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1 INTRODUCTION 

Measurement, the act of translating real-world phenomena into numbers, is at the 

heart of accounting (Bae et al., 2023). Governed by a set of standards and rules, account-

ing measurements are concerned with recording, quantifying, and verifying firms’ trans-

actions (Andreicovici et al., 2023). They commonly involve expert judgment and entail 

extensive disclosures of accounting information to share- and stakeholders. In recent 

years, several factors contributed to an increase in their volume, scope, and complexity, 

including the growing demand for non-financial information (Stolowy & Paugam, 2018; 

Christensen et al., 2021; Bourveau et al., 2023; Cohen et al., 2023; Rouen et al., 2023), 

the proliferation of big data (Stice-Lawrence, 2022), and the prevalence of managerial 

estimates and human judgment (Seidel et al., 2020; Chen et al., 2023). 

One potential solution to these challenges, which garners increasing attention in 

the contemporaneous accounting literature, is the use of machine learning. For example, 

research finds that machine learning models outperform human experts in specific, clearly 

delineated tasks, such as summarizing earnings news and narrative disclosures (Cardi-

naels et al., 2019; Kim et al., 2023a), performing audit interviews (Pickard et al., 2020), 

taking stock of inventories (Christ et al., 2021), generating accounting estimates (Ding 

et al., 2020), and providing investment recommendations (Coleman et al., 2022). These 

studies echo broader labor market trends that project jobs in accounting, auditing, and 

financial analysis to be largely computerizable and heavily exposed to novel machine 

learning technologies (Frey & Osborne, 2017; Eloundou et al., 2023). The goal of this 

cumulative dissertation is to extend this line of research and demonstrate the application 

of machine learning to address select measurement problems in financial reporting, vol-

untary disclosure, and management accounting.  
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Figure 1 distinguishes between the four types of machine learning applications com-

monly encountered in the literature and illustrates their role in solving measurement 

problems faced by both accounting practitioners and researchers. To begin with, many 

measurement problems require the accurate prediction of future accounting outcomes. 

Machine learning models are naturally suited for this task because they are designed and 

trained to minimize (maximize) the out-of-sample prediction error (accuracy) (Hastie et 

al., 2009). Accordingly, previous studies have used machine learning to predict account-

ing fraud and irregularities (Perols et al., 2017; Bertomeu et al., 2021), accounting esti-

mates (Ding et al., 2020), earnings (Chen et al., 2022; Hunt et al., 2022), credit risk 

(Donovan et al., 2021), firm valuations (Geertsema & Lu, 2023), bankruptcies (Jones, 

2017), effective tax rates (Guenther et al., 2023), and profitability (Jones et al., 2023). 

Collectively, these studies demonstrate that machine learning models are consistently 

more accurate in predicting accounting outcomes relative to existing benchmarks, such 

as linear models from the literature or forecasts by human experts. 

In addition, measurement problems in accounting frequently deal with the extrac-

tion of complex information from high-dimensional, unstructured data. Machine learning 

models accomplish this task via dimensionality reduction, i.e., by projecting high-dimen-

sional data into a lower-dimensional space and accounting for non-linear relationships 

(Bochkay et al., 2023). Bertomeu et al. (2023) exploits neural networks to account for 

non-linearities between a set of financial variables and produces a novel measure of ac-

counting conservatism. Turning to unstructured data, recent works leverage machine 

learning to extract parsimonious variables from visual data, such as facial expressions 

from images of executives (Hsieh et al., 2020), management postures from videos of en-

trepreneurial pitches (Dávila & Guasch, 2022), and retailers’ store performance from 
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satellite imagery of parking lots (Kang et al., 2021). Other studies use machine learning 

and textual data to derive empirical proxies of firm-level constructs, such as corporate 

culture (Li et al., 2021), investment opportunities (Basu et al., 2022), and management 

accounting practices (Qiu et al., 2023). Moreover, the rise of large language models 

(LLMs) offers new opportunities for researchers and practitioners to summarize and parse 

corporate narratives (Jha et al., 2023; Kim et al., 2023b; Kim et al., 2023a; Wu et al., 

2023), allowing for the extraction of complex information in a highly efficient manner 

with little to no training data (de Kok, 2023).1,2 

Figure 1 further accounts for two auxiliary use cases: the use of machine learning 

for interpretability and for identification and inference. Machine learning for interpreta-

bility, commonly referred to as ‘interpretable machine learning’, involves a toolbox of 

“methods and models that make the behavior and predictions of machine learning sys-

tems understandable to humans” (Molnar, 2022, p. 13). Interpretability techniques can 

complement prediction and dimensionality reduction and reveal insights into the most 

important predictors and key sources of variation in high-dimensional datasets. Account-

ing scholars rely on these tools to assess the relative importance of individual explanatory 

variables (Ding et al., 2020; Chen et al., 2022; Geertsema & Lu, 2023; Guenther et al., 

2023; Jones et al., 2023), gauge the functional form of the relationship between predictor 

variables and the outcome (Chen et al., 2022; Krupa & Minutti-Meza, 2022; Jones et al., 

                                      
1  For an overview of machine learning applications that involve textual data and techniques from natural 

language processing see Loughran & McDonald (2016), Gentzkow et al. (2019), El‐Haj et al. (2019), 
Bochkay et al. (2023), and Webersinke (2023). 

2  Note that some measurement problems may involve both, dimensionality reduction and prediction. For 
example, Donovan et al. (2021) use machine learning to derive a text-based measure of credit risk from 
firms’ 10-K filings (machine learning for dimensionality reduction) to predict future credit events, such 
as bankruptcies and rating downgrades (machine learning for prediction). 
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2023), extract interpretable decision rules (Bertomeu et al., 2021), and obtain word im-

portance scores when the input data is text (Huang et al., 2023). 

Machine learning for identification and inference integrates machine learning into 

the estimation of an unknown, plausibly causal estimand (Mullainathan & Spiess, 2017; 

Athey & Imbens, 2019; Huber, 2023). This integration is particularly promising when 

some component of the estimation can be framed as a prediction task. For example, the 

recent econometrics literature introduces machine learning applications for fitting the 

first stage in instrumental variable estimation (Belloni et al., 2012), estimating heteroge-

neous treatment effects (Athey & Imbens, 2016; Wager & Athey, 2018), and controlling 

for non-linear relationships and prohibitively large sets of control variables (Chernozhu-

kov et al., 2018). Roberts et al. (2020) proposes text matching, a method that uses 

machine learning to extract low-dimensional variables from textual data and conditions 

on these ‘latent’ variables via matching. 

Figure 1  Overview of Machine Learning Applications in Accounting 
 

 
 

 
The figure presents an overview of machine learning applications in accounting that complements the reviews by Krupa & Minutti-Meza 
(2022) and Ranta et al. (2023). Dashed boxes indicate machine learning applications. Superscripts enumerate the three papers of this 
dissertation and indicate the role that machine learning plays in each of them. 
 
1 ‘Beating Best Estimates’: Machine Learning Estimates, Human Estimation Errors, and the Warranty Provision (see section 2.1) 
2 Transformation Talk: Drivers and Economic Consequences (see section 2.2) 
3 Value-Based Management Sophistication, Credit Risk, and Shareholder Value: Evidence from Credit Ratings (see section 2.3) 

Interpretability 1,2Prediction 1 Dimensionality
Reduction 2,3

Accounting
Measurement Problem

Accounting
Outcome

Identification
and Inference 3
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In line with recent calls for future research (Krupa & Minutti-Meza, 2022; Ranta 

et al., 2023), the contributions of this cumulative dissertation are twofold. First, it intro-

duces new machine learning applications to the accounting literature to address long-

standing measurement problems and enable novel measurements. Second, the disserta-

tion generates insights that are contributions to the accounting literature in their own 

right. The first paper adds to the financial reporting literature and investigates the ability 

of machine learning to generate decision-useful accounting estimates in the context of 

firms’ warranty provisions. It demonstrates that machine learning estimates are consist-

ently more accurate than estimates by human experts and discusses the potential causes 

of human estimation errors. The second paper of this dissertation studies the prevalence 

of transformation talk, measured as the share of managers’ voluntary disclosures on firm 

transformation in quarterly earnings calls, and provides evidence on its economic conse-

quences (future business model changes and capital market responses) and drivers 

(CEOs, peer firms, and regulatory change). The third paper revisits the cost-benefit-

debate in management accounting research on implementing value-based management 

(VBM) systems and establishes a link between VBM sophistication, risk management, 

and shareholder value in the context of credit rating changes. 

Section 2 discusses the specific machine learning applications employed in each 

paper of the dissertation, summarizes the papers’ key motivations and results, and lays 

out in more detail their individual contributions to the literature. Section 3 concludes 

the central theme and presents an outlook on future research at the intersection of ac-

counting and machine learning.  
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2 SUMMARY AND CONTRIBUTIONS OF THE DISSERTATION 

2.1 BEATING ‘BEST ESTIMATES’: MACHINE LEARNING PREDICTIONS, HUMAN ESTIMA-

TION ERRORS, AND THE WARRANTY PROVISION 

The first paper of this dissertation, “Beating ‘Best Estimates’: Machine Learning 

Predictions, Human Estimation Errors, and the Warranty Provision” (joint work with 

Martin Becker), sheds light on the accuracy of accounting estimates disclosed by human 

experts and the potential reasons for human estimation errors related to lost information, 

a misspecified estimation model, and misaligned incentives (Bertomeu, 2020). Therefore, 

we use machine learning for prediction and construct machine-based estimates, which 

serve as a benchmark for accounting estimates disclosed by human experts. Further, we 

employ interpretability techniques to unravel the inner workings of the trained machine 

learning estimators and facilitate comparisons with the managerial estimation model. 

Current financial reporting rules produce accounting estimates that are widely crit-

icized for their deteriorating decision-usefulness (Dechow & Dichev, 2002; Lev et al., 

2010; Balachandran & Mohanram, 2011; Lev & Gu, 2016). Managerial discretion is fre-

quently regarded as a key culprit since it permits (un)intentional human biases to enter 

the estimation (Lev et al., 2010; Bell & Griffin, 2012; Christensen et al., 2012; Bratten 

et al., 2013; Szerwo et al., 2022). Building on recent works that advocate the use of 

machine learning to bypass human discretion, facilitate decision-making, and improve 

the accuracy of managerial estimates (Bertomeu, 2020; Cho et al., 2020; Ding et al., 2020; 

Ranta et al., 2023), the paper studies the accuracy of human experts vis-à-vis machine 

learning models in estimating a pervasive and economically relevant accounting estimate 

in the manufacturing sector: the warranty provision. 
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We obtain proprietary data on statutory warranty obligations from a large Euro-

pean manufacturing firm that accounts for more than 55,000 product sales. We train 

various machine learning models to generate point-in-time predictions of future (i.e., 

next-year) warranty cost and benchmark these predictions with historical managerial 

estimates of this cost. Importantly, we can then compare both the machine and human 

estimate with the actual realization of the warranty cost as observed in the data. 

We find that warranty provision estimates by the machine are consistently more 

accurate than estimates provided by human experts. We document this result under two 

regimes: when we compare machine learning and human estimates on the basis of indi-

vidual warranty obligations (i.e., per product) and after aggregating obligations across 

homogeneous classes of products (i.e., per product type). Notably, the observed perfor-

mance differences are more pronounced under the second regime, which is prescribed by 

the regulator and represents the preferred level of aggregation of the accounting expert. 

Drawing upon institutional insights about the mechanism by which the firm’s experts 

generate estimates, we attribute the larger human errors to misspecifications of the man-

agerial estimation model, which produces frequent and more severe overstatements. In 

addition, we discuss the role of misaligned managerial incentives. 

Our results replicate and extend the previous findings of Ding et al. (2020). While 

the authors focus on loss reserve estimates by U.S. property and casualty insurers, which 

are strictly regulated in accordance with solvency rules that apply to all U.S. insurance 

firms, we demonstrate that machine learning models outperform human experts in esti-

mating the warranty reserve under IFRS. Drawing on institutional knowledge about the 

process through which the firm’s accounting experts generate their estimates, i.e., the 

managerial estimation model, we discuss potential reasons for human errors due to lost 
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information and a misspecified estimation model (Bertomeu, 2020). However, we 

acknowledge that our single-firm dataset prevents us from testing the presence of misa-

ligned incentives in the cross-section (e.g., Ding et al., 2020). In summary, the paper 

highlights the role of machine learning as a versatile tool for filers, recipients, and audi-

tors of financial statements to facilitate decision-useful disclosures and enable the inde-

pendent assessment of managerial estimates. 

2.2 TRANSFORMATION TALK: DRIVERS AND ECONOMIC CONSEQUENCES 

The second paper of this dissertation, “Transformation Talk: Drivers and Economic 

Consequences” (joint work with Martin Artz and Hannes Doering), proposes an empirical 

measure of transformation talk that serves as a leading indicator of firm transformation3. 

The measure can be intuitively interpreted as the share of executives’ discussions on firm 

transformation during the question-and-answer section of quarterly earnings calls. We 

identify transformation talk using a BERT4-style language model (Devlin et al., 2019; 

Liu et al., 2019), which operates on entire text sequences and considers long-range de-

pendencies between individual words. Importantly, the model enables us to capture both 

explicit (i.e., individual signal words) and implicit (i.e., ‘reading-between-the-lines’) dis-

cussions on firm transformation by accounting for the different contexts in which execu-

tives discuss fundamental changes to the business model, e.g., in terms of its capital 

structure, product market positioning, or organizational design. 

                                      
3  In the paper, we define firm transformation as a large-scale, multi-year process that affects the business 

model and fundamentally changes how a firm operates (Kotter, 1995; Fiedler et al., 2023). 
4  BERT is short for “bidirectional encoder representations from transformers” and describes a class of 

neural network models that is widely used in natural language processing for solving various types of 
discriminative tasks, such as text classification or named entity recognition. 
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Transformation is a timely and relevant topic in business research (Fiedler et al., 

2023) and mentions of the term “transformation” in business news have more than tripled 

over the past decade (see Figure 2, panel B in the paper). While firms set out to install 

chief transformation officers to manage transformation-related initiatives (Gorter et al., 

2016), obtaining detailed information on future firm transformations and their economic 

consequences remains challenging for outside stakeholders. While they can refer to a 

variety of different data sources, such as financial statements, narrative disclosures, news 

articles, and ad hoc filings, these information mainly account for past changes and/or a 

limited set of economic events that are sufficiently salient to warrant an official press 

release or media coverage. This research aims to close this gap and shed light on the 

prevalence, economic consequences, and drivers of talk about future firm transformation. 

We identify transformation talk in over 170,000 earnings calls using a pretrained 

RoBERTa language model (Liu et al., 2019). We compile a large dataset of manually 

labeled sentences and fine-tune the model to distinguish sentences that contain discus-

sions on firm transformation from non-transformation-related sentences. The model out-

puts a continuous score between zero and one, indicating its confidence that a sentence 

contains transformation talk. We then obtain a firm-quarter-level measure of transfor-

mation talk by aggregating all sentences in a given call and scaling by the length of the 

call. Finally, we assess the measure’s construct validity (Bochkay et al., 2023) through a 

set of qualitative and quantitative tests and demonstrate its superiority over a wordlist-

based approach that we employ as a benchmark. 

We conduct three series of analyses to attest the economic relevance of transfor-

mation talk. First, we demonstrate that our measure is positively associated with future 
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business model changes, as signaled by changes in property, plant, and equipment, oper-

ating expenditures, research and development expenditures, and transitions in the firm 

life cycle stage, up to six quarters into the future. Second, we highlight the information 

content of transformation talk for capital market participants and show that investors’ 

trading activities around quarterly earnings calls increase in the level of transformation 

talk. This reaction occurs with a delay and coincides with a decrease in the speed of price 

discovery, consistent with the idea that transformation talk is complex and raises infor-

mation processing cost for investors. Third, we conduct three tests to attest the relevance 

of the CEO, the firm’s peers, and regulatory change, specifically the COP21 Paris Agree-

ment, as major drivers of transformation talk at the firm, industry, and regulatory level. 

Collectively, we predict and find that transformation talk increases in response to endog-

enous changes in the CEO position, to talk about transformation in a peer’s preceding 

earnings call, and to the adoption of the COP21 Paris Agreement. 

The paper contributes to the contemporary accounting literature in three ways. 

First, we leverage text as data (Bae et al., 2023) and extend recent works that propose 

firm-level measures derived from textual data (e.g., Hassan et al., 2019; Donovan et al., 

2021; Li et al., 2021; Balakrishnan et al., 2023; Sautner et al., 2023). Specifically, we 

focus on talk about firm transformation and provide large-sample evidence that such talk 

is highly prevalent, accounting for more than 12% of the average earnings call, and in-

formative to investors. Second, we contribute to the scarce but growing literature on the 

information content of earnings calls for predicting future firm behavior, especially cor-

porate investments (Jha et al., 2023; Kim et al., 2023b; Li et al., 2023). Our findings are 

consistent with transformation talk predicting business model changes in future periods, 

as proxied by incremental changes in four important firm fundamentals (property, plant, 
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and equipment, operating expenditures, research and development expenditures, and the 

firm’s life cycle stage). Third, we add to the literature on textual analysis and demon-

strate that subtle cues and linguistic context hold valuable information for construct 

measurement. We are by no means the first to attest the ability of (large) language 

models to extract complex information from corporate disclosures (Siano & Wysocki, 

2021; Huang et al., 2023; Kim et al., 2023b; Webersinke, 2023). However, our findings 

highlight that the accurate measurement of transformation talk hinges on the use of 

language models and, more importantly, fails if we resort to simpler methods of textual 

analysis, such as wordlist-based approaches. Hence, our approach should be of interest 

to future research that is concerned with deriving economically meaningful measures of 

latent constructs from textual data. 

2.3 VALUE-BASED MANAGEMENT SOPHISTICATION, RISK MANAGEMENT, AND SHARE-

HOLDER VALUE: EVIDENCE FROM CREDIT RATINGS 

The third paper, titled “Value-Based Management Sophistication, Risk Manage-

ment, and Shareholder Value: Evidence from Credit Ratings” (joint work with Friedrich 

Sommer), investigates the consequences of value-based management (VBM) sophistica-

tion, i.e., the extent of firms’ VBM practices (Firk et al., 2019b), for risk management 

and shareholder value. Focusing on credit risk as a key dimension of firm-level risk, our 

findings suggest that VBM sophistication encourages management decisions that reduce 

credit risk and create shareholder value. The paper includes two machine learning appli-

cations to assess the robustness of the main findings. The first application leverages 

double/debiased machine learning (Chernozhukov et al., 2018), which accounts for non-

linear relationships between modeling variables and thus facilitates identification and 

inference. The second applications harnesses the capabilities GPT-4 (OpenAI, 2023) and 
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identifies confounding, stock-price relevant events in a large corpus of business news. The 

model’s output is then used to construct control variables that correct for the effect of 

concurrent news in an event study setting. 

There is an ongoing debate among management accounting academics and practi-

tioners on the cost and benefits of VBM, its influence on managerial decision-making, 

and implications for shareholder value. Empirical evidence shows that (sophisticated) 

VBM practices are associated with many managerial decisions, including investment ac-

tivities (Wallace, 1997; Hogan & Lewis, 2005; Ryan & Trahan, 2007; Mavropulo et al., 

2021), share repurchases and dividend payouts (Wallace, 1997; Kister et al., 2022), earn-

ings management (Hörner & Sommer, 2023), and enterprise risk management (Mikes, 

2009). Moreover, numerous studies have researched the average effect of VBM adoption 

and VBM sophistication on different dimensions of firm performance, with mixed results 

(Lueg & Schäffer, 2010). In contrast, more recent papers demonstrate that VBM is pos-

itively associated with firm performance in specific settings, such as M&A (Knauer et 

al., 2018; Firk et al., 2019a) and divestitures (Firk et al., 2021), or when conditioning on 

certain environmental or firm characteristics (Firk et al., 2019b; Mavropulo et al., 2021; 

Kister et al., 2023). This paper is the first to examine the relationship between sophisti-

cated VBM, risk management, and shareholder value changes in the context of decreases 

and increases in credit risk for a large number of firms. 

We focus on 200 large, non-financial European companies during the 2005–2020 

period and gather, for each firm, the full history of credit ratings issued by Moody’s. We 

replicate the VBM sophistication measure proposed by Firk et al. (2019b), using hand-

collected data on firms’ VBM practices as disclosed in their annual reports. First, to test 

the risk management consequences of VBM, we construct a firm-year panel and correlate 
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firms’ VBM sophistication with proxies for decreases and increases in credit risk. Second, 

we assess the shareholder value consequences of VBM using a cross-sectional event study 

research design and measure the short-window capital market reactions to risk decreases 

and increases, as proxied by credit rating upgrade and downgrade announcements. 

We find that sophisticated VBM promotes decreases while it cannot prevent in-

creases in credit risk. Considering shareholder value effects, we document a statistically 

robust, positive relationship between VBM sophistication and cumulative abnormal re-

turns following rating downgrades. We do not find a significant positive effect for rating 

upgrades. In the paper, we term these two results the risk management effect and the 

performance effect of VBM and interpret our results as follows: While sophisticated VBM 

users manage, on average, for decreases in credit risk, their shareholder value benefits 

even as credit risk increases. That is, investors potentially attribute risk increases in 

those firms to value-increasing management decisions in the past or, alternatively, trust 

their management to take countermeasures that promote risk decreases in the future.  

The paper contributes to the VBM and credit ratings literature. First, we provide 

evidence on the implications of VBM sophistication for risk management and shareholder 

value. Our findings extend the literature on the consequences of VBM for managerial 

decision-making (e.g., Hogan & Lewis, 2005; Mikes, 2009; Schultze et al., 2018; 

Mavropulo et al., 2021) and firm performance (e.g., Knauer et al., 2018; Firk et al., 2019a; 

Firk et al., 2021). Second, we add to the scarce body of research on the information 

contents of external credit rating changes in Europe (Calderoni et al., 2009; Hu et al., 

2016) and show that sophisticated VBM practices positively influence the post-announce-

ment effect to rating downgrade announcements.  
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3 CONCLUSION 

This cumulative dissertation presents novel machine learning applications in ac-

counting and, in so doing, contributes to the financial reporting, voluntary disclosure, 

and management accounting literature. First, it demonstrates the accuracy of machine 

learning models vis-à-vis human experts in generating estimates of the warranty provision 

and discusses potential reasons for human estimation errors. Second, it provides evidence 

on the prevalence, drivers, and economic consequences of executives’ talk about firm 

transformation. Our measurement of transformation talk is enabled by the use of lan-

guage models that improve over prior approaches to textual analysis and account for the 

context, structure, and semantics in corporate disclosures. Third, it presents theory and 

evidence on the benefits of sophisticated VBM practices in the context of risk manage-

ment and illustrates how accounting scholars can harness machine learning to strengthen 

identification and inference and reduce human labor by efficiently analyzing thousands 

of text documents. In concert, the three empirical papers of this dissertation demonstrate 

the applicability and versatility of machine learning methods for accounting research. 

Recent reviews of the literature agree that state-of-the-art machine learning and 

natural language processing methods offer many opportunities and avenues for future 

accounting research (El‐Haj et al., 2019; Ranta et al., 2023; Webersinke, 2023). In fact, 

Bertomeu (2020, p. 1151) argues that “it is uncontroversial that the tools of machine 

learning are revolutionizing empirical research.” In the following, I revisit the four differ-

ent machine learning applications discussed in section 1 and provide an outlook on future 

research at the intersection of accounting and machine learning.5 

                                      
5  Note that the three papers in this dissertation provide more specific directions for future research in 

financial reporting, voluntary disclosure, and management accounting, respectively. 
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Construct Measurement. First, machine learning can improve the measurement of 

existing constructs and facilitate the development of new empirical measures. For exam-

ple, Bertomeu et al. (2023) propose a non-linear model of differential timeliness based on 

neural networks that improves traditional measures of accounting conservatism. In the 

context of text data, Webersinke (2023) demonstrate that language models produce ac-

counting variables with higher accuracy (i.e., lower measurement error) compared to 

simpler machine learning methods and wordlist-based approaches. Furthermore, they can 

perform mundane measurement tasks, which would otherwise require a large group of 

research assistants, in a cost-effective manner and without sacrificing accuracy (de Kok, 

2023). Other contemporary works adopt machine learning to derive entirely new 

measures (e.g., Basu et al., 2022; Kim et al., 2023a; Qiu et al., 2023), as does the second 

paper of this dissertation. These examples illustrate how machine learning can be used 

to extract economically meaningful representations from high-dimensional data and con-

struct accounting variables for use in empirical analyses. I expect that machine learning 

applications will prove particularly valuable in measurement problems that involve com-

plex theoretical constructs and datasets that exhibit relatively low signal-to-noise ratios. 

Interpretability. Second, machine learning applications can help accounting re-

searchers and practitioners gain insights into the true data-generating process underlying 

the focal measurement problem, learn about relevant non-linearities, and identify im-

portant variables. Previously, advanced machine learning models were often referred to 

as ‘black box’ models, owing to their inherent lack of interpretability as compared with 

a linear regression model (Krupa & Minutti-Meza, 2022; Stice-Lawrence, 2022; Bochkay 

et al., 2023; de Kok, 2023). Given the plethora of interpretability techniques that have 

been developed in recent years (see Molnar (2022) for a review), these arguments become 



 

16 

less and less relevant. For example, in paper one and two of this dissertation, we employ 

interpretability techniques to unravel the inner workings of our models and illustrate the 

most important drivers (words) for predicting future warranty cost (identifying transfor-

mation talk). While simplicity is a desirable principle in empirical accounting research 

(Bae et al., 2023), large datasets and complex theoretical constructs may necessitate the 

use of more sophisticated measurement approaches. I expect that interpretability meth-

ods will be the default in future machine learning applications in accounting, to under-

stand and demonstrate the inner workings of the implemented model, be transparent 

about what the model can and cannot do, and reconcile (non-linear) variable relation-

ships and important predictors with prior research. 

Identification and Inference. Third, machine learning can promote the identifica-

tion of empirical associations and causal effects. Accounting researchers commonly select 

control variables based on theory, institutional knowledge, and findings from prior work, 

and presume linearity among the main independent variable, dependent variable, and 

covariates. Future research can rely on machine learning to systematically evaluate a 

large set of potential control variables and allow for flexible relationships between varia-

bles in the empirical model, particularly in the context of big data and selection-on-

observables (Bertomeu, 2020; Huber, 2023). In the third paper of this dissertation, we 

employ double/debiased machine learning (Chernozhukov et al., 2018) to assess the ro-

bustness of the main findings to the linearity assumption of the linear regression model 

and we use GPT-4 (OpenAI, 2023) to derive additional controls to allay omitted variable 

bias. I expect future accounting research to resort to machine learning methods to com-

plement statistical analyses and improve robustness tests.  
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