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1.1 Definition

111

Recommender systems, also known as recommendation systems, are specialized
software applications that leverage artificial intelligence to make tailored
suggestions for users. According to [ Wikipedia], a recommender system is a "a
subclass of information filtering system that provide suggestions for items that are
most pertinent to a particular user. Typically, the suggestions refer to various
decision-making processes, such as what product to purchase, what music to listen
to, or what online news to read. Recommender systems are particularly useful when
an individual needs to choose an item from a potentially overwhelming number of
kvgou"vjcv"c"ugtxkeg"oc{"qghhgtOTm

These systems assist users in various decision-making processes, such as selecting
a product, choosing music, or picking news articles to read online. Recommender
systems are particularly valuable when users face an overwhelming number of
options, enabling them to focus on relevant choices rather than sifting through
countless items. As outlined in [Mining of Massive Datasets. Chapter 9
Recommendation systems] these systems can broadly be classified into two types:

1 Content-based filtering focuses on analyzing the features of items a user
has already expressed interest in. For example, if a Netflix user has
previously watched cowboy movies, the system might suggest more movies
within the "cowboy" genre. This type of system is highly personalized, relying
gp"vjg"wugt Xu"kpf kxkfwecn"xkgykpi"jkuvqgt{"
recommendations.
1 Collaborative filtering , on the other hand, identifies similarities between
users and/or items to make suggestions. In this approach, items
recommended to a user are often those that similar users have preferred.
This technique leverages similarity measures and can utilize clustering

vgej pkswgu"vg"hkpf"rcvvgtpu"coqgpi "wugtuX"
content-based and collaborative filtering are foundational methods in
tgeqoogpfgt"u{uvgou. "vjg{"ctgpXv"cnyc{u".L

algorithms and hybrid models are continuously being developed to improve
recommendation accuracy and effectiveness, allowing recommender
systems to adapt to users' evolving preferences more effectively.


https://en.wikipedia.org/wiki/Recommender_system
https://doi.org/10.1017/CBO9781139924801
https://doi.org/10.1017/CBO9781139924801
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The main idea of both systems is present in the picture:

Collaborative Filtering Content-Based Filtering

Watched by both users

° ° O Watched by user
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Recommended to user

Watched by her,
Recommended to him

1.1.2

Which method in recommender systems analyzes item features that a user has
shown interest in?

Content-based filtering
Collaborative filtering
Hybrid filtering
Pattern-based filtering

= =4 -4 =4

1.1.3
Select the correct statements about recommender systems.

1 Content-based filtering focuses on item properties.

1 Collaborative filtering identifies similar users' preferences.

1 Recommender systems help in decision-making by providing relevant
suggestions.

1 Collaborative filtering only uses individual user preferences.

1.1.4
Content-based filtering
Content-based filtering works by identifying items with similar content, focusing on

the user's interests to recommend related items. When a user watches a movie, the
system analyzes its attributes Y such as genre, director, or keywords associated with
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its content. It then suggests other movies with matching or similar characteristics.

This is different from collaborative filtering, where recommendations are based on

preferences of other users with similar tastes. Content-d cugf " hknvgt kpi "f qg
other users' data; instead, it requires a description of the item itself, which makes it

highly personalized for each user.

Unlike collaborative filtering, which leverages group data, content-based filtering

utilizes additional details about the user and items to make individualized

predictions. For instance, descriptive keywords from a movie, like "thriller," "action,"

or "historical," are compared with past selections by the user to highlight preferences.

Vi ku"ogvjqgf"gpcdngu"oqtg"tghkpgf"tgeqoogpfcyv
history with content attributes. It means that the only history necessary for making

predictions is that of the target user, which can be highly effective, especially when

itgwr "rtghgtgpegu"ctgpXv"cxckncdng"qt"tgngxec

Content-based filtering also uses feature extraction techniques to analyze
descriptive aspects of the items. By breaking down a movie's description into
keywords, genres, or other meaningful attributes, the system can match these
hgcvwt gu" y k vast chojces.” Thisl getsogaliZed approach offers precise
recommendations, especially when the user's preferences are clearly reflected in the
item's content. Because content-based filtering does not depend on others' ratings,
it works well when items or users lack extensive rating data, ensuring a tailored
recommendation experience based on each user's unique interests.

1.15
Content-based filtering focuses on similar content to recommend items
to the user, unlike filtering, which relies on other users' preferences.

1 analyzing
1 similar
1 collaborative

1.1.6
Collaborative filtering

Collaborative filtering systems are among the most widely used and advanced
recommendation technologies on the market. The defining concept of collaborative
filtering is its "collaborative" nature, meaning it relies on evaluations and ratings from
otherusgt u0O" Hqt "gzcorng. "kh"{gw"ycpv"vqg"mpqgy"V]j
you could ask people with similar tastes for their opinions. By gathering input from
users with similar preferences, the system can build a list of recommendations based
on their ratings and past interactions. Collaborative filtering gathers user ratings on
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items, identifies shared characteristics among users based on these ratings, and
generates new recommendations by comparing user preferences.

Collaborative filtering methods can be divided into two main categories:

1 Memory-based methods, often referred to as neighborhood-based
approaches, leverage other users' ratings to predict how a target user might
rate an item. This can be done through two variants: user-based, where
similar users are identified, and item-based, where similar items are used to
tgeqoogpf"dcugf"gp"Vvjg"wugt Xu"rtghgtgpeglt
historical data without creating complex models, making them relatively
straightforward yet effective when sufficient user data is available.

1 Model-based collaborative filtering takes the technique a step further,
incorporating advanced machine learning models such as decision trees,
latent factor models, and neural networks to make predictions. Instead of
directly using raw ratings, model-based methods use statistical techniques
to uncover underlying patterns and trends in user behavior, allowing for more
complex and nuanced recommendations.

1.1.7
Collaborative filtering relies on from other users, recognizing shared
preferences among users. Memory-based methods focus on ratings, while
model-based methods use learning for recommendations.

1 analyzing
! machine
1 evaluations

1.1.8

Memory-based or neighborhood-based system collects behavioral information

about how you interact with items - what ratings you have, how you rate, what you
view and/or what you purchase. One typical approach is to create a user rating matrix
containing user ratings on movies. We find simil arities and make recommendations.
Similarity is not only limited to the user's taste, in addition, similarity between

different items can also be considered. If we have a large amount of information

about users and items, the system will provide more effective recommendations.

10
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Example:
- -
""1 ""1
Tim Tim
b =)

. >
3
o =

John John

(@) User-based filtering (b) I1tem-based filtering

In the collaborative filtering above, there are three users Tim, Amy and John who are
interested in desserts. The system detects users who have the same taste in
purchasing products, and the similarity between users is calculated based on
purchasing behavior.

1 User-based collaborative filtering : Tim and John are similar because they
bought similar products.

1 Item-based collaborative filtering : the system checks for items similar to
items the user has purchased. The similarity between different items is
calculated based on items and not users for prediction. Tim and Amy bought
an ice cream sundae and an ice cream cone, so it turns out they havesimilar
tastes.

The application domain for recommender systems is very wide. Typical application
are known form movie databases, which we will also use. But they are many
applications for business purposes [ Recommender Systems For Business- A Gentle
Introduction ] available. Many possibilities for recommender systems are still waiting

for solution.

1.1.9

Which collaborative filtering method uses machine learning models to predict user
preferences?

Model-based
Neighborhood-based
Memory-based
Item-based

=A =4 4 =4

11


https://www.width.ai/post/recommender-systems-recommendation-systems
https://www.width.ai/post/recommender-systems-recommendation-systems
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1.1.10
Which filtering method uses only the user's preferences to recommend items?

Content-based filtering
Collaborative filtering
Social filtering
Collective filtering

= =4 =4 =4

1.1.11
The main methods used in recommender systems are:

Memory-based methods
Model-based methods
Matrix-based methods
Moutain-climbing methods

= =4 =4 =4

1.2 Easy example T movie selection

1.2.1

Typical recommender systems applications are known from the movie industry.

Movie portals offers so many movies that it is difficult to navigate them and it is very

difficult to choose a suitable movie for a specific occasion. To facilitate the choice,
weecp"fghkpg"c"ugv"qgh"rct cog vhgkt4us ""*ghvget 0"+g'zccpofr”
them to all movies.

Vig" ugngevkgp" rtgdngo" egwnf " dg" rtgugpvgf™" d
database inMS-Gzegn" *vjcv"ku"yj{"vjg"pcogu"qgh"oqxKk:
is for your experiments available here:
https://priscilla.fitped.eu/data/recommender_systems/OwnersMovies.xlsx ), which

allow us to select appropriate movies with the help of more parameters:

12


https://priscilla.fitped.eu/data/recommender_systems/OwnersMovies.xlsx
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OwnersMovies.xlsx - Excel Radim Farana (8
Page Layout Formulas Review View Help Inquire Power Pivot Q Tell me what you want to do & Share
[ FyFrom Text/CSV [ Recent Sources s [T1Queries & Connections 5, [TTa] ¥ Flash Fill +=Consolidate HEGroup -
F_' [ From Web ™ Existing Connections | | = 1412 Y S8 B Remove Duplicates ? ot &5 Ungroup -
DG;; _[FIFrom Table/Range R‘;;‘efh Al B3 || (i AT CT:I':'::S ¥ Data Validation - [} Manage Data Model A""v:;;!r F:Ls::(“ 4 subtotal
Get & Transform Data Queries & Connections Sort & Filter Data Tools Forecast Outline d -~
G236 9 fe v
A B c D E F G H | J K L M N o P -
232 Ztraceny ostrov 2009 43% No No No No No No No Yes No No No No No
233 Ztraceny poklad Aztéki 2008 34% No No Yes No No No No No No No No No No
234
235 Title | Year [E | Action | Anime [Adventure| Drama | Mystery [ Thriler | Fantasy | Horror | Comedy | Crime | Musical [Fairy Tale|F y| F
23§ 2008 Yes No | Yes No No No
237
238 Title | Year [Evaluation] Action | Anime [Adventure] Drama | Mystery | Thriler | Fantasy | Horror | Comedy | Crime | Musical |Fairy Tale|Psychology| F
239 James Bond - Quantum of Solace 2008 72% Yes Ne No No Ne Yes No No No No No No No
240 Labyrint 12i 2008 T4% Yes No No Yes No Yes No No No No No No No
241 Laska krvaci 2008 62% Yes No No Yes No Yes No No No No No No No
242 Monstrum 2008 75% Yes No No No Yes Yes No No No No No No No
243 Nebezpecny Cil 2008 53% Yes No No Yes No Yes No No No No No No No
244 Nulova Sance 2008 45% Yes No No No No Yes No No No No No No No
245 Oko dravce 2008 70%. Yes No No Yes No Yes No No No No No No No
246 Podvod 2008 59% Yes No No Yes No Yes No No No No No No No
247 Rally Smrti 2008 T4% Yes No No No No Yes No No No No No No No
248 Rambo Do pekla a zpét 2008 84% Yes Ne No Yes Ne Yes No No Na No No No No
249 Rychla Akce 2008 61% Yes Ne No No Ne Yes No No No No No No No
250 Soudny den 2008 61% Yes No No Yes No Yes No No No No No No No
251 Umeni Valky Zrada 2008 40% Yes No No No No Yes No No No No No No No
252 Velka Hra 2008 31%. Yes No No Yes No Yes No No No No No No No -
« List1 @ « v
Ready MR Display Sewings [ (] T - ! ] + 100%

For movie section based on selected parameters we can use the standard tool
"Advanced filter":

Advanced Filter ? X

Action

() Filter the list, in-place
@ Copy to another location

List range: SAS1:5TS233 *
Criteria range: | $A$235:5T$236 +
Copy to: SAS5238:5T5252 +

Cancel

Even this kombination of parametrs (Action Thriller which is not Anime, Horror, Crime
nor Psychology) gave us some suggested results.

1.2.2

How many results do we get when we combine the parameters: action thriller that is
not anime, horror, crime fiction or psychology?

13
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1.2.3

Which kind of filtering are we used in the example of movie selection, based on
parameters in the file
https://priscilla.fitped.eu/data/recommender_systems/OwnersMovies.xlsx  ?

1 Content-based filtering
1 Collaborative filtering

1.2.4

Even in this short list of movies we must use more parameters to obtain short list of
possible movies. To understand how complicate problem is to recommend
appropriate list of movies you can use for non -commercial purposes movie database
available on web: https://datasets.imdbws.com/ , documentation for these data files
can be found on http://www.imdb.com/interfaces/ _ (encoding Unicode (UTF3)).

Having so long list of movies it is practically impossible to obtain some short list of
movies (the original file for your expertiments is available here:
https://priscilla.fitped.eu/data/recommender_systems/DataList.xIsx ), for example:

W O~ s Datalistxlsx - Excel
File Home  Insert  Pagelayout Formulas Data  Review View Help  Inquie  PowerPivot () Tell me what you want to do
Q621303 E Jr w
A ] c D E F G H 1 J K L M N o P -

621291 El biho 2004 TRUE
621292 Meaning Behind Camera Movement 2017 TRUE
621293 El hombre que crefa saber demasiado 2004 TRUE
621294 Spatna odpoved 2015 TRUE
621295 Things Baristas Shouldn't do 11 2014 TRUE
621296 El notario que vino de Kenia 2004 TRUE
6212597 Crazy Visuals with DIY Lens Filters 2017 TRUE
621298 Vajicko 2015 TRUE
621299 El nuevo Richard 2004 TRUE
621300
621301 MovieTitle Year Action  Adult Adventure Animation Comedy Crime Drama  Fantasy Sci-Fi Thriller  War Western
621302 TRUE TRUE
621303
621304 MovieTitle Year Action  Adult Adventure Animation Comedy Crime Drama  Fantasy Sci-Fi Thriller  War Western
621305 Lonesome Junction 1908 TRUE TRUE
621306 The Ballad of Josie 1967 TRUE TRUE
621307 Joe l'implacabile 1967 TRUE TRUE
621308 Two Sens of Ringo 1966 TRUE TRUE
621309 2 RRRingos no Texas 1967 TRUE TRUE TRUE
621310 The Fastest Guitar Alive 1967 TRUE TRUE
621311 A Cowboy's Mother-in-Law 1910 TRUE TRUE
621312 The Ranger's Bride 1910 TRUE TRUE
621313 Branding a Bad Man 1911 TRUE TRUE
621314 The Bunco Game at Lizardhead 1911 TRUE TRUE
621315 The Count and the Cowboys 1911 TRUE TRUE
Tpatatist | @ o I
Ready BB Display Settings [ B - + 100%

14
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1.2.5
When using the list of available movies:
https://priscilla.fitped.eu/data/recommender_systems/DataList.xlsx how

complicated is it to obtain a short list of recommended movies, based on the
parameters selection?

1 Itis a piece of cake.
T Itis practically impossible

15
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2.1 Collaborative filtering

21.1

A set of items that are dependent on the user's previous selections is necessary for
collaborative filtering. For this system to function, not many product features are
necessary. Each item and user are described by an embedding or feature vector,
which sinks them both in the same embedding place. It independently generates
enclosures for both users and objects.

When recommending a specific product to the main user, the responses of other
buyers are considered. Before proposing the item that customers like the most, it
takes note of how each user behaves. When recommending a product to the main
consumer, it also connects similar users based on similarities in preferences and
behavior towards a related product.

The most well-known application suggestion engine, Collaborative Filtering, makes
intelligent predictions about which users would like a given product in the future. This
type of algorithm is also known as a product -based collaborative shift. Instead of
things, in this filtering, users are screened and linked to each User. Only users'
behavior is considered in this system. Only their profile information and content are
insufficient. Users who rate products favorably will be linked to other users who act
similarly favorably.

Types of Collaborative Filtering
There are two basic types of the collaborative filtering process:

1. Memory-based collaborative filtering
2. Model-based collaborative filtering

17
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~
“+

COLLABORATIVE
FILTERING (CF)

MEMORY BASED APPROACH TECHNIQUES MODEL BASED APPROACH

4

-
Find simllar users based on cosine Use machine leaming to find user
similarity or pearsen correlation -DEFINITIONS- ratings of unrated Items, e.g. PCA,
and take welghted ava. of rtings SVD. Neural Nets, Matrix Factorization
o ey
ADVANTAGE i DISADVANTAGE ADVANTAGE i DISADVANTAGE
Easy creation and explanabiiity i Performance reduces when Dimentionality reduction deals | Inference Is Intracable because
of resuits i data s sparce - 50, non scalable with missing/sparse data i of hidden/latent factors
H :

ADVANTAGE/DISADVANTAGE

S

I\

5. 1meraToRs

Source: www.lteratorshag.com

Collaborative Filtering (Source: www.iteratorshg.com)

2.1.2
What does collaborative filtering primarily rely on for making recommendations?

Similarities in user preferences
Product attributes

User behavior

Item descriptions

= =4 =4 =

18
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2.1.3

Which statements are true about collaborative filtering?

1 It places users and items in the same vector space.

T It connects users with similar preferences.

1 It requires detailed product features for accurate recommendations.
1 It depends solely on profile information and content.

2.14

Memory-based collaborative filtering

Collaborative filtering (CF) is a technique used by recommender systems.
Collaborative filtering has two senses, a narrow one and a more general one.

Collaborative filtering, in its more recent, condensed form, is a technique for making
predictions (or filtering) about a user's interests automatically while simultaneously
gathering preferences or taste data from many users. The collaborative filtering
method's core premise is that if two people have the same view on a subject, they
are more likely to have it on a different subject than two randomly selected people.
For instance, given a partial list of a user's preferences (likes or dislikes), a
collaborative filtering recommendation system for television programs could make
predictions about which television show the user should like. It should be noted that
although these forecasts are based on data from numerous users, they are specific
to the individual.

This is distinct from the more straightforward method of assigning an average (non -
specific) score for each interesting item, for instance, based on the number of votes
it has received.

In a broader sense, collaborative filtering refers to searching for patterns or
information by working with various agents, viewpoints, data sources, etc.
Collaborative filtering applications sometimes include enormous data sets.

Numerous types of data have been subjected to collaborative filtering techniques,
such as sensing and monitoring data used in mineral exploration, environmental
sensing over wide areas, or data collected by numerous sensors; financial data used
by financial service providers who integrate numerous financial sources; or data used
in e-commerce and web applications where the focus is on user data, etc. The rest
of the discussion will concentrate on collaborative filtering for user data, however,

some of the techniques and strategies may also apply to the other principal
applications.

19
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2.1.5
What is the core premise of collaborative filtering in its more specific sense?

Rtgf kevkpi " c" wugt Xusimiar gdrggredepeecgsu " dcugf " qp"
Assigning a general score based on item popularity

Calculating the average rating for each item

Using user demographics to make recommendations

= =4 =4 =4

2.1.6

Select the correct statements about collaborative filtering in a broader sense.

1 Itinvolves working with large data sets.

1 It can analyze data from multiple sources like sensors and financial services.
1 It exclusively focuses on user preferences for movies and TV shows.

1 It only applies to e-commerce and web applications.

2.1.7

Model-based collaborative filtering

Model-based collaborative filtering provides recommendations by developing a
model from user ratings. In addition to using explicit data such as ratings,
collaborative filtering can also use implicit information by observing the habits of
users, such as music played, applications downloaded,

websites visited, or books read. To develop a model, two approaches can be used:
probability approach and rating prediction. The modeling process is conducted by

machine learning techniques such as classification, clustering, and rule-based
approach. Based on its characteristics, the model-based also has its advantages and
disadvantages. Su and Khoshgoftaar stated that the model-based approach has
better predictions than memory based. It is also capable of handling the problem of

sparsity and scalability better than memory based. However, the model-based
approach requires a great resource, such as time and memory, to develop the model
and may lose information when using dimensionality reduction.

20
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2.1.8

Which of the following is a benefit of model -based collaborative filtering over
memory-based collaborative filtering?

1 It handles data sparsity and scalability better.

1 It requires less memory and time to develop.

T It provides more detailed user information.

9 Kv"fggupXv"tgswktg"ocej kpg"ngctpkpi "vgejr
2.1.9

Strengths of collaborative filtering:

1 Serendipitous Recommendations: Collaborative filtering can provide
serendipitous recommendations by identifying items that users with similar
preferences have liked or rated highly. It can introduce users to new and
unexpected items they might not have dis covered otherwise.

1 Scalability: Collaborative filtering can handle large-scale datasets efficiently.
The computation involved in identifying similar users or items can be
distributed or parallelized, making it suitable for systems with many users
and items.

1 Cold-Start Problem: Collaborative filtering can handle the cold-start problem,
where there is limited or no information about new users or items. By
leveraging the preferences of similar users or items, collaborative filtering
can make meaningful recommend ations even in the absence of user or item
data.

Weaknesses of collaborative filtering:

1 Data Sparsity: Collaborative filtering relies on user-item interaction data, and
in many cases, such data can be sparse. When users havelimited
interactions or when the number of items is large, it can be challenging to
find sufficient overlap between users' preferences, leading to inaccurate or
less diverse recommendations.

T Scalability with Growing User Base: As the number of users grows, the
computation required to identify similar users or items increases, impacting
the scalability of collaborative filtering. The computational complexity can
become a challenge as the user base expands.

1 Cold-Start Problem for New Users or Items: While collaborative filtering can
handle the cold-start problem to some extent, it still faces challenges when
dealing with entirely new users or items for which no or minimal data is
available. It can be difficult to provide accurate recommendations without
sufficient historical data.

21
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2.1.10

Model-based collaborative filtering builds a model using learning techniques.
Unlike memory-based filtering, it can handle in data and process large data
sets. However, developing the model requires substantial resources.

1  machine
. computational
1 sparsity

2.1.11
Examples of collaborative filtering in recommender systems

1 User-based collaborative filtering: In this approach, recommendations are
made based on the similarities between users. The system identifies users
with similar preferences and recommends items that similar users have liked
or rated highly. For example, if User A and User B have similar tastes and
preferences, and User A has rated Item X highly, the system would
recommend Item X to User B.

1 Item-based collaborative filtering: This approach focuses on the similarities
between items rather than users. It recommends items based on the
associations between items and the user's past interactions. For example, if
User A has shown interest in and interacted with Item X, and Item X islike
Item Y based on their attributes or previous user interactions, the system
would recommend Item Y to User A.

1 Matrix factorization: Matrix factorization techniques, such as Singular Value
Decomposition (SVD) and Alternating Least Squares (ALS), are commonly
used in collaborative filtering. These techniques decompose the user -item
interaction matrix into latent factors that capture unde rlying preferences and
relationships between users and items. Recommendations are then
generated by predicting missing values in the matrix or estimating user
preferences based on the learned latent factors.

1 Neighborhood-Based Collaborative Filtering: This approach identifies
neighborhoods of similar users or items and uses their preferences to make
recommendations. User-based neighborhood collaborative filtering looks for
users with similar tastes and recommends items that their neighbors have
liked. Iltem-based neighborhood collaborative filtering identifies similar items
based on user interactions and recommends items highly associated with
the user's previous preferences.
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2.1.12
What are the basic types of Collaborative Filtering?

Memory-based collaborative filtering
Model-based collaborative filtering
Procesor-based collaborative filtering
Memory-based individual filtering

= =4 =4 =4

2.2 Content-based filtering

2.2.1
A content-based recommender system seeks to infer a user's characteristics or
behavior based on the qualities of the item to which the user responds favorably [Roy
2020].

The next table presents an example of a movie recommendation:

Movies User 1 User 2 User 3 User 4 Action Comedy
item 1 1 4 5 Yes No
Item 2 S - 1 2 No Yes
Item 3 4 4 3 Yes Yes
Item 4 2 2 4 4 No Yes

The final two columns, Action, and Comedy, list the film genres. Given these genres,
we can now identify which users prefer which genre, allowing us to develop features
tailored to that user based on how they respond to films in that genre.

Once we know the user's preferences, we can use the feature vectorproduced to
embed the user in an embedding space and provide recommendations based on their
preferences. The user's favorite feature vectors from prior records are combined with
the item's feature vectors to generate the similarity metrics (we'll discuss it briefly).
The best few are then suggested.

When making suggestions to one person, content-based filtering does not need the
data of other users.
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2.2.2

What primary data does content-based filtering rely on for recommendations?

= =4 =4 =4

Qualities of items the user has responded to positively
Data from similar users

Average ratings across all users

User demographics and profile information

2.2.3

Which statements are true about content-based filtering?

1 It does not require data from other users.

1 It uses item feature vectors to calculate similarity metrics.

1 It always compares user preferences with those of similar users.
1 It relies on demographics to build user profiles.

2.2.4

Strengths of Content -based Filtering:

f

At present time, no user data is required for the creation of suggestions.
Content-based filtering does not require user data to generate
recommendations, in contrast to collaborative filtering. A content -based
filtering system may start recommending perti nent information after a user
has searched for, browsed through, and/or purchased a few items.
Therefore, it is perfect for businesses without a sizable user base to test it
on. It also works effectively for retailers in certain product categories or
specialized markets where there is a significant user base but little user
interaction.

Recommendations will be very useful to the user. Content-based
recommenders can be highly tailored to the user's tastes, including
recommendations for specific products, because the process depends on
matching the attributes of a database object with the u ser's profile. For
example, content-based filtering may be able to recognize a specific user's
preferences and interests. Content-based filtering is extremely beneficial for
companies that have enormous product libraries of a single type, like those
that manufacture phones, where suggestions must be based on a range of
different features.

You solve the "cold start" problem. Collaborative filtering might result in a
potential cold start issue when a new website or community has few brand -
new users and few user connections. Although content -based filtering
requires some initial input from use rs to begin providing recommendations,
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the quality of early recommendations is typically better than those made by a
collaborative system, which must accumulate and correlate millions of data
points before becoming optimized.

Challenges of Content-based Filtering

1 There is a lack of both variation and novelty. Recommendations consider
more factors than merely relevancy. Think about how much you liked the
movie Tenet. Without a sure, you'll enjoy Inside Man as well. It's possible that
you already know this; in that case, a recommender system won't be
necessary. As a result, recommendation engines need to produce a variety of
surprising results to be effective.

1 Scalability is difficult. Each new product, service, or piece of knowledge must
have its features documented and categorized. Scalability can be
challenging and time-consuming since attribute assignments are laborious
and never-ending.

1 The traits could be unreliable or inconsistent. The quality of suggestions
based on content is determined by the level of competence of the experts
who categorize items. Many of the millions of things that require qualities
may be misclassified since they may be arbitrary. There must be a system in
place to guarantee that attributes are applied accurately and consistently. A
content-based recommender system won't work properly otherwise.

2.2.5

What is one strength of content-based filtering?

9 Kv"fggupXv"tgswktg"wugt"fcvc"vg"dgi kp"ocr
1 It requires large amounts of user data to generate suggestions.

1 It provides a limited variety of suggestions.

T Kv"ecpXv"dg"crrnkgf"vg"dwukpguugu"ykvj "ur
2.2.6

What are the challenges of Content-based filtering?

There is a lack of both variation and novelty.
Scalability is difficult.

The traits could be unreliable or inconsistent.

It automatically provides diverse recommendations.

=A =4 4 =4
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2.2.7

Examples of content-based filtering in recommender systems

1

eCommerce Recommendations: In eCommerce platforms like Amazon or
eBay, contentbased filtering is used to recommend products to users based
on their previous browsing and purchasing history. For example, if a user
frequently purchases electronic gadgets, the system will recommend similar
items, such as new smartphones, cameras, or accessories that share similar
features (e.g., brand, type, or specifications). This allows the platform to
provide personalized product suggestions tailored to the user's preferences
and interests without needing extensive user interaction dat a.

Media Recommendations: Content-based filtering is widely used in media
services like Netflix, Spotify, or YouTube. These platforms recommend
movies, music, or videos based on the content users have interacted with
before. For example, if a user frequently watches action movies or listens to
rock music, the system will suggest other titles within those genres. The
recommendation is made by analyzing the attributes of the content, such as
genre, director, cast, or musical style, and matching them with the user's past
preferences.

Video Games and Stores: In video game recommendation platforms like
Steam or Epic Games Store, contentbased filtering helps suggest games
based on the genres, gameplay styles, or themes the user enjoys. If a user
often plays action -adventure games, the system will recommend similar
games, such as those within the same genre or with similar mechanics.
These suggestions rely on identifying key features of games (e.g., action,
puzzle-solving, multiplayer) that the user has shown interest in.
Location-Based Recommendations: Location-based services, such as Yelp
or TripAdvisor, use content-based filtering to recommend restaurants, hotels,
or attractions based on a user's location and preferences. For example, if a
user frequently checks for Italian restaurants in their area, the system will
recommend similar restaurants nearby, considering factors such as cuisine,
ratings, and price range. The recommendations are personalized based on
the content of the places the user has shown interest in, and this system can
be especially useful for users exploring new places or seeking specific types
of services in their vicinity.

2.2.8

Which of the following is an example of content -based filtering in eCommerce?

=A =4 4 =4
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Offering discounts to customers who purchase frequently.
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2.2.9
Which of the following platforms use content-based filtering for recommendations?

Netflix (movies based on genre or past preferences).

Spotify (music recommendations based on listening history).
Yelp (restaurant recommendations based on past choices).
Facebook (friend suggestions based on likes).

= =4 =4 =4

2.3 Hybrid approaches

23.1

Hybrid filtering combines different filtering techniques to overcome the limitations
of individual methods and enhance the recommendation process. The cold start,
overspecialization, and sparsity problems are common issues with collaborative and
content-based filtering, and hybrid filtering aims to address these by leveraging the
strengths of both approaches. By combining collaborative filtering and content -
based filtering, hybrid methods can improve the precision and diversity of
recommendations.

In a hybrid filtering system, collaborative filtering relies on user interactions and
preferences to recommend items based on the behavior of similar users. Meanwhile,
content-based filtering recommends items based on the features or characteristics
of the items themselves, like genre, brand, or specifications. The hybrid method
seeks to merge these strategies in different ways to maximize recommendation
quality. There are several strategies to implement hybrid filtering:

1. Individually Apply Both Approaches : In this strategy, collaborative and
content-based filtering methods are applied separately, and their predictions
are combined to provide the final recommendations. The idea is to take
advantage of the unique strengths of both methods, combining the
collaborative insights with content -specific knowledge.

2. Create a Broad Consolidative Model: This approach integrates both
collaborative filtering and content -based characteristics into a single unified
model, using both user preferences and item features simultaneously. This
method aims to combine the benefits of both types of filtering into on e
system, enhancing recommendation accuracy.

3. Integrate Content-based Characteristics into Collaborative Filtering : In this
hybridization, content-based features (like item attributes) are incorporated
into the collaborative filtering process. This helps to overcome the cold start
problem by using item content when there is limited user interaction data.
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Incorporate Collaborative Characteristics into Content -based Approaches:
This method integrates collaborative insights into a content -based filtering
approach. For instance, a system could suggest items that are similar to
those liked by users with similar preferences, thereby blending content
characteristics with collaborati ve knowledge.

Hybrid filtering aims to overcome the weaknesses inherent in individual filtering
techniques, offering more robust, personalized, and accurate recommendations. By
combining these strategies, hybrid systems provide a way to deliver better results,
even in scenarios where one method alone might fall short.

2.3.2

What is the main goal of hybrid filtering in recommender systems?

1

=

Combining collaborative filtering and content -based filtering to improve
recommendation accuracy.

Using collaborative filtering alone for personalized recommendations.
Applying content-based filtering only when user data is unavailable.
Recommending random items based on user history.

2.3.3
Which of the following are ways to implement hybrid filtering in recommender
systems?
1 Individually apply collaborative and content-based methods, then combine
their forecasts.
1 Integrate content-based characteristics into collaborative filtering.
1 Create a broad consolidative model that combines both filtering approaches.
1 Only use collaborative filtering in the presence of user data.

2.34

Examples of hybrid filtering in recommender systems

Hybrid recommender systems combine multiple recommendation techniques to take
advantage of their individual strengths, improving the overall recommendation
quality. Below are some key examples of hybrid filtering approaches:
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Weighted Hybrid: In this method, the recommendations from different
techniques (e.g., collaborative filtering and content -based filtering) are
combined using weighted averages or scores. Each technique's output is
given a weight based on its performance, and the final recommendation is a
weighted combination of all the techniques' predictions.

Switching Hybrid: This approach dynamically selects one recommendation
technique over another based on certain criteria, such as the user's history or
data availability. For example, when there is little user interaction data (cold
start problem), a content-based filtering approach might be used, whereas
collaborative filtering might be applied once sufficient data has been
gathered.

Feature Combination: In this method, features extracted from both
collaborative and content-based techniques are combined to enhance
recommendation accuracy. The idea is to enrich the feature set used to
predict user preferences by integrating data from multiple sources, lead ing
to a more robust recommendation.

Cascade Hybrid: In a cascade approach, one technique is used to prefilter
the item set, and then another technique is applied to the pre-filtered set. For
example, content-based filtering might first narrow down a broad set of
items, and then collaborative filtering can further refine the
recommendations based on user similarities.

Meta-level Hybrid: In this approach, recommendations from different
techniques are treated as "meta-level” information and used to train a higher-
level model. This meta-model learns how to combine the outputs from
various recommendation techniques and generates a final reco mmendation,
often leading to improved accuracy.

2.3.5

What are typical applications of hybrid filtering in recommender systems?

= =4 =4 =4 A

Weighted Hybrid.
Switching Hybrid.
Feature Combination.
Cascade Hybrid.
Meta-level Hybrid

2.3.6

Which hybrid filtering approach uses a weighted average or scores to combine
recommendations from different techniques?

1 Weighted Hybrid

l

Meta-level Hybrid
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1 Cascade Hybrid
1 Feature Combination

2.3.7

Which of the following are examples of hybrid filtering approaches?

1 Weighted Hybrid

1 Switching Hybrid

1 Memory-based Hybrid

1 Feature Combination

2.3.8
In a approach, one recommendation technique is used to prdilter the item set
based on a broad set of criteria, such as content or user After that,
another recommendation technique is applied to the set to refine the list of

suggestions, ensuring more personalized recommendations are made.

preferences
cascade
pre-filtered
features

= =4 -4 =4
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3.1 Fuzzy logic principles

3.1.1

Human decision is mostly based on vague information like "add a pinch of salt", "it's
quite hot", "not far", etc. These expressions, though not mathematically precise, are
commonly used to convey information in everyday life. However, for computers to

process this type of information, it needs to be transformed into a more structured

and quantifiable form. This is where fuzzy logic plays a crucial role. Fuzzy logic
allows computers to interpret and process vague inputs by assigning a degree of
membership to elements within a set, which makes it possible for them to handle
data that would typically be too uncertain for traditional binary systems. This process

is not achievable through classical Boolean algebra, where data is either true or false,
without room for middle groun d.

Fuzzy logic has been invented by Prof. Zadeh [Zadeh 1965] and used to describe
wpegtvckp"u{uvgou"]\cfgj"("Mcert|{m"3; ;4 "uk
its inception, fuzzy logic has been used to model and handle uncertain systems that

could not be addressed effectively with traditional mathematical approaches.

\'cfgj Xu"rkgpggtkpi"ygtm"nckf"vjg"hgwpfcvkqgp"
data, offering a more flexible method of reasoning in various fields, including control

systems, artificial intelligence, and decision-making. Zadeh's work also led to the
development of fuzzy set theory, which allows for more nuanced and gradual
representations of data, improving how machines interpret the world in situations

where absolute values may not be available or practical.

Fuzzy logic consists in extending logical operators to fuzzy sets. The fuzzy set theory
consists in the introduction of the so -called degree or membership of an element's
belonging to a set, which can take on values from the interval <0, 1>, in contrast to
classical set theory, where each element either belongs to the set or does not. The
degree of belonging of an element (e.g. instantaneous temperature) to a fuzzy set
(temperature) can take on any value from zero to one (inclusive). With a value of 0O,
the element definitely does not belong to the set, 0.2 means hardly, 0.5 maybe, 0.8
almost certainly, and 1 means definitely belonging to the set. This elegantly avoids
the situation where, in classical logic, we label a temperature of 25°C as pleasant and
24.9°C as unpleasant.

3.1.2
What is the primary advantage of fuzzy logic over traditional Boolean algebra?

It can handle vague and imprecise data.

It allows for precise categorization of data.

It provides exact, unambiguous values for all data.
It operates faster than classical logic.

=A =4 4 =4
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3.1.3
Fuzzy logic has been invented by:

Lofti Zadeh

Radim Farana

E{tkn" Mnkog"
Constantin, the philosopher

= =4 =4 =4

3.14
Example

Let's have a set of air temperatures labeled Pleasant Temperature . Intuitively, we feel
that a temperature of 0°C is definitely not pleasant, 10°C is hardly a pleasant
temperature, 20°C is almost certainly pleasant, and 25°C is definitely a pleasant
temperature, on the other hand, 35°C will also hardly be pleasant. So ve can establish
a table of the degree of membership of the actual temperature to the set " Pleasant
temperature ":

temperature  degree of membership m linguistic description
5°C 0 it's definitely not pleasant
10 °C 0,3 maybe barely
15°C 0,5 perhaps
20 °C 0,8 almost certainly
25°C 1,0 most certainly
35°C 0,5 barely

Obviously, different people may have different opinions about verbal expression and
degree of membership.
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Example of membership function:

1,2
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0 10 20 30 40 50

temperature [°C]

At the same time, the degree of membership is not related to the probability of the
phenomenon (it also acquires the values 0 + 1), because it does not tell us whether
the phenomenon will occur. It only determines with what "strength™ a particular value
belongs to the selected set. If the function characterizes the degree to which an
element belongs to a set, then we refer to these sets as fuzzy sets. If we want to use
the empirical experience of operators, personnel, and experts, we cannot do without
the introduction and use of language variables.

A linguistic variable is a variable whose values are expressions of a language. We
can interpret the value of a language variable as a fuzzy set. A set of values is referred
to as a set of n linguistic terms. The meaning of terms is defined by the universe,
which we understand as a universal set. E.g. when regulating the temperature of the
bath, we can understand the temperature of the water as a language variable named
"Bath temperature”. We measure temperature in centigrades (degrees of Celsius).
However, the quantitative expression of the temperature of the bath in the colloquial
language does not have to be expressed only in degrees, but in commonly used
expressions such as: the bath is ICE COLD, COLD, MOIST, WARM, etc. We can then
designate an element from the set of temperatures as the value of the language
variable "Bath temperature ": {icy(L), cold(S), lukewarm(V), hot(H)}.

The linguistic quantification of temperatures introduced in this way using natural
language expressions (e.g. cold) represents terms whose meaning is vague and is
modeled using fuzzy sets and is defined by the characteristic function mg(x). The
characteristic function mg(x) is called the membership function mg(x) for fuzzy sets.
It characterizes the degree to which a given element belongs to a given set, from a
value of 0, when the element definitely does not belong to the set, to a value of 1,
when the element definitely belongs to the set. As an example of membership
functions, we present their cold and lukewarm membership functions ms(x) and m(x)
for fuzzy sets. The meaning of the terms cold and lukewarm is modeled by the
membership function on a certain temperature interval (universe) in centigrades.
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lukewarm

mp(x)

L-function

A-function

temperature [*C]

We will explain the membership function of a fuzzy set using the following example:

1 If we measure the temperature x = 20°C, thenms(x) = 0, and certainly this
measured temperature does not belong to the term - language value cold.

1 If we measure the temperature x = 0°C, thenms(x) = 0.7, which indicates that
this measured temperature belongs to the term - language value cold with
the degree of affiliation 0.7.

1 If we measure the temperature x =-10°C, thenms(x) = 1 and it is clear that
this measured temperature belongs to the term - language value cold with
the degree of affiliation 1.

1 If we measure the temperature x =-20°C, thenms(x) = 1 and this measured
temperature also belongs to the term - language value cold with the degree
of affiliation 1.

T If we measure the temperature x = +15 °C, thenmg(x) = 0.25, and this
measured temperature belongs to the term - linguistic value cold with the
degree of affiliation 0.25. But be careful, the membership function m(x)= 1,
from which it follows that this measured temperature also belongs to the set
- term lukewarm with membership degree 1.

The process of assigning measured values of input quantities to fuzzy sets using
membership functions is referred to as fuzzification .

Uvcpfctf"ogodgtuj kr "™ hwpevkqgp ufunctiory (triangugaf " h gt " «
function), L-hnwpevkgp" *ugg" rhygypéagkvgp hkviwe gg| g-nf cn™ h
function, S-function, and Z-function.

3.1.5

Which of the following best describes the function of fuzzy sets and membership
functions in fuzzy logic?

1 Membership functions assign a degree of belonging to an element based on
fuzzy set theory.

1 Membership functions determine the probability of a phenomenon occurring.

Fuzzy sets require exact data for proper categorization.

1 Membership functions are used to eliminate vagueness in data.

==
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3.1.6
The membership function in fuzzy sets can assign a degree of membership to an
gngogpv"vjcv"nkgu"dgvyggp"2"cpf"3."kpfkecvkp
to the set.

T True
1 False

3.1.7
If a temperature of 15°C is measured, and the membership function for "cold" returns
0.25, while the membership function for "lukewarm" returns 1, how would the
temperature be categorized according to fuzzy logic?
1 The temperature would belong to both the "cold" and "lukewarm" sets, with
degrees of membership 0.25 and 1, respectively.
1 The temperature would belong to the "cold" set with a degree of 1.

1 The temperature would belong to the "lukewarm" set with a degree of 0.25.
1 The temperature would not belong to either set.

3.1.8

Basic operations with fuzzy sets

Fuzzy sets can be considered a generalization of classical crisp sets. A classical set
can be considered a special case of a fuzzy set, whose membership function takes
only the values 0 and 1.

On fuzzy sets, we can use operations similar to those we used on classical sets. For
our purposes, we will only list the three basic operations (complement, intersection,
and union).

Complement of fuzzy set, the complement of set A, C = NOT A:
me(x)=1-m,(x)

Intersection of fuzzy sets (logical product) C = A AND B
mo(x)=m, 5(x)=min{m (x), m,(x)}

Union of fuzzy sets (logical sum) C=A OR B
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mc(x)::n@ug(x):lnaxbﬂd(xyfﬂB(x)}

These operations are shown in the figure:

14 m.4x) 14 m(x)
P X L b X

4 ma(x) L4 mz(x)

14 union 14 mg(x)=m, ,(x)=max{m,(x), my(x)}
P X j7kﬁhxb\h:x

14 intersection 14 e (x)=m,5(x)= min{m; (x). m (Y)}
o N’ ;

14 complement 14 mc(x) = 1 —m(x)

v
=

3.1.9
We know three basic operations with fuzzy sets, they are:

1 Complement, intersection, and union
1 Compartment, international, and unia
1 Concatenation, interruption, and unique

3.2 Fuzzy rules

3.2.1

Fuzzy logic enables reasoning with imprecise or vague information, using fuzzy rules
to make inferences. In general, logical inference involves evaluating decision rules,
which are typically presented as conditional statements in the form of.

IF ... THEN ...

37



Fuzzy Logic Systems | FITPED Al

These rules guide the reasoning process by expressing relationships between inputs
and outputs, which are not always precise but can still provide valuable information
for decision-making. In fuzzy logic, these rules are used to infer conclusions based
on fuzzy sets, where the membership of an element to a set is not binary but can vary
in degree between 0 and 1.

The condition for inference in fuzzy logic is usually represented by a fuzzy implication
statement:

IF THEN

Here, both the antecedent (the "IF" part) and the consequent (the "THEN" part) are
fuzzy statements. The antecedent describes a condition that is typically a compound
statement involving one or more fuzzy expressions. These parts are bound together
by logical conjunctions (such as AND, OR), forming a condition that can be partially
true or false depending on the degree of membership of the elements. The
consequent part of the rule describes the output or conclusion of the fuzzy system,
which can be interpreted as a fuzzy set with varying degrees of truth.

In practice, the "IFTHEN" fuzzy rules are applied to map input values to output
decisions, allowing systems to reason with imprecise or incomplete data. These
rules are essential for decision-making in fuzzy inference systems, such as those
used in control systems, image processing, and pattern recognition. The flexibility of
fuzzy rules, where both the conditions and the results are described in terms of fuzzy
sets, makes them well-suited for handling real-world uncertainties. These rules
enable systems to draw conclusions that are not sharply defined, offering more
nuanced insights than classical logic.

3.2.2
What is the primary purpose of fuzzy "IF-THEN" rules in fuzzy logic?

To infer conclusions based on fuzzy sets.
To provide precise, binary answers.

To eliminate uncertainties in data.

To categorize data into strict categories.

= =4 4 =4

3.2.3
Which of the following are true about fuzzy "IF-THEN" rules?

1 The consequent part of the rule is the output of the fuzzy system.

1 The antecedent may involve logical conjunctions between multiple fuzzy
expressions.

1 The antecedent is always a single fuzzy expression.

1 The consequent part of the rule is always a precise, nonfuzzy value.
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3.2.4
Example

A simple fuzzy rule:

IF THEN

In the decision rule, the antecedent contains a linguistic variable E (regulatory
deviation), whose value is positive and has the membership function m...(E). The
consequent contains a language variable U (action quantity) with a positive value,
whose membership function is Mesiive(U),

IF <E.positive> THEN <U positive>

mposfm‘e(E ) H.?posfri're( U)
f 3 A
\ a / *?npo:mue{ U}\

0 4 e 10 20 0 20

.
L

L J

If we measure the crisp value of the regulation deviation e, then we can use the
membership function m.siw.(E) to subtract the degree of membership ¢ with which
the measured value belongs to the set of values E.positive. However, our task is to
find the corresponding fuzzy set of the consequent for the measured crisp value. The
most common procedure for determining this set is based on the logical assumption
that the consequence - the consequent can have at most the same degree of
membership as the condition - the antecedent. The degree of membership of the
measured "crisp" value e, therefore determines the level that cuts the output fuzzy
set U of the consequent. The membership function of the consequent is then
*Muaana(U) (Outline in bold).

A generalization of this principle to a two -dimensional antecedent

IF (X is positive small) AND (Y is positive medium) THEN (U is

negative medium)

There are several ways to model the meaning of the fuzzy IFTHEN rule, but from the
point of view of many applications, the most important is the following method (by

Mamdani [Mamdani & Assilian 1975]), which defines the membership function of the
consequent as:

m,, =min{m (x,). mz(x,)}
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Minimization expresses the fact that the consequence (consequent) can have at

most the same degree of membership as the condition (antecedent). Finding the

output set for a single rule and a two-dimensional dependency differs depending on

whether the AND or OR operator is used. If the operator is AND, then we select the
minimum of the corresponding values of the membership functions, see the next

figure.

IF AND THEN

Trimming the membership function of the consequent at level ¢, which corresponds
to the minimum of the two membership functions of the input values.

mgadx) ms(y) mzs(u)

b

dVaNE

MIN

u
X0 X v

If the operator is OR, then we select the maximum of the corresponding membership
functions, see the next figure.

IF OR THEN

Vt kookpi "vjg"ogodgtuj kr"hwpevkgp"qgh"vjg
to the maximum of the two membership functions of the input values.

eqpu

mgadx) ms(y) mzs(u)
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Finding the output set for two rules and two -dimensional dependence and Mamdani's
method is shown in the next figure.

IF AND THEN ELSE IF AND THEN

For two fuzzy IF-THEN rules, their meaning is modeled by these membership
functions.
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0y = My (X) A Mgy () = min gy, (x), 1y, (1)}
oty = M (X) A s (¥) = min i (x), s ()}
For the consequents of both implications, we get:
km,, (W)=, Am,, (u)= min{al, m, ., (u)}
Mg (U) =ty AM (1) = min{az, mKS(u)}

mp(x) mead)) mpd(u)

mes(x) E ms(y) mxs(u)
I

II/io\ 1{ - 1}

A J

The consequents of both implications * mkg(u) and *myu(u) determine their partial
shares in the size of the action quantity. Intuitively, it is possible to interpret the effect
of both partial output terms as their logical sum. Then for the output fuzzy set of both

effects, we get:

* 1M oz (1) = max {min {al. M g, (u)}. min {al. Mgy, (u)}}
This approach can be extended to any number of decision rules.

3.2.5

In the fuzzy rule

"IF <E.positive> THEN <U.positive>"

what does the antecedent represent?

The fuzzy set of regulatory deviation

The fuzzy set of the action quantity

The output fuzzy set

The level of membership for the output fuzzy set

=A =4 4 =4
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3.2.6

For inferring knowledge, the condition is expressed in the form of an implication of
two fuzzy statements mostly called:

= =4 =4 =4

Fuzzy IFTHEN rules

Fuzzy FORTHAN rules
Fuzzy BETWEENAND rules
Fuzzy WHILEEND rules

3.2.7

In a fuzzy rule using the AND operator, what do we do with the membership functions
of the antecedents?

= =4 =4 =4

Select the minimum of the corresponding values
Select the maximum of the corresponding values
Add the corresponding values together

Multiply the corresponding values together

3.2.8

In a fuzzy rule using the OR operator, what do we do with the membership functions
of the antecedents?

=A =4 -4 =4

Select the maximum of the corresponding values
Add the membership functions

Select the minimum of the corresponding values
Subtract the membership functions

3.2.9

Defuzzification

The result of the action of the block of decision rules is a set of membership
functions for individual terms of the output language variables. The membership
function of the output set is given by the union of trimmed membership functions

(Mamdani's metho d). After the practical implementation of action interventions, it is

necessary to assign the output language variables a crisp value of the action quantity
within the permissible range. This process of "approximating fuzzy terms" by a crisp
valued action quantity is called defuzzification .
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There are a variety ofdefuzzification methods , ranging from empirical verification to
heuristic approaches. Nest figure present three often used defuzzification methods:

1 LoM (Left of Maximum): This method takes the value of the output that is to
the left of the peak of the membership function. In other words, it selects the
point where the membership function is at its highest value but on the left
side. It can be useful when it is important to minimize overshooting the
target.

1 MoM (Mean of Maximum): This method calculates the average value of the
crisp outputs corresponding to the maximum value of the membership
function. It is particularly useful when the output membership function has a
large flat region, as it provides a compromise between the possible values.

1 RoM (Right of Maximum): Similar to LoM, but this method selects the value
to the right of the peak of the membership function. It is chosen when it is
important to avoid under-shooting the desired target, ensuring the output is
on the higher side of the membership function.

4 " h 4

v »
tvys (Left of Maximum) ttvys (Mean of Maximum)

When choosing a defuzzification method, we can choose either method that
determines the value of the action variable by calculation as the best compromise
(center of gravity methods) or methods that search for an acceptable solution
(methods of the most significant maximum ).

1 Center of Gravity choose if the goal is to generate the most balanced,
accurate crisp output from the fuzzy set, especially for continuous systems
or systems requiring high precision.

1 Most Significant Maximum (LoM, MoM, RoM) choose when computational
efficiency is a priority or when the fuzzy set's shape is not highly irregular,
and you need a more practical solution without the need for high precision.

3.2.10
What is the purpose of defuzzification in a fuzzy logic system?

To convert fuzzy output terms into a crisp value for practical use
To combine the membership functions into a single fuzzy set
To calculate the degree of membership of input variables

To calculate the maximum value of the membership function

=A =4 4 =4
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3.2.11
Often used defuzzification methods are:

Left of Maximum
Mean of Maximum
Right of Maximum
Center of Gravity

= =4 =4 =4

3.2.12

Which defuzzification method is useful when the output membership function has a
large flat region?

T MoM (Mean of Maximum)

1 LoM (Left of Maximum)
1 RoM (Right of Maximum)

3.3 Fuzzy logic in recommender systems

3.3.1

A recommender system considers both the user's preferences and the features of
the item [Gupta and Jain, 2018]:

Recommender
System

l,

Features of the item ’ Preferences of the user l

These criteria and their representation affect how well a recommender system
performs and operates. These two elements are essential in showing a user how
personalized a service is.

However, these variables are arbitrary and illdefined. The recommender system will

have a difficult time managing the uncertainty as a result. It's also noteworthy to note
that these uncertainties affect the goods' attributes to varying degrees (low to hi gh).
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A car might, for instance, have very good interiors, okay, not so good, horrible, or
awful.

To handle this ambiguity, fuzzy logic in recommender systems is highly advised. In
addition to assisting in the logical modeling of vagueness, this offers heuristic
recommendations and a cogent framework for recommender system design. In
literature, a recommender system has been developed utilizing fuzzy logic. Due to
the use of fuzzy logic, the following substantial changes have been made to the
recommendation:

1 the fuzzy rules help to model the vagueness in user input in an efficient
ocppgt"ykvj"vjg"jgnr"gh"nkpiwkuvke"xctkcc
1 use of fuzzy logic with other techniques like clustering improves the
determination of similar users, by finding the fuzzy similarity degree between
two users,
1 the closeness between two fuzzy ratings (user input) over a particular
product has been understood easily with the help of fuzzy rules.

3.3.2

What are the advantages of fuzzy logic in recommendation systems?

1 The fuzzy rules help to model the vagueness in user input in an efficient
ocppgt"ykvj"vjg"jagnr"gh"nkpiwkuvke"xctkcc
1 Use of fuzzy logic with other techniques like clustering improves the
determination of similar users, by finding the fuzzy similarity degree between
two users.
1 The closeness between two fuzzy ratings (user input) over a particular
product has been understood easily with the help of fuzzy rules.
1 The fuzzy logic makes the recommender system so complicated, that it is
practically unusable for standard customers and they mest ask specialists
for their help.

3.3.3
What is the main benefit of using fuzzy logic in a recommender system?

T It helps to handle ambiguity and vagueness in user preferences and item
attributes.

T Itincreases the system's computational speed.

It eliminates the need for user input.

T It works for binary preferences (like/dislike).

==
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3.3.4

Fuzzy logic in recommender systems helps handle user preferences and item
attributes with . This is done using linguistic variables like like and

like
uncertainty
good
awful

= =4 =4 =4

3.3.5
Application of fuzzy logic

Fuzzy logic has applications in a variety of industries, including those that govern the
environment, residential appliances, and automobile systems.

Common uses include [Sayantini, 2023]:

1 Controlling the height of satellites and spacecraft in the aerospace industry.

1 Itis also used to regulates the flow of traffic and speed in the automobile
systems.

T Itis utilized in huge corporate business for personal evaluation and decision
assistance systems.

1 In the chemical sector, it is also used to regulate the pH, drying, and
chemical distillation processes.

1 Fuzzy logic is employed in many sophisticated applications of artificial
intelligence, including natural language processing.

1 Expert systems, one type of contemporary control system, use it heavily.

1 Fuzzy logic mirrors human decision-making, but much more quickly. As a
result, it is compatible with neural networks.

3.3.6
Controlling in the aerospace industry

Fuzzy logic plays a critical role in controlling the height of satellites and spacecratft,

ensuring that these systems maintain their position with high precision. This process

is essential for ensuring that satellites remain in their intended orbit, especi ally when
considering the constant changes in gravitational forces, atmospheric drag, and

other external factors. Fuzzy logic controllers can process these imprecise variables

cpf"™ jgnr cfl wuv vig" ucvgnnkvgXu cnvkvwfg"
geostationary orbit may experience slight deviations from its expected position due

to solar winds or changes in mass distribution within the spacecraft. Using fuzzy
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logic, the control system can make real-time adjustments to maintain the desired
height.

In the aerospace industry, traditional control systems often struggle with these

imprecise and complex environmental variables. Fuzzy logic, on the other hand,

allows for more flexibility in the decision -making process. By modeling the height

control syste m with linguistic variables such as "too high," "acceptable,” or "too low,"

fuzzy logic helps operators fine-v wpg" cf | wuvogpvu"vqgq"vjg"urceg
adjust control variables gradually, much like how a human would make small

corrections to achieve the desired outcome.

An example of fuzzy logic in action is the use of fuzzy control in the guidance

systems of spacecraft. The fuzzy logic controller uses input from sensors, like
cnvkogvgtu" cpf"i {tqueqrgu. "cpf"qgqwvrwvu" eqoo
This real-time adjustment ensures that the spacecraft stays within a specific height

range, even under changing conditions.

3.3.7

Which of the following are important factors considered in the fuzzy control system
for maintaining the height of spacecraft?

Solar winds

Gravitational forces

Air pressure
Temperature fluctuations

= =4 -4 =4

3.3.8
Regulating in automobile systems

Fuzzy logic is also widely used in automobile systems, particularly in regulating the
flow of traffic and controlling vehicle speed. Traffic control systems can benefit from

fuzzy logic by adapting to changing traffic patterns in real -time. For example, during
peak hours, the traffic light systems can adjust the timing of red and green lights to

optimize the flow of vehic les, preventing congestion. Fuzzy logic enables these
systems to make decisions based on input variables like traffic density, time of day,

and weather conditions. It can also adjust vehicle speed in adaptive cruise control
systems, where the car adjusts its speed to maintain a safe distance from the vehicle
ahead.

In addition to real-time traffic flow adjustments, fuzzy logic can also improve safety.

For instance, fuzzy logic is used in systems that monitor vehicle speed, detecting
when a car is traveling too fast for the road conditions. A fuzzy controller might
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interpret the road conditions as "wet," "slippery,” or "clear," and adjust the vehicle's
speed accordingly, even without precise input data. These systems help to improve
driving safety by making small, gradual changes based on the degree of uncertainty
in the input data, just as a human driver might adjust their speed without exact
measurements.

An example of fuzzy logic in action is the adaptive cruise control (ACC) system found

in modern vehicles. This system uses sensors to detect the distance between

vehicles and the speed at which they are traveling. The fuzzy logic controller then

adjusts the vehicle's speed, taking into account factors like the relative speed of the

xgj keng" cjgcf"cpf"vjg" ftkxgtXu"rtgugv" fgukt
hcevqtu"cu"nkpiwkuvke"xctkcdngu"uwej "cu"gengq
the most appropriate speed adjustment for safety and comfort.

3.3.9

Which factors might fuzzy logic consider when regulating vehicle speed in adaptive
cruise control?

Distance to the vehicle ahead
Weather conditions

Vehicle weight

Road surface condition

= =4 =4 =4

3.3.10
Personal evaluation and decision assistance systems in corporate businesses

In corporate businesses, fuzzy logic is employed for personal evaluation and
decision assistance systems, where decisions need to be made based on imprecise
data. For example, human resources departments may use fuzzy logic to assess
employee performance based on factors such as work efficiency, communication
skills, and team collaboration. These factors are often subjective, making it difficult

to assign precise numerical values. Fuzzy logic allows HR professionals to assign
linguistic variables like "excellent," "good," or "needs improvement" to these attributes
and make decisions based on these fuzzy values.

Fuzzy logic is particularly useful in situations where multiple factors need to be

considered simultaneously. For instance, when evaluating job candidates, HR
departments might use fuzzy logic to weigh various criteria such as experience,
skills, and cultural fit. Instead of making a binary decision, fuzzy logic allows for a
range of evaluations, helping decision-makers identify the best candidate based on
a combination of factors. This flexibility is valuable in making nuanced decisions that

are otherwise difficult to model with traditional logic systems.
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An example in the corporate sector is the use of fuzzy decision-making systems in
project management. Managers may need to evaluate project risk based on variables
such as budget, timeline, and scope. Fuzzy logic helps in aggregating these variables,
assigning degrees of importance to each, and arriving at a recommendation that best
aligns with the company's objectives. These systems make it easier to handle
uncertain or incomplete information, allowing businesses to make more informed,
flexible decisions.

3.3.11
What are some factors fuzzy logic might assess in personal evaluation systems?

Work efficiency
Experience level
Gender
Communication skills

= =4 =4 =4

3.3.12
Regulating in the chemical sector

In the chemical sector, fuzzy logic is applied to regulate processes such as pH
control, drying, and chemical distillation. These processes often require precise
adjustments, but many of the variables involved are difficult to measure with exact

accuracy. For example, the pH of a solution may need to be adjusted within a narrow
range to ensure the quality of the final product. Fuzzy logic systems can adjust the
flow of chemicals in real-time based on imprecise inputs, such as the pH value, the
temperature, or the concentration of various substances.

Fuzzy logic also helps in processes like drying, where moisture levels in a material
need to be monitored and controlled. Fuzzy controllers can interpret inputs such as
humidity levels, airflow, and temperature, and adjust the drying process accordingly.
This is crucial in industries like food processing, where the degree of dryness affects

the quality and shelf life of the product. Similarly, in chemical distillation, fuzzy logic

can control the temperature and pressure conditions, adjusting them in real -time
based on fuzzy input values to optimize the purity and yield of the desired product.

An example of fuzzy logic in the chemical industry is its use in regulating the
distillation process of ethanol. Fuzzy logic can interpret the concentration of ethanol
in the distillation column and adjust the temperature and pressure to maintain a
consistent product output. This allows for higher efficiency and greater control over
the distillation process, ensuring that the final product meets required standards
even in the presence of fluctuating input conditions.
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3.3.13

Which processes can fuzzy logic help regulate in the chemical sector? (Choose two
correct answers)

1 pH control

1 Drying

1 Chemical distillation
1 Price calculation
3.3.14

Natural language processing and expert systems

Fuzzy logic is an essential component in many sophisticated artificial intelligence

applications, such as natural language processing (NLP) and expert systems. In NLP,
fuzzy logic helps process and interpret the vagueness inherent in human language.
Words and phrases often have multiple meanings depending on the context, and
fuzzy logic allows computers to handle these uncertainties effectively. For example,

the word "hot" can mean different things in different contexts - it could refer to
temperature, spiciness, or even attractiveness. Fuzzy logic helps NLP systems
recognize these nuances and respond appropriately. Expert systems, which are a
type of artificial intelligence, also make extensive use of fuzzy logic. These systems

are designed to replicate the decision-making ability of human experts in specialized

fields. By using fuzzy rules, expert systems can make decisions based on imprecise
input. For example, in medical diagnosis, fuzzy logic helps interpret symptoms that

may not perfectly match known disease profiles, allowing for more flexible and

accurate diagnosis. This is especially useful in fields where uncertainty is prevalent,
such as in healthcare or financial forecasting. Fuzzy logic enhances the capabilities

of expert systems by allowing them to handle situations where data is incomplete,

inconsistent, or vague. It mirrors human decision-making, which is often based on
approximations and partial information. The ability to make decisions based on fuzzy

data makes expert

systems highly adaptable and valuable in complex decision-making environments.
For instance, in environmental monitoring, expert systems using fuzzy logic can
interpret varying data about weather, pollution levels, and other factors to make
recommendations or trigger alerts. This flexibility makes fuzzy logic essential in
applications that require responses to nuanced or ambiguous data, ultimately
gpjcpekpi "vjg"u{uvgoXu"ghhgevkxgpguuo
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3.3.15
In NLP, how does fuzzy logic help interpret human language?

By handling the vagueness in word meanings
By making language processing faster

By simplifying text data

By generating synonyms for words

= =4 =4 =4
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4.1 Toolbox and project

4.1.1
MATLAB + Fuzzy logic toolbox

To store the expert knowledge in the form of IF-THEN rules and use this knowledge
we construct Fuzzy Logic Expert Systems.

To model this expert systems we will use the MATLAB + Fuzzy logic toolbox
environment.

To start the support system in MATLAB we use command:

> fuzzy

To present some easy example, let us to define expert system, which, based on the
knowledge of humidity [%], cloudiness [%] and temperature [°C], will answer the
guestion if you may to take the umbrella.

B 71s Editor: Rain - O X

File Edit View
Rain
XX (mamdani)

humidity

temperature

FIS Name: Rain FIS Type: mamdani
And method min ) Current Variable
Or method max v Hame cloud

Type input
Implication — v 4

Range [0 100]
Aggregation max v
Defuzzification centroid - Help Close
System "Rain™ 3 inputs, 1 output, and 11 rules

Firstly we define the membership function. For cloudiness we will define 3 fuzzy
values (S - small, M - medium and H - high) in the range <0; 100> using the
Membership Function Editor:
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n Membership Function Editor: Rain - O X
File Edit View
FIS Variables Mernbership function plnts plot ponts 181
—— $ Y oowm Ty
1

N

‘ cloud ‘ umbrella

hum'di'
temperature

1 1 1 1
20 30 40 50 60 0 100
input variable “cloud™

Current Variable Current Membership Function (click on MF to select)

Name cloud Name s

Type input Type trimf il

Params [0 060]

Range [0 100]

Display Range [0 100] Help | Close |

Ready

For humidity we will define 3 fuzzy values (S - small, M - medium and H - high) in the
range <0; 100> using the Membership Function Editor:

B Membership Function Editor: Rain — O >
File Edit View

FIS Variables Wembership functon plots  Plot points: 181
1
/XN

22 umbrella

=

T T T
§ M

oy
XX
temperature
I 20 30 40 ‘_IZJ 60 .I-J tall .Il.i 100
input variable “humidity™

Current Variable Current Membership Function (click on MF to select)

Name humidity Name s

Type — Type trimf v
Range [0 100] e (00 ol

Display Range [0 100] Help | Close |
Selected variable “humidity”

For temperature we will define also 3 fuzzy values (S - small, M - medium and H -
high) in the range <0; 40> using the Membership Function Editor:
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. Membership Function Editor: Rain - O X

File Edit View

|
| =
(=7

SRS
i

¥
= |7

=
p<

1 L L 1 1 L
] 5 10 15 20 25 30 35 40

For output value we will also define 3 fuzzy values as probability to take umbrella (S
- small, M - medium and H - high) in the range <0; 100> using the Membership
Function Editor:

Bl Membership Function Editor: Rain — O >

File Edit View

FIS Variables Membership function plots Plot points: 181

s M H
Xy
I.I'I"I'lll
XX

051

0 10 20 30 40 50 60 70 80 80 100

Based on this parameters we can now define the IFF-THEN rules:
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n Rule Editor: Rain - O X

File Edit View Options

1.1f (cloud is S) and (humidity is S) and (temperature is S) then (umbrelia is S) (1) A
2. If (cloud is S) and (humidity is M) and (temperature is H) then (umbrella is M) (1)
3. If (cloud is S) and (humidity is H) and (temperature is M) then (umbrelia is M) (1)
4. If (cloud is M) and (humidity is S) and (temperature is S) then (umbrella is S) (1)
5. If (cloud is M) and (humidity is M) and (temperature is M) then (umbrella is M) (1)
6. If (cloud is M) and (humidity is H) and (temperature is M) then (umbrella is H) (1)
7. If (cloud is M) and (humidity is M) and (temperature is H) then (umbrella is H) (1)
8. If (cloud is H) and (humidity is S) and (temperature is S) then (umbrella is M) (1)
9. If (cloud is H) and (humidity is M) and (temperature is M) then (umbrella is H) (1)
10. If (cloud is H) and (humidity is M) and (temperature is H) then (umbrelia is H) (1)
11. If (cloud is H) and (humidity is H) and (temperature is M) then (umbrella is H) (1)

cloud is humidity is temperature is umbrella is

[ not (] not (] not [ not

Connection Weight:

® and 1 Delete rule Add rule Change rule | << | =:|

FIS Name: Rain |

Help

cese |

You can see, that there are not defined rules for all combinations of input parameters.
This is typical situation when collecting knowledge from concrete experts. Some

combinations cannot occur, with some the expert has no experience. We can reduce
this problem by combining the knowledge of several experts.

The interaction of the entire set of rules can be well visualized using surface as the
interdependence of two input parameters:
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n Surface Viewer: Rain - O X

File Edit View Options

100

X0 coud COYORU): e ZOUW ol o
X grids: 15 ¥ grids: 15 Evaluate |
Ref lput:  pyan Na 20] Plot points: 191 Heo | cose |
Ready

This surface can also alert us to inconsistencies in expert opinion or some missing
rules.

Once the knowledge base of the expert system is created, we can use it to draw
conclusions in specific situations. The Rule Viewer presents it very well. For concrete
input (60, 60, 22) it resents not only the result (probability to take the unbrella is 63%),
but also presents which rules has been activated and how they contribute to the
overall result:
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u Rule Viewer: Rain - O x

File Edit View Options

cloud = 60 humidity = 60 temperature = 22 umbrella = 63

VAN
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|
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|

|

|

e e e e e e e e ——

N

100

LA

Input: Plot points: Move: _
P 60:60;22] pe 101 et | nghtl down

up

Opened system Rain, 11 rules |

Final fuzzy expert system could be stored as a file, for example Rain.fis for further
use. This file is standard text file, so you can edit it:

[System]
Name='Rain’
Type='mamdani'
Version=2.0
Numlnputs=3
NumOutputs=1
NumRules=11
AndMethod="min’
OrMethod="max’
ImpMethod="min'
AggMethod="max’
DefuzzMethod='centroid'
[Inputl]
Name="cloud'
Range=[0 100]
NumMFs=3
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MF1="S"'trimf,[0 0 60]
MF2="M"'trimf',[40 60 80]
MF3="H"'trimf',[60 100 140]

[Input2]

Name="humidity’

Range=[0 100]

NumMFs=3
MF1="S"'trimf',[0 0 60]
MF2="M""trimf',[40 60 80]
MF3="H"'trimf',[60 100 140]

[Input3]

Name='temperature’

Range=[0 40]

NumMFs=3

MF1="S"'trimf'[ - 10 0 20]
MF2="M":"trimf',[10 20 30]
MF3="H""trimf',[20 40 50]

[Outputl]

Name="'umbrella’

Range=[0 100]

NumMFs=3

MF1="S""trimf',[ - 10 0 60]
MF2="M":"trimf',[40 60 80]
MF3="H"."trimf',[60 100 120]

[Rules]

111,1(1):
123,2(1):
132,2(1):
211,1(1):
222,2(1):
232,3(1):
223,3(1):
311,2(2):
322,3(1):
323,3(2):
332,3(2):

P RPRRPRRPRRPRRPRRRERPR

59



Fuzzy Expert System | FITPED Al

4.1.2

Define your problem based on three parameters and construct the fuzzy-expert
recommender system to solve it. Was it easy?

4.1.3

Introduction

Innovation and innovative entrepreneurship are nowadays very frequently used terms
in various areas of corporate life. The reason for this is that without the ability of

companies to adapt to the realities of contemporary life, especially through

innovation, these companies have no chance of a longterm and successful
existence in the market. For this reason, innovation in companies is given a great
deal of attention. Both successful and unsuccessful firms are examined. Moreover,
the interest in the study of innovation and innovative entrepreneurship is enhanced
by the rapid development of information technology. These technologies are able to
generate large amounts of data and, thanks to their high power and technologies
such as Data Mining and Artificial Intelligence, to find new connections in the data
and new insights into the behaviour of firms and people in firms. The research
presented in this paper is moving in the same direction.

Based on the research conducted and the available relevant findings of previous
studies, the main research aim of the research was to select variables that have a
significant or dominant influence on the behavioural patterns of firms leading to

desirable innovative entrepreneurship. The main research area was chosen as the
application of one of the artificial intelligence methods that will be able to identify

and evaluate the desired behavioural patterns of firms in an appropriate way. To
begin with, a fuzzy approach was chosen to enable a fuzzy understanding of new
paradigms of family business development dynamics with a focus on innovative

entrepreneurship.

The authors also examined the impact of innovation on firm performance and
competitiveness with respect to innovation efficiency. Values of monitored
parameters were obtained for each company. Subsequently, significant differences
between dependent and independent variables within the research were tested:
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. Significant differences — Summary (yes/no) Evaluation of
Evaluated criterion (dependent . . 3
variable) Family business gmups. compared (independent t-he .
variable) relationship
(1, 2) | (1 3) (L,5) [ (23) | (25) | (3.5) of individual
(dependent
variables) to
the size of
the company
(yes/total)
Innovation focus (OECD) YES NO NO NO NO NO 1/6
Innovation type (OECD) YES NO NO NO NO NO 1/6
Innovation degree (Valenta) NO YES YES YES YES YES 5/6
Branch of businnes YES YES YES YES YES NO 5/6
Economic sector YES NO YES NO NO YES 3f6
Operation — Market size NO YES YES YES YES NO 4/6
Customer type YES YES YES YES YES NO 5/6
Finance resources YES YES YES YES YES NO 5f6
Main NO NO NO NO NO NO 0/6
Revenue/profit YES NO YES NO YES YES afe
Market NO YES YES YES YES NO 3/6
expansion
Motivation Adapation NO NO YES NO YES NO 2/6
to innovate Reduction of NO NO YES YES YES NO 3/6
costs
Lack of HR NO NO YES NO YES YES 3/6
Lack of demand NO NO NO NO NO NO 0/6
New knoledge NO NO NO NO NO NO 0/6
Main YES YES NO NO NO NO 2/6
Revenue/profit NO YES YES YES YES NO 4/6
Market NO YES NO NO NO NO 1/6
expansion
Results of Adapation NO NO YES NO NO NO 1/6
innovation Reduction of NO NO YES NO YES YES 3/6
costs
Lack of HR NO NO NO NO NO NO 0/6
Lack of demand YES NO NO NO NO YES 2f6
New knoledge NO NO YES NO YES YES 3/6
For company YES YES YES YES YES NO 5/6
Novelty For local market YES YES YES YES YES NO 5/6
innovation For global NO YES YES YES YES YES 5/6
market
Significant differences between 11/2 | 12/27 | 18f2 | 11/2 | 16f2 | Bf27
category of family businnes 7 7 7 7
(yes/total)

Thanks to the conducted testing, the real possibility of converting the verbal
expression of factors affecting innovation into appropriate decision rules for the

missing numerical relationships between various quantities describing the
innovative behavior of companies was verified. This represented a basic condition
for further work and a real possibility of testing the expert model on selected
elements within the sample during the creation of a model of the use of fuzzy logic
for evaluating the innovativeness of family firms. A hierarchical fuzzy -expert system
was created. At the first level, the classification of the company (to which the
company mainly belongs T services (service) or production) is evaluated in terms of
its influence on innovativeness. At the second level, the main parameters affecting
innovativeness were selected for the model: the size of the family business, the
scope of the innovation, the motivation to innovate, the novelty of the innovation for
the company, the impact of the innovation on the market.
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4.1.4

Which of the following technologies are used to analyze large amounts of data for
insights into firm behavior?

Artificial Intelligence
Data Mining

Virtual Reality

3D Printing

= =4 =4 =4

4.1.5

Innovation and innovative entrepreneurship are crucial for companies because they:

Ensure long-term market success

Attract new employees

Guarantee higher profits every quarter
Limit the need for technological investment

= =4 =4 =4

4.1.6

Project: The expert system for family firms from the area of production

The expert system was created on family firms from the area of production, where
mutual links were defined, i.e. input and output variables were fuzzified, see next
figures. Triangular affiliation functions proved to be suitable. The number of selected

fuzzy values seemed suitable for the experts, both in terms of their sufficient number
to distinguish individual companies and their status, and the ability to clearly select
individual values.

Input parameters fuzzyfication

Family largeness:
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File Edit View

FIS Variables

L A0

LargenesBissemination

4\| Membership Function Editor: Novelty - O

Membership function plets I ITTIE

131

1 2 3 4

PR

Maonelty
Motivation
4
input variable "Largeness”
Current \Variable Current Membership Function {click on MF to select)
Name Largeness Name 1
. Type "
Type input trimf
Params
Ran ge [D 5] [-1 1 2]
Display Range [05] Help Close
Ready

0 - 19 employees (micro enterprises)

20 - 49 employees (small businesses)

50 - 99 employees (smaller medium-sized enterprises)
100 - 249 employees (larger medium-sized enterprises)

Novelty scope:

4| Membership Function Editor: Novelty

File Edit View

FIS Variables

Membership function plots LT ETTICS

181

0]

Motivation

2 3 4

input variable "Nowvelty™

Current Variable
Name Novelty
Type input

Range [u E]

Current Membership Function (click on MF to select)
Name 1
Type trimf

Params 1132

Display Range [0 5]

Help Close

Selected variable "Novelty™
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RATIONALIZATION INNOVATION: quantum change (expected novelty of
order 1)

RATIONALIZATION INNOVATION: intensity (expected novelty obrder 2)
RATIONALIZATION INNOVATION: reorganization (expected novelty of order
3)

RATIONALIZATION INNOVATION: quality adaptation (expected novelty of
order 4)

Motivation for innovations:

Noohs~wNPE

4 Membership Function Editor: Nowvelty - O x
File Edit View

lot Doints:
FIS Variables Membership function plots 22t #2Int 181

Lai enesBissemination

1 2 3 4 5 G 7

Novel
Motivation
£
) in p;n varnable "Mativation™
Current Variable Current Membership Function (click on MF to select)
Name Motivation Name: 1
Type input = trimf -
Range 0] FENE 112]
Display Range [0 8] Help Close
Selected variable "Motivation™

Increase in turnover/profit

Lack of demand

High costs

Reduction/increase/improvement etc. of human resources
Market expansion

Acquisition of new knowledge, need to learn

Adapting to innovations in the industry/competitors etc.

As an output value describing the contribution of innovation to the regional market,
the dissemination was selected:
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4. Membership Function Editor: Novelty

File Edit View

FIS Variables

Membership function plots LT ETTICS

181

O] 220
L;Li jenessi ssemination

MNawed

none low high

resvolutionary

Motivation
output varable "Dissemnination”

Current Variable Current Membership Function {click on MF to select)
Name Dissemination Hame none

Type -
Type output trimf

Params
Range [EI 5] [-1 1 2]
Digplay Range [0 5] Help Close
Selected variable "Dissemination™

r the local market (+++)

1. Not new to the local market (-)

2. ltis partly new for the local market (+)

3. Itis completely new to the local market (++)
4. Itis absolutely revolutionary fo

4.1.7

Expert system main structure

The main structure of expert system has been defined in MATLAB environment:
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4 Fuzzy Logic Designer: Nowvelty - O x

File Edit View

> >

Novelty /
m Dissemination

Movelty

{mamdani)

Motivation
FIS Name: Novelty FIS Type: mamdani
And method min o Current Variable
Or method — | || Mame Largeness
T input
Implication — e S L
Range [0 5]
Aggregation — o
e centroid ~ Help Close
System "Novelty™ 3 inputs, 1 output, and 49 rules

The experts described the dependence between the input quantities and the output
guantity and defined individual rules.

The whole ES definition file is below:

[System]
Name='Novelty’'
Type='mamdani'
Version=2.0
Numinputs=3
NumOutputs=1
NumRules=7
AndMethod="min’
OrMethod="max'
ImpMethod="min'
AggMethod="max’
DefuzzMethod="centroid’

[Inputl]

Name='Largeness'

Range=[0 5]

NumMFs=4

MF1="1""trimf'[ -112]
MF2="2""trimf',[1 2 3]
MF3="3"'trimf',[2 3 4]
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MF4="4""trimf',[3 4 6]

[Input2]
Name='Novelty'
Range=[0 5]
NumMFs=4
MF1="1""trimf'[
MF2="2""trimf',[1 2 3]
MF3="3"'trimf',[2 3 4]
MF4="'4""trimf',[3 4 6]

[Input3]
Name="'Motivation'
Range=[0 8]
NumMFs=7
MF1="1""trimf'[
MF2="2""trimf',[1 2 3]
MF3="3"'trimf',[2 3 4]
MF4="4"'"trimf',[3 4 5]
MF5='5""trimf',[4 5 6]
MF6="6""trimf',[5 6 7]
MF7="7":"trimf',[6 7 9]

[Outputl]
Name='Dissemination’
Range=[0 5]
NumMFs=4
MF1="none".'trimf

MF2="low":'trimf',[1 2 3]

-1172]

-1172]

[ -112]

MF3="high":'trimf',[2 3 4]

MF4="revolutionary".'trimf',[3 4 6]

[Rules]

111,1(1):
112,1(1):
114,1(1):
115,1(1):
117,1(1):
121,1(1):
122,1(1):
124,1(1):
125,1(1):
126,1(1):
127,1(1):

P RPRRPRPRPRPRPRRLRRERR
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131,1(1):1

132,1(1):1

135,1(05):1

135,2(05):1

136,2(1):1

137,1(05):1

137,2(05):1

141,1(05):1

141,2(05):1

145,2(1):1

146,1 (05):1
146,2(05):1

147,1(1):
214,1(1):
216,2(1):
217,1(1):
221,1(1):
225,1(1):
226,1(1):
227,1(1):
231,2(1):
232,1(1):
234,1(1):
235,1(05):1
235,2(05):1
236,2(1):
237,2(1):
241,1(1):
244,2(1):
246,2(1):
247,2(1):
327,1(1):
327,2(1):
331,2(1):
337,2(1):
343,2(1):
347,2(1):
427,1(1):

PR RPRRPRPRPRPRRERREPR

P RPRRPRPRPRPRRPRRREPRRLRPRER

68



Fuzzy Expert System | FITPED Al

The ES environment is presented in the next figures:

|4\ Surface Viewer: Novelty - O *

File Edit View Options

Dissemination

Nowelty o Largeness

X (input):  (input): Z (output):

Largeness b Diszemination

X Mesh Points: | g ¥ Mesh Points: | ¢ Evaluate

Ref. Input: [NaN Hah 4] Plot points: |14 Help | Close |
Ready
(4 Surface Viewer: Movelty - O X

File Edit View Options

Dissemination

Motivation oo Largeness

X (input): o (input):

Largeness Motivation i~ Z(OURUE pissemination

X Mesh Points: | g ¥ Mesh Points: | ¢ Evaluate

Ref. Input: [NaN 2.5 NaN] Plot points: |44 Help | Close |

Ready
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4| Surface Viewer: Movelty - O x

File Edit View Options

Dissemination

Mativation 0 o Movalty
X (input): V ¥ (input): Mativation . Z(output): Dissemination
X Mesh Points: 15 % Mesh Points: 15 Evaluate
Ref. Input: [2.5 NaN Nah] Plot points: 4 Help | Close |
Ready

It is evident, that many parts of the parameter space are not covered.

4.1.8

Completing the expert system

Based on the analysis of the ES surface, it was necessary to specifically ask experts
about the rules covering all parts of the space.

The resulting expert system description is below:

[System]
Name='Novelty'
Type='mamdani'
Version=2.0
Numinputs=3
NumOutputs=1
NumRules=7
AndMethod="min’
OrMethod="max'
ImpMethod="min'
AggMethod="max’
DefuzzMethod="centroid

[Inputl]
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Name='Largeness’
Range=[0 5]
NumMFs=4
MF1="1""trimf'[
MF2="2""trimf',[1 2 3]
MF3="3"'trimf',[2 3 4]
MF4="'4""trimf',[3 4 6]

[Input2]
Name='Novelty'
Range=[0 5]
NumMFs=4
MF1="1""trimf'[
MF2="2""trimf',[1 2 3]
MF3="3"'trimf',[2 3 4]
MF4="4"'"trimf',[3 4 6]

[Input3]
Name="'Motivation'
Range=[0 8]
NumMFs=7
MF1="1""trimf',[
MF2="2"'trimf',[1 2 3]
MF3="3"'trimf',[2 3 4]
MF4="4"'trimf',[3 4 5]
MF5="5""trimf',[4 5 6]
MF6="6":'trimf',[5 6 7]
MF7="7":"trimf',[6 7 9]

[Outputl]
Name='Dissemination’
Range=[0 5]
NumMFs=4
MF1="none":'trimf",[

MF2="low":"'trimf',[1 2 3]

-1172]

-1172]

-112]

-112]

MF3="high":'trimf',[2 3 4]

MF4="revolutionary".'trimf',[3 4 6]

[Rules]

111,1(1):
112,1(1):
113,1(1):
114,1(1):
115,1(1):

e
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116,1(1):
117,1(1):
121,1(1):
122,1(1):
123,1(1):
124,1(1):
125,1(1):
126,1(1):
127,1(1):
131,1(1):
132,1(1):
133,1(1):
134,1(1):
135,1(05):1
135,2(05):1
136,2(1):
137,1(05):1
137,2(05):1
141,1(05):1
141,2(05):1
142,2(1):
143,2(1):
144,2(1):
145,2(1):
146,1(0.5):1
146,2(0.5):1
147,1(1):
211,1(1):
212,1(1):
213,1(1):
214,1(1):
215,1(1):
216,2(1):
217,1(1):
221,1(1):
222,1(1):
223,1(1):
224,1(1):
22 5/1(1):1
226,1(1):
227,1(1):
231,2(1):
232,1(1):
233,1(1):

PR RPRPRRPRRRERRR

'_\

1

1

1
1
1
1

P RPRRPRRPRPRRPRRRRERRRPR

1
1
1
1
1
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234,1(1):1

235,1(05):1
235,2(05):1
236,2(1):
237,2(1):
241,1(1):
242,1(1):
243,2(1):
244,2(1):
245,2(1):
246,2(1):
247,2(1):
311,1(1):
312,1(1):
313,1(1):
314,1(1):
315,1(1):
316,1(1):
317,1(1):
321,1(1):
322,1(1):
323,1(1):1

324, 1(1):1
325,1(1):1

326,1(1):1

327,1(05):1
327,2(05):1
331,2(1):
332,2(1):
333,2(1):
334,2(1):
335,2(1):
336,2(1):
337,2(1):
341,2(1):
342,2(1):
343,3(1):
344,3(1):
345,3(1):
346,3(1):
347,2(1):
427,1(1):

PR RPRRPRRPRRPRRPRPRRRPRPRPRPRLRRRERR

P RPRRPRRPRRPRRPRPRRRPRPRRERRRPR
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The final surface presents, that the rules cover all parts of the space:

|4\ Surface Viewer: Novelty - O *
File Edit View Options

=

i<l

g

=

&

@

o

Nowelty o Largeness

X (input): Largeness ¥ {input): Z (output): De=cmambond
X Mesh Points: 45 ¥ Mesh Points: ¢ F—
Ref. Input: [NaN Nal 4] Plot points: g4 Help | Close |
Ready
(4 Surface Viewer: Movelty - O X
File Edit View Options

c

i<l

g

E

#

@

o

Motivation L Largeness

X (input): Largeness Y {input): Z (output): Dis=caiahond
X Mesh Points: 45 ¥ Mesh Points: ¢ F—
Ref. Input: [NaN 2.5 NaN] Plot points: |44 Help | Close |
Ready
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4| Surface Viewer: Movelty - O x

File Edit View Options

Dissemination

Mativation 0 o Movalty
X (input): V ¥ (input): Mativation . Z(output): Dissemination
X Mesh Points: 15 % Mesh Points: 15 Evaluate
Ref. Input: [2.5 NaN Nah] Plot points: 4 Help | Close |
Ready

Sowe can proceed to testing the expert system.

4.1.9

Expert system testing

The accuracy of the assessment created by the ES was verified on a sample of family
firms from the industrial area. This testing identified small differences between the
expert system and the sample data, which led to the conclusion that the expert
estimate is slightly more pessimistic and the reality is more optimistic, as we can see
in the evaluation of the deviations of the ES evaluation result compared to the
company evaluation in Figure 3. Therefore, in the next stage, it will be appropriate to
check the correctness of the individual if -then rules and deal with the reason for the
occurrence of outliers. The reason may be an incorrect rule, but it may also indicate
the need to refine the estimate by applying other parameters.

Below we see the deviations of the evaluation of the expert system compared to the
evaluation of the innovativeness of the company:
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Differences

We can see that the opinions of experts are slightly pessimistic. The evaluation
identified only small deviations, which clearly proves that the chosen path as well as
the identified parameters and their relationships are correctly set and the model is
usable and applicable for evaluating the innovativeness of not only family
businesses.

It will also be interesting to focus on outliers and check whether the evaluation of the
companies was justified. Both in a positive and negative direction.

4.1.10

What do you see as important in creating a fuzzy expert system?

Correct identification of input parameters.

Correct determination of the values of individual input parameters.
Correct determination of the values of the output quantity.

Correct construction of IF-THEN rules.

Sufficient coverage of the entire value space with rules.

Expert System Builder Hourly Wage.

=A =4 =4 -4 -4 A
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5.1 Generalized algorithm for modelling

51.1

Kp" fgekukgp" u{uvgo" oqgf gnkpi .-likekdeckKion-makinge k c n" \

processes and to understand how knowledge can be acquired from user interactions.
Knowledge acquisition in these systems refers to gathering insights based on user
responses or behaviors while retrieving information. This is particularly important in
the context of simulating decision -making systems on computers, as these systems
aim to mimic human mental activities such as planning, coordinating, and making
decisions. To perform these functions, a decision system must be able to simulate
human knowledge acquisition and decision -making accurately.

For a system to substitute or support human activities, it needs strong
communication abilities and must provide tools to assist users in specific tasks.
Additionally, the system should be designed to apply heuristics Y rules of thumb that
can make complex decision-making simplerY alongside structured knowledge. It
should also explain its decision -making process and derivations to the user, fostering
vtcpurctgpe{"cpf"gpjcpekpi "vtwuv"kp"vj
allows users to follow the r easoning of the system and understand the steps taken
to reach conclusions.

Finally, a decision system should seamlessly incorporate new information or
"knowledge increments” into its existing database without disrupting prior data. This
feature is essential for adapting to changing scenarios and staying relevant. By
integrating new knowledge efficiently, the system remains up-to-date and can
support users effectively, making it a dynamic decision -support tool.

5.1.2
In decision systems, what does knowledge acquisition primarily involve?

Gathering insights based on user responses
Processing only stored data

Focusing exclusively on analytic data
Generating new data without user input

= =4 4 =4

5.1.3

Which feature is essential for a decision system to support human tasks?

1 Ability to communicate well with users
1 Simple integration of new knowledge
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1 Strict reliance on analytic data
1 Limiting explanations of derivations

51.4

Effective decision systems have several critical features that allow them to function
similarly to human decision -makers.

One essential feature is the application of heuristics -methods based on experience
or intuitive judgment rather than rigid calculations. Heuristics enable decision
systems to handle complex scenarios with a degree of flexibility, allowing them to
operate efficiently even when detailed data or a full algorithm is not available. This is
vital for creating systems that can address real -world, uncertain scenarios.

Another significant feature is the ability to explain both the knowledge used and the
reasoning process in deriving conclusions. By providing explanations, the system
can foster user trust and understanding, which are crucial for decision support
systems that often deal with high -stakes scenarios. For instance, if a healthcare
decision system recommends a treatment plan, understanding the reasoning behind
the recommendation is vital for both doctors and patients. This transparency also
makes it easier to identify and correct errors.

Lastly, the system must be able to integrate new knowledge incrementally . This
ensures that it can keep pace with changing information and adapt to new findings
or rules. In an everevolving field like finance, for example, decision systems must
update constantly to reflect new regulatory standards or market trends. Such
flexibility makes these systems adaptable and more valuable over time.

5.1.5
Which feature allows decision systems to make choices without full information?

Applying heuristics

Using strict algorithms
Ignoring new information
Providing rigid explanations

= =4 4 =4
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5.1.6
Why is it important for decision systems to explain their reasoning?

To foster user trust

To help users understand decisions
To avoid system errors

To eliminate complex data analysis

= =4 =4 =4

5.1.7

Simulating decision-making processes in a system involves reproducing the
cognitive and abstract reasoning that humans use. Unlike purely analytical systems,
decision-making simulations rely not only on data but also on experiential knowledge
and cognitive models. These simulations are capable of adapting to different

scenarios and judgments by mimicking the flexible thought processes unique to

human intelligence. For instance, in diagnosing a problem, a human expert considers
both objective and subjective information, a balance that decision systems must

strive to achieve.

Furthermore, decision-making is complex due to the variety of methods available,
depending on the number of individuals involved in making a decision. For instance,
a single person making a decision might focus solely on specific data, while group
decision-making can incorporate diverse perspectives, thus requiring additional
layers of analysis. Decision systems aim to adapt to these nuances, often by allowing
for different decision -making protocols based on the context.

Simulating decision-making also requires a method to handle external information.
In practice, decision systems often rely on external databases to provide context or
additional insights, ensuring that decisions consider broader information beyond the
imme diate dataset. This external data could include market trends, weather patterns,
or legal guidelines, helping the system make more robust decisions.

5.1.8

In a decision-making system, what unique process does simulation attempt to
replicate?

Cognitive and abstract reasoning
Only analytical data processing
External data manipulation only
User preferences exclusively

=A =4 4 =4
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5.1.9

Why is external information important in decision -making simulations?

T It enhances decision relevance
1 It ensures broader context

T It limits the need for algorithms
T It reduces system flexibility
5.1.10

The decision-making process can be broken down into three core phases:
information acquisition, planning, and selection.

1 The first phase, information acquisition , involves gathering and analyzing
relevant data. This phase is crucial because it forms the foundation upon
which the decision will be built. In information systems, this often involves
drawing on both internal and external databases to collect accurate and
timely information, which helps to contextualize the decision.

1 Planning is the next phase, where alternatives are considered and evaluated.
This involves assessing different potential outcomes and weighing their pros
and cons. For instance, a company planning a new product launch might
evaluate multiple strategies and decide on the one with the most potential.
The planning phase is where creativity and analysis intersect, as decision-
makers think critically about the various options and potential results.

1 Finally, the selection phase involves choosing the best option among the
cnvgtpcvkxguO0O"Jgtg. "vjg"u{uvgoXu"cdknkv{™"
cost and quality, plays a significant role. This phase often relies on
predefined rules or criteria within the system to ens ure that decisions align
with organizational objectives. After selection, the decision -making process
can move to implementation, where the decision is put into action.

5.1.11

A decision-making process can be defined as an organic unity of three phases in the
order:

T selection (variant selection);

T information (knowledge acquisition);
T planning (considering alternatives);
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5.1.12

What does the planning phase in decision-making involve?

1 Evaluating different alternatives
1 Only collecting data

1 Final selection of an option

1 Ignoring creative input

5.1.13

In uncertain environments, decision systems must use specialized algorithms to
handle incomplete or ambiguous information. A generalized algorithm for decision
system modeling under uncertainty provides a structured way to make decisions
even when the data is not fully clear. This algorithm involves assessing probabilities
and using heuristics to manage uncertainty effectively. By accounting for unknowns,
the system can generate recommendations that are reliable even in less predictable
situations.

One example of such an algorithm is presented in [Klimes 2011], which outlines
methods for decision modeling in complex environments. The algorithm allows for
adapting to changing data inputs and making decisions with flexible criteria. This is
especially useful in industries like finance or healthcare, where sudden shifts in data
may occur frequently, requiring systems that can respond dynamically.

Through this algorithmic approach, decision systems can perform tasks traditionally
reliant on human judgment, like forecasting trends or diagnosing issues. The ability
to work within uncertain parameters makes these systems valuable for businesses
and organizations that deal with complex and evolving data sets.

5.1.14
What is the purpose of a generalized algorithm in uncertain environments?

To handle incomplete or ambiguous information
To avoid making decisions

To simplify the decision process completely

To disregard unknown factors

=A =4 4 =4
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5.2 Uncertainty in decision systems

5.2.1

In decision-making processes, one key feature is the frequent use of indeterminate
and non-metric information. Unlike quantitative data, indeterminate information
lacks clear, measurable values and instead is influenced by subjective human input,
such as experience and opinion. This subjectivity introduces uncertainty and
complexity into decision -making, as it makes the process harder to quantify or define
with precision. When humans provide the input for these systems, they rely on
personal judgment, which can vary widely across individuals and situations.

Indeterminacy in decision-making has a structure that can be managed by using
specific tools designed to handle incomplete or imprecise information. The basic
structure of incompleteness in the area of information (we are primarily interested in
this area) can be depicted by the following scheme:

Ind eterminacy
I
| I
Ignorance Incompleteness Insufficiency
I
| I
. Language
_ dPhys1 cal indeterminacy
mdeterminacy (fuzziness)
/_I_‘ I
Inaccuracy  Arbitrariness Indefiniteness of Ambiguity of the
the semantic meaning of
meaning of words sentential units
Semantic synonymy Fuzzinessin Semantics Syntax
of words the meaning of
thekey words

This structure, particularly within information systems, allows decision -making
processes to address varying degrees of incompleteness systematically. For
instance, a decision-making framework might employ statistical models or
specialized algorithms to manage the gaps in knowledge due to subjective input. By
structuring and analyzing these gaps, decision-makers can better manage the
inherent uncertainty involved.

This form of uncertainty can stem from two main sources: physical indeterminacy
and linguistic limitations. Physical indeterminacy arises from measurement
kpceewtcekgu. "yjgtg"kvXu"ejcnngpi kpi
their inherent randomness. Meanwhile, linguistic limitations refer to the constraints

vg" rtg
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of natural language, where descriptions are often too vague or broad to capture all
nuances of a decision-making process. Since words have varying interpretations, the
information conveyed can be ambiguous, adding another layer of complexity to
decision-making.

5.2.2
One of the characteristic features of decision -making processes is the fact that
1 they often work with indeterminate and non -metric information...

1 they often work with intercontinental and non -deterministic information...
1 they often work with interconnections and non -commercial information...

5.2.3

Which factor often causes indeterminate information in decision -making?

1 Human experience and opinion
1 Precise measurement tools

1 Machine learning algorithms

1 Exact mathematical models
5.24

Physical indeterminacy in decision-making is primarily due to

Measurement inaccuracies
Unpredictable occurrences
Machine precision
Consistent data inputs

=A =4 =4 =4

5.2.5

Indeterminacy in decision-making often manifests due to insufficient information,
which can arise from external and linguistic factors. External factors, or physical
indeterminacy, stem from measurement errors and the unpredictable nature of some
elements, making it impossible to achieve absolute accuracy. For example, in
scientific experiments or economic forecasts, slight variations in measurements can
significantly alter the outcome, introducing uncertainty into the decision -making
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process. The randomness in external factors thus contributes to the complexity of
making informed decisions.

Another prominent source of indeterminacy is the language used by humans to
describe decisions. Natural language, while flexible and expressive, often lacks the
precision needed for clear, definitve communication. When humans input
information into a deci sion-making system, they are bound by limitations in language,
which cannot fully capture every detail or possibility within a finite timeframe. This

finite use of words creates gaps in communication, as words can have multiple

meanings, and nuances might be lost, leading to further ambiguity.

Such linguistic indeterminacies affect the clarity of information used for decision -

ocmkpi O"C"jwocpXu"ejgkeg"qgh"yqtfu"oc{"wpkpvec
creating a semantic field where meanings can overlap or contradict. This variance in
interpretation can make it difficult for a system to process information accurately,

underscoring the need for refined methods to interpret linguistic input. Addressing

these challenges requires specialized tools that can work with flexible or "fuzzy"

informat ion.

5.2.6

What is one main reason natural language introduces indeterminacy?

Natural language lacks numerical precision
Words have a finite number of interpretations
Language is consistent across contexts
Exact mathematical terms are always used

= =4 -4 =4

5.2.7

Which factors contribute to linguistic indeterminacy?

1 Overlapping meanings of words
T Semantic synonymy

1 Consistent terminology

1 Precise definitions

5.2.8

The fuzziness in language significantly impacts decision -making, as traditional
mathematics and exact sciences often struggle to handle linguistic uncertainty
effectively. Words and phrases can hold multiple meanings or degrees of
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interpretation, which introduces ambiguity. For example, terms like "high risk" or
"significant impact" may carry different connotations depending on the context,
making them difficult to quantify precisely. This fuzziness has traditionally limited

the application of exact sciences in linguistically -defined scenarios, as traditional
methods require precise data.

The development of fuzzy mathematics, however, has transformed the ability of
decision systems to work with this ambiguity. Fuzzy mathematics is designed to
model situations that involve vagueness and imprecise information, allowing it to
process linguisti ¢ descriptions in a structured manner. For instance, a fuzzy logic
system can assign degrees of truth to statements rather than using binary true/false
outputs. This flexibility allows decision -making systems to accommodate and work
effectively with non -metric data, bridging the gap between linguistic and numerical
information.

By applying fuzzy mathematics, decision systems can better handle situations where
human language plays a central role in the input. This approach has become
essential in fields like artificial intelligence, where systems need to interpret and act
on instructions or descriptions provided by humans. Through fuzzy logic, systems
are now capable of interpreting ambiguous information, allowing them to make
decisions based on a range of inputs rather than relying on fixed numerical values
alone.

5.2.9

Why was fuzzy mathematics developed?

To model situations with vague information
To increase measurement precision

To eliminate linguistic input in systems

To reduce decision-making speed

=A =4 -4 =4

5.2.10
Fuzzy mathematics is useful in decision -making because it

works with linguistic uncertainty
allows non-metric data interpretation
only uses numerical data

eliminates ambiguity

=A =4 4 =4
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5.3 Decision process model

53.1

he fundamental elements of a decision system. Each set plays a unique role in how
the system processes information and makes decisions.

1.

S 1 Situations: This set represents all the potential states or conditions that
the system might encounter. Each situation within S provides context for
decision-making and could represent anything from market conditions for a
business to health metrics for a medical system. Understanding the current
situation is crucial, as it defines the parameters for which decisions need to
be made. A decision system uses this situational awareness to evaluate
which actions will lead to optimal outcomes.

D 1 Possible Solutions : The setD includes every potential solution or
decision the system could make in response to any situation from S. These
solutions are the possible actions or responses the system can take, and
each solution has unique implications for the target goals. For example, a
business decision-making system might consider pricing strategies,
marketing channels, or customer service options as potential solutions. The
system evaluates each option within D to determine which best aligns with
the overall objectives defined in G.

G T Targets/Goals: The target set G includes all acceptable outcomes or
goals the system aims to achieve. These targets provide a measure against
which the success of each solution is evaluated. In a healthcare system, for
instance, G might include outcomes such as patient recovery or symptom
reduction. In a decision system, every decision made from D is checked for
how well it meets one or more goals from G.

F 1 Degrees of Existence (Probabilities) : This set represents the likelihood or
existence probability of each object or element within the decision -making
environment. Probabilities allow the system to handle uncertainty, weighing
each possible solution by how likely it is to yield a beneficial outcome given
the current situation. By incorporating probabilities, the system can prioritize
actions based on their probable effectiveness.

K T Evaluations: The evaluations setK assigns a score or rating to each
ugnwvkqgp. "
suitability. Evaluations might consider factors like efficiency, cost, or
ucvkuhcevkgp. "fgrgpf kpi "
recommendation system, K could include user satisfaction ratings that help
refine future recommendations.

T 1 Time Interval: Finally, T represents the time frame within which decisions
and evaluations occur. Time is a critical factor in decision systems, as
outcomes often depend on timely responses. For dynamic or real-time
systems, decisions may need to be reassessed periodically, with T helping
the system know when to evaluate and update its decisions based on new
information or changing circumstances.
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Together, these elements create a framework for decision systems, enabling them
to analyze situations, evaluate options, consider uncertainties, and ultimately select
solutions that best align with predefined goals within a specific timeframe.

5.3.2

Which set represents the possible actions or responses the system can take in
response to various situations?

1 DT Possible Solutions
1 ST Situations

1 GT1 Targets/Goals

1 KT Evaluations

5.3.3

Which of the following sets are used to determine the effectiveness and
appropriateness of solutions in a decision -making system?

=A =4 =4 =4

KT Evaluations

G T Targets/Goals

T 1 Time Interval

F 1 Degrees of Existence

5.3.4

Despite the fact that the decision-making process involves numerous
indeterminacies, its structure can be defined relatively well. We know, the elements
of decision-making process can be divided into the following groups:

=A =4 4 -4 -4 -4

ST a set of situations,

D 1 a set of all possible solutions,

G T a set of all targets (admissible) for further functioning of a given system,
F 1 a set of all degrees of existence (probabilities) of a given object,

KT a set of all evaluations for a given solution,

T T time interval.
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The decision-making process itself is represented by various mappings among these
sets. It particularly concerns the following mappings:

1. the process of information completion about a given situation and its evaluation,
i.e. selection of only the information which has importance for the final solution:

M, :SXT'xF -5 SxI'xF

2. the process of creating a set of admissible solutions, which consists of two partial
processes

M,=M, oM,
where:
1 Mz T formulating management targets based on the description of a given

situation,
T M., T formulating admissible solutions:

M, :SxTxF =5 GxSxTxF

M, : GxSxTxF ->DxSxIxF

3. the process of modelling effects of admissible solutions
M; :DxSxTxF — DxSxTx(SxT)*xF

(SxI)*

where “defines the set of all chains over (5*1)

(where each admissible solution is allocated with a set of situations including their
time courses, which arise from the given decision.

4. the process of acceptance of the solution itself, which consists of two partial
processes

xlf4 — 11:{43 Oﬂf“

where:
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1 M. T evaluating the behaviour of effects of admissible solutions,
1 M., T selection of the best variants:

M, :DxSxTx(SxT)*xF — DxKxT xF

M, :DxKxTx—=DxT

The whole decision-making process is created through the gradual composition of
these partial processes

M=M,ocM,oM, M,

As we can depict in the following diagram

Adapted system

I=inputs into V = outputs of
adaptation adaptation
process process
¥
" M2 ‘ ‘ Human factor ‘
M3 M4

Let us note that the realization of particular processes M; T M, can be ensured by
means of so-called fuzzy algorithms using the results of fuzzy sets theory.

Particular processes M. T M, differ one from another by the character of input and
output quantities as well as by other relations being performed within the process.

5.3.5
The decision-making process can be divided into the following groups:

ST a set of situations,

D1 a set of all possible solutions,

G T a set of all targets (admissible) for further functioning of a given system,
F 1 a set of all degrees of existence (probabilities) of a given object,

KT a set of all evaluations for a given solution,

T T time interval,

A T a set of alfanumeric symbols representing the possible solutions.

B T a set of bad decisions,

C 1 a set of certain coins needed to generate the values of a random
variables,

=A =4 =4 =4 -4 -4 A -5 -4
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5.3.6
The set of all possible is known as D, while the set of all for a particular
solution is represented by K. The set G includes all acceptable for the system.

! evaluations
! solutions
1 goals

5.3.7

Generally speaking, each process can be featured by the following sextuplet

(r.1,.X,.7,.T,.Ty)

ch>® p»
where

T, T type of inputs,

T, T type of outputs,

Xen - character of outputs,

T, T type of indeterminacy,

T« T type of selection criterion,

T« T type of particular elements of the criterion.

= =4 =4 =4 -4

The particular types may take the values given in the following diagram:

T; exact [P] fuzzy [F]
1 | I
T« exalct [P] fuzzyI [F]
X, |: deterministic [D] non-detemministic [N]
Tp exact [L] linLuisﬁ c[L]
1 I
]
Tk scalar [L] \-'Jdor [k]
1 I
]
| |
Tk exact [P] linguistic [L]

When creating the simulation system, we assumed that it would not be necessary to
deal with all processes M....M.;, Mi, because some of them are evident.
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We can presume that the process of information completion about a given situation
and its evaluation M; is a part of the acquisition of the input situation evaluation and
it is not necessary to explain it in more details.

The key processes in the decision-making process can be considered processes

Mz, Ms, Mu1, M.

5.3.8
The key processes in the decision-making process can be considered processes:

M22, M3, M41, M42.

MM, MN, MO, MI, MP, MPS.
A'B,CD,EFGH,IJ.
M1, S2, T3, K4, U1, U2, U3.

= =4 =4 =4

5.4 Model of web system adaptation

54.1

Project: Web system adaptation proposal

Adaptive web systems are designed to tailor web content based on the behavior and
characteristics of individual users. By monitoring user interactions, these systems

identify patterns and preferences, offering information that aligns with each user's

unique needs. The primary motivation for creating adaptive systems lies in the
diversity among usersY people have different abilities, preferences, and goals when
accessing online content. Adaptive web systems seek to bridge these differences by
adapting content, user interfaces, and information structure based on observed user
behavior.

In an adaptive web system, the user interface may change depending on user needs.
For example, a student studying for an exam might be presented with condensed

summaries, while a researcher could see more in-depth analyses and detailed
reports. The system constantly evaluates and updates the stored user information,

making it possible to personalize content dynamically. However, this level of
adaptation means users cannot be anonymousY each user's data must be
continuously collected and assessed to provide effective personalization.

The goal of an adaptive system is to increase user satisfaction and efficiency by

delivering content that meets individual needs. This approach improves information
relevance and accessibility, providing users with a streamlined experience that
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matches their goals. Ultimately, adaptive systems aim to reduce information
overload and increase comprehension, especially for users who may benefit from
tailored content recommendations.

5.4.2

Adaptive web systems personalize based on the behavior and characteristics
of each , ensuring content matches their individual

1 needs
1 user
1 content

5.4.3
What is the primary purpose of an adaptive web system?

To tailor information to each user's needs
To allow users to remain anonymous

To ensure content is identical for all users
To limit access to information

= =4 =4 =4

5.4.4

When an adaptive system selects which information to display, it considers various
factors. These factors are crucial for determining what information will be most

helpful and relevant to the user. Key factors include data volume, information
content, and the importance of the information. Additionally, adaptive systems
account for the availability, credibility, cost, and acquisition time of information. For

example, in a rapidly changing field like news reporting, timely and credible
information is priorit ized over less relevant or outdated data.

Another important consideration is the amount of space that information takes up
on a system's resources, such as disk storage. For instance, large multimedia files
might be stored less frequently than text -based files due to space constraints. The
cost and time associated with acquiring information also play significant roles, as
some data might require extensive time or resources to collect. An efficient system
will balance these factors to deliver content in a cost -effective and timely manner.

In essence, the decision-making process for information selection involves a

nuanced evaluation of these factors. The system's ultimate goal is to identify and
present information that balances quality, credibility, and accessibility, ensuring that
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users receive content that aligns with their preferences without overloading system
resources.

5.4.5

Yj kej "hcevgtu"ctg"eqpukfgtgf " k priaking pracéss r v k x g "
for selecting information?

1 Credibility

1 Information content

1 User's privacy settings

T Uk|] g"gh"vjg"wugt Xu"fgxkeg
5.4.6

Why is the cost of information acquisition an important factor in adaptive systems?

To manage system resources efficiently
To limit user access to information

To avoid storing any data

To increase the amount of displayed data

= =4 =4 =4

5.4.7

The output of an adaptive web system is the provision of tailored solutions
represented by certain characteristics, with "suitability of provided information” being
a critical focus. Suitability is judged on factors like the relevance of the content, ease
of understanding, and frequency of user interactions with the content. For example,
if a topic is frequently accessed, it indicates high relevance and may be featured
more prominently for users with similar i nterests.

The system can also recommend information sources based on user interactions.
For instance, if a user frequently searches for medical content, the system may
suggest credible health databases as additional resources. Comprehensibility is
essential; even if the content is accurate, it must be accessible to users of varying
expertise levels. In cases where users need additional resources, the system can
suggest other sources, enhancing the overall user experience.

Finally, adaptive systems can simulate the effects of decisions, helping developers

refine the system to improve accuracy and relevance. By analyzing user feedback,
the system can adjust future recommendations, creating a loop of continuous
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improvement. This process makes the system more intuitive and aligned with user
needs over time.

54.8

What are key characteristics of suitable information in an adaptive system?

1 Relevance to user needs

1 Comprehensibility

1 The highest cost

1 Storage in multiple languages
549

Based on this specification, we can define the following general structure of the
decision-making system solving a given problem:

Adapted
sysiEm ™

Set of all
possible offered
presentations

¥
~ inputinformation
- data volume;
- information contznt;
) - importance;
\ - availability;
eredibility;
cost of information acquisition;
\ - time for information acquisition;
size from the point of view of space taken up on
disks, efc.

Time series characterising
providing information under
various situations

h 4

M4L

Output effects of evaluation

snitability  of  the offered
information, expresses e.g. by

o real content,

o comprehensibility,

o frequency of enquiries

about the information.

recommendation for acquisition of
the information from other sources

optimum variant of the
vizualized information

Human factor
selection criteria
subjective influences
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5.4.10
What is the basic motivation to create the adaptive web system?

1 The variability of individual users.
1 The number of different parameters.
1 The insufficient knowledge of the problem.

5.5 Model of optimalisation
5.5.1

Project: Optimalisation

First, let us consider the M., process. From the classification point of view, as
depicted in the process types figure, the process of selecting the optimum variant
belongs to the following two key categories:

1 |I. category =(P,P,D, P, V, P)
T |l. category = (F, F, N, L, V, L)

The two categories correspond to the fact that during the selection of the optimum
variant, the input quantities are entered either exactly or verbally, the output quantity
is either exact (detailed analysis of the visualization variant) or on the contrary as a
verbally described suitability of the given mapping, and a vector criterion entering the
selection of mapping can also be described either defined exactly or set verbally.

It is evident that the realisation of both processes Miand M4 s quite different. While

in the case of M= process, it concerns a classic vector optimisation, in the case of
M process, the situation is quite different.

We stem from the fact that the inputs of the decision -making process M., as well as
the decision-making algorithm itself, can be described uncertainly, primarily by
linguistic terms characterising values of specific quantities or by relations between
specific quantities. However, to make the performance of such inputs and algo rithms
computerised, it is necessary to use a suitable mathematical apparatus One of the
possibilities for how to perform such quantities is the fuzzy set theory. We will
mention here some descriptions from this theory that are possible to be used in a
decision-making process.

Let U be a set of objects, which are concerned in our decision-making process (e.g.
Uis a time interval, or an interval representing average costs to acquire information
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expressed, e.g., by the amount of database passes, etc.). The fuzzy set inU will be
called the mapping

A4:U - o]

where quantity A(x), x €U, is called by the membership level of the element x in
A. As for each function, we can represent A by the guarantee of the function. For
example, if U= [2000, 10 000]s the universe representing the quantity of information,
then Ain Uis defined by the diagram in the next figure:

0.45 /

2000 4000 6000 8000 10000 U

represents the verbal term: A = HIGH INFORMATION LEVEL

The fact that A is a fuzzy set in U will be marked as “=% . Furthermore, the term
ohw| | {"tgncvkgp4" ku" k o thenhdWcapeviwo lumjverses, then" r wt r g

fuzzy relation is a fuzzy set in their Cartesian product, i.e. £=L*L: jfeg. Li=t:=U
in the previous example, then we can define the fuzzy relation

R=NEARLY EQUAL to c UxU by means of a functional prescription
R(x.y)=e 7! x.y£[2000.10000 |

Similarly to classical sets, we can define analogue operations within the class of
fuzzy sets. Particularly, if Uis a universe, 4, BQU, then we define:

(AU B)(x) = max [A(x). B(x)]
(AN B)(x) = min 1A(2), B(x)
—A(X) =1-A(%)

(A% BXx,v) =min 1A4(x).B ()]

= =4 4 =4

For our next objectives, it is important to introduce the term linguistic variable, i.e.

the variable % represented by the following system

r={X. . M)

where X is a domain of values, Tis a set of terms (i.e. specific words) and M is

M) cX

semantics, i.e. representation assigning a fuzzy set to each term t.
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If we consider the linguistic variable
X = SIZES.
The set of terms t of this variable is created e.g.by words

7= {HIGH, LOW, MEDIUM, VERY HIGH, ...}

Then we can define as a domain of values, e.g., interval

X =<0, 700>

(e.g. t suitability of the offered information) and function M for particular terms can
be defined e.g. in the following diagrams and relations:

M(MEDIUM)

and furthermore
M (VERY t) (x) =[M(® ®)]*:xe X,
M (NOT t) (x) =1 -M(1) (x),

M (t1 AND t2) (x)=min {M(t1) (x), M(t2) (x)}.
M (t1 OR t2) (x)=max {M (t1) (x), M (t2) (x)}.

The,n for example, the suitability level of the offered information

x = 3000 t

corresponds to the verbal expression

t = NOT VERY HIGH AND NOT VERY LOW

with the membership degree

M(t)(x) = min {M (NOT VERY HIGH) (x), M(NOT LOW) (x)}= min {4 (VERY HIGH) (x),
1-M (LOW) (x)} = min {I-(M(HIGH)(x))2, 1-M(LOW)(x)} = min {1-0.252, 1-0.55} = min
{0.9375, 0.45} =0.45

i.e. only a half.
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5.5.2
Using linguistic variables, we can set up fuzzy algorithms of certain processes.

If the input quantities of a given system are x=(X:..x,) and the output ones y=(y:..Yn),
then the fuzzy algorithm means the expression:

If & *,.2%,), then s(Yi..Yn), OF Y(Yi..Ym),

1 where # *..2%,), S(yi..Yn) Y(Y:..Ym) @re linguistic expressions concerning the
individual mentioned quantities.

o
rh

For example, in the process M we consider the following situation. One of the partial
decision-making rules in this process can concern e.g. the relations among the
importance (e), availability (v), unit costs for information acquisition (j), and the
selection of the given mapping (t) .

L ec {:c?: by } VE {0:100%:} .

et us suppose that . Then the verbal expression of one of the
decision-making rules can be as follows:

R1: if e = MEDIUM, v = HIGH, j = MEDIUM, then t = HIGH
SUITABILITY

or

R2: ife = HIGH, v = HIGH, | = HIGH, then t = MEDIUM
SUITABILITY.

We then deal with the relation among 4 linguistic variables

E = <{LOW, MEDIUM, HIGH, VERY, AND, NOT, OR}, <al,bl>,
Me>

V = <{LOW, MEDIUM, HIGH, VERY, AND, NOT, OR}, <0, 100 %>,
Mv>

J = <{LOW, MEDIUM, HIGH, VERY, AND, NOT, OR}, <a2,b2>,
M1j>

T = <{LOW SUITABILITY, MEDIUM SUITABILITY, HIGH SUITABILITY,
VERY, AND, NOT, OR}, <0,100%>, Mt>,

some fuzzy sets of which can be, e.g., as follows:
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M(LOW) MJ(HIGH) MHIGH SUITABILITY)
1 AN i —
e T
) AN / S g

\ / ,

N / /

™, / /
\, / /
AN / /
“ / /
\ / ,.fj
A /
d \\\ //"
- / b e L~
] 100% 100%

Generally, we can say that we possess such rules

R1:
Rk:

ife=Al,v=Bl,j=Cl,thent=D1
if e = Ak, v = Bk, j = Ck, then t = Dk.

In case we have a specified input vector (e,v,j), we can determine the corresponding
value with a corresponding mapping t as follows.

Let di be an x-coordinate, the gravity center of the surface lying above the graph of

function D, i.e.

Let furthermore

Then we can put

553

The set of rules R, ...

d: = (| x.Dix)dx) /| D{x)dx); i=1, ..., k
xe<0,100> xe<0,100>

si =min {Ai(e), Bi(v), Gi(j)} € <0,1>

E

> d.s,

SUITABILITF () = ==

ZSJ

i=1

100 € (0,100%)

R can be preferably obtained by using expert assessments.
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One of the problems connected with the application of fuzzy sets in process M., is
the problem of constructing the corresponding fuzzy sets M(t), wheret denotes the
terms of the particular linguistic variables. We will show here several possible
approaches to solving the problem.

Let us consider e.g. a linguistic variable V=INFORMATION AVAILABILITY and its term
t = HIGH. We need to define functionsM, (HIGH) : [0,100]Y [0,1].

. 0,100
(1) We havem available experts. For any value x € [0, ], the experts answer the
guestion of whether the value corresponds to the expression HIGH or not. Let n out
of these experts confirm that it corresponds, then

M, (HIGH)(x) =" [0.]
m

(2) Le us assume again that we havem experts and only valuesx =0, 1, 2, ..., 10@re
being tested. (Note: We will use the principles, described in the part focused on Multi-
criteria Decision Analysis as Saaty's method.) Each of the experts then defines values
m; in such a way that:

M; = 1, if he/she considers M, (HIGH)(i) approximately equals to M, (HIGH)())
M; = 3, if he/she considers M, (HIGH)(i) is a little bigger than M, (HIGH)()

M; = 5, if he/she considers M, (HIGH)(i) is bigger than M, (HIGH)())

M; = 7, if he/she considers M, (HIGH)(i) is a bit bigger than M, (HIGH)()

M; = 9, if he/she considers M, (HIGH)(i) is much bigger than M, (HIGH)())

= =4 =4 =4 A

If it was defined already m;;, i <j,
it is put m;= 1/ m;.
. . . A=|m, . .
If the maximum inherent number of the matrix H” ” , we can find the solution x =
(X1..X100) O the matrix equation

(A—a.E)X =0

Then we put

X;
100

Sx,
j=1 -

M, (HIGH)(i) =

The same situation is also in the case of process M., which can be also decomposed

into two parts M Mi For the deterministic part of M ,;, we can use classical methods
for analyzing time series, which are usually available.
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5.6 Application

5.6.1

In decision-making modelling systems, the process is split into two primary stages:
model creation and model application. Each stage has distinct objectives and
requires different types of expertise. Model creation involves building the framework
that will guide the decision-making process. This stage is complex because it
requires defining fuzzy sets, which represent variables with uncertain or imprecise
values, and establishing rules that will govern decisions. For example, creating a
fuzzy set could involve defining what "high," "medium,” or "low" risk means in a given
context. Experts in the field are essential at this stage to provide insight and
experience, ensuring that the model accurately reflects real-world conditions.

Once the model is built, the next step is to apply it to real data or scenarios. In this
stage, input parameters are entered into the model, and computations are performed
to arrive at outputs or decisions. Unlike the creation stage, applying the model is less
analytically demanding, as it primarily involves straightforward mathematical

operations, often handled by computer algorithms. These operations process inputs
according to the rules and fuzzy sets defined during the creation phase.

The application stage also includes the model's recovery, which is the process of
refining or adjusting the model based on new information or changing conditions.

This ensures that the model remains relevant and accurate over time. Together,
these stages allow a decision-making system to evolve, making it both adaptable and
capable of handling complex, real-world situations.

5.6.2

What is the primary focus of the model creation stage in a decision -making system?
1 Defining fuzzy sets and establishing rules
1 Processing input parameters

1 Conducting simple mathematical operations
1 Recovering data from past models

5.6.3

In the decision-making modelling system, the stageinvolves defining fuzzy
, and establishing decisioamaking

{ creation

1 sets
1 rules
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5.6.4

Fuzzy sets are a fundamental concept in the model creation phase of decision-

making systems. Unlike traditional sets where an element either belongs or does not

belong, fuzzy sets allow elements to have degrees of membership. This approach is

useful in decision-making because real-world situations are often uncertain or vague.

For example, when assessing the risk of a financial investment, we may not be able
vgquc{"ykvj"egtvckpv{"yjgvjgt"kvXu"$jkij"tk
between. Fuzzy sets let us represent this ambiguity, assigning a degree of
membership to categories like "high risk" or "medium risk."

The process of creating fuzzy sets requires a detailed understanding of the problem

context. Experts work closely to define ranges and thresholds that reflect real -world

variables. These definitions become the basis for the fuzzy sets used in decision -
making rules. For instance, in a weather forecasting model, fuzzy sets might define
temperature ranges as "cold,” "warm,” and "hot" with overlapping degrees of
membership, providing a more nuanced way of interpreting temperature data.

By defining fuzzy sets, the model gains flexibility, allowing it to handle scenarios
where data does not fit neatly into predefined categories. This adaptability is
essential in complex decision-making systems, especially when they need to
interpret data with uncertainty and variability.

5.6.5
Which characteristics define fuzzy sets?

Allow degrees of membership
Represent uncertain data
Require only binary membership
Only apply to clear-cut data

=A =4 -4 =4

5.6.6
Why are fuzzy sets important in decision-making models?

They handle uncertainty in data

They eliminate the need for expert input
They rely on clear boundaries

They make models easier to create

=A =4 4 =4
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5.6.7

In model creation, decision-o c mk pi "t wngu" ctg"ugv"vg"iwkfg"yv
different scenarios. These rules determine how inputs are interpreted and what

outputs should result. For example, in a quality control model, a rule might state that

ifart qf wevXu"fghgev"ngxgn"ku"mnj ki jyYy"*cu"fghkp
be rejected. Decision-making rules allow a model to make consistent and logical

choices based on the conditions it encounters.

Creating decision-making rules is a collaborative process that involves input from
experts who understand the practical aspects of the decision environment. They help
ensure that rules align with real-world requirements and can adapt to various
conditions. In this way, the system can make decisions in a manner that reflects
human reasoning, even when faced with ambiguous or incomplete information.

Qpeg" guvcdnkujgf." vjgug" twngu" dgeqog™vVvjg"h
making capabilities. They allow the system to perform assessments and provide
recommendations or actions, ensuring that responses are systematic and aligned

with the defined goals of the system.

5.6.8

Decision-making provide structure for model responses based on specific
, allowing the model to make consistent

1 inputs
1 decisions
1 rules

5.6.9
What role do experts play in setting decision-making rules?

Ensuring rules align with real-world needs
Conducting mathematical calculations
Performing repetitive data entry tasks
Verifying all outputs

= =4 4 =4

5.6.10

After creating the model, the next step is to apply it using real data or scenarios. This
process, known as model application, involves inputting parameters that the model
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uses to generate outputs. The application phase focuses on processing the inputs

through the decision-making rules and fuzzy sets established during the model
etgcvkgp" uvcigO0O" Vjku" wuvcig" cnnqyu" vjg" o
recommendations based on live data.

The application stage is generally less complex than model creation because it
largely involves mathematical computations rather than analytic design. These
computations are typically handled by computers, enabling rapid processing of large
amounts of data. For example, a traffic control model might continuously receive
data about vehicle flow, using this data to adjust traffic signals in real -time.

Fwt kpi "vjku"uvcig."vjg"ogfgnXu"ghhgevkxgpgu
decisions to expected outcomes. If the results are consistent and reliable, the model
is validated; if not, further refinements may be necessary. This iterative process
ensureu " vj g"oqgqfgnXu"fgekukqgpu" c twprldecenditwrisc vg " cpf "

5.6.11

What tasks are primarily handled in the application stage of a decision-making
model?

1 Processing input data

1 Generating output decisions

1 Defining fuzzy sets

1 Consulting experts for rule creation
5.6.12

Model recovery is an essential part of decision-making system maintenance. In this
stage, adjustments are made to the model to ensure that it remains accurate and
relevant over time. As new data becomes available or as the decision environment
changes, it may be necessary to update fuzzy sets, revise decision-making rules, or
incorporate new input parameters. Model recovery is a continuous process that
allows the model to adapt to evolving conditions.

This phase relies on feedback from the application stage to determine areas where
the model can improve. For example, if an environmental monitoring system
frequently misclassifies high -risk conditions, recovery efforts may involve refining
the definitions within the fuzzy sets. By making these adjustments, the model can
provide more reliable outputs and adapt to changing real-world contexts.

Through model recovery, decision-making systems remain effective and valuable

tools for organizations. This iterative refinement process ensures that the model
continues to meet its objectives, improving both its accuracy and flexibility over time.
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5.6.13
What is the primary purpose of model recovery in decision-making systems?

To update the model for new conditions
To eliminate all decision-making rules
To prevent input of new data

To create initial fuzzy sets

= =4 =4 =4

5.6.14
Many applications of the presented algorithm have been published. For example:

1 Klimes, C. Model of adaptation under indeterminacy. Kybernetika Volume 47
(2011), Number 3, Pages 35671 369. Click here for full text.

1 Klimes, C. & Bartos, J. IT/IS security management with uncertain
information. Kybernetikg Volume 51 (2015), Number 3, Pages 4081 419.
Click here for full text.

f Mnkog?d."EO."Mtcl 2am."X0"("Hctcpc."TO"Rtaqr
Applications. Software Engineering Trends and Techniques in Intelligent
Systems, Advances in Intelligent Systems and Computingvol. 575, 2017, pp.
53 1 61. DOI: 10.1007/978-3-319-57141-6_6. Proceedings of the
6th Computer Science Online Conference 2017 (CSOC2017), Vol 3. ISSN
2194-5357, ISBN 9783-319-57140-9 (WOS 9783-319-57141-6). Click here
for full text .

1 Frankeova, M., Farana, R., Formanek, I. & Walek, B. FuzBExpert system for
customer behavior prediction. Advances in Intelligent Systems and
Computing. Volume 764, 2019, Pages 122131. DOI: 10.1007/978-3-319-
91189-2_13. 7th Computer Science Online Conference, CSOC 2018; Zlin;
Czech Republic; 25 April 2018 through 28 April 2018; Code 213719, ISSN:
21945357, ISBN: 978331991188-5. Click here for full text.
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6.1 IT/IS security management with uncertain
information

6.1.1
1. Introduction

Risk analysis is an essential part of IT/IS security management. For this, two basic
types of methods are usually distinguished: qualitative and quantitative. The
reliability of qualitative methods, a typical and probably the best-known
representative of which is the method of targeted interviews (Delphi method) based
on a set of targeted and specific questions, is derived from the subjective
assessments specified during the evaluation process.

On the other side, quantitative methods are, as a rule, based on mathematical
formulae expressing risk in the form of numerical values. Thus, the results (the
estimates of the risk) generated by the quantitative approaches are exact values. It
is however important to realize that the problem of subjectivity is only transformed -
the values of impacts associated with risks (the numbers) are highly subjective
values because the respective formulae are based on empirical assumptions of
experts responsible for the risk assessment. This is also why computed results are
usually difficult to interpret.

The individual quantitative approaches mutually differ by the complexity of the used
formulae and the number of variables appearing in them]. Nevertheless, although in
different ways, all of them reflect the fact that the mechanism of a risk application
proceeds in the following manner: a vulnerability makes it possible that a threat
overcomes countermeasures and causes harm to an asset. In fact, the asset's price
motivates threat activation and the threat elevates the vulnerability. This is why the
asset must be protected against threats by implementing countermeasures.

The advantages and disadvantages of the both above-mentioned approaches (i.e.,
guantitative and qualitative) lead us to propose their combination that will be applied
in this paper to the design of a complex system evaluating the risk management of
information security. The proposed method, like most of the other combined
approaches, uses semi-qualitative evaluations as input variables and calculation
formulae for risk evaluation. The approach is based on a proper uncertain
information processing form of im plicational rules; their uncertainty is expressed by
the grade of the vagueness of linguistic terms ("very high", "not so accurate", "nearly"”
etc.). To formalize this vagueness in lexical constructs, a fuzzy mathematical
instrument is used, and the inference mechanisms are based on the principles of
fuzzy logic. However, a detailed explanation of these principles is not included in this
paper; for this, the reader is referred to.

In the described software implementation, fuzzy logical computations are realized

with the help of the LFLC 2000 (Linguistic Fuzzy Logic Controller) tool. The main goal
of this paper is to describe a model that is a specialization of a general
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mode (presented in the previous chapter). It is implemented in the comprehensive
application shell in the way that several IF-THEN-rule knowledge bases cooperate to
minimize all the shortcomings of usual approaches to risk analysis (and therefore it
can be used outside the information security area). Since the model uses the
knowledge expressed in vague language, the necessary data does not need to be
collected by experts - the identification of assets and their definition is done in a
vague and common language that is understandable to everybody. Moreover, as it
was empirically proved in applications when used by the experts, the risk analysis is
conducted in a surprisingly quick, clear, easy and comprehensive way, with the ability
to support the understand ing of the processes and results to all of the users.

This case study is organized simply and clearly. In the next section, we describe the
overall structure of the system, while Sections 3 - 6 are devoted to its individual
subparts; in these sections, the implementation and realization of the built -in
processes is described. In Section 7 the reader canfind some experimental results.

6.1.2
2. Decision-making model

To make sure that the following description of the system is well understood, let us
specify the meaning of the main concepts usually used in the area of information
security management:

An asset is anything that has value to the organization that can be depreciated by
exposure to threats. By threats, we understand potential events, which, when they
turn into reality, may cause an undesirable incident and may harm an organization or
system. A vulnerability is the weakness of an asset (or group of assets) that allows
it to be exploited and harmed by one or more threats. The vulnerability is an attribute
of an asset and represents the sensitiveness of the asset with respect to threats.

The concept of risk is connected with an event that can occur, with the probability of

its occurrence, and with its potential impact. It is always future -oriented: it relates to
the impact that can appear in the future. To diminish the negative impacts, pr otective
measures or countermeasures are usually realized. By these terms, we understand
processes, procedures, technical or legal means, or anything else that is designed to
mitigate the effect of threats by reducing vulnerability or the impact of threats .
Therefore, the threat in our model has two attributes, that represent the level of the
vulnerability of the asset when exposed to the threat and the frequency of threat

occurrence.

As stated above, the described decision-making model is derived from the general
model (presented in the previous chapter). In fact, it is its specialization for
application in the area of information security management. The decision -making
process is specialized and decomposed into the following six subprocesses (see
also Figure 1).
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=

Identication of assets with the help of an input questionnaire.

2. ldentication of the relevant threats together with their attributes. This is done
by a simple expert system based on the asset type and their prices (for more
details see below).

3. The risk evaluation is done by a fuzzy expert system that realizes the main
part of the decision-making process.

4. The design of suitable countermeasures to protect against the identified
threats is done by another simple expert system.

5. The most suitable countermeasures to reducing risk are selected by another
simple expert system. The selection is done concerning to their efficiency
and implementation costs.

6. Risk evaluation and the suitable countermeasures are visualized in the

customized component model of the system assessed.

The whole model works in the following way: in the first step, the user identifies
assets and their attributes (especially price and type, which are described using
vague terms from a common language). This means that in the first step the
complete description of all the assets (asset price, asset type, and dependency { the
weight laid on an asset) is set up.

In the second step, relevant threats are assigned to each asset by the first expert
system (the set of all threats is stored in its knowledge base).

Subsequently (step 3), using the given inference rules, the risk levels of the individual
threats are evaluated. This means that their characteristics "frequency” and
"vulnerability" are assigned with the help of the knowledge base. For this, it is
necessary to evaluate the respective risk for all the individual threats of all of the
individual assets.

At this point, it may be of interest to note that this will later enable us to select
suitable countermeasures restraining the identified threats.

The next subprocess (step 4) conducts the assignment of appropriate
countermeasures based on the risk evaluation, asset type, and individual threat (as
every threat linked in the preceding step to any asset has its own risk level).

The following subprocess (step 5) is the selection of the most suitable

countermeasures that reduce the risk to an acceptable level, with respect to their
efficiency and implementation price.
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Fig. 1. Structure of the system.
The final subprocess (step 6) presents the risk evaluations and suitable
countermeasures in the form of the customized component model, where assets are

represented by components and countermeasures are represented by
subcomponents.

6.1.3

3. Identification of assets
As said above, the purpose of the first step of the whole process is to identify all the

important assets with the help of an input questionnaire. Through this questionnaire,
users de
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ne the assets that occur in their organization and all the attributes of such assets.
An example of such an input questionnaire is depicted in the following Figure 2.

Asset name: ‘ Server room ‘
Asset type: Locality
Asset value: Medium

Asset dependency: | Low

Threats loading: Load threats

Fig. 2. Asset definition.

The figure shows one identified asset called "Server room". The asset is of "locality”
type { in the questionnaire the selection of the asset type is implemented in the way
that the user selects an element from the predened list of asset types (i. e. LAN,
Server, Data asset,. . . ). The price of the "Server room" is a fuzzy linguistic value
"medium” and represents the vague evaluation of the asset price. Further, the
guestionnaire contains another fuzzy linguistic variable called dependency. The
dependency on the "Server room" asset is identified as "low". The dependency
represents the weight laid on a given asset - this enables us to specify the importance
of the asset for an organization, to specify whether it is critical or unimportant. There
is a button "Load threats" in the input questionnaire that initiates the expert system
operation. Thus, the example in Figure 2 reads that the input is the asset server room,
which is a locality with medium price and low importance.

We can thus see that the questionnaire includes vague information expressed in a
common language, which is dened by linguistic values. Input fuzzy variables are
modeled in the LFLC 2000 tool, an example of which, together with the form of fuzzy
sets, can be graphically seen in Figure 3.
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Fig. 3. Fuzzy variable "asset price".

As depicted in Figure 3, the fuzzy sets representing linguistic values may have both
triangular and trapezoid forms. These forms of sets, i.e., their kernels (the set where
the membership function equals 1) and supports (the set where the membership
function is bigger than 0 and lower than 1) were dened by experts in the problem
domain and fine-tuned during testing.

6.1.4
4. Assigning relevant threads

Having obtained records of assets as a result of the activity described in the

preceding section, we will in this section now describe how threats are assigned to

the individual assets based on their type. The asset records are extended with two
characteristics (frequency and vulnerability) - every asset can have, and usually does
have, multiple corresponding threats where every occurrence of any threat comes
with one frequency attribute and one vulnerability attribute):

1 Vulnerability - the fuzzy linguistic variable that defines the level of asset
vulnerability in the case of the threat occurrence (values: "very low", "low",
"medium”, "high", "very high").

1 Threat frequency - the fuzzy linguistic variable (values: "occasional”, "low",
"medium”, "high", "extraordinary").
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This extension of asset records is done by the first simple expert system (see block
ES1 in Figure 1) consisting of 108 IFTHEN rules. The form of such rules is: IF an
asset type THEN Threat(frequency of the threat/vulnerability level).

The threats are brought from the ISO/IEC norms, which ensure for instance the
usability of ISO certifications and implementations, and compliance with Czech
cybernetic laws. Let us present a couple of examples of IF-THEN rules for the
selection of relevant threats.

IF asset type="User access to the IS" THEN {threat="Operation
error"(frequency="high", vulnerability="very low")}

IF asset type="Software" THEN {threat="Unauthorised use of
equipment by foreign entities"(frequency="extraordinary",
vulnerability="very low")}

IF asset type="Data storage" THEN {threat="User
error"(frequency="low", vulnerability="low")}

For instance, the first rule means, that when the asset of "User access to the I1S" type
is identified, the threat "Operation error" with the frequency attribute "high" and the
vulnerability attribute "very low" is selected by the expert system.

6.1.5
5. Computation of risk values

In this step, risks are evaluated with the help of the second set of fuzzy IF-THEN rules.
This is realized in the main part of the proposed system formed by the fuzzy expert
system (see block ES2 in Figure 1) whose knowledge base consists of 625 IFTHEN
rules, examples of which follow:

IF asset price="low" AND threat (frequency="low",
vulnerability="low") AND dependency="low" THEN
risk="acceptable"

IF asset price="low" AND threat (frequency="low",
vulnerability="medium") AND dependency="low" THEN
risk="acceptable"

IF asset price="low" AND threat (frequency="low",
vulnerability="high") AND dependency="low" THEN
risk="acceptable"

IF asset price="medium" AND threat (frequency="medium",
vulnerability="low") AND dependency="low" THEN
risk="acceptable"

114



Case Studies | FITPED Al

IF asset price="medium" AND threat (frequency="medium",
vulnerability="medium") AND dependency="medium" THEN
risk="very low"

All of these rules were formulated by problem-domain experts and were tested on
several system prototypes and risk analysis projects. The output of this expert
system, i. e. the evaluation of the considered risk, is a value of the linguistic variable
"risk" (i.e. "acceptable”, "low", "medium", "high"). The rules have the following form: IF
asset price AND threat (frequency, vulnerability) AND dependency THEN risk. This
expert system is realized in the LFLC tool.

The fuzzy expert system employed in this step uses CNF (Conjunctive Normal Form)

fuzzy approximation as the inference method and the COG (Simple Center of Gravity)
as the defuzzycation method (these were selected after extensive testing). CNF

approximation and COG defuzzycation are applied by the LFLC for the risk evaluation.
The LFLC tries to nd IFTHEN rules, that can be applied. Based on the deuzication
method, the LFLC itself selects the most appropriate IF-THEN rule and applies it. The
output fuzzy value is therefore either an initial (basic) value (acceptable, low,

medium, high) or a composition of some basic value extended by a fuzzy operator

(very low, very high).

6.1.6

6. Selection of the most suitable countermeasures

The proposal of both possible and most suitable countermeasures is conducted by
another expert system (see block ES3 in Figure 1). All identified threats that act
against some of the assets must be eliminated. The countermeasures are suggested
by another set of fuzzy IF-THEN rules. So, analyzing the vague input information
(acquired from the input questionnaire), this expert system assigns relevant
countermeasures to individual assets (together with dening their price and
eff ectiveness).

First, the relevant countermeasures are determined. The relevance is detected with
the help of two knowledge bases { two sets of IF-THEN rules { one describing the
affinity

of countermeasures to asset types and second describing the affinity of
countermeasures to threats.

As an example, let us present a snippet of one rule from the first knowledge base
applicable to the identified asset "switch" (defined as an asset of "LAN" type):
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IF asset type="LAN" THEN select COUNTERMEASURES {"Equipment
siting and protection"; "Supporting utilities"; "Cabling

security"; "Equipment maintenance"; ...; "Documented operating
procedures"; "Change management”; "Fault logging"; ...;
"Equipment identific ation in networks"; ...; "Key management";

"Control of technical vulnerabilities"; }

The second set of rules may be illustrated by the following snippet (for threat
"Remote spying" that was selected for asset "switch"):

IF threat="Remote spying"” THEN select COUNTERMEASURES
{"Cabling security"; "Network controls"; ...; "Policy on use

of network services"; "User authentication for external
connections"; "Equipment identification in networks"; "Key
management"; "Control of t echnical vulnerabilities”;
"Reporting information security events”; ... }

The relevant countermeasures are those that are generated by both considered
knowledge bases. The reason for considering only the intersection of results
generated by the two expert systems is to provide the relevant and suitable
countermeasures as a response to the individual threat and individual asset type
(one threat can manifest against multiple assets, that don't share the same
characteristics - by the application of the intersection, the system will not present
countermeasures that are not relevant for the identified individual asset).

Following this, the most appropriate countermeasures are chosen. The knowledge
base conducting this selection is again constructed in the LFLC tool. Examples of IF-
THEN rules for countermeasures selection (where the attributes price and efficiency
are specified in the braces):

IF asset price="very low" AND risk="low" THEN intersecting
countermeasures WITH (price="low", e ffi ciency="low")

IF asset price="medium" AND risk="low" THEN intersecting
countermeasures WITH (price="low", e ffi ciency="medium")
IF asset price="medium" AND risk="medium" THEN intersecting
countermeasures WITH ((price="low", e ffi ciency="high")

The outputs and results of the risk analysis conducted by our set of expert systems
is a visualization (step 6) that uses a modified component model, where the
components represent assets and the subcomponents represent the
countermeasures relevant to the assets. The colors of the components represent the
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risk value of the asset and the colors of the subcomponents represent the
effectiveness of the selected and proposed countermeasures.

6.1.7
7. Comparison and results

Let us demonstrate the whole process on a simple example. Naturally, because of
the extent of the risk analysis procedure we will use only a snippet of it. The usual
approach is that an expert proposes the evaluation criteria (numeric evaluations of
assets, threats and their attributes). Then the expert collects information from users,
usually in the form of a table - such table contains the necessary attributes that are
being used in the formulae for the risk calculation.

Using a classical approach, the expert identifies an asset and specifies risk which is
computed using a simple equation:

AK) * T(X) * V ();

where
1 Als the asset price (from a range of 1-4),
T T is the probability of the threat (from a range of 1 -5),
1 Vs the value for vulnerability (from a range of 1-5),
1 xis the particular asset.

As an example consider an asset "switch". The expert tries to identify a set of threats
(depending on the time the expert has, his/her expertise and the strategy he/she
chooses the set may wary). Respondents of targeted interviews evaluate the price of
asset "switch” (let it be in our example the number 2) and in cooperation with the
expert they evaluate the values for vulnerability and probability of each identified
threat. Let us assume that they identified three threats and their attributes are
evaluated as follows:

T infiltration with vulnerability value 2 and probability value 2,
T hardware malfunction with vulnerability value 1 and probability value 1, and
1 maintenance error with vulnerability value 1 and probability value 1.

For every threat, the risk value is computed according to the above presented
formula. In the considered example the expert gets values { infiltration =2 * 2 * 2 =
8; hardware malfunction = 2*1*1 = 2; maintenance error = 2*1*1 = 2. Now the expert
determines a threshold value (let it be in our example 5) determining that every risk
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value above this threshold must be covered by countermeasures. After this
evaluation, the expert suggests the countermeasures according to his domain
knowledge.

To get the corresponding results, our approach uses the terms from a vague common
language, so there is no explicit scale of numeric values or need for its approval. Also
the collecting of the data for analysis is not provided by experts, but by users using
an input questionnaire.

In the first step, the users identify the asset "switch" (asset type "LAN") and assigns
to it a price ("medium"”) and dependency (it is a core switch, so the dependency is
"very high").

Following this (in step 2), the system provides all the relevant threats and their
corresponding attributes (selecting only the relevant one from the whole knowledge
base), the snippet of the relevant threats may be:

"Disturbance” (frequency = "very low"; vulnerability =

"medium”)

"Breach of maintainability” (frequency = "low"; vulnerability
="low")

"Remore spying" (frequency = "medium”; vulnerability =
"medium"”)

"Theft" (frequency = "occasional”; vulnerability = "medium"™)
"Dust, corrosion, freezing" (frequency = "occasional”;
vulnerability = "very low")

In the third step, the system evaluates risk levels of all the provided threats. It may
happen that some of the treats may appear in connection with several assets and
with different attributes. This is because, the threats can represent different events
(e.g. threat "Theft" can represent theft conducted by the internal sta or theft
conducted by an external thief). So, the risk levels of threats corresponding to the
identified asset "switch" may be:

"Disturbance" - risk="medium";

"Breach of maintainability" - risk="low";
"Remore spying" - risk="low";

"Theft" - risk="medium";

"Dust, corrosion, freezing" - risk="low";
"Destruction of wiring" - risk="low".
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In the considered example of a "switch" asset and the above evaluation, the system
proposes countermeasures for the threats and the asset (according to asset type)
by the intersection of sets of countermeasures linked to the asset (see Section 6).

The fifth step of the system selects only the most suitable countermeasures.

Because not a single risk is evaluated "acceptable"”, the system is processing all the
threats from the previous step. Because of the asset price being "medium™” and not a
single risk being more than "medium", the system excludes all the countermeasures
with price "high" and all countermeasures with "low" efficiency regardless of their
price. The snippet of the final list of recommended countermeasures may be like this:

"Equipment siting and protection” (price="small",
eff i ciency="big")

"Supporting utilities" (price="small", eff I ciency="big")
"Cabling security" (price="small", eff i ciency="big")
"Equipment maintenance"” (price="small", eff i ciency="big")
"Network controls"” (price="small", eff I ciency="big")

"Security of network services" (price="small",
eff i ciency="medium")

"Monitoring system use" (price="small", eff i ciency="big")
"Segregation in networks" (price="small", eff I ciency="big")
"Network connection control” (price="small", eff i ciency="big")
"Network routing control" (price="small", eff i ciency="big")
"Key management" (price="small", eff i ciency="big")

"Control of technical vulnerabilities" (price="small",
eff i ciency="big")

6.1.8

8. Conclusion

The presented case study deals with the application of a model for decision -making
under uncertainty for implementation of complex software tools, such as information
security risk management - the tool is published at the web URL http://ar.proit.cz.
The results have shown that the model proposed in the previous chapter is suitable
for these tasks. The experience gained is reflected retroactively to the expert
systems rules. An expert on information security risk analysis is no longer necessary
to perform the analysis. The results are implemented in fully matured applications,
that are ready for usage in the problem domain. The decision-making model itself is
very versatile and can be used in other domains - today, the problem domain of
searching over dynamic and static content and the problem domain of operation
system designs are being implemented.
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Source: Klimes, C. & Bartos, J. IT/IS security management with uncertain information.
Kybernetika Volume 51 (2015), Number 3, Pages 40871 419. Click here for full text.

6.1.9
Which thread is correct for this case study?

1 IF asset type="Data storage" THEN {threat="User error"(frequency="low",
vulnerability="low")}

1 IF asset type="Data storage" THEN{threat="System error"(frequency="high",
vulnerability="high")}

1 IF asset type="Data storage" THEN {threat="Memory
error"(frequency="middle", vulnerability="high")}

6.2 Proposal of complex software applications

6.2.1

1. Introduction

When designing complex software applications, there are frequently issues that can
be described by the following characteristics:

1 the problem is not algorithmizable,

1 the problem is new, not repeatable, unique, usually very important,

1 there are more factors influencing the solution (cannot be expressed by
numbers),

1 some of the factors are not known at all or there are complicated relations,

1 changes of some elements in the software application environment where
the solution is carried out are random,

T there is no routine solution,

1 there are no analytical methods to find an optimal solution,

T there are more criteria to assess the solution, some of which are of a
guantitative nature,

1 interpretation of information necessary for the decision is difficult,

1 ahuman is usually an active element of the system (they create and change
the system by deliberate activity).

Thus, we have to decrease the risk in a proposal of a solution of a badly structured
problem, when a wrong decision of the project team can result in creating an
wpuwkvcdng" crrnkecvkgp" gt " gxgp" kp"cp"crrnke
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idea. It is then necessary to decrease the risk of a wrong decision to the lowest
possible level. It primarily concerns SW applications are crucial from the point of view
of maintaining company strategy in the future, i.e. so-called strategic applications .

The solution is a proposal of an automated tool which enables to substitute an expert
when selecting a suitable action based on symptoms of the current way of work. This
tool will suggest which practices are suitable to use in SW development. Therefore,
the tool supports decision making on practices relevancy, whereas implementation
itself is up to the team. This step only reduces the risk of selecting an unsuitable
practice, but not the risk of unsuitable implementation and misunderstanding the
principle in the practice background. The tool cannot eliminate misunderstanding so
support of an experienced member of the team or a mentor is necessary.

In order to propose a suitable decision-making tool, we have to define the decision-
making process, input and output data, data base and rules. Simulation of decision-
making processes are specific in the following:

1 The decision making does not rely only on analytical information, but mostly
on knowledge represented by a recognition process and a process of
abstraction (which is a privilege of brain activity).

1 The decision can be made by several approaches considering how many
individuals will assess it.

T Itis very difficult to accurately define the algorithm of making a decision.

1 Great part of information used in decision making is of external origin with
respect to already established and known data base of the decision-making
problem.

A decision-making process, in a wider sense, can be defined as an organic unit of
three phases:

1 Information (knowledge acquisition).
1 Planning (considering the alternatives).
1 Selecting (selection of a variant).

Making a decision relates only to the last phase, the first two phases (knowledge
acquisition and considering the alternatives) are only preparative ones.

In order to define the structure of a decision-making process and thus to create
prerequisites for finding effective processes for its algorithmization, we have to deal
with decision-making processes in a wider, primarily methodological, perspective.
One of characteristic features of decision -making processes is the fact that they
often work with indeterminate (but quantitative) information, which often results

from the fact that the input quantities of these processes are defined by a human
based on their estimates, experience, opinion, etc.
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Designing complex software tools can be advantageously supported by using
modelling tools based on fuzzy algorithms and principles used in modelling of
decision-making processes. Nevertheless, it is necessary to dispose of a system
enabling to acquire knowledge from reactions of users of these complex systems. It
primarily concerns simulation of decision -making processes as well as ways of
knowledge acquisition.

Implementation of such a decision -making system was presented in the previous
chapter. Following this general decision-making model, the case study discusses its
use in the process of proposing complex software tools. An example is provided in a
form of a proposal of a safe operating system architecture.

6.2.2
2. General decision-making model

This decision-making model stems from the structure presented in previous chapter.
Elements of the decision-making process were divided in the following groups:

1 ST set of situations,

1 DT set of all possible solutions,

1 G set of all objectives (admissible) of subsequent functioning of the given
system,

1 F T setof all existence levels (probabilities) of the given object,

KT set of all assessments of the given solution,

1 TT time interval.

=

The decision-making process itself is represented in various mappings between
those sets. It primarily concerns the following mappings:

1. process of information completion about the given situation and its assessment,
i.e. selection of only such information that is relevant for the final solution:

2. process of creation of all admissible solutions which consists of two partial
processes

M; = My, © My, )

where
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1 Mz T formulating objectives of the control based on the description of the
given situation Ma1 =SXTXF > GXSXTXF

1 M. T formulating admissible solutions Mzz =G XS XTXF = DXSXTXF

3. process of modelling of all effects of admissible solutions:

My:DXSXTXF>DXSXTX(SXT) XF (3

where 5 xT)" determines the set of all strings over S *T) (each admissible solution
is assigned with a set of situations and their time courses which are created based
on the given decision).

4. process of approving the solution itself which consists of two partial processes
M, = M0 My, (4)
where
1 M. T assessing the behavior of the effects of admissible solutions

Myy =D XSXTX(SXT)'XF=>DXKXTXF,

1 M. T selection of the best variants Maz =D XK XT =D XT

The whole decision-making process consists of a gradual composition of the
following processes,

M=M4OM3OM20M1 (5)

as can be depicted in the following diagram (see Fig. 1).
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Problem domain

F 3

[= inputs to the
decision- V = outputs from

making process the decision-
making process

M1 > M2 Human agent
A

Fig. 1. Decision-making process

Note that implementation of processes M: T M, in the general system was carried
out by using so-called fuzzy algorithms with the results of the fuzzy sets theory.

6.2.3
3. Model of creating a complex software application

When creating a software application, it is very important to encompass and analyze
the key requirements and needs of the future software. Those requirements can be
stored in various forms (document with a text description of the requirements,

visions containing identification of the key system functionalities depicted by use -
case diagrams, etc.). Our objective is to process vague (indeterminate) information
created during the analysis of the key requirements and functionalities of the future

software.

The above-presented decision-making model is fully usable for creation of complex
software applications. Assume that the proposed software application is an
information system providing information from a local database in a form described
by a user using rules. Those can be described vaguely, most often by linguistic terms
characterizing the size of specific quantities or relations between specific quantities.
In order to implement those inputs and algorithms on a computer, it is necessary to
use a suitable mathematical apparatus. One of the possibilities is the use of the f uzzy
sets theory.
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NgvXu"eqpukfgt"cp"gzcor ng" g hnmaking progess abquth gt oc v |
selecting the most important processed information by a software application, which
can be divided into the following groups:

f
f
f
f
f
f
f
f

amount of data;

content of information;

importance;

availability;

credibility;

information costs and acquisition

time necessary to acquire the information;

size from the point of view of space taken up on disks, etc.

Generating admissible Requirements |

solutions on software [*

[ application
Set of all V
possible offered
presentations input information
p - amount of data;
- content of information;

| - importance;
- availability;
Modelling ‘/———"* - credibility;

effects of - information costs and acquisition

admissible - time necessary to acquire the information;

solutions \ - size from the point of view of space taken up on
disks, ete.

v

Time series characterising
information provision under
different situations

¥

Agsessment of the behaviour of
effects of admissible solutions

Optimal variant
v of the displayed
information

Final effects of assessments Selection of the
- suitability of the output information best variant
expressed, for example, by:
o real content,
o comprehensibility,
o frequency of queries about
this information,
- recommendation for information
acquisition from other sources.

v

Human agent
- criteria for selection
- subjective influences

Fig. 2. Structure of the decision-making system
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The output of the proposal system should be a set of all possible solutions
represented by the following characteristics:

suitability of the output information expressed, for example, by:
real content,

comprehensibility,

frequency of queries about this information,

recommendation for information acquisition from other sources.

= =4 =4 A

The whole decision-making process is shown in the Fig. 2.

6.2.4
4. Decision-making model for a proposal of a safe operating system architecture

A model for a proposal of architecture of a safe operating system stems from the
general model for decision-making support under indeterminacy presented in
chapter 2.

Process M, represents completion, i.e. input data completion which relate to
architecture of an operating system, and selection of relevant components of an
operating system which are important for the final solution.

Input data completion is realized on the basis of a questionnaire, which is answered
by the user (operator) of the expert system. A general architecture of an operating
system (a set of all components) is then specified and only components relevant for
the final solution are selected.

Process M, is expressed as:

My:KXA-K -

where:

1 KT asetof all components of an operating system which enter the decision -
making process. It represents a general architecture of an operating system.

1 AT asetof answers which describe actual architecture of an operating
system. It enters the decision-making process through a questionnaire.

1 K T the final set of components after information completion. It represents
the real architecture of an operating system.
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Process M, generates all admissible solutions. It has 3 sub-processes which create

the following (based on security requirements):

1. aset of operating system components that are subj
2. aset of threats that the components are expose to,

ect to protection,

3. aset of vulnerabilities relating to the components and threats.

General architecture
of operating system

Set of all components Selection and description

— o ——

Questionnaire with
description of operating

' Y

of components of operating
system

v

Set of selected and

of operating system (K) I
I
I
: described components of
I
I
I

operating system (K*)

Real architecture
of operating system

system (A)

Security

requirements (P)

| Set of protected Selection of protected <
| components of operating components of operating <
| system (K™) system

¥

|

Subprocess M21: K* X P — K™

/

| |

| Subprocess M22: Threats identification Threats (H)
K*xH |

l L

| |

| Subprocess M23: Vulnerabilties identification Vulnerabilties (Z)

| K*xHxZ ||

| |

L‘ k™R |

______ e — — — — ———————— — —— — ]

| Process M3: modelling effects of admissible solutions |

I |

I Risks evaluation Vulnerabilties (Z)
| |

e e e e e e e e e e e e o o e —— — — —

Process M4: acceptance of the solution itself

Risks reduction through countermeasures

| Requirements for

Fig. 3. Model of a proposal of a safe operating system

countermeasures (Po)
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Process M.,

Based on security requirements, this process consists in creating a set of operating
system components that are subject to protection. Identification of these
components is realized using rules from a knowledge base. Process M, is expressed
as:

M, :K"XP —>K”(7)

1 where:

1 P T a set of security requirements laid on the operating system by the user.
They enter the decision-making process using a questionnaire.

1 K- 1 the final set of operating system components which are subject to
protection (protected operating system components respectively).

Process M., represents creating a set of threats affecting the operating system
components which are subject to protection. Their identification is realized on the
basis of a knowledge base depending on security requirements. Process M, is
expressed as:

My K™ X H g

where: H 1 the final set of threats which the components are exposed to, affected by
respectively.

Process M,; consists in creating a set of vulnerabilities relating to the protected

operating system components and their threats. Vulnerability identification is

realized on the basis of a knowledge base depending on threats, absence or
insufficiencies of appropriat e security measures (they are part of an operating
system too).

It holds that a threat takes advantage of vulnerability and if there is no threat to take
advantage of such vulnerability, there is no risk of breaking security of an operating
system. Thus the set of operating system components subject to protection shrin ks.
Process M. is expressed as:

M, (K" narrowed) X H X Z ©)

where: Z T a set of vulnerabilities relating to the components and their threats.
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Process M; models effects of admissible solutions. Based on the rules from the
knowledge base, it qualitatively assesses risks for the components subject to
protection. A security risk is assessed for individual threats to each protected
component. The level of such a risk determined on the basis of probable occurrence
of the threat and the extent of its impact on the protected component, where:

1 the probability of threat occurrence can be determined in relation to the
pwodgt"gh" xwnpgtcdknkvkgu"qt"cvvtkdwvgu"c
knowledge is lower, if there are several users, or if the operating system
works in unsecured computer network without appropriate security
measures.

1 the threat impact on the component is assessed by expert.

Process M; is expressed as:

M:;: K“ X R (10)

where: RT a set of risks affecting these components.

Process M, selects the most suitable measures for operating system components
subject to protection. The purpose of such protective measures is to reduce or
eliminate security risks existing for the protected components. Identification of
protective measures is realized on the basis of rules from a knowledge base
depending on threats which the components are exposed to.

Selection of all existing protective measures for particular components narrows on
vig"dcuku"gh" wugt Xu"tgswktgogpvu" *g0i 0" ngxg
system: easy T advanced T expert, etc.)

Process M, is expressed as:

My;:K”™ XR X0 X Py, = K™ X (0narrowed) (11)

where:

1 RT a set of risks affecting these components.

1 OT aset of all protective measures relating to the components and their
threats.

T P.Tc"ugv"qgh"wugt Xu"tgswktgogpvu"qp"vVvjg"rtc
decision-making process through a questionnaire. They are a base for
further narrowing the set of protective measures for individual components.
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6.2.5
5. Conclusion

The presented case study solves implementability of a model of decision making
under indeterminacy for implementation of software tools, such as a proposal of a
safe operating system architecture. The results showed that the general model
proposed in the previous chapter is suitable for these tasks.

Ugwt eg<" MnkogAd1." EO." Mtcl AaAm." X0" (" Hctcpc.
Applications. Software Engineering Trends and Techniques in Intelligent Systems,
Advances in Intelligent Systems and Computingvol. 575, 2017, pp. 537 61. DOI:
10.1007/978-3-319-57141-6_6. Proceedings of the 6» Computer Science Online
Conference 2017 (CSOC2017), Vol 3. ISSN 2194357, ISBN 9783-319-57140-9
(WOS 9783-319-57141-6). Click here for full text.

6.2.6

The whole decision-making process consists of a gradual composition of the
following processes is:

9 M=M4.M3.M2.M1
T M4=M4+M3+M2+M1
T M=(M1+M2).(M3+ M4)

6.3 Fuzzy-expert system for customer behavior
prediction

6.3.1
1. Introduction to the problem

The core task of the expert system is to hand on the knowledge or experience of an
expert to another person who does not have such expert knowledge, but needs him
or her to fulfil a task in good quality. In the ordinary life, a less experienced person
consults a problem with a more experienced colleague. The expert system can
mediate such advice without the expert being available. Expert experience is
appropriately formalized and maintained in order to be used when querying the
system by the user. Knowledge preservation is useful not only for decision support,
but also for planning, diagnosing or predicting future developments. The first expert
systems emerged in the early 1970s.
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Knowledge or experience can best be passed through a natural language, as it has
the best expressivity. However, natural language is problematic for computer
processing. It contains a lot of constraints arising from context or vague terms. The
practice has been proven that such binding can best be addressed using IFTHEN
rules together with fuzzy sets and fuzzy logic. Fundamentals of the theory of fuzzy
sets were laid by Lotfi Asker Zadeh in the 1960s. The basic idea of fuzzy theory is
the "degree of belonging” of an element to a set of elements. Thus, in a simplified
way, apart from deciding whether an element belongs to or does not belong to a set,
it also introduces a partial affiliation of the element into a set.

In this paper, we focus on using a fuzzy-expert system to predict customer behavior
in retail. This model is used to determine the amount of inventory of individual
products. Contribution follows the results of the research work of the research
workplace.

One of the main business goals in general is to maximize product sales. It is
obviously the core task of each organization that is based on prosperity,
competitiveness, profitability and other attributes that determine the overall success
of the organization. In order to achieve this goal, it must be ensured that the product
sold is in sufficient quantity (and quality of course but it is no longer related to this
work). Thus, a simple solution is available T always to have more products than can
be sold in a given time period. But that is not a good solution. Storage of such goods
is demanding for premises where proper conditions are necessary and costly. In
inventory, the company can have also considerable amount of financial funds.
Therefore, one of the goals of supply chain optimization is to minimize the inventory.
Also, goods with short warranty period, typically food, cannot be ordered in this way
because the customer always prefers fresh goods to the old ones. There is a risk of
expiration of the warranty period and this can lead to loss of profit. The ideal thing is
to have the goods as much as we are able to sell them at a certain time.

An experienced salesperson can handle this problem easily. The longer he or she
works in a particular location, the more accurate he can predict and manage the
amount of orders. He does it mostly intuitively. However, something can happen that
the conditio ns are changed due to the price change of goods, traffic restrictions, bad
weather conditions or change of the location, a new colleague from another
department etc. In this case the old experience is not valid any more.

6.3.2
2. Current inventory planning methods
There are several methods that support inventory strategic management. The two

the most important ones are the ABC method and the JIT method. Both of them are
based on statistical analysis over the reference period (usually over a year).
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The ABC method is based on the consideration that there is no need to devote the
same attention to each type of inventory. The method therefore divides inventories
into three groups and work with each group in a different way.

Inventories are broken down by their share of total annual turnover. The method is
also sometimes modified by the so -called XYZ analysis, which evaluates inventories
in terms of smoothness and predictability of their consumption or sales. Group X

means inventory with a regular and predictable consumption or sale. Group Y
represents inventory with uneven but still predictable consumption or sales (e.qg.
seasonal fluctuations). Group Z means inventory with uneven and unpredictable
consumption or sales. The inventory can then be determined as follows in Table 1.

Table 1. Product categories by ABC T XYZ method.

X Y Z
A low low middle
B low middle high
C middle middle high

The Just In Time (JIT) method belongs to the LEAN group of methods and its aim is
to deliver the goods exactly at the agreed time to a precisely agreed place. JIT
minimizes inventory, does not have fixed delivery dates or fixed quantities. It is
characterized by very frequent deliveries. JIT does not have any set of rules or
procedures, but rather a philosophical approach that was created by Toyota around
1926. Although JIT is most often used in production, many of its principles and ideas
can be applied to business. The JIT expert system would be a suitable support tool
for determining the amount of orders. In retail practice, two approaches are generally
applied:

1 First approach: we order routinely as many items as sold for the past period
since last delivery.

1 Second approach: we first define the maximum number of pieces. When
ordering, we will find out how many pieces are missing to the maximum and
order them.

Both approaches have their shortcomings. For example, the first approach fails to
respond to the differences in consumption at different times and does not respond

flexibly enough to the increase in demand. Yet it is more flexible than the second
approach, which in turn is not able to respond to the drop in demand.
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6.3.3

3. Analysis of system behavior, determination of main parameters, identification of
outputs

For the design of the expert system (EC), based on previous research, it was
determined that the quantity to be tracked would be the quantity of goods sold. The
EC will analyze the results of sales for previous periods and, on the basis of these,
will estimate future sales figures, assessing the possible factors that may affect the
amount of sales.

Sales of particular types of goods primarily affect:

advertising, promotion,

price,

significant days, holidays,

seasonality,

change in store availability,

organizing important events near the shop (e.qg. fairs, concerts, etc.),
weather.

= =4 =4 =4 -4 A 4

Each of these influences has its own specific features and impacts on expert system
knowledge base. The influences are well known and therefore we will not deal with
them in detail. Just only a note.

The most significant measured quantity in our case will be the difference between

estimated sales and actual sales. It can be assumed that this difference will always

be greater at the beginning of the prediction process than at the end. Only after the
system has been debugged and after the necessary adjustments can be expected
that the difference may be small. At the same time, it is understandable that
permanent zero differences can never be achieved. The reason is that the sale of
goods affects various r andom factors and influences. Definition of main linguistic

variables:

A: units(very small, small, medium, high, very high)

B: price (very small, small, medium, high, very high)

C: holiday(no, one day, two days, Easter, Christmas)

D: event(yes, no)

E: availability(yes, no)

F: weather(very bad, bad, normal, nice, very nice)

G: difference (very small, small, medium, high, very high)

=A =4 =4 =4 -4 A

Linguistic variables will be specified by the names of parameters and by the names
of fuzzy sets. The names of the fuzzy sets will be in the brackets.
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To determine the number of rules for a complete system description, we need to
guantify the number of fuzzy sets for individual parameters.

N =n,ng.n.nyngngn;=5552255=12500 (1)

If we use shallow (subjective) reasoning [4]; the number of rules can be reduced by
using a deep (objective) reasoning with one weight set. The evaluating process will
therefore be carried out in two steps. In the first step, a second group of variables
(i.,e. C, D, E, F, G), whose significance for the overall result should be lower, and it will
be evaluated. In the second step, the first group of variables (A, B, H) will be
evaluated. To evaluate the first set of variables, a new linguistic variable called
weight will be introduced, which will be the output from the first step of the evaluation
process and the input into the second step.

Linguistic variable weight and its fuzzy set:
H: weight (very small, small, medium, high, very high)
The number of rules for a full system description will be significantly reduced:

N=n,ngn,=555=125,
My —HoHpHg el —32.25.5 :500.(2)

So the knowledge base will not contain more than 625 rules. As part of system
verification, it is possible to modify the structure of individual sets. Figure 1 shows
the definition of fuzzy sets for the variable weight. On the vertical axis, there is a
function of degree of membership, on the horizontal axis then the range of values
that this linguistic variable can acquire.
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weight weather
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& medum 2 ssm 0 hhm & es avVaue & smal & high & very_high  very_small & mecluml

Fig. 1. Definition of fuzzy sets for variable weight and variable weather.

The data base for verification of the created prediction system was based on data
from 1 June 2012 to 8 September 2014 from a specific supermarket that does not
wish to be identified. This is therefore a long enough period to obtain a relevant
description of the system's behavior. The monitored data are:
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1 the number of pieces sold,
1 goods price,
1 date of sale.

The following was added to the database:

barcode,

day of the week,

month,

prediction,

the difference between the prediction and reality,

fuzzy rule numbers enabled to analyze system behavior.

= =4 =4 -4 -4

In addition, important events organized around the shop were identified where only
the annual pilgrimage, organized during the second Sunday of September, was
practically taken into account here. Other important events were not mentioned by
shop staff.

For a fuzzy set of weather conditions, the weather was found in the _J O7 "
Homepage. The scale 0-10 was used to evaluate the weather, where 0 is very bad, 10

is very beautiful. This scale has been covered by fuzzy sets, see Fig. 1. Historical
records for the area under review had to be evaluated on a daily basis by temperature,
sunshine, precipitation, wind strength and season.

For the most important variable units and price, a variable context method was used,
which is used at the workplace, especially in the LFLC tool. The range of
actual values, minimum and maximum, and the corresponding context were always
set for the trackin g period.

6.3.4

4. Knowledge base, inference mechanism

The knowledge base is compiled using IF-THEN rules. Each rule consists of an
antecedent and a sequencer. The antecedent forms the conjunction of the
associated input language variables with their valuation, followed by the evaluation
of the output variable.

The knowledge base consists of two parts, the weight parameter will be evaluated

first, it will be the output of the first set of rules and the entry for the second set of
rules.
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Example rule for the first group:

IF price IS very_small AND weather IS very_bad AND holiday IS
no AND event IS yes AND availability IS yes THEN weight 1S
very_small;

Example rule for the second group:

IF units IS very_small AND difference IS high AND weight IS
medium THEN tip IS very_small;

The rules were based on the experience of an expert working in a supermarket, whose
job is ordering the goods. Based on his experience, an initial set of rules was
developed. These rules were then verified and possibly modified during the test
development phase of the system.

One of the most important parts of the whole system is the inferential mechanism.
That is why the choice of the inference mechanism was given the greatest attention.
In fuzzy systems there are two basic options. These are the logical deduction and
the fuzzy approximation. The fuzzy approximation is suitable for fuzzy control
because it is more about characterizing the course of function in a local area. Thus,
fuzzy sets are defined to best describe the course of a function. Although this
method would have been used by the solver in the area of industrial systems
management and could be used for the exemplary solution, its principle is intended
to achieve other values of EC behavior. Therefore, the principle of logical deduction
was used for the EC. Various methods were tested for defuzzyfication in both
calculation steps. Based on the test results, the Center of Gravity - COG method was
chosen.

6.3.5
5. Expert system testing

To verify the suitability of possible procedures and methods, prototyping and
subsequent evaluation of the results of the procedures used were chosen.

Methods of selecting data from the source database to determine the contexts of
key variables have been verified. Three variants were compared:

1 ml: set consisting of all the occurring values. Disadvantage: it was not
possible to predict the maximum / minimum that has not yet occurred.
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1 m2: as in the previous point and increased by 10%. Predictions of minimum /
maximum were allowed, but in the course of time only the growth of sets
was made, not the estimation of scales through the reduction of sets.

1 m3: set consisting of a selection of values and increased by 20%. The choice
of values allowed for the flexibility of the sets. Because the set contained
much less elements, the magnification increased to 20%.

Methods for evaluating language variables for multiple source data have also been
verified:

1 ol: valuation is the average of the values from the selection.

1 02: the median of choice is the rating.
1 03: evaluation is the last occurring value of the selection.

The graphs in Fig. 2 show a comparison of two methods. Both are applied to the
same type of goods in the same period:

1 method 1: m2, 02, trapezoid set shape.
1 method 2: m2, 03, trapezoidal shape.

Method 1

Method 2

Fig. 2. Results of testing two evaluation methods for the first monitored month.

First day values were manually entered based on a qualified estimate, second and
other days were already performed by an expert system. The graphs show that the
estimate for the first week was evaluated in both cases in a similar way. The next
weeks the estimates (tip) were refined. It can be seen on the difference value, which
is the difference between the estimate and the units.
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The method of calculating the standard deviation of the differences according to the
following formula was used to compare the results:

The results obtained by all three methods are presented in Table 2. In the evaluation
of other months and other methods, method 3 with parameters obtained by means
of m3, 03 was chosen because it gave the best results.

Table 2. Test results of three evaluation methods for the first monitored month.

Date Method 1 Method 2 Method 3
2. VI 308 308 308

3. VI 57 6 57

29. VL. 36 31 25

30. VI -64 .51 -81

sum of differences -476 -225 43
number of nearest estimates 9 9 13
standard deviation 123,54 128,98 118,80
sum of absolute values 2728 2857 2737

The bases of the rules have been tested and edited during sales estimates over a
portion of the test data base. The extreme differences between estimate and reality
occurred in some days. Such cases were searched, then the active rules were
analyzed, the wles were modified after the analysis. In this case, estimates for the
days of 11/6, 18/6 and 25/6/2012 were analyzed.

Table 3. Activated rules in challenging days.

11.6.2012 18.6.2012 25.6.2012
Rules Nol 19 387 355
Rules No2 258, 259 174, 175, 178, 180 111,112

Example of Modified Rule 355:

original:
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IF price IS very_high AND weather IS medium AND holiday IS no AND event IS no AND
availability IS yes THEN weight ISsm

new:

IF price IS very_highAND weather IS medium AND holiday IS no AND event IS no AND
availability IS yes THEN weight I$nedium

The testing revealed inaccuracies in predictions, especially before holidays, when
sales significantly exceeded normal values. However, this does not always apply. If
the holiday falls on the weekend, the amount of sales will change only a little. If the

holiday is on Monday, sales will be increased on Friday, or three days in advance.
Based on the test results, part of the holiday rules were adjusted so that the highest

values would be selected.

To verify rules for different weather, the number of undervalued estimates was
compared to the number of overvalued estimates in the reporting period. The
analysis showed that the ratio of undervalued and overvalued estimates is
approximately the same for each kind of weather. For this reason, there was no need
to modify the rules.

To verify the rules for major events, the results in the period of the annual pilgrimage
were monitored. After evaluating the results, a total of 19 rules were modified.
Repeated prediction was then performed. There has been a significant improvement
in results. The deterioration of the results occurred in only 7 cases out of 36, with
two differences being minimal.

After verification of all parts of the expert system, its results were compared with the
commonly used inventory prediction methods.

1 Method 1: To ensure a minimum amount of inventory, the same quantity of
goods as was sold in the period under review was ordered. Of course, the
existing inventory status was also taken into account and expected order has
been reduced by inventory status.

1 Method 2: A maximum limit has been set and the goods have been
replenished to this maximum..

1 Method 3: Prediction done by using the expert system created.

In the evaluation of the achieved results, two parameters were evaluated:

1 Balance of unsold goods, surplus. Ideally, the balance should be close to
zero.
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1 An unsupplied demand. This could be evaluated using historical data. In real
operation, a special system for tracking unsatisfied requirements would have
to be created.

Earlier research has shown that prediction systems can only be used effectively for
fast-moving goods. For this reason, all three methods were tested for short-term
goods, purchased in larger quantities, typically on pastries.

Table 4. Prediction results of goods sales: bread roll.

Method 1 Method 2 Method 3
sum of positive surpluses 71138 71750 32064
number of underestimations 160 33 68

Table 4 indicates that method 2 shows the least undervalued orders but at the
expense of higher inventory. When choosing the first two ways of ordering goods,
especially for fresh food, there is a high risk of depreciation leading to losses. Method
1 shows a much higher number of undervalued orders than method 2. This would
negatively affect revenue that would be lower due to shortage of goods.

If we ordered goods according to the prediction of the expert system, we would be
able to optimize both factors. Compared with method 1, we would reduce the number
of undervalued orders by 58%; surpluses would be decreased by 55%.

Compared to Method 2, the surpluses would also fall by 55%. The number of
undervalued orders would be increased, but would be still lower than in case of
method 1. In case of other types of goods, very similar results were achieved.

6.3.6
6. Conclusion

By applying an expert system for customer behavior modeling and then using it to
predict commodity orders, there has been a significant improvement in inventory and
savings amount. The system was designed in such a way to be easily expandable for
other commodities, the fuzzy prediction rules would be easily modifiable and the
remote access would be enabled via a client. Thanks to the use of real data, a testing
system for individual parts of the expert system was also validated. This testing

system has revealed the wrong (stereotypical) user approaches and helped to
remove them.
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Source: Frankeova, M., Farana, R., Formanek, |. & Walek, B. Fuzgxpert system for
customer behavior prediction. Advances in Intelligent Systems and Computing
Volume 764, 2019, Pages 122131. DOI: 10.1007/978-3-319-91189-2_13. 7th
Computer Science Online Conference, CSOC 2018; Zlin; Czech Republic; 25 April
2018 through 28 April 2018; Code 213719, ISSN: 21945357, ISBN: 97831991188-5.
Click here for full text.

6.3.7
The main advantage of the fuzzy logic used in this case study is:

1 Readability of all rules and the ability to find the wrong rule.
1 Possibility to reduce the number of rules to a number smaller than the
number of input parameter values.

6.4 Hybrid movie recommender system

6.4.1

1. Introduction

Currently, various recommended systems are increasing, and their main objective is
to recommend the user suitable content based on various parameters. A
recommender system is an information system serving to support user decision -
making and recommend suitable products, information, and services in the area of
e-shops, streaming services, internet dating services, and many other areas.
Recommender systems use an analysis of a specific type of data to predict user
ratings for individual items. Subsequently, (based on this analysis), they create
recommendations and modify the content of the displayed page so that it
eqgttgurgpfu”" vg" vjg" wugt Xu" rtghgtgpegu
reasons why a wide range of companies and web applications have recently
korngogpvgf"u{uvgou"cpcn{| kpi "wugtuX"dgj cxkqg
suitable products, services, or information. The objective is, of course, to increase
the sales and profits of these companies. It is primarily the area of streaming
platforms and online movie rentals (generally all services distributing audiovisual
works) where the recommendation of relevant products to a user plays a significant
role. The main objective of all these services is that each display of a product by a
user results in conversions, i.e., user action T purchasing access to watch a movie,
subscription registration, etc. In addition, these services also attempt to recommend
the best buyer experience possible T satisfied customers with displayed products
corresponding to their taste will potentially come back and purchase something
again. The most prominent players among the pioneers of recommender systems
are Amazon and Netflix. Amazon patented the first version of its recommender

cu (O
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system as early as 2004. This system increased its profits by 29%, to 12.83 bn.
fgnnctu"kp"vjg"ugeqgpf"hkuecn"swctvgt"*eqor ci
bn. dollars).

Netflix implemented a recommender system in its application to decrease the

number of canceled subscriptions and increase the average time of user interaction

with the application (i.e., the number of streaming hours). The company anticipates

that a combination of recommendations (Trending now, Continue Watch- ing,
Because You Watched, and others) and personalization will save up to 1 billion
dollars a year, which would otherwise be invested in acquiring new customers on
behalf of those who canceled.

It is thus evident that these systems play an essential role in the world of online sales,
and their potential (with the increasing number of people buying online) is still
increasing. The main objective of this article to propose a hybrid recommender
system predictor for recommending suitable movies. This system contains a
recommender module combining a collaborative filtering system, a content -based
system, and a fuzzy expert system. The proposed system processes the favorite and
unpopular genres of the user, and the final list is created using a fuzzy expert system,
which evaluates movie importance.

6.4.2

2. Related work and current state of recommender systems

Recommender systems have been developed for many years and have been applied
in numerous problem domains: tourism, advertisement, e-commerce, music, and
others. This work is focused on the area of recommender systems for movies.

2.1. Recommender systems for movies

Recommender systems for relevant movies are developed to suggest the most
suitable movies for a user based on their preferences, favorite genres, actors,
directors, and other parameters. The Netflix Movie Recommender System also adds
an explanation of why given movies have been recommended. Presenting reasonable
explanations helps the user understand why a given movie should be interesting for
them. This approach helps increase system credibility and user loyalty. Such an
approach has also been implemented in MovieExplain. An interesting approach is
also a proposal of suitable movies based on user emotions. The user marks three
colors representing emotions (joy, anger, sadness, etc.) and the system then
proposes suitable movies. Movie recommender systems hav e been proposed using
various methods and approaches. In the area of design and implementation of a
recommender system, there are currently 4 approaches:

1 Content-based recommender systems: these systems search for similar
product information, services, and other types of content based on their
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metadata, which were viewed or rated by the user. In these systems, user
feedback and rating are the key factors in creating a suitable
recommendation for similar products.

1 Collaborative filtering recommender systems: these systems create groups
of users having similar behavior or preferences to recommend products,
services, information, and other types of content, which were positively rated
by the group of users to which the user belongs.

1 Knowledge-based recommender systems: these systems create a user
profile to identify relationships between user preferences and products,
information, services, and other types of content.

1 Hybrid recommender systems: these systems combine various techniques
and algorithms to improve the final recommendation for a given user. Before
describing various approaches in recommender systems, let us mention
several principal issues that might arise in various situations in their
implementation and subsequent operation.

The first is a cold-start problem, which denotes a state when the system cannot
tgeqoogpf"cp{"igqfu"eqttgurgpfkpi"vqgq"c" pgy"
information (so -called cold visitor), or the customer has such specific preferences

that no recomme ndation can be created based on the behavior of other users (it

concerns a so-called gray sheep). In addition, there might be new products added to

the system (the so-called cold product). As the product does not have any
relationship to other products yet, it is not displayed in non-personalized or
personalized recommendations. The gray-sheep problem usually arises when the
organization focuses on products where the user rating is very subjective, e.g., the

sale of artworks or paintings. AuserwholovesLggpct fg"fc" XkpekXu"rck
necessarily love his statues, but some users do. A cold visitor is concerned about a

situation when the system does not have any information about the user that relates

to their user preferences. The difference between these terms is obvious T cold start,

in general, describes a state of the system when a new customer/product appears T

there is no possibility of recommending relevant content. The other terms describe

more particular cases that cause cold start, either by missing relations between

users and products, specific user behavior, or lack of information about the users.

Another challenge of recommender systems to be solved is sparsity. The availability
gh"c"nctig"swcpvkv{"qgh"f cvitehcregstlts wasgdttared" wpy k n
user-item matrix and decreases recommendation accuracy. In collaborative filtering
recommender systems, such a sparse rating hampers the calculation of item

prediction. Another issue is scalability. Recommender systems can have difficulty

processing vast data. An example can be a matrix containing 30 million users and 50

million items. The last issue, which we mention here, is serendipity. It concerns a

situation when an unexpected item is recommended to a user. The user is thus

surprised, as the item does not correspond to the preferences. Serendipitous

methods then focus on finding such recommendations. Content -based filtering

systems (CBFs) depend on two data types:

1. description and structure of their attribute and
2. user profiles generated from their feedback on various items.
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The advantage of the system is its ability to solve the cold -start problem concerning
new users. The serendipity of a system is relatively low, as recommendations are
created based on items already rated by the user. System quality and accuracy
mostly depend on the ability to extract and process of item content to calculate the
similarity to other items. It is also given the ability to create a user profile based on
explicit and implicit feedback. In the area of movie recommender systems, a mash -
up system was published based on agent-based middleware, which then uses more
data sources to refine the recommended movie prediction. Another system is a
recommender system designed for Android devices (mostly smartphones and
tablets). Its contribution is good movie categorization and explicit ratings by the user.
Other systems and their characteristics are described in the literature review.
Collaborative filtering systems (CFs) are divided into two basic groups:
neighborhood-based collaborative filtering and model -based filtering. The methods
for the calculation in the former group are inspired by the nearest neighbour
classifications and regression methods. The latter group uses latent factor models
to predict item evaluation. Disadvantages of the collaborative fil tering system are the
cold-start problem, sparsity, and scalability. The advantage of the system is the fact
that it does not need to understand the products as well as users. Its functionality
uses a combination of a user, product, and rating given by the user.

System quality and accuracy depend on the ability to decrease the influence of
sparsity, e.g., using dimensionality reduction or graph-based models. It is also given
by the ability to find latent factors. There is also a movie recommender system Film -
Conseill, whose part is a machine learning algorithm to detect whether the user is a
good or bad advisor. This algorithm substitutes the missing functionality of explicit
movie ratings. Another movie recommender system uses machine learning
techniques called inductive learning. This technique enables decreased sparsity and
scalability in the performed experiments. Another published system uses an item -
based approach and describes the possibilities of this approach to decrease sparsity
and cold-start problems. How ever, the system was verified on a very small data
sample. Another movie recommender system uses a cuckoo search, using cluster
and optimization -based techniques to improve movie prediction accuracy. The
proposed system was verified on the MovieLens dataset and achieved better results
compared with other systems under the metrics MAE, RMSE, SD, and-alue. Other
systems and their characteristics are described in the literature review.

Knowledge-based systems, in general, create domains where items are highly
specialized and adapted to user needs. It is thus more difficult to determine user
preferences based only on item ratings. It is important to give the user more control

over the recommender process and emphasize the ability of higher system
interactivity. Knowledge-dcugf " u{uvgou" ctg" oquvn{" dcugf "
tgswktgogpvu. " cpf vig"tgeqgoogpfcvkgp" wugu
data. However, there have been systemsthat process more user data with a higher

degree of personalization. Their advantage is an effective solution to the cold -start
problem. A disadvantage lies in a potential problem when acquiring knowledge due

to the need to define recommender rules in an explicit, usually expert, way. The movie
recommender systems also contain RecomMetz, which is a knowledge-based

c
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context-aware recommender system for recommending suitable movies at the
cinema at the time of their projection.

The system works with three parameters: location, time, and crowd. The system,
based on experimental verification, shows quite high values of metrics precision,
recall, and Fmeasure. Another system is a social knowledge-based recommender
system combining a knowledge-based approach with social networks. The main part
of the system is the RefSim matrix, which can obtain movie similarity based on
information on favorite genres, actors, and directors. The system also performs
experimental verification on vario us types of users in various social network profiles
T conservative, moderate, and liberal. The abovedescribed systems (content -based
filtering, collaborative filtering, knowledge -based) have various advantages, and
many of them have been successfully implemented and published, which is also
provided in the lines above. Other systems are described in the literature review (
Véras et al., 2015).

The systems also have disadvantages and weaknesses. For instance, knowledge
based systems can generally solve the cold-start problem more effectively than
content-based filtering or collaborative filtering systems. However, they fall behind
in persistent personalization based on historical user data compared with content -
based filtering and collaborative filtering systems. Thus, hybrid systems were
developed so that they could take advantage of individual approaches. Hybrid
systems combine basic approaches (content-based filtering, collaborative filtering,
knowledge-based) and thus can increase the performance and refine the
recommendation of items. The main motivation for creating hybrid systems is the

fact that current approaches have weaknesses. Hybrid systems focus on their
removal while increasing system effectiveness.

Hybrid systems are divided into three basic groups: ensemble systems, monolithic
systems, and mixed systems. In the area of movie recommender systems, there have
been several publications.

A simple hybrid system combining the content -based filtering approach with the
collaborative filtering approach, and the user sees explanations for the
recommended items is also available in the literature. The system uses the
advantages of both approaches and has been verified on data from the Netflix
database and IMDb.

The EMRS system combines the content-based filtering approach and collaborative
filtering with recommending movies based on user emotions.

The CinemaScreen Recommender Agent also combines the contentbased filtering
approach with the collaborative filtering approach. The system has been verified on
the MovieLens dataset and shows prediction improvement when using the hybrid
approach in comparison with the traditional collaborative filtering approach or the

content-based one. Another system combining the content -based filtering approach
and collaborative filtering is MoviExplain. This system contains an explanation of the

recommendation to the user. The explanations are based on rating data together with
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content data. The system was verified on the MovieLens dataset and compared with
similar systems (Symeonidis et al., 2009).

Another movie recommender system is MOVREC combining the contentbased
filtering approach and the collaborative filtering approach. In this system, the user
can select values of various attributes (genre, actor, director, year, rating), and the
system only proposes a list of recommended movies based on the cumulative weight
of different attributes and uses the k -means algorithm. Other hybrid systems are
described in the literature review ( Véras et al., 2015 ).

The preceding discussion and literature show that hybrid systems can effectively
solve certain problems of traditional approaches. Therefore, the focus of our article
is on the proposal and development of a hybrid recommender system. Part of our
proposed system is a fuzzy expert system to evaluate movie importance for the final
list of recommended movies. The following section describes the possibilities of

using fuzzy logic in recommender systems.

2.2. Fuzzy logic in recommender systems

Fuzzy logic in relation to the recommender systems allows for the elaboration of

uncertainty, which is based on subjective rating, vagueness, and inaccuracies in the
data, e.g., when evaluating user behavior or creating user profiles. Fuzzy logic was
successfully used in recommender systems, where user preferences and object
properties are represented by fuzzy sets or in the design of the most suitable items

recommended based on incomplete or certain information. Recommender systems

based on fuzzy logic have been developed, e.g., in the field of ecommerce, to
recommend suitable products, such as books, music, and movies, or to design
suitable consumer products, such as mobile phones, tablets, and computers. A study
based on a comparison of various approaches in the area of user approaches
determined that the best approaches in the area of user approaches are based on
direct feedback from the users.

Recommender systems based on fuzzy logic, which use direct information (user
rating or feedback), have been published and developed for various problem
domains. The discussion above shows that using fuzzy logic in recommender
systems is suitable when incom plete or vague information occurs or if processing
vague terms is needed. In this paper, we propose a monolithic hybrid recommender
system composed of a collaborative filtering system, a content -based filtering
system, and a fuzzy expert system. The proposed system combines current
traditional approaches as well as an ex- pert system to support decision -making
concerning a prefinal recommendation of items for a user.

146



Case Studies | FITPED Al

6.4.3
3. Recommender system

This section describes our proposed recommender system. Our system is a
monolithic hybrid system connected with an expert system for the final ordering of
recommendations, in this case, movies. The system takes advantage of collaborative
filtering and content-based systems to construct the recommender module. Our
proposed recommender system is fully implemented in the form of a web system
called Predictory. The architecture of the proposed system is depicted in the next
figure:

Recommender module Information collector
— D)
Collaborative filtering
system
User \ J :
interface = N [ MovieLens
dataset (users,
Content-based filtering movies,
system ratings)

\o Y,

Y

Expert system

Fig. 1. Architecture of the proposed recommender system Predictory.

The architecture of the described system consists of several main modules:

User interface

Recommender module
Collaborative filtering system
Content-based filtering system
Expert system

Information collector

=A =4 =4 -4 -4 A

The methodology of the proposed system is depicted in the next figure:
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Fig. 2. Methodology of the proposed recommender system.

[ Ordering of the final list of movies and ]

displaying it to the user

6.4.4
3.1 Information collector

To suitably display a recommendation based on the collaborative filtering algorithm,

gvj gt "wugtuX"ogxkg"tcvkpiu"ctg"pgeguuct{0" V]
suitable database of movie ratings from various users. For the purposes of the

proposal and implementation of our proposed recommender system, we selected the

MovieLens dataset, which is a database of personalized ratings of various movies

from a large number of users. This database was developed by a research lab at the

University of Minnesota.
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The dataset used for the development of the proposed recommender system
contains 100,836 ratings made by 610 users on 9724 movies. This dataset contains
wugtuX"rgtuqpcnk| gf"tcvkpiu"ug"vjcv"gcej"tc)
enables us to determine which movie genres the user rated, which genres the user
rates most often, and the average movie rating of the user across various genres.
This dataset is then extended with another 40 users and their item ratings, which
consists of users who took part in the testing of our proposed recommender system
(23 who participated in previous testing stages T 14 out of whom compared the
system with other open-source solutions, see Chapter 4). The users are aged 187
35 with various preferences of favorite movies and genres. To acquire
recommendations in our system, we also use a whole set of movie ratings available
in the MovielLens dataset (100,836 ratings) extended with the ratings of the 40 above-
mentioned users. These data are used within the collaborative filtering system
described in Chapter 3.2.1, which is part of our proposed hybrid system. Its outputs
provide grounds for the next steps in our methodology. The resulting MovieLens
dataset contains movie ratings, which can be visualized using a user-item matrix, as
provided in the next Table.

Table 1 Useritem matrix containing ratings of selected movies by selected users.

Userl User2 User3 User4 User5 User6 User7

Toy Story 3.5 2.5 4 5 3.5 3

Jumanyji 3 2.5 5 - 3 2.5
The Martian 45 5 4

Kingsman: The Golden Circle 35 3

Wimbledon 4.5 3 2.5 3 1.5

The table shows that in the selected sample of users and movies, only some users
rated some movies. This fact corresponds to the current state of movie ratings
across various platforms and servers for movie ratings. For instance, User3 rated
only 2 out of 5 selected movies, whereas, Userl, User2, and User4 rated 4 out of 5
selected movies. Only two of the selected movies were rated by the majority of the
users (6 out of 7 users rated the movies). The rating has a range of intervals < 0.5, 5
> number of stars, and it is possible to rate by whole stars or half stars. Therefore,
the rating can be 0.5, 1, 1.5, 2, 2.5, 3, 3.5, 4, 4.5, or 5, where 0.5 represents the worst
rating and 5 represents the best rating. The experimental data sample does not have
a complete rating of all movies by all users, which results in the sparsity problem.
Although the MovieLens dataset contains a large number of user ratings of many
movies, it only contains basic information about the movies (name, category, movie
ID, IMDb movie ID. This is the reason more information is added to the database
using a service called OMDb API. This service provides a RESTful API interface
enabling the acquisition of additional information about a movie based on the IMDb
movie ID.
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The API provides the following information:

Name

Year and date of release
Genres

Director

Actors

Languages

Movie description

= =4 =4 =4 A A -4

The method for reading the movie data is depicted in the next figure:

Genres

Actors

OMDD API

MovieLens

dataseft (users,
movies,
ratings)

Director, staif

Movie description

MovielLens
with movie
information

Fig. 3. Method for reading movie information from the OMDb database.

Having read the data from the MoviesLens dataset and added information from the
OMDb API, the data about the users, their ratings, and movies were stored in the
relational database MariaDB.

6.4.5
3.2 Recommender module

The recommender module is a recommender system of a monolithic hybrid type. It
contains 2 subsystems T a collaborative filtering system and a content -based
filtering system. The collaborative filtering system serves to read suitable movies

ranked by other users together with the movie ratings of the given user. The content -
based filtering system then serves to read similar movies with respect to the best -
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rated movies by the user. The output of the two systems is then processed using an
expert system for the final ranking of the most suitable movies to display to the user.
Both systems are described in more detail in the following subsections.

3.2.1 Collaborative filtering system

The collaborative filtering system is one of the main parts of the whole system. It
attempts to create as good of a user -item matrix as possible; in our case, it consists
of two basic facts:

T Usertuser movie rating, numerical movie ranking (interval range < 0.5,5 >) by
a single user
1 ItemTtrated movie

This user-item matrix serves to calculate the rating, which is used to rank the most
suitable movies for the user based on their movie ratings and the ratings of other
users. Currently, there are two basic groups of collaborative filtering systems:

1 Neighborhood-based (memory-based) collaborative filtering
1 Model-based collaborative filtering

In the case of a neighborhood-based system, the main objective is to calculate the
expected user rating based on the similarity between users and items. There are two
approaches in this group: user-based approaches and item-based approaches. The
user-based approach aims to find a user with similar preferences and then
recommend the most relevant item that the given users have not yet seen. The item-
based approach aims at finding similar items to those that the user already rated and
thus at recommending others. In the case of the model-based system, the main
objective is to find latent factors (hidden genres) in the data. This can be achieved
using matrix decomposition, e.g., using the method of single -value decomposition
(SVD). The recommendation takes place in two ways. The first possibility is to
calculate all ratings for the given user, their ordering, and the subsequent
recommendation of the top-N products with the highest rating. The second
possibility is a combination with neighborhood -based filtering. However, instead of
using original data, it uses found latent factors and then searches for similarities to

them. To choose an appropriate group for a collaborative filtering system and the
final algorithm, we performed a comparison of individual algorith ms in both groups.
A relevant indicator is a mean prediction error according to the RMSE algorithm (the
lower the error is, the more accurately the algorithm predicts missing values in the
user-item matrix). The mean prediction error for individual algorit hms was calculated
as a mean of errors of individual runs in the test data using a given algorithm. Each
algorithm had 10 runs on the MovieLens dataset containing 100,836 ratings by 610
users on 9724 movies. These data were randomly divided into 75% for training and
25% for verification. The results of individual runs for individual algorithms are
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provided in Tables 274. Table 5 contains the calculated mean prediction error

according to the RMSE algorithm for all tested algorithms.

Table 2 Test results for the user-based approach. Table 3 Test results for the item-
based approach. Table 4 Test results for single-value decomposition.

Run Error Run Error
1 3.176 1 3.397
2 3.185 2 3.397
3 3.177 3 3.403
- 3.182 - 3.399
5 3.176 5 3.395
6 3.177 6 3.395
7 3.190 7 3.397
8 3.185 8 3.389
9 3.173 9 3.392
10 3.172 10 3.387
Run Error
1 3.059
2 3.066
3 3.050
4 3.057
5 3.059
6 3.062
7 3.070
8 3.059
9 3.066
10 3.050
Table 5 Mean errors of the algorithms in the test.
Algorithm Mean prediction error according to RMSE
User-based approach 3.179
Item-based approach 3.395

Single Value Decomposition (SVD)  3.060

Table 5 clearly shows that the lowest mean prediction error according to the RMSE
algorithm was scored by SVD Tsingle-value decomposition. This is why the
collaborative filtering system uses the SVD algorithm from the group model -based
collaborative filtering. SVD is a method of decomposing matrix M into individual
components for the purposes of simplification of further calculations. The outputs

of SVD are three matricest U» % and VT, where
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1 M1 a matrix we want to decompose, in our case, the rating matrix of all
ratings of movies by users

U T user feature matrix; The user is a user who evaluates movies

p T the weights diagonal matrix provides information about how much we
should reduce the dimensions

1 VT T item feature matrix; in our case, the item is a movie and T represents a
specific rated movie

When using the SVD algorithm,zwill always be a diagonal matrix. Rating acquisition

. T . . ..
then takes place using a scalar product U and DAY matrices on a given position.
The process of decomposing matrix M is depicted in the next figure:

M U b3 VT

Fig. 4. Process of decomposing matrix M

The principle of the algorithm function is depicted in the next figure:

u —
oo Rating matrix » l

L -\--{I»*R:*

Y Scalar product
Item

Fig. 5. Principle of the SVD algorithm function in the collaborative filtering system.

A problem with the SVD algorithm is that it cannot work with a matrix with missing

values (it considers these values as 0); therefore, we add the values into the matrix
as described further down in the text. The principle of the collaborative filtering
system function is schematically depicted in the next figure:
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Calculation of the

predicted evaluation by

M1 M2 M3

U1)0.799864| 0.829436 (0.877035

U2(0.215779 (0.204058 |0.180818

U3)0.081043| 0.069364 [0.061288

/

. S

Creation of a list with the highest
predicted evaluation for a given user

- N

Removing movies containing user’s
unpopular genres

Increasing the predicted evaluation for

SVD algorithm

\J

movies containing favourite genres
)

Movie Predicted evaluation
The Lord of the Rings:
The Return of the King 1.754066
The Lord of the Rings:
The Fellowship of the Ring 1.658870

Fig. 6. Principle of collaborative filtering system functioning.

The first step of the collaborative filtering system is to read unique user IDs, unique
movie IDs, and user movie ratings from the MovieLens dataset and to calculate the
number of users and movies to create a matrix. Then, a useritem matrix is created
containing users in rows and movies in columns. The values are ratings of individual
movies. This process is described in Algorithm 1.
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Algorithm 1 Creation of the user-item matrix.

Input:

M represents a set of all movies in the MovieLens dataset {M,;, M;, M,,..., M},
U represents a set of all users rating movies - users in the Movielens dataset + other users who took part in testing the system {U;, Uz, Us..., Up},
R represents a set of all ratings by users from set U on movies from set M

Output:

User movie rating matrix (UMR Matrix) - User-item matrix with movie ratings
MoviesNum = count(M) [/number of movies
UsersNum = count(U) [[number of users
User movie rating matrix = matrix UsersNum * MoviesNum
[Jcreate matrix
foreach(U;) in Users do [/For all users

{

foreach(M;) in Movies do [[For all movies

if(Rating(i,j) != null) UMR matrix(i,j) = Rating(i,j);

[[Read user and movie rating - user rating for given movie, if exists,
insert rating into matrix

else UMR matrix(i,j) = 0;

[[else store null rating into given matrix cell to decrease the sparsity problem

)
)

The next step consists of using the SVD algorithm to calculate the matrix U. T and V'
and a matrix containing the predicted movie rating, which predicts the movie ratings

of the users. Table 6 shows a part of the user-item matrix, which contains (for the

purposes of SVD) 650 rows (MovieLens users plus our experimental users) and 9724
columns (number of rated movies in the MovieLens dataset). For the demonstration

purposes of the algorithm work, we selected a part of the user -item matrix containing

10 rows (users) and 10 columns (movies). The user-item matrix containing only

movie ratings of the users is shown in Table 6. For clarity, the table contains aliases
for users and movies:

=4 =4 =4 =4 -4 -8 4 -8 -4 -8 A - -8 a8 A e

Ul = user ID 1500

U2 = user ID 1504

U3 = user ID 1507

U4 =user ID 1510

U5 =user ID 1517

U6 = user ID 1532

U7 = user ID 1536

U8 = user ID 1539

U9 = user ID 1545

U10 =user ID 1547

M1 = movie The Matrix

M2 = movie The Lord of the Rings: TheFellowship of the Ring
M3 = movie The Lord of the Rings: The Return of the King
M4 = movie Inception

M5 = movie The Dark Knight Rises

M6 = movie Iron Man 3

M7 = movie Guardians of the Galaxy

M8 = movie Black Panther

M9 = movie Guardians of the GalaxyVol. 2

M10 = movie Tomb Raider
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Table 6 clearly shows that the user-item matrix contains only several ratings for each
movie. Movies M4 and M5 were not rated by any user in this part of the user-item
matrix. As most ratings are missing in this user -item matrix, it is necessary to add
the data automatically so that the SVD algorithm can run properly. Having no
information about the missing values, the value is set to zero. The user-item matrix,
added with zero values, is shown in Table 7.

Table 6 Part of the user-item matrix containing only movie ratings by the users.

Part of the user-itemn matrix containing only movie ratings by the users.

M1 M2 M3 M4 M5 Me M7 M8 M9 M10

u1 3.5 5.0 5.0 3.5 1.5
u2 3.5 1.5
u3 4.5

U4 5.0 4.5 4.5
us 5.0

UG 4.5

u7 3.0 3.0

us 5.0 5.0

u9 4.0 3.5

u1o 5.0 5.0

Table 7 Part of the user-item matrix containing the movie rating of the users added
with zero values.

=
=
b
=
[¥5]
=z
NS
=
[¥)]
=
=]
=
=]

M8 M9 M10

U1 0 0 0 0 0 3.5 5.0 5.0 35 1.5
uz2 0 0 0 0 0 0 0 0 3.5 1.5
u3 0 0 0 0 0 0 0 4.5 0 0
U4 5.0 0 0 0 0 0 0 4.5 0 4.5
us 0 5.0 0 0 0 0 0 0 0 0
U6 0 0 0 0 0 4.5 0 0 0 0
u7 0 3.0 3.0 0 0 0 0 0 0 0
us 0 5.0 5.0 0 0 0 0 0 0 0
U9 0 4.0 3.5 0 0 0 0 0 0 0
vio 0 5.0 5.0 0 0 0 0 0 0 0

Now the system calculates the predicted evaluation based on Algorithm 2:
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Algorithm 2 Calculation of the predicted evaluation.

1. Load the user-item matrix of all users, all movies and their ratings

2. Add zero values to missing ratings in the user-item matrix

3. Set dimension k = 20 to reduce matrices U, , and VT

4. Calculate matrices U, £, and VT using SVD

5. Reduce matrices U, £, and V' and calculate matrices containing predicted
evaluation for all users

A matrix containing the predicted evaluation for a selected part of the user -item
matrix is depicted in Table 8. The following steps in our proposed approach are
demonstrated in an example of an existing user with ID 1500. This user rated 20
movies and then selected 3 favorite and 3 unpopular genres of movies. His ratings
are depicted in Table 9. The bold type in the table marks the ratings that are part of
the user-item matrix in Table 6. Table 10 shows the selected favorite and unpopular
genres of the user. Now we select only the row of our current user with ID 1500 from
the predicted evaluation matrix. As we want to propose only suitable movies that he

has not rated yet, we remove all movies that he has already rated. The resulting list
of predicted evaluations is ordered from the highest rating in descending order. The
result is thus a list containing 9704 predicted evaluations for our user (9724 movies

decreased by 20 already rated movies). We select only 25 with the highest predicted
evaluation, as shown in Table 11.

Table 8 Part of the user-item matrix containing predicted evaluation based on the
SVD algorithm calculation.

M1 M2 M3 M4 M5 M6 M7 M8 M9 M10

u1 079 082 087 086 056 028 048 017 034 0.06
u2 0.21 020 018 035 029 019 032 013 023 0.04
u3 008 006 006 009 006 004 007 004 006 0.02
U4 049 037 034 029 015 010 013 009 015 0.04
us 073 074 073 0.51 025 012 019 008 012 0.04
UG 0.31 023 022 037 023 009 019 005 014 0.03
uz7 052 072 074 055 038 021 037 009 016 0.03
us 0.85 1.37 1.40  0.61 038 027 040 0.11 0.19 0.05
u9 056 078 082 055 038 020 036 009 016 0.03
Uio 093 1.16 1.19 055 035 026 031 0.11 020 0.05
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Table 9 Movie ratings by the user with ID 1500.

Name of movie Rating
Iron Man 3 35
Iron Man 2 4.0
Black Panther 5.0
Pacific Rim: Uprising 4.0
Jumanji: Welcome to the Jungle 5.0
Guardians of the Galaxy Vol. 2 3.5
Avengers: Infinity War 5.0
Jurassic World: Fallen Kingdom 3.5
Guardians of the Galaxy 5.0
Jurassic Park 5.0
The Avengers 5.0
The Shawshank Redemption 5.0
Mission: Impossible - Fallout 4.0
Forrest Gump 25
Tomb Raider 1.5
Fifty Shades of Grey 1.0
The Dark Knight 4.5
BlacKkKlansman 4.0

The Lord of the Rings: The Two Towers 5.0
Spider-Man: Homecoming

(%]

Table 10 Selection of favorite and unpopular genres by the user with ID 1500.

Favourite genres Unpopular genres

Adventure Romance
Sci-fi Crime
Fantasy Thriller

Table 11 List of movies with the highest predicted evaluation for users with ID 1500.

Name of movie Predicted evaluation
The Lord of the Rings: The Return of the King 0.877032
Inception 0.866288
The Lord of the Rings: The Fellowship of the Ring  0.829434
The Matrix 0.799861
Pulp Fiction 0.681752
The Silence of the Lambs 0.681753
Fight Club 0.627434
Up 0.590796
The Dark Knight Rises 0.563551
WALL®E 0.539541
Iron Man 0.539085
Interstellar 0.513695
Schindler's List 0.509111
Star Wars: Episode IV - A New Hope 0.507423
Braveheart 0.491871
The Lion King 0.462482
Raiders of the Lost Ark 0.461376
Toy Story 0.441814
Star Wars: Episode V - The Empire Strikes Back 0.426589
Deadpool 0.422765
Memento 0.420562
Inglorious Basterds 0.419951
The Usual Suspecis 0.407013
Batman Begins 0.395846
Avatar 0.394044
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The bold type in the table marks movies that are in the top 25 of movies with the

highest predicted evaluation, yet they belong to the genres that the user marked as

unpopular. The system works with a hypothesis T 4of q" pgv "t geqoogpf " oqx
my unpopulari gpt gu40" Vjgtghgtg. "vjqug"ogxkgu"ctg"
list is then completed with other relevant movies ranked 26th and lower in

descending order. The table also depicts bold predicted evaluations that are

displayed to users with ID 1500 in Table 6. A modified list is shown in Table 12. The

next step consists of using the genres that the user marked as favorites. Movies of

favorite genres are preferred by the user, so their evaluation is increased. At this

point, the system works with the hypothesis Tyt geqgoogpf "rt koct kn{"oqg>
hcxqgtkvg"igptguy0" Vjg"gxcnwcvkgpu"qgh"ogxkgu'
on the following:

FavouriteGenrePredictedEvaluation = PredictedEvaluation x 2

A modified list with updated predicted evaluation for favorite genres is shown in

Table 13. The updated FavoriteGenrePredictedEvaluation is performed for all movies

with predicted evaluations so that movies with formerly lower predicted evaluations

could have higher evaluations after the update, which results in their inclusion in the

list of movies with the highest predicted evaluations substituting for high -prediction
ogxkgu. "dwv"vjg{"fqgq"pqv"dgngpi "vg"vjg™mwugt Xu
occurred in the 4 movies marked in bold (Gladiator, The Martian, Edge of Tomorrow,

Uvct" Yctu<"Vjg" Hgteg" Cycmgpu+0" Vjgug" ogxkgu
while having quite a high original predicted rating, which means that they are

relatively highly rated by other users.
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Table 12 Modified list of movies with the highest predicted evaluation for users with
ID 1500.

Name of movie Predicted evaluation
The Lord of the Rings: The Return of the King 0.877033
The Lord of the Rings: The Fellowship of the Ring 0.829434
The Matrix 0.799861
Fight Club 0.627434
Up 0.590796
WALL-E 0.539541
Iron Man 0.539085
Interstellar 0.513695
Schindler's List 0.509111
Star Wars: Episode IV - A New Hope 0.507423
Braveheart 0.491871
The Lion King 0.462482
Raiders of the Lost Ark 0.461376
Toy Story 0.441814
Star Wars: Episode V - The Empire Strikes Back 0.426589
Deadpool 0.422765
Inglorious Basterds 0.419951
Batman Begins 0.395846
Avatar 0.394044
Apollo 13 0.386608
Pirates of the Caribbean: The Curse of the Black Pearl  0.384754
The Incredibles 0.384159
Django Unchained 0.371304
Shrek 0.367649
Star Trek 0.362435

Table 13 A modified list of movies with the highest predicted evaluation and updated
evaluation for movies of favorite genres.

Name of movie Predicted evaluation
The Lord of the Rings: The Return of the King 1.754066
The Lord of the Rings: The Fellowship of the Ring 1.658870
The Matrix 1.599723
Up 1.181593
WALLeE 1.079083
Iron Man 1.078170
Interstellar 1.027390
Star Wars: Episode IV - A New Hope 1.014846
The Lion King 0.924965
Raiders of the Lost Ark 0.922753
Toy Story 0.883628
Star Wars: Episode V - The Empire Strikes Back 0.853178
Deadpool 0.845530
Inglorious Basterds 0.839903
Batman Begins 0.791693
Avatar 0.788088
Apollo 13 0.773216
Pirates of the Caribbean: The Curse of the Black Pearl 0.769508
The Incredibles 0.768319
Shrek 0.735298
Star Trek 0.724870
Gladiator 0.722487
The Martian 0.707388
Edge of Tomorrow 0.689725
Star Wars: The Force Awakens 0.681560
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6.4.6
3.2.2 Content-based filtering system

The second subsystem of the recommender module is a content-based filtering
system. This system serves to calculate movie similarity to the highest predicted
evaluation with respect to movies that the user has rated. The input into this system
is the final list of 25 movies with the highest predicted evaluation, which is the output
from the collaborative filtering system. A content -based filtering system generally
consists of several components: a) preprocessing and feature extraction, b) content -
based learning of user profiles, and c) filtering and recommendation. Within the
preprocessing and feature extraction component, the most commonly used
algorithms are TF-IDF and LDA ( Falk, 2019 ). We chose the THDF algorithm for its
easy implementation and lower requirements on the system. Despite its simplicity,
the algorithm mostly provides comparable results with the LDA algorithm (if n -grams
are used). However, unlike in LDA, adding a new product requires repeating the entire
training process, whereas, in LDA the created model can be used repeatedly. Within
the content-based learning of user-profiles and the area of the nearest neighbor
classification, we selected the Co- sine similarity function as it represents one of the
most used similarity functions. If w e worked with structured data, it would be suitable
to use other similarity/distance functions, e.g., Euclidean distance or Manhattan
distance. The process of calculating the similarity between a particular movie from
the list of 25 movies with the highest predicted evaluation and all movies that the
user rated is presented in the following steps:

1. Vijg"u{uvgo"tgcfu"cnn"wugt Xu"tcvgf

2. The system reads a so-called document for each rated movie (in this case, it
is the movie description) and creates a so-called bag-of-words. Then, it
removes stop words (words causing un - necessary noise), and suffixes of
individual words and creates tri-grams (n-grams of 3) T i.e., each document
has a field of so-called tokens representing its content

3. The TKIDF algorithm selects the token characterizing the whole model (so -
called features) and creates fields containing data in a form (document ID,
token ID)

4. Using Cosine similarity, the system calculates the similarity be - tween a
particular movie from a list of 25 movies with the highest predicted
gxcnwcvkgp"cpf"cnn"qgh"vjg"wugt Xu
the rated movies from the high - est to the lowest

5. The system selects a rated movie with the highest similarity and assigns it to
a particular movie from the list of 25 movies as a similarity to the rated
movie

6. Steps 176 are repeated for all 25 movies with the highest predicted
evaluation

ogx kgu

tcvgf "oc
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The process of calculating the similarity between a particular movie from the list of
25 movies with the highest predicted evaluation and all movies rated by the user is
depicted using the following pseudocode in Algorithm 3:

Algorithm 3 Process for calculating the similarity.

Algorithm 3 Process for calculating the similarity.

I = 25 (25 movies with the highest predicted evaluation)
Fori=0tol
Load all rated movies by user u
J = number of user's rated movies
MaxSim = 0 [/highest similarity between movies
Forj=0to]
Load document and create bag-of-words from M;
Create an array of tokens from document
Load feature tokens from array of tokens using TF-IDF
Create an array of document
Compute similarity between M; and M;
If(SimM;M; > MaxSim)
MaxSim = SimM;M;
End If
End For
M ;Sim = MaxSim
End For

The resulting list of 25 movies with the highest predicted evaluation added with the
j kijguv"ukoknctkv{"vg"vjg"wugt Xu"tcvgf

0Q X k¢

Table 14 Resulting list of 25 movies with the highest predicted evaluation added with
the highest similarity to the rated movies.

Name of movie Predicted evaluation  Similarity
The Lord of the Rings: The Return of the King 1.754066 0.067945
The Lord of the Rings: The Fellowship of the Ring 1.658870 0.065668
The Matrix 1.599723 0.010632
Up 1.181593 0
WALL-E 1.079083 0.016983
Iron Man 1.078170 0.127942
Interstellar 1.027390 0.028137
Star Wars: Episode IV - A New Hope 1.014846 0.013116
The Lion King 0.924965 0
Raiders of the Lost Ark 0.922753 0
Toy Story 0.883628 0
Star Wars: Episode V - The Empire Strikes Back 0.853178 0
Deadpool 0.845530 0.011877
Inglorious Basterds 0.839903 0.012373
Batman Begins 0.791693 0.054025
Avatar 0.788088 0.010086
Apollo 13 0.773216 0.011421
Pirates of the Caribbean: The Curse of the Black Pearl  0.769508 0
The Incredibles 0.768319 0
Shrek 0.735298 0
Star Trek 0.724870 0
Gladiator 0.722487 0
The Martian 0.707388 0.010971
Edge of Tomorrow 0.689725 0
Star Wars: The Force Awakens 0.681560 0
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6.4.7
3.3 Expert system

The second main module in our proposed recommender system is an expert system
that serves for the final ranking of the recommended movies. This final ranking is
created based on relevant information that can be read within the system for given
movies. It concerns the following information:

T Average rating of the movie

T Total number of movie ratings

1 Level of similarity to already rated movies T output from the content -based
filtering system

A fuzzy expert system was selected due to its ability to model vague terms using
fuzzy sets as well as the ability to simply modify the definitions of linguistic variables.
The knowledge base of an expert system composed of IF-THEN rules can also be
easily modified and later extended. The modification of the fuzzy expert system uses
a software tool called the Linguistic Fuzzy Logic Controller. Based on this
information, the following input linguistic variables of the expert system knowledge
base were created:

1 INP1 1average rating of the movie, values from interval < 0,5 >
1 INP2 T total number of movie ratings, values from interval <0, 350 >
1 INP3 T level of similarity to already rated movies, values from interval < 0,1 >

The output linguistic variable is

1 IMPORTANCET signifies the level of importance of a given movie for the
final ranking, values from interval < 0,1 >

The expert system was created in the Linguistic Fuzzy Logic Controller (LFLC) (
Habiballa et al., 2003 ). LFLC enables us to define and fill the base of an expert
system. It also contains possibilities for selecting the inference mechanism and the
defuzzification method to calculate the value of the output linguistic variable.
examples of IF-THEN rules are provided below:

IF (INP1 is low) and (INP2 is few) and (INP3 is low) THEN (IM -
PORTANCE is very low)

IF (INP1 is low) and (INP2 is few) and (INP3 is very high)

THEN (IMPORTANCE is low)
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IF (INP1 is medium) and (INP2 is few) and (INP3 is very high)
THEN (IMPORTANCE is medium)

IF (INP1 is medium) and (INP2 is much) and (INP3 is very high)
THEN (IMPORTANCE is medium)

IF (INP1 is high) and (INP2 is much) and (INP3 is very high)
THEN (IMPORTANCE is high)

IF (INP1 is high) and (INP2 is very much) and (INP3 is very
high) THEN (IMPORTANCE is very high)

IF (INP1 is high) and (INP2 is very much) and (INP3 is very
high) THEN  (IMPORTANCE is high)

Table 15 contains an illustrative list of selected IF -THEN rules. Individual columns
state the linguistic values of the input linguistic variables and the output linguistic
variables.

Table 15 Selected IFTHEN rules of the expert system.

Rule INP1 INP2 INP3 IMPORTANCE
1 Low Few Low Very low

4 Low Few Very high  Low

52 Medium  Few Very high  Medium

76 Medium  Much Very high  Medium

132 High Much Very high High

140 High Very much  Very high  Very high
144 High Very much  Very high  High

Within the inference and defuzzification, the resulting crisp number is calculated,
which represents the final numerical value EXS IMPORTANCE see Table 16.
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Table 16 List of 25 movies with the highest predicted evaluation added with columns
average rating, number of ratings, and EXS IMPORTANCE

Testing and tuning of our proposed system also included various inference and
defuzzification methods. Having performed the tests, we selected the inference
method fuzzy approximation with conjunctions and defuzzification method Modified
Center of Gravity. A complete knowledge base of the fuzzy expert system contains a
total of 144 IF-THEN rules. The complete list is provided in the appendix
(Supplementary Material). Fig. 7 depicts membership functions for the output
linguistic variable IMPORTANCE. The redine marks a linguistic variable high; other
linguistic variables are very low, low, medium, and very high.

Fig. 7. Membership functions for output linguistic variable IMPORTANCE.

The list of movies with the highest predicted evaluation is then added with columns
average rating, number of ratings, and EXS IMPORTANCE, which is the value of a
linguistic variable IMPORTANCE of the expert system. This list is depicted in Table
16. Based on the experimental results, we found that if the final ranking of the
recommended movies were based only on EXS IM PORTANCE, the value of the
predicted evaluation would sometimes be suppressed too much. Therefore, the
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