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Abstract
We introduce FailureSensorIQ, a novel Multi-Choice Question-Answering (MCQA)
benchmarking system designed to assess the ability of Large Language Models
(LLMs) to reason and understand complex, domain-specific scenarios in Industry
4.0. Unlike traditional QA benchmarks, our system focuses on multiple aspects
of reasoning through failure modes, sensor data, and the relationships between
them across various industrial assets. Through this work, we envision a paradigm
shift where modeling decisions are not only data-driven using statistical tools like
correlation analysis and significance tests, but also domain-driven by specialized
LLMs which can reason about the key contributors and useful patterns that can
be captured with feature engineering. We evaluate the Industrial knowledge of
over a dozen LLMs including GPT-4, Llama, and Mistral on FailureSensorIQ from
different lens using Perturbation-Uncertainty-Complexity analysis, Expert Evalua-
tion study, Asset-Specific Knowledge Gap analysis, ReAct agent using external
knowledge-bases. Even though closed-source models with strong reasoning capa-
bilities approach expert-level performance, the comprehensive benchmark reveals
a significant drop in performance that is fragile to perturbations, distractions, and
inherent knowledge gaps in the models. We also provide a real-world case study
of how LLMs can drive the modeling decisions on 3 different failure prediction
datasets related to various assets. We release: (a) expert-curated MCQA for various
industrial assets, (b) FailureSensorIQ benchmark and Hugging Face leaderboard
based on MCQA built from non-textual data found in ISO documents, and (c)
“LLMFeatureSelector”, an LLM-based feature selection scikit-learn pipeline. The
software is available at https://github.com/IBM/FailureSensorIQ.

1 Introduction
In the era of agentic workflows, LLMs must not only answer domain-specific questions accurately
but also generate appropriate reasoning as part of an AI agent’s decision-making process. LLMs such
as GPT [24], LlaMA [33], Gemini [31], Mistral [13], and others are typically pre-trained on vast
corpora like CommonCrawl, Wikipedia, and books, and then fine-tuned on domain-specific datasets,
including code (e.g., GitHub), biomedical data (e.g., PubMed), and scientific literature (e.g., Semantic
Scholar, Arxiv). This enables LLMs to assimilate broad knowledge across diverse fields, including
general knowledge, mathematics, finance, and more. However, a key question remains: Do these
models possess the specialized knowledge and reasoning abilities necessary for complex domains
like medicine, chemistry, biology, and industrial applications? As evident in recent literature [49], the
domain-specific and general QA datasets have played a pivotal role in advancing LLM capabilities
and assessing their readiness for real-world applications, however exploration in industrial domains
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Figure 1: Example of AI Tasks for Industry 4.0 Applications
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Bearing wear 3 3 3
Gear defect 3 3
Unbalance 3 3

Table 1: Expert Knowledge: Failure
Faults $ Sensors/Parameters (3 indi-
cates change in parameter/sensor upon
failure) for turbine asset.

remains limited. Although some isolated efforts have addressed tasks like classifying work orders or
managing maintenance issues [30], comprehensive benchmark datasets to assess LLMs on critical
industrial challenges such as predictive maintenance, sensor fault detection, and asset management
are still lacking.

This paper aims to address the existing gap by introducing a set of specialized benchmarks designed
to assess LLMs’ reasoning abilities within the context of industrial operations. In doing so, we seek
to enhance their utility in domains like Industry 4.0, where domain-specific expertise and accurate,
real-time decision-making are critical. A key application within Industry 4.0 is Condition-Based
Maintenance (CBM), which focuses on monitoring the health of assets using sensor data. Typically,
IoT devices collect data from various sensors, such as temperature, power, and pressure, which is
then analyzed to predict potential failures and recommend proactive maintenance before breakdowns
occur [11]. To improve failure detection, Failure Modes and Effects Analysis (FMEA), a reliability
engineering methodology, is often applied to the sensor data and failure modes. This process involves
establishing relationships between an asset’s potential failures and one or more monitored
sensors that may indicate these failures when anomalies in the sensor data are detected.

1.1 Fundamentals of Condition-Based Maintenance for Industrial Assets
Detecting maintenance needs early in the asset lifecycle is essential for proactive management and
maximizing asset reliability [22, 43]. To facilitate this, effective monitoring systems need to be able
to identify the specific parameters associated with each failure mode. Table 1 presents an example of a
mapping table for turbines. Each row corresponds to a specific failure mode of the turbine, while each
column represents a measurable parameter or sensor typically used to monitor turbine performance.
Cells marked with a 3 symbol indicate the relevant parameters that can help detect a particular failure
mode. For example, the power sensor is marked as useful for detecting unbalance faults in turbines.
When introducing a new asset into the CBM process, subject matter experts traditionally face the
labor-intensive task of using a data-driven approach to identify the relationships between each failure
mode and the corresponding sensor parameters. This process involves extensive data collection and
requires a high level of expertise in asset management.

In contrast to a purely data-driven approach, could an LLM assist in automating the discovery of these
mappings? Such a knowledge-driven method could leverage the internal domain expertise of LLMs to
augment the knowledge of subject matter experts. As shown in Figure 1, LLMs have the potential to
act as knowledge generators, offering insights into the relationships between failure modes and sensor
parameters. Rather than relying exclusively on extensive data collection, an LLM-based workflow
could improve decision-making by providing a contextual understanding of how failure modes are
linked to the relevant sensor parameters. We consider two key diagnostic mapping tasks involving
expert knowledge:

1. Failure Modes to Sensor Relevance (FM2Sensor): Identifying the most relevant sensors
for detecting early signs of a given failure.

2. Sensor to Failure Mode Relevance (Sensor2FM): Understanding which failure modes can
be detected early by monitoring a specific sensor.

These mappings help structure prior expert knowledge in ways that LLMs can use for reasoning in
failure diagnosis tasks. The FM2Sensor query is useful for automating an AI agent responsible for
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building anomaly detection models or assisting engineers in selecting and planning sensor installations
on machinery to track early failure signs. Conversely, the Sensor2FM query supports root cause
analysis and allows AI agents to suggest maintenance tasks proactively, reducing downtime. By
automating these processes, LLMs/Agents can significantly enhance decision-making efficiency in
predictive maintenance. However, a critical question remains: How well do LLMs understand the
intricate relationships between assets, their failure modes, and sensor parameters?

1.2 Key Contributions and Insights
We introduce FailureSensorIQ, a multiple-choice QA benchmarking system with a dataset that ex-
plores the relationships between sensors and failure modes for 10 industrial assets. By only leveraging
the information found in ISO documents [11] and expert crafted question templates, we developed a
data generation pipeline that creates questions in two formats: (i) row-centric (FM2Sensor) and (ii)
column-centric (Sensor2FM). Additionally, we designed questions in a selection vs. elimination
format, taking advantage of the fact that the absence of an 3 in a cell (as shown in Table 1) indicates
irrelevant information. The FailureSensorIQ dataset consists of 8,296 questions across 10 assets,
with 2,667 single-correct-answer questions and 5,629 multi-correct-answer questions.

The true challenge of the FailureSensorIQ dataset becomes evident through three key observations
that underscore its exceptional difficulty. First, the top-10 performing models which consists of a
range of frontier and large open-source models averages just 53.5% accuracy on 2,667 single-correct-
answer multiple-choice questions, a result that is widely regarded as a hallmark of “hard” datasets
[28, 37, 39]. Second, even models fine-tuned on datasets with diverse knowledge like HotpotQA
[45] struggle, achieving only 29% accuracy on our dataset (See Appendix E.4). Third, our unified
Perturbation–Uncertainty–Complexity analysis reveals significant performance degradation under
three stressors: (i) perturbing the question results in a 5–20% performance drop (measured via
ACC@Consist [14]); (ii) model uncertainty increases significantly, with an average of three options
needing to be selected to achieve 90% coverage; and (iii) increasing the number of distractor options
caps the maximum achievable accuracy at 12%.

The complexity of the dataset underscores the critical role that reasoning strategies play in shaping
model’s performance. This is evident from the fact that, although the top-3 models vary across
different performance metrics on our Hugging Face leaderboard, all consistently exhibit implicit
reasoning capabilities. To investigate this further, we evaluated different prompting methods on a set
of 2,667 single-answer multiple-choice questions using a range of large open-source models. These
strategies, namely Chain-of-Thought [38], Role-Playing Chain-of-Thought [19], and Self-Plan [36]
revealed a compelling trend: while larger models tend to perform better overall, medium-sized models
(around 70 billion parameters) experience significant performance gains via effective prompting.

Beyond reasoning complexity, expert evaluation on a curated subset of the dataset and analysis
of asset-centric external knowledge offer deeper insights into model reliability and underlying
knowledge gaps. Human experts achieved a maximum accuracy of 66.19% and a mean accuracy of
60.20% across three participants, underscoring the intrinsic difficulty of the task even for domain
specialists. Given the vast landscape of industrial assets and their thousands of failure modes, our
asset-level performance analysis reveals a modest correlation between the volume of external
knowledge (e.g., Wikipedia, arXiv) and an LLM’s ability to answer related questions. However, the
current ReAct-based Agent [46] fails to deliver the expected performance improvements, indicating a
need for future research into effective reasoning and retrieval strategies.

Furthermore, we evaluate models on multiple-correct MCQAs (MC-MCQA), where each question has
exactly two correct options. The primary challenge in this setting is not only selecting all valid
answers but also avoiding reasonable distractors. We evaluate several recent models using same
prompt setting as single-correct MCQAs (SC-MCQA), where models must directly select the correct
set without being told how many answers to choose. Despite progress in language modeling, exact
match scores remain low (below 21%), highlighting the difficulty of precise multi-option reasoning.
This stark difference underscores the importance of knowing the number of correct answers, a piece
of information that is typically unavailable in standard prompting scenarios.

Finally, we present “LLMFeatureSelect”, an sklearn and LLM-based feature selection pipeline tool.
This tool can reason around variables relationships involving Assets, Failure Modes, and Sensors.
We use it on 3 real-world datasets, quantify the quality of the feature recommendations, and find
promising model capabilities with room for improvement (Section 6).
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2 Methodology
Our dataset includes two question formats aligned with TruthfulQA [18]: Single Correct and Multi
Correct multiple-choice QA. SC-MCQA questions have one correct answer, while MC-MCQA questions
require selecting two correct answers from five options. These questions are generated using our
automated pipeline, as outlined in Figure 2.

Figure 2: Multi-Choice Question Generation Pipeline. Figure 3: Question distribution by
asset.

2.1 Dataset Structure
Each question in the dataset is formally defined as a tuple (Q;C;O;A), where:

1. Q: Represents the question.

2. C: Refers to the option ID (e.g., choices A, B, C, D and E. The number of choices are
between 2 to 5).

3. O = (o1; o2; : : : ; ok): Represents the content of the options, assuming Q has k candidate
options.

4. A: Denotes the ground-truth answer, consisting of both its ID and content.

An example prompt can be found in Appendix 10.

2.2 Question Generation Pipeline
The benchmark questions in our dataset are accompanied by meta-information, including asset names,
task types, relevance types, and answer types. These attributes are defined during the question
generation process. Note that no LLM is used to generate the dataset. Appendix B provides the
pseudo-code. The process goes as follows:

1. Asset Selection: The pipeline begins with selecting relevant assets, such as electric motors,
pumps, compressors, or other industrial equipment. These assets are defined based on
standardized knowledge sources, like ISO documents.

2. Task Type Identification: The next step involves identifying the task type. Examples
include FM2Sensor (failure modes to sensors) or Sensor2FM (sensors to failure modes).

3. Relevance Type Determination: Relevance type is defined based on the context of the task.
This could involve selecting the most relevant or irrelevant options for the given scenario.

4. Answer Type Definition: Finally, the answer type is determined, specifying whether the
question has a single correct answer (SC-MCQA) or multiple correct answers (MC-MCQA).

Using predefined, domain-expert-curated question templates and the above selections, closed-ended
questions are generated for each asset. We have prepared approximately 10 templates per relevance
and task type (see Appendix B.1). Currently, we use ISO documents [11], along with expert-
curated information, to establish an initial mapping. The result is a comprehensive benchmark
dataset containing well-structured questions, multiple answer options, and their corresponding correct
answers. An example is shown in the last column of Figure 2. Our SC-MCQA corpus consists of 2,667
generated questions, although not all feature five answer options. To better understand the structure
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of the corpus, we analyzed: (a) the distribution of questions by the number of answer options; (b) the
frequency of selected answers across those options; and (c) the total number of questions per asset
(see Figure 3). The distribution of selected options is as follows: A (752), B (729), C (491), D (408),
and E (208). This imbalance in the distribution underscores the need for a robust model qualification
test, which we formalize in Section 3. Such a test is essential for evaluating an LLM’s tendency
to favor specific answer choices and identifying emerging response patterns. The distribution of
questions by the number of answer options is as follows: 2 options (487), 3 options (266), 4 options
(389), and 5 options (1525). Over 50% of the questions have five answer choices, indirectly reflecting
the dataset’s complexity.

3 Perturbation-Uncertainty-Complexity Analysis
We evaluate the accuracy of several frontier and open source foundation models on the SC-MCQA
benchmark using three settings: Perturbation, Uncertainty and Complexity. All these settings assume
a closed-book scenario, meaning that models have no access to external information beyond the
question, the prompt, and their own parameters. To ensure a diverse and representative evaluation, we
select over two dozen models [7]. These include both closed-source models o1, o3-mini, gpt-4.1 [24],
and open-source models (deepseek-r1 [9], qwen [3], granite [8], gemma [32], phi [1], mistral[13],
and llama [33]).

3.1 Perturbed/Complex Dataset Preparation
Recent studies question whether LLMs reason before answering or justify preselected choices,
revealing option biases that vary across models [4]. To address these challenges, we evaluate model
performance on both the original (SC-MCQA) and perturbed datasets, which underwent rigorous
modifications. We extend the PertEval toolkit [14] and develop two versions of the perturbed dataset:
(i) SimplePert, which modifies the formatting of the questions by reordering the options, adding a
right parenthesis to each option, and changing the option labels from A, B, C, etc., to P, Q, R, and so
on. (ii) ComplexPert, apply all the question permutation as well as use LLM (llama-3.3-70b-instruct
in this case) to change the questions also. Furthermore, to increase the question complexity, we
extend each question in SC-MCQA to have 10 options [37]; where new choices are all distractors and
then we randomized the options. We call this new dataset as OptionsPert. Appendix B.3 shows the
pipeline that is adopted to generate the ComplexPert dataset.

3.2 Performance Study
We use a zero-shot direct prompting method for knowledge assessment and employ a structured
output approach to simplify answer decoding after execution. It is worth noting that the prompt does
not specify whether a question has a single correct answer or multiple correct answers, leaving it
up to the models to infer the appropriate response based on their understanding of the task.

We evaluate model performance using several metrics: (a) Accuracy (Acc@Original) or Acc)
measures the fraction of correct predictions on the original test set: Acc = 1

|D|
P

x∈D I[M(qx) = yx],
where M(qx) is the model’s top prediction and yx is the ground-truth label. (b) Perturbed Accuracy
(Acc@Perturb) uses the same formula on modified queries q∗o(x). To capture robustness under
ambiguity, we use (c) Consistency-Based Accuracy (Acc@Consist) as: Acc@Consist(M;D) =
1

|D|
P

x∈D I [M(qx) = yx ^M(q∗o(x)) = y∗o(x)], where q∗o(x) is a perturbed version of the input
and y∗o(x) its corresponding label. (d) Set Size (SS) reflects the average number of options selected
per question, indicating model selectivity. (e) Coverage Rate (CR) quantifies how often the correct
answer appears in the selected set. (f) Uncertainty-Adjusted Accuracy (UAcc) combines correctness
with prediction confidence, rewarding confident and accurate responses.

3.3 Real Knowledge Capacity Evaluation using Perturbation Analysis
Figure 4 shows performance result on SC-MCQA and its complex perturb version ComplexPert using
ACC@Original, ACC@Perturb and ACC@Consist. We select top-10 performing models out of
24 entries in our leader board. From the lens of ACC@Original, “o1” is the best performing, but
other frontier models are very close. We can see a significant decline in model performance when
subjected to perturbed data (Wilcoxon signed-rank test with alpha = 0:1). For example, “o1” and
“llama-4-scout” show noticeable drops in accuracy, with ACC@Original scores of 60.4% and 54.0%,
falling to ACC@Perturb values of 44.2% and 24.1% respectively. Even another top-performing
model, “o3-mini”, only achieves an ACC@Consist of 47.5%. These results highlight the substantial
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Figure 4: Real-world knowledge capacities assessed by ACC@Consist.

gap between the perceived knowledge capacity of LLMs based on static datasets and their actual
ability to retain and apply knowledge under dynamic, perturbed conditions. The performance of the
latest “gpt-4.1” series model is still behind reasoning driven LLMs.

Despite the drop in performance, all models demonstrate consistent mastery of certain knowledge.
This is assessed by comparing each model’s performance against random guessing. Given k possible
options (ranging from 2 to 5) with one correct answer, the expected ACC@Consist for random
guessing is 1

k2 . For example, with k = 4, the expected value would be 0.0625 (6.25%). As shown in
Figure 4, the ACC@Consist values of all models are well above this random baseline. This suggests
that while each model has successfully mastered some knowledge, the models still show limited
knowledge retention, as they have ACC@Consist values below 50%, indicating they have mastered
less than half of the total knowledge. This result reemphasizes the fact that an agent may probe LLMs
in a different way and produce significantly different results. The performance of other models is
available in Appendix E.1.

Figure 5: Response Pattern Analysis between
Original Data and Complex Perturbed Data on
SC-MCQA for o1.

Model SimplePert ComplexPert

o1 -0.1204∗∗ -0.1065∗∗

o3-mini -0.0056 -0.0517∗∗
llama-4-mav. -0.0214∗∗ -0.0671∗∗

llama-4-scout -0.216∗∗ -0.2460∗∗

gpt-4.1 -0.0165 -0.0772∗∗
o1-preview -0.0259∗∗ -0.0480∗∗

llama-3-405b 0.0274 -0.1121∗∗
mistral-large 0.0015 -0.1200∗∗
gpt-4.1-mini 0.0015 -0.1200∗∗

Table 2: PDR " and hypothesis test results of
LLMs w.r.t. perturbation. “**”: stat. significant

Response Pattern Analysis. Since models can select more than one options as the answer, we
measure the performance of “o1” on 5 different cases. As illustrated in Figure 5, the most significant
factor contributing to the performance drop is the higher frequency of selecting additional incorrect
options in the perturbed data (from 11.20% to 23.6%). This behavior indicates that LLMs often
choose extra incorrect options alongside the correct ones under perturbations. A potential explanation
for this phenomenon could be the model’s increased sensitivity to subtle variations in input, leading
to over-selection.

Performance Stability Test. We calculate the discrepancy between the LLM’s accuracy on original
dataset and the perturbed dataset using Performance Drop Ratio (PDR). Table 2 shows result for
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top-10 models. When PDR< 0, the perturbation decreases the overall performance of an LLM,
indicating that it does not robustly acquire knowledge and skills. From a column-wise perspective,
all tested LLMs show negative PDRs under the complex perturbationComplexPert, indicating that
these models consistently struggle to maintain performance across datasets. Furthermore, the PDR
results for most models, such as “o1” and “llama-4-scout”, are signi�cantly negative, emphasizing a
call for action for these models when faced with knowledge-invariant perturbations. From a row-wise
perspective, the complex perturbations result in substantial performance drop for all models. These
results highlight the universal vulnerability of current-generation LLMs to content-level paraphrasing
and format-level changes, suggesting a pressing need for improved robustness in future models.

3.4 Uncertainty Quanti�cation Analysis

To calculate uncertainty forSC-MCQAwe follow [47]; see Appendix K for details. Our uncertainty
analysis across 14 models onSC-MCQA(See Table 3) reveals that larger models, such as mistral-large,
are better calibrated, selecting fewer answer options and achieving better performance. We get a
coverage guarantee but only after a higher value of set size. In contrast, smaller models especially
deepseek distill variants exhibit greater uncertainty, often over-hedging with larger set sizes and lower
accuracy, despite high coverage. These trends suggest that model size correlates with con�dence, and
calibration remains a key challenge particularly for smaller size models, where alignment strategies
may inadvertently increase ambiguity. For Industrial QA, deploying well-calibrated models (e.g.,
mistral-large or phi-4) is critical, while smaller models may bene�t from�ne-tuning to reduce
uncertainty and improve reliability.

Table 3: Uncertainty Quanti�cation. Model se-
lection is constrained byavailable hardware.

Model UAcc " SS# CR " Acc "

mistral-large 50.03 3.02 91.32 60.83
phi-4 46.51 3.02 91.2 56.39
mixtral-8x22b 41.55 3.36 93.46 54.75
gemma-2-9b 33.47 3.61 94.74 48.6
granite-3.3-8b 34.00 3.55 94.00 48.52
granite-3.2-8b 32.46 3.65 95.52 47.98
mixtral-8x7b 30.55 3.65 95.48 45.09
qwen2.5-7b 29.57 3.54 92.48 42.06
granite-3.0-8b 27.32 3.67 93.93 40.65
llama-3.3-70b 23.53 3.62 93.22 34.42
dsr1-llama-70b 20.96 3.81 95.02 32.48
llama-3.1-8B 19.94 3.83 94.94 31.15
dsr1-qwen-7b 17.76 3.73 94.04 26.87
dsr1-llama-8b 16.38 3.94 95.95 26.32

Table 4: Multi-choice question complexity anal-
ysis for various models including top-10.

Model Acc " CR " SS#

llama-3-1-405b 10.69 37.35 3.51
mistral-large 7.8 33.41 3.06
llama-4-mav-17b-128e 7.72 32.02 2.68
deepseek-r1 6.75 46.98 3.71
llama-4-scout-17b-16e 6.34 79.83 7.77
o1 5.74 41.43 3.72
o1-preview 5.62 41.84 3.73
o3-mini 5.62 41.66 3.72
gpt-4.1 5.62 41.92 3.74
deepseek-r1-llama-8b 8.32 28.83 2.65
granite-3.2-8b 5.66 50.73 4.82
granite-3.3-8b 5.55 44.51 4.23
gpt-4.1-nano 5.51 41.39 3.71

3.5 Question Complexity Analysis

We use theOptionsPert dataset to assess question complexity. As discussed in Section 3.1, the
purpose of this dataset is to reduce the likelihood of random guessing and enable systematic evaluation
of model robustness under increased ambiguity. Table 4 presents the results. The top-performing
model “o1” experiences a sharp accuracy drop from 60% to just 5.74% when distractor options
are introduced, highlighting models' vulnerability to increased choice complexity. This mirrors
real-world scenarios, such as Kaggle challenges, where selecting the relevant parameters from more
than 10 options is common. These �ndings underscore the need for models with improved uncertainty
calibration and adaptive reasoning strategies to perform reliably in complex settings.

3.6 Knowledge Gap Study for Industrial Assets

Each question is associated with several meta-data such as asset type (see Section 2.2). This enables
us to obtain the asset-centric performance of the model. Table 5 presents the performance of theo1
model on theSC-MCQAbenchmark across variousasset types, sorted by increasing ACC@Original.
The results reveal substantial variation in model accuracy. Assets like Steam Turbine (43.59%) and
Electric Motor (43.59%) exhibit the lowest scores, suggesting dif�culties in reasoning over their
operational principles. Given that large LLMs are generally trained on broad open-domain corpora,
we investigated whether access to such content correlates with task performance. Speci�cally, we
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compare model accuracy per asset type with the number of documents retrieved from trusted open-
access repositories such as Arxiv, CrossRef, Wiki and Google Search. A scatter plot on a logarithmic
scale reveals a mild positive correlation (See Figure 6): asset types with richer public documentation
tend to yield higher accuracy for Arxiv (See Appendix E.3 for others). This trend suggests that
LLMs bene�t from greater domain-speci�c exposure during training or inference. However, some
variation persists, likely in�uenced by factors such as terminology ambiguity, data formatting, or
documentation consistency. These �ndings underscore the importance of high-quality domain data in
enhancing LLM reliability for specialized industrial tasks.

Asset Type Total Q. % Correct

Electric Motor 234 43.59%
Steam Turbine 171 47.95%
Aero Gas Turbine 336 50.89%
Compressor 220 56.36%
Power Transformer 544 57.35%
Fan 200 58.00%
Pump 152 58.55%
Reciprocating Internal
Combustion Engine 336 65.48%

Industrial Gas Turbine 240 70.83%
Electric Generator 234 70.94%

Table 5: Performance Analysis of
Correct Answer Percentage and To-
tal Questions for Each Asset Type

Figure 6: Accuracy vs. Sample Volume by Asset
Type

4 Experimental Results

This section presents extended evaluation experiments onSC-MCQA, examining how reasoning-
based prompting and external knowledge integration affect model performance. We further assess
FailureSensorIQ through human expert evaluation to validate the quality of dataset.

Impact of Reasoning-Based Prompting.As shown in Figure 4, reasoning-centric models dominate
leaderboard positions. To assess the impact of explicit reasoning, we evaluate llama models using
different reasoning strategies: Chain-of-Thought (CoT) prompting in Standard, Expert, and Inductive
con�gurations, and thePlan@Solvemethod (see Appendix E.2 for prompt templates and additional
results). WhileCoT@StandardandPlan@Solveare general-purpose, the other two prompts are
tailored for industrial contexts. As shown in Table 6,CoTprompting enables smaller models to
match or even outperform larger models using direct prompting (see Baseline row). Interestingly,
llama-3-70b improves from 41.69% to 51.18% withCoT. Moreover, accuracy scales with model
size: the largest model,4-Maverick-17B-128E , achieves 56.90% average accuracy which is about
+41% higher than the smallest model,3.1-8b (40.27%). Overall, reasoning-oriented prompts like
CoT@StandardandPlan@Solveconsistently enhance model performance across scales.

Method/Model 4-Mav-17B-128E 4-scout-17b-16e 3-405b 3.3-70b 3.1-8b
Direct Prompt 55.83 53.96 51.26 41.69 40.04
COT@Inductive 56.88 54.22 53.17 49.46 40.27
COT@Expert 56.96 53.06 55.38 50.96 42.11
COT@Standard 57.29 52.53 55.57 51.18 45.74
Plan@Solve 56.47 55.46 54.89 50.36 46.46
Average 56.90 53.82 54.75 50.49 43.65

Baseline 60.40 55.83 55.83 51.26 41.69
o1 4-Maverick 4-Maverick 3-405b 3.3-70b

Table 6: Performance Comparison across Different Reasoning Models for llama models

AI Agent with External Knowledgebase.Given the sheer volume of content about industrial assets
(as shown in Figure 6), we deploy a ReAct [46] agent equipped with Wikipedia and arXiv search tools
to dynamically retrieve relevant information while answering questions. On average, the agent issues
2–3 queries per question, using both tools in an interleaved manner. However, our analysis reveals
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Figure 7: Accuracy comparison between Direct Prompting and ReAct across llama models.

Table 7: Expert Evaluation (Quiz Scores). Numbers in parentheses indicate
“Don't know” responses.

ID (Role) Quiz 1 (%) Quiz 2 (%)
A (Expert) 55.56 (4) 64.86 (3)
B (Expert) 66.67 (1) 65.71 (5)
D (Expert) 57.89 (2) 50.00 (0)
E (Expert) – (– ) 61.11 (22)
C (Practitioner) 20.59 (6) 43.24 (3)

that such tool-augmented setups do not reliably enhance performance. Among �ve llama models,
only one shows marginal improvement, while others includingllama-4-maverick experience drops
(e.g., from 55.83% to 48.44%). This suggests that success on industrial QA tasks depends more
on reasoning over internal representations and navigating �ne-grained distractors than on retrieving
surface-level facts. These results highlight that just access to external knowledge, but themethodof
search and reasoning is a critical and currently underexplored dimension for tool-augmented agents
in specialized domains.

Human Evaluation. We conducted a human study involving 5 participants, where 4 have expertise in
industrial assets (reliability engineers) and 1 industrial data scientist. We selected a balanced sample
of 80 questions spread across 10 asset types. Questions were balanced along two axes: query type
(elimination vs. selection) and axis of reasoning (failure mode! sensor, and sensor! failure mode).
We divided the 80 questions into 2 quizzes: Quiz 1 focused on elimination (select theirrelevant
option), and Quiz 2 on selection (select themost relevantoption). Since participants had varying
expertise across asset types, a “don't know” option was included. Our setup is consistent with human
evaluation methods in similar works (see Appendix J).

Table 7 shows the results. Domain expertise signi�cantly improves performance on reasoning-
intensive QA tasks in industrial contexts, with experts outperforming the practitioner by over 25
percentage points on average, and up to 39.45 points in Quiz 1. Inter-rater agreement among experts
with IDs A, B and D yield a moderate Cohen's Kappa (� = 0 :462 overall [6]), indicating that
while domain knowledge enhances accuracy, the task retains nuanced complexity. This suggests
that the task is neither trivially objective nor entirely subjective, involving a diverse set of assets and
underscoring its nuanced reasoning demands. These �ndings highlight the value of integrating expert
knowledge into both QA system development and evaluation.

5 Multi-Correct MCQA

We report results for ten LLMs evaluated under theMC-MCQA-Directprotocol (Table 8), where
each question requires selecting exactly two correct answers from a candidate set. The evaluation
emphasizes both exact match and soft matching metrics such as F1, Jaccard, and a consistency-
weighted score that penalizes partial but incorrect selections. Despite decent F1 scores (0.59), exact
match remains under 21%, highlighting the challenge of jointly identifying all correct options. Models
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like o4-mini and gpt-4.1-nano show relatively better consistency, but overall performance suggests
that exact selection of multiple true answers remains a dif�cult task, especially without explicit
guidance on how many options are correct.

Table 8: Performance on multi-correct MCQA (2-answer) benchmark using theMC-MCQAapproach.
EM = exact match.

Model EM Precision Recall Micro F1 Macro F1 Hamming Loss Set Size

o3 0.200 0.591 0.710 0.645 0.645 0.313 2.40
o4-mini 0.201 0.590 0.710 0.645 0.644 0.313 2.41
gpt-4.1 0.186 0.590 0.676 0.630 0.630 0.317 2.41
gpt-4.1-mini 0.181 0.580 0.682 0.627 0.626 0.325 2.41
gpt-4.1-nano 0.186 0.586 0.682 0.630 0.630 0.320 2.41
llama-4-maverick 0.184 0.590 0.671 0.628 0.627 0.318 1.80
llama-4-scout 0.205 0.607 0.684 0.643 0.643 0.303 1.94
llama-3-405b 0.196 0.599 0.686 0.640 0.640 0.309 2.40
llama-3-70b 0.185 0.585 0.679 0.629 0.628 0.321 2.55
llama-3-8b 0.178 0.577 0.676 0.623 0.623 0.328 2.56

6 LLMFeatureSelect: scikit-learn Transformer

We implementLLMFeatureSelector , a prompt-based method that leverages an LLM to recommend
relevant features given a problem statement, sensor names, and a target variable. As shown in the
detailed system prompt in Appendix Figure 17, we use a one-step process to extract the important
variables along with reasoning. While prior work has explored similar tasks [12], our goal is to
evaluate LLM capabilities speci�cally in the industrial domain. We test the approach on three
open-source, real-world datasets and assess performance by computing the correlation between the
LLM-recommended features and the target variable (next timestep).

As seen in Table 9, 3 out of 6 test cases, the most highly correlated signal, which is highlighted, is
among the LLM's top-5 suggestions, indicating promising alignment between model predictions and
empirical sensor importance. Dataset descriptions and further �ndings are provided in Appendix L
and correlation results in Table 9.FailureSensorIQ can complement this approach, as reasoning is
central to effective feature selection.

Table 9: Absolute value Correlations between the top-5 recommended sensors and the target variable

Asset Task: (Failure or Top-5 recommended features Max
Energy Pred.) 1 2 3 4 5 Corr.

Electrical Transf. Magnetic Oil Gauge 7.83 12.52 20.33 0.25 0.31 35.88
Air Compressor Bearings 0.07 1.94 4.51 2.75 0.01 36.03
Air Compressor Water Pump 15.28 21.38 13.62 15.87 14.52 21.38
Air Compressor Radiator 31.85 31.83 31.78 86.88 25.16 86.88
Air Compressor Valve 1.66 52.64 14.42 1.43 0.30 52.64
Wind Mill Energy Production 92.02 82.79 82.83 36.0 35.75 94.40

7 Limitations and Future Work

A key limitation of FailureSensorIQ is its current focus on static knowledge, without modeling
temporal sensor-failure dynamics. Additionally, performance varies due to uneven online knowledge
availability across assets, affecting benchmarking consistency. Our experimental results underscore
these limitations and present an opportunity for innovation in reasoning-aware and agentic LLM
systems tailored to industrial diagnostics. Future work will extend the benchmark with temporal
reasoning tasks to evaluate how well LLMs integrate dynamic signals into feature selection. Another
direction is to expand the scope of the dataset by incorporating more assets and failure modes. Based
on preliminary studies, synthetic data generation and knowledge distillation from bigger and more
capable models to smaller ones are promising directions [17].
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A Dataset Bene�ts for AI and Industrial Research

Our dataset provides a range of opportunities across various domains. Below, we highlight seven
key application areas: the �rst four focus on reasoning and knowledge integration ability, while the
remaining three are centered around domain-speci�c applications.

• j MCQA Reasoning Analysis:Focuses on LLMs' ability to solve multi-choice problems
effectively [4, 29, 50, 51, 51].

• Û ReAct-style Reasoning with Multiple Data Sources:Supports dynamic retrieval of
external knowledge sources (e.g., Wikipedia, ArXiv) for open-book experimentation [2, 46]

• ¶ Knowledge Transfer Across Model Scales:Explores model scalability, pushing the
limits of smaller models compared to larger ones.

• ¥ Knowledge-Invariant LLM Testing: Evaluates LLMs' consistency in applying
domain-speci�c knowledge [14].

• õ Domain-Speci�c Embedding Models: Facilitates the creation of domain-speci�c
embedding models for improved performance [16, 42].

• Ô Synthetic Data Generation for Domains:Enables large-scale synthetic datasets for
data-scarce industries [41].

• Û IoT Integration and Real-World Validation: Validates AI models using real-world
IoT data for continuous improvement [10, 44].

B Dataset Preparation : Real and Perturbed

We systematically create a dataset of multiple-choice questions (MCQs) using the relevant and
irrelevant relationships between sensors and failure modes of an asset (D relevant ) which are found
from expert curated tables (example in Table 1) and question templates (QTfail andQTsensor ).
For each entry inD relevant it selects an appropriate question template, replacing placeholders with
corresponding attributes like failure mode, sensor type, or asset class. We then identify the correct and
incorrect answer pairs from the item's multiple-choice targets (mc_targets), ensuring at least one
correct answerA and one incorrect answerI is available (jAj � 1 andjI j � 1) to form meaningful
questions. For each valid pair of correct answers, incorrect answers are sampled, shuf�ed, and
integrated into a �nal MCQ format. The resulting questions with associated passage, answers, and
indices of correct answers, are appended to the results list (resrelevant ) which is returned as the
output.

15



Algorithm 1: Generate Multiple-Choice Questions
Input: D relevant , QTfail , QTsensor , max_n_choices
Output: resrelevant
Initialize resrelevant  [];
for eachitem 2 D relevant do

if 0failure _mode0 2 item then
q  random.choice(QTfail );
Replace placeholder inq with item [\ failure _mode"] ;

else
q  random.choice(QTsensor );
Replace placeholder inq with item [\ sensor"] ;

Replace placeholder withitem [\ asset_class"] ;
Extractqa_pairs  f (key; value) j key 2 item [\ mc_targets"] g;
Identify correct answersA, incorrect answersI ;
if jI j < 1 or jAj < 1 then

continue;

for each pair(i; j ) 2 A do
correct  [qa_pairs [i ]; qa_pairs [j ]];
Sampleincorrect  random.sample(I; n );
Shuf�e answers, �nd indicesA idx ;
qf inal  Question(passage; answers; Aidx );
Appendqf inal to resrelevant ;

return resrelevant ;

B.1 Question Templates

We have developed question templates as shown in Table 10. We only show one example per
task. The table provides structured templates for generating questions aimed at exploring the
relationships between sensors, failure modes, and industrial asset classes, supporting tasks like
Condition-Based Monitoring (CBM) and reliability analysis. Each task targets a speci�c aspect of
relevance. FM2Sensor-Sel. focuses on identifying the most relevant sensors for a failure mode in
an asset class, while FM2Sensor-El. identi�es sensors that are not relevant. Similarly, Sensor2FM-
Sel. determines the most relevant failure modes associated with abnormal sensor readings, and
Sensor2FM-El. identi�es failure modes that are irrelevant in such contexts. These templates enable
systematic question formulation, facilitating analysis of sensor-failure mode interactions to enhance
asset performance and reliability.

Task Question Template
FM2Sensor-Sel. For {asset_class}, if a failure event {failure_mode}

occurs, which sensors out of the choices are the
most relevant regarding the occurrence of the failure
event?

FM2Sensor-El. For {asset_class}, if a failure event {failure_mode}
occurs, which sensors out of the choices are not
relevant regarding the occurrence of the failure
event?

Sensor2FM-Sel. In the context of {asset_class}, which failure modes
are the most relevant when {sensor} shows abnormal
readings?

Sensor2FM-El. In the context of {asset_class}, which failure events
are not relevant when the sensor {sensor} shows an
abnormal reading?

Table 10: Examples of question templates for sensor selection and failure mode identi�cation. Each
template is rephrased multiple times for different tasks.
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B.2 Raw Data

We have 10 assets at present in our analysis, and per asset we have two mapping information available
in a form of Knowledge Graph (KG). Figure 8 provide a KG view.

Figure 8: Knowledge Graph Interaction

B.3 Perturbed Pipeline

The following Figure 9 show a pipeline for data generation. The pipeline depicted in the diagram
represents a systematic process for perturbing questions through a series of transformations. It starts
with the Original Question (Q) and progresses through multiple stages, each applying a speci�c
modi�cation. The �rst stage, OptionCaesar, introduces a basic transformation to the options, such as
encoding or shifting values. Next, OptionPerm rearranges the order of the options without changing
their content. The OptionForm stage modi�es the format of the options, such as rephrasing or altering
their presentation. Following this, ChangeType alters the question type, for example, converting a
multiple-choice question to a true/false format. The pipeline then proceeds to Question Paraphrase,
where the question itself is rephrased while preserving its original meaning. Finally, the SwapPos
stage changes the positions of key elements within the question, such as swapping the subject and
predicate.

The pipeline produces two potential outputs: an Easy Perturbed Question (Q) after moderate trans-
formations (indicated by a green arrow) or a Hard Perturbed Question (Q) after more extensive

Figure 9: Pipeline for Preparing Perturb Dataset
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transformations at the �nal stage. The dotted arrows between stages represent the sequential applica-
tion of these perturbation techniques, progressively increasing the complexity of the modi�cations.

C Experimental Con�guration

We use IBM watsonx and Microsoft Azure platforms which host various LLMs to perform the
inference for the different experiments. For models that are not available on these platforms, we run
on an internal GPU cluster equipped with 8� Nvidia A100 (80 GB) and 16� AMD EPYC 7763
64-Core CPUs, along with 128 GB RAM and 1TB SSD.

D Result Trace Analysis Demonstration

For the input prompt shown in Figure 10, we provide the reasoning and answers for o1, llama-3.3-70b,
and mistral-large-instruct-2407. We're given the failure mode “fuel �lter blockage” for the asset
“reciprocating internal combustion engine” it is asked to �nd the most relevant sensors. OpenAI o1
(Figure 11) constructs a causal chain based on the effects of blockage in the fuel �lter. It reasons
that it “reduces the amount of fuel �lter reaching the engine cylinders”. This leads to “incomplete
combustion or a lean fuel mixture”. Then this causes “lower combustion pressure within cylinders”.
Based on this causal analysis the model now selects the options: (C) Cylinder Pressure Sensor and
(E) Output Power Sensor. However, the correct answer is (B) Exhaust Pressure.

In similar lines, Mistral-Large-Instruct (Figure 12) forms a reasoning in the form of a causal chain
and comes with the answers (B) Exhaust Pressure and (E) Output Power. It gets 1 out of the 2 correct.

In contrast with the previous 2 models, Llama-3.3-70B-Instruct (Figure 13) does not go in the same
depth as the other models. We see that it enumerates the options and just decides whether the sensors
are related or not with minimal reasoning. It �nally selects (C) Cylinder Pressure which is incorrect.

The example presented in this section highlights the importance of the deep reasoning to be able to
answer these questions.

Input Prompt

Please select the correct option(s) from the following options given the question.
To solve the problem, follow the“Let me think step by step reasoning strategy”.
Question: Which sensor out of the choices can indicate the presence offuel �lter blockage
in assetreciprocating internal combustion engine?
Options:
A air �ow
B exhaust pressure
C cylinder pressure
D engine temperature
E output power
Your output must strictly follow this format:
{"reasoning": <"Your reasoning step-by-step">, "answer": <the list of selected options, e.g.,
["A", "B", "C", "D", "E"]>}
Your output:

Figure 10: Input Prompt. Ground truth is B, Exhaust Pressure.
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OpenAI o1 Reasoning and Response

Reasoning:
A blockage in the fuel �lter reduces the amount of fuel reaching the engine cylinders. This
leads to incomplete combustion or a lean fuel mixture, causing lower combustion pressure
within the cylinders.
Therefore, acylinder pressure sensor (Option C)can detect reduced pressures indicating a
fuel �lter blockage.
Additionally, with less fuel available for combustion, the engine's performance declines,
resulting in decreased power output.
Hence, anoutput power sensor (Option E)can also indicate a drop in engine power due to
fuel �lter blockage.
Other sensors like air �ow, exhaust pressure, and engine temperature are less directly affected
or may not provide a clear indication of fuel �lter blockage.
Answer:
C, E

Figure 11: Reasoning Trace by o1.

Mistral-Large-Instruct-2407 Reasoning and Response

Reasoning:
Let me think step by step:
1. A fuel �lter blockage would restrict the �ow of fuel to the engine.
2. This restriction would lead to a reduction in the engine's ability to burn fuel ef�ciently.
3. Inef�cient fuel burning would result in a decrease in output power and an increase in
exhaust pressure due to incomplete combustion.
4. Other sensors like air �ow, cylinder pressure, and engine temperature might not directly
indicate a fuel �lter blockage as they are in�uenced by various factors.

Therefore, the most indicative sensors for a fuel �lter blockage would be exhaust
pressure and output power.
Answer:
B, E

Figure 12: Reasoning Trace by Mistral-Large-Instruct-2407.
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Llama-3.3-70B-Instruct Reasoning and Response

Reasoning:
To determine the presence of a fuel �lter blockage in an asset reciprocating internal combus-
tion engine, we need to consider the effects of such a blockage on the engine's operation.
A fuel �lter blockage would restrict the �ow of fuel to the engine, leading to a decrease in
engine performance and potentially causing the engine to run rich or lean.
Let's analyze the options:
A. Air �ow: A fuel �lter blockage would not directly affect air �ow, so this option is unlikely
to indicate the presence of a blockage.
B. Exhaust pressure: While a fuel �lter blockage might affect engine performance, it would
not directly impact exhaust pressure, making this option less likely.
C. Cylinder pressure: A fuel �lter blockage would lead to a decrease in fuel �ow, resulting in
lower cylinder pressures. This option is a strong candidate.
D. Engine temperature: A fuel �lter blockage might cause the engine to run rich or lean,
potentially affecting engine temperature. However, this is an indirect effect, and engine
temperature is not the most reliable indicator of a fuel �lter blockage.
E. Output power: A fuel �lter blockage would likely cause a decrease in engine output power,
but this is a more general indicator of engine performance issues and not speci�c to fuel �lter
blockages.
Considering the options, the most direct and reliable indicator of a fuel �lter blockage is a
decrease in cylinder pressure
Answer:
C

Figure 13: Reasoning Trace by Llama-3.3-70B.
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E Additional Experimental Results

E.1 Leaderboard

In this section, we present the performance of 24 different LLMs on theSC-MCQAand its complex
perturbation versionComplexPert.

Model Acc. Total Acc. Sel. Acc El. Acc Perturb. Acc. Consist.
o1 60.40 61.06 67.89 49.76 44.17
o3-mini 58.46 56.81 69.84 53.28 47.47
llama-4-mav.-17b-128e 55.83 44.47 71.90 49.12 40.83
llama-4-scout-17b-16e 53.96 44.47 63.53 29.36 24.11
gpt-4.1 53.47 56.38 59.17 45.74 39.93
o1-preview 52.31 49.57 62.5 47.51 40.68
llama-3.1-405b-instruct 51.26 48.72 61.24 40.04 30.93
ds-r1 50.09 45.74 59.75 54.37 42.93
mistral-large-instr.-2407 50.09 51.28 57.57 38.10 29.32
gpt-4.1-mini 49.27 45.53 57.34 39.97 31.76
phi-4 48.56 40.43 60.32 36.30 29.62
mixtral-8x22b-v0.1 45.18 42.55 59.06 27.52 19.57
ds-r1-dist.-llama-7b 44.62 36.38 65.14 44.99 30.30
gemma-2-9b 43.98 30.43 58.6 45.29 36.07
ds-r1-dist.-llama-8b 43.04 38.94 54.36 24.26 16.27
gpt-4.1-nano 41.77 40.00 50.34 14.47 9.30
llama-3.3-70b-instruct 41.69 35.11 55.85 37.57 25.27
llama-3.1-8b-instruct 40.04 36.17 51.15 25.35 13.95
llama-3.2-11b-vision 39.11 33.83 50.92 45.74 30.90
qwen2.5-7b-instruct 38.73 40.64 49.54 28.20 16.42
ds-r1-dist.-qwen-7b 34.01 23.83 50.11 17.02 8.02
granite-3.2-8b-instruct 30.26 41.70 29.82 19.24 8.74
mixtral-8x7b-v0.1 27.60 25.32 38.19 11.21 4.46
granite-3.3-8b-instruct 25.83 32.13 29.47 23.73 14.40
granite-3.0-8b-instruct 22.85 16.17 36.70 16.16 4.87

Table 11: Performance comparison of different models across total, selection, elimination, perturba-
tion, and consistency accuracies.
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Model Electric
Motor

Steam
Turbine

Aero
Gas
Turbine

Industr.
Gas
Turbine

Pump Compressor

o1 68.8 47.95 50.89 70.83 58.55 56.36
o3-mini 63.25 49.71 51.49 68.33 52.63 55.45
llama-4-maverick-17b-128e 66.24 47.37 47.32 69.17 55.26 52.27
llama-4-scout-17b-16e 60.26 40.94 47.02 67.5 50.0 46.36
gpt-4.1 58.12 43.27 43.75 69.17 52.63 46.36
o1-preview 65.38 43.86 42.56 62.92 50.0 46.82
llama-3.1-405b-instruct 61.11 39.18 48.51 59.17 46.05 45.0
mistral-large-instruct-2407 51.71 36.26 44.64 59.58 45.39 46.82
deepseek-r1 58.97 39.18 44.94 63.33 50.66 44.09
gpt-4.1-mini 55.98 43.27 41.67 56.67 45.39 43.18
phi-4 50.85 40.35 45.83 57.92 50.0 41.36
mixtral-8x22b-v0.1 46.58 40.35 39.29 57.5 46.05 43.18
deepseek-r1-distill-llama-70b 50.0 36.84 40.77 51.25 39.47 34.55
gemma-2-9b 45.3 35.67 42.86 53.33 43.42 40.91
deepseek-r1-distill-llama-8b 46.58 36.26 43.45 50.0 40.79 41.82
gpt-4.1-nano 44.87 31.58 38.99 50.83 40.13 37.73
llama-3.3-70b-instruct 45.3 29.24 35.42 45.42 37.5 35.91
llama-3.1-8b-instruct 39.74 33.33 37.5 48.75 36.84 35.91
llama-3.2-11b-vision 38.46 31.58 36.61 42.92 38.16 37.73
qwen2.5-7b-instruct 41.03 30.41 35.42 45.0 39.47 35.0
deepseek-r1-distill-qwen-7b 37.18 28.07 32.44 43.33 34.87 31.82
granite-3.2-8b-instruct 34.19 27.49 24.7 30.0 35.53 28.18
mixtral-8x7b-v0.1 29.06 20.47 20.24 24.58 23.68 22.73
granite-3.3-8b-instruct 26.5 24.56 19.05 26.67 28.95 26.36
granite-3.0-8b-instruct 28.63 19.3 18.75 19.17 23.68 20.45

Table 12: FailureSensorIQ performance per asset (Part A).

Model Recipr. In-
tern. Comb.
Engine

Electric
Generator

Fan Power Trans-
former

o1 65.48 70.94 58.0 57.35
o3-mini 63.39 65.81 61.0 54.78
llama-4-maverick-17b-128e 61.01 62.39 56.5 48.71
llama-4-scout-17b-16e 66.96 59.4 60.5 45.04
gpt-4.1 61.01 58.12 57.0 48.9
o1-preview 58.33 62.82 53.5 44.85
llama-3.1-405b-instruct 58.63 55.56 51.5 46.51
mistral-large-instruct-2407 59.52 50.85 50.0 49.45
deepseek-r1 51.49 56.84 53.5 44.3
gpt-4.1-mini 56.85 49.15 54.5 46.69
phi-4 52.98 52.56 55.0 43.38
mixtral-8x22b-v0.1 52.38 39.74 53.5 39.71
deepseek-r1-distill-llama-70b 52.98 49.15 48.5 41.18
gemma-2-9b 53.57 44.44 55.0 33.82
deepseek-r1-distill-llama-8b 55.65 52.14 43.5 29.6
gpt-4.1-nano 50.89 45.73 49.5 33.27
llama-3.3-70b-instruct 50.0 42.74 48.0 41.91
llama-3.1-8b-instruct 47.92 37.61 46.5 36.4
llama-3.2-11b-vision 47.62 36.32 48.5 34.93
qwen2.5-7b-instruct 47.62 42.74 44.5 31.62
deepseek-r1-distill-qwen-7b 41.67 35.04 34.0 26.84
granite-3.2-8b-instruct 36.9 28.63 33.0 27.94
mixtral-8x7b-v0.1 36.61 23.08 34.0 32.17
granite-3.3-8b-instruct 36.31 25.21 30.5 20.77
granite-3.0-8b-instruct 32.14 22.22 27.0 19.12

Table 13: FailureSensorIQ performance per asset (Part B).
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E.2 Trigger Statement for Induced Reasoning

Table 14 shows the trigger statement we have used as a part of CoT based prompting to LLM.
Similarly, Table 15 shows the prompt for Plan-Solve mechanism.

CoT Stype Trigger Statement
Standard Let me think step by step
Expert Let me think step by step as a reliability engineer
Inductive Let's use step by step inductive reasoning, given the

domain specific nature of the question
Table 14: CoT Style

Plan-Solve Trigger Statement
prompt-3 Let's first prepare relevant information and make a

plan. Then, let's answer the question step by step
(pay attention to commonsense and logical coherence).

Table 15: Plan-Solve

E.3 Probing External Knowledge Sources

In this section, we examine how external knowledge sources are probed to estimate the volume of
documents they possess, which may have been leveraged during model �ne-tuning. To operationalize
this, we use keyword-based querying across multiple platforms (Wikipedia, arXiv, CrossRef, and
Google) and record the number of matching documents related to each asset type.

We document the querying process using a sample pseudocode procedure in Algorithm 2, which
outlines how we retrieved the number of Wikipedia entries associated with a given keyword. Similar
script is developed for the other sources. Our goal is to understand the potential in�uence of these
sources on the model's performance by analyzing the extent and nature of available data related to
speci�c asset types.

Algorithm 2: Search Wikipedia for Keyword Hits
Input: Search keywordk
Output: Total number of matching pagesh
De�ne Wikipedia API endpoint:url  "https://en.wikipedia.org/w/api.php" ;
Construct query parameters:params { action : "query" , list : "search" , srsearch : k,
format : "json" } ;

Send HTTP GET request:response  GET(url, params) ;
Parse JSON response:data  ParseJSON(response) ;
Extract hit count:h  data["query"]["searchinfo"]["totalhits"] ;
return h ;

The distribution of document volume shown in Figures: 14-16 reveals discrepancies across sources:

• CrossRef Scholarly Dominance: Assets likeindustrial gas turbine, power transformer,
andreciprocating internal combustion engineexhibit extremely high coverage in CrossRef
(e.g., over 1.8M entries forindustrial gas turbine). This suggests substantial representation
in peer-reviewed literature, re�ecting their critical role in energy and infrastructure systems.

• Wikipedia vs. arXiv Divergence: While fan has extensive representation on Wikipedia
(over 253K articles), it has modest coverage on arXiv (20K). Conversely,electric motoris
strongly represented on arXiv (75K) but appears in fewer Wikipedia articles (33.5K). This
contrast implies a split between assets emphasized in technical vs. general public domains.

• Underrepresented Public Topics: Assets likeaero gas turbineandelectric generatorhave
very low Wikipedia visibility (fewer than 1.5K hits each), yet they appear prominently in
arXiv and CrossRef. This suggests that these domains are underrepresented in public web
knowledge despite being well-documented in scienti�c literature.

• Public vs. Research Interest Misalignment: Pumpand fan have signi�cant Google
presence (1.4B and 7.08B hits, respectively), underscoring their ubiquitous usage. However,
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