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Abstract: Determining success factors for managing supply chains is a relevant aspect for companies.
Then, modeling the relationship between inventory cost savings and supply chain success factors is a
route for stating such a determination. This is particularly important in pharmacies and food nutrition
services (FNS), where the advances made on this topic are still scarce. In this article, we propose
and formulate a robust compromise (RoCo) multi-criteria model based on non-linear programming
and time-dependent demand. The novelty of our proposal is in defining a score that allows us to
measure the mentioned success factors in a simple way, in meeting together all three elements (RoCo
multi-criteria, non-linear programming, and time-dependent demand) to state a new model, and in
applying it to pharmacies and FNS. This model relates inventory cost savings for pharmacy/FNS
and success factors across their supply chains. Savings of inventory costs are predicted by lot sizes to
be purchased and computed by comparing optimal and true inventory costs. We utilize a system
that records the movements and costs of products to collect the data. Factors, such as purchasing
organization, economies of scale, and synchronized supply, are assumed using the purchase system,
with these factors ranked on a Likert scale. We consider multilevel relationships between savings
obtained for 79 pharmacy/FNS products, and success factor scores according to these products. To
deal with the endogeneity bias of the relationships proposed, internal instrumental variables are
employed by utilizing generalized statistical moments. Among our main conclusions, we state that
the greatest cost savings obtained from inventory models are directly associated with low-success
supply chain factors. In this association, the success factors operate as endogenous variables, with
respect to inventory cost savings, given the simultaneity of their relationship with cost savings when
inventory decision-making.

Keywords: food and nutrition services; information systems; intelligent inventory management;
interoperability; inventory models; multilevel models; pharmacies; RoCo models; statistical modeling

MSC: 90C15; 90B50; 90B05; 68U35

1. Abbreviations, Introduction, Bibliographical Review, and Objectives

In this section, we provide the abbreviations, introduction, literature study, contribu-
tion, and objective of the study, as well as the description of the next sections.
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1.1. Abbreviations and Acronyms

Next, abbreviations and acronyms employed in our work are defined in Table 1 to
facilitate its reading. Notations associated with some technical issues are presented in the
following section.

Table 1. Abbreviations and acronyms used in the present document.

Abbreviation/Acronym Definition

AHP Analytic hierarchy process.
API Application programming interface.
ARMA Autoregressive moving average.
COPRAS Complex proportional assessment.
DPUT Demand per unit of time.
FNS Food and nutrition services.
GARMA Generalized autoregressive moving average.
GLM Generalized linear models.
GMSM Generalized method of statistical moments.
HTTPS Hypertext transfer protocol secure.
JSON Javascript object notation.
MCDM Multi-criteria decision-making.
ML Maximum likelihood.
MSD Minimum set of data.
RoCo Robust compromise.
SFSCM Success factors of supply chain management.
SP Stochastic programming.
SUR Seemingly unrelated regression.
SWARA Step-wise weight assessment ratio analysis.
TC Total costs.
TOPSIS Technique for order of preference by similarity to ideal solution.
VIKOR Vlse-kriterijuska optimizacija I komoromisno resenje.
W2SLS Weighted two-stage least squares.
2SLS Two-stage least squares.
3SLS Three-stage least squares.

1.2. Introductory Aspects

The supply chain is a framework of people and industries/organizations who are
elaborating a product (good) or service to deliver it to a client. Links on this chain start
with the producers of the raw materials and finish when the final product is delivered to
the consumer.

Supply chain management is a key aspect and it must be optimized at low costs to
obtain an efficient production cycle. Organizations try to enhance their supply chains to
reduce their costs and to be more competitive.

Supply management in industry can be improved through efficient inventory policies
that allows us to optimize an assortment of goods to meet customer demand [1]. However,
each company, as in the case of pharmacies and FNS, has its own peculiarities. Such
peculiarities must be studied and modeled using appropriate methodologies that optimize
supply management, making it necessary to consider performance measures, such as cost
savings [2,3]. Several studies, summarized in [4], indicated that optimizing inventory
management can enable cost savings in supply chains for the service industry. The possible
savings from inventory management vary according to the performance achieved by
each organization, depending on its internal strategy [5]. In particular, on the one hand,
pharmacies require the supply of medicines and pharmaceutical products. On the other
hand, FNS prepares a daily menu where the components or raw materials required to make
up the menu constitute an assortment of inventory to be demanded by groups of people in
closed regimes, such as hospitals, institutions, schools, and universities.
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It is common in healthcare to classify products that make up the inventory according
to factors as employment, expiration, treatment, prices, and storage. These factors are
relevant to determining the parameters related to order, storage, and shortage penalty
costs, according to the category at which the product belongs and whose supply we want
to optimize [6]. From another perspective, the inventory cost savings from may vary
depending on the product category whose cost is optimized [7]. Blockchain might save
billions for healthcare by stating the chain of custody in supply management [8].

1.3. State of the Art

Although FNS and pharmacies have shown growth in developing countries, there is
little literature related to the supply chain of these services in the public area. The scarce
research is limited to gastronomy, healthcare, hospital, and tourism services [9,10]. In [11],
a proposal for sustainable and home healthcare logistics, as a response to the COVID-19
pandemic [12,13], was designed. In [14], two-level programming for the home healthcare
supply chain considering outsourcing was established. In [15–19], stochastic inventory
models, by assuming traditional cost parameters and a random DPUT to minimize the TC
of the inventory, were formulated. Particularly, the work presented in [17] considered time
dependence for the DPUT of drugs modeled through conditional statistical distributions
with respect to explanatory variables (covariates) and an ARMA structure.

The ARMA models are highly flexible, with its parameters being estimated and in-
terpreted in a simple way, in addition to allowing us to directly carry our forecasting [20].
However, the usual ARMA structures assume linearity and Gaussian/normal distributed
errors, making such structures limited. When non-Gaussianity is identified in the underly-
ing data distribution, for example in intermittent DPUT [21], practitioners often transform
the data for reaching Gaussianity. Nevertheless, when transforming the data, interpretation
problems of the obtained information arise, besides undesirable statistical properties.

GLM [22] are used to handle these problems in a more general statistical framework.
GLM are more flexible than Gaussian regression and assume any distribution belong-
ing to the exponential family, as the binomial, gamma, and normal distributions, among
others [22]. Note that the Gaussian regression is a special case of GLM when the normal
distribution is assumed. GLM assume a distribution for the response (explained or depen-
dent) variable instead of the model error and permit us to describe non-linear and linear
settings linking the covariates to the model structure by a suitable function.

If time dependency and non-Gaussianity are present, the DPUT can be modeled by
GARMA models [17], which are a GLM extension of ARMA models that modify the data
mean through a link function. Note also that, although the GARMA models state a temporal
dependency on the DPUT, if this is not considered, the parameters associated with the
ARMA structure can be set as zero and a usual GLM is obtained. Therefore, the GLM
are a particular case of the GARMA models. Thus, once the underlying distribution has
been assumed, the GARMA parameters may be estimated utilizing the ML method [23,24].
Similarly, a zero-inflated distribution can be stated to model an intermittent DPUT [21],
that is, demand values equal to zero.

Once the random structure of demand has been modeled, it can be forecasted using
probabilistic scenarios into an SP approach to find optimal supply costs [25]. To optimize
the model, a two-stage SP approach can be utilized following the works presented in [19,26].
In its first stage, a purchase decision related to when and how much to acquire is made,
without knowing the values that the DPUT can take. Then, forecasting the probabilistic
scenarios of the DPUT for a product/service, the decision of the second stage is made by
calculating stocks at hand and expected shortages [17]. Note that, at any stage, there is a
finite number of states that are described by multidimensional variables [27].

Although the forecasting of supply in hospital pharmacies and FNS is carried out
generally in one period, the two-stage SP models are more helpful in determining optimal
costs in that case as well [28]. In [17,19], two-stage SP approaches were considered to lead
to significant cost savings in inventory management.
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These savings are related to the supply chain management of pharmacies and FNS
by means of success factors that were identified. However, in spite of the importance of
inventory management based on the supply chain that minimizes costs in pharmacies and
FNS, there is a lack of performance measures that quantify the cost saving [2].

The correct operation of the supply chain involves, among others, to suppliers, dealers,
and final service to arrive on time with the product or service to the user; see [29] for
the case of pharmacies and FNS. Several studies [2,29–31] indicated that there are saving
opportunities in the supply chain related to success factors for its management, such as:
(i) purchasing products and raw materials agreed between technical and supply staff [2,9];
(ii) successful partnership with a group purchasing organization [30,32]; and (iii) existence
of supply data management technology, which are synchronized and integrated with the
purchase system [31].

Problems involving multiple alternatives and criteria through a structured framework
can be applied by using a stochastic MCDM model. This type of models are a growing re-
search field with different approaches being developed to explore the underlying epistemic
uncertainty in ranking alternatives and weighting criteria for measuring performance, such
as indicated in [33–36].

Note that the cost savings achieved through inventory policies in service industries
(such as pharmacies and FNS) and supply chain success factors could occur simultaneously
or in both directions [37]. Then, the factors previously mentioned in (i)–(iii), as determinants
of the performance of a stochastic inventory model (saving effect), can also be considered as
an inverse relationship. Thus, inefficiency in saving performance (cause) is a determinant
of the inability of grouped purchases, poor coordination between technical-supply staff,
and lack of investment in data management platforms (effect). Then, the relationship
between cost savings obtained by using a stochastic inventory model and its determinant
factors may be modeled under a statistical regression context as mentioned in the following
paragraph [38].

A temporal correlation between the errors can exist, as they may be influenced by the
mentioned success factors. Then, we must consider this correlation because ignoring it can
lead to biased and inefficient estimators of the corresponding regression coefficients [39,40].
One can hypothesize relationships between the success factors at different levels. At the
lowest level of the response variable, we have cost savings per product. At an intermediate
level, we have those products belonging to certain categories. Then, at a higher hierarchical
level, we have the organization analyzed (pharmacy or FNS). Therefore, we know that,
like in single-level regression models, endogeneity is a concern to be also considered in
multilevel models [41].

In multilevel models [42], there are several assumptions involving random compo-
nents at multiple levels. In this kind of models, any moderate correlation between a
covariate and a random component might cause significant bias in the estimated coeffi-
cients and variance components [41]. This estimation framework is known as SUR [39].
Furthermore, the multilevel models could include variables that simultaneously appear on
the left and right sides of equations. This simultaneity can be rectified by employing each
equation through a 2SLS estimation method. When this method is used with the SUR, the
system of equations is simultaneously estimated utilizing the 3SLS method [39].

Note that the SUR estimators are biased if the covariates are correlated with the errors.
This can be circumvented by 2SLS, W2SLS, or 3SLS estimation with instrumental variables.
These variables for each simultaneous equation can be either different or identical for
all equations. In some cases, such variables may be of dummy type and then we can
use the Wald estimator, also called the grouping estimator. This estimator weights the
proportion between the number of times that the instrumental variable takes the zero value
and the number of times it takes the one value in the sample [43]. The instrumental variable
technique has also been extended to the GLM framework [44]. To face this challenge
in a simpler way, a multilevel hierarchical structure was proposed in [42] by using a
GMSM method.
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The GMSM method addresses endogeneity in multilevel models without the need
for external instrumental variables, handling this difficulty in a simpler way. The GMSM
method employs both between and within variations of the exogenous variables, but only
assumes the within variation of the variables to be endogenous [45].

1.4. Contribution, Objectives, and Organization of the Article

Despite the advances made in determining success factors for managing supply
chains of pharmacies and FNS, these advances are still scarce. For example, in [46], a
multi-criteria framework was stated considering profit, environmental pollution, consumer
health level, and brand equity for a competitive pharmaceutical supply chain, whereas
the work presented in [47] utilized a data-driven method mixed with a knowledge-driven
MCDM method to reduce the dependence of judges. In another application of MCDM
presented in [48], a framework developed based on five different criteria using design,
manufacture, service, maintenance, scrap, and recycling for an environmentally friendly
reliability-based optimization method.

According to our literature review, to the best of our knowledge, there is a gap in
the related state of the art due to no previous studies defined a score that measures the
mentioned success factors. To fill this gap, the present study contributes to the MCDM
literature by addressing various issues that are associated with establishing relationships
between inventory cost savings and success factors in the supply chain, which we apply to
pharmacy and FNS industries. Our study includes how to robustly establish an indicator of
success factors in supply chain management of these industries, and how to deal with the
relationships of inventory cost savings n multilevel products, categories, and organizations.
In addition, we consider the possible endogeneity of this relationship with the help of a
computer application that registers the factors of interest in the supply system. Determining
success factors for managing supply chains is a relevant aspect for the companies. Then,
modeling the relationship between inventory cost savings and supply chain success factors
is a route for stating such a determination. This is particularly important in pharmacies
and FNS, where the advances made on this topic are still scarce.

A novel RoCo MCDM model is proposed to obtain a score of the supply chain success
factors, such as a group purchasing organization, economies of scale, and the existence
of supply data management technology, which are synchronized and integrated with the
purchase system. The structure of the proposed model considers non-linear SP, solved by a
differential evolution algorithm—specifically with a genetic algorithm [49], and a multilevel
setting between savings obtained for pharmacies/FNS products and success factor scores
according to the products studied. To deal with the endogeneity bias of the relationships
proposed, internal instrumental variables are used by a GMSM method. We believe that
the results to be obtained will directly benefit the function of supply chain managers. We
conjecture it since a method to obtain a robust indicator will be able to measure success
factors for the supply chains they manage. Moreover, our results will allow the managers
to understand how these factors influence the organization and product categories on the
inventory cost savings. Therefore, the novelty of our proposal is in defining a score that
permits us to measure the mentioned success factors in a simple way, in meeting together
all three elements (RoCo multi-criteria, non-linear programming, and time-dependent
demand) to state a new model, and in applying it to pharmacies and FNS. In summary, the
objective of the present investigation is to formulate a novel stochastic inventory model
that minimizes the inventories TC in pharmacies and FNS industries. We compare these
TC with true TC to establish savings and relate them to supply chain success factors in
such industries.

The rest of the paper is organized as follows. Section 2 describes the empirical and
methodological design to study the mentioned relationships. In Section 3, the results of
applying this methodology are reported in a case study. Finally, in Section 4, we carry out a
discussion of our findings summarized in conclusions along with their scope, learning of
managerial utility, limitations, and ideas for future research.
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2. Methodology

In this section, we describe the methodology proposed.

2.1. Description of the Methodology

To construct a RoCo MCDM model linking the cost saving and success factors of
supply, an SP algorithm is performed. This algorithm is structured by collecting the demand
movements, forecasting future demand, and optimizing the expected TC, obtaining the
MCDM model, as described in Section 2.2. Then, we made a RoCo multi-criteria decision
by using different MCDM models, as detailed in Section 2.3. However, there are no criteria
that relate the cost savings to success factors of supply. Thus, in Section 2.4, we propose
a multilevel regression model to link cost savings of inventory (in %) and RoCo MCDM
score (expressed as a proportion between zero and one) in supply chain with the GMSM
method. The proposed methodology is represented in Figure 1 to state the problem setting.

Collect stock movement of demand

and cost parameters

Forecast the future demand for a 

given period

Obtain the minimum expected TC 

by stochastic programming

Evaluate the success factors of

supply chain management

Perform K MCDM models for

ranking and L MCDM models for

criteria weighting

Define a model to relate the savings in TC with RoCo

MCDM success factors in supply chain management

considering endogenous and exogenous covariates

Use the generalized moment

method to estimate the model

1 2 3 4 5 6 7

Figure 1. Proposed methodology.

2.2. Stochastic Programming Algorithm

The two-stage probabilistic inventory model seeks to minimize the expected TC
denoted by E(TC). This expected value is a function that depends on a set of components
associated with decision variables and coefficients used in the resource function of SP. For
some time t, in a planning horizon of T periods, with t ∈ {1, . . . , T}, such components are
the coefficients:

(a) Ct: Purchase budget in period t;
(b) ut: Unit purchase cost in period t;
(c) ot: Fixed order cost in period t;
(d) ht: Holding cost at the end of period t;
(e) st: Shortage cost at the end of period t,

while the decision variables are:

(f) Zt: Binary variable indicating whether a purchase is carried out in period t;
(g) Qt: Quantity of units to be purchased in period t;
(h) It: Stock level at the end of period t;
(i) St: Shortage level at the end of period t,

and the data of I0 corresponding to initial stock level. Following [26], in the first stage, we
decide when and how much to purchase. Then, Zt and Qt are optimized for the first stage.
In Table 2, we see the coefficients and variables that are used in the proposed model.
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Table 2. Definition of coefficients/variables of the optimization model.

Coefficient/Variable Definition

E(TC) Expected total costs of inventory.
Ω Total set of demand scenarios.
ω A particular demand scenario, with ω ∈ Ω.
pω

t Probability of occurrence of demand scenario ω in period t.
T Total number of planning periods.
t A particular period, with t ∈ {1, . . . , T}.

Ct Purchase budget in period t.
ut Unitary cost of purchase in period t.
ot Fixed order cost in period t.
ht Holding cost at the end of period t.
st Shortage cost at the end of period t.
Zt Binary variable indicating whether a purchase is carried out in period t.
Qt Quantity of units to be purchased in period t.
Iω
t Stock level at the end of period t on demand scenario ω.

Sω
t Shortage level at the end of period t on demand scenario ω.

I0 Initial stock level.
yω

t Forecasted DPUT in period t on demand scenario ω.

Next, after observing the demand, we obtain inventory and shortage levels. Thus, It
and St are optimized for the second stage. For the calculation of the coefficients ht and ot
utilized in the resource function, we employ the methodology shown in [15], while Ct and
ut are data obtained from the computational registry and st is estimated as a penalty in the
absence of a product by the manager in charge of the decision-making unit.

As mentioned, we want to minimize E(TC) considering different demand scenarios
ω ∈ Ω, with pω

t ∈ [0, 1] denoting the probability of occurrence of scenario ω in a forecast
period t + 1. Hence, the mathematical programming model is given by

min

{
E(TC) = ∑

ω∈Ω

T

∑
t=t+1

pω
t (otZt + utQt + ht Iω

t + stSω
t )

}
, (1)

subject to:

Qt + (Iω
t−1 − Sω

t−1)− (Iω
t − Sω

t ) = yω
t , ∀t ∈ {1, . . . , T}, ω ∈ Ω, (2)

Qt ≤ CtZt, ∀t ∈ {1, . . . , T}, (3)

Qt, Iω
t , Sω

t , yω
t ≥ 0, Zt ∈ {0, 1}. (4)

Algorithm 1 shows the steps of the SP approach. Note that the objective function
defined in (1) attains a solution that minimizes E(TC) over all scenarios. This minimization
can be carried out through the addition of sharing cuts for feasibility and optimality at
the resource function [50]. Constraint stated in (2) refers to stock equilibrium, whereas
the expression presented in (3) assures us that no amount should be requested when the
decision in period t is not to buy. Constraint established in (4) refers to non-negativity and
binary aspects.

Algorithm 1 Steps of the stochastic programming algorithm.

1: Collect Ct and ut from the stock movement capture and interoperability module.
2: Collect st from the manager in charge of the decision-making unit.
3: Forecast yω

t using the procedure presented in [17].
4: Compute ht and ot employing the approach stated in [15].

4.1: Optimize Zt and Qt, that is, compute when and how much to purchase.
4.2: Optimize Iω

t and Sω
t .

5: Report the results utilizing the knowledge generation module for management.
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To obtain the observed values from a forecasted DPUT yω
t of Yt and their probabilities

pω
t , we use GARMA models, while for obtaining E(TC), that is, the inventory TC over T

periods of the decision stages, the methodology employed is adapted from [17]; see in this
reference Algorithms 1 and 2 for details.

To quantify performance measures in TC, generated from the purchase plan of the
inventory model obtained from SP based on the generation of scenarios, it is possible to
compare the results with the true TC. The savings of inventory cost (in %) are computed as:
∆ = ((AC− SPC)/SPC)× 100%, where AC and SPC are the TC obtained under actual/true
case and SP, respectively.

From Section 1, we adapt the items shown in Table 3 to evaluate the SFSCM model for
pharmacies and FNS, which were consulted with decision-makers from these organizations.
Such items were answered on a Likert scale considering products and categories plausible
of an inventory mix of the organization, such as dairy, fruit, grocery, meat, or vegetable
for FNS; and drug for pharmacies, with the following rating scale: 1 = Totally disagree,
2 = Disagree, 3 = Neither agree nor disagree, 4 = Agree, and 5 = Totally agree.

Table 3. Items and their descriptions adapted from scientific literature to evaluate the SFSCM model
in pharmacies and FNS.

Item Description

1 The actors in the supply chain must operate depending on each other,
with a coordinated chain management for the acquisition.

2 The existence of technical data that support the use of a particular raw
material is helpful for decision-making of the service provider.

3 The purchase decision and universal adoption of profitable raw materials
for use in FNS/pharmacy must be made by consensus of the supply team.

4 For the acquisition of products, the supply chain participants must be
consolidated horizontally so that the pharmacies/FNS are merged with
each other or the systems are unified.

5 The development of contractual or strategic alliance relationships with
FNS/pharmacy of the same type allows a provision of products with
greater hierarchical control.

6 The collaborative partnership between organizations includes coordinated
production planning, reducing inventory levels and delays in the
availability of the products.

7 The investment in updated information technology for the supply and
sourcing of products permits the effective supply chain management.

8 The application of new technologies for the acquisition of producers
accelerates transactions, providing product visibility and information
throughout the entire chain.

9 Integration and synchronization of supply data with purchasing systems
reduce processing errors.

We use distinct pieces of information or items to evaluate the SFSCM performance,
the minimum covariance in establishing MCDM weights, and the relative importance
order of each item criterion for a successful factor performance. Thus, we assure that
any unconsidered epistemic uncertainty would not impact the performance of estimates
computed under the key concept of a compromise solution among such distinct methods
and their underlying assumptions. With respect to alternative ranking, we utilize: (i) the
COPRAS method for stating utility functions [51]; (ii) the TOPSIS method for considering
ideal solutions from a matrix X formed of m alternatives (5 levels of Likert scale) and n = 1
criterion, with the highest score being “+” [52]; and (iii) the VIKOR method for considering
trade-off between consensus and regret functions [53]. As criteria weighting, we employ:
(iv) the SWARA method for considering the relative efficiency of each criterion [54]; and (v)
the AHP method for running a pairwise comparison between criteria [55].
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2.3. RoCo MCDM Supply Chain Management Score

Let F ≡ { fk}k∈{1,...,K} be a set formed by K MCDM models used for ranking, such as
TOPSIS, VIKOR, and COPRAS. For all k ∈ {1, . . . , K}, each function fk ∈ F associated with
such MCDM models returns, as an output, a vector of performance scores pk containing
values for each of the m alternatives. Each function uses as inputs a weight vector w
with values for the n criteria, an m× n matrix R of normalized criterion values for each
alternative, and a vector s with the sign description for each of the n criteria. Hence, we
obtain fk(w, R, s) = pk. Further, let G ≡ {gl}l∈{1,...,L} be a set formed by L distinct MCDM
models employed for criteria weighting, such as AHP and SWARA. For all l ∈ {1, . . . , L},
each function gl ∈ G associated with such MCDM models returns, as an output, a vector of
weights wl containing values for each of the n criteria; and as an input, an m× n matrix X
of original criterion values for each alternative, which can be eventually normalized into
an R matrix depending on the method. Therefore, we have gl(X) = wl or gl(R) = wl .

Let W be a vector of length K denoting the weights for each function fk ∈ F . Heuristic
genetic algorithms [49] can be used to solve the RoCo non-linear program in terms of the
optimal values of W = (W1, . . . , WK) and w = (w1, . . . , wn), such as:

min
{

W>Cov( f1(w, R, s), . . . , fK(w, R, s))
}

, (5)
subject to:

w.min ≤ w ≤ w.max,
K

∑
k=1

Wk = 1,
n

∑
i=1

wi = 1, (6)

where the objective function stated in (5) represents the weighted covariance matrix of the
performance computed using each MCDM model inF . Additionally, w.min and w.max are
vectors of length n computed, respectively, by min{g1(X) or g1(R), . . . , gL(X) or gL(R)}
and max{g1(X) or g1(R), . . . , gL(X) or gL(R)}, that is, they represent the minimal and
maximal weights obtained using the MCDM models in G for each criterion. Constraints
expressed in (6) indicate that all MCDM model and criterion weights sum up to one.

2.4. A Model of Relationships

We propose a regression to relate savings of inventory TC (in %) and RoCo MCDM
SFSCM score in supply chain for FNS and pharmacies formulated as

∆1,2,3 = β0 + β1SF1 + β2SF2 + β3SF3 + u1,2,3,

where ∆1,2,3 is the response (saving of TC in %) for a product (level 1) that belongs to a category
(level 2) and an organization (level 3). Note that β0 is the intercept of the multilevel relation-
ships, SFj is associated with the jth column of the matrix of exogenous and endogenous co-
variates to success factors in supply, defined as SF1 ≡ product{RoCo MCDM SFSCM score};
SF2 ≡ category{1 := dairy; 2 := vegetable; 3 := meat; 4 := grocery; 5 := fruit; 6 := drug};
and SF3 ≡ organization{0 := FNS; 1 := pharmacy}. Additionally, note that β1, β2 and β3
are slopes in each multilevel of analysis, whereas u1,2,3 is the model random error.

Estimation of multilevel models (with a maximum of three levels) was presented
in [42] employing the GMSM approach. This approach controls endogeneity at higher
levels in the data hierarchy. For a three-level model, endogeneity can be handled either if
present at Level 2, at Level 3, or both levels. Level 1 endogeneity, where the covariates are
correlated with the structural errors (errors at Level 1), is not addressed.

Note that random slopes cannot be endogenous. In addition, the response must follow
a continuous distribution. The approach returns the coefficient estimates obtained with
fixed-effects, random-effects, and the GMSM estimator, such that a comparison across
models may be carried out. Asymptotically, the multilevel GMSM estimators share the
same properties as the corresponding fixed-effects estimators, but they allow the estimation
of all variables in the model, unlike the fixed-effects counterpart. To facilitate the choice of
the estimator to be used for the obtained data, the approach also conducts with omitted
variables based on the Hausman test for panel data [56].
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3. Application of the Case Study

In this section, we apply our methodology to a case study.

3.1. Example of the Case Study

In our case study, we consider 79 organizations corresponding to 51 FNS and 28 phar-
macies. We state the cost parameters necessary to apply an SP approach in two stages and
to form a dataset related to saving of inventory TC (in %) from these organizations. The
formed dataset considers 28 observations for the product category “drug” in pharmacies,
whereas for FNS we have 12 observations for grocery, 10 for meat, 10 for fruit, 10 for
vegetable, and 9 for dairy products. To show the hypothesized multilevel relationships, we
collect a data sample for the convenience of the daily demand patterns of products over
two months.

3.2. Data Collection

To collect the data mentioned in Section 3.1, we design a computer application divided
into three components as follows:

• Stock movement capture and interoperability module: This is responsible for the ex-
change of data between the proposed and inventory systems. To develop this module,
an MSD was stated to carry out interoperability and implementation considering an
API. Such an interface employs HTTPS, but the data are represented with JSON. This
module is also responsible for backup of the data. The module records each stock
movement to obtain predictions that feed the optimization model. This model delivers
the final results and serves as an input for the inventory management module.

• Intelligent inventory management module: This is in charge of the data analytics,
scenario generation, and application of prediction and optimization models. It was
necessary to use data analysis tools, such as Python and/or R, for developing this
module that implements the selection of demand prediction models and optimizes
some computational complements. The execution time of the optimization models is
usually high, so that plug-ins, such as CPLEX, Gurobi, and PuLP, were required to
reduce such times, allowing an efficient product to be given to the end user.

• Knowledge generation module for management: Employing the data collected and
the results obtained when the models are applied, the information generated is pre-
sented to decision-makers through dashboards and consolidated reports.

Figure 2 shows a scheme of the computer application to register system demands and
costs of products and to forecast stochastic lot sizes in pharmacies and FNS.

3.3. Exploratory Data Analysis

Tables 4 and 5 report the descriptive statistics for saving of inventory cost (in %) by
organizations and categories, respectively. The savings for each product were obtained by
applying the proposed methodology summarized in Figure 1 of Section 2.

Table 4. Descriptive statistics for saving of inventory cost (in %) by organization.

Organization Mean SD IQR Minimum P25 P50 P75 Maximum

FNS 72.49 27.40 35.91 0.00 59.51 81.00 95.42 100.00

Pharmacy 22.75 1.51 1.75 21.00 21.75 22.50 23.50 25.00
where SD denotes the standard deviation, IQR the interquartile range, and Pq×100 the q× 100th percentile.
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Figure 2. Scheme of a computer application to register system demands and costs of products and to
forecast stochastic lot sizes in pharmacies and FNS.

Table 5. Descriptive statistics for saving of inventory cost (in %) by category.

Category Mean SD IQR Minimum P25 P50 P75 Maximum

Dairy 76.69 28.55 39.85 14.88 56.00 89.43 95.85 98.00
Drug 22.75 1.51 1.75 21.00 21.75 22.50 23.50 25.00
Fruit 81.74 10.99 8.87 66.00 77.50 79.02 86.37 100.00
Grocery 57.48 35.27 61.19 0.00 34.81 58.50 96.00 99.00
Meat 86.66 16.66 15.97 45.17 83.53 88.50 99.50 100.00
Vegetable 63.31 28.25 20.25 0.00 62.25 72.91 82.50 85.43

Boxplots shown in Figure 3 summarize descriptive measures, in addition to intuiting
the shape and symmetry of the statistical distribution of the variable saving of inventory
cost (in %) by organizations and categories, with cases {#19, #47, #48} and {#19, #29, #54}
being identified as outliers, respectively.
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Figure 3. Boxplot for saving of inventory cost (in %) by organization (first panel) and category
(second panel).

The scatterplots shown in Figures 4 and 5 compare the values taken by the MCDM
RoCo SFSCM score (expressed as a proportion between zero and one) expressed along the
x-axis, and the savings of inventory cost (in %) sketched along the y-axis, considering a
dataset segmented by organization and products, respectively. The resulting graph enables
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us to visually identify the possible correlation between the two variables considering the
organization data subset and the product data subset, respectively.
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Figure 4. Scatterplot (first panel) and density plots (second and third panels) for saving of inventory
cost (in %) versus MCDM RoCo SFSCM score (expressed as a proportion between zero and one)
by organization.
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Figure 5. Scatterplot (first panel) and density plots (second and third panels) for saving of inventory
cost (in %) versus MCDM RoCo SFSCM score (expressed as a proportion between zero and one)
by category.

The boxplots shown in Figure 6 explore the criteria weights for items (first panel) and
the MCDM weights (second panel) that form the MCDM RoCo SFSCM score in the study.
From this figure, note that items 7 to 9 of Table 3 have higher weights compared to the other
items. Furthermore, COPRAS tends to obtain higher weights than TOPSIS and VIKOR,
while VIKOR presents a high variability. We identify cases {#10} and {#7, #8} as outliers for
criteria and MCDM weights, respectively.
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Figure 6. Boxplots of criteria weight for items (first panel) and MCDM weight (second panel) that
form the MCDM RoCo SFSCM score (expressed as a proportion between zero and one) in the study.

3.4. Confirmatory Data Analysis

Table 6 reports the results of the correlation test between cost saving (in %) and the
MCDM RoCo SFSCM score (between zero and one) of the full dataset and segmented
by organization and category. Note that the correlations with statistical significance
(p-value < 0.05) are given with a negative coefficient for the entire dataset, but it is positive
for FNS in the organizations, and meat and grocery in the categories.

Table 6. Pearson product-moment correlation of saving of inventory cost (in %) versus MCDM RoCo
SFSCM score (expressed as a proportion between zero and one).

Dataset Estimate t-Value DF p-Value

Full −0.49 −5.05 77 <0.001
Pharmacy −0.01 −0.06 26 0.94
FNS 0.32 2.40 49 0.02
Drug −0.01 −0.06 26 0.94
Fruit −0.44 −1.38 8 0.20
Vegetable −0.31 −0.93 8 0.38
Meat 0.67 2.51 8 0.04
Dairy −0.49 −1.49 7 0.18
Grocery 0.61 2.42 10 0.04

where t-value corresponds to the t-test and DF are the degrees of freedom of the Student-t distribution.

After testing several models of relationships, we show the final random-effects model
considering multilevel and endogeneity. Here, the saving of inventory cost (in %) is mod-
eled in response to Score.MCDM_Scores.RoCo considered as an endogenous variable under
the notation: | endo(Score.MCDM_Scores.RoCo). Additionally, the exogenous dummy vari-
ables correspond to belonging to organization and product, whereas the intercepts at Level
2 category and Level 3 organization are denoted as (1 | category) and (1| organization),
respectively. These results are displayed in Table 7.

The following tests corroborate the robustness of our findings. The omitted variable
test between Level 2 fixed-effects and Level 2 GMSM shows that the null hypothesis of
Level 2 with no omitted effects is accepted (with a p-value being very high); see Table 8. In
case of wrongly assuming that an endogenous variable is exogenous, the random effects,
as well as the GMSM estimators, are biased since the former is constructed using the
wrong set of internal instrumental variables. Consequently, comparing the results of the
omitted variable tests, they indicate whether the variable is indeed endogenous or not. To
conclude the test, the results at Level 2/3 GMSM versus random effects in these levels
(with a p-value being very high) provide support that the random effects should be used,
and that effectively the main component of success factors are the endogenous variables.
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Table 7. Random-effects model considering multilevel and endogeneity: Saving ∼
Score.MCDM_Scores.RoCo + factor.category + factor.organization + (1 | organization) +
(1 | category) | endo(Score.MCDM_Scores.RoCo).

Covariate Estimate Standard Error z-Value p-Value

intercept 3.57 44.48 0.08 0.94
Score.MCDM_Scores.RoCo 143.97 62.52 2.30 0.02
factor.organization.[T.pharmacy] −80.00 43.76 −1.83 0.07
factor.category.[T.drug] −70.24 44.21 −1.59 0.11
factor.category.[T.fruit] 7.26 31.80 0.23 0.82
factor.category.[T.grocery] −15.81 31.70 −0.50 0.62
factor.category.[T.meat] 11.51 31.80 0.36 0.72
factor.category.[T.vegetable] −7.28 31.90 −0.23 0.82

where z-value corresponds to the test based on the standard normal distribution.

Table 8. Omitted variable test for a random-effects model considering multilevel and endo-
geneity: Saving ∼ Score.MCDM_Scores.RoCo+ factor.category+ factor.organization+ (1 |
organization) + (1 | product) | endo(Score.MCDM_Scores.RoCo).

Variable DF Chi-Square Value p-Value

GMSM_L2_vs_REF 7.00 0.00 1.00
GMSM_L3_vs_REF 7.00 0.00 1.00
FE_L2_vs_REF 3.00 2.00 0.57
FE_L3_vs_REF 2.00 2.00 0.37

where chi-square value corresponds to the test and DF are the degrees of freedom of this distribution.

4. Results, Implications, Conclusions, Limitations, and Future Work
4.1. Scope of Results and Findings

Although the general correlation between the variables under study was negative, the
finding of a positive regression coefficient in the multilevel model with endogeneity can
be explained. Additionally, given the results shown in Figure 6, we checked that items 7,
8, and 9, defined in Table 3 related to using technologies for data management, are most
weighted in calculating the MCDM RoCo SFSCM score for the organizations. In accordance
with our finding that this variable is endogenous, and with the results provided in [2], we
showed that investment in information technology, acceleration of transactions, provision of
product information by the entire supply chain, along with integration of supply data with
purchasing systems, reduces the processing errors and inventory management becomes
more efficient, leading to greater savings of inventory total costs. In addition, given the
results shown in Figure 6, we see that the decision model that has the greatest weight to
construct the MCDM RoCo SFSCM score in these organizations is COPRAS. According
to [51], this is a simple and straightforward method that determines rank from different
angles, considering the nature of criteria during rank calculation, which determines the
direction of the relationship found.

In this work, we also corroborated that the possibility of finding saving differences
in total costs of inventory varies according to the performance achieved by each type of
organization [5]. In our case, the level of strategic development, especially in the area of
technological management of data and helpful information for supply, is much higher in the
pharmaceutical sector. This would explain why the savings of inventory total costs decrease
when this type of organization is considered (statistical significance of 7%), validating the
use of random effects for calculating intercepts by organization. Much influenced by the
above, it is that when the product category is a drug, the savings of inventory total costs
also decrease (statistical significance of 11%). However, it seems that the random effect
of considering multiple product categories to establish intercepts is not plausible to be
demonstrated with our data.
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4.2. Managerial Implications

Below, we present specific action plans based on the case study results of this research,
which may be beneficial to pharmacy and food service logistics decision-makers:

• In general, the savings obtained in total cost of inventories are greater in organiza-
tions where there are low levels of development for their supply chain management.
However, in product categories, such as meat and grocery, which achieve better de-
velopment in their supply chain management, this association seems to be better
performed. This is corroborated in [57,58]. Then, it is expected that, as a supply chain
of some category of a specific product reaches a critical point of operational “maturity”,
it will be a determinant of the total cost savings from its inventory management.

• Our MCDM RoCo SFSCM score summarizes information helpful and determines a
measure of success in supply chain management for a specific inventory item.

• To establish relationships between variables, it is important to consider suitable models.
In our case, multilevels and endogeneity/simultaneity of relationships were used.
The Rendo package of R contains the statistical tools (summary function) to determine
the correct specification of the model to be tested, by comparing robust and efficient
estimators at different levels under the hypothesis of no omission of variables.

4.3. Conclusions

The main conclusions of the case study are the following:

• The analysis of our main result shown in Table 7 indicates that the MCDM RoCo
SFSCM score for pharmacy and FNS are positively related to the savings obtained
from stochastic inventory models.

• Using the GMSM method, we confirm that the MCDM RoCo SFSCM scores are
endogenous variables with respect to savings of inventory total costs.

Through our findings, we intend to contribute to developing knowledge for decision-
makers, as well as to clarify ways of working in the academic field of operations and
management research with a mathematical basement.

4.4. Study Limitations

We report some limitations of our study as follows:

• Note that considering a larger sample will permit us to report more reliable conclusions
statistically, about the relationship between performance of supply chain management
illustrated through the savings of inventory total costs.

• It is possible that the results in the relationships found are strongly dependent on the
type of industry in which the studies are carried out.

• Another limitation that we can state is recognizing that the computer application
developed in this research is not formally validated and verified, since it is in the pilot
stage to later become a software prototype.

4.5. Future Studies

Research arising from the present study is proposed as follows:

• Incorporation in the modeling of temporal and spatial structures, as well as partial
least squares and mixture models, are suitable to be studied and can improve the
predictive capability of the statistical part of the model [59–63].

• Other applications in the context of multivariate methods are in cluster analysis
and principal component analysis, particularly when using principal components to
remove the collinearity among covariates [64].

The methodology used in this applied investigation provides options to explore other
theoretical and numerical aspects related, which are in progress and we hope to report
them in future articles.
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