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Negative consequences

• Direct costs, e.g., communication and disposition 
(Chen et al., 2009, Yao and Parlar, 2019)

• Stock price (Chen et al., 2009)

• Future product reliability (Kalaignanam et al., 2012)

• Brand reputation (Cleeren et al., 2013; Liu and Shankar, 2015)

Table: Number of Product Recalls in the U.S. 



Vehicle Recall

General Motors’ (GM) “don’t tell“: 124 deaths, 275 injuries, 
and $900 million fine (Lareau, 2019)

Hyundai and Kia: the delayed recall actions lead to $210 
million fine (Gardner, 2020)

Over the past 10 years:
  

• More than 280 million vehicles have been recalled

• More than $230 billion economic loss per year
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Platforms for Collecting Consumer Complaints

MedWatch (FDA) SaferCar (NHTSA) 12365auto (China)

• In these recall-intensive sectors, almost all recalls, voluntary or not, are 
prompted by complaints that consumers make to the firm (Geiger, 2014; 

ConsumerReports.org, 2015; NHTSA, 2019)
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Severe Lack of Labor and Data Analytical Tools

“7 to 9 people to look through 77,000 safety complaints.”
 – from the head of the NHTSA

”We only have 3-4 people to look through over 40,000 
complaints each year.’’
 – from the regulation agency in China

NHTSA has been criticized for its failure to analyze data and spot threats 

(Astvansh et al., 2022)

FDA has also been criticized for unacceptably slow response to complaints of 

contaminated formula (Committee, 2022)
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An Increasing Investment in Industry

• In 2021, the NHTSA allocated a budget 
of $28 million for trend analyses using 
consumer complaint datasets

• McKinsey & Company posits that the 
capacity to promptly foresee and 
execute timely recalls can help 
businesses preempt potential issues 
through knowledge transfer, risk 
evaluation, and rigorous testing and 
validation

• Deploying such technological solutions 
is estimated to potentially save the 
automotive industry a staggering $50 
billion annually 6



Research Objectives

Automatically extract insights from consumer complaints
• Defected topics 
• Complaint importance

Main challenge: lack of directly labeled data

Proposed solution: 
• Defect summary in a recall statement is an accurate representation 

of the underlying product defects 
• Using defect summary of recalled products to supervise the 

understanding of their associated consumer complaints
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The U.S. Automobile Industry
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• The U.S. National Highway Traffic Safety Administration (NHTSA) provides a 
platform for consumers to file complaints. 

• The platform is currently the major channel of consumer complaints in this 
automobile industry. 

• The U.S. NHTSA also collects complaints from other sources (e.g., 
telephone) and stores the complaints in its database as well. 



Consumer 
Complaint



Recall Statement



Data

•Top 20 automakers from 2000 to 2019

•Unit of analysis: model-make-year (MMY)

•MMY selection criterion 

•The first recall or never-recalled MMYs

•At least 5 complaints

•Final datasets

•1,693 unique MMYs (76% recalled)

•62,353 complaints

•1,280 recalls (an average of 947 days after MMY launch)
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Hierarchical Dual Pitman-Yor Process (HDPYP)
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Empirical Approach
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Substantive Outputs of HDPYP
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• Defective topics and components

• Topic distributions of complaints and defect summary

• What complaints are important 

• Estimating importance weights across complaints 



Validating the Estimated Complaint Importance
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Compared with using all complaints or complaints with sever 
outcomes, being able to identify the few most important consumer 
complaints using HDPYP can improve

1. The quality of AI-Generated defect summary: 20% 



Sample Generated Recall Statements



Validating the Estimated Complaint Importance
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Compared with using all complaints or complaints with sever 
outcomes, being able to identify the few most important consumer 
complaints using HDPYP can improve

1. The quality of AI-Generated defect summary: 20% 

2. Predicting the recall incidence a few months ahead: 15%  

• Can detect these crippling recall events 2 years ahead 



Predicting Crippling Recall Events in Advance (AUC)
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Validating the Estimated Complaint Importance
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Compared with using all complaints or complaints with sever 
outcomes, being able to identify the few most important consumer 
complaints using HDPYP can improve

1. The quality of AI-Generated defect summary: 20% 

2. Predicting the recall incidence a few months ahead: 15%  

• Can detect these crippling recall events 2 years ahead

3. Predicting the defect component in advance: 25%  



Predicting Defect Components in Advance
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Future 

research

Managerial 

insights

Summary
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• We propose a semiparametric topic model, the HDPYP, that links safety-
related consumer complaints to recall statements

• The output of the HDPYP can

• Generate meaningful substantive insights

• Predict recall incidence and components

• We empirically demonstrate that our proposed approach is valuable in 
achieving the above objectives for practical applications
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Hierarchical Dual Pitman-Yor Process (HDPYP)

Base topic distribution of complaints that are associated with the same recall
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Hierarchical Dual Pitman-Yor Process (HDPYP)

Complain-Topic Distribution
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Hierarchical Dual Pitman-Yor Process (HDPYP)

The relative importance of each observed complaint to the topic distribution of a recall statement
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Hierarchical Dual Pitman-Yor Process (HDPYP)

Recall-Topic Distribution
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Model Inference

Chinese Restaurant Process Tech for EfficiencyMarkov chain Monte Carlo 

Cast each PYP node as a CRP 

restaurant and each word as a 
customer

− Require large computational 

storage for assignment 

information

− Low efficiency 

Adopt the notion of 
table indicator (Chen et 
al., 2011)

Blocked and collapsed 

Gibbs

Stochastic Kriging 

metamodeling method for

optimizing model 
hyper-parameters

Intractable parameter 
inference via traditional 
Bayesian inference

Inefficient MCMC
− PYP nodes

− Hierarchical structure
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