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1.  Introduction

Today, products are advertised on different media 
channels (Hänninen, Kwan and Mitronen, 2021). 
Formally, this is referred to as multi-channel retailing 
strategy, or as omni-channel retailing strategy when 
the different channels offered are connected to each 
other in one retail network (Herhausen, et al., 2019; 
Beck and Rygl, 2015). Digital media channels can be 
used in the form of internal and external operated 
sales portals (e-commerce, marketplaces), or in the 
form of paper-based digital documents. Paper-based 
printed media products can be used as documents 

(Gao, Melero and Sese, 2020). All have their own advan-
tages, but when using e-commerce, retailers can infer 
customer preferences in real time using recommender 
systems (Chen, et al., 2023). As a result, products can 
be individually displayed to customers based on their 
likelihood of ordering (Behera, et al., 2020). For exam-
ple, suitable products are shown at the bottom of the 
product site, known as cross- and up-selling (Norvell, 
Kumar and Contractor, 2018). Paper-based digital prod-
uct catalogs, on the other hand, display static content, 
even if the appearance is dynamic. Here, formats like 
EPUB, or (interactive) PDF are used. Printed product 
catalogs, also show static content, as individualization 
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Abstract

Taxonomies are a formal method of semantically structuring information using hierarchically ordered concepts. 
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egories, resulting in a loss of information and sales, as preferences change dynamically today. With TaxoCatalog, an 
expert system is presented in this paper, capable of semantically personalizing product taxonomies to layout printed 
product catalogs according to the dynamic preferences of customers. The proposed expert system considers three 
layers to achieve full automation of relevant processes. The first layer uses background knowledge to consider a 
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quantitative and qualitative criteria, underline the efficiency of TaxoCatalog.
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affects the de-automation of processes (Hoffmann-
Walbeck, 2022). Usually, the specific PDF file created 
with settings conforming to PDF/X is used for printing. 
Minimal individualization is possible for paper-based 
product catalogs using proven methods of print-on-de-
mand, variable data printing, programmatic printing, 
and sub-catalogs.

Using print-on-demand, the catalog is produced on 
the basis of an interaction, e.g. an order. With varia-
ble data printing, single pages of the catalog are indi-
vidualized, e.g. with an individual name (Lin, 2006). 
With programmatic printing, a combination of the 
before-mentioned possibilities is achieved, that has 
been possible since the advent of non-impact print-
ing. For example, when an (online) shopping basket 
is not ordered, the customer receives a mailing with 
the products and a promotional code. Of course, pro-
grammatic printing is a major step forward in terms 
of multi- and omni-channel retailing, as now, prefer-
ences of digital channels can be used for the printing. 
However, the decisive factor is that the media that is 
produced shows a certain selection. This leads to a loss 
of information as a large number of products are not 
displayed. This is similar to the well-established para-
digm of sub-catalogs (Angermann and Ramzan, 2016). 
Here, catalogs are printed that contain only products of 
certain categories (Xu, Du and Xu, 2014). For example, 
a sub-catalog is printed for a specific season, e.g. gar-
den furniture for the summer. Sub-catalogs can also be 
used to filter the customers who receive the document 
(Mark, et al., 2019; de Melo, et al., 2019). For example, 
only customers who have bought garden furniture 
will receive the sub-catalog. However, dynamic prefer-
ences are not taken into account when producing the 
sub-catalogs (Angermann, 2022). It looks identical for 
all recipients, regardless of whether a customer lives 
in an apartment with a balcony, or in a house with a 
garden and pool. And maybe a homeowner is not only 
planning to buy new garden furniture, but also a gar-
den kitchen. Unfortunately, kitchen appliances are not 
included in this sub-catalog, as those are logically part 
of an excluded product category. Like programmatic 
printing, this method results in a loss of information. 
And, in turn, both methods lead to a potential loss 
of sales. The homeowner may buy the kitchen appli-
ances elsewhere or, in the worst case, the homeowner 
may look elsewhere to buy all the products at once. In 
summary, none of the existing methods provide a solu-
tion for paper-based product catalogs that takes into 
account individual preferences while still being able to 
include all products.

As a result, the only option for retailers that want to 
take customers preferences into account in the layout 
of the catalog is to layout the document manually using 
DTP software, or to accept a loss of potential sales.

To overcome above-mentioned limitations, the expert 
system (ES) TaxoCatalog is presented in this paper. The 
main difference to existing methods is that TaxoCatalog 
semantically personalizes the leading element for 
retailers regardless of branch or strategy, to publish 
content across channels. This is the product taxonomy, 
usually stored in a product information management 
(PIM) system. For portal-based media, the product 
taxonomy is used for product navigation on the e-com-
merce site. For paper-based media, the product tax-
onomy is used to structure documents for automatic 
layout setting of paper-based product catalogs using 
data-driven publishing. With TaxoCatalog, dynamic 
customer preferences can now be taken into account 
across channels based on this taxonomy, personali-
zation is performed without loss of information, and 
automatic layout setting is still supported. To achieve 
this new approach to paper-based product catalogs, 
the proposed three-layered ES uses so-called back-
ground knowledge (BK).

The first layer of TaxoCatalog leverages two main 
sources of BK into its knowledge base (KB). These are 
the content-based BK of the taxonomy and possible 
semantic modifications, and the memory-based BK of 
customer preferences. Based on the first layer of BK, 
the second layer of TaxoCatalog infers semantically 
personalized taxonomies using a rule-based approach. 
For this purpose, different modification rules are pro-
vided by the included inference engine (IE). The third 
layer finally transforms the personalized taxonomy 
paths of the previous layer into the extensible markup 
language (XML) format.

The used architecture, especially because of the used 
BK, results in two other important advantages. Firstly, 
TaxoCatalog performs the computation of the seman-
tically personalized taxonomy fully automatically, but 
the retailer is still able to customize the volume of per-
sonalization. And, the initial product taxonomy in the 
PIM remains consistent. In summary, the proposed ES 
TaxoCatalog provides three contributions to the data-
driven publishing and printing industry:

• TaxoCatalog advances the interlinking of portal- 
based media, paper-based digital media, and printed 
media. This is achieved through the memory- 
based BK of customers’ preferences.

• TaxoCatalog is the first solution for personaliz-
ing paper-based product catalogs without loss of 
information. This is achieved by using content- 
based BK of the taxonomy.

• TaxoCatalog is able to dynamically, yet fully auto-
matically, scale the desired level of semantic person-
alization. This is achieved by using a rule-based IE.
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The rest of the paper is organized as follows. Section 
Background describes the basic underlying methods 
necessary for the development of the proposed ES 
TaxoCatalog. After that, the ES is presented in detail 
in section TaxoCatalog. In section Case study, the ES 
is demonstrated in a real-world context. In section 
Evaluation, the ES is quantitatively and qualitatively 
evaluated from different perspectives. Finally, the con-
clusions are presented in the corresponding section.

2.  Background

This section describes the methods necessary to 
develop the ES TaxoCatalog. Furthermore, this section 
will help to understand the use-case, methods, and 
implementation of the system presented in the follow-
ing section. For this reason, four methods are necessary 
to be explained. These are the retail strategy paradigm 
called omni-channel retailing, the applications of tax-
onomy including its use in the context of omni-channel 
retailing, the principles of expert systems (ES) and the 
programming languages used, and the aim of data-
driven publishing for the page-layout process.

2.1  Omni-channel retailing

The retail industry as a whole has been signifi-
cantly impacted by digitization, particularly through 
the emergence of digital media channels (Hagberg, 
Sundstrom, and Egels-Zandén, 2016; Hübner, et al., 
2021). This includes digital product distribution and 
sales channels (e.g. e-commerce, mobile commerce, 
external marketplaces), as well as digital marketing 
and hybrid marketing channels and techniques (e.g. 
social commerce, bots).

The demand to connect the heterogeneous channels 
into one single retail network represents the essen-
tial aspiration of today’s retail industry (Hübner, 
Wollenburg and Holzapfel, 2016; Yrjölä, Saarijärvi 
and Nummela, 2018). The aim of networking the dif-
ferent channels is now to offer customers a so-called 
cross-channel customer experience (Asmare and 
Zewdie, 2022; Van Nguyen, McClelland and Thuan, 2022). 

The most recent paradigm of maximum channel con-
nectivity is called omni-channel retailing. This retail 
strategy is used by most of the leading retailers today 
(Jocevski, et al., 2019; Asmare and Zewdie, 2022; Li, et 
al., 2022). Compared to its predecessors, cross-channel 
and multi-channel, omni-channel retailing allows all 
channels that are part of the strategy to be supplied 
by a leading publishing source, and yet the channels 
can be interconnected without any barriers on the 
customer side (see Figure 1) (Verhoef, Kannan and 
Inman, 2015; Yrjölä, Saarijärvi and Nummela, 2018). In 

most cases, a PIM system is used as the leading source, 
structuring the product information using a product 
taxonomy (see section Taxonomy applications). Omni-
channel retailing opens up new opportunities for both 
the retailer and the customer. First, the retailer can 
explore knowledge about the customer across chan-
nels in real time using recommender systems (RS). 
The RS typically combine statistical methods to mea-
sure the likelihood of ordering products. In particular, 
they use content and memory-based methods (e.g. 
order history, product features) or collaborative fil-
tering (e.g. similar customers, similar ordering behav-
ior). The results of recommender systems indicate 
customer preferences. These, in turn, can be used to 
display product-related content in a personalized man-
ner on digital portal-based channels (Roy and Dutta, 
2022). This opens up new opportunities for customers 
to receive personalized content across channels, cre-
ating a new kind of shopping experience throughout 
the customer journey (Alexander and Kent, 2022). For 
example, the customer receives a promotional code 
from an influencer on social media, sees the product on 
the main landing page when entering the online store, 
and purchases the product.

Customer, Product and Marketing Data.

Mobile Tablet Browser Social Media In Store

Figure 1: Omni-channel data integration schema 
(adapted from Cook, 2014)

2.2  Taxonomy applications

Taxonomies are a formal method of semantically struc-
turing information using hierarchically ordered con-
cepts (Angermann and Ramzan, 2017). The concepts 
can be described as a two-tuple: τ = {φ, ρ}, where ρ is a 
set of edges for connecting partially ordered concepts 
of φ in taxonomy τ. Each edge represents a semantic 
hypernym–hyponym relationship between the con-
cepts, expressed in simplified terms as a so-called is-a 
relationship. For example, ‘Fish’ is-a ‘Seafood’ (presen-
ted later in Figure 5). 

Using the resulting string of is-a relationships, each 
concept can be uniquely defined by its so-called tax-
onomy path ρ_φ. Based on the unique paths for each 
concept, different concept types are distinguished. 
Concepts that share the same direct hypernym rela-
tionship are referred to as sibling concepts. For exam-
ple, ‘Fish’ and ‘Seaweed’. These concepts are also called 
sub concepts, as those specify the more general super 
concept. In our example, the super concept is ‘Seafood’. 
Finally, the concept that is not further generalized is 
called the root concept, e.g. ‘Products’.
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Based on the number of φ that are part of ρ_φ, each 
path has a length, and each concept of the path has a 
depth. The deeper the position of one concept within 
the path, the more specific the concept is. The higher its 
position, the more general the concept is. Conversely, 
the path of one particular taxonomy with the maximum 
length defines the depth of the taxonomy. Formally, this 
is referred to as the number of levels N. In our exam-
ple taxonomy, N = 3. Regardless of the depth and the 
underlying concept type, each concept is defined by 
a unique identifier (ID) and a label. This is usually a 
word or a multi-word in a natural language. Optionally, 
a concept can have a description, named gloss.

As taxonomies are able to semantically structure infor-
mation based on the mentioned is-a principle, the rep-
resented information becomes knowledge (Bellinger, 
Castro and Mills, 2004). For this reason, taxonomies 
have many applications in information manage-
ment (IM) (Angermann, 2017):

• In PIM, a taxonomy is used to hierarchically struc-
ture concepts in the form of product categories. 
This taxonomy is usually the leading element for 
all processes related to product information in the 
context of omni-channel retailing.

• In media asset management (MAM), the above- 
mentioned product categories are used to struc-
ture product-related media (e.g. images), and to 
assign those to the products.

• In e-commerce, content is usually provided by 
interfaces to other IM systems, e.g. PIM, MAM, 
enterprise resource planning (ERP), customer 
relationship management (CRM). Again, the prod-
uct taxonomy is used as the leading element for 
data exchange.

• In data-driven publishing, the information from 
the PIM is used by the templates to automatically 
layout pages with dynamic content provided by 
the PIM and MAM.

As the examples above illustrate, the importance of 
taxonomy increases with the complexity of the IT land-
scape, which is the case with omni-channel retailing. 

2.3  Expert systems

The ES are intelligent systems that aim to automati-
cally infer decisions based on knowledge (Oleshchuk 
and Fensli, 2011). The main purpose of ES is to achieve 
a decision quality similar to that of a human expert 
(Mirmozaffari, 2019). Consequently, unlike machine 
learning (ML), the knowledge is not acquired by train-
ing an algorithm as for ML. However, ES have the abil-

ity to use, formally named consult, knowledge across 
expert systems. Thus, already defined knowledge can 
be consulted into the considered ES, as so-called BK 
(Angermann and Ramzan, 2017). These can be inter-
nally or externally generated BK from different sources.

In ES, the decisions are inferred using logic reason-
ing based on the mentioned knowledge, including BK 
(Merritt, 2012). This is another key difference from 
ML (Langley, 2011). The decision statements of ES are 
unambiguous (Ben-David and Frank, 2009). Each deci-
sion is true or false. A true statement states that the 
necessary knowledge is available to infer the decision, 
hence an unambiguous conclusion can be drawn. A 
false statement states that the necessary knowledge 
is not available to infer a decision. Before, all possi-
ble combinations of inferences are evaluated, called 
backtracking. Due to the binary answer spectrum, ES 
are well suited for taxonomic operations (Angermann 
and Ramzan, 2016). And, the ability of ES can be easily 
extended using BK (Angermann and Ramzan, 2017).

From a technical perspective, ES can be implemented 
using declarative programming languages (e.g. Python, 
Prolog). Prolog, in particular, is widely used for taxon-
omy-driven ES (Merrit, 2012). In Prolog, every program 
consists of two components (Bramer, 2005). These are 
a KB, and an IE. The KB represents knowledge in the 
form of fact predicates. The IE represents rule predi-
cates to infer decisions based on the facts contained in 
the KB. Each rule uses facts, and/or other rules. Due 
to the interconnection between rules, and the back-
tracking, Prolog’s inference mechanism can be time 
consuming. However, the computation can be acceler-
ated using so-called dynamic facts. Then, the result of 
true statements is dynamically consulted into the KB 
as facts, formally called fact assert. The same is true for 
BK, as arbitrary sources can be easily consulted in the 
KB to further improve the Prolog program.

2.4  Page layout

The page-layout process is part of a print media pro-
duction workflow (Angermann, 2023b). It aims to 
determine the layout of pages for paper-based docu-
ments, such as a printed product catalog. It involves 
the creative production of the design, depending on the 
desired format, the number of pages, and the graphi-
cal content to be included (Ambrose, Harris and Ball, 
2019). Depending on the aforementioned criteria, this 
can be a time-consuming process when carried out 
manually using desktop publishing (DTP) software. 

For this reason, different methods exist to automate 
the layout setting. These are methods known as script-
ing (e.g. JavaScript), or the database-driven methods 
(e.g. XML-based approaches).
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Data-driven publishing, also known as database pub-
lishing, is a database-driven process that achieves the 
highest level of automation in the page-layout pro-
cess. It is a rule-based technique for automatically 
setting the layout of paper-based documents using a 
layout generator. The software provides various data 
interfaces to databases of different formats, such as 
structured query language (SQL), comma separated 
values (CSV) and XML. In addition, the software pro-
vides a graphical user interface (GUI) for the designer 
to set up the data connections and to create the nec-
essary components of the master page and templates 
(see Figure 2):

• The master page defines the dimensions of the 
paper-based document, and of the page frame(s). 
These frames are the areas of the paper that con-
tain graphical content. Of course, each document 
can have multiple master pages. 

• A template contains and defines so-called content 
frames for the page frames of master pages. The 
main purpose of the content frames is to include 
static and/or dynamic content, and to specify the 
design of this particular content. The main dif-
ference compared to other methods (DTP, script-
ing) is the use of dynamic content. This is content 
provided by a data source (e.g. a PIM). To do so, 
dynamic content is placed using data queries. For 
example, the product categories of products. A 
single content frame then consists of a rule that 
defines which content is to be dynamically queried 
and how this content should finally be designed. 
For example, the taxonomy path should be in 12 pt.

• A data source provides the dynamic content for 
each content frame as data stack. This stack is pro-
cessed sequentially during the automatic genera-
tion of the document to be published. For example, 
a stack to query concepts as a sequence of paths.

The requirements for data-driven publishing logically 
lie in the data – more specifically, in the separation and 
structure of the data (Gündoğan, 2022). First, the data 
must be separated from channel-specific design, called 
media-neutral data storage. This allows the data to be 
later designed media-specific for different channels. 
Second, the data must be semi- or highly-structured. 
This results in the data marked using so-called tags. 
This means that the different data elements can be 
distinguished as distinct content types for data-driven 
publishing. For example, a content type ‘concept’ is 
used to filter out elements of the database (or data file) 
that are actually product categories. Based on this, all 
elements tagged as ‘concept’ are returned using the 
product path stack. Most omni-channel retailers fulfill 
data separation and data structure by using the hier-

archical database format XML. This has the advantage 
that the data is semi-structured, and the data can be 
individually specified in the form of customizable tags 
(van der Vlist, 2002). In addition, the structure required 
for a particular document can be validated using the 
data format doctype definition (DTD), or other XML-
based techniques (e.g. XML Schema).
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Figure 2: The concept and required components of 
data-driven publishing

In addition to data storage and structure, another 
important aspect of omni-channel retailing is data 
consistency. This means that all channels are based on 
the same (leading) data source. For example, the prod-
uct information on the e-commerce site is based on 
the same data as the content displayed in the printed 
product catalog. In most cases, the PIM and product 
taxonomy is used as the leading element to publish 
consistent product information across online and 
offline channels (Angermann, 2022). In terms of prod-
uct master data, the external procurement relationship 
(EPR) is usually the leading system.

3.  TaxoCatalog

This section discusses the proposed ES TaxoCatalog 
for the semantic personalization of paper-based prod-
uct catalogs in the context of omni-channel retailing. 
The comprehensive discussion starts by explaining the 
underlying use case, followed by the included methods, 
before explaining the implementation of the ES includ-
ing its architecture using the logic programming lan-
guage Prolog.

3.1  TaxoCatalog use-case

TaxoCatalog use-case is aimed at semantically per-
sonalizing product taxonomies for the layout setting 
of paper-based product catalogs based on customer 
preferences. These preferences are consolidated by a 
recommender system in an omni-channel context. This 
includes preferences derived from digital media, e.g. an 
e-commerce site, but it can also include preferences 
provided through other channels, e.g. a call-center, a 
local store or print media. For this reason, a current 
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order does not necessarily have to be an authoritative 
interaction to infer a personalized product taxonomy 
using TaxoCatalog. Rather, the TaxoCatalog use-case is 
based on providing the customer, at a selected time X, 
with a semantically personalized printed product cata-
log Y (see Figure 3). The actors in the use-case involved 
are indirectly the customer, and the retailers’ profes-
sional who decides to layout and print a personalized 
product catalog:

1. An initial product taxonomy provided by a PIM 
forms the basis of the use-case. In addition, a con-
tent-based BK detailing the semantic correspond-
ences of the included concepts is entered.

2. The customer places orders via channels, e.g. on 
the e-commerce site. These individual preferences 
are entered into the ES as memory-based BK. Based 
on the BK, and the intention to layout a semanti-
cally personalized paper-based product catalog, 
the retailer’s professional (e.g. designer, marketing 
expert), starts the computation, i.e. the rule-based 
IE. Now, the professional has to define the cus-
tomer, and the volume of personalization desired. 
Logically, semantic correspondences, preferences, 
and the volume, are now taken into account to 
compute the customer-specific path, combined 
into a taxonomy. Here, different modification rules 
are used depending on the preferences.

3. The personalized taxonomy is exported by 
TaxoCatalog in XML file format. Logically, it con-
tains paths with a semantic weight according to 
the customer’s preferences.

4. The XML file is now used by the professional to 
start the layout setting processes using data-
driven publishing software. Based on the semantic 
weight of the paths according to the customer’s 
preferences, the designer can use standard queries 
that filter accordingly.

3.2  TaxoCatalog methods

TaxoCatalog uses different methods to infer seman-
tically personalized product taxonomies. These are a 
content-based analysis method to derive semantic corre-
spondences of the initial product taxonomy, a memory- 
based analysis method to result individual customer 
preferences, a modification rule-based method to per-
sonalize the taxonomy without loss of information, and 
finally a schema-based method to derive an XML file to 
be used for data-driven publishing.

3.2.1 Content-based analysis

The content-based analysis method uses natural lan-
guage processing (NLP) to produce semantic cor-
respondences of the original concepts in the form 
of mediator concepts. In TaxoCatalog, the output is 
based on the work presented in Angermann, Pervez 
and Ramzan (2017) and Angermann (2022). These are 
latent concept types of dependencies and collections 
(see Figure 4).

The concept type Dependency further specifies a super 
concept φ_I, and at the same time, further general-
izes a set of sibling sub concepts φ_IN specifying φ_I. 
Thus, a dependency forms a further, but latent level 
between super and sub concepts that are more syn-
onymous than other sub concepts. For example, in the 
initial product taxonomy, the sibling sub concepts ‘Soft 
Drinks’, ‘Coffees’, ‘Teas’, ‘Beers’, and ‘Ales’ are assigned 
to the super concept ‘Beverages’ (see Figure 5). The 
dependency ‘Alcoholic Drinks’ further generalizes 
the sibling concepts ‘Beers’ and ‘Ales’ (see Figure 6). 
Same for the dependency ‘Hot Drinks’, which gen-
eralizes ‘Coffees’ and ‘Teas’, and for the dependency 
‘Nonalcoholic Drinks’, which generalizes ‘Soft Drinks’. 
The concept type Collection works in a similar way, 
but between the root concept and the super concepts. 
For example, the initial product taxonomy contains 
the super concepts ‘Meat Poultry’ and ‘Seafood’. These 
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Figure 3: Use-case and methods of the ES TaxoCatalog
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two super concepts can be generalized by a collection 
‘Meat and Seafood’, etc. Both latent concept types, as 
well as the associated is-a relationships, are consulted 
in TaxoCatalog as external BK.

3.2.2 Memory-based analysis

The memory-based analysis method provides cus-
tomer preferences using the recommender system 
as presented in the work of Angermann and Ramzan 
(2016). The method outputs preference statements. 
Each statement clarifies whether an individual cus-
tomer has shown a low, medium, or high preference 
for similar product categories:

(φ_IN1, φ_INN) → preference (low; medium; high) [1]

The algorithm first divides the orders into epochs, 
where more recent epochs are assigned with a higher 
epoch rate R. The algorithm then calculates the pref-
erences for the different epochs E before combining 
them using [R_E]. This is performed not only for one 
customer, but for customers sharing the identical 
customer group as well, known as collaborative fil-
tering. This avoids over-specialization and the cold 
start problem (Desrosiers and Karypis, 2010). Again, 
the preference statements of the customers are con-
sulted in TaxoCatalog as external BK. However, these 
preferences are further analyzed in TaxoCatalog using 
the above-mentioned method of latent concept types 
dependencies and collections. First, the preferences of 
the customers are consulted as a three-tuple:

εD = {I, ρN, P} [2]

where I is the ID of the customer, ρN is a set of similar 
sub-concepts (dependency), and P is the preference 
statement (1 = low preference, 2 = medium prefer-

ence, 3 = high preference). Second, the preferences 
of dependencies that generalize a collection are com-
bined accordingly: 

ε = ∑[εD]/NεD [3]

This results in a second and more general preference 
statement (1 = low preference, 2 = medium preference, 
3 = high preference).

3.2.3 Modification rules

In TaxoCatalog, each taxonomy path is personal-
ized according to the customer’s preferences and 
the desired volume of personalization defined by the 
retailer’s professional:

Path ModificationI = (PC, PD, MC, MD) [4]

where PC is the preference of a latent concept type 
collection for path I, MC is the desired volume of per-
sonalization for the entire catalog, PD is the perfer-
ence of a latent concept type dependency for path I, 
and MD is again the desired volume of personalization. 
Parameter M can have three states, corresponding to 
the different states of preferences; by default, M = P.

However, when the retailer decides not to modify the 
taxonomy according to the preferences, or not to mod-
ify a set of particular taxonomy path at all, the retailer 
can override P with M:

P ≠ M → P = M [5]

Based on the Equation 5, it is clear that each path is 
modified separately, and in addition, both latent medi-
ator concept types can now be modified separately. 
This is an improvement over recent work on taxonomy 
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 Figure 4: Hierarchical structure of a taxonomy using two mediator concept types
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modification presented in Angermann (2022). For each 
latent mediator concept type, three modifications are 
available:

• P = M = 1 results in that the latent mediator con-
cept is shown instead of showing the assigned 
more specific concepts. In terms of a collection, it 
means that the collection is shown instead of the 
super concepts. In terms of dependencies, it means 
that the dependency is shown instead of the sub 
concepts. In terms of PD = PC = MC = MD = 1, this 
means that the modified path considers the low 
preferences of the customer.

• P = M = 2 results in that the latent mediator con-
cept is not shown, but the assigned more specific 
concepts are displayed. In terms of a collection, it 
means that the super concepts are shown instead 
of the collection. In terms of dependencies, it 
means that the sub concepts are shown instead of 
the dependency. In terms of PD = PC = MC = MD = 2, 
this means that the modified path considers the 
medium preferences of the customer.

• P = M = 3 results in that the latent mediator con-
cept is shown, as well as the assigned more spe-
cific concepts. In terms of a collection, it means 
that the collection is shown, as well as the super 
concepts. In terms of dependencies, it means that 
the dependency is shown, as well as the sub con-
cepts. In terms of PD = PC = MC = MD = 3, this means 
that the modified path considers the high prefer-
ences of the customers.

Of course, PD and PC of the individual paths can have 
different preference and volume statements (1, 2, 3). 
This results in that one single path can have nine pos-
sible modifications to be performed.

3.2.4 Schema export

TaxoCatalog is aimed to support automation of pro-
cesses. For that reason, the personalized paths are 
transferred into an XML schema. This allows that the 
file can be processed using data-driven publishing 
software to automatically set the layout of the prod-
uct catalogs to be printed. To transfer the single path 
into a valid well-formed XML, the following steps are 
performed:

1. The single concepts of one path are labelled with 
the tag <concept>{Label}</concept>. And, 
the ID of the concept is assigned to the start tag 
<concept id=”{ID Concept}”>.

2. The different concepts (3 to 5) of one path are 
assigned as sub-elements to the tag <path>{Con-

cepts}</path>. The assignment is performed 
according to the depth of the concept within the 
single taxonomy path. For example, the root is the 
first element. In addition, the starting tag <path 
id=”{ID+ID+ID+(ID;{})+(ID;{})}”> is 
assigned an ID in the form of a concatenation of 
the IDs of the individual concepts.

3. All single paths of the personalized taxonomy are 
assigned as sub-elements to the tag <customer> 
{Paths}</customer> . Logically, the cus-
tomer ID is assigned to the start tag <customer 
id=”Customer ID”>.

4. An XML header is assigned before the start tag 
to uniquely describe the customer. Finally, the 
exported XML looks like shown in Listing 1.

<?xml version=″1.0″ encoding=″UTF-8″?>
<!DOCTYPE customer SYSTEM ″taxocatalog.dtd″>
<customer id=″1″>
 <path id=″1010000141001412014121″>
   <concept id=″10000″>Products</concept>
   …
 </path>
</customer>

 Listing 1: An extract from an XML file 
produced by TaxoCatalog

3.3  TaxoCatalog implementation

TaxoCatalog is implemented using the logic program-
ming language Prolog. Logic programming languages 
are assigned to the declarative programming paradigm, 
which is often used for artificial intelligence applica-
tions. For that reason, a Prolog code does not serve 
as a collection of instructions, but as a description of 
the KB to infer logic conclusions (see section Expert 
Systems). For describing the KB, predicates expressed 
in the form of horn clauses are used. Each predicate 
has two components:

• The first component is the functor. It serves as 
the name of the predicate. For example, the pred-
icate “concept(12000,”Trousers”).” has the functor 
“concept”.

• The second component are the arguments (1 to N), 
which stand in brackets behind the functor. 
The arguments are the knowledge assigned to 
the predicate. For example, the predicate “con-
cept(12000,”Trousers”).” has two arguments, 
referred to as arity. The first argument is a number, 
the second argument is a string. Besides numbers 
and strings, arguments can also be compound terms 
or lists. A predicate ends by writing a dot “.” behind 
the enclosing bracket after the last argument.
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Alternatively to the notation mentioned above, where 
the functor is mentioned with the arguments in detail, 
predicates can also be expressed by its short form. 
Then, the arity is written after the functor, separated 
by a slash, e.g. “concept/2”. 

The predicate from the example given above is a 
so-called fact predicate. For example, the fact that a 
concept named ‘Trousers’ exists with the identifier 
of 12000, is expressed using “concept(12000,“Trou-
sers”).”. Besides fact predicates, so-called rule predi-
cates exist in Prolog. A rule predicate consists of two 
components to infer knowledge:

• The first component of a rule predicate is its head. 
It has a similar structure as a fact predicate: a func-
tor, and arguments standing in brackets. For exam-
ple, the rule predicate “twoconcepts(A,B) :- …” has 
a functor (“twoconcepts”) and two arguments 
(A,B). However, the arguments are usually not 
knowledge, but variables. In Prolog, variables are 
written with a capital initial letter.

• The second component is the body. Head and body 
are separated by a colon and hyphen “:-”. The body 
includes further rule and/or fact predicates, which 
are set in relation to each other using the logical 
and operator written as comma “,”, or by using the 
logical or operator written in the form of a semi-
colon “;”. For example, the rule predicate “twocon-
cepts(A,B) :- concept(A,_),concept(B,_).” includes 
two fact predicates of type “concept/2” to investi-
gate if two different concepts exist. As can be seen, 
the variables from the head are used again in the 
body of the rule. By using variables, all possible 
combinations of relevant predicates are evaluated 
to test if a solution for the given problem exists 
inside the KB (true) or not (false). To ignore argu-
ments not required for a specific rule, those can be 
ignored. This is done by using so-called anonym 
variables written as underscore “_”. Analogous to 
a fact predicate, a rule predicate ends by writing 
a dot “.”.

3.3.1 Program architecture

The ES TaxoCatalog is implemented using different 
layers, as suggested in recent literature discussing these 
types of intelligent systems (van der Aalst, Bichler and 
Heinzl, 2018). For TaxoCatalog, this means a three-layer 
approach. Doing so, only the data required for setting 
the layout is personalized. The initial data (in the lead-
ing PIM system) remains consistent:

• The storage layer consults all the required BK 
resources as fact predicates into the KB. This is the 
external BK based on the content-based analysis 

of the taxonomy and BK using the memory-based 
analysis of customer preferences. All resources of 
BK can be updated for each computation, if the 
underlying initial data changes in the leading sys-
tems. This is the product data in the PIM, but also 
the external BK mentioned before. 

• The processing layer contains all the rule predi-
cates within the IE necessary to compute a seman-
tically personalized taxonomy for one customer. 
The main objective of the rules included is to cre-
ate single and unique taxonomy path based on the 
customer’s preferences. Depending on the pref-
erences, the semantics of the paths are adopted, 
resulting in combining concepts, splitting con-
cepts, and changing levels.

• The publishing layer contains all the rule predi-
cates within the IE of the ES that are necessary to 
export the semantically personalized catalog in a 
format that can be effectively input and processed 
by a layout generator software. For this reason, 
TaxoCatalog exports the semantically personalized 
taxonomy as an XML file. To do so, the different 
paths are transformed into XML tags, before the 
complete catalog is transformed into an enclosing 
custom XML tag, which is further enclosed by an 
enclosing customer XML tag. 

As mentioned above, in Prolog the rules are related to 
each other. This is done using logical operators (and “,” , 
and or “;”). To optimize the processing time, dynamic 
facts are generated in TaxoCatalog. After the XML 
export has taken place, these dynamic facts are deleted 
(retracted) so that the program can be used for a new 
computation.

3.3.2 Program Sequence

The program sequence is structured according to the 
layers mentioned in the previous section. The top level 
rule predicate taxocatalog/0 contains the required rule 
predicates in its body (see Listing 2).

taxocatalog:- 
 storagelayer, 
 processinglayer, 
 publishinglayer.

Listing 2: The upper-level rule predicate in TaxoCatalog

Within the rule predicate storagelayer/0 and its con-
tained rule predicate readknowledge/0, as well as its 
contained rule predicates, e.g. concepts/1, different 
resources of the BK are consulted (see Listing 3). This is 
the external BK based on the content-based analysis of 
the taxonomy, and the BK based on the storage-based 
analysis of customer preferences (preferences/1). 
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In addition, the rule storagelayer/0 contains the rule 
predicate gettimestamp/0, which dynamically asserts 
the predicate timeidentifier/1 to the KB based on the 
current time and date. This is necessary to calculate 
different catalogs for different customers.

storagelayer:-
 gettimestamp,
 readknowledge.

readknowledge:-
 directory(Directory),
 string _ concat(Directory,'/Knowledge/',Folder),
 concepts(Folder),
 customers(Folder),
 dependencies(Folder),
 dependencymappings(Folder),
 collections(Folder),
 collectionmappings(Folder),
 preferences(Folder).

concepts(Folder):-
 string _ concat(Folder,"concepts.csv",File),
 csv _ read _ file(File,Rows, 
 [functor(concept),arity(2)]),
 maplist(assert,Rows).

Listing 3: The rule predicates to consult used BK

After the rule storagelayer/0 is executed, the KB con-
sists of seven dynamic facts describing knowledge and 
external BK. The fact concept/2 describes concepts of 
the initial product taxonomy using two arguments: ID 
and the concept’s associated label. The customer/2 fact 
describes customers with an ID and a name. The fact 
dependency/2 describes dependency concepts with an 
ID and a label. The mapping of the different dependen-
cies to the corresponding source concepts is done by 
the fact dependencymapping/3.

Each possible path extension is represented as a sin-
gle fact using the ID of the super concept, the ID of 
the dependency and the ID of the sub concept (see 
Listing 4). Thus, the number of dependency map-
pings/3 is equal to the number of most specific con-
cepts. Similarly to dependencies, two dynamic facts are 
used to represent the different collections: collection/2 
and collectionmapping/3. Finally, the fact dependen-
cypreferences/3 describes the individual customer 
preferences at the dependency level: Customer ID, 
Dependency ID, Preference.

Personalization of the catalog based on the dynamic BK 
fact predicates is performed within the rule predicate 
processinglayer/0, and the therein included rule pred-
icates definecustomer/0, getpreferences/0, definevol-
ume/0, and createcatalog/0 (see Listing 5). The main 
aim of the included rules is to use the different mod-

ification rules for single paths of the catalog depend-
ing on the customers individual preferences and the 
desired volume of personalization.

dependency(ID_Dependency,Label). 

dependencymapping(ID_Super_Concept, 
 ID_Dependency,ID_Sub-Concept). 

collection(ID_Collection,Label). 

collectionmapping(ID_Root_Concept, 
 ID_Collection,ID_Super-Concept). 

dependencypreference(ID_Customer, 
 ID_Dependency,Preference_Degree).

Listing 4: The fact predicates for depicting 
mediator concepts and customers’ preferences

processinglayer:
 definecustomer,
 getpreferences,
 definevolume,
 createcatalog.

getpreferences:-
 customer(ID_Customer),
 forall(collection(ID_Collection,_),
 collectionpreference(ID_Customer, 
  ID_Collection)).

collectionpreference(ID_Customer, 
 ID_Collection,Preference_Degree).

definevolume:-
 customer(ID_Customer), 
  dependencyadaption(ID_Customer),
 collectionadaption(ID_Customer), 
  setcustomerrules(ID_Customer).

createcatalog:-
 customer(ID_Customer),
 possiblepaths(ID_Customer),
 modification(ID_Customer),
 validatepaths(ID_Customer),
 removeduplicates(ID_Customer).

Listing 5: The rule predicates to infer semantically 
personalized Taxonomies

After the rule processinglayer/0 has been performed, 
the KB consists of several dynamic facts describing per-
sonalized paths of the taxonomy. First, the rule predi-
cate definecustomer/0 asserts the current customer 
with an ID. Second, the rule predicate getpreferences/0, 
calculates and asserts the fact predicate collectionpref-
erence/3, using dependencypreference/3.
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Based on the two facts and the is-a relationships 
between the concepts of the initial taxonomy, it can be 
clearly stated which preference a customer has for one 
path of the initial taxonomy. Thirdly, the rule predicate 
definevolume/0 states and asserts the fact predicates 
dependencyadaptionrule/3 and collectionadaption-
rule/3 to the KB.

path(ID_Customer,ID_Root,ID_Collection, 
 ID_Dependency).

path(ID_Customer,ID_Root,ID_Collection, 
 ID_Sub_Concept).

path(ID_Customer,ID_Root,ID_Super_Concept, 
 ID_Dependency).

path(ID_Customer,ID_Root,ID_Super_Concept, 
 ID_Sub_Concept).

path(ID_Customer,ID_Root,ID_Collection, 
 ID_Dependency,ID_Sub_Concept).

path(ID_Customer,ID_Root,ID_Super_Concept, 
 ID_Dependency,ID_Super_Concept).

path(ID_Customer,ID_Root,ID_Collection, 
 ID_Super_Concept,ID_Dependency).

path(ID_Customer,ID_Root,ID_Collection, 
 ID_Super_Concept,ID_Sub_Concept).

path(ID_Customer,ID_Root,ID_Collection, 
 ID_Super_Concept,ID_Dependency, 
 ID_Sub_Concept).

Listing 6: The fact predicates including personalized 
taxonomy paths

These rules define how a path should be treated based 
on the actual preferences and based on the desired 
degree of personalization. Consequently, for each type 
of mediator concept and for each type of possible pref-
erence degree, there is a fact with three arguments. 

This is the degree of preference (1 to 3), the custom-
er’s ID and the desired modification. Based on this, 
two types of dynamic fact predicates are created to 
define the desired set, the dynamic fact predicates col-
lectionrule/3 and dependencyrule/3. These define the 
actual desired modification for each mediator concept 
using the arguments customer ID, mediator concept ID 
and modification state. Thirdly, the rule predicate cre-
atecatalog/0 asserts the personalized path to the KB 
depending on the preferences and the desired scope of 
the modification. Paths are created for every possible 
and semantically correct combination. This results in 

three different dynamic fact predicates: path/4, path/5 
and path/6. All three use the ID of the customer as the 
first argument and the ID of the root concept as the 
second argument. However, the other arguments, as 
well as the number of arguments, are different depend-
ing on the modification used (see Listing 6).

The XML export is achieved using the publishinglayer/0 
rule predicate (see Listing 7) and the exportcatalog/0 
rule predicate it contains. The retractcatalog/0 rule 
predicate removes dynamic facts.

publishinglayer:-
 exportcatalog,retractcatalog.

exportcatalog:-
 customer(ID_Customer),
 createpaths(ID_Customer),
 combinepaths(ID_Customer),
 writexml(ID_Customer),
 writefile(ID_Customer).

Listing 7: The fact predicates for exporting 
the personalized catalog in XML data format

Analogous to the other layers, dynamic fact predicates 
are asserted. First, the rule predicate createpaths/1 
infers and asserts the fact predicate xmlpath/3 to the 
KB. Here, the first argument is the customer’s ID, the 
second argument is the modification performed, and 
the third argument is paths in XML syntax. To do this, 
each concept of each path is assigned an associated 
XML tag. These elements are then collected and the 
collection is assigned an associated XML tag.

The result is a dynamic fact predicate called combined-
path/2, where the first argument is again the custom-
er’s ID, and the second argument is the XML element 
containing the path tag and the contained concept tags. 
Finally, the individual XML path elements are collected 
again and given an associated XML tag. This tag iden-
tifies the customer. This finally represents the XML 
schema of a personalized catalog.

4.  Case study

As a demonstration of TaxoCatalog, let us consider 
the omni-channel retail market Northwind (2017), and 
three customers. The initial taxonomy consists of three 
levels and 31 concepts (see Figure 5). 

Based on a content-based analysis of the taxonomy, the 
mediator concepts were consulted as BK, as well as the 
necessary mappings with the concepts of the initial 
taxonomy (see Figure 6). In detail, there are four col-
lections and 16 dependencies. The taxonomy now has 
a maximum of five levels.
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Figure 5: The initial product taxonomy 
of the omni-channel retailing market Northwind
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Figure 6: The initial product taxonomy 
of the omni-channel retailing market Northwind, 
including the two latent mediator concept types

4.1  Customers preferences

Before the personalization takes place, the preferences 
for the collections are inferred using TaxoCatalog’s 
processing layer. This inference is based on the prefer-
ences shown for the dependencies. The resulting pref-
erences for collections, are listed in Table 1. 

In addition to the mediator concepts, the customer 
preferences are used in TaxoCatalog as BK. The cus-
tomers considered (ID = 1, 2, 3) have shown the prefer-
ences listed in Table 2.

Table 1: Customers (ID = 1, 2, 3) 
inferred preference regarding collections 

(degree 1 = low, degree 2 = medium, degree 3 = high)

Collection  
(ID, Label)

ID = 1   ID = 2  ID = 3 
(degree)

11000, Drinking 2 1 2
12000, Meat and seafood 2 2 3
13000, Preparation 2 3 2
14000, Confections 2 1 2
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Table 2: Customers (ID = 1, 2, 3) 
consulted preferences regarding dependencies 

(degree 1 = low, degree 2 = medium, degree 3 = high)

Dependency  
(ID, Label)

ID = 1   ID = 2  ID = 3 
(degree)

11110, Nonalcoholic Drinks 2 1 1
11120, Hot drinks 2 1 1
11130, Alcoholic drinks 2 1 3
12110, Prepared meats 1 2 3
12210, Seaweed 2 2 3
12220, Fish 1 2 3
13110, Sauces 1 3 1
13120, Spreads 2 3 1
13130, Seasonings 1 3 1
13210, Cheeses 1 3 1
13310, Baked 1 2 2
13320, Grain products 2 2 3
13410, Fruit 1 1 2
13420, Beans 1 1 1
14110, Sweets 1 1 2
14120, Breads 3 1 1

4.2  Catalog personalization

Each path is personalized according to the prefer-
ences for the dependencies, for the collections, and the 
desired volume of personalization. For the case study, 
it was assumed that P = M.

4.2.1 Customer 1

One customer (ID = 1) has medium preferences for all 
four collections, so the super concepts are used as in 
the original taxonomy (see Figure 7).

The customer has different preferences for the 
dependencies. For the six dependencies with medium 
preferences, the sub-concepts of the initial taxonomy 
are shown instead of the semantically more general 
dependency. For the nine dependencies with low pref-
erences, the dependencies are shown instead of the 
individual sub-concepts. For the one dependency with 
high preferences, the dependency is shown as well as 
the individual sub-concepts, resulting in an additional 
level.

Based on this customer’s preferences, a taxonomy of 
four levels and 28 concepts was created (Figure 7). 
Specifically, the semantically personalized taxonomy 
contains a root concept on level 1, eight super concepts 
on level 2, nine dependencies and eight sub concepts 
on level 2, and one sub concept on level 4. Compared 
to the initial taxonomy, the resulting personalized tax-
onomy consists of three fewer concepts and one addi-
tional level.
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Figure 7: Semantically personalized taxonomy 
for Customer 1

4.2.2 Customer 2

Another customer (ID = 2) has different preferences 
for the four collections. For the two low preferred 
collections, those are shown instead of splitting those 
into semantically more general super concepts (see 
Figure 8). The opposite is inferred for the medium 
preferred collection. For the high preferred collection, 
the collection is shown, as well as the assigned super 
concepts. This adds a further level to the personalized 
taxonomy. For the dependencies, the customer has also 
heterogeneous preferences. Seven are low preferred; 
therefore here the dependencies are shown instead 
of the included sub concepts. Five are medium pre-
ferred, so here the sub concepts are shown without the 
dependencies. The remaining four dependencies are 
high preferred; this is the reason why those are shown 
and the sub concepts at a deeper level included. Now, 
the taxonomy has five levels.

Based on this customer’s preferences, a taxonomy 
consisting of five levels and 33 concepts was created 
(Figure 8). In detail, the semantically personalized tax-
onomy includes one root concept on level 1, three col-
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lections and two super concepts on level 2, four super 
concepts, five dependencies and three sub concepts 
on level 3, six dependencies and four sub concepts on 
level 4, as well as finally, five sub concepts on level 5. 
Compared to the initial taxonomy, the resulting per-
sonalized taxonomy consists of two concepts more, 
and two additional levels.
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Figure 8: Semantically personalized taxonomy 
for Customer 2

4.2.3 Customer 3

The last customer (ID = 3) has different preferences 
for the four collections. For the high preferred collec-
tion, it is included in the paths, as well as the super 
concepts. This adds a further level to the personalized 
taxonomy (see Figure 9). For the three medium pre-
ferred collections, only the super concepts are shown. 
For the dependencies, the customer has also hetero-
geneous preferences. Eight are low preferred; there-
fore, here the dependencies are shown instead of the 
included semantically more specific sub concepts. 
Three are medium preferred, so the sub concepts are 
shown without the dependencies. Five, high preferred, 
are shown with the included sub concepts at a deeper 
level. Now, the taxonomy has five levels.

Based on this customer’s preferences, a taxonomy 
consisting of five levels and 34 concepts was created 
(Figure 9). In detail, the semantically personalized taxon-
omy includes one root concept on level 1, one collection 
and six super concepts on level 2, two super concepts, 
ten dependencies and three sub concepts on level 3, 
three dependencies and five sub concepts on level 4, and 
finally, three sub concepts on level 5. Compared to the ini-
tial taxonomy, the resulting personalized taxonomy con-
sists of three concepts more, and two additional levels.

10000:
Products

11100:
Beverages

11130:
Alcoholic
Drinks

11132:
Ales

11131:
Beers

11110:
Nonalcoholic

Drinks

11120:
Hot Drinks

13100:
Condiments

13130:
Seasonings

13120:
Spreads

13110:
Sauces

13200:
Dairy

Products

13210:
Cheeses

13300:
Grains
Cereals

13320:
Grain

products

13311:
Breads

13312:
Crackers

13313:
Pasta

13400:
Produce

13411:
Dried fruit

13420:
Beans

14100:
Confections

14111:
Desserts

14112:
Candies

14120:
Breads

12000: Meat
and Seafood

12100:
Meat Poultry

12110:
Prepared
meats

12111:
Prepared
meats

12200:
Seafood

12210:
Seawead

12211:
Seawead

12220:
Fish

12221:
Fish

Figure 9: Semantically personalized taxonomy 
for Customer 3

4.3  Layout setting

The three personalized taxonomies are exported by 
TaxoCatalog as XML files. These files can be used for 
automatic layout generation using data-driven pub-
lishing software. For this project, the layout generator 
from the German software provider InBetween is used. 
All three files can be imported without any modifica-
tions compared to other XML files. The same template 
can be used for all customers, or an independent tem-
plate can be created (see Figure 10). The template 
includes content frames with a query. In our example, 
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this means querying concepts sequentially using the 
path-driven stack. Based on the semantic weight of the 
path, the paths having a deeper level are at the top. 
Each stack element is queried, which results in the 
generation of a dynamic publication containing the 
paths (see Figure 11). Other templates making a sep-
arate use of the personalized semantic weights can 
also be created. This is of course the ultimate usage 
of TaxoCatalog XML output, but the focus of future 
research. For example, product information (e.g. gloss) 
can be included and designed based on the different 
semantic weights (see Figure 12).

5.  Evaluation

The evaluation of rule-based ES is known to be chal-
lenging (Ligêza, 2006). This is because ES are designed 
to automate individual processes as performed by a 
human domain expert. Consequently, the quality of 
the ES is highly dependent on the expert. And, the 
implementation of the ES is usually done by using BK. 
Obviously, the quantity and quality of the BK used has 
a significant impact on the quality of the inference. To 
address the above aspects, the ES TaxoCatalog is eval-
uated in five directions:

Figure 10: GUI of InBetween for layout setting using the XML output of TaxoCatalog
 

Figure 11: Dynamically generated publication using TaxoCatalog and InBetween Sir Rodneys Marmalade
8 1 EUR 3 0 gi f t boxes
Scottish Longbreads
12.5 EUR 1 0 boxes x  8 pieces
Pavlova
17.45 EUR 3 2 -  500 g boxes

HIGHLIGHT.

This is an exemplary product description.

This is an exemplary text describing how
t o use this particular product.

NuNuCa Nu-Nougat-Creme
1 4 EUR 2 0 -  450 g glasses

HIGHLIGHT.

This is an exemplary product description.

This is an exemplary text describing how
t o use this particular product.

Schoggi Schokolade
43.9 EUR 100 -  100 g pieces

HIGHLIGHT.

This is an exemplary product description.

This is an exemplary text describing how
t o use this particular product.

Tarte au sucre
49.3 EUR 4 8 pies

HIGHLIGHT.

This is an exemplary product description.

This is an exemplary text describing how
t o use this particular product.

Teatime Chocolate Biscuits
9.2 EUR 1 0 boxes x  1 2 pieces

HIGHLIGHT.

This is an exemplary product description.

This is an exemplary text describing how
t o use this particular product.

Sir Rodneys Scones
1 0 EUR 2 4 pkgs. x  4 pieces

HIGHLIGHT.

This is an exemplary product description.

This is an exemplary text describing how
t o use this particular product.

Gumbr Gummibrchen
31.23 EUR 100 -  250 g bags

HIGHLIGHT.

This is an exemplary product description.

This is an exemplary text describing how
t o use this particular product.

Zaanse koeken
9.5 EUR 1 0 -  4 oz boxes

HIGHLIGHT.

This is an exemplary product description.

This is an exemplary text describing how
t o use this particular product.

Chocolade
12.75 EUR 1 0 pkgs.

HIGHLIGHT.

This is an exemplary product description.

This is an exemplary text describing how
t o use this particular product.

Maxilaku
2 0 EUR 2 4 -  5 0 g pkgs.

HIGHLIGHT.

This is an exemplary product description.

This is an exemplary text describing how
t o use this particular product.

Valkoinen suklaa
16.25 EUR 1 2 -  100 g bars

HIGHLIGHT.

This is an exemplary product description.

This is an exemplary text describing how
t o use this particular product.

Tofu
23.25 EUR 4 0 -  100 g pkgs.

HIGHLIGHT.

This is an exemplary product description.

This is an exemplary text describing how
t o use this particular product.

Rssle Sauerkraut
45.6 EUR 2 5 -  825 g cans

HIGHLIGHT.

This is an exemplary product description.

This is an exemplary text describing how
t o use this particular product.

Longlife Tofu
1 0 EUR 5 k g pkg.

HIGHLIGHT.

This is an exemplary product description.

This is an exemplary text describing how
t o use this particular product.

Uncle Bob
3 0 EUR 1 2 -  1 l b pkgs.

HIGHLIGHT.

This is an exemplary product description.

This is an exemplary text describing how
t o use this particular product.

Figure 12: Personalization of product elements depending on semantic context weight
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• First, a comparison with previous studies for the 
research paradigm of taxonomy personalization 
including taxonomy modification is performed. 
This comparison examines the strengths and lim-
itations of prior research efforts to give context of 
the proposed ES TaxoCatalog.

• Next, the BK efficiency is measured to check 
whether the BK used most effectively supports 
the methods contained in TaxoCatalog. As the 
BK is provided as output from other systems, a 
summary of the results is presented as a basis for 
evaluation.

• Based on above, the catalog modification efficiency 
of the ES TaxoCatalog is discussed to identify if the 
included modification rules effectively support 
personalizing a paper-based catalog. 

• Following, the workflow integration efficiency of 
TaxoCatalog is discussed to determine if the ES can 
be integrated into existing print media workflows 
without changing those workflows. 

• Finally, the catalog personalization efficiency of 
TaxoCatalog is discussed to verify how the seman-
tically personalized taxonomies are recently used 
by the system and how the semantically person-
alized taxonomies could also be used in terms of 
layout setting. Consequently, this discussion will 
reveal open directions for future research of the 
proposed expert system.

5.1  Comparison with previous studies

The comparison with previous studies examines the 
strengths and limitations of prior research efforts to 
give context of TaxoCatalog. Consequently, previous 
studies are discussed, which focus on the aspect of tax-
onomy personalization and modification. 

The very first study discussing the need for taxonomy 
modification was presented in Joh and Lee (2003). The 
core element of the Prolog-based implementation is 
different taxonomy modification rules that have to be 
performed manually by a user. A study discussing the 
need of intelligent-driven modification was presented 
in Lin and Hong (2008). Here, a database model collects 
knowledge about the customer and the taxonomy, to 
help the expert manually generating new taxonomies. 
Two similar frameworks, but with the capability to 
analyze about the customers and the taxonomy, were 
presented in Pierrakos and Paliouras (2010), and Tao, Li 
and Zhong (2011). In 2015, the need of preference-based 
taxonomy was additionally discussed in Svee and 
Zdravkovic (2015), before the first work allowing a ful-
ly-automatic modification and personalization was pre-
sented in Angermann and Ramzan (2016). Here, an ES 
implemented in Prolog was provided. This ES is able to 
analyze customers shopping behavior for personalizing 
the taxonomy based on predefined modification rules. 
In addition to earlier approaches, the ES is additionally 
capable to consider the semantics of the taxonomy. This 
means that the information remains semantically con-
sistent after modifying the taxonomy, by using so-called 
mediator concepts instead of only limiting the modifi-
cation to the initial concepts. Analogous to all other 
above-mentioned studies, their ES is aimed for e-cata-
logs, meaning the modification of taxonomies to be used 
for digital publishing channels, especially e-commerce. 
This is the same for the subsequent work presented in 
Mao, et. al (2020). Here, a framework was presented 
that can enrich the taxonomy based on self-supervision. 
And, it is the same for the work presented in Pawlowski 
(2021). Here, a ML approach was presented to analyze 
customers word usage for personalizing the labels of 
the concepts inside the initial taxonomy. The very last 
study, and the first study discussing the need of person-
alizing taxonomies for non-digital channels as well, was 
presented in Angermann (2022). This work includes a 
set of different modification rules to modify the taxono-

Table 3: Phases and works on taxonomy personalization and modification

Phase Description
Manual/ 
Automatic References

1 Taxonomy modification rules Manual (Joh and Lee, 2003) 
(Angermann, 2022)

2 Taxonomy personalization 
using taxonomy modification rules

Manual (Lin and Hong, 2008) 
(Pierrakos and Paliouras, 2010) 
(Tao, Li and Zhong, 2011)

3 Taxonomy personalization using 
taxonomy modification rules inside 
intelligent expert systems

Automatic (Angermann and Ramzan, 2016) 
(Mao, et al., 2020) 
(Pawlowski, 2021)

4 Taxonomy personalization  
for different channels using taxonomy 
modification rules

Automatic (Angermann, 2023a)
TaxoCatalog
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mies based on the capabilities of the different channels. 
In contrast to other works, the rule-based approach 
includes various interchangeable modifications, as well 
as the capability of mediator concepts. However, it has 
to be performed manually.

Summarizing the different previous studies on taxon-
omy personalization and modification, four phases or 
research can be identified (Table 3). In the first phase, 
the focus was on providing taxonomy modification 
rules that have to be performed manually. In the sec-
ond phase, the focus was still on modifying taxonomies 
manually, but based on knowledge about the custom-
ers. In the third phase, user behavior and modification 
rules were combined to allow a fully-automatic per-
sonalization using intelligent systems. TaxoCatalog can 
therefore be considered as the fourth phase building 
upon the three previous phases of research on taxon-
omy modification and personalization. It performs tax-
onomy modification rules fully automatically based on 
the capabilities of phase three, but is implemented to 
perform in a cross-media context.

5.2  Background knowledge efficiency

The BK efficiency used in TaxoCatalog was evaluated 
with regard to a wide range of criteria and databases 
(see Table 4). Results for the two most relevant met-
rics are summarized in this section. These are the 
F-measure of the memory-based BK, and the semantic 
flexibility efficiency of the content-based BK regarding 
semantic correspondences.

The F-measure score indicates the decision quality 
of a recommender system for analyzing customer 
preferences compared to a human domain expert. A 
score of 1 means that the correct decision was made 
in all test cases. A score of 0 means the opposite. The 
average F-measure score of the memory-based BK 
used in TaxoCatalog is 0.94 for all three databases 
(Angermann and Ramzan, 2016): 0.90 (Northwind), 
0.93 (Adventureworks), and 0.98 (Festool). It is particu-
larly noteworthy that the score is similar for all three 
databases: σ = 0.033. This means that an equally good 
quality result can be achieved for a variety of product 
areas, i.e. for omni-channel retailers in different sectors.

Semantic flexibility efficiency is measured to verify 
the flexibility of using a taxonomy as the leading ele-
ment for personalizing a product catalog. Two scores 
are important here. First, the reduction flexibility 
is calculated by identifying the maximum possible 
reduction of the taxonomy. This is done for medi-
ator concepts (collections, dependencies) that are 
less preferred by a particular customer. Secondly, the 
extension efficiency is calculated to verify a maximum 
possible reduction of the taxonomy. This is done for 
mediator concepts (collections, dependencies) that 
are highly preferred by the same particular customer. 
The average reduction flexibility score of the con-
tent-based BK used in TaxoCatalog is 48.10 %, and 
the extension flexibility score is 51.26 % (Angermann, 
Pervez and Ramzan, 2017).

5.3  Catalog modification efficiency 

In TaxoCatalog, the BK mentioned above is used as 
input for the KB. However, this BK is further processed 
in a separate IE. Consequently, this IE must also be 
evaluated. The discussion of its catalog modification 
efficiency aims at finding out whether the contained 
modification rules also support the semantic personal-
ization of a paper-based printed product catalog in the 
most effective way. The discussion presented in this 
section is therefore the logical application-oriented 
evaluation based on the qualitative results presented 
above (see section Comparison with previous studies).

In TaxoCatalog, three path modifications are provided 
based on the two underlying mediator concept types: 
dependencies, collections. As each initial taxonomy 
path always contains both latent mediator concepts, 
each path can be modified using nine different options. 
Each mediator concept can be displayed without 
including the initially assigned concepts, each medi-
ator concept can be hidden and the initially assigned 
concepts displayed, and each mediator concept can 
be displayed including the assigned concepts at the 
deeper level. Consequently, each path can be extended 
by two levels and by the number of mediator concepts 
(N = N + 2). In this way, all paths that share an is-a rela-
tionship (sibling concepts) can be combined by their 
included dependency and collection.

Table 4: Characteristics and parameters of the databases used for experimental results

N Adventureworks Northwind Festool

Customers 700 93 500
Orders 31 464 829 1 400
Products 320 77 118
Concepts (initial) 1 + 4 + 37 = 42 1 + 8 + 22 = 31 1 + 9 + 43 = 53
Dependencies 14 16 23
Collections 2 4 3
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Based on the modifications, each individual path is 
semantically correct on its own due to the external BK 
used. However, as shown in the case study (see sec-
tion Catalog personalization), different concept types 
become concepts of the same level through the imple-
mented rules. This leads to conceptual heterogeneity, 
even if each path is semantically correct (Angermann, 
Pervez and Ramzan, 2017). This is the case when con-
cepts with different semantic weights are displayed at 
the same level. Whether this is actually a challenge for 
the customer would need to be examined separately in 
a user study.

5.4  Workflow integration efficiency

The use of TaxoCatalog promotes the linking of portal- 
based media, paper-based digital media and print 
media. But it does mean that new software has to be 
integrated into an existing workflow.

The discussion of workflow integration aims to deter-
mine whether the ES can be integrated into existing 
workflows without having to adapt these workflows. 
This is important because workflows in the print-
ing industry can be complex, depending on variables 
such as product variety, technical heterogeneity and 
the degree of automation of the processes involved 
(Hofmann-Walbeck, 2022). The following discussion 
assumes that catalogs are printed using non-impact 
printing.

Firstly, the TaxoCatalog ES can be implemented in 
existing workflows without the need to adapt pro-
cesses. This is the case for upstream and downstream 
processes that are set up as state of the art for publish-
ing content in an omni-channel context. There are two 
main reasons for this. Firstly, TaxoCatalog uses external 
BK and knowledge as provided by the latest omni-chan-
nel publishing IT infrastructures. This is media-neutral 
data provided by a PIM system. Secondly, TaxoCatalog 
transforms the paths into the standard file format 
required for data-driven publishing. This is achieved 
by transforming them into XML format.

However, the ES assumes that the given workflow is 
as shown above. In other words, the ES requires struc-
tured, media-neutral data as provided by a PIM. And 
it assumes that the subsequent page-layout process is 
actually performed using data-driven publishing. If one 
of these aspects (structured data, data-driven publish-
ing) is not taken into account in the workflow, it will 
not be supported. For example, if DTP is used instead.

5.5  Catalog personalization efficiency

The aim of TaxoCatalog is to provide an ES for seman-
tically personalizing paper-based product catalogs in 

omni-channel context using BK. Finally, its catalog per-
sonalization efficiency is discussed with respect to real 
retail scenarios.

Regardless of the media channel used (digital por-
tal-based, digital paper-based, printed paper-based), 
in most cases the ultimate element for structuring the 
content to be included in a particular product catalog is 
the underlying product taxonomy. On an e-commerce 
site as well as for a printed catalog, the (identical) tax-
onomy is used as the main element for navigation and 
structuring. As a result, products are displayed in the 
corresponding catalog sections. This is because prod-
ucts are assigned to the concepts (product categories) 
of the taxonomy as so-called members – for example, 
on category-specific landing pages on an e-commerce 
site, or on category-specific pages in a printed prod-
uct catalog. For this reason, the taxonomy is also the 
leading element when it comes to automatically setting 
the layout of paper-based product catalogs using data-
driven publishing.

TaxoCatalog is used to perform semantic personaliza-
tion, as mentioned above. This means that the initial 
product taxonomy is semantically personalized based 
on BK. This is knowledge about the customer and other 
knowledge about the initial taxonomy. The BK is used to 
combine, split and expand product categories accord-
ing to the individual’s preferences. As a result, the 
personalized catalog is structured according to these 
specific individual preferences. Thus, from a semantic 
point of view, even the most essential element of a cat-
alog is personalized to the maximum extent that can be 
achieved with the help of TaxoCatalog. However, this 
personalization may not be enough for the customer. 
While the taxonomy is the essential element from a 
semantic point of view, the personalization of the con-
tent can be a compelling criterion for the customer in 
terms of personalization based on preferences.

In this regard, semantic context weighting will play a 
crucial role in subsequent research work. TaxoCatalog 
is not only designed to personalize taxonomies. It is 
also designed to personalize content using the per-
sonalized taxonomies. In concrete terms, this means 
that elements from a set of product information can 
be displayed in the catalog or not, depending on the 
semantic context weight. For example: a path that has 
been semantically enriched to the highest level will 
show products with all available information (e.g. title, 
description, price, sample application) and will also be 
highlighted by design. In contrast, a path that has been 
semantically reduced to the highest level shows only 
selected information (e.g. title, price). A corresponding 
example is already shown in this study (see section 
Layout setting). This potential will be explored in more 
detail in a later research project.
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6. Conclusions

This work presented TaxoCatalog, an expert system for 
semantically personalizing paper-based product cata-
logs in an omni-channel retail context using background 
knowledge. Compared to the method of sub-catalogs, 
the presented expert system performs the personaliza-
tion without any loss of information. This is achieved 
by using different sources of background knowledge 
and by applying different modification rules based on 
this background knowledge. The evaluation performed 
in different directions underlines the efficiency of the 
presented expert system − in terms of catalog modifica-

tion efficiency, workflow integration efficiency and cat-
alog personalization efficiency. Compared to previous 
studies in the field, TaxoCatalog works fully automati-
cally, without suffering from information loss, and can 
be used across publishing channels.On the basis of the 
extensive evaluations and the included case study, two 
main directions for future research could have been 
identified. Firstly, the resulting conceptual heteroge-
neity can be investigated in a user study. Secondly, the 
personalization of product information based on the 
proposed system should be further investigated. Here, 
the resulting semantic context weight can be used as a 
main starting point for future research projects.
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