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A B S T R A C T

This study examines the relationship between environmental innovation and firm valuation between 2019 and 
2023, within a broader framework that includes governance and macroeconomic variables. This study employs 
Bayesian model averaging and random forest methodologies to analyse how environmental innovation impacts 
the market value of European companies in the industrial and information technology (IT) sectors, taking into 
account firms’ existing performance levels. The findings reveal significant differences in the factors driving 
valuation in the two sectors: environmental product scores positively influence market value for overvalued 
industrial companies, and profitability is the primary determinant of value for IT firms. There are distinct pat-
terns between overvalued and undervalued companies in both sectors. Financial leverage and governance quality 
are more important for undervalued firms in the industrial sector; market risk plays a bigger role for their 
counterparts in the IT sector. Environmental variables are only moderately important determinants of value 
when compared to financial metrics, but their influence varies by firm sector and performance. These results 
empirically demonstrate that the relationship between environmental innovation and financial value is highly 
context-dependent. For corporate managers, the findings suggest that a sector-specific and performance-targeted 
approach to environmental innovation is required. For policymakers, they suggest regulatory frameworks should 
be tailored to economic sectors and support environmental innovation by firms in the short run before expecting 
long-term benefits.

Introduction

Corporate finance shapes firms’ strategic decisions and is crucial 
given its significant impact on the economy and society in general. A 
company’s financial performance is closely linked to its ability to adapt 
to market demands, respond to regulatory pressures, and address envi-
ronmental and societal challenges. Assessing corporate value and 
ensuring sustainable development requires that corporate behavior be 
analyzed through financial indicators and economic models.

The imperative to integrate environmental sustainability into 
financial objectives has ignited interest in the link between environ-
mental innovation and firm performance. Recent research has revealed a 
positive relationship between eco-innovation and corporate perfor-
mance, with company size amplifying the relationship (Mansour et al., 

2024). The authors built their analysis on the Porter hypothesis that 
well-designed environmental regulations can improve competitiveness 
by encouraging innovation that balances out compliance costs. There is 
also emerging evidence that innovation in pollution prevention is 
positively associated with financial and environmental performance, an 
impact channeled through improved sales and cost efficiency; however, 
technologies designed to control pollution have a less significant effect 
(Cheng et al., 2024). The literature suggests that firm characteristics 
have a substantial influence on the relationship between environmental 
innovation and performance. Larger firms benefit more from 
regulation-driven environmental innovation while smaller firms gain an 
advantage from customer-driven environmental initiatives (Andries & 
Stephan, 2019).

Our research extends the literature by examining how environmental 
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innovation impacts the financial performance and market valuation of 
European companies in two economic sectors: Industrials and Infor-
mation technology (IT). We have employed Tobin’s Q, a widely used 
financial ratio first introduced by Tobin (1969) that divides the market 
value of a company’s assets to their replacement cost. A Tobin’s Q that is 
higher than one shows that the market value placed on the company’s 
assets exceeds their replacement cost. A value below one implies that the 
market undervalues the company’s assets.

In our case, we explored the impact of companies’ macroeconomic, 
financial, governmental, and environmental scores on their Tobin’s Q; 
the results are compared between and within the industrial and IT sec-
tors. The impact of governance, environmental, and macroeconomic 
factors on Tobin’s Q and financial performance at the company level has 
been widely studied (Aybars et al., 2019). Higher environmental scores 
and better performance are generally associated with improved com-
pany value (Tobin’s Q) and, in many cases, better financial performance; 
however, the effects can vary by context, firm size, and ESG dimension.

There is a generally positive relationship between strong corporate 
environmental performance and financial performance (Manrique & 
Martí-Ballester, 2017; Abgineh et al., 2023; Li et al., 2025; Jiaman et al., 
2025). This relationship may be mixed or vary based on the time horizon 
or the existence of environmental protocols; according to the neo-
classical school, the latter may impose additional costs (Palmer et al., 
1995) and reduce production (Horváthová, 2010; Earnhart, 2018; Hang 
et al., 2018). Several studies (Moneva & Ortas, 2010; Manrique & 
Martí-Ballester, 2017; Rahat & Nguyen, 2024) have found a significant 
positive relationship between environmental performance and financial 
performance, suggesting that companies with strong environmental 
practices achieve better financial results. Bătae et al. (2021) found that 
improving the environmental responsibility of the banking and financial 
services sector is linked to higher operating performance.

Others have identified a nonlinear U-shaped or inverse U-shaped 
relationship (Trumpp & Guenther, 2017; Zhang et al., 2020), suggesting 
that companies with poor environmental performance experience 
adverse financial effects, while those with superior environmental per-
formance experience positive financial outcomes. However, excessive 
investment in environmental initiatives may eventually reduce financial 
returns, especially where environmental uncertainty is high. Ai et al. 
(2024) suggested that there might be a U-shaped relationship between 
green innovation and corporate financial performance. At certain levels, 
green innovation may negatively impact financial performance before 
becoming beneficial, mainly due to risk accumulation.

The relationship between environmental innovation and financial 
performance has recently begun to attract attention in the literature and 
is reflected in industry practices. Environmental innovation refers to a 
company’s capacity to develop and implement technologies, processes, 
or products that reduce environmental impacts and create new market 
opportunities through eco-design and sustainable solutions (Ozusaglam, 
2012). Building the capacity to engage in solid environmental innova-
tion is expected to foster efficiency, reduce costs, and improve the 
company’s position in the market (Tseng et al., 2019). Similarly, Lopes 
and Basso (2024) found that eco-innovation becomes crucial for 
fostering firms’ operational performance.

Zheng and Iatridis (2022) conducted a meta-analysis of studies 
addressing the relationship between eco-innovation and financial per-
formance, noting the different types of eco-innovation and measures of 
financial performance employed. The authors identified a generally 
positive relationship between eco-innovation and firm performance; 
however, this relationship is not always linear. In addition, Zheng and 
Iatridis (2022) observed a moderating effect and noted that the positive 
impact of eco-innovation on firm performance varied by sector. Spe-
cifically, firms in the Industrials sector experienced the most significant 
economic, environmental, and operational improvements from 
eco-innovation; service firms experienced enhanced social performance. 
In their meta-analysis, Hizarci-Payne et al. (2021) showed that advanced 
organizational eco-innovation exerted the strongest influence on firm 

performance. The authors suggested that the correlation between 
eco-innovation and firm performance varies significantly, depending on 
the measures of firm performance used, and that the size of this asso-
ciation differs between developing and developed countries.

Regarding the relationship between the macroeconomic variables 
and corporate performance, macroeconomic stability and growth have 
been found to improve financial outcomes and support environmental 
investment (Solaymani & Montes, 2024). The relationship is dynamic, 
context-dependent, and moderated by industry competition, corporate 
governance, and economic development. GDP growth, interest rates, 
inflation, and unemployment significantly influence corporate perfor-
mance, shaping profitability, strategic decisions, and market confidence. 
Fluctuations in these variables can create opportunities and risks for 
firms, and managers must filter out “volatility” to assess the company’s 
intrinsic competitiveness and sustainable profits (Oxelheim, 2003; 
Lakra, 2024). For instance, in their study of Chinese nonfinancial com-
panies, Yang and Chen (2022) found that macroeconomic conditions 
based on economic growth and financial development can positively 
impact companies’ allocation of financial assets. Similarly, Fajri et al. 
(2024) found that economic growth positively impacts corporate 
financial performance in ASEAN countries; the authors found that 
inflation can positively impact return on assets but does not significantly 
impact market capitalization.

Concerning the association between government effectiveness, sta-
bility, and corporate financial performance, the literature indicates that 
the regulatory environment can shape the financial performance of 
corporations (Moneva & Ortas, 2010), particularly those in the financial 
sector. Effective governance and stable government policies are linked 
to improved financial stability and performance. More specifically, 
high-quality governance, which includes effective government policies 
and regulatory frameworks, positively influences financial stability and, 
in turn, improves performance (Pillai & Al-Malkawi, 2017; Malik et al., 
2021). Improving corruption control at the national level has been 
shown to have a significant and positive impact on the financial per-
formance and market value of companies in Latin America (Junior et al., 
2024). Empirical analysis has also shown that guaranteeing the rule of 
law partially controls corruption and, by extension, improves financial 
performance (Hongdao et al., 2018; Ali & Khan, 2022; Mohd-Rashid 
et al., 2022).

This study makes several significant contributions to the literature on 
environmental innovation and financial performance. First, it combines 
two complementary approaches, Bayesian model averaging (BMA) and 
random forests (RFs), to allow for probabilistic selection of variables and 
to capture nonlinear relationships between environmental innovation 
and financial performance (proxied by Tobin’s Q) that may have been 
missed by traditional econometric approaches. Second, it offers insights 
into the differences between two key economic sectors for European 
countries: Industrials and IT. The study identifies common grounds for 
valuation in these sectors but also differences in how environmental 
innovations impact performance. Third, based on Tobin’s Q, we have 
distinguished between overvalued (Q > 1) and undervalued (TBQ < 1) 
firms. In doing so, we uncover the role of environmental innovation in 
investors’ existing perceptions of company value. Fourth, the analysis 
covers the period from 2019 to 2023 and thus captures investor prior-
ities immediately after the signing of the Paris Agreement and during 
and following the COVID-19 pandemic. Finally, we consider how 
governance quality interacts and compares with environmental inno-
vation in influencing firm valuations in the two sectors and at different 
levels of performance.

Methodology and data

Our sample, selected from LSEG-Refinitiv, comprised listed com-
panies with headquarters in a European country and with an ESG score 
for 2023. This ensured that only companies with measurable ESG per-
formance data were considered, supporting the robust achievement of 
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the research objective. The data were collected for the years 2019 to 
2023. The final sample comprised 810 companies, of which 565 were 
from the Industrials sector and 245 from the IT sector. We limited the 
investigation to these sectors because of their high exposure to the risks 
of climate change and environment-related liabilities and because they 
have made efforts to mitigate their impact through environmental 
innovation (Alola & Rahko, 2024; Dwivedi et al., 2021).

The companies in the sample had headquarters in 25 European ju-
risdictions, 23 in the Industrials sector, and 20 in the IT sector. The 
countries most represented in the sample were the United Kingdom (160 
companies, 19.75 %), Sweden (128 companies, 15.8 %), and Germany 
(125 companies, 15.43 %). The companies were distributed across in-
dustries within the two sectors. Fourteen industries were represented in 
the Industrials sector: machinery (136 companies) and construction and 
engineering (63 companies). Six industries were represented in the IT 
sector, with most in software and electronic equipment (68 companies) 
and instruments & components (63 companies). We used the GICS 
classification of sectors and industries.

Our research goal was to identify the importance of firms’ environ-
mental commitment and, in particular, their environmental innovation 
in driving their market valuation. The framework for analysis took ac-
count of proper governance and macroeconomic constraints. We built 
our approach based on two methodologies. First, we addressed model 
uncertainty using BMA, which helped us identify the variables that are 
most present in the Tobin’s Q prediction models. Second, we employed 
RFs, which is an unsupervised machine-learning methodology that ranks 
variables and shows their relevant importance in explaining Tobin’s Q.

The approaches are complementary. BMA provides a probabilistic 
framework for variable selection when multiple model specifications are 
being considered. RFs can capture nonlinear relationships and in-
teractions between variables that might be ignored in linear parametric 
models. Combining these methods allowed us to detect the robust de-
terminants of Tobin’s Q and gain an understanding of the complex 
interplay between variables that might be more difficult to recognize 
using traditional econometric approaches. These complementary 
methodological directions strengthen the validity of our findings 
regarding the most important drivers of the variation in Tobin’s Q in our 
sample.

Model averaging (Leamer, 1978) is a statistical method to address 
model uncertainty. BMA mitigates uncertainty about the predictors that 
should be included. It can be used for inference, prediction, or model 
selection. Inferences may be made about models from posterior model 
probabilities, the importance of posterior inclusion probabilities (PIPs) 
as predictors, and regression coefficients from their posterior distribu-
tions. With BMA, predictors can be included as a group, and there are 
multiple methods of handling interaction terms. It also accommodates 
various priors for models and regression coefficients. The BMA estimate 
of β is: 

β̂BMA =
∑2p

j=1
P(MJ|D)β̂MJ (1) 

where β̂BMA is the coefficient estimate for a specific variable, calculated 
as the weighted average of coefficient estimates across all models; P 
designates potential explanatory variables, and j is the number of 
models (there are 2P possible model combinations with each variable 
either included or excluded); M is the model, and P(MJ|D) is the poste-
rior probability of model MJ given the data, D. In the BMA, the latter 
represents the weight allocated to each model based on how well it fits 
the data, and incorporates likelihood and prior model probabilities; 
models with higher posterior probabilities contribute more to the final 
estimate of the coefficient. Finally, β̂MJ is the coefficient estimate for a 
specific variable in Model MJ; if the variable were not included, its co-
efficient for the model was recorded as zero.

Our investigation of the factors affecting Tobin’s Q followed a 

multivariate approach that integrated candidate variables. The selection 
of variables for inclusion in the BMA process was based on a critical 
review of the literature. The dependent variable is the firm’s Tobin’s Q 
value. Table 1 presents the explanatory-variable candidates, their defi-
nitions, measures, and data sources.

The variables included were then grouped. First, we referred to 
environmentally-related performance that showed the company’s 
environmental commitment either at an aggregate level (ENV) or a 
disaggregated level (EIS, EPS, EMT). In the second set, we included GOV 
as a measure of companies’ governance mechanisms and a macro-level 
variable that reflected the commitment to the rule of law (RL) of the 
country in which the company was headquartered. The literature shows 
that this commitment creates an environment in which corporate 
governance mechanisms can function properly and effectively. For 
example, Bhagat and Hubbard (2022) have shown that compliance with 
the rule of law ensures enforcement of contracts, property rights, and 
corporate regulations. Chen and Yang (2017) argued that respect for the 
rule of law makes it easier for firms to manage resources efficiently and 
pursue growth opportunities by successfully aligning the interests of 
managers and shareholders.

Third, we included a package of financial variables as moderators of 
the relationship between Tobin’s Q and environmental and 
sustainability-related factors that reflect different areas of corporate 
performance: liquidity (CR), solvency (TDCE), efficiency (TAT), profit-
ability (EBITDAM), and market risk (BETA). This is common practice in 
the financial performance literature, including in empirical studies 
(Dasilas & Karanović, 2025; Makpotche et al., 2024). Fourth, the real 
(inflation-adjusted) risk-free rate (RF) was included to capture the 
general economic and market conditions in the countries in which the 
companies were headquartered.

Once the variables were shown to establish a long-run equilibrium 
relationship, the RF methodology was employed for predictive 
modeling. This methodology was proposed by Breiman (2001) based on 
its versatility and robustness to multicollinearity, as well as its ability to 
capture complex nonlinear relationships among variables without 
explicitly specifying those. RF models can handle high-dimensional data 
and account for potential interaction effects between variables without 
requiring a manual identification of these effects. Additionally, RFs 
provide a measure of variables’ importance that is not impacted by their 
scale and unit of measurement. This produces an objective ranking of 
predictors that complements the BMA probability-based findings. 
Moreover, since RFs are based on ensemble modeling, which aggregates 
predictions from many decision trees, it helps alleviate overfitting and 
produces more stable results than single-tree methods, such as C&RT or 
CHAID models; see, in this respect, the insightful works of Fratello and 
Tagliaferri (2018), Ziegler and König (2014), or Genuer and Poggi 
(2020).

The use of RF algorithms has intensified in recent financial studies, in 
recognition of their solid predictive performance (Kumbure et al., 2022). 
Scholars have applied RFs to investigate corporate profitability 
(Almaskati, 2022; Horobet et al., 2023), sovereign default risk (Belly 
et al., 2023), bank failures (Rustam & Saragih, 2018), the evolution of 
stock prices (Meher et al., 2024), inflation (Mirza et al., 2024), 
competitiveness, and foreign direct investments (Horobet et al., 2021). 
In this strong line of financial research that incorporates RFs, there is an 
emerging trend of using these and other machine-learning models to 
predict or incorporate ESG scores and their components in stock 
valuation.

For example, D’Amato et al. (2022) examined the relationship be-
tween structural financial elements and ESG performance metrics pro-
vided by Thomson Reuters Refinitiv for corporations included in the 
STOXX 600 Index. The authors found that information from financial 
statements, and in particular from the balance sheet, was a significant 
factor for understanding and interpreting the ESG ratings for these 
companies. Relatedly, Chowdury et al. (2023) explored over 6000 firms 
across 73 countries and showed that the RF classifier most accurately 
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Table 1 
Candidate variables.

Variables Symbol Definition and measure Source
Tobin Q TBQ Calculated as (Market 

capitalisation +
Liabilities)/Total assets.

Calculated by the 
authors based on 
data from LSEG- 
Refinitiv

Environmental 
Innovation Score

EIS Measures the capacity of 
a company to reduce the 
environmental costs and 
burdens for its customers, 
and further create new 
market opportunities 
through new 
environmental 
technologies and 
processes or eco- 
designed products. It 
takes values from 0 to 
100 – higher values 
indicate a better 
assessment of the 
company.

LSEG-Refinitiv

Environmental 
Products Score

EPS Reflects a company’s 
capacity to offer product 
lines or services that are 
designed to have positive 
effects on the 
environment or which 
are environmentally 
labeled and marketed. It 
takes values from 0 to 
100 – higher values 
indicate a better 
assessment of the 
company.

LSEG-Refinitiv

Environmental 
Management 
Team Score

EMT Measures the 
performance of 
management the 
functions dedicated to 
environmental issues. It 
takes values from 0 to 
100 – higher values 
indicate a better 
assessment of the 
company.

LSEG-Refinitiv

Environmental 
Pillar Score

ENV Measures the quality of a 
company’s 
environmental 
commitment assessed 
through the impact on 
the planet and how it 
manages environmental 
risks and opportunities. It 
covers areas such as 
emisssions, resource use, 
environmental 
innovation, waste 
management and 
environmental impact. It 
takes values from 0 to 
100 – higher values 
indicate a better 
assessment of the 
company.

LSEG-Refinitiv

Governance Pillar 
Score

GOV Measures the quality of a 
company’s governance 
focusing on leadership, 
management structure, 
shareholder rights, and 
governance practices. 
The most important areas 
refer to board structure 
and independence, 
executive compensation, 
shareholder rights, 
businesss ethics, and 

LSEG-Refinitiv

Table 1 (continued )
Variables Symbol Definition and measure Source

transparency and 
disclosure. It takes values 
from 0 to 100 – higher 
values indicate a better 
assessment of the 
company.

Social Pillar Score SOC Measures a company’s 
relationships with and 
impact on its 
stakeholders, including 
employees, customers, 
suppliers, and the 
communities in which it 
operates. It takes values 
from 0 to 100 – higher 
values indicate a better 
assessment of the 
company.

LSEG-Refinitiv

Company size - 
Turnover

TURN Measures total sales 
generated by a company. 
Meassured in current US 
dollars.

LSEG-Refinitiv

Liquidity - Current 
ratio

CR Measures the company’ 

ability to pay its current 
obligations and is 
calculated as the ratio of 
current assets to current 
liabilities.

LSEG-Refinitiv

Solvency - Total 
Debt to Common 
Equity

TDCE Ratio of total debt to 
common equity. 
Measured in percentages.

LSEG-Refinitiv

Profitability - 
EBITDA Margin

EBITDAM Measures a company’s 
ability to control costs 
and generate profits. 
Calculated as the tatio of 
EBITDA (Earnings before 
interest, taxes, 
depreciation and 
amortization) to 
turnover. Measured in 
percentages.

LSEG-Refinitiv

Efficiency - Asset 
Turnover

TAT Measures a company’s 
ability to generate sales 
from the assets it uses. 
Calculated as the ratio of 
turnover to total assets.

LSEG-Refinitiv

Market risk - Beta BETA The coefficient of 
systematic risk based on 
the Capital Asset Pricing 
Model.

LSEG-Refinitiv

Macroeconomic 
conditions - Risk 
Free Rate

RF The WACC (Weighted 
Average Cost of Capital) 
Inflation Adjusted Risk 
Free Rate. Measured in 
percentages.

LSEG-Refinitiv

Rule of law RL Reflects the degree to 
which a country has 
established a credible 
and reliable legal 
framework that is 
respected by both 
individuals and the state 
and shows the extent to 
which agents have 
confidence in and abide 
by the rules of society. 
Measured on a scale from 
0 to 1, higher values 
indicating stronger 
compliane with the rule 
of law.

World 
Governance 
Indicators, World 
Bank
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predicts ESG ratings (78.5 % accuracy), with historical ESG scores, firm 
size, and debt-to-equity ratio the most influential predictors. Martin--
Cervantes and Valls Martínez (2023) studied the relevance of ESG scores 
for betas and unveiled that ESG scores are the main determinant of the 
value and sign of betas for stocks in the S&P 500 index between 2015 
and 2019.

We applied the RF algorithm for each year in the sample period to 
investigate the evolution of variables’ predictive importance over the 
period (including that following the adoption of the Paris Agreement 
and including the Covid-19 pandemic) and the stability of this predictive 
importance over time. We were especially interested in the interaction 
between environmental innovation variables (ESI, EPS, supported by 
management and encapsulated in EMT) and governance quality (GOV), 
as well as the trends in this importance over time. Additionally, we 
explored the difference in importance of environmental, governance, 
and financial variables over time and across the sectors investigated. To 
this end, in addition to implementing RF models that included EIS as the 
main environmental innovation variable, we performed robustness 
checks by substituting EIS with EPS and then ENV. As in the BMA 
analysis, the RF implementation measured the variable importance (VI) 
for all companies and differentiated between companies with a Tobin’s 
Q higher than and lower than one, thereby incorporating investors’ 

assessments of corporate value. All remaining variables presented in 
Table 1 were included in the RF analysis.

For each year in our sample period (2019–2023), we calculated the 
VI score, which takes a value between 0 and 1, higher values indicating a 
stronger predictive power for Tobin’s Q. This normalization of VI is also 
suitable for assessing importance across models. All variables were 
continuous and were winsorized and further normalized. One-third of 
observations were utilized for model training, and 50 % of the data were 
reserved for validation (test) purposes. For each implementation of the 
RF algorithm, we began with 500 trees and imposed a percentage 
decrease in training error of 3 % for cycles of 10 trees.

Empirical results

Descriptive results

This section presents the variables included in the statistical and 
econometric analyses determining Tobin Q. The goal of determining the 
candidate variables was explained above. Table 2 displays the main 
descriptive statistics for the variables of interest.

The Tobin’s Q mean was 2.1 with a relatively high standard devia-
tion of 2.7, indicating considerable variation across companies. 
Regarding the environmental and sustainability-related variables, there 
were approximately 3500 observations for EIS, GOV, ENV, SOC, EMT, 
and EPS with average values ranging from 31.9 (EIS) to 52.997 (SOC), 
suggesting firms’ moderate performance in ESG-related dimensions. The 

mean value for TURN was approximately 5.84 million, and the standard 
deviation was considerable (21.6 million), with a maximum of nearly 
591 million, indicating strong skewness and the presence of very large 
firms in the sample. RL and CR had average values of 1.416 and 1.985, 
respectively. The variable TDCE had a large maximum value (638.938) 
and a mean of 1.313, suggesting the influence of outliers. EBITDAM had 
a negative mean (−10.726) and a high standard deviation (436.259), 
indicating wide fluctuations in profitability across firms. The average for 
TAT was 0.937, with a modest spread, while BETA had a mean of 1.148, 
with values ranging from −3.224 to 8.539, reflecting heterogeneity in 
market risk exposure. Finally, RF shows minimal variation, with a mean 
of 0.029 and a standard deviation of 0.022.

BMA and model specification findings

The importance of the candidate explanatory variables was esti-
mated next, as explained in the methodology section. Table 3 presents 
the summary results of the BMA model, and Fig. 1 provides a visual 
representation of the findings to enhance clarity and understanding.

The high PIP for EPS, TURN, and RF confirms their robustness across 
multiple model specifications and that they have a central role in 
shaping industry-level outcomes. Concerning the sign, while EPS posi-
tively contributed to the model, the negative coefficient of RF highlights 
the adverse effect of risk rates or preferences on the financial score. 
Despite its minimal coefficient, TURN appears systematically across all 
models, suggesting its fundamental relevance in explaining company- 
level performance. EMT and EIS appeared in lower-ranked models but 
still exhibited high PIP values (0.983 and 0.943, respectively), indi-
cating a potentially important influence. The negative impact of both 
variables suggests possible complexities in translating environmental 
innovation and management tools into measurable performance bene-
fits. For instance, companies that devoted more resources to environ-
mental performance and innovation might have fewer resources to 
allocate to corporate and financial performance.

It is also important to note that the impact of investments in man-
agement and innovation may be delayed (Jo et al., 2014). They may also 
be a financial burden in the year they are made and could impact 
financial sustainability in the short term. These findings suggest that 
policy frameworks should prioritize conventional financial indicators 
and account for institutional capacity and innovation readiness when 
designing sustainable industrial strategies. The variable-inclusion map is 
a visual complement to the BMA results presented in Table 3, illustrating 
the consistency and direction of each predictor’s influence across the top 
42 visited models.

We then differentiated between companies in the Industrials sector 
based on whether their Tobin’s Q was higher or lower than one. These 
results are presented in Table 4 and Figs. 2A and 2B

Among companies in the Industrials sector with a Tobin’s Q higher 
than 1, EPS emerged as the most robust predictor (PIP = 0.999), fol-
lowed by TURN (PIP = 0.877), TDCE (PIP = 0.860), EMT (PIP = 0.804), 
and EIS (PIP = 0.746). The positive sign of EPS indicates that the 
strength of the environmental product score plays a substantial role in 
performance for overvalued companies. At the same time, the negative 
coefficients on TDCE, EMT, and EIS suggest that debt levels and specific 
environmental management and innovation strategies may negatively 
impact value for firms in this group.

Table 2 
Descriptive results.

Variable Obs Mean Std. Dev. Min Max
TBQ 4004 2.1 2.694 0.134 71.399
EIS 3577 31.938 31.524 0 99.902
GOV 3577 48.153 23.276 0.323 98.298
ENV 3577 43.876 25.318 0 98.688
SOC 3577 52.997 23.83 0.659 97.703
EMT 3569 34.017 38.458 0 96.154
EPS 3571 43.343 35.241 0 95.753
TURN 3997 5838,326 21,604,509 0.022 5.907e+08
RL 4050 1.416 .541 −0.512 2.019
CR 4003 1.985 6.114 0.014 253.088
TDCE 3912 1.313 11.212 0 638.938
EBITDAM 3994 −10.73 436.26 −21,584.14 67
TAT 3971 .937 .538 0 4.957
BETA 3948 1.148 .501 −3.224 8.539
RF 3948 .029 .022 −0.001 .146

Table 3 
Bayesian model averaging results for the Industrial sector.

Variables Mean St. Dev. Group PIP
EPS 0.008 0.002 6 1
TURN 0.000 0.000 7 1
RF −9.932 1.588 14 1
EMT −0.004 0.001 5 0.983
EIS −0.007 0.002 1 0.943
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In contrast, for companies with a Tobin’s Q <1, the only variables 
with meaningful inclusion are ENV and RF, with PIP equal to 1. Notably, 
ENV shows a small but consistently positive effect, while RF exerts a 
strong and negative influence, potentially indicating that more risk- 
averse financial environments disproportionately affect lower-growth 
firms in the Industrials sector. The variable-inclusion maps in Figs. 2A 
and 2B reinforce these findings, visually confirming the divergence in 
relevant predictors between the two subgroups.

We then analyzed the possible factors determining Tobin’s Q within 
companies in the IT sector. The BMA results for the overall sample and 
the subsamples of firms with TBQ > 1 and TBQ ≤ 1 are presented in 
Tables 5 and 6, respectively. Across the full IT sample, RF stood out (PIP 
= 1) with a substantial negative coefficient (−30.673), indicating that 
macro risk was a strong and consistent determinant of financial scores in 
the IT sector. Moreover, although its coefficient was negligible, TURN 
also showed robust inclusion (PIP = 0.944), suggesting that scale and 
revenue remained relevant but not necessarily directional.

When differentiating between companies by valuation, for over-
valued IT firms (TBQ > 1), RF remained a dominant factor (PIP = 1), as 
did CR, which had a positive and highly significant effect (coefficient =
0.397, PIP = 0.997) – see Table 6; these results point to the importance 
of macroeconomic conditions and government effectiveness for market 
confidence. TURN appeared moderately important (PIP = 0.805), 
reinforcing its general relevance in the sector. By contrast, for under-
valued IT companies (TBQ ≤ 1), RF remained influential (PIP = 0.890), 
albeit with a smaller magnitude. No other variables met the inclusion 
threshold, suggesting that financial conditions play a dominant role in 
shaping valuations where growth expectations are limited. These find-
ings emphasize that in the IT sector, particularly for companies with 
strong growth potential, firm value is closely tied to macro-financial 
conditions, underlining the need for targeted financial management 
strategies and macroeconomic awareness.

Figs. 3, Figs. 3A, Figs. 3B

Random forests results

This section presents the main findings of the RF implementation, 
focusing on three main directions: (1) the evolution of VI between 2019 
and 2023, distinguishing between the results for all companies in each 

sector, the companies with Tobin’s Q higher than 1, and those for which 
it is lower than or equal to 1; (2) the stability of VI over time; and (3) the 
differences in VI between variables representing environmental inno-
vation and governance and traditional financial variables. Appendix 
Tables A-1 and A-2 show the VI for all models and years for the In-
dustrials and IT sectors, respectively.

Variable importance over time
The VI was obtained by applying the Model 1 in the RF algorithm to 

all companies in the Industrials sector, as represented in Fig. 4A, and 
then for companies for which Tobin’s Q was higher than and lower than 
one, as represented in Fig. 4B When all companies in the Industrials 
sector were considered, TURN was consistently the most important (VI 
≈ 1.0) throughout the period. Company size was thus the dominant 
predictor of Tobin’s Q in this sector. The second and third most Fig. 1. Variable inclusion map for the Industrial sector.

Table 4 
Bayesian model averaging results for the industrial sector based on the TBQ score.

TBQ>1 TBQ≤1
Variables Mean Std. Group PIP Variables Mean Std. Group PIP
EPS 0.009 0.002 6 0.999 ENV 0.002 0.000 3 1
TURN 0.000 0.000 7 0.877 RF −1.738 0.256 14 1
TDCE −0.061 0.031 10 0.860 – – – – –

EMT −0.004 0.002 5 0.804 – – – – –

EIS −0.006 0.004 1 0.746 – – – – –

Fig. 2A. Variable inclusion map for the industrial sector (TBQ>1).

Fig. 2B. Variable inclusion map for the industrial sector (TBQ≤1).

Table 5 
Bayesian model averaging results for IT companies.

Variables Mean St. Dev. Group PIP
RF −30.673 4.362 14 1
TURN 0.000 0.000 7 0.944
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important predictors of Tobin’s Q in the sector were TDCE and CR, 
although these exhibited significant volatility over time. These peaked 
in 2021 and 2022, suggesting their decreasing relevance until 2023. The 
variables EIS and EMT maintained a relatively low level of importance 
over the period compared to financial variables, although EIS showed 
modest growth through 2021 (the peak year for EIS and EMT) before 

slightly declining in 2022 and 2023. Of the two variables from the macro 
spectrum, RL was more important than RF in all years (going from 0.530 
in 2019 to 0.569 in 2023 and peaking at 0.612 in 2021); this was 
consistent with the significant increase in the VI of GOV from 0.277 in 
2019 to 0.514 in 2023.

Fig. 4B represents the important VI differences for companies in the 
Industrials sector based on their Tobin’s Q values. For overvalued firms 
(TBQ > 1), EBITDAM, CR, and TDCE were the key predictors of Tobin’s 
Q, while company size (TURN) had a moderate to high VI, but this 
declined over time. This suggests that investors prioritized profitability, 
liquidity, and financial structure for companies that were already 
valuable. For undervalued firms (TBQ ≤ 1), the same variables were the 
most important for predicting Tobin’s Q; however, their VI was more 
volatile over time. This may indicate a change in the focus of investors 
over time. At the same time, GOV showed a consistent increase from 
2019 to 2023, suggesting that the governance factor rose in importance 
over time.

Another interesting result was the importance of EIS and EMT for 
undervalued companies: in addition to their growth pattern over the 
period being different, their VI was higher in 2023 than for overvalued 
companies, while being constantly lower in the previous years. The 
increasing importance of EIS and EMT may position them as value 
drivers for companies that are attempting to improve their market po-
sition, but may also signal potential greenwashing, with undervalued 
companies stressing their commitment to environmental innovation as a 
lever of value.

The results for Model 2 for all companies in the Industrials sector are 
presented in Fig. 5A. The key variables identified in Model 1 (TURN, 
EBITDAM, CR, and TDCE) were confirmed. However, CR and TDCE 
showed a nonlinear pattern, peaking in 2021 and 2022 and then dras-
tically diminishing in importance in 2023. Other variables, GOV, TAT, 
and EMT, exhibited a similar pattern. However, EPS had consistently 
lower predictive power than EIS over the period, signaling that investors 
paid attention to the entire range of environmental innovation and not 
only to environmental products. The evolution of GOV was similar to 
that in Model 1, but the value of VI was lower. This may suggest that 
investors associate governance with environmental innovation to a 
higher degree than for environmental products offered to customers by 
the companies in the Industrials sector.

Comparing the VI for overvalued firms (TBQ > 1) and undervalued 
firms (TBQ ≤ 1) in the Industrials sector revealed by Model 2 and 

Table 6 
Bayesian model averaging results for the IT sector based on the TBQ score.

TBQ>1 TBQ≤1
Variables Mean Std. Group PIP Variables Mean Std. Group PIP
RF −25.72 5.055 14 1 RF −2.197 1.011 14 0.890
CR 0.397 0.091 9 0.997 – – – – –

TURN 0.000 0.000 7 0.805 – – – – –

Fig. 3. Variable inclusion map for the IT sector.

Fig. 3A. Variable inclusion map for the IT sector (TBQ>1).

Fig. 3B. Variable inclusion map for the IT sector (TBQ≤1).

Fig. 4A. Variable importance for the Industrials sector, 2019–2023 (Model 1).
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illustrated in Fig. 5B, we see distinct patterns in the drivers of company 
value in these two categories. For overvalued companies, liquidity (CR) 
and profitability (EBITDAM) maintained the highest level of importance 
(near or at 1) between 2019 and 2023, suggesting that for these com-
panies, investors primarily valued operational efficiency and short-term 
financial health. For undervalued firms, by contrast, financial leverage 
(TDCE) was the dominant factor between 2020 and 2023. Other finan-
cial drivers––BETA, CR, EBITDAM––displayed a nonlinear trend over 
time (peaking in 2021 or 2022 and then declining in importance in 
2023). Notably, market risk (BETA) was consistently more important for 
undervalued than for overvalued companies, suggesting that investors 
increased their scrutiny of risk for these firms.

Notably, governance scores (GOV) were considerably more impor-
tant for undervalued firms (0.640 in 2023 versus 0.290 for overvalued 
firms), indicating that improved corporate governance may be a critical 
approach for the former companies to rise in market perception. Envi-
ronmental variables (EPS, EMT) show rather similar importance for both 
categories of firms, but lower than VI for financial indicators, thus 
confirming the results of Model 1. Another interesting finding refers to 
turnover (TURN): while its VI declined from 2020 to 2023 for over-
valued companies, it remained more important over time for under-
valued firms, which suggests that size had greater explanatory power for 
valuation in underperforming firms than in overperforming ones.

The results for Model 3 are shown in Fig. 6A for all firms in then-
dustrials sector and in Fig. 6B, which compares overvalued and under-
valued firms. Model 3 did not explicitly consider any environmental- 
innovation variables; these were replaced with the environmental 
score (ENV) that included ESI and EPS, but also refers to other envi-
ronmental concerns and commitments. When all companies were 
considered, EBITDAM showed a consistent maximum VI (1.00) in almost 
all years, indicating that profitability remained the primary driver of 
firm value in the sector in both turbulent and normal economic condi-
tions. Similarly, liquidity (CR) had a high VI, peaking in 2022 with a 
maximum VI of 1.00, suggesting the heightened relevance for investors 
of strong short-term financial health. Financial leverage (TDCE) also 
showed a high VI, peaking at 0.899 in 2021, similar to that for asset 
turnover (TAT), although it fluctuated considerably over time. Addi-
tionally, company size (TURN) exhibited a positive trend from 2019 to 
2023, from 0.429 in 2019 to 0.761 in 2023, indicating that larger firms 
in the Industrials sector were more attractive for investors than smaller 
firms. Market risk (BETA) had a declining VI over time (from 0.564 in 
2020 to 0.383 in 2023), potentially signaling a lowering of investor 
concerns regarding systematic risk in the post-pandemic period, coupled 
with increasing VI for other factors.

Environmental (ENV) and governance (GOV) scores were moder-
ately important, in the range of 0.3 to 0.5, between 2019 and 2023. Two 

Fig. 4B. Variable importance for the Industrials sector depending on TBQ, 2019–2023 (Model 1).

Fig. 5A. Variable importance for the Industrials sector, 2019–2023 (Model 2).

Fig. 5B. Variable importance for the Industrials sector depending on TBQ, 2019–2023 (Model 2).

Fig. 6A. Variable importance for the Industrials sector, 2019–2023 (Model 3).
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observations are important here. First, their VI is generally below that 
for financial variables, suggesting that ESG considerations are consid-
ered supplementary to financial metrics in valuations in the Industrials 
sector. Second, both ENV and GOV showed year-to-year variation, 
which implies that their importance changed over time, depending on 
the agenda of investors and evolving sustainability challenges and so-
cietal priorities.

As for Models 1 and 2, Fig. 6B reveals important differences in VI 
between over- and undervalued industrial companies. For overvalued 
firms, profitability (EBITDAM) and liquidity (CR) were the most 
important over time, suggesting that investors reward successful com-
panies’ operational efficiency and solid management of short-term lia-
bilities. In contrast, financial leverage (TDCE) was the dominant 
variable for undervalued firms (it had the maximum VI of 1.00 in three 
out of five years), confirming the high relevance of debt management for 
underperforming companies in terms of market value. Interestingly, 
environmental factors (ENV) showed a consistently higher VI for 
undervalued firms, particularly in 2023 (0.582 versus 0.346). This re-
inforces the results in Models 1 and 2 and suggests a greater marginal 
value of sustainability initiatives for underperforming companies, 
possibly associated with greenwashing.

As in Model 2, governance (GOV) had a substantially higher and 
growing VI in the sample of undervalued firms, indicating that strug-
gling companies should recognize the importance of improved corporate 
governance for a higher valuation. Inversely, market risk (BETA) was 
unimportant for overvalued firms but exhibited a much higher VI for 
undervalued companies (reaching 0.790 in 2023). This validates the 
results of the previous two models and indicates the greater sensitivity of 
investors to systematic risk when valuing underperforming firms. 
Together, these rather divergent patterns within the Industrials sector 
reveal a distinct set of factors in the valuation framework for overvalued 
industrial firms, which is dominated by traditional financial variables. 
By contrast, for underperforming companies, governance, environ-
mental commitment, and risk play an increasingly important role in 
market valuation.

Next, we considered the IT sector. Fig. 7A presents the evolution of 
VI resulting from Model 1 for all companies in the sector, and Fig. 7B 
presents VI for over- and undervalued firms. By far, the most striking 

result depicted in Fig. 7A is the maximum VI of EBITDAM in all five 
years included in the analysis, positioning profitability as the dominant 
and consistent determinant of firm valuation in the IT sector. This result 
suggests that investors in technology companies prioritize their earnings 
potential before and above all other factors. Company size (TURN) 
shows a high VI over time, although declining from 0.931 in 2019 to a 
more moderate level of 0.570 by 2023. Liquidity (CR) and operational 
efficiency (TAT) displayed similar patterns to TURN, both having a high 
VI in 2019 and 2020 before dropping significantly thereafter. These 
findings might indicate that investors’ focus had shifted from size, 
liquidity, and efficiency of asset use to other performance metrics for an 
IT sector that is maturing.

Governance (GOV) exhibited moderate importance over the period 
but did fluctuate. The peak VI is in 2020 (0.573) and reaches 0.543 in 
2023, indicating the constant but periodic attention of investors to 
corporate governance issues. Environmental variables (EIS and EMT) 
were less important than financial variables in all years included in the 
analysis, although the VI for EMT increased more than two times from 
0.183 in 2019 to 0.403 in 2020. This suggests that commitment to 
environmental innovation was considered an important valuation factor 
for firms in the IT sector, although it remained secondary to financial 
performance.

The differences in VI between the over- and undervalued firms in the 
IT sector revealed by Fig. 7B are more pronounced than in the Industrials 
sector. For companies with Tobin’s Q greater than 1, profitability 
dominated the VI spectrum since 2020, showing consistent maximum 
values. This indicates that earnings potential is the top metric for suc-
cessful technology companies that are recognized as such by market 
investors. At the same time, undervalued IT companies saw their valu-
ation highly determined by financial leverage (TDCE) in 2022 and 2023 
(the RF algorithm could not be applied to these firms before 2021 due to 
the low number of companies in the sample). This suggests that debt 
structure shapes market perceptions in the case of undervalued tech 
companies. That market-risk sensitivity (BETA) was more important for 
undervalued firms also indicates that risks, in this case market risks, 
were more carefully scrutinized by investors in these companies than in 
their overvalued counterparts. Notably, company size (TURN) main-
tained a high VI for undervalued IT firms; the difference from highly- 
valued firms was particularly striking in 202, 0.873 versus 0.360, sug-
gesting that economies of scale are important for these firms in terms of 
their valuation potential.

By contrast to the Industrials sector, environmental innovation (EIS) 
and environmental management (EMT) showed a higher VI for over-
valued firms in all years except 2023, but these were still moderate to 
low. This finding suggests that environmental innovation, supported by 
proper management of environmental strategies, reinforced the valua-
tion of overvalued firms over time, and undervalued firms have turned 
to them more recently to build value. Social factors (SOC) similarly 
gained importance for underperforming firms by 2023 (0.518 versus 
0.395 for high-TBQ companies), indicating another potential lever for 
improved market valuation. However, governance quality (GOV) 
favored overvalued firms in all years.

Fig. 6B. Variable importance for the Industrials sector depending on TBQ, 2019–2023 (Model 3).

Fig. 7A. Variable importance for the IT sector, 2019–2023 (Model 1).
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The results of Model 2 for all European companies in the IT sector are 
shown in Fig. 8A, validating the findings of Model 1. Profitability 
(EBITDAM) had the maximum VI (1.00) in all five years, confirming it as 
the single most important determinant of market value for IT firms. 
Company size (TURN) was also highly important over time, although it 
displayed a declining trend from 0.817 in 2019 to 0.509 in 2023. In a 
similar manner, liquidity (CR) had a dramatic decline in VI from 0.848 
in 2019 to only 0.322 in 2023, indicating investors shifting away from 
good short-term financial management to other significant drivers of 
value. Financial leverage (TDCE) joined the previous variables in a 
declining pattern (0.622 in 2019 to 0.350 in 2023), while operational 
efficiency (TAT) had moderate importance throughout the period, 
although with fluctuations.

Environmental innovation performance, proxied by EPS, and envi-
ronmental management, proxied by EMT, were less important than 
financial variables, alongside governance (GOV), despite the modest 
increase in VI for EMT from 2019. Social factors (SOC) demonstrated 
declining VI over time (0.499 to 0.394).

The results shown in Fig. 8B reveal different valuation factors for 
over- and undervalued European IT companies. For overvalued firms, 
profitability (EBITDAM) remained the most important variable (VI =
1.00) in all years, suggesting that investors consistently factored in the 
profit potential and good cost management of these tech companies. 
However, for undervalued IT firms, the dominance of profitability in 
2021 left room for financial leverage (TDCE) as the main determinant of 
Tobin’s Q in 2022 to 2023, indicating an increased concern for risk 
management in more recent years for undervalued IT companies.

In the same vein, market risk (BETA) had a higher VI for undervalued 
IT firms in 2021 and 2022, although in 2023, VI reached only a mod-
erate level (0.311). While governance (GOV) was clearly, albeit 
moderately, important for overperforming IT firms over time, social 
factors (SOC) displayed higher VI for undervalued firms toward the end 
of the sample period in 2023, suggesting the latter as a potential path for 
improved valuation. The attention to risk management for undervalued 
companies was indirectly suggested by the declining importance of 
company size (TURN) by 2023 (0.772 versus 0.166 in 2021). For EPS, as 
a proxy of environmental innovation in Model 2, there were no 

significant differences between the two categories of companies, and the 
same was true for EMT. Moreover, VI values were moderate to low in all 
years, indicating that environmental considerations were still marginal 
to valuation regardless of the level of Tobin’s Q.

Profitability (EBITDAM) maintained maximum importance over the 
entire period for IT firms, as indicated by the results for Model 3 shown 
in Fig. 9A. These confirm the findings of the previous two models 
regarding profitability as the most important valuation factor for IT 
companies. Similarly, the importance of TDCE declined significantly 
from 2019 to 2023, suggesting a change in how investors viewed 
financial leverage in valuations in the IT sector. Liquidity (CR) showed 
an even abrupt decline in VI from 0.991 in 2019 to 0.301 in 2023, 
alongside company size (TURN), operational efficiency (TAT), and so-
cial factors (SOC), evidencing a pattern of VI. We interpret this as a 
fundamental change in the IT sector value drivers over time, where 
profitability remained paramount but traditional financial variables 
became progressively less instrumental in valuation. The environmental 
score (ENV) was moderately important over time and reached a 
maximum level of 0.527 in 2020.

Fig. 9B shows differences between over- and undervalued IT firms for 
Model 3. While for overvalued companies, profitability (EBITDAM) was 
the most important factor over time, for undervalued companies, there 
was a considerable shift in valuation factors toward 2023. As such, 
market risk (BETA) was the most important valuation driver for 
undervalued firms from 2021 to 2022, but financial leverage (TDCE) 
took the lead in 2023. This suggests that investors were more concerned 
about debt structure than systemic risk in recent years. Environmental 
scores (ENV) had consistently higher VI for overvalued IT firms over the 
period (0.404 versus 0.296 in 2023), indicating that sustainability 
commitments tended to favor better performers more than undervalued 
companies. Similarly, governance (GOV) had higher VI for overvalued 
firms (0.509 versus 0.228 in 2023).

Variable importance stability
Another perspective on the evolution of VI for the environmental- 

innovation and governance variables as compared to traditional finan-
cial variables is offered by Fig. 10 for the Industrials sector and Fig. 11
for the IT sector. The mean, minimum, and maximum values were 
aggregated across all RF models that included these.

For all industrial companies (results in the top panel), EBITDAM 
(profitability) showed the highest mean importance (0.981) with mini-
mal variation, supporting its consistent significance over time. CR 
(liquidity) and TURN (company size) also showed high mean impor-
tance (0.800 and 0.668, respectively) with rather moderate ranges. 
Similarly, TDCE (indebtedness) exhibited substantial importance (mean 
of 0.765), but its variation was wider, suggesting greater variation in its 
importance over time. A comparison of the two categories of firms based 
on the Tobin’s Q value (shown in the bottom panels) reveals several 
notable differences. For overvalued firms (left panel), EBITDAM had the 
highest mean VI with low variation across years and models, while CR 
displayed a slightly lower but still considerable mean VI. For under-
valued firms (right panel), TDCE had the highest mean importance 

Fig. 7B. Variable importance for the IT sector depending on TBQ, 2019–2023 (Model 1).

Fig. 8A. Variable importance for the IT sector, 2019–2023 (Model 2).

A. Horobet et al.                                                                                                                                                                                                                                Journal of Innovation & Knowledge 10 (2025) 100790 

10 



(0.902), exceeding that of CR (mean of 0.768) and EBITDAM (mean of 
0.696), suggesting that financial risk management is essential for 
undervalued industrial companies.

The environmental innovation variables (EIS, EPS) consistently 
showed moderate to low mean importance for all categories of firms, 
although, other than EPS for undervalued firms, the variation of their VI 
tended to be less than that of traditional financial variables. EMT follows 
the same pattern. However, ENV had a higher mean VI than EIS, EPS, 
and EMT, and exhibited variation, suggesting that investors valued the 
entire spectrum of corporate environmental issues and commitments 
instead of considering each component of the environmental strategy 
separately.

As regards the two macro-level variables included in the analysis, 
Fig. 10 shows a moderate VI level for the rule of law (RL), with a mean of 
0.562 for the full sample, 0.426 for overvalued firms, and 0.383 for 
undervalued firms. For all groups, variation was presented around the 
mean and was significantly higher for undervalued companies, which 
may suggest that while regulatory environments matter for valuation 
across companies, their importance does not significantly differ based on 
companies’ valuation status. Overall, RF exhibited a low mean VI 
compared to most financial variables, with values around 0.3 to 0.45 for 
all panels and years. However, there were noticeable differences in the 

importance of RF between the two valuation categories: for overvalued 
companies, RF shows a relatively consistent VI, while undervalued firms 
exhibit greater sensitivity to this indicator, as is also suggested by its 
larger range. We interpret this finding as pointing toward interest rates 
and macroeconomic conditions as more important variables for under-
valued companies than overvalued ones, suggesting that macroeco-
nomic prospects may be seen by investors as playing a more significant 
role for underperforming companies.

A similar picture is shown in Fig. 11 for European companies in the 
IT sector. For all companies (see top panel), profitability (EBITDAM) 
stands out with close to maximum mean VI and very low variation; this 
makes it, by far, the most important predictor of valuation in the sector. 
Unlike the industrial sector, other financial variables displayed more 
moderate importance. For example, company size (TURN), indebtedness 
(TDCE), and asset use efficiency (TAT) showed mean VI around 0.5 to 
0.6, albeit with substantial ranges, possibly indicating an inconsistent 
relevance over the sample period. The environmental variables (EIS, 
EMT, EPS, ENV) exhibited a lower mean VI than financial variables and 
were accompanied by moderate variation, which suggests that while 
these factors were contributors to the valuation of IT firms, they were in 
second place to financial variables.

For overvalued firms in the European IT sector, profitability (EBIT-
DAM) occupied a dominant position as a value driver, although its mean 
VI was slightly lower for these firms than for all companies; see the 
bottom left panel in Fig. 11. Interestingly, other variables showed a 
rather closer mean VI, ranging between 0.3 and 0.5, leading to a more 
balanced and moderate influence of other factors (other than profit-
ability) for better valued IT companies. When undervalued IT companies 
were considered, financial leverage (TDCE) ranked first according to 
mean VI over models and years, followed by profitability (EBITDAM) 
and market risk (BETA), and they exhibited considerable variation. This 
signifies that the importance of these three financial variables should be 
understood in relation to other drivers of value for undervalued IT firms. 
For the remaining variables, including environmentally-related ones, 
the VI over time exhibited moderate to low levels, albeit with much less 
variation than the financial variables. We interpret this as signaling a 
clear place for these variables in valuations for undervalued IT firms, 

Fig. 8B. Variable importance for the IT sector depending on TBQ, 2019–2023 (Model 2). 
This table presents variable importance scores for predicting Tobin’s Q for European IT companies from 2019–2023, showing similar patterns to previous tables but 
with some notable differences.

Fig. 9A. Variable importance for the IT sector, 2019–2023 (Model 3).

Fig. 9B. Variable importance for the IT sector depending on TBQ, 2019–2023 (Model 3).
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although their importance remained low.

Environmental innovation, governance and financial variables
Fig. 12 provides a comparative analysis of mean VI between the In-

dustrials and IT sectors for the entire sample period (2019–2023) and 
between undervalued and overvalued companies in the two groups. This 
figure allowed us to address the relative importance of our main vari-
ables of interest – EIS, EPS, EMT, and GOV – in relation to the financial 
drivers of Tobin’s Q.

For both sectors in our analysis, the mean VI of the environmental 
variables (EIS, EPS, EMT, ENV) had moderate to low values, in the range 
of 0.20 to 0.45. The mean VI was generally higher for the Industrials 
sector than the IT sector, which likely reflects greater investor scrutiny 
of environmental performance in traditional manufacturing and heavy 
industries, where the environmental impacts were more direct and 
visible than in the IT sector. Interestingly, for undervalued companies 
(TBQ ≤ 1) in the Industrials sector, environmental variables were of 
similar importance as for overvalued companies, indicating that investor 
attention to environmental innovation was consistent for the sector. At 
the same time, EIS and EMT had a slightly higher mean VI for over-
valued companies, while the reverse was true for EPS and ENV. In the IT 
sector, the same general pattern was evident except that the mean VI 
was higher for overvalued firms than for all undervalued firms for all 
environmental variables.

Governance (GOV) had a mean VI in both sectors of around 0.4, 
signaling its moderate importance for predicting Tobin’s Q, except for 
the undervalued firms in the IT sector that have a mean VI of only 2.94. 
Overall, the mean VI for GOV was higher for the Industrials sector than 
for IT, but in both sectors the mean VI for GOV was consistently higher 
for overvalued than undervalued firms, indicating that strong gover-
nance is connected to greater valuation benefits, particularly in 

traditional manufacturing industries compared to technology industries. 
At the same time, the IT sector showed a more consistent mean VI for 
GOV across all categories of firms, pointing toward this as a less 
differentiating variable for valuation in the sector.

Although environmental innovation and governance were identified 
by all RF models as being important for the valuation of European 
companies in the Industrials and IT sectors, the contrast with financial 
variables was stark. While environmental innovation and governance 
variables typically ranged between 0.20 and 0.45 (the mean VI, 
although their maximum values can go up to 0.56 for GOV), financial 
variables were clearly the most important drivers of Tobin’s Q, with 
mean values for VI ranging from 0.40 to 1.00. For several of the financial 
variables (EBITDAM, CR, and TDCE), the range of the mean is even 
higher, 0.60 to 1.00 in both sectors, confirming the primacy of financial 
performance metrics for valuation.

Notably, the gap between the importance of financial variables and 
governance and environmental innovations is more substantial in the IT 
sector, where EBITDAM dominates. Other important cross-sectoral dif-
ferences are the following: (i) companies in the industrial sector showed 
greater balance in the importance of financial variables, while firms in 
the IT seector demonstrated a concentration on profitability; (ii) the 
importance of financial leverage (TDCE) for undervalued firms was 
considerably higher in IT than in the Industrials sector, indicating that 
debt structure and management might be more critical and more scru-
tinized by investors for less well-performing technology companies; and 
(iii) company size (TURN) was more important for overvalued industrial 
firms than undervalued companies, while the opposite was the case in 
the IT sector, where size mattered more for companies with a lower 
Tobin’s Q. Altogether, these differences emphasize that valuation de-
terminants vary not only by firm performance, proxied by Tobin’s Q, but 
also by sector-specific investor priorities.

Fig. 10. Variable importance range for the Industrials sector, 2019–2023.
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Conclusion and implications

This study investigated the relationship between environmental 
innovation and firm performance for European companies in the in-
dustrial and IT sectors between 2019 and 2023, employing BMA and RF 
methodologies. Our analysis showed that the importance of environ-
mental innovation in determining firm valuation varies significantly 
between sectors and depends on a company’s existing market perfor-
mance. In the Industrials sector, environmental product scores positively 
contribute to the market value of overvalued companies. For the envi-
ronmental management and environmental innovation scores, there was 
a more complex relationship with negative coefficients in some models. 
These findings suggested that there might be a potential short-term 
trade-off between environmental commitments and financial valua-
tion, at least for the two sectors in our analysis. For the IT sector, prof-
itability is the dominant determinant of firm value for all companies, 
regardless of their level, and environmental factors play a secondary 
role.

The comparison between over- and undervalued companies reveals 
distinct patterns. For undervalued companies in the Industrials sector, 
financial leverage and governance quality emerged as increasingly 
important drivers of value over time. This indicates that good debt 
management and solid corporate governance can be used by corpora-
tions to impact investors’ perceptions of their performance. In the IT 
sector, however, sensitivity to market risk and financial leverage were 
revealed to have greater importance for undervalued companies, 
implying that investors scrutinize their risk more carefully.

Our findings have provided empirical support for a highly context- 
dependent analysis of the relationship between environmental innova-
tion, governance, and financial performance. Thus, the study challenges 
the hypothesis of a universally positive or negative relationship between 

Fig. 11. Variable importance range for the IT sector, 2019–2023.

Fig. 12. Means of VI – Industrials versus ITsector, 2019–2023.
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environmental innovation and financial performance, as well as the 
significant importance of environmental innovation for valuation.

Our findings suggest that managers should adopt sector-specific ap-
proaches, with industrial firms using environmental product in-
novations as a valuation advantage and IT companies prioritizing 
profitability and treating environmental innovation as secondary. 
Undervalued companies in both sectors should direct their attention 
toward improving financial leverage and governance; IT firms should 
focus on sensitivity to market risk. For policymakers, there is a need to 
tailor environmental regulations to integrate sector-specific parameters, 
and stronger corporate governance should be encouraged, and firms 
should be supported during the implementation of environmental in-
novations before long-term benefits materialize.

This study has several limitations that point to directions for future 
research. First, the analysis of European companies in the two sectors 
could be expanded to other regions. Companies from developed and 
emerging markets could be compared to understand how the level of 

economic development influences the relationship between environ-
mental innovation and financial performance. Second, the sample 
period could be extended to capture longer-term patterns in the rela-
tionship between financial performance and environmental innovation. 
Additionally, expanding the analysis to sectors that are differently 
exposed to environmental impacts and have different environmental 
footprints would provide a more wide-ranging understanding of how 
sectoral contexts impact the studied relationship.

CRediT authorship contribution statement

Alexandra Horobet: Writing – original draft, Supervision, Meth-
odology, Formal analysis, Conceptualization. Ioannis Kostakis: Writing 
– review & editing, Software, Investigation, Formal analysis, Data 
curation. Arindam Banerjee: Writing – original draft, Validation, 
Software, Methodology. Lucian Belascu: Writing – review & editing, 
Validation, Investigation, Data curation, Conceptualization.

Appendix

Table A-1, Table A-2

Table A-1 
Variable importance for the Industrials sector, 2019–2023.

2023 2022 2021 2020 2019
Variables M1 M2 M3 M1 M2 M3 M1 M2 M3 M1 M2 M3 M1 M2 M3
​ All companies
BETA 0.436 0.391 0.383 0.380 0.453 0.401 0.402 0.524 0.485 0.435 0.519 0.564 0.469 0.417 0.382
CR 0.709 0.673 0.591 1.000 1.000 1.000 0.834 0.935 0.798 0.794 0.682 0.780 0.715 0.788 0.695
EBITDAM 1.000 1.000 1.000 0.981 0.976 0.880 0.950 0.945 1.000 0.986 1.000 1.000 1.000 1.000 1.000
EIS 0.414 na na 0.423 na na 0.462 na na 0.377 na na 0.228 na na
EMT 0.300 0.334 na 0.306 0.426 na 0.307 0.369 na 0.284 0.360 na 0.209 0.181 na
EPS na 0.356 na na 0.354 na na 0.405 na na 0.344 na na 0.239 na
ENV na na 0.420 na na 0.319 na na 0.474 na na 0.493 na na 0.329
GOV 0.514 0.441 0.415 0.394 0.485 0.300 0.428 0.420 0.477 0.392 0.435 0.509 0.277 0.235 0.272
RF 0.364 0.422 0.362 0.469 0.421 0.512 0.431 0.501 0.488 0.415 0.551 0.556 0.332 0.284 0.355
RL 0.569 0.458 0.433 0.559 0.672 0.440 0.612 0.711 0.689 0.587 0.621 0.616 0.530 0.501 0.436
SOC 0.473 0.402 0.411 0.433 0.509 0.381 0.386 0.524 0.342 0.417 0.476 0.427 0.286 0.311 0.237
TAT 0.494 0.486 0.693 0.485 0.640 0.490 0.661 0.673 0.786 0.528 0.679 0.674 0.436 0.431 0.441
TDCE 0.732 0.723 0.769 0.709 0.946 0.698 1.000 1.000 0.899 0.778 0.617 0.669 0.695 0.694 0.548
TURN 0.763 0.767 0.761 0.903 0.994 0.603 0.531 0.556 0.540 0.665 0.630 0.826 0.549 0.499 0.429
​ Companies with TBQ higher than 1
BETA 0.290 0.292 0.274 0.297 0.322 0.285 0.435 0.299 0.333 0.529 0.632 0.537 0.352 0.340 0.376
CR 1.000 1.000 0.842 0.989 0.866 1.000 0.754 1.000 0.798 0.737 0.699 0.639 0.966 1.000 0.876
EBITDAM 0.807 0.964 1.000 1.000 1.000 0.817 1.000 0.813 0.907 1.000 1.000 1.000 1.000 0.720 0.853
EIS 0.250 na na 0.302 na na 0.397 na na 0.366 na na 0.246 na na
EMT 0.279 0.327 na 0.264 0.368 na 0.444 0.215 na 0.304 0.311 na 0.167 0.185 na
EPS na 0.239 na na 0.443 na na 0.165 na na 0.326 na na 0.156 na
ENV na na 0.346 na na 0.310 na na 0.332 na na 0.510 na na 0.468
GOV 0.230 0.290 0.342 0.371 0.428 0.224 0.393 0.288 0.449 0.383 0.400 0.409 0.287 0.195 0.205
RF 0.243 0.264 0.530 0.216 0.193 0.403 0.255 0.376 0.427 0.464 0.523 0.542 0.282 0.174 0.280
RL 0.361 0.474 0.493 0.430 0.423 0.295 0.491 0.341 0.333 0.498 0.552 0.535 0.404 0.328 0.471
SOC 0.306 0.304 0.328 0.485 0.391 0.291 0.477 0.336 0.331 0.357 0.457 0.441 0.298 0.277 0.310
TAT 0.344 0.491 0.384 0.460 0.367 0.446 0.551 0.312 0.324 0.524 0.611 0.608 0.402 0.396 0.464
TDCE 0.796 0.847 0.724 0.808 0.788 0.801 0.837 0.584 1.000 0.609 0.695 0.597 0.729 0.834 1.000
TURN 0.563 0.709 0.728 0.617 0.705 0.626 0.554 0.420 0.519 0.556 0.581 0.772 0.319 0.319 0.335
​ Companies with TBQ lower or equal to 1
BETA 0.454 0.557 0.790 0.570 0.724 0.473 0.651 0.767 0.732 0.188 0.266 0.185 0.148 0.143 0.153
CR 0.618 0.744 0.847 0.954 1.000 0.742 0.945 0.961 1.000 0.536 0.639 0.478 0.652 0.744 0.664
EBITDAM 0.477 0.648 0.887 0.556 0.515 0.549 0.852 0.797 0.606 0.504 0.524 0.528 1.000 1.000 1.000
EIS 0.267 na na 0.232 na na 0.274 na na 0.364 na na 0.086 na na
EMT 0.334 0.311 na 0.208 0.314 na 0.251 0.254 na 0.166 0.189 na 0.101 0.111 na
EPS na 0.244 na na 0.397 na na 0.252 na na 0.522 na na 0.115 na
ENV na na 0.582 na na 0.619 na na 0.471 na na 0.397 na na 0.137
GOV 0.537 0.640 0.830 0.426 0.495 0.481 0.599 0.609 0.425 0.233 0.321 0.195 0.085 0.099 0.122
RF 0.196 0.195 0.298 0.245 0.328 0.242 0.458 0.426 0.444 0.123 0.224 0.128 0.196 0.177 0.196
RL 0.237 0.269 0.326 0.269 0.350 0.363 0.670 0.782 0.390 0.306 0.299 0.352 0.416 0.366 0.356
SOC 0.581 0.559 0.635 0.361 0.371 0.318 0.532 0.372 0.431 0.287 0.387 0.264 0.103 0.105 0.108
TAT 0.469 0.487 0.543 0.634 0.665 0.416 0.947 1.000 0.954 0.553 0.692 0.500 0.318 0.452 0.458
TDCE 1.000 1.000 1.000 1.000 0.972 1.000 0.896 0.953 0.915 1.000 1.000 1.000 0.529 0.634 0.631
TURN 0.562 0.605 0.787 0.489 0.784 0.737 1.000 0.888 0.486 0.327 0.605 0.363 0.154 0.169 0.160
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Model 1 includes EIS and EMT, Model 2 includes EPS and EMT, Model 3 includes ENV.
Table A-2 
Variable importance for the Industrials sector, 2019–2023.

2023 2022 2021 2020 2019
Variables M1 M2 M3 M1 M2 M3 M1 M2 M3 M1 M2 M3 M1 M2 M3
​ All companies
BETA 0.425 0.335 0.370 0.291 0.284 0.370 0.402 0.357 0.433 0.428 0.440 0.363 0.489 0.458 0.625
CR 0.373 0.322 0.301 0.355 0.332 0.358 0.487 0.576 0.543 0.543 0.750 0.955 0.700 0.848 0.991
EBITDAM 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.958
EIS 0.317 na na 0.266 na na 0.327 na na 0.341 na na 0.443 na na
EMT 0.338 0.357 na 0.384 0.355 na 0.408 0.361 na 0.343 0.389 na 0.183 0.183 na
EPS na 0.260 na na 0.237 na na 0.215 na na 0.217 na na 0.387 na
ENV na na 0.403 na na 0.373 na na 0.474 na na 0.527 na na 0.378
GOV 0.543 0.419 0.475 0.304 0.309 0.267 0.382 0.307 0.368 0.442 0.478 0.506 0.406 0.396 0.496
RF 0.265 0.235 0.243 0.184 0.213 0.295 0.260 0.213 0.325 0.291 0.349 0.340 0.306 0.241 0.376
RL 0.434 0.396 0.356 0.259 0.277 0.315 0.283 0.275 0.334 0.341 0.365 0.361 0.347 0.416 0.474
SOC 0.388 0.394 0.340 0.335 0.395 0.308 0.399 0.342 0.487 0.414 0.470 0.453 0.440 0.499 0.625
TAT 0.381 0.466 0.472 0.274 0.293 0.416 0.392 0.437 0.693 0.489 0.532 0.575 0.686 0.487 0.840
TDCE 0.343 0.350 0.313 0.336 0.383 0.415 0.460 0.392 0.522 0.475 0.754 0.832 0.552 0.622 1.000
TURN 0.570 0.509 0.462 0.574 0.534 0.428 0.519 0.428 0.546 0.646 0.617 0.689 0.931 0.817 0.911
​ Companies with TBQ higher than 1
BETA 0.377 0.378 0.521 0.297 0.353 0.335 0.280 0.219 0.298 0.317 0.483 0.521 1.000 0.331 0.734
CR 0.368 0.448 0.368 0.343 0.498 0.389 0.373 0.470 0.449 0.569 0.667 0.585 0.692 0.675 0.830
EBITDAM 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.608 1.000 1.000
EIS 0.252 na na 0.328 na na 0.299 na na 0.309 na na 0.593 na na
EMT 0.251 0.280 na 0.303 0.348 na 0.221 0.176 na 0.195 0.224 na 0.548 0.176 na
EPS na 0.275 na na 0.289 na na 0.193 na na 0.263 na na 0.285 na
ENV na na 0.404 na na 0.307 na na 0.320 na na 0.549 na na 0.444
GOV 0.381 0.392 0.509 0.368 0.425 0.367 0.363 0.304 0.341 0.264 0.414 0.517 0.538 0.398 0.562
RF 0.283 0.277 0.435 0.358 0.480 0.307 0.238 0.270 0.231 0.216 0.303 0.254 0.442 0.276 0.395
RL 0.314 0.347 0.425 0.296 0.370 0.318 0.290 0.237 0.235 0.269 0.284 0.270 0.408 0.389 0.452
SOC 0.395 0.350 0.389 0.418 0.414 0.377 0.328 0.306 0.342 0.324 0.266 0.439 0.375 0.471 0.600
TAT 0.325 0.406 0.406 0.245 0.376 0.377 0.415 0.336 0.447 0.480 0.445 0.908 0.304 0.522 0.567
TDCE 0.500 0.412 0.429 0.406 0.506 0.398 0.407 0.308 0.330 0.403 0.577 0.643 0.256 0.931 0.909
TURN 0.356 0.415 0.616 0.373 0.593 0.387 0.360 0.408 0.359 0.290 0.391 0.562 0.177 0.790 0.952
​ Companies with TBQ lower or equal to 1
BETA 0.246 0.311 0.326 0.834 0.540 1.000 0.487 0.618 1.000 na na na na na na
CR 0.258 0.496 0.592 0.243 0.176 0.733 0.131 0.218 0.507 na na na na na na
EBITDAM 0.318 0.368 0.193 0.626 0.657 0.646 1.000 1.000 0.780 na na na na na na
EIS 0.296 na na 0.150 na na 0.257 na na na na na na na na
EMT 0.371 0.292 na 0.116 0.124 na 0.067 0.077 na na na na na na na
EPS na 0.234 na na 0.150 na na 0.356 na na na na na na na
ENV na na 0.296 na na 0.418 na na 0.357 na na na na na na
GOV 0.216 0.194 0.228 0.323 0.331 0.286 0.358 0.378 0.330 na na na na na na
RF 0.159 0.157 0.184 0.154 0.117 0.193 0.204 0.251 0.275 na na na na na na
RL 0.204 0.220 0.238 0.297 0.201 0.242 0.468 0.653 0.445 na na na na na na
SOC 0.518 0.489 0.305 0.306 0.284 0.170 0.309 0.505 0.541 na na na na na na
TAT 0.430 0.413 0.306 0.462 0.240 0.594 0.428 0.525 0.745 na na na na na na
TDCE 1.000 1.000 1.000 1.000 1.000 0.301 0.332 0.391 0.074 na na na na na na
TURN 0.460 0.166 0.412 0.625 0.471 0.282 0.873 0.772 0.555 na na na na na na

Model 1 includes EIS and EMT, Model 2 includes EPS and EMT, Model 3 includes ENV.
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