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A B S T R A C T   

Traditional retailers (bricks-and-mortar) have been continuously increasing online sales. However, not all retail 
companies were able to respond to the increasing sales with the same efficiency level as their competitors. This 
paper aims to propose a dynamic model – incorporating principles of Optimal Control Theory (OCT) into a Data 
Envelopment Analysis (DEA) model - for measuring the performance of retailing companies’ cost efficiency. It 
also aims to contribute through the application by investigating the impact of the pandemic on companies from 
the most prominent developing market in Latin America, Brazil. Twenty-one companies publicly traded in the 
São Paulo Stock Exchanges (B3) between the third quarter of 2018 (3Q2018) and the third quarter of 2020 
(3Q2020) were investigated. Also, six measures - initial inventory cost (IIC), final inventory cost (FIC), net 
operating income (NOI), cost of goods sold (COGS), cost of the purchased product (CPP), and plant, property, and 
equipment (PPE) – were considered. In this way, the findings have implications for researchers and practitioners. 
Practitioners can discover which competitor(s) is (are) adopting the best practices at each operational aspect (e. 
g., inventory cost). Additionally, the proposed method can be replicated in other markets (developing or not) and 
for other categories of retailing companies (e.g., small- and middle-sized). Further research directions are pre
sented, and their implications are discussed.   

1. Introduction 

The global COVID-19 pandemic catalyzed retail transformation 
through digitalization and channel innovation [1,2]. From the 
perspective of traditional retailers (bricks-and-mortar), the business 
model changed drastically. Previously, “marketplace” was understood 
as a synonym for “website”, a selling channel where the retailer was 
responsible for buying and reselling all products. Now marketplaces 
(customarily linked to mobile apps) represent a novel business 
ecosystem with different taxonomies among retailers, suppliers, and 
stakeholders [3]. In this competitive market with scarce resources, 
measuring performance is fundamental. 

Data Envelopment Analysis (DEA) was proposed as a tool for 
measuring the performance of “websites” early in the 2000s [4–6]. 
However, DEA models have kept continually evolving, while the newest 
DEA models were not investigated and proposed for this novel retailing 
context. Thus, there is still a gap regarding DEA approaches for 
measuring the integrated performance of physical and digital operations 
of retailers. Once digital activities impact demand and customer satis
faction, more than simply measuring the performance of operations in 
physical retailing is required in this context [7]. 

Remarkably, efficient inventory management is a retailing core ac
tivity, especially integrating all selling channels (the so-called “omni
channel”) [8]. Inventory is characterized by temporal interdependence 
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because the availability of a particular product in a certain period de
pends on activities in previous periods [9]. Also, different from other 
industries, retailing has the power to plan demand generation, for 
example, through price reductions and promotions [10]. Given these 
characteristics, there is a gap regarding dynamic (time-dependent) DEA 
models for measuring integrated performance. We aim to propose a 
novel dynamic DEA approach that jointly reflects the performance of 
physical and digital operations through a unique indicator and enables 
benchmarking. 

This approach represents an advancement due to two reasons. First, 
it incorporates the inflationary, a non-neglectable factor in retailing 
[11–14], not considered in previous efforts [15–21]. Second, the pro
posed approach incorporates fundamental variables in retailing perfor
mance, such as inventory and capacity slacks [10]. Also, it embeds 
principles of Optimal Control Theory (OCT) for considering inventory a 
temporal-dependent (intermediate) measure [15–21]. Once it is hard to 
find competitors’ data in a real-life context, this approach focuses on 
available accounting data from public companies. It calculates custom
ized performance targets for each retailer and variable (i.e., for physical 
and digital operations). 

Our research is also relevant due to its application. The growth of e- 
commerce in developing and emerging markets is notorious. Apart from 
the US and China (representing more than 60% of the global market 
jointly), Brazil is the largest e-commerce market on the American 
continent and has the highest growth [22]. Also, marketplace strategies 
were consolidated among retailers in 2018 [22]. The analyzed period 
encompasses the fourth quarter of 2018 (4Q2018) up to the third period 
of 2020 (3Q2020), i.e., the result of this consolidation. Also, it encom
passes the beginning of the pandemic period, and its mid- and long-term 
impacts are still under investigation [1,2]. The findings show which 
retailers were: (i) quarterly benchmarks, (ii) consistent benchmarks 
(during several consecutive periods), and (iii) outliers during the 
pandemic. 

For example, our results pointed out that Lojas Marisa (AMAR3) was 
a benchmark for Arezzo (ARZZ3) in the second and third quarters of 
2020 (during the pandemic). AMAR3 operated as the controller of a 
unique reselling marketplace. In other words, it purchased products 
from suppliers and resold them to customers, controlling prices and 
offers. On the other hand, ARZZ3 operated as the controller of multiple 
reselling marketplaces (one for each brand) and acted as a seller in 
multiple third-party marketplaces. The results suggest that ARZZ3 could 
consider changing its strategy to improve performance, i.e., reducing the 
number of digital selling channels. The proposed approach can be 
replicated with different samples, periods, and markets. 

Finally, this paper is structured as follows: Section 2 exposes 
fundamental concepts about DEA; Section 3 details the proposed 
approach; Section 4 presents and discusses the results; and the paper is 
concluded in Section 5. 

2. Literature review 

2.1. Measuring retailing performance 

The DEA was proposed for measuring retail performance in 1995 
[23,24], i.e., much before the advent of e-commerce. In 2002, Stochastic 
Frontier Analysis (SFA) was also proposed [25]. The differences between 
both approaches have been widely explored in the literature [26–29]. 
Although no approach fits all situations [26], DEA enables easy dealing 
with multiple metric units and multiple outputs [27,28]. 

In 2003, a pioneering paper proposed DEA for jointly measuring the 
website, operational, and financial performance [4]. The authors 
concluded that a single input or output measure could not measure 
e-commerce efficiency. Unlike other methods, DEA is suitable because it 
does not require assigned numeric weights or modeling preferences. 
However, at the time, the marketplace business model was not relevant 
enough to be considered, and the authors used the most basic (static) 

DEA models, CCR and BCC. In the same decade, DEA was proposed to 
measure customer satisfaction with retailing websites [30] and the 
impact of technology on retailing efficiency [31]. 

The DEA approaches kept been widely used for measuring physical 
and operational aspects of retailing performance until nowadays, for 
example, integration between fuzzy Delphi and DEA for measuring the 
performance of retail electronic chains [32], basic DEA models for 
measuring the performance of small supermarkets [33], and a basic DEA 
model for measuring the performance of apparel retailers [34]. Simi
larly, a paper used lean theory to choose the variables to measure a 
supermarket’s performance with a DEA model [35]. It is also relevant to 
mention that, aligned with the sustainable development goals, some 
researchers incorporated sustainable measures in their DEA models, 
such as [36,37]. 

On one side, researchers are exclusively applying DEA to measure 
physical retailing performance. On the other side, researchers are also 
applying DEA to measure virtual and digital aspects of retailing solely. 
For example, a paper used basic DEA models integrated with bootstrap 
regressions to investigate the retail service efficiency in 25 European 
countries between 2006 and 2015 [38]. More recently, the CCR model 
combined with a machine learning technique has been proposed for 
measuring the social media marketing performance of a furniture 
retailer [39]. It is worth noting that none of the above-mentioned papers 
considered integrating digital and physical aspects, considered in
ventory, or measured efficiency dynamically. 

Nowadays, retailers search for a seamless customer experience [8,40, 
41]. This means an ideal integration among all (physical and online) 
channels, which may be named multi-, cross-, and omnichannel [40]. It 
implies a synergy among channels, and the management of this synergy 
affects performance differently than the weighted sum of each channel’s 
performance [41]. For example, the profitability of the products’ return 
policies depends on the nature of the integration between the market
place and other selling channels [42]. Thus, retailing performance 
cannot be measured by channel separately. 

Two recent papers [43][44] returned to the concept initiated by [4] 
of integrating digital and physical aspects of retailing performance 
through DEA. Both are based on the concept of digitalization [45,46]. 
Also, in both cases, it is only possible to execute the benchmarking 
having the collaboration of all participants (i.e., competitors). [43] 
wanted to measure the negative impacts of digitalization on retail lo
gistics. For this, the authors proposed a network DEA model because it 
enables deconstructing production processes while measuring effi
ciency. [44] developed the dimensions and variables that could repre
sent digitalization. The authors considered five dimensions (governance 
and leadership, organizational culture, resources and capabilities, 
innovation, and the use of technologies) and applied the basic static DEA 
models, BCC and CCR. 

We propose a dynamic DEA model. The dynamicity is based on a 
temporal-dependent critical variable for the retailing activity (i.e., in
ventory under inflationary conditions). The model simultaneously con
siders variables that represent digital and physical aspects of 
performance. And once it uses publicly available data, it facilitates 
benchmarking among competitors. Therefore, the current paper repre
sents an advancement because it focuses on the retailers’ perspective. 

2.2. OCT for inventory control systems 

The OCT consists of models based on control variables and state 
variables whose dynamics depend on the control. The discrete-time OCT 
model proposed by Hernández-Lerma et al. (2023) [47] to deal with 
production-inventory systems is expressed in (1). 

According to Hernández-Lerma et al. (2023) [47], an Optimal Con
trol Problem (OCP) arises from a controllable dynamic system, and it can 
be a discrete-time system. For example, one of the most common 
objective functions of an OCP is a total cost (1): 
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J(π, z0) =
∑T− 1

t=0
Ct(zt, xt) + CT(zT) (1)  

where π = {x0,⋯, xT− 1} denotes the control strategy used, z0 is the 
initial state of the system, zT is the terminal state, t is the period of time, 
T is the planning horizon, zt is the state variable, xt is the control vari
able, Ct(zt , xt) is the stage cost (cost at time t), and CT(zT) is the terminal 
cost function. 

And it is possible to have a discrete-time dynamical system of the 
form (constraint in (2)): 

zt+1 = Ft(zt, xt, yt), (2)  

where zt is the state variable, xt is the control variable, and yt is the 
disturbance. 

With some given initial state (constraint in (3)): 

z0 = z (3)  

where z0 is the state variable at t = 0 (initial state), and z is the known 
value of the initial state. 

One of the simplest OCPs in Bertsekas (1995) [48] is a problem of 
ordering quantity at each period t to meet the demand, and one of the 
simplest OCPs in Hernández-Lerma et al. (2023) [47] is a 
production-inventory system (it is a dynamical system and, at the same 
time, a discrete-time control system). Hernández-Lerma et al. (2023) 
[47] state that, usually, the control variable is the amount to be pro
duced, but the model can also be applied when the control variable is the 
amount to be ordered. In this problem, we have the constraint in (4): 

zt = zt− 1 + xt − yt, (t = 1, 2,…, T) (4)  

where zt is the inventory level (state variable), xt is the amount to be 
ordered or produced (control variable), and yt is the demand (distur
bance). 

For minimizing the total costs (1), considering linear total costs of 
the state and control variables, subject to the initial conditions (3) and 
dynamics of the system (4), we have the following model in (5): 

Minimize J =
∑T

t=1
[czt− 1 ⋅zt− 1 + cxt ⋅xt] + czT ⋅zT  

subject to 

zt = zt− 1 + xt − yt (t = 1, 2,…, T),

z0 = z,

zt ≥ 0 (∀ t), xt ≥ 0 (∀ t) (5)  

where J is the objective function, T is the number of periods of the 
analyzed time period (planning horizon), czt is the unitary cost of storage 
at period t, cxt is the unitary cost of production or order at period t, zt is 
inventory at period t, z0 is the inventory at period t = 0, z is the initial 
inventory of the first period (equal to the final inventory of the period t 
= 0), zT is the inventory in the last period t = T of the planning horizon. 

This is the simplest model and does not contemplate other con
straints, besides existing other types of models, for example, Sethi and 
Thompson [49] develops a continuous-time OCT models with con
straints forcing the minimum inventory level to be higher than a value 
zmin, or the amounts to be produced or ordered to be in an interval [xmin,

xmax], among other situations. 
The constraint zt = zt− 1 + xt − yt in (4) describes the relationship 

among variables. It is related to the variation of inventory from period t- 
1 to period t [50,51]. And it can be incorporated into DEA models. 

2.3. State-of-Art DEA cost models 

Efficiency can be divided into economic, technical, and allocative. 
Technical efficiency reflects obtaining more outputs by using fewer in
puts. In other words, it results in the optimized efficiency (best weight 
sets) of each Decision-Making Unit (DMU), i.e., an analyzed unit in a 
DEA sample. The allocative efficiency measures the efficiency of allo
cating an optimal proportion of inputs to meet the outputs, given their 
costs [52]. 

On the other hand, “cost efficiency” is calculated with a focus on 
minimizing costs. The definitions and the use of the terms “cost” and 
“allocative” efficiency changed over time. This may lead to confusion 
when comparing recent with older papers. According to Cooper, Seiford 
and Tone [53], “allocative efficiency” is defined by Farrell [52] as in
come, price, or cost efficiency. Also, “cost efficiency” can also be called 
“economic efficiency”, whereas the term “allocative efficiency” is used 
to describe the relationship between technical and economic effi
ciencies. Here, as we exclusively considered costs in the model, we use 
the term “cost efficiency”, meaning an economic efficiency solely based 
on costs (i.e., not on incomes or prices). 

The relationship between these three types of efficiency is given by 
(6): 

θae =
θce

θte
, (6)  

where θae is the allocative efficiency, θce is the cost efficiency, and θte is 
the technical efficiency. 

When the ratio between input costs or output prices is known, cost, 
revenue, or profit efficiency can be calculated. The cost efficiency is the 
result of a model where the objective function aims at cost minimization, 
the revenue efficiency at revenue maximization, and the profit efficiency 
at profit maximization (i.e., simultaneous revenue maximization and 
cost minimization) [53]. The simplest cost minimization model is based 
on the CCR model in the form of an envelope oriented to the input [54]. 
It is formulated from the profit efficiency model of Färe et al. [55]. 

Alves Junior [18] developed cost-efficiency DEA models integrating 
principles of the OCT. The dynamic models considered inventory as an 
intermediate variable, linking the periods. The most common feature of 
capturing intertemporal behavior in dynamic models is using outputs 
from one period as inputs from the next. Due to its productive charac
teristics, inventory is one of the five most used variables to represent this 
temporal interdependence [9]. At the same time, it is a particularly 
critical variable for retailing [10]. Also, Goncalves et al. [56] investi
gated the literature on safety inventory, and their results indicate a gap 
in studies applying DEA and optimization in inventory theory. 

Total cost models are customarily applied to situations where it is not 
possible to know the unit cost of inventory, e.g., when working with 
public accounting data. In other words, total-cost models were devel
oped to avoid the problem that arises when the unitary costs qjk of the j- 
th input (i.e., the lower index j indicates the count of inputs) of the k-th 
DMU are constant and equal (qjk = qk). In this case, the cost efficiency 

becomes only a comparison of quantities 
(

θce =

∑n
j=1

xp∗
j0∑n

j=1
xj0

)

. So, two DMUs 

could be efficient if the same quantity was reduced. However, in real 
cases, these quantities may be composed of distinct products with 
different costs (i.e., stock-keeping units, SKUs), which represent a 
different economic result for the retailers. 

Based on Tone [17], Alves Junior et al. [18–21] proposed a 
cost-efficiency based on a total cost measure. Instead of using the unit 
cost information qj and quantities xj0, the total cost C(qj, xj0)j0 = Cxp

j0 is 
used as a proxy of the quantities of products in the inventory during the 
period under analysis (once they are proportional) and considers the 
unitary cost as equal to 1 (qj = 1), for the DMUs. Hence, cost efficiency 
will always be a total cost comparison under all circumstances. Fig. 1 
summarizes the conceptual development of these models. 

I. Costa Melo et al.                                                                                                                                                                                                                             



Operations Research Perspectives 10 (2023) 100282

4

Another characteristic that describes dynamic behavior is the rate of 
change of a variable over time, that is, an equation of state or a 
constraint in which one of the terms is a derivative (or a change in time). 
This type of model is called variational dynamic due to variations in 
time. It is used to describe, for example, a depreciation, a capital 
expansion, or a change in inventory level. 

In the dynamic (variational) context, the adopted DEA-OCT dynamic 
models [18], in addition to being dynamic and considering links be
tween periods, are also a variational model (incorporating OCT re
striction) and use inventory as a factor to attribute such 
interdependence. Alves Junior et al. [18,20,21] suggested that an 
essential problem to be analyzed is that a very low or zero inventory 
level is not always desirable. For example, a high variation of an un
certain demand may lead to the occurrence of a lack of inventory, which 
reduces the demand served. In turn, this can generate a loss greater than 
the costs of maintaining a small excess of inventory. 

The current paper used the discrete DEA-OCT model [18] as a basis 
due to its ease of processing and because it is characterized by mini
mizing operational and inventory costs to calculate cost efficiency in the 
period of interest. The output represents demand, input, and production, 
and the intermediate variable is inventory. Costs are considered an 
objective function. The OCT variational constraint is added to describe 
the relationship between demand, production, and inventory. 

Alves Junior et al. [18–21] applied the models to the balance sheet 
data of publicly traded companies from various industries in Brazil and 
Chile. However, inventory treatment in the retailing industry is very 
particular and different from other industries [10,27,57]. Also, the 
original models did not consider essential variables for retailing, such as 
Gross Margin (GM), Plant, Property, and Equipment (PPE), Inventory 
Slack (InvSlack), and Capacity Slack (CapSlack) [10]. Finally, inflation is 
non-neglectable when dealing with financial accounting, especially in 
emerging markets [11,27,57]. 

As introduced in subSection 2.1, the proposed approach is a novelty 
and an advancement [18–21] because it fulfills the gaps in Fig. 1. In 
other words, it considers the inventory under inflationary conditions 
[11,27,57] and incorporates a critical variable for retailing activities, 
GM [8,10]. Also, it deals with variables representing digital and physical 
performance aspects, respectively, CapSlack and InvSlack [8,10]. Be
sides, as the approach uses publicly accounting data, it facilitates 
benchmarking among competitors. 

3. Materials and methods 

3.1. Retailing variables 

Kroes et al. [10] analyzed the relationship between leanness and 
retailing performance for the US market. Ailawadi and Farris [8] 
investigated the relationship between retailers and suppliers for 
e-commerce, proposing performance metrics. Based on both papers, the 
following concepts are introduced and proposed as variables in the 
model. It is worth noting that these variables refer to a quarter and do 
not consider the inflationary effect inside the quarter. A treatment for 
quarterly inflation is proposed in the model but not calculating 
variables. 

3.1.1. InvSlack 
Inventory can cushion the impact of other operational issues. In 

addition, inventory increases cycle time and makes companies less 
responsive. However, the causal link between inventory and operating 
performance is likely to be strong in retail environments. When in
ventory turnover is low, products spend more time on shelves. This in
creases the window of exposure to damage, theft, and deterioration/ 
expiration [10]. 

Also, excessive inventories increase the likelihood of lost or mis
placed items. When this results in out-of-inventory, a current sale is lost, 
and more importantly, customers are less likely to return [58]. Then, 
higher inventory supply chains tend to have longer order cycles making 
them less responsive to changes in tastes and preferences, which is 
particularly harmful in segments such as apparel and appliances [59]. 

Also, customers buy more in stores with fewer shortages [60]. 
Product variety (i.e., the number of substitute products available to meet 
a given consumer need) increases demand from individual stores [61]. 
In addition, enterprise-level retail inventory predicts (positively) future 
sales [62]. 

The InvSlack is expressed by (7): 

InvSlackit =
INVit

COGSit
⋅N, (7)  

where INVit (continuous) is the value of the quarterly inventory at the 
period t (discrete, integer, and non-negative) for the firm i (discrete, 
integer, and non-negative), COGSit (continuous) is the value of the 

Fig. 1. Historical development of the proposed model.  
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quarterly cost of goods sold, and N (discrete, integer, and non-negative) 
represents the number of days in a quarter according to accounting 
standards in the country. In the case of Brazil, N = 90 days [63]. 

3.1.2. CapSlack 
The efficient use of CapSlack (the company’s physical structure) is 

another crucial aspect. Retailers focusing on e-commerce, such as Mer
cado Libre and eBay, had the lowest CapSlack and the highest financial 
value, and there is a causal relationship between the two variables [10]. 
Therefore, given a specific retailer, CapSlack computes the level of its 
use in e-commerce. The highest level of CapSlack, the highest use of 
e-commerce compared to physical channels. 

This paper assumes that CapSlack is a measure directly associated 
with e-commerce activities. However, it is necessary to clarify what 
“electronic commerce” means. In the case of Kroes et al. [10], only 
companies in which the marketplace represented the core of their 
business were considered. For example, the authors did not encompass 
in this definition large traditional retailers whose e-commerce (through 
their own or third-party marketplaces) came to represent a significant 
part of sales. 

In this regard, operating through e-commerce simultaneously with 
other channels (multi-, cross-, or omnichannel) can be understood as an 
issue of marketing operations and organizational alignment encom
passing many levels (operational, tactical, and strategic). Sombultaweea 
and Boon-itt [64] investigated the literature on the theme and concluded 
that operations alignment is a wide theme spread across several fields. 
Consequently, no dominant theory can be applied, and there is sub
stantial overlap with concepts of operational integration and 
coordination. 

This work adopts the taxonomy of Tian et al. [3]. It encompasses 
three models: marketplace, resellers, and hybrid. Retailers, which 
adopted “pure marketplaces”, operate two-sided platforms that allow 
suppliers to directly sell all categories of products to customers by 
paying a revenue-sharing fee. This was the case with retailers such as 
Mercado Libre and eBay [3]. Here is assumed that this model necessarily 
means no InvSlack and minimal CapSlack. 

On the other hand, retailers that adopt the “reselling marketplace” 
model purchase all categories of products from suppliers and then resell 
them to customers. This was the case with Walmart and BestBuy in the 
US and Zappos in Europe [3]. Here is argued that this model implies 
InvSlack and CapSlack are higher than zero. However, slack behaviors 
may be different from those of retailers which cannot sell products 
through catalogs and online channels; the integration of physical and 
online channels requires specific management practices [65]. 

Between both mentioned marketplace models, retailers can adopt 
the hybrid model, which consists of reselling certain categories of 
products and allowing suppliers to directly sell other categories of 
products to customers by paying a revenue-sharing fee [3]. This was the 
case with Amazon in the US, JD in China [3], and Magazine Luiza in 
Brazil [22,27,57,66]. Here is argued that this model also implies 
InvSlack and CapSlack are higher than zero. However, the slack behav
iors depend on the percentage and category of products allocated to each 
business model (besides the physical sales). 

The CapSlack is expressed by (8): 

CapSlackit = ln
(

PPEit

SALESit

)

, (8)  

where PPEit (continuous) is the plant, property, and equipment at the 
end of quarter t (discrete, integer, and non-negative), and SALESit 
(continuous) is the quarterly sales. PPE is a variable internationally 
accepted and defined by International Financial Reporting Standards 
(IFRS) [63]. PPE are tangible items that are held for use in the pro
duction or supply of goods or services, for rental to others, or for 
administrative purposes and are expected to be used during more than 
one period. Due to the non-linear nature of the relationship between 

CapSlack and performance, the natural log was adopted [10]. 

3.1.3. GM 
Comparing Ailawadi and Farris [8] with Kroes et al. [10,10] 

considered inventory in the calculation of two measures: the InvSlack 
and the accounts payable extraordinary days. In contrast, [8] considered 
the inventory while calculating GM Return on Inventory Investments 
(GMROII) and inventory turnover. However, inventory turnover was 
expressed by the ratio of the cost of goods sold to the cost of inventory. 
That is, it is the inverse of the inventory [10]. 

The GM is calculated by (9): 

GMit =
(NOIit − COGSit)

NOIit
(9) 

The concept of the quarterly GMit (continuous) relationship is indi
rectly added to the current model. It happens through the adoption of 
the quarterly net operating income (NOIit) (continuous) - as a proxy for 
Salesit (continuous) in one of the model’s constraints - and the adoption 
of quarterly COGSit (continuous) to calculate the cost of purchased 
products. 

3.2. Proposed model 

The proposed model with its sets, indices, parameters, variables, 
formulation, and explanations of the constraints are described here: 

Indices: t (discrete, integer, and non-negative) is the index related to 
the period t in the planning horizon; k (discrete, integer, and non- 
negative) is the index related to the DMU; k = 0 is the index 
related to the DMU under analysis; j (discrete, integer, and non- 
negative) is the index related to the inputs; j = n is the index 
related to the control variable (input); l (discrete, integer, and non- 
negative) is the index related to the state variable (intermediate 
measure); i (discrete, integer, and non-negative) is the index related 
to the outputs; i = m is the index related to the exogenous variable 
(output). 
Parameters: rkt (continuous) is the inflation of the k-th DMU at the 
period t; Cz−lkt (continuous) is the observed input cost link of the state 
variable (e.g., initial inventory cost, IIC in inventory control systems) 
of the k-th DMU in period t; Cz+lkt (continuous) is the observed output 
cost link of the state variable (e.g., final inventory cost, FIC in in
ventory control systems) of the k-th DMU in period t; Cxnkt (contin
uous) is the observed cost of the control variable (e.g., cost of the 
purchased product, CPP in inventory control systems) of the k-th 
DMU in period t; Cxjkt (continuous) is the observed j-th input cost (e. 
g., cost of plant, property, and equipment, PPE) of the k-th DMU in 
period t; Cymkt (continuous) is the observed cost of the exogenous 
variable (e.g., cost of goods sold, COGS as disturbance in inventory 
control systems) of the k-th DMU in period t; Cyikt (continuous) is the 
observed i-th output financial value (e.g., net operating income, NOI) 
of the k-th DMU in period t. 
Variables: Cz− p

l0t (continuous) is the projection of the input cost link 
of the state variable (e.g., initial inventory cost, IIC in inventory 
control systems) of the DMU under analysis (k = 0) in period t; Cz+p

l0t 
(continuous) is the projection of the output cost link of the state 
variable (e.g., final inventory cost, FIC in inventory control systems) 
of the DMU under analysis (k = 0) in period t; Cxp

n0t (continuous) is 
the projection of the cost of the control variable (e.g., cost of the 
purchased product, CPP in inventory control systems) of the DMU 
under analysis (k = 0) in period t; Cxp

j0t (continuous) is the projection 
of the j-th input cost (e.g., cost of plant, property, and equipment, 
PPE) of the DMU under analysis (k = 0) in period t; λkt (continuous) is 
the contribution of the k-th DMU to a DMU under analysis in period t; 
S−

jkt (continuous) is the j-th input slack of the k-th DMU in period t; S+
ikt 
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(continuous) is the i th output slack of the k-th DMU in period t; S−
nkt 

(continuous) is the control variable slack of the k-th DMU in period t; 
S+

mkt (continuous) is the exogenous variable slack of the k-th DMU in 
period t; S+

lkt (continuous) is the output intermediary-link slack of the 
k-th DMU in period t; S−

lkt (continuous) is the input intermediary-link 
slack of the k-th DMU in period t. 

Optimizing the objective function of the proposed cost model is 
expressed in (10). 

Minimize
Cz− p

l01 +
∑T

t=1Cz+p
l0t r0t +

∑T
t=1Cxp

n0tr0t +
∑n− 1

j=1
∑T

t=1Cxp
j0tr0t

Cz−l01 +
∑T

t=1Cz+l0tr0t +
∑T

t=1Cxn0tr0t +
∑n− 1

j=1
∑T

t=1Cxj0tr0t
(10)  

where, in the numerator, there are the following projections for the 
DMU under analysis (k = 0): Cz− p

l01 (continuous) is the projection of the 
input cost link of the state variable of the DMU under analysis (k = 0) in 
period t = 1, Cz+p

l0t (continuous) is the projection of the output cost link of 
the state variable in period t, Cxp

n0t (continuous) is the input cost of the 
control variable in period t, Cxp

j0t (continuous) is the j-th input cost, and 
r0t (continuous) is the inflation rate. 

And in the denominator, there are the following observed values for 
the DMU under analysis (k = 0): Cz−l01 (continuous) is the observed input 
cost link of the state variable at the beginning of the period t = 1 (equal 
to the observed output cost link of the state variable in the previous 
period, t = 0), Cz+l0t (continuous) is the observed output cost link of the 
state variable at the end of the period under analysis, t, Cxn0t (contin
uous) is the observed cost of the control variable in period t, Cxj0t 

(continuous) is the observed j-th input cost in period t, and r0t (contin
uous) is the inflation rate. 

So, as can be seen in expression (10), the objective function is divided 
into two parts, one of the projections and the other of observed values. 
Therefore, the objective function is the sum of all costs related to the 
inputs and link (input and output links) variables projected in the effi
cient frontier and compared to the observed costs to estimate the total 
cost efficiency. Only the input cost link of the first period is used in the 
objective function because, in other periods, it is equal to the output cost 
link. 

All the constraints are from expression (11) until (20). The con
straints originating from the DEA are input constraints (11 and 12), 
output constraints (13 and 14), intermediary-link constraints (15 and 
16), and intermediary-equality constrained (17). Constraints expressed 
in (15) to (17) promote dynamism. This provides a richer viewpoint for 
understanding economic relationships [10] than DEA static models 
applied for transversal studies or DEA window analysis. The constraint 
expressed in (18) is the variable returns to scale (VRS) assumption. And 
the constraints that originated from the OCT are the discrete version of 
the variational constraint of control (19) that also promote dynamism, 
and the initial value constraint (20), while the constraint expressed in 
(12) also could be viewed as a control constraint but related to the 
best-practices. 

∑z

k=1
Cxjktrktλkt + S−

jkt = Cxp
j0tr0t, {t= 1, 2,…, T, j= 1, 2,…, n − 1, (11)  

∑z

k=1
Cxnktrktλkt + S−

nkt = Cxp
n0tr0t, t = 1, 2,…, T, (12)  

∑z

k=1
Cyiktrktλkt − S+

ikt = Cyi0tr0t, {t= 1, 2,…, T, i= 1, 2,…,m − 1, (13)  

∑z

k=1
Cymktrktλkt − S+

mkt = Cym0tr0t, t = 1, 2,…, T, (14)  

∑z

k=1
Cz+lktλktrkt − S+

lkt = Cz+p
l0t r0t, t = 1, 2,…, T, (15)  

∑z

k=1
Cz−lktλktrkt + S−

lkt = Cz− p
l0t r0t, t = 1, 2,…, T, (16)  

∑z

k=1
Cz+lktλktrkt − Cz−lk(t+1)λk(t+1)rk(t+1) − S+

lkt − S−
lk(t+1) = 0, t = 1, 2,…,T − 1,

(17)  

∑z

k=1
λkt = 1, t = 1, 2,…, T, (18)  

Cxp
n0t − Cz+p

l0t + Cz− p
l0t = Cym0t t = 1, 2,…, T, (19)  

Cz− p
l01 = Cz−l01. (20)  

Cz− p
l0t ,Cz+p

l0t ,Cxp
n0t,Cxp

j0t, λkt, S−
jkt, S

+
ikt, S

−
nkt, S

+
mkt, S

+
lkt, S−

lkt ≥ 0(∀i, j, k, t), (21)  

Where the indices, parameters, and variables for the k-th DMUs (or DMU 
under analysis when k = 0) are: λkt (continuous) is the contribution of 
the k-th DMU to a DMU under analysis (k = 0), S−

jkt (continuous) is input 
slacks, Cyikt (continuous) is i th output financial value, S+

ikt (continuous) 
is output slacks, S+

lkt and S−
lkt (continuous) are intermediary-link slacks. 

A previous paper investigated both DEA assumptions (i.e., the con
stant returns to scale (CRS) and VRS) [67]. Another paper applied the 
CRS assumption without justifying it [68]. For verifying the VRS 
assumption, the multivariate and univariate normality of data and the 
multivariate and the univariate normality of the data logarithm were 
tested. The normality of the data logarithm resulted in the best fit. Hence 
the VRS was assumed and expressed in (18). 

3.2.1. Discussions of the optimal solutions 
Once the optimal solution(Cz+p∗

l0t ,Cxp∗
n0t , Cxp∗

j0t , ∀(j, t)) is obtained, the 
control policy based on the projection of the cost of the control variable 
π = {Cxp∗

n01,…, Cxp∗
n0T} is obtained, as well as the projection of the output 

cost link of the state variable Cz+p∗
l0t ∀(t) and input costs Cxp∗

j0t ∀(j,t), then it 

is possible to calculate the cost efficiency of the system as Esystem =

C∗
system

Csystem
=

Cz− p∗
l01 +

∑T
t=1

Cz+p∗
l0t r0t+

∑T
t=1

Cxp∗
n0t r0t+

∑n− 1
j=1

∑T
t=1

Cxp∗
j0t r0t

Cz−l01+
∑T

t=1
Cz+l0t r0t+

∑T
t=1

Cxn0t r0t+
∑n− 1

j=1

∑T
t=1

Cxj0t r0t 
(continuous), and 

similarly, it is possible to calculate the cost efficiency of each time period 

t as Et =
C∗

t
Ct
=

Cz− p∗
l0t +Cz+p∗

l0t +Cxp∗
n0t+

∑n− 1
j=1

Cxp∗
j0t

Cz−l0t+Cz+l0t+Cxn0t+
∑n− 1

j=1
Cxj0t 

(continuous); where C∗
system 

(continuous) is the optimal cost of the system, Csystem (continuous) is the 
actual cost of the system, C∗

t (continuous) is the optimal cost at period t 
(discrete, integer, and non-negative), Ct (continuous) is the actual cost at 
period t (discrete, integer, and non-negative). 

These optimal costs of the system and per period can be expressed as 
a projection of the actual costs to the optimal frontier, considering the 
efficiencies expressed in (22). 

C∗
system = Esystem⋅Csystem  

C∗
t = Et⋅Ct (22) 

Since the optimal cost C∗
system (continuous) of the system can be 

calculated as the sum of the costs, considering the final inventories plus 
the initial inventory at period t = 1 (only as an input for the system in the 
first period), though the sum of the optimal costs C∗

t (continuous) at each 
period t = 1,…,T considers the initial inventory in each period t (as input 
for each period); therefore it considers twice the costs of the initial in
ventories of the middle periods t = 2,…, T-1. 
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So, the sum of the optimal costs at each period t can be represented in 
relation to the optimal cost of the system is expressed in (23). 

∑T

t=1
C∗

t r0t = C∗
system +

∑
C

T

t=2
z− p∗

l0t r0t (23) 

Consequently, the efficiency of the system (Esystem) (continuous) can 
be represented in relation to the efficiencies of each period t is expressed 
in (24). 

Esystem =

∑T
t=1Et⋅Ctr0t −

∑T
t=2Cz− p∗

l0t r0t

Csystem
(24)  

3.3. Data sample and empirical application 

Here, the input cost link is the initial inventory cost, the output cost 
link is the final inventory cost, and the input costs refer to the costs of the 
purchased product and PPE, while the rkt is also considered to deal with 
the costs in time. 

The estimation of the CPP is expressed in (25). 

Cxnkt = Cz+lkt − Cz−lkt + Cymkt (25)  

where Cymkt (continuous) is the observed cost of goods sold (COGS). 
Inventory costs are divided into two temporal factors, initial (IIC) 

and final (FIC). IIC is between t = 0, …, T-1, i.e., the inventory from the 
period before the first quarter (equal to the beginning inventory before 
the first quarter) to the penultimate period (equal to the beginning of the 
last quarter). 

Due to the DEA constraints, the Eff_System (efficiency values for the 
whole analyzed period) is limited to values between 0 and 1. These 
constraints create a time frame restriction. In other words, each period’s 
x, y, z is a different variable of the same DMU, and the weighted sum of 
the y and z+ minus the x and z- (of all periods) must be less than 0 (zero). 
This is the same thing as saying the weighted sum of y and z+ divided by 
x and z (efficiency) is less than or equal to 1 (one), considering the 
system. The variables are continuous and non-negative (so the efficiency 
is greater than or equal to 0). The quarterly efficiencies can be above 1 
(one) because there is the dual (in the multiplier form).  

(i) The year 2018 was a year of digital strategical consolidation 
among the retailers in the Brazilian market. It is assumed that all 
strategies were operationally consolidated up to Christmas (the 
fourth quarter of 2018), an important date for retailing. This 
research was executed in the fourth quarter of 2020. So, we 
investigated from the fourth quarter of 2018 up to the third 
quarter of 2020 (last date available). Thus, the period of inves
tigation encompassed eight quarters. During this period, the 
global COVID-19 pandemic started, changing retailing activities 
globally. Therefore, we decided to divide it into three periods of 
investigation: From the fourth quarter of 2018 until the third 
quarter of 2020 (4Q2018 – 3Q2020), encompassing before and 
during the pandemic (Period F – full-time).  

(ii) From the fourth quarter of 2018 until the first quarter of 2020 
(4Q2018 – 1Q2020), before the pandemic (Period BC – before 
Covid).  

(iii) From the second quarter of 2020 until the third quarter of 2020 
(2Q2020 – 3Q2020), during the pandemic (Period DC – during 
Covid). 

Firm-level quarterly financial data related to Cz+lkt , Cz−lkt, and Cymkt 

from (11) were collected in the Economática database. These companies 
were publicly traded in the São Paulo Stock Exchanges between the third 
quarter of 2018 (3Q2018) and the third quarter of 2020 (3Q2020). This 
period encompasses before and during the pandemic. All previous ef
forts (Fig. 1) worked with quarterly data. According to Kroes et al. [10], 
when a study focuses on the firm performance implications of 

operational slacks, quarterly data is justified because it will be more 
accurate to reflect the reactions. The reported quarterly firm data is 
associated with the calendar date (the first quarter ends in March, the 
second in June, the third in September, and the fourth in December). 

Retail firms were identified as those classified as “Commerce”, 
“Commerce & Distribution”, and “Fabric, Clothing, and Footwear”. 
Initially, 31 companies were identified. Subsequently, their reference 
forms1 were consulted, and those companies that were not within scope 
were excluded. Only companies, which incorporated the direct man
agement of e-commerce before the pandemic, were considered. 

This resulted in a sample of 21 companies and 189 financial obser
vations of each of the six model’s measures - initial inventory cost (IIC), 
final inventory cost (FIC), net operating income (NOI), cost of goods sold 
(COGS), cost of the purchased product (CPP) and plant, property, and 
equipment (PPE). The data is in the local currency, the Brazilian Real 
(BRL). The adopted inflation rate was the IPCA (Broad Nacional Con
sumer Price Index), and the historical series were retrieved from official 
sources [11,27,57]. 

As per previous authors [10], the current dataset presents a subtle 
difference from prior ones, which is the examination of firms at the 
quarterly versus annual levels. In this way, it is believed that the pro
posed approach can also contribute to an index that better reflects the 
reactions of an efficient market and can provide an adequate tool for 
future investigations regarding operational efficiency and market 
response. 

A summary description of the analyzed companies is presented in 
Table 1. 

Once a novel model based on linear programming is proposed and 
the data is collected, we develop and run a new algorithm in Matlab 
software to solve it using a linear programming solver because it is one 
of the most common solving software for linear programming and op
erations research [67]. Readers who are interested in using already 

Table 1 
Description of the analyzed companies.  

DMU Company’s Name B3 Subsector 

ALPA3 Alpargatas Fabric, Clothing, and Footwear 
ARZZ3 Arezzo Fabric, Clothing, and Footwear 
BTOW3 B2W Digital Commerce 
CAMB3 Cambuci Fabric, Clothing, and Footwear 
CRFB3 Carrefour BR Commerce & Distribution 
HGTX3 Cia Hering Fabric, Clothing, and Footwear 
GRND3 Grendene Fabric, Clothing, and Footwear 
GUAR3 Guararapes Commerce 
CATA3 Ind Cataguas Fabric, Clothing, and Footwear 
CTKA3 Karsten Fabric, Clothing, and Footwear 
LLIS3 Le Lis Blanc Commerce 
LAME3 Lojas Americanas Commerce 
AMAR3 Lojas Marisa Commerce 
LREN3 Lojas Renner Commerce 
MGLU3 Magazine Luiza Commerce 
PCAR3 Pão de Açúcar Commerce & Distribution 
SLED3 Livraria Saraiva Commerce 
TECN3 Technos Fabric, Clothing, and Footwear 
TEKA3 Teka Fabric, Clothing, and Footwear 
VVAR3 Via Varejo Commerce 
VULC3 Vulcabras Fabric, Clothing, and Footwear  

1 The Reference Form is an electronic document, periodically and occasion
ally forwarded, provided for in article 21, item II, of the Brazilian Securities and 
Exchange Commission (CVM) Instruction No. 480/09, which must be for
warded to the CVM through the Empresas.NET System. The Publicly Held 
Companies Reference Form gathers all information related to the issuer, such as 
activities, risk factors, management, capital structure, financial data, manage
ment comments on these data, securities issued, and transactions with related 
parties. 
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established models are recommended to the interactive online app 
deaR-Shiny, based on the R software [68]. 

3.4. Homogeneity and online retailing 

Here, the DMUs are publicly traded retailing companies that sell 
through physical stores as well as virtual channels. In this way, they are 
assumed to be homogeneous. Data from six measures (of the 21 DMUs) 
were used, respecting the recommended practice of keeping the number 
of measures smaller than three times the number of DMUs [69]. 

For identifying the strategies of marketplaces, the reference forms 
were consulted. And it was checked through internet research engines 
whether it was possible to buy products online as described in the 
companies’ official reports. The name of the companies and the name of 
their brands were searched on Scopus. In this way, it was analyzed the 
existence of applied research. 

4. Results and discussions 

4.1. Online retailing 

Table 2 shows the identified nine marketplace strategies of the 
analyzed companies. Companies with similar strategies are separated 
from others with a horizontal line. Readers interested in the companies 
can also consult [27,57]. 

4.2. Efficiency results 

Tables 3, 4, and 5 show the results of Periods F (full-period), BC 
(before Covid), and DC (during Covid), respectively. In each table, the 
column “Ef_System” indicates the global efficiency considering the 
whole analyzed period, and the other columns show the quarterly 
efficiencies. 

In the broader period (Table 3), three efficient ties exist among the 
21 analyzed companies (i.e., 14.3% of the sample). The number of ties 
equals the period before the pandemic (Table 4). These ties are B2W 
Digital (BTOW3), Cambuci (CAMB3), and Carrefour Brazil (CRFB3). 
They belonged to different retailing sectors, i.e., respectively, home 
appliance and electronics, apparel, and supermarket, and adopted 
different digital marketplace strategies (Table 2). 

During the pandemic (Table 5), seven efficient ties (33.3% of the 
sample). They were the previous three ties and more Lojas Marisa 
(AMAR3), Magazine Luiza (MGLU3), Pão de Açúcar (PCAR3), and Via 
Varejo (VVAR3). This means that these four companies reacted effi
ciently to the pandemic context. They were an apparel retailer 

(AMAR3), two home appliance and electronic retailers (MGLU3 and 
VVAR3), and a supermarket (PCAR3). Each of them adopted a different 
marketplace strategy. 

The first conclusion that can be drawn from these results is that the 
pandemic forced retailers to reach efficiency. This observation supports 
the results of Setiawan et al. [70]. The authors surveyed 99 
multi-channel retailers in an emerging market. They concluded that 
businesses had to become more dynamic during the pandemic. Specif
ically, supply chain management during the pandemic probably affected 
business performance through multi-channel retailing with three main 
indicators: inventory investment, inventory efficiency, and forecasting 
accuracy. 

The second conclusion that can be drawn from these results is that 
each retailer that reached efficiency had a different marketplace strat
egy. Based on the definitions presented in Table 2, the only marketplace 
strategies that did not reach efficiency in any period were controllers of 
multiple reselling marketplaces (one for each brand) and sellers in 
multiple third-party pure marketplaces. This strategy was followed by 
eight retailers, i.e., 38.1% of the sample. And one retailer (LREN3) that 
followed the strategy of being a controller of multiple reselling mar
ketplaces and one hybrid marketplace. 

As presented by the author of the adopted marketplace taxonomy 
[3], there is no strategy that fits all retailers, and the reasons why re
tailers choose and change their marketplace strategies keep unknown. 
The current result indicates that the digital strategy of simultaneously 
managing multiple reselling marketplaces while also selling products 
through multiple third-party marketplaces may be too complex. No 
observed retailer reached efficiency through this strategy. 

Table 6 summarizes the comparison of the Eff_System among the 
three periods of analysis (Tables 3, 4, and 5). Lojas Marisa (AMAR3), 
Lojas Americanas (LAME3), Magazine Luiza (MGLU3), Pão de Açúcar 
(PCAR3), Tecnos (TECN3), and Teka (TEKA3) presented a better effi
ciency value during the pandemic compared to before the pandemic. 
They are in green in Table 6. On the other hand, Arezzo (ARZZ3), 
Grendene (GRND3), Guararapes (GUAR3), Cia Hering (HGTX3), Le Lis 
Blanc (LLIS3), Lojas Renner (LREN3), and Livraria Saraiva (SLED3) 
presented a worse efficiency value during the pandemic (compared to 
before the pandemic). They are in red in Table 6. 

4.2.1. Apparel sector 
Interpreting these results based on marketplace strategies, among the 

retailers that adopted the strategy of being controllers of multiple 
reselling marketplaces (one for each brand) and sellers in multiple third- 
party pure marketplaces, one increased performance during the 
pandemic (TEKA3), but four decreased (ARZZ3, GRND3, HGTX3, and 
LLIS3). And none reached efficiency. However, it is important to also 
interpret the results through the sectorial perspective. All mentioned 
retailers belong to the apparel sector. Also, LREN3, the unique retailer to 
be a controller of multiple reselling marketplaces and one hybrid 
marketplace, belongs to the apparel sector and decreased efficiency. 
Besides, GUAR3 is another representative of the apparel sector that 
decreased efficiency during the pandemic, even though it adopted a 
different strategy from the previous ones (i.e., “Controller of one hybrid 
marketplace.”). So, six retailers from the apparel industry decreased 
efficiency during the pandemic. 

However, CAMB3 is representative of the same sector, and it kept 
efficient during all the investigated periods. CAMB3 and TECN3 fol
lowed the strategy of being controllers of one reselling marketplace and 
sellers in multiple third-party pure marketplaces. And TECN3 also 
increased efficiency during the pandemic. Besides, AMAR3 reached ef
ficiency during the pandemic, following the strategy of being the 
controller of one reselling marketplace. Therefore, three retailers from 
the apparel industry increased efficiency during the pandemic. 

These results indicate that apparel retailers suffered the most with 
the pandemic. However, some of them achieved efficiency even under 
unfavorable circumstances. Remarkably, those that adopted the 

Table 2 
Marketplace strategies of the analyzed companies.  

DMUs Marketplace Strategies 

ALPA3, ARZZ3, HGTX3, GRND3, 
CTKA3, LLIS3, TEKA3, VULC3 

Controller of MULTIPLE reselling marketplaces 
(one for each brand) and seller in MULTIPLE 
third-party pure marketplaces. 

CAMB3, TECN3 Controller of ONE reselling marketplace and 
seller in MULTIPLE third-party pure 
marketplaces. 

CATA3, SLED3, AMAR3 Controller of ONE reselling marketplace. 
LREN3 Controller of MULTIPLE reselling marketplaces 

and ONE hybrid marketplace. 
GUAR3, CRFB3 Controller of ONE hybrid marketplace. 
PCAR3 Controller of TWO hybrid marketplaces. 
BTOW3, LAME3 Controller of MULTIPLE pure and hybrid 

marketplaces (including the brand Americanas, 
associated to the LAME3). 

MGLU3 Controller of ONE reselling marketplace 
(books), ONE pure marketplace (books), and 
MULTIPLE hybrid marketplaces (home 
appliance). 

VVAR3 Controller of MULTIPLE hybrid marketplaces.  
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strategies that require controlling fewer reselling marketplaces. The 
adoption of an adequate digital strategy may be one of the reasons for 
the achieved success. 

A previous study [71] demonstrated that retailers from apparel, 
groceries, and home furniture had a better omnichannel performance 
during the pandemic in Spain. The degree of online adoption among 
customers varies according to the sector, with customers from the 
apparel sector being the most digitalized [71]. Another paper [72] 
investigated large clothing and apparel retailers in Spain during the 
pandemic. Their results suggest that retailers were moderately prepared 
to provide multichannel and omnichannel services and focused on 
integrating quick and easy-to-implement services. 

Given this, it would be expected that apparel retailers had a better 
performance during the pandemic. However, this is not observed in the 
investigated sample. The reasons for it may be explained by the differ
ence between a developed and developing market (Spain and Brazil) or 
an unsuccessful digital strategy choice in the Brazilian case. 

4.2.2. Book sector 
Retailers in the book sector face the particularity that their core 

product (books) can be sold and consumed wholly digitally. Our sample 
had a book retailer that reduced efficiency during the pandemic 
(SLED3). This retailer followed the marketplace strategy of being the 
controller of one reselling marketplace, like AMAR3, one of the three 
apparel retailers that reached efficiency during the pandemic. 

On the other side, the retailer MGLU3 is focused on home appliances 
and electronics, operated through multiple hybrid marketplaces. How
ever, the retailer also controls one reselling marketplace focused on new 
books (Livraria Cultura) and one reselling marketplace focused on used 
books (Estante Virtual), where small bookstores can sell their physical 
products. MGLU3 reached efficiency during the pandemic. 

Our findings indicate that traditional large bookstore chains did not 
perform well during the pandemic. However, a retailer controlling a 
marketplace specialized in used books increased performance in the 
period. In Colombia and Indonesia [73,74], empirical evidence showed 
that small booksellers intensified their book sales through social media 
platforms. 

4.2.3. Home appliance and electronic sector 
Four retailers’ main products were related to home appliances and 

Table 3 
DEA-OCT results considering Period F (4Q2018 – 3Q2020).  

Comp. Rank Ef_System 4Q2018 1Q2019 2Q2019 3Q2019 4Q2019 1Q2020 2Q2020 3Q2020 

BTOW3 1 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 
CAMB3 1 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 
CRFB3 1 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 
MGLU3 4 0.99 1.00 1.00 1.02 0.97 0.92 0.92 0.91 1.01 
VVAR3 5 0.98 1.00 1.00 1.00 0.93 0.96 0.91 0.90 1.00 
PCAR3 6 0.97 0.95 0.97 0.90 0.92 1.00 1.00 1.00 1.00 
ARZZ3 7 0.94 1.00 1.04 1.05 1.04 0.90 0.96 0.94 0.99 
GUAR3 8 0.92 1.00 1.00 1.00 1.00 1.00 0.85 0.87 0.98 
AMAR3 9 0.88 1.00 0.78 0.83 0.80 1.00 1.00 1.00 1.00 
GRND3 10 0.86 0.94 0.95 0.91 0.98 0.85 0.90 0.81 1.06 
LREN3 11 0.85 1.00 0.87 0.95 0.94 1.08 0.80 0.76 0.91 
TECN3 11 0.85 1.00 0.96 0.98 0.77 0.77 0.66 0.66 0.71 
ALPA3 13 0.81 0.91 0.89 0.95 0.83 0.80 0.69 0.75 0.89 
LAME3 14 0.79 0.87 0.71 0.92 0.78 0.91 0.68 0.80 0.78 
VULC3 15 0.78 0.80 0.85 0.83 0.77 0.74 0.75 0.61 0.77 
HGTX3 16 0.77 0.93 0.90 0.89 0.80 0.71 0.71 0.61 0.55 
LLIS3 17 0.76 1.00 0.82 0.90 0.75 0.95 0.71 0.69 0.69 
CATA3 18 0.75 0.85 0.82 0.92 0.77 0.78 0.75 0.76 0.73 
SLED3 19 0.70 1.00 0.91 0.72 0.67 0.61 0.71 0.75 0.90 
CTKA3 20 0.63 0.76 0.71 0.70 0.58 0.63 0.59 0.61 0.70 
TEKA3 21 0.53 1.12 0.60 0.62 0.52 0.57 0.55 0.55 0.51  

Table 4 
DEA-OCT results considering Period BC (4Q2018 – 1Q2020).  

Comp. Rank Ef_System 4Q2018 1Q2019 2Q2019 3Q2019 4Q2019 1Q2020 

BTOW3 1 1.00 0.96 1.10 0.97 1.14 0.77 0.85 
CAMB3 1 1.00 0.82 0.83 0.66 1.10 1.29 1.27 
CRFB3 1 1.00 1.05 1.06 0.73 0.82 0.72 0.78 
MGLU3 4 0.98 1.28 1.20 0.83 0.91 0.57 0.71 
VVAR3 4 0.98 1.18 0.97 0.75 1.07 0.73 0.90 
ARZZ3 6 0.96 1.04 0.94 0.74 0.96 0.78 0.96 
GUAR3 6 0.96 1.20 0.79 0.66 0.94 1.09 1.13 
PCAR3 6 0.96 1.39 1.31 0.79 0.92 0.53 0.62 
LREN3 9 0.90 1.36 0.73 0.60 0.86 0.97 1.01 
GRND3 10 0.88 0.74 0.88 0.78 0.92 0.94 1.06 
TECN3 11 0.87 1.09 0.87 0.76 1.06 0.97 0.99 
AMAR3 12 0.86 0.94 0.67 0.62 0.79 0.97 1.17 
HGTX3 13 0.83 0.86 0.75 0.67 0.89 0.88 0.95 
ALPA3 14 0.82 0.73 0.75 0.58 0.83 1.03 1.03 
LLIS3 15 0.81 1.14 0.71 0.66 0.94 1.04 1.03 
VULC3 15 0.81 0.88 0.79 0.64 0.75 0.63 0.84 
LAME3 17 0.80 1.07 0.78 0.68 0.80 0.66 0.69 
CATA3 18 0.77 0.79 0.73 0.59 0.90 1.00 1.00 
SLED3 19 0.70 1.12 0.64 0.57 0.96 0.75 1.05 
CTKA3 20 0.64 0.76 0.66 0.58 0.73 0.64 0.70 
TEKA3 21 0.58 0.39 0.50 0.44 0.48 1.25 0.70  
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electronics in our sample (BTOW3, LAME4, MGLU3, and VVAR3). Each 
of them follows a different marketplace strategy. Two of these com
panies (BTWO3 and LAME4) have a particular situation. BTWO3 is a 
controller of several marketplaces, including those from LAME4. On the 
other hand, in a symbiotic relationship, LAME4 controls de logistics 
infrastructure of BTOW3. Our results showed BTOW3 is efficient in all 
periods. This is expected because its InvSlack and CapSlack are very low 
due to the lack of physical infrastructure, such as warehouses. During 
the pandemic, LAME4 was among the retailers that improved perfor
mance. MGLU3 and VVAR3 reached efficiency during the pandemic. 

Furthermore, our results indicate that the pandemic positively 
affected retailers in this sector. Some cost DEA approaches have already 
been proposed for measuring the performance of stores from an elec
tronic retail chain in India [32,37,75]. However, these studies did not 
consider aspects of online performance and the pandemic [32,37,75]. 
So, the results are not comparable. Our findings are aligned with the 
empirical evidence that the e-commerce of electronics and household 
appliances, household goods for home and repairs, cosmetics, and 

products for children increased during the pandemic [76]. 

4.2.4. Supermarket sector 
There were only two supermarkets in the sample. They followed 

different marketplace strategies. One was efficient during the whole 
period (CRFB3), and another reached efficiency during the pandemic 
(PCAR3). Both supermarket chains have the same controller. But unlike 
BTOW3 and LAME4, CRFB3 and PCAR3 have distinct physical and 
digital operations. 

CRFB3 and PCAR3 follow different marketplace strategies. CRFB3 
controls one hybrid marketplace, and PCAR3 controls two. CRFB3 was 
efficient during all analyzed periods, and PCAR3 reached efficiency 
during the pandemic. Like what happened with the retailers in the 
apparel sector, the supermarket chain with fewer marketplaces (one) 
had a better performance. 

A DEA approach has already been proposed for measuring the per
formance of small and medium-sized supermarkets in a specific region of 
Brazil (Santa Catarina) [33]. Once the authors did not consider the 
pandemic period and e-commerce aspects, the results are not compa
rable. There is a gap in applied investigations for this context. 

4.3. Defining performance benchmarks 

A previous paper proposed a DEA approach for establishing retail 
performance benchmarks [27,57]. However, this is a pioneering effort 
with a dynamic DEA model. With the current results, it is also possible to 
build additional analysis (Tables 7 and 8). 

Table 7 shows the ratio between the optimal calculated and observed 
values for the companies of interest for this discussion (GUAR3 and 
ARZZ3) of the model’s measures (IC, CPP, and PPE). Table 8 shows the 
lambdas that differed from zero for GUAR3 and ARZZ3. The companies 
that present lambdas differently from zero are the ones the model points 
out as benchmarks in the period. 

Table 7 shows that GUAR3 had optimal inventory costs 40% higher 
than the observed, while the ARZZ3 had 2%. The GUAR3 had an optimal 
CPP 220% higher than the observed value in 2Q2020 (the pandemic’s 
beginning), while ARZZ3 had 56% higher. Both companies reduced CPP 
in the next quarter, though the ARZZ3 almost reached the optimal value, 
while the GUAR3 kept above it. 

Analyzing the PPE related to digitalization, once digital operations 
are assumed to require less physical infrastructure, both companies 
presented optimal value below the observed. However, GUAR3 is more 
distant from the optimal value than ARZZ3, especially one quarter after 
the pandemic. This means the ARZZ3 reacted better (reducing infra
structure) during the pandemic than the GUAR3. 

Table 8 shows that, in 2Q2020, AMAR3, CAMB3, and TECN3 were 
benchmarks for the ARZZ3; in 3Q2020, the AMAR3 and the CAMB3 kept 
being benchmarks, followed by GRND3. In 2Q2020, the AMAR3 and the 
BTOW3 were benchmarks for the GUAR3; in 3Q2020, AMAR3 and the 
VVAR3 were the benchmarks. 

In this way, although inefficient in the pre-pandemic period, the 
AMAR3 and the VVAR3 are benchmarks in the pandemic. On the other 
hand, the TECN3 slightly decreased efficiency from 2Q2020 to 3Q2020 
(from 100% to 98%). It became a benchmark just for 1Q2020. 

5. Conclusion 

Here we demonstrated that the proposed dynamic model is appli
cable and useful for the context benchmarking of retailing operations, 
considering digital and physical operations. Besides, through the 
model’s lambda analysis, it is possible to determine which company (or 
companies) is (are) the benchmark(s) for each inefficient company and 
to determine for which measure, in which proportion, and in which 
quarter (i.e., what, how, and when?), the highlighted company (com
panies) is (are) benchmark(s). Also, it is possible to build the ratio be
tween the optimal calculated and the observed values for directing the 

Table 5 
DEA-OCT results considering Period DC (2Q2020 – 3Q2020).  

Comp. Rank Ef_System 2Q2020 3Q2020 

BTOW3 1 1.00 1.00 1.00 
CAMB3 1 1.00 1.00 1.00 
CRFB3 1 1.00 1.00 1.00 
AMAR3 1 1.00 1.00 1.00 
MGLU3 1 1.00 1.00 1.00 
PCAR3 1 1.00 1.00 1.00 
VVAR3 1 1.00 1.00 1.00 
TECN3 8 0.99 1.00 0.98 
ARZZ3 9 0.87 0.81 0.96 
LAME3 10 0.85 0.93 0.84 
ALPA3 11 0.80 0.77 0.92 
GRND3 12 0.79 0.59 1.00 
TEKA3 13 0.77 1.17 0.50 
HGTX3 14 0.74 0.82 0.74 
VULC3 14 0.74 0.75 0.78 
GUAR3 16 0.71 0.71 0.84 
CATA3 16 0.71 0.77 0.72 
CTKA3 18 0.70 0.76 0.73 
LLIS3 19 0.67 0.72 0.73 
SLED3 20 0.62 0.62 0.76 
LREN3 21 0.59 0.55 0.72  

Table 6 
Comparison of the Eff_System in Periods F, BF, and DF.  

Company Eff_System 
Period DC 
(2Q2020 - 3Q2020) 

Period BC 
(4Q2018 - 1Q2020) 

Period F 
(4Q2018 - 3Q2020) 

ALPA3 0.80 0.81 0.81 
ARZZ3 0.87 0.94 0.94 
BTOW3 1.00 1.00 1.00 
CAMB3 1.00 1.00 1.00 
CRFB3 1.00 1.00 1.00 
HGTX3 0.74 0.77 0.77 
GRND3 0.79 0.86 0.86 
GUAR3 0.71 0.92 0.92 
CATA3 0.71 0.75 0.75 
CTKA3 0.70 0.63 0.63 
LLIS3 0.67 0.76 0.76 
LAME3 0.85 0.79 0.79 
AMAR3 1.00 0.88 0.88 
LREN3 0.59 0.85 0.85 
MGLU3 1.00 0.99 0.99 
PCAR3 1.00 0.97 0.97 
SLED3 0.62 0.70 0.70 
TECN3 0.99 0.85 0.85 
TEKA3 0.77 0.53 0.53 
VVAR3 1.00 0.98 0.98 
VULC3 0.74 0.78 0.78  
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companies’ improvement efforts, pointing out which measure should 
focus on improvement. 

In terms of lessons learned from the pandemic, our findings showed 
that the pandemic forced retailers to reach efficiency. However, there 
was no “always winner” marketplace strategy for all. Each efficient 
retailer followed a different strategy. 

Though it was observed that inefficient retailers controlled several 
different marketplaces while also selling products through third-party 
marketplaces. The most efficient retailers adopted more limited strate
gies in terms of the number of controlled marketplaces. Remarkably, 
“controlling of one reselling marketplace” and “controlling of one 
reselling marketplace and seller in multiple third-party pure market
places” were the most successful strategies. 

Also, beyond their adopted strategies, retailers from different sectors 
had different responses to the pandemic. In general terms, supermarkets, 
home appliances, and electronics retailer improved their performance 
during the pandemic. While traditional bookstore chains decreased 
performance, new business models (such as pure marketplaces focused 
on used books) seem to have improved. 

Besides, apparel retailers decreased performance, what is contra
dicting the existing literature [72]. This may be explained by the dif
ference between emerging and developed markets or by the unfocused 
digital strategy observed in the apparel retailers in this sample. 

Finally, the proposed model included the inflation rate and other 
variables not included in this kind of model. However, one important 
limitation of the model is that it does not deal with uncertainty. So, it is 
suggested to extend the development of it to Stochastic DEA-OCT models 
or Chance-Constrained DEA-OCT models. Also, it should be interesting 
to explore the possibility of using DEA jointly with reinforcement 
learning to estimate the efficiency of control systems. Besides, further 
developments can focus on creating models that concentrate on profit 
maximization. 
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