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Integrating enterprises within the SC has led to the redesign of their business processes.

The method supporting the understanding of the dependencies between the companies form‐

ing SC, the business processes they implement, and their individual and group goals is SC mod‐

eling. The SC model is its simplified, abstract representation. As Chopra and Meindl (2007)

note, SC modeling includes decisions related to the appointment of network participants. In

addition, it supports the optimization of the use of resources, deciding to outsource processes,

selecting business partners, organizing a distribution network, etc.

An example of an extensive SC is franchise networks, which are becoming an increasingly

popular form of market organization. The franchise system is developing rapidly in the Polish

economy. Therewere over 1,220 networks with 74,000 branches in 2017, according to the data

from the ”Report on a franchise in Poland 2018” (Profit System, 2018). Franchise networks are

therefore an interesting area of research in SC. The problem of franchise network analysis is of‐

ten discussed in the literature (Gillis i Castrogiovanni, 2012; Martino, Iannone, Fera, Miranda,

i Riemma, 2017; Paswan, D’Souza, i Rajamma, 2014; Rosado‐Serrano, Paul, i Dikova, 2018).

Much of the research is conducted from the franchisor’s perspective (Rosado‐Serrano et al.,

2018). However, market research shows that franchisees and franchisors are characterized by

different, sometimes contradictory goals and activities. The result of such a network depends

on the success of both franchisees and franchisors. Therefore, the research conducted as part

of the prepared dissertation considers the needs and problems of both franchisors and fran‐

chisees cooperating in the SC.

The increase in requirements for the SC, including, for example, ensuring greater flexibil‐

ity or comprehensiveness, has led to an increase in the complexity of the processes they im‐

plement. At the same time, large amounts of data from heterogeneous sources are gener‐

ated in the chain, which, if properly processed, analyzed, and presented, contribute to making

more accurate business decisions. Among the methods of data processing, advanced meth‐

ods of data analysis, known as Data Science (DS) methods, are playing an important role. They

include machine learning, linear and non‐linear regressions, pattern detection, classification

techniques, etc. These methods are used in the work with Big Data (BD) technology to model

SC and improve performance measures.

The increased availability of information resulting fromanalyzesmakes it an important com‐

ponent of rational management. This rationality includes selecting information that is rele‐

vant to the decision‐making and that should be ignored by SC managers (Citroen, 2011). How‐
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ever, according to the pyramid of knowledge, information is merely human‐interpreted data

(Abramowicz, 2008). It is only when information makes it possible to understand something

or explain a phenomenon that it becomes knowledge. Only the application of knowledge in

practice brings value to organizations.

In the literature, effectiveness, efficiency, economy, profitability, efficiency, efficiency, etc.

are used as the goal of SC optimization and a measure of its evaluation. The dissertation

adopted the definition of performance by the term used in performancemeasurement systems

(PMS), i.e. measured as the level of customer satisfaction concerning the level of expenditure

incurred (Estampe, Lamouri, Paris, i Brahim‐Djelloul, 2013).

The research was conducted following the Design Science Research paradigm proposed by

A. R. Hevner, March, Park, and Ram (2004). In DSR, new technical artifacts are created and

evaluated, used to solve identified problems of business units. In line with this methodology,

research in the area of information systems is divided into behavioral, concerning the use of

existing IT systems in business entities, and project research, which is designed to solve a spe‐

cific problem of the organization. According to A. Hevner and Chatterjee (2010), the following

should be considered when designing research studies:

• environment – presents the space of the research problem, determines the resources of

the organization, including people, as well as available and possible technologies. It also

includes the needs that the results of the research will meet. The analysis of business

needs, the current state of knowledge and technology allows you to plan research.

• knowledge base – comprises two elements. The first are assumptions, which include the

current research results, theories, models, tools, etc. The second element is themethods

used in the evaluation phase.

The experiment performed in the test company allowed for the verification and validationof

themethod. In line with the DSR paradigm, the SC constructionmethod using DSmethods was

initially planned at the conceptual level, where the requirements and initial assumptions were

planned. The method was then designed by developing artifacts. The result of the research

work is the development of the following artifacts:

• constructs – a dictionary of terms describing the model and used DS methods,

• models – SC model,

• methods – method of incremental modeling of SC using DS and BD and a method of

improving performance measures for SC,
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• instances – implementation and evaluation of the use of the SC model with the use of

DS and BD to improve the SC performance measures.

Each of the artifacts has been evaluated. Qualitative methods were used, as interviews

with business experts and quantitative methods. The selection of performance measures was

performed based on a test set of SC nodes. The method based on the Turing test was used.

Literature search was carried out in the following databases: Google Scholar, SpringerLink,

IEEE Database, Scopus (Elsevier) and ProQuest Central, and supplemented with monographs,

industry reports and Statistics Poland (GUS) reports. They are well‐established knowledge

bases used extensively in scientific research. Literature analysis carried out in four areas. The

first was SC modeling methods and reference models found in the literature. The second part

presents the classification of DS methods, the use of BD in SC and their impact on logistics. The

third area of literature analysis was the SC performance measurement systems and the diffi‐

culties and requirements for the performance measurement system. The last part concerned

the ways of presenting the SC model.

Literature analysis also showed that the Supply Chain Performance Measurement System

plays an important role in SC management. The authors give many reasons for implementing

SCPMS. The most frequently cited are:

• support in implementing the SC strategy (Bhagwat i Sharma, 2009),

• avoiding information overload by focusing on the most important (Kocaoǧlu, Gülsün, i

Tanyaş, 2013),

• support in implementing improvement systems (Mondragon, Lalwani, i Mondragon,

2011),

• greater strategic control and strategic communication within the organization and exter‐

nal partners (Chae, 2009).

The SC model can refine SC performance measures. Literature analysis and interviews with

business experts were used to determine what excellent performance measures are. Excel‐

lent performance measures are those that meet business requirements in terms of time and

technical availability, meet information needs in the decision‐making process, are measurable

and calculated according to universal methods at an acceptable cost of their calculation. The

results of the review and interviews were grouped according to the issues they concern. The

following were distinguished:
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• selection of performance measures and measures for SC and determining their valid‐

ity (Abdel‐Basset, Mohamed, Zaied, i Smarandache, 2019; Anand, Sahay, i Saha, 2005;

Askariazad i Wanous, 2009; Beamon, 1999; Chen, Lin, i Tseng, 2015; Eskafi, Roghanian, i

Jafari‐Eskandari, 2015; Govindan,Mangla, i Luthra, 2017; Gunasekaran, Patel, i Tirtiroglu,

2001; Kucukaltan, Irani, i Aktas, 2016; Motevali Haghighi, Torabi, i Ghasemi, 2016; Peral,

Maté, i Marco, 2017; Qazi, Dickson, Quigley, i Gaudenzi, 2018; Thakkar, Deshmukh, i

Kanda, 2013; Thanki i Thakkar, 2018; Venkatesh, Zhang, Deakins, Luthra, i Mangla, 2019;

Yazdani, Kahraman, Zarate, i Onar, 2019),

• uses and proposals of new performance measures and measures (Badri Ahmadi, Kusi‐

Sarpong, i Rezaei, 2017; Bai, Sarkis, Wei, i Koh, 2012; Cano, Vergara, i Puerta, 2017;

Charkha i Jaju, 2014; Clivillé i Berrah, 2012; Farajpour Khanaposhtani, Shahrokh Ja‐

fari, Ariana, Alaie, i Salimi, 2017; Ignatius, Rahman, Yazdani, Šaparauskas, i Haron,

2016; Izadikhah i Farzipoor Saen, 2016; Jamalnia, Mahdiraji, Sadeghi, Hajiagha, i Feili,

2014; Khodakarami, Shabani, Farzipoor Saen, i Azadi, 2015; Li, He, i Chen, 2017; Mo‐

haramkhani, Bozorgi‐Amiri, i Mina, 2017; Pramod i Banwet, 2011; Qorri, Mujkić, i

Kraslawski, 2018; Trivedi i Rajesh, 2013; Xia, Yu, Gao, i Cheng, 2017),

• prediction and optimization performance measures (Aksu, Schunselaar, i Reijers, 2019;

Lima‐Junior i Carpinetti, 2019; Long, 2018; Rasolofo‐Distler i Distler, 2018),

• SC data insights (Boudaghi i Farzipoor Saen, 2018; Fan, Fan, Wang, i Tsai, 2018; Gallear

et al., 2014; Kumar i Kansara, 2018; Langroodi i Amiri, 2016; Wong i Wong, 2007).

The created method selects the measures and determines their weights for the SC used for

evaluation.

The major limitations described in the literature analysis chapter for SC models are access

to data (Banomyong i Supatn, 2011; Boonsothonsatit, 2017), as well as insufficient validation

(Boonsothonsatit, 2017). Many application frameworks are theoretically formulated, but not

empirically studied. Some methods have only been tested under limited conditions or with

limited sample data. The conducted analysis of the literature did not allow to show the appli‐

cation of reference models to a franchise network, including a chain of stores. It makes sense

to research this area as the primary goal of a franchise network is the success of the franchisee

and franchisor and should be calculated from that perspective and not as the success of an in‐

dividual company. Losing the SC context and thus encouraging local optimization is a research

gap and a problem for many companies.
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Because of the imperfections in the methods found in the literature, a model using the DS

methods and the BD technology was developed in the dissertation. It will allow eliminating

the information gap related to the influence of external factors on the model by identifying the

dependence of the behavior of SC participants, along with the probability of their occurrence.

It will also allow for determining the efficiency at the level of the entire SC and a single partici‐

pant. The calculated performance of such a model can be used as a benchmark for the current

performance of the network. Ultimately, such amodel can form the basis of a decision support

system, providing results, discovering dependencies, and discovered patterns in data that had

a significant impact on the result (Campuzano i Mula, 2011).

The primary research goal of the dissertation is to develop amethod that, with the support

of Data Science, will allow modeling the supply chain to improve its performance measures.

Secondary goals were defined that enabled the achievement of the primary goal:

• C1: Identification of SC elements and relations between them. The literature presents

manymethods of description and decomposition of processes to analyze themand select

the measurement of the values of the measures. These methods consider many entities

that occur in the SC. They also consider the relationships between the components of the

chain. Therefore, it is necessary to review the approaches in this area and to propose the

classification of SC elements for the franchise network.

• C2: Selection of tools and techniques described in the literature in the field of SC mod‐

eling. There are three main approaches to creating SC models. The traditional analytical

approach describes the model with input data and a set of parameters that are used

in mathematical formulas. In this approach, all components of the result are modeled.

When such a description is difficult or impossible, a simulation approach is used. The

task of computer simulation is to map the processes taking place in the SC. The input

data is converted into results based on the created model. Because of the complexity

and functionality of the solutions, a third indirect approach is used, called the hybrid

approach, which uses both analytical and simulation methods.

• C3: Identification and formalization of franchisees’ and franchisor’s goals relevant to

building the SC model. Indication of the information needs of SC participants. Iden‐

tifying data sources that can meet these needs and assessing their quality. The goals

pursued by individual entities in the franchise network are often contradictory, e.g. the

franchisor aims to designate a dense network of stores, while it is in the franchisee’s in‐
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terest to have as little competition as possible ‐ from the franchisor’s point of view, the

retail store network works for a joint result, but for franchisees, these stores are compe‐

tition. These objectives are usually not included in the SC analysis. Based on the defined

goals, the information needs of the SC participants will be determined, and then data

sources that can meet these needs will be identified and analyzed. The data sources

used by enterprises can be divided into:

– data from internal IT systems,

– external data: acquired, from open sources or shared by business partners,

– analytical data,

– data collected outside central IT systems.

Themultitude of data sources and their large volume, combinedwith the desire to obtain

precise, comprehensive analyzes, forces the use of non‐trivial methods of their process‐

ing. The complexity of data in the existing network collectionsmakes it possible to search

for new possibilities of their use, allowing for the development of predictive analysts,

searching for patterns, trends and creating advanced forecasts.

• C4: Selection of measures and methods of their measurement, considering the goals

of the franchisee and franchisor. There are many measures presented in the literature.

Those that will help to determine the efficiency of the SC were distinguished. Based on

data from the franchise market and own research, the ones that are appropriate for the

franchise models have been selected.

• C5: Building an SC model that will allow you to analyze achievement of the goals of the

franchisor and franchisee No SC model has been found in the literature that would allow

the use of DS techniques to increase the efficiency of such an SC. Therewas also nomodel

for a franchise network that would consider the needs of many participants and thus

could be used for the analysis of performing the franchise network. Therefore, a model

will be developed that will include the key participants of the SC in the franchise network,

along with the determination of measures to determine the performance measures for

its nodes, fragments, and whole SC.

• C6: Development of themethodof incremental SCmodeling. Creating amethod of creat‐

ing amodel considering people and their knowledge, the technology used, and functions

in the management system. The proposed method comprises an analytical layer and a

business layer. The analytical layer includes data collection and analysis. Data collec‐
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tion uses the BD technology, while data analysis uses the DS method. The business layer

is composed of the assessment of solutions from the previous layer and implementing

patches. In the solution assessment stage, the results of the analyzes are the basis for

making business decisions.

The following research questions contributed to the achievement of the goal:

• P1: What are the goals of SC participants in the franchise network? What are their infor‐

mation needs related to these goals?

• P2: How can the SC model improve its performance measures?

• P3: What approaches to SCmodeling exist in the literature andwhat are their limitations?

• P4: How can BD and DS be used by logistics managers in the SC analysis, how can they

help meet the information needs of SC participants and adapt to changes?

• P5: What DS techniques can improve the SC performance measures?

• P6: How to measure SC performance with the goals and needs of multiple participants

consideration?

The research is carried out based on data from an extensive distribution network, which

has its logistic centers, transshipment terminals, but no production plants. Its complexity is

evidenced by the number of participants, including thousands of suppliers, service providers,

and thousands of points of sale managed by various entities with different sub‐goals.

Interviews with business experts and literature review led to the answer to research ques‐

tion P1. The primary goal of the participants in the SC of the franchise network is common.

Each entity aims to maximize profit. A careful analysis of the sub‐goals has shown that they

are often contradictory. Hence, it is necessary to make compromises aimed at the benefit of

the entire SC instead of just one participant. Measuring these goals and performing the en‐

tire SC allows for the choice of a compromise in the event of divergent aspirations of the SC

participants.

A part of the work was a comparison of the goals of the franchisee and the franchisor. Main

goal, sub‐goals, and compromises have been defined. Understanding the needs and goals of

the parties to a franchise agreement is essential for research into improving this relationship.

The advantages and disadvantages of building a generalized and comprehensive SC model

were reviewed. Thanks to it, it was found that enterprises would create extended models, but

perceive the cost of such a solution.
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According to the literature analysis, the model is the basis of many Decision Support Sys‐

tems (DSS). The SCmodel can be the basis for implementing aData‐Driven Supply Chain (DDSC).

The development of BD technology and the use of advanced analytics expands the possibilities

of models. However, decision support is the constant core of the model building (P2).

There are 3modeling approaches in the literature. First is analytical, where amathematical

representation of the results is created. Second is a simulation, where a set of dependencies

between the components is created and the way of operation of subsequent components of

the model is modeled. The test data is then entered to determine the results. Models are also

created that use components, both using the principles of building a simulation and analyt‐

ical model. Such models are called hybrid. In addition, there is a division into deterministic

and nondeterministic models, depending on whether they consider the element of random‐

ness. Simulation models are usually very complex, and the cost of their creation and changes

is significant. Analytical models are cheaper to build and maintain. However, they require

knowledge from the analyst on how to formalize the functioning processes as a set of rules

and mathematical formulas. The DS methods help find these rules (P3).

Hence, the information needs of enterprises are constantly growing along with the advanc‐

ing economic changes and the complexity of the business model. Help for managers lies in the

potential of data. The development of data collection and processing technologies allowed to

increase the accuracy and complexity of the analyzes carried out. In addition, the reduction

in processing time has made analysis results available at the right time in the decision‐making

process. Enterprises wishing to implement a data‐driven management culture also need ad‐

vanced data analysis methods. DS methods allow for automatic detection of data anomalies,

multi‐criteria analyses, dimension reductions, cluster analyzes, and many other uses for SC

analysis managers (P4). The potential of using these analyzes is confirmed by several research

works and implementations in companies.

The great potential of DS methods makes it possible to use them when creating SC models

and meeting the requirements created by company management. Incorporating these meth‐

ods in themodel allows for auto‐configurability ofmany of its components, e.g. through cluster

analysis, reduction of multidimensionality, selection of features. It also allows for more com‐

plex analyzes, e.g. searching for outliers. Using DS methods allows to search automatically for

rules governing a given SC. These methods are universal and allow you to gain knowledge of

the SC and improve the efficiency of the SC (P5).
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Measurement of SC performance for many participants is rarely undertaken in the litera‐

ture. Most often, performance measurement relates to a single enterprise. Determining per‐

formance for the entire SC requires considering the goals of all participants. It is possible with

strong cooperation of entities forming the SC.Manymethods are used in the literature to assist

experts. Most often, several (3 to 5) measures are selected, with mature supply chains moving

away from non‐financial measures. Then, each measure comprises a set of measures selected,

e.g. by the AHP or ANP method. The selection and weights of measures are assigned based on

expert knowledge (P6).

The method presented in the paper is based on the use of BD technology and advanced

analytical methods to solve the problem of supply chain modeling. It combines elements of

management and the technical aspect of using DS methods and BD technology.

Contrary to the methods found in the literature, DS methods with the support of the BD

technology will improve the performance measures. Thanks to them, it will be possible to use

the potential in the data. The result of the work is the assessment of the functioning of the

modeled SC. The selection of performance measures and measures that are most important

for the assessment of the SC and its components, themethod of calculation, and the possibility

of adapting them to the changing environment.

The result of the work is the development of two methods that can be used in the SC anal‐

ysis. The first is the method of incremental SC modeling, which is sub‐goal C6, the second is

the method of improving performance measures, which is main goal.

The method of incremental modeling was created as a response to the growing needs in

creatingmodels in enterprises. In addition, the speed of changes taking place in business led to

the need for effective remodeling of the SC. In addition, the growing volume of data increased

in computation time, while the management expected the availability of analysis results in the

early stages of the decision‐making process. The resultingmethod allows for the automation of

some decision‐making processes. During the validation, a significant problemwith the division

of labor in modeling was noticed. There are need of technical, business and soft skills to create

a model. Technical skills include database architects and analysts. The required business skills

include contributing tomodel building as data interpretation, as well as presenting themodel’s

results to decision‐makers. Taking this problem into account allowed for the division of labor

and improved model creation in a complex business environment.
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Three aspects were distinguished in which the construction of the SC model can be con‐

sidered. Technical aspect presents the needs of the organization in terms of model creation

in terms of infrastructure solutions, analysis methods, tools supporting modeling, and data

presentation. The availability of infrastructure enables the construction of extended models

in a manner required for given applications, e.g. SC optimization. Limitations in the avail‐

ability’s scope of computing power or data may make it impossible to build the model as re‐

quired. Organizational provides business knowledge about building, using, and maintaining

such a model. It also defines human resources with knowledge in data analysis, business and

technical knowledge in data architecture. It also provides organizational structures, including a

decision‐making system. Environmental, which includes other SC members, but also the activ‐

ities of competitors and the legal environment. The result of the model is influenced not only

by the current decisions made in the enterprise but also by social and cultural changes.

According to the DSR paradigm, the figure 1 shows the 4 phases of the method. These

phases were data collection, data analysis, business use of analysis results and implementation

of corrections. For each phase, the environment provides the resources. The first two phases,

which are technical, use the infrastructure, BD technology, and require technical competence.

Business skills and knowledge are used to implement the next phases. Similar relationships

were defined in relation to the knowledge base. There is a feedback loop between the stages.

The incremental modeling method was a sub‐goal of C6. Prepared SC model, for the re‐

search, was made uses this method. The model used data from the distribution network. A

created instance allowed the model to be used to improve performance measures.

The developed method of improving the performance measures allowed to evaluate the

performance of the SC. Its creation, based on DS methods, allowed for the auto‐configuration

of the model after each start‐up. New data, features, measures are automatically included in

the analyzes after they are added to the data set. Hence, the amount of analytical work has

decreased. This method is better, according to a business speialist, than an expert method.

It allows you to determine different measures for different SC nodes. In addition, various di‐

mensions are considered, which allows a more detailed overview of the performance of the

SC. To create the presentedmethods, it was necessary to conduct a literature analysis and con‐

duct a series of interviews with business experts. They led to the development of a scientific

contribution in the field of management.
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Figure 1. Supply Chain incremental modeling method phases
Source: (Górtowski i Lewańska, 2020)

Research on the improvement of performancemeasures has contributed to the formulation

of the definition:

Excellent performance measures are those that meet business

requirements in terms of time and technical availability, meet information

needs in the decision‐making process, are measurable and calculated

according to universal methods at an acceptable cost of their calculation.

This definition combines aspects of the possibility of calculating the value of measures, util‐

ity and costs. The possibility of determining measures is included in ensuring their availability

in the decision‐making process, standardization of determination and measurability resulting

from the availability of data. Usefulness results from satisfying the information needs reported

by SC managers. Performance measures may be determinable and needed in the decision‐

making process, but the cost of setting them may well exceed the potential benefits.
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The method of improving performance measures uses DS methods. The reasons for using

DS methods in the model were:

• Providing auto‐configurability of the model – the model set the parameters itself based

on historical data. The created rules are adjusted to better respond to the changing mar‐

ket, which is represented in the model by data.

• Improving the quality of the created model – DS methods allow to get results that would

not be possible with standard methods.

• Support for the decision‐making process based on data – the use of advanced analytics is

to relieve the decision‐maker from making purely expert decisions. DS methods provide

answers to business questions through a multi‐criteria approach. The concept of data‐

driven decision making requires the introduction of precise algorithms, and these turn

out to be DS methods.

• Low implementation barrier – the use of DS methods has been significantly simplified in

recent years. The number of specialists has increased, with the creation of easy‐to‐use

libraries in many programming languages. In addition, the cost of processing decreased,

which gave impetus to the wider use of DS methods.

The method of improving performance measures uses methods of multidimensionality reduc‐

tion (PCA), outliers detection, feature analysis, cluster analysis, etc.

The feature analysis was to limit the number of measures and features used in the further

part of the analysis. This task allows you to limit the number of measures by:

• removal of redundant meters,

• removing features with low variance,

• removing irrelevant features.

The analysis of the features allows the reduction of the set by thosemeasures and features that

are not significant for the set under study. Thanks to the analysis of features, the possibilities

of interpretation are increased, while minimizing the loss of information. The time needed to

perform further calculations is also reduced.

Thanks to the cluster analysis, homogeneous groups are got. In the improving performance

measures method, the features of the tested object, that impact the performance measures

are considered.
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Among the useful methods of factor analysis, we can distinguish, for example, principal

component analysis (PCA). Thanks to it, the data is decomposed into a smaller number of di‐

mensions. Multiple measures are replaced with a single measure. For each group of measures,

such analysis allows to determine the value of a performancemeasure for an object and a class

of objects. The use of this method should be preceded by the normalization of the set. The

result is a list of objects and coefficients for determining performancemeasures for each of the

groups created in the cluster analysis.

An analysis of outliers was carried out. Independent sets of gauges describing the object in

different sections were selected. Each object was assigned to the group of a standard object

or an outlier observation.

The methods of SC incremental modeling and the improvement of performance measures

have passed the verification and validation processes. Using the incremental modelingmethod

allowed for the creation of the SC model. The performance measure improvement method

meets business, technical and meta‐model requirements.

Verification of requirements is aimed at eliminating possible system errors and adjusting

the system’s features to the requirements. Then, the validation was carried out, the purpose

of which is to check the correctness of the system operation and the possibility of using the ef‐

fects of its operation. Among the methods supporting testing, the Turing test and the scenario

method can be showed. The sensitivity of the model to changes was also checked.

The requirements verification stage has been divided into meta‐model, business, and tech‐

nical needs. Business needs include expectations as to the result of the system’s operation,

the way it is presented, and the organization of information flow and resource involvement.

The technical needs related to the tools, time, and technology of making the system. At the

verification stage, test scenarios were created, along with the expected format of the result.

The same scenario was made by a computer and two independent business experts. A more

elaborate method than the scenario method is the method based on the Turing test. In this

method, the expert and the computer system create the same analysis. They are presented to

a second expert who does not knowwhat result results from the computer system andwhich is

the result got by the business expert. The second expert is to assess which result is better and

to comment on this result. This is followed by a second round in which the results comments

are returned to the first expert who can comment on them.
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122 measures were selected for the experiment, which can be determined for the point of

sale, 47 features and data for 4,371 objects from 2 years, for the test environment, which is

a large retail network in Poland. Calendar, weather and geographic features should be added

to the features. Cluster analysis using the k‐means method allowed for the division of objects

into three groups. Their numbers were for: group A 1721 points of sale, B 1614, C 1036.

According to the evaluating expert, the developed method returns more accurate, more

realistic results. It considers more variables and adjusts the measures correctly depending on

the oject characteristics. Additional analyzes, such as an outlier analysis supplementing the

model, have the advantage. The efficiency of the solution allows to use results in the decision‐

making process in test company.

The analyzes were assessed against 5 criteria selectedwith the support of business experts:

scalability, completeness, auto‐configurability, brightness and ease of use. Completeness and

clarity were assessed by a business expert in using analyzes in the test enterprise. Ease of use

was assessed by a group of managers and analysts. Scalability and auto‐configurability were

designated without the support of business users.

Results are practical and enable business use in the short or long term. The results aremore

accurate than those got with the use of other methods, or were not possible without the use

of the proposed method. Cost of obtaining the analysis is not a significant factor compared to

the potential benefits in the opinion of the evaluating expert and the results are complete. The

performance of the model allows SC to get repeatable results, the model is scalable. Time to

get the results is short enough to be included in the decision‐making process.

The expert method is based on several man‐defined variants combined into a set of rules.

This selection is based on intuition and is independent of the characteristics of the points of

sale. The model allows for the selection of different measures for different points of sale. The

rule set is more sophisticated and allows you to capture more potential causes and events.

The assessment of business experts in the test environment and the conducted experiment

confirmed the truth of the thesis, which was:

It is possible to create a supply chain model using Data Science methods

that will improve the efficiency of selected links in the supply chain.
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On the basis of the conducted experiments, the author showed that DS methods can effec‐

tively help in SC modeling. Their use allows limiting human work, improving the quality of the

models created and extending the scope of the model results.

The conducted research is classified as new solutions to known problems. The SCmodeling

method, compared to the existing solutions, allows for faster reconfiguration of the model,

including auto‐configuration. It will develop a method of improving performance measures to

select metrics to evaluate SC performance.

The dissertation has been divided into 8 chapters, which include an introduction and a sum‐

mary. It is divided into two major parts. The first is devoted to the analysis of literature and

information needs. It comprises chapters two and three. The second present contribution and

comprises chapters four through seven.

The introduction contains the work’s motivation, thesis, research methods, the purpose of

the work, and specific goals. It also introduces some concepts and the structure of the work.

The second chapter summarizes the literature review in   the SCmodeling approach, the use

of BD technology, and DS methods in SCM and with performance measures in SC. The third

chapter explains the selecting a representative SC for the study. It will be a test environment

for the developed artifacts. It also identifies the needs that are to be met by research.

In the self‐contribution part, selected performancemeasures for the test environmentwere

described, along with a description of the method verification and validation. The fifth chapter

presents the method of incremental SC modeling. This method is based on the technical layer

based on the BD technology and the analytical layer using DS methods. Chapter six describes

the use of the SCmodeling method to improve performancemeasures. The last chapter of this

section is the method evaluation presented in the experiments.

The work ends with a summary that summarizes the research results. It was discussed

how the assumed goals of the work were achieved. Directions of development of the methods

described in the paper are also presented.
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