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Abstract: This paper proposes a framework to extract knowledge-management elements from
business systems in healthcare organizations. According to results of in-depth interviews with
experts in the field, a framework is defined, and software was developed to generate log files.
Following the application of the Bag of Words (BoW) method on log files of 455 days for feature
extraction, the k-means algorithm was used to cluster the feature vectors. The framework was tested
with queries for confirmation. The developed framework successfully clustered the generated reports
at operational, tactical, and strategic levels to extract knowledge-management elements. This study
provides evidence for the knowledge-management pyramid by finding that the generated reports are
reviewed mostly at the operational level, then tactical, and then the least at the strategic level. Our
framework has the potential to be used not only in the health sector, but also in banking, insurance,
and other businesses using business intelligence, especially in accordance with the organization’s
goals at operational, tactical, and strategic levels of the knowledge-management pyramid.

Keywords: knowledge management; business-intelligence systems; clustering; text mining;
healthcare business intelligence; application; log file; management pyramid

1. Introduction

Information technologies are reshaping the competition in enterprises and are leading
to a global knowledge society [1]. In order to achieve a competitive advantage, organiza-
tions need to be prepared for and regularly updated on future trends and applications with
the help of business intelligence (BI) tools [2]. In this vein, the use of machine-learning
techniques is becoming irreplaceable in knowledge management [3,4] from Industry 4.0
in general [5] to healthcare [6], spanning a wide range from predicting diseases [7–9] to
high-level knowledge extraction [10,11].

Enterprises can be considered as capital-intensive enterprises or knowledge-intensive en-
terprises [12,13], and knowledge-intensive enterprises attract intense attention in knowledge-
management research [14]. Studying the dimensions of knowledge management orientation
and analyzing the survey data from managers of large firms, Lin showed that the major
factor of internal process performance is knowledge sharing, and that financial perfor-
mance is affected by non-financial performance measures such as learning and growth [15].
Through a comprehensive literature analysis bridging the professional complex systems
and knowledge network structure, Rangachari found that, contrary to complex systems
where the effective knowledge-sharing networks may be richer in density, it may be richer
in brokerage and hierarchy in the professional complex networks [16]. Based on empirical
data, Gerbin and Drnovsek studied knowledge management in academia—industry inter-
actions and found negative effects of collaborations with industry on knowledge sharing of
researchers [17].

Appl. Sci. 2022, 12, 5621. https://doi.org/10.3390/app12115621 https://www.mdpi.com/journal/applsci

https://doi.org/10.3390/app12115621
https://doi.org/10.3390/app12115621
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0002-0708-1945
https://orcid.org/0000-0002-5872-9158
https://doi.org/10.3390/app12115621
https://www.mdpi.com/journal/applsci
https://www.mdpi.com/article/10.3390/app12115621?type=check_update&version=1


Appl. Sci. 2022, 12, 5621 2 of 15

Via integration of the open innovation and knowledge-transfer literature, Simeone et al.
developed a framework for effective knowledge translation mechanisms, in particular
for the R&D projects [18]. Due to the dynamic and complex nature of knowledge sys-
tems, managing knowledge which might not be predictable or controllable requires an
intense effort [19,20], advanced theories and framework development [21]. Leadership in
knowledge-intensive firms is also a center of attraction in knowledge-management research.
Very recently, focusing on the thought leadership in knowledge-based organizations, Har-
vey et al. addressed the problem of providing a comprehensive definition of the thought
leadership, found specific tensions as a consequence of creating thought leadership and
developed a framework for the engagement of thought leadership at various levels [22].

Extracting knowledge from medical or clinical documents through developing frame-
works based on NLP has been a key direction in the field, and transformer models are
attracting increased attention. For example, the Bidirectional Encoder Representations from
Transformers (BERT) [23] model was used by Arnaud et al. to learn contextual embeddings
from free-text triage notes of a French hospital’s emergency department [10]. BERT models
were also used by Harnoune et al. to extract knowledge from biomedical clinical notes [11].

While extracting and managing knowledge in the healthcare industry has already
been taking advantage of developing frameworks based on various natural language
processing (NLP) techniques [24], there is still a great deal of room for research and
development. Based on a two-decade experience of NLP practices at the Mayo Clinic,
Wen et al. recently pointed out room for improvement by developing a framework for
stressing the potentials of NLP in healthcare [25]. As social media platforms have already
become a major information source, NLP techniques are recently being employed to extract
knowledge from the communications among patients and healthcare professionals on
social healthcare networks [26].

Aiming to contribute to knowledge management in the healthcare industry, the present
work is based on the following steps. First, in order to understand the need for BI systems
and the capabilities of business intelligence software, we interviewed 32 experts. Second,
based on the interview data, we translated the data into meaningful information by the
framework developed as the core contribution of the present work in alignment with the
recent literature exploring the potentials of NLP in knowledge management in healthcare.
To achieve the framework goals, we developed a software to generate log files. Third,
for the validation of the defined framework, we conducted a case study of a healthcare
group (Hospital 1), a leading actor in the Turkish medical industry, with 17 hospitals,
13 medical centers, and around 13,000 staff. Please note that, in compliance with regulations,
the name of Hospital 1 is undisclosed. We analyzed the log files generated for Hospital
1 that contained data for 455 days. In order to extract features from the data, we applied
the Bag of Words (BoW) method, and then clustered the feature vectors using the K-Means
clustering algorithm [27]. Monitoring the types of data created by the organizations, we
analyzed the log files that contained demand-specific reports and their reviews by different
managers. After discussions with medical and technical professionals, the framework
was tested with queries for confirmation. The reliability of the presented framework can
be defined as correctly identifying people in accordance with the management pyramid
through their backgrounds, and this reliability was confirmed through feedback from
various professionals, including the Chief Technology Officer, nurses and doctors. It is
found that the present study of investigating the reports of various personnel of a hospital
and mining the text to determine their place in the applying knowledge management
pyramid (strategic, tactical and operational level) as a real-life case is an embodiment of the
decision-making levels described in the knowledge-management literature.

This paper is structured as follows. Following a more detailed literature review
below, first, the concepts used in the paper are defined. Then, the case in consideration
is introduced in the methodology, and the case study and text-mining algorithms are
discussed. Finally, the results of the study are set out and potential research directions
are discussed.
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Hospitals are complex organizations and diseases are complex problems that are
difficult to solve [28,29]. A solution is usually produced by gathering and evaluating data
from many sources. While creating a solution, it is imperative that people with different
goals and expertise work together in harmony.

Being a knowledge-intense industry, healthcare is a cradle of research in knowledge
management and business intelligence, where advanced techniques are used. For example,
through structural equation modeling (SME) on survey data, Kim et al. found evidence that
the institutional structure is a key influencer in knowledge-sharing practices, improving
patient safety considerably [30]. Performing SME on survey data, Wang and Byrd found
that units in healthcare industry can substantially benefit by obtaining valuable knowledge
via business analytics tools through knowledge absorption effectively, and improve the
decision-making process [31]. Through purposive and snowball sampling and thematic
analysis, Pahani et al. discovered major themes and sub-themes in the tacit knowledge flow
amongst physicians on social networks [32]. As healthcare virtual communities emerge
and grow, the natural question arises: what are the influencing factors in the growth of
these communities?

Addressing this question, Antonacci et al. conducted a seven-year research study
and collected communications data from 16 healthcare virtual communities of practice.
Applying multilevel regression models, they found that the growth of a community can
be predicted through structural and content-based variables, and that dynamic leaders
play a key role in the growth of the community [33]. Analyzing the data collected from
healthcare end users, Sánchez-Polo et al. showed how continuous learning practices can
help overcome the barriers created by IT assimilation in healthcare industry through lack
of appropriate training, hierarchical or bureaucratic procedures and cultural gaps [34].
Besides worldwide issues in knowledge management in healthcare industry, due to cul-
tural differences, research based on specific regions make a substantial contribution to
knowledge-management science. An interesting recent research study in this vein was
conducted by Maheshwari et al., focusing on the healthcare industry in India. Performing
partial least square SME on survey data collected from healthcare professionals, they ex-
plored how the indigenous cultural factors such as face, reputation and reciprocity affect the
knowledge-sharing practices in Web 2.0 [35]. Collecting data from the frontline community
health workers fighting breast cancer in the Gujarat region of India, Fletcher-Brown et al.
found that mobile technology generates knowledge as a resource for improving health-
care [36]. Focusing on the Lebanon case and analyzing the data collected from hospital
workers, Epaminonda et al. found no significant relationship between independent and
dependent variables such as information and communications technologies, knowledge
management, job satisfaction and customer satisfaction [37].

Framework development is at the heart of knowledge management in healthcare.
Focusing on the practices of information-communication technologies in healthcare de-
livery, Tripathi et al. developed a framework to demonstrate the creation of knowledge
at organizational boundaries [38]. Collecting data from a Brazilian hospital system and
adding absorptive capacity to the organizational knowledge cycle, Souza et al. designed a
framework to develop a novel knowledge management for healthcare [39].

Knowledge management (KM) is based on data and therefore evidence. It is often
used in the healthcare industry as evidence-based medicine, and in the literature it is called
“Evidence-Based Knowledge Management” [40]. Knowledge management should define a
continuous process as factors such as technology change rapidly. In order for organizations
to achieve their goals, relevant and valuable data must be gathered, shared and knowledge
management rituals should be applied as a continuous process [41].

A good knowledge-management system should measure an organization’s achieve-
ment of its goals at strategic, tactical and operational levels, which are often called decision-
making levels [42]. At the strategic level, decisions are made by answering the questions:
“At which state must the organization reside?” and “Which area of business must be
chosen”. At the tactical level, strategic ideas are identified by answering questions such
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as “How do we compete?”, “How do we outclass other organizations?” and “How do we
succeed in this competition?”. At the operational level, functional and supportive actions
are carried out to achieve the determined strategies. Through these actions, tangible deci-
sions are made [43,44]. We identified that it is carried out at different levels, i.e., strategic,
tactical, and operational levels, as illustrated in Figure 1; this is also called a management
pyramid [43,44].

Figure 1. The management pyramid (source: ref. [43]).

BI is a part of knowledge management, covering the methods and processes of con-
verting data into information and information into knowledge [45,46], and it is defined as
an analytic process that uses acquired data to formulate decisions [47].

The business value of BI in healthcare organizations is measured through the effective
use of resources [48], and measures of cost avoidance [49] and improved patient care [50].
Critical success factors for BI have been investigated and BI maturity, information content
quality, information access quality, the analytical decision-making culture, and the use of
information in business processes are defined as BI success dimensions [51].

2. Materials and Methods
2.1. Interviews: Understanding the Structure

Multiple semi-structured interviews with 32 experts were conducted to identify the
needs and expectations of using a business intelligence system. After initial interviews
with several expert groups, including the Chief Executive Officer (CEO), Chief Informa-
tion Officers (CIO), and Software Group Leaders (SGL) of three private hospitals, four
different BI software vendor consultants (SVC), numerous director medical doctors (DMD),
and managers of nursing services (MNS), it was found that Hospital 1 is an appropriate
case for this study, which is described in Table 1.

Table 1. H1 Hospital in the in-depth case study.

Case Hospital Hospital 1

Provider Hospital 1 Healthcare Group
Established 1991
Employees 2200 doctors, 3500 nurses; 13,000 in total
Facilities 19 hospitals and 13 medical centers
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Hospital 1 is a leading actor in the Turkish medical sector that has long since used
BI tools and was eager to provide quantitative data. We developed software based on the
expert interviews and information from Hospital 1 to generate log files to store digital
actions for different types of employees and experts within an internal network. In to-
tal, 32 experts were each interviewed privately by one of the interviewers in a total of
46 sessions. Table 2 summarizes the interview information. The information gathered from
the interviews with the experts was used to analyze the current situation. It was translated
into clearly identified research goals, which were used as input for the case study and text
mining phases.

Table 2. Summary of the interviews.

Position of the Interviewee Number of Experts Number of Sessions

CEO/Director 7 8
CIO/SGL 5 8

SVC 8 13
DMD/MNS 12 17

Total 32 46

2.2. Case Study: Implementing the Phenomena

Due to the nature of the field and the paucity of organizations that use BI tools, we
conducted a case study as a qualitative research method. Yin has criticized the utility of
case studies, as they are generally used in research asking the questions why and how,
and about contemporary phenomena in practical life [52]. However, we investigated the
decision levels in medical organizations, which are complex systems [29] and focused on
understanding the dynamics of a complex system based on a single case [53].

The goal of this work is to contribute to the field and provide a framework for the
scholars and practitioners for extracting knowledge from event logs recorded by the BI
software. Event logs are generally used for detecting process, control, organizational,
and social structures [54]. The structure of the log file is dependent on the type of server
and database. The log file developed by the software includes “date”, “user name” and
“report_id” fields. The date is in <yyyy>/<mm>/<dd> format and contains a time stamp
of when the log’s transaction happened. The user name is in <user’s name> format
and contains the user name of the user performing the transaction. The report ID is in
<report_id> format, which also lets the software obtain a report’s review count. Analyzing
the log files, tables are created, such as the one presented in Table 3.

Table 3. Analyzed Log File.

Position Report Date Review Count

Chief Executive Officer Survey number 12 January 2014 2
General Manager Stock turnover 6 May 2013 1

After analyzing Hospital 1 as an in-depth case study, text-mining techniques were
applied to understand the relations (information), patterns (knowledge) and finally the
principles (wisdom). Data gathered from different sources are stored in a Data Warehouse
after passing through the “extract, transform, and load” (ETL) procedure. A report is
produced corresponding to the needs of users by constructing essential relations from the
data. The log file includes user information, report type and the time of the request when
sending the requested report to the user. The log files were separated into clusters at the
strategic, tactical and operational levels according to the position of the requester using a
model-based approach. The framework is illustrated in Figure 2.
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Figure 2. Framework used for mining at the decision-making Level.

2.3. Understanding the Data: Model-Based Method

The data are grouped using K-Means cluster algorithms developed by Lloyd [27].
Cluster methods aggregate similar or interrelated data into the same cluster [55]. Cluster
methods are generally classified into four groups: partitioning, hierarchical, density-based
and model-based methods. Within the scope of the present study, model-based methods
were chosen because the data groups could be formed according to appropriate “manage-
ment levels” as suggested in the literature. Our method counts every cluster as pertaining
to a model; hence, the data are grouped with respect to the related models, as explained
by Han et al. [55]. The general scheme of the system is illustrated in Figure 3. This system
contains log files that include who viewed the specific functional features of the hospital;
for example, the medical operations performed that day. These log files were examined
and the words in the files were identified according to our BoW method, as explained
in the following subsection. These words are defined as the data. Then, we applied the
K-Means clustering algorithms to these words to find the predefined strategic, tactical
and operational clusters. These clusters are considered as the information. Finally, a hospi-
tal management report is generated. This report indicated that this hospital is managed
at the operational level 73.98% of the time, at the tactical level 19.81% of the time, and at
the strategic level 6.21% of the time. Based on this report, the hospital CEO can make
hospital-management decisions. Insight and focus of each level of the organization was
taken into consideration when clustering the data and identifying the clusters themselves.

Figure 3. The general scheme of the system.
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2.4. Bag of Words (BoW)

In this paper, we designed a model-based system using the text-mining algorithm
Bag of Words (BoW). With this method, we are able to retrieve the useful data from an
unstructured log file. Many studies have used the BoW method [56–59], and in a recent
study, combining BoW with word embeddings, Ahmed et al. showed how to improve
classification of biomedical texts [60].

We improved the performance of multiclass classification of biomedical texts for car-
diovascular diseases by combining two different feature representation methods, i.e., bag-
of-words (BoW) and word embeddings (WE).

A term is considered an element of a dataset. Then, each file is checked to see whether
the term is included. A feature vector is created according to the existence or non-existence
of words. Figure 4 outlines the feature extraction using BoW method. Hospital 1 uses the
balanced scorecard as a strategic management system, which was also studied by Lin [15].
Analyzing the balanced scorecard documents, we found that some words play big roles in
operational, tactical and strategic issues. For example, “key performance indicator metrics”
are operational, “objectives” are tactical and “strategies” are strategic. These words were
defined as the words in our BoW method. Table 4 presents examples of these words.
After using the BoW Method, we clustered the feature vectors using the K-Means clustering
algorithm, as explained in the following subsection.

Table 4. Feature pool (some of the special terms in our word bag).

Strategic Level Tactical Level Operational Level

develop, process, number, patient,
continuous, excellence, waiting, time,

improvement, patient, admitted,
culture satisfaction inpatients,

total, income

Figure 4. Illustration of the feature extraction using BoW method.

2.5. K-Means Clustering Algorithm

The K-Means clustering algorithm is one of the most popular clustering algorithms [61–63].
It is a good fit for the presented research as we investigate “management levels” which
are the clusters in consideration and we have a reliable feature pool for initialization.
The algorithm divides instances into predefined K clusters. The center of each cluster is
calculated first. After each iteration, the closest instances are added to that cluster and new
centers are calculated. The algorithm continues until the centers converge. In the present
study, because three categories are considered: strategic, tactical and operational, we set
K = 3. Our feature vectors were partitioned into these classes and these clusters were in
pyramid form, as shown in Figure 5, where strategic, tactical and operational clusters are
shown in green, blue and orange colors, respectively. The illustration of the methodology
is shown in Figure 6.
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Figure 5. The clusters are in pyramidal form.

Figure 6. Methodology and the general flowchart of information.
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The software is developed in C# language [64] in The JetBrains Rider IDE [65]. Oracle
Business Intelligence Enterprise Edition is used in Hospital 1 to develop BI dashboards [66].
Oracle Data Integrator is used for ETL [67]. Wolfram Mathematica [68] is used to plot the
data in Figure 7.
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Figure 7. Number of reports reviewed each month by Director of Business Management (Doctor),
CEO, and Others.

3. Results

Event log data were acquired from the sample hospital’s BI tool, which contained data
throughout a period of 455 days. In this study, we identified 1595 reports reviewed by
managers at different levels, including the Outpatient Center Manager, Chief Executive
Officer, General Manager, General Manager Accounting, Hospital Service Managers, Direc-
tor of Business Management (Doctor), Managers of Nursing Services, Director of Business
Management, Director of Business Management (Finance) and Medical Center Manager,
as presented in Figure 7.

From the pyramid model and the BoW cluster analysis, it is clear that if managers
are at the “strategic level”, they are expected to interact with the strategic reports more
frequently. The frequency of BI tool use by the hospital managers is shown in Table 5. The
Chief Executive Officer processed 733 reports, of which 214 were strategic or tactical and
519 were operational. The Director of Business Management (Doctor) reviewed 582 reports:
106 were strategic and tactical and 476 were operational. The Management Director looked
at 53 reports: 20 were tactical and 33 were operational. The General Manager examined
63 reports: 21 were strategic and tactical, and 42 were operational. The Managers of
Nursing Services used the BI tool only twice in 455 days and reviewed 20 reports, of which
16 were tactical and four were operational.
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Table 5. Number of reports examined with respect to positions.

In Agreement
with the Pyramid? Level of Control/ Position Strategic Level

Reviews
Tactical Level

Reviews
Operational

Level Reviews
Total Number of

Reports Examined

Chief Executive Officer 77 137 519 733

YES Director of Business
Management (Doctor) 21 85 476 582

General Manager 1 20 42 63

NO

Director of Business
Management (Finance) 0 5 70 75

Director of Business
Management 0 20 33 53

Outpatient Center Manager 0 24 26 50
Managers of Nursing

Services 0 16 4 20

Medical Center Manager 0 6 10 16

Hospital Service Managers 0 2 0 2
General Manager

Accounting 0 1 0 1

Total: 99 (6.21%) 316 (19.81%) 1180 (73.98%) 1595

4. Discussion

Developing NLP-based frameworks for extracting knowledge and actionable insights
from medical and clinical data is at the heart of knowledge management in the healthcare
industry [4,7–11,25,28]. Aligned with these research efforts, the main purpose of this work
is to provide a framework to extract knowledge management from business intelligence for
the scholars and professionals in the healthcare knowledge-management field. Knowledge
management can be defined as gathering, sharing and applying knowledge to create
business value. Using business intelligence fully supports data collection and the sharing
element of knowledge management, but applying knowledge to create business value may
differ according to position.

In previous research, Türkeli and Erçek defined 3 strategies (strategic level), 21 strate-
gic targets (business management, tactical level) and 223 criteria at the operational level in
a teaching and research hospital [69]. The current research results are in good agreement
with the model (Management Pyramid) shown in Figure 1 through the analyses of the total
number of strategic, tactical and operational level reports. However, as seen in Table 5,
the data form two clusters: a cluster showing agreement with the model, and a cluster that
does not show agreement with the model. Managers from a technical background con-
centrate on an operational (143 reports) level primarily and on a tactical (74 reports) level
secondarily. This result can be understood from the perspective of project-management
science, as follows. Functional managers who use the analytic approach are specialists
in the relevant field and they know the details of each operation in their remit. Project
managers, on the other hand, who use the systems approach and are expected be skilled at
synthesis, should experience a “metamorphose from a technical caterpillar into a generalist
butterfly” to be able to oversee many functional areas and gain the ability to synthesize the
pieces to form a coherent whole [70]. Hence, an important contribution of this work to the
field is to evaluate the managerial competency of healthcare organizations’ managers by
extracting the knowledge corresponding to their report viewing data.

At every decision level (management pyramid), the determination of correct strategies
and decisions is related to a reliable decision-making process. Fountas et al.separated the
decision-making process into three parts: gathering data; correlating data with information;
and making further connections with this information, leading to a decision [71]. March
and Hevner identified the first phase of this process as intelligence, in which information is
gathered to be processed for management decisions [72]. Business intelligence (BI) is de-
fined as the collection of the remaining levels, where a decision is achieved after performing
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analytical operations. In a rapidly changing environment, i.e., one with growing amounts
of data, it is vital to perform analytical operations using BI tools and BI dashboards [47,73].
Sahay and Ranjan approached BI from two perspectives: process and technological. They
clarified BI as an analytical process that shapes acquired data into decisions [47]. In this
way, strategic goals need to be adapted to enable the business to survive in a competitive
environment. As their second approach, they claimed that BI was a cluster of technological
concepts, such as text mining and online analytical processing (OLAP), and that BI tools
store data about analytical operations. Türkeli identified BI as applications that are capable
of providing the desired information to the required site within an appropriate time [74].

The significance of the decision-making process is apparent, as every organization
encounters a dynamic environment shaped by the nature of business competition [47].
As this technology-dependent process determines the survival of organizations, various
kinds of research have discussed thriving BI systems and the benefits of BI tools. Türkeli
determined the significance of BI by using a survey of information technology (IT) managers
by the Gartner Company, and pointed out that BI investment is acknowledged as the most
important and privileged IT investment [74]. Murphy and Simon discussed the complexity
of benefit evaluation in BI tools, as BI tools provide mainly intangible benefits that are not
directly visible through cost analysis. They summarized the intangible benefits under five
topics: operational, managerial, strategic, IT infrastructure and organizational [75].

The terms of strategic, tactical and operational decision-making have been set out
here, and it has been determined that these levels are relevant to BI tools. In this study,
using log file mining, the number of reports at strategic, tactical and operational levels
were identified.

The concept of mining knowledge from a log file is not a new idea [54,76], but mining
knowledge elements from a log file is a new idea, presented herein. The interviews demon-
strated that the data needed for this study were included within log files. Consequently,
the BI tool log file was used as the data source. When the study had progressed to that
point, the necessity of a research method for understanding the existence of changes in
log files was raised, as in Figure 3. Among the text-mining methods, we chose the model-
based method with K-means analysis, a type of cluster method [55], as detailed in the
Methods section.

Limitations of the present work can be considered as follows. Firstly, although the
BoW method was found to be successful in designing and testing the present framework,
other approaches have attracted more attention recently. Transformer-based machine-
learning techniques for NLP are especially worth considering within the same context. For
example, BERT models [23] are considered promising for future improvements and possible
generalizations of the present framework, as well as for comparing the performance of
such methods. Though considered to have a minor impact on the results of testing the
framework, another limitation is the number of interviewed experts. Thus, having the
opportunity to access more experts could potentially improve the results.

Choosing the number of clusters, k is a challenge in general for evaluation of the
quality of clusters, requiring metrics such Within-Cluster-Sum of Squared Errors. In the
present work, however, the number is set to k = 3 by definition, associated with the
clusters of tactical, operational, and strategic level as imposed by the theory of Management
Pyramid [43], and following the expert opinions, each word in the BoW is pre-associated
with one of the clusters. Hence, although another choice with k 6= 3 could potentially lead
to slightly better or worse results, it would not be in accordance with the theory.

The final validation of the framework was conducted through expert reviews which
were consulted in design process of the framework, as listed in Table 2. The experts
reviewed the results carefully and stated that our results are in a good alignment with their
knowledge and experience, meeting their expectations from the developed framework. In
more detail, an important aspect of the results is that, as presented in Table 5, the agreement
of the report examining process with the Management Pyramid (in Figure 1) depends on
the level of control. That is, while a good agreement is found for the top level, this is not



Appl. Sci. 2022, 12, 5621 12 of 15

the case for the lower levels, being one of the major findings of our framework, which is
confirmed by the experts.

5. Conclusions

In this work, a novel framework for distinguishing knowledge application (decision-
making) and management levels by analyzing log files is presented. The reliability of this
framework was confirmed by professionals from various medical organizations. After
analyzing log-file data for the selected case using text mining, we concluded that most of
the reports reviewed by various managers were not at a strategic level (only 6.21%). The
majority of the reports created by the BI tool were operational (73.98%) or tactical (19.81%).
Our results clearly indicate that this real-life case is an embodiment of the well-known
management pyramid.

The Chief Executive Officer, Director of Business Management (Doctor), and General
Manager showed agreement with the model, whereas the Director of Business (Finance), Di-
rector of Business Management, Outpatient Center Manager, Managers of Nursing Services,
Medical Center Manager, Hospital Service Managers, and General Manager Accounting did
not show agreement with the model. Managers from a technical background concentrate
on the operational and tactical levels. The gap between a business intelligence system
and applying knowledge (decision-making levels) is determined by the background and
behavior of the users, which are very important at the decision-making level. For example,
nurses, accountants and financial officers have technical backgrounds and solve routine
business problems daily. The Managers of Nursing Services are experienced nurses who
are specialized in patient care. When a nurse becomes a manager, his/her background
and behavior is aimed at solving daily or weekly problems, so their decision-making level
is operational and tactical. The chief executive officer, general manager and director of
business management have a functional background and behavior. Typically, they have a
Bachelor’s degree in the health sciences or business administration and all of them have a
Master’s of business administration. Their background and behavior are aimed at solving
daily, weekly, monthly and yearly problems, so their decision-making level is operational,
tactical and strategic. The business intelligence system should be redesigned after looking
at the decision-making levels based on user background and behaviors.

From an academic research perspective, this study extracts knowledge management
from business intelligence levels. In practice, this study suggests a framework for analyzing
the performance of business intelligence systems. By analyzing the performance of business
intelligence systems organizations can maximize the benefits of their business intelligence
systems and applying knowledge to create business value.

In future research, it would be useful to examine text mining in business areas other
than the medical sphere to validate the reliability of the management pyramid. This study
contributes to the significance of information systems research in the medical domain by
verifying the reliability of text mining and clustering methods.

Finally, it should be remembered that business intelligence is sufficient at the point
of gathering and sharing elements of knowledge management. It is important to make
personalized designs for the values expected from people and their demands at the point
of applying knowledge. The proposed framework will be beneficial not only for the health
sector, but also for banking, insurance and all other businesses using business intelligence.
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