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1 Introduction

Product and service quality is fundamental to firm value creation and long-term perfor-

mance, and has long been a central topic in a substantial body of research across diverse

literatures. Beyond firm performance, quality has far-reaching consequences for a broad

range of stakeholders: it shapes investor valuations and consumer welfare, and its failure can

impose significant societal costs, ranging from financial losses and public health risks to, at

the extreme, loss of life. Despite its first-order importance, quality is notoriously difficult to

observe ex ante. The Boeing 737 MAX crashes serve as a stark reminder: Boeing’s public

trust index was twice as high as that of Airbus prior to the 737 MAX crisis, masking serious

underlying quality issues that were not revealed until after the tragic loss of hundreds of

lives.1

The difficulty in observing quality ex ante is well-recognized in economic theory. Much of

this research treats quality as private information about the attributes of a firm’s products or

services held by sellers but unobservable to buyers (e.g., Akerlof, 1970; Milgrom and Roberts,

1986; Spence, 1978). This has motivated a rich literature on signaling, screening mechanisms,

and incentive mechanisms such as reputation for dealing with quality uncertainty. Existing

approaches in applied and empirical research for measuring quality include indicators such

as voluntary quality disclosures, product durability, customer satisfaction and complaints,

product recalls, and litigation. While these measures provide useful information for quanti-

fying quality to some extent, they face several important limitations. First, they are lagging

indicators—they capture quality issues only after a transaction has occurred or after quality

issues become visible to the public. Second, such measures are not universally available for

all firms. Many have limited coverage and employ different sampling and scoring method-

ologies, resulting in a lack of comparability across firms and time periods. Third, voluntary

quality disclosures by firms are not always consistent with actual internal control practices

1See https://www.cnbc.com/2024/01/30/boeings-reputation-is-taking-a-hit-survey-shows.

html
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and processes, reducing their credibility as faithful quality signals (e.g., Chen, 2024; Graham

et al., 2022; Guiso et al., 2015). These challenges underscore the need to develop alternative

forward-looking and scalable measures of firm quality provision.

The consensus reached by prior literature across various disciplines is that quality provi-

sion is shaped by firms’ internal operating and control environment (e.g., Bloom et al., 2013;

Ichniowski et al., 1997; Ittner et al., 2001; Lazear, 2000; Guiso et al., 2015), and it is precisely

the information asymmetry surrounding these internal environments that makes quality pro-

vision difficult to observe from the outside. Employees have direct exposure to these internal

processes and environment as a natural result of their routine involvement in day-to-day

operations, and therefore, they are well-positioned to offer insider insights into the quality

of the products and services that their firms provide (Cai et al., 2025). Furthermore, the

rise of crowdsourced platforms enables employees to talk and share their experiences about

their firms. These platforms aggregate anonymous employee reviews from a large number

of users, allowing for the potential identification of systematic patterns in firms’ internal

operational and control environments based on more candid and diverse perspectives (Cai

et al., 2026; Campbell and Shang, 2022; Green et al., 2019; Hales et al., 2018; Huang et al.,

2020). Accordingly, information extracted from crowdsourced employee reviews may offer

valuable insights for predicting firm quality provision.

We construct firm-year-level measures of firm quality provision by extracting information

from employee written reviews on Glassdoor using machine learning approaches that are

well established in prior literature (e.g., Frankel et al., 2022; Siano, 2025). Specifically, we

apply random-forest regression-tree (RF) and Gradient Boosting model (XGBoost) given

their superior performance in handling complex non-linear relationships. We obtain over

4.3 million employee written reviews from both “pros” and “cons” sections of Glassdoor for

S&P 1500 firms over the period of 2008 to 2023. We also obtain customer satisfaction data

from American Customer Satisfaction Index (ACSI) as our primary quality indicator. We

identify a subset of firms with both Glassdoor employee reviews and ACSI scores and use
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it to train our machine learning models. We map each firm’s employee reviews in year t to

ACSI scores in year t+ 1. The models therefore are trained to use employee reviews from a

given year to predict one-year-ahead ACSI scores. To prevent look-ahead bias, we split the

sample chronologically, using the 2008-2021 subsample for model training and holding out

the 2022-2023 subsample for testing purposes. For both the random forest and XGBoost

models, we train and develop separate models based on reviews from the “pros” and “cons”

sections, respectively. We construct text-based quality indices for S&P 1500 firms from 2008

to 2023 by computing weighted sums of unigrams and bigrams in employee reviews for each

firm-year, where the weights correspond to the feature importance values derived from the

trained models.

We begin by examining the distribution and variation of our text-based quality measures.

We use Shapley values to examine the percentage of variation explained by different sets of

fixed effects. Year fixed effects explain a small share of the variation, accounting for 2.6% to

5.5% across different quality indices and model specifications. Industry fixed effects explain

1.1% to 2.5% of the variation. The interaction of industry and year fixed effects accounts for

a modest portion, explaining 7.9% to 11.0% of the variation. Collectively, these aggregate-

level factors (year, industry, and industry-year effects) explain 12.3% to 18.4% of the total

variation, implying that 81.6% to 87.7% of the variation occurs at the firm level. Adding firm

fixed effects reveals that time-invariant differences across firms within industries account for

29.9% to 47.6% of the variation. The remaining 35.3% to 57.8% represents time-varying,

firm-specific variation that is unexplained by the fixed effects.

We next evaluate the predictive power of our firm quality provision measures by regress-

ing leading industry-adjusted ACSI scores on our text-based quality measures in the hold-out

sample. We find that our quality indices are significantly associated with future ACSI scores

and that such relationships are robust with the inclusion of firm observable characteristics,

lagged ACSI scores, Glassdoor ratings, industry fixed effects, and year fixed effects. The ad-

justed R2 increases substantially when our quality measures are included—ranging from 10.1
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to 22.8 percentage points across specifications. Further out-of-sample performance analy-

ses suggest that across all model specifications, our text-based quality measures consistently

emerge as the most important predictor of future ACSI scores, contributing more to explana-

tory power than any other readily observable firm characteristics such as size, leverage, sales

growth, operating performance, analyst following, institutional ownership, and Glassdoor

ratings.

We perform a battery of validation tests to examine the association between our text-

based measures of firm quality provision and a set of alternative quality proxies, including

MSCI product safety and quality scores, and Fortune’s rankings of best quality firms and

worst quality firms. We find that, across most specifications and a wide range of proxies for

future quality, our text-based quality measures effectively distinguish between higher- and

lower-quality firms in addition to the inclusion of observable firm characteristics and fixed

effects. These results lend strong support to our findings that information extracted from

employee written reviews is useful for predicting firm quality provision.

We then explore the implications of firm quality provision on business outcomes. We

show that firms with higher quality scores exhibit a lower likelihood of product recalls,

greater brand value, and higher future profitability. Additional analyses demonstrate that

our measures offer incremental explanatory power beyond management disclosure and cor-

porate culture. In assessing measurement error, we find that the share of measurement error

in our quality measures is at least comparable to, and in some cases lower than, those docu-

mented for other firm-level variables under similar assumptions in prior studies (e.g., Bloom

et al., 2018; Collard-Wexler, 2011; Hassan et al., 2019). This suggests that our measures

capture economically meaningful heterogeneity in firm-level quality provision.

In light of recent developments in large language models and generative AI, we construct

an alternative set of measures using GPT models to explore the potential and limitations

of generative AI for our measurement task. We apply a zero-shot prompt-based approach

and a supervised fine-tuning approach to construct GPT-based quality measures, respec-
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tively. Our findings show that GPT-based measures can perform reasonably well but are

not uniformly effective across tasks and approaches. Specifically, we find that the zero-shot

quality measures are directionally correlated with customer satisfaction and explain varia-

tion in firm-level quality provision after controlling for firm covariates. Nonetheless, they

produce relatively less precise predictions and their incremental predictive power is largely

subsumed by Glassdoor ratings. The results highlight that the zero-shot approach can serve

as a practical and accessible option when more technically demanding tools are unavailable,

and users should exercise caution in applications where high predictive accuracy is criti-

cal. In contrast, the fine-tuned quality measures yield generally consistent results with our

main machine-learning-based measures. However, it is best suited for tasks that require

ordinal classification at a coarser scale as opposed to continuous scores. Taken together,

our exploration underscores the importance of considering precision, accessibility, predic-

tion consistency, and measurement granularity when deploying generative AI for text-based

measurement tasks.

We contribute to the literature in two primary ways. First, we contribute to the man-

agement accounting literature on the measurement of economically important yet difficult-

to-observe dimensions of firm operations and performance. Due to information frictions,

quality is difficult to observe and verify prior to or at the point of transaction (e.g., Akerlof,

1970; Milgrom and Roberts, 1986; Spence, 1978). Existing proxies capturing firms’ product

and service quality using observable attributes, customer reviews, and firm voluntary disclo-

sures are often limited in coverage, difficult to compare across firms, and lagging in nature.

We address these limitations and add to the extant measures by developing and validat-

ing a more broadly available, forward-looking measure of firms’ product and service quality

based on large-scale employee-written reviews. We demonstrate that our text-based quality

measures have strong predictive power for future firm quality provision beyond conventional

observables.

Second, we contribute to the accounting literature on alternative information channels by

5



showing that employee-generated text provides valuable information about firms’ important

attributes such as quality provision. Prior literature suggests that employee-generated in-

formation on crowdsourced platforms such as Glassdoor is informative about firm attributes

and outcomes that are difficult for external stakeholders to observe (e.g., Cai et al., 2026;

Campbell and Shang, 2022). Related work also shows that employee activity on such plat-

forms reflects economically meaningful responses to firms’ financial reporting (Dehaan et al.,

2023). Our paper adds to the literature by showing that crowdsourced employee platforms

are important information outlets and that employee reviews provide incremental insights

into firms’ underlying quality provision beyond formal managerial communication and stan-

dard summary measures.

Our measures may be useful to a wide range of audiences including researchers, con-

sumers, regulators, and management. For example, researchers interested in the antecedents

and consequences of firm quality provision, or who wish to control for firm quality provision

in their analyses, may directly benefit from our measures. Consumers may benefit from

more forward-looking and systematic measures about firms’ quality provision when mak-

ing purchase decisions, while regulators may leverage such measures to identify areas where

greater attention or closer monitoring is warranted. Management may also benefit from our

measures as an internal diagnostic tool that helps top management identify deteriorating

quality performance and correct course before problems escalate into major crises.

2 Literature Review

2.1 Importance and Uncertainty of Quality Provision

Provision of high-quality goods and services is universally recognized as an important

determinant of competitive advantage and long-term success for firms. Studies across var-

ious disciplines suggest that quality contributes to product differentiation, enables price

premiums, enhances operational efficiency and cost control, creates higher entry barriers
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that deter potential competitors, builds brand reputation, and fosters customer trust and

loyalty (e.g., Chamberlin, 1953; Porter, 1985; Crosby, 1979; Deming, 1982). Through these

channels, firms can achieve greater sales, profitability, and market share, ultimately secur-

ing long-term performance and survival. There is substantial empirical evidence supporting

these theoretical predictions. For example, Bloom et al. (2013) provide causal evidence on

the impact of adopting structured management practices, such as quality control systems, on

firm productivity by conducting a randomized field experiment among textile firms in India.

They find that treated firms experienced a 17% increase in productivity or over $300,000 in

annual profitability within the first year, primarily driven by improved quality and opera-

tional efficiency, followed by sustained growth in firm size over the longer term. Hendricks

and Singhal (1997) document strong evidence of performance gains driven by robust quality

by comparing quality-award-winning firms to matched control counterparts. Nagar and Ra-

jan (2001) find that product quality measures such as external failure costs and defect rates

serve as significant leading indicators of future sales and profitability. Ittner and Larcker

(1998) provide similar evidence that customer-perceived quality, as measured by customer

satisfaction, translates into improved future accounting performance and financial outcomes.

Going beyond firm-level productivity and performance, quality has important implica-

tions for investors, consumers, and broader social outcomes. For investors, quality serves as

an indicator for robust internal controls, profitability, management competence, and long-

term value creation, thereby influencing investment decisions, firm valuation, and capital

market outcomes (Hendricks and Singhal, 1996). For consumers, quality directly affects

their welfare and utilities through its impacts on purchasing experience, satisfaction, and

safety. At a broader level, quality failures such as product recalls, service breakdowns, and

extreme downstream hazards can impose significant societal costs, including public health

risks, mistrust towards market institutions, financial losses, and even loss of life. The Boeing

737 Max crashes serve as a prominent example of the devastating societal consequences that

can result from quality deterioration.
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2.2 Challenges in Measuring Quality Provision

Despite its desirability, in contrast to other product or service attributes such as price

and design features that are more observable and verifiable, quality is difficult to observe and

verify prior to or at the point of transaction. This challenge arises because quality is shaped

by firms’ internal operating and control environment, which remains largely inaccessible

to external stakeholders. Within the economics literature, considerable thought has been

given to quality uncertainty as asymmetric information. Arrow (1965) examines how quality

uncertainty, particularly in the healthcare market, can lead to moral hazards and market

inefficiencies when the patient is unable to assess the true value of medical services before

having consumed the services. Akerlof (1970) further analyzes this problem in the context

of the used car market. The seminal “market for lemons” model highlights that product

quality, as asymmetric information, can lead to adverse selection, drive out high-quality

providers, and ultimately cause market failure.

The literature approaches the information problem of quality uncertainty primarily in two

ways. Through the lens of information economics, researchers investigate mechanisms aimed

at reducing information asymmetry such as signaling, reputation, disclosures, and regula-

tions (e.g., Nelson, 1970; Spence, 1978; Shapiro, 1983; Milgrom and Roberts, 1992; Tadelis,

1999). These efforts intend either to distinguish high-quality providers from their lower-

quality counterparts through signals that are too costly for lower-quality firms to imitate

(e.g., labels, licenses, certifications, or warranties) or to motivate firms to provide higher-

quality goods to reap the benefits of price premiums. Firms can also voluntarily disclose

information about their product and services quality through websites, conference calls, and

other communication channels (e.g., Guiso et al., 2015; Li et al., 2021, 2024). Regulations

mitigate information problems by setting quality standards and penalizing irregularities,

lowering consumers’ searching costs (Leland, 1979; Ronnen, 1991).

Applied researchers, on the other hand, have been exploring observable signals that are
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available to external stakeholders to gauge firm quality provision. Examples range from

positive indicators—such as product durability, consumer satisfaction, products rating and

services ranking indices, and quality awards—to negative indicators such as consumer com-

plaints, product recalls, penalties, and litigation. While these proxies offer an avenue for

quantifying firm quality provision to some extent, they are subject to several important

limitations.

First, these are retrospective measures that are lagging in nature as they capture quality

only after outcomes are realized, which limits the ability of external stakeholders to make

informed decisions. For example, consumers need to rely on prior buyers’ experience to

infer quality, which is a disadvantage to early users. In addition, internal operational and

control practices may have deteriorated long before quality issues become visible to the

public, thereby putting consumers who rely on historical quality indicators at risk. The

consequences of untimely quality information can be particularly severe in industries of

higher stakes such as healthcare, aviation, and financial service. For instance, before the

outbreak of Wells Fargo’s 2016 cross-selling scandal, the company outperformed its industry

peers across multiple dimensions and was known for its sound management practices (Tayan,

2019). Similarly, Boeing’s public trust index was twice as high as that of Airbus prior to the

737 MAX crisis that tragically resulted in the loss of hundreds of lives. Drug recalls typically

only take place after millions of patients have consumed the problematic medications.

Second, these measures are not universally available for all firms and often do not share

consistent evaluation criteria. For example, some commonly used customer satisfaction in-

dices such as ACSI have limited scope and cover only selected industries and firms that meet

certain criteria or opt into survey participation. Moreover, these indices often employ differ-

ent sampling and scoring methodologies, making it difficult to compare quality performance

across firms, industries, or sectors.

Third, firms’ voluntary disclosures can be influenced by strategic considerations or re-

porting incentives and may not always be consistent with actual internal control practices
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and norms, thereby limiting the reliability of such disclosures as faithful indicators of quality

(Chen, 2024; Graham et al., 2022; Guiso et al., 2015).

2.3 Opportunities with Crowdsourced Employee Information

The preceding discussion boils down to a question that is at the heart of measuring

firm quality provision: who has access to information about firms’ internal operations and

control systems that shape product and service quality, and whether such information can be

used to predict firm quality provision? Drawing on the recent growing body of literature on

crowdsourced employee information, we propose that crowdsourced employee reviews offer

a novel and promising solution to overcome information barriers and gain insight into firms’

internal quality-related operational and control practices.

First, employees have the best access to insider information about their firms as a nat-

ural result of their routine involvement in day-to-day operations and the development of

crowdsourced platforms enables employees to talk and share their experiences about their

firms. For instance, Cai et al. (2026) leverage Glassdoor employee reviews to develop and

validate measures of organization capital, an economic construct that is intangible in nature.

Most importantly, employee reviews are likely to contain forward-looking information about

the underlying factors that drive firm quality provision, which may be useful for developing

leading indicators of firm quality provision. For example, following the 737 Max crisis, sub-

sequent investigations suggested that Boeing engineers were aware of deteriorating quality

and internal control environments before the crisis unfolded (George, 2024; Sterman and

Quinn, 2023). Such concerns are likely to be embedded in employee reviews, particularly

when employees raise issues related to quality control processes, management practices, or

organizational culture and norms.

Second, compared with firms’ voluntary disclosures, employee reviews are less subject to

distorted reporting incentives. Employee review websites typically allow employees to leave

reviews anonymously, which significantly lowers the cost of sharing negative information
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about their firms. In addition, employee reviews contributed by a broad and diverse base

of users as a form of crowdsourced information may offer a comprehensive and reliable view

of firm quality provision. Taking the reviews to the aggregate level, we can leverage the

combined knowledge and perspectives of a large number of individuals to potentially uncover

systematic patterns about their firms’ internal operational and control environments.

Lastly, popular employee crowdsourced information-sharing platforms such as Glassdoor

attract numerous users across firms, industries, and sectors. This broad coverage enables us

to construct measures of quality provision that are available for a large sample of firms over

time.

3 Data and Sample

3.1 Glassdoor Employee Reviews

We collect data on employee reviews from Glassdoor. Since its launch in 2008, Glassdoor

has become one of the most developed and popular company review websites covering more

than 2 million companies where employees can share anonymous reviews about their firms.2

Glassdoor’s review-sharing process is highly structured. When sharing their reviews, em-

ployees are asked to provide ratings on several different dimensions on a scale of one to five

stars. Importantly, employees are also asked to leave written comments about the pros and

cons of their firms in different sections and their advice to the management.3 The feature

of separating positive and negative reviews in different sections offers an advantage when

constructing text inputs for our machine learning models. By separating positive and nega-

tive sentiments in a natural way, this format helps mitigate measurement errors commonly

associated with bag-of-words assumptions, which tend to overlook contextual distinctions

when opposing sentiments appear together within the same passage.

2https://www.glassdoor.com/about/
3It is optional to provide a commentary in the “advice to the management” section on Glassdoor.
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Several other features of Glassdoor’s review-sharing process add controls to ensure review

reliability and reduce selection bias. First, Glassdoor requires either email verification from

an active address or authentication through a valid social media account in order for a user

to post a review. Second, the review can only be submitted anonymously, which reduces the

high costs associated with sharing negative aspects of firms such as protecting employees

from potential repercussions from their employers (Dyck et al., 2010). Third, Glassdoor im-

plements a “give-to-get” policy in which users are prompted to submit an employer review

before gaining full access to the website.4 Lastly, Glassdoor employs a moderation process.

In addition to the automatic system with technology filters and algorithms, a content mod-

eration team manually reviews 50% of submitted reviews before a review is published on the

website.5

3.2 American Customer Satisfaction Index (ACSI)

Prior literature has widely used customer satisfaction as a proxy for firm quality pro-

vision, drawing on sources such as internal records of customer feedback, self-administered

customer surveys, and national survey systems. A common drawback of these measures is

their limited coverage and lack of comparability across firms and sectors. These measures are

not universally available, and often cover only selected industries or firms that either meet

specific eligibility criteria or opt into survey participation. In addition, they often employ

different sampling procedures and scoring methodologies, which undermines consistency and

makes it difficult to benchmark quality performance across firms, industries, or sectors.

Among these measures, ACSI is one of the most widely used and validated proxies in

prior studies (e.g., Anderson and Mansi, 2009; Otto et al., 2020; Wolter et al., 2019). ACSI is

a system of customer satisfaction measurement available for U.S. firms with an approximate

coverage of 400 companies across 10 major economic sectors.6 Each year, ACSI surveys

4https://help.glassdoor.com/s/article/Give-to-get-policy
5https://help.glassdoor.com/s/article/Review-Integrity-Fraud-Detection
6https://theacsi.org/company/building-the-cross-industry-index/
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around 200,000 U.S. consumers regarding their satisfaction with purchased goods and ser-

vices. Participants are randomly selected via email and screened based on recent purchases

within specified timeframes, which vary by the products or services purchased. Qualified re-

spondents are then asked to identify the company or brand from which they purchased, and

their responses are used to generate company-specific customer satisfaction scores. The ACSI

score is calculated as a weighted average of responses to three survey questions—customer

expectations (a measure of customer’s anticipation of the quality of a company’s products or

services), perceived quality (a measure of customer’s evaluation of the quality of a company’s

products or services), and perceived value (a measure of quality relative to price paid)—each

capturing a distinct facet of satisfaction with a product or service.

We use ACSI as our primary quality outcome variable to train our machine learning

model for two main reasons. First, ACSI covers both product- and service-oriented firms,

which allows us to develop a measurement that is not confined to a particular industrial

sector and is more generalizable across the broader universe of firms. Second, ACSI is

a continuous index ranging from 0 to 100 that reflects the full spectrum from inferior to

superior quality performance. Event-based outcome variables such as product failures or

recalls, in contrast, are largely confined to manufacturing sectors and identify only severe

downstream quality breakdowns without capturing the rich variation in quality levels. Thus,

training our machine learning models on the ACSI allows us to construct a quality measure

that (1) applies more generally across the universe of firms and beyond some specific industry

sectors, and (2) reflects continuous variation in firm quality provision rather than focusing

exclusively on extreme negative events.

3.3 Sample Description

One of the goals of this study is to develop a firm-year-level text-based quality measure

that can be applied across the broader universe of firms, including non-consumer-facing firms

and firms not covered by ACSI. To achieve this, we rely on two distinct samples. The first
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sample is a training/testing sample that consists of firm-years with both sufficient Glassdoor

reviews (≥ 10) and ACSI scores, which we use to train our machine learning model and

test the trained model’s out-of-sample performance. The second is an application sample

consisting of all S&P 1500 firm-years with sufficient Glassdoor reviews but without ACSI

coverage, to which we apply the trained model to generate text-based quality measures and

assess their broader applicability.

We begin by collecting all Glassdoor reviews for firms that are currently in the S&P 1500

or were included at any point between 2008 and 2023, resulting in approximately 4.4 million

reviews across 2,575 unique firms. We aggregate individual reviews to the firm–year level,

yielding 31,780 firm-years. We require each firm-year to have at least ten reviews, which

leaves us with a final sample of 20,567 firm-years based on over 4.3 million reviews from

2,137 unique firms.

We obtain customer satisfaction data from the ACSI website. Among the firms in our

Glassdoor sample, 181 companies (1,886 firm-years) are covered by ACSI. This subsample,

which we label as the training/testing sample, includes both the input used to train our

machine learning models and the hold-out set used to evaluate out-of-sample performance.

Finally, we obtain financial statement data from Standard & Poor’s Compustat. Data

on Analyst following is obtained from I/B/E/S. Data on institutional ownership is obtained

from LSEG (formerly Thomson Reuters) Institutional Holdings database. We follow the

definition in Bushee (2001) to identify transient investors. Data on conference call transcripts

are obtained from Capital IQ’s Transcripts Database.

4 Methodology

4.1 Machine Learning Based Measure: RF and XGBoost

We use RF and XGBoost to construct our quality index from employee reviews because of

their superior performance in handling complex, non-linear relationships and their robustness
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to overfitting compared to traditional regression methods. The input to our models consists

of the “Pros” or “Cons” text from Glassdoor reviews. The outcome variable is the ACSI

score adjusted for industry. Specifically, to enable cross-industry comparison, we calculate

industry-adjusted ACSI score as the difference between a firm’s customer satisfaction score

and the mean score within its Fama-French 48 industry classification, scaled by the industry’s

standard deviation.7 We map each firm’s employee reviews in year t to ACSI scores in year

t+1. The models therefore are trained to use employee reviews from a given year to predict

one-year-ahead industry-adjusted ACSI scores.

To prevent look-ahead bias, we implement a chronological split of the ACSI sample:

2008-2021 for model training, and 2022-2023 as a hold-out sample for testing. After training

the models on the 2008-2021 ACSI sample, we generate our text-based quality indices by

calculating weighted sums of unigrams and bigrams present in reviews for each firm-year,

where weights correspond to the feature importance values derived from our trained models.

This approach enables us to generate quality indices for all firm-years with Glassdoor cov-

erage, including both the hold-out test sample and the broader application sample of S&P

1500 firms without available ACSI scores.

We develop separate models for the pros and cons review sections, yielding two distinct

quality indices for each firm-year: Quality Index - Pros and Quality Index - Cons. We also

construct an aggregate quality index, Quality Index - Agg, for each firm-year by taking a

weighted average of Quality Index - Pros and Quality Index - Cons, where the weights are

determined by the relative lengths of each review section’s content for the firm in that year.

Specifically, we calculate Quality Index - Agg as follows:

Quality Index - Aggi,t =

∑
s L

s
i,t · (Quality Index - s)i,t∑

s L
s
i,t

where i denotes the firm, t denotes the year, s ∈ {Pros,Cons} denotes the review section

7We use the Fama-French 48 industry classifications for this adjustment, which offer a good balance
between providing sufficient granularity for meaningful within-industry comparisons and maintaining a large
enough sample size within each industry to ensure reliable standardization.
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type, and Ls
i,t denotes the length of section s content for firm i in year t. The lengths Ls

i,t

are determined after removing numbers, punctuation, stop words, and non-English words.

Figure 1 provides a visual representation of our sample construction and methodology.

We take several steps to clean and organize the words used in these comments. First,

we convert text into lowercase characters. Second, we remove any numbers, punctua-

tions, stop words (e.g., “a”, “the”, and “in”). Third, we lemmatize each word using the

WordNetLemmatizer to reduce the influence of sparsity. We restrict our analysis to uni-

grams and bigrams that appear in the reviews of at least 5% of firms in each year, separately

for each review section (i.e., pros and cons), to reduce overfitting and enhance predictive

accuracy. This yields 4,190 words and phrases for the pros section and 5,742 for the cons

section.8

We implement the random forest model using the RandomForestRegressor class from

Python’s scikit-learn library. Following prior literature (Frankel et al., 2022; Siano, 2025),

we train the models using the default setting of max features = sqrt and set the num-

ber of trees (n estimators) to 3000. We train the Gradient Boosting model using the

XGBRegressor class from the XGBoost Python library. When selecting hyperparameters for

the XGBoost model, we balance prediction performance with computational efficiency by

tuning only a limited set of parameters most likely to affect out-of-sample accuracy. We

perform a grid search over the parameter space: the number of boosting rounds varies from

500 to 1500, learning rates from 0.01 to 0.05, and tree depths from 2 to 4. To preserve tem-

poral structure and mitigate look-ahead bias during cross-validation, we adopt a five-fold

TimeSeriesSplit.9 The optimal configuration is selected based on the lowest average mean

squared error (MSE) across validation folds. Additional details of the hyperparameter tuning

8Research shows that this approach produces a better regression fit in natural language processing tasks
(Loughran and McDonald, 2016). For example, Siano (2025) select the top 1,500 unigrams and bigrams
ranked by TF-IDF from disclosure text as input to a non-linear Gradient Boosting model to predict market
reactions around earnings announcement dates.

9Given the panel structure of our data, randomly splitting observations as in standard k-fold cross-
validation may introduce look-ahead bias by allowing future information to inform model training. We
therefore employ time-series cross-validation, which preserves the temporal ordering of the data and ensures
that each training fold is restricted to information available prior to the validation period.
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process are provided in Online Appendix.

Tables A1 and A2 of Appendix A categorize and present the top 300 words that are most

influential in constructing our quality measure for the pros and cons sections, respectively.10

To provide intuition for the kinds of review content that are most predictive of quality

provision, we apply our trained models to individual reviews to investigate which types of

content are most predictive of high or low quality scores. Table A3 of Appendix A presents

examples from the pros section with the highest predicted quality scores, as well as from the

cons section with the lowest predicted scores.

4.2 Descriptive Statistics

4.2.1 Summary Statistics

Panel A of Table 1 presents the industry distribution of our sample across the 48 Fama-

French industry classifications. Panel B reports yearly distribution of the training/testing

sample (ACSI score available) and the application sample (ACSI score unavailable). Panel

C reports descriptive statistics for all key variables used in our analysis. We note that

Industry-Adjusted ACSI shows a mean and median above zero, indicating that across all

firms covered by ACSI, S&P 1500 firms on average score higher than non-S&P 1500 firms

within their respective industries.

Detailed variable definitions are provided in Appendix B. All continuous variables are

winsorized at the 1% and 99% levels.

[Insert Table 1]

10For n-grams whose appropriate category is not readily apparent on its own, we manually examine 100
employee reviews in which the n-gram appears to assess its most common contextual meaning. Each n-gram
is then assigned to the category that best reflects its predominant usage in the context of employee reviews.
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4.2.2 Distribution of the Quality Score

We begin by examining the distribution of our predicted product/service quality score

across firm-years. Figure 2 presents histograms of the quality scores by review section and

machine learning model, which are approximately normally distributed.

[Insert Figure 2]

4.2.3 Variance Decomposition

We use Shapley values to decompose the variance of our quality measure across different

fixed effects (Armstrong et al., 2025).11 Table 2 reports the results.

Year fixed effects explain a small share of the variation, accounting for 2.6% to 5.5%

across different quality indices and model specifications. Industry fixed effects explain 1.1%

to 2.5% of the variation.12 The interaction of industry and year fixed effects accounts for

a modest portion, explaining 7.9% to 11.0% of the variation. Collectively, these aggregate-

level factors (year, industry, and industry-year effects) explain 12.3% to 18.4% of the total

variation, meaning that 81.6% to 87.7% of the variation occurs at the firm level. Adding firm

fixed effects reveals that time-invariant differences across firms within industries account for

29.9% to 47.6% of the variation across models and indices. The remaining 35.3% to 57.8%

represents time-varying, firm-specific variation that is unexplained by the fixed effects.

[Insert Table 2]

11Shapley values are derived by averaging a variable’s marginal contribution to the model’s explained
variance across all possible combinations of explanatory variables. For each subset of explanatory variables,
the method evaluates how much the inclusion of a given variable increases the variance explained by the
model. By considering all possible variable combinations, Shapley values thus provide a reliable and order-
invariant decomposition of explanatory power across model components.

12This is expected as we adjusted customer satisfaction scores within industry before training the models.
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5 Validation

5.1 Out-of-Sample Performance

We take several steps to validate our measure. First, we validate our measure by ex-

amining its explanatory power for industry-adjusted ACSI scores in out-of-sample tests.

Specifically, we estimate the following OLS regression:

Industry-Adjusted ACSIi,t+1 = β0 + β1Quality Indexi,t + γXi,t + δj,t + ϵi,t (1)

where Industry-Adjusted ACSIi,t+1 is the industry-adjusted ACSI score of firm i in year t+1.

Quality Indexi,t is our text-based quality measure derived from all employee reviews for firm

i in year t. Xi,t is a vector of firm controls, including firm size (Size), leverage (Leverage),

profitability (ROA), market-to-book ratio (M/B Ratio), and sales growth (Sales Growth).

Prior literature suggests that analyst coverage and short-term pressure on management can

negatively impact product quality (Li et al., 2024). To account for these factors, we include

two additional controls: Analyst Following, defined as the number of analysts issuing EPS

forecasts for the fiscal year end, and % Transient Investor, measured as the percentage

of outstanding shares held by transient investors. In addition, we control for Glassdoor

ratings (either the overall one-to-five rating or subratings across specific categories) to assess

whether employee reviews contain incremental information about product/service quality

beyond what is captured by numerical ratings alone. δjt denotes year fixed effects and

Fama-French 48 industry fixed effects.

The results are presented in Table 3. Our results reveal a strong positive association

between the text-based quality index and industry-adjusted ACSI scores in the hold-out

sample, with economically meaningful explanatory power. Specifically, univariate regressions

yield adjusted R2 of 34.0% and 31.8% for pros-based quality indices (random forest and

XGBoost, respectively), 27.9% (random forest) and 29.0% (XGBoost) for cons-based quality
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indices, and 32.1% (random forest) and 33.3% (XGBoost) for aggregate quality indices.13

Table 4 further compares the adjusted R2 from regressions with and without our text-

based quality index. The results show substantial incremental explanatory power from our

quality index. The pros-based quality index improves adjusted R2 by 11.1% to 22.1% across

specifications. The cons-based index contributes 10.1% to 19.5% in explanatory power. The

aggregate index shows the largest improvement, increasing the adjustedR2 by 12.4% to 22.8%

across specifications. These incremental improvements translate to substantial percentage

increases in explanatory power (%∆R2), with the quality indices generating 34.9% to 137.2%

relative improvements in adjusted R2 across different model specifications. Overall, the

out-of-sample results suggest that our quality index captures meaningful information about

product and service quality provision.

[Insert Table 3 and Table 4]

Figure 3 shows the relative contribution of each variable in the out-of-sample performance

regressions. We calculate the contribution of each variable by subtracting the R2 when that

variable is excluded from the full model R2. The figure shows that our text-based quality

index consistently provides the largest contribution across all specifications, outperforming

traditional firm-level controls such as Size, Leverage, and ROA.

[Insert Figure 3]

5.2 Correlation with MSCI Quality Indicators

We further validate our measure by examining its association with product quality related

indicators from the MSCI ESG database and MSCI ESG KLD STATS database.14 MSCI

13The magnitudes of our results are economically meaningful and consistent with prior literature on text-
based predictive modeling. For example, Siano (2025) employs Gradient Boosting to capture the information
content of quarterly earnings announcement press releases for predicting two-day cumulative abnormal stock
return. Out-of-sample analysis shows that this Gradient Boosting-based CAR prediction explains approxi-
mately 12% of the variation in CAR[0,1].

14The last year of data availability is 2019.
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ESG provides disaggregated scores for its environmental, social, and governance pillars, with

product safety & quality identified as a key issue within the social pillar. Companies are

evaluated on their exposure to possible recalls or product safety concerns, the robustness of

their supply chain and sourcing systems, their quality management efforts in manufacturing,

and their responsible marketing practices.

We obtain Quality Management, which assesses companies’ proactive versus reactive

approaches to product quality management. Companies that proactively manage product

quality score higher. We also obtain Quality Risk Exposure, which captures a company’s

exposure to product safety and quality risks based on products/services, operational loca-

tions, and business nature. We derive #Strengths - #Concerns by subtracting the number

of product characteristic concerns from the number of product characteristic strengths. We

also create two binary indicators: Has Product Concern, which equals one if the firm has

product characteristic concerns in a given year, and Has Safety Concern, which equals one

if the firm has product safety concerns in a given year.

Table 5 presents the correlations of our text-based quality index and MSCI product

quality-related scores. The results show negative and statistically significant correlations

between our text-based quality measures and Quality Risk Exposure, Has Product Concern,

and Has Safety Concern, indicating that companies with higher quality index tend to have

lower exposure to product safety risks and fewer product-related concerns. We find positive

and significant correlations with #Strengths - #Concerns and Quality Management, sug-

gesting that companies with higher Glassdoor-derived quality indices also exhibit stronger

product management practices and more favorable product characteristic assessments.

Overall, this comparison with an independent data source provides additional confir-

mation of our measure’s ability to capture meaningful quality variations across firms and

time.

[Insert Table 5]
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5.3 Comparing Top- and Non-Top-Ranked Firms in Product/Ser-

vice Quality

To further assess the external validity of our quality measure, we compare the quality

index across firms with and without high reputational standing in product or service quality,

based on the Fortune’s World’s Most Admired Companies list.

Fortune’s World’s Most Admired Companies is an annual ranking that provides a com-

prehensive evaluation of corporate reputations. The rankings are compiled through a survey

conducted by Fortune in partnership with Korn Ferry, in which top executives, directors,

and financial analysts rate companies within their own industries and across industries on

nine key attributes: (1) Innovation, (2) People management, (3) Use of corporate assets, (4)

Social responsibility, (5) Quality of management, (6) Financial soundness, (7) Long-term in-

vestment value, (8) Quality of products and services, and (9) Global competitiveness. From

2008 through 2012, Fortune published lists of the 10 most admired companies for each at-

tribute.15 This enables us to identify firms with the highest ratings in product and service

quality for this five-year period. We obtain companies listed among the best in product/ser-

vice quality and the full list of participating firms from Fortune’s World’s Most Admired

Companies rankings on their website.16

From our application sample, we manually identify firms that appeared among the top

ten in the “quality of products and services” attribute at any point between 2008 and 2012.

We also identify firms that participated in the rankings during this period but were not listed

among the top ten in product/service quality. This yields 14 unique firms in the top-quality

group and 231 unique firms in the comparison group. We then compare the mean quality

indices between the two groups and test for pairwise differences.

The results are reported in Table 6. The pros-based, cons-based, and aggregate quality

indices all show that the top-quality group consistently has the higher mean values than the

15Beginning in 2013, Fortune discontinued listing companies by specific attributes on its website.
16https://money.cnn.com/magazines/fortune/mostadmired/

22

https://money.cnn.com/magazines/fortune/mostadmired/


comparison group. This relationship is robust across quality indices constructed using both

machine learning models. All pairwise comparisons are statistically significant, providing

strong evidence that our text-based quality measures effectively distinguish between firms

with different reputational standings in product/service quality.

[Insert Table 6]

6 Implications of Quality

In this section, we examine the economic applications of our quality measures in predict-

ing several important quality-related business outcomes.

6.1 Quality and Future Product Recall Events

Product recalls represent one of the most visible and costly manifestations of quality

deterioration, with adverse implications for consumer safety, firm reputation, and shareholder

value. We examine whether our text-based quality measures are associated with future recall

events. We expect firms that experience greater quality deterioration (measured as larger

year-to-year declines in the quality index) to have more product recalls in subsequent periods.

We obtain data on recall events over 2000-2024 from the Consumer Product Safety Com-

mission (CPSC) website. Following Chen et al. (2009), we exclude all retailer recalls (e.g.,

Walmart, Target) and focus exclusively on manufacturer recalls, as CPSC regulations on

reporting product safety issues differ between manufacturers and retailers. We restrict our

sample to firms in industries where the CPSC recorded at least one consumer product recall

during the entire sample period.
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We estimate the following regression using Poisson pseudo-maximum likelihood (PPML)17:

# (Reactive) Recallsi,t+1 = β0 + β1Quality Change Measurei,t + β2Prior (Reactive) Recalli,t

+ γXi,t + δj,t + ϵi,t

(2)

where the dependent variable is the number of (reactive) product recalls in the next year.

Our primary independent variable is the change from year t− 1 to year t in our text-based

quality index, or an indicator equals one if the change in quality index from year t − 1 to

year t falls in the bottom quartile of the sample. We include a set of standard firm-level

control variables as in prior analysis, along with R&D Intensity, motivated by prior research

suggesting a potential link between innovation intensity and recall propensity (Cockrell et

al., 2024; Zou et al., 2023). We also include recall history controls: the number of (reactive)

product recalls in each of the three preceding years (i.e., at t− 1, t− 2, and t− 3) to account

for potential persistence in firms’ recall behavior.

Table 7 presents our regression results. Panel A reports results using the quality index

derived from the cons section. Columns (1)-(4) of Panel A show that the change in the

text-based quality index is negatively associated with future product recall events, that is,

firms experiencing increases (decreases) in quality index are less (more) likely to have prod-

uct recalls in the subsequent year. Columns (5)–(8) indicate that this negative association

is stronger in magnitude when we focus on reactive recalls, defined as recall events preceded

by customer complaints, incident reports, or injuries prior to the official announcement. We

posit that these cases reflect more severe quality failures, as issues were identified by con-

sumers rather than detected proactively by the firm. In terms of economic magnitudes, a

one-standard-deviation improvement in quality index corresponds to a 14.2%-19.4% reduc-

tion in the number of recalls in the next year.18 The effect is more pronounced for reactive

17We employ Poisson pseudo-maximum likelihood (PPML) estimation because it yields consistent esti-
mates under relatively weak distributional assumptions and is particularly appropriate for modeling non-
negative count outcomes with substantial zero inflation, as is the case for our recall variable.

18Random Forest: exp(−1.549× 0.139)− 1 ≈ −19.4%; XGBoost: exp(−0.496× 0.309)− 1 ≈ −14.2%
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recalls, where a one-standard-deviation improvement in the quality index corresponds to a

21.9%-22.9% reduction in the number of reactive recalls in the next year.19

While the coefficients are in the expected directions, the pros-based quality index (Panel

B) shows weaker predictive power compared to the cons-based index. This finding is intuitive

given that the pros section typically emphasizes favorable aspects of the workplace rather

than highlighting specific concerns related to operational weaknesses, and may therefore be

less informative about risks or deficiencies that could lead to severe quality failures such as

product recalls.

The aggregate quality index (Panel C), which combines information from both pros and

cons sections, also shows strong and significant predictive power for future recalls. The

coefficients are statistically significant and economically meaningful, with magnitudes com-

parable to or even greater than those observed for the cons-based index. Overall, these

findings suggest that declines in our text-based quality indices are predictive of subsequent

adverse product-quality outcomes.

[Insert Table 7]

6.2 Quality and Future Brand Value

While quality deterioration can lead to costly operational failures such as product recalls,

consistently high quality provision facilitates the creation of long-term value. Specifically,

high-quality products and services help foster consumer trust, strengthen brand reputation,

and create competitive advantages that can contribute to stronger brand value (e.g., Hen-

dricks and Singhal, 1996). We therefore expect a positive association between quality and

future brand value.

We follow Li et al. (2021) and examine this association using Brand Finance’s global

brand rankings, which identify firms with the highest brand valuations worldwide. We

obtain brand ranking data from 2008 to 2025 through Branddirectory and manually identify

19Random Forest: exp(−1.869× 0.139)− 1 ≈ −22.9%; XGBoost: exp(−0.800× 0.309)− 1 ≈ −21.9%.
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brands owned by S&P 1500 firms in our sample.20 We then construct an indicator variable,

Top Brand, which equals one if a firm appears in Brand Finance’s annual Top 500 global

brand rankings, and zero otherwise.

We examine the relationship between our quality index and the likelihood of being listed

on the Top 500 global brand rankings. Specifically, we estimate the following regression:

(Ltm) Top Brandi,t+1 = β0 + β1Quality Indexi,t + γXi,t + δj,t + ϵi,t (3)

where Quality Index i,t is our text-based quality measure derived from all employee reviews

for firm i in year t. Xi,t is a vector of firm controls, including firm size (Size), leverage

(Leverage), profitability (ROA), market-to-book ratio (M/B Ratio), and sales growth (Sales

Growth). δjt denotes year fixed effects and Fama-French 48 industry fixed effects.

The results are reported in Table 8. We find that firms with higher quality indices

derived from Glassdoor reviews are significantly more likely to appear in the Top 500 brand

rankings. In terms of economic magnitude, a one–standard–deviation increase in our quality

index increases the probability of appearing in the Top 500 by 2.1–2.6 percentage points

in the subsequent year and by 1.1–2.8 percentage points over the next three years. These

effects represent increases of 22.1–43.8% relative to the unconditional mean probability for

the one-year horizon and 22.6–58.6% for the three-year horizon.21 This suggests that quality

as indicated by insider information has persistent associations with future brand value.

[Insert Table 8]

6.3 Quality and Future Profitability

Prior research provides evidence that quality management practices improve operating

performance (Hendricks and Singhal, 1997) and that customer satisfaction serves as a leading

20https://brandirectory.com/
21The economic magnitudes are computed based on Probit regressions. Results based on OLS are quan-

titatively similar.
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indicator of future profitability (Ittner and Larcker, 1998). We build on this literature by

examining how our quality measures help predict future profitability.

We estimate the following equation:

(Ltm) Profitabilityi,t+1 = β0 + β1Quality Indexi,t + γXi,t + δj,t + ϵi,t (4)

where (Ltm) Profitability refers to either (long-term) return on assets (ROA) or operating

margin (Operating Margin). Xi,t is a set of control variables including Size, Leverage, M/B

ratio, and Sales Growth.

Table 9 presents the results. Panel A reports the association between quality and future

return on assets (ROA), and Panel B reports the association between quality and future

operating margin (Operating Margin). We find that quality indices are positively and sig-

nificantly associated with future profitability in both the short and long term. In terms of

economic magnitude, a one–standard–deviation increase in our quality index is associated

with a 0.4–0.6 percentage-point improvement in ROA in the subsequent year and a 0.2–0.5

percentage-point improvement in average ROA over the next three years, corresponding to

5.0–9.6% increases in one-year ROA and 5.2–8.3% increases in three-year ROA relative to

the unconditional means. A one–standard–deviation increase in our quality index is asso-

ciated with a 0.5–0.7 percentage-point improvement in operating margin in the subsequent

year and a 0.5–0.6 percentage-point improvement in average operating margin over the next

three years. These effects correspond to 6.2–10.6% increases in one-year operating mar-

gin and 5.1–11.1% increases in three-year operating margin relative to the unconditional

means. Overall, our results suggest that sustained quality provision plays an important role

in driving future financial performance.

[Insert Table 9]
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7 Additional Analyses

7.1 Quality in Product versus Service Industries

We examine the predictive power of employee reviews for quality provision separately by

industry type. This test is motivated by the idea that the determinants of quality may vary

depending on the nature of the industry. In service industries, where customer experience

is heavily influenced by employee behavior and frontline interactions, employee perceptions

may be particularly informative about quality outcomes. To explore this heterogeneity, we

classify industries as either product-oriented or service-oriented based on the names and

descriptions of sub-industry groupings within the Fama-French 48 industry classification.22

We use ChatGPT to generate initial classifications (see prompt in Online Appendix), and

then manually review and refine the assignments.

We train separate machine learning models on subsamples split by industry orientation

and evaluate their out-of-sample performance. Results for service-oriented industries are pre-

sented in Table 10, and product-oriented industries in Table 11. The models exhibit stronger

predictive performance in service-oriented industries, suggesting that employee reviews may

provide more informative signals about quality in service contexts.

[Insert Table 10 and Table 11]

7.2 Assessing Informativeness Beyond Management Disclosure

To assess whether our quality index captures bottom-up insights from employees beyond

what is already reflected in the messaging or discourse of management, we re-estimate our

out-of-sample performance test with additional controls for conference call-based cultural

values. The cultural values include five dimensions: innovation, integrity, quality, respect,

22Available at https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/Data_Library/det_

48_ind_port.html
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and teamwork, measured using word embedding models following Li et al. (2021). Specifi-

cally, we construct firm-year-level scores by first training a Word2Vec model on earnings call

transcripts to expand a set of seed words for each cultural dimension, following the predefined

lists in Li et al. (2021). We then apply a TF-IDF weighting scheme to compute the relative

emphasis placed on each cultural dimension in the language used by top management. Each

score quantifies the extent to which the respective cultural dimension is conveyed in the tone

and language of top management during conference calls.

The results are reported in Table 12. We find that controlling for cultural values conveyed

by top management in conference calls does not significantly affect the predictive power of

our quality index in out-of-sample tests. In particular, even the culture score on quality

derived from conference calls does not subsume the predictive power of our quality index.

This suggests that our quality index captures information beyond what is reflected in top

management’s explicit messaging about quality, highlighting the unique value of employee

perspectives in assessing actual product or service quality.

[Insert Table 12]

7.3 Assessing Informativeness Beyond Glassdoor-Implied Cultural

Values

As a robustness test, we re-estimate our out-of-sample performance test with additional

controls for cultural values derived from Glassdoor reviews. These values are constructed

following the same procedure as described in the previous section, but based on the Glassdoor

review corpus. Each score reflects the extent to which a firm’s employee reviews reflect the

respective cultural dimension.

The results are presented in Table 13. We find that including controls for cultural values

derived from Glassdoor reviews has no significant impact on the predictive power of our

quality index in out-of-sample tests. This suggests that our index captures information
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beyond any individual cultural value explicitly discussed in employee reviews—including

quality culture—or any linear combination of several cultural values.

[Insert Table 13]

7.4 Assessing Measurement Error

A potential concern is that part of the documented variation in our quality indices—in

particular, the sizable firm-level variation—may simply reflect idiosyncratic measurement

error. We perform a battery of tests to address this concern. First, we observe that our

extensive validation tests reveal strong and significant associations between the quality index

and relevant outcomes, indicating that the variation reflected in our quality index is not

simply noise but captures real economic content.

Second, we follow Hassan et al. (2019) and Sautner et al. (2023) and assess the extent

of measurement error in firm-level variation by assuming that a firm’s underlying product

or service quality follows a first-order autoregressive (AR) process. We further assume that

our constructed quality indices are noisy signals of this latent quality, with the noise taking

the form of classical i.i.d. measurement error. We exploit the fact that measurement error

attenuates the estimated persistence coefficient in an AR(1) regression. Specifically, when

we regress our quality index on its lagged value using OLS, the presence of measurement

error biases the autocorrelation coefficient toward zero. However, if a valid instrument for

the lagged quality index (Quality Index i,t−1) can be identified, IV estimation can correct for

this attenuation bias and allows us to recover the true persistence parameter. By comparing

the OLS and IV estimates of the autocorrelation parameter, we can quantify the share

of variation due to measurement error as 1 − (β̂OLS/β̂IV ). Intuitively, a larger divergence

between the OLS and IV coefficients indicates that a greater proportion of the observed

variation in our quality measures reflects noise rather than true underlying quality differences.

Table 14 provides three specifications implementing this approach. Columns (1) and (5)

present the OLS estimates of the autocorrelation in the Quality Index. Columns (2) and (6)
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instrument the quality index using its second lag. Columns (3)–(4) and (7)–(8) instrument

the quality index using the first and second lags constructed from the alternative Glassdoor

review section (i.e., for the pros-based index, we use the cons-based index as the instru-

ment, and vice versa).23 The estimates of the implied share of measurement error in our

quality indices suggest that between 13.5% and 21.1% of the overall variation in the random

forest–constructed indices and between 41.7% and 50.6% of the overall variation in the XG-

Boost–constructed indices can be attributed to measurement error. For firm-level variations,

between 16.2% and 23.3% of the firm-level variation in the random forest–constructed in-

dices and between 49.9% and 56.5% of the firm-level variation in the XGBoost–constructed

indices can be attributed to measurement error. We note that the estimated measurement er-

ror shares of the quality indices constructed using random forests compare favorably to those

documented for other firm-level variables under similar assumptions, such as the measures of

total factor productivity in Bloom et al. (2018) and Collard-Wexler (2011), and the measures

of firm-level political risk constructed by Hassan et al. (2019). The XGBoost-constructed

indices yield measurement error shares that are broadly comparable to those reported in

these studies. For example, Hassan et al. (2019) report measurement error shares ranging

from 40.6% to 49.6% for overall variation and from 44.5% to 54.1% for firm-level variation in

their measure of firm-level political risk. Taken together, the evidence provides reassurance

that the variation in our quality indices indeed reflects economically meaningful differences

in firm quality provision and is not merely noise.

[Insert Table 14]

23The underlying assumption is that, while each index is a noisy proxy for the same latent firm-level
quality, the measurement errors in the pros- and cons-based indices are plausibly independent, since they
are derived from fundamentally different textual inputs and are generated using separate machine learning
models.
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8 Measuring Quality with Generative AI

In light of recent developments in large language models and generative AI, we construct

alternative measures of firm quality provision using GPT models from OpenAI. To explore

the potential and limitations of generative AI for our measurement task, we use two ap-

proaches to construct quality measures: (1) a zero-shot, prompt-based approach and (2) a

supervised fine-tuning approach.

8.1 Zero-Shot GPT-based Quality Measures

We prompt ChatGPT to categorize firm quality provision for each employee review.24

We carefully review prior studies determinants of quality provision and compile a detailed

explanation of the rubric for classifying firm quality provision. We then provide GPT with the

task statement, rubric, and employee reviews. We instruct GPT to respond the following:

a label of firm quality provision, explanation, relevance, and confidence level. For each

employee review, based on the rubric provided, GPT selects one label from three categories:

(1) Q0 – low quality, (2) Q1 – moderate quality, and (3) Q2 – high quality. In terms of

review relevance labeling, GPT determines whether a review explicitly mentions quality

issues, implicitly suggests them, or is irrelevant to firm quality provision. GPT also outputs

a confidence level, classified as low, moderate, or high. The prompt submitted to the OpenAI

GPT API is presented in Online Appendix.

We find that zero-shot, GPT-based quality measures are directionally correlated with

industry-adjusted ACSI scores, with correlations ranging from 0.046 to 0.118 (all signifi-

cant at p < 0.10). We further evaluate the effectiveness of zero-shot, GPT-based quality

measures by examining their predictive power for industry-adjusted ACSI scores. This test

corresponds to the out-of-sample performance test of machine learning-based quality mea-

24We use GPT-4.1, the flagship GPT model at the time of analyzing the data, as the language model
to process texts. Due to computational resource constraints, we randomly sample 20% of reviews for each
firm-year for analysis.
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sures. The results are presented in Table 15, which matches Table 3. We find that zero-shot,

GPT-based quality measures demonstrate modest performance in explaining variation in

firm-level quality provision after controlling for firm characteristics and Glassdoor overall

ratings. However, these associations tend to be mostly subsumed with the inclusion of sub-

dimensional Glassdoor ratings. We also conduct the same set of validation and implication

tests as in Section 5 and Section 6 to more comprehensively assess the effectiveness of the

zero-shot, GPT-based quality measures. In analyses that examine firm-level quality varia-

tion as measured by MSCI quality scores, distinguish firms by their reputational standing

in quality, and predict future product recalls, the zero-shot, GPT-based quality measures

reproduce patterns broadly consistent with those obtained with the machine-learning-based

measures. In other settings, however, their performance is noticeably attenuated and ex-

hibits lower precision. We present the results of additional validation and implication tests

of zero-shot, GPT-based measures in the Online Appendix. Taken together, these results

suggest that, while less precise than our supervised machine-learning measures in predicting

firm-level quality provision, the zero-shot, GPT-based quality measures deliver moderate

predictive accuracy.

[Insert Table 15]

8.2 Fine-Tuned GPT-based Quality Measures

To construct GPT-based quality measures using supervised fine-tuning GPT models, we

first transform industry-adjusted ACSI scores into five ordinal quality categories to formu-

late a classification task suitable for fine-tuning: (1) Low, (2) Medium-Low, (3) Medium, (4)

Medium-High, and (5) High. These categories are defined based on quintiles of the industry-

adjusted ACSI distribution within our sample. We randomly sample reviews for firm-years

where the total token count exceeds 15,000 due to token limitations and cost considerations.

This constraint filters out approximately 3% of firm-years for pros reviews and 5% for cons

reviews. To ensure the model infers quality provision based on generalizable quality patterns
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rather than firm-specific identifiers, we employ a transformer-based Named Entity Recogni-

tion (NER) model to de-identify all references to organizations, persons, geopolitical entities,

and products in the employee reviews.

We fine-tune two separate GPT-4o-mini models, one based on the pros section of employee

reviews and the other based on the cons section of employee reviews. For each model, we

structure the fine-tuning task as follows. The training and testing sample split mirrors

that used for the machine-learning-based measures. At the firm-year level, we provide the

model with employee reviews as input, accompanied by a system prompt instructing the

model to assess firm quality provision based on the information reflected in the reviews.

The corresponding industry-adjusted ACSI quintile serves as the target label. Each training

example thus consists of firm-year-aggregated employee reviews as the user input and the

observed quality quintile as the model’s target response. The prompts are provided in the

Online Appendix.

After fine-tuning, we apply the models to both the hold-out test sample and the broader

application sample of S&P 1500 firms without ACSI coverage. For each firm-year, the model

outputs a predicted quality category. We convert these predicted categories into an ordinal

numeric score ranging from 1 to 5, which serves as our fine-tuned GPT quality measure. As

with the machine-learning-based measures, we construct separate pros-based and cons-based

indices and an aggregate index that is calculated as the token-count-weighted average of the

two.

We start by examining the predictive power of fine-tuned, GPT-based quality measures

for industry-adjusted ACSI scores in out-of-sample tests. The results are presented in Ta-

ble 16. We find that the fine-tuned GPT quality measures show strong out-of-sample predic-

tive performance across all specifications, indicating that supervised fine-tuning enables the

GPT model to better map employee language to quality outcomes. However, their predictive

performance, as measured by adjusted R-squared, remains relatively weaker than that of our

main machine-learning-based measures.
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We also conduct the same validation and implication tests performed for our main ma-

chine learning-based measures, with results reported in the Online Appendix. The findings

are largely consistent with those from the machine learning-based measures. Specifically, the

fine-tuned GPT quality measures show consistent correlations with MSCI quality-related in-

dicators, distinguish between firms ranked as best quality versus others, and are positively

associated with future brand value and profitability as measured by ROA. We find no sig-

nificant results for the relationship between quality deterioration (measured by the change

in fine-tuned GPT measures) and future product recalls. This may be explained by the

coarseness of the five-category quality classification, which provides insufficient granularity

to capture quality deterioration. Overall, these results provide complementary evidence on

the link between internal employee perspectives and a firm’s external quality provision, and

demonstrate the potential of fine-tuned generative AI models to extract meaningful quality

signals from employee reviews.

[Insert Table 16]

8.3 Discussion of Measuring Quality with Generative AI

Our findings show that GPT-based measures can perform reasonably well but are not

uniformly effective across tasks and approaches. Importantly, while the zero-shot, prompt-

based approach serves as a practical and accessible solution, it generally produces relatively

less precise predictions. On the other hand, the supervised fine-tuning approach exhibits

performance that is generally consistent with our main machine-learning-based approach,

but it is limited to tasks that require ordinal classification at a coarser scale rather than

continuous scores.

The relatively lower precision of the zero-shot GPT-based approach in our context can

be explained by several underlying factors. First, while GPT models excel at extracting

surface-level semantic patterns, firm quality provision is a latent construct, and employee

reviews often do not explicitly mention quality outcomes. In our data, GPT classifies only
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3.80% of the reviews in the pros section and 8.65% of the reviews in the cons section as

explicitly mentioning quality outcomes. Supervised machine learning models, by contrast,

are trained on pre-labeled data and can learn non-obvious predictive features. Second,

zero-shot GPT models (not providing the model with any pre-labeled examples), even with

carefully designed instructions, may default to general sentiment analysis or cultural tone

classification instead of focusing on operational quality indicators. This is consistent with

our two observations: (1) zero-shot GPT-based quality measures are strongly correlated with

zero-shot GPT-based cultural measures, with correlations ranging from 0.707 to 0.743 (all

significant at p < 0.01); (2) the predictive ability of zero-shot GPT-based quality measures

is largely captured by Glassdoor ratings. These findings highlight that zero-shot GPT-based

approaches offer a practical and accessible alternative when more technically demanding

tools such as machine-learning models are unavailable, and users should exercise caution in

applications where high predictive accuracy is critical.

Turning to the supervised fine-tuning approach, Figure OA6.1 in the Online Appendix il-

lustrates the relationship between true and predicted quality quintiles using fine-tuned GPT

models in the testing sample. We find that the predicted quality quintile generally increases

with the true quality quintile, with higher true quintiles more likely to be classified into

higher predicted quintiles. In addition, we observe two notable patterns. First, predicted

classifications are concentrated in the middle categories, particularly the Medium-Low quin-

tile. Second, the models tend to systematically under-predict. For example, the number of

observations classified into the High quintile (n = 18 for the pros-based index and n = 13

for the cons-based index) is substantially smaller than the number of firms in the true high-

quality group (n = 65). These observations suggest that while the fine-tuned GPT models

capture meaningful quality variation, they show a conservative classification tendency that

generally favors intermediate or lower categories.

An additional point to note is that we formulate the prediction problem as an ordinal

classification task rather than a continuous score prediction when using fine-tuned GPT
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models. This design choice aligns with the architectural nature of Large Language Models.

LLMs are fundamentally designed as autoregressive classifiers that predict discrete tokens

based on cross-entropy loss, rather than regression models that minimize continuous nu-

merical error (McCoy et al., 2024). Prior work shows that language models can be poorly

calibrated in numeric contexts (Lovering et al., 2025). To address these limitations, related

research discretizes continuous targets into bins to form valid predictive distributions com-

patible with token generation (Requeima et al., 2024). Consistent with this literature, our

fine-tuned GPT quality index uses a category-based scale to ensure robustness and stable

inference. One limitation of doing so is that the resulting measure is relatively coarse and

may obscure fine-grained variation in quality provision.

Our findings add to the emerging body of research leveraging generative large language

models (GLLMs) such as ChatGPT as alternative tools to perform various textual analysis

tasks. For example, Cai et al. (2026) use a zero-shot approach with a ChatGPT model to

generate synthetic employee reviews and construct an alternative measure of organizational

capital based on ChatGPT-generated reviews using embedding models. Berger et al. (2024)

use a zero-shot approach with a ChatGPT model to construct measures of exposure to

Generative AI from job postings. Armstrong et al. (2025) use a zero-shot approach with a

ChatGPT model to generate alternative measures of firm exposure to government agencies

from 10-Ks. Lu et al. (2025) fine-tune a GPT model to measure a firm’s engagement in

climate solutions from 10-K filings. Bernard et al. (2024) build a GPT model fine-tuned on

narrative disclosures and inline XBRL tags to construct and validate a business-complexity

measure. Our analysis adds further nuance to the literature by underscoring the importance

of aligning GLLM applications with the required level of precision and with the desired

trade-off between accessibility, consistency, and the granularity of measurement.
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9 Conclusion

Product and service quality is critical to firm valuation creation, yet it is difficult for

external stakeholders to observe. We examine whether qualitative information extracted

from employee reviews is useful in predicting the quality of the products and services that

their firms provide. Using machine learning approaches, we develop and validate a forward-

looking, scalable, and time-varying firm-specific measurement of quality provision by utilizing

employee-written reviews on Glassdoor as a credible and timely source of insider information

on firm quality provision.

We construct text-based quality indices from over 4.3 million employee-written reviews

for S&P 1500 firms spanning 2008 to 2023. These indices are trained to predict future

product and service quality, as measured by ACSI scores. Our findings show that the text-

based quality measures significantly enhance the explanatory power of regression models,

outperforming all other readily observable firm characteristics such as size, leverage, and

analyst coverage.

We validate our quality measures through out-of-sample performance tests and a series of

robustness checks. The results consistently demonstrate that our text-based indices are the

most important predictors of future ACSI scores across all model specifications. Furthermore,

we find strong associations between our measures and alternative quality proxies, including

MSCI product quality related scores and third-party product/service quality rankings.

We also show that our quality measures are associated with meaningful firm outcomes,

including future product recalls, brand value, and profitability. Firms with higher quality

scores experience fewer product recalls, greater brand strength, and superior future prof-

itability, suggesting that our measures capture forward-looking information about firms’

operational reliability and market performance. These results highlight the economic rele-

vance of our quality indices and confirm that employee reviews offer insights into firm quality

provision not captured by conventional metrics.
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Finally, our exploration of Generative AI models provides additional perspective on the

evolving toolkit for text-based measurement. We assess the potential and limitations of

generative AI for our measurement task by constructing an alternative set of quality measures

using a zero-shot prompt-based approach and a supervised fine-tuning approach with GPT

models, respectively. Our results suggest that GPT-based measures perform reasonably well,

but their effectiveness varies by task and implementation. Our exploration highlights the

importance of considering the task’s required precision, accessibility, prediction consistency,

and measurement granularity when applying GLLMs.

We acknowledge that our measurement of firm quality provision is limited to firms that

are covered by Glassdoor. Thus, the generalizability of our approach may be constrained by

the availability and representativeness of employee reviews, particularly for smaller or less

visible firms. Despite these limitations, we believe that our measurement offers a promising

new lens through which academic researchers, investors, and other external stakeholders can

directly assess firm quality provision in a forward-looking manner. Moreover, our study

contributes to the growing field of crowdsourced employee information by highlighting the

untapped potential of employee reviews in understanding organizational aspects that are less

observable to external stakeholders in nature.
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Figures

Figure 1. Sample Construction and Machine Learning Methodology

Notes: This figure illustrates the sample construction and machine learning procedure used to generate
firm-year level quality indices.
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Figure 2. Distribution of Predicted Quality Scores

Notes: This figure shows the distribution of predicted quality scores in the application sample for both the
pros and cons sections using random forest and XGBoost models. The sample period is 2008 to 2023. Panel
(a) plots the distribution of the RF predictions for the pros section, and Panel (b) plots the distribution of
XGBoost predictions for the pros section. Panel (c) plots the distribution of RF predictions for the cons
section, and Panel (d) plots the distribution of XGBoost predictions for the cons section. Panel (e) plots the
distribution of RF predictions for the aggregate quality index (weighted average of pros and cons sections by
section length), and Panel (f) plots the distribution of XGBoost predictions for the aggregate quality index.
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(b) Pros Section, XGBoost
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(c) Cons Section, RF
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(d) Cons Section, XGBoost
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(e) Aggregate, RF

1.2 0.8 0.4 0.0 0.4 0.8 1.2
Predicted Quality Score

0

250

500

750

1000

1250

1500

1750

2000

Fr
eq

ue
nc

y

(f) Aggregate, XGBoost
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Figure 3. Variable Contributions to R² in Out-of-Sample Tests

Notes: This figure presents the marginal contribution of each variable to the overall R2 in out-of-sample
prediction tests. The dependent variable is Industry-Adjusted ACSI. Industry and year fixed effects are
included. Standard errors are clustered at the firm level. All continuous variables are winsorized at the 1st
and 99th percentiles. The marginal contribution is calculated as the difference between the full model R2

and the R2 obtained when excluding each variable. Panel (a) shows results of quality index based on pros
section constructed using random forest model. Panel (b) shows results of quality index based on cons section
constructed using random forest model. Panel (c) shows results for the aggregate quality index constructed
using random forest model. Panel (d) shows results of quality index based on pros section constructed using
XGBoost model. Panel (e) shows results of quality index based on cons section constructed using XGBoost
model. Panel (f) shows results for the aggregate quality index constructed using XGBoost model.
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Tables

Table 1. Summary Statistics

Notes: This table presents summary statistics for our sample. Panel A shows the industry distribution based
on Fama-French 48 industry classification. Panel B reports yearly distribution of the training/testing sample
(ACSI score available) and the application sample (ACSI score unavailable). Panel C reports descriptive
statistics for key variables used in the analysis. All variables are defined in Appendix B. All continuous
variables are winsorized at the 1% and 99% levels.

Panel A: Industry Distribution

No. Fama-French 48 Industry Count Percent

1 Agriculture 48 0.23%
2 Food Products 350 1.70%
3 Candy & Soda 69 0.34%
4 Beer & Liquor 77 0.37%
5 Tobacco Products 42 0.20%
6 Recreation 106 0.52%
7 Entertainment 272 1.32%
8 Printing and Publishing 171 0.83%
9 Consumer Goods 361 1.76%
10 Apparel 339 1.65%
11 Healthcare 483 2.35%
12 Medical Equipment 552 2.68%
13 Pharmaceutical Products 590 2.87%
14 Chemicals 408 1.98%
15 Rubber and Plastic Products 81 0.39%
16 Textiles 25 0.12%
17 Construction Materials 313 1.52%
18 Construction 260 1.26%
19 Steel Works Etc 163 0.79%
20 Fabricated Products 17 0.08%
21 Machinery 656 3.19%
22 Electrical Equipment 177 0.86%
23 Automobiles and Trucks 320 1.56%
24 Aircraft 190 0.92%
25 Shipbuilding, Railroad Equipment 36 0.18%
26 Defense 44 0.21%
27 Precious Metals 26 0.13%
28 Non-Metallic and Industrial Metal Mining 53 0.26%
29 Coal 22 0.11%
30 Petroleum and Natural Gas 586 2.85%
31 Utilities 500 2.43%
32 Communication 441 2.14%
33 Personal Services 247 1.20%
34 Business Services 2,937 14.28%
35 Computers 668 3.25%
36 Electronic Equipment 1,023 4.97%
37 Measuring and Control Equipment 363 1.76%
38 Business Supplies 156 0.76%
39 Shipping Containers 92 0.45%
40 Transportation 599 2.91%
41 Wholesale 665 3.23%
42 Retail 1,827 8.88%
43 Restaurants, Hotels, Motels 619 3.01%
44 Banking 1,337 6.50%
45 Insurance 856 4.16%
46 Real Estate 133 0.65%
47 Trading 1,069 5.20%
48 Other 198 0.96%

Total 20,567 100.00%
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Table 1. Summary Statistics (Continued)

Panel B: Yearly Distribution by Sample Type

Year Training/Testing Sample Application Sample Total

2008 67 243 310

2009 72 315 387

2010 86 557 643

2011 88 683 771

2012 97 833 930

2013 101 982 1,083

2014 105 1,246 1,351

2015 140 1,416 1,556

2016 140 1,481 1,621

2017 112 1,509 1,621

2018 144 1,442 1,586

2019 142 1,415 1,557

2020 150 1,478 1,628

2021 156 1,711 1,867

2022 151 1,710 1,861

2023 135 1,660 1,795

Total 1,886 18,681 20,567
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Table 1. Summary Statistics (Continued)

Panel C: Descriptive Statistics

Variable N Mean SD P25 Median P75 Sample

Compustat Firm Characteristics

Size 17,194 8.677 1.722 7.441 8.570 9.833 Full

Leverage 16,938 0.293 0.220 0.115 0.268 0.421 Full

ROA 17,191 0.041 0.083 0.010 0.041 0.081 Full

M/B Ratio 14,103 2.277 1.619 1.282 1.733 2.620 Full

Sales Growth 17,038 0.080 0.199 -0.015 0.056 0.143 Full

R&D Intensity 9,482 0.043 0.059 0.001 0.020 0.064 Full

Operating Margin 14,530 0.111 0.124 0.051 0.106 0.175 Full

Ltm ROA 16,818 0.042 0.072 0.010 0.040 0.078 Full

Ltm Operating Margin 14,206 0.113 0.115 0.051 0.105 0.175 Full

Other Firm Characteristics

% Transient Investor 20,567 0.118 0.117 0.000 0.115 0.203 Full

Analyst Following 20,567 1.715 1.222 0.000 2.079 2.773 Full

Glassdoor Ratings

Overall Rating 20,564 3.328 0.496 3.000 3.347 3.670 Full

Balance Subrating 20,564 3.301 0.490 2.980 3.320 3.634 Full

Culture Subrating 18,453 3.283 0.559 2.905 3.303 3.667 Full

Opportunities Subrating 20,564 3.115 0.482 2.788 3.109 3.439 Full

Compensation Subrating 20,564 3.350 0.505 3.015 3.372 3.700 Full

Management Subrating 20,564 2.944 0.519 2.596 2.931 3.277 Full

Customer Satisfaction

Industry-Adjusted ACSI 1,886 0.098 0.897 -0.415 0.187 0.717 Train/Test

Quality Indices

Quality Index - Pros (RF) 18,681 0.045 0.140 -0.056 0.046 0.149 App

Quality Index - Cons (RF) 18,681 0.046 0.139 -0.056 0.044 0.147 App

Quality Index - Agg (RF) 18,681 0.044 0.131 -0.053 0.042 0.141 App

Quality Index - Pros (XGB) 18,681 0.008 0.310 -0.190 0.027 0.221 App

Quality Index - Cons (XGB) 18,681 0.003 0.309 -0.197 0.023 0.221 App

Quality Index - Agg (XGB) 18,681 0.003 0.267 -0.170 0.020 0.191 App

Validation Variables

Quality Risk Exposure 7,878 4.171 2.225 2.900 4.200 5.600 App

Has Product Concern 1,695 0.256 0.437 0.000 0.000 1.000 App

Has Safety Concern 6,294 0.068 0.252 0.000 0.000 0.000 App

#Strengths - #Concerns 1,695 -0.135 0.749 0.000 0.000 0.000 App

Quality Management 2,662 4.924 2.442 3.200 5.200 6.700 App

Top Brand 18,681 0.059 0.236 0.000 0.000 0.000 App

Ltm Top Brand 17,021 0.048 0.213 0.000 0.000 0.000 App

# Recall 3,259 0.084 0.601 0.000 0.000 0.000 App

# Passive Recall 3,259 0.060 0.498 0.000 0.000 0.000 App
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Table 1. Summary Statistics (Continued)

Variable N Mean SD P25 Median P75 Sample

Glassdoor-Based Cultural Value Scores

Innovation Score GD 283 0.004 0.011 -0.001 0.004 0.008 Test

Integrity Score GD 283 0.006 0.013 -0.001 0.003 0.011 Test

Quality Score GD 283 -0.008 0.009 -0.013 -0.008 -0.003 Test

Respect Score GD 283 0.000 0.010 -0.005 -0.001 0.006 Test

Teamwork Score GD 283 0.026 0.012 0.018 0.024 0.031 Test

Conference Call-Based Cultural Value Scores

Innovation Score CC 283 0.011 0.007 0.005 0.009 0.014 Test

Integrity Score CC 283 0.004 0.003 0.002 0.003 0.005 Test

Quality Score CC 283 0.007 0.005 0.003 0.006 0.009 Test

Respect Score CC 283 0.004 0.002 0.003 0.004 0.005 Test

Teamwork Score CC 283 0.003 0.002 0.002 0.002 0.004 Test
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Table 2. Variance Decomposition of Predicted Quality Scores

Notes: This table reports the Shapley value decomposition of the variance in predicted quality scores from
random forest and XGBoost models. The decomposition includes year fixed effects, industry fixed effects
(Fama-French 48), industry-year fixed effects, and firm fixed effects. The “firm-level” variation represents
the combined contribution of permanent firm differences and unexplained within-firm variation over time.

Quality Index - Pros Quality Index - Cons Quality Index - Agg
Average

RF XGBoost RF XGBoost RF XGBoost

Year FE 4.9% 5.4% 2.6% 3.3% 3.9% 5.5% 4.3%

Industry FE 2.5% 1.8% 2.0% 1.1% 2.5% 1.7% 2.0%

Industry × Year FE 11.0% 10.6% 8.1% 7.9% 9.7% 10.5% 9.6%

“Firm-level” 81.6% 82.2% 87.3% 87.7% 83.9% 82.3% 84.1%

Permanent differences
46.3% 33.6% 45.3% 29.9% 47.6% 36.1% 39.8%

across firms (Firm FE)

Within firms over time
35.3% 48.6% 42.0% 57.8% 36.3% 46.2% 44.3%

(Residual)
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Table 3. Out-of-Sample Validation of the Text-Based Quality Index

Notes: This table reports regression results of industry-adjusted ACSI scores on the text-based quality index
in the hold-out sample. The dependent variable is the industry-adjusted ACSI score in year t+ 1. Panel A
(B) presents results using the quality index derived from the pros (cons) section of employee reviews. Panels
A.1 (B.1) and A.2 (B.2) show results of quality indices constructed using the random forest model and the
XGBoost model, respectively. Panel C reports results using the aggregate quality index. Panels C.1 and
C.2 present results from the random forest and XGBoost models, respectively. All continuous variables are
winsorized at the 1st and 99th percentiles. T-statistics are in parentheses. Standard errors are clustered at
the firm level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Panel A: Quality Index Based on Pros Section

Panel A.1: Random Forest

(1) (2) (3) (4) (5)

Quality Index - Pros 2.344*** 2.254*** 2.007*** 1.940*** 0.802***

(10.79) (7.64) (6.75) (6.48) (3.07)

Size 0.002 0.048 0.031

(0.03) (0.59) (0.61)

Leverage -0.365 -0.356 -0.237

(-1.47) (-1.35) (-1.38)

ROA -0.268 -0.027 0.253

(-0.21) (-0.02) (0.30)

M/B Ratio 0.106* 0.088 0.023

(1.84) (1.51) (0.63)

Sales Growth 0.740** 0.742** 0.408

(2.28) (2.25) (1.38)

% Transient Investor 0.768 0.471 0.340

(0.92) (0.59) (0.65)

Analyst Following -0.071 -0.054 -0.031

(-1.16) (-0.88) (-0.77)

Overall Rating 0.369

(1.56)

Balance Subrating -0.222 -0.059

(-0.73) (-0.23)

Culture Subrating 1.047** 0.572

(2.35) (1.58)

Opportunities Subrating -0.353 0.009

(-0.77) (0.03)

Compensation Subrating -0.230 -0.119

(-0.78) (-0.58)

Management Subrating -0.173 -0.273

(-0.39) (-0.87)

Industry-Adjusted ACSIt−1 0.524***

(6.75)

Constant 0.250*** 0.151*** -1.376 -0.823 -0.598

(5.15) (2.84) (-1.24) (-0.83) (-0.85)

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 286 286 250 250 250

Adjusted R2 0.340 0.387 0.426 0.439 0.594
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Table 3. Out-of-Sample Validation of the Text-Based Quality Index (Continued)

Panel A.2: XGBoost

(1) (2) (3) (4) (5)

Quality Index - Pros 1.191*** 1.115*** 0.957*** 0.911*** 0.401***

(10.51) (8.11) (6.32) (6.09) (2.78)

Size -0.028 0.013 0.020

(-0.39) (0.18) (0.40)

Leverage -0.391 -0.361 -0.225

(-1.54) (-1.34) (-1.30)

ROA 0.073 0.272 0.384

(0.06) (0.24) (0.45)

M/B Ratio 0.085 0.068 0.013

(1.48) (1.13) (0.35)

Sales Growth 0.844** 0.847** 0.447

(2.51) (2.46) (1.48)

% Transient Investor 0.360 0.120 0.192

(0.43) (0.15) (0.36)

Analyst Following -0.022 -0.010 -0.014

(-0.40) (-0.18) (-0.38)

Overall Rating 0.403*

(1.79)

Balance Subrating -0.268 -0.067

(-0.91) (-0.27)

Culture Subrating 1.179*** 0.600*

(2.74) (1.71)

Opportunities Subrating -0.364 0.008

(-0.79) (0.02)

Compensation Subrating -0.136 -0.083

(-0.51) (-0.43)

Management Subrating -0.335 -0.334

(-0.74) (-1.06)

Industry-Adjusted ACSIt−1 0.531***

(6.89)

Constant 0.370*** 0.260*** -1.140 -0.507 -0.456

(7.66) (4.72) (-1.06) (-0.53) (-0.65)

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 286 286 250 250 250

Adjusted R2 0.318 0.376 0.415 0.428 0.595
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Table 3. Out-of-Sample Validation of the Text-Based Quality Index (Continued)

Panel B: Quality Index Based on Cons Section

Panel B.1: Random Forest

(1) (2) (3) (4) (5)

Quality Index - Cons 2.224*** 2.013*** 1.785*** 1.784*** 0.655***

(7.35) (6.30) (5.84) (6.00) (2.87)

Size -0.017 0.035 0.021

(-0.22) (0.43) (0.42)

Leverage -0.519** -0.469* -0.290*

(-2.18) (-1.79) (-1.70)

ROA -0.471 -0.201 0.198

(-0.36) (-0.17) (0.23)

M/B Ratio 0.135** 0.113** 0.032

(2.59) (2.12) (0.92)

Sales Growth 0.677** 0.702** 0.393

(1.99) (2.05) (1.32)

% Transient Investor 0.734 0.428 0.315

(0.82) (0.53) (0.58)

Analyst Following -0.077 -0.064 -0.031

(-1.23) (-1.07) (-0.79)

Overall Rating 0.434*

(1.71)

Balance Subrating -0.193 -0.057

(-0.62) (-0.22)

Culture Subrating 1.377*** 0.715*

(2.98) (1.93)

Opportunities Subrating -0.437 -0.015

(-0.99) (-0.05)

Compensation Subrating -0.141 -0.078

(-0.48) (-0.39)

Management Subrating -0.535 -0.422

(-1.22) (-1.33)

Industry-Adjusted ACSIt−1 0.530***

(6.75)

Constant 0.214*** 0.122** -1.405 -0.803 -0.588

(4.12) (2.21) (-1.21) (-0.79) (-0.82)

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 286 286 250 250 250

Adjusted R2 0.279 0.356 0.409 0.435 0.589
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Table 3. Out-of-Sample Validation of the Text-Based Quality Index (Continued)

Panel B.2: XGBoost

(1) (2) (3) (4) (5)

Quality Index - Cons 1.120*** 1.056*** 0.889*** 0.846*** 0.248**

(9.83) (8.16) (5.79) (5.80) (2.21)

Size -0.013 0.018 0.010

(-0.18) (0.23) (0.20)

Leverage -0.528** -0.465 -0.295

(-2.00) (-1.65) (-1.65)

ROA 0.011 0.183 0.341

(0.01) (0.15) (0.40)

M/B Ratio 0.109* 0.090 0.022

(1.96) (1.60) (0.62)

Sales Growth 0.750** 0.762** 0.406

(2.28) (2.29) (1.33)

% Transient Investor 0.759 0.538 0.334

(0.86) (0.67) (0.63)

Analyst Following -0.051 -0.043 -0.020

(-0.89) (-0.77) (-0.53)

Overall Rating 0.388

(1.51)

Balance Subrating -0.319 -0.105

(-1.04) (-0.42)

Culture Subrating 1.303*** 0.690*

(2.79) (1.89)

Opportunities Subrating -0.345 0.033

(-0.80) (0.10)

Compensation Subrating -0.076 -0.052

(-0.26) (-0.26)

Management Subrating -0.485 -0.402

(-1.12) (-1.25)

Industry-Adjusted ACSIt−1 0.549***

(7.52)

Constant 0.296*** 0.207*** -1.241 -0.644 -0.535

(5.97) (3.87) (-1.08) (-0.65) (-0.76)

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 286 286 250 250 250

Adjusted R2 0.290 0.362 0.401 0.418 0.584
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Table 3. Out-of-Sample Validation of the Text-Based Quality Index (Continued)

Panel C: Aggregate Quality Index

Panel C.1: Random Forest

(1) (2) (3) (4) (5)

Quality Index - Agg 2.403*** 2.217*** 1.987*** 1.942*** 0.755***

(8.57) (6.53) (6.09) (6.15) (3.00)

Size -0.003 0.046 0.027

(-0.04) (0.57) (0.54)

Leverage -0.431* -0.405 -0.264

(-1.80) (-1.56) (-1.55)

ROA -0.428 -0.163 0.204

(-0.33) (-0.14) (0.24)

M/B Ratio 0.123** 0.102* 0.029

(2.26) (1.86) (0.82)

Sales Growth 0.699** 0.717** 0.401

(2.12) (2.15) (1.36)

% Transient Investor 0.775 0.466 0.333

(0.89) (0.58) (0.62)

Analyst Following -0.080 -0.064 -0.033

(-1.27) (-1.04) (-0.81)

Overall Rating 0.388

(1.57)

Balance Subrating -0.193 -0.055

(-0.62) (-0.21)

Culture Subrating 1.219*** 0.657*

(2.67) (1.78)

Opportunities Subrating -0.408 -0.011

(-0.92) (-0.03)

Compensation Subrating -0.181 -0.096

(-0.62) (-0.47)

Management Subrating -0.378 -0.362

(-0.86) (-1.15)

Industry-Adjusted ACSIt−1 0.523***

(6.64)

Constant 0.228*** 0.133** -1.384 -0.829 -0.601

(4.57) (2.45) (-1.21) (-0.82) (-0.84)

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 286 286 250 250 250

Adjusted R2 0.321 0.378 0.422 0.442 0.592
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Table 3. Out-of-Sample Validation of the Text-Based Quality Index (Continued)

Panel C.2: XGBoost

(1) (2) (3) (4) (5)

Quality Index - Agg 1.272*** 1.231*** 1.084*** 1.031*** 0.393***

(10.40) (8.48) (6.62) (6.45) (2.87)

Size -0.001 0.034 0.022

(-0.01) (0.44) (0.43)

Leverage -0.401 -0.368 -0.252

(-1.60) (-1.38) (-1.45)

ROA 0.021 0.201 0.345

(0.02) (0.17) (0.39)

M/B Ratio 0.094* 0.077 0.020

(1.66) (1.34) (0.53)

Sales Growth 0.789** 0.799** 0.432

(2.44) (2.41) (1.43)

% Transient Investor 0.629 0.395 0.305

(0.73) (0.49) (0.57)

Analyst Following -0.051 -0.039 -0.023

(-0.88) (-0.69) (-0.60)

Overall Rating 0.320

(1.32)

Balance Subrating -0.263 -0.083

(-0.87) (-0.33)

Culture Subrating 1.155** 0.635*

(2.54) (1.74)

Opportunities Subrating -0.383 -0.000

(-0.89) (-0.00)

Compensation Subrating -0.098 -0.063

(-0.35) (-0.32)

Management Subrating -0.380 -0.364

(-0.89) (-1.14)

Industry-Adjusted ACSIt−1 0.524***

(6.74)

Constant 0.337*** 0.241*** -1.090 -0.566 -0.500

(7.05) (4.55) (-0.96) (-0.57) (-0.70)

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 286 286 250 250 250

Adjusted R2 0.333 0.395 0.428 0.442 0.591
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Table 4. Adjusted R2 Comparison: With vs. Without Predicted Quality Score

Notes: This table compares adjusted R2 values from out-of-sample regressions across different model specifications. For each specification, we report
results from models with and without the inclusion of the predicted quality index. Panel A presents results using the quality index based on the pros
section of employee reviews. Panel B presents results using the quality index based on the cons section of employee reviews. Panel C presents results
using the aggregate quality index, constructed by weighting the pros- and cons-based quality indices by their respective lengths.

Panel A: Quality Index Based on Pros Section

Full Model
w/o Index

Incremental Adj. R2 % ∆Adj. R2

RF XGB RF XGB RF XGB

Industry FE + Year FE 38.7% 37.6% 16.7% 22.1% 20.9% 132.6% 125.7%

Industry FE + Year FE + Firm Controls + Glassdoor Overall Rating 42.6% 41.5% 29.2% 13.4% 12.4% 46.0% 42.4%

Industry FE + Year FE + Firm Controls + Glassdoor Subratings 43.9% 42.8% 31.7% 12.2% 11.1% 38.4% 34.9%

Panel B: Quality Index Based on Cons Section

Full Model
w/o Index

Incremental Adj. R2 % ∆Adj. R2

RF XGB RF XGB RF XGB

Industry FE + Year FE 35.6% 36.2% 16.7% 18.9% 19.5% 113.7% 117.4%

Industry FE + Year FE + Firm Controls + Glassdoor Overall Rating 40.9% 40.1% 29.2% 11.7% 10.9% 40.1% 37.3%

Industry FE + Year FE + Firm Controls + Glassdoor Subratings 43.5% 41.8% 31.7% 11.8% 10.1% 37.2% 31.9%

Panel C: Aggregate Quality Index

Full Model
w/o Index

Incremental Adj. R2 % ∆Adj. R2

RF XGB RF XGB RF XGB

Industry FE + Year FE 37.8% 39.5% 16.7% 21.1% 22.8% 126.8% 137.2%

Industry FE + Year FE + Firm Controls + Glassdoor Overall Rating 42.2% 42.8% 29.2% 13.1% 13.6% 44.8% 46.7%

Industry FE + Year FE + Firm Controls + Glassdoor Subratings 44.2% 44.2% 31.7% 12.5% 12.4% 39.4% 39.2%
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Table 5. MSCI Validation Tests

Notes: This table reports correlations of quality indices and MSCI product quality related scores. The last column (% of Sample Covered) indicates
the percentage of our sample for which the corresponding MSCI metric is available. p-values are in parentheses. ***, **, and * indicate statistical
significance at the 1%, 5%, and 10% levels, respectively.

Variables Pr. Sign Pros Cons Aggregate % of Sample

Covered

RF XGB RF XGB RF XGB

Quality Risk Exposure - -0.044∗∗∗ -0.018∗ -0.102∗∗∗ -0.046∗∗∗ -0.081∗∗∗ -0.041∗∗∗ 42.2%

(0.000) (0.087) (0.000) (0.000) (0.000) (0.000)

Has Product Concern - -0.168∗∗∗ -0.105∗∗∗ -0.110∗∗∗ -0.028 -0.146∗∗∗ -0.076∗∗ 9.1%

(0.000) (0.001) (0.000) (0.373) (0.000) (0.015)

Has Safety Concern - -0.064∗∗∗ -0.042∗∗∗ -0.087∗∗∗ -0.046∗∗∗ -0.082∗∗∗ -0.054∗∗∗ 33.7%

(0.000) (0.002) (0.000) (0.001) (0.000) (0.000)

#Strengths - #Concerns + 0.106∗∗∗ 0.074∗∗ 0.070∗∗ 0.013 0.094∗∗∗ 0.052∗ 9.1%

(0.001) (0.018) (0.024) (0.669) (0.002) (0.093)

Quality Management + 0.057∗∗∗ 0.034∗ 0.048∗∗ 0.022 0.051∗∗∗ 0.030 14.3%

(0.003) (0.078) (0.012) (0.242) (0.007) (0.121)
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Table 6. Quality Index Comparison Across Groups

Notes: This table reports the comparisons of quality indices between firms listed among the best in pro-
duct/service quality and other firms based on Fortune’s World’s Most Admired Companies rankings. The
“Best Quality” group includes firms listed among the best in product/service quality from 2008 to 2012 in
the Fortune rankings, while the “Other” group includes all remaining firms that participated in the rankings
during this period but were not listed among the best in product/service quality. Panel A shows the results
of the pros-based quality index, Panel B shows the results of the cons-based quality index, and Panel C
shows the results of the aggregate quality index. p-values are reported in parentheses under the differences.
***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Group Mean Diff.

(1) (2) (1)-(2)

Best Quality Other Best vs Other

Panel A: Pros-based Quality Index

Random Forest

Mean 0.017 -0.004 0.021**

(0.014)

XGBoost

Mean 0.032 -0.044 0.076***

(0.001)

Panel B: Cons-based Quality Index

Random Forest

Mean 0.023 0.007 0.015**

(0.048)

XGBoost

Mean 0.047 -0.021 0.067***

(0.001)

Panel C: Aggregate Quality Index

Random Forest

Mean 0.020 0.002 0.018**

(0.019)

XGBoost

Mean 0.039 -0.031 0.070***

(0.000)
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Table 7. Quality Index and Product Recalls

Notes: This table reports tests on the relationship between quality indices and CPSC product recalls. Panels A and B report regression results on the
relationship between changes in cons-based (Panel A) and pros-based (Panel B) quality indices and product recalls in the subsequent year. Panel C
reports regression results on the relationship between changes in aggregate quality indices and product recalls in the subsequent year. The dependent
variable in columns (1)–(4) is the total number of recalls in the subsequent year, and the dependent variable in columns (5)–(8) is the total number of
reactive recalls over the same period. All continuous variables are winsorized at the 1st and 99th percentiles. t-statistics are in parentheses. Standard
errors are clustered at the firm level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Panel A: Changes in Cons-Based Quality Indices and Future Recall Events

# Recalls # Reactive Recalls

RF XGB RF XGB RF XGB RF XGB

(1) (2) (3) (4) (5) (6) (7) (8)

∆Quality Index - Cons -1.549** -0.496** -1.869* -0.800***

(-1.99) (-2.49) (-1.96) (-3.57)

Large Quality Drop 0.311 0.426*** 0.313 0.547***

(1.54) (2.65) (1.29) (3.21)

Firm Controls Yes Yes Yes Yes Yes Yes Yes Yes

Recall History Controls Yes Yes Yes Yes Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 3,259 3,259 3,259 3,259 2,937 2,937 2,937 2,937

Pseudo R2 0.468 0.469 0.468 0.470 0.450 0.453 0.449 0.453

62



Panel B: Changes in Pros-Based Quality Indices and Future Recall Events

# Recalls # Reactive Recalls

RF XGB RF XGB RF XGB RF XGB

(1) (2) (3) (4) (5) (6) (7) (8)

∆Quality Index - Pros -1.265 -0.493** -0.814 -0.407

(-1.57) (-2.08) (-0.82) (-1.32)

Large Quality Drop 0.233 0.406*** 0.140 0.469**

(1.36) (2.82) (0.69) (2.47)

Firm Controls Yes Yes Yes Yes Yes Yes Yes Yes

Recall History Controls Yes Yes Yes Yes Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 3,259 3,259 3,259 3,259 2,937 2,937 2,937 2,937

Pseudo R2 0.467 0.468 0.467 0.469 0.447 0.448 0.447 0.451

Panel C: Changes in Aggregate Quality Indices and Future Recall Events

# Recalls # Reactive Recalls

RF XGB RF XGB RF XGB RF XGB

(1) (2) (3) (4) (5) (6) (7) (8)

∆Quality Index - Agg -2.119** -0.866*** -2.193* -1.161***

(-2.25) (-3.03) (-1.88) (-3.18)

Large Quality Drop 0.303** 0.456*** 0.303 0.452**

(2.11) (2.81) (1.50) (2.46)

Firm Controls Yes Yes Yes Yes Yes Yes Yes Yes

Recall History Controls Yes Yes Yes Yes Yes Yes Yes Yes

Year FE Yes Yes Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 3,259 3,259 3,259 3,259 2,937 2,937 2,937 2,937

Pseudo R2 0.469 0.470 0.468 0.470 0.450 0.453 0.448 0.451
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Table 8. Quality Index and Brand Value

Notes: This table presents tests on the relationship between quality indices and the likelihood of appearing
in Brand Finance’s Global 500 brand rankings. Panel A (B) shows regression results of a dummy indicating
whether the firm is listed in Brand Finance’s Global 500 brand rankings on the pros-based (cons-based)
quality index. Panel C shows regression results of a dummy indicating whether the firm is listed in Brand
Finance’s Global 500 brand rankings on the aggregate quality index. Top Brand equals 1 if the firm appears
in Brand Finance’s Global 500 rankings in the following year, and 0 otherwise. Ltm Top Brand equals 1 if
the firm appears in the Global 500 rankings in the next three years, and 0 otherwise. Panel A.1, B.1, and C.1
report results using quality indices constructed from the random forest model. Panel A.2, B.2, C.2 report
results using quality indices constructed from the XGBoost model. All continuous variables are winsorized
at the 1st and 99th percentiles. t-statistics are in parentheses. Standard errors are clustered at the firm
level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Panel A: Pros-Based Quality Index and Top 500 Brand

Panel A.1: RF

Top Brand Ltm Top Brand

OLS Probit OLS Probit

(1) (2) (3) (4)

Quality Index - Pros 0.178*** 1.127** 0.178*** 1.664***

(4.28) (2.42) (4.31) (3.07)

Size 0.092*** 1.181*** 0.080*** 1.321***

(11.94) (10.30) (10.24) (9.81)

Leverage -0.097*** -0.208 -0.091*** -0.183

(-3.69) (-0.50) (-3.55) (-0.39)

ROA -0.050 2.181*** -0.046 2.643***

(-1.29) (3.05) (-1.27) (2.91)

M/B Ratio 0.020*** 0.259*** 0.018*** 0.262***

(6.23) (6.30) (5.79) (5.67)

Sales Growth -0.048*** -0.430*** -0.040*** -0.383**

(-3.77) (-2.87) (-3.30) (-2.04)

Constant -0.651*** -12.435*** -0.613*** -14.327***

(-10.16) (-9.66) (-9.88) (-9.48)

Year FE Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes

Observations 12,475 10,869 11,456 9,629

Adjusted/Pseudo R2 0.256 0.540 0.238 0.579
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Table 8. Quality Index and Brand Value (Continued)

Panel A.2: XGBoost

Top Brand Ltm Top Brand

OLS Probit OLS Probit

(1) (2) (3) (4)

Quality Index - Pros 0.061*** 0.449*** 0.062*** 0.682***

(3.97) (2.70) (4.12) (3.32)

Size 0.089*** 1.173*** 0.077*** 1.308***

(12.03) (9.88) (10.26) (9.28)

Leverage -0.097*** -0.216 -0.090*** -0.190

(-3.67) (-0.52) (-3.54) (-0.40)

ROA -0.048 2.167*** -0.045 2.612***

(-1.23) (3.08) (-1.22) (2.93)

M/B Ratio 0.020*** 0.256*** 0.017*** 0.258***

(6.09) (6.22) (5.63) (5.61)

Sales Growth -0.046*** -0.422*** -0.038*** -0.377**

(-3.58) (-2.81) (-3.14) (-2.04)

Constant -0.618*** -12.369*** -0.580*** -14.239***

(-10.20) (-9.33) (-9.96) (-9.04)

Year FE Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes

Observations 12,475 10,869 11,456 9,629

Adjusted/Pseudo R2 0.254 0.540 0.235 0.579

Panel B: Cons-Based Quality Index and Top 500 Brand

Panel B.1: RF

Top Brand Ltm Top Brand

OLS Probit OLS Probit

(1) (2) (3) (4)

Quality Index - Cons 0.197*** 1.282*** 0.177*** 1.336**

(5.02) (2.74) (4.66) (2.35)

Size 0.093*** 1.177*** 0.080*** 1.299***

(12.07) (10.15) (10.25) (9.48)

Leverage -0.093*** -0.220 -0.088*** -0.220

(-3.54) (-0.53) (-3.42) (-0.47)

ROA -0.062 2.003*** -0.056 2.451***

(-1.62) (2.81) (-1.54) (2.76)

M/B Ratio 0.020*** 0.260*** 0.018*** 0.264***

(6.24) (6.34) (5.75) (5.74)

Sales Growth -0.047*** -0.422*** -0.039*** -0.386**

(-3.71) (-2.80) (-3.23) (-2.03)

Constant -0.657*** -12.378*** -0.611*** -14.084***

(-10.31) (-9.51) (-9.90) (-9.18)

Year FE Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes

Observations 12,475 10,869 11,456 9,629

Adjusted/Pseudo R2 0.258 0.541 0.238 0.577
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Table 8. Quality Index and Brand Value (Continued)

Panel B.2: XGBoost

Top Brand Ltm Top Brand

OLS Probit OLS Probit

(1) (2) (3) (4)

Quality Index - Cons 0.065*** 0.332** 0.055*** 0.324*

(4.61) (2.14) (4.11) (1.69)

Size 0.089*** 1.163*** 0.077*** 1.286***

(12.07) (9.71) (10.21) (9.08)

Leverage -0.095*** -0.221 -0.089*** -0.218

(-3.61) (-0.53) (-3.48) (-0.46)

ROA -0.049 2.150*** -0.044 2.641***

(-1.28) (3.04) (-1.20) (2.99)

M/B Ratio 0.020*** 0.257*** 0.017*** 0.262***

(6.05) (6.27) (5.58) (5.69)

Sales Growth -0.042*** -0.412*** -0.035*** -0.398**

(-3.36) (-2.72) (-2.92) (-2.11)

Constant -0.616*** -12.216*** -0.573*** -13.958***

(-10.27) (-9.14) (-9.91) (-8.84)

Year FE Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes

Observations 12,475 10,869 11,456 9,629

Adjusted/Pseudo R2 0.255 0.538 0.234 0.574

Panel C: Aggregate Quality Index and Top 500 Brand

Panel C.1: Random Forest

Top Brand Ltm Top Brand

OLS Probit OLS Probit

(1) (2) (3) (4)

Quality Index - Agg 0.219*** 1.449*** 0.206*** 1.755***

(4.89) (2.76) (4.70) (2.81)

Size 0.093*** 1.182*** 0.081*** 1.310***

(12.02) (10.29) (10.26) (9.68)

Leverage -0.094*** -0.212 -0.088*** -0.202

(-3.59) (-0.51) (-3.46) (-0.43)

ROA -0.061 2.045*** -0.056 2.480***

(-1.58) (2.86) (-1.54) (2.77)

M/B Ratio 0.020*** 0.259*** 0.018*** 0.262***

(6.25) (6.31) (5.78) (5.70)

Sales Growth -0.048*** -0.422*** -0.040*** -0.376**

(-3.78) (-2.82) (-3.30) (-2.00)

Constant -0.662*** -12.425*** -0.619*** -14.191***

(-10.26) (-9.64) (-9.89) (-9.35)

Year FE Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes

Observations 12,475 10,869 11,456 9,629

Adjusted/Pseudo R2 0.258 0.541 0.239 0.578
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Table 8. Quality Index and Brand Value (Continued)

Panel C.2: XGBoost

Top Brand Ltm Top Brand

OLS Probit OLS Probit

(1) (2) (3) (4)

Quality Index - Agg 0.091*** 0.539** 0.084*** 0.668**

(4.65) (2.53) (4.44) (2.55)

Size 0.090*** 1.168*** 0.078*** 1.294***

(12.07) (9.82) (10.26) (9.20)

Leverage -0.095*** -0.215 -0.089*** -0.199

(-3.62) (-0.52) (-3.48) (-0.42)

ROA -0.056 2.097*** -0.051 2.572***

(-1.44) (2.97) (-1.39) (2.92)

M/B Ratio 0.019*** 0.255*** 0.017*** 0.258***

(6.03) (6.22) (5.57) (5.62)

Sales Growth -0.044*** -0.405*** -0.036*** -0.376**

(-3.48) (-2.69) (-3.04) (-2.01)

Constant -0.629*** -12.278*** -0.587*** -14.042***

(-10.27) (-9.25) (-9.93) (-8.95)

Year FE Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes

Observations 12,475 10,869 11,456 9,629

Adjusted/Pseudo R2 0.256 0.540 0.237 0.577
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Table 9. Quality Index and Future Profitability

Notes: This table presents tests on the relationship between quality indices and firm profitability. Panel A
shows regression results of return on assets (ROA) on quality indices. Panel B shows regression results of
operating margin on quality indices. ROA is the firm’s return on assets in the following year, and Ltm ROA
is the average return on assets over the subsequent three years. All continuous variables are winsorized at
the 1st and 99th percentiles. t-statistics are in parentheses. Standard errors are clustered at the firm level.
***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Panel A: Quality Index and ROA

Panel A.1: Pros-Based Quality Index

ROA Ltm ROA

RF XGB RF XGB

(1) (2) (3) (4)

Quality Index - Pros 0.028*** 0.015*** 0.017** 0.010***

(3.56) (4.81) (2.12) (3.28)

Firm Controls Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes

Observations 12,068 12,068 12,071 12,071

Adjusted R2 0.229 0.230 0.257 0.257

Panel A.2: Cons-Based Quality Index

ROA Ltm ROA

RF XGB RF XGB

(1) (2) (3) (4)

Quality Index - Cons 0.043*** 0.013*** 0.034*** 0.012***

(5.39) (4.62) (4.35) (4.42)

Firm Controls Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes

Observations 12,068 12,068 12,071 12,071

Adjusted R2 0.231 0.230 0.259 0.258

Panel A.3: Aggregate Quality Index

ROA Ltm ROA

RF XGB RF XGB

(1) (2) (3) (4)

Quality Index - Agg 0.044*** 0.021*** 0.033*** 0.017***

(5.20) (5.73) (3.84) (4.70)

Firm Controls Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes

Observations 12,068 12,068 12,071 12,071

Adjusted R2 0.231 0.231 0.258 0.259
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Table 9. Quality Index and Future Profitability (Continued)

Panel B: Quality Index and Operating Margin

Panel B.1: Pros-Based Quality Index

Operating Margin Ltm Operating Margin

RF XGB RF XGB

(1) (2) (3) (4)

Quality Index - Pros 0.049*** 0.018*** 0.041*** 0.016***

(3.62) (3.58) (3.01) (3.12)

Firm Controls Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes

Observations 12,040 12,040 12,043 12,043

Adjusted R2 0.253 0.252 0.277 0.276

Panel B.2: Cons-Based Quality Index

Operating Margin Ltm Operating Margin

RF XGB RF XGB

(1) (2) (3) (4)

Quality Index - Cons 0.046*** 0.017*** 0.039*** 0.016***

(3.52) (3.67) (3.02) (3.48)

Firm Controls Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes

Observations 12,040 12,040 12,043 12,043

Adjusted R2 0.253 0.252 0.277 0.277

Panel B.3: Aggregate Quality Index

Operating Margin Ltm Operating Margin

RF XGB RF XGB

(1) (2) (3) (4)

Quality Index - Agg 0.055*** 0.026*** 0.047*** 0.024***

(3.84) (4.24) (3.21) (3.84)

Firm Controls Yes Yes Yes Yes

Year FE Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes

Observations 12,040 12,040 12,043 12,043

Adjusted R2 0.253 0.253 0.277 0.277
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Table 10. Out-of-Sample Validation of the Text-Based Quality Index in Service-Oriented Indus-
tries

Notes: This table presents regressions of industry-adjusted ACSI scores on the text-based quality index
for the hold-out sample of service-oriented firms. The dependent variable is the industry-adjusted ACSI
score. The text-based quality indices are derived from models trained on service-oriented firms. Panel
A (B) presents results using the quality index derived from the pros (cons) section of employee reviews.
Panel C presents results using the aggregate quality index. Panel A.1, B.1, and C.1 report results using
quality indices constructed from the random forest model. Panel A.2, B.2, C.2 report results using quality
indices constructed from the XGBoost model. All continuous variables are winsorized at the 1st and 99th
percentiles. t-statistics are in parentheses. Standard errors are clustered at the firm level. ***, **, and *
indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Panel A: Quality Index Based on Pros Section

Panel A.1: Random Forest

(1) (2) (3) (4) (5)

Quality Index - Pros 2.286*** 2.268*** 2.087*** 2.039*** 0.877***

(10.39) (7.81) (6.19) (6.15) (2.67)

Firm Controls No No Yes Yes Yes

Glassdoor Controls No No Overall Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 173 173 137 137 137

Adjusted R2 0.417 0.476 0.488 0.518 0.683

Panel A.2: XGBoost

(1) (2) (3) (4) (5)

Quality Index - Pros 2.178*** 1.987*** 1.754*** 1.683*** 0.531*

(8.93) (6.86) (5.85) (5.34) (1.89)

Firm Controls No No Yes Yes Yes

Glassdoor Controls No No Overall Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 173 173 137 137 137

Adjusted R2 0.270 0.376 0.391 0.417 0.664
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Table 10. Out-of-Sample Validation of the Text-Based Quality Index in Service-Oriented Indus-
tries (Continued)

Panel B: Quality Index Based on Cons Section

Panel B.1: Random Forest

(1) (2) (3) (4) (5)

Quality Index - Cons 2.040*** 1.960*** 1.844*** 1.848*** 0.748***

(7.37) (5.94) (5.46) (5.82) (2.76)

Firm Controls No No Yes Yes Yes

Glassdoor Controls No No Overall Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 173 173 137 137 137

Adjusted R2 0.369 0.457 0.486 0.534 0.679

Panel B.2: XGBoost

(1) (2) (3) (4) (5)

Quality Index - Cons 1.788*** 1.879*** 1.842*** 1.779*** 0.729***

(6.28) (8.01) (6.28) (6.06) (3.27)

Firm Controls No No Yes Yes Yes

Glassdoor Controls No No Overall Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 173 173 137 137 137

Adjusted R2 0.262 0.447 0.488 0.516 0.679
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Table 10. Out-of-Sample Validation of the Text-Based Quality Index in Service-Oriented Indus-
tries (Continued)

Panel C: Aggregate Quality Index

Panel C.1: Random Forest

(1) (2) (3) (4) (5)

Quality Index - Agg 2.229*** 2.172*** 2.022*** 1.997*** 0.845***

(8.57) (6.42) (5.65) (5.93) (2.73)

Firm Controls No No Yes Yes Yes

Glassdoor Controls No No Overall Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 173 173 137 137 137

Adjusted R2 0.403 0.476 0.496 0.535 0.682

Panel C.2: XGBoost

(1) (2) (3) (4) (5)

Quality Index - Agg 2.378*** 2.360*** 2.304*** 2.234*** 0.920***

(7.78) (8.12) (6.09) (6.03) (2.97)

Firm Controls No No Yes Yes Yes

Glassdoor Controls No No Overall Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 173 173 137 137 137

Adjusted R2 0.324 0.473 0.499 0.521 0.680
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Table 11. Out-of-Sample Validation of the Text-Based Quality Index in Product-Oriented Indus-
tries

Notes: This table presents regressions of industry-adjusted ACSI scores on the text-based quality index
for the hold-out sample of product-oriented firms. The dependent variable is the industry-adjusted ACSI
score. The text-based quality indices are derived from models trained on product-oriented firms. Panel
A (B) presents results using the quality index derived from the pros (cons) section of employee reviews.
Panel C presents results using the aggregate quality index. Panel A.1, B.1, and C.1 report results using
quality indices constructed from the random forest model. Panel A.2, B.2, C.2 report results using quality
indices constructed from the XGBoost model. All continuous variables are winsorized at the 1st and 99th
percentiles. t-statistics are in parentheses. Standard errors are clustered at the firm level. ***, **, and *
indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Panel A: Quality Index Based on Pros Section

Panel A.1: Random Forest

(1) (2) (3) (4) (5)

Quality Index - Pros 1.565*** 1.915*** 1.605** 2.371** 1.049

(3.70) (2.97) (2.02) (2.61) (1.33)

Firm Controls No No Yes Yes Yes

Glassdoor Controls No No Overall Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 113 113 113 113 113

Adjusted R2 0.151 0.263 0.314 0.354 0.450

Panel A.2: XGBoost

(1) (2) (3) (4) (5)

Quality Index - Pros 0.856*** 0.983*** 0.681** 0.990*** 0.442

(4.35) (3.70) (2.45) (3.26) (1.37)

Firm Controls No No Yes Yes Yes

Glassdoor Controls No No Overall Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 113 113 113 113 113

Adjusted R2 0.163 0.271 0.311 0.351 0.449
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Table 11. Out-of-Sample Validation of the Text-Based Quality Index in Product-Oriented Indus-
tries (Continued)

Panel B: Quality Index Based on Cons Section

Panel B.1: Random Forest

(1) (2) (3) (4) (5)

Quality Index - Cons 1.779*** 1.847** 1.543 1.861* 0.122

(3.54) (2.29) (1.58) (1.72) (0.13)

Firm Controls No No Yes Yes Yes

Glassdoor Controls No No Overall Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 113 113 113 113 113

Adjusted R2 0.144 0.236 0.298 0.317 0.438

Panel B.2: XGBoost

(1) (2) (3) (4) (5)

Quality Index - Cons 0.899*** 0.856*** 0.583* 0.621* 0.086

(3.95) (2.78) (1.72) (1.79) (0.26)

Firm Controls No No Yes Yes Yes

Glassdoor Controls No No Overall Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 113 113 113 113 113

Adjusted R2 0.156 0.256 0.297 0.311 0.438
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Table 11. Out-of-Sample Validation of the Text-Based Quality Index in Product-Oriented Indus-
tries (Continued)

Panel C: Aggregate Quality Index

Panel C.1: Random Forest

(1) (2) (3) (4) (5)

Quality Index - Agg 1.719*** 2.021** 1.810* 2.455** 0.750

(3.61) (2.62) (1.89) (2.32) (0.81)

Firm Controls No No Yes Yes Yes

Glassdoor Controls No No Overall Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 113 113 113 113 113

Adjusted R2 0.152 0.254 0.310 0.342 0.442

Panel C.2: XGBoost

(1) (2) (3) (4) (5)

Quality Index - Agg 0.982*** 1.113*** 0.867** 1.021*** 0.345

(4.29) (3.44) (2.48) (2.83) (0.89)

Firm Controls No No Yes Yes Yes

Glassdoor Controls No No Overall Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 113 113 113 113 113

Adjusted R2 0.181 0.287 0.317 0.342 0.444
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Table 12. Out-of-Sample Validation of the Text-Based Quality Index (Controlling for Conference
Call Cultural Value Scores)

Notes: This table reports regression results of industry-adjusted ACSI scores on the text-based quality index
in the hold-out sample. The analysis replicates Table 3 with additional controls for conference call-based
cultural value scores. Panel A (Panel B) reports results using the quality index derived from the pros (cons)
section and controlling for conference call-based cultural value scores. Panel C reports results using the
aggregate quality index and controlling for conference call-based cultural value scores. Panel A.1, B.1, and
C.1 report results using quality indices constructed from the random forest model. Panel A.2, B.2, C.2
report results using quality indices constructed from the XGBoost model. The dependent variable is the
industry-adjusted ACSI score in year t + 1. All continuous variables are winsorized at the 1st and 99th
percentiles. t-statistics are reported in parentheses. ***, **, and * indicate significance at the 1%, 5%, and
10% levels, respectively.

Panel A: Quality Index Based on Pros Section

Panel A.1: RF

(1) (2) (3) (4) (5) (6)

Quality Index - Pros 2.064*** 2.018*** 1.980*** 1.903*** 0.844*** 0.862***

(6.94) (6.99) (6.50) (6.60) (3.23) (3.24)

Quality Score CC -5.604 1.600 -7.178 2.248 -5.346 -0.094

(-0.52) (0.13) (-0.66) (0.19) (-0.73) (-0.01)

Firm Controls Yes Yes Yes Yes Yes Yes

Glassdoor Controls Overall Overall Subratings Subratings Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes Yes

Other CC Value Scores No Yes No Yes No Yes

Year FE Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes

Observations 247 247 247 247 247 247

Adjusted R2 0.442 0.466 0.448 0.479 0.603 0.613

Panel A.2: XGBoost

(1) (2) (3) (4) (5) (6)

Quality Index - Pros 0.967*** 0.925*** 0.917*** 0.857*** 0.413*** 0.400***

(6.37) (6.10) (6.13) (5.96) (2.86) (2.74)

Quality Score CC -6.958 -0.693 -9.053 -0.311 -5.876 -1.234

(-0.61) (-0.05) (-0.82) (-0.03) (-0.80) (-0.15)

Firm Controls Yes Yes Yes Yes Yes Yes

Glassdoor Controls Overall Overall Subratings Subratings Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes Yes

Other CC Value Scores No Yes No Yes No Yes

Year FE Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes

Observations 247 247 247 247 247 247

Adjusted R2 0.427 0.445 0.434 0.460 0.604 0.612
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Table 12. Out-of-Sample Validation of the Text-Based Quality Index (Controlling for Conference
Call Cultural Value Scores) (Continued)

Panel B: Quality Index Based on Cons Section

Panel B.1: RF

(1) (2) (3) (4) (5) (6)

Quality Index - Cons 1.914*** 1.894*** 1.867*** 1.807*** 0.745*** 0.758***

(6.17) (6.26) (6.04) (6.25) (3.32) (3.25)

Quality Score CC -8.670 -3.778 -10.198 -2.446 -6.765 -2.199

(-0.80) (-0.30) (-1.00) (-0.21) (-0.96) (-0.27)

Firm Controls Yes Yes Yes Yes Yes Yes

Glassdoor Controls Overall Overall Subratings Subratings Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes Yes

Other CC Value Scores No Yes No Yes No Yes

Year FE Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes

Observations 247 247 247 247 247 247

Adjusted R2 0.434 0.457 0.450 0.480 0.600 0.609

Panel B.2: XGBoost

(1) (2) (3) (4) (5) (6)

Quality Index - Cons 0.962*** 0.930*** 0.908*** 0.851*** 0.317*** 0.301***

(6.62) (6.37) (6.52) (6.22) (3.11) (2.92)

Quality Score CC -8.637 -3.077 -11.206 -3.044 -7.189 -2.376

(-0.83) (-0.25) (-1.10) (-0.25) (-1.01) (-0.29)

Firm Controls Yes Yes Yes Yes Yes Yes

Glassdoor Controls Overall Overall Subratings Subratings Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes Yes

Other CC Value Scores No Yes No Yes No Yes

Year FE Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes

Observations 247 247 247 247 247 247

Adjusted R2 0.426 0.445 0.437 0.461 0.595 0.603
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Table 12. Out-of-Sample Validation of the Text-Based Quality Index (Controlling for Conference
Call Cultural Value Scores) (Continued)

Panel C: Aggregate Quality Index

Panel C.1: RF

(1) (2) (3) (4) (5) (6)

Quality Index - Agg 2.096*** 2.061*** 2.016*** 1.947*** 0.835*** 0.854***

(6.31) (6.42) (6.17) (6.35) (3.33) (3.30)

Quality Score CC -6.721 -1.090 -8.187 0.044 -5.919 -1.118

(-0.64) (-0.09) (-0.80) (0.00) (-0.83) (-0.14)

Firm Controls Yes Yes Yes Yes Yes Yes

Glassdoor Controls Overall Overall Subratings Subratings Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes Yes

Other CC Value Scores No Yes No Yes No Yes

Year FE Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes

Observations 247 247 247 247 247 247

Adjusted R2 0.445 0.468 0.456 0.485 0.602 0.612

Panel C.2: XGBoost

(1) (2) (3) (4) (5) (6)

Quality Index - Agg 1.142*** 1.102*** 1.080*** 1.016*** 0.451*** 0.436***

(7.14) (6.95) (6.85) (6.71) (3.40) (3.23)

Quality Score CC -7.109 -2.096 -9.136 -1.685 -6.306 -1.879

(-0.68) (-0.17) (-0.89) (-0.14) (-0.87) (-0.23)

Firm Controls Yes Yes Yes Yes Yes Yes

Glassdoor Controls Overall Overall Subratings Subratings Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes Yes

Other CC Value Scores No Yes No Yes No Yes

Year FE Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes

Observations 247 247 247 247 247 247

Adjusted R2 0.450 0.467 0.457 0.479 0.603 0.610
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Table 13. Out-of-Sample Validation of the Text-Based Quality Index (Controlling for Glassdoor
Cultural Value Scores)

Notes: This table reports regression results of industry-adjusted ACSI scores on the text-based quality index
in the hold-out sample. The analysis replicates Table 3 with additional controls for Glassdoor review-based
cultural value scores. Panel A (Panel B) reports results using the quality index derived from the pros (cons)
section and controlling for Glassdoor review-based cultural value scores. Panel C reports results using the
aggregate quality index and controlling for Glassdoor review-based cultural value scores. Panel A.1, B.1,
and C.1 report results using quality indices constructed from the random forest model. Panel A.2, B.2, C.2
report results using quality indices constructed from the XGBoost model. The dependent variable is the
industry-adjusted ACSI score in year t + 1. All continuous variables are winsorized at the 1st and 99th
percentiles. t-statistics are reported in parentheses. ***, **, and * indicate significance at the 1%, 5%, and
10% levels, respectively.

Panel A: Quality Index Based on Pros Section

Panel A.1: RF

(1) (2) (3) (4) (5) (6)

Quality Index - Pros 2.030*** 2.008*** 1.956*** 1.934*** 0.814*** 0.825***

(6.68) (7.01) (6.49) (6.53) (3.13) (3.13)

Quality Score GD 3.537 2.223 3.220 2.192 2.054 2.382

(0.68) (0.38) (0.67) (0.41) (0.50) (0.56)

Firm Controls Yes Yes Yes Yes Yes Yes

Glassdoor Controls Overall Overall Subratings Subratings Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes Yes

Other GD Value Scores No Yes No Yes No Yes

Year FE Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes

Observations 250 250 250 250 250 250

Adjusted R2 0.425 0.424 0.437 0.440 0.592 0.592

Panel A.2: XGBoost

(1) (2) (3) (4) (5) (6)

Quality Index - Pros 0.973*** 0.955*** 0.926*** 0.910*** 0.412*** 0.420***

(6.23) (6.59) (6.12) (6.35) (2.85) (2.97)

Quality Score GD 4.230 3.219 4.266 3.591 2.613 3.125

(0.76) (0.52) (0.84) (0.65) (0.64) (0.73)

Firm Controls Yes Yes Yes Yes Yes Yes

Glassdoor Controls Overall Overall Subratings Subratings Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes Yes

Other GD Value Scores No Yes No Yes No Yes

Year FE Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes

Observations 250 250 250 250 250 250

Adjusted R2 0.415 0.415 0.427 0.432 0.594 0.595
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Table 13. Out-of-Sample Validation of the Text-Based Quality Index (Controlling for Glassdoor
Cultural Value Scores) (Continued)

Panel B: Quality Index Based on Cons Section

Panel B.1: RF

(1) (2) (3) (4) (5) (6)

Quality Index - Cons 1.805*** 1.748*** 1.804*** 1.782*** 0.669*** 0.690***

(5.80) (5.85) (5.98) (5.77) (2.99) (3.03)

Quality Score GD 3.274 2.199 3.584 2.958 2.057 2.600

(0.59) (0.35) (0.73) (0.53) (0.50) (0.60)

Firm Controls Yes Yes Yes Yes Yes Yes

Glassdoor Controls Overall Overall Subratings Subratings Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes Yes

Other GD Value Scores No Yes No Yes No Yes

Year FE Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes

Observations 250 250 250 250 250 250

Adjusted R2 0.407 0.405 0.434 0.437 0.588 0.589

Panel B.2: XGBoost

(1) (2) (3) (4) (5) (6)

Quality Index - Cons 0.897*** 0.878*** 0.855*** 0.842*** 0.254** 0.259**

(5.82) (5.98) (5.89) (5.96) (2.31) (2.41)

Quality Score GD 2.848 1.579 3.270 2.408 1.735 2.237

(0.54) (0.27) (0.68) (0.44) (0.42) (0.52)

Firm Controls Yes Yes Yes Yes Yes Yes

Glassdoor Controls Overall Overall Subratings Subratings Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes Yes

Other GD Value Scores No Yes No Yes No Yes

Year FE Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes

Observations 250 250 250 250 250 250

Adjusted R2 0.399 0.398 0.417 0.420 0.582 0.582
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Table 13. Out-of-Sample Validation of the Text-Based Quality Index (Controlling for Glassdoor
Cultural Value Scores) (Continued)

Panel C: Aggregate Quality Index

Panel C.1: Random Forest

(1) (2) (3) (4) (5) (6)

Quality Index - Agg 2.012*** 1.972*** 1.962*** 1.947*** 0.770*** 0.791***

(6.03) (6.14) (6.14) (6.01) (3.10) (3.15)

Quality Score GD 3.657 2.478 3.641 2.838 2.146 2.592

(0.68) (0.41) (0.75) (0.52) (0.52) (0.61)

Firm Controls Yes Yes Yes Yes Yes Yes

Glassdoor Controls Overall Overall Subratings Subratings Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes Yes

Other GD Value Scores No Yes No Yes No Yes

Year FE Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes

Observations 250 250 250 250 250 250

Adjusted R2 0.421 0.419 0.441 0.443 0.590 0.591

Panel C.2: XGBoost

(1) (2) (3) (4) (5) (6)

Quality Index - Agg 1.102*** 1.088*** 1.047*** 1.043*** 0.404*** 0.419***

(6.64) (7.05) (6.56) (6.80) (3.02) (3.27)

Quality Score GD 4.275 3.101 4.419 3.606 2.424 2.884

(0.81) (0.52) (0.92) (0.67) (0.60) (0.68)

Firm Controls Yes Yes Yes Yes Yes Yes

Glassdoor Controls Overall Overall Subratings Subratings Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes Yes

Other GD Value Scores No Yes No Yes No Yes

Year FE Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes

Observations 250 250 250 250 250 250

Adjusted R2 0.427 0.427 0.441 0.445 0.590 0.590
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Table 14. Quantifying Measurement Error in Quality Index

Notes: This table shows AR(1) regressions of quality indices. Regressions are estimated at the firm-year level. Implied Share Measurement Error is

calculated as 1− (β̂OLS/β̂IV ), where β̂OLS is the estimated coefficient in Quality Indexi,t = α+βQuality Indexi,t−1+ ε and β̂IV is the coefficient on the
instrumented Quality Indexi,t in the same specification. To obtain bootstrapped standard errors for Implied Share Measurement Error, we repeat the
following procedure 500 times: draw a random sample of the same sample size (with replacement and clustered by firm) from our regression sample,
run the two regressions, and obtain the implied share of measurement error. All regressions in Panel A are estimated without industry and year fixed
effects. All regressions in Panel B include industry and year fixed effects. Standard errors are clustered at the firm level. ***, **, and * indicate
statistical significance at the 1%, 5%, and 10% levels, respectively.

Panel A: Overall Variation

Panel A.1 Pros

Quality Index - Prost

RF XGBoost

(1) (2) (3) (4) (5) (6) (7) (8)

Quality Index - Prost−1 0.720*** 0.892*** 0.833*** 0.896*** 0.524*** 0.939*** 0.899*** 0.956***

(64.23) (87.38) (47.53) (78.84) (57.04) (68.65) (54.80) (50.58)

Observations 16,050 13,964 16,050 13,964 16,050 13,964 16,050 13,964

Specification OLS IV IV IV OLS IV IV IV

Instrument Pros, t-2 Cons, t-1 Cons, t-2 Pros, t-2 Cons, t-1 Cons, t-2

Implied Share M.E. 0.193 0.135 0.196 0.442 0.417 0.452

(0.018) (0.008) (0.019) (0.014) (0.012) (0.014)

Panel A.2 Cons

Quality Index - Const

RF XGBoost

(1) (2) (3) (4) (5) (6) (7) (8)

Quality Index - Const−1 0.686*** 0.870*** 0.801*** 0.862*** 0.434*** 0.870*** 0.872*** 0.879***

(63.45) (81.78) (49.16) (68.84) (44.06) (49.99) (52.99) (45.24)

Observations 16,050 13,964 16,050 13,964 16,050 13,964 16,050 13,964

Specification OLS IV IV IV OLS IV IV IV

Instrument Cons, t-2 Pros, t-1 Pros, t-2 Cons, t-2 Pros, t-1 Pros, t-2

Implied Share M.E. 0.211 0.144 0.204 0.501 0.502 0.506

(0.018) (0.008) (0.020) (0.016) (0.014) (0.015)
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Panel B: Firm-Level Variation

Panel B.1 Pros

Quality Index - Prost

RF XGBoost

(1) (2) (3) (4) (5) (6) (7) (8)

Quality Index - Prost−1 0.685*** 0.889*** 0.817*** 0.885*** 0.437*** 0.933*** 0.871*** 0.943***

(54.25) (73.70) (39.20) (68.09) (42.14) (50.85) (40.39) (36.23)

Observations 16,050 13,964 16,050 13,964 16,050 13,964 16,050 13,964

Specification OLS IV IV IV OLS IV IV IV

Instrument Pros, t-2 Cons, t-1 Cons, t-2 Pros, t-2 Cons, t-1 Cons, t-2

Implied Share M.E. 0.230 0.162 0.226 0.532 0.499 0.537

(0.021) (0.010) (0.022) (0.016) (0.015) (0.017)

Panel B.2 Cons

Quality Index - Const

RF XGBoost

(1) (2) (3) (4) (5) (6) (7) (8)

Quality Index - Const−1 0.655*** 0.856*** 0.784*** 0.854*** 0.370*** 0.838*** 0.838*** 0.851***

(56.02) (71.84) (40.98) (58.25) (38.80) (38.43) (39.83) (32.48)

Observations 16,050 13,964 16,050 13,964 16,050 13,964 16,050 13,964

Specification OLS IV IV IV OLS IV IV IV

Instrument Cons, t-2 Pros, t-1 Pros, t-2 Cons, t-2 Pros, t-1 Pros, t-2

Implied Share M.E. 0.235 0.165 0.233 0.558 0.558 0.565

(0.021) (0.010) (0.023) (0.017) (0.015) (0.017)
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Table 15. Validation of the Zero-Shot GPT Quality Index

Notes: This table reports regression results of industry-adjusted ACSI scores on the zero-shot GPT quality
index. Panel A (B) presents results using the quality index derived from the pros (cons) section of employee
reviews. Panel C reports results using the aggregate quality index. Panel A.1, B.1, and C.1 report results
using zero-shot GPT quality indices constructed using all sampled reviews. Panel A.2, B.2, C.2 report
results using zero-shot GPT quality indices constructed using relevant reviews (i.e., those identified by GPT
as explicitly mentioning quality issues or implicitly suggesting them). The dependent variable is the industry-
adjusted ACSI score in year t + 1. All continuous variables are winsorized at the 1st and 99th percentiles.
T-statistics are in parentheses. Standard errors are clustered at the firm level. ***, **, and * indicate
statistical significance at the 1%, 5%, and 10% levels, respectively.

Panel A: Quality Index Based on Pros Section

Panel A.1: Quality Index - Overall

(1) (2) (3) (4) (5)

Quality Index - Pros 0.353*** 0.447*** 0.276** 0.197 0.093

(2.70) (3.50) (2.43) (1.35) (1.14)

Firm Controls No No Yes Yes Yes

Glassdoor Controls No No Overall Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 1,608 1,608 1,608 1,309 1,309

Adjusted R2 0.008 0.131 0.218 0.274 0.592

Panel A.2: Quality Index - Relevant Only

(1) (2) (3) (4) (5)

Quality Index - Pros 0.495*** 0.527*** 0.232* 0.196 0.238**

(3.60) (3.82) (1.80) (1.28) (2.44)

Firm Controls No No Yes Yes Yes

Glassdoor Controls No No Overall Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 1,566 1,566 1,566 1,290 1,290

Adjusted R2 0.009 0.131 0.225 0.284 0.595
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Table 15. Validation of the Zero-Shot GPT Quality Index (Continued)

Panel B: Quality Index Based on Cons Section

Panel B.1: Quality Index - Overall

(1) (2) (3) (4) (5)

Quality Index - Cons 0.163 0.457*** 0.044 -0.133 -0.010

(1.19) (3.61) (0.35) (-0.92) (-0.10)

Firm Controls No No Yes Yes Yes

Glassdoor Controls No No Overall Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 1,608 1,608 1,608 1,309 1,309

Adjusted R2 0.001 0.133 0.214 0.274 0.592

Panel B.2: Quality Index - Relevant Only

(1) (2) (3) (4) (5)

Quality Index - Cons 0.348** 0.519*** 0.136 0.130 0.246**

(2.31) (3.34) (1.00) (0.74) (2.24)

Firm Controls No No Yes Yes Yes

Glassdoor Controls No No Overall Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 1,588 1,588 1,588 1,300 1,300

Adjusted R2 0.004 0.129 0.215 0.275 0.591
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Table 15. Validation of the Zero-Shot GPT Quality Index (Continued)

Panel C: Aggregate Quality Index

Panel C.1: Quality Index - Overall

(1) (2) (3) (4) (5)

Quality Index - Agg 0.216** 0.387*** 0.148* 0.024 0.037

(2.37) (4.25) (1.91) (0.27) (0.59)

Firm Controls No No Yes Yes Yes

Glassdoor Controls No No Overall Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 1,608 1,608 1,608 1,309 1,309

Adjusted R2 0.007 0.141 0.217 0.273 0.592

Panel C.2: Quality Index - Relevant Only

(1) (2) (3) (4) (5)

Quality Index - Agg 0.376*** 0.499*** 0.206** 0.175 0.226***

(3.79) (4.80) (2.30) (1.49) (2.84)

Firm Controls No No Yes Yes Yes

Glassdoor Controls No No Overall Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 1,539 1,539 1,539 1,275 1,275

Adjusted R2 0.013 0.144 0.226 0.287 0.594
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Table 16. Out-of-Sample Validation of the Fine-Tuned GPT Quality Index

Notes: This table reports out-of-sample regression results of industry-adjusted ACSI scores on the quality
index constructed through fine-tuned GPT-4o-mini models. The dependent variable is the industry-adjusted
ACSI score in year t+ 1. Panel A (B) presents results using the quality index derived from the pros (cons)
section of employee reviews. Panel C reports results using the aggregate quality index. All continuous
variables are winsorized at the 1st and 99th percentiles. T-statistics are in parentheses. Standard errors are
clustered at the firm level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels,
respectively.

Panel A: Quality Index Based on Pros Section

(1) (2) (3) (4) (5)

Quality Index - Pros 0.284*** 0.282*** 0.255*** 0.253*** 0.127***

(7.17) (6.08) (4.80) (4.69) (3.23)

Firm Controls No No Yes Yes Yes

Glassdoor Controls No No Overall Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 286 286 250 250 250

Adjusted R2 0.196 0.319 0.379 0.398 0.596

Panel B: Quality Index Based on Cons Section

(1) (2) (3) (4) (5)

Quality Index - Cons 0.302*** 0.295*** 0.266*** 0.261*** 0.104**

(7.53) (5.75) (4.87) (4.94) (2.23)

Firm Controls No No Yes Yes Yes

Glassdoor Controls No No Overall Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 286 286 250 250 250

Adjusted R2 0.219 0.321 0.385 0.407 0.590

Panel C: Aggregate Quality Index

(1) (2) (3) (4) (5)

Quality Index - Agg 0.354*** 0.361*** 0.348*** 0.344*** 0.161***

(8.31) (6.48) (5.55) (5.59) (3.00)

Firm Controls No No Yes Yes Yes

Glassdoor Controls No No Overall Subratings Subratings

Ind. Adj. ACSIt−1 No No No No Yes

Year FE No Yes Yes Yes Yes

Industry FE No Yes Yes Yes Yes

Observations 286 286 250 250 250

Adjusted R2 0.252 0.359 0.413 0.433 0.599
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Appendix A. Most Predictive N-Grams and Examples of Reviews

Table A1. Top 300 N-grams Predictive of Product/Service Quality from the “Pros” Section

Category Random Forest XGBoost

Human Capital and Skill De-
velopment

first, skill, train, first job, great train, smart, learn, experi-
ence, training, improve, opportunity, teach, position, knowl-
edge, career, improvement, starter, start, growth, choice, ad-
vancement, skill good, place learn, development, learn work,
option, career growth, know, exposure, learn lot

easy hire, job training, college student, enable, lot career,
jump, first, opportunity well, know job, company promote,
learn opportunity, lot young, career good, development good,
prepare, skill, plenty room, extensive training, develop skill,
foundation, opportunity many, first start, subject, teach, first
class, insight, provide opportunity, starter, development pro-
gram, program work, great train, another job, great ad-
vancement, skill good, deep, give opportunity, train program,
chance advancement, best training, want see, promote within,
career development, learn new, choice, skill set

Operational Processes and Dis-
ciplines

work, job, challenge, safety, steady, process, good job, project,
engineer, reason work, stable, work work, server, steady work,
service, customer, quality, business, program, product, hard,
use, problem, solid, drive, provide, system, technology, equip-
ment, ability, customer service, line business, innovation, plant

server, cell, ready, great customer, mobile, different function,
store, technology work, challenge, lot customer, material, work
still, challenge work, job, work, technique, technology, system,
objective, wear, reason work, safety, analyst, dress, assign,
new technology, need do, capable, data, work work, ware-
house, developer, guest, contractor, good job, line business,
array, good system, functional, immediate, capability

Incentives and Pay

pay, good pay, good salary, salary, free food, great benefit,
great pay, tip, make good, money, food, decent, pay good,
healthcare, pay benefit, free, benefit, offer, perk, wage, bene-
fit great, travel, paycheck, salary work, good benefit, health,
compensation, decent pay, competitive, pay work, base, raise,
pay great, stock, salary benefit, reward, bonus, benefit good,
pay well, lunch, package, vacation

leverage, make decent, free food, flight benefit, management
pay, tip, medical dental, wage, food, provide good, ok ben-
efit, decent health, pay holiday, make good, eligible, good
salary, healthcare, opportunity travel, offer great, member-
ship, benefit people, great benefit, breakfast, profit, money
benefit, travel, salary work, benefit tuition, competitive bene-
fit, financial, food good, include medical, perk good, paycheck,
good pay, buck, pension, great pay, employee pay, cheap, pay
well, amount money

Workplace Culture and Em-
ployee Satisfaction

work good, good place, job good, atmosphere, pro, good work,
good good, fun, company work, culture, casual, environment,
meaningful, place work, community, place, work environment,
work great, open, nice, overall great, value, proud, office, great
place, amaze, willing, diversity, exciting, awesome, great work,
love, political, atmosphere great

work good, work excellent, want work, philosophy, overall
good, et great, environment company, discipline, best best,
look forward, many good, interesting work, good amount,
project good, ethical, meaningful, much good, encouragement,
fun atmosphere, job best, job good, incredible, job bad, lucky
enough, encouraging, job want, always great, available good,
right thing, political, overall great, lot interesting
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Table A1. Top 300 N-grams Predictive of Product/Service Quality from the “Pros” Section (Continued)

Category Random Forest XGBoost

Staffing and Resource Alloca-
tion

overtime, hour, work life, work home, home, life balance, year,
flexible work, life, balance, part, flexible, flexible good, time,
fast, schedule, flexibility, flexibility work, time employee, day,
part time, long, available, allow, close home, full

overtime, move fast, put time, longer, hour day, work school,
work around, time take, flex time, home good, need time, work
personal, go fast, time employee, remote, time need, pretty
flexible, location work

Teamwork and Internal Coor-
dination

team, people, good people, friend, employee, everyone, people
work, great team, communication, inclusive, family, colleague,
friendly, great people, people great, coworkers, group, worker,
team great, team work, co worker, nice people, co, employee
customer, smart people, engage, help, people good, support,
collaborative

proactive, woman, collaboration, man, team, people employee,
people want, everyone work, diverse workforce, people diverse,
people, associate work, meet lot, inclusive, nice helpful, right
people, employee customer, group good, team work, people
love, engage

Organizational Structure and
Change

merger, organization, new, local, scale, change, area, move,
acquisition, level, location, corporate, department, union

merger, within organization, work large, lot change, large
scale, size, union, bureaucracy, region, trend, acquisition, com-
pany try, turnover rate, department work, scale

Leadership and Managerial
Oversight

supervisor, leadership, transparent, management, encourage,
care, manager, treat, care employee, decision, top, profes-
sional, bos, plan

transparent, micro manage, board, corporate office, manage-
ment seem, open door, meritocracy, really take, listen em-
ployee, management generally, expectation, make decision,
management team, management level

Company Brand and Reputa-
tion

reputation, great company, impact, big, company, big com-
pany, large, great reputation, good company, large company,
strong, name, company great, brand, great corporate, work
company

impact, strength, global brand, global reach, reputation, great
corporate, large organization, name recognition, great reputa-
tion, large company, big company, community involvement,
global company, worldwide, great company, strong work, im-
age, world great, decade

Industry or Firm Specific america, world, commerce, united, industry, seattle, fast food
seattle, united, commerce, america, starbucks, downtown,
pharmacy

General Sentiment
good, great, ok, best, well, really, okay, interesting, excellent,
high, wonderful, bad, easy, pretty, low, really good, right

generally easy, ok, terrible, really want, great

Uncategorized

none, nothing, overall, lot, make, com, many, reason, thing,
one, around, think, everyday, include, never, need, within,
non, take, back, look, get, still, meet, different, give, want,
much, see, anywhere, go, spend, way, find, do, keep

concept, none, true, nothing, prefer, news, table, initial, avoid,
per, last year, pick, even part, occasion, com, unit, throw,
aside, onside, relative, specific, one, thru, several year, sound,
use good, round, seat, reason, half, wonder, lose, quite, com-
pany still, nearly, bus, mix, hit, wait, proper, meet
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Table A2. Top 300 N-grams Predictive of Product/Service Quality from the “Cons” Section

Category Random Forest XGBoost

Human Capital and Skill De-
velopment

promotion, seniority, promote, position, failure, advancement,
opportunity, start, know, first month, become, career, future,
grow, growth, development, advance, experience, training, job
security

promotion process, promote base, grow fast, first month, peo-
ple move, network, seniority, annual review, new employee,
english, starter, external, tenure, move within, first year, long
term, job security, limited opportunity, need improve, teach
company, climb ladder, month advance, opportunity move,
know job, fast track, failure

Operational Processes and Dis-
ciplines

equipment, plant, smell, depend, safety, customer, dirty, chal-
lenge, server, temp, rude customer, loss, customer rude, work,
consumer, chaotic, process, still work, complete, system, call,
action, work extremely, job, use, supply, hard, business, tech-
nology, difficult, force, problem, project, service, practice,
guest, working, product, repetitive, tool, facility, function, dis-
connect, complaint, information, access, maintenance

smell, plant, ship, big problem, equipment, selling, thing
customer, error, dirty, safety, temp, paper work, document,
customer rude, credit card, challenge work, system process,
server, divide, consumer, sign, user, call, deal customer, pro-
duction, work difficult, loss, maintenance, working, technician,
tool, factory, project management, chaotic, repetitive, difficult
make, challenging, specialized, random, data, still work, func-
tional, automatically, pile, get work, disconnect

Incentives and Pay
health, tip, benefit, base, deal, low pay, money, bonus, pay
benefit, pay, medical, food, raise, fairness, bad pay, health
insurance, salary, gas, compensation, vacation

compensation plan, tip, illness, high salary, benefit work,
health, health care, yearly, money make, million dollar, pay
market, pension, pay long, base, loan, compensation low, pay
competitive, paycheck, lunch, prescription, financial, medical,
overhead, compensation benefit, sub par, fee

Workplace Culture and Em-
ployee Satisfaction

toxic, rude, environment, workplace, culture, privacy, boring,
bore, place work, place, office, room, open, angry

entrepreneurial, dissatisfaction, toxic, formal, insane, privacy,
workplace, look forward, politics, section, mold, pit, principle,
lot bureaucracy, autonomy, company politics, dysfunctional,
mindset, easy lose, crowd, hell

Staffing and Resource Alloca-
tion

day week, fast, weekend, night, lack, night weekend, bro-
ken, fast pace, overtime, balance, life, life balance, work life,
enough, pace, shift, hour, short, year, long, move fast, sched-
ule, load, day, week, excessive, long time, long hour, limit,
lot work, work hard, late, time, weekend holiday, hard work,
weekend night, full, month

move fast, give day, fast pace, night weekend, fast, time really,
press, work death, day week, fast paced, store hour, heavily,
broken, much work, require work, work holiday, retail hour,
sunday, skew, night, short hand, overtime, employee long,
much job, pace, monthly, pressure sale, pattern, one year,
week day, schedule, put hour, irregular, tough, least month

Teamwork and Internal Coor-
dination

disrespect, people, employee, worker, respect, communication,
team, feel, people work, help, everyone, group, peer, personal,
many people, opinion, others, support, co, staff

people need, work people, way treat, people see, disrespect,
gender, criticism, depend group, work employee, colleague,
respect employee, folk, peer, cheat, people make, subordinate,
staffed, condescend, relation, people work
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Table A2. Top 300 N-grams Predictive of Product/Service Quality from the “Cons” Section (Continued)

Category Random Forest XGBoost

Organizational Structure and
Change

merger, organization, location, implementation, change, issue,
unstable, slow, acquisition, merge, bureaucracy, integrate, in-
tegration, move, reorganization, relocate, acquire, uncertainty,
corporate, department, layoffs, massive, organizational struc-
ture, new, strategy, level, hire

job cut, merger, spin, commercial, layoffs, branch, location,
establish, offs, national, turnover high, integrate, challenge
time, unstable, implementation, relocate, startup, turnover
rate, compare competitor, within department, reorganization,
orgy, company thing, lot turnover, crisis, slow change, em-
ployee cut, moving, international, change direction, govern-
ment, union, replace, overseas, strategy, policy procedure

Leadership and Managerial
Oversight

leadership, poor management, speak, chief, upper, care, man-
agement poor, upper management, decision, management,
many chief, ce, bad management, management employee,
manager, plan, treat, accountability, senior, vision, supervi-
sor, direction, management bad, decision making, expect, se-
nior management, communication management, expectation,
management style

area manager, many chief, make decision, superior, yes men,
downhill, regional manager, management respect, pay atten-
tion, lead lot, chief, management look, manager manager,
manager tend, decision make, open door, respond, sr man-
agement, incompetence, hour management, mid management,
speak, effectively, manager level, leadership lack, officer, ce,
slow react, management poor

Company Brand and Reputa-
tion

reputation, company, big, impact, mission, large, company lot
reputation, low compare, company grow, company go, image,
company, company year, huge company

Industry or Firm Specific fast food, amazon, america, chicago, industry, united
fast food, corporate america, amazon, retail job, bank,
chicago, america, united

General Sentiment
poor, bad, con, terrible, horrible, good, low, great, high, well,
really, extremely, best

poor, terribly, excellent, hard good, quite bit, interesting,
shady, stupid, nonexistent, truly, exactly, increasingly, finally,
good thing, substantial

Uncategorized

everything, none, hot, seem, average, continue, make, fre-
quent, sometimes, want, may, small, many, table, one, lot,
constant, must, give, much, still, per, old, quite, multiple,
making, go, little, do, within, thing, think, play, way, take,
find, due, eat, keep, try, nothing, tend, might, look, back,
run, come, unless, need, already, least, outside, get, another,
even, bit, band, constantly, news

sometimes seem, let, making, differ, fat, side, refer, want,
lean, news, stay away, thought, doubt, somewhat, hard make,
recommend, black, original, hot, initial, com, company even,
band, wait, list, way thing, none, everything, two, primary
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Table A3. Examples of Reviews Most Predictive of High and Low Quality Scores

Notes: This table presents examples of employee reviews with the highest and lowest predicted quality
scores from our trained models. Panel A shows ten examples of reviews from the pros section that receive
the highest quality scores. Panel B shows ten examples of reviews from the cons section that receive the lowest
quality scores. Company names are anonymized as “[Company Name]”. Lengthy reviews are presented in
excerpted form due to space constraints; omitted content is indicated by “[. . . ]”.

Panel A: Pros Reviews with High Predicted Quality Scores

No. Review

1 Great Benefits, Great training, Pay is decent, Great name in the industry and overall great products

and services to customers.

2 Overall, great company! They have a great reputation and provide high quality products. They

offer both a pension and 401k plans which is very hard to find in the market today. They take great

care of their employees.

3 Great benefits including educational assistance. Good core values. The company recently acquired

[Company Name] which was a great company too. Hopefully it will be a good thing in the long run.

Both companies were known for quality products, and the integration should bring an even higher

quality of customer service.

4 Great benefits (even for part-timers), you can get benefits for your whole family (even your pets),

401 K, stocks, bonds, flexible work schedule, great employees, room for advancement if you are

dedicated to making it into a career, and wonderful training. Most employees are hard working and

will help you at the drop of a dime! Everything is centered around providing great customer service.

5 Fair Compensation, Great benefits, great people overall. The products were excellent and it felt

good to say that I worked for [Company Name]. Over all leadership was very strong and forward

looking. Very supportive of their employees.

6 During my career at [Company Name], I have discovered so many opportunities to develop and

advance my career. The training, tools, and support provided have helped me to be successful

through the journey. [Company Name] has a strategy that guides us to be more innovative and

future focused as we continue to provide reliable service to our customers. Our core values are

focused on our employees, our customers and the communities we serve, allowing us to care for

others and do the right things while improving the way we communicate and interact with our

customers. I’m proud to be a [Company Name] employee and for the work we do.

7 The core values really set [Company Name] apart from other companies. It can be an amazing

company to work for if you are under the right leadership. There is training lots of support from the

corporate office and the benefits are great. It is a growing yet stable company. Upper management

does care about their employees in a sense of trying to get to know everyone.

8 Very stable company; nation-wide branches; multiple subsidiary companies offer many opportuni-

ties; focus on customer service; fair location-adjusted wages, good benefits; high community involve-

ment; relaxed yet focused company culture; supports ongoing education of employees
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Table A3. Examples of Reviews Most Predictive of High and Low Quality Scores (Continued)

No. Review

9 The company has good morals and intentions with safety of the workforce and quality of the product.

There is no doubt in my mind that this company will continue to be successful in the future. The

work atmosphere is good, and the people in all the departments I have been in are very helpful and

generally happy to help. The company also places a lot of value in training their employees.

10 [Company Name] has great training programs in place so you feel prepared to work when you step

onto the floor. The teachings continue throughout your employment so you are always learning

how to better yourself. The open door policy is great making it very easy for people at a lower

ranking to make suggestions to people with a higher job title. When making suggestions I felt as

though they actually took my thoughts and suggestions seriously. The promote from within policy

is a great incentive to work hard. The culture of [Company Name] is great and makes you proud

to work for a company with such a great history.
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Table A3. Examples of Reviews Most Predictive of High and Low Quality Scores (Continued)

Panel B: Cons Reviews with Low Predicted Quality Scores

No. Review

1 Compensation and health benefits are not competitive. Lack of respect and appreciation for employ-

ees from upper management [...]. Unmanageable workload with no end in sight has resulted in low

morale and quality of work has been compromised across the board. Support and communication

from HR or the CEO are virtually non-existent.

2 Post merger all downhill. Unfortunately, [Company Name] upper management was given control

and these people only care about what they can add to their resume. Absolutely no managerial

training, no support for the middle managers, no customer values and the worst customer service I

have ever seen!! [...]

3 [...] Quality of work by off-shore teams is poor. You get what you pay for. Quality of outsourcing

is terrible, on both the North America and India sides. This is an issue if you’re on a major project

and you’re doing your job well, but that team has no idea what they’re doing and is completely

botching the client relationship [...]. Limited training opportunities [...].

4 Job is a customer service yet they are doing everything possible to make that impossible for you.

To start the system they are now moving everyone onto still doesn’t work properly, causes lots of

issues, goes down or doesn’t work making your life hell as they tell you not to let the customers

know and to lie to them. Different departments won’t take responsibility for their own mistakes

and then just comes down to you to deal with it as best as you can [...]. Since the merger with

[Company Name] lots of things have changed, lots of belt tightening and morale is unsure as people

are wary of jobs being lost [...].

5 Low pay. No benefits. Horrible health insurance. Unrealistic work expectations, constant change

and then they get mad when it’s not done the way they wanted it but they just changed it again.

Upper management rarely comes in but is quick to judge when they do [...]. Always short staffed

[...].

6 Prior to the [Company Name] merger [Company Name] was a revered and respected brand but

the [Company Name], in its present form, has no future for any current or prospective employee

[...]. Executive management has over promised to the street and when the results of their failure

become evident management’s reaction, in one trick pony fashion, is to enact massive irrational and

incoherent layoffs across the enterprise.

7 Awful management and leadership practices, very ineffective [...]. Poor engagement scores among

employees despite advertising otherwise [...]. Highly toxic work environment [...]. Management

decisions regularly compromise advertised corporate values. Highly political environment, very

difficult to get anything done. There’s a large dictatorship faction in the company. Management

functions with a strong preference for command & control, and doesn’t heed advice from front-line

employees [...].

8 Lower pay than what I’ve experienced in the industry. The health insurance benefits are the worst

I’ve ever had. Workload for new employees sets you up for failure. I’m very competent and good

at what I do, however I find myself the most stressed I’ve ever been at a job [...].
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Table A3. Examples of Reviews Most Predictive of High and Low Quality Scores (Continued)

No. Review

9 [...] [Company Name] overworks its employees [...]. [Company Name] loves to lay off people [...].

[Company Name] executives are short sighted and distracted by the stock price and earnings per

share at the expense of their employees and customers.

10 [...] Business processes are old fashioned and people resource heavy. Very little spend has been

made in the past 10 years to provide systems and technology to streamline and make the cus-

tomer experience better [...]. Customers again the losers in lower quality of service [...]. Software

product releases are inadequately tested, fail to meet customer expectations and often damage the

customer’s business or interrupt work flows [...]. Lack of vision, standards and leadership on the

development side are likely culprits.
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Appendix B. Variable Definition

Table B1. Variable Definition

Panel A: Compustat Firm Characteristics

Variable Definition Source

Size The natural logarithm of total assets Compustat

Leverage Total debt divided by total assets Compustat

ROA Return on assets, calculated as income before extraordinary

items divided by total assets

Compustat

M/B Ratio Market value of equity divided by book value of equity Compustat

Sales Growth Year-over-year percentage change in sales Compustat

Operating Margin Operating income after depreciation divided by sales rev-

enue

Compustat

R&D Intensity Research and development expenses divided by total assets Compustat

Ltm ROA Average return on assets (calculated as income before ex-

traordinary items divided by total assets) over the subse-

quent three years

Compustat

Ltm Operating Margin Average operating margin (calculated as operating income

after depreciation divided by sales revenue) over the subse-

quent three years

Compustat

Panel B: Other Firm Characteristics

Variable Definition Source

% Transient Investor The percentage of outstanding shares held by transient in-

vestors. We follow the definition in Bushee (2001) to iden-

tify transient investors

F13

Analyst Following The natural logarithm of the number of analysts following

the firm; missing values are replaced with zero

I/B/E/S

Panel C: Customer Satisfaction

Variable Definition Source

Industry-Adjusted ACSI Industry-adjusted American Customer Satisfaction Index

score, standardized by Fama-French 48 industries

ACSI

Panel D: Quality Index

Variable Definition Source

Quality Index Text-based firm-year quality measure derived from em-

ployee written reviews on Glassdoor. Higher scores indicate

better quality provision

Large Quality Drop Indicator equals one if the change in quality index from year

t− 1 to year t falls in the bottom quartile of the sample
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Table B1. Variable Definition (Continued)

Panel E: Glassdoor Ratings

Variable Definition Source

Overall Rating Glassdoor overall rating averaged by firm-year Glassdoor

Balance Subrating Glassdoor work-life balance rating averaged by firm-year Glassdoor

Culture Subrating Glassdoor culture and values rating averaged by firm-year Glassdoor

Opportunities Subrating Glassdoor career opportunities rating averaged by firm-year Glassdoor

Compensation Subrating Glassdoor compensation and benefits rating averaged by

firm-year

Glassdoor

Management Subrating Glassdoor senior management rating averaged by firm-year Glassdoor

Panel F: Product Recalls

Variable Definition Source

# Recalls The number of product recalls during the year CPSC

# Reactive Recalls The number of reactive product recalls during the year CPSC

Panel G: MSCI

Variable Definition Source

Quality Management This score evaluates the extent to which companies are at

risk of facing major product recalls or losing customer trust

through major product quality concerns. Companies that

proactively manage product quality by achieving certifica-

tion to widely acceptable standards, undertaking extensive

product testing and building processes to track raw mate-

rials or components score higher. Companies that take a

reactive approach to managing recalls and product quality

concerns score lower. (Score: 0-10)

MSCI

Quality Risk Exposure Measures a company’s vulnerability to ESG risks related

to product safety and quality based on products/services,

operational locations, and business nature. Higher scores

indicate greater risk exposure. (Score: 0-10)

MSCI

#Strengths - #Concerns Calculate by subtracting the number of product character-

istic concerns from the number of product characteristic

strengths

MSCI

Has Product Concern Indicator variable equal to one if the firm has product char-

acteristic concerns in a given year, and zero otherwise

MSCI

Has Safety Concern Indicator variable equal to one if the firm has product safety

concerns in a given year, and zero otherwise

MSCI

Panel H: Brand Rankings

Variable Definition Source

Top Brand Indicator variable equal to one if the firm is listed in the

Brand Finance Global 500 ranking in the given year, and

zero otherwise

Brand Finance

Ltm Top Brand Indicator variable equal to one if the firm is listed in the

Brand Finance Global 500 ranking in the next three years,

and zero otherwise

Brand Finance
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Table B1. Variable Definition (Continued)

Panel I: Glassdoor-Based Cultural Value Scores

Variable Definition Source

Innovation Score GD Difference in weighted frequency of innovation-related

words between the Pros and Cons sections of Glassdoor

reviews

Glassdoor

Integrity Score GD Difference in weighted frequency of integrity-related words

between the Pros and Cons sections of Glassdoor reviews

Glassdoor

Quality Score GD Difference in weighted frequency of quality-related words

between the Pros and Cons sections of Glassdoor reviews

Glassdoor

Respect Score GD Difference in weighted frequency of respect-related words

between the Pros and Cons sections of Glassdoor reviews

Glassdoor

Teamwork Score GD Difference in weighted frequency of teamwork-related words

between the Pros and Cons sections of Glassdoor reviews

Glassdoor

Panel J: Conference Call-Based Cultural Value Scores

Variable Definition Source

Innovation Score CC Weighted-frequency count of innovation-related words in

conference call transcripts

Capital IQ

Integrity Score CC Weighted-frequency count of integrity-related words in con-

ference call transcripts

Capital IQ

Quality Score CC Weighted-frequency count of quality-related words in con-

ference call transcripts

Capital IQ

Respect Score CC Weighted-frequency count of respect-related words in con-

ference call transcripts

Capital IQ

Teamwork Score CC Weighted-frequency count of teamwork-related words in

conference call transcripts

Capital IQ
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Online Appendix:

The Informed Insider:
A Leading Measure of Quality

This online appendix contains additional robustness checks and

supplementary analyses for the main paper.
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OA1: Machine Learning Implementation Details
We implement the random forest model using the RandomForestRegressor class from

Python’s scikit-learn library.25 We set n estimators = 3000 and max features = sqrt.

We implement the XGBoost model using the XGBRegressor class from the XGBoost

Python library.26 We set subsample at 0.8 and colsample bytree at 0.8, which introduces

controlled randomness through bootstrap sampling of observations and features during each

boosting iteration. We concentrate our hyperparameter search on critical parameters to

balance predictive performance with computational efficiency. Hyperparameter tuning is

conducted using GridSearchCV from scikit-learn, combined with a time series split cross-

validation strategy to preserve the temporal ordering of observations. We use negative mean

squared error as the scoring metric, and evaluate the following parameter grid:

n estimators: [500, 800, 1000, 1500]

learning rate: [0.01, 0.03, 0.05]

max depth: [2, 3, 4]

The grid search evaluates all parameter combinations across the training folds defined by

the time series split and selects the configuration that minimizes validation error. The final

model is retrained on the full training set using the best-performing hyperparameters.

25Available at http://scikit-learn.org/stable/modules/generated/sklearn.ensemble.

RandomForestRegressor.html.
26Available at https://xgboost.readthedocs.io/en/stable/.
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OA2: Chat-GPT Prompts for Industry Classification
We employed OpenAI’s GPT-4o model for automated industry classification. The fol-

lowing prompt was used to classify industries into product-oriented or service-oriented cat-

egories:

Classify the following industry as either ‘product-oriented’ or ‘service-oriented’.

Definitions:

- A product-oriented industry primarily involves the production, processing, or distribution of

physical goods.

- A service-oriented industry primarily involves delivering intangible services to consumers or

businesses.

You are given the industry group name and a specific industry description. Respond with

exactly one of the following terms: ‘product-oriented’ or ‘service-oriented’.
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OA3: Zero-Shot GPT Prompts for Quality Scoring
The following prompt was used to classify reviews from the pros section:

System Prompt:

Assume you are a helpful research assistant whose task to label the quality of products and

services that a firm provides based on information extracted from employee-written reviews

about their firms. You need to label the given reviews according to the rubric below. You

must base your label only on the content of the provided review.

# Quality rubric:

## Q2 – High quality: label reviews Q2 if they contain clear, explicit, and specific praise for the

firm’s internal operating processes, workplace systems, support, or management practices that

positively contribute to firm’s ability to provide high-quality, promised, consistent, reliable, or

safe products or services. Assess whether the review reflects excellent quality conditions by:

- looking for explicit mentions of the product or service performance. This includes signals

such as praises of excellent product features or reliable service, positive customer feedback and

interactions, structured and sound internal control practices (e.g., thorough testing process;

machine maintenance, establishing standard procedures for operations) OR

- looking for mentions of aspects that are positively linked to quality-related consequences in

an implicit way. This could include signals such as:

- firm’s financial position: healthy financial positions and cash flow, good inventory manage-

ment and no shortfalls, proactive investment in workplace safety so that the consequences for

product/service quality are described or strongly implied;

- working conditions and work pressure: respect for personal boundaries, manageable workload,

flexibility, and support for well-being so that the consequences for product/service quality are

described or strongly implied;

- pay and compensation: competitive pay, aligned incentive pay, meaningful bonuses and

benefits so that the consequences for product/service quality are described or strongly implied;

- other organizational aspects: high employee satisfaction which positively affects service stan-

dards, quality-driven/integrity-driven culture, operational clarity and stability so that the con-

sequences for product/service quality are described or strongly implied

## Q1 – Mediocre quality: label reviews Q1 if they indicate average, inconsistent, or mixed

signals regarding the firm’s quality provision. Apply Q1 if the review either:

- Describes quality outcomes or internal operations that are adequate but not exemplary, or

show occasional success without sustained reliability OR

- Suggest that some internal quality control systems or practices are in place, but they are

either applied unevenly, underdeveloped, or not enforced consistently OR

- Lacks strong evidence of proactive quality investment, OR

- Shows mixed, moderate or ambiguous indicators of the signals provided in evaluating Q2.

## Q0 – Low quality: label reviews Q0 if they contain no substantive praises related to quality

provision or only raise generic or non-operational issues. The absence of substantive praises is

informative and can signal low quality. Apply Q0 if the review either:

- Include filler, minimal, or placeholder text (e.g., “N/A”, “None”, “Can’t think of anything”)

or explicitly states things like there are “no real pros” or “nothing significant,” OR

- Contain generic praise (e.g., “It’s fine”, “No issues”, “Pretty good overall”) with no elabora-

tion and unrelated to firm operations, product and service delivery, OR
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- Mentions only trivial, personal preferences, or context-specific factors (e.g., perks or ameni-

ties) unrelated to firm operations, product and service delivery, OR

- Shows no strong positive indicators of the signals provided in evaluating Q2.

User Prompt:

Read the provided reviews. Then do sixteen things:

1. Reason step by step to decide which of the labels (Q0/Q1/Q2) from the quality rubric you

were given applies to firm quality provision as suggested by the reviews. Report. Give an

explanation for which label applies and report the label that you think fits best. Do not say

zero or N/A.

2. Report only the label that you determined for the review, which should match the label in

step 1. Do not reply N/A.

3. Given the reasoning in step 1, describe the extent to which the reviews reflect firm quality

provision-the reviews explicitly mention the existence of quality issues, the reviews implicitly

suggest the existence of quality issues, or the reviews are irrelevant to firm quality provision.

Do not reply N/A.

4. Given the amount of speculation required in step 1, describe your certainty about the

estimate-either high, moderate, or low. Do not reply N/A.

5. Given the reasoning in step 1, describe whether the reviews reflect firm quality provision by

describing the firm’s financial position. Do not reply N/A.

6. Given the reasoning in step 1 and your response to step 5, consider only the firm’s financial

position aspect described in the review. Report the label that you determined for the review,

which may not necessarily match the label in step 1. Do not reply N/A.

7. Given the amount of speculation required in step 5, describe your certainty about the

estimate-either high, moderate, or low. Do not reply N/A.

8. Given the reasoning in step 1, describe whether the reviews reflect firm quality provision by

describing the firm’s working conditions and work pressure. Do not reply N/A.

9. Given the reasoning in step 1 and your response to step 8, consider only the working condi-

tions and work pressure aspect described in the review. Report the label that you determined

for the review, which may not necessarily match the label in step 1. Do not reply N/A.

10. Given the amount of speculation required in step 8, describe your certainty about the

estimate-either high, moderate, or low. Do not reply N/A.

11. Given the reasoning in step 1, describe whether the reviews reflect firm quality provision

by describing the firm’s pay and compensation. Do not reply N/A.

12. Given the reasoning in step 1 and your response to step 11, consider only the pay and

compensation aspect described in the review. Report the label that you determined for the

review, which may not necessarily match the label in step 1. Do not reply N/A.

13. Given the amount of speculation required in step 11, describe your certainty about the

estimate-either high, moderate, or low. Do not reply N/A.

14. Given the reasoning in step 1, describe whether the reviews reflect firm quality provision

by describing the firm’s other organizational aspects. Do not reply N/A.

15. Given the reasoning in step 1 and your response to step 14, consider only the other

organizational aspects aspect described in the review. Report the label that you determined

for the review, which may not necessarily match the label in step 1. Do not reply N/A.
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16. Given the amount of speculation required in step 14, describe your certainty about the

estimate-either high, moderate, or low. Do not reply N/A.

The following prompt was used to classify reviews from the cons section:

System Prompt:

Assume you are a helpful research assistant whose task to label the quality of products and

services that a firm provides based on information extracted from employee-written reviews

about their firms. You need to label the given reviews according to the rubric below. You

must base your label only on the content of the provided review.

# Quality rubric:

## Q0 – Low quality: label reviews Q0 if they indicate systematic quality problems or frequent

operational failures that reflect poorly on the firm’s ability to provide promised, consistent,

reliable, or safe products/services. Assess whether the review reflects serious quality conditions

by:

- looking for explicit mentions of the product or service performance. This includes mentions

of product defects, safety issues, unreliable service, declined product and service standards,

complaints regarding quality ignored, negative customer feedback/treatment, or flawed/dete-

riorated quality control practices OR

- looking for mentions of aspects that negatively linked to quality-related consequences in an

implicit way. This could include signals such as:

- firm’s financial position: financial constraints, high financial leverage, inventory shortfalls so

that the consequences for product/service quality are described or strongly implied;

- working conditions and work pressure: understaffing, excessive workloads, high worker turnover,

physical/emotional strain so that the consequences for product/service quality are described

or strongly implied;

- pay and compensation: lack of incentive pays, lack of aligned incentives, unrealistic perfor-

mance targets, lack of employment security and training, pay justices so that the consequences

for product/service quality are described or strongly implied;

- other organizational aspects: low employee satisfaction which negatively affects service stan-

dards, quality-poor/integrity-poor culture (e.g., saying one thing but doing another), frequent

restructuring, disrupting operating consistency so that the consequences for product/service

quality are described or strongly implied;

## Q1 – Mediocre quality: label reviews Q1 if they indicate average, inconsistent, or mixed

signals regarding the firm’s quality provision. Apply Q1 if the review either:

- Does not describe severe breakdowns or dysfunction of internal operating processes OR

- Suggest that some internal quality control systems or practices are in place, but they are

either applied unevenly, underdeveloped, or not enforced consistently OR

- Lacks strong evidence of proactive quality investment, OR

- Shows mixed, moderate or ambiguous indicators of the signals provided in evaluating Q0.

## Q2 – High quality: label reviews Q2 if they reveal no substantive concerns related to quality

provision or only raise generic or non-operational issues. The absence of serious criticism is

informative and can signal high quality. Apply Q2 if the review either:
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- Include filler, minimal, or placeholder text (e.g., “N/A”, “None”, “Can’t think of anything”)

or explicitly states things like there are “no real cons” or “nothing significant,” OR

- Contain generic praise (e.g., “It’s bad”, “Pretty bad overall”) with no elaboration and unre-

lated to firm operations, product and service delivery, OR

- Mentions only trivial, personal preferences, or context-specific factors (e.g., perks or ameni-

ties) unrelated to firm operations, product and service delivery, OR

- Shows no strong negative indicators of the signals provided in evaluating Q0.

User Prompt:

Read the provided reviews. Then do sixteen things:

1. Reason step by step to decide which of the labels (Q0/Q1/Q2) from the quality rubric you

were given applies to firm quality provision as suggested by the reviews. Report. Give an

explanation for which label applies and report the label that you think fits best. Do not say

zero or N/A.

2. Report only the label that you determined for the review, which should match the label in

step 1. Do not reply N/A.

3. Given the reasoning in step 1, describe the extent to which the reviews reflect firm quality

provision-the reviews explicitly mention the existence of quality issues, the reviews implicitly

suggest the existence of quality issues, or the reviews are irrelevant to firm quality provision.

Do not reply N/A.

4. Given the amount of speculation required in step 1, describe your certainty about the

estimate-either high, moderate, or low. Do not reply N/A.

5. Given the reasoning in step 1, describe whether the reviews reflect firm quality provision by

describing the firm’s financial position. Do not reply N/A.

6. Given the reasoning in step 1 and your response to step 5, consider only the firm’s financial

position aspect described in the review. Report the label that you determined for the review,

which may not necessarily match the label in step 1. Do not reply N/A.

7. Given the amount of speculation required in step 5, describe your certainty about the

estimate-either high, moderate, or low. Do not reply N/A.

8. Given the reasoning in step 1, describe whether the reviews reflect firm quality provision by

describing the firm’s working conditions and work pressure. Do not reply N/A.

9. Given the reasoning in step 1 and your response to step 8, consider only the working condi-

tions and work pressure aspect described in the review. Report the label that you determined

for the review, which may not necessarily match the label in step 1. Do not reply N/A.

10. Given the amount of speculation required in step 8, describe your certainty about the

estimate-either high, moderate, or low. Do not reply N/A.

11. Given the reasoning in step 1, describe whether the reviews reflect firm quality provision

by describing the firm’s pay and compensation. Do not reply N/A.

12. Given the reasoning in step 1 and your response to step 11, consider only the pay and

compensation aspect described in the review. Report the label that you determined for the

review, which may not necessarily match the label in step 1. Do not reply N/A.

13. Given the amount of speculation required in step 11, describe your certainty about the

estimate-either high, moderate, or low. Do not reply N/A.

14. Given the reasoning in step 1, describe whether the reviews reflect firm quality provision

by describing the firm’s other organizational aspects. Do not reply N/A.
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15. Given the reasoning in step 1 and your response to step 14, consider only the other

organizational aspects aspect described in the review. Report the label that you determined

for the review, which may not necessarily match the label in step 1. Do not reply N/A.

16. Given the amount of speculation required in step 14, describe your certainty about the

estimate-either high, moderate, or low. Do not reply N/A.
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OA4: Zero-Shot GPT Quality Index: Other Validation and Impli-
cation Tests

Table OA4.1. Zero-Shot GPT Quality Index: MSCI Validation Tests

Notes: This table reports correlations of zero-shot GPT quality indices and MSCI product quality related
scores. p-values are in parentheses. ***, **, and * indicate statistical significance at the 1%, 5%, and 10%
levels, respectively.

Variables Pr. Sign Pros Cons Aggregate

Overall Relevant

Only

Overall Relevant

Only

Overall Relevant

Only

Quality Risk Exposure - 0.014 0.015 -0.086∗∗∗ -0.027∗∗∗ -0.052∗∗∗ -0.009
(0.141) (0.143) (0.000) (0.006) (0.000) (0.368)

Has Product Concern - 0.013 0.009 0.003 0.039 0.011 0.038
(0.597) (0.714) (0.898) (0.120) (0.643) (0.145)

Has Safety Concern - 0.022∗ 0.016 -0.016 0.033∗∗∗ 0.003 0.032∗∗

(0.071) (0.196) (0.170) (0.006) (0.831) (0.011)

#Strengths - #Concerns + -0.010 0.000 0.037 0.004 0.019 0.016
(0.694) (0.990) (0.126) (0.861) (0.432) (0.542)

Quality Management + 0.075∗∗∗ 0.068∗∗∗ -0.010 -0.017 0.040∗∗ 0.017
(0.000) (0.000) (0.530) (0.320) (0.015) (0.333)
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Table OA4.2. Zero-Shot GPT Quality Index Comparison Across Groups

Notes: This table reports the comparisons of zero-shot GPT quality indices between firms listed among
the best in product/service quality and other firms based on Fortune’s World’s Most Admired Companies
rankings. The “Best Quality” group includes firms listed among the best in product/service quality from
2008 to 2012 in the Fortune rankings, while the “Other” group includes all remaining firms that participated
in the rankings during this period but were not listed among the best in product/service quality. Panel
A shows the results of the zero-shot GPT quality index generated from “pros” section, Panel B shows the
results of zero-shot GPT quality index generated from “cons” section, and Panel C shows the results of the
aggregate zero-shot GPT quality index. p-values are reported in parentheses under the differences. ***, **,
and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Group Mean Diff.

(1) (2) (1)-(2)

Best Quality Other Best vs Other

Panel A: Pros, Zero-Shot GPT Quality Index

Overall

Mean -0.169 -0.199 0.030**

(0.026)

Relevant Only

Mean 0.201 0.166 0.035***

(0.003)

Panel B: Cons, Zero-Shot GPT Quality Index

Overall

Mean 0.004 -0.060 0.064***

(0.000)

Relevant Only

Mean -0.285 -0.325 0.040***

(0.000)

Panel C: Aggregate Zero-Shot GPT Quality Index

Overall

Mean -0.165 -0.260 0.094***

(0.000)

Relevant Only

Mean -0.082 -0.160 0.078***

(0.000)
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Table OA4.3. Zero-Shot GPT Quality Index and Product Recalls

Notes: This table reports tests on the relationship between zero-shot GPT quality indices and CPSC product recalls. Panels A and B report regression
results on the relationship between changes in cons-based (Panel A) and pros-based (Panel B) zero-shot GPT quality indices and product recalls in the
subsequent year. Panel C reports regression results on the relationship between changes in aggregate zero-shot GPT quality indices and product recalls
in the subsequent year. The dependent variable in columns (1)–(4) is the total number of recalls in the subsequent year, and the dependent variable in
columns (5)–(8) is the total number of reactive recalls over the same period. All continuous variables are winsorized at the 1st and 99th percentiles.
t-statistics are in parentheses. Standard errors are clustered at the firm level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10%
levels, respectively.

Panel A: Changes in Cons, Zero-Shot GPT Quality Index and Future Recall Events

# Recalls # Reactive Recalls

Overall Relevant

Only

Overall Relevant

Only

Overall Relevant

Only

Overall Relevant

Only

(1) (2) (3) (4) (5) (6) (7) (8)

∆Quality Index - Cons -0.097 -0.159 0.065 0.069

(-0.52) (-0.47) (0.32) (0.20)

Large Quality Drop 0.129 0.005 -0.152 -0.389

(0.69) (0.02) (-0.65) (-0.98)

Year FE Yes Yes Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 5,245 4,775 5,240 4,672 5,240 4,256 5,245 4,775

Pseudo R2 0.442 0.441 0.442 0.443 0.436 0.417 0.436 0.425
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Panel B: Changes in Pros, Zero-Shot GPT Quality Index and Future Recall Events

# Recalls # Reactive Recalls

Overall Relevant

Only

Overall Relevant

Only

Overall Relevant

Only

Overall Relevant

Only

(1) (2) (3) (4) (5) (6) (7) (8)

∆Quality Index - Pros -0.082 -0.224 0.184 0.473**

(-0.45) (-0.92) (0.98) (2.19)

Large Quality Drop 0.339* 0.420* 0.162 -0.238

(1.88) (1.78) (0.89) (-0.93)

Year FE Yes Yes Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 5,245 4,775 5,245 4,775 5,245 4,775 5,245 4,775

Pseudo R2 0.451 0.451 0.452 0.452 0.437 0.425 0.437 0.424

Panel C: Changes in Aggregate Zero-Shot GPT Quality Index and Future Recall Events

# Recalls # Reactive Recalls

Overall Relevant

Only

Overall Relevant

Only

Overall Relevant

Only

Overall Relevant

Only

(1) (2) (3) (4) (5) (6) (7) (8)

∆Quality Index - Agg 0.029 -0.362 0.126 0.317**

(0.14) (-1.32) (0.93) (2.16)

Large Quality Drop 0.202 0.296** 0.031 -0.395

(1.52) (2.39) (0.14) (-1.10)

Year FE Yes Yes Yes Yes Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes Yes Yes Yes Yes

Observations 5,245 4,775 5,240 4,469 5,240 4,074 5,245 4,775

Pseudo R2 0.442 0.442 0.443 0.449 0.437 0.429 0.436 0.425
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Table OA4.4. Zero-Shot GPT Quality Index and Brand Value

Notes: This table presents tests on the relationship between zero-shot GPT quality indices and the likelihood
of appearing in Brand Finance’s Global 500 brand rankings. Panel A (B) shows regression results of a dummy
indicating whether the firm is listed in Brand Finance’s Global 500 brand rankings on the pros (cons) zero-
shot GPT quality index. Panel C shows regression results of a dummy indicating whether the firm is listed
in Brand Finance’s Global 500 brand rankings on the aggregate zero-shot GPT quality index. Top Brand
equals 1 if the firm appears in Brand Finance’s Global 500 rankings in the following year, and 0 otherwise.
Ltm Top Brand equals 1 if the firm appears in the Global 500 rankings in the next three years, and 0
otherwise. Panel A.1, B.1, and C.1 report results using zero-shot GPT quality indices constructed using all
sampled reviews. Panel A.2, B.2, C.2 report results using zero-shot GPT quality indices constructed using
relevant reviews (i.e., those identified by GPT as explicitly mentioning quality issues or implicitly suggesting
them). All continuous variables are winsorized at the 1st and 99th percentiles. t-statistics are in parentheses.
Standard errors are clustered at the firm level. ***, **, and * indicate statistical significance at the 1%, 5%,
and 10% levels, respectively.

Panel A: Pros, Zero-Shot GPT Quality Index and Top 500 Brand

Panel A.1: Overall

Top Brand Ltm Top Brand

OLS Probit OLS Probit
(1) (2) (3) (4)

Quality Index - Pros -0.003 -0.000 -0.005 -0.079
(-0.46) (-0.00) (-1.01) (-0.38)

Size 0.102*** 1.070*** 0.089*** 1.125***
(16.37) (11.71) (13.67) (10.65)

Leverage -0.113*** -0.093 -0.105*** -0.007
(-4.18) (-0.29) (-3.93) (-0.02)

ROA -0.093** 1.742*** -0.073** 2.368***
(-2.52) (3.09) (-2.04) (3.56)

M/B Ratio 0.026*** 0.246*** 0.024*** 0.254***
(7.47) (7.14) (6.75) (6.33)

Sales Growth -0.036*** -0.301** -0.030*** -0.276
(-3.08) (-2.13) (-2.66) (-1.61)

Constant -0.675*** -12.159*** -0.646*** -11.212***
(-13.85) (-11.17) (-13.07) (-10.38)

Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
Observations 15,996 14,253 14,719 12,263
Adjusted/Pseudo R2 0.309 0.559 0.284 0.578
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Table OA4.4. Zero-Shot GPT Quality Index and Brand Value (Continued)

Panel A.2: Relevant Only

Top Brand Ltm Top Brand

OLS Probit OLS Probit
(1) (2) (3) (4)

Quality Index - Pros -0.006 -0.093 -0.009* -0.162
(-1.02) (-0.79) (-1.66) (-1.20)

Size 0.106*** 1.075*** 0.094*** 1.138***
(16.61) (11.51) (13.92) (10.59)

Leverage -0.113*** -0.045 -0.106*** 0.065
(-4.01) (-0.14) (-3.77) (0.18)

ROA -0.096** 1.724*** -0.074* 2.373***
(-2.42) (3.04) (-1.91) (3.53)

M/B Ratio 0.027*** 0.246*** 0.025*** 0.259***
(7.43) (7.10) (6.81) (6.42)

Sales Growth -0.034*** -0.276* -0.029** -0.262
(-2.72) (-1.93) (-2.39) (-1.51)

Constant -0.704*** -12.233*** -0.676*** -11.330***
(-14.00) (-11.09) (-13.19) (-10.68)

Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
Observations 14,831 13,146 13,619 11,430
Adjusted/Pseudo R2 0.318 0.557 0.294 0.578

Panel B: Cons, Zero-Shot GPT Quality Index and Top 500 Brand

Panel B.1: Overall

Top Brand Ltm Top Brand

OLS Probit OLS Probit
(1) (2) (3) (4)

Quality Index - Cons 0.001 -0.094 0.000 -0.087
(0.15) (-0.71) (0.00) (-0.51)

Size 0.102*** 1.072*** 0.089*** 1.127***
(16.39) (12.10) (13.69) (11.13)

Leverage -0.112*** -0.101 -0.104*** -0.013
(-4.18) (-0.32) (-3.92) (-0.04)

ROA -0.093** 1.744*** -0.072** 2.373***
(-2.52) (3.11) (-2.03) (3.58)

M/B Ratio 0.026*** 0.247*** 0.024*** 0.255***
(7.47) (7.45) (6.73) (6.68)

Sales Growth -0.035*** -0.302** -0.029*** -0.276
(-3.06) (-2.14) (-2.65) (-1.62)

Constant -0.675*** -12.211*** -0.646*** -11.241***
(-13.91) (-11.55) (-13.10) (-11.20)

Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
Observations 15,997 14,252 14,720 12,262
Adjusted/Pseudo R2 0.309 0.559 0.284 0.578
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Table OA4.4. Zero-Shot GPT Quality Index and Brand Value (Continued)

Panel B.2: Relevant Only

Top Brand Ltm Top Brand

OLS Probit OLS Probit
(1) (2) (3) (4)

Quality Index - Cons 0.004 0.039 0.004 0.059
(0.65) (0.29) (0.69) (0.33)

Size 0.104*** 1.067*** 0.091*** 1.121***
(16.52) (11.84) (13.78) (10.91)

Leverage -0.112*** -0.088 -0.104*** 0.008
(-4.09) (-0.28) (-3.83) (0.02)

ROA -0.093** 1.729*** -0.073* 2.364***
(-2.45) (3.08) (-1.96) (3.57)

M/B Ratio 0.026*** 0.245*** 0.024*** 0.253***
(7.44) (7.27) (6.72) (6.50)

Sales Growth -0.036*** -0.298** -0.030** -0.271
(-2.99) (-2.11) (-2.58) (-1.58)

Constant -0.690*** -12.128*** -0.657*** -11.148***
(-14.06) (-11.38) (-13.16) (-11.07)

Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
Observations 15,584 13,891 14,344 11,993
Adjusted/Pseudo R2 0.312 0.556 0.288 0.576

Panel C: Aggregate Zero-Shot GPT Quality Index and Top 500 Brand

Panel C.1: Overall

Top Brand Ltm Top Brand

OLS Probit OLS Probit
(1) (2) (3) (4)

Quality Index - Agg -0.001 -0.046 -0.002 -0.077
(-0.19) (-0.58) (-0.67) (-0.74)

Size 0.102*** 1.071*** 0.089*** 1.128***
(16.38) (11.81) (13.68) (10.79)

Leverage -0.113*** -0.099 -0.105*** -0.015
(-4.18) (-0.31) (-3.93) (-0.04)

ROA -0.093** 1.745*** -0.073** 2.374***
(-2.52) (3.09) (-2.03) (3.56)

M/B Ratio 0.026*** 0.247*** 0.024*** 0.256***
(7.47) (7.29) (6.75) (6.51)

Sales Growth -0.035*** -0.302** -0.029*** -0.276
(-3.07) (-2.14) (-2.66) (-1.62)

Constant -0.675*** -12.183*** -0.646*** -11.253***
(-13.88) (-11.27) (-13.10) (-10.73)

Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
Observations 15,991 14,248 14,714 12,258
Adjusted/Pseudo R2 0.309 0.559 0.284 0.578
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Table OA4.4. Zero-Shot GPT Quality Index and Brand Value (Continued)

Panel C.2: Relevant Only

Top Brand Ltm Top Brand

OLS Probit OLS Probit
(1) (2) (3) (4)

Quality Index - Agg -0.001 0.028 -0.002 0.014
(-0.16) (0.39) (-0.59) (0.17)

Size 0.109*** 1.073*** 0.096*** 1.136***
(16.83) (11.43) (14.09) (10.55)

Leverage -0.114*** -0.034 -0.106*** 0.078
(-3.89) (-0.11) (-3.66) (0.22)

ROA -0.092** 1.702*** -0.071* 2.360***
(-2.24) (2.99) (-1.78) (3.51)

M/B Ratio 0.027*** 0.244*** 0.025*** 0.256***
(7.32) (7.09) (6.74) (6.42)

Sales Growth -0.036*** -0.268* -0.031** -0.265
(-2.76) (-1.89) (-2.44) (-1.53)

Constant -0.735*** -12.261*** -0.704*** -11.361***
(-14.31) (-11.02) (-13.43) (-10.63)

Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
Observations 14,207 12,621 13,050 11,004
Adjusted/Pseudo R2 0.323 0.553 0.299 0.575
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Table OA4.5. Zero-Shot GPT Quality Index and Future Profitability

Notes: This table presents tests on the relationship between zero-shot GPT quality indices and firm prof-
itability. Panel A (B) shows regression results of return on assets ROA (operating margin) on zero-shot GPT
quality indices. Panel B shows regression results of operating margin on zero-shot GPT quality indices. ROA
is the firm’s return on assets in the following year, and Ltm ROA is the average return on assets over the sub-
sequent three years. All continuous variables are winsorized at the 1st and 99th percentiles. t-statistics are
in parentheses. Standard errors are clustered at the firm level. ***, **, and * indicate statistical significance
at the 1%, 5%, and 10% levels, respectively.

Panel A: Zero-Shot GPT Quality Index and ROA

Panel A.1: Pros, Zero-Shot GPT Quality Index

ROA Ltm ROA

Overall Relevant Only Overall Relevant Only
(1) (2) (3) (4)

Quality Index - Pros -0.003 -0.006** -0.002 -0.004
(-1.41) (-1.98) (-1.00) (-1.52)

Firm Controls Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
Observations 15,476 14,345 15,481 14,350
Adjusted R2 0.218 0.222 0.243 0.249

Panel A.2: Cons, Zero-Shot GPT Quality Index

ROA Ltm ROA

Overall Relevant Only Overall Relevant Only
(1) (2) (3) (4)

Quality Index - Cons 0.001 0.007** 0.002 0.007**
(0.46) (2.46) (0.82) (2.47)

Firm Controls Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
Observations 15,477 15,078 15,482 15,083
Adjusted R2 0.218 0.222 0.243 0.247

Panel A.3: Aggregate Zero-Shot GPT Quality Index

ROA Ltm ROA

Overall Relevant Only Overall Relevant Only
(1) (2) (3) (4)

Quality Index - Agg -0.001 0.001 -0.000 0.001
(-0.54) (0.72) (-0.07) (0.89)

Firm Controls Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
Observations 15,471 13,739 15,476 13,744
Adjusted R2 0.218 0.225 0.243 0.253
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Table OA4.5. Zero-Shot GPT Quality Index and Future Profitability (Continued)

Panel B: Zero-Shot GPT Quality Index and Operating Margin

Panel B.1: Pros, Zero-Shot GPT Quality Index

Operating Margin Ltm Operating Margin

Overall Relevant Only Overall Relevant Only
(1) (2) (3) (4)

Quality Index - Pros -0.000 -0.003 0.002 0.000
(-0.01) (-0.55) (0.45) (0.04)

Firm Controls Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
Observations 15,439 14,314 15,445 14,320
Adjusted R2 0.192 0.202 0.217 0.227

Panel B.2: Cons, Zero-Shot GPT Quality Index

Operating Margin Ltm Operating Margin

Overall Relevant Only Overall Relevant Only
(1) (2) (3) (4)

Quality Index - Cons -0.002 0.001 -0.003 -0.001
(-0.43) (0.27) (-0.87) (-0.19)

Firm Controls Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
Observations 15,440 15,046 15,446 15,051
Adjusted R2 0.192 0.194 0.217 0.219

Panel B.3: Aggregate Zero-Shot GPT Quality Index

Operating Margin Ltm Operating Margin

Overall Relevant Only Overall Relevant Only
(1) (2) (3) (4)

Quality Index - Agg -0.001 0.000 -0.001 0.000
(-0.33) (0.09) (-0.33) (0.10)

Firm Controls Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
Observations 15,434 13,712 15,440 13,717
Adjusted R2 0.192 0.206 0.217 0.231
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OA5: Prompts for Constructing Fine-Tuned GPT Measures
The following prompt was used to label quality provision based on reviews from the pros

section:

You are a helpful research assistant. Your task is to infer a firm’s product and service quality

provision from the pros section of employee-written reviews about the firm.

Carefully analyze how the information reflected in the reviews signals the firm’s ability to

deliver quality products and services to customers.

Label the firm’s most likely quality level as one of the following: Low, Medium-Low, Medium,

Medium-High, or High.

You must base your label only on the content of the provided review. Please respond with only

the category label.

The following prompt was used to label quality provision based on reviews from the cons

section:

You are a helpful research assistant. Your task is to infer a firm’s product and service quality

provision from the cons section of employee-written reviews about the firm.

Carefully analyze how the information reflected in the reviews signals the firm’s ability to

deliver quality products and services to customers.

Label the firm’s most likely quality level as one of the following: Low, Medium-Low, Medium,

Medium-High, or High.

You must base your label only on the content of the provided review. Please respond with only

the category label.
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OA6: Fine-Tuned GPT Quality Index: Other Validation and Im-
plication Tests

Figure OA6.1. True vs. Predicted Quality Quintiles in the Testing Sample

Notes: This figure illustrates the relationship between true and predicted firm-year quality quintiles in
the testing sample. True quality quintiles are constructed using industry-adjusted ACSI scores. Predicted
quality quintiles are generated by fine-tuned GPT models based on employee review text.

True: Low (n=42)

True: Medium-Low (n=57)

True: Medium (n=60)

True: Medium-High (n=62)

True: High (n=65)

Pred: Low (n=107)

Pred: Medium-Low (n=102)

Pred: Medium (n=10)

Pred: Medium-High (n=49)

Pred: High (n=18)

(a) Pros-Based Fine-Tuned GPT Quality Index

True: Low (n=42)

True: Medium-Low (n=57)

True: Medium (n=60)

True: Medium-High (n=62)

True: High (n=65)

Pred: Low (n=71)

Pred: Medium-Low (n=117)

Pred: Medium (n=2)

Pred: Medium-High (n=83)

Pred: High (n=13)

(b) Cons-Based Fine-Tuned GPT Quality Index
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Table OA6.1. Fine-Tuned GPT Quality Index: MSCI Validation Tests

Notes: This table reports correlations of fine-tuned GPT quality indices and MSCI product quality related
scores. p-values are in parentheses. ***, **, and * indicate statistical significance at the 1%, 5%, and 10%
levels, respectively.

Variables Pred. Sign Pros Cons Aggregate

Quality Risk Exposure - -0.083∗∗∗ -0.002 -0.040∗∗∗

(0.000) (0.859) (0.000)

Has Product Concern - -0.071∗∗ -0.010 -0.052∗

(0.023) (0.757) (0.095)

Has Safety Concern - -0.076∗∗∗ -0.012 -0.046∗∗∗

(0.000) (0.373) (0.001)

#Strengths Minus #Concerns + 0.089∗∗∗ 0.013 0.064∗∗

(0.004) (0.665) (0.038)

Quality Management + 0.088∗∗∗ 0.025 0.059∗∗∗

(0.000) (0.180) (0.002)
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Table OA6.2. Fine-Tuned GPT Quality Index Comparison Across Groups

Notes: This table reports the comparisons of fine-tuned GPT quality indices between firms listed among
the best in product/service quality and other firms based on Fortune’s World’s Most Admired Companies
rankings. The “Best Quality” group includes firms listed among the best in product/service quality from
2008 to 2012 in the Fortune rankings, while the “Other” group includes all remaining firms that participated
in the rankings during this period but were not listed among the best in product/service quality. Panel A
shows the results of the fine-tuned GPT quality index generated from “pros” section, Panel B shows the
results of fine-tuned GPT quality index generated from “cons” section, and Panel C shows the results of the
aggregate fine-tuned GPT quality index. p-values are reported in parentheses under the differences. ***,
**, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Group Mean Diff.

(1) (2) (1)-(2)

Best Quality Other Best vs Other

Panel A: Pros-Based Quality Index

Mean 2.850 2.385 0.464***

(0.000)

Panel B: Cons-Based Quality Index

Mean 3.268 2.815 0.454***

(0.000)

Panel C: Aggregate Quality Index

Mean 3.092 2.650 0.442***

(0.000)
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Table OA6.3. Fine-Tuned GPT Quality Index and Product Recalls

Notes: This table reports tests on the relationship between fine-tuned GPT quality indices and CPSC
product recalls. Panels A and B report regression results on the relationship between changes in cons-based
(Panel A) and pros-based (Panel B) fine-tuned GPT quality indices and product recalls in the subsequent
year. Panel C reports regression results on the relationship between changes in aggregate fine-tuned GPT
quality indices and product recalls in the subsequent year. The dependent variable in columns (1)–(2) is the
total number of recalls in the subsequent year, and the dependent variable in columns (3)–(4) is the total
number of reactive recalls over the same period. All continuous variables are winsorized at the 1st and 99th
percentiles. t-statistics are in parentheses. Standard errors are clustered at the firm level. ***, **, and *
indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Panel A: Changes in Cons, Fine-Tuned GPT Quality Index and Future Recall Events

# Recalls # Reactive Recalls

(1) (2) (3) (4)

∆Quality Index - Cons -0.059 -0.055

(-0.65) (-0.57)

Large Quality Drop -0.034 -0.089

(-0.19) (-0.41)

Year FE Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes

Observations 3,259 3,259 2,937 2,937

Pseudo R2 0.466 0.466 0.447 0.447

Panel B: Changes in Pros, Fine-Tuned GPT Quality Index and Future Recall Events

# Recalls # Reactive Recalls

(1) (2) (3) (4)

∆Quality Index - Pros 0.018 0.041

(0.24) (0.50)

Large Quality Drop -0.011 -0.168

(-0.04) (-0.72)

Year FE Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes

Observations 3,259 3,259 2,937 2,937

Pseudo R2 0.466 0.466 0.447 0.447
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Panel C: Changes in Aggregate Fine-Tuned GPT Quality Index and Future Recall Events

# Recalls # Reactive Recalls

(1) (2) (3) (4)

∆Quality Index - Agg -0.057 -0.056

(-0.48) (-0.43)

Large Quality Drop 0.044 0.013

(0.23) (0.05)

Year FE Yes Yes Yes Yes

Industry FE Yes Yes Yes Yes

Observations 3,259 3,259 2,937 2,937

Pseudo R2 0.466 0.466 0.447 0.447
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Table OA6.4. Fine-Tuned GPT Quality Index and Brand Value

Notes: This table presents tests on the relationship between fine-tuned GPT quality indices and the likeli-
hood of appearing in Brand Finance’s Global 500 brand rankings. Panel A (B) shows regression results of
a dummy indicating whether the firm is listed in Brand Finance’s Global 500 brand rankings on the pros
(cons) fine-tuned GPT quality index. Panel C shows regression results of a dummy indicating whether the
firm is listed in Brand Finance’s Global 500 brand rankings on the aggregate fine-tuned GPT quality index.
Top Brand equals 1 if the firm appears in Brand Finance’s Global 500 rankings in the following year, and 0
otherwise. Ltm Top Brand equals 1 if the firm appears in the Global 500 rankings in the next three years,
and 0 otherwise. All continuous variables are winsorized at the 1st and 99th percentiles. t-statistics are in
parentheses. Standard errors are clustered at the firm level. ***, **, and * indicate statistical significance
at the 1%, 5%, and 10% levels, respectively.

Panel A: Pros, Fine-Tuned GPT Quality Index and Top 500 Brand

Top Brand Ltm Top Brand

OLS Probit OLS Probit
(1) (2) (3) (4)

Quality Index - Pros 0.006 0.104** 0.008* 0.195***
(1.20) (2.02) (1.86) (3.63)

Size 0.087*** 1.180*** 0.075*** 1.337***
(11.93) (9.75) (10.16) (9.26)

Leverage -0.096*** -0.196 -0.089*** -0.171
(-3.63) (-0.47) (-3.46) (-0.36)

ROA -0.035 2.236*** -0.032 2.743***
(-0.91) (3.11) (-0.88) (2.93)

M/B Ratio 0.019*** 0.252*** 0.016*** 0.246***
(6.07) (6.07) (5.52) (5.29)

Sales Growth -0.045*** -0.449*** -0.038*** -0.413**
(-3.51) (-2.94) (-3.10) (-2.13)

Constant -0.611*** -12.705*** -0.584*** -15.082***
(-9.54) (-9.23) (-9.51) (-9.19)

Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
Observations 12,475 10,869 11,456 9,629
Adjusted/Pseudo R2 0.250 0.539 0.231 0.581
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Table OA6.4. Fine-Tuned GPT Quality Index and Brand Value (Continued)

Panel B: Cons, Fine-Tuned GPT Quality Index and Top 500 Brand

Top Brand Ltm Top Brand

OLS Probit OLS Probit
(1) (2) (3) (4)

Quality Index - Cons 0.013*** 0.108** 0.012*** 0.135**
(3.07) (2.38) (3.12) (2.41)

Size 0.087*** 1.162*** 0.075*** 1.288***
(12.06) (9.72) (10.22) (9.12)

Leverage -0.092*** -0.210 -0.086*** -0.210
(-3.47) (-0.51) (-3.35) (-0.44)

ROA -0.045 2.186*** -0.041 2.666***
(-1.15) (3.06) (-1.11) (3.03)

M/B Ratio 0.019*** 0.250*** 0.016*** 0.249***
(5.92) (6.05) (5.47) (5.47)

Sales Growth -0.047*** -0.451*** -0.039*** -0.429**
(-3.66) (-3.01) (-3.21) (-2.28)

Constant -0.644*** -12.608*** -0.603*** -14.479***
(-9.93) (-9.45) (-9.60) (-9.24)

Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
Observations 12,475 10,869 11,456 9,629
Adjusted/Pseudo R2 0.252 0.539 0.233 0.576

Panel C: Aggregate Fine-Tuned GPT Quality Index and Top 500 Brand

Top Brand Ltm Top Brand

OLS Probit OLS Probit
(1) (2) (3) (4)

Quality Index - Agg 0.013** 0.141** 0.014*** 0.219***
(2.24) (2.32) (2.62) (3.13)

Size 0.088*** 1.173*** 0.075*** 1.312***
(11.99) (9.80) (10.19) (9.29)

Leverage -0.093*** -0.198 -0.086*** -0.187
(-3.50) (-0.48) (-3.35) (-0.39)

ROA -0.041 2.181*** -0.039 2.670***
(-1.06) (3.02) (-1.05) (2.95)

M/B Ratio 0.019*** 0.248*** 0.016*** 0.242***
(5.93) (5.96) (5.43) (5.27)

Sales Growth -0.047*** -0.454*** -0.039*** -0.425**
(-3.67) (-3.01) (-3.25) (-2.23)

Constant -0.641*** -12.792*** -0.607*** -14.972***
(-9.55) (-9.44) (-9.41) (-9.39)

Year FE Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
Observations 12,475 10,869 11,456 9,629
Adjusted/Pseudo R2 0.251 0.540 0.232 0.580
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Table OA6.5. Fine-Tuned GPT Quality Index and Future Profitability

Notes: This table presents tests on the relationship between fine-tuned GPT quality indices and firm
profitability. Panel A shows regression results of return on assets (ROA) on quality indices. Panel B shows
regression results of operating margin on quality indices. ROA is the firm’s return on assets in the following
year, and Ltm ROA is the average return on assets over the subsequent three years. All continuous variables
are winsorized at the 1st and 99th percentiles. t-statistics are in parentheses. Standard errors are clustered
at the firm level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Panel A: Quality Index and ROA

ROA Ltm ROA

Pros Cons Aggregate Pros Cons Aggregate
(1) (2) (3) (4) (5) (6)

Quality Index 0.002* 0.004*** 0.004*** 0.002* 0.004*** 0.004***
(1.78) (3.92) (3.25) (1.78) (4.11) (3.41)

Firm Controls Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes Yes Yes
Observations 12,068 12,068 12,068 12,071 12,071 12,071
Adjusted R2 0.228 0.230 0.229 0.257 0.259 0.258

Panel B: Quality Index and Operating Margin

Operating Margin Ltm Operating Margin

Pros Cons Aggregate Pros Cons Aggregate
(1) (2) (3) (4) (5) (6)

Quality Index -0.002 0.001 -0.000 -0.002 0.001 -0.000
(-0.84) (0.65) (-0.09) (-0.79) (0.70) (-0.03)

Firm Controls Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes Yes Yes
Observations 12,040 12,040 12,040 12,043 12,043 12,043
Adjusted R2 0.251 0.251 0.251 0.275 0.275 0.275
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