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Abstract

Consumers facing home-renovation quotes operate in a classic credence-goods market: they cannot
readily verify whether a quoted price is fair, and general-purpose large language models (LLMs) are
now a zero-cost place to ask. Whether LLM answers are actionable for this purpose is untested.
Demand-side benchmarks exist for medical, legal, and financial advice, but not for construction costs.
We present, to our knowledge, the first consumer-question benchmark for construction costs. Forty
Japanese renovation-price questions were posed to frontier LLMs, with repeated-trial sets measuring
output stability. A matched re-run at bare provider defaults with a current frontier model (gpt-5.5) was
added to remove a settings confound present in the original configuration. Two findings are robust
across models, generations, and settings: no LLM answer contained an explicit over-charge decision
threshold, and repeated runs of the same question returned materially different price figures. Within-
answer price spans are also wide, with a median of 10x under bare defaults. A deterministic structured
engine over an open cost database is included as an existence proof that a citable reference layer is
constructible. Its consistency is a design property and its accuracy is not validated here; validating it
against completed real-world quotations is the next study. All questions, raw outputs, harness, and
scoring code are public.
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1. Introduction

Home renovation is an archetypal credence good. A homeowner who receives a quotation for exterior
painting or a bathroom replacement typically cannot judge, before the work and often even after it,
whether the quoted quantities, unit prices, and overheads are appropriate [1,2]. The market conditions
that theory identifies as conducive to overcharging are all present: infrequent purchases, large stakes,
pronounced information asymmetry, and weak verifiability of what was actually delivered [2,3]. Field
experiments confirm the mechanism in adjacent credence-goods markets, where providers
systematically charge uninformed consumers more, from taxi rides to repair services [4]. The landmark
laboratory test granted buyers verifiability as an experimental condition and found at best a minor effect
on efficiency [3]. The literature has treated this as an open puzzle, attributing it in part to the absence of
any real instrument by which buyers could verify [5]. The renovation and construction sector is among
the largest household expenditures where these conditions apply, yet it has attracted almost no
demand-side empirical attention [5].

Into this gap has stepped a new possible advisor. Consumers can now put price questions to general-
purpose large language models (LLMs) at no cost, asking, for example, “How much should exterior
painting cost for a 100 m? house?” The appeal is obvious: an LLM is free, immediate, and unaffiliated
with any contractor. The reliability literature, however, gives reasons for caution. LLMs hallucinate
plausible-sounding specifics [6]. The variability of their generations is itself a diagnostic signal of
unreliable content [7]. Their outputs also fail to reproduce across runs even under nominally
deterministic settings in hosted environments [8], a phenomenon not attributable to sampling
temperature alone [9]. Whether these general concerns translate into practical unfitness for consumer
price guidance is an empirical question, and one that no benchmark currently answers for construction
costs.

Demand-side evaluations, meaning benchmarks built from the questions consumers actually ask and
scored on properties consumers actually need, exist in neighboring high-stakes advice domains.



Physician-versus-chatbot comparisons on real patient questions established the paradigm in medicine
[10], including reliability under repeated questioning [11]. Large-scale hallucination profiling has done
the same for legal advice [12,13], and financial-literacy testing has probed LLMs as a source of
consumer financial guidance [14]. Domain-specific benchmark construction is by now
methodologically mature [15]. In Japanese, LLM evaluation has concentrated on professional licensing
examinations [16], and for construction costs no consumer-question benchmark exists in any language,
to our knowledge.

The construction-informatics literature, for its part, has studied cost estimation intensively but almost
exclusively from the supply side. Three decades of Al-based parametric cost modeling serve estimators,
contractors, and owners [17], and recent methodological reviews critique that literature’s reliance on
small, proprietary datasets [18]. Work on LLMs in construction likewise targets professional
workflows: opportunity mapping [19,20], schedule generation [21], and natural-language interfaces to
structured project data [22]. What a lay consumer gets when asking an LLM about a renovation price,
the demand side of the same market, has not been measured.

This paper measures it. We pose 40 Japanese consumer-facing renovation cost questions to frontier
LLMs under provider-default settings, matched across models, and add repeated-trial sets to quantify
output stability. We score properties that bear on whether an answer is actionable for a consumer: the
span of price figures within an answer (median spans of 5x to 15x by model, with one answer’s figures
spanning 1,400x), the presence or absence of a decision threshold (“above X, seek a second opinion”),
and run-to-run consistency of the figures themselves. Alongside the LLMs we place a deterministic
structured cost engine built on an open Japanese construction cost database (JCCDB). Its epistemic
status is stated plainly. Its run-to-run consistency is a design property declared upfront, not an
empirical discovery, and its point-estimate accuracy against completed real-world projects is not
validated here; that validation is the next study. The engine serves in this paper as an existence proof
that a verifiable, citable reference layer for consumer cost questions can be built from open data today.

The contributions are four. First, the paper provides the first demand-side consumer benchmark for
construction cost questions, released in full with questions, raw outputs, and scoring code. Second, it
defines consumer-relevant metrics, namely within-answer figure span, threshold presence, and
repetition consistency, that measure actionability rather than examination accuracy. Third, it offers an
existence proof that a deterministic, verifiable reference layer for such questions is constructible from
open data, with its limits stated. Fourth, it builds an interdisciplinary bridge between credence-goods
economics, LLM evaluation, and construction informatics, with an explicit accuracy-validation
roadmap. The author’s commercial interest in the engine is disclosed and mitigated by the public
replication package and by the fact that the paper’s primary empirical contribution, the measurement of
general-purpose LLMs, stands independently of the engine.

2. Related Work

2.1. Reliability and Consistency of LLM Outputs

Hallucination, meaning fluent but unfounded content, is the headline failure mode of LLMs, and its
taxonomy and mitigation are the subject of a substantial survey literature [6]. A recurring finding is that
variability across generations carries signal about reliability: semantic entropy over multiple sampled
answers detects confabulations [7], building on the insight that meaning-level variation is what matters
for uncertainty estimation [23]. Sampling multiple reasoning paths and aggregating them improves
accuracy precisely because individual runs are unstable [24]. Two results are particularly relevant to a
pricing benchmark. First, temperature alone does not explain output instability [9]. Second, commercial
LLM APIs fail to reproduce outputs even at nominally deterministic settings in hosted environments
[8]. Together these motivate our protocol choices: provider-default (matched) settings, repeated trials
as a first-class measurement, and consistency reported as a consumer-facing property.



2.2. Demand-Side Benchmarks for Consumer Advice

High-stakes advice domains have developed evaluations built from real consumer questions. In
medicine, chatbot answers to patient questions were compared with physician answers along quality
and empathy dimensions [10], and follow-up work examined accuracy alongside reliability under
repeated questioning [11]. In law, hallucination rates were profiled at scale, with harm falling
disproportionately on those who cannot afford professional verification [12]; even retrieval-augmented
commercial legal tools hallucinate at non-trivial rates [13]. In finance, GPT-family models were
assessed both on financial-literacy instruments and on how laypeople use them for advice [14].
Methodologically, expert-informed benchmark construction is well established [15]. Japanese-
language evaluation, however, has centered on professional examinations [16], which measure
credentialed knowledge rather than the actionability of answers to lay questions. No comparable
benchmark exists for construction costs in any language, to our knowledge; this paper supplies one.

2.3. Cost Estimation and LLMs in Construction Informatics

Al-based construction cost estimation has a three-decade history, surveyed across twenty-plus model
families [17]. Its orientation is consistently supply-side: models are trained on project databases to serve
estimators and owners. Recent critical reviews document methodological weaknesses such as small
samples, proprietary data, and limited external validity, and they call for more transparent data
foundations [18]. The arrival of LLMs has produced a fast-growing companion literature: opportunity-
and-limitation maps for GPT-class models in construction [19], empirical probes of LLM performance
on professional tasks such as project scheduling [21], adoption analyses for text-based generative Al
[20], and LLM-driven natural-language interfaces over structured building data [22]. Closest to our
territory are direct evaluations of LLM cost estimates for professional estimating: a bridge-rehabilitation
bid-pricing pilot reporting consistency and reliability concerns with ChatGPT-derived estimates [25],
and prompting frameworks for conceptual cost estimation benchmarked against professional cost data
[26]. Our work differs on two axes. First, the questions come from consumers, not professionals.
Second, our structured baseline inverts the usual pipeline: rather than training a model on closed
project data, it computes deterministically over an open cost database, so that any figure it produces can
be traced to a citable source.

2.4. Credence Goods and the Economics of Expert Markets

The economics of credence goods provides the market framing. The concept originates with Darby and
Karni [1]; the canonical survey formalizes when overtreatment, undertreatment, and overcharging
arise as equilibrium phenomena, with verifiability and liability as the key institutional levers [2]. The
empirical record is more complicated than the theory. The landmark laboratory experiment endowed
buyers with verifiability by design and found it had at best a minor effect on efficiency, against
theoretical expectation [3]; this remains an open puzzle [5]. One reading of the null result is that
conferred verifiability abstracts away the instrument a real buyer would need. In the experiment,
verification was a rule of the game, whereas in a real market it must be acquired, that is, sought out,
consulted, and brought to a negotiation. What the field evidence does show is that the buyer’s
informational position matters: visibly uninformed customers are charged systematically more [4], and
everyday repair and construction services remain strikingly under-studied relative to healthcare and
vehicle repair [5]. This literature does two jobs here. It explains why consumer-side price information
matters, since asymmetry rather than scarcity of contractors is the binding constraint [4]. And it frames
the open question to which a reference layer speaks: whether an acquired, instrument-based form of
buyer-side information can do in the field what conferred verifiability did not do in the laboratory [3].
Building such an instrument is the precondition for asking that question empirically.

2.5. Al Advice and Consumer Protection

A normative literature is emerging on the obligations attached to Al-generated advice. Careless LLM
speech has been analyzed as a distinct, cumulative societal harm with no current legal duty of
truthfulness attached [27]; empirical profiling of legal hallucinations frames unreliable Al advice



explicitly as a consumer-protection problem [12,13]. Our benchmark contributes the construction-cost
instance of this agenda, and our metrics of span, thresholds, and consistency are designed so that
regulators or platforms could re-run them as conformance checks; the full pipeline is public.

2.6. Positioning

At the intersection of demand-side advice benchmarks, construction cost informatics, and credence-
goods economics we find no prior work: no benchmark of consumer construction-cost questions, no
consumer-side evaluation in construction informatics, and no credence-goods analysis that measures
the new de facto advisor, the LLM. This paper occupies that empty intersection.

3. Materials and Methods

3.1. Question Set

The benchmark comprises 40 Japanese renovation-price questions phrased as a consumer would ask
them, spanning six categories of residential work: exterior (Q1-8), water-related fixtures and
equipment (Q9-16), interior (Q17-22), electrical and heating (Q23-28), maintenance, demolition and
grounds (Q29-35), and large-scale renovation (Q36—40). The full set, with English translations, is
included in the public replication package.

3.2. Systems and Settings

The original study evaluated GPT-40 (temperature 0.7, 1,200-token cap), Gemini 2.5 Flash (provider
defaults), and a deterministic structured engine on the open JCCDB. To address the matched-settings
concern, we re-ran the cost questions under bare provider defaults (no temperature override, no token
cap, no system prompt) using the current OpenAl flagship, gpt-5.5. GPT-4o itself was excluded from
the re-run because it (a) carried the non-default settings at issue and (b) was being deprecated by its
provider at the time of writing; gpt-5.5 is its provider-designated successor. A current Gemini re-run
(gemini-3.5-flash and gemini-2.5-flash, defaults) was begun but limited by free-tier daily quota; it is
therefore reported only as a prose observation, not tabulated. The re-run harness (per-provider default
calls, per-call JSON logging including token usage, resume support) and the re-run raw outputs are
archived with version 2 of the replication record.

3.3. Procedure

Three passes were collected. The cross-sectional pass posed all 40 questions once per system. The broad-
repetition pass posed the first twenty questions five times each. The deep-repetition pass posed four
characteristically wide questions (Q31 roof-leak, Q37 condominium, Q38 30-year detached, Q39
barrier-free) five times each. The engine is deterministic by design and was not re-run for stability.

3.4. Metrics

The span metric (referred to as “width” in the original release) is the largest figure stated in man-yen
(10,000-yen units) anywhere in an answer divided by the smallest, rounded to one decimal place. Two
properties of this measure are stated explicitly. First, it spans all man-yen figures, including headline
ranges, itemized components, and unit rates alike, and is therefore monotone in answer content: a
longer answer can only widen, never narrow, its span. It measures the numerical dispersion a consumer
must integrate, not the narrowest range a model explicitly offers; annotating explicitly offered headline
ranges is a finer measurement left to future work, for which all raw outputs are released. Second, the
figure-extraction convention is inherited unchanged from the original release for comparability,
including its handling of compound notations, and the scorer is public so that the convention can be
audited. An answer containing fewer than two man-yen figures has no computable span; such answers
are recorded as not scorable and excluded, because a missing range is not a tight range. The decision-
threshold metric records the presence of an explicit over-charge ceiling marker. Run-to-run consistency
is the sample standard deviation of the span across the five repeated runs, over valid runs only. The
study is deliberately descriptive: we report medians, quartiles, and per-question dispersion rather than



inferential statistics, and release per-run data for finer treatment. We verified that the re-run scorer
reproduces the originally published figures exactly on the original outputs.
3.5. Reproducibility

All questions, raw outputs, and the scoring script are archived at Zenodo (DOI:
10.5281/zenodo.20522846, CC BY 4.0). The matched re-run harness writes per-call records including
token usage, enabling independent re-scoring.

4. Results

4.1. Cross-Sectional Within-Answer Figure Span

Table 1. Within-answer price-figure span, cross-sectional pass (40 questions, one run per model).

System (settings) Scored Median Q1/03 Max (qid) Not | Threshold
scorable

GPT-4o, original (temp 0.7, 27/40 5.0 3.0/15.0 1,400 (Q37) 13 0/40

cap)

gpt-5.5, re-run (bare defaults) 39/40 10.0 4.0/25.0 300 (Q35) 1 0/40

Gemini 2.5 Flash, original 33/40 15.0 72 /425 250 (Q38) 7 0/40

(defaults)

Because the span statistic is monotone in answer content (Section 3.4), the uncapped re-run
mechanically tends toward wider spans and higher scorability: gpt-5.5 yields a computable span on 39
of 40 questions (median 10x) where the capped GPT-40 yielded 27 (median 5x). We therefore do not
read the 5x-to-10x shift as models worsening; we read it as the original token cap having truncated the
figure-rich answers that bare defaults produce. The extreme values illustrate what the span captures.
The 1,400x maximum arises within one answer that quotes a 10,000-yen per-square-metre unit rate
alongside a 14-million-yen project total, figures a consumer must reconcile unaided. What the cross-
sectional pass establishes, in every configuration, is that a consumer asking a price question receives an
answer whose figures span multiples, from 5x to 15x at the median, with the integration work left to the
reader (Table 1, Figure 1). A partial current-Gemini re-run at defaults (22 scorable of 22 answered for
gemini-3.5-flash and 21 of 23 for gemini-2.5-flash, quota-limited and excluding the large-scale category)
showed medians of 15x and 10x, directionally consistent; we do not tabulate it.

Median within-answer price-figure span per consumer question

GPT-40 5X
(original: temp 0.7, token cap)

gpt-5.5
(re-run: bare defaults)

10x

Gemini 2.5 Flash
(original: defaults)

15x

0 2 4 6 8 10 12 14 16
Median within-answer figure span (largest man-yen figure / smallest)

Figure 1. Median within-answer price-figure span, by model and settings (cross-sectional pass).
4.2. Span Distribution
Table 2. Span distribution, scored questions only.
System >2x >10x >50x scored n

GPT-4o (original) 23 8 2 27
gpt-5.5 (re-run) 36 17 4 39



>10x >50x scored n
Gemini 2.5 Flash (original) 31 18 7 33

Under bare defaults, 36 of gpt-5.5"s 39 scorable answers span more than 2x, and 17 span more than 10x
(Table 2).

System >2x

4.3. Decision Thresholds

No LLM answer, in any configuration, whether original or re-run, contained an explicit over-charge
ceiling marker (GPT-40 0/40, gpt-5.5 0/40, Gemini 2.5 Flash 0/40; likewise 0 in both partial Gemini re-
runs). This result does not depend on the span metric or on answer length. A numeric threshold,
meaning an amount above which a received quote warrants challenge, is one directly actionable
element an answer can carry, and it is absent from general-purpose LLM answers regardless of model
generation or settings. Whether its absence reflects capability or deliberate provider caution in giving
definitive financial advice, the consumer-facing outcome is the same. The structured engine’s released
outputs include such a marker where its reference data supports one (3 of 40 questions), reported here
as a structural difference in answer format, not a performance ranking.

4.4. Deep Repetition: Four Wide Questions, Five Runs

Table 3. Median | sample standard deviation of the span across five identical runs.

Question GPT-40 (orig) Gemini 2.5 (orig) gpt-5.5 (re-run)
Q31 roof-leak repair 35.0/41.6 50.0 / 47.5 200.0 / 77.8
Q37 condominium renovation 150.0 / 741.1 200.0 / 100.0 100.0 / 69.5
Q38 30-yr detached renovation 15.0/22.4 13.3 / 60.6 438 /8.7
Q39 barrier-free renovation 100.0 / 76.0 166.7 / 101.1 100.0 / 75.8

The instability survives the matched re-run intact: gpt-5.5, asked the same question five times, returns
answers whose figure span varies with sample standard deviations up to 78 (roof-leak repair; Table 3,
Figure 2). Re-running at clean defaults did not stabilize the answers: the figures a consumer receives

depend materially on which run they happen to get.
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Figure 2. Within-answer figure span across five identical runs (gpt-5.5, bare defaults); bars show the median, whiskers the

sample standard deviation.

4.5. Broad Repetition: Twenty Questions, Five Runs

Table 4. Broad repetition summary.

GPT-40 (orig)

Gemini 2.5 (orig)

gpt-5.5 (re-run)

Questions with computable SD

14/20

19/20

19/20

SD range across questions

0.29-34.2

0.0-97.6

0.25-26.2

Instability is the norm, not the exception: on 19 of 20 questions gpt-5.5's figure span varies across repeats

(Table 4).



4.6. Matched Re-Run: The Finding Is Robust to Settings and Model Generation

A natural objection to the original study is that it confounded model with configuration: GPT-40 ran
with a raised temperature and a token cap while Gemini ran at defaults. The matched re-run removes
that confound. Its result is not that the numbers are unchanged, since the span statistic is monotone in
answer content and uncapped answers tabulate wider (Section 4.1); it is that the consumer-facing
properties of concern survive the correction. Two of the three properties do not depend on the span
definition at all: no configuration produced a decision threshold (Section 4.3), and repeated runs
remained materially unstable (Sections 4.4 and 4.5). The third property, wide within-answer spans,
persists at bare defaults (median 10x) with the mechanical caveat stated in Section 4.1. We therefore
report the actionability gap as a property of current general-purpose LLMs on these questions rather
than an artifact of one model’s settings; a complete same-generation Gemini pass, quota-limited here, is
a straightforward extension.

5. Discussion

5.1. Implications for Construction Informatics

The construction-informatics literature has invested three decades in supply-side cost models [17,18],
yet the first place a consumer now encounters a “cost estimate” is none of these systems. It is a general-
purpose LLM. Our results indicate that this de facto front door leaves the consumer’s core problem
unsolved: within-answer figure spans of 5x to 15x at the median across configurations, no decision
thresholds in any configuration, and figures that change across runs. For the field, this reframes an old
topic. Cost-estimation research has optimized accuracy for professionals holding project data; the open
problem exposed here is reference infrastructure for non-professionals holding nothing but a quotation.
The critical reviews’ call for transparent, open data foundations [18] acquires a consumer-protection
rationale in addition to a methodological one: a reference layer can only be citable if its data are open.

5.2. A Credence-Goods Reading of the Results

Credence-goods theory names verifiability as an institutional lever [2], yet the landmark experiment
found that verifiability conferred by experimental fiat moved outcomes at best marginally [3], while
field evidence consistently shows that the buyer’s informational position changes what they are
charged [4]. Read through this lens, the two artifacts examined here occupy different institutional roles.
An LLM answer, being figure-dense, threshold-free, and unstable, functions as another opinion: it may
reassure or alarm, but a consumer cannot take it into a negotiation, and a contractor has no reason to
concede to it. A deterministic figure traceable to a public database is different in kind, since it is
checkable by both parties, an acquired instrument rather than a conferred condition. Whether such an
instrument shifts market outcomes in the field, the question the conferred-verifiability experiments
could not answer [3], becomes empirically askable once the instrument exists. This is why we frame the
engine as an existence proof of a reference layer rather than as a better oracle: the economically relevant
property is not that its numbers are narrower, but that they are contestable.

5.3. What the Existence Proof Does and Does Not Establish

The epistemic status of the structured engine is worth stating carefully. Its run-to-run consistency is a
consequence of deterministic design and is therefore declared upfront, not presented as an empirical
discovery. Its accuracy against realized project outcomes is not validated in this study; a consistent
reference can still be a consistently imperfect one. What the existence proof establishes is narrower but
decisive for the research agenda: the informational ingredients required for a verifiable consumer
reference layer, namely an open cost database, explicit quantity assumptions, and reproducible
computation, already exist and can be assembled today. Whether the resulting figures are right is the
validation question we define as the next study (Section 7).



5.4. Reproducibility in a Moving Ecosystem

Two reproducibility hazards deserve emphasis because they are structural. First, hosted LLM APIs do
not guarantee output reproducibility even under nominally deterministic settings [8], and our
repeated-trial results quantify the consumer-facing consequence. Second, the models themselves retire:
between the original experiments and the matched re-run reported here, one of the two originally tested
models (GPT-40) was deprecated by its provider, so that exact replication of a published LLM
benchmark can become impossible within months. Both hazards argue for the design adopted here,
namely provider-default matched settings, dated snapshots, and full release of questions, raw outputs,
and scoring code. Both also underline, by contrast, the value of reference layers whose behavior does
not drift silently.

6. Limitations

Four limitations bound our claims. (i) Accuracy is unvalidated. This study measures actionability
properties of LLM answers and demonstrates the constructibility of a deterministic reference layer; it
does not establish that the layer’s point estimates match realized market prices. This is the principal
limitation and the subject of the planned follow-up. (ii) Scope of the question set. The benchmark
covers 40 consumer questions in Japanese, centered on common residential renovation categories; other
trades, regions, and languages remain untested. (iii) Model coverage is a snapshot. We test frontier
models available at the time of the experiments under default settings; results are dated by design, and
the public pipeline exists precisely so that others can re-run the benchmark as models evolve. The
current-Gemini re-run is a partial sample owing to API quota. (iv) Scoring granularity and construct.
The span metric aggregates all man-yen figures in an answer, including itemized components, and its
extraction convention, inherited unchanged from the original release for comparability, misses some
compound notations (e.g., a lower bound written without the /7 I suffix); it therefore measures the
dispersion of figures presented, not the narrowest range a model explicitly offers, and headline-range
annotation is left to future work on the released outputs. The metrics also do not capture answer
qualities such as empathy or explanation quality that demand-side studies elsewhere examine [10,11].
(v) The engine appears as a structural reference only. Its released outputs are curated consumer-facing
text, not raw traces; for this reason, and given the author’s interest in it, it is not tabulated as a
comparator in the span results, and its internal computation is not part of the replication package.

7. Conclusion

We introduced, to our knowledge, the first consumer-question benchmark for construction costs,
released in full, and used it to measure what a consumer actually receives when asking frontier LLMs
about renovation prices: answers whose figures span multiples (median 5x to 15x by model), no
decision thresholds in any configuration, and figures that vary materially across repeated runs. The
latter two properties are independent of how the span is defined. A matched re-run with the current
OpenAl flagship at bare defaults confirms the pattern is not an artifact of the original settings. We also
demonstrated by construction that a deterministic, verifiable reference layer over an open cost database
is feasible today, and situated its significance in credence-goods economics: verifiability, not another
opinion, is what changes the consumer’s position. A natural next step, and the subject of a planned
follow-up study, is validating the engine’s estimates against completed real-world renovation projects
and accepted quotations, closing the accuracy question that a benchmark of question-answering
behavior alone cannot address. The benchmark, outputs, and scoring pipeline are public; we invite the
community to re-run, extend, and contest them.
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