluci-
nation studies (Schmidtova et al., 2025). This study
complements prior work by evaluating differences
in definitional clarity and operationalization across
the literature.

The operationalization of hallucination is also
strongly task-dependent. In some tasks, adding
information not present in the input is a serious
mismatch with task expectations, while in other
tasks, inference beyond the input may be expected.
Existing benchmarks operationalize hallucination
differently across task-specific settings, includ-
ing question answering, knowledge-grounded dia-
logue, summarization, and general instruction fol-
lowing (Li et al., 2023a). Therefore, hallucination
cannot be adequately understood by simply listing
surface-level characteristics. It must be considered
in relation to task-specific input constraints and the
expected range of outputs.

To capture these differences in expectations, this
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study introduces Convergence Expectation (CE).
CE is a paper-level proxy for the degree to which
each paper expects model outputs to converge to-
ward an ideal output. It does not redefine hallu-
cination itself. Rather, CE provides an analytic
framework for comparing how strictly prior stud-
ies expect output convergence. This perspective
helps explain why one study treats a particular de-
parture as hallucination, while another treats a sim-
ilar departure as outside the evaluation target or
as an acceptable output. Prior surveys organize
hallucination types, causes, detection methods, or
human-evaluation practices. In contrast, our review
focuses on how papers operationalize the halluci-
nation label across tasks, separating definitional
clarity, output-side symptoms, and the strictness of
expected output convergence.

3 Method

To clarify how hallucination is defined and opera-
tionalized in research on LLMs and related genera-
tive models, this study conducted paper-level cod-
ing based on a scoping review. The method consists
of corpus construction, derivation of analytic con-
structs through exploratory review, re-coding us-
ing a fixed codebook, and LLM-assisted evidence
extraction followed by targeted human review of
sampled cases. The LLM was used to extract verba-
tim evidence and generate initial paper-level codes
under the fixed codebook. Automated validation
was applied to all outputs, while targeted human
review was conducted on sampled cases, primarily
those marked by uncertainty flags.

3.1 Corpus Construction

This section outlines the creation of the corpus.
Refer to Appendix A for the detailed extraction
protocol. The corpus was constructed primarily
from papers whose titles contain “Hallucination”
or its morphological variants and that were pub-
lished between 2016 and 2025 in major AI and
NLP venues. After applying the eligibility criteria,
the final included corpus covered papers published
from 2018 to 2025. Some relevant studies address
hallucination without explicitly using the term in
their titles. However, we restricted the corpus to
papers that explicitly positioned hallucination as a
primary topic.

The target venues included AAAI, ACL, COL-
ING, CoNLL, EACL, EMNLP, ICLR, ICML, IJ-
CAI, INLG, NAACL, and NeurIPS. Each paper

was assigned a unique ID, and its publication
year, venue, title, PDF URL, and metadata were
recorded. For textual interpretation, verbatim quo-
tations from the PDF were used as evidence for
definitions and scoring. A total of 244 papers were
obtained through this process.

3.2 Phase 1: Exploratory Review
In the first phase, we conducted an exploratory re-
view using an initial sample of the target literature.
Rather than fixing the final categories in advance,
we descriptively recorded how each paper used
the term hallucination. Specifically, we extracted
definitions, judgement criteria, target tasks, input
sources, output examples, evaluation metrics, anno-
tation procedures, and descriptions related to risk
and trust.

When comparing analytic memos, we focused
not on merging the terminology of individual pa-
pers, but on recurrent differences in judgement
across papers. The same expression, such as “un-
supported,” was connected to explicit labeling rules
or metrics in some papers, but remained a gen-
eral description in others. In this context, the
expressions frequently used in the previous stud-
ies include "unrelated to the source text," "contra-
dicted to the source," "Hard to be verified with the
source," "not include some of the source text". In
addition, machine translation and summarization
tended to center on the relation between output
and input source, whereas open-ended question an-
swering and dialogue tended to emphasize world
knowledge, context, and user intent. Based on these
observations, we derived definitional clarity, output-
side symptoms, and CE as analytic constructs for
Phase 2. Each construct was adopted only if it ap-
peared across multiple task domains and could be
applied at the paper level.

3.3 Coding Constructs
The codebook consisted of four major components:
(1) definitional clarity, (2) output-side symptoms,
(3) CE, and (4) attitudinal or evaluative framing.
Please refer to the Appendix for details regarding
the codebook provided to the LLM.

For cross-paper analysis, the original task la-
bels were normalized into nine higher-level cate-
gories: Data-to-Text, Dialogue, General / Condi-
tional NLG, Image Captioning, Machine Transla-
tion (MT), Other / Low-frequency, Question An-
swering (QA), Retrieval-Augmented Generation
(RAG), and Summarization. Conceptually similar
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tasks were grouped together, whereas infrequent
tasks that could not be reliably analyzed as separate
categories were assigned to Other / Low-frequency.
For papers addressing multiple tasks, the primary
task emphasized in the paper was used for the main
analysis. The original task labels were retained
separately for traceability.

Definitional clarity was coded on three levels
from Lv0 to Lv2. Lv2 indicates that the paper op-
erationally specifies how hallucination is judged,
for example through annotation rules, metric defini-
tions, label criteria, or verification procedures. Lv1
indicates that the paper provides a general descrip-
tion or cites prior work without a clear judgement
procedure in the paper itself. Lv0 indicates that the
term is used but no usable definition or judgement
criterion is available.

Output-side symptoms were coded using five cat-
egories. Transformation refers to distortion of or
contradiction with the meaning of an input source.
Addition refers to the introduction of content not
supported by the input source. Omission refers to
missing required information only when the paper
treats such missing information as hallucination.
Deviation refers to divergence from context, user
intent, or world knowledge in tasks with weak input
sources. Other refers to task-specific output phe-
nomena not covered by the preceding categories.
Details regarding these symptoms are provided in
Appendix B.2. Internal indicators such as predic-
tive entropy, attention, hidden states, and token
contributions were not used as symptom flags and
were recorded separately.

Convergence Expectation (CE) is an analytic
construct for comparing how strictly each paper
expects output convergence. CE comprises seven
paper-level items: source faithfulness (CE1), exter-
nal factuality (CE2), failure cost (CE3), evaluation
rigor (CE4), source constraint (CE5), allowance for
creative divergence (CE6), and accountability or
safeguards (CE7). CE1–CE5 and CE7 were scored
from 0 to 2, whereas CE6 was scored as 0, −1, or
−2 and served as a negative correction when cre-
ative or exploratory divergence was permitted or
valued. The item scores were summed and clipped
to the 0–12 range. CE complements task labels by
capturing variation in evaluative strictness among
papers assigned to the same task category. The
complete rubric is provided in Appendix B.3.

3.4 LLM-assisted Evidence-first Coding and
Validation

To process 244 papers consistently, we used a two-
stage LLM-assisted coding procedure. We used
GPT-5.6 Sol (OpenAI, 2026) via the API for ev-
idence extraction and initial paper-level coding.
Each paper was processed using the fixed prompt
provided in the supplementary material.

In the first stage, the LLM extracted verbatim ev-
idence for definitions, tasks, symptoms, CE items,
and attitudinal framing, together with page and sec-
tion information. Missing evidence was recorded
as NOT FOUND.

In the second stage, paper-level codes were gen-
erated using only the extracted evidence. Am-
biguous cases were assigned the lower adjacent
score, and explicit gates were applied to Lv2 judge-
ments and the highest CE item scores. Outputs
were stored as structured JSON and automatically
checked for required fields, valid score ranges, and
internal consistency. Human review was conducted
on a targeted sample rather than on the full corpus.
Targeted human review was conducted for 90 of the
244 papers (36.9%). The reviewed sample focused
on cases marked by uncertainty flags, including
ambiguous definition levels, CE items near the two-
point gates, unclear symptom mappings, multi-task
papers, and cases in which model-internal indica-
tors could be confused with output-side symptoms.
Human review was used to identify and correct
coding issues in the sampled cases. It was not
treated as an independent validation of every paper
in the corpus. The full codebook, scoring gates,
and evidence-selection rules are provided in Ap-
pendix B.

4 Results

This section reports the coding results for defini-
tions of hallucination, output-side symptoms, CE,
and their relationships with task categories. We
first examine definitional clarity, then analyze task-
dependent symptom distributions, and finally ex-
amine how task, symptom, and CE jointly shape
what is treated as hallucination.

4.1 Definition Clarity Is Often
Operationalized, but Not Uniform

As shown in Figure 1, 220 of the 244 papers
(90.2%) were coded as Lv2, 24 (9.8%) as Lv1,
and none as Lv0. However, the dominance of Lv2
does not imply conceptual uniformity. A qualitative
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Figure 1: Distribution of definition clarity levels in the
review corpus. Lv0 indicates papers without a usable
definition, Lv1 indicates papers with a generic or cited
definition, and Lv2 indicates papers with operational
criteria.

overview showed that the ways in which halluci-
nation was operationalized differed substantially
by task and evaluation setting. The results there-
fore suggest that uncertainty in hallucination re-
search does not simply arise from the absence of
definitions, but from the coexistence of different
definitions and evaluation procedures across task
contexts.

4.2 Hallucination Symptoms Are
Task-dependent

Figure 2 shows the prevalence of each output-side
symptom by task category.

Analysis of output-side symptoms by task cat-
egory showed that Addition was the most widely
observed symptom. Addition was coded in more
than 50% of papers in every task category, indicat-
ing that the introduction of content unsupported by
an input source, image, knowledge base, or context
is a common symptom in hallucination research.
In contrast, Transformation varied substantially by
task and appeared more frequently in tasks where
distortion of input, context, visual information, or
knowledge sources was problematized. Deviation
was especially salient in QA and General / Con-
ditional NLG, indicating that weakly constrained
tasks tend to treat divergence from world knowl-
edge, user intent, dialogue context, or expected
answer space as hallucination. Omission was gen-
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Figure 2: Task-specific prevalence of hallucination
symptoms. Rows indicate task categories and columns
indicate output-side symptom categories. Each cell re-
ports the percentage of papers within that task category
that treated the corresponding symptom as hallucina-
tion.

Table 1: Exploratory association tests between task cat-
egory and hallucination symptom labels.

Symptom χ2 df p pFDR V

Transformation 24.617 8 <.01 <.01 .318
Addition 28.943 8 <.01 <.01 .344
Omission 7.101 8 .526 .526 .171
Deviation 67.942 8 <.01 <.01 .528
Other 11.941 8 .154 .192 .221

erally infrequent, suggesting that missing informa-
tion is often treated as a different error type, such as
coverage error or under-generation. However, we
are cautious about interpreting these associations
as independent causal effects stemming from task
categories. This is because the codebook itself may
be inherently dependent on the source materials
referenced. Therefore, this analysis quantifies how
hallucinations are operationally defined and classi-
fied based on these distinctions within the literature
under review.

To support these descriptive patterns, we con-
ducted chi-square tests of association between
symptom presence and task category, reporting
Cramér’s V as an effect size (Table 1). Transforma-
tion, Addition, and Deviation remained associated
with task category after FDR correction. Devia-
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Figure 3: Distribution of CE scores in the review corpus.
CE scores are clipped to the 0–12 range.

tion showed the largest effect size, consistent with
its higher prevalence in QA and General / Condi-
tional NLG. Omission showed no significant asso-
ciation, and Other was not significant after FDR
correction. Because some cells had small expected
counts, these tests are interpreted in conjunction
with effect sizes and visualization results.

4.3 CE Scores Vary Across Tasks but Are Not
Determined by Task Alone

Figure 3 presents a histogram showing the number
of papers based on CE scores. CE scores were
concentrated around 8 to 9, indicating that most
target papers assume moderate to high levels of
output convergence.

Next, Figure 4 plots the distribution of CE scores
for each task. QA, Dialogue, RAG, Summariza-
tion, and Image Captioning tended to show higher
CE scores, reflecting stronger expectations that out-
puts align with input sources, external knowledge,
visual information, or answer labels. In contrast,
General / Conditional NLG showed a wider range
of CE scores, reflecting heterogeneity in evalua-
tion expectations across free generation, long-form
generation, general-purpose NLG, and multi-task
settings. A Kruskal-Wallis test did not show a
statistically significant difference in CE score dis-
tributions across task categories at the 5% level
(H = 12.501, p = .130), and the effect size was
small (epsilon2 = .019). This result suggests that
CE is not strongly explained by task category alone.
CE should therefore be interpreted as a distinct axis

that includes input constraints, evaluation proce-
dures, methods for verifying factuality or faithful-
ness, and framing around risk or accountability.

4.4 Task, Symptom, and CE Jointly Shape
What Counts as Hallucination

Finally, we analyzed the relationship among task,
symptom, and CE. Because the observed CE scores
were concentrated around 8–9, we used auxiliary
observed CE bands: Lower observed CE (1–6),
Middle observed CE (7–9), and Higher observed
CE (10–12). This is not a redefinition of CE, but
an aid for interpreting the observed distribution.

Figure 5 shows that symptom prevalence varies
across observed CE bands. We further break this
down and analyze it by task. Figure 6 shows how
these patterns differ by task. Because output-side
symptom coding was multi-label, a paper could
contribute to more than one symptom column. Be-
cause several task-by-band cells contained few pa-
pers, we interpret Figure 6 primarily at the aggre-
gate pattern level and avoid drawing substantive
conclusions from individual low-count cells.

In Lower observed CE, symptom distributions
varied by task: Deviation was high in QA, Trans-
formation was high in Summarization. In Middle
observed CE, Addition was high across many tasks.
At the same time, Deviation remained high in QA
and General / Conditional NLG, indicating that di-
vergence from world knowledge or context contin-
ues to matter in tasks with weak sources. In Higher
observed CE, both Transformation and Addition
were prominent. In QA, Transformation reached
76.7%, Addition 86.7%, and Deviation 43.3%, sug-
gesting that high-CE QA studies treat a broad range
of output inconsistencies as hallucination.

These findings show that the hallucination la-
bel is not determined by an output-side symptom
alone, but is shaped by the interaction among task
structure, output-side symptoms, and CE.

5 Discussion

5.1 Hallucination as Expectation Mismatch

The central implication of this study is that hallu-
cination is not determined by model outputs alone,
but is defined through the relation between task
structure and evaluation expectations. Addition ap-
peared across many tasks, whereas Transformation
and Deviation varied substantially by task.

This indicates that whether an output is treated
as an inappropriate departure depends on the clar-
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Figure 5: Symptom prevalence by observed CE band.

ity of the input source, the nature of the reference
object, and the task objective. From this perspec-
tive, hallucination can be understood as expecta-
tion mismatch. An output is called hallucination
when it fails to satisfy the level of faithfulness, fac-
tuality, groundedness, contextual consistency, or
accountability expected in a given task. Thus, the
definition of hallucination depends not only on the
formal properties of output, but also on the task in
which the output is generated, the input constraints
under which it is evaluated, and the expectations
against which it is judged. This interpretation is de-
scriptive rather than causal. The results show how
the prior works organize hallucination judgements,
not that task or CE independently determines the
symptoms produced by a model.

5.2 From Undefined Hallucination to Diverse
Operationalizations

Most papers in this study were coded as Lv2. This
does not mean that the definitional problem in hallu-
cination research has been resolved. The existence
of operationalization is different from the existence
of a unified operationalization. Many papers opera-
tionalized hallucination through annotation criteria,
benchmarks, evaluation metrics, or detection pro-
cedures, but the target phenomena differed by task
and evaluation setting. The current issue is not
simply that hallucination is undefined, but that dif-
ferent operational definitions coexist while being
compared under the same term.

5.3 Implications for Evaluation Design
The findings have three implications for evaluation
design. First, researchers should specify not only
their definition of hallucination, but also the scope
of symptoms being evaluated. Addition, Transfor-
mation, Deviation, Omission, and Other do not
appear with equal frequency and are distributed
differently across tasks. Second, evaluation metrics
and benchmarks should be designed in relation to
the CE of the task. High-CE tasks require mech-
anisms such as citation, external verification, ex-
pert review, human-in-the-loop procedures, and au-
ditability, whereas low-CE or creative tasks require
evaluations that do not over-suppress diversity or
exploration. Third, comparative studies of hallu-
cination should align task categories and CE, or
at least report them explicitly. Directly comparing
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Figure 6: Task-specific hallucination symptoms by observed CE band. Papers are grouped into Lower observed CE
(1–6), Middle observed CE (7–9), and Higher observed CE (10–12) based on the observed distribution of CE scores.
Each cell reports the percentage of papers within the corresponding task and CE band that received the symptom
label. Because symptom coding was multi-label, percentages across a row may sum to more than 100%. Underlying
paper and symptom counts are reported in Appendix Table 8.

hallucination rates or detection performance across
different tasks, CE levels, and symptom scopes
may lead to misleading interpretations.

This study extends the discussion of uncertainty
around hallucination beyond model-internal pre-
dictive uncertainty. Prior work has estimated the
likelihood of hallucination using entropy, self-
consistency, hidden states, token probabilities, epis-
temic uncertainty, and aleatoric uncertainty. The
present findings show that there is uncertainty at
an earlier stage: uncertainty about what is to be
treated as hallucination. In this sense, uncertainty
exists not only in model probability distributions,
but also in evaluative concepts, symptom scope,
and expectation levels. Therefore, future studies
require a multidimensional evaluation design that

encompasses tasks, symptoms, and expected stan-
dards, rather than treating hallucination as a single
global metric.

6 Conclusion

This study analyzed how hallucination is defined
and operationalized in research on LLMs and re-
lated generative models through a scoping review
of 244 papers. The results show that many papers
operationalize hallucination in some form, but that
what is treated as hallucination differs substantially
by task category. Addition appeared as a common
core symptom across many tasks, whereas Trans-
formation and Deviation strongly depended on task
structure and input constraints. The Convergence
Expectation (CE) analysis further showed that hal-
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lucination judgements are conditioned by the strict-
ness of output convergence required by the task.

These findings demonstrate the limits of treating
hallucination as a single failure inherent in model
outputs. Rather, hallucination is a phenomenon de-
fined through the interaction among task, input con-
straints, evaluation criteria, and the expectations
of humans or evaluators. By reframing hallucina-
tion as expectation mismatch, this study highlights
the need to explicitly report definitions, symptom
scope, and CE in comparative research and evalua-
tion design.

The contribution of this study is the systematic
quantification of how task dependence is opera-
tionalized across the literature. By separating def-
initional clarity, output-side symptom scope, and
convergence expectations, the proposed codebook
provides a basis for more transparent comparisons
across hallucination studies.

Limitations

This study has several limitations. First, the corpus
was constructed from major NLP and AI venues,
and does not exhaustively cover all hallucination
research. Applied research in HCI or information
systems may not be sufficiently represented. There-
fore, the results should be interpreted as trends in
the target corpus, not as comprehensive popula-
tion estimates for all generative AI research. Sec-
ond, Convergence Expectation (CE) is a proxy in-
ferred from textual descriptions in papers, not a di-
rect measurement of user or evaluator expectations.
Third, LLM-assisted coding may involve extrac-
tion errors or interpretive variation. Although this
study combined verbatim quotations, conservative
scoring, JSON validation, uncertainty flags, and tar-
geted human review to reduce overreliance on LLM
outputs, human review was conducted on a sample
focused primarily on flagged cases rather than on
the full corpus. Consequently, extraction or coding
errors may remain among cases that were not man-
ually reviewed. Furthermore, the targeted audit did
not involve independent coding by multiple human
annotators. Therefore, inter-annotator agreement
could not be estimated. Fourth, some observed
task-symptom associations are partly induced by
the source-sensitive coding rules. Transformation
requires an identifiable source, whereas Deviation
is restricted to weak-source or source-free settings.
Similarly, CE1 and CE5 encode source faithfulness
and source constraint. The corresponding analyses

should therefore be interpreted as descriptions of
how operational choices co-occur in the literature,
rather than as estimates of independent causal re-
lationships. Fifth, some task-by-CE cells contain
few papers, making individual percentages unsta-
ble. We therefore emphasize aggregate patterns.
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A Review Protocol

This appendix provides additional details on the
corpus construction, eligibility criteria, screening
procedure, and composition of the final review cor-
pus. The protocol was designed to identify papers
that explicitly treated hallucination as a primary
research topic in the context of LLMs or related
generative models.

A.1 Search Scope and Collection Procedure

We collected papers published between 2016 and
2025 from the following AI and NLP venues. The
final search was conducted on June 20, 2026. Ac-
cordingly, the number of papers reported for 2025
reflects publications available as of this cut-off date.
The primary search criterion required the paper title
to contain the term hallucination or a morphologi-
cal variant, including hallucinations, hallucinated,
and hallucinating. This title-based criterion was
adopted to identify papers that explicitly positioned
hallucination as a central research topic, rather than
papers that mentioned the term only incidentally.

Bibliographic records were collected from offi-
cial proceedings pages, conference websites, pub-
lisher databases, and the ACL Anthology where
applicable. For each record, we stored the title, au-
thors, publication year, venue, abstract, PDF URL,
and other available metadata. Duplicate records
were identified using normalized titles and publica-
tion metadata and were removed before screening.

A.2 Eligibility Criteria

Table 2 summarizes the inclusion and exclusion
criteria. Papers were included when they explicitly
examined hallucination as an output-side error, in-
consistency, reliability problem, evaluation target,
or related phenomenon in an LLM or generative-
model setting.

A.3 Screening and Selection

Screening was conducted at the record and full-
text levels. First, titles and metadata were checked
for duplicates, venue eligibility, publication year,
and document type. Second, the available abstract
and full text were examined to determine whether
the paper addressed hallucination as a generative-
output phenomenon. Papers using the term in
an unrelated technical sense were excluded even
when the title satisfied the initial keyword criterion.
When eligibility could not be determined from the
title and abstract alone, the full text was reviewed.

Borderline cases were retained only when the paper
provided sufficient evidence that hallucination was
treated as an output-side phenomenon, evaluation
target, or reliability concern. The resulting corpus
contained 244 papers.

A.4 Corpus Composition

Table 3 reports the composition of the final corpus
by venue. The paper-level inventory can be derived
from Table 4 and the accompanying references.

B Coding Codebook

This appendix presents the coding rules used in
Phase 2 of the review. The codebook was devel-
oped through the exploratory review and was then
applied consistently to the full corpus. The unit of
analysis was the individual paper.

The codebook comprised four primary compo-
nents: (1) definitional clarity, (2) output-side hal-
lucination symptoms, (3) Convergence Expecta-
tion (CE), and (4) attitudinal or evaluative framing.
We additionally recorded the primary task, model-
internal indicators, uncertainty flags, and notes for
human review. All coding decisions were required
to be supported by verbatim evidence from the
target paper. Evidence from external sources or
general domain knowledge was not used. If evi-
dence was not found, it was recorded as NOT FOUND.
When the available evidence did not clearly distin-
guish between adjacent levels or scores, the lower
level or score was assigned.

B.1 Definitional Clarity

Definitional clarity captures the extent to which a
paper specifies how hallucination is identified, la-
beled, measured, or otherwise judged. It does not
evaluate whether the paper’s definition is theoreti-
cally correct or consistent with definitions in other
studies. The scoring output used integer values,
with 0, 1, and 2 corresponding to Lv0, Lv1, and
Lv2, respectively.

Lv1–Lv2 boundary The primary distinction be-
tween Lv1 and Lv2 was whether the available ev-
idence showed how hallucination was judged. A
statement such as “hallucinations are unsupported
outputs” was coded as Lv1 unless the paper also
specified how support was determined. Annotation
questions, labeling rules, metric definitions, veri-
fication procedures, or explicit benchmark criteria
were sufficient for Lv2.
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Table 2: Eligibility criteria used to construct the review corpus.

Criterion type Operational rule Rationale

Title The title contains hallucination or a
morphological variant, such as
hallucinations, hallucinated, or
hallucinating.

Restricts the corpus to papers that explicitly treat
hallucination as a primary topic rather than an
incidental concern.

Publication period The paper was published between 2016 and
2025.

Covers the period in which hallucination became
an explicit research topic in neural generation and
subsequent LLM research.

Venue The paper appeared in one of the selected
AI or NLP venues: AAAI, ACL, COLING,
CoNLL, EACL, EMNLP, ICLR, ICML,
IJCAI, INLG, NAACL, or NeurIPS.

Provides a transparent and reproducible venue
boundary while covering major NLP, machine
learning, and AI communities.

Document type Full research papers, short papers, Findings
papers, industry-track papers, dataset or
benchmark papers, and eligible survey
papers were included when they met the
other criteria.

Allows analysis of both empirical research and
papers that explicitly operationalize hallucination
through taxonomies or evaluation frameworks.

Exclusion: unrelated
technical usage

Papers using hallucination to refer to image
reconstruction, super-resolution, feature
generation, domain adaptation, or another
technical operation unrelated to erroneous
generative outputs were excluded.

Prevents conflation between generative-output
hallucination and historically distinct uses of the
term in computer vision and related fields.

Exclusion: unavailable
evidence

Papers were excluded when the full text
could not be accessed or when the available
document did not permit extraction of
sufficient evidence for paper-level coding.

The evidence-first coding procedure required
access to verifiable textual evidence.

Unit of analysis The unit of analysis was the individual
paper.

Supports paper-level comparison of definitions,
task settings, symptoms, and Convergence
Expectation.

Table 3: Composition of the final review corpus by
venue.

Venue Papers %

AAAI 14 5.7
ACL 47 19.3
COLING 13 5.3
CoNLL 1 0.4
EACL 7 2.9
EMNLP 73 29.9
ICLR 16 6.6
ICML 12 4.9
IJCAI 6 2.5
INLG 4 1.6
NAACL 26 10.7
NeurIPS 25 10.2

Total 244 100.0

Conservative coding rule If the evidence was
ambiguous between two adjacent levels, the lower
level was assigned. Examples alone were not suffi-
cient for Lv2 unless they were linked to a general-
izable judgement or labeling procedure.

B.2 Output-side Symptom Taxonomy

The symptom taxonomy captures output-side phe-
nomena that each paper explicitly treated as hal-
lucination. A symptom was assigned only when
the paper linked the phenomenon to hallucination

through a definition, annotation scheme, evaluation
procedure, metric, example, experimental setup, or
benchmark-construction rule.

Symptom coding was multi-label. More than one
symptom could be assigned to a paper when multi-
ple output phenomena were explicitly included in
the paper’s operationalization. If the evidence was
uncertain, the symptom was coded as absent.

Explicit linkage requirement A symptom was
coded as present only when the paper explicitly
linked the output phenomenon to hallucination
through its definition, annotation, evaluation, met-
ric, examples, experimental setup, or benchmark
construction. A phenomenon was not inferred from
general task knowledge.

Multiple symptom labels The symptom cate-
gories were not mutually exclusive. For example,
a paper could receive both Transformation and Ad-
dition when its operational criteria included both
source contradiction and unsupported added con-
tent.

Source-grounded tasks For machine translation
and other source-grounded tasks, outputs described
as detached, unrelated, or unsupported were not
coded as Deviation. Such cases were coded as Ad-
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Table 4: List of reviewed papers by venue. Findings, industry-track, and jointly organized proceedings were mapped
to their corresponding parent venue for corpus-level reporting. (e.g., LREC-COLING 2024 papers were reported
under COLING.

Venue Reviewed papers

AAAI Sun et al. (2023b); Gunjal et al. (2024); Guan et al. (2024b); Tian et al. (2025); Wu et al. (2025d); Xiao et al. (2025); Chen et al. (2025b); Lim et al.
(2025); Bai et al. (2025a); Zhu et al. (2025b); Fang et al. (2025a); Park et al. (2025c); Cheng et al. (2025b); Zhang et al. (2025b)

ACL Nie et al. (2019); Wang and Sennrich (2020); Zhou et al. (2021); Cao et al. (2022); Liu et al. (2022); Cirik et al. (2022); Dale et al. (2023a); Guerreiro
et al. (2023a); Sun et al. (2023a); Ji et al. (2023b); Choubey et al. (2023); Fei et al. (2023); Chen et al. (2024d); Ji et al. (2024); Dhuliawala et al. (2024);
Li et al. (2024b); Zhang et al. (2024a); Zhong et al. (2024a); Yehuda et al. (2024); Zhong et al. (2024b); Wu et al. (2024a); Huang et al. (2024a); Niu et al.
(2024); Su et al. (2024); Huang et al. (2024b); Sui et al. (2024); Cao et al. (2024); Ramprasad et al. (2024); Feng et al. (2024); Zhang et al. (2024c,d);
Liang et al. (2024); Yue et al. (2024); Si et al. (2025); Huang et al. (2025b); Zhu et al. (2025d); Qi et al. (2025); Chen et al. (2025d); Liu and Zhang
(2025); Mohammadzadeh et al. (2025); Bang et al. (2025); Ravichander et al. (2025); Liu et al. (2025e); Fu et al. (2025); Chang et al. (2025); Hu et al.
(2025); Cheng et al. (2025c)

COLING Sibaee et al. (2024); Sun et al. (2024); Chang et al. (2024); Dou et al. (2024); Mascarell et al. (2024); Mubarak et al. (2024); Fang et al. (2025b); Zhu
et al. (2025c); Qu et al. (2025); Belyi et al. (2025); Chen et al. (2025a); Ok et al. (2025); Zhang et al. (2025f)

CoNLL Pal et al. (2023)
EACL Xiao and Wang (2021); Dai et al. (2023); Guerreiro et al. (2023b); Agrawal et al. (2024a); Lee et al. (2024a); Sennrich et al. (2024); Waldendorf et al.

(2024)
EMNLP Rohrbach et al. (2018); Filippova (2020); Zhao et al. (2020); Dziri et al. (2021); Shuster et al. (2021); Das et al. (2022); Yoon et al. (2022); Dong et al.

(2022); van der Poel et al. (2022); Li et al. (2023a); Manakul et al. (2023); Shi et al. (2023); Wang et al. (2023); Zhao et al. (2023); Ji et al. (2023c);
McKenna et al. (2023); Sadat et al. (2023); Bouyamourn (2023); Ramakrishna et al. (2023); Slobodkin et al. (2023); Dale et al. (2023b); Liu and Wan
(2023); Shen et al. (2023); Zhang et al. (2023a); Pfeiffer et al. (2023); Maharaj et al. (2023); Lango and Dusek (2023); Kothyari et al. (2023); Choi et al.
(2023); Yang et al. (2023); Xu et al. (2023a); Semnani et al. (2023); Zhang et al. (2023b); Rawte et al. (2023); Li et al. (2023b); Qiu et al. (2023); Venkit
et al. (2024); Sahoo et al. (2024); Gekhman et al. (2024); Xing et al. (2024a); Hu et al. (2024b,a); Benkirane et al. (2024); Yu et al. (2024a); Zhao et al.
(2024); Sadeq et al. (2024); Zhang et al. (2024e); Zimmerman et al. (2024); Weihua et al. (2025); Cheng et al. (2025a); Gema et al. (2025); Kim et al.
(2025); Seth et al. (2025); Kulkarni et al. (2025); Zhang et al. (2025d); Binkowski et al. (2025); Li et al. (2025b); Anaokar et al. (2025); Chakraborty et al.
(2025); Ul Islam et al. (2025); Janiak et al. (2025); Seo et al. (2025); Gan et al. (2025); Wu et al. (2025b); Li et al. (2025d); Lu et al. (2025b); Liu et al.
(2025a); Sheng et al. (2025); Wu et al. (2025c); Li et al. (2025a); Simhi et al. (2025); Srey et al. (2025); Rykov et al. (2025)

ICLR Germain et al. (2022); Zhou et al. (2024); Chen et al. (2024a); Liu et al. (2024); Mündler et al. (2024); Jones et al. (2024); Huang et al. (2025a); Jiang
et al. (2025); Orgad et al. (2025); Ho et al. (2025); Sun et al. (2025c); Liu et al. (2025b); Zhang et al. (2025a); Huo et al. (2025); Lu et al. (2025a); Yang
et al. (2025b)

ICML Lv et al. (2024); Wu et al. (2024b); Chen et al. (2024f); Zhang et al. (2024b); Chen et al. (2024b); Li et al. (2025f); Zou et al. (2025); Zhao et al. (2025b);
Xu et al. (2025); Zhao et al. (2025a); Park et al. (2025b,a)

IJCAI Chen et al. (2024c); Zhang et al. (2025c); Wang et al. (2025a); Dang et al. (2025); Xiong et al. (2025); Sun et al. (2025a)
INLG Akani et al. (2023); Obaid ul Islam et al. (2023); Liu et al. (2025d); Schmidtova et al. (2025)
NAACL Raunak et al. (2021); Dziri et al. (2022); Petryk et al. (2024); Li et al. (2024a); Xia et al. (2024); Agrawal et al. (2024b); Chae et al. (2024); Jiang et al.

(2024); Béchard and Marquez Ayala (2024); Yu et al. (2024b); Tang et al. (2024); Shi et al. (2024); Lee et al. (2024b); Guan et al. (2024a); Zhu et al.
(2024); Zhang et al. (2025e); Woo et al. (2025); Wang et al. (2025b); Li et al. (2025c); Tang et al. (2025); Bendahman et al. (2025); Belém et al. (2025);
Liu et al. (2025c); Kang et al. (2025); Wu et al. (2025a); Li et al. (2025e)

NeurIPS Wang et al. (2024); Lyu et al. (2024); Jesson et al. (2024); Du et al. (2024); Sriramanan et al. (2024); Chen et al. (2024e); Xing et al. (2024b); Wei et al.
(2024); Aithal et al. (2024); Zhu et al. (2025a); Bar-Shalom et al. (2025); Chen et al. (2025c); Yang et al. (2025a); Suresh et al. (2025); Park and Li
(2025); Bai et al. (2025b); Wang et al. (2025c); Qian et al. (2025); Ji et al. (2025); Li and Ng (2025); Niu et al. (2025); Leng et al. (2025); Ross et al.
(2025); Shu et al. (2025); Sun et al. (2025b)

dition or Transformation when the corresponding
evidence was available.

Omission Omission was coded conservatively. A
paper had to explicitly count missing source infor-
mation as hallucination. The existence of a separate
omission or coverage-error category did not estab-
lish Omission as a hallucination symptom.

Model-internal indicators Saliency, attention
patterns, token contributions, uncertainty estimates,
hidden states, entropy, probability distributions,
and related model-internal signals were recorded
separately. No output-side symptom was assigned
solely on the basis of a model-internal indicator.

B.3 Convergence Expectation
Convergence Expectation (CE) is a paper-level
proxy for how strictly a paper expects model out-
puts to converge toward an ideal output. Higher CE
represents stricter correctness or consistency expec-
tations and lower tolerance for divergence. Lower
CE represents a broader range of acceptable out-
puts or greater tolerance for creative, exploratory,
or open-ended generation.

CE is not equivalent to factuality and does not
measure the observed quality of a model. It cap-
tures the strictness of output expectations and eval-
uation framing embedded in each paper.

CE1–CE5 and CE7 were scored from 0 to 2,
while CE6 was scored as 0, −1, or −2 to account
for the value assigned to creative or exploratory
divergence.

B.3.1 Two-point Gate Conditions
The following gate conditions were applied to re-
duce inflation of the highest CE item scores:

• CE1 = 2 required an operational faithfulness cri-
terion. Conceptual wording alone was coded as
CE1 = 1.

• CE3 = 2 required an explicit high-stakes domain
or consequential decision context. General ref-
erences to harm, trust, reliability, or misinforma-
tion were coded as CE3 = 1.

• CE4 = 2 required explicit evidence of evaluation
rigor. The statement that data were “manually
annotated” was not sufficient on its own and was
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Table 5: Coding rules for definitional clarity. The levels measure the operational specificity of a paper’s treatment of
hallucination.

Level Definition Positive evidence Boundary and exclusion rule

Lv0 The paper uses the
term hallucination but
provides no usable
definition or
judgement criterion.

No explicit or operational
evidence can be identified from
the available full text.

A brief definition is not automatically Lv0. If
the paper provides a generic conceptual
description, Lv1 applies.

Lv1 The paper provides a
generic description or
cites a definition, but
does not provide its
own operational
judgement criteria.

Examples include descriptions
such as incorrect, unrelated, not
faithful, or unsupported, or a brief
citation to prior work without
operational detail.

If the paper specifies how hallucination is
labeled, measured, annotated, verified, included,
or excluded, Lv2 applies.

Lv2 The paper provides
evidence showing how
hallucination is
identified, judged, or
labeled.

Examples include annotation rules,
metric definitions, inclusion or
exclusion rules, verification
procedures, label criteria,
benchmark-construction rules, or
explicit decision procedures.

Conceptual wording alone is insufficient. The
evidence must support an applicable procedure
for determining which outputs count as
hallucination.

coded as CE4 = 1 unless additional rigor evidence
was available.

• CE7 = 2 required a concrete safeguard, account-
ability, or governance procedure. General ref-
erences to trust, harm, accountability, or safety
were coded as CE7 = 1.

B.3.2 CE Score Calculation
The raw CE score was calculated as follows:

CEraw = CE1 + CE2 + CE3 + CE4

+ CE5 + CE7 + CE6.
(1)

Because CE6 takes a value of 0, −1, or −2,
stronger evidence that creative or exploratory diver-
gence is valued reduces the CE total.

When no evidence was available for a CE item,
the evidence quotation was recorded as NOT FOUND,
and the item received the conservative default score
of 0.

B.4 Primary Task Coding
The task_primary field contained the task name
only. Methodological terms such as detection, miti-
gation, benchmarking, evaluation, uncertainty esti-
mation, and model introspection were not included
in the task label. Examples of normalized task
names included:

• Neural Machine Translation;

• Summarization;

• Dialogue;

• Question Answering;

• Image Captioning;

• Data-to-Text;

• Conditional NLG;

• Retrieval-Augmented Generation;

• Open-ended Generation.

When a paper primarily focused on detection, mit-
igation, benchmarking, evaluation, or model in-
trospection, the underlying generation task was
recorded in task_primary, while the methodolog-
ical focus was recorded in the human-review notes.
Multi-task or unclear cases received an uncertainty
flag.

B.5 Evidence Priority and General Coding
Rules

Evidence was searched in the following priority
order:

1. definition or task-formulation sections;

2. data, annotation, or label-definition sections;

3. evaluation, metrics, or experimental-setup sec-
tions;

4. Introduction and Related Work;

5. Abstract, used as a fallback.

The following rules applied to all coding con-
structs:
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Table 6: Coding rules for output-side hallucination symptoms. Multiple symptom labels could be assigned to the
same paper.

Symptom Operational definition Inclusion rule Boundary and exclusion
rule

Transformation The output contradicts, distorts,
or changes the meaning of an
identifiable source.

Assigned when the paper
explicitly treats contradiction,
distortion, incorrect
transformation, or alteration of
source meaning as hallucination.

Requires an identifiable
source. When the relevant
standard is world
knowledge, user intent, or
dialogue context rather than
an explicit source, Deviation
may apply.

Addition The output contains content not
supported by the source,
including content that is fully
unrelated or detached from the
source.

Assigned when unsupported,
fabricated, extraneous, or
unrelated content is explicitly
treated as hallucination.

In source-grounded tasks,
detached output is coded as
Addition or Transformation
where applicable, rather than
as Deviation.

Omission The output omits required source
information and the paper
explicitly counts the omission as
hallucination.

Assigned only when omission is
included in the paper’s
hallucination definition, labels,
annotation protocol, metric, or
evaluation setup.

Missing information,
incompleteness, coverage
error, or under-generation is
not coded as Omission
unless the paper explicitly
treats it as hallucination.

Deviation In a source-free or weak-source
task, the output diverges from
dialogue context, user intent,
world facts, or the expected
answer space.

Assigned when hallucination is
judged against a weak or indirect
reference, rather than against a
single explicit input source.

Deviation is not used for
translation outputs that are
detached from the source. In
translation and other
source-grounded tasks,
unsupported or detached
content is coded as Addition
or Transformation where
supported.

Other The paper explicitly treats a
task-specific output-side
off-target behavior as
hallucination, but the behavior is
not adequately captured by the
other four categories.

An example is generation in the
wrong target language when the
paper explicitly frames this
behavior as hallucination.

Other is not a residual
category for uncertainty.
Saliency, token
contributions, attention
patterns, uncertainty, hidden
states, entropy, and other
model-internal indicators are
not coded as Other.

1. Paper-only evidence. Coding used only content
from the target paper. External knowledge was
not used.

2. Verbatim quotation. Evidence consisted of
verbatim quotations rather than paraphrases.

3. Location pointer. Each quotation included
a URL, page number, section, and paragraph
pointer where available.

4. Missing evidence. If evidence was not found,
the corresponding evidence field was recorded
as NOT FOUND.

5. Conservative scoring. If a decision was uncer-
tain between adjacent levels or scores, the lower
option was selected.

6. One best quotation per CE item. For final
CE scoring, one best supporting quotation was
retained for each CE item.

7. Multi-label symptom coding. Multiple symp-
toms could be assigned when explicitly sup-
ported.

8. Internal indicators. Model-internal indicators
were recorded separately and were not treated
as output-side symptoms.

B.6 Targeted Human Review

Human review was conducted on a targeted sample
rather than on all papers. Sampling focused primar-
ily on cases marked by uncertainty flags. These
flags covered ambiguous Lv1–Lv2 boundaries, CE
items near the two-point gates, unclear symptom
mappings, multi-task or unclear task assignments,
evidence available only in introductory sections,
and possible confusion between model-internal in-
dicators and output-side symptoms. For each sam-
pled case, the extracted quotations and their loca-
tions were checked against the source paper, and
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Table 7: Convergence Expectation scoring rubric. CE6 is a negative correction representing the extent to which
creative or exploratory divergence is permitted or valued.

Item Construct Score 0 Score 1 / −1 Score 2 / −2

CE1 Faithfulness strength No source-faithfulness or
grounding requirement is identified.

Source faithfulness is mentioned
conceptually or vaguely, but is not
operationalized.

Operationalized faithfulness criteria
are provided, such as an explicit
source-based label rule, entailment
check, attribution requirement, or
verification procedure.

CE2 Factuality strength No factuality requirement is
identified.

Factuality or correctness is
mentioned vaguely or conceptually.

An explicit external oracle or
verification protocol is provided,
such as fact-checking, a knowledge
base, retrieval evidence, expert
verification, or a benchmark oracle.

CE3 Failure cost No risk or impact framing is
identified.

The paper mentions general harm,
trust, reliability, misinformation, or
applicability concerns.

The paper explicitly addresses a
high-stakes domain or context, such
as medicine, law, safety, decision
support, finance, or public-critical
infrastructure.

CE4 Evaluation rigor The evaluation is ad hoc, unclear, or
insufficiently specified.

The paper uses a standard
evaluation, benchmark, metric,
experiment, or manual annotation
procedure with limited procedural
detail.

The paper provides explicit
evidence of rigorous evaluation,
such as a multi-annotator procedure,
agreement statistics, a detailed
labeling protocol, statistical testing,
or an explicit validation design.

CE5 Source constraint No clear source constrains the
output.

The output is constrained by weak
or implicit context.

The output is constrained by a
strong explicit source, such as a
translation source, source
document, table, image, retrieved
evidence, grounding corpus, or
input context.

CE6 Creativity penalty Creativity or divergence is not
framed as valuable.

Score −1: creative divergence is
partially permitted.

Score −2: creative divergence,
diversity, exploration, or
open-ended generation is central or
explicitly valued.

CE7 Accountability, trust, or
safeguards

No trust, accountability, reliability,
or safeguard framing is identified.

The paper mentions trust, reliability,
harm, applicability, accountability,
safety, or user risk.

The paper specifies a concrete
safeguard or governance procedure,
such as attribution,
human-in-the-loop verification,
refusal design, citation mechanisms,
an accountability workflow,
deployment guardrails, or an audit
process.

the corresponding paper-level codes were reviewed
against the fixed codebook. Identified errors were
corrected before analysis. Because the review was
targeted rather than exhaustive, it should be inter-
preted as a quality-control procedure for flagged
and sampled cases, not as full manual validation of
the corpus.

B.7 Prompt Availability

The complete instruction prompt used for LLM-
assisted evidence extraction and initial coding
is provided in the supplementary material as
llm_coding_prompt.txt. The prompt includes
the evidence requirements, coding rules, CE scor-
ing rubric, output schema, uncertainty flags, and
human-review checklist.

B.8 Task-by-Symptom Counts across
Observed CE Bands

Table 8 reports the underlying paper counts for
the task-by-symptom heatmaps across the three ob-
served CE bands. The Papers column gives the
number of papers in each task-by-band cell and

serves as the denominator for the reported percent-
ages. Because symptom coding was multi-label, a
single paper could contribute to multiple symptom
columns; therefore, symptom counts and percent-
ages within a row are not expected to sum to the
number of papers or to 100%. Cells with small pa-
per counts should be interpreted descriptively and
with caution.
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Table 8: Paper counts and output-side symptom frequencies by normalized task category and observed CE band.
Symptom cells report n (%) within each task and CE band.

Task Papers Transformation Addition Omission Deviation Other
N n (% within task and CE band)

Panel A: Lower observed CE, 1–6 (N = 49)
QA 13 2 (15.4) 2 (15.4) 0 (0.0) 11 (84.6) 2 (15.4)
General / Conditional NLG 16 6 (37.5) 7 (43.8) 2 (12.5) 8 (50.0) 5 (31.2)
Image Captioning 4 2 (50.0) 3 (75.0) 0 (0.0) 0 (0.0) 0 (0.0)
Summarization 7 6 (85.7) 5 (71.4) 1 (14.3) 0 (0.0) 1 (14.3)
Dialogue 3 0 (0.0) 1 (33.3) 0 (0.0) 1 (33.3) 1 (33.3)
MT 3 2 (66.7) 2 (66.7) 0 (0.0) 0 (0.0) 1 (33.3)
RAG 2 1 (50.0) 1 (50.0) 0 (0.0) 1 (50.0) 0 (0.0)
Data-to-Text 1 0 (0.0) 1 (100.0) 0 (0.0) 0 (0.0) 0 (0.0)
Other / Low-frequency 0 – – – – –

Panel B: Middle observed CE, 7–9 (N = 124)
QA 38 14 (36.8) 19 (50.0) 4 (10.5) 23 (60.5) 6 (15.8)
General / Conditional NLG 22 9 (40.9) 16 (72.7) 1 (4.5) 15 (68.2) 3 (13.6)
Image Captioning 21 15 (71.4) 21 (100.0) 1 (4.8) 1 (4.8) 4 (19.0)
Summarization 16 14 (87.5) 16 (100.0) 1 (6.2) 1 (6.2) 1 (6.2)
Dialogue 7 6 (85.7) 4 (57.1) 0 (0.0) 1 (14.3) 1 (14.3)
MT 10 2 (20.0) 10 (100.0) 0 (0.0) 0 (0.0) 4 (40.0)
RAG 4 2 (50.0) 4 (100.0) 0 (0.0) 0 (0.0) 0 (0.0)
Data-to-Text 4 3 (75.0) 4 (100.0) 0 (0.0) 0 (0.0) 0 (0.0)
Other / Low-frequency 2 0 (0.0) 2 (100.0) 0 (0.0) 1 (50.0) 0 (0.0)

Panel C: Higher observed CE, 10–12 (N = 71)
QA 30 23 (76.7) 26 (86.7) 1 (3.3) 13 (43.3) 5 (16.7)
General / Conditional NLG 20 16 (80.0) 17 (85.0) 4 (20.0) 9 (45.0) 6 (30.0)
Image Captioning 7 4 (57.1) 7 (100.0) 0 (0.0) 0 (0.0) 0 (0.0)
Summarization 2 2 (100.0) 1 (50.0) 1 (50.0) 1 (50.0) 0 (0.0)
Dialogue 5 5 (100.0) 5 (100.0) 0 (0.0) 0 (0.0) 2 (40.0)
MT 1 0 (0.0) 1 (100.0) 0 (0.0) 0 (0.0) 0 (0.0)
RAG 4 4 (100.0) 3 (75.0) 1 (25.0) 0 (0.0) 0 (0.0)
Data-to-Text 1 0 (0.0) 1 (100.0) 0 (0.0) 0 (0.0) 0 (0.0)
Other / Low-frequency 1 0 (0.0) 1 (100.0) 0 (0.0) 0 (0.0) 1 (100.0)

Note. The Papers column reports the number of papers in each task and observed CE band and serves as the denominator for
the percentages in the symptom columns. Output-side symptom labels were non-mutually exclusive: a single paper could be
assigned two or more symptoms. Consequently, symptom counts and percentages across a row may sum to more than the
number of papers and more than 100%, respectively. A dash indicates that no paper was assigned to the corresponding task
and CE band.
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