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3. Leamner €% 4. Train & Evaluate L 5. Benchmarking Q 6. Predict £J7. Explain

Learner 1 Learner 2 Learner 3
Select a machine-learning algorithm

Learner Information

Learner 1 decision tree - Go )
T Algorithm: Extreme Gradient Boosting (xgboost) Properties: featureless, hotstart_backward,
hotstart_forward, importance, loglik,
- Current Predict Type: response missings, multiclass, oob_error,
Learner 2 random forest T Go selected_features, twoclass, weights
Supported Predict Types: response, prob
Supported Feature Types: logical, integer, numeric, character, factor,
Leamer 3 *gboost v Y o ordered, POSIXct
+ Add Learner
Learner Parameters
classif.xgboost.eta Lower: 0 Upper: 1 03 =
classif.xgboost.max_depth Lower: 0 Upper: Inf 6 ]
classif.xgboost.nrounds Lower: 1 Upper: Inf z
classif.xgboost.colsample_bytree Lower: 0 Upper: 1 1 ]
classif.xgboost.booster Levels: gblinear, gbtree, dart gbtree e
"VState.-of.the. o
threshold.thresholds Lower: 0 Upper: 1 05 o

Change Parameters

https://github.com/LamaTe/mlr3shiny

(Tetzlaff and Szepannek, 2022)
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(Blicker et al., 2021; Szepannek, 2024)

Gero Szepannek

Wirtschaftsinformatik




Clustering Mixed-Type Data

200 Advances in Data Analysis and Classification
https.//doi.org/10.1007/511634-024-00595-5

CONTRIBUTED RESEARCH ARTICLES

ORIGINAL ARTICLE

S clustMixType: User-Friendly Clustering ®

i : Codes’
gil\ghxid-Type Datain R Clustering large mixed-type data with ordinal variables Cluster Validation for Mixed-Type Data
v Gero Szepann
Abstract Clustering algorithms are designed to identify groups in data where the traditional emphasis Gero Szepannek'( - Rabea Aschenbruck! - Adalbert Wilhelm?

has been on numeric data. In consequence, many existing algorithms are devoted to this kind of Rabea Aschenbruck and Gero Szepannek
data even though a combination of numeric and categorical data is more common in most business
applications. Recently, new algorithms for clustering mixed-type data have been proposed ) 3
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Huang’s k-prototypes algorithm. This paper describes the R package clustMixType wi
an implementation of k-prototypes in R. ©The Author(s) 2024
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Introduction Abstract ' 3 9
One of the most frequently used algorithms for clustering data with both numeric and . ...
"

Clistering algorithms are dsigned to entity groups in data where th taditional emphass has been

on numeric data. In many existi to this kind of data even categorical variables is the k-pi yp an ion of the well-known

thou f numeric and ical data is in most bu c-teans ¢ ing rer's. distance denotes 4 e ar approacl ealing

For i iasipla i Wi Conknd of ceedie worirs 868 . Sacpennel (2017),. The scandand way o k- neans clustering. Gow(‘r s A.!lsl.mge dmnlg another p«pul_n approach for deal ing

tackle mixed-type data clustering problems in R is to use either (1) Gower distance (¢ ) with mixed-type data and is suitable not only for numeric and categorical but also for

(\\u‘au»e gower Pac ige ( ‘1‘2)‘14‘ ; l):;rl?cdau'}"(ms‘odk" 'ft:;er“:;\lhed:;l(u p«:ukd?e ordinal variables. In the paper a modification of the k-prototypes algorithm to Gower’s Abstract For cluster analysis based on mixed-type data (ie. data consisting
sechler et al,  (2) Hierarchical clustering through helust () or the agnes() function in g 4 SN : ek % %

cluster. Recent innovations include the package ¢ Tutix ( fummel ot ol 2017), which combines both distance is proposed that ensures convergence. This provides a tool that allows to take of numerical and categorical variables), comparatively few clustering meth-

(mne'dmlantvand hmanmcamm:enngwxmmme functions. (m\x‘ua;lul:;n‘Ael‘llmsajpnmm Inlo account ordinal information for clustering and can also be used for large data. A ods are available. One popular approach to deal with this kind of problems

itis not feasible for large data sets. :

‘The package flexr o i3 ,.,,.m,,,k,.mmmm,,k,Mkﬂnm,,“,mmng'?m,“ghm s study convergence, good clustering results as well as small is an extension of the k-means algorithm (Huang. 1998). the so-called k-

function keca() whichallowsfor y Among y pre-implemented mntmes. protatype algorithm, which is implemented in the R package ¢ Lus pe

kecaFani lies, there is no distance measure for mixed-type data. Altemative approaches based on (Szepannek and Aschenbruck, 2019),

expectation- n\nxlmlL\hon.\mgncnhy the function ’lzmuedr\ms()mmc pe package (Hennig, i o i oo o . S and Ascl ck, 2

2115) and the package clustMD (McParland, 2017). Both require the variables in the data set to be Keywords Cluster analysls - Mixed-type/data - Ordinal data’- K-protolypes It is further known that the selection of a suitsble number of clusters k is

ordered according to their dauk e, and that categorica .1 variables to be preprocessed into integers. Gower’s distance
Ih‘:\m\dl).\lgﬁmhm‘(*\ i o eg' 2 ‘),M,nw ondinal variables but :ﬁ:m particulady crucial in partitioning cluster procedures. Many implementations of
computationally inteneive. The ‘P"‘“‘*b“(\ 98 sod Marketo; 201) Implements the KAMILA Mathematics Subject Classification 62H30 cluster validation indices in R are not suitable for mixed-type data. This paper ’ O Wn Oa S

clusiering algocithen which uses a kernel density estisution e ST : 5 5 G I
i ok . e g S o Mok Spghe lghing o i examines the transferability of validation indices, such as the Gamma index,
vhich c: | variables have into indicator variables in advance (Moclha anc Average Silhouette Width or Dunn index 1o mixed-ty pe data. Furthermore, the
pangier, 0, 11 ;
introduction R package clus: ype is extended by these indices and their application
Recently, more algorithms for clustering mixed-type data have been proposed in th ltrature e Py e o e

is demonstrated. Finally, the behaviour of the adapted indices is tested by a short
s in iden- simulation study using different data scenarios.

2005; HajKacem et al., 201

ue w A 1, 2011). Many of these are based In cluster analysis, as an unsupervised learning approach, the purpose consi

(Amir and Dey, 2007; Dutt

on the 1dca of Huany. s k pmllwypﬁ algomhm (Hua %). The rest of this paper describes the v S s of observ: : ¥ L N address
R pecage ot oo d._‘ b b g e tfying homogeneous groups of observations n a data. The pmb]cAm can hf add.mned
8§ (Huang, 19973) has been implemented in different ways onthe of (for an overview cf. e.g.

thi ' ithm in K The k-
in the package kIaR (Weihs et al,, 2005; Roever et al., «)mr urely categorical data, but not for the
‘mixed-data case. The rest of the paper is onganized as follows: A brief deseription of the algorithm is

Jain 2010). In practice, data are often of mixed-type i.e., containing both numeric and
categorical variables. Hennig and Liao (2013) give a practical step by step example of

followed by the functions in the clustMixType package. Some extensions to the original algorithm are —
discussed and as well as a worked example application. clustering mixed-type real world data and reviews on available algorithms are given Rabea Aschenbruck - Gero Szepannek
in Hunt and Jorgensen (2011) and Ahmad and Khan (2018). of Applied Sciences Swakund,. Zur Schwedenschanze 15, D-18435 Seabund, Germany
k-prototypes clustering A common approach to deal with mixed-type data in Statistics consists in using e P
Gower’s distance (Gower 1971). Accordingly, an intuitive and widespread way of
The k- peottypes algarithm belargs to: the family of partitional ‘cluster algorithma: . s objective: clustering mixed-type data is based on Gower’s distance by combining it with the Ascums os Dava Scmoce, Sanims A
function is given by: ; 2 : (Ovave Funst) DOL 10.$445/KS P/ 100009801 1102
S S s KIT Sarsmnic Pususios ISSN 23639881
E= wigd (1) ) A
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where x;,i = 1,...,n are the observations in the sample, j;,j = 1,...,k are the cluster prototype

observations, and u;; are the elements of the binary partition matrix U, satisfying ©f_j u;; =1, Vi
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Angewandte Data Science und Kiinstliche Intelligenz

Angewandte Data Science und Kunstliche Intelligenz

Master-Studiengang

Wie funktioniert maschinelles Lernen, Deep Learning oder groRe Sprachmodelle und Anwendungen wie ChatGPT?
Was sind die Potenziale und Grenzen solcher KI-Methoden und Werkzeuge und wie kénnen sie kompetent und
sicher in der Praxis angewandt werden? Wie werden KI-Anwendungen mit modernen Werkzeugen und
Frameworks in Unternehmen effektiv umgesetzt? Wie wird die Einfihrung und Kommunikation von Kl in
Unternehmen erfolgreich, sicher und ethisch verantwortlich gemacht?

Mit dem Fokus auf Anwendungskompetenzen befahigen wir Sie auch ohne technisches Erststudium zum
Konzipieren, Durchfiihren und Leiten von Projekten mit Data Science- und KI-Bezug. Durch unser innovatives
didaktisches Konzept konnen auch Quereinsteigerinnen Schliisselkompetenzen in Data Science und kiinstliche
Intelligenz mit engagiertem Einsatz erfolgreich erwerben.

Der Master-Studiengang Angewandte Data Science & Kiinstliche Intelligenz vermittelt
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ECDA2026

European Conference on Data Analysis
9.-11.9.2026

About v Program v Practical Informations v

ECDAis an international conference dedicated to analytical aspects of data science. It connects statistics, computer science, and practical application
domains related to all aspects of data analysis.

The ECDA is organized under the auspices of the GfKI (Gesellschatt fiir Klassifikation).
It will be organzied in cooperation with the:

= European Association for Data Science (EUADS),

= Dutch/Flemish classification society (VOC),

= Classification and Data Analysis Group of the Italian Statistical Society (CLADAG),

= Classification and Data Analysis Section of the Polish Statistical Association (SKAD) and the
= British Data Science Society (BDSS)

ECDA 2026
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