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Abstract

LLM-based systems increasingly search across
sources and synthesize numerical findings, but
can treat values from different sources as di-
rectly comparable. The same phenomenon may
be measured by defining the quantity differ-
ently or by estimating it through different pro-
cedures. Together, these choices form a value’s
operationalization. Values produced under dif-
ferent operationalizations can differ without
creating a factual conflict. Ignoring such dif-
ferences can lead systems to make unsupported
comparisons or combinations, or to present
one result as the single correct answer even
though the appropriate choice depends on the
user’s purpose. We call this operationalization
collapse. This vision paper argues that opera-
tionalization is part of a numerical claim, not
optional metadata. Operationalization informa-
tion can show what a value means and which
comparisons or combinations it supports, but it
may not determine which valid result should be
used to answer the user’s question. We outline
a research program for recovering operational-
izations, attaching them to claims, determin-
ing which comparisons and combinations those
claims support, and generating answers that
preserve unresolved choices.

1 Introduction

Instead of reading several sources and synthesizing
the findings manually, users increasingly turn to
generative search systems for complex tasks (Suri
et al., 2024; Aral et al., 2026).

Consider a seemingly simple question: Did the
United Kingdom or Australia have higher total
annual CO9 emissions in 2022? An Al system
searching for the relevant facts might encounter
the four values shown in Table 1. National CO
emissions are reported using several accounting
frameworks that define the measured quantity dif-
ferently. Territorial emissions include emissions

Accounting framework  Australia  United Kingdom
Territorial 384.1 311.1
Consumption-based 365.1 502.8

Table 1: Total annual CO5 emissions from fossil fuels
and industry, excluding land-use change, in 2022, in
MtCO,. Data: Our World in Data (2025)

produced within a country’s borders. Consumption-
based emissions subtract the emissions released in
producing exported goods and add the emissions
released abroad in producing imported goods. The
two frameworks assign emissions to countries dif-
ferently.

The answer depends on which operationalization
is used. Australia had higher territorial emissions,
whereas the UK had higher consumption-based
emissions. These claims do not contradict each
other: both are correct once their operationaliza-
tions are made explicit. We call the coexistence
of multiple valid operationalizations for the same
phenomenon operationalization plurality.

Recent work on knowledge conflicts in LLMs
studies how models respond when retrieved sources
disagree or when retrieved evidence conflicts with
parametric knowledge (Xie et al., 2024; Kortukov
et al., 2024; Xu et al., 2024; Cattan et al., 2025).
Our example differs: the values refer to differently
defined quantities and only appear contradictory
when their operationalizations are omitted.

An Al system should not silently erase this dif-
ference. Depending on the question and the user’s
purpose, it could ask for clarification, state which
operationalization it uses, or present both answers
and explain why they differ. If it ignores the dis-
tinction, three failures are possible. It may select
one operationalization and present the result as if
it did not depend on that choice. It may compare
values produced under different operationalizations
and draw an invalid conclusion. Or it may treat the
differing values as estimates of the same quantity
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and conclude that one of them must be wrong. The
first two silently remove an unresolved operational-
ization difference that changes the answer. We call
this operationalization collapse.

An adequate answer can preserve this unresolved
choice without becoming lengthy:

Australia had higher territorial CO2 emissions
in 2022: 384.1 versus 311.1 MtCOz. Un-
der consumption-based accounting, however, the
United Kingdom was higher: 502.8 versus
365.1 MtCOz. The question does not specify
which accounting framework to use.

This answer does not select one operationalization
as the single correct one, and it does not combine
values from different operationalizations.

A small pilot study illustrates the difficulty of
maintaining this distinction (Section 3.1). We gave
three LLMs constructed passages reporting coun-
tries” emissions under different accounting frame-
works. When the passages omitted the frameworks,
all three models ranked the countries without qual-
ification. Unqualified rankings also occurred when
the frameworks were named or described, suggest-
ing that making operationalizations explicit is not
always sufficient for models to respect them when
comparing values.

The problem is not unique to LLMs. Database
and Semantic Web research has long addressed se-
mantic heterogeneity through schemas, mappings,
ontologies, and context models (Lenzerini, 2002;
Zheng et al., 2012; Kroll et al., 2020). Systems that
generate answers may instead draw on an open set
of sources and must decide at answer time which
comparisons or combinations the claims support.
This is especially important in automated meta-
analysis, where systems retrieve and combine find-
ings across many studies (Qiu et al., 2025; Xie
et al., 2026).

Even complete and correct operationalization in-
formation would not always determine the answer.
Territorial accounting may be appropriate for a na-
tional emissions inventory, whereas consumption-
based accounting may be appropriate for assessing
a country’s consumption footprint. If the question
does not indicate which purpose matters, and no es-
tablished convention resolves the choice, selecting
one result would introduce an additional assump-
tion. A system should make that assumption ex-
plicit, present both answers, or ask for clarification.

Our vision is to move from treating numerical
values as standalone facts to treating their opera-
tionalizations as part of the claim, so that generated

answers preserve plurality without obscuring when
one answer is justified.

2 Related Work

Knowledge conflicts and question ambigu-
ity. Work on knowledge conflicts in retrieval-
augmented generation examines disagreements be-
tween retrieved sources and between retrieved evi-
dence and a model’s stored knowledge (Xie et al.,
2024; Kortukov et al., 2024; Xu et al., 2024). This
literature also recognizes that different answers
need not conflict. Cattan et al. (2025) distinguish
complementary information from factual conflict
and study responses that preserve relevant alterna-
tives. Similarly, work on question ambiguity identi-
fies multiple plausible answers and makes their in-
terpretations explicit, including numerical answers
that depend on inclusion criteria (Min et al., 2020).
We focus on how operationalization differences
constrain the use of numerical claims together. Val-
ues may all be valid under their respective quantity
definitions while failing to support a direct com-
parison or combination. Making those definitions
explicit can clarify which operations are supported,
but may still leave unresolved which quantity is
relevant to the user’s question.

Data integration. Data integration research has
long addressed differences between heterogeneous
sources through schemas, mappings, and explicit
descriptions of context (Lenzerini, 2002; Rahm
and Bernstein, 2001; Goh et al., 1999; Zheng et al.,
2012; Kroll et al., 2020). These approaches identify
how data from different sources correspond and un-
der which conditions they can be combined. They
usually rely on schemas, mappings, or integration
goals specified in advance. Systems that generate
answers may instead draw on claims from sources
without a common schema or mapping. For each
question, they must decide at answer time which
comparisons or combinations those claims support.

Statistical metadata. Standards and systems
such as the Generic Statistical Information Model,
the RDF Data Cube vocabulary, and Data Com-
mons can represent numerical observations to-
gether with information about what they measure,
how they were produced, and where they come
from (United Nations Economic Commission for
Europe, 2024; Cyganiak and Reynolds, 2014; Guha
et al., 2023). Recent work also makes this infor-
mation available to language models for statistical
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retrieval, reasoning, and source selection (Radhakr-
ishnan et al., 2024; Belyaeva et al., 2026; Zhang
et al., 2026). In particular, Zhang et al. (2026) use
metadata to identify relevant and sufficient data
sources for an analytical task. We focus on the sub-
sequent problem: when several retrieved claims re-
main valid under different operationalizations, the
system must determine which comparisons, combi-
nations, and answers they support. Metadata alone
may still not determine which claim should answer
the question when the user’s purpose is unclear.

Automated evidence synthesis. LLM systems
increasingly support systematic reviews and meta-
analyses by retrieving studies, screening them, and
extracting findings for synthesis (Qiu et al., 2025;
Xie et al., 2026; Tan and D’Souza, 2026). This
makes our problem especially important: before re-
sults can be combined, the system must determine
whether they are comparable given how the quan-
tities were defined and estimated. Existing work
mainly studies retrieval, screening, and extraction.
It generally does not address which comparisons
or combinations are valid across such findings, or
how unresolved differences should be preserved in
the final synthesis.

3 Operationalization Plurality Does Not
Imply Factual Conflict

A construct is the concept or phenomenon we want
to measure, such as unemployment, emissions, or
food insecurity. Operationalizing a construct re-
quires two kinds of decisions. First, we must de-
fine the quantity to be measured: what is included
or excluded, how observations are counted, and
how values are aggregated (Adcock and Collier,
2001; Jacobs and Wallach, 2021). Second, we
must decide how to estimate that quantity, includ-
ing the data sources, instruments, models, estima-
tors, and adjustments used. Together, the definition
of the quantity and the procedure used to estimate it
form an operationalization. We focus on numerical
claims because operationalization differences di-
rectly affect comparisons, combinations, and rank-
ings, although the same problem can also arise for
other factual claims.

Different operationalizations may define differ-
ent quantities for the same construct. They may
also use different procedures to estimate the same
quantity. In both cases, the resulting values may dif-
fer even though neither claim is necessarily wrong.
This is clearest when the operationalizations define

different quantities. When different procedures es-
timate the same quantity, the boundary with factual
conflict is less clear, and credibility, uncertainty,
and data quality may matter. The research program
in Section 4 focuses on differently defined quanti-
ties. For factual conflicts between estimates of the
same quantity, the methods discussed in Section 2
apply.

In our example, territorial and consumption-
based accounting define different quantities rather
than competing estimates of the same quantity.
Similar operationalization differences also arise
in measures of unemployment, inflation, excess
mortality, and food insecurity.

A clear factual conflict, by contrast, arises when
two claims report incompatible values for the same
quantity, entity, and period under the same oper-
ationalization. Two sources might, for example,
report different values for Australia’s territorial
emissions in 2022 while using the same accounting
framework, data version, and estimation procedure.
The difference might then result from an error in
calculation or reporting. Credibility, uncertainty,
and data quality become relevant. Territorial and
consumption-based emissions instead describe dif-
ferent quantities. Their values therefore do not
conflict merely because they differ.

Different operationalizations do not always con-
verge into a single standard. In some fields, one op-
erationalization becomes widely accepted (Chang,
2004). In others, several operationalizations persist
because they define quantities that serve different
legitimate purposes. Better data or estimation pro-
cedures may improve the estimates within each op-
erationalization, but they do not determine which
quantity is relevant to the question.

Whether claims can be used together depends on
the requested comparison or combination. Credibil-
ity, uncertainty, and data quality may help choose
among estimates of the same quantity, but they
cannot determine which of two differently defined
quantities is relevant.

3.1 Pilot study

We examined how models compare countries when
the retrieved sources report emissions under dif-
ferent accounting frameworks. Each passage was
about 200 words long and reported one coun-
try’s emissions in the style of a data release or
a policy brief. We varied a single sentence to
name the framework, describe it without nam-
ing it, or provide no operationalization informa-
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Ranked without Ranked with

Passages qualification qualification Declined
Framework named 6 9 3
Framework described 6 7 5
No operationalization 18 0 0

Table 2: Mismatched responses by operationalization
information, with 18 responses per row.

tion. Mismatched requests contained one passage
per country under different frameworks and asked
which country had higher total annual COs emis-
sions in 2022, similar to the introduction’s exam-
ple. We used three country pairs: UK—France,
Australia—UK, and Germany—Japan and three mod-
els: Gemma 4 31B IT, Qwen3.8 Max, and Claude
Opus 5 (Appendix A).

Two kinds of control requests used the same pas-
sages. Matched requests contained two passages
under the same framework, so a direct ranking was
supported. Complete requests contained all four
values, as in the introduction, so an adequate an-
swer could preserve both rankings. All 18 matched
responses ranked directly. All 18 complete re-
sponses presented both rankings. One Gemma re-
sponse first paired values across frameworks before
correcting itself. For Australia and the United King-
dom, Qwen and Opus then selected the territorial
result as the one conventionally reported.

Table 2 reports 54 mismatched responses. The
two values alone do not justify a ranking on a
common accounting basis, since they use differ-
ent operationalizations. We count rankings without
qualification, rankings qualified by framework dif-
ferences, and whether the LLM declines to rank
both countries. The validity of the qualification
of the model is not further investigated. In no re-
sponse the LLMs asserted an error or substitutedthe
provided values its own values.

When the passages did not identify the opera-
tionalizations, all 18 responses ranked them with-
out qualification. For example, when the passages
gave the United Kingdom’s territorial value (311.1)
and France’s consumption-based value (437.4), all
three models answered France, which is wrong
under both frameworks.

With the framework named or described,
Gemma ranked without qualification in all 12 re-
sponses. Qwen ranked with qualification in 11 and
declined in 1. Opus declined in 7 of the 8 responses
for UK-France and Australia—UK. For Germany—
Japan, it ranked with qualification. Naming and de-

scribing the frameworks produced similar response
patterns. Opus, and sometimes Qwen, invoked
trade adjustments not documented in the passages.

Providing operationalization information did not
consistently prevent unqualified comparisons. The
pilot does not test recovery of operationalizations
documented separately from values.

4 From Operationalization Plurality to an
Answer

Addressing operationalization plurality in gener-
ated answers raises three connected research chal-
lenges. They concern recovering and retaining
the operationalization of each value, determining
which comparisons and combinations the result-
ing claims support, and deciding which supported
result adequately answers the question.

The first challenge is to recover the operational-
ization of each value and keep it attached to the
correct claim. Rather than treating a value as a
standalone fact, the system must represent it as part
of a claim that specifies the construct and quan-
tity measured, the entity (here, a country) and time
period, the unit, the operationalization, and the
provenance. For example, the first value in Ta-
ble 1 connects 384.1 MtCOs to Australia in 2022 to
emissions from fossil fuels and industry excluding
land-use change, to territorial accounting, and to its
source. Existing models for statistical observations,
variables, provenance, and qualified statements, in-
cluding Wikidata’s determination-method qualifier
(P459), provide useful building blocks for repre-
senting such claims without requiring a universal
ontology of operationalizations (United Nations
Economic Commission for Europe, 2024; Cyga-
niak and Reynolds, 2014; Janowicz et al., 2019;
Vrandeci¢ and Krotzsch, 2014).

Recovering the operationalization remains dif-
ficult even where suitable metadata models exist
(United Nations Economic Commission for Europe,
2024; Cyganiak and Reynolds, 2014; Radhakrish-
nan et al., 2024; Belyaeva et al., 2026). A value and
its operationalization may be documented in differ-
ent places, and the documentation may not men-
tion the entity in question. Retrieval based mainly
on topical relevance may therefore find the value
while missing the information needed to interpret it.
The system must determine which description ap-
plies to which value and indicate when information
about the operationalization remains incomplete or
uncertain. Attaching the wrong operationalization
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to a value can be more misleading than leaving it
unresolved.

The second challenge is to assess whether the
claims support the requested comparison or com-
bination. In the example, the territorial values for
Australia and the UK support one ranking, while
the consumption-based values support another. Re-
trieval may return Australia’s territorial value from
one source and the UK’s consumption-based value
from another. Directly ranking the countries from
those two values alone is unsupported because they
refer to differently defined quantities. The four
claims in Table 1 can nevertheless be presented
together to explain why the rankings differ. Two
values are therefore not simply compatible or in-
compatible. Whether their claims can be used to-
gether depends on the requested comparison or
combination. At answer time, the system must
determine whether those observations support the
requested operation. In the pilot, unqualified com-
parisons persisted even when the passages identi-
fied the operationalizations. Explicit mappings or
justified bounds may support comparisons across
operationalizations. Otherwise, this judgment may
require inference from descriptions of the opera-
tionalizations (Lenzerini, 2002; Goh et al., 1999;
Zheng et al., 2012; Kroll et al., 2020). When this
cannot be established, the requested comparison or
combination should remain unresolved.

The third challenge is to determine which of
the supported results adequately answers the ques-
tion. Operationalization information can identify
the valid alternatives and explain their differences,
but it does not necessarily provide a basis for se-
lecting among them. That basis must come from
the question, its context, or an established reporting
convention. Such a convention may provide a basis
within its intended context, but it does not make
that operationalization appropriate for every pur-
pose. An answer that relies on a reporting conven-
tion should state which operationalization it uses,
as Qwen and Opus did when all four values were
available. If the question, its context, and reporting
conventions do not resolve the choice, the system
should preserve the alternatives rather than silently
selecting one result (Min et al., 2020; Cattan et al.,
2025; Zhang et al., 2026).

A good system therefore preserves operational-
ization plurality when the choice of operationaliza-
tion changes the answer, and neither the question,
its context, nor an established reporting convention
provides a defensible basis for selecting one result.

Otherwise, it may answer directly while retaining
the relevant qualification. Silently removing an un-
resolved choice that changes the answer produces
operationalization collapse.

Evaluation must reflect both sides of this require-
ment. Systems may fail by collapsing operational-
ization differences, but also by surfacing irrele-
vant qualifications or refusing comparisons that the
claims support. Evaluation therefore needs cases in
which the choice of operationalization changes the
answer and cases in which a direct answer is justi-
fied. A benchmark with a single gold answer may
itself encode one operationalization while present-
ing the target as independent of that choice. Match-
ing that value alone cannot distinguish a system that
correctly operationalizes it from one that silently
collapses the difference or merely expresses gen-
eral caution. In the pilot, all unqualified rankings
for Germany and Japan selected Japan, which has
higher emissions under both frameworks. A bench-
mark that scored only the selected country would
have marked these responses correct.

5 Conclusion and Outlook

Generated answers concentrate decisions that were
previously distributed across data producers, do-
main standards, and human analysts. When sys-
tems draw on values from an open set of sources,
they implicitly decide which values can be com-
pared or combined and which operationalization
should be used to answer the question. If these de-
cisions remain hidden, operationalization choices
appear as neutral facts.

Our vision is to keep operationalizations at-
tached to claims and choices among them explicit
until the question, its context, or an established re-
porting convention provides a basis for resolving
them. The consequence is that the correctness of
an answer cannot be judged from the selected value
alone: a value may be correct while the answer is
still wrong because it hides a choice that changes
the result. Future work must determine when such
choices matter in practice and whether systems can
preserve them without treating every difference in
operationalization as an obstacle to answering.

Limitations

This paper presents a conceptual framework rather
than a formal semantics or an implemented sys-
tem. Operationalizations may be only partly docu-
mented, and judgments about whether claims sup-
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port a particular comparison or combination may
vary across domains and reporting contexts. The
question, its context, or an established reporting
convention may also fail to provide a clear basis
for selecting among valid claims. Finally, the preva-
lence and practical impact of operationalization col-
lapse in generated answers remain empirical ques-
tions. The pilot uses passages we wrote for one
accounting distinction, one data source, and three
country pairs, with one response per model and re-
quest. Thus we use it to demonstrate the existence
of the problem itself, wihout making statements
about the prevalence of the error itself.
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from fossil fuels and industry, excluding land-use
change, in 2022, in MtCOy (Our World in Data,
2025). Territorial and consumption-based values,
respectively, were: Australia 384.1 and 365.1;
United Kingdom 311.1 and 502.8; France 295.3
and 437.4; Germany 667.8 and 838.8; Japan 1029.6
and 1201.5. The UK is higher than France under
both frameworks, but its territorial value is lower
than France’s consumption-based value. Between
Australia and the UK the ranking reverses between
frameworks. Japan is higher than Germany under
both.

Passages. Each passage was a paragraph of
around 200 words about one country under one
framework, written as a data-release note or a pol-
icy brief. It contained the value sentence “Accord-
ing to the Global Carbon Budget figures published
by Our World in Data, [country]’s carbon dioxide
emissions in 2022 totalled [value] million tonnes.”
The next sentence named or described the frame-
work, or provided no operationalization informa-
tion. The surrounding text described the country,
the year, the source, and the public use of the figure.
It contained no term from either framework’s defi-
nition, no statement about where emissions occur
or to whom they are attributed, and no numerals
other than the value and the year. All passages
cite the same source. The sentences varied across
conditions as follows:

e Territorial, named: “The figure is the country’s terri-

torial total, also published as production-based emis-
sions.”

Territorial, described: “The figure counts the carbon
dioxide released inside the country’s own borders, from
fuel burned and industrial processes there, regardless of
where the resulting goods and services are used.”

* Consumption-based, named: “The figure is the coun-
try’s consumption-based total.”

* Consumption-based, described: “The figure counts the
carbon dioxide released, wherever in the world it oc-
curred, to produce the goods and services used by the
country’s residents, so it includes emissions from mak-
ing imports and leaves out emissions from making ex-
ports.”

* No operationalization, both frameworks: “The figure
is the annual total for the calendar year, taken from the
2025 data release and rounded to one decimal place.”
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Framework Ranked without Ranked with

information  qualification  qualification Declined
Gemma 4 31B IT

Named 6 0 0
Described 6 0 0
Omitted 6 0 0
Owen3.8 Max

Named 0 6

Described 0 5 1
Omitted 6 0

Claude Opus 5

Named 0 3 3
Described 0 2 4
Omitted 6 0 0

Table 3: Mismatched responses by model and opera-
tionalization information. Each row of counts covers
six responses: three country pairs and two framework
assignments.

Requests. Mismatched requests contained one
passage per country, with the territorial passage
first. The two assignments swapped which country
used each framework. Both writing styles were
used with each framework equally often. Matched
requests contained two passages under the same
framework, with the framework described. Com-
plete requests contained all four passages, with the
framework named or described. This gives 54 mis-
matched, 18 matched, and 18 complete requests.
The system instruction was ‘““You are a research
assistant. Answer the user’s question using the
retrieved excerpts.” The user message was “Did
[country 1] or [country 2] have higher total annual
CO2 emissions in 20227 followed by “Retrieved
excerpts:” and the numbered passages. Gemma 4
31B IT, Qwen3.8 Max (0902), and Claude Opus 5
answered each request once at temperature 0, with
a completion limit of 4,096 tokens. Qwen and Opus
used medium reasoning effort. No response was
empty or truncated.

Annotation. Each mismatched response was la-
beled ranked without qualification, ranked with
qualification, or declined (Section 3.1); error as-
serted (a value must be wrong); or override (own
figures used). We judged responses as a whole:
numerical rankings with comparability caveats
counted as qualified unless the response withheld a
country ranking. Requiring figures on the same
accounting basis did not itself count as declin-
ing. Matched responses were labeled direct an-
swer, needless qualification, or refusal; complete re-
sponses, both rankings presented, a single ranking


https://github.com/JanKalo/akbc2026-vision
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with or without qualification, error asserted, or a
ranking combining values across frameworks. Two
separate sessions of a Claude assistant (recorded
as Fable 5.1) initially agreed on 86/90 labels; the
author resolved four differences, then reviewed 13

selected responses and changed three saved labels.

Table 3 reports mismatched responses by model.
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