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Weights based on influence

Feedback for constructing a new cluster

Fig. C.30 Clustering based on f co on a 100-people network in conjunction.



166 Experimental Results

Feedback for removing a person from a cluster

Fig. C.31 Clustering based on f o,c on a 100-people network in conjunction.
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C.3.2 CQQL query with disjunction (∨)

Clustering approaches

(a) Unweighted (b) k-medoids (k = 4) clustering

(c) Dendogram of Figure C.32d

(d) Hierarchical (k = 4) clustering (e) Non-TI

Fig. C.32 Clustering on a 100-people network in disjunction.
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Table C.8 Clusters after clustering on a 100-people network in disjunction

Methods Clusters
k-medoids (k=4) {ayon, diana, saiful, max, ronald, justin, sharon, nathan, megan,

keith, andrea, hannah, joy, hari, cleo, elus, piu, posto, ila, narin,
dino, dipak, niki, soma, holin, epic, moni, tupu}, {eliza, ayuba, deba,
kayle, rono, jason, eric, larry, amy, scott, henry, ethan, martha, orko,
raje, pijus, nores, febo, olip, goni, rikul, loki, polin}, {alan, joe,
rezart, yousef, polash, rajat, peter, ryan, jack, walter, harold, roger,
tip, manat, debes, faria, jagu, daya, kuku, roki, boby, gaye, kakir,
laxi, tusi, jani, manab}, {siam, lina, raju, chris, laura, samuel, ruth,
tyler, jose, joyce, kelly, joan, judith, leo, claus, faris, khil, dak, josh,
arus, jeet, akil}

Hierarchical
(Single-linkage
k=4)

{siam, ayon, joe, eliza, diana, lina, ayuba, deba, kayle, raju, rezart,
yousef, polash, rono, saiful, rajat, max, chris, ryan, jason, ronald,
eric, larry, amy, justin, sharon, scott, laura, samuel, ruth, jack, tyler,
jose, joyce, henry, nathan, kelly, ethan, joan, walter, megan, judith,
harold, keith, andrea, roger, hannah, martha, leo, joy, orko, tip, hari,
cleo, elus, piu, manat, raje, claus, faris, pijus, nores, posto, debes,
faria, narin, khil, dak, febo, jagu, olip, daya, dino, goni, kuku, roki,
boby, dipak, gaye, kakir, rikul, josh, arus, niki, loki, soma, jeet, akil,
holin, laxi, tusi, jani, epic, polin, moni, manab, tupu}, {ila}, {peter},
{alan}

Non-TI {piu, hari, joyce, nores, yousef, joy, andrea, tupu, kelly, laura, elus,
harold, deba, loki, holin, kuku, amy, rikul, jason, megan, goni, dak,
justin, ethan, josh, tip, peter, manat, polin, gaye, febo, ruth, dino,
debes, martha, jeet, daya, henry, polash, narin, ayon, max, walter,
faris, jani, scott, diana, jagu, moni, alan, khil, eric, ayuba, laxi, raju,
lina, manab, saiful, joe, roki, chris, hannah, olip, ronald, rezart,
keith, jose, boby, rono, sharon, rajat, kayle, niki, kakir, raje, larry,
orko, joan, cleo, dipak, soma, judith, nathan, epic, arus, ila, eliza,
leo, faria, jack, posto, pijus, roger, tyler, ryan, tusi, claus},
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{piu, hari, joyce, nores, yousef, joy, andrea, tupu, kelly, laura, elus,
harold, deba, loki, holin, kuku, amy, rikul, jason, megan, goni, dak,
justin, ethan, josh, tip, peter, manat, polin, gaye, febo, ruth, dino,
debes, martha, jeet, daya, henry, polash, narin, ayon, max, walter,
faris, jani, scott, diana, jagu, moni, alan, khil, eric, ayuba, laxi, raju,
lina, manab, saiful, joe, roki, chris, hannah, olip, ronald, rezart,
keith, jose, boby, rono, sharon, rajat, kayle, niki, kakir, raje, larry,
orko, joan, cleo, dipak, soma, judith, nathan, epic, arus, ila, eliza,
leo, faria, jack, posto, pijus, roger, tyler, ryan, tusi, akil},{piu, hari,
joyce, nores, yousef, joy, andrea, tupu, kelly, laura, elus, harold,
deba, loki, holin, kuku, amy, rikul, jason, megan, goni, dak, justin,
ethan, josh, tip, peter, manat, polin, gaye, febo, ruth, dino, debes,
martha, jeet, daya, henry, polash, narin, ayon, max, walter, faris,
jani, scott, diana, jagu, moni, alan, khil, eric, ayuba, laxi, raju, lina,
manab, saiful, joe, roki, chris, hannah, olip, ronald, rezart, keith,
jose, boby, rono, sharon, rajat, kayle, niki, kakir, raje, larry, orko,
joan, cleo, dipak, soma, judith, nathan, epic, arus, ila, eliza, leo,
faria, jack, posto, pijus, roger, tyler, ryan, tusi, samuel}, {piu, hari,
joyce, nores, yousef, joy, andrea, tupu, kelly, laura, elus, harold,
deba, loki, holin, kuku, amy, rikul, jason, megan, goni, dak, justin,
ethan, josh, tip, peter, manat, polin, gaye, febo, ruth, dino, debes,
martha, jeet, daya, henry, polash, narin, ayon, max, walter, faris,
jani, scott, diana, jagu, moni, alan, khil, eric, ayuba, laxi, raju, lina,
manab, saiful, joe, roki, chris, hannah, olip, ronald, rezart, keith,
jose, boby, rono, sharon, rajat, kayle, niki, kakir, raje, larry, orko,
joan, cleo, dipak, soma, judith, nathan, epic, arus, ila, eliza, leo,
faria, jack, posto, pijus, roger, tyler, ryan, tusi, siam}
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User interaction

Complimented form of a weight

The logical transformation in Section 4.3.2 shows that connected weights in a conjunction
equals exactly connected weights in a disjunction. Therefore, the experimental procedure
and results will be equal for the same parameter settings as described in C.3.1.
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Weights based on influence

Feedback for constructing a new cluster

Fig. C.33 Clustering based on f co on a 100-people network in disjunction.
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Feedback for removing a person from a cluster

Fig. C.34 Clustering based on f o,c on a 100-people network in disjunction.



Appendix D

List of Publications

This section presents a chronological arrangement of selected publications relevant to the
dissertation.

1. Sanjit Kumar Saha, Ingo Schmitt: A Relevance Feedback-Based Approach for
Non-TI Clustering. In: International Conference on Advanced Data Mining and
Applications (ADMA), Lecture Notes in Computer Science - Springer, 13088, pp.
381–393, Sydney, Australia, 2022.

2. Sanjit Kumar Saha, Ingo Schmitt: Quantitative Weighting Approach for Non-TI
Clustering. In: The International Workshop on Web Search and Data Mining (WSDM),
Procedia Computer Science, 184, pp. 966–971, Warsaw, Poland, 2021.

3. Sanjit Kumar Saha, Ingo Schmitt: Non-TI Clustering in the Context of Social
Networks. In: The International Workshop on Web Search and Data Mining (WSDM),
Procedia Computer Science, 170, pp. 1186–1191, Warsaw, Poland, 2020.
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