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Abstract: Increasing the sustainability of a system can be achieved by evaluating the system,
identifying the issues and their root cause and solving them. Performance evaluation translates into
key performance indicators (KPIs) with a high impact on increasing overall efficacy and efficiency.
As the pool of KPIs has increased over time in the context of evaluating the supply chain management
(SCM) system’s performance and assessing, communicating and managing its risks, a mathematical
model based on neural networks has been developed. The SCM system has been structured into
subsystems with the most relevant KPIs for set subsystems and their most important contributions on
the increase in the overall SCM system performance and sustainability. As a result of the performed
research based on the interview method, the five most relevant KPIs of each SCM subsystem and the
most relevant problems are underlined. The main goal of this paper is to develop a performance
evaluation model that links specific problems with the most relevant KPIs for every subsystem of
the supply chain management. This paper demonstrates that by using data mining, the relationship
between certain problems that appear in the supply chain management of every company and
specific KPIs can be identified. The paper concludes with a graphical user interface (GUI) based
on neural networks using the multilayer perceptron artificial intelligence algorithm where the most
trustworthy KPIs for each selected problem can be predicted. This aspect provides a highly innovative
contribution in solving supply chain management problems provided by organizations by allowing
them to holistically track, communicate, analyze and improve the SCM system and ensure overall
system sustainability.

Keywords: performance evaluation; artificial intelligence; neural network; data mining;
key performance indicator; risk management

1. Introduction

The subject of supply chain management has been subdued to many transformations, being in
constant adjustment to changes due to globalization in the world economy and an increasing level of
competition. It is no longer a secret that a sustainable and performing supply chain management system
has a compelling impact in achieving a competitive edge on the market and organizations recognize
this aspect. Thus, supply chains within organizations have become more fluid and corporations are
looking to constantly fine-tune their adjustments in supply and demand for the products they deal
with [1–3].

For companies to obtain a competitive advantage on the market and to ensure their sustainability
both financial and growth-wise, there is a need to compensate different concepts from various domains,
such as quality management, knowledge management, performance management, project management
and data visualization [4–6].

Processes 2020, 8, 1384; doi:10.3390/pr8111384 www.mdpi.com/journal/processes



Processes 2020, 8, 1384 2 of 20

Supply chain management is defined as the management of the organizations’ network involved in
providing products and services required by end users. It covers everything concerning raw materials
and ingredients until the consumption [7].

In supply chains, identifying, evaluating and monitoring risks represent key aspects that can
reduce the vulnerability and increase the resilience of the supply chain, ensuring efficiency and
sustainability. Risks refer to any threat of supply chains operations’ interruption and can be classified
as operational, demand, supply or disruption risks [8–10].

Sustainability represents the key element in order to satisfy human necessities and to carry out
human aims. It should fulfill the needs of the present generation without affecting the capability of
upcoming generations [11]. Sustainability has become a priority in the automotive industry, with a
high focus on zero-emissions vehicles (electric) and carbon-neutral manufacturing. Organizations have
developed a sustainability strategy to meet global requirements [12]. The supply chain management
system is also undergoing constant change. By implementing the proposed solution, organizations can
better identify which key performance indicators (KPIs) should be monitored based on their identified
issues. This allows organizations to better achieve their objectives and, in return, contribute to the
sustainability strategy of the organization.

The supply chain management system represents the entire flow of goods from the supplier to the
producer and to the end consumer, from raw material to finished product, taking into consideration
all transformations [13,14]. It includes all inter-company information, product and financial flows,
taking into consideration potential operational and financial risks in each supply chain, synchronizing
financial flows with information and product flows within supply chains [15–18]. The supply chain
management (SCM) system can be defined as an integrated, strategic coordination of the organization’s
functions, processes and transactions within the supply chain, with an overall goal of improving
long-term performance and gaining a competitive edge on the market [19–22].

This flow begins with the flow between several suppliers, the company being influenced also by
the suppliers’ supplier, taking into consideration potential delays or quality issues [23–25].

In the transformation process, SCM subsystems have been identified, such as demand management,
supplier management, contract management, product development, procurement/purchasing,
warehouse/inventory management, production management and distribution management [26].

The undertaken research highlights the fact that the supply chain management definition should
be completed by intercalating some of the above presented definitions so that supply chain management
can be defined also as the management of all organizations’ functions, processes and transactions,
from the flow and transformation of goods from the raw materials stage to the end user; that includes
all suppliers, warehouses and customers, distribution centers and production capacities, together with
raw material, stock of semi-finished and finished products, all key performance indicators and other
performance evaluation methods that assure the increase of supply chain management performance
and the gain of competitive edge on the market, all resources and information involved in customer
satisfaction to provide products and services based on customer requirements with regard to value,
cost and time.

In order to evaluate the supply chain management performance, key performance indicators can
be used to monitor every SCM subsystem, identify potential risks, perform economic risk assessment
and risk communication through visualizations and perform risk management by eliminating those
risks, with a high impact on increasing the overall efficacy and efficiency.

Taking into consideration the specialty literature in the field concerned, it has been found that it
treats, in general, subjects such as supplier performance, suppliers’ selection and evaluation, suppliers’
development, performance management or supply chain management in general and does not focus
on the evaluation of performance within the supply chain management system. Certain issues, such as
the lack of performance indicators in the field of supply chain, are caused by an unclearly defined
performance evaluation, a lack of standardization of KPIs and a lack of competent personnel.
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This leads to identifying the most important gap in the specialty literature concerned, namely
a poor evaluation of the supply chain management performance that can cause main problems in
the supply chain management and can lead to customer complaints and inefficient warehouses and
production management that can lead to performance and productivity decreases and competitive loss
in front of other companies.

Following the vast bibliographical research, the necessity, actuality, utility and importance of
approaching this research field is highlighted through the existence of certain gaps concerning the
specialty literature in the concerned field, such as poor development of correlation studies between
KPIs and performance evaluation methods and supply chain management; the need to develop a
supply chain management performance method that highlights the most relevant KPIs of each SCM
subsystem and links them to certain problems; the need to link the most relevant SCM KPIs to specific
problems with the purpose of preventing certain problems and to increase the overall supply chain
management performance within organizations; the need to develop the specialty literature concerning
complex performance evaluation methods within supply chain management; the need to increase
awareness in regards to performance evaluation methods based on SCM KPIs in companies.

After an intensive analysis based on bibliographic research but also on own experience, 25 key
performance indicators for each of these nine subsystems have been identified. KPIs should not be
set without an organizational specific objective that impacts the organization’s main objective and
long-term strategy. The implementation of certain KPIs characteristic for each SCM subsystem has a
vast impact on the overall supply chain management performance, helping to prevent specific problems
that can appear and provide better economic risk assessment, identify potential risks, mitigate those
risks, improve risk communication, help to increase planning accuracy and ensure the sustainability of
the system as a whole. Preventive risk communication has a direct economic impact on the organization
as it allows for anticipatory measures which reduce future costs and the impact of not dealing with a
potential risk [27–31].

Following the need to select the most relevant KPIs for every specified subsystem of the supply
chain management, based on previous research constructed on the interview guide method, the most
relevant KPIs that influence each SCM subsystem with a positive impact also in the overall supply chain
management performance have been pointed out. Every respondent selected the top five significant
KPIs for every supply chain management subsystem and the top reported problems in every SCM
subsystem. The relationship between specific identified problems and selected KPIs is pointed out and
validated through the research [32,33].

The real-life applicability proposed in this research is of high impact for organizations in the
automotive industry but not limited to it, as it allows users to have direct access to a mathematically
proven method based on an artificial intelligence algorithm. The proposed model takes real-life and
business-like generated issues and links them to trackable key performance indicators, allowing any
business to generate empowering decisions to increase the sustainability of the holistic SCM system.

Based on the input selection of the identified issues from each subsystems’ manager,
the organization can identify discrepancies in the implemented global strategy and how it impacts its
implementation on a departmental level. Extrapolating from the identified and reported issues from
various subsystems, the organization can clearly determine whether or not the global strategy has
been correctly waterfalled into feasible departmental objectives and, most importantly, if set subsystem
objectives are in conflict between subsystems.

Given the above-mentioned aspects, the paper is structured in four parts. In the Materials and
Methods section, the research methodology and techniques are presented. The data mining technique,
the multilayer perceptron algorithm and the Python script are described. The second part of the work
presents the results of the research by highlighting the top five recommended KPIs and main existing
problems within every supply chain management subsystem, presenting the Python script through
which input values are coded and selected for processing. The research results are presented by means
of the elaborated mathematical model of the neural network using the multilayer perceptron algorithm
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(MLP). The third part of the paper includes the Discussion, where the novelty of the paper in relation
with the specialty literature is presented. The last section is the Conclusion section, where a general
synthesis is presented and the overall own contributions and future research directions are highlighted.

2. Materials and Methods

The research is designed into separate steps following a logical structure split into main steps.
These start by researching the existing specialty literature on the subject based on qualitative research
from primary and secondary sources. Analyzing the literature, some gaps were identified and a model
of dividing the supply chain management system into subsystems is proposed to fill in these gaps.

To support and validate the proposed model, an initial top-25 most relevant KPIs have been
selected based on literature review. The method of the interview guide has been used, through
which 12 international automotive companies have been analyzed, with the purpose of identifying the
most-reported issues the organizations face and to determine the 5 most relevant KPIs for each SCM
subsystem. Based on the gathered data, the link between the reported issues and the relevant KPIs
to monitor these issue were identified. A graphical user interface (GUI) was created, which converts
the input data into digestible 1 s and 0 s required by the multilayer perceptron (MLP) algorithm.
With the use of data mining and the MLP algorithm, a list with the most suitable KPIs to be used by an
organization is generated, with a trust level learned by the MLP algorithm from the provided data.
Considering all these steps, it was made possible to develop a performance evaluation model for the
holistic supply chain management system encompassing the nine subsystems, which provides a clear
link between the input issues provided by the user via the GUI and the output KPIs provided by the
MLP algorithm via data mining and artificial learning. The materials and methods used to analyze
and interpret the gathered data are data mining and the multilayer perceptron algorithm. The input
values have been written using Python. The logical scheme of the research methodology has been
represented in Figure 1.Processes 2020, 8, x FOR PEER REVIEW 5 of 22 
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2.1. Research Methodology

The entire supply chain management process includes various functions, such as purchasing,
R&D, quality, logistics, production, performance management, marketing, human resources, finance,
IT, project management and ESH (Environment, Safety and Health). In order to ensure a good
functioning of the production, the relationship with suppliers, the transportation conditions, payment
conditions, quality of goods, packaging, delivery terms and delivery time are some of the key aspects.
Human resources, technological resources (IT), physical resources and financial resources represent
key roles. In order to ensure a good function of the system, a performing project management is also
required. Taking into consideration the market placement and the publicity, marketing carries also an
important role in the entire supply chain management system. Energy, safety and health issues also
have significant importance on order to assure the sustainability of the organization [34,35].

The main goal of this paper is to develop a performance evaluation model that links certain
problems that appear in each supply chain management subsystem with the most relevant KPIs for
every specified subsystem of the supply chain management.

By developing a performance evaluation method and disseminating this in various studies and
articles, the specialty literature of the field concerned can be improved with high contributions in
filling in the observed gaps.

The performance evaluation model developed would predict which KPI should be used following
the identified problems within the organization. Moreover, for a better economic risk assessment,
KPIs can be linked to outside imposed issues, such as market prices, minimum wage, taxes, duty
rates or material costs. Underlying the significance of supply chain management, key performance
indicators on specific supply chain management subsystems point out an important impact on the
overall efficiency and efficacy. The relationship between specific problems that appear in the supply
chain management of every company and certain KPIs has to be validated through a mathematical
model by means of a multilayer perceptron artificial intelligence algorithm. Identified specific issues,
which international organizations from the automotive industry face in each SCM subsystem, can be
linked to specific KPIs predicted by an artificial intelligence algorithm.

Monitoring how planning and execution are synchronized is an important fact when it comes to
the implementation of the SCM performance evaluation method [36].

The paper is based on the hypothesis that every KPI is linked to a specific problem in the supply
chain management system and that the main problems of the specific subsystems of the supply chain
management system can be solved by implementing the right KPIs and setting the right objectives,
hypotheses that are demonstrated throughout the research.

Research methodology data are gathered by means of the interview guide method and analyzed
through univariate and bivariate analysis. Using data mining, specific relations have been highlighted
and certain information has been extracted. By means of neural networks applying the multilayer
perceptron algorithm, predicted neurons with a learning mechanism are pointed out—neurons that can
be trained to a specific output based on certain input values. The input values for the neural network
are provided using the programming language Python.

With the help of the multilayer perceptron algorithm, it can be predicted which KPI should be
used following the identified problems within the organization, an aspect that increases the overall
supply chain management performance and sustainability of a company.

2.1.1. Data Mining Description

Sets of data of large dimensions can be analyzed using data mining. Specific relations can be found
or summarized by extracting information or knowledge in order to simplify them and to increase their
utilization rate [37,38]. Data mining represents an extraction of useful information hidden in large sets
of data, unknown, important and imaginable [39,40].

Through data mining, interesting patterns and knowledge can be discovered from large sets of
data. These data can include data warehouses, specific databases or other information. Taking into
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consideration data mining as a general technology, it can be applied to any kind of data, considering
the fact that the specific form of data is meaningful for a targeted application. Database data, data
warehouse data or transactional data represent the most basic forms of data concerning data mining
applications. Other data, such as graph or networked data, spatial data, text data, data streams,
multimedia data or sequence data, can be analyzed by means of data mining [37,41].

Data mining represents the knowledge extraction of data or the discovery of knowledge from
a large volume of data. It consists of the discovery process of interesting knowledge from a large
amount of data memorized rather in data warehouses or information stores than in simple databases.
The discovery process of knowledge from databases is characterized by pre-processing data, data
mining, evaluation of the extracted models and knowledge representation. Pre-processing data is of
high importance concerning the knowledge discovery process [42,43]. Its objective is to prepare the
data for analysis following certain steps, such as data clean-up, data integration and data selection,
transformation and reduction. In regards to data mining, artificial intelligence methods are applied
with the purpose of rules extraction [44,45]. The rules extraction consists of finding frequent attributes
crowds that should satisfy the minimum trust level. Prediction and classification represent supervised
data analysis forms that can be used for the extraction of important models that describe data sets or
prognose future trends of data, a very important aspect concerning the data analysis process [46–48].

2.1.2. Multilayer Perceptron Algorithm Description

Neural networks are learning machines based on a large number of connected neurons in a
layered manner [49]. Artificial neural networks attempt to imitate the functionality of a human brain.
Analogous to a human brain, an artificial neural network is made up of neurons [50,51]. A perceptron
value is based on a vector, characterized by real-valued inputs. A linear combination within these
inputs is calculated. The perceptron outputs a 1 value if the result is higher than the threshold value
and −1 if not. Taking into consideration the given inputs x1 through xn, the output o (x1, . . . , xn)
is generated:

o(x_1, . . . ,x_n) = {1 if w_0 + w_1 x_1 + w_2 x_2 + . . . + w_n x_n > 0
−1 otherwise

(1)

The multilayer perceptron model is also a neural network that treats the neuron functions
as simple devices whose inputs are weighted. Wi represents a real-valued weight that influences
and characterizes the contribution of the Xi input to the o perceptron output. The weighted input
combination of w1x1 + . . . + wnxn must surpass the −w0 threshold quantity in order to output the
1 value [52].

Positive weights are excitatory and negative weights are inhibitory. If the total weighted sum
of inputs exceeds a threshold (excitation), then the neuron is activated and outputs an output signal.
In the case that the total excitation is less than the threshold value, the neuron is not activated and its
output is considered to be zero [45].

The multilayer perceptron represents the most popular neural network architecture. Every neuron
is characterized by the connection to all neurons from the previous layer [53,54]. The multilayer
perceptron is a predicted neuron with a learning mechanism, characterized by its synaptic weightings,
depending on the desired behavior wishing to confer on it [55].

In a multilayer perceptron algorithm, hidden neurons can be represented by network nodes in
which input information can be viewed as an internal format, through which maximum simplification
of the neurons’ processing tasks is transposed to the output layer [56].

The formation of an internal representation of the input and output information is ensured by the
hidden layout that is based on the learning or training of the neural network [55,57–61].

The first layer of the multilayer perceptron contains virtual neurons that do not accomplish signal
processing. They perform only multiplexing, the actual processing taking place only in the intermediate
layer and in the output layer [62]. A neural network must be trained, having a set of input data and
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target outputs. Through the training operation, the output data of the neural network are compared to
the target and, considering the potential errors, the weights are changed, the process being repeated
for all input variables. In the training operation, a cost-dependent function to the training error is used.
This function, Ep, refers to the weighted sum of the training errors for each set of data training and can
be expressed as:

EP =
m∑

i=1

(y_i− t_i)2Wp (2)

where m represents the number of data sets for network training;
Wp represents a weight that shows the quality of the data set, with values comprised within

0 < W ≤ 1 [63].

2.1.3. User Graphical Interface Using Python

In order to provide the input values for the neural network, a source code of own creation has
been written in Python, a high-level programming language.

The source code was developed using the Tkinter module, which is a standard GUI (Graphic User
Interface) open-source package providing a simple, robust and platform-independent windowing
toolkit. When combined with Python, it offers a reliable and easy to use GUI application [64].
This simple GUI allows all future users to select the issues they face within their organizations for
every SCM subsystem based on the identified problems within this research.

The GUI is an interface linking user-selected values with the MLP algorithm to provide users with
a list of predicted KPIs with the level of trustworthiness. The GUI includes all the SCM subsystems
as headers and the set of identified issues within this research paper as checkbox items. The GUI
translates the user inputs in 1 s and 0 s as desired by the WEKA (Waikato Environment for Knowledge
Analysis) software, where the algorithm is run as to provide the user with set list of the most relevant
and trustworthy KPIs which should be implemented for each SCM subsystem.

Its application allows all users, from management to blue collars, to select their believed issue as
an input and generate possible most relevant KPIs to solve the set issue. With this being done in the
background, the user is able to view a simple and clean GUI to generate the desired information.

2.2. Top Five Recommended KPIs and Main Existing Problems within Every Supply Chain Management Subsystem

The holistic supply chain management system is derived from the interactions between all parties
directly or indirectly involved in fulfilling customers’ requests and needs [5,12,65,66]. The available
SCM system models in the researched literature have been found to present some gaps in regard to its
subsystems and processes described or regarding its influence factors. A supply chain management
system is a very complex process, influenced by several factors, that includes numerous subsystems.
With a purpose of capturing all the subsystems and influence factors involved in the SCM system,
a new approach has been developed by dividing the SCM system into nine subsystems. The identified
nine subsystems are demand management, supplier management, contract management, product
development, procurement/purchasing, sales management, warehouse management, production
management and distribution management.

The KPI Institute provides a rank of the most used KPIs in supply chain management activities.
The classification of the KPIs is based on the number of views each KPI has. Rather, it is suggested for
companies to define the organizational strategy as precisely as possible and to derive strong objectives
for which clear KPIs can be set, depending on the requirements resulting from the objectives set.

Following previous research based on bibliographic research but also on own experience, 25 KPIs of
each of these categories have been selected, focusing on the objectives of all of these elements [26,67,68].
Each KPI represents the basis for solving a problem that hinders the achievement of the objective set
by the organization, which in turn must support the strategy of the whole organization. By identifying
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each KPI that does not achieve the desired performance, specific initiatives can be made through which
the KPI reaches its target value, thus eliminating the root problem and reaching the objective.

Extrapolating from the principles of graphical excellence by Tufte E. and combining them with
the fact that one should be able to quickly and efficiently understand the unit of measurement of each
KPI, the terminology of the KPI should be combined with one representative symbol. By doing so,
we shall then have “#” for all KPI values which are represented by a number as a result, “%” for all
KPIs whose result values should be expressed by percentage of and “$” (or any local currency symbol)
for KPIs dealing with monetary or financial results [69].

Taking into consideration the 25 KPIs for every subsystem presented and analyzed in the previous
research [70,71], based on the interview method, where 50 respondents have been interviewed, the top
five most important KPIs for each of the nine supply chain management subsystem and their top
reported problems has been selected. The most important KPIs influence each SCM subsystem with a
positive impact also in the overall supply chain management performance.

The sample was represented by 50 respondents from 12 different automotive international
companies from Romania, Germany and Denmark, all of big or medium dimensions, from nine
different departments, with all respondents being team leaders, general managers, managers or
department specialists. The selection criteria for the sample selection included years of experience
in the automotive industry, level of knowledge with the issues the organization or their specific
department is facing, level of interaction with other departments, level of decision-making power and
impact they may have on the holistic SCM system by implementing the proposed model. Having the
interviewed sample selected from higher and middle management and from three different countries
with incremental development in the automotive industry substantiates the validity of the research
results provided by the sample respondents.

The automotive industry is in a continuous state of flux and its supply chain management system
is highly complex. Having the interview respondents from three different countries allows the data to
be more reliable and not limited to one region. Having the data from 12 different automotive companies
from three different countries eliminates the false bias of the data and allows for the proposed model to
be extrapolated and applicable to any other industry. The input data provide a basis for the algorithm
to learn, and with each new entry, the machine learning is enhanced, allowing for better KPI prediction
with higher trust values, an aspect that stands as the main reason to focus on the automotive industry.

Following the obtained responses from the interviewed persons, the five most important KPIs
have been selected for every of the above-mentioned subsystems, stating that there are certain problems
that appear more often in each of these supply chain management subsystems. Specific KPIs are
linked to these problems and could prevent their appearance by monitoring the KPIs in a certain
timeframe. This helps organization with a more accurate risk assessment, risk communication and risk
management by providing a glance at a possible future where these identified issues would escalate if
left unchecked. The five most important KPIs of each subsystem and the top problems identified for
each of these subsystems have been outlined in Table 1.

In order to demonstrate and validate the relationship between certain problems that appeared in
each supply chain management subsystem and the most important KPIs, the multilayer perceptron
algorithm was used by developing a mathematical model. The input values, namely the top 45 problems
from each subsystem reported by the interviewed persons, are coded using Python script. Due to the
neural network, by means of the multilayer perceptron algorithm, the specific problems are linked to
their representative KPIs.
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Table 1. Top five key performance indicators (KPIs) and top problems identified for each supply chain
management (SCM) subsystem.

Supply Chain Management Subsystems

Demand Management Supplier Management Contract Management Product Development Procurement/Purchasing

TOP 5 KPIs

# Weeks of
forecasting planning % Delivery performance € Contract payments % Products meeting

cost target €Material acquisition cost

# Supply chain cycle time € Supplier backlog # Contract negotiation time
% Research and

development cost
for new products

% Production delivery
performance

€ Order fulfilment costs # Complaints % Contract breaches
due to non-compliance

€ Investments in new
product support

and training
% Supplier on time delivery

€ Cost due to
unsatisfied demand # Supplier lead time # Identified

contract breaches
% Revenue generated by

new products
% Cost avoidance savings

in procurement

# Cash to cash cycle time % Adherence to
delivery schedule

% Changes to
contract specifications

# Time to market
new products % Delayed purchases

Specific Problems Related to Each Subsystem

Communication issues Quality non-compliant
materials

Poorly established
contractual terms

and conditions
High number of prototypes Poor interdepartmental

communication problem

Forecast issues Deficient communication Inadequate
performance tracking High focus on reduced costs Delays due to delivery

Reduced lead-time Late deliveries High lead-time for
contract negotiations

Different
implementation deadline

No focus on
supplier development

High focus on reduced costs Long lead-time Not involving the
relevant departments Untrained workforce High focus on reduced costs

Lack of KPIs Non-compliant
documentation

High costs due to
contractual terms

and conditions

Frequent changes to
final product Untrained workforce

Initial contractual
parameters not well defined Delayed reaction to changes Frequent

contractual changes
Interdepartmental

communication
Lack of more than

one supplier

Sales Management Warehouse Management Production Management Distribution

TOP 5 KPIs

% Customer complaints due
to poor service or
product quality

% Warehouse space
utilization # Production capacity % Perfect order delivery rate

€ Sales potential forecast # Safety stock # Tact time € Delivery cost per order
% Sales growth % Slow moving stock € Production backlog € Damaged goods per shipment

% Gross margin return
on investment # Days on hand % Equipment quality rate % Empty running

€ Revenue by
product indicators # Stock rotations # Production lead time # Customer shipment to delivery cycle time

Specific Problems Related to Each Subsystem

Lack of support from
sales department Low stock accuracy followed Lack of workforce Transport capacity versus daily capacity

Deficient client
communication Untrained workforce Untrained workforce High number of special transports

Extra in-house cost not
billed to client Chaotic stock Low productivity High transportation lead time

Initially undefined
procedures High obsolete stock High backlog Lack of workforce

Parameters initial price
wrongly negotiated No safety stock Quality

non-compliant materials Deficient communication

Client-high order fluctuation High slow moving Low adherence to schedule Non-conforming deliveries

The symbol before each KPI represent its unit of measurement.

3. Results

3.1. Coding the Input Values Using Python Script

The author-defined Python script was used to provide an understandable coding of the input
values for the WEKA software to allow the multilayer perceptron to make predictions for which KPI
should be used within an organization.

The graphic user interface developed is a graphical representation of the top 45 problems from
each subsystem, reported by the interviewed persons. The problems are classified on subsystems
based on the interviewees’ answers of the reported problems.

A source code of own creation for generating the desired graphic user interface with the desired
labels for each subsystem and checkboxes for each problem associated to the subsystem was written,
and the resulting GUI, after running the Python code, is represented in Figure 2.
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As the algorithm is given more time to learn and big data inputs are provided from a larger
number of organizations, so will the number of possible issues increase, as will the the number of
possible links with different KPIs with a higher degree of accuracy, and this will provide an even better
picture of the risks the organization is facing.

3.2. User Selection Coding for Processing

The script allows users to select, by checking, the problems they are facing within their organization.
The script also provides two buttons: one is an “Exit” button which, of course, closes the GUI. The other
button is a “Result” button which prints the output of the Python script as a list of values, 1 s and 0 s,
with the selected problems by the end-user being 1 s and the non-selected ones being 0 s.

The generated list of 1 s and 0 s is then used as the coded input values for the WEKA program
and the learning algorithm to determine which KPIs the organization should use based on the selected
problems in the above-mentioned GUI.

The script-generated output list, after the selection of the problems by the end-user,
is presented below.

GUI script selection output:
[1, 1, 0, 1, 0, 1][0, 1, 1, 1, 0, 1][0, 0, 1, 1, 1, 0]
[0, 1, 1, 1, 0, 0][1, 0, 1, 1, 0, 1][0, 1, 1, 1, 1, 1]
[0, 0, 1, 1, 0, 1][0, 1, 1, 1, 1, 0][0, 1, 0, 1, 0, 1]



Processes 2020, 8, 1384 11 of 20

3.3. The Mathematical Model Based on the Neural Network Using the Multilayer Perceptron Algorithm (MLP)

The resulting 1 s and 0 s output of the above-described Python script containing the end-user
selected problems are input in the WEKA software.

The WEKA program accepts, among other, a .arff file format. The output of the Python script
is automatically added to a .arff file containing 50 interview responses from a previous research and
those users’ selection of the problems they face within their organization. Furthermore, the base
.arff file contains a list of 225 KPIs from which the interviewed persons selected the top five KPIs.
These represent the bases of the neural network training and leading function. The .arff file should
follow a specific format where the relation, attributes and data are defined.

The .arff file is then processed by the WEKA program and a trust level for each KPI output is
generated for each of the input KPIs, as presented in Figure 3.
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The input data in the WEKA program are then used to train the neutron for each KPI so as
to output a trust level for each KPI. This trust level represents the probability that a certain KPI
should be selected as an output for one of the top 45 KPIs, which will be used as the top 45 KPIs for
an organization.

This output validates the proposed approach model of linking the top 45 KPIs selected by the
interviewed persons with the problems they reported of having within their organization.

The WEKA program, with the use of the MLP algorithm, is thus used to validate the reported top
five KPIs for each of the nine subsystems.

The first KPI, “€ Contract payments”, from the contract management subsystem, was input in
the WEKA program and trained using the mathematical model based on the multilayer perceptron
algorithm. The “€ Contract payments” KPI was selected by 84% of the interview respondents (n = 50).
The output of the WEKA MLP is shown in Figure 4.

From this output, it can be noticed that the algorithm has correctly classified 84% of the input
values and 16% were incorrectly classified out of the total input examples. This means that there is an
84% trust level or prediction accuracy of the neural network.

The Cohen’s Kappa statistic is a chance-corrected measure of compliance between the MLP
classifications and the true input classes [72]. The calculation formula is presented below.

k =
po − pc

1− pc
= 1−

1− po

1− pc
(3)

where po represents the observed agreement and pc is the chance agreement.
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The “Kappa statistic” is above 0, which means that the significance level of the “€ Contract
payments” KPI is high for this subsystem and the classifier algorithm is doing better than chance.
This implies that the “€ Contract payments” KPI is one of the most relevant KPIs for this subsystem,
based on the input problems.

The “Confusion Matrix” is a summary of the MLP algorithm results or a description of the
performance resulted by the classification algorithm. It gives the reader an insight into the errors of
the algorithm, providing a visual classification accuracy breakdown. The “Confusion Matrix” is a
visual display of the truly predicted (TP) values and the false predicted (FP) values, as displayed in
Table 2 [73].

Table 2. WEKA Confusion Matrix explained.

n = 50 Predicted
Negative Predicted Positive Classification

Actual negative True positive False negative a = 0 (no)
Actual positive False negative True positive b = 1 (yes)

The “TP Rate”, or the “True Positive Rate”, represents the number of predicted examples by the
MLP algorithm which were actually positive over all input instances which are actually classified as
positive by the inputted examples [74].

The “FP Rate”, or the “False Positive Rate”, represents the number of predicted examples which
were actually negative out of the total number of examples.

The “Precision” is the division of the TP over the predicted positive. This shows the percentage of
predicted positives out of the total inputted positive examples.

Precision =
True Positive

True Positive + False Positive
(4)
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The “Recall” is the division of the TP over the actual positives [75].

Recall =
True Positive

True Positive + False Negative
(5)

In order to validate the top 45 KPIs selected and presented in this paper, the same MLP
algorithm with the same configuration was used to generate the below-presented table with the
above-presented parameters.

By means of the MLP data mining algorithm, the top selected KPIs are linked to identified
problems, relations and influences that are demonstrated and validated through this model, a fact that
validates, also, the hypothesis of the research, through which every KPI is linked to a specific problem
of the supply chain management system. By developing a performance evaluation model based on
the linkage between certain problems and relevant KPIs of each SCM subsystem, the main goal of
this paper has been achieved. The output of the WEKA software using the MLP algorithm for the top
45 KPIs is highlighted in Table 3.

The multilayer perceptron algorithm provided by the WEKA software was able to correctly
classify the provided top 45 KPIs in all the cases with a percentage higher than 50%. This shows that
the neural network created by the MLP algorithm is a valid teaching method for the cases provided in
the future as input by other persons using the model.

The undertaken research has pointed out that the validated mathematical model can be used
in the future and can be integrated within an organization to provide both live data gathered from
an already existing enterprise resource planning software, such as SAP (Systems Applications and
Products in Data Processing), or as a stand-alone solution to gather and monitor the performance
management of the organization.

Thus, an integrated information flow can be achieved in order to generate the top KPIs that an
organization should use based on the input data in the graphical user interface, which codes the values
to allow the neural network to provide the needed KPIs into a dashboard as a KPI-monitoring system.
(see Figure 5) Within the dashboard, the KPI data can be manually introduced or linked to an existing
monitoring software.
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Table 3. Output of the WEKA software using the MLP algorithm for the top 45 KPIs.

Subsystem KPI Name % Respondent
Selection

% Correctly
Classified

% Incorrectly
Classified Precision Recall

Contract Management € Contract payments 84% 84% 16% 84.4% 84.0%
Contract Management # Contract negotiation time 68% 76% 24% 73.7% 64.7%
Contract Management % Contract breaches due to non-compliance 64% 80% 20% 85.0% 81.0%
Contract Management # Identified contract breaches 64% 64% 36% 68.4% 81.3%
Contract Management % Changes to contract specifications 56% 68% 32% 70.6% 80.0%
Demand Management # Weeks of forecast planning 76% 84% 16% 76.2% 84.2%
Demand Management # Supply chain cycle time 68% 76% 24% 66.7% 70.6%
Demand Management € Order fulfilment costs 60% 84% 16% 82.4% 93.3%
Demand Management € Cost due to unsatisfied demand 60% 72% 28% 66.7% 75.0%
Demand Management # Cash to cash cycle time 60% 72% 28% 61.1% 68.8%

Distribution Management % Perfect order delivery rate 68% 80% 20% 75.0% 70.6%
Distribution Management € Delivery cost per order 68% 72% 28% 80.0% 75.0%
Distribution Management € Damaged goods per shipment 64% 76% 24% 68.4% 68.4%
Distribution Management % Empty running 64% 72% 28% 76.5% 81.3%
Distribution Management # Customer shipment to delivery cycle time 64% 64% 36% 66.7% 68.8%
Procurement/Purchasing % Supplier on-time delivery 96% 92% 8% 92.0% 92.0%
Procurement/Purchasing % Production delivery performance 84% 76% 24% 76.0% 76.0%
Procurement/Purchasing % Cost avoidance savings in procurement 72% 64% 36% 69.2% 62.9%
Procurement/Purchasing % Delayed purchases 68% 72% 28% 66.7% 70.6%
Procurement/Purchasing €Material acquisition cost 64% 68% 32% 62.5% 62.5%

Product Development % Products meeting cost target 84% 72% 28% 73.0% 72.0%
Product Development % R&D cost for new products 72% 76% 24% 69.4% 76.0%
Product Development € Investment in new product support and training 68% 72% 28% 73.0% 72.0%
Product Development % Revenue generated by new products 64% 76% 24% 76.0% 76.0%
Product Development # Time to market new products/services 56% 72% 28% 73.0% 72.0%

Production Management # Production capacity 80% 84% 16% 77.8% 66.7%
Production Management # Tact time 80% 80% 20% 78.9% 71.4%
Production Management € Production backlog 72% 72% 28% 73.0% 72.0%
Production Management % Equipment quality rate 56% 68% 32% 75.0% 75.0%
Production Management # Production lead time 56% 72% 28% 65.4% 61.8%

Sales Management % Customer complaints due to poor service or
product quality 84% 88% 12% 89.5% 88.0%

Sales Management € Sales potential forecast 84% 76% 24% 69.4% 76.0%
Sales Management % Sales growth 80% 76% 24% 72.1% 76.0%
Sales Management % Gross margin return on investment 64% 76% 24% 75.5% 76.0%
Sales Management € Revenue by product 64% 72% 28% 66.7% 72.0%

Supplier Management % Delivery performance 100% 100% 0% 100.0% 100.0%
Supplier Management € Supplier backlog 80% 80% 20% 70.6% 64.9%
Supplier Management # Complaints 68% 76% 24% 78.3% 76.0%
Supplier Management # Supplier lead time 64% 72% 28% 72.8% 72.0%
Supplier Management % Adherence to delivery schedule 60% 76% 24% 76.0% 76.0%

Warehouse Management % Warehouse space utilization 84% 68% 32% 74.8% 68.0%
Warehouse Management # Safety stock 80% 68% 32% 68.0% 68.0%
Warehouse Management % Slow moving stock 68% 64% 36% 72.2% 76.5%
Warehouse Management # Days on hand 60% 64% 36% 68.8% 73.3%
Warehouse Management # Stock rotations 56% 76% 24% 61.5% 66.2%

The symbol before each KPI represent its unit of measurement.

4. Discussion

By means of the interview method, in a previous research the top five most relevant KPIs out of
the 25 KPIs for every supply chain management subsystem are identified.

It is recommended that every company should measure the five most relevant KPIs of every
subsystem. Measuring these KPIs will improve the supply chain management performance by
taking actions in order to avoid future problems, improve existing processes and provide better risk
assessment, quicker risk communication, improve risk management and increase the sustainability of
the system.

The most important problems pointed out several times are certain communication issues, such as
deficient communication, poor inter-departmental communication, deficient client communication,
high focus on reduced costs, untrained workforce and lack of workforce, undefined procedures and
documentation and delayed deliveries. Some of these problems are pointed out also as root causes for
specific problems that appear within the supply chain management subsystems.

It can be concluded that certain problems which have been identified as most occurring can
be solved or avoided by linking them to the right KPIs and setting the right objectives, validating,
also, the initial hypothesis through which the main problems of the specific subsystems of the supply
chain management system can be solved by implementing the right KPIs and setting the right objectives.



Processes 2020, 8, 1384 15 of 20

In order to validate and demonstrate the relations and influences between KPIs and certain
problems identified in every supply chain management system, the multilayer perceptron (MLP)
artificial intelligence algorithm of data mining is used, developing a mathematical model based on
neural networks. By means of this algorithm, the top selected KPIs are linked to certain specified
problems, a fact that validates, also, the hypothesis of the research, through which every KPI is linked to
a specific problem of the supply chain management system. With the help of the MLP algorithm, it can
be predicted which KPI should be used following the identified problems within the organisation.

Both in the international and national literature, various studies, scientific articles and books deal,
on the one hand, with presenting the concept of supply chain management, and on the other hand,
with presenting supplier performance, suppliers’ evaluation, selection and performance management
or general key performance indicators. Current studies focus mainly on the process of logistics in
general, taken as a whole, or on the supply management in particular and do not focus also on the
evaluation of performance within the supply chain management system.

The undertaken research will bring valuable contributions to the performance evaluation of
the supply chain management system, leading to increased productivity, improving specific process
standardization and inter-departmental linkage to the overall strategy of an organization, an aspect
that highlights its necessity in the specialty literature of the field concerned. To obtain the desired
level of supply chain performance requires an organization to constantly monitor and control their
operations, develop a clear strategy and objectives, ensure their processes stand and operate at the
most optimal desired levels.

The novelty of the research concerns focusing on performance evaluation within supply chain
management, highlighting the most important key performance indicators and the main existing
problems and correlating them together. This brings an important contribution to the specialty literature
and has a high impact on the overall supply chain management performance of automotive companies.

5. Conclusions

By means of the mathematical model based on the data-mining multilayer perceptron artificial
intelligence algorithm, certain relations and influences of the proposed model between KPIs and
diverse problems have been demonstrated and validated.

By means of data mining, the top selected KPIs are linked to certain specified problems and the
MLP can predict which KPI should be used based on the identified problems within the organisation.

In order to solve existing problems and identify and communicate risks and to prevent future
issues, every problem should be linked to a KPI, an aspect that is demonstrated and validated by
means of the data-mining multilayer perceptron machine learning algorithm.

Implementing and monitoring certain KPIs could help to better identify possible risks and issues
in the system and help reduce or eliminate these potential risks. Specific KPIs that are linked to these
problems could prevent their appearance by observing the trend line of the monitored KPIs in a certain
time frame. This allows for a better risk assessment of the current situation and better risk management
to eliminate potential risks before they impact the organization in a negative way.

With the purpose of solving existing problems, certain objectives have to be defined. The KPIs are
linked to those set objectives and are constantly monitored. Depending on the KPI’s performance,
one can determine if the objective will be met or not. This is made possible with the use of the KPI
dashboard where all KPIs can be monitored, risks can be identified and averted and the sustainability
of the entire supply chain management system can be ensured.

With the use of the gathered data from the collaboration of more companies, this prediction can
be made even more trustworthy and reliable.

By developing a performance evaluation model that links certain problems with relevant KPIs of
the supply chain management subsystems, the main goal of this research has been achieved.

Synthesizing the research results and following the elements of the conclusive chapter, we can
demonstrate the importance of the supply chain management performance evaluation methods within
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companies, underlying the significance of supply chain management key performance indicators in
specific supply chain management subsystems, linking them to certain problems, with a high economic
and financial impact on companies’ overall efficiency and efficacy, risk identification, risk assessment,
risk communication, risk management and prevention, sustainability increase and achievement of a
competitive edge on the market.

Taking all the benefits of the proposed model presented in this research into account, if the artificial
intelligence algorithm mechanism would have an interconnected web-based server from various
organizations from the industry, without revealing the identity and the issues each organization is facing,
but solely based on gathering, data mining and machine learning, the accuracy and trustworthiness of
the output KPIs generated based on the input information would increase exponentially as more users
would select the same issues which would be linked to specific KPIs, thus increasing the trustworthiness
of the KPI. This allows the algorithm to have access to a much higher number of input values and
big data and, thus, predict with a much higher accuracy the correct and relevant KPI needed to
be tracked, communicated and analyzed, and, most importantly, by implementing improvement
initiatives, it allows the SCM system to develop in a holistic way, ensuring a market competitive edge
and the company’s sustainability.

The multilayer perceptron artificial intelligence data mining algorithm allows for analyzing the
neuronal network for only one KPI, an aspect that represents a research limitation. The need to analyze
the top five most relevant KPIs for every SCM subsystem is identified as a future research direction in
order to allow the learning algorithm to obtain a brief overview for the most important KPIs linked to
the selected problems appearing within an organisation.

In order to develop the specialty literature in the field concerned, it is recommended that the focus
should rely on the evaluation of performance within the supply chain management system and not
only on general subjects, such as supplier performance, suppliers’ selection and evaluation, suppliers’
development, performance management or supply chain management.

A future research direction represents also developing a common platform between companies to
which the MLP algorithm should have access. This platform, as a whole system, should allow the
MLP algorithm to access the vast data provided by multiple organizations, better learn and predict
certain KPIs with a much higher trust level and, in turn, truly take advantage of the big data analysis
possibilities for which it was designed. The platform could include a dashboard representing the
top most relevant KPIs linked to selected problems and risks identified in other companies without
divulging their name.
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