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ABSTRACT

Prior research has mostly relied on linear and parametric models while explaining environmental non-compliance, but they
have a limited capacity to capture non-linear and asymmetric effects of elements affecting firms' environmental compliance. We
integrate a random effects logit model with advanced machine learning methods on a longitudinal firm-year panel dataset of US
publicly traded firms from 2000 to 2024 in order to address this gap. After comparing the random effects logit model estimates
with XGBoost metrics and SHAP mean values, we find that firms’ prior environmental compliance behaviour is a major predictor
of future environmental penalty violations. The random effects logit model confirms the cumulative penalty count as a signifi-
cant positive predictor, while XGBoost assigns it the highest gain and SHAP importance scores. The marginal contribution of the
cumulative penalty count in the SHAP analyses suggests its diminishing marginal effects, which are hard to identify using the
logit model alone. Cross-method comparison further reveals that governance and executive incentive variables are weak predic-
tors of future environmental violations. The findings reveal the trajectory-dependent nature of environmental non-compliance,
with enforcement outcomes strongly associated with behavioural trajectories. This study offers a methodological contribution
and demonstrates the value of cross-method triangulation in resolving inconsistencies across parametric approaches by integrat-
ing parametric analysis and machine learning methods.

1 | Introduction corrects errors that were made by earlier trees. However, tradi-
tional gradient boosting models are generally slow to train and
need careful adjustment to prevent overfitting. This makes them

difficult to utilise in real-world situations. The XGBoost method

As large and complex datasets become more common, machine
learning methods are being used more widely. However, one

of the major challenges in the field of machine learning has
been the development of models with high predictive accuracy
(Ferreira and Gongalves 2022). Early single decision tree meth-
ods have the limitation of overfitting by capturing noise rather
than true patterns (Bramer 2020). Ensemble methods, such as
gradient boosting, help improve accuracy by combining a large
number of trees (Zhang and Haghani 2015). Each new tree

is developed to improve gradient boosting by penalising exces-
sively complicated trees (P. Zhang, Jia, and Zhang 2022). This
ensures that the model does not rely excessively on extremely
specific patterns. The XGBoost method uses first-order and
second-order gradient information to improve the efficiency of
the model (Qin et al. 2021). This enables the model to converge
more quickly and attain a better level of accuracy. Additionally,
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it generally takes a short amount of time for millions of obser-
vations. These characteristics make it possible for XGBoost to
overcome key limitations of earlier methods. Hence, it is widely
used for high-performance prediction tasks in a variety of fields.

Because of XGBoost's ability to handle large datasets, it is fre-
quently utilised in the fields of finance and accounting for the
purpose of evaluating credit risk, detecting fraud and predicting
bankruptcy (Ben Jabeur et al. 2023; Hernes et al. 2023; Kumari
et al. 2025). This method is widely used for supply chain optimis-
ation and demand forecasting (Egila et al. 2025; Nsir et al. 2025).
In a similar vein, XGBoost is frequently used in marketing for
customer segmentation, churn prediction, pricing strategies and
targeted advertising (Maqgbool and Qureshi 2026). It is utilised
in the field of economics for the purposes of predictive model-
ling, policy evaluation and macroeconomic forecasting (Nandha
Gopal and Muthukaruppasamy 2024). Hence, business man-
agement has already accepted the efficiency of the XGBoost
method, which supports informed strategic planning for firms.

However, the use of XGBoost in predicting the likelihood of en-
vironmental violations is still completely unexplored. Prior lit-
erature has focused on statistical methods which can provide
insights into the linear relationship between the firm-related
factors and environmental violations (Khan et al. 2021; Pahari
et al. 2024). The traditional approaches are efficient, but they are
not capable of capturing the non-linear linkages between vari-
ables. The XGBoost method is an advanced-level machine learn-
ing method that can account for the non-linear relationships
within the model and has the potential to provide deeper in-
sights into the area of environmental non-compliance. However,
existing research has devoted little focus to this area, thereby
constituting a substantial research gap. We focus on the follow-
ing research question:

1.1 | Research Question: Which Factors Best
Predict the Likelihood of Future Environmental
Violations?

To address the research question, we integrate the Violation
Tracker, Compustat and ExecuComp databases to create a panel
dataset for US public firms from 2000 to 2024. We use a ran-
dom effects logit model as a parametric baseline and calculate
estimates and interpretable odds ratios associated with firm-
related factors. We use the XGBoost method and SHAP values
for estimating the likelihood of a violation and identifying the
marginal contribution. We compare the random effects logit
estimates with XGBoost importance metrics and SHAP values
and obtain dominant factors responsible for future environ-
mental violations. We find that the historical environmental
penalty-related variables are major contributors to predicting
future environmental violations. The gain, cover, and frequency
measurements for the cumulative penalty count variable are
relatively higher than those of other predictor variables. This
suggests that there is a considerable path dependence in envi-
ronmental non-compliance.

The XGBoost method, combined with SHAP values, can cap-
ture non-linear effects that are frequently overlooked by stan-
dard models. The study reframes the environmental infractions

conceptually as a path-dependent organisational process. This is
a substantial departure from the traditional approach. Through
the demonstration of declining marginal impacts of recurrent
violations, the findings enhance theories of regulatory path de-
pendence and organisational learning. The integration of dif-
ferent large-scale datasets into a single firm-year panel offers
a comprehensive perspective on the risk of environmental pen-
alties. The use of performance-based variables is more closely
aligned with predictive accuracy and decision-making in the
real world. A further methodological contribution lies in the
explicit aggregation of parametric and non-parametric meth-
ods: by treating the random effects logit model and XGBoost
not as alternatives but as complementary analytical tools, this
study demonstrates how cross-method triangulation can resolve
the inconsistencies that have long plagued the single-method
parametric literature on environmental compliance. The study
provides several recommendations to managers and regulators.
It highlights the importance of early compliance and suggests
that failure to intervene may lead to a repeated cycle. Hence,
the XGBoost method can be used for predictive analytics to sup-
plement management judgement associated with future infrac-
tions. We provide a comprehensive literature review in the next
section to examine existing theoretical and empirical studies
associated with environmental violations.

2 | Literature Review

2.1 | Determinants of Firms' Environmental
Violations

Due to the economic, social and ecological ramifications that ac-
company environmental infractions committed by businesses,
environmental violations continue to garner a large amount of
attention in regulatory practice and policy discussions. Despite
the fact that regulatory frameworks have grown over the course
of the last several decades, businesses continue to violate environ-
mental norms on a regular basis. This has prompted academics
to investigate the factors that determine non-compliance. In this
literature review, we outline a multi-dimensional range of fac-
tors that drive the probability of firms engaging in environmen-
tal non-compliance. These drivers include contextual, financial,
governance-related, organisational and structural aspects. This
literature review provides a synthesis of empirical insights that
are focused on five major themes: historical path-dependence,
financial constraints, operational and industry-related factors,
characteristics of corporate governance, and pressures from
stakeholders and regulators. These perspectives, when taken to-
gether, shed light on the reasons why environmental infractions
continue to occur and which qualities of the company itself raise
the likelihood of future wrongdoing.

2.2 | Historical Path-Dependence

A firm's previous non-compliance with environmental stan-
dards represents a highly reliable predictor of future regula-
tory offences. The prior research indicates that environmental
violations follow path-dependency, and the possibility of fu-
ture violations is dependent on previously committed viola-
tions (Kirk et al. 2007). Businesses frequently participate in
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recurrent offences due to the fact that legal fines may not be
able to sufficiently affect the routines of the organisation or the
cost-benefit expectations of customers (Karpoff et al. 1999).
However, previous punishments can accurately predict future
infractions, despite the fact that the benefits of deterrence
differ depending on the industry (Gray and Shimshack 2011).
Gray and Deily (1996) conducted their study in steel plants
and found that a plant's past compliance status is a strong
predictor of its current compliance with air pollution regula-
tion. Similarly, Thornton et al. (2008) demonstrate that com-
pliance behaviour is partially formed by internal compliance
cultures. These cultures are resistant to change unless there
is a significant amount of pressure from the outside. When
it comes to environmental responsibility, companies that
have long-standing non-compliant practices internalise cost-
minimisation procedures that put short-term efficiency ahead
of environmental responsibility. Furthermore, they argue that
companies that have previously broken environmental regu-
lations frequently create low-trust relationships with author-
ities, which results in increased scrutiny but does not always
eliminate wrongdoing. Managers' past learning of regulations
contributes positively to path-dependency as they recognise
patterns of enforcement and may formulate internal pro-
cesses for which breaches can go unnoticed (Shimshack and
Ward 2008). Thus, earlier violations are ongoing predictors of
future actions, hinting that repeated environmental violations
become ingrained when strong sanctions are absent.

2.3 | Financial Pressures and Economic
Incentives

A vast amount of literature on economic theory signals that
firms may reduce their focus on environmental compliance to
maintain operating expenses when they encounter financial
difficulties. Empirical investigations lend credence to this as-
sertion. For example, Deily and Gray (1991) show that plants
facing weaker economic conditions in a declining industry are
less likely to comply with pollution regulations, and Earnhart
and Lizal (2010) find that stronger economic performance
does not necessarily translate into better environmental per-
formance. Financially constrained firms may also weigh the
expected penalty against the cost of compliance and choose to
delay abatement investment when penalties are smaller than
compliance costs (Deily and Gray 1991). At the same time, poor
environmental performance is itself financially costly. Konar
and Cohen (2001) show that bad environmental records reduce
firms' intangible asset value, and Laplante and Lanoie (1994)
document negative stock-market reactions to environmental
incidents. On the other hand, companies that have access to
sufficient resources may also be guilty of infractions when
their plans for maximising profits prioritise cutting costs. It
has been reported by Walden and Stagliano (2003) that the
quality of pollution abatement information in public disclo-
sure is low, and firms focus more on reporting financial in-
vestments. There is additional evidence in the literature that
implies market rivalry influences environmental behaviour.
Bansal and Roth (2000) show that firms' actions associated
with ecological responsiveness are driven by legitimacy and
ecological responsibility. If these compliance actions offer lit-
tle competitive or legitimacy benefit, firms are less likely to

invest in them. Similarly, Delmas and Toffel (2008) demon-
strate that firms' responses to environmental demands vary
with the institutional pressures managers perceive. When fac-
ing weak reputational or regulatory pressure, they are more
likely to under-invest in environmental management. The
cost-benefit analysis of compliance is impacted according to
the current financial conditions. Either because there are not
enough resources to achieve the standards, or because strong
financial goals drive rule-bending in order to maximise reve-
nue, businesses may violate regulations.

2.4 | Operational and Industry Characteristics

The likelihood of a violation is strongly impacted by the com-
plexity of operations and the structure of the industry. Higher
regulatory scrutiny is implemented in pollution-intensive
sectors, and even industry self-regulation initiatives in such
sectors have proven ineffective without sanctions. King and
Lenox (2000) show that members of the chemical industry's
Responsible Care programme did not improve their environ-
mental performance faster than non-members. Furthermore,
major companies that have complicated supply chains have a
difficult time monitoring the environmental performance of
their subsidiaries and contractors (Hervani et al. 2005). When
operations are decentralised, oversight is reduced, and the
likelihood of infractions occurring, whether they are purpose-
ful or inadvertent, is increased (Shen et al. 2025). Facilities
that are embedded in big corporate networks commit more
breaches due to the difficulties that arise in coordination while
attempting to enforce compliance. Age and scale of the com-
pany are other important factors. Older firms tend to rely on
ageing technologies and routines that resist renewal (Serensen
and Stuart 2000). Gray and Shadbegian (2005) examine the
determinants of compliance for paper mills and identify that
older plants comply less frequently with environmental regu-
lations. Even small firms may not be able to comply with the
environmental regulations. Tilley (2000) suggested that small
firms generally lack resources and may avoid monitoring due
to the fact that they are subject to less scrutiny. However, large
firms have greater visibility, which makes it more likely that
infractions will be discovered (Yu et al. 2017). Thus, the op-
erational factors may act as key determinants of compliance
behaviour.

2.5 | Corporate Governance and Managerial
Characteristics

The organisation's governance mechanism may contrib-
ute to the establishment of environmental compliance. This
mechanism is governed by the executives in the top manage-
ment team, with compensation and pressure from investors.
Compensation design shapes the weight managers place on
environmental outcomes: short-term-oriented pay struc-
tures encourage managerial short-termism (Marinovic and
Varas 2019), while Berrone and Gomez-Mejia (2009) show that
in polluting industries, linking executive pay to environmen-
tal performance, particularly long-term pay, is associated with
greater pollution prevention. However, some authors find that
firms with more experienced executives are more likely to
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implement an environmentally supportive governance struc-
ture (Dong et al. 2025). They also propose that the presence
of heterogeneity in executives in the top management team
is associated with improved compliance results. However, the
effects of institutional ownership are not uniform. Long-term
institutional investors are more likely to favour environmental
compliance (Aguileraetal. 2006). On the other hand, transitory
owners tend to exert pressure on companies to achieve rapid
financial returns, which can sometimes result in reinforce-
ment of environmentally harmful behaviours (Bushee 2001).
Additionally, Testa et al. (2018) demonstrate that stakeholders
can influence the decision to adopt environment-supporting
governance mechanisms. Thus, governance factors influence
the integration of environmental compliance in firms' activi-
ties, which may influence the frequency of infractions as well
as the severity of those violations.

2.6 | Regulatory Enforcement, Community
Pressure and Institutional Context

Regulatory enforcement is also crucial, as insufficient moni-
toring allows for wrongdoing to occur, whereas strict enforce-
ment regimes minimise the number of infractions that occur
(Heyes 2000). Potoski and Prakash (2005) highlight that vol-
untary programs (such as ISO 14001) may reduce violations
when backed by robust enforcement mechanisms. Voluntary
norms may merely serve as signals of compliance if they are not
enforced stringently. Some studies suggest that stakeholders
may pressure the firm for compliance. For example, Sharma
and Henriques (2005) discovered that businesses that are con-
fronted with requests from customers and socio-ecological
stakeholders exhibit a lower tendency to violate regulations.
In the emerging markets with limited regulatory capacity,
Dasgupta et al. (2000) suggested that environmental manage-
ment training offers a constructive complement to the limited
effectiveness of traditional enforcement. The institutional en-
vironments of international organisations play an important
role in environmental compliance. Vogel (2007) argues that
when regulatory enforcement is relatively weak, firms may
adjust their behaviour by lowering compliance efforts, result-
ing in compliance gaps. Additionally, Cole et al. (2006) find
that multinational firms may strategically exploit disparities
in environmental policies across countries. The regulatory
and stakeholder contexts, therefore, are responsible for shap-
ing compliance by defining the external consequences that are
associated with ecologically hazardous activity.

Prior literature suggests a recurrent idea that environmental in-
fractions are rarely brought about by a single element. Instead,
they are a reflection of the interaction between things like the
history of the organisation, the financial conditions, the com-
plexity of the operations, the governance processes, and the
pressures from the institution. When these elements are eval-
uated together, it is possible to provide a more precise assess-
ment of the relative influence that they have on environmental
infractions. This is in contrast to the practice of attributing non-
compliance to a single determinant. Using a machine learning
model, we try to identify the influence of these various aspects
on environmental violations compared to a single-variable
model. We follow research which advocates for integrated

frameworks to identify the extent to which each factor can af-
fect firms' environmental violations and how firms can improve
using resource allocation.

3 | Research Method
3.1 | Sample

This study makes use of a comprehensive firm-level panel
dataset by combining environmental violation and pen-
alty tracker records with Compustat financial data and
ExecuComp governance data for United States publicly traded
companies from 2000 to 2024. Detailed information on vio-
lations and monetary fines is given in the Violation Tracker
dataset (Abebe and Acharya 2022; Shevchenko 2021). The
sample is restricted to firms that appear in the Violation
Tracker database, which are then matched to their correspond-
ing Compustat and ExecuComp records. This information
is aggregated to the firm-year level and connected to the ac-
counting, financial structure, and governance features of the
firms. While ExecuComp contributes executive-level infor-
mation, Compustat provides other measures associated with
firms' characteristics and performance (Gull et al. 2023; Singh
et al. 2025; Treepongkaruna et al. 2025; Yi and Demirel 2023).
The combined data is well-suited for the analysis of environ-
mental penalty risk because it incorporates crucial manage-
rial and performance-related metrics. The longitudinal nature
of the merged datasets allows for machine learning analyses
to reveal the relative importance and directional influence of
these predictors.

3.2 | Variables
3.2.1 | Firm Size and Visibility

These factors influence both the regulatory exposure of a com-
pany and its ability to handle compliance requirements. Hence,
they are crucial to determine environmental compliance. We
measure firm size and visibility by taking the natural logarithm
of total assets and sales, which reflect firm size and operational
scale. We add the natural logarithm of the total number of em-
ployees to capture labour intensity.

3.2.2 | Financial Structure

The variables associated with the financial structure of firms
provide a description of the capital structure, profitability, and
liquidity of companies, which are indicators of their financial
capability to invest in compliance-related activities and to ab-
sorb penalties. We include financial leverage measured by di-
viding the entire amount of long-term and short-term debt by
the total assets. For the purpose of profitability, we use return
on assets (ROA), which is defined as net income divided by total
assets. Cash holdings are a proxy for financial flexibility and
are equal to cash and short-term investments divided by total
assets under consideration. Working capital intensity measures
short-term liquidity in relation to the size of the company. It is
calculated by dividing working capital by total assets. In order to
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determine a company's short-term solvency, the current ratio is
calculated by dividing current assets by current liabilities.

3.2.3 | Growth and Valuation

Certain growth features have an impact on environmental com-
pliance, as rapidly expanding businesses may give more priority
to project completion than to maintaining their environmental
compliance systems. However, firms with high valuation pos-
sess strong market reputations and avoid regulatory infractions
(Zou et al. 2015). We incorporate market equity, which is created
by taking the log of the multiplication of the share price by the
common shares outstanding. The market-to-book ratio is calcu-
lated by dividing market equity by book equity. It is a measure
that represents growth prospects and intangible worth. The per-
centage change in sales in comparison to the previous year is
referred to as sales growth, and it acts as a measurement of the
dynamics of business expansion. Capital expenditure intensity
is calculated by dividing total capital expenditures by total as-
sets. This metric is used to measure investment activity.

3.2.4 | Operational Factors

Firms' operations and supply chain activities are correlated with
environmental risk (Chang et al. 2021). We include firms' capi-
tal intensity as a measure of a company's dependence on fixed
assets, calculated by dividing the value of the property, plant,
and equipment by the total assets. Secondly, we incorporate in-
ventory intensity, which is measured as the ratio of inventory
to total assets. These factors account for operational activities,
which are potentially pollution-intensive.

3.2.5 | Governance and Executive Incentives

Governance and executive features can play a crucial role in
managerial decision-making and responsibility within the
organisation, which may affect the regulatory compliance de-
cision (Bajra and CadeZ 2020). We include the CEO's salary in
our analysis as it represents the CEO's influence on governance
structures and their ability to define business strategy (Hambrick
and Finkelstein 1995). The natural logarithm of total CEO com-
pensation is used to calculate CEO pay. We include CEO tenure,
measured as the number of years a CEO has held their current
position, as a proxy for both experience and entrenchment. We
also include the top management team (TMT) size, which is the
sum of executives on the top management team. It is a reflec-
tion of the monitoring capability and governance structure of
the organisation.

3.2.6 | Historical Penalty Behaviour

The past misconduct events may reflect the history and dura-
bility of enforcement. We use various proxies to capture firms'
past behaviour. We create a penalty flag dummy for firms which
are involved in environmental violations during a specific year.
Another dummy named ever-penalised-before is created if the
firm is penalised for an environmental violation prior to the

current year. We add the natural logarithms of the cumulative
penalty count and sum variables, which cover the total number
of yearly penalty incidents and the combined value of all penal-
ties over time.

3.2.7 | Industry Classification

Different sectors have different levels of regulatory exposure
and environmental risk profiles (Dobler et al. 2014). Hence, we
use the first two-digit Standard Industrial Classification (SIC)
codes for different sectors to create a sector-specific dummy,
which we include as a control variable.

In order to reduce the impact of extreme outliers, all continuous
variables are winsorized at the 1st and 99th percentiles (Leone
et al. 2019). On the other hand, binary indicator variables are not
transformed in any way. The structure of the panel is established
at the firm-year level, which allows us to conduct longitudinal
research on the behaviour of firms and the results of regulatory
actions. Table 1 presents the definitions of variables along with
the data sources.

3.3 | Estimation Method
3.3.1 | Baseline Model: Random Effects Logit

Before implementing the machine learning approach, we first
estimate a random effects logit model as a baseline model. It
provides coefficient estimates of each predictor, which act as a
typical parametric benchmark for comparing the outcomes of
the XGBoost model. The comparison between the two methods
highlights the additional value of the machine learning method
in terms of catching non-linear patterns that are routinely over-
looked by typical parametric specifications. We consider the
penalty flag as our dependent variable. We cannot prefer linear
probability models for our analysis because of the binary char-
acter of the outcome (Greene 2008). The logit model estimates
the log-odds of the result as a linear function of the predictors.

The longitudinal structure of the data contains unobserved
firm-level heterogeneity, which is the systematic differences
between companies in terms of their underlying tendency to
commit environmental breaches. We have to consider this
heterogeneity in the analysis in order to avoid omitted vari-
able bias. We use a random effects logit model to address the
concern of unobserved heterogeneity present in the panel
dataset. The random effects measure captures the persistent
unobserved heterogeneity present among organisations (Bates
et al. 2024). Our objective is to calculate the conditional pre-
diction of future violations, and the random effects estimator
generates population-averaged estimates within this subgroup,
which are relevant to our interest. Furthermore, our covari-
ates consist of time-invariant and dynamic variables, which
would be lost if we use the fixed effects model. Hence, the
random effects logit model is more relevant for our analysis.
In the analysis, all of the independent variables are measured
at year t, and the results are used to make a prediction about
the probability of receiving an environmental penalty in year
t+1. This approach is followed to address simultaneity bias

Business Strategy and the Environment, 2026

95U8017 SUOWIWIOD BA1Te8.1D) 9{cfedl|dde au Ag peusenob afe s VO ‘88N J0 sajni o) Akeiq 18Ul UO AS|IAN LD (SUORIPUOD-PUE-SWLB) OO AB| 1M Aled U1 |Uo//Stny) SUoRIPUOD pue swis | 8y} 89S *[9202/80/22] Uo Aleiqiauljuo A8|IA ‘90U [OXT 88D PUE U1feaH Jojainiiisul euoteN ‘301N Aq Z8ETZ950/200T OT/I0p/wod A | im Alelq i jput|uoy/sciy Woiy papeojumod ‘0 ‘980660T



TABLE1 | Specification of variables.

TABLE1 | (Continued)

Variables Specification Source Variables Specification Source
Firm size and visibility Historical penalty behaviour
Firm size Log of total assets Compustat Penalty flag =1lifafirm Violation
Visibility Log of total sales Compustat 8 lwalved n Tracker
environmental
Labour intensity Log of number Compustat misconduct,
of employees otherwise, it is 0
Financial structure Ever penalised before =1lifafirmis Violation
Leverage Ratio of long- and Compustat penalised for the Tracker
short-term debts environmental
to total assets misconduct prior
to the current year,
Profitability Return on Compustat otherwise, it is 0
assets (ROA)
Cumulative penalty Log of total Violation
Cash holdings Ratio of cash Compustat count number of yearly Tracker
investments to penalty incidents
total assets
Cumulative penalty Log of combined Violation
Working capital Ratio of working Compustat sum value of all penalties Tracker
intensity capital to total assets over time
Current ratio Ratio of current Compustat
assets to current
liabilities
. and reverse causality. This forward lag of 1year ensures that
Growth and valuation . ) .
the causal direction goes from the features of the firm to the
Market equity Log of (Share price Compustat outcomes of future regulatory actions.
* common shares
outstanding)
Market-to-book ratio Ratio of market Compustat 3.3.2 | Machine Learning Approach
equity to book equity
As a first step, we define the data matrix:
Sales growth Percentage Compustat
change in sales D= {(xi’yi) }?=1 (1)
Capital expenditure Ratio of total capital Compustat
intensity expenditures to where x;eRP is a vector of independent variables.
total assets
. y;€ {0,1}is the penalty flag dummy variable.
Operational factors
Capital intensity Ratio of property, Compustat We restrict our dataset to a specific set of variables and en-
plant and equipment sure all are numeric. The missing observations are dropped,
values to total assets consistent with the sample used in the baseline random ef-
Inventory intensity Ratio of total Compustat fects logit model, ensuring Fhat Fhe XGBoost analysis is esti-
inventory to mated on the same underlying firm-year observations as the
total assets parametric baseline so that any differences in results between
the two methods reflect genuine differences in modelling ap-
Governance and executive incentives proach rather than differences in the underlying sample. The
CEO salary Log of total CEO ExecuComp model is estimated on a complete numerical feature space, and
compensation we have a total of 14,352 firm-year observations after cleaning
the dataset. We separate our dependent variable from other
CEO tenure Total 1.1umber of ExecuComp variables and split the data chronologically into training (80%)
years in current and test (20%) samples. The training sample is used for pa-
CEO role rameter estimation, and the test sample approximates future
TMT size Number of ExecuComp observations. After the numerical optimisation and splitting
executives in the top of samples, we use the XGBoost method for the analysis.
management team The model was configured with a maximum tree depth of
6, a learning rate of 0.05, a subsample ratio of 0.8, a column
(Continues) subsample ratio per tree of 0.8, a minimum child weight of 5
6 Business Strategy and the Environment, 2026
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and a gamma value of 0.1, trained over 300 boosting rounds
(Harrison 2023). A fixed random seed (1234) was set prior
to both the train-test split and model training to ensure full
reproducibility of the reported results. The XGBoost method
uses shallow decision trees to build an additive model, and
each tree enhances the previous models by targeting residual
errors (Pensa et al. 2025; Simsek et al. 2025). Our dependent
variable is binary, and we use a logistic model to predict log-
odds, which are eventually converted into probability scores.
The model equation is given by:

T
fr=Y  nrg® @
where 7 is the learning rate and g;(x) is the t-th decision tree.

The logistic loss function is given by (Wang et al. 2020):
1(yiB;) = = [pixlog(pi) + (1 -y,) #log(1-B)] (3

The XGBoost method tries to minimise this loss function. The
model is used on the training sample and predicted probability
scores are assigned to the test sample. Although the model pro-
vides original probabilities, we use a cutoff rule to map probabil-
ities into class labels (Harrison 2023).

@

(1 ifB205
y, =
0 otherwise
We use Shapley additive explanations (SHAP) to assign each
independent variable a contribution value and show its predic-
tive power with respect to the baseline prediction (Mangalathu
et al. 2020). The SHAP decomposition function is given by:

f(x) =0+ j;l B (x;) ®)

where @}, is the baseline expected value and §; (x;)is the variable

j's contribution.

4 | Results

After removing all the missing values from the merged dataset,
we have a total of 14,352 observations from 2000 to 2024. Table 2
provides the descriptive statistics of all the variables used in the
analysis. There is substantial variation across all of the variables
in the dataset, and some variables have a higher standard devia-
tion in comparison to their respective mean values. Table 2 indi-
cates that mean values capture central tendencies, while several
variables exhibit substantial variability.

Figure 1 shows the correlation matrix for the variables. The ma-
jority of pairwise correlations are of a modest magnitude, which
indicates that multicollinearity is not a big concern for the majority
of the variables. However, some variables have strong positive cor-
relations. The high values of penalty-related measures reflect con-
tinuity in regulatory enforcement over time. On the other hand,
the majority of other predictors have relatively poor correlations.
Based on these patterns, the predictors are able to capture distinct
parts of the characteristics of the firm, while also identifying clus-
ters of closely related variables.

TABLE 2 | Descriptive statistics.

Variables Mean SD Sample
Firm size and visibility

Firm size 8.32 1.80 14,352
Visibility 8.01 1.62 14,352
Labour intensity 2.19 1.45 14,352
Financial structure

Leverage 0.31 0.20 14,352
Profitability 0.04 0.09 14,352
Cash holdings 0.09 0.10 14,352
Working capital intensity 0.15 0.16 14,352
Current ratio 1.91 1.27 14,352
Growth and valuation

Market equity 7.26 2.99 14,352
Market-to-book ratio 3.39 4.31 14,352
Sales growth 0.09 0.25 14,352
Capital expenditure intensity 0.06 0.05 14,352
Operational factors

Capital intensity 0.65 0.41 14,352
Inventory intensity 0.12 0.12 14,352
Governance and executive incentives

CEO salary 8.54 0.99 14,352
CEO tenure 7.60 6.76 14,352
TMT size 5.72 1.12 14,352
Historical penalty behaviour

Penalty flag 0.28 0.45 14,352
Ever-penalised-before 0.68 0.47 14,352
Cumulative penalty count 0.95 0.86 14,352
Cumulative penalty sum 8.14 5.90 14,352

Table 3 shows the results of the analysis of the random ef-
fects logit model. The second column shows log odds, and
we convert them to odds ratios, which are presented in the
third column of Table 3. The odds ratio provides a meaningful
representation and signals the importance of predictors. The
firm size variable under the firm size and visibility category is
positive and significant (8=0.27, p <0.05). This indicates that
a one-unit increase in log total assets is associated with 31%
higher odds of receiving an environmental penalty. The coeffi-
cient of visibility is positive and significant (§=0.37, p <0.01).
This suggests that a one-unit increase in the log of total sales is
associated with 45% higher odds of obtaining an environmen-
tal penalty. The labour intensity estimates are not significant
(8=-0.06, p>0.1). Regarding factors related to the financial
structure, we find that only the cash holdings variable is nega-
tive and significant (8=-1.82, p <0.01). Hence, a greater cash
liquidity has 84% lower odds of receiving an environmental
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FIGURE1 | Correlation diagram.

penalty. Under the growth and valuation category, only capi-
tal expenditure intensity is positive and significant (8=1.90,
p<0.05). The odds ratio of 6.70 suggests that a higher capi-
tal investment intensity is at a greater risk of incurring envi-
ronmental penalties as compared to firms with lower capital
investment intensity. The capital intensity variable is positive
and significant under operational factors (§=0.43, p<0.01).
Firms with more reliance on capital assets have 54% higher
odds of receiving penalties. We do not find any significance in
the variables present in the governance and executive incen-
tives category. In the historical penalty behaviour category,
the ever penalised before dummy is negative and significant
(f=-0.35, p<0.1). The odds ratio of 0.70 suggests that firms
with a history of environmental penalty have 30% lower odds

of receiving a penalty in the current year, which signals that
these firms perform corrective action or internal compliance
reform to avoid repeating the same violations. The cumulative
penalty count is positive and significant (8=0.27, p<0.05).
The odds ratio of 1.30 indicates that there will be a 30% in-
crease in the odds of receiving a future penalty for an addi-
tional unit of environmental penalty. The cumulative penalty
sum variable is not significant (§=-0.003, p>0.1). We use
robust standard errors to address the heteroskedasticity issue.
The VIF value is less than 10, indicating that the analysis is
free from multicollinearity.

The Receiver Operating Characteristic (ROC) curve for the
XGBoost model is illustrated in Figure 2. The ROC curve shows
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TABLE 3 | Random effects panel logit analysis.

TABLE 3 | (Continued)

Variables Estimates (SE) Odds ratios Variables Estimates (SE) Odds ratios
Firm size and visibility Cumulative penalty count 0.27** 1.30%*
Firm size 0.27%* 1.31%* ©.12)
(0.13) Cumulative penalty sum -0.003 0.99
Visibility 0.37%* 1.45%%* 0.02)
(0.12) #*%p < 0.01.
**p < 0.05.
Labour intensity —0.06 0.95 *p <0.10.
(0.08)
Financial structure XGBoost ROC Curve | AUC =0.771
Leverage —-0.09 0.91 <1
(0.30)
Profitability -0.47 0.62 °
(0.42) o |
=
Cash holdings —1.82%%* 0.16%** -
(0.55) & 3]
Working capital intensity 0.44 1.55
(0.60) ST
Current ratio 0.01 1.01 ]
(0.05) 1?0 ols ov‘o
Growth and valuation Specfcly
. FIGURE2 | ROC curve of the XGBoost classifier.
Market equity —-0.03 0.97
(0.06)
Market-to-book ratio -0.01 0.99 the relationship between sensitivity, which is the proportion of ac-
(0.01) curately recognised future violators, and specificity, which is the
Sales growth ~015 0.86 proportion of non—v.iolators corre.:c.tly identified as non-violators,
0.12) across all of the available prol?ablllty thres.hol.ds. The value qf the
area under the curve (AUC) is 0.771, which indicates that it ac-
Capital expenditure 1.90%* 6.70** curately differentiates between future violators and non-violators
intensity (0.90) around 77% of the time on unseen data. Hence, the XGBoost
Operational factors model is able to successfully identify regular patterns in the rela-
tionship between the characteristics of the firm and the potential
Capital intensity 0.43%** 1545 likelihood of environmental penalties in the future.
(0.15)
Inventory intensity —0.82 0.44 Table 4 shows the relative importance of each predictor variable
0.73) in the XGBoost model using gain, cover and frequency metrics
(Chen et al. 2019; Y. Zhang, Shi, et al. 2022). The accumulated
Governance and executive history of environmental penalties is crucial for forecasting
incentives future violations, as suggested by the three metrics for the cu-
CEO salary —0.01 0.99 mulative penalty count variable (gain=0.18, cover=0.07, fre-
(0.04) quency =0.03). In addition, the cumulative penalty sum makes
a meaningful contribution, with gain, cover and frequency val-
CEO tenure 0.00 1.00 ues of 0.06, 0.05 and 0.05. However, the three metrics are low-
(0.04) est for the ever-penalised-before dummy variable (gain =0.003,
TMT size 0.01 1.01 cover =0.002, frequency =0.004), suggesting that a binary vari-
(0.02) able for prior enforcement carries far less predictive information
o ) than the other two historical penalty variables. With regard to
Historical penalty behaviour the remaining categories of variables, operational factors and
Ever-penalised-before —0.35% 0.70%* more specifically capital intensity (gain =0.07, cover =0.07, fre-
(0.21) quency =0.07) demonstrate a relatively stronger contribution in
comparison to financial structure, growth and valuation, and
(Continues)  firm size, while performing on par with visibility. Governance
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TABLE 4 | XGBoost variable importance measures.

Variables Gain Cover Frequency
Firm size and visibility

Firm size 0.05 0.05 0.04
Visibility 0.07 0.08 0.06
Labour intensity 0.06 0.06 0.07
Financial structure

Leverage 0.04 0.06 0.06
Profitability 0.04 0.06 0.06
Cash holdings 0.05 0.06 0.06
Working capital intensity 0.04 0.04 0.05
Current ratio 0.04 0.06 0.05
Growth and valuation

Market equity 0.04 0.04 0.05
Market-to-book ratio 0.05 0.05 0.06
Sales growth 0.04 0.05 0.06
Capital expenditure 0.06 0.06 0.07
intensity

Operational factors

Capital intensity 0.07 0.07 0.07
Inventory intensity 0.05 0.06 0.07
Governance and executive incentives

CEO salary 0.03 0.04 0.05
CEO tenure 0.02 0.03 0.03
TMT size 0.01 0.02 0.01
Historical penalty behaviour

Ever-penalised-before 0.003  0.002 0.004
Cumulative penalty count  0.18 0.07 0.03
Cumulative penalty sum 0.06 0.05 0.05

and executive incentive factors continuously record the lowest
importance values among all non-penalty predictors, with TMT
size in particular reporting gains of only 0.01 and a frequency of
0.01. Hence, Table 4 demonstrates that past penalty behaviour
and operational variables are more important factors than finan-
cial, valuation and governance aspects in the XGBoost model.

Comparing the values of the XGBoost metrics with the random
effects logit estimates reveals both convergence and considerable
divergence between the two approaches. This demonstrates that
the machine learning framework brings additional explanatory
value to the analysis. Both models signal the importance of the
cumulative penalty count in predicting future environmental
violations. Similarly, they also show that company size, visibil-
ity and capital intensity are positively linked with penalty risk.
However, the relative importance of these factors is more modest
in the XGBoost framework than the logit coefficients alone might

XGBoost Variable Importance

Cumulative Penalty Count
Capital Intensity

Visibility

Cumulative Penalty Sum
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FIGURE 3 | Graphical representation of XGBoost variable impor-
tance results.

suggest. Variables like cash holdings and capital expenditure
intensity are significant in the logit model but rank only in the
middle tier of XGBoost importance scores. The parametric model
may partly reflect their genuine superiority. On the other hand,
the XGBoost model shows more importance for operational fac-
tors like inventory intensity. However, they are not significant in
the logit model, suggesting that these variables are not detected
in the parametric specification. Convergent data suggest that
governance structures have a weak association with enforcement
outcomes. This is supported by the fact that governance and ex-
ecutive variables continue to be weak across both methodologies,
with no significant logit coefficients and the lowest XGBoost sig-
nificance scores. The ever-penalised-before dummy is significant
at the 10% level in the logit model, but it shows less importance
in the XGBoost model. These results suggest that the observed
effect may be a model-specific artefact of the random effects logit
model. Thus, the XGBoost framework uncovers a more nuanced
structure of predictors and shows some alignment with the es-
timates of the random effects logit model. Figure 3 depicts the
graphical representation of these results.

The results of the SHAP analysis are reported in Table 5. The
mean values are based on game-theoretic Shapley values, which
allow for measuring the average marginal contribution of each
variable to individual forecasts (Henna et al. 2025). In contrast to
gain, cover and frequency metrics of the XGBoost model, SHAP
values reflect the variable's actual influence on the model's out-
put at the observation level. Hence, SHAP values can provide
a more theoretically meaningful picture of the importance of
variables. After comparing mean SHAP values with the random
effects logit model's estimates, we discover that both analyses
identify the cumulative penalty count as the most powerful pre-
dictor of future environmental violations. The mean values of
visibility and firm size variables are ranked second and fourth in
Table 5(0.36 and 0.18). These variables are also significant in the
logit analysis. Capital intensity, which ranks third (0.24), con-
tinues to be highly significant in the random effects logit model.
However, labour and inventory intensities are ranked fourth
(0.18) and seventh (0.13) in Table 5, but they are not significant
in the logit analysis. These variables may carry significant non-
linear contributions that the parametric specification is un-
able to identify. Capital expenditure intensity is significant in
the logit framework but ranked ninth in the SHAP framework
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TABLE 5 | Mean absolute SHAP values.

Variables Mean value
Firm size and visibility

Firm size 0.18
Visibility 0.36
Labour intensity 0.18
Financial structure

Leverage 0.09
Profitability 0.08
Cash holdings 0.17
Working capital intensity 0.06
Current ratio 0.08
Growth and valuation

Market equity 0.06
Market-to-book ratio 0.11
Sales growth 0.07
Capital expenditure intensity 0.10
Operational factors

Capital intensity 0.24
Inventory intensity 0.13
Governance and executive

incentives

CEO salary 0.09
CEO tenure 0.05
TMT size 0.03
Historical penalty behaviour

Ever-penalised-before 0.02
Cumulative penalty count 0.54
Cumulative penalty sum 0.10

(0.10), suggesting that the logit may exaggerate its significance.
The cash holdings variable is significant in the random effects
logit model and ranks sixth in SHAP analysis (0.17). Both anal-
yses suggest that cash holdings are strongly associated with
environmental penalties. The ever-penalised-before binary vari-
able is weakly significant at the 10% level, and the SHAP mean
value (0.02) also signals the limited contribution of this variable.
Governance and executive incentive variables are not signifi-
cant in the logit analysis, and their values are also among the
lowest in the SHAP analysis (0.09, 0.05 and 0.03). Hence, these
variables have a negligible influence on the outcomes of enforce-
ment across both methodologies. The XGBoost model achieves
an AUC of 77%, but it does not fully explain how and in what
direction individual variables drive forecasts for specific organ-
isations. SHAP analysis is a further extension of the XGBoost
model, which is able to transform predictive accuracy into in-
terpretable insights. SHAP values offer a more comprehensive
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FIGURE4 | Graphical representation of mean SHAP values.

picture of variable importance and help to capture non-linear
and asymmetric effects that may not be identified by the logit
model. Figure 4 provides a pictorial representation of the mean
absolute SHAP values.

Figure 5 shows the observation-level visualisation of each vari-
able's contribution to the predicted penalty risk. Each observa-
tion is represented in the horizontal position, which indicates
both the direction and the magnitude of the variable's SHAP
value. The positive values (right of zero) increase the predicted
probability of an environmental penalty, while negative values
(left of zero) decrease it. The cumulative penalty count has the
highest value, followed by visibility, capital intensity, labour in-
tensity and firm size. Governance variables such as TMT size,
CEO tenure and ever-penalised-before dummy appear at the
bottom of the figure, confirming their negligible marginal con-
tributions. The mean absolute SHAP value is reported alongside
each variable on the left side of the figure. There is a colour scale
on the right side of the figure that represents the feature value
of each variable for a specific observation. The colour purple
indicates a high feature value, the colour green represents a
mid-range value and the colour yellow indicates a low feature
value. This allows us to observe both the direction of the SHAP
contribution and whether it is driven by high or low values of
that variable. The cumulative penalty count variable has purple
dots extending far to the right, which signals that firms with a
high cumulative penalty history receive strongly positive SHAP
values. On the other hand, yellow dots clustered to the left of
zero indicate that firms with little enforcement history carry a
negative contribution from this variable.

We provide the marginal effect of the cumulative penalty count
in Figure 6. This plot highlights the non-linear and saturating
relationship that exists between the cumulative penalty count
and the likelihood of environmental penalties in the future.
This figure separately shows the trend of the marginal con-
tribution of the cumulative penalty count to penalty risk. The
horizontal axis displays the cumulative penalty count vari-
able, and the vertical axis displays the variable's contribution
to the predicted penalty risk for that particular observation.
Each vertical line in the figure serves as a representation of a
single firm-year observation. Using the colour scale, the same
information is reinforced, with blue vertical lines representing
companies that have low cumulative penalty counts and red

Business Strategy and the Environment, 2026
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SHAP Summary Plot — Feature Contributions to Penalty Risk

Cumulative Penalty Count 0.536
Visibility ~ 0.365
Capital Intensity .235
Labour Intensity  0.183 **
Firm Size 0177 UM
Cash Holdings  0.169 ~ 74 biRREREm
Inventory Intensity 0.133 « <0 EFR
Market-to-Book Ratio 0.115
Capital Expenditure Intensity 0.103
Cumulative Penalty Sum
Leverage 0.094 *. A%k
CEO Salary
Current Ratio 0.080 -
Profitability 0.079 * . 2>P&EIRE
Sales Growth
Market Equity
Working Capital Intensity 0.061
CEO Tenure
TMT Size 0.034
Ever Penalised Before 0.021 d

%

% L Q .

Feature
Value
High

Mid

=~ Low

1 2

SHAP Value (contribution to penalty risk)

FIGURES5 | Observation-level SHAP contributions.
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FIGURE 6 | Marginal effect of the cumulative penalty count on
model predictions.

vertical lines representing companies that have large cumu-
lative counts. The smooth red trend line reveals three distinct
patterns. First, firms with little penalty history have negative
SHAP values, and their enforcement history actually reduces
their predicted penalty risk. Second, there exists a threshold
value of the cumulative penalty count for which SHAP val-
ues shift from negative to positive. Third, we can observe the
diminishing marginal effect of the cumulative penalty count
on the right side after extending the trend, where the rate of
increase in SHAP values begins to flatten at very high levels of
cumulative penalties. These outcomes could not be produced
by a standard linear or logit model.

5 | Discussion and Conclusion

Our research focuses on the driving force behind the likelihood
of future environmental violations. Our investigation addresses
one of the most enduring puzzles in the field of environmental
governance studies at this point. The identification of the organ-
isational, financial and governance-related traits that consistently
signal potential non-compliance has been a focus of investiga-
tion for academics and regulatory authorities for several decades.

Nevertheless, in spite of the fact that there is a considerable body of
research on parametric models, managers, investors and enforce-
ment agencies in the real world continue to find these models to
have minimal practical utility. We demonstrate that the existing
parametric approaches may be incomplete due to their structural
limitations. This incompleteness is not a reflection of the true com-
plexity of environmental non-compliance, as the present study
demonstrates. We combine parametric and non-parametric meth-
odological traditions in order to arrive at a more comprehensive
analysis of the elements that are responsible for environmental vi-
olations. The random effects logit model and the XGBoost machine
learning method are not competing tools in this context. They are
complementary lenses that have been trained on the same data.
The logit model coefficients’ significance and interpretations are
based on the premises of linearity and additive separability, which
the real world does not honour. The parametric models may not
reflect the feedback mechanisms and path-dependent trajectories,
which are present in the dynamics of regulatory non-compliance.
Thus, parametric models may provide incomplete conclusions.
The XGBoost and SHAP analyses allow the researchers to confirm
the findings of the parametric baseline model.

We discover that the variables associated with the historical pen-
alty behaviour show the highest dominance, and the finding is
consistent across both approaches. It has been determined by
both the random effects logit model and the XGBoost framework
that the cumulative penalty count is the most accurate indica-
tor of future environmental breaches. The logit model suggests
that a unit increase in the cumulative penalty count is linked to a
30% increase in the odds of obtaining a future violation. The gain
metric for the cumulative penalty count in the XGBoost model
is much higher than that of all other predictors. Additionally,
the mean SHAP value of the cumulative penalty count has the
highest rank compared to other variables. The integration of
parametric and non-parametric methods is a robust approach for
the path-dependent nature of environmental non-compliance.
Our findings extend the earlier work of Kirk et al. (2007) and
Thornton et al. (2008), which established that compliance be-
haviour is shaped by internal organisational cultures that re-
sist change in the absence of substantial external pressure. The
present study makes an important contribution by revealing,
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through the use of SHAP dependence plots, that this relationship
is non-linear and saturating. The findings of this study suggest
that companies with limited enforcement histories have negative
SHAP contributions. Their limited history is associated with a
reduced predicted risk of being penalised. There is a threshold at
which the marginal SHAP value turns positive, and at very high
cumulative counts, the rate of increase flattens out significantly.
This pattern of diminishing marginal effect is completely unde-
tectable using the logit and linear regression frameworks. This
effect is detected with the incorporation of machine learning. It
suggests that the enforcement agencies could prioritise firms ap-
proaching the threshold region, where the marginal risk of future
violations increases most sharply.

We obtain a more nuanced picture of the variables included in
financial structure, growth and valuation categories. The logit
model reveals that cash holdings are a significant negative pre-
dictor. These findings align with the prior literature (Konar and
Cohen 2001; Laplante and Lanoie 1994), which states that finan-
cial constraints restrict compliance investment. Additionally,
the logit model shows that the capital expenditure intensity may
be associated with a higher level of environmental exposure.
However, it is necessary to exercise caution when interpreting
these data in light of the results obtained by XGBoost. In terms
of mean absolute SHAP values, cash holdings and capital expen-
diture intensity obtain relatively lower ranks. Both of these rank-
ings are lower than those of the cumulative penalty count and
operational factors. The overstatement of the marginal contribu-
tion of financial structure variables shown by the random effects
logit is mismatched with the XGBoost model. When the genuine
predictive weight of historical punishment behaviour is taken
into account and when it is permitted to interact non-linearly with
other variables, the relative value of financial structure variables
decreases. These variables contribute relatively little predictive
information about the regulatory trajectory of a company. Hence,
the economic models of compliance that consider financial struc-
ture variables as major explanatory elements need more scrutiny
while focusing on environmental violations.

The logit model demonstrates that firm size and visibility are
both significant and positive predictors, which aligns with prior
research (Yu et al. 2017). Firm size and visibility also have a
high ranking in the SHAP framework. However, the variable
labour intensity is not significant in the logit model but is ranked
fourth in the SHAP analysis. One possible explanation is that
more labour-intensive companies may be more observable to
regulators, which could enhance the probability of enforcement
regardless of actual compliance conduct. While the logit model
tries to capture this, it does not take into account the non-linear
interactions that the XGBoost model encodes between firm size,
operational factors and historical penalty behaviour. The capital
intensity variable shows its dominance in both methodologies. It
suggests that operational characteristics are responsible for the
creation of structural exposure to environmental risk. The vari-
ables associated with governance and executive incentives do
not signal their importance in random effects logit and XGBoost
models. As a result of this alignment across both methodologies,
there is substantial evidence that governance structures have a
negligible direct influence on enforcement outcomes. However,
prior literature establishes a connection between environmen-
tal performance and executive incentives (Aguilera et al. 2006;

Dong et al. 2025). This suggests that boards may adopt environ-
mental policies and signal their commitment to the environment,
but the actual probability of regulatory violation appears to be
driven much more powerfully by the accumulated behavioural
trajectory of the company. The governance mechanisms may
indirectly influence the path-dependent enforcement dynamics
through broad strategic orientations. Furthermore, the ever-
penalised-before binary variable is significant in the logit model
but not a dominant factor in the XGBoost model. Thus, a simple
binary indicator of past violation carries less information, and
the nuance of historical penalty behaviour is more important.

Hence, we address the real-world concern regarding the incon-
sistency of the parametric environmental compliance research,
which may bring inconsistent and realistically limited outcomes.
The parametric tradition is not incorrect. It is lacking in several
respects. The problem is that it assumes linearity when there is
none. It gives significance to variables that rank poorly in non-
parametric importance frameworks and are unable to recover
the path-dependent dynamics. We do not recommend treating
parametric and non-parametric approaches as alternatives. Our
study illustrates that combining parametric and non-parametric
approaches generates a more comprehensive and practically ac-
tionable understanding of environmental non-compliance.

5.1 | Contributions

The majority of researchers rely on linear regression models
while working on environmental violations. We contribute to
the prior literature by adopting an advanced machine learn-
ing approach in this field of academic research. The traditional
regression methods have several assumptions which may be
hard to follow during the analysis and interpretation. However,
it is unlikely to assume that the regulatory environment is
characterised by a linear relationship between dependent and
independent variables. Hence, it is crucial to use a machine
learning approach, which accounts for non-linear relationships.
Furthermore, this is more relevant in the context of environmen-
tal violations, where business characteristics may be contingent
on previous enforcement histories. This demonstrates the meth-
odological limits of conventional techniques in this research
domain, which are highlighted by the findings. A critical meth-
odological innovation of this study is the deliberate aggregation
of a parametric benchmark with a non-parametric benchmark.
The XGBoost method is capable of capturing the true contri-
butions of predictors. In addition, the SHAP values reveal the
patterns of diminishing marginal effects of predictors. Hence,
it offers a more nuanced empirical operationalisation of path
dependence. The comparison allows the identification of the
overestimation of the logit coefficients of certain variables in the
parametric models. This is a methodologically distinctive trian-
gulation, which offers a principled solution to the longstanding
puzzle of why single-method parametric studies have produced
inconsistent findings in this literature.

We provide a contribution to the field of methodology with the
conceptualisation and evaluation of variable significance val-
ues. When conducting traditional regression-based research,
it is common practice to infer significance based on statistical
significance or the magnitude of the coefficient. Both of these
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factors are sensitive to the model specification and the sam-
ple size. However, we use gain, cover and frequency metrics,
which are associated with performance-based evaluation and
relevant to the outcomes of complex organisational situations.
The comparison between these performance-based XGBoost
metrics and the odds ratios generated by the random effects
logit model reveals important divergences that have substantive
theoretical implications. For instance, the ever penalised before
binary dummy is weakly significant in the logit model but reg-
isters near-zero importance in all XGBoost metrics and SHAP
analysis. Thus, the logit results may be a model-specific artefact
rather than a genuine predictor of future violations. This kind
of cross-method diagnostic is only possible when parametric
and non-parametric results are explicitly compared, a practice
this study establishes as a standard for future research in this
domain. Our analysis encourages a data-informed assessment,
which is becoming increasingly essential in environmental gov-
ernance disciplines. Environmental compliance can be charac-
terised by historical compliance behaviours along with other
firm-related factors. Our approach captures the asymmetric
effects of predictors by showing the diminishing marginal ef-
fects of predictors. Additionally, we recommend relying less on
static factors for researching regulatory phenomena, which are
uneven by nature. We contribute to the pluralism of methodolo-
gies within this field by illustrating how computational methods
can be incorporated into organisational research. We position
machine learning as a supplementary instrument to improve
empirical precision.

From a managerial perspective, firms should consider envi-
ronmental violations as persistent organisational trajectories
instead of discrete correctable incidents. They should keep
in mind that early-stage compliance breaches may bring
the risk of persistent enforcement. Hence, it is necessary to
comply during the early phases of organisational growth and
expansion into activities that are environmentally sensitive.
Short-term remedies may not be sufficient to change the reg-
ulatory trajectory of the company. Imposing an environmen-
tal violation penalty may also bring brand damage, which is
not beneficial to firms. Thus, managers should think about
environmental compliance as a long-term strategic issue and
incorporate efficient monitoring systems and internal ac-
countability structures within the organisation. Addressing
the core issues may shift the attention from discovery-based
enforcement to confirmation-based enforcement. This
trajectory-based view of violations is supported by both the
random effects logit model and the XGBoost framework.
Managers should consider their firm's regulatory history as
the single most informative signal of future enforcement ex-
posure. They should be aware that regulatory attention is dy-
namic in nature, and the current improved policies may not
be helpful in the presence of a substantial violation history.
They should maintain consistency in environmental perfor-
mance as well as the hazards that are associated with varying
their efforts to comply with regulations. Environmental com-
pliance risk should be seen as an essential component of firm
risk management rather than a peripheral concern. Managers
should integrate environmental compliance indicators while
assessing risks associated with environmental violations.
This integration has the potential to enhance internal aware-
ness and enable better-informed strategic planning. Though

financial resources play a secondary role, the data suggest
that they may continue to influence compliance outcomes.
Managers should realise that financial resources alone may
not improve environmental performance if firms have a pre-
vious history of environmental violations. This discrepancy
in the dominance of cash holdings gives a signal to managers
that they should not focus on this variable for resetting the
regulatory trajectory.

5.2 | Limitations and Future Research Directions

Though we provide crucial insights, our study has some lim-
itations which draw attention to areas of research that have
the potential to provide further discoveries. When these lim-
itations are addressed, it is possible to further enhance theo-
retical understanding and methodological techniques within
the literature of environmental governance and organisational
misbehaviour. We investigate solely publicly traded US firms
by merging different datasets. Although this integrated data-
set offers a wealth of information at the firm level and makes
it possible to conduct longitudinal research, it restricts the ex-
tent to which the findings may be generalised. Researchers can
collect the dataset from private firms and perform a combined
dataset analysis to get additional insights. The scope can be
expanded to developed or emerging markets, which have dif-
ferent regulatory enforcement. The path-dependent dynamics
should be investigated through comparative studies, as ob-
served in this study.

We measure environmental violations with the help of reported
monetary penalties. Researchers can collect data on regulatory
warnings and perform a study to understand the nuances of
regulatory scrutiny. Due to the high predictive capacity of his-
torical penalties, companies having a history of infractions may
be subjected to a higher level of inspection. Hence, subsequent
research can be performed to identify the impacts of inspection
frequency to untangle behavioural persistence from monitor-
ing effects. A quasi-experimental technique of causal inference
may be of use in elucidating the directionality of these interac-
tions. We use year-wise aggregation of infractions and company
characteristics. Short-term dynamics (monthly or quarterly)
may also provide additional insights into our study. There is
potential for future research to make use of data with a higher
frequency, such as recordings at the quarterly or event level,
in order to investigate how businesses modify their behaviour
promptly following enforcement actions. When it comes to re-
cording short-term organisational reactions and differentiating
between symbolic and real changes in environmental practices,
event study methods may prove to be particularly beneficial.
Finally, future research can be conducted on specific industries,
and researchers can provide additional insights with respect to
each industry.
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