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Abstract
This exploratory study examines LLM-generated explanations
for injection-moulding defective-part predictions using local
SHAP evidence. CatBoost detected two of ten held-out failures,
both short-shot defects. GPT-5.4 mini, Gemini 3.1 Flash-Lite, and
Mistral Devstral 2512 each explained both cases, yielding six
explanations. One blinded LLM judge and one manufacturing
expert assessed evidence faithfulness, attribution caution, and
manufacturing-process relevance. The judge assigned both GPT
explanations maximum attribution-caution scores, whereas the
expert assigned minimum scores for unsupported process-value
claims. This observed disagreement illustrates a potential limita-
tion of automated explanation evaluation. With two cases of one
defect type and one evaluator of each kind, the findings cannot
establish a general ranking of LLMs.
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1 Introduction
Injection moulding is widely used for the large-scale manufac-
turing of plastic components ranging from standard to high-
precision parts, but variations in process conditions can lead
to quality defects and inconsistent production outcomes [6, 7].
In this study, the term failure refers to a production cycle that
produces a defective or nonconforming part, rather than to a
mechanical failure or breakdown of the injection-moulding ma-
chine. Traditional approaches such as Design of Experiments and
Analysis of Variance help identify relevant process factors, but
they may be limited in representing complex and nonlinear inter-
actions among process variables [7]. Machine-learning studies
now use XAI tools like SHAP and LIME to highlight key features
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and explain injection-moulding quality predictions [6, 7]. XAI-
based predictive-quality studies have shown that process mea-
surements, time-dependent information, and operator-adjustable
parameters can provide useful evidence for explaining model out-
puts [6]. Local model-attribution methods are particularly useful
because they indicate which variables most strongly influenced
a prediction for an individual production cycle [1, 7]. However,
model-attribution evidence explains the behavior of the predic-
tive model rather than establishing the physical cause of a defect
[1]. Furthermore, the direction of a feature attribution does not by
itself indicate that the corresponding process measurement was
high, low, abnormal, or outside an acceptable operating range
[1]. Large Language Models (LLMs) provide a potential interface
for translating technical model-attribution evidence into concise
explanations for operators and quality-control personnel [1, 4, 8].
Previous studies have applied LLMs to fault diagnosis, process
monitoring, and human–machine collaborative troubleshooting
in industrial environments [4, 8]. Research on LLM-based ex-
plainability also suggests that LLMs can make technical evidence
more accessible to non-specialist users [1]. Nevertheless, fluent
natural-language explanations may introduce information that is
absent from the supplied evidence, omit influential variables, re-
verse the direction of a contribution, or present model attribution
as proof of physical causation [1, 4]. Therefore, readability alone
is insufficient; generated explanations must also be evaluated
for their faithfulness to the supplied evidence and for the cau-
tion with which they communicate it [1, 2]. Although LLMs are
increasingly used to communicate model outputs and support
fault diagnosis, limited attention has been given to whether their
explanations accurately preserve local attribution evidence in
manufacturing settings [1, 4, 8]. In particular, it remains unclear
whether an LLM can correctly distinguish variables that push
a prediction toward Fail from those that push it toward Pass,
while avoiding unsupported statements about process values or
physical root causes [1].

This exploratory study examines attribution errors and judge–
expert disagreement in explanations of two short-shot cases de-
tected among ten held-out failures. GPT-5.4 mini, Gemini 3.1
Flash-Lite, and Mistral Devstral 2512 produce six explanations,
assessed by one blinded LLM judge and onemanufacturing expert
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for evidence faithfulness, attribution caution, and manufacturing-
process relevance [2]. The findings describe these cases and do
not establish a general model ranking.

2 Methodology and Experiments
This study evaluates the quality of LLM-generated explanations
for injection-moulding defective-part prediction. The explana-
tions are assessed by both an LLM judge and an independent
manufacturing expert using three criteria: evidence faithfulness,
attribution caution, and manufacturing-process relevance, as
summarized in Table 3. The methodology consists of five stages:
dataset loading and processing, predictive-model training and
optimization, extraction of local feature-attribution evidence,
generation of explanations by multiple LLMs, and evaluation
using both the LLM judge and the human expert. The complete
workflow is illustrated in Figure 1. The purpose of the study
is not to identify the true physical cause of each defect, but to
assess how accurately the generated explanations reflect the sup-
plied attribution evidence, avoid unsupported claims, and remain
relevant to manufacturing users.

2.1 Dataset
The study uses an injection-moulding dataset from the Korea AI
Manufacturing Platform (KAMP) [3, 5], containing 5,232 produc-
tion cycles and 35 variables describing machine, product, timing,
pressure, and temperature conditions, together with the binary
target PassOrFail. The dataset is highly imbalanced, with 5,172
passing cycles and 60 failures, corresponding to a failure rate
of approximately 1.15%. The failures comprise 35 gas defects,
15 incomplete-moulding or short-shot defects, and 10 startup
defects. Startup defects are removed because they occur during
process stabilization and are treated as an expected operating
condition. The resulting modelling dataset contains 5,222 cycles,
including 50 failures. A reason-balanced train/test split is created
using a fixed random seed. The test set contains five gas-defect
cases, five short-shot cases, and approximately 20% of the passing
cycles. This results in 4,178 training records with 40 failures and
1,044 test records with 10 failures. Production cycles are treated
as independent samples, so time is not used in the split. Model
tuning and threshold selection are performed using stratified
four-fold cross-validation on the training set. Leakage-prone and
identifier variables, including Reason, TimeStamp, row identi-
fiers, production dates, and serial numbers, are excluded, leaving
29 predictor variables.

2.2 Predictive Model as Supporting
Component

The predictive model is used to assign failure probabilities to
production cycles and to provide the local model-attribution evi-
dence used for explanation generation. Three gradient-boosting
classifiers—CatBoost, LightGBM, and XGBoost—are compared.
Because failures represent only a small proportion of the dataset,
PR-AUC is used as the main model-selection metric, while failure
recall and failure F1-score are reported as additional diagnostic
measures. The hyperparameters of each classifier are optimized
using Optuna and stratified four-fold cross-validation on the
training set. Each model produces a probability that a production
cycle will fail. A decision threshold is therefore needed to con-
vert this probability into a final Pass or Fail prediction. Because
failures are rare, the default threshold of 0.5 may miss many

Figure 1: Overview of the study pipeline, from data prepa-
ration to LLM-based explanation and evaluation.

actual failure cases. For each model, the threshold is selected us-
ing validation predictions from the training data by maximizing
the F2-score, which gives greater importance to detecting real
failures while still considering false alarms. PR-AUC is used as
the main model-selection metric because failures are rare in the
dataset, and it measures how well the model identifies failure
cases while accounting for false alarms. CatBoost achieved the
highest mean cross-validation PR-AUC of 0.1565, followed by
XGBoost with 0.1437 and LightGBM with 0.1083 as shown in Ta-
ble 1. CatBoost was therefore selected as the downstream model
according to the predefined cross-validation PR-AUC criterion.
Of the ten observed failures in the test set, CatBoost correctly
classified two as failures and missed the remaining eight. Only
the two true-positive cases were selected for explanation genera-
tion because the study evaluates explanations of defective-part
predictions made by the model. Both selected cases correspond
to incomplete-moulding defects.

2.3 LLM-Based Explanation Generation
For each of the two correctly predicted failure cases in the held-
out test set, the selected CatBoost model is used to calculate
local SHAP feature attributions.The evidence package provided
to the explanation-generating LLMs contains the most influential
features, their signed attribution values, the direction in which
each feature influenced the prediction, and a short manufacturing-
readable description of each process variable. Features are ranked
according to the absolute magnitude of their attribution, while
the signed attribution is retained to indicate whether a feature
pushed the prediction toward Fail or toward Pass. An example
of the evidence package supplied to the explanation-generating
LLM is presented in Table 2. The table shows the technical feature
name, its manufacturing-readable description, its signed local
attribution, and the direction in which it influenced the model
prediction. A feature-description dictionary is used to translate
technical variable names into terms that are easier to understand
in an injection-moulding context. The attribution evidence is
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Table 1: Performance comparison of the evaluated predictivemodels.Model selectionwas based on stratified cross-validation
PR-AUC.

Model CV PR-AUC Test PR-AUC Failure Recall Failure F1-score Selected

CatBoost 0.1565 0.1711 0.2000 0.1143 Yes
XGBoost 0.1437 0.0973 0.4000 0.1509 No
LightGBM 0.1083 0.0536 0.4000 0.0762 No

Note: Defective parts account for approximately 1.15% of the original dataset and 0.96% of the held-out test set.

treated as an explanation of the model’s prediction rather than as
evidence of the physical cause of the defect. Three LLMs—GPT-
5.4 mini, Gemini 3.1 Flash-Lite, and Mistral Devstral 2512—are
prompted to generate a short operator-facing explanation for
each production cycle. Each model receives the same attribution
evidence and feature descriptions to ensure a fair comparison.
The prompt instructs the models to identify the most influential
process variables, preserve the direction of their contributions,
explain their relevance in manufacturing terms, and avoid unsup-
ported statements about process-value levels, abnormal operating
conditions, or definitive physical causes. Each of the two true-
positive cases is explained by all three LLMs, resulting in six
explanations for subsequent LLM-as-Judge and human-expert
evaluation.

2.4 LLM-as-Judge Evaluation
The generated explanations are evaluated using a blinded LLM-
as-Judge protocol. For each of the two true-positive failure cases,
the judge receives the local model-attribution evidence and the
three corresponding explanations. Model identities are hidden,
and explanation order is randomized. Each explanation is scored
from 1 to 5 for evidence faithfulness, attribution caution, and
manufacturing-process relevance. The explanations are evaluated
using a blinded LLM-as-Judge protocol with ~openai/gpt-mini-
latest as the judge model. The overall score is calculated as the
mean of these three scores. As shown in Table 4, the LLM judge
assigned the GPT-5.4 mini explanations overall scores of 4.67 and
5.00, compared with 4.33 and 4.33 for Gemini 3.1 Flash-Lite and
4.33 and 3.00 for Mistral Devstral 2512. These scores describe
the six evaluated explanations and should not be interpreted as
estimates of the models’ relative performance beyond these two
cases.

2.5 Human-in-the-Loop Assessment
A central aim of this study is to compare automated LLM-as-
Judge evaluation with human-in-the-loop assessment and exam-
ine their similarities and differences in judging LLM-generated
manufacturing explanations. The human evaluator evaluates
the six explanations generated for the two true-positive failure
cases. For each case, the expert receives the same local feature-
attribution evidence, manufacturing-readable feature descrip-
tions, and corresponding LLM-generated explanations used in the
automated evaluation. The expert scores each explanation from
1 to 5 according to the same three criteria used by the LLM judge:
evidence faithfulness, attribution caution, and manufacturing-
process relevance. While the LLM-as-Judge provides scalable and
structured scores, the human-in-the-loop protocol introduces
domain-informed judgment about process plausibility and prac-
tical relevance. Comparing the two evaluations allows us to in-
vestigate whether automated judging can approximate human
assessment.

2.6 Evaluation Objective
The final objective is not to prove the true physical root cause of
each failure, but to assess whether LLM-generated explanations
are faithful to the local feature-attribution evidence and useful
for human interpretation. This makes the study an evaluation-
oriented contribution: it examines how generated manufacturing
explanations can be assessed for grounding, caution, relevance,
and actionability before being trusted in operator-facing settings.

2.7 Human Evaluation of LLM-Generated
Explanations

The injection-moulding expert evaluated the explanations gen-
erated by the three LLMs, with results reported in Table 5. The
expert assigned all six explanations the maximum evidence-
faithfulness score, but differed substantially in attribution caution.
GPT-5.4 mini and Mistral Devstral 2512 introduced unsupported
claims about feature magnitudes, such as describing values as
high or low, whereas Gemini 3.1 Flash-Lite avoided this error.
Manufacturing relevance was reduced across all models because
they stated that the available information could not provide a
physical explanation of the failure. Although SHAP attributions
alone are insufficient to determine the failure mechanism, the
input features are measured process parameters and therefore
contain physical information about the manufacturing process.
The models also used the term "unshaped" instead of the stan-
dard injection-moulding term "short shot". GPT-5.4 mini was
further penalized for referring to process parameters measure-
ments as signals, while Gemini received a lower relevance score
for part 116 due to imprecise process terminology. For these two
cases, the expert assigned the Gemini explanations higher over-
all scores than the other explanations, principally because they
avoided unsupported process-value claims. This case-specific
assessment does not establish that Gemini generally produces
better manufacturing explanations.

3 Results, Discussion, and Limitations
Across the two short-shot cases, the LLM judge assigned the high-
est overall scores to GPT-5.4 mini, whereas the manufacturing
expert preferred Gemini 3.1 Flash-Lite. The clearest disagreement
concerned attribution caution: both GPT explanations received
5 from the judge but 1 from the expert. The expert identified
unsupported claims about higher injection speed, longer injec-
tion time, and higher injection pressure. Signed SHAP values
describe the direction and magnitude of contributions to model
output; they do not establish whether process measurements are
high, low, abnormal, or physically responsible for a defect. The
expert also identified unsupported magnitude claims in Mistral
explanations, which the judge penalized inconsistently.

These observations illustrate how automated evaluation can
overlook unsupported claims despite assigning high caution
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Table 2: Example of the local model-attribution evidence supplied to the explanation-generating LLM for true-positive
cases

Feature Manufacturing-readable description Attribution Direction

Plasticizing_Time Time required to melt and meter the material
for the next shot through screw rotation

-0.7993 Toward Pass

Max_Screw_RPM Maximum rotational speed of the screw during
material preparation.

0.5960 Toward Fail

Interpretation: A positive attribution indicates that the feature pushed the model output toward Fail, whereas a negative attribution pushed it toward Pass.
The attribution sign does not indicate whether the measured process value was high, low, or abnormal, and it does not establish physical causality.

Table 3: Criteria used for evaluating the LLM-generated
explanations.

Criterion Evaluation focus

Evidence faithful-
ness (EF)

Whether the explanation accurately re-
flects the provided model-attribution ev-
idence.

Attribution caution
(AC)

Whether the explanation avoids unsup-
ported claims about process-value direc-
tion, abnormality, or physical causation.

Manufacturing-
process relevance
(MPR)

Whether the explanation is meaningful
and relevant in the context of injection-
moulding operations.

Table 4: LLM-as-Judge scores for the two true-positive
cases.

Model EF AC MPR Overall

Case 1: Example 115
GPT-5.4 mini 4 5 5 4.67
Gemini 3.1 Flash-Lite 4 5 4 4.33
Mistral Devstral 2512 4 4 5 4.33

Case 2: Example 116
GPT-5.4 mini 5 5 5 5.00
Gemini 3.1 Flash-Lite 4 5 4 4.33
Mistral Devstral 2512 3 2 4 3.00

Note: EF = Evidence Faithfulness; AC = Attribution Caution; MPR =
Manufacturing-Process Relevance. Bold values indicate the highest
score within each true-positive example; ties are shown in bold.

Table 5: Manufacturing-expert evaluation of the LLM-
generated explanations for the two true-positive cases.

Model EF AC MPR Overall

Case 1: Part 115
GPT-5.4 mini 5 1 3 3.00
Gemini 3.1 Flash-Lite 5 5 4 4.67
Mistral Devstral 2512 5 1 4 3.33

Case 2: Part 116
GPT-5.4 mini 5 1 3 3.00
Gemini 3.1 Flash-Lite 5 5 3 4.33
Mistral Devstral 2512 5 1 4 3.33

Note: EF = Evidence Faithfulness; AC = Attribution Caution; MPR = Manufacturing-Process
Relevance. Scores range from 1 to 5. Bold values indicate the highest score for each criterion
within a case.

scores. They do not establish a general ranking of explanation-
generating models. The six explanations share only two underly-
ing production cases of one defect type, assessed by one human
expert and one LLM judge. Consequently, score differences are

descriptive and cannot establish reliable model superiority or the
prevalence of evaluator disagreement. Both cases were correctly
detected failures, leaving explanation quality for incorrect pre-
dictions unexplored. Broader conclusions require more diverse
cases, including false positives and false negatives, together with
multiple experts and LLM judges.

The source code and experimental materials used in this study
are publicly available at https://github.com/iman-xosseini/injec
tion_molding_study_sikdd2026.
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