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Generative Artificial Intelligence 
for Classification, Prediction, 
and Discovery of Consumer 
Product Recalls
Historical information offers valuable insights throughout product development, and 
recalled products in particular reveal potential design risks, yet they remain underutilized. 
We curate RECALL-MM, a multimodal dataset from the US Consumer Product Safety 
Commission (CPSC) recall database, augmented using generative methods. First, we 
employ generative artificial intelligence (GenAI) to classify hazards from textual descrip
tors; using GPT-4o, we achieve a relaxed accuracy of 0.73 against reference hazard labels. 
Second, we benchmark five state-of-the-art vision–language models (VLMs) on hazard pre
diction from product images, where Top-1 accuracy ranges from 23% to 40% and Top-3 
reaches 67% with GPT-5. Although classical retrieval baselines (Sentence-BERT and 
ResNet50 nearest-neighbors) exceed VLM accuracy, the foundation models still identify 
the correct hazard among three plausible guesses well above chance, zero-shot, from a 
single image. The near-equivalence of image-feature and large language model (LLM)-dis
tilled text retrieval suggests that visual interpretation carries most of the predictive signal, 
motivating continued development of flexible multimodal models. To complement these 
metrics, we apply an LLM-as-Judge framework that scores long-form predictions on a 
two-axis rubric, highlighting GenAI strengths and challenges in capturing hazard mecha
nisms and modalities. Finally, two application studies present interactive clustering maps 
that embed all recalls into a shared latent space to support hazard discovery. Together, 
these studies show how computational and GenAI-driven methods can leverage recall 
archives to classify, predict, and discover hazards, ultimately supporting risk-informed 
tools in early-stage engineering design. [DOI: 10.1115/1.4072427]
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1 Introduction
The product development process faces four distinct types of 

risk: technical, market, collaborative, and financial [2]. The likeli
hood of these risks manifesting is higher in the early stages of 
the product life cycle and decreases steadily over time. Conversely, 
the cost of addressing risks begins low but rises dramatically as the 
product advances toward manufacturing and release [3]. As such, 
engineers and designers are challenged to mitigate uncertainty as 
early as possible, particularly technical risks that could lead to 
costly rework or product failure.

Several techniques are utilized by industry professionals to guide 
a systematic approach for predicting and preventing risks. These 

include, but are not limited to, failure modes and effects analysis 
(FMEA) [4], fault tree analysis [5], event tree analysis [6], and 
cause-consequence analysis [7]. While these methods are well 
established, they rely heavily on expert judgment and intuition of 
potential failure modes. This ultimately limits the ability to 
capture unanticipated hazards that emerge across diverse products 
and contexts. In practice, such analyses are often performed late in 
the design process, constrained by limited historical data, or scoped 
narrowly to known risks, reducing their effectiveness in preventing 
downstream failures [8]. Moreover, because these approaches are 
typically applied on a per-product basis, they rarely exploit cross- 
product evidence from prior failures, making it difficult to identify 
recurring hazard patterns or risk factors that manifest only when 
failures are examined at scale. As such, we see an opportunity to 
learn from publicly available recalled product information to 
form an empirical basis for risk-informed decision-making. 
However, raw recall data, such as that maintained by the United 
States Consumer Product Safety Commission (CPSC), are unstruc
tured, inconsistently labeled, and difficult to analyze at scale. As a 
result, they remain underutilized in design practice and research.
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Recent advances in generative artificial intelligence (GenAI) 
provide new opportunities to transform unstructured recall 
records into machine-readable datasets. Large language models 
(LLMs) are particularly well-suited for tasks such as entity extrac
tion, data normalization, and classification from mixed-modality 
sources [9]. In this work, we employ OpenAI’s GPT-4o [10] to 
curate RECALL-MM, a multimodal dataset of 6874 recalls span
ning 2000–2024. The dataset includes direct retrieval fields 
(recall date, description, images), LLM-modified textual fields 
(de-branded product descriptions and product names), and 
LLM-categorized fields (hazard, product, and remedy classes). It 
also includes entirely LLM-generated fields, such as visual 
product descriptions derived from associated images. Collectively, 
this dataset represents over 546 million affected product stock 
keeping units [11], underscoring the real-world impact of the fail
ures documented.

To demonstrate the usefulness of the RECALL-MM dataset for 
computational design methods, we present a series of experiments 
and application studies around hazard identification. First, we inves
tigate the ability of LLMs to predict hazard classifications from 
textual product descriptions, establishing a benchmark for text-only 
hazard prediction. We then extend this analysis to the visual modal
ity, evaluating five state-of-the-art vision–language models (VLMs) 
for their ability to predict hazards from product images alone. To 
assess the quality of these predictions, we introduce an 
LLM-as-Judge approach that scores model outputs along two 
axes: which component is likely to fail and how it is likely to fail. 
Finally, we move from prediction to discovery, constructing an 
embedding-based representation of the recall dataset that demon
strates an example of situating a new product concept within a 
latent space of historical recalls, enabling designers to explore neigh
boring products and anticipate potential risks in early-stage design.

Our contributions are: (1) the development of RECALL-MM, a 
curated multimodal dataset of 6874 consumer product recalls com
bining CPSC raw fields, LLM-modified textual descriptors, 
LLM-categorized labels, and LLM-generated visual descriptions, 
validated against human annotations on a 100-item subset; (2) a 
three-stage workflow for design-risk discovery from recall 
archives—hazard classification, multimodal hazard prediction 
with long-form mechanism-and-mode reasoning, and embedding- 
based exploration—along with an evaluation framework com
prising a relaxed-accuracy metric for single-versus-multi-label 
mismatches and an LLM-as-Judge rubric for long-form failure nar
ratives; and (3) a characterization of where generative AI adds 
value for recall-based hazard analysis.

To support further development and evaluation of our dataset, 
we make the RECALL-MM dataset and accompanying experimen
tal code publicly available on GitHub.3

2 Related Work
2.1 Design Datasets. Over the last decade, several large 

design datasets have been curated and released to support data- 
driven design efforts for product design and related tasks. The 
classes of objects collected, sample size, and modality of the data 
are the main differentiators between datasets in this field.

Shapenet [12], the ABC Dataset [13], DeepCAD [14], and the 
Fusion 360 Gallery dataset [15] are among the largest datasets 
that contain geometry data and class labels for individual parts 
and whole assemblies. The datasets have been widely used for 
design automation and geometry generation tasks, and have also 
supported other work around ancillary design tasks such as materi
als selection [16]. Other smaller datasets have also been curated 
around more specific classes of objects, such as car bodies, 
mechanical components, and bicycles [17–19]. While these data
sets provide valuable structured information on product features, 

making them a useful starting point for analysis, they also come 
with limitations, including incorrect or missing semantic informa
tion, a limited number of object classes, and a lack of design 
context, intent, and criteria, which limits their utility for compre
hensive risk assessment.

Other design datasets have focused on different modalities, such 
as hand-drawn sketches [20,21], or textual descriptions of designs 
[22–25]. Although these datasets emphasize design rationale by 
describing the features and esthetics of the design solutions, they 
do not explicitly consider design feasibility, and some are limited 
by the number of object classes and data quality.

A few multimodal design datasets have been published, built 
around graphic design [26], design requirement documents [27], 
and descriptions of design changes [28]. These datasets combine 
textual descriptions, geometry, images, and design requirements 
in various ways to support tasks such as editing 3D geometry, inter
preting design requirements, and style classification.

The multimodal dataset collected in this work differs from prior 
datasets as it provides textual descriptions of designs, images, and 
recall information related to a failure mode of the product over a 
wide range of product classes. Table 1 summarizes the datasets dis
cussed in this section.

2.2 Data-Driven Risk Analysis. Product recalls have been 
used to investigate trends in consumer product safety, with a pre
vailing focus on children’s toys [30–33]. These studies similarly 
leverage the CPSC database, along with the global recalls dataset 
from the Organization for Economic Co-operation and Develop
ment (OECD) [29]. Wai and Uttama [33] presented a series of 
machine learning (ML) approaches for predicting a binary classifi
cation of children’s toy safety, showcasing the potential for 
data-driven hazard prediction. Our study expands on this work 
by investigating trends across multiple product categories, 
moving beyond a single domain focus.

The automotive industry has also seen a shift toward data-driven 
design for predictive maintenance and hazard prevention. Yorul
mus et al. [34] presented machine learning approaches for predict
ing brake defects from vehicles passing quality-assurance 
checkpoints, yet exhibiting high rates of customer complaints. Sim
ilarly, O’Donnell and Yoon [35] demonstrated a multi-label trans
fer learning approach by implementing a series of pretrained 
convolutional neural networks (CNNs) to predict the binary 
failure status of multiple engine components. Both studies rely 
on failure data to improve the future design of automotive compo
nents, demonstrating the effectiveness of leveraging data for failure 
mitigation and design improvement.

2.3 Hazard Identification in Design. The field of risk analy
sis has been extensively studied and continues to evolve within 
various organizational and engineering domains. A fundamental 
objective of risk analysis in engineering design is to proactively 
identify and mitigate hazards before they manifest as failures or 
safety incidents. FMEA is among the most widely adopted method
ologies employed by organizations to structure systematic risk 
assessments, prioritize potential hazards, and implement preven
tive actions [36–38]. First developed in the 1960s by the aerospace 
industry [39], FMEAs now serve as an industry standard tool 
across various applications, including automotive design, aero
space engineering, and product development, demonstrating its 
versatility in supporting product reliability and safety. Despite its 
maturity and widespread use, FMEA remains fundamentally 
dependent on expert elicitation and product-specific knowledge 
available at the time of analysis. As a result, its effectiveness is 
constrained by the completeness of anticipated use scenarios and 
the prior experience of the analysis team. In many practical set
tings, FMEAs are conducted within narrow organizational bound
aries, limiting the ability to leverage empirical evidence from 
failures observed in other products or domains. Consequently, 
recurring hazard patterns that manifest across large populations 3https://github.com/dianabolanos/RECALL-MM
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of consumer products are rarely incorporated into early-stage 
design risk assessments.

More recent advancements in FMEA methodologies incorporate 
computational approaches, such as fuzzy logic, machine learning, 
and integrated decision-making frameworks, enhancing traditional 
FMEA practices by addressing uncertainties and subjectivity inher
ent in risk scoring [40]. While these approaches enhance the internal 
consistency of FMEA evaluations, they typically operate on hazards 
already identified by experts and do not address the upstream chal
lenge of discovering previously unanticipated failure modes at 
scale. Moreover, the lack of structured, large-scale failure datasets 
accessible to designers limits the practical integration of data-driven 
insights into routine hazard identification workflows. In this work, 
we argue that systematically structured recall data can complement 
existing FMEA practices by providing empirical evidence of real- 

world failures across thousands of products. The dataset introduced 
in this article transforms unstructured recall records into a 
machine-interpretable resource that enables automated hazard cate
gorization, cross-product analysis, and exploratory risk discovery. 
Rather than replacing established FMEA methodologies, the pro
posed dataset and experiments are intended to augment hazard iden
tification by exposing designers to patterns of failure that are difficult 
to anticipate through expert judgment alone.

3 Methods
We begin this section by detailing the steps used to clean and 

augment the CPSC database into a multimodal dataset. Then we 
introduce two experiments to explore hazard classification and 

Table 1 Comparison of design and recall datasets discussed in Sec. 2.1 and related recall resources, organized by domain and 
stage of the product design process

Dataset Domain
Design 
stage Multimodal ML-Ready Primary use

Recall 
info

ShapeNet [12] CAD objects Conceptual × ✓ Geometric deep learning ×
ABC Dataset [13] CAD assemblies Detail × ✓ Geometric deep learning ×
DeepCAD [14] CAD objects Detail × ✓ Geometric deep learning ×
Fusion 360 Gallery [15] CAD assemblies Detail × ✓ Geometric deep learning ×
Mechanical Components 
Benchmark [17]

CAD objects Detail × ✓ Component classification and 
retrieval

×

BIKED [18] Bicycles Detail ✓ ✓ Geometric deep learning ×
DrivAerNet++ [19] Automotive Validation ✓ ✓ Simulation prediction ×
Design Concept Generation [22] Product design Conceptual × ✓ Concept generation ×
What’s in a name? [23] CAD assemblies Conceptual × ✓ Concept generation ×
Patent Data for Engineering 
Design [24]

Patents Conceptual × ✓ Concept generation ×

Crowdsourcing Inspiration [25] Product design Conceptual × ✓ Concept generation ×
DesignProbe [26] Graphic design Conceptual ✓ ✓ Multi-fidelity generation ×
DesignQA [27] Engineering 

documentation
Conceptual ✓ ✓ Design requirement understanding ×

ShapeTalk [28] CAD objects Detail ✓ ✓ Geometry editing ×
OECD Global Recalls [29] Product design Post-market ✓ × Regulatory recall reporting ✓
RECALL-MM (ours) Product design Conceptual ✓ ✓ Hazard classification, prediction, 

and discovery
✓

Note: ML-Ready indicates datasets that are structured and labeled in a form directly usable for machine learning without substantial manual pre-processing.
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PREDICTION: The plastic buckle could break
under stress, posing a FALLING risk because 

it may fail to retain the secured load.

PREDICTION: The metal hooks could
become unbent under excessive weight, 
posing an IMPACT risk because the load 

may fall abruptly, causing injury.

WHAT FAILED: "The 'what failed' component in 
the recall is the 'length adjustment buckles,'

while the prediction mentions a 'plastic buckle.'
These are related parts as they both refer to 
buckles, but the recall specifies a particular 

type of buckle, hence a score of 2. 

HOW IT FAILED: For 'how it failed,' the recall 
describes the buckles releasing unexpectedly,

while the prediction describes the buckle
breaking under stress. Both describe a failure

leading to a falling risk, but the mechanisms
di!er slightly: one is a release, and the other is 

a break, thus a score of 2.

WHAT FAILED: 2
HOW IT FAILED: 2

CATEGORY: FALLING

WHAT FAILED: "The 'what_failed' component in 
the recall is 'length adjustment buckles,' while 
the prediction mentions 'metal hooks.' These 

are related parts as they both serve a function
in securing or adjusting the load, hence a score

of 2. 

HOW IT FAILED: For 'how_failed,' the recall
describes the buckles releasing unexpectedly,

while the prediction describes the hooks 
becoming unbent under excessive weight. Both

involve a failure leading to the load falling, but 
the mechanisms di!er slightly, so a score of 2 is 

appropriate.

WHAT FAILED: 2
HOW IT FAILED: 2

WHAT FAILED: 2
HOW IT FAILED: 2

PREDICTION: The fabric straps could tear 
due to material fatigue, posing a CRASH risk
as the load is no longer securely held,
potentially causing it to fall.

CATEGORY: CRASH

WHAT FAILED: The 'what failed' component in the recall
is the 'length adjustment buckles,' while the prediction 
mentions 'fabric straps.' These are related parts as they 
are both part of the system that secures the load, but 
they are not the exact same component, hence a score 
of 2. 

HOW IT FAILED:For 'how it failed,' the recall describes 
the buckles releasing unexpectedly, while the prediction
describes the straps tearing due to material fatigue. Both
involve a failure that results in the load not being
securely held, but the mechanisms are di!erent (release 
vs. tear), so they are related but not exact, resulting in a 
score of 2.

CATEGORY: IMPACT

D
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Fig. 1 Overview of the research workflow. Left: US CPSC public recall records (2000–2024) were curated into the RECALL-MM 
dataset (6874 entries); Middle: dataset construction involved direct extraction and LLM-based categorizations, modifications, 
and generations; and Right: applied studies included (1) classification of hazards, (2) prediction of failure mechanisms and 
modes, and (3) discovery of risk patterns via embeddings and interactive exploration.

Journal of Computing and Information Science in Engineering                                                                                                                                  AUGUST 2026, Vol. 26 / 081006-3

D
ow

nloaded from
 asm

edigitalcollection.​asm
e.​org/​com

putingengineering/​article-pdf/​26/​8/​081006/​7629479/​jcise-25-1531.​pdf by guest on 09 O
ctober 2026



prediction based on textual and visual evidence using GenAI. Lastly, 
we position this work to support future studies of user interaction 
with multimodal data through embedding-space visualizations.

3.1 Dataset. The dataset used in this analysis is a curated 
subset of the US CPSC recalls database [11]. To ensure consistency 
and feasibility for analysis, recalls were filtered based on API 
accessibility, the presence of product images, and the time frame 
of 2000–2024. This filtering process yields a dataset comprising 
6874 recall entries, which accounts for 92.4% of total recalls 
within the specified time frame.

Each entry in the dataset includes essential recall attributes such 
as hazard classifications, product categories, remedy types, histor
ical recall dates, and an associated product image (Table 6). The 
raw CPSC database entries lack labeled classifications for each 
entry. To address this, we leveraged a generative pre-trained 
model, GPT-4o [10], to enrich and structure the data. We chose 
to use GPT-4o as it was the latest model released by OpenAI at 
the time of preparing this dataset. Figure 1 illustrates which 
fields were directly extracted from the CPSC database and which 
were augmented using GPT-4o.

Fields such as the recall_number, recall_date, and product_quan
tity were directly extracted from the database, along with the first 
image in each entry. We denote this as Direct in Fig. 1. Next, we 
leverage GPT-4o to assign each recall entry a product category, 
hazard category, and remedy type, selecting from predefined lists. 

Fig. 2 Summary statistics from the curated RECALL-MM dataset of 6874 US CPSC product recalls (2000–2024). Top left: dis
tribution by hazard classification; Top right: distribution by product classification; Bottom left: distribution by remedy classifi
cation; and Bottom right: annual recall counts.

Fig. 3 Correlation matrix of the LLM-derived reference product 
and hazard classifications across RECALL-MM (assigned by 
GPT-4o from textual recall data; validated against 
human-annotated labels in Sec. 4.1)

Table 2 Per-class classification metrics for all hazard 
classifications

Hazard class Precision Recall F1
Relaxed 
accuracy n

Burn 0.18 0.59 0.28 0.59 565
Choking 0.47 0.91 0.62 0.91 1055
Crash 0.29 0.93 0.44 0.93 413
Cuts 0.22 0.65 0.33 0.65 456
Falling 0.36 0.85 0.50 0.85 1041
Fire 0.56 0.74 0.64 0.74 1706
Heat-related explosion 
(HRE)

0.04 0.74 0.07 0.74 72

Impact 0.13 0.87 0.22 0.87 499
Other 0.08 0.46 0.14 0.46 325
Poisoning 0.52 0.32 0.39 0.32 657
Safety equipment 
malfunction (SEM)

0.10 0.49 0.17 0.49 157

Macro average 0.27 0.69 0.34 0.69 —
Weighted average 0.37 0.73 0.46 0.73 —
Overall — — — 0.73 6874

Note: Results show strong predictive performance overall (RA = 0.73), 
with highest accuracy for crash and choking hazards and lowest for 
poisoning. In our case of a single reference label, recall and relaxed 
accuracy are identical. Bolded values indicates the best per-class score 
for each metric.
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We label this as LLM Categorized. Hazard and remedy categories 
were aligned with CPSC’s own labels, with definitions provided in 
Appendix B (Tables 7 and 8). Since the CPSC does not offer stan
dardized product categories, we developed an 11-category scheme 
based on domain understanding, ensuring it broadly covers the land
scape of recalled products while maintaining consistency with exist
ing definitions for global recalls published by the OECD [29]. The 
LLM-Modified fields, recall_description and product_name, were 
refined to remove brand references and retain generic descriptions. 
For example, original descriptors often included specific brand 
names associated with the product. To remove bias in future analysis, 
we prompted the LLM to perform this modification task by simply 
removing any branding from the textual descriptors of each item. 
Lastly, we label the visual_product_description field as LLM Gen
erated, as it was generated entirely by prompting GPT-4o to describe 
the product based on its associated image.

During data cleaning, all records were standardized to a prede
fined schema, ensuring consistent representation of attributes 
such as product description, hazard type, and remedy details. 
GPT-4o outputs were validated against this schema, with type 
and value constraints applied to ensure reliability. Each record 
retains its original recall ID, preserving traceability to the source 
data and supporting future reference.

We use consistent terminology for the three categories of labels 
appearing throughout this work. CPSC raw fields (recall_number, 
recall_date, product_quantity, and the original product images) are 
factual records taken directly from the source database. 
LLM-derived reference labels are the hazard, product, and 
remedy classifications assigned by GPT-4o across all 6874 recalls 
(the “LLM Categorized” fields in Fig. 1). These serve as the refer
ence targets for the full-dataset evaluations in Secs. 4.2 and 4.3.1. 
Human-annotated validation labels are majority-vote categoriza
tions produced by three independent annotators on a 100-item 
subset and are used to validate the LLM-derived reference labels. 
The recall_description field, used as the textual comparison target 
for long-form scoring in Sec. 4.3.2, is derived directly from the 
CPSC database which GPT-4o modified only to remove brand refer
ences; we refer to it directly as the recall description. Throughout the 
paper, we reserve “ground truth” for the CPSC raw fields and avoid it 
elsewhere to prevent conflation with derived labels.

3.2 Large Language Model Hazard Classification. We 
evaluate the utility of LLMs to predict potential hazards directly 
from product image descriptions. Specifically, we focus on the 
visual_product_description field from the dataset, which contains 
a textual description of each product image generated by GPT-4o.

To perform hazard prediction, we then prompt GPT-4o to 
analyze the textual description of the image and output all applica
ble hazard classifications. The model selects hazard labels from a 
predefined set of 11 hazard categories (Table 7), ensuring consis
tency with existing CPSC classifications. The full prompt used 
for LLM prediction is provided:  

Outputs are returned in strict JSON format, listing the product 
description and the predicted hazards. The prompt enforces that 
the model must not leave any hazard fields empty, however we do 
include an “OTHER” category in the provided list of hazard 
choices to encourage comprehensive identification of potential risks.

3.2 Evaluation Metric. To quantify the model’s performance, 
we introduce a relaxed accuracy (RA) metric

δi =
1, if gi ∈ Pi

0, otherwise

􏼚

(1) 

Fig. 4 Prediction frequency matrix showing the proportion of 
samples with a given reference hazard (row) where the LLM pre
dicted a specific hazard (column). Diagonal values indicate per- 
class relaxed accuracy, whereas off-diagonal values indicate 
co-prediction frequency.

Fig. 5 Correlation matrix of GPT-4o-predicted hazard classifi
cations across all recalls, generated from visual_product_de
scription (multi-label predictions aggregated per recall). 
Compare to Fig. 3, which shows the reference labels.
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RA =
1
N

􏽘N

i=1

δi (2) 

where

• N = total number of products per hazard class.
• gi = single reference hazard classification for product i.
• Pi = set of predicted hazard classifications for product i.
• δi = indicator function that equals 1 if gi is present in the pre

dicted set Pi, and 0 otherwise.

The RA metric accounts for cases where the LLM predicts mul
tiple hazards, but the recall dataset provides only one reference 
hazard label per entry. The recall dataset only labels a single 
hazard per product (single-class), even though products may 
exhibit multiple concurrent hazards (multi-class). Thus, RA prior
itizes capturing all realistic hazards that could apply to a product, 
rather than penalizing extra predictions, acknowledging that the 
recall labels do not list every possible hazard. Overall RA is 
reported as the macro average (unweighted mean) of the per-class 
RA values. Because RA checks whether gi appears in the predicted 
set Pi, it tends to increase as |Pi| grows.

It is important to note that we intentionally do not impose restric
tions on the number of predictions required of the LLM. The rea
soning for this lays in the nature of hazard predictions, where a 
single product may truly be capable of exhibiting multitudes of 
potential hazards. As such, we choose not to restrict the predictions 
as this could lead to underprediction. Nonetheless, further analysis 
of the distribution of predictions confirms that the LLM did not 
simply inflate the results by predicting all possible hazards for 
each item. This is presented in detail in Sec. 4.3.1.

3.2 Classical Text Baselines. To contextualize the LLM clas
sification result and isolate what generative methods contribute 
beyond traditional supervised learning, we additionally evaluate 
two non-generative text baselines on the same hazard classification 
task. The first is a Sentence-BERT k-nearest-neighbors classifier. 
Each product’s visual_product_description is encoded with 
all-MiniLM-L6-v2 (the same encoder used in Sec. 3.4), and 
predictions are formed by majority vote among the k = 10
nearest neighbors in the training set by cosine similarity. The 
second is TF-IDF feature extraction followed by multinomial logis
tic regression, trained on the same split. Both baselines operate on 
the LLM-generated visual_product_description, matching the 
LLM classification setup for direct comparability. We note that 
this means neither baseline is fully independent of generative 

components in data preparation, but both are non-generative at 
inference time and require no LLM API calls. Results are reported 
in Sec. 4.3.1.

3.3 Vision–Language Model Hazard Prediction. This study 
explores the use of language models for long-form hazard prediction 
using the images directly extracted from the CPSC database. We 
benchmark five vision–language models: OpenAI GPT-4o, 
OpenAI GPT-4o-mini, OpenAI GPT-5 (2025 API release), Google 
DeepMind Gemini 1.5 Flash, and LLaVA 1.6 (7B parameters) on 
a random sample of n=100 entries as a representative portion of 
the full RECALL-MM dataset. These models were selected to repre
sent both state-of-the-art commercial models and an open-source 
baseline. This multi-step approach begins by prompting the model 
to consider each of the 11 hazard categories and determine 
whether there is potential for the hazard to surface based on the 

Table 3 Hazard classification Top-k accuracy (%) with 95% 
Wilson confidence intervals on a test set of n = 100 recalls

Method Top-1 Top-2 Top-3

Random baseline 11.0 22.0 33.0
Most-frequent baseline 27.0 43.0 54.0
Product image input
GPT-4o 38.0±9.4 49.0±9.7 56.0±9.6

GPT-4o-mini 40.0±9.5 58.0±9.5 65.0±9.2

GPT-5 39.0±9.4 59.0±9.5 67.0±9.1

Gemini-1.5-Flash 39.0±9.4 52.0±9.6 55.0±9.6

LLaVA 1.6 23.0±8.2 36.0±9.3 49.0±9.7

ResNet50 + LogReg 54.8±9.9 72.0±9.0 82.8±7.6

ResNet50 k-NN 67.7±9.3 76.3±8.5 83.9±7.4

visual_product_description input
TF-IDF + LogReg 64.0±9.2 78.0±8.0 83.0±7.3

Sentence-BERT k-NN 69.0±8.9 83.0±7.3 88.0±6.4

Note: VLMs operate on product images; classical image baselines operate 
on raw images via ResNet50 features; and classical text baselines operate 
on visual_product_description. Bolded values indicate the best score in 
each column within each method family.

Fig. 6 Best-of-three hazard-prediction scores across five 
VLMs. For each recall, the highest score among three predic
tions is taken, and the percentage distribution over scores 1 
(unrelated), 2 (partial), and 3 (exact) is shown by model. Top: 
Failure mechanism distribution of “what failed” scores; and 
Bottom: Failure mode distribution of “how it failed” scores. 
Higher proportions at 2 and 3 indicate better alignment with 
the recall descriptions.

Table 4 Impact of aggregation strategy on evaluation scores 

Model
Mechanism (Average) Mode (Average)

Best-of-three All Best-of-three All

GPT-4o 1.75 1.52 1.72 1.45
GPT-4o-mini 1.25 1.09 1.83 1.35
GPT-5 2.06 1.54 1.98 1.47
Gemini-1.5-Flash 1.92 1.57 1.95 1.58
LLaVA 1.6 2.00 1.80 1.50 1.30

Note: For each recall, VLMs generate three hazard predictions, each scored 
from 1 (unrelated) to 3 (exact match). Average Best-of-three takes the 
maximum score among the three predictions per recall, then averages 
across all recalls. Average All averages all prediction scores directly.
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product’s visual image. To analyze the results of this experiment, 
rather than prompting the model to select any hazard classification 
from the list of 11, we now prompt the model to only consider the 
top three most probable hazards. This approach was chosen as a com
promise to allow for richer exploration of recall predictions through 
long-form responses, while balancing the single-class nature of the 
reference labels versus actual multi-class nature of hazards attributed 
to a product. Using a Top-k metric, we first compare the model’s 
interpretation of potential hazard classes against the reference 
classifications.

The next stage prompts the model to provide long-form text 
descriptions of the failure mechanisms (what part or component 
might fail) and the failure modes (how it might fail). The full 
prompt is found in Appendix C. This step provides additional inter
pretability by exposing the reasoning behind the model’s hazard 
predictions, rather than limiting the output to a categorical label. 
It also enables qualitative comparison between the model’s pre
dicted failure narratives and the original recall descriptions, allow
ing us to assess whether the model identifies plausible mechanisms 
and modalities of failure. This structure mirrors how engineers typ
ically conduct failure analysis, where both the failing component 
and the mode of failure are explicitly articulated.

As shown in Fig. 10, each of the three predictions are provided in 
long-form text, ultimately making it a tedious human task to judge 
the model’s accuracy against the recall_description. To facilitate 
evaluation of these generated predictions, we introduce an 
LLM-as-Judge [41] to evaluate its own model predictions. This 
approach enables a large-scale evaluation otherwise expensive to 
conduct across human validations, and is consistent with emerging 
practices in generative model assessment. Each prediction is rated 
from score 1–3 on a two-axis system, focused on failure mechanism 
accuracy and failure modality accuracy, which aligns with the 

structure of the recall_description and allowing for direct compari
son. The prompt used to retrieve these scores is provided in Appen
dix C. A score of 3 denotes an exact match, a score of 2 refers to a 
related part or failure mode, and a score of 1 represents an incorrect 
or unrelated description of the failure mechanism or modality. In 
addition to raw scores, we also prompt the models to provide a ratio
nale for each score in natural language text. While we acknowledge 
the limitations of relying on GenAI evaluations, such as model bias 
and hallucinations, this approach serves as a time-efficient technique 
otherwise difficult to conduct with human experts.

3.3 Classical Image Baselines. To enable compare against the 
VLM Top-k results, we additionally evaluate two non-generative 
image baselines on the same n = 100 test set. Image features are 
extracted from the penultimate layer (2048-dim avgpool output) 
of a ResNet50 [42] pretrained on ImageNet (IMAGENET1K_V2 
weights). ResNet50 is a supervised deep CNN that predates the 
foundation-model era and is distinct from the CLIP-family encod
ers used in modern VLMs, providing a non-GenAI vision feature 
extractor. We then run two classifiers on these features: 
(i) k-nearest-neighbors with k = 10 and majority voting over neigh
bors, and (ii) multinomial logistic regression. Both are trained on 
the remaining recalls in RECALL-MM that have associated 
product images.

3.4 Embedding Space Discovery and Exploration. We now 
shift our methods to exploring a different way of interacting with 
the RECALL-MM dataset. Rather than relying exclusively on 
commercial large language and vision models, we introduce an 
embedding-based approach that leverages representation learning 
to enable discovery and exploration. Embedding techniques fall 
under the broader umbrella of generative AI, as they transform 
raw text into structured latent representations that can be combined 
with generative models to support downstream tasks such as synth
esis, retrieval, and hazard prediction. In the context of engineering 
design, embeddings provide a structured way to represent unstruc
tured recall narratives, enabling products to be grouped and com
pared by similarity. Visualizing these embeddings offers a 
practical means of exploring relationships between products and 
hazards, allowing researchers to identify clusters and trends that 
would be difficult to see through traditional keyword search.

3.4.1 Text Embeddings. Product descriptors, specifically 
recall_description and product_name, were embedded into a 
numerical latent space using the all-MiniLM-L6-v2 model 
from Sentence-BERT [43]. Sentence-BERT is a pre-trained 
model that generates fixed-length dense vector representations 
optimized for capturing semantic similarity between text inputs. 
We selected the all-MiniLM-L6-v2 model because it offers 
an effective balance between model size, computational efficiency, 
and embedding quality, making it well-suited for large-scale anal
yses without sacrificing performance.

3.4.2 Dimensionality Reduction for Visualization. To visual
ize relationships among products and recall reasons, we applied 
dimensionality reduction techniques. Specifically, we employed 
the t-distributed stochastic neighbor embedding (t-SNE) algorithm, 
chosen for its strength in preserving local structure and effectively 
capturing complex, nonlinear relationships in high-dimensional 
data [44]. Compared to linear methods such as principal component 
analysis [45], which primarily maintain global variance, t-SNE 
excels at revealing dense clusters and neighborhood groupings, 
which are paramount features for identifying semantically similar 
products and localized recall patterns. Product embeddings 
obtained via Sentence-BERT were projected from their original 
vector space into two- and three-dimensional coordinates. In the 
latter example shown in Sec. 4.4.2, the choice of three dimensions 
is motivated by visualization clarity rather than analytical neces
sity, as two-dimensional projections exhibited greater overlap 
between nearby clusters in this example. Importantly, the 

Fig. 7 Two-dimensional embedding of recall descriptions 
using dimensionality reduction. Markers indicate product cate
gory, showing clustering patterns that reflect category similari
ties, differences, and overlaps.

Table 5 Recall description diversity of each product category 
as measured by convex hull area in 2D scaled embedding space

Category Normalized area

TOYS_CHILDREN 11.848
SPORTS_RECREATION 11.009
TRANSPORTATION 10.486
HOME_APPLIANCES 10.169
TOOLS_HARDWARE 9.776
OUTDOOR_EQUIPMENT 9.485
BABY_PRODUCTS 9.219
FURNITURE 9.111
OTHER 8.872
CLOTHING_ACCESSORIES 8.712
ELECTRICAL 6.688
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underlying embedding remains high-dimensional, and the insights 
derived from this demonstration are not dependent on the dimen
sionality of the visualization.

The resulting visual maps (Figs. 8 and 9) enable exploration of 
recall clusters, offering insight into product similarities and 
hazard trends. While other methods like UMAP [46] could also 
be considered, we prioritized t-SNE for its well-established use 
in exploratory visualizations where fine-grained local structure is 
of primary interest.

4 Results and Discussion
To evaluate the reliability of the dataset, we first validate the 

LLM-generated categorizations against human-annotated annota
tion labels across product, hazard, and remedy classifications. 
We then analyze aggregate trends, examining common hazards, 
product categories, and remedies over time. Building on these 
results, we assess LLM hazard classification using a relaxed accu
racy metric, benchmark five VLMs with Top-k and LLM-as-Judge 
evaluations, and present qualitative examples of model reasoning. 
Finally, we construct embedding-based visualizations that reveal 
cross-domain hazard clusters and situate new product concepts 
within the recall landscape.

4.1 Human Evaluation of Dataset Categorizations. To val
idate the reliability of the LLM-generated categorizations, we con
ducted a human annotation study to establish human-annotated 
validation labels for a subset of the dataset. Three independent 
annotators participated in the study: two industry research scien
tists with experience in product design and engineering analysis, 
and one doctoral student in engineering design. All annotators 
were familiar with consumer product descriptions and 
hazard-related terminology. Each annotator performed 100 classi
fications for each task, amounting to 900 annotations. For each 
record, annotators were provided with the original long-form 
textual descriptions associated with the recall (including 
product description, hazard description, and remedy description, 
respectively) and were asked to assign a single class label from a 
predefined taxonomy corresponding to each task. No time limits 
were imposed, and annotators worked independently without com
munication or adjudication during labeling.

To establish validation labels, we employed majority voting 
across the three annotators’ labels for each classification task 
(product, hazard, and remedies). We assessed inter-rater reliability 
by evaluating Fleiss’s Kappa, which yielded coefficients of 0.71 for 
product classification, 0.80 for hazard classification, and 0.85 for 
remedies classification. These scores indicate substantial to 
almost perfect agreement, based on standard interpretation 

Snaps on the jacket can detach,
posing a choking hazard to young
children.

The recalled amplifier’s wiring can 
overheat, posing a fire hazard.

The boots can release from
the binding unexpectedly, 
posing a fall hazard to the user.

Incorrect screw provided for
assembly, leading to potential
risk of child falling or entrapment.

(a) (b)

Fig. 8 (a) Embedded recall descriptions of electrical (black) and clothing_accessories (gray) and (b) embedded recall descrip
tions of baby_products (blue) and sports_recreation (purple). Descriptions are denoted for each example, showcasing distant 
(a) and near (b) recall descriptions across different product categories.

“A bike suspension made of aluminum alloy”

FALLING

FIRE

IMPACT

CUTS

POISONING

OTHER

CRASH

BURN

CHOKING

S.E.M.

H.R.E.

New Product

Hazards

Product Name: Mountain bike suspens ..
Recall Reason: The suspension fork’s ...
Recall Classifer = FALLING

Product Name: Bicycle suspension fork
Recall Reason: The spring and ...
Recall Classifer = IMPACT

Product Name: Bicycle forks with steel ...
Recall Reason: The steel steerer ...
Recall Classifer = CRASH

Fig. 9 Three-dimensional embedding of product names, with markers colored by hazard class. A new product (diamond) is 
projected into the space and shown to cluster with recalled products of similar hazard types, illustrating embedding-based 
hazard discovery.
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thresholds. Given this high level of consistency, majority voting 
was deemed appropriate to consolidate the annotations. Items 
where no majority agreement was reached (five for product, four 
for hazard, and zero for remedy) were excluded from further anal
ysis to maintain the integrity of the validation labels.

With the validation labels established, we compared against the 
LLM categorizations. Using Cohen’s Kappa, we observed almost 
perfect agreement across all three classification tasks, with coeffi
cients of 0.82 for product classification, 0.91 for hazard classifica
tion, and 0.90 for remedies classification. These strong agreement 
levels indicate that the LLM’s predictions align closely with human 
judgment, achieving a level of consistency comparable to expert 
annotators. These results indicate that the LLM’s categorizations 
align closely with expert human annotations, supporting the reli
ability of the automated labeling approach for downstream 
analysis.

4.2 Data Analysis of Recall Classifications. To analyze pat
terns in product recalls, we first aggregated the dataset across four 
dimensions: hazard classifications, product categories, remedy 
classifications, and recall year. These aggregations are visualized 
in Fig. 2, allowing us to identify prevalent hazards, frequently 
recalled product types, common industry remedies, and temporal 
trends in recall activity.

Additionally, to explore relationships between product catego
ries and associated hazards, we generated a hazard-product corre
lation heatmap (Fig. 3). This visualization highlights where 
certain hazards are disproportionately concentrated within specific 
product types, offering insight into recurring failure modes and 
industry-specific safety concerns.

Examining hazard classification, fire, falling, and choking 
emerge as the most prevalent hazards, suggesting a need for 
improved foresight in anticipating these failure modes. Focusing 
on fire, we also see from Fig. 3 that the strongest correlations 
come from electrical and home_appliances. This aligns with exist
ing literature indicating heightened risks of household fires due to 
electrical failures in sockets, plugs, and wiring, as opposed to 
householder carelessness [47].

Within product classification, the high frequency of recalls in 
home_appliances and toys_children indicates particular vulnerabil
ity to hazards faced within the average US household, underscoring 
the need for safer design of products intended for vulnerable or 
high-use demographics. A study conducted by Anwar [48] also 
relied on the CPSC database to examine the harms resulting from 
high recalls in the toy industry. This study found that while most 
toys were manufactured in China, a vast quantity of toys were 
designed in the US, with choking and lead poisoning as primary 
concerns. This analysis aligns with our findings, emphasizing the 
importance of stronger safety precautions when designing con
sumer products. Interestingly, the heatmap also shows lower 
recall frequencies for categories such as tools_hardware and out
door_equipment, suggesting heightened risk awareness and more 
conservative design practices within these industries.

The prevalence of refund as a remedial action indicates a prefer
ence for immediate consumer safety, likely chosen when repairs or 
replacements are insufficient for risk mitigation. The substantial 
use of repair and replace remedies further suggests a widespread 
practice of addressing safety concerns through corrective product 
interventions rather than solely financial compensation. Kübler 
and Albers [49] observed the effect of product recalls on brand 
loyalty, and found that consumers valued transparency and conve
nient handling of the recalled product.

The temporal analysis reveals an apparent peak in recall inci
dents around 2005, followed by a general downward trend with 
fluctuations thereafter. This trend may reflect enhanced regulatory 
interventions, evolving industry standards, or changes in manufac
turing practices and quality-control measures.

Taken together, these results emphasize key areas for improved 
product safety. Recalls in categories such as home_appliances, 

electrical, and toys_children underscore the need for more proac
tive hazard anticipation during the product development process. 
Furthermore, the correlation patterns revealed by the heatmap 
suggest potential value in cross-domain learning: designers may 
benefit from examining hazard trends in adjacent product sectors 
to better anticipate potential risks.

4.3 Experiments

4.3.1 Large Language Model Classification. To assess predic
tive performance, we evaluate the model using precision, recall, F1 
score, and RA across all hazard classes, summarized in Table 2. 
The model achieves an overall RA of 0.73, with weighted-average 
precision of 0.37, recall of 0.73, and F1 of 0.46. We note that RA is 
equivalent to recall in this evaluation setting because each refer
ence label contains exactly one hazard label, the condition “at 
least one predicted hazard matches the reference label” reduces 
to “the single reference hazard was correctly predicted,” which is 
the definition of recall. We report the distribution of —Pi— 
(mean = 2.855/median = 3.000/IQR = 1.000) to contextualize 
these metrics. These values indicate the model is not inflating per
formance by over-predicting all 11 hazard classes for every 
product. Nonetheless, the observed asymmetry between recall/ 
RA (0.73) and precision (0.37) suggests a prediction strategy in 
which the model emphasizes hazard detection at the expense of 
increased false positives.

Per-class results reveal substantial variation in predictive perfor
mance. Hazards with clear physical manifestations achieve high 
recall and strong F1 scores: choking (recall: 0.91, F1: 0.62), 
crash (recall: 0.93, F1: 0.44), and fire (recall: 0.74, F1: 0.64). In 
contrast, hazards that are less visually apparent, such as poisoning 
(recall: 0.32) and other (recall: 0.46), exhibit lower recall, suggest
ing the model struggles to infer risks not directly observable from 
product descriptions.

To further examine the model’s multi-label prediction behavior, 
we construct a conditional prediction frequency matrix (Fig. 4), 
where each cell represents P(Predicted=Y — Reference=X)—the 
proportion of samples with reference hazard X where the model 
predicted hazard Y. Diagonal entries correspond to per-class 
recall, while off-diagonal entries reveal co-prediction patterns. 
The matrix exposes semantically meaningful clusters. For 
example, when the reference label is crash, the model frequently 
co-predicts impact and falling, reflecting physical similarities 
between mechanical hazards. Similarly, fire is often co-predicted 
with burn and heat-related explosion. These patterns suggest the 
model has learned domain-relevant associations between hazard 
types rather than predicting independently.

Figures 3 and 5 display the co-occurrence frequencies between 
product categories and hazard classifications for the reference 
labels and LLM predictions, respectively. Each cell value repre
sents the count of products within a given category (column) that 
are associated with a specific hazard (row). Figure 3 reflects the 
single reference label per product, and Fig. 5 aggregates all 
hazards predicted by the model. Further examination of Fig. 5
reveals that the model rarely predicts poisoning hazards, particu
larly for children’s toys. Cross-referencing with the reference 
labels (Fig. 3) shows a substantial number of poisoning-related 
recalls in this category—a discrepancy that highlights the challenge 
of predicting non-visible hazards from visual descriptions. The pre
diction frequency matrix corroborates this: the poisoning row 
shows minimal off-diagonal co-predictions, indicating the model 
does not conflate poisoning with other hazard types, yet the low 
diagonal value (0.32) confirms these hazards are frequently 
missed. Notably, when the model does predict poisoning, it 
achieves relatively high precision (0.52), suggesting conservative 
but accurate behavior. This pattern mirrors how consumers often 
rely on visual inspection to assess product safety, underscoring a 
critical need for transparent hazard communication and proactive 
design strategies that address latent risks not apparent through 
appearance alone. Prediction of non-visible hazards might be 
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improved through additional metadata such as material composi
tion, functional descriptions, or 3D models that reveal internal 
mechanisms.

4.3.1 Textual Comparison to Non-GenAI Classical Baselines. 
For comparison against non-GenAI baselines on the same 
dataset, we evaluate Sentence-BERT k-NN and TF-IDF + logistic 
regression operating on the visual_product_description. On the 
n = 100 test set used for VLM evaluation in Sec. 4.3.2, Sentence- 
BERT k-NN achieves Top-1 accuracy of 69.0% and TF-IDF + 
logistic regression achieves 64.0%. Although the RA of 0.73 
reported here is not directly comparable—RA permits credit for 
any label in a multi-label prediction whereas Top-1 requires the 
single highest-ranked prediction to match, and the test sets 
differ—the LLM’s score, computed under the more relaxed 
metric and on the full dataset, is in a similar range to the baseline 
Top-1 accuracies, suggesting that generative models do not 
provide a substantial classification advantage over classical 
retrieval on this task.

4.3.2 Vision–Language Model Prediction. We choose a Top-3 
cap as a result of the distribution of recalls seen in the LLM clas
sification experiment. The results of the VLM prediction experi
ment are shown in Table 3. The strongest Top-1 score reaches 
40% using GPT-4o-mini, while GPT-5 aligns with the reference 
hazard classification 67% of the time within three responses 
(Top-3). All evaluated VLMs outperform a random baseline 
(11/22/33%) and the stronger models exceed a most-frequent-class 
baseline (27/43/54%), confirming that the VLMs use product infor
mation rather than dataset priors.

4.3.2 Visual Comparison to Non-GenAI Classical Baselines. 
We additionally compare against classical non-GenAI baselines 
(Table 3, ResNet50 rows). A ResNet50 k-NN classifier on raw 
images achieves Top-1 of 67.7%, exceeding all five VLMs with 
non-overlapping confidence intervals. A parallel Sentence-BERT 
k-NN baseline on the textual visual_product_description (Sec. 
4.3.1) achieves similar Top-1 of 69.0%. The near-equivalence 
between image-feature retrieval and text-description retrieval sug
gests that visual features carry most of the predictive signal for 
hazard category, since both raw-image features and the visual 
description observe comparable performance. While the VLMs 
do not match retrieval baselines on classification accuracy, they 
identify the correct hazard among three plausible guesses 
two-thirds of the time from a single image, zero-shot and without 
access to a labeled corpus and performs well above the random 
(33%) and most-frequent (54%) lower bounds. The VLMs addi
tionally produce long-form failure-mechanism and failure-mode 
narratives that classical baselines cannot generate, which we 
examine next.

4.3.2 Long-Form Predictions and LLM-as-Judge Scoring. 
Figure 6 shows best-of-three score distributions, where we take 
the highest of three predictions per recall to reflect each 
model’s best shot. Overall averages are still modest against the 
reference hazard classifications, but the best-of-three view 
shows that models like GPT-5 and Gemini-1.5-Flash often 
produce at least one reasonably correct prediction (score ≥ 2) 
and a noticeable number of exact matches. In contrast, LLaVA 
1.6 never reaches a score of 3, which points to a stricter notion 
of what counts as an exact match. To assess the optimism intro
duced by best-of-three selection, Table 4 compares average 
best-of-three scores against the average across all predictions. 
The gap of 0.2–0.5 points reflects that not all three predictions 
match the reference label, which is an expected outcome. Each 
recall entry documents a single hazard, yet products may pose 
multiple plausible risks. A model generating three diverse predic
tions—one matching the documented hazard (score 3) and two 
identifying other potential hazards—would appear “inconsistent” 
despite functioning correctly. The mean penalizes this diversity, 

while best-of-three asks the more practical question: did the 
model identify the documented hazard among its predictions? 
We report both metrics for transparency, but argue that 
best-of-three better reflects real-world utility where identifying 
at least one correct hazard is the goal.

We highlight the scoring dynamics of the LLM-as-Judge 
through this qualitative example:  

This recall describes a rug fire hazard from failure to comply 
with flammability regulations. One of the predictions by GPT-5 
is presented, which shows strong accuracy in the mechanism of 
failure, receiving a score of 3. However, the modality of failure 
scoring appears strict in expecting closer alignment to the recall 
description. In this case, the recall description is more general, 
whereas the prediction specifically denotes the fibers as a source 
of flammability. We see this as a weakness in validating the accu
racy of LLM predictions given this dataset. It is a difficult task to 
quantify, and we place lower emphasis on the LLM-as-Judge 
scores relative to the qualitative insights and capabilities of 
GenAI hazard prediction.

4.4 Application Studies. In addition to evaluating classifica
tion and prediction performance, we present application studies 
that show how the RECALL-MM dataset can be explored 
through embedding spaces. These studies are intended as a first 
step toward discovery-oriented tools, where designers can investi
gate patterns in recalled products and situate new concepts within 
a broader recall landscape. While our current work focuses on 
building and demonstrating these embeddings, we envision 
future user studies where designers interact with these visualiza
tions directly to support hazard awareness and design decision- 
making.

4.4.1 Two-Dimensional Embedding Space. In the first appli
cation study, we examine the embedding space of the recall_de
scription field to explore how textual recall data can reveal 
underlying patterns beyond predefined hazard classifications. 
We specifically chose to embed recall_description to augment 
existing predefined groupings, offering an opportunity to 
observe unseen relationships within the dataset. Figure 7 presents 
a latent space representation of all 6874 recall_description texts, 
revealing clusters that broadly correspond to different product 
categories.
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To illustrate how product domains influence the structure of this 
space, we highlight two specific examples in Fig. 8. In Fig. 8(a), we 
focus on the product categories electrical (black) and clothing_ac
cessories (gray). Here, we observe minimal overlap in the embed
ding space, reflecting distinct recall descriptions and associated 
hazards. For example, recalls within the electrical category pre
dominantly reference fire hazards, resulting in a more cohesive 
clustering pattern. In contrast, the clothing_accessories category 
exhibits multiple distinct clusters, reflecting a wider variety of 
recall reasons, such as choking hazards due to detachable compo
nents. This divergence underscores how certain domains exhibit 
unique, domain-specific risks, while others exhibit larger diversity 
in risk possibilities.

Figure 8(b) highlights a case where recall descriptions from dif
ferent domains show considerable overlap. Specifically, the cate
gories baby_products and sports_recreation share similarities in 
recall descriptions, often referencing issues related to unsecured 
assembly constraints that pose risks of falling or entrapment. 
Despite the differing nature of these product types, the commonal
ity in risk profiles suggests valuable cross-domain learning oppor
tunities; studying hazards across domains allows designers to 
anticipate failure modes that might otherwise remain overlooked 
within their own field.

To contextualize these findings, we calculate the spread of recall 
descriptions for each product category using convex hull analysis. 
Table 5 reports the normalized areas for each category, offering a 
metric for the diversity of recall descriptions. This approach, 
informed by prior work on diversity metrics in embedding spaces 
[50], enables a comparative assessment of risk variability across 
categories. Notably, the toys_children category exhibits the 
largest normalized area, indicating a wide range of distinct 
hazards associated with children’s products. This reinforces the 
need for cautious safety considerations in the design of children’s 
toys.

4.4.2 Three-Dimensional Embedding Space. We demonstrate 
the potential to move beyond passive data exploration by demon
strating an interactive visualization approach that situates new 
product ideas within the context of historical recall data (see 
Fig. 9). In this example, we embed all product descriptors, specifi
cally product_name, into a 384-dimensional latent space. For visu
alization purposes, we reduce the dimensionality to three 
dimensions using t-SNE, although a similar analysis could be con
ducted in two dimensions as well.

When a designer inputs a new product concept, the system first 
embeds the input text into the same high-dimensional semantic 
space as the recalled products. For visualization purposes, the 
new embedding is then combined with the existing recall embed
dings, and a low-dimensional layout is recomputed to display the 
new concept alongside past recalled products. Specifically, both 
recalled products and new product concepts are encoded using 
the same Sentence-BERT model (all-MiniLM-L6-v2) to 
obtain fixed-length vector representations, which are subse
quently scaled using the same feature normalization fitted on 
the recall dataset. To visualize the augmented set, the new 
scaled embedding is concatenated with the existing scaled 
recall embeddings, and t-SNE is re-fit on the combined set 
using fixed hyperparameters and a fixed random seed. Because 
t-SNE does not provide a direct out-of-sample mapping, 
previously plotted points may shift slightly when a new 
concept is introduced. Accordingly, the visualization is intended 
for qualitative, exploratory analysis rather than as a fixed coordi
nate system.

We chose to embed product_name as it typically conveys 
precise, yet high-level semantic information, making it particularly 
suitable for early-stage ideation. As an example, an engineering 
team might propose a product idea described simply as “a bike sus
pension made of aluminum alloy” without fully developed specifi
cations. This approach allows the user to position that idea within 
the landscape of similar historical recalls, providing insight into 

neighboring products and their associated hazard classifications. 
By visualizing these relationships interactively, designers can pro
actively identify potential risks, explore relevant precedents, and 
make more informed design decisions. Altogether, this embedding 
approach transforms a static archive of recall records into an inter
active design resource. By visualizing relationships among prod
ucts and hazards, it complements traditional analytical methods 
and demonstrates how embedding-based representations can 
support exploration, comparison, and hazard awareness in safety- 
critical design contexts.

5 Limitations

While this work demonstrates the feasibility of using recall 
data for hazard classification, prediction, and discovery, several 
limitations are worth noting. The dataset is currently limited to 
recalls reported by the CPSC, which constrains the breadth of 
hazards represented. Extending to international sources such as 
the OECD Global Recalls Portal [29] would provide a more com
prehensive picture of product risks across regulatory 
environments.

A core limitation comes from the role of LLMs in augmenting 
dataset fields. Generative models enabled us to enrich product 
descriptions and classifications at scale, but natural language 
remains variable and sometimes ambiguous. Although our 
human annotation study showed strong agreement with these gen
erated fields, additional validation will be important to ensure their 
reliability when used in practice. Moreover, the outputs of LLMs 
are sensitive to prompt design; refining prompts or systematically 
comparing alternative prompting strategies could help quantify 
how much these choices affect downstream scores and overall 
dataset quality.

Our pipeline does not include formal uncertainty quantification at 
the per-prediction level. We report aggregate accuracy with 95% con
fidence intervals over a fixed evaluation set, but do not provide cali
brated confidence scores or risk-coverage analyses for individual 
predictions. As discussed in Sec. 4.3.2, this design reflects the 
intended use case of the workflow as a candidate-hazard discovery 
tool for designer review rather than as an autonomous classifier 
with abstention. Per-prediction uncertainty estimates—derived from 
multi-run consistency, model-reported logprobs, or cross-model 
agreement—and accompanying risk-coverage analyses are a valuable 
direction for future work, particularly in studies that evaluate the 
workflow with practicing designers.

Our evaluation metrics capture only part of the challenge of 
hazard prediction. Relaxed accuracy, Top-k scoring, and 
LLM-as-Judge provide useful signals, but they cannot fully 
account for the subtleties of hazard reasoning or design context. 
Similarly, while we illustrate potential applications of embed
dings and predictive models, this study does not yet evaluate 
their effectiveness with practicing designers. Validating their 
effectiveness in real-world design and safety processes remains 
an open opportunity.

6 Future Work
In addition to analyzing past recalls, this dataset and classifica

tion pipeline could also be used proactively to improve future 
product design. For instance, integrating recall-informed hazard 
classifications into early-stage product requirement generation 
may improve safety considerations from the outset. This could 
involve coupling the dataset with LLM generated user require
ments to ensure risk factors identified in past recalls are embedded 
into design requirements.

The dataset can further support developing detailed user perso
nas based on specific recall incidents and hazard types (integrating 
into works such as Ref. [51]). By examining product recalls 
through the lens of potential user interactions, designers could 
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construct user personas representative of individuals most likely to 
encounter or exacerbate certain hazards. For example, examining 
products recalled due to choking hazards might inform the creation 
of personas representing families with young children or elderly 
individuals with limited mobility, allowing designers to conduct 
roleplay analysis and proactively consider how different user 
behaviors and demographics might interact with products to 
induce hazardous situations.

While the dataset is multimodal and provides both text and 
visual descriptions of the products, 3D models of the products 
were not collected by the CPSC, or any other global entity 
responsible for handling product recalls. Collecting this data 
modality could further improve the models’ ability to predict 
hazards by providing more context about the design, although 
passing this data to the model efficiently would pose technical 
challenges.

Future work also includes per-prediction uncertainty quantifica
tion and risk-coverage analyses for deployment contexts, as dis
cussed in Sec. 5.

7 Conclusion
This work contributes the development of the RECALL-MM 

dataset, a curated collection of 6874 historical product recalls 
that integrates direct, modified, categorized, and generated fields 
for computational analysis. The dataset supports a three-stage 
workflow for hazard classification, prediction, and discovery, 
together with an evaluation framework designed to characterize 
where computational methods - both generative and non- 
generative—can support risk-informed early-stage design. We 
advocate for integrating publicly available recall datasets into 
early product development, where risk identification is often 
most critical yet underinformed by historical evidence.

Comparison against non-GenAI retrieval and classification 
baselines, in both text and image modalities, clarifies where 
each approach contributes. Classical methods such as Sentence- 
BERT k-NN on textual product descriptions and ResNet50 
k-NN on raw images achieve higher single-label Top-k accuracy 

than the five evaluated VLMs by exploiting redundancy in the 
recall archive. At the same time, the strongest foundation 
models still identify the correct hazard among three plausible 
guesses approximately two-thirds of the time, from a single 
image with no labeled training corpus. The near-equivalence 
between image-feature retrieval and text-description retrieval 
further suggests that visual interpretation carries most of the pre
dictive signal for hazard category—an observation that motivates 
continued development of multimodal models capable of reason
ing over product images directly.

Beyond classification, generative methods enable capabilities 
that classical baselines cannot produce: long-form failure- 
mechanism and failure-mode narratives, natural-language work
flows for interacting with recall archives at scale, and integration 
with embedding-based discovery interfaces that situate new 
product concepts within historical recall landscapes. This research 
lays groundwork for risk-informed computational tools in 
design workflows, where historical recall data and generative 
methods can each play complementary roles in proactive hazard 
mitigation.
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Appendix A

Table 6 Example of a recall entry from the curated dataset 

Field Value

recall_number 1751
recall_date August 20, 2014
recall_description The length adjustment buckles release unexpectedly, causing the item being stored to fall and injure people 

nearby.
product_name Kayak and watersports storage hanger
product_quantity 10,000
remedies Consumers should stop using the recalled storage hangers and return them to the place of purchase for a full 

refund or replacement.
visual_product_description The product consists of a pair of straps made from blue and black fabric, each approximately 1 in. wide and 84 in. 

long when unbuckled. They feature plastic snap buckles for length adjustment and plastic-coated steel S-hooks 
for hanging.

product_classification SPORTS_RECREATION
hazard_classification FALLING
remedies_classification REPLACE
product_image
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Appendix B

Table 7 Hazard classifications and definitions 

Hazard 
classification Definition

Fire Use of the product may lead to a fire or the product violates federal fabric flammability regulations.
Burn Use of the product may lead to experiencing burns.
HRE The product may explode unintentionally.
Falling Use of the product may cause an unintentional fall.
Poisoning Use of the product may lead to poisoning.
Crash Use of the product may lead to an unintentional crash.
Choking Use of the product may lead to choking, or the product violates federal toy safety standards, or the product violates federal children 

clothing standards (drawstrings).
Cuts Use of the product may lead to unintentional cuts and/or lacerations.
SEM The safety product does not operate as intended and use of the product may lead to injury or death.
Impact Use of the product may lead to an unintentional impact that may cause injury or death.
Other Other

Table 8 Remedy classifications and definitions 

Remedy classification Definition

Refund A customer may receive a full or partial refund, or gift card for the recalled product.
Repair The company is offering a repair to the recalled product.
Replace The company is offering a replacement for the recalled product in the form of a new product or other products of similar 

value.
Dispose The product should be thrown out or recycled.
New instructions The company will issue new instructions on how the customer can make the recalled product safe.
Remedy no longer 
available

The recalled product should be thrown out or recycled.
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Appendix D

Appendix E
Reproducibility and Implementation Details. To support 

reproducibility, we report model versions, sampling parameters, 
and implementation details as follows:

Call windows. Experiments using GPT-4o were conducted in 
two distinct windows: (1) Dataset curation (Sec. 3.1) and the 
LLM hazard classification experiment (Sec. 3.2/Sec. 4.3.1) were 
run in approximately Mar. 2025; and (2) The VLM hazard predic
tion experiments across all five models (Sec. 3.3/Sec. 4.3.2) were 
run in approximately late Sept. 2025.

OpenAI models. GPT-4o, GPT-4o-mini, and GPT-5 were 
accessed via the OpenAI python SDK. The model identifiers 

used were gpt-4o, gpt-4o-mini, and 
gpt-5-chat-latest. The gpt-4o alias was used in both 
the Mar. 2025 dataset curation and LLM classification runs and 
the Sept. 2025 VLM runs; during these windows, the alias served 
snapshot gpt-4o-2024-08-06 (the snapshot active from 
Aug. 2024 until OpenAI’s Nov. 2025 update). The 
gpt-4o-mini alias during our Sept. 2025 VLM window 
served snapshot gpt-4o-mini-2024-07-18. The 
gpt-5-chat-latest identifier is a rolling alias that OpenAI 
updates without versioning to point to the current GPT-5 chat 
variant; the underlying weights at our late Sept. 2025 call 
window are not independently retrievable. All calls used default 
sampling parameters (temperature = 1.0, top-p = 1.0, no explicit 
max_tokens limit, no seed set). JSON-formatted output was 
requested via the prompt only; we did not enable structured-output 
enforcement via response_format.

Fig. 10 Example of LLM-as-Judge evaluation of VLM hazard predictions for a recalled storage hanger. Three distinct predic
tions (metal hooks, fabric straps, plastic buckle) are compared against the recall description of length adjustment buckles 
releasing unexpectedly. Each prediction is scored on a two-axis rubric for what failed and how it failed, with scores of 2 assigned 
for partial alignment.
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Gemini. Gemini 1.5 Flash was accessed via the Google Gener
ative AI python SDK using the gemini-1.5-flash alias. The 
specific snapshot served by Google for this alias may have 
changed since our call window. Calls used default sampling param
eters (temperature = 1.0, top-p = 0.95, top-k = 40, max output 
tokens = 8192). The Gemini SDK does not expose a deterministic 
seed parameter. We did not attempt to enforce reproducibility 
across repeated calls.

LLaVA 1.6. LLaVA 1.6 was served locally via Ollama (model 
tag llava:7b), running the Mistral-7B-based variant. Sampling 
used temperature = 0.0 (greedy decoding), num_predict = 
400, and Ollama defaults for top_p (0.9) and top_k (40). No 
random seed was set, but greedy decoding renders outputs effec
tively deterministic.

Image preprocessing. For all VLM experiments, product 
images were submitted in their original CPSC JPEG format 
without client-side resizing or compression. Images were base64- 
encoded for the OpenAI and Ollama endpoints and submitted as 
in-memory PIL objects for Gemini. Server-side preprocessing 
(such as OpenAI’s automatic detail-level selection) was left at 
default settings.

Baselines. The Sentence-BERT k-NN baseline used the 
all-MiniLM-L6-v2 model from the sentence- 
transformers library, with k = 10 and cosine similarity over 
L2-normalized embeddings. The TF-IDF baseline used 
scikit-learn’s TfidfVectorizer with n-gram range 
(1, 2) and min_df = 2, followed by multinomial Logistic 
Regression with max_iter = 2000 and random_state 
= 42. The ResNet50 baseline used torchvision’s ResNet 
50_Weights.IMAGENET1K_V2 weights, with images resized 
to 256 pixels on the shorter edge, center-cropped to 224–224, 
and normalized with ImageNet statistics; 2048-dimensional fea
tures from the penultimate (avgpool) layer were used as input to 
both k-NN (same configuration as Sentence-BERT) and logistic 
regression (same configuration as TF-IDF).

Confidence intervals. All reported confidence intervals are 95% 
Wilson score intervals for the binomial proportion, computed as

p̂ + z2/(2n) ± z
�������������������������
p̂(1 − p̂)/n + z2/(4n2)

􏽰

1 + z2/n 

with z = 1.96. We chose the Wilson interval over the Wald 
(normal-approximation) interval because it remains valid near the 
boundaries of the proportion range at our evaluation size of 
n = 100.

Handling of invalid model outputs. We performed a post-hoc 
audit of all VLM prediction outputs and LLM-as-Judge score 
files to characterize invalid outputs. Across all individual VLM 
prediction slots, 4.22% returned null or empty predictions and 
0.07% returned an explicit error from image processing. For the 
LLM-as-Judge evaluations, 0.73% of expected fields were null 
and were excluded from the mean and best-of-three aggregations 
reported in Table 4; no item-level count mismatches occurred 
between prediction and judge-output records.
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