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Many business managers start to adopt environmental-friendly activities due to pressures and concerns regarding
the potential adverse environmental impacts from their regular activities. However, there is no consensus regarding whether better environmental performance can lead to superior financial performance. Academic research
also shows mixed or even contradictory results, possibly due to various limitations and problems. This study builds
a multilevel framework to study the complicated relationship between environmental performance and financial
return and synthesize those non-consensus results in many previous studies. An overall positive relationship is
found between environmental and financial performance with variations across companies and industries due to
the company- and industry-level heterogeneities. A negative relationship is also identified for some firms in some
industry sectors. Moreover, the bi-directional causal relationship between environmental and financial performance also implies that it is necessary for companies to have sufficient financial resources in order to implement
proactive environmental strategies and initiatives. The findings in this study make contributions to the literature,
provide guidelines for managers and investors, and give implications for policymakers.

1. Background
As society has been paying more and more attention to the negative
impacts of many business operations on the environment, firms are facing increasing pressures to improve their social responsibility and
achieve sustainable development. As an important component of corporate social responsibility (CSR), environmental management (EM) has
been gaining soaring attention from consumers, businesses, governments, non–governmental organizations (NGO) and academics as well.
Many stakeholders have been starting to urge firms to reduce their existing or potential negative impacts on the natural environment, community, and society. Numerous regulations and policies have been proposed by government agencies and NGOs aiming to reduce or prevent
environmental deterioration. Accordingly, an increasing number of firms
started to adopt EM practices under compulsion or voluntarily. For example, based on the study from KPMG, about two-thirds of the largest
companies in western countries have engaged in green or sustainable
development to some extent and published related environmental disclosure reports (KPMG, 2011). The costs related to EM activities have
kept increasing substantially (Barbera and McConnell, 1990).
How does a firm's EM affect its financial performance (FP)? Does it
pay to be green? After decades of theoretical and empirical studies, there
still seems no conclusive results (Konar and Cohen, 2001; Wagner et al.,

2001). Overall, two opposite opinions exist. On the one hand, the neoclassical school of economics argues that additional costs will be incurred
for firms from conforming environmental regulations (Walley and
Whitehead, 1994). Thus, expenditures and efforts devoted to EM practices to improve environmental performance (EP) are usually viewed as
extra costs that will decrease financial returns. On the other hand,
drawing on resource-based view (RBV), Porter's hypothesis and stakeholder theory, researchers suggest a positive relationship between EP and
FP because of increased legitimacy and sustainability (Clarkson, 1995;
Porter, 1991; Hart, 1995; Porter and van der Linde, 1995; Li et al., 2019).
In strategic management studies, RBV has been used for decades to explain corporation competitive advantages by arguing that firm's rare and
valuable resources or capabilities are hard to imitate or substitute
(Wernerfelt, 1984). Hart (1995) posits that “capabilities that facilitate
environmentally sustainable economic activity” (p. 991) is critical for a
firm when building competitive advantages with the acceleration of
negative impacts on natural resources and environment in both scale and
scope from human activities. Porter's hypothesis and stakeholder theory
argue that extra benefits such as cost reduction and innovations from EM
can offset the costs of complying with environmental regulations with
improved efficiency and enhanced competitive advantage.
As a result, mixed outcomes have been found in the literature regarding the relationship between EP and FP (Horváthová, 2010;
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Orlitzky et al., 2003). First of all, some studies found that EM contributes significantly to FP, i.e., it pays to be green (Christmann, 2000;
Judge and Douglas, 1998; King and Lenox, 2001; Klassen and Whybark,
1999; Konar and Cohen, 2001; Russo and Fouts, 1997). Second, although some other studies demonstrated the significant association
between EP and FP, it only exists when firms were not doing well in
their EP with negative environmental issues or accidents (Beatty and
Shimshack, 2010; Gupta and Goldar, 2005). Third, there are also some
studies showed no significant association between EP and FP (Aras
et al., 2010; Moneva and Cuellar, 2009; Waddock and Graves, 1997).
Lastly, many others indicated a negative relationship between EP and
FP (Jacobs et al., 2010; Konar and Cohen, 2001; Moore, 2001;
Ngwakwe, 2009; Stanwick and Stanwick, 1998).
Various explanations have been proposed trying to explain these
inconsistent findings, such as small sample size (Konar and Cohen,
2001), lack of objective criteria to evaluate EP as well as lack of clear
definitions for EP and FP (Cohen et al., 1995; Griffin and Mahon, 1997),
self–reported cross-sectional data with large common method of variance (Wood and Jones, 1995), omissions of important contingent
factors such as firm size or location (Elsayed and Paton, 2005; Wagner
et al., 2001), negligence of firm and industry heterogeneities and
over–time dynamics (Elsayed and Paton, 2005), and methodology
limitations failing to address the complicated structure between EP and
FP (Derwall et al., 2005; Ullmann, 1985). Another possible explanation
is the potential endogeneity problem between EP and FP. As indicated
by the slack resource theory, successful firms tend to have more slack
resources and can invest more in EM (McGuire et al., 1990; Waddock
and Graves, 1997). Also, good management theory indicates a high
correlation between good management practice and EP because of the
good relationships with various stakeholders with improved morale,
productivity and satisfaction (Waddock and Graves, 1997).
All these different opinions and conflicting findings indicate the
complicated specifications and relationships between EP and FP (Hull
and Rothenberg, 2008; Russo and Fouts, 1997). The lack of consensus
conclusions fails to provide useful guidelines for business managers
when deciding to invest in EM strategies and initiatives. Therefore, it is
urgent and necessary for researchers to solve this problem by using
more advanced and comprehensive analyses with better datasets and
methodologies. This is where this study originates.

that operate within “dirty” industry sectors than those in “clean” sectors. Therefore, companies in “dirty” sectors may achieve greater cost
savings and be capable of establishing environmental competitive advantage from proactive EM strategies of resource conservation or crisis
prevention (Klassen and McLaughlin, 1996).
Meanwhile, studies that analyzed the causal direction from EP to FP
are enormous, while research regarding the opposite causal direction is
minimal. In most studies, the relationship between EP and FP was
identified through cross–sectional analyses with only a stable snapshot
of the association between EP and FP, which cannot exclude the possibility of reverse causality from FP to EP. Thereby it is necessary to
address the potential issue of the temporal bi–directional causality between EP and FP using longitudinal data. Such data can provide a
distinct advantage over cross–sectional data to identify causality
(Hedström and Ylikoski, 2010). However, analyses in previous empirical studies of EM and sustainability are limited to aggregate regression models where a reciprocal relationship between EP and FP
couldn't be estimated simultaneously. It is necessary to use advanced
methodologies and good datasets to identify the full picture regarding
the EP–FP relationship for a better understanding of the underlying
rationales.
Therefore, data limitation, heterogeneities across firms and industries, endogeneity, as well as methodological limitation are possible
reasons that lead to those mixed results regarding the EP–FP relationship in previous empirical studies. This study aims to solve those problems by building a multilevel framework to investigate the complicated EP–FP relationship. The objective of this study is to conduct a
comprehensive analysis of the EP–FP relationship in order to reconcile
previous non–consensus findings, identify different conditions under
which it pays to be green or it doesn't pay to be green and investigate
the existence of bi–directional causality between EP and FP.
3. Theoretical foundations and research framework
3.1. Dynamic capabilities
As the extension to the resource-based view (RBV) that recognizes the
importance of unique and inimitable assets in creating competitive advantage (Teece, 1984; Wernerfelt, 1984), dynamic capabilities (DC) explains the mechanism that sustains the competitive advantage by arguing
that the enduring source of a firm's competitive advantage comes from its
capabilities of acquiring, integrating and deploying internal and external
resources to match the market environment, rather than the possession of
idiosyncratic resources (Teece et al., 1997; Lengnick-Hall & Wolff, 1999;
Priem and Butler, 2001). An organization's dynamic capabilities enable
its long-term competitive advantage and explain organizational adaptation to external dynamic environment (O'Reilly & Tushman 2008). DC
emphasizes the dynamic process of resource acquisition, integration and
deployment to fit with the external changing environment. DC has been
widely used to explain intra-industry performance differences across
firms (Zott, 2003). A firm's DC can effectively change its resource positions (Eisenhardt and Martin, 2000), capabilities (Kogut and Zander,
1992), and operational behaviors and efficiency (Nelson and Winter
1982). Therefore, to deal with the external pressure of sustainable development, firms vary in their resource configurations and capabilities
when implementing environmental strategies for pollution/waste control
and efficient use of resources. These variations will lead to different
management capabilities, responsiveness to market, product design and
innovation, operational costs, market position and therefore performance. Thus, the EP–FP relationship may vary across firms due to the
variations of their DC.

2. Purpose of study
This study conducts a systematic and comprehensive analysis by
employing a large longitudinal dataset and multilevel methodology to
test the relationship between EP and FP. The goal of this study is
two–folded: the first is to reconcile the extant body of non–consensus
results between EP and FP by identifying the heterogeneous effects
across companies and industry sectors; the second is to figure out the
causal relationship between EP and FP.
Specifically, different from most previous empirical studies that
analyzed the static EP–FP relationship by using either cross–sectional
data or aggregate analysis assuming homogeneous effect across companies and industry sectors, this study aims to decompose the “stable”
and “aggregate” relationship between EP and FP to identify the variations in EP–FP relationship into different levels. We argue that the relationship may seldom be constant or stable for all individual companies under all conditions (Christmann, 2000; Russo and Fouts, 1997).
Therefore, it will be fascinating to explore various scenarios under
which a company's EP would have a positive, neutral or even negative
impact on its FP. For example, as indicated by King and Lenox (2001), it
is necessary to explore the roles of different firm characteristics in
shaping the relationship between EP and FP. Moreover, industry characteristics and heterogeneities may also play a role (Elsayed and Paton,
2005), because companies within different industry sectors may face
different requirements or standards in their operations. For example,
the environmental compliance costs are usually larger for companies

3.2. Contingency theory
Contingency theory states that there is no universal design and the
most effective structure designs are those that fit their related
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contingencies (Donaldson, 2001). Industry context has been recognized
as an important contingency in determining performance (Barney and
Ouchi, 1986; Hansen and Wernerfelt, 1989). Literature in strategic
management and industrial organization has consistently emphasized
the importance of industry underlying structural characteristics such as
norms and practices in shaping a firm's performance. Different industries carry different environmental contingencies and structures.
Datta et al. (2005) indicate that industry capital intensity, industry
growth, and industry differentiation impact performance directly and
indirectly. Organizations whose effective deals with and closely match
their industrial context are more likely to improve performance than
those who do not (Pfeffer, 1997). Thus, from the perspective of contingency theory, the EP–FP relationship may vary across industries
because of the different industry configurations and structures.

4.2. Measurement of EP
Measuring EP has been a difficult task due to the lack of consensus
measurement instrument. Thus, subjective metrics and indicators were
used in many previous studies, which is one of the primary reasons
leading to inconsistent EP–FP relationships in literature. As environmental and social concerns are becoming increasingly important, many
companies started to provide information and disclosures regarding
their performance in environmental and other social aspects. More and
more information regarding the measurement of a company's sustainable and ethical aspects is available from different sources, such as
Bloomberg, Jantzi/Sustainalytics, MSCI/KLD Research and Analytics,
Thomson–Reuters/Asset4, etc. Among these sources, Bloomberg, as a
leading company in business and financial information, collects
Environmental, Social and Governance (ESG) data from individual
company's published reports or materials and evaluate each company's
performance annually in these three aspects. The ESG dataset is integrated into Bloomberg's Equities, Intelligence, and Fixed Income
platforms, and free for its user to use in the Bloomberg Equities and
Industries service. For each company, its performance in environment,
social and corporate governance is estimated between 0 and 100, based
on the extent that the corresponding aspect is fulfilled in each associated company. Then a weighted-average ESG score is calculated based
on a unique scheme with different weights in E, S, and G by considering
the underlying risk factors for each industry and company.
The measurement of EP for a company used in this study is based on
the environmental aspect of Bloomberg's ESG database. Environmental
indicators used in Bloomberg's ESG database are related to energy,
emissions, water, waste, and green operational policies, management,
etc., such as include carbon emissions, energy efficiency, hazardous
waste management, the use of recycled materials and natural resources,
clean technology, etc. Although most information regarding ESG performance relies on a company's self-disclosure and third-party sources,
“Bloomberg ESG rating will penalize companies for ‘missing data.’”
(DavisPolk, 2017). Companies with good ESG performance normal
choose to disclose their ESG activities extensively to generate favorable
publicity for higher value, while firms with bad ESG performance
would report minimally (Cahan et al., 2015; Fatemi et al., 2017).
Therefore, the environmental score from Bloomberg's ESG database can
represent a company's efforts in reducing irresponsible environmental
activities and adopting proactive EM strategies for green operation and
better environmental performance.

3.3. Research framework
Based on the theoretical foundation discussed above, a multilevel
framework is specified in this study to account for the across–firm, as
well as across–industry variations. Moreover, bi–directional relationship with time sequence between EP and FP is also specified to address
this potential problem of endogeneity. By using the multilevel framework, we aim to identify the following three hypotheses.
(1) Firm heterogeneity due to a firm's unique capabilities in resource
acquisition, integration and deployment characteristics when implementing environmental strategies and pursuing financial performance. Based on DC, firms vary in their reaction to turbulent
environment in responsiveness to markets, product design and innovation, managerial capabilities, etc.
(2) Industry heterogeneity due to variation of industrial configurations and
structures. Base on contingency theory, higher performance can be
achieved when an organization's configurations and behaviors closely
match the associated industrial contexts and structures. For example,
firms in green industries can probably achieve higher returns than those
in dirty industries because of the lower costs in compliance with the
requirements of environmental regulations (King and Lenox, 2001).
(3) Bi-directional relationship between EP and FP: A firm's EP may
have a great impact on FP as shown in many previous studies. It will
be equally likely to argue the opposite direction of causality with FP
influencing EP (Wagner et al., 2001). EM initiatives are costly. The
slack resource theory indicates that a firm with a high level of FP
may have slack resources to invest in EM initiatives to improve its
EP (McGuire et al., 1990; Waddock and Graves, 1997).

4.3. Measurement of FP and company characteristics

4. Methodology

The data related to company's FP and characteristics are obtained
from Standard and Poor's COMPUSTAT database that contains financial
statement information on most publicly traded corporations in the U.S.
This database provides a broad range of information for a company's
financial status, including annual and quarterly income statements and
related items in balance sheets (i.e. assets, liabilities, and equity),
statement of cash flows, general company information and many other
supplemental data items. The COMPUSTAT dataset was obtained from
Wharton Research Data Services (WRDS).
Return on assets (ROA) will be used as a proxy for a company's FP.
ROA is calculated as the ratio of net income to total assets, indicating a
company's profitability based on its total assets. ROA demonstrates the
operating efficiency in utilizing the company's total assets. ROA has
been used by many studies in strategy, finance and accounting as well
as corporate ethics and sustainability in the literature to measure a
company's financial performance (Hart and Ahuja, 1996; King and
Lenox, 2001; Nelling and Webb, 2009). Several other indicators from
COMPUSTAT related to company characteristics will also be included
in the dataset, such as firm size (i.e. the number of employees, assets),
research and development (R&D) expense, capital expenditure, market
shares, advertising expenses, etc. These indicators act as firm–level

4.1. Data
The data used in this study include the U.S. 500 largest publicly
traded companies based on market capitalization headquartered in the
U.S from 2005 to 2014, because large companies are more likely to
adopt EM strategies in their operations (Ashby et al., 2012; Hart and
Ahuja, 1996; Pagell and Wu, 2009). The data are consist of three parts
from three different sources. The first part is regarding the measurement of EP, which is obtained from Bloomberg's database on Environmental, Social and Governance (ESG) for individual companies. The
second part is about a company's financial performance and associated
characteristics, like size, R&D, etc. obtained from Standard and Poor's
COMPUSTAT database. Besides, the third part is industry characteristics including capital (structure and equipment) expenditures, collected from the U.S. Census Bureau. The dataset is consistent with our
model with a three–level nested structure overall. The overtime repeated observations for an individual company (level 1) are nested in
that specific company (level 2), and companies belonging to a specific
industry sector are nested in that sector (level 3).
330
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factors that may differentiate some companies from others in their
impacts on the EP–FP relationship.

mean of FP for all companies and ej as the corresponding residual for
the FP deviation of industry j. All the residuals (i.e., cijt, dij, ej) at different levels are assumed to follow normal distributions.
Model 1a can be rewritten as follows by combining the above
three–level equations into one equation,

4.4. Measurement of industry characteristics
The industry–level data are obtained from the U.S. Census Bureau. The
first one is capital expenditures for structures and equipment for each
industry sector. Capital expenditure varies across industries. Large capital
expenditures are required for industries (i.e., utilities, transportation, energy, etc.) that invest in expensive facilities, infrastructures and major
manufacturing equipment. The second one is industry research and development expenditures. Spillover effect enables firms can take advantage
of the accumulated pool of knowledge as well as innovation to obtain
competitive advantages.1 The third one is industry concentration measuring “the extent to which industry output is produced by a few firms and
is a commonly used inverse proxy for industry competitiveness” (Melville
et al., 2007). Firms in highly-concentrated industries tend to have bigger
market capitalizations, which may affect their financial performance. Industry concentration is measured by using sales-based and asset-based
Herfindahl indexes as indicated in Hou and Robinson (2006).
Overall, to satisfy the requirements of a multilevel longitudinal
model, the data for each company need to have at least three–year observations continuously in order to estimate the cross–lagged multilevel
models. Among those 500 largest U.S. companies from 2005 to 2014, 39
of them were removed from the dataset due to not satisfying this requirement. Thus, 461 companies were identified among this ten–year
period with a minimum of 3 and maximum of 10 continuous observations. Companies are indicated with GVKEY.2 The dataset includes 3668
company–year observations with an average of about 8 observations for
each company. Overall, 38 industry sectors were identified (details
provided in Appendix 1) based on the first three digits of these 461
companies’ NAICS codes, with an average of about 12 companies in each
sector, and a minimum of 5 and a maximum of 44 companies per sector.

FPijt = θ0 + ej+dij+cijt.

Here, ej captures the random effect of industry j, dij can be viewed as
the random effect of company i within industry j, and cijt is the overtime
variation. This model is also regarded as null random intercept model
because of their intercepts, θ0 + ej+dij, are not constants but variables
following normal distributions. With this decomposition, the total
variance of FP, i.e. Var(FPijt), can be decomposed into three components, between–industry variance, Var(ej), between–company variance,
Var(dij), and within–company variance over time, Var(cijt) as follows,
Var(FPijt) = Var(ej) + Var(dij) + Var(cijt).

Model 1b: Level 1: EPijt = γ0ij+lijt,

(6)

Level 2: γ0ij = η0j + mij,

(7)

Level 3: η0j = κ0 + nj.

(8)

Here, EPijt is the observed EP for company i in industry sector j at
time t. Level 1 captures the within–company changes over time with γ0ij
as over–time mean EP of company i in industry j. lijt is residual at time t.
Level 2 captures the between–company variation with η0j as the mean
EP of companies in industry j. mij is the residual for company i's EP
deviation from the industry mean, η0j. Level 3 captures the between–industry variation with κ0 as the grand mean of EP and nj as the
residual for industry j's EP deviation from grand mean κ0.
Model 1b can also be rewritten as follows by combining the above
three–level equations into one equation for a null random intercept model.
EPijt = κ0 + nj+mij+lijt.

5.1. Null models for variance decomposition

Level 2: α0ij = β0j+dij,

(2)

Level 3: β0j = θ0 + ej.

(3)

(9)

nj represents the random effect of industry j, mij represents the random
effect of company i within industry j, and lijt captures the overtime
variation. All the residuals (i.e., lijt, mij, nj) are assumed following
normal distributions. The total variance of EP can also be decomposed
into three parts, industry-level variance Var(nj), company-level variance Var(mij) and over-time variance Var(lijt) as follows,

As indicated by Raudenbush and Bryk (2002), a good starting point
for any multilevel analysis is to use a null model for variance decomposition. To decompose the variances of EP and FP, the longitudinal
dataset is fitted by using an unconditional means multilevel model
which is a model without any predictor. It simply helps to partition the
total variance of a dependent variable into different levels (Fitzmaurice
et al., 2012; Hoffman, 2015; Singer and Willett, 2003). Models 1a and
1b are constructed to decompose the total variances of FP and EP
correspondingly by using the nested–structure dataset described earlier.
(1)

(5)

Similarly, model 1b is used to decompose the variance of EP as
follows,

5. Model setup

Model 1a: Level 1: FPijt = α0ij+cijt,

(4)

Var(EPijt) = Var(nj) + Var(mij) + Var(lijt).

(10)

5.1.1. Relationship between FP and EP
Most studies about the EP–FP relation have mainly focused on the
impact of EP on FP. For a full consideration of the EP–FP relationship, it
is important and necessary to study the potential influence of FP on EP
as well. This is a question of endogeneity that whether successful firms
have more resources to spend on EM initiatives or whether better EP
leads to better financial outcomes afterward. If an endogeneity problem
exists, many previous studies focusing on the EP→FP causality may
suffer from it with biased outcomes in their analyses. Based on the
virtuous circle perspective, the EP–FP relationship may be bi–directional and involve iterative impact processes in a time–ordered recursive sequence between EP and FP (Orlitzky et al., 2003). That is to
say, a firm's prior FP has an impact on its subsequent EP which will, in
turn, influence its FP in the following period (Orlitzky et al., 2003).
To address this potential endogeneity problem regarding the
two–way interaction between EP and FP, simultaneous equation models
are used to estimate the bi–directional relationship with time sequence
specified between EP and FP. An autoregressive cross–lagged panel
models (ACLPM) (Cole and Maxwell, 2003; Curran, 2000) is constructed to simultaneously address the reciprocal effects between EP

Here, level 1 captures the within–company variation over time. FPijt
is the FP of company i in industry sector j at time t. α0ij is the over–time
mean of FP for company i in industry j. cijt is the residual for company i
at time t, indicating company i's annual FP deviation from its over–time
mean. Level 2 captures the between–company variation with β0j as the
mean FP for all companies in industry j. dij is residual, indicating
company i's FP deviation from the industry–level mean, β0j, in industry
j. Level 3 captures the between –industry variation with θ0 as the grand
1

The author truly appreciates one anonymous reviewer pointing this out.
GVKEY is a unique 6-digit number assigned to each company in the COMPUSTAT database. It is a company identifier and represents the primary key for
a company as an index constituent.
2
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Model 2b: random–intercept and random–slope model at both
company and industry levels,

FPt

FPt-1

FPijt=θ0+ej+ dij+θ1FPij(t–1)+(θ2+pj+ sij)EPij(t–1)+βXij(t–1)+ɛijt, (13)
EPijt=κ0+nj+ mij+κ1EPij(t–1)+(κ2+qj+ wij)FPij(t–1)+γXij(t–1)+£ijt. (14)
Compared with model 2a, the random-slope model 2b estimates the
specific relationship between EP and FP for each specific company and
industry included in this dataset.
Specifically, pj in equation (13) and qj in equation (14) represent the
random part (i.e., deviation from the grand mean effects θ2 and κ2) of
the cross–lagged effect in industry j between FP and EP by allowing this
EP–FP relationship to vary across industry sectors. That is, the cross–lagged impacts between FP and EP may be different across industry
sectors if there is any significant random industry effect. sij equation
(13) and wij in equation (14) are also incorporated in model b to capture
the random company effect on the cross–lagged relationship between
FP and EP for company i in industry j, with the goal of finding the
unique EP–FP relationship for company i in industry sector j. Significant
deviations of sij and wij from grand mean values θ2 and κ2 also indicate
the existence of significant variations in the FP–EP relationship across
companies in industries j. pj, qj, sij and wij are all assumed following
normal distributions. θ2 and κ2 in model b are means of cross–lagged
effects between FP and EP for all companies in all industry sectors.
For example, in equation (13), the impact of EP on FP for a specific
company i in industry j is determined by the mean effect θ2 for all
companies in all sectors as well as the random industry effect (pj) and
the random company effect (sij). That is, the total impact of EP on FP for
company i in industry j is determined by θ2 + pj + sij. Under some
circumstances, even though the overall mean effect (i.e., θ2) is positive
as indicated in many previous studies, the total impact of EP on FP is
not necessarily positive for a specific company in certain industry sectors if an negative random effect at industry or company level exists.
Thus zero or even negative association could be possible for some
companies in certain industries. These arguments also apply to equation
(14) when studying the impact of FP on subsequent EP. The impact of a
company's FP on its subsequent EP includes the mean effect of FP on EP
(κ2), the industry effect (qj) and company effect (wij). The total impact
of FP on subsequent EP for a specific company i in industry j is given as
κ2 + qj + wij, which is determined by the average effect κ2, as well as
the variations of company and industry effects, qj and wij.

EPt

EPt-1
Fig. 1. Temporal cross–lagged model.

and FP. The EP–FP relationship involves temporal iterative processes of
the impact that link the two variables together in a time–ordered recursive sequence, as shown in Fig. 1 below.
In an ACLPM, variables at time (t) account for deviations at a previous
time (t-1). Autoregressive effect is estimated by regressing a variable from
a previous time point to the next time point, while the cross-lagged effect
is calculated by regressing the one variable at time (t) on the other variables’ previous time (t-1). The temporal order of one variable before another can help to identify the causal relationship. In Fig. 1 above, the
single–headed arrows from FPt–1 to FPt, and EPt–1 to EPt represent the
autoregressive effects between the same variable at different occasions.
The diagonal single–headed arrows from FPt–1 to EPt, and EPt–1 to FPt represent the reciprocal EP–FP relationships of impact over time.
Specifically, fixed–slope and random–slope ACLPM will be used to
estimate, (1) the aggregate overall EP–FP relationship, and (2) the
disaggregate EP–FP relationship at the company level and industry
level.
Model 2a: random–intercept and fixed slope model,
FPijt=θ0+ej+ dij+θ1FPij(t–1)+θ2EPij(t–1)+βXij(t–1)+ɛijt,

(11)

EPijt=κ0+nj + mij+κ1EPij(t–1)+κ2FPij(t–1)+γXij(t–1)+£ijt.

(12)

Here, the fixed-slope model identifies the overall relationship between EP and FP by specifying the impact of EP on FP in equation (11)
and FP on EP in equation (12), with some control variables.
In equation (11), ej can be viewed as the random effect of industry j
on FP, and dij can be viewed as the random effect of company i within
industry j on FP. θ1 is the autoregressive coefficient indicating the effect
of FP on itself measured at a later time point. A small or zero autoregressive coefficient means a substantial change of FP over time, while a
significantly positive autoregressive coefficient means that a company's
FP is relatively stable over time. θ2 is the coefficient of EP on FP in the
next period, representing the overall mean impact of EP on FP for all
companies in the dataset. β is a row vector of coefficients of the column
vector of control variables, Xij(t–1), for company i in sector j, indicating
the average effects of control variables on FP for all companies.
Similarly, in equation (12), nj represents the random effect of industry j on EP, and mij represents the random effect of company i within
industry j on EP. κ1 is also an autoregressive coefficient indicating the
effect of EP on itself measured at a later time point. κ2 is the coefficient of
FP on EP in the next period, representing the overall mean impact of FP
on EP for all companies included in the dataset. γ is a row vector of
coefficients for the column vector of control variables, Xij(t–1) of all
companies, measuring the average effect of those control variables on EP.
Both θ2 and κ2 describe the cross–lagged mean effects between FP
and EP, which are the average impacts of all companies’ FP on their
subsequent EP and the effect of their EP on subsequent FP. A significantly positive value of θ2 indicates the mean impact of EP on following–period FP is positive, and a significantly negative value of θ2
indicates a negative impact. Similarly, a significantly positive value of
κ2 means that an increase in FP can lead to enhanced EP in the following period, and vice versa. Similar to many previous studies, model
2a is an aggregate analysis by studying the average relationship between EP and FP.

6. Results and discussion
6.1. Results of variance decomposition
As discussed in section 3.2.1, we use an unconditional means multilevel model is built to decompose the total variance of FP and FP into
industry-level, company-level and over–time variances as displayed in
Tables 1 and 2 below.
Based on Table 1, the total variance of the FP for all companies in
the dataset is significantly decomposed into three levels, within company (5.20e–06), across companies (8.65e–05) and across sectors
(1.65e–05), with corresponding standard errors in parentheses. This is
the estimation results for model 1a. The variance partition coefficients
(VPCs)3 for FP at each level are 4.81%, 79.94% and 15.25% respectively. The within–company variance only accounts for 4.81% of the
total variance, indicating that the FP of all companies in the dataset is
relatively stable over time. The across–company variance accounts for
79.94% of total FP variance, which means that FP varies a lot across
companies. Industry –level variance account for 15.25% of the total FP
3
VPCs are used to calculate the relative magnitude of the variance components at each level to the total variance. VPCs report the proportion of response
variance at each level.
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Table 1
Decomposition of FP variance.
DV: FP
Industry Level, Var(ei)
Company level, Var(dij)
within company, Var(cijt)
a

Variances equation (4)
a

1.65e–05 (5.84e–06)
8.65e–05 (6.02e–06)a
5.20e–06 (2.00e–07)a

Variance Partition Coefficients (VPCs)

Intraclass Correlation Coefficients (ICCs)

0.152
0.799
0.048

0.152
0.952
0

Indicates significance with p–value ≤ 5%.

Table 2
Decomposition of EP variance.
DV: EP
Industry Level, Var(li)
Company level, Var(mij)
Within Company, Var(nijt)
a

Three–Level Model equation (9)
a

39.600 (13.111)
156.376 (11.227)a
27.868 (1.077)a

Variance Partition Coefficients (VPCs)

Intraclass Correlation Coefficients (ICCs)

0.177
0.699
0.124

0.177
0.876
0

Indicates significance with p–value ≤ 5%.

variance, indicating variations across industries. Moreover, the intraclass correlation coefficients (ICCs)4 of FP at each level are also
calculated. The industry ICC is 0.152, indicating that the correlation
between two FP observations of two different companies in the same
industry is 0.152. The company ICC is 0.952, indicating the correlation
of two FP observations overtime within a single company is 0.952.
Therefore, a company's FP overtime is very stable, which is consistent
with the results of VPCs.
Similarly, the results of EP shown in Table 2 follow a very similar
pattern as FP. The total variance of company's EP is significantly decomposed into three levels, within company (27.868), across company
(156.376) and across sectors (39.600), with corresponding standard
errors in parentheses. The VPCs for EP at each level are calculated as
12.45%, 69.86% and 17.77% respectively. The industry ICC is 0.152
indicating the correlation between two EP observations of two different
companies in the same industry is 0.152. The company ICC is 0.876,
indicating a high correlation between two EP observations overtime
within a single company.
Based on the results of VPC and ICC, for both FP and EP, there are
significant variances across industries and companies, and there are
great similarities for companies within the same industry and for
overtime observations within the same company. Therefore, a multilevel model is appropriate to analyze the dataset used in this study.

Thus, even though the overall mean impact of EP on FP is significantly
positive with θ2 = 0.0000685 (p < 0.01) as indicated in the random–slope model, equation (3), EP may influence FP differently from this
average impact of θ2 for some companies in certain industry sectors.
6.2.1. Random industry effect
The variations of the random effects for the impact of EP on FP at
industry level are displayed in the “caterpillar plot” below (Fig. 2) with
the estimated values for the magnitudes of random effects for each
industry sector and associated errors in Appendi×1.
Fig. 2 shows the estimated magnitudes of variations regarding the
impact of EP on FP across 38 industry sectors included in the dataset.
Based on the results in Appendix 2 and the plot in Fig. 2 below, it can be
found that although the random industry effect (i.e. pj) for most industry sectors is not significantly different from 0 with 95% confidence
intervals covering the value of 0, there are several industry sectors with
significant random impacts of EP on FP (i.e. pj) above as well as below
0. These variations indicate that for some industry sectors, the financial
return from investment in EM strategies is below the average with
negative random industry effect (pj < 0), while some other industry
sectors have above-average return from EM strategies with positive
random industry effect (pj > 0). From the results, we can find that
there are three industries that have negative random industry effects
with one in utilities and two in manufacturing (food and fabricated
metal product). This below-average return from EM activities compared
with other industries possibly due to the lack of public acknowledgment
or poor industry structure. The two industries with above-average
random effect are “Petroleum and Coal Products Manufacturing” and
“Credit Intermediation and Related Activities”. It is interesting that the
public will reward the EM efforts in the industry of Petroleum and Coal
Products Manufacturing, indicating that society is paying more and
more attention on sustainability.
Specifically, for those companies belonging to industry j, the impact
of their EP on FP is defined as θ2 + pj if only random industry effect (pj)
is considered. Even though the average effect θ2 is positive, θ2 + pj
might be close to zero or even negative if pj is negative. For some industry sectors with positive values of pj, the impact of EP on FP
(θ2 + pj) would be higher than average.
For example, for the industry effect of sector 221 in appendix 2,
sector of utilities, pj is estimated as −0.000125 (0.000045, p < 0.01).
This significantly negative random industry effect will decrease the
overall impact of EP on FP for companies in the utility sector. Because
the mean impact of EP on FP in equation (3) θ2 is estimated as
0.0000685, the result of θ2 + pj will be given as −0.00056, indicating a
mean negative impact of EP on FP for companies in industry sector
utilities. This negative impact indicates that the financial return from
EM activities for companies in the utility sector might not cover the

6.2. Results for FP
Based on the results in Table 3 (DV: FP) above, the autoregressive
coefficient of FP, θ1, is significantly large, 0.708 (0.0144, p < 0.01) for
fixed–slope model and 0.707 (0.0139, p < 0.01) for random–slope
model, which indicates high stability for company's FP over time. For
the overall relationship between EP and FP, on average, a company's EP
does have a positive impact on its subsequent FP, indicated by the
significantly positive coefficient of EP on FP in fixed slope model
(equation (1)) with θ2 = 0.0000765 (p < 0.01). That means, by considering all the companies in the dataset together, an increase in a
company's EP can improve its FP in the following period. EP and FP are
positively related, which is consistent with many previous studies that
concluded the positive EP–FP relationship.
The random–slope model specified by equation (3) decomposes the
EP–FP relationship into company level and industry level. The significant
variance of pj, Var(pj), indicates significant variations in the impact of EP
on FP across industries. And the significant variance of sij, Var(sij), indicates significant variations in the impact of EP on FP across companies.
4
ICCs measure the homogeneity of the observed values within a given group.
High ICC values indicate high similarity among observed units within a cluster.
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Table 3
Impact on FP in ACLPM for equations (1) and (3).
DV: FPt
Coefficient of FPt–1 (θ1)
EPt–1
RDt–1
EMPt–1
CEt–1
MSt–1
ADt–1
ICONt–1
IRDt–1
ICAt–1

a

Coefficient
Var(pj)
Var(sij)
Coefficient
Var(w1ij)
Coefficient
Var(w2ij)
Coefficient
Var(w3ij)
Coefficient
Var(w4ij)
Coefficient
Var(w5ij)
Coefficient
Var(w6j)
Coefficient
Var(w7j)
Coefficient
Var(w8j)

(θ2)
(β1)
(β2)
(β3)
(β4)
(β5)
(β6)
(β7)
(β8)

Random slope equation (3)

Random slope for X

a

0.708 (0.0144)
7.65e–05 (1.02e–05)a
n/a
n/a
3.03e–07 (8.76e–08)a
n/a
3.29e–06 (7.68e–07)a
n/a
2.72e–07 (5.38e–07)
n/a
0.082 (0.027)a
n/a
4.78e–07 (5.84e–07)
n/a
0.0073 (0.0026)a
n/a
5.52e–07 (7.82e–08)a
n/a
1.72e–07 (3.05e–08)a
n/a

0.705 (0.0163)a
6.61e–05 (9.65e–06)a
7.87e–09 (3.66e–09)a
1.22e–08 (3.41e–09)a
4.79e–07 (9.82e–08)a
6.67e–13 (4.75e–13)
1.43e–05 (2.02e–06)a
1.67e–09 (5.78e–10)a
2.61e–07 (6.15e–07)
3.72e–13 (1.55e–13)
0.084 (0.028)a
0.019 (0.0089)a
4.76e–07 (6.17e–07)
1.70e–09 (6.04e–10)a
0.0069 (0.0028)a
0.00129 (0.00037)a
5.32e–05 (2.17e–06)a
7.17e–06 (2.18e–06)a
1.64e–07 (3.05e–08)a
4.78e–14 (2.57e–14)a

0.707 (0.0139)
6.85e–05 (9.40e–06)a
8.02e–09 (3.25e–09)a
1.12e–08 (3.25e–09)a
3.58e–07 (8.72e–08)a
n/a
2.97e–06 (7.32e–07)a
n/a
2.68e–07 (6.05e–07)
n/a
0.081 (0.025)a
n/a
4.82e–07 (6.01e–07)
n/a
0.0067 (0.0031)a
n/a
5.65e–07 (7.61e–08)a
n/a
1.68e–07 (3.32e–08)a
n/a

Indicates significance with p–value ≤ 5%.
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Fig. 2. Predicted magnitudes of industry effects on FP.

associated costs of EM activities. One possible reason of this negative
EP–FP relationship could be that customers on the market do not fully
trust and value the declaration or efforts of EM initiatives from companies operating in “dirty” industry sector like utilities. Another possible reason could be that the facilities and equipment required by the
EM initiatives are so expensive, which cannot be fully covered by the
financial return from EM in short-term (King and Lenox, 2001).
Therefore, to merely improve FP in short or intermediate term, it may
be worthwhile for them to reduce their expenditures in EM activities
based on the results in this study. Therefore, the economic choice for
those companies operating in industries with a negative EP's impact on
FP could be simply following the minimum of environmental regulatory
requirements without doing any extra EM initiative beyond.

of the estimated random company effects (sij) for the 461 are not significantly different from zero with 95% confidence intervals. Only five
of them are significantly different from zero with three negative and
two positive. One possible reason is that we only include large companies in our dataset. Large companies tend to have better management
capability and more easily to achieve economy of scale regarding their
EM strategies than smaller companies. Larger variation in company's
random effects could be possible if small companies were included.
Significantly negative company effect, sij, indicates that the associated
company has below-average financial return from its EM investments,
probably due to their inefficient management capabilities or other
constraints inside the company. On the other hand, significantly positive company effect of sij, indicates that the associated company has
above-average financial return from its EM investments, possibly because of efficient management or high green reputation.
If only random company effect is considered, the impact of a company's EP on FP is specified as θ2 + sij that could be close to zero or
even negative if sij is significantly negative even though θ2 is positive.
For example, from the results in appendix 3, the estimated random
company effect for company 027786 (GVKEY) is given as
sij = −0.0002072 (0.0000863, p < 0.01), This significantly negative

6.2.2. Random company effect
Similar to the random effect of EP on FP at the industry level, the
impact of EP on FP also varies across companies indicated by the significant variance of the random company effect, Var(sij), in equation (3).
The “caterpillar plot” of Fig. 3 below shows the estimated magnitudes
of variations regarding the impact of EP on FP across all 461 companies.
Based on the plot in Fig. 3 above and the results in appendix 3, most
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company random effect will lead to a negative effect EP on FP, as
θ2 + sij = −0.0001387, which means that the FP of company 027786
will decrease as its EM expenditures increases. Therefore, in short run,
it might be a good economic choice for this company just following the
minimum of regulatory requirements without implementing extra EM
activities beyond the requirements.
To summarize the impact of EP on FP, a positive overall relationship
has been found in this study, which is consistent with many of previous
studies that proposed a positive association between EP and FP. However,
the decomposition of EP–FP relationship leads to negative results for some
companies in certain industry sectors probably due to their unique characteristics, which worth further investigation in future studies.

vary across companies with significant variances, Var(w2ij) and Var(w4ij).
At the industry level, the impact of industry concentration (ICON), R&D
(RD) and capital expenditure (ICA) vary across industries with significant
variances, Var(w6j), Var(w7j) and Var(w8j). Since the impacts of the
control variables are not the focus of this study, details regarding the
random effects for those impacts are not discussed here.
6.3. Results for EP
Based on Table 4 (DV: EP) above, the autoregressive coefficient of EP,
κ1, is significantly large with a positive value of 0.786 (p < 0.01) for
both fixed–slope and random–slope models, indicating high stability of
company's EP over time. Overall, a company's FP does have a positive
impact on its EP, indicated by the significantly positive coefficient of FP
on EP with κ2 = 70.89 (28.56, p < 0.01). This result indicates that an
increase in a company's FP can improve its EP in the following period. A
company with good FP has extra funding to support its EM initiatives and
efforts, which confirms some arguments in previous literature regarding
the existence of reverse or bi–directional causality between EP and FP
(Goss and Roberts, 2011; Wagner et al., 2001). However, there is not
much variation regarding the impact of FP on EP across companies and
industries, indicated by the insignificant variances of random effects, i.e.
Var(wij) and Var(qj), in equations (2) and (4). One possible reason is that
only large companies are included in our dataset. Large companies tend
to be financially successful with more resources and high-level management capabilities. Large firms are more likely to invest more in EM
initiatives to attract more public attention than small firms (Ashby et al.,
2012). For the company- and industry-level control variables, only industry-level R&D has a significant impact on EP. This impact varies
across industries possibly due to the spillover effect resulted from the
industry–level accumulated pool of capital and knowledge.
Therefore, based on the results of ACLPM, bi–directional causality
between EP and FP in a temporal sequence is confirmed as proposed in
the previous literature (Goss and Roberts, 2011). For many previous
studies that only investigated the one–direction impact of EP on FP,
endogeneity problem might exist due to this reciprocally temporal relationship between EP and FP.

6.2.3. Effects of control variables
Several company-level and one industry-level control variables are also
included in the ACLPM model. The first one is a company's expenditures in
research and development (R&D), representing the company's innovation
capacity, indicated by RD in Tables 3 and 4. R&D has positive impact on
FP with coefficient β1 = 3.03e–07 (8.76e–08, p < 0.01) specified by
equation (1), and β1 = 3.58e–07 (8.72e–08, p < 0.01) in equation (3).
The second control variable is company size by using the number of employees, EMP. The significantly positive coefficients of EMP in equation (1)
and (3), β2, indicate that larger companies tend to have higher FP. The
third control variable is company's capital expenditure (CE) has insignificant effect on FP. The fourth one is market share (MS) that has significant
effect on FP. The fifth one is company's advertising expenditure (AD) with
no significant effect on FP. Three industry–level factors are also included
in this study, the first one is industry concentration (ICON) industry–level
total capital expenditures, denoted by IC. The significantly positive coefficients of ICON, β6, in equations (1) and (3) suggest high–level FP for
companies that operate in highly-concentrated industry sectors. The
second and third industry-level variables are industry R&D and capital
expenditure. Both have positive impact on company's FP. The possible
reason for this could be the spillover effect resulted from the industry–level
accumulated pool of capital and knowledge.
Lastly, for comparison purpose, the random effects for control variables are also estimated with results shown in the last column of Table 3.
Although there are some variations for the impact of some of these
control variables on FP across companies and industries, the results for
the impact of EP on FP are pretty consistent with the previous fixed and
random slope models. The impact of R&D on FP is homogeneous across
companies with the variance of its random coefficient, Var(w1ij), not
significant. But the impact of company size (EMP) and market share (MS)

7. Conclusions, limitations, and future research
7.1. Conclusions
The results found in this study demonstrate variations regarding the
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Table 4
Impact on EP in ACLPM for equations (2) and (4).
DV: EPt
Coefficient of EPt–1 (κ1)
FPt–1
RDt–1
EMPt–1
CEt–1
MSt–1
ADt–1
ICONt–1
IRDt–1
ICAt–1
a

Fixed slope equation (2)
a

Coefficient
Var(qj)
Var(wij)
Coefficient
Var(f1ij)
Coefficient
Var(f2ij)
Coefficient
Var(f3j)
Coefficient
Var(f4ij)
Coefficient
Var(f5ij)
Coefficient
Var(f6j)
Coefficient
Var(f7ij)
Coefficient
Var(f8j)

(κ2)
(γ1)
(γ2)
(γ3)
(γ4)
(γ5)
(γ6)
(γ7)
(γ8)

Random slope equation (4)
a

0.786 (0.0147)
70.89 (28.56)a
n/a
n/a
0.00015 (0.00016)
n/a
−0.00033 (0.0016)
n/a
0.00078 (0.0016)
n/a
68.32 (75.65)
n/a
−0.0048 (0.017)
n/a
18.31 (27.58)
n/a
0.043 (0.019)a
n/a
8.12e–07 (1.9e–05)
n/a

0.782 (0.0149)
70.77 (27.69)a
4.19e–12 (5.67e–09)
1.13e–18 (7.27e–12)
0.00015 (0.00016)
n/a
−0.00034 (0.0015)
n/a
0.00077 (0.0018)
n/a
68.34 (75.64)
n/a
−0.0048 (0.017)
n/a
18.29 (27.46)
n/a
0.044 (0.019)a
n/a
8.12e–07 (1.9e–05)
n/a

Random slope X
0.779 (0.0142)a
70.87 (27.82)a
4.39e–12 (6.47e–09)
1.12e-18 (7.11e-12)
0.00016 (0.00016)
4.12e–23 (1.69e–22)
−0.00035 (0.0016)
2.66e–19 (3.82e–16)
0.00078 (0.0016)
1.07e–7 (1.69e–7)
68.29 (75.75)
4.14e–23 (1.67e–22)
−0.0048 (0.017)
3.45e–6 (3.78e–6)
18.30 (27.55)
1.32 (1.58)
0.043 (0.019)a
0.024 (0.0058)a
8.13e–07 (1.9e–05)
1.09e–21 (1.77e–20)

Indicates significance with p–value ≤ 5%.

period (Orlitzky et al., 2003). Because EM initiatives are costly, a positive impact of company's FP on subsequent EP indicates that high–level FP will provide necessary funding and resources for companies in
helping their implementation of EM strategies and initiatives (McGuire
et al., 1990; Waddock and Graves, 1997).
Thirdly, this study proposes a multilevel framework to analyze the
EP–FP relationship. This multilevel aspect provides a promising direction for empirical research when employing data with various contexts
or scenarios. Multilevel analysis can decompose the variance of observations into different levels across subjects and their upper levels.
Independence assumption required by OLS can be relaxed in multilevel
models by allowing lower–level observations nested in single higher–level subjects (Hoffman, 2015). Moreover, multilevel modeling can
handle and estimate datasets with unbalanced structure and address the
problem of potential collinearity (Browne et al., 2001; Patterson, 2013;
Raudenbush and Bryk, 2002). Compared with pooled OLS and many
other static analyses, multilevel analysis can identify the within– and
between–subject heterogeneities regarding the relationship among
variables interested. Therefore, multilevel modeling can aid the researchers to obtain a full picture of those complicated relationships in
the real world.
Fourth, this study has practical implications for managers regarding
their decisions in adopting EM strategies and investors with concerns of
sustainability. Because EM initiatives are expensive with high uncertainty in improving FP (Figge et al., 2002; Hansen et al., 2007), the
findings from this study are helpful for managers when directing resources and investments to improve EP. For business managers, their
goal is to integrate environmental strategies into their decision makings
and ensure sustainable financial success. By recognizing the heterogeneous EP–FP relationships across companies and industries, the
managers can properly manage their EM activities based on their specific situations and contexts, rather than merely mimic others and increase investment in EM initiatives. For example, for companies with
above–average impact of EP on FP at company as well as industry level,
they can adopt proactive EM strategies and increase EP to not only meet
the obligations of environmental regulations but also move beyond the
regulations to obtain first–mover advantages and achieve the above–average financial return. On the other hand, for managers whose
companies have below–average effect of EP on FP either at company or
industry level, they cannot mimic proactive EM strategies adopted by
those with above-average impact. Instead, they need to manage their
EM activities properly to just meet the requirements of environmental
regulations and increase their management capabilities to enhance the

relationship between EP and FP across industry sectors and companies.
Consistent with many previous studies, a mean positive impact is found
between EP and FP for all companies included in our dataset. Moreover,
heterogeneities regarding the impact of EP on FP is also found across
companies and industry sectors by using multilevel analysis. Under
certain scenarios for some companies and industry sectors, positive or
negative impacts between EP and FP can be identified based on the data
in this study, which reconciles those mixed findings in many previous
empirical studies. Lastly, bi–directional causal relationship between EP
and FP is found. The simultaneous estimation of the reciprocally temporal relationship between EP and FP solves the endogeneity problem
concerned by some researchers (Garcia–Castro et al., 2010; Ghoul et al.,
2011; Goss and Roberts, 2011).
The findings in this study indicate that the company's EP and FP are
positively related overall, suggesting that in general a proactive EM
strategy is helpful in improving future FP (i.e., it does pay to be green).
However, not all companies in all industry sectors can just mimic that
strategy and benefit from it. The heterogeneities of EP–FP associations
under various company–level and industry–level contexts indicate that
the actual impact of a company's EP on FP can be different from the
aggregate effect and largely depends on its own characteristics and the
industry sector it belongs to. The bi–directional causal relationship
between EP and FP also implies that it is necessary for companies to
have sufficient financial resources in order to implement proactive
environmental strategies and initiatives.
This study contributes to the literature and in–world practitioners in
the following five aspects. First, this study employs a multilevel framework to decompose the EP–FP relationship into different levels and
finds that the relationship is not homogeneous for all companies and
industries but varies under different contexts with different characteristics at the company level and industry level. A single explicit conclusion cannot be drawn simply regarding the relationship between EP
and FP without providing certain conditions or contexts (Christmann,
2000; King and Lenox, 2001; Russo and Fouts, 1997). The findings in
this study reconcile those non–consensus EP-FP relationships in previous studies by specifying positive as well as negative relationships
between EP and FP under different contexts. Second, this study addresses the issue of endogeneity by constructing an autoregressive
cross–lagged model and using longitudinal data. A bi–directional
causality is found confirming the existence of iterative processes of
impact between EP and FP in a time–ordered recursive sequence. EP
and FP impact each other over time. A company's FP has an impact on
its subsequent EP which in turn will impact on its FP in the following
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efficiency of EM activities and innovations. For investors who concern
environmental sustainability and plan to invest in certain companies or
industries with the goal to maximize the return of their investment, it
would be a better choice for them to direct their investment into those
companies with above–average impact of EP on FP at both company
and industry levels to gain above–average returns and achieve the
win–win situation under which both their financial return and environment will benefit.
Lastly, this study also has some important implications for policymakers. Realizing the non–unanimous EP–FP relationships across
companies and industries, policymakers need to design more flexible
and effective environmental policies and regulations regarding pollution abatement. For example, for companies in industry sectors that
have below–average return from EP, proper economic incentives can
help them to be progressive in their EM activities (Clarkson et al.,
2011). Also, for some specific industries with high a company–level
variation regarding EP–FP relationship, voluntary instead of compulsory environmental programs and policies may be more flexible and
effective for companies operating in those industries. Consulting service
and suggestions can also be provided to companies with low EM capabilities and efficiencies to help them overcome resource or management constraints if there is any. Furthermore, since public recognition is
important for companies with superior EP to achieve high–level FP,
governments as well as other non–governmental organizations (NGOs)
can help to provide incentives by increasing the public exposure of
company's EP and improve the “green goodwill” of various stakeholders
in the whole society.

industries. Therefore, one possible extension for future research is to
include medium or small companies in the sample to test and verify the
role of company size in determining the existence of heterogeneity regarding EP–FP relationship.
The second limitation is that this study only analyzes companies
from the United States. The results found here might not be generalized
to companies in other countries. Thereby another possible extension is
to apply the multilevel framework to companies in other countries to
investigate the EP–FP relationship. Moreover, location can be added to
the multilevel framework as another important level because different
locations (countries or states) may have different characteristics and
requirements in their environmental policies and regulations
(Jayaraman and Liu, 2019). However, adding locations into the multilevel framework will change the current nested structure into a
cross–classified multilevel model, which will make the multilevel framework more complicated. For instance, one specific location (i.e.
country or state) may include several industry sectors, while one industry sector can reside in several locations. This cross–classified multilevel modeling could be even more complicated if the interaction effect between industry and location is specified. For example, the EP–FP
relationship in a specific industry in one location could be different
from that in another location for the same industry. This industry–location interaction is vital for managers when considering
business expansion domestically or internationally, because different
EM strategies may be required for their branches in new locations.
The third limitation is that this study doesn't fully address the effect
of environmental regulation and other external uncertainties.
Environmental regulations are normally viewed as an instrument to
increase firms' competitiveness by forcing firms to seek more efficient
and sustainable operations with lower cost as well as green innovations,
which can lead to enhanced corporate image, new market opportunities
and higher profitability (Porter and van der Linde, 1995). External
uncertainties, such as technology and market uncertainties, indicate
various risks and unclear expectation of return regarding firms' investment in improving environmental performance (Chang, 2016; Li
et al., 2019; Liu et al., 2017). For example, demand uncertainty of green
product or lack of information regarding the changes of green technologies may hinder firms from devoting great efforts in improving EM
and green innovations (Lopez-Gamero et al., 2011; Liu et al., 2018).
Future research can include those omitted company- and industry-level
features if possible and study the roles of these external factors in impacting the EP-FP relationship.

7.2. Limitations and future research
The first limitation is about the data used in this study. Only large
companies are included in this study without any medium or small
ones. However, studies have shown that companies with different sizes
may devote to environmental initiatives differently (Dierkes and
Coppock, 1978; Trotman and Bradley, 1981), because benefits from EM
activities are different for large and small companies (Dixon–Fowler
et al., 2012). Large companies are more likely to adopt EM strategies in
their decision making and benefit more from EM activities because they
usually receive more attention from the public than small firms (Ashby
et al., 2012; Hart and Ahuja, 1996; Pagell and Wu, 2009). Therefore,
there could be some biases to a certain extent in analyzing the EP–FP
relationship by using only large companies. That may explain why there
is no variation regarding the impact of FP on EP across companies and
Appendix 1. List of Industry Sectors in the Dataset
211
212
213
221
311
312
315
322
324
325
326
332
333
334
335
336
339
423
424
441

Oil and Gas Extraction
Mining (except Oil and Gas)
Support Activities for Mining
Utilities
Food Manufacturing
Beverage and Tobacco Product Manufacturing
Apparel Manufacturing
Paper Manufacturing
Petroleum and Coal Products Manufacturing
Chemical Manufacturing
Plastics and Rubber Products Manufacturing
Fabricated Metal Product Manufacturing
Machinery Manufacturing
Computer and Electronic Product Manufacturing
Electrical Equipment, Appliance, Component Manufacturing
Transportation Equipment Manufacturing
Miscellaneous Manufacturing
Merchant Wholesalers, Durable Goods
Merchant Wholesalers, Nondurable Goods
Motor Vehicle and Parts Dealers
337

International Journal of Production Economics 219 (2020) 328–340

Z. Liu

444
446
448
452
481
511
515
517
519
522
523
524
531
541
561
621
721
722

Building Material and Garden Equipment and Supplies Dealers
Health and Personal Care Stores
Clothing and Clothing Accessories Stores
General Merchandise Stores
Air Transportation
Publishing Industries (except Internet)
Broadcasting (except Internet)
Telecommunications
Other Information Services
Credit Intermediation and Related Activities
Securities, Commodity Contracts, Other Financial Activities
Insurance Carriers and Related Activities
Real Estate
Professional, Scientific, and Technical Services
Administrative and Support Services
Ambulatory Health Care Services
Accommodation
Services and Drinking Places

Appendix 2. Industry–Level Random EP Effects (pj) on FP
Industry

effect

Standard error

rank

221
332
311
322
621
212
531
339
312
515
561
326
325
315
541
335
424
448
524
441
517
722
423
213
511
452
334
336
721
211
444
333
519
523
481
446
522
324

–.0001225
–.0001135
–.0000953
–.000091
–.0000888
–.0000548
–.0000521
–.0000498
–.0000413
–.0000404
–.0000338
–.0000328
–.0000294
–.000027
–.0000246
–.0000105
–.0000105
−1.50e–06
1.12e–06
6.95e–06
.0000101
.0000113
.0000117
.0000121
.0000132
.0000188
.0000222
.0000224
.0000239
.0000266
.0000572
.0000598
.000061
.0000629
.000071
.0000793
.0001686
.0001794

.000045
.000062
.000049
.0000537
.000066
.0000618
.0000689
.0000684
.0000562
.0000582
.000073
.0000704
.0000362
.000069
.0000574
.0000631
.0000725
.0000639
.0000515
.0000863
.0000641
.0000703
.0000753
.0000623
.0000597
.0000549
.0000354
.0000514
.0000642
.0000663
.0000761
.0000517
.0000758
.0000641
.0000538
.0000663
.0000471
.0000605

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38

Appendix 3. Company–Level Random EP Effects (sij) on FP
company

effect

standard error

rank

027786
002884
003231
003532
008030
135990

–.0002072
–.0001672
–.0001583
–.0001555
–.0001504
–.0001304

.0000863
.0000777
.0000875
.000079
.0000956
.0000793

1
2
3
4
5
6
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012726
002154
118577
150937
The rest 441 companies are here
Available on request
002817
006266
002136
008762
008530
011259
008479
005047
002968
001690

–.0001278
–.0001216
–.0001151
–.0001051

.0000709
.0000746
.0000769
.0000876

7
8
9
10

.0001211
.0001211
.0001251
.0001253
.0001367
.0001433
.000152
.0001629
.0001837
.0002135

.0000914
.0000843
.0000974
.0000911
.0000934
.0000952
.000092
.0000988
.0000909
.0000898

452
453
454
455
456
457
458
459
460
461
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