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Abstract
This article proposes an innovative approach to evaluate
firms' inefficiency accounting for corporate social responsibility. In the first step, we estimate dynamic inefficiency
for each factor of production using data envelopment
analysis. Next, we explore differences in inefficiencies
between groups of firms of which participation is determined using latent class analysis. The empirical application focuses on the United States food and beverage
manufacturing firms over the period 2004–2018. The
results distinguish three classes of firms that differ in
terms of their inefficiency, their association with external
covariates as well as in their input–output profiles.
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Corporate social responsibility (CSR) is a concept that refers to the responsibility of enterprises
for their impacts on society, which reveals an integration of social, environmental, ethical,
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human rights, and consumer concerns into firms' business operations and strategy (European
Commission, 2011). CSR is important in the food and beverage manufacturing industry,
because of this sector's strong impact on the economy, the environment, and society
(Hartmann, 2011). In fact, manufacturing industries (and among them food and beverage) have
higher engagement in CSR, on average, as compared to merchandising and service industries
(X. Wang et al., 2016). This may be attributable to the environmental impact of manufacturing
industries causing firms to face more societal pressures to reduce pollution and waste. Adoption
of CSR practices in the food industry is also driven by increasing consumer demand for food
with social and ethical characteristics (Hartmann et al., 2013; Lerro et al., 2018). The food and
beverage manufacturing industry also face CSR challenges from food safety crises which made
consumers more concerned with food safety. Furthermore, consumers show an increasing
awareness of the links between food and health and of the importance of responsible consumption (European Commission, 2016), which makes the food industry an interesting case for the
analysis of CSR. The key CSR dimensions identified in this industry include environment, product safety, nutrition, occupational welfare, animal welfare, economic responsibility, and local
well-being (Forsman-Hugg et al., 2013). CSR in the food and beverage manufacturing industry
is also particularly important because of the necessity of ensuring food safety (Kong, 2012).
With this respect, CSR is considered as a way for food firms to increase their reputation and
safeguard against risks (Hartmann et al., 2013).
A large amount of the literature has been devoted to conceptualizing and estimating firm's
(in)efficiency to provide information on how well a company performs, in particular how well
it transforms its inputs (like employees, capital, and intermediate consumption) into outputs
(like revenues) relative to the benchmark of the best-practice companies. CSR is related to the
efficiency through two streams of literature. One stream of literature analyzes the relationship
between CSR and efficiency using different regression approaches (Guillamon Saorin
et al., 2018; Hou et al., 2019; Jacobs et al., 2016; Kapelko, 2020; Kapelko, Lansink, &
Guillamon-Saorin, 2021; Kapelko, Lansink, & Stefanou, 2021; Lu et al., 2013; Sun &
Stuebs, 2013; W.-K. Wang et al., 2014; Zhu et al., 2017). This stream of literature is a part of the
broader research of performance implications of CSR engagement (see Waddock &
Graves, 1997 for the initial research, and see Busch & Friede, 2018; Vishwanathan et al., 2020
for recent reviews). The second stream of literature is of more recent date and focuses on
methods for measuring efficiency where CSR activities are usually integrated into a formal production model using data envelopment analysis (DEA) (Banker et al., 1984; Charnes
et al., 1978). Chambers and Serra (2018) and Puggioni and Stefanou (2019) were the first to
extend conventional technical efficiency analysis to the consideration of social issues. Later on,
Engida et al. (2020) extended their approach by introducing dynamics of the firms' production
process. Dynamic inefficiency measures as used by Engida et al. (2020) account for the
interdependence of the firms' production decisions over time through firms' investments
(Kapelko et al., 2014; Silva et al., 2015). Kapelko, Lansink, and Guillamon-Saorin (2021) and
Kapelko, Lansink, and Stefanou (2021) extended the dynamic inefficiency measurement in the
CSR context to account for input indivisibility. Finally, Ait Sidhoum et al. (2020) proposed a
framework for the multidimensional assessment of sustainability in the context of DEA.
This paper builds on the second stream of research and contributes to the literature on the
integrated measurement of efficiency and CSR by proposing an innovative approach to the measurement of firms' performance and inefficiency that includes firms' CSR engagement. This
methodology rests on DEA and latent class analysis (Lazarsfeld & Henry, 1968), and involves
two stages. In the first stage, dynamic inefficiency is estimated for each factor of production,
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including CSR factors using DEA. DEA is a mathematical programming method for evaluating
the relative efficiency of decision-making units that convert multiple inputs into multiple outputs, given production technology. The second step analyses the differences in input-, output-,
investment- and CSR-specific inefficiencies between groups of firms using latent class modeling.
Latent class approach constructs grouping based on a set of observed variables. The group
membership is not observed, but this study hypothesizes that inefficiency levels determine
group participation. Moreover, in this study, we do not only build a classification model but also
relate the class membership to a set of explanatory variables (covariates). The new approach in
differentiation to standard inefficiency measures allows to account for firms' CSR engagement
and as a result, allows to quantify the performance of firms with regard to this activity. Moreover, it enables to determine groups of firms that are similar with regard to their inefficient performance for a better comparison. Therefore, it could be of interest to use in the contexts where
sustainability issues are prioritized when measuring firms' performance and when clustering of
firms is important as well as formulation of specific policies targeting each group.
Latent class models were used frequently in efficiency studies in the context of Stochastic
Frontier Analysis (e.g., in the studies by Greene, 2005; Orea & Kumbhakar, 2004; Orea
et al., 2015; Orea & Jamasb, 2017), however, its usage in the context of DEA is very limited. The
only attempt to use it in the DEA context is the paper by Llorca et al. (2014), but their paper
used a latent class model in the first stage, and then estimated DEA models separately for each
group rather than using efficiency scores as input for the estimation of a group membership.
Latent class models were used in the context of CSR by Becchetti and Trovato (2011), but
within latent class Stochastic Frontier Model and not DEA as in the present study. Therefore, to
the best of our knowledge, this is the first study to apply latent class modeling to determine
groups based on DEA measures of inefficiency. The approach proposed in this study is applied
to evaluate dynamic inefficiency accounting for CSR and determines group membership in the
United States food and beverage manufacturing industry over the period 2004–2018.
The rest of this paper is organized as follows. The next section describes the methodology to
compute dynamic inefficiency accounting for CSR and to determine group membership. The
section to follow provides information on the dataset, followed by the description and interpretation of the results. The final section concludes.

PROPOSED M ETHODOLOG Y
In the first step of our approach, we estimated dynamic inefficiency for each input, output
(marketable and CSR), and investment using the DEA approach. DEA is a useful method in
our context as it is able to capture the multidimensionality of firms' performance (with several inputs and outputs). Moreover, it is a flexible tool, which does not impose restrictive
assumptions on the specification of the technology. DEA presents measures of relative performance with regard to the firms in the sample. The disadvantages of DEA include the
deterministic character of the method as well as the sensitivity of the results to outliers.
Dynamic inefficiency measures account for the confounding role of adjustment costs related
to firms' investments (Kapelko et al., 2014; Silva et al., 2015). Adjustment costs refer to
transaction or reorganization costs that are incurred by companies when investment takes
place. A company buying new equipment may incur adjustment costs in the form of search
costs and costs of learning to use the equipment. We build on the by production model
(Murty et al., 2012) and its dynamic extension (Dakpo & Lansink, 2019) and further extend
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this model to separate the technology into two sub-technologies: one for the production of
marketable outputs and one for the production of CSR outputs.1 Within the DEA approach,
several efficiency measures are possible, including the radial (Banker et al., 1984; Charnes
et al., 1978) and directional efficiency measures (Chambers et al., 1998), the Russell input
and output measures and the Russell graph measure of technical efficiency (Färe
et al., 1985), additive efficiency measures (Charnes et al., 1985), and the slacks-based measure (Tone, 2001), to name but a few. All these efficiency measures operationalize the paths
to the frontier of best practice firms for firms located inside the production possibility set. In
this study, we employ the directional distance function, which is relevant for its properties
(flexibility, duality, units invariance, and translation invariance) to estimate Russell-type
measures of dynamic input-, investment- and output-specific inefficiency.
Let us begin with the introduction of some mathematical notations. Let cðt Þ represent a vec



tor of material inputs c  RJþ , lðtÞ represent a vector of labor inputs l  RJþ , jointly called var

iable inputs, kðt Þ a vector of quasi-fixed inputs k  RLþ , iðt Þ a vector of gross investments




i  RLþ , yðt Þ a vector of marketable outputs y  RQþ , and r ðt Þ a vector of CSR outputs


r  RQþ , N the number of firms, and t the time indicator. Furthermore, the directional vectors
of marketable output, CSR output, materials, labor, and investments are denoted by
!

!

!

!

!

g y , g r , g c , g l , g i , respectively. The dynamic technology for the production of marketable
outputs, T 1 ðt Þ, is defined as follows:
T 1 ðt Þ ¼ ½ðcðtÞ,lðt Þ, iðt Þ,yðt ÞÞ : ðcðt Þ, lðt Þ,iðt ÞÞ can produce yðt Þ, given k ðt Þ

ð1Þ

The dynamic technology for the production of CSR outputs, T 2 ðt Þ, is given by the following
expression:
T 2 ðt Þ ¼ ½ðcðt Þ, lðt Þ, iðt Þ, r ðtÞÞ : ðcðt Þ, lðtÞ, iðt ÞÞ can produce r ðt Þ given k ðt Þ

ð2Þ

The final technology T ðt Þ is given by the intersection of these two technologies:
T ðt Þ ¼ T 1 ð t Þ \ T 2 ðt Þ

ð3Þ

The model to estimate dynamic inefficiency in the presence of firm's CSR activities has the following form:

!dyn 
! ! ! ! !
cðt Þ, lðtÞ,iðt Þ, k ðt Þ,yðt Þ,r ðt Þ; g y , g r , g c , g l , g i ¼
Dt
max
m r

βi ,μ ,μ

5
X

ð4Þ

βi

i¼1
!

s:t: y0 ðt Þ þ β1 g y ≤

N
X

μm
n yn ðt Þ

ð5aÞ

n¼1

!

c 0 ðt Þ  β 2 g c ≥

N
X
n¼1

μm
n c n ðt Þ

ð5bÞ
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N
X

!

l 0 ðt Þ  β 3 g l ≥

μm
n l n ðt Þ

ð5cÞ

n¼1

!

i0 ðt Þ  δk0 ðt Þ þ β4 g i ≤

N
X

μm
n ðin ðt Þ  δk n ðt ÞÞ

ð5dÞ

n¼1
N
X

μm
n ¼1

ð5eÞ

n¼1

!

r 0 ðt Þ þ β 5 g r ≤

N
X

μrn r n ðt Þ

ð6aÞ

μrn cn ðt Þ

ð6bÞ

μrn ln ðt Þ

ð6cÞ

n¼1

!

c 0 ðt Þ  β 2 g c ≥

N
X
n¼1
N
X

!

l 0 ðt Þ  β 3 g l ≥

n¼1

!

i0 ðt Þ  δk 0 ðt Þ þ β4 g i ≤

N
X

μrn ðin ðt Þ  δk n ðt ÞÞ

ð6dÞ

n¼1
N
X

μrn ¼ 1

ð6eÞ

n¼1
N
X

μm
n cn ðt Þ ¼

n¼1
N
X

n¼1

μrn cn ðtÞ

ð7aÞ

μrn ln ðt Þ

ð7bÞ

μrn ð in ðt Þ  δk n ðt ÞÞ

ð7cÞ

n¼1

μm
n l n ðt Þ ¼

n¼1
N
X

N
X

μm
n ð in ðt Þ  δk n ðt ÞÞ ¼

N
X
n¼1
N
X
n¼1

The model sums the input-, output- and investment-specific inefficiencies, β1  β5 , where β1
measures dynamic inefficiency for marketable output, β2 for material inputs, β3 for labor
inputs, β4 for investments and β5 for CSR outputs. Constraints (5a)–(5e) refer to technology
T 1 ðt Þ, while constraints (6a)–(6e) represent technology T 2 ðt Þ. We link these two technologies
through interdependence constraints (7a)–(7c), following Dakpo et al. (2017). These constraints
equalize the optimal values of the common variables appearing in both sub-technologies
r
(i.e., material inputs, labor inputs and investments). μm
n and μn are discretionary variables that
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represent the firm weights. The above model is similar to the one presented in Kapelko, Lansink, and Guillamon-Saorin (2021) and Kapelko, Lansink, and Stefanou (2021), however, in
Kapelko, Lansink, and Guillamon-Saorin (2021) and Kapelko, Lansink, and Stefanou (2021),
the two technologies refer to the production of good and bad outputs, accounting for
non-convexities of production set.
In the second step of our proposed method, we used latent class analysis (Lazarsfeld &
Henry, 1968)2 to determine group membership based on the firm's dynamic inefficiency levels
with regard to variable inputs, marketable output, CSR output, and investment; group membership is simultaneously explained by a set of covariates.3 Such an approach has a fundamental
advantage in allowing the hypotheses testing on the relation between the latent class proportions and the covariates (Dayton & Macready, 2002). The literature on covariates in latent classes using this one-step approach is rich, including methods for categorical covariates
(Goodman, 1974b; Hagenaars, 1993) and for continuous covariates (Bandeen-Roche et al., 1997;
Kamakura et al., 1994). Of primary importance in latent class, analysis is the determination of
the optimal number of latent classes. For this purpose, we use Akaike's information criterion
(AIC) (Akaike, 1973) and Bayesian information criterion (BIC) (Schwarz, 1978). The idea of
both AIC and BIC is based on minimizing an index that compromises between the lack of fit
(too few classes) and overfitting (too many classes) by including a penalty that increases with
the number of parameters (Llorca et al., 2014). The penalty allows avoiding the problem of
increasing the number of estimated parameters solely to improve the model fit (Tein
et al., 2013). In particular, AIC and BIC estimate penalized maximum likelihood of model
parameters, wherein AIC the penalty is two times the number of estimated parameters, while
in BIC it is the log of N times the number of estimated parameters.
Formally, the standard latent class analysis for categorical responses is defined as the probability of obtaining the response yi, PðY ¼ yi Þ, which is a weighted average of the C class-specific
probabilities PðY ¼ yi jX ¼ x Þ (Vermunt & Magidson, 2004):
PðY ¼ yi Þ ¼

C
X

PðX ¼ x ÞPðY ¼ yi jX ¼ x Þ

ð8Þ

x¼1

where PðX ¼ x Þ is the proportion of units belonging to latent class x (or equivalently the prior
probability of belonging to latent class x), and C is the number of classes.
When covariates are included in this latent class model, the model above is modified as follows:
PðY ¼ yi jzi Þ ¼

C
X

PðX ¼ xjzi ÞPðY ¼ yi jX ¼ x Þ

ð9Þ

x¼1

where zi denotes the vector of covariates.
In our case, however, the response variables (inefficiencies with regard to each input, output,
and investment) are not categorical and are continuous in nature. That fact modifies model (8) in
which probabilities P(…) need to be replaced by densities f(…). The model for the estimation of
latent class model for continuous responses has the following form (Vermunt & Magidson, 2002):
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C
X

π x f x ðyi jθx Þ
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ð10Þ

x¼1

where yi indicates scores on response variables for units, C is the number of classes, π x is the
size of class x. In (10) the distribution of yi given the model parameters θ, f ðyi jθÞ, is a mixture of
class-specific densities, f x ðyi jθx Þ. The model (10) in which all of the observed variables are continuous is also sometimes referred to as latent profile analysis (Gibson, 1959; Lazarsfeld &
Henry, 1968).
Finally, in the latent class model with continuous responses, we can also have the
variables that are predictors of class membership that is z i . That yields the following
model:
f ðyi jzi ,θÞ ¼

C
X

π xnzi f x ðyi jθx Þ

ð11Þ

x¼1

Model (11) is the model we want to estimate in this paper, given our empirical data. The
parameters of the model are estimated by maximum likelihood.

DATA
The data for CSR activities of firms in the food and beverage industry in the United States was
obtained from the Kinder, Lydenberg, and Domini (KLD) database, while data for input–output
variables for DEA analysis and for covariates for latent class analysis came from COMPUSTAT
Global Vantage. KLD contains detailed annual data on CSR of the largest (by market capitalization) publicly traded firms in the United States. KLD contains detailed annual ratings on CSR
activities in seven dimensions: community, diversity, employee relations, human rights, product, natural environment, and corporate governance. Each CSR dimension contains strengths
that indicate positive indicators of CSR, and concerns that refer to negative aspects of CSR.
Strengths and concerns are measured in the KLD dataset as dummy variables: when a firm presents a certain strength or concern it is assigned a value of 1, and a value of 0 otherwise. The
examples of strengths include charitable giving, employment of disabled workers, work-related
health and safety, women and minority contracting, indigenous people relations, product safety,
pollution prevention, and ownership strength. The examples of concerns are negative economic
impact, workforce diversity controversies, workforce reductions, product quality and safety controversies, substantial emissions, and business ethics controversies. We merged KLD data with
accounting data in COMPUSTAT Global Vantage and eliminated outliers. The outliers were
detected following the approach suggested by Simar (2003). This approach is based on the application of the method of order-m efficiencies of Cazals et al. (2002), which is more robust to
extreme data points. The resulting sample consisted of 636 observations for 79 firms operating
in the food and beverage manufacturing industry in the United States over the 2004–2018
period.4
To estimate inefficiency we used one marketable output proxied by the firms' revenues, two
variable inputs, consisting of costs of goods sold (which are mostly composed of material inputs,
therefore they are referred like this thereafter), and the number of employees, investments, and
one CSR output. Investments consisted of gross investments in capital (quasi-fixed inputs)
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computed as the beginning value of fixed assets in year t + 1 minus the beginning value of fixed
assets in year t, plus the beginning value of depreciation in year t + 1. Following previous
research (Guillamon Saorin et al., 2018; Kang, 2013), an aggregate CSR output measure was created by subtracting total concerns from total strengths along all seven CSR categories of community, diversity, employee relations, human rights, product, environment, and corporate
governance. We are not able to use each dimension of CSR as a separate input or output variable in the DEA model because that would render all firms to be efficient, a problem that is
more commonly referred to as the curse of dimensionality in DEA (Jenkins & Anderson, 2003).
Given that the number of categories in KLD is not constant over the years, following Servaes
and Tamayo (2013) we made adjustments in scores by scaling the strength and concern scores
for each firm in each year within each CSR category by the maximum number of strengths and
concerns of that category in each year. Furthermore, we divided all variables, except for the
number of employees and CSR output, by the appropriate price index supplied by the US
Bureau of Labor Statistics.5
As for the covariates within the latent class analysis, we included a set of variables that
are used very often in the research on the determinants of efficiency (Cummins & Xie, 2013;
Dilling-Hansen et al., 2003; Sun & Stuebs, 2013; Worthington, 2000;). In particular, the
covariates include the following: Size, measured as the natural logarithm of total assets;
Leverage, defined as the ratio of total debt to total assets; MTB, which is the market value of
equity divided by the book value of shareholder equity; ROA, which is the net income
divided by the total assets; R&D, defined as R&D expenses divided by the total assets; Marketing, measured as marketing expenses divided by the total assets; and Trend for time
trend. The size was used as one of the covariates as it indicates the differences in scale size
of companies in reaching efficient performance. Larger firms may more quickly adapt to
new technologies and benefit from economies of scale, economies of scope, and market
power (Penrose, 1959), which might translate into higher efficiency. However, larger firms
might also have more problems with internal coordination (Ahuja & Majumdar, 1998) and
are likely to incur higher agency and control costs (Cummins & Xie, 2013), which might
result in lower efficiency. Leverage representing the indebtedness of firms can put pressure
on managers to perform better (Margaritis & Psillaki, 2007), thereby increasing firms' efficiency. However, Leverage may also cause firms' engagement in riskier investments
(Jensen & Meckling, 1976), resulting in an efficiency decrease. MTB could reflect firms' stability (Lys et al., 2015) and literature expects firms with higher MTB to have better efficiency
outcomes. ROA controls for firms' profitability and firms with higher profitability likely also
have higher efficiency (Sun & Stuebs, 2013), however, also negative or not significant relations are found in previous studies (Sun & Stuebs, 2013; Thanassoulis et al., 1996). R&D
reflects firms' innovative activities and literature, in general, finds a positive effect on efficiency (Dilling-Hansen et al., 2003), although it is mainly visible in high-tech sectors
(Kumbhakar et al., 2012). Marketing, relating to firms' advertising expenses, can improve
efficiency levels (Worthington, 2000) and its effect is more pronounced in the long-term
(Pergelova et al., 2010). Finally, Trend accounts for the time effect to measure the change in
efficiency over the analyzed period.
Table 1 summarizes the descriptive statistics (averages, standard deviations and coefficients
of variation) for the inputs and outputs in the DEA model, and for the covariates in latent class
analysis, over the period 2004–2018. The detailed statistics per year are presented in the Appendix, Table A2. In addition, Appendix, Table A3 summarizes statistics for CSR dimensions.6 The
statistics in Table 1 indicate considerable differences between firms in the sample with regard

MEASURING FIRMS' INEFFICIENCY ACCOUNTING FOR CORPORATE
SOCIAL RESPONSIBILITY

9

T A B L E 1 Descriptive statistics of input–output variables used to estimate efficiency and of covariates in
latent class analysis, 2004–2018
Variable

Mean

SD

Coefficient of variation

Output

6725.636

11,065.394

1.645

Materials

4920.356

9627.994

1.957

Input–output variables

Labor

21.595

42.251

1.957

298.314

558.011

1.871

0.143

1.408

9.846

Size

7.930

1.688

0.213

Leverage

0.253

0.183

0.723

MTB

4.879

29.947

6.138

ROA

0.070

0.075

1.071

R&D

0.004

0.007

1.750

Marketing

0.033

0.055

1.667

Trend

2010.986

4.272

0.002

Number of observations (firms)

636 observations (79 firms)

Investments
CSR
Covariates

Note: Output, materials and investments are in millions of US dollars, constant prices from 2003. Number of employees is in
thousand. CSR is a score.
Abbreviation: CSR, corporate social responsibility.

to input–output variables, especially for CSR variables. Smaller differences are observed for
covariates in the latent class analysis, although differences are still considerable for MTB, R&D,
and Marketing.

RESULTS
In the first stage of the analysis, we calculated dynamic inefficiency measures. The computations of dynamic inefficiency measures were performed separately for each year, hence contemporaneous frontiers (Tulkens & Van den Eeckaut, 1995) were estimated. The directional vectors
applied in the calculations are as follows: observed values for inputs and marketable output,
average values for investments and maximum values for CSR. Actual values allow for a convenient interpretation of inefficiencies, as a percentage of inefficiency, and because of this, it is
perhaps the most commonly used directional vector in the studies based on the directional distance function (Aparicio et al., 2020; Guillamon Saorin et al., 2018; Kapelko et al., 2014). Other
directional vectors like average or maximum values in the sample evaluate each firm in the
same direction, whereas actual values allow evaluating each firm relative to its own mix
(Grosskopf, 2003). Actual values, however, cannot be used in our context for investments and
CSR variables, because zero values are presented for these variables for some firms and years
(and even negative values for CSR variables for some firms and years). Instead, we used average
values for investments and maximum values for CSR, which are the common proposals of
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directional vectors from the literature (Grosskopf, 2003; Sahoo et al., 2014). Note that the average values for CSR cannot be used because they turned out to be negative for some years. With
these directional vectors, the input- and output-specific inefficiency measures are interpreted as
percentage contractions and increments in inputs and outputs, respectively. The investmentand CSR-specific inefficiencies are interpreted as the potential for increasing investments as a
percentage of the average value of investments in the sample, and the percentage difference
between the CSR value of a particular firm and the largest CSR value in the sample.
The results for dynamic inefficiencies for marketable output, material and labor inputs,
investments, and CSR output, over the entire period 2004–2018 and for each year of this period,
are summarized in Table 2. Table 2 shows that investments had the worst performance for the
2004–2018 period, followed by CSR output, marketable output, while the lowest inefficiency is
found for materials and labor.
The average output inefficiency in the period 2004–2018 was 0.239, implying that the food
and beverage firms in our sample could expand their output by almost 24%. Simultaneously,
they can contract the use of materials and labor by 10.5% and 14%, respectively. Engida
et al. (2020) used DEA to assess the inefficiency of European food and beverage firms and found
similar average inefficiency values for materials and labor of 11% and 12%, respectively. However, the output inefficiency of 24% of the US firms in our sample is much smaller than the output inefficiency of 66% for European food and beverage firms found by Engida et al. (2020). Our
finding of a relatively high value of inefficiency of investments is common in the literature on
dynamic inefficiency analysis (see, for example, Ang & Lansink, 2018; Dakpo & Lansink, 2019;

T A B L E 2 Input-, output-, investment- and CSR-specific dynamic inefficiencies, averages, 2004–2018
Period

Output

Materials

Labor

Investments

CSR

2004

0.190

0.162

0.231

0.357

0.579

2005

0.144

0.183

0.152

0.146

0.602

2006

0.276

0.173

0.108

0.523

0.564

2007

0.291

0.147

0.141

0.393

0.573

2008

0.224

0.103

0.270

0.571

0.566

2009

0.212

0.142

0.124

0.383

0.558

2010

0.144

0.100

0.074

0.427

0.358

2011

0.251

0.077

0.119

0.301

0.268

2012

0.285

0.086

0.091

0.399

0.252

2013

0.284

0.115

0.134

0.533

0.079

2014

0.272

0.049

0.167

0.625

0.163

2015

0.318

0.033

0.161

0.742

0.238

2016

0.121

0.064

0.025

1.822

0.377

2017

0.245

0.069

0.199

0.589

0.284

2018

0.299

0.068

0.111

0.264

0.286

2004–2018

0.239

0.105

0.140

0.531

0.377

Note: These results are from the first stage of the analysis, that is from computing inefficiency indicators by solving
mathematical model comprised of Equations (4)–(7c).
Abbreviation: CSR, corporate social responsibility.
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Engida et al., 2020; Kapelko et al., 2015; Kapelko & Lansink, 2017; Kapelko, Lansink, &
Guillamon-Saorin, 2021; Kapelko, Lansink, & Stefanou, 2021). The high inefficiency of investments can be explained by the high heterogeneity in investments observed in the analyzed sample. The usual pattern in panel data is that firms alternate years with high investments with
years of low investments (see also Kapelko et al., 2015). The average value of CSR inefficiency
of 0.377 implies that the food and beverage firms in the sample could on average increase their
CSR performance with 37.7% of the maximum observed CSR value in the sample. Hence, the
average CSR score of the firms in the sample is 37.7% below the CSR score of the firm with the
highest CSR score. These results cannot be directly compared with previous literature on measuring inefficiency in the context of CSR such as Engida et al. (2020) or Kapelko, Lansink, and
Guillamon-Saorin (2021), Kapelko, Lansink, and Stefanou (2021) since these authors used
another data set with different CSR dimensions.7
The results for the Simar and Zelenyuk (2006) adapted Li test for the differences between
inefficiency indicators over the entire 2004–2018 period are presented in Table 3. Table A1 in
the Appendix presents the detailed results of the test for each time period. The results of the test
in Table 3 show that the outcome in Table 2 can be given a statistical precision since the differences in inefficiency indicators are statistically significant (at 1%). However, when analyzing
the test for specific time periods contained in Table A1, we observe that some of the differences
in some years are not significant at any significance level. Nevertheless, the overwhelming
majority of differences tested are significant at the 1%, 5%, or 10% critical level.
In the second stage, we conducted latent class analysis for the inefficiency measures estimated in the first stage, with the inclusion of the following covariates as explained in section 3:
Size, Leverage, MTB, ROA, R&D, Marketing, and Trend.

T A B L E 3 Results of Simar and Zelenyuk (2006) test for the differences in input- (materials- and labor-),
output-, investment- and corporate social responsibility (CSR)-specific dynamic inefficiencies (test statistic and
significance level)

Output
Materials
Labor

Output

Materials

Labor

—

128.009***

0.980***

26.768***

48.344***

85.329***

34.307***

142.342***

16.485***

36.778***

—

39.956***

—

—

Investments

Investments

CSR

—

CSR
***Denotes statistically significant differences between inefficiencies at the critical 1 percent level.

T A B L E 4 Choice of the number of classes—The results of AIC and BIC information criteria
Number of classes

AIC

BIC

One

2306.474

2351.026

Two

1610.675

1713.145

Three

923.69

1084.077

Four

1282.040

1500.345

Note: These results are initial for the second stage of the analysis, that is for latent class approach.
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The key issue in the latent class analysis is the choice of the number of classes. AIC and BIC
information criteria are the most commonly used selection methods in latent class analysis, and
we followed this approach. The results on AIC and BIC are shown in Table 4. The data presented in the table indicate a remarkable improvement in the goodness of fit when moving from
a model of just one class to a model with three classes. Both AIC and BIC clearly deteriorate
their performance with four classes. The pattern of AIC and BIC clearly shows that the best fit
is obtained with the model with three classes. We, therefore, base our further analysis on the
three-classes model.
Based on the model with three classes, we find that the expected proportions of the sample
firms in each class are: 22.8% (class 1), 20.7% (class 2), and 56.5% (class 3).
Looking more closely at the characteristics of the three classes, Figure 1 visualizes the
marginal means of inefficiency variables, conditional on being in class 1, class 2, and class
3. The majority of firms (56.5%) are in the third class, depicted on the right in Figure 1. This is
the class that is characterized by relatively low inefficiency scores on all aspects and is labeled
the high-performance class for that reason. The class located in the middle of Figure 1 comprises
20.7% of the firms in the sample. These are the firms that are characterized by a low inefficiency
score for the inputs (materials and labor) and are labeled the high input performance class.
Finally, the first class in Figure 1 comprises 22.8% of the firms in the sample and is

Class 2
High input performance

1
0.9
0.8
0.6
0.5
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0

0.1

0.2

0.3

0.4

Predicted mean

0.7

0.8

0.9

1

Class 3
High performance
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0.6
0.5
0.4
0

0.1

0.2

0.3

Predicted mean

0.7

0.8

0.9

1

Class 1
High output and labor performance

F I G U R E 1 Marginal means of input- (materials- and labor-), output-, investment- and corporate social
responsibility (CSR)-specific dynamic inefficiencies per class, 2004–2018. These results are from the second stage
of the analysis, that is from latent class approach (Equation (11)) [Color figure can be viewed at
wileyonlinelibrary.com]
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T A B L E 5 Descriptive statistics on input–output variables of the latent classes found (averages and standard
deviations)
Class

Output

Materials

Labor

Investments

CSR

High output and
labor performance

5415.121
(6612.726)

4096.265
(5739.882)

20.483
(29.929)

190.232
(233.931)

0.154
(1.404)

High input
performance

1229.451
(1442.160)

980.520
(1150.242)

6.889
(9.818)

68.897
(99.831)

0.330
(0.799)

High
performance

9241.856
(13,423.186)

6677.289
(11,882.340)

27.356
(51.469)

424.992
(696.547)

0.435
(1.510)

Note: SDs are in parentheses. These results are derived from the second stage of the analysis, that is from latent class approach.

T A B L E 6 Coefficients of the covariates in the latent class model

Coefficients

High output and
labor performance

High input
performance

High
performance

Covariates
Size

Base outcome

0.584***

0.202***

Leverage

1.736*

1.401*

MTB

0.004

0.001

ROA

4.668**

0.430

R&D

296.980***

16.640

Marketing

30.045***

18.261***

0.231***

0.139***

458.300***

280.253***

Trend
Constant

Note: These results are from the second stage of the analysis, that is from latent class approach (Equation (11)).
***Denotes statistically significant differences at the critical 1 percent level.
**Denotes statistically significant differences at the critical 5 percent level.
*Denotes statistically significant differences at the critical 10 percent level.

characterized by low inefficiency scores for output and labor; this class is labeled the high output and labor performance class.8
In order to give more interpretation to the class membership, we computed the descriptive
statistics on input–output variables for each class (Table 5). The results suggest that the highperformance class is characterized by the largest values for all inputs and outputs, investments
and CSR, on average. Hence, this group consists of relatively large firms that are more CSRoriented (i.e., the positive aspects of their activities within the domain of CSR are much larger
than the negative aspects of CSR). On the opposite end of the spectrum is the high input
performance class which is characterized by the lowest values for all inputs and outputs investments and CSR. The high output and labor performance class are positioned in between the
other two classes with regard to their inputs and outputs.
Table 6 presents the coefficients for covariates that serve as predictors of latent class membership. The high output and labor performance class served as the reference class in explaining
membership. The results in Table 6 indicate that Size and Marketing are positively related to the
membership of the high-performance class and negatively related to the membership of the high
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input performance class. Hence, larger firms and firms with higher marketing expenses are more
(less) likely in the high-performance group (high input performance group). These results could
also indicate that firms with higher marketing expenses are also more concerned about their societal reputation which translates into a higher CSR performance. Leverage is negatively related to
the membership of the high input performance class and the high-performance class. Hence, less
indebted firms are ceteris paribus more likely found in the high performance and high input-performance classes, which might suggest that firms in the high output and labor performance group
are in a debt trap which does not enable them to invest in CSR activities and low cost technologies. R&D expenses are positively related to the membership of the high input performance class,
suggesting that firms with higher R&D expenses more likely have a low inefficiency in the use of
inputs. ROA is negatively related to the membership of the high input performance class. ROA
may be negatively affected for this group by the relatively high output inefficiency. The parameters of R&D expenses and ROA have the expected sign, but they are not statistically significant at
any level of significance for the high-performance class. These results indicate that these two factors do not explain the membership of the high-performance class relative to the high output and
labor performance class (the latter serves as the base situation). The high output and labor performance has higher inefficiencies in materials and CSR than the high-performance class; the results
indicate that R&D expenses and ROA do not have a statistically significant relation with inefficiency differences in output and materials. The coefficient of Trend suggests that the number of
firms in the high performance and high-input performance groups is increasing over time, at the
detriment of the number of high output and labor performance firms.

C O N C L U S IO N S
This paper analyzed the inefficiency of US food and beverage manufacturing firms accounting
for their CSR practices over the period 2004–2018. We used an innovative two-stage procedure,
in which input-, output- and investment-specific dynamic inefficiencies were estimated and
then group participation of firms was determined using latent class analysis with a set of
covariates (including firm size, leverage, market to book ratio, ROA, R&D and advertising
expenses and time trend). The findings indicated the largest inefficiency for investments,
followed by CSR and marketable outputs, while the lowest inefficiency was found for materials
and labor. The firms in the sample can, on average increase their output by 24%, while simultaneously contracting the use of materials and labor by 11% and 14%, respectively. Also, results
show that the firms in the sample can expand their investments by 53% of the average investment value in the sample, whereas they on average face a gap of 37.7% in their CSR score compared to the firm in the sample with the highest CSR value. The latent class analysis
distinguished three classes of firms, including (1) high output and labor performance, (2) high
input performance, and (3) high performance in all dimensions. We further found that the firms
in the high-performance class had significantly larger values for inputs, outputs, investments,
and CSR than the firms in the other two classes. Results from the latent class analysis confirmed that Size increases the probability of high-performance class membership. Furthermore,
Marketing expenses increases and Leverage decreases the probability of high-performance class
membership.
Measuring efficient performance including CSR is necessary to guide sustainability improvements in businesses. Results of this study could be of interest to firms' managers, CSR analysts,
and policymakers on how firms currently perform, and could further improve their
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performance, not only in terms of the production of outputs, the usage of inputs and investments, but also in terms of CSR. The results of our study suggest that larger firms perform better in terms of output, inputs and CSR than smaller firms. Hence, policymakers aiming to
enhance CSR performance should particularly target smaller firms, for example by offering fiscal facilities to incentivize investments in CSR. Our results could also imply that larger firms
face more pressure from activist shareholders, or societal stakeholder groups to invest in CSR.
Furthermore, grouping by classes is useful for designing specific operation strategies or policy
options targeted at specific performance groups. For example, the efforts for the group of high
input performance should focus on increasing marketable and CSR outputs.
Further research will be needed to more deeply explore the underlying reasons why smaller
firms perform worse in terms of CSR than larger firms. Also, in the paper, we use an aggregated
measure of CSR which weighs all CSR dimensions equally and treats firms that have no
strengths or concerns the same as firms with many strengths and many concerns. Therefore, in
the future, the single measures of CSR could be used if data permits so or other methods of
aggregation could be used such as factor analysis. Future research efforts could also be directed
towards the extensions of latent class modeling into a three-step approach in which the association between class membership and covariates is analyzed as a separate exercise to the estimation of latent classes (Vermunt, 2010). Furthermore, the analysis of dynamic productivity
change over time (Kapelko, 2019; Oude Lansink et al., 2015) as a response variable in the latent
class analysis could be an interesting line of future research. Within temporal analysis, further
study could be directed towards the analysis of transitions of firms between classes over time.
That would, however, require a balanced panel dataset for the analysis.
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E N D N O T ES
1

The idea of the by-production approach of Murty et al. (2012) is to distinguish two technologies: one technology for the production of marketable (good) outputs and a separate technology for the production of bad
outputs.

2

The method of latent class analysis was introduced by Lazarsfeld and Henry (1968) for dichotomous variables,
and it was extended by Goodman (1974a) for polytomous variables and multiple latent variables.
Goodman (1974a) was also the first to show how the latent class model applies in practice by proposing an
algorithm for obtaining model parameters by maximum likelihood. The basic idea of latent class analysis is to
build the latent class model based on a set of response variables and assign units to latent classes based on their
posterior class membership probabilities (Vermunt, 2010).

3

As an alternative approach one could apply a three-step approach, in which in the first step a latent class model
is built for a set of response variables, then units are assigned to latent classes based on their posterior class
membership probabilities, and finally, in the third step, a multinomial logistic regression model is estimated
using the class assignment from the second step as a dependent variable and covariates as independent variables (Vermunt, 2010). The application of three-step approach is left for future research.

4

In the original dataset of COMPUSTAT there are, depending on the year, between 109 and 184 food and beverage manufacturing firms per year. The KLD dataset, however, contains only the data on CSR activities of the
largest US firms across different industries, without providing the information on the industry that each company belongs to. This information is obtained after merging with COMPUSTAT.
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5

In particular, revenues were deflated by the producer price index for the food and beverage manufacturing
industry. Materials were deflated by the index of the prices of supplies to manufacturing industries. Investments were deflated using the price index for the private capital equipment for manufacturing.

6

When checking the values of CSR and its dimensions by firm size, we found that larger firms have larger values
of the CSR score and all of its dimensions, except for the governance dimension.

7

Engida et al. (2020), Kapelko, Lansink, and Guillamon-Saorin (2021), and Kapelko, Lansink, and
Stefanou (2021) used data from Sustainalytics on CSR activities from European firms and supplemented
this with financial data on inputs and marketable outputs from AMADEUS. The Sustainalytics data is supplied in the form of scores for each firm on environmental, social, and governance dimensions of CSR. The
scores in the Sustainalytics data range from 0 to 100 with higher scores indicating a better CSR performance. The KLD data concern US market and do not report scores but indicate what CSR activities firms
are undertaking.

8

These results are quite robust on the choice of directional vectors used to estimate inefficiency scores. For
example, if we kept the actual values for marketable output, materials, and labor, but we changed the directional vector for investments into 20% of the capital stock and we changed vector for CSR into the unitary vector, then we obtained similar results on latent classes. In particular, we were able to distinguish also a class
similar to class 1 representing high performers, accounting for the largest number of firms; we were also able
to detect a class similar to class 2.
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