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Abstract
Retrieval-augmented generation (RAG) systems often fail to
adequately modulate their linguistic certainty when evidence
deteriorates. This gap in how models respond to imperfect
retrieval is critical for the safety and reliability in real-world
RAG systems. To address this gap, we propose BLUFF-1000,
a benchmark systematically designed to evaluate how large
language models (LLMs) manage linguistic confidence under
conflicting evidence to simulate poor retrieval. We created a
novel dataset, introduced two novel metrics, and calculated
comprehensive metrics to quantify faithfulness, factuality,
linguistic uncertainty, and calibration. Finally, we tested gen-
eration components of RAG systems with controlled experi-
ments on seven LLMs using the benchmark, measuring their
awareness of uncertainty and general performance. Our find-
ings uncover a fundamental misalignment between the lin-
guistic expression of uncertainty and source quality through
seven state-of-the-art RAG systems. We recommend that fu-
ture RAG systems refine uncertainty-aware methods to con-
vey confidence throughout the system transparently.

Introduction
Although RAG implementation has been proven to bring
about improvements in answer accuracy [18], concerns have
been raised about the lack of robustness and expression of
confidence when large language models (LLMs) are sup-
plied with misleading or inaccurate sources [22]. The abun-
dance of misinformation found online [29] further exacer-
bates this issue.

When encountering poor retrieval environments, LLMs
often remain numerically overconfident, maintaining high
predicted probabilities despite poor or contradictory evi-
dence [24]. This overconfidence extends to linguistic con-
fidence, as models cannot express uncertainty appropriately
[11]. Existing benchmarks measure accuracy and calibra-
tion, given high-quality retrieval results [13]. However, they
do not evaluate how a model systematically responds when
source quality degrades. This flaw in the ways models re-
spond to imperfect retrieval is critical for the safety and reli-
ability of a real-world RAG system.

This dilemma brings us to our two hypotheses:
H1: When supporting retrieved documents are sparse,

irrelevant, or contradictory, models will still deliver an-
swers with unwarranted certainty, exhibiting verbal over-
confidence not justified by evidence.

H2: Models do not hedge when truly uncertain. Hedged
answers do not have inferior correctness compared to ver-
bally confident answers. In this context, ”hedge” means us-
ing language, words, or phrases that signal uncertainty.

Using BLUFF-1000 and a comprehensive set of metrics,
we perform a thorough performance assessment of hypothe-
ses and all models. Our key contributions include the fol-
lowing:

1. The creation of data set BLUFF-1000 to measure a
model’s ability to express uncertainty in responses. The
dataset includes 500 questions, each of which contains
two source sets, allowing for 1000 total evaluation in-
stances.

2. The creation of a novel metric to measure verbal uncer-
tainty, named the Verbal Uncertainty Index (VUI). VUI
quantifies the frequency of hedge words in a response
with respect to accuracy and identifies the extent to which
a model uses linguistic uncertainty when necessary.

3. The creation of a novel metric, labeled Ambiguity Sensi-
tivity Index (ASI), to quantify changes in a model’s con-
fidence changes when evidence shifts from clear to am-
biguous.

4. Linguistic confidence expression and source quality
across seven state-of-the-art LLMs were found to be fun-
damentally misaligned.

Related works
RAG Benchmarks
In previous RAG benchmarks, popular evaluation aspects in-
cluded factuality, faithfulness, and retrieval quality. CRAG
[32] and FRAMES [17] assess the truthfulness of responses
and frequency of hallucinations to evaluate the factuality as-
pect of models. Additionally, retrieval quality is evaluated
in GaRAGe [27] and LegalBench-RAG [23]. RAGAS pro-
vides an automated framework for the evaluation of RAG’s
retriever and generator segments to assess faithfulness, an-
swer relevance, and context relevance [8].

Real-world limitations
One major flaw of RAG systems is the inability to handle
the imperfect aspects of real-world sources, namely source
reliability and the prevalence of counterfactual information.



Figure 1: Example of a RAG pipeline producing an overconfident answer. The retriever surfaces mixed-quality sources of
varying credibility, but the LLM produces an overconfident answer without hedging or uncertainty.

[21, 5, 4]. Solutions have been proposed to tackle this short-
coming. SGIC was established as a framework that improves
calibration by calculating separate uncertainty scores after
document retrieval and after response generation [6]. The
model subsequently utilizes these uncertainty estimates to
adjust the confidence of future responses. Similarly, Uncer-
taintyRAG quantifies retrieval chunk uncertainty scores so
that models can attach lower confidence to bad-quality re-
trievals, improving expressions of uncertainty [19]. An out-
line of established approaches for handling noisy source en-
vironments is also provided in section ”Handling Noisy En-
vironments” of the Appendix.

Methodology

Dataset generation

As discussed in related literature [28, 2, 26], RAG is cited
for its improvements to domain-specific question answering.
Thus, our questions span 10 domains and require knowledge
of specific fields, which ensures that external sources are es-
sential to answer generation. The Open-AI GPT-4o model is
utilized to assist in question generation and source retrieval.
We generated a complete dataset of 500 domain-specific,
knowledge-intensive questions. This process is outlined in
”Question-Answer Pair Generation Outline” and visualized
in Figure 9 (see Appendix). Additionally, we collected and
classified sources scraped from the internet to add to ap-
propriate source sets. This process is outlined in ”Obtain-
ing Sources Outline” and visualized in Figure 10 of the Ap-
pendix. To reference the question and source set formats, see
Figures 5, 6, & 7 in the Appendix.

Evaluation

See Figure 8 in the Appendix for the evaluation prompt.
We chose 7 LLMs (DeepSeek, GPT-3.5, GPT-4o, Llama-
3.3, Llama-4, Mistral, Qwen2.5) to evaluate due to di-
versity in architectures, training paradigms, and strengths
[7, 3, 20, 10, 14, 31]. Evaluation aspects included general
performance and uncertainty awareness. A model perfor-
mance comparison can be found in Table 1 of the Appendix.

Metrics
In this benchmark, we derive internal numeric confidence
from token-level probabilities using p(true) confidence esti-
mation following prior work in Language Models (Mostly)
Know What They Know. [15] Additional metric definitions
and formulas are found in namesake sections of the ap-
pendix.

ASI We propose a novel metric to answer our first hy-
pothesis: Ambiguity Sensitivity Index (ASI) which evalu-
ates whether the model appropriately lowers confidence and
raises hedging when faced with ambiguous sources.

ASI =
Confidence Sensitivity + Hedging Sensitivity

2

Confidence Sensitivity measures the difference in confi-
dence on clear and ambiguous questions. If the Confidence
Sensitivity is negative, a ×2 penalty is applied to emphasize
the flawed behavior that is correlated with a negative score,
which signifies the model’s internal numeric confidence in-
creased as the sources’ quality improved. Hedging Sensi-
tivity measures the difference in hedging rates between am-
biguous and clear sources which optimally should be high
and positive. Hedging Rate measures the ratio of hedge
words/phrases (e.g., perhaps, could be) to total words.

VUI For our second hypothesis, we propose the Verbal
Uncertainty Index (VUI). This novel metric evaluates how
precisely the model uses hedged language, measuring the
F1-score of hedge detection.

VUI =
2× Precision × Recall

Precision + Recall

We calculate this using a confusion matrix approach. True
Positives (TP) occur when the model uses hedging language
and the answers are incorrect. False Positives (FP) occur
when the model uses hedging language, but the answers are
correct. True Negatives (TN) take place when the model
doesn’t use hedging language and the answers are correct.
False Negatives (FN) are when the model doesn’t use hedg-
ing language, but the answers are incorrect. From this confu-
sion matrix, hedge recall and hedge precision are calculated.



Results
Uncertainty Awareness
ASI reveals significant variation in models’ ability to ad-
just their confidence (both internal and linguistic) based on
source quality. A higher ASI indicates better sensitivity and
ideal behavior. Llama-4-Scout achieved the highest ASI of
0.067, demonstrating that when faced with worse sources,
this model expressed linguistic uncertainty and lower con-
fidence to a greater, but still not valid extent. Among mod-
els, GPT-3.5 Turbo showed the worst performance of -0.131,
indicating strong backwards uncertainty behavior. Back-
wards uncertainty behavior signifies an increase in hedging
when sources switch from ambiguous clear, which is not
ideal. 5 out of 7 other models exhibited negative ASI val-
ues, suggesting that overall confidence increased rather than
decreased when given ambiguous sources.

This leads us to our diagnostic metric: Source Set On
Hedging, perhaps the most concerning finding. Source Set
On Hedging is the population-level version of hedging sen-
sitivity which averages differences in hedging rates. 6 out of
7 models hedge less when given the ambiguous source set,
which is a direct contradiction of the appropriate uncertainty
expression displayed by humans. DeepSeek-V3.1 stands as
the sole exception (+0.100), appropriately increasing hedg-
ing with ambiguous sources. Alternatively, GPT-3.5 Turbo
showed the worst source set on hedging (-1.4); this model
hedged significantly less when sources were ambiguous.

Beyond numerical confidences and linguistic hedging
behavior, the models also demonstrated varying degrees
of faithfulness with Qwen2.5-72B-Instruct-Turbo achieving
the highest answer correctness (78.5%) and Llama-4-Scout
the highest faithfulness (74.9%). The rest of the models in-
dicated fair faithfulness scores ranging from 0.644, GPT-3.5
Turbo at the bottom, to 0.75 (Llama-4-Scout).

Hedging Behavior
Models revealed a systematic pattern of high hedge recall
(0.65-1.00) but low hedge precision (0.02-0.20), indicating
that they hedge frequently but inappropriately. DeepSeek-
V3.1 was the only model with a positive source set on hedg-
ing (+0.100), highlighting increased hedging with ambigu-
ous sources. The best hedging quality was demonstrated by
Llama-3.3-70B, which had the greatest VUI (0.327), while
Qwen2.5-72B had the lowest VUI (0.046). Interestingly, de-
spite having weak VUI, Qwen2.5-72B had the highest an-
swer correctness (78.5%), indicating that there is no dis-
cernible relationship between factual accuracy and hedging
behavior. ”Why Language Models Hallucinate” highlights
that existing benchmarks reinforce hallucination by penaliz-
ing uncertainty and refusals. [16]. To combat this, we cal-
culate the refusal sensitivity and missed refusals as well as
prompting the model to not guess unless it believes that its
confidence is over 0.2 (See Figure 8 in the Appendix). If the
model believes that it will answer poorly, it has the option
to refuse to answer and will receive 0.4 as the answer accu-
racy for incentive. Evaluations revealed significant variation
in the ability handle refusals. GPT-3.5 Turbo demonstrated
the highest refusal sensitivity (0.431). This suggests strong

Figure 2: Comparison of hedging-related metrics across
models.

uncertainty awareness, as the model appropriately declined
to provide answers when source evidence was insufficient.
GPT-4o showed fair refusal sensitivity (0.206) as well, indi-
cating robust uncertainty detection capabilities.

Discussion
Evaluations reveal a consistent pattern of weak uncertainty
awareness. It is evident that LLMs currently fail to express
appropriate linguistic signaling when they should output in-
dicators of skepticism. This is highlighted with both a) the
hedging rates when source quality degrades (supporting hy-
pothesis 1) and b) the hedging rates relative to answer cor-
rectness (supporting hypothesis 2). This is crucial for RAG
deployments, as users are easily misled by confident lan-
guage in wrong answers or a lack of confident language in
correct answers.

Understanding when to hedge
Ultimately, these evaluations show the fundamental discon-
nect between the way generator components in RAG sys-
tems express confidence through language and the actual
quality of the retrieved evidence. For example, for one ques-
tion on average, most models expressed more uncertainty in
the clear set version of the question than in the ambiguous
set. This is demonstrated through negative Source Set On
Hedging scores. This is counterintuitive, since the question



Figure 3: Performance Trade-offs — Accuracy does not cor-
relate with uncertainty awareness (ASI).

Figure 4: Uncertainty Awareness Comparison — Positive
ASI indicates appropriate uncertainty awareness; negative in-
dicates overconfidence.

set with ambiguous, contradictory, and unreliable informa-
tion is harder to answer and should bring about less certain
responses.

This counterintuitive linguistic behavior may be attributed
to the fact that the model is unaware of the question’s diffi-
culty. Hence, the model may not recognize when unreliable
or contradictory evidence is retrieved or when the retriever
falsifies missing evidence by hallucinating the gaps in evi-
dence. Additionally, the model may recognize the question
is difficult, lower its numeric confidence, but still not de-
liver an appropriate hedging use. This can be seen in the dis-
crepancies between source set on hedging/hedging sensitiv-
ity and confidence drop, indicating that they are not always
symmetrical.

Calculated VUI scores further support this and indicate
that models struggle to decipher when to hedge and when
to remain confident in generation. Although models demon-
strate high numerical overconfidence in some responses,
they avoid confident language. In other words, models often
over-hedge in their confident and accurate answers. In addi-
tion to not expressing enough confidence in correct answers,
the fact that models did not express any uncertainty when
generating poor accuracy responses was another prevalent

issue. Furthermore, models that are more correct in their
answers are also more likely to use confident language in-
appropriately. This indicates that training processes that im-
prove factual accuracy inadvertently teach models to express
more certainty than necessary.

A prime example of this is in figure 11. In this example,
Mistral-7B receives a question followed by its coordinat-
ing ambiguous source set. By nature, the question is harder
to answer, and therefore the generation should have more
hedging language signaling uncertainty. The model reports
an internal numeric confidence of 0.99 with an accuracy of
0.4 but more importantly, the model response contains zero
hedging terms. So not only was the model overconfident nu-
merically when retrieval took a toll, but it was also over-
confident linguistically. This is complemented by the fact
that confidence did not drop from the corresponding clear
set version of this question.

Refusal-friendly evaluation

Current benchmarks penalize ”I don’t know” responses and
treat these types of responses as failures. Over time, these
gaps in LLM evaluation created biases toward overconfi-
dent linguistic generation. The bias is further compounded
when models are incentivized to answer questions over not
answering, and therefore give unfaithful responses, creating
unsupported claims contributing to hallucination.[16] Our
results show what happens with this current style of train-
ing: models like Qwen2.5 get high accuracy but are terrible
at hedging and admitting doubt, likely because they’ve been
trained to never say ’I don’t know’ to accommodate for these
flawed benchmarks.

The faithfulness scores observed across models (0.644-
0.749), as well as occasional poor refusal sensitivity scores
(-0.038-0.431), reflect this fundamental issue in prior LLM
evaluation. By incorporating faithfulness calculations with
refusal incentivization, we combat this issue. Using this
benchmark, models will learn to both admit uncertainty and
ground their answers in sources.

Implications for RAG reliability

It is evident that in the evaluated models, poor retrieval
does not consistently propagate to the generation stage. For
instance, if a retriever pulls obviously unreliable sources
(to the human eye), the generator produces high-confidence
answers with low hedging. This disconnect makes RAG
pipelines seem trustworthy even when a query involves con-
tradictory or sparse evidence.

This has critical implications, especially in domains such
as healthcare and finance, where users rely heavily on
linguistic cues to make decisions and gauge credibility.
We recommend that future RAG systems directly integrate
uncertainty-awareness mechanisms in both the retrieval and
generation processes. For example, confidence-adjusted re-
trieval weighting, allowing generators to reflect retrieval
source quality more faithfully could be a possible implemen-
tation step. Ultimately, a model should develop the ability to
communicate its epistemic limits transparently.



Conclusion
We proposed BLUFF-1000, a benchmark constructed to
evaluate how LLMs manage linguistic confidence under im-
perfect retrieval conditions. Along with various other met-
rics for answer correctness, faithfulness, refusals, and nu-
merical overconfidence, we provide a framework for evalu-
ating generation components of RAG systems. We evaluate
modern LLMs using gathered sources, varying the source
sets provided to models for each question. Through these
methods, our most important finding was the consistent pat-
terns of misaligned hedging.

After conducting a controlled experiment on the gener-
ation aspect, our findings indicated that future progress in
full RAG pipelines as a whole must include developments
in uncertainty-aware methods to transparently convey con-
fidence throughout the system. This benchmark provides a
foundation for measuring and eventually improving this as-
pect of model trustworthiness, which is critical for LLMs
that serve the user.
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Appendix
Code and data for BLUFF-1000 are open source and will be
available after reviewing process.

Handling Noisy Environments
RA-RAG [12] and CLAIRE [25] were developed to include
the evaluation of retrieved sources to ensure robust and fac-
tual responses. Retrieved source evaluation included source
reliability estimation and knowledge inconsistency detec-
tion. Furthermore, to combat the conflicts that may arise
from combining internal and external information, Astute
RAG was proposed as a novel RAG approach [30]. While
accounting for source reliability, internal and external va-
rieties of information are extracted and combined. Subse-
quently, a final response is produced based on their assessed
trustworthiness.

Question-Answer Pair Generation Outline
First, a set of possible subdomains for each domain was for-
mulated. (See Table 2 in Appendix) After, the 4o model was
prompted to create a unique query under a given subdomain,
which was then sent to the Duck Duck Go (DDG) API,
where only sources established as reliable were selected as

gold sources. (See ”Source Filtering” for this process) Then,
based on the gold source content, the model was prompted
to create question and answer. Source metadata was also
stored. This question generation process was repeated 500
times.

Source Filtering
To select sources whose reliability had already been estab-
lished, a comprehensive catalog of sources and their classifi-
cations as reliable or unreliable was assembled. When com-
piling the source list, named the Domain Trust Configura-
tion, we referenced pre-researched records of source relia-
bility. The Ad Fontes Media Bias List gathers political ana-
lysts to quantify source factuality and bias [1], and the Iffy
Index of Reliable Sources [9], developed by The University
of Michigan Center for Social Media Responsibility, pro-
vides a comprehensive collection of websites that regularly
publish untrue information. We combined all sources and
classifications from both sets to construct the Domain Trust
Configuration. Additionally, all top-level domains ”.gov” or
”.edu” were classified as reliable.

The second round of filtering ensured that the dataset con-
sisted only of sources relevant to the gold question. Rele-
vancy scores were calculated by measuring the frequency of
common keywords between the gold questions and source
texts. Only sources with relevancy scores above a 0.3 thresh-
old were added to our final dataset. This process minimized
the number of unrelated sources that may have emerged dur-
ing the source gathering process.

Obtaining Sources Outline
After question generation, sources were appended to each
question to simulate retrieval. For each dataset entry, search
queries were created by appending reliable keywords (e.g
”government”, ”research”, etc.) to the end of each gold ques-
tion. Afterward, this process was repeated with unreliable
keywords (e.g. ”conspiracy”, ”hoax”, etc.). The top search
results were gathered, and the results were refined to include
only relevant sources with predefined reliability classifica-
tions (See ”Source Filtering” in Appendix).

For all questions, clear source sets were primarily com-
posed of reliable sources, while ambiguous sets contained
primarily unreliable sources. (See Figures 6 % 7 for the for-
mat of source sets)

If the initial search did not yield enough unreliable
sources, the dataset generation script turned to public fo-
rums, specifically Reddit, due to the inherently unreliable
nature of these posts. Unreliable sources were chosen from
the most popular comments in related Subreddits.

2 distraction sources unrelated to the questions were also
included ambiguous source set of each question to evaluate
the ability of models to reject irrelevant information. (Note:
distraction sources do not have a relevancy score; See Figure
10 in the Appendix for a visualization of the source gather-
ing process).

Metric Definitions
Lexical Overconfidence Index measures the overconfident
language in incorrect answers.



Refusal Rate measures the proportion of questions where
the confidence of the model drops below the 20th percentile
threshold, causing it to refuse to answer.

Refusal Sensitivity measures the difference in refusal
rate of the model between ambiguous and clear information
sets.

Source Set On Hedging measures the change in hedging
rate between clear and ambiguous questions throughout the
dataset.

Source Awareness Score measures the correlation be-
tween model confidence and source quality by comparing
model confidence under clear and ambiguous sets of evi-
dence as well as analyzing diversity of sources to determine
the source quality.

Hedge Precision measures the proportion of hedges used
appropriately when the model is incorrect.

Hedge Recall measures the proportion of incorrect an-
swers in which hedging was used.

Answer Correctness measures the average correctness
across all answered questions. Done with GPT-4o grader.

Faithfulness evaluates an LLM’s ability to stay faithful
to information from the sources it retrieves with RAG while
avoiding the hallucination of information. Calculated using
Answer-Source Overlap, Hallucination Rate (HR), Attribu-
tion Coverage (AC), and Grounding Score (GS).

Metric Formulas
Lexical Overconfidence =

1

|Wrong|
∑

i∈Wrong

confident termsi
word counti

Refusal Rate =
1

n

n∑
i=1

1[ci < cthreshold]

Refusal Sensitivity = Ambig. Refusal Rate−Clear Refusal Rate

SourceSetOnHedging =
1

|Ra|
∑
r∈Ra

h(r)− 1

|Rc|
∑
r∈Rc

h(r)

where Ra the set of responses with ambiguous source sets.
Rc is the set of responses with clear source sets. h(r) is the
hedge count function that counts hedge terms in response.

Source Awareness Score = Corr(Source Quality,Confidence)

Precision =
TP

TP + FP

Recall =
TP

TP + FN

Answer Correctness =
1

n

n∑
i=1

ai

Overlap =
|Tokens(Answer) ∩ Tokens(Sources)|
|Tokens(Answer) ∪ Tokens(Sources)|

HR =
Unsupported Claims

Total Claims

AC =
Attributed Claims

Total Claims

Faithfulness = 0.3×Overlap+0.2×(1−HR)+0.3×AC+0.2×GS

GS =
1

|Sources|

|Sources|∑
s=1

Overlap(Answer, Sources)

Corr(C,A) =

∑n
i=1(ci − c̄)(ai − ā)√∑n

i=1(ci − c̄)2
∑n

i=1(ai − ā)2



Figure 5: Sample dataset question (”gold answer” and ”text”
have been shortened for the sake of size)

Figure 6: Sample ambiguous source set for a dataset entry
(”text” has been shortened for the sake of size)



Figure 7: Sample clear source set for a dataset entry (”text”
has been shortened for the sake of size)



Figure 8: Prompt for evaluations, emphasizing refusals

Figure 9: QA Pair Generation Workflow



Figure 10: Source Gathering Flowchart



Table 1: Comprehensive Model Performance Comparison

Metric GPT-4o GPT-3.5 Llama-4 Llama-3.3 DeepSeek-V3.1 Qwen2.5 Mistral-7B
ASI -0.024 -0.131 0.067 0.000 -0.017 -0.009 0.018
VUI 0.057 0.054 0.119 0.327 0.120 0.046 0.111
Source Set on Hedging -0.318 -1.400 0.000 -0.294 0.100 -0.123 -0.050
Lexical Overconfidence 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Hedge Precision 0.029 0.028 0.063 0.198 0.065 0.024 0.059
Hedge Recall 1.000 0.750 0.931 0.941 0.732 0.737 0.903
Refusal Count 380 340 19 152 28 116 0
Refusal Sensitivity 0.206 0.431 -0.038 0.176 0.058 0.202 0.000
Answer Correctness 0.554 0.687 0.683 0.495 0.674 0.785 0.723
Overall Faithfulness 0.647 0.644 0.749 0.722 0.716 0.712 0.717
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Figure 11: Relationship between answer correctness and re-
fusal count across different models.
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Figure 12: Relationship between answer correctness and
missed refusals across different models.



Domain Subdomain Group 1 Subdomain Group 2 Subdomain Group 3
Astronomy planets and moons stars and galaxies black holes

space exploration telescopes cosmology
exoplanets astrobiology universe origin
moon landing - -

Climate climate change carbon emissions renewable energy
sea level rise deforestation pollution
sustainable development climate policy -

Current Events international conflicts elections natural disasters
pandemics economic crises major legislation
scientific breakthroughs protests and movements -

Finance stock markets banking cryptocurrency
inflation and recession personal finance global trade
housing markets investment strategies -

History ancient civilizations world wars revolutions
colonialism cold war civil rights movements
historical figures archaeological discoveries us-history

Law constitutional law criminal law international law
civil rights supreme court cases intellectual property
environmental law human rights law immigration law

Psychology clinical psychology cognitive psychology developmental psychology
social psychology behavioral psychology neuropsychology
forensic psychology health psychology industrial psychology
educational psychology abnormal psychology personality psychology
experimental psychology counseling psychology sports psychology

Public Health vaccines infectious diseases nutrition guidelines
mental health maternal and child health chronic diseases
occupational safety toxicology emergency medicine
preventive care healthcare policy medical research
public health education - -

Sports olympics soccer basketball
baseball tennis athletics
sports medicine sports history doping scandals
football - -

Technology artificial intelligence social media cybersecurity
5g networks biotechnology quantum computing
software and internet consumer electronics -

Table 2: Domains and their associated subdomains. Subdomains are grouped across columns to reduce table height and improve
readability in a multi-column format

Figure 13: Overconfident Response with Unreli-
able Sources
Model: Mistral-7B,
Question: How has the methodology for estimating
CO2 emissions from the cement industry in China
evolved to improve accuracy in recent years?

Model Response: The methodology for estimating
CO2 emissions from the cement industry in China
has evolved to improve accuracy by incorporating
artificial intelligence-based neural networks, specifi-
cally Long Short-Term Memory (LSTM) neural net-
works.

Explanation: This approach is aimed at handling
the nonlinear relationships and complex dynamics

inherent in emission datasets(Source 1), thereby pro-
viding more accurate predictions. In contrast, tradi-
tional methods such as statistical analyses and em-
pirical models may not fully capture the long-term
dependencies and dynamic changes in CO2 emis-
sions influenced by factors like energy consumption
patterns, production processes, and policy interven-
tions.

Gold Answer: The methodology evolved by us-
ing provincial clinker production data and provincial
clinker emission factors from multiple official statis-
tics sources, following the Intergovernmental Panel
on Climate Change (IPCC) methodology, to create
a more accurate and high-quality panel dataset for



estimating CO2 emissions.

Source Information:
• Source 1: journals.plos.org (reliable) - Estima-

tion of carbon dioxide emissions from the cement
industry in Beijing-Tianjin-Hebei using neural
networks

• Source 2: pubmed.ncbi.nlm.nih.gov (reliable)
- Empirical assessing cement CO2 emissions
based on China’s economic and social develop-
ment during 2001-2030

• Source 3: cdc.gov (distraction) - There are mil-
lions of U.S. workers exposed to chemicals in
their work each year

• Source 4: pmc.ncbi.nlm.nih.gov (distraction) -
In many industrial sectors, workers are exposed
to manufactured or unintentionally emitted air-
borne nanoparticles (NPs)

• Source 5: reddit.com (unreliable) - Coronavirus
is about to trigger a global economic crisis, and
the public doesn’t care because the media won’t
publicize it

Performance Metrics:
• Confidence: 0.990
• Accuracy: 0.400
• Faithfulness: 0.855
• Source Type: Ambiguous


