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Abstract

Purpose – This study aims to examine the association between board gender diversity (BGD) and

workplace diversity and the relative importance of various board and firm characteristics in predicting

diversity.

Design/methodology/approach – With a novel machine learning (ML) approach, this study models the

association between three workplace diversity variables and BGD using a social media data set of

approximately 250,000 employee reviews. Using the tools of explainable artificial intelligence, the authors

interpret the results of theMLmodel.

Findings – The results show that BGD has a strong positive association with the gender equality and

inclusiveness dimensions of corporate diversity culture. However, BGD is found to have a weak negative

association with age diversity in a company. Furthermore, the authors find that workplace diversity is an

important predictor of firm value, indicating a possible channel on howBGD affects firm performance.

Originality/value – The effects of BGD on workplace diversity below management levels are mainly

omitted in the current corporate governance literature. Furthermore, existing research has not considered

different dimensions of this diversity and has mainly focused on its gender aspects. In this study, the

authors address this research problem and examine how BGD affects different dimensions of diversity at

the overall company level. This study reveals important associations and identifies key variables that

should be included as a part of theoretical causal models in future research.

Keywords Corporate governance, Board composition, Machine learning, Workplace diversity,

Explainable AI

Paper type Research paper

1. Introduction

The gender composition of corporate boards and its influence on other aspects of business

is a widely studied research topic in the corporate governance literature. Previous research

has studied, for example, how board gender diversity (BGD) affects executive

appointments (Cook and Glass, 2014, 2015), board effectiveness (Adams and Ferreira,

2009), corporate value (Carter et al., 2003), operational performance (Campbell and

Mı́nguez-Vera, 2008) and risk-taking (Palvia et al., 2015). For an extensive literature review

of BGD research, see Baker et al. (2020) or Kirsch (2018). However, although the effects of

BGD have been extensively studied, many questions remain on what effects can be

expected from a more gender-balanced board composition (Kirsch, 2018).

For example, existing research has mainly ignored the effects of BGD on the diversity

culture of workplaces. Few studies have explored the effect of BGD on diversity at the top

management level. For instance, Cook and Glass (2014, 2015) studied how BGD is

associated with the appointment and success of women chief executive officer (CEOs).

Moreover, several studies have found that high diversity at the top level of organizations is

positively associated with diversity at the lower managerial levels (Bilimoria, 2006; Matsa

and Miller, 2011; Skaggs et al., 2012). However, the effects of BGD on the diversity below

the management levels are mainly omitted in the current corporate governance literature.
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Furthermore, existing research has not taken into account different dimensions of workplace

diversity and has mainly focused on its gender aspects. Although one could assume that

BGD improves the gender equality culture of a company, the same is not necessarily true

for other diversity dimensions. This lack of research is surprising, as board diversity is often

justified by its positive spillover effects on the rest of the organization (Kirsch, 2018). In

general, the existing literature has not provided good answers about how BGD affects

diversity culture below the management level and what kinds of effects can be expected

from a more balanced board composition.

In this study, we address this research problem and examine how BGD affects different

dimensions of workplace diversity at the overall company level. For that purpose, we use a

unique data set of approximately 250,000 employee reviews from a social media platform

aggregated at the yearly level and measure diversity using three employee assessments

from the reviews: gender equality, inclusive/diverse and attitude toward older colleagues.

Furthermore, we use a novel machine learning (ML) approach to measure the relative

importance of board and firm characteristics to company diversity and analyze the nature of

these features’ associations (nonlinearities). This will give us tools to analyze the reasons

behind the mixed results of the association between BGD and, for example, financial

performance (Kirsch, 2018). Moreover, our ML approach allows us to estimate the relative

importance of BGD compared to other board and firm characteristics, i.e. how much

practical relevance BGD has in affecting workplace diversity.

Our research contributes to the existing literature by examining how BGD is associated with

company diversity. The results have important implications. They bring new evidence of

how BGD is connected to different dimensions of company diversity below the

management level and reveal how the benefits of BGD might be channeled through

the company for positive outcomes. Our data offer the possibility of examining diversity in

more detail using three dimensions (gender diversity, inclusiveness and age diversity).

Thus, we get new information about the connection documented as being causal in some

studies (Kirsch, 2018). These measures capture different aspects of workplace diversity

and reveal new information about the drivers of company diversity. Furthermore, our

method allows nonlinear analysis, revealing new information about the nature of the

associations between BGD and company diversity.

Our research also contributes to the growing literature in business disciplines that exploits

social media information as sources of company-specific information (Hales et al., 2018;

Miller and Skinner, 2015). Previous research has used information from sources like

Amazon, Twitter, Glassdoor, different internet bulletin boards and crowdsourced economics

estimates. Our work adds to a growing literature that has studied social media information

aggregation and the wisdom of the crowd. This literature suggests that “the aggregation of

information provided by many individuals often results in predictions that are better than

those made by any single member of the group, or even experts” (Bartov et al., 2018, p.

28), showing evidence that social media and specifically employee reviews reveal

fundamental information about the firm.

Moreover, our research contributes to the existing literature on ML applications in business

disciplines. This approach offers many benefits compared to traditional econometric approaches,

where data-driven model selection, efficient predictions, the true nature of dependencies and the

ability to deal with multicollinearity are the most important features from the point of view of this

study (see, for example, Bertomeu, 2020; Jones, 2017; Karolyi and Van Nieuwerburgh, 2020). In

our research setting, traditional econometric models, e.g. linear statistical models, are limited by

the possible multicollinearity of features and potential nonlinearities in the data.

More specifically, in this research, we use gradient boosting, a technique that combines the

predictions of many weak estimators into one strong prediction (Friedman, 2001). Gradient

boosting overcomes many limitations of more traditional research models and provides a
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potentially useful method for including the board and firm characteristics in a single

statistical framework without any cost to model stability or performance (see, for example,

Bertomeu, 2020; Jones, 2017, for a more detailed discussion). In addition, the high-

dimensional gradient-boosting model uses the full set of input variables and automatically

detects all the important interaction effects. This is one clear advantage compared to linear

regression. Usually, a gradient-boosting model consists of decision trees, where each tree

will sequentially pick the variables that best explain an outcome variable. The initial splits to

different branches are typically based on the most critical variables, and the following splits

will build interactions with other variables. Thus, the approach also implements a variable

selection procedure in each tree, with benefits similar to different regularization techniques,

because the number of splits controls the set of variables used in the model (Bertomeu,

2020; Friedman, 2001, 2002).

Furthermore, our paper makes methodological contributions to the growing studies of ML in

corporate governance by using the tools of explainable AI to interpret the results of an ML

model. We apply the Shapley additive explanations (SHAP) method (Lundberg et al., 2020)

to interpret the results of the boosting model. SHAP is a game-theoretic method used to

explain the local importance (individual predictions) of features. SHAP indicates how much

each feature contributes to an individual prediction. We use SHAP values to explore the

relations between individual predictors and company diversity (shape of relations and their

statistical significance) and estimate the global importance of the features using several

aggregates calculated from the SHAP values.

Our empirical findings demonstrate that BGD is the most important board characteristic and

a vital feature overall in predicting company gender equality and inclusiveness.

Furthermore, from the local importance perspective, there is a strong positive and

statistically significant association between BGD and these company diversity measures.

However, for age diversity, the role of BGD is much weaker. Furthermore, this weak

association is observed to be negative. With the exception of BGD, firm characteristics are

slightly more important predictors of company diversity than board characteristics. Our

findings also indicate how the positive aspects of BGD might be channeled as positive

financial outcomes for companies through the positive effects of company diversity.

Additional analysis reveals that the company diversity variables are important predictors of

firm value and significantly more important than BGD. This indicates a possible mechanism

of how the positive effects of BGD are channeled through the company via company

diversity as positive business outcomes, in this case, firm value.

2. Literature review

2.1 Board composition

The current consensus in the literature is that BGD is beneficial for general company

performance. The upper echelons theory (Hambrick and Mason, 1984) predicts that

managerial characteristics strongly influence organizational outcomes and this has ignited

substantial research on BGD’s role in this theory. Diversity is considered an element of

social capital that offers diverse perspectives and thus improves companies’ governance

function (Adams and Ferreira, 2009; Booth-Bell, 2018; Calabrese and Manello, 2021).

Overall, the list of positive outcomes from diverse boards is extensive. Adams and Ferreira

(2009) found that diversity positively affects governance. Moreover, Gul et al. (2011)

suggested that diverse boards improve share price informativeness through improved

company disclosure, while Loukil et al. (2019) found evidence that BGD improves stock

market liquidity. Similarly, the findings of and Jurkus et al. (2011) indicated that BGD has a

positive effect on risk-adjusted stock returns. The research of Dezsö and Ross (2012), Kor

(2006) and Miller and Triana (2009) suggests that board diversity has a positive effect on

innovation, while Ali et al. (2021) found evidence of improved firm efficiency. Furthermore,
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Bear et al. (2010) and Post et al. (2011) found positive linkages between BGD and company

sustainability practices.

Neutral findings include those from Krishnan and Parsons (2008) and Barua et al. (2010),

who found that a diverse executive level causes financial reporting to be more cautious and

conservative. Furthermore, Menicucci and Paolucci (2022), Hurley and Choudhary (2020),

Faccio et al. (2016) and Huang and Kisgen (2013) documented that companies with a

diverse executive level (especially board) are significantly more risk-averse. Related

research by Ben Saad and Belkacem (2022) found that BGD affects capital structure

decisions through this risk-taking channel. Chatjuthamard et al. (2021) investigated the

relationship between BGD and hostile takeover vulnerability and found a negative

association between them.

One of the most intensively studied effects of BGD is financial performance, and the

findings are mixed. Most studies have found a positive association with financial

performance (Anderson et al., 2011; Campbell and Mı́nguez-Vera, 2008; Carter et al., 2003;

Erhardt et al., 2003; Joecks et al., 2013; Leyva-Townsend et al., 2021; Mazzotta and

Ferraro, 2020; Saleh et al., 2021). However, several studies have also found a negative or

insignificant association between BGD and financial performance (Adams and Ferreira,

2009; Ahern and Dittmar, 2012; Chapple and Humphrey, 2014; Darmadi, 2013; Rose,

2007).

Despite this extensive study base, the relationship between BGD and many other business

practices is still unclear (Baker et al., 2020). For example, the effect of BGD on company

diversity is largely missing from the existing literature. Few studies have explored the effect

of BGD on diversity at the top management level. Cook and Glass (2014, 2015) studied how

BGD is associated with the appointment and success of women CEOs. Moreover, several

studies have found that high diversity at the top level of organizations is positively

associated with diversity at the lower managerial levels (Bilimoria, 2006; Matsa and Miller,

2011; Skaggs et al., 2012). However, the effects of BGD on workplace diversity below the

management levels are mainly omitted in the current corporate governance literature.

Furthermore, existing research has not considered different dimensions of diversity and has

mainly been focusing on the gender aspects of it. Although improved gender equality could

be expected from better BGD, all the dimensions of diversity do not necessarily improve

with better BGD. This is an evident shortcoming as company diversity is shown to influence

company performance (Filbeck et al., 2017; Kirsch, 2018). Therefore, it is interesting to

shed light on whether BGD is affecting company diversity and whether this could be the

channel for how it influences, for example, financial performance.

What are the mechanisms that drive these effects? Previous research has documented

several possible theoretical explanations of how BGD can impact the rest of the organization.

Drawing insight from signaling theory (Connelly et al., 2011), high BGD improves company

reputation, which could positively affect aspects like market performance (Bear et al., 2010).

A similar mechanism could affect companies’ recruitment process and send a signal to job

seekers about the companies’ diversity policies and, therefore, also affect the diversity below

the management level. Another line of research examines whether BGD initiates a policy

change for companies (Triana et al., 2014). This policy change could be expected (but not

necessarily) to include choices like higher social responsibility and more diverse culture

(Harjoto et al., 2015; however, see also Rao and Tilt, 2020). From this background, we aim to

find more information on the following research questions:

RQ1: Is BGD associatedwith the diversity below themanagement level?

RQ2: Are there differences between the dimensions of diversity (gender diversity,

inclusiveness and age diversity)?

RQ3: How strongly are different dimensions of workplace diversity associated with

market performance?

j CORPORATE GOVERNANCE j



2.2 Gradient boosting

Ensemble methods are algorithms that combine the prediction of many weak predictors

into a single strong prediction. The most popular ensemble methods are random forests

and boosting. Overall, they have been applied to research problems in business

disciplines at an increasing pace. For example, random forests have been used to

forecast stock index returns (Kumar and Thenmozhi, 2014), financial fraud (Liu et al.,

2015) and stock market price movements (Khaidem et al., 2016). Barboza et al. (2017)

evaluated the suitability of many different ML algorithms for bankruptcy prediction and

concluded that the ensemble methods are usually the most efficient option. Gu et al.

(2020) made a similar comparison with regard to empirical asset pricing and found that

alongside neural networks, ensemble methods based on decision trees are the best-

performing methods. They traced this improved performance to the ability to model

nonlinear interactions between predictors that neural networks and ensemble methods

possess.

Gradient boosting is a modification of the original boosting model that uses the gradient

descent algorithm to train them (Friedman, 2001). One of the latest iterations, the extreme

gradient-boosting algorithm (Chen and Guestrin, 2016), adds highly optimized code,

scalability, regularization and parallel computing to the algorithm. It has been very

popular in recent years for practical applications. Several papers have also applied it in

business discipline research. Climent et al. (2019) used an extreme gradient-boosting

approach to predict bank distress in the eurozone, while Carmona et al. (2019)

performed a similar analysis of the US banking sector. Moreover, Zie�ba et al. (2016)

combined the extreme gradient-boosting algorithm with synthetic features to improve

bankruptcy prediction accuracy and evaluated their model using Polish companies.

Extreme gradient boosting has also been used to construct credit risk assessment

models for financial institutions (Chang et al., 2018), to build a multifactor stock selection

model (Zhang and Chen, 2019), to predict customer churn (Gregory, 2018) and

to predict the likelihood of loan default on online peer-to-peer lending platforms

(Zheng, 2019).

Papers implementing other boosting models have included Cort�es et al. (2008), who

used AdaBoost to predict financial failure; Bao et al. (2020), who used boosting to

predict accounting fraud in publicly traded US firms; Jones (2017) and Jiang and Jones

(2018), who used boosting for bankruptcy prediction; and Pierdzioch et al. (2015), who

used boosting to predict gold and silver prices successfully. Closely related to our

research, a recent study by Yousaf et al. (2021) used gradient boosting and several

other ML methods to analyze the connection between board diversity and financial

distress.

2.3 Shapley additive explanations

Explainable AI is used relatively little in business research. However, the enthusiasm of

scholars for these methods is high, and they are implemented at an increasing pace. For

example, Doornenbal et al. (2021) used tools of explainable AI to analyze personality traits

that define a leader. Furthermore, their paper includes good instructions on how

researchers can use these tools to interpret ML algorithms, assess model complexity and

rank feature importances. They argue that with the advancement of ML, researchers are

now better equipped to model complex nonlinear associations between the variables of

interest and interpret them using the tools of explainable artificial intelligence (AI). Spisak

et al. (2019) draw similar conclusions and review the possibilities that explainable AI opens

for empirical business research.

Although SHAP is a relatively new methodological innovation for explainable AI, several

studies in business disciplines have already adopted it. Jabeur et al. (2021) use ML and

j CORPORATE GOVERNANCE j



SHAP values to predict oil prices during the COVID-19 pandemic and demonstrate how

SHAP values can be used to infer the core features that predict these prices. Similarly,

Futagami et al. (2021) show how SHAP values can be used to identify the most important

features that predict mergers and acquisitions. Furthermore, they use SHAP values to

interpret how these features contributed to the prediction of acquisition occurrence. Ylinen

and Ranta (2021) combine SHAP values with bootstrap methods (Efron, 1979) to include

uncertainty estimations to results. More specifically, they use SHAP values to analyze how

different characteristics of employee-friendly corporate culture affect company

performance. As the last example, we mention Lin and Bai (2021), who use SHAP values to

infer the most important determinants of debt financing in heavily polluting enterprises.

We consider the choice of gradient boosting and SHAP to fit well for answering the

proposed research questions. Our model includes many variables whose connection a

priori is unknown. The ML approach allows data-driven model selection that automatically

considers all the interactions and nonlinear associations between variables (Bertomeu,

2020). For example, we can easily analyze the implications of the critical mass theory for

BGD with our nonlinear approach (Joecks et al., 2013. Furthermore, the high number of

covariates raises multicollinearity concerns that our decision tree-based approach

alleviates. Moreover, ML models have proven to be very efficient predictors that help us

estimate our findings’ practical relevance (Jones, 2017). One major benefit of decision tree-

based models is their ability to use observations with missing values for some variables. As

decision trees are built using the available information for each observation, models with

many covariates (like ours) are more efficiently analyzed using decision tree-based ML

algorithms.

3. Data and methodology

3.1 Board and firm characteristics

When collecting the variables for our model, the leading idea has been to add a substantial

number of control variables to minimize the risk of endogeneity issues. As discussed earlier,

our approach is resistant to multicollinearity, which allows variables to be added to our

model with a just-in-case mindset. Our analysis covers the board characteristics that have

been extensively used in prior literature to study how board structure affects different

aspects of the company (Baker et al., 2020 for an extensive survey). The specific

characteristics are BGD, measured as the percentage of female board members; board

meeting attendance, defined as the average overall attendance percentage of board

meetings, as reported by the company; board member affiliation, defined as the average

number of other board memberships of the board members; board member compensation,

measured as the total compensation of the nonexecutive board members; independent

board member, defined as the percentage of independent board members, as reported by

the company; number of board meetings, measured as the number of board meetings

during a fiscal year; average board tenure, measured as the average number of years each

board member has served on the board; nonexecutive board members, measured as the

percentage of nonexecutive board members; executive members gender diversity,

measured as the percentage of female board members within the executive members of

the board; specific skills, measured as the percentage of board members who have either

an industry-specific background or a strong financial background; and board size,

measured as the number of board members at the end of the fiscal year.

Furthermore, we measure the CEO-level participation on corporate boards using two

dummy variables. CEO board member gets a value of one if the CEO of the company is

also a member of the corporate board. Chairman is ex-CEO is assigned a value of one if the

chairperson of the board has previously served as the CEO of the same company. Finally,

we include a variable strictly independent board members that measures the percentage of

those board members whom the company does not employ; not representing or employed
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by a majority shareholder; not having served on the board for more than ten years; not a

reference shareholder with more than 5% of holdings; having no cross-board membership;

having no recent, immediate family ties to the corporation; and having not accepted any

compensation other than compensation for board service. The descriptive statistics of the

board characteristics are provided in Table 1.

As firm characteristics, we select variables that have been shown to play a significant role in

the previous corporate governance literature (Frijns et al., 2016). As a market measure of

financial performance, we use Tobin’s Q and, as an operational measure of performance,

return on assets. Other firm characteristics in the model are the total assets of a company;

leverage, calculated as a fraction of long-term debt and total assets; R&D intensity,

calculated as a fraction of R&D expenditure and total assets; implied volatility; and firm age.

We also control industry and year fixed effects using dummy variables for standard

industrial classification (SIC) codes (one-digit) and fiscal years. The descriptive statistics of

the firm characteristics are provided in Table 2.

3.2 Employer review sample

Kununu, founded in Austria in 2007, is a social media-based recruiting website similar to

Glassdoor.com, from which data have been used recently in accounting and finance

research (Green et al., 2019; Hales et al., 2018). The website includes information about

job postings, quantitative and qualitative employee reviews on a variety of firm

characteristics, salary data, the interview process (before, during and after the job

interview), company culture insights and an overall score, which combines scores from

Table 1 Descriptive statistics for the board characteristics, rounded to three significant figures

Characteristic Count Mean SD Min 25% 50% 75% Max

No. of meetings 588 7.83 3.30 4.00 6.00 7.00 9.00 21.0

Meeting attendance 588 79.0 8.39 75.0 75.0 75.0 75.0 100

Board size 588 10.9 1.94 7.00 9.00 11.0 12.0 16.0

CEO board member 588 0.986 0.116 0.00 1.00 1.00 1.00 1.00

Chairman is ex-CEO 588 0.743 0.437 0.00 0.00 1.00 1.00 1.00

Independent members 588 83.8 9.37 50.0 80.0 86.7 90.9 93.8

Strictly independent members 588 48.7 16.6 11.1 37.5 50.0 60.0 88.9

Member affiliations 588 1.14 0.553 0.054 0.750 1.10 1.46 3.22

Nonexecutive members 588 85.2 7.34 62.5 81.8 86.7 91.1 94.1

BGD 588 21.9 9.55 0.00 15.4 21.4 27.3 50.0

Executive members gender diversity 588 17.0 11.9 0.00 9.09 15.4 25.0 50.0

Specific skills 588 53.5 16.0 12.5 42.9 53.9 63.6 91.9

Average tenure 588 9.76 3.70 1.75 7.60 9.30 11.2 20.9

Member compensation (1,000$) 588 2,650,000 1,030,000 457,000 2,000,000 2,590,000 3,150,000 9,310,000

Table 2 Descriptive statistics for the firm characteristics, rounded to three significant figures

Characteristic Count Mean SD Min 25% 50% 75% Max

Total assets (1,000$) 588 44700 101000 415 5570 14400 36700 877000

Leverage 588 0.993 4.49 �15.0 0.346 0.708 1.25 32.1

R&D intensity (%) 588 0.0112 0.0223 0.00 0.00 0.00 0.0135 0.142

ROA (%) 588 0.0631 0.0629 �0.168 0.0262 0.0564 0.0971 0.217

Implied vol. 588 27.7 8.05 15.0 22.0 26.5 31.7 57

Firm age 588 447 225 12.0 264 419 636 804

Tobin’s Q 588 2.27 1.32 0.898 1.39 1.84 2.66 7.31
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company, application and internship reviews. This score is also compared to the industry

average and the average score from all reviews. Moreover, each review includes a

recommendation rate, which shows the percentage of people who recommended this

company over the past two years. Employees can also enter free-text responses related

to suggestions for improvement and issues that the respondent likes and dislikes about

the company. Finally, these data also include compensation information concerning

benefits and perks (26 items) that are offered to employees. The website allows current

and former employees to rate their employers on 18 attributes using a five-point scale.

Most of these variables are related to aspects like company image, career opportunities

and work–life balance. However, three of these attributes are directly related to company

diversity, which allows us to measure company diversity using three dimensions: gender

equality, inclusive/diverse and attitude toward older colleagues. The actual survey

questions presented to employees for these diversity variables are provided in Table A1

in the Appendix.

By 2019, Kununu had reported hosting over 3.96 million individual employer reviews across

over 933,000 companies. We focus our analysis on Standard and Poor’s 1,500 firms, of

which 591 exist in the raw Kununu data. This decreases the sample size to 250,000. To

reduce noise in the data, we include in the sample only those firms that had at least 20

reviews per year in the 2014–2017 period. Furthermore, due to significant differences in the

amount of data available for different variables, we keep only observations for which we

have data for all the diversity variables to improve reliability. After these actions, the final

sample has 588 observations. Table 3 provides descriptive statistics for the modeled

diversity variables. The statistics are as expected, indicating a stable close-to-normal

distribution for the observations.

3.3 Gradient boosting

We use gradient boosting to model the relationship between the firm/board characteristics

and the company diversity measures. A nonlinear ML model is chosen so that we can

model the nonlinearities and take into account the interaction effects between covariates.

Furthermore, boosting models can naturally handle multicollinearity, which is important as

our model includes many covariates that correlate strongly with each other. Using a single

model with all the firm and board characteristics included allows us to estimate the pure

effects of covariates to the prediction more efficiently using SHAP values. With this

approach, we get a model that recognizes nonlinearities efficiently and achieves a very high

predictive power.

Boosting models are usually constructed using decision trees or regression trees as simple

predictors. The prediction of the model is improved iteratively so that the next decision tree

is fed with reweighted data, where the weight of the misclassified data points is increased.

Friedman (2001) presented an efficient way to train tree ensemble models using second-

order derivatives that is also the basis of the extreme gradient-boosting algorithm. The

approach used in this research is based on tree ensemble models:

Table 3 Descriptive statistics for the diversity variables, rounded to three significant
figures

Variable Count Mean SD Min 25% 50% 75% Max

Gender equality 588 3.33 0.590 1.17 2.97 3.34 3.73 5.00

Inclusive/diverse 588 3.12 0.729 1.00 2.70 3.14 3.59 5.00

Attitude toward older colleagues 588 3.28 0.586 1.00 2.93 3.32 3.65 5.00
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ŷ ¼
XJ
j¼1

fj xið Þ; fj 2 F ;

where F is the space of classification and regression trees (CART). The regression trees

contain a continuous score on each of the leaves, contrary to the ordinary decision trees

that have class labels on the leaves. The functions of the additive model, fj, correspond to

different tree structures and leaf weights. Training the model means minimizing the

objective function:

L ¼
X
i

l ŷ i ; yið Þ þ
X
j

X fj
� �

;

where l is a differentiable convex loss function and X is a regularization term that penalizes

the model’s complexity. We use a squared-log-loss function:

l ŷ ; yð Þ ¼ log ŷ þ 1ð Þ � log y þ 1ð Þ� �2
2

;

because it can be shown to be more robust to outliers than the commonly used squared-

loss function (Chen and Guestrin, 2016).

Traditional optimization methods cannot be used because the model uses functions as

parameters. Instead, the model is trained in an additive manner, greedily adding a new

function (a regression tree) to the model that most improves the predictions. After taking a

second-order approximation and removing constant terms, the objective function can be

written in a simplified form:

~L ¼
Xn
i¼1

gi ft x ið Þ þ 1

2
hi f

2
t x ið Þ

� �
þ X ftð Þ;

where gi and hi are the first- and second-order derivatives of the model from the previous

round, respectively. From this equation, the optimal leaf weights and the optimal split points

for tree branches can be calculated. The exact details are omitted and can be found in

Friedman (2001) and Chen and Guestrin (2016). When data values and the number of

features increase, it is impossible to search and test all the added function’s possible tree

structures. Therefore, the extreme gradient-boosting algorithm uses an approach where a

tree is built starting from a single leaf using a greedy algorithm. The exact greedy algorithm

can be used for single-machine solutions and an approximate greedy algorithm for parallel

computing.

The extreme gradient boosting allows fine-tuning of numerous parameters related to

learning rate and regularization. The parameters fine-tuned in this research are shrinkage,

column subsampling, row subsampling, gamma, tree depth, minimum leaf weight and

number of trees. Because finding optimal parameter values is computationally intensive, we

use the default values for the other available parameters in the model. The shrinkage

parameter reduces newly added weights by a predefined factor to leave room for future

trees to improve the model. The column subsampling method is previously used in random

forest algorithms and means selecting a subsample of features for the newly added tree.

Similarly, the row subsampling method means selecting a subsample of observations for

the tree. The minimum leaf weight parameter controls the minimum number of observations

that must be in every leaf, and the gamma parameter controls the minimum loss reduction

required to make a further partition on a leaf node of the tree (Chen and Guestrin, 2016).

Finally, the tree depth controls the number of divisions allowed in the trees. Overall, these

methods counter overfitting, and the column subsampling method also speeds up
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computation when a parallel computation approach is used. We do the optimization in two

steps using fivefold cross-validation. First, a thorough grid-search algorithm is applied for

the tree structure and regularization parameters of the model. After that, a separate cross-

validation run is applied to the number of decision trees. Table 4 provides the optimal

parameters for the models of each diversity dimension.

Alongside efficient parameters for regularization, the extreme gradient-boosting method’s

key improvements are highly efficient algorithms for optimal split point search, options for

parallel learning and sparsity-aware algorithms. Together these innovations make the

algorithm an order of magnitude faster than previous implementations and make it possible

to use the gradient-boosting algorithm for much larger data sets than before. The details of

these benefits can be found in Chen and Guestrin (2016).

3.4 Shapley additive explanations values

The challenge of nonlinear ML models is the difficulty of interpretation. For example, it is

impossible to describe a relationship using a single parameter as in linear regression. Thus,

we cannot use metrics like t-values for a single parameter describing a single feature.

Nonlinear models need new ways to analyze the importance of features. Standard metrics

used to analyze the importance of the features in ML ensemble models are the weight, gain

and cover metrics. For example, in decision tree ensemble models, the weight metric is the

relative number of times a feature is used to split data, the gain metric is the improvement in

accuracy brought by a feature to the branches it is on, and the cover is the number of

observations that go through splits by this feature and which divide that value by the

number of times the feature is used in the model. These are very problematic metrics and

can give inconsistent and contradictory results (Lundberg and Lee, 2017). For example, the

weight metric undervalues the importance of binary features because it divides data into

only two categories, and therefore, their appearance in trees is more scarce than features

with numerical values. Furthermore, the weight and the cover metric do not consider the

importance of the division. Divisions with a small improvement in accuracy are equally

important as divisions with a substantial improvement in accuracy.

Because of the shortcomings of these metrics, we interpret the results of the extreme

gradient-boosting model with the SHAP method (Lundberg et al., 2020), which is based on

game-theoretically optimal Shapley values. This method has many desirable performance

metrics properties, such as local accuracy, consistency, efficiency, symmetry and additivity

(Lundberg and Lee, 2017). TreeSHAP is a variant of the SHAP for tree-based ML models. It

is fast, computes exact Shapley values and can handle feature dependencies. Furthermore,

because the method measures individual predictions, it offers versatile ways to measure the

model performance.

Thus, SHAP is considered to be the most reliable metric for tree-based ML methods at the

moment (Molnar, 2021). Furthermore, the SHAP values have a very intuitive explanation. In

the regression setting, they calculate the effect of a single feature on a single prediction. We

Table 4 Optimal parameters for the boosting models

Parameter Gender equality model Inclusive/diverse model Attitude toward older colleagues model

Shrinkage 0.03 0.05 0.05

Column subsampling 0.8 0.8 0.8

Row subsampling 0.8 0.8 0.8

Tree depth 4 4 4

Minimum leaf weight 1 1 1

Gamma 0.0 0.0 0.0

No. of trees 125 80 90
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get explanations for every observation and for how each feature affects the given

prediction. The sum of the effects (SHAP values) equals the final prediction for a given

observation – in this case, the average value of a diversity grade. For a classifier setting,

using a logistic regression-type prediction, the interpretation is somewhat more

complicated. The SHAP values then estimate the effect of a feature on the (log) probability

of a class. For the mathematical details of SHAP, see Lundberg et al. (2020).

4. Results

4.1 Model validation

To validate our ML approach, we compare the out-of-sample predictive power of the boosting

model to an ordinary least squares (OLS) regression model and a least absolute shrinkage and

selection operator (LASSO) regression model. The data are split into training and testing parts

(80%/20%), and fivefold cross-validation with the training data is used to optimize the models’

hyperparameters. After optimization, the testing part is used to calculate the out-of-sample mean

square error and the coefficient of determination. The results are provided in Table 5.

The boosting models have a much improved out-of-sample performance according to both

metrics, and in particular, the coefficient of determination is significantly better for the

boosting models. The results indicate that significant nonlinearities and interactions are

present in the data, as the boosting model is the only model capable of modeling these and

has much higher explanative power.

4.2 Gender equality

We proceed by building a gradient-boosting model for gender equality. Figure 1 and

Table 6 provide the results from the model. We use SHAP values to evaluate the importance

of each variable and the nature of the association between the variables. The domain of

each variable is divided into four intervals, and the mean effect with statistical significance

for the intervals is estimated separately for every variable using bootstrapping with 1,000

samples. We use 10% limits to indicate statistical significance because the condition of an

interval being different from zero is much stronger than the mere significance of a linear

trend coefficient. The results reveal that almost all firm characteristic controls have a

statistically significant effect on at least one of the intervals, the only exceptions being R&D

intensity and ROA. Three board characteristics have a statistically significant effect on at

least one of the intervals. These characteristics, in order of importance, are BGD, number of

board meetings and nonexecutive members.

Table 5 Model validation results

Model Coefficient of determination Mean square error

Gender equality model

OLS 0.044 0.422

LASSO 0.002 0.442

Gradient boosting 0.135 0.382

Inclusive/diverse model

OLS 0.057 0.559

LASSO 0.065 0.554

Gradient boosting 0.195 0.477

Attitude toward older colleagues model

OLS 0.003 0.598

LASSO 0.008 0.592

Gradient boosting 0.162 0.493
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There is a strong positive association between BGD and company gender equality. The

effect on the prediction for the companies in the first interval (approximately 0%–12%) is

negative and statistically significant. Furthermore, the effect in the third interval

(approximately 25%–37%) is positive and also statistically significant. The positive effect for

the last interval is as strong as for the third interval. However, the effect is no longer

statistically significant due to wider confidence intervals. According to the results,

companies with BGD of approximately 12%–25% do not have a negative or positive effect

on company gender equality.

Table 6 also includes the maximum effect difference for the intervals. BGD is the most

important board characteristic and the fifth most important variable overall to predict

company gender equality. The maximum positive effect of the variable on the average

grade of company gender equality is 0.08. The effect is significant, as the most important

predictor, leverage, is only slightly more important with a maximum effect of 0.157. Overall,

the firm characteristics are slightly more important predictors of company gender equality

than the board characteristics.

4.3 Inclusive/diverse

Figure 2 and Table 7 provide significance analysis for the inclusive/diverse prediction

model. Four firm control variables, total assets, leverage, R&D intensity and Tobin’s Q, have

Figure 1 Mean effect for the prediction of gender equality, divided into four intervals. The
dashed lines indicate 90% confidence intervals
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a statistically significant effect on at least one of the intervals. Furthermore, four board

characteristics, number of meetings, BGD, executive members gender diversity and

specific skills, have significant effects.

BGD has a strong positive association with the inclusive/diverse culture of a company. The

effect is negative and statistically significant for the first interval (0%–12%), while for

companies with high BGD, the last two intervals (25%–50%), the effect is positive and

statistically significant. Again, for those companies with mediocre BGD, the effect is neither

negative nor positive.

The last column of Table 8 provides the importance analysis of the inclusive/diverse model.

The strong role of BGD for a company’s inclusive/diverse culture is apparent in the results. It

is the most important predictor with a maximum effect difference of 0.231, followed by R&D

intensity with a maximum effect of 0.175. According to the results, the board characteristics

are more significant predictors of the inclusive/diverse variable than the gender equality

variable, compared to the firm characteristic controls. The curious negative association of

the variable number of meetings can be explained by the fact that, usually, companies in

crisis have more meetings (Vafeas, 1999). As crisis companies tend to decrease

investments for the future and firm diversity can be considered as such, it is expected that

crisis companies will lag behind in firm diversity.

4.4 Attitude toward older colleagues

We proceed with the model for the variable attitude toward older colleagues. Figure 3 and

Table 8 provide the significance analysis for the model. The role of firm characteristics as

predictors is more pronounced when compared to the two previous models. All seven

variables have a statistically significant effect on at least one of the intervals. Four board

characteristics have significant effects: number of meetings, member affiliations,

nonexecutive members and specific skills.

The effect of BGD on the prediction of age diversity in companies is much less pronounced

than for the two previous models. There are no statistically significant effects at any of the

Table 6 Mean effect of each variable on the prediction of gender equality, divided into four intervals

Variable First interval Second interval Third interval Fourth interval Maximum effect difference

Leverage �0.012 0.005 �0.130� �0.151� 0.157

Implied vol. �0.066� 0.008 0.034 0.014 0.100

Tobin’s Q �0.020� 0.068� 0.050 0.049 0.087

Total assets (1,000$) �0.005� 0.077� 0.075� 0.075� 0.082

BGD �0.050� 0.006 0.030� 0.030 0.080

ROA �0.062 �0.010 0.010 �0.008 0.072

Number of meetings 0.009� �0.001 �0.036� �0.058� 0.067

Specific skills �0.046 0.001 0.011 �0.008 0.058

Nonexecutive members �0.050� �0.004 0.000 0.007 0.057

Firm age 0.027 0.003 �0.010 �0.025 0.052

R&D intensity �0.004 0.037 0.038 0.013 0.042

Member affiliations �0.012 0.009 0.000 �0.032 0.041

Executive members gender diversity �0.012 0.008 0.010 0.019 0.031

Independent members 0.019 �0.008 0.002 0.000 0.027

Strictly independent members 0.014 0.004 0.006 �0.002 0.017

Meeting attendance 0.003 0.000 �0.003 �0.014 0.017

Average tenure �0.006 �0.002 0.009 0.006 0.015

Board size �0.002 �0.001 0.005 �0.007 0.012

Member compensation �0.007 0.003 �0.003 �0.008 0.010

Chairman is ex-CEO �0.004 0.001 0.005

Notes: The last column has the maximum effect difference for the intervals. The asterisks indicate significance at least at the 10% level
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intervals, and if anything, the association with age diversity is negative. Thus, although BGD

is an important predictor of many forms of diversity in companies, it appears that age

diversity is not one of them.

The last column of Table 8 has the importance estimates for the attitude toward older

colleagues model. As the previous results have already indicated, BGD is a much less

important predictor of age diversity in companies than the other two forms of diversity. It is

now the 12th most important variable, with a maximum effect difference of 0.046. Of the ten

most important predictors, six are firm characteristics, with implied volatility, leverage and

ROA being the three most important. Thus, the firm characteristics are more significant

predictors of age diversity in companies than the board characteristics.

4.5 Additional test

The existing research has tried to find the mechanisms and channels for how BGD affects

organizations (see, for example, Bear et al., 2010; Dezsö and Ross, 2012; Kor, 2006; Miller

and Triana, 2009; Post et al., 2011). Of special interest is the channel through which BGD

affects firm value. Thus, we proceed by examining the importance of the company diversity

variables in predicting Tobin’s Q of a company by constructing a gradient-boosting model

Figure 2 Mean effect for the prediction of inclusive/diverse, divided into four intervals. The
dashed lines indicate 90% confidence intervals
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that uses the firm characteristics, the board characteristics and the three company diversity

measures as predictors.

Table 9 provides the importance of the variables for the Tobin’s Q model, where we use the

maximum effect difference metric introduced in the previous section to evaluate the

variables’ importance. The results verify the importance of company diversity for the market

Table 7 Mean effect of each variable on the prediction of inclusive/diverse, divided into four intervals

Variable First interval Second interval Third interval Fourth interval Maximum effect difference

BGD �0.121� 0.012 0.085� 0.110� 0.231

R&D intensity �0.015� 0.109� 0.161� 0.152� 0.175

Leverage �0.052� 0.007� �0.066 �0.133 0.14

Specific skills �0.090� �0.002 0.036� 0.025 0.127

Number of meetings 0.023� �0.016 �0.059� �0.095� 0.118

Tobin’s Q �0.021� 0.056� 0.075� 0.090� 0.111

Executive members gender diversity �0.032� 0.012 0.037� 0.076� 0.108

Total assets (1,000$) �0.003 0.058 0.052 0.063� 0.066

Member compensation �0.015 0.033 0.043 0.027 0.058

Nonexecutive members �0.048 �0.003 0.002 0.007 0.055

Strictly independent members 0.028 �0.015 �0.005 0.006 0.043

Meeting attendance 0.004 �0.003 �0.007 �0.025 0.029

Member affiliations �0.015 0.01 0.012 0.007 0.027

Average tenure 0.001 0.001 �0.006 �0.024 0.025

Independent members �0.008 �0.02 �0.001 0.005 0.025

Implied vol. �0.026 �0.009 �0.026 �0.006 0.02

Firm age �0.005 �0.006 0.002 0.011 0.016

ROA �0.01 �0.001 0.003 �0.01 0.014

Chairman is ex-CEO �0.009 0.004 0.013

Board size �0.004 �0.001 0.004 �0.002 0.009

Notes: The last column has the maximum effect difference for the intervals. The asterisks indicate significance at least at the 10% level

Table 8 Mean effect of each variable on the prediction of attitude toward older colleagues, divided into four intervals

Variable First interval Second interval Third interval Fourth interval Maximum effect difference

Implied vol. �0.091� 0.011 0.103� 0.125� 0.215

Leverage �0.108 0.008� �0.093� �0.124� 0.132

ROA �0.111� �0.032� 0.018� 0.016 0.129

Tobin’s Q �0.020� 0.056� 0.080� 0.078 0.100

Specific skills 0.030 0.026� �0.009 �0.066� 0.096

Firm age 0.041� 0.007 0.004 �0.051� 0.092

Number of meetings 0.011� �0.007 �0.045� �0.079� 0.09

R&D intensity �0.005 0.033 0.043 0.073� 0.078

Nonexecutive members �0.059� �0.017 �0.009 0.016� 0.075

Member affiliations �0.040� 0.019� 0.023 �0.027 0.063

Total assets (1,000$) �0.005� 0.051� 0.054� 0.045� 0.059

BGD 0.008 0.004 �0.009 �0.038 0.046

Member compensation �0.003 �0.004 �0.025 �0.038 0.035

Independent members 0.025 �0.002 0.004 �0.003 0.028

Strictly independent members 0.000 0.018 0.006 0.027 0.026

Average tenure �0.012 �0.001 0.010 0.010 0.022

Executive members gender diversity 0.002 0.003 �0.007 �0.015 0.019

Board size �0.010 �0.001 0.008 0.003 0.018

Meeting attendance 0.004 0.003 0.005 �0.011 0.016

Chairman is ex-CEO �0.008 0.003 0.011

CEO board member �0.005 0.000 0.005

Notes: The last column has the maximum effect difference for the intervals. The asterisks indicate significance at least at the 10% level
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performance of a company. For example, inclusive/diverse is the eighth most important

predictor, right after the firm characteristics and average tenure. Moreover, the three

company diversity measures are significantly more important predictors than BGD. The

relative importance of inclusive/diverse is almost at the same level as firm age, which

previous research has shown to have a significant impact on a company’s market

performance (see, for example, Frijns et al., 2016; Shan et al., 2017). The maximum effect

on the prediction for these three variables is between 0.037 and 0.089.

5. Conclusion

In this study, we address how BGD affects different dimensions of diversity culture at the

overall company level. For that purpose, we use a unique data set of approximately 250,000

employee reviews from a social media platform aggregated at the yearly level and measure

diversity using three employee assessments from the reviews: gender equality, inclusive/

diverse values and age diversity. Furthermore, we use tools of explainable AI to measure

the relative importance of board and firm characteristics to company diversity and the

nature of associations (nonlinearities) these features have.

Our empirical findings demonstrate that BGD is the most crucial board characteristic

associated with company gender equality and inclusiveness. Furthermore, from the local

Figure 3 Mean effect for the prediction of attitude toward older colleagues, divided into four
intervals. The dashed lines indicate 90% confidence intervals
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importance perspective, the association between BGD and these company diversity

measures is strongly positive and statistically significant. However, BGD is not positively

associated with all types of diversity. For the age diversity variable, the role of BGD is much

weaker, and this weak association is observed to be negative. Thus, our research

contributes to the earlier research by showing that BGD is not positively associated with all

types of diversity, which supports the view of signaling theory (Bear et al., 2010; Connelly

et al., 2011). The improved company reputation affects companies’ recruitment process

and creates a positive causal link from BGD to some aspects of company diversity, such as

gender diversity, but not necessarily to some others, like age diversity. Therefore, our

results indicate that focus on BGD might come at the expense of some types of diversity as

companies with high BGD lag behind in age diversity principles. This is an interesting

finding, and more research is needed to clarify which dimensions of diversity benefit from

high BGD and which do not.

Another possible mechanism connecting BGD and different dimensions of firm diversity

could be new policies initiated by a new board with stronger BGD (Triana et al., 2014). This

is supported by the finding that BGD is more strongly associated with firm diversity than

executive diversity, indicating that it is new policies that are working as a driving factor for

improved company diversity and top management works as an implementor of these

policies, regardless of their background (Kirsch, 2018). However, one could assume that a

board implementing new diversity policies would include all dimensions of diversity in these

policies. Therefore, our results tend to favor the view of the signaling theory, but more

research is needed to clarify this issue. With the exception of BGD, firm characteristics are

generally more important predictors of company diversity than board characteristics.

Our ML approach also reveals nonlinearities between BGD and the different dimensions of

workplace diversity. The results are interesting in light of the critical mass theory. Previous

Table 9 Relative importance of the variables for the Tobin’s Q model. The importance is
measured as the maximum effect difference similarly to the analysis of
subsection 4.4

Variable Maximum effect difference

ROA 2.157

R&D intensity 1.147

Leverage 0.333

Implied vol. 0.325

Total assets (1000$) 0.145

Firm age 0.125

Average tenure 0.093

Inclusive/diverse 0.089

Nonexecutive members 0.084

Number of meetings 0.058

Gender equality 0.053

Member compensation 0.050

Member affiliations 0.039

Attitude toward older colleagues 0.037

Specific skills 0.026

Board size 0.024

Independent members 0.023

Meeting attendance 0.021

BGD 0.021

Executive members gender diversity 0.021

SIC 1-digit 0.020

Chairman is ex-CEO 0.014

Strictly independent members 0.013

CEO board member 0.004
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research has documented a U-shaped association between BGD and firm performance,

where a negative association turns positive after a critical mass of about 30% of women on

board (Joecks et al., 2013. However, our results indicate different associations between

BGD and firm diversity. There is an inverted U-shaped association between BGD and the

variable gender equality. The association is positive until about 30% of board members are

women. After this point, there is no improvement, and the association is slightly negative.

Although for the variable inclusive/diverse, the association is positive for the whole interval,

a similar structure can be seen where the positive effect of BGD starts to decrease after

around the 30% point. As discussed, the association is negative and somewhat linear for

the age diversity variable.

We also document a possible mechanism of how BGD effects are channeled through the

company. Specifically, we analyze the importance of our three diversity measures as

predictors of firm value. Previous research has conflicting results on the role of diversity in

company performance (Jayne and Dipboye, 2004), and our research reveals new

information about the mechanisms that might work in the background. The diversity

measures play a significant role in predicting Tobin’s Q, and the results demonstrate one

viable path to how BGD could affect market performance. They show a possible mediating

role of company diversity for the association between BGD and financial performance.

Further studies could investigate more of these possible mechanisms on how the effects of

BGD are channeled to positive business outcomes through its positive influence on

company diversity.

Although our ML approach has many benefits compared to traditional econometric models,

it still shares many limitations. For example, although we include an extensive list of firm and

board characteristics in our model, we cannot rule out endogeneity caused by omitted

variable bias. Furthermore, similarly to traditional econometric models, our analysis cannot

give answers about causality. This research question needs field experiments for good

answers (Guiso et al., 2015). A mere instrumental variables model or a reverse prediction

model cannot reliably identify issues like reverse causality, and neither can our ML model.

Therefore, our findings do not confirm that board diversity causes company diversity. For

that, we rely on the findings of previous research (Baker et al., 2020; Kirsch, 2018).

However, the first crucial step is to understand the potential sources of this link and show

that it appears to be present in the data. Our research focuses on finding connections

between the examined variables and estimating their relative importance. In this study, we

use ML primarily as a descriptive tool that can expose patterns in the data without

hypothesizing a particular theory (Delen and Zolbanin, 2018). Thus, our research reveals

important findings that can guide researchers in identifying key variables that should be

included in theoretical models in future research (Bertomeu, 2020).
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Table A1 Survey questions

Variable Question

Gender equality Are women treated equally and given the same career opportunities?

Attitude toward older

colleagues

Does the company hire older workers? Are senior colleagues appreciated,

supported and given equal opportunities?

Inclusive/diverse To what extent does the company value diversity in the workplace? Are

diverse ideas and opinions supported?

j CORPORATE GOVERNANCE j
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