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Abstract. Explainability has become a must for any AI algorithm acting as a black-box,
like Graph Spectral Clustering (GSC). Though a success was achieved in developing
respective explanation methodologies, a new challenge has to be faced: the evaluation
of the (quality of) explanations.
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Several evaluation methods for explanations in AI have been developed, but they turn out
to have some shortcomings, making them unsuitable for GSC explanation evaluation. In
this paper, we recall some of these methods and point out their respective shortcoming.
Based on this investigation, we suggest a new explanation methodology oriented to-
wards GSC and similar methods and present a small experiment on the usage of this
methodology.

Keywords: Explainable AI, Graph Spectral Clustering, Evaluation of Explanations

1 Introduction

Artificial Intelligence has experienced significant development over recent years, such that
even the general public is enthusiastic about its new, astonishing capabilities and application
possibilities. This development is spurred and driven by large progress in the domain of Large
Language Models (LLM). These emerging capabilities did not occur from nothing, as AI
methods were steadily improved over the past decades, providing more and more accurate
answers. However, the improved accuracy is achieved at the expense of model complexity,
which becomes non-comprehensible, effectively turning the model into a black box.

As vital decisions are going to be based on AI results, like those in business [41], admin-
istration [12], court of law [32], military [31] or health care [40], there exists an urgent need
to find ways to convince the end users that AI suggestions are rational. This is quite urgent
as the missing explanations became a background for fearmongering, especially in cases of
failed decision proposals [39].

This problem led to the development of so-called Explainable AI (XAI) that would present
reasons for the decision to the end user, see, e.g., [5, 6, 13, 18, 20, 27, 35, 38]. In particular,
methods for explaining clusterings [2,9,10], and particularly clusterings of textual documents
were developed [14, 21, 33, 53].1 In this way, trust in the AI proposals will be enhanced,
usability of AI will be improved, and innovations will be fostered. Finally, accountability can
be achieved because AI system decisions can be subject to a detailed analysis of how they
were made.

Development of XAI, however, gave rise to the next issue: how to convince that the
explanations are valid. Therefore, there is a surge in efforts to create methods of Quality of
Evaluation of ML Explanation (QEMLE), see, e.g., [4, 16, 17, 26, 28, 29, 34, 42, 48, 54–58].

In this paper, we will review major trends in QEMLE in Section 2. Then, in Section 3, we
will point out problems related to the application of general QEMLE principles to clustering
of textual documents using the Graph Spectral Methods. Out of the insights of that section,
we propose in Section 4 QEMLE addressing particularly the issues related to QEMLE for
Graph Spectral Clustering. We present a small evaluation of this proposal in Section 5. The
paper ends with some conclusions presented in Section 6.

1An easy-to-read introduction to this subject can be found in the blog “Explain-
ability in Clustering Algorithms: A Survey Paper with Experimental Results” avail-
able from https://medium.com/@srujanaharshinicitd/explainability-in-clustering-
algorithms-a-survey-paper-with-experimental-results-65fca1cb9bb5.

https://medium.com/@srujanaharshinicitd/explainability-in-clustering-algorithms-a-survey-paper-with-experimental-results-65fca1cb9bb5
https://medium.com/@srujanaharshinicitd/explainability-in-clustering-algorithms-a-survey-paper-with-experimental-results-65fca1cb9bb5
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2 Previous work

There exist multiple works ( [4, 16, 17, 37, 42]) and surveys on assessing the quality of expla-
nations ( [23, 26, 48, 57]). Most quality assessment methods require either direct interaction
with the user or the use of predefined datasets containing explanations based on “real-world
data.”

In this article, we argue that, for document clustering methods, a different approach is
needed: an analytical justification of why the explanations are reliable. Let us first outline how
the issues have been approached so far.

As summarized by [57], the goal of QEMLE is to assess either interpretability or fidelity
of the explanation method, or both. Hereby, these terms are to be understood as follows [28]:

– interpretability: clarity, parsimony, and broadness,
– fidelity: completeness and soundness.

According to [29], the QEMLE can be divided into three categories:

1. application-grounded evaluation,
2. human-grounded evaluation,
3. functionality-grounded evaluation.

Application-grounded evaluation requires experiments with end-users. For predefined com-
plex tasks that reflect real-world applications, we seek to determine to what extent these
explanations help industry experts in carrying out these tasks.

Human-grounded evaluation requires experiments with lay humans. Simpler human–subject
experiments are conducted that reflect the essence of the target application, but are not that
complex. Involving non-experts helps reduce costs and allows for experiments involving a
larger group of participants. It is argued that this approach to evaluation depends solely on
the quality of the explanation, regardless of the type of explanation or the accuracy of the
associated predictions. Functionality-grounded evaluation does not require human experi-
ments. Instead, a comparison is made with some approximation of the formal definition of
interpretability, for example, the depth of the decision tree being output as an explanation.

There exist both qualitative and quantitative metrics to evaluate explanations for human
experiments. Qualitative metrics include asking about the usefulness of, satisfaction with,
confidence in, and trust in provided explanations by means of interviews or questionnaires
[19, 54, 56, 58]. Quantitative metrics include measuring human-machine task performance
in terms of accuracy, response time needed, likelihood to deviate, or ability to detect errors
[34, 54] and physiological responses from humans during experimental tasks [55].

In the last category, i.e., functionality-grounded evaluation, the evaluations of explanations
depend on the types of explanation, which themselves can be divided into:

– model-based explanations (e.g., decision trees),
– attribution-based explanations (e.g., the ranked lists of attributes contributing to the

result), and
– example-based explanations (e.g., selecting instances that are well predicted or not well

predicted by the model as explanations).
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Respective evaluation metrics are summarized in the paper [57].
Model-based explanation quality is assessed by measuring the complexity of the model

used for explanation. Measures encompass
– model size (e.g., number of nodes or tree depth for a decision tree, number of rules and

rule length in rule-based models),
– model run-time (count of Boolean or arithmetic operations executed by the explanation

model for an input),
– output susceptibility (to changes of values of input variables),
– complexity of linear approximation (number of parameters to approximate the output

locally by a piece-wise linear model),
– degree of interaction between input features,
– model-to-explanation agreement (the percentage of agreements between the original

model and the explanation model – not applicable if the explanation model is the same
as explanation model).

Methods of evaluation of attribution-based explanations have the following brands:
– correlation between original input data and input data to the explanation model, same as

output,
– sensitivity (at business-meaningful level) of output to the value range of input features,
– 𝑛 features removal sensitivity (variance after removal of 𝑛 features equals to the contri-

butions of the 𝑛 removed variables).
– one variable removal sensitivity.

Example-based explanations summarize a model by a set of representative examples.
Under these circumstances, the quality of the explanation is measured via:

– the size of the set of examples,
– the diversity of examples.

There also exists a tendency to develop explanation evaluation methods targeting partic-
ular needs while stress is made on the elimination of human engagement. LLM technology
was recently applied for the evaluation of causal and counterfactual explanations, [7], evalua-
tion of convincingness, clarity, and accuracy of explanations taking into account aspects like
privacy-preservation [43], explanations of dashboard contents [11], etc. [49] proposes sensi-
tivity analysis of explanations in the computer vision domain. [1] proposes a framework for
evaluating explanation methods in healthcare. [15] proposes to evaluate explanations based on
synthetic ground truth explanations to avoid the need for human interaction. Another method
of evaluation without real ground truth was proposed in [36]. Interestingly, [10] proposes to
assign a small set of exemplars that nicely characterize each cluster.

A historical overview of evaluation methods for explanations may be found in [30].

3 Issues in Evaluating Explanations for Clustering of Textual
Documents

The evaluation methodologies mentioned in the literature are not well suited for evaluating
explanations for Graph Spectral Clustering (GSC) methods [24, 51] applied to textual doc-
uments. The basic advantage of using GSC for textual documents is the reduction of the
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clustering embedding space dimension even by a factor of 1,000. Graph Spectral Clustering
methods can be viewed as a relaxation of cut-based graph clustering methods.

Let 𝑆 be a (symmetric) similarity matrix between pairs of items (e.g., documents), rep-
resenting a weighted graph whose nodes correspond to the items (documents), while the
weights are the similarities between items. It is generally assumed that this graph is deemed
as one without self-loops (in spite of the fact that an item is most similar to itself). Hence, the
diagonal of 𝑆 is assumed to be filled with zeros (see e.g., [50] as one example of many). In the
domain of text mining, the similarity matrix is usually based on either a graph representation
of relationships (links) between items (text documents) or such a graph is induced by (cosine)
similarity measures between items. However, mixed object representations (text and links)
have also been studied [52]. By convention, all diagonal elements of the matrix 𝑆 are equal to
zero. We concentrate here on the document texts.

A combinatorial, or unnormalised, Laplacian 𝐿 corresponding to this matrix is defined as

𝐿 = 𝐷 − 𝑆, (1)

where 𝐷 is the diagonal matrix with 𝑑𝑖𝑖 =
∑𝑛

ℓ=1 𝑠𝑖ℓ for each 𝑖 ∈ [𝑛].
A normalized Laplacian 𝔏 of the graph represented by 𝑆 is defined as

𝔏 = 𝐷−1/2𝐿𝐷−1/2 = 𝐼 − 𝐷−1/2𝑆𝐷−1/2. (2)

𝐷−1 is a pseudo-inverse of 𝐷. Though other Laplacians are also discussed in the literature,
we focus on the above two here.

Whichever Laplacian is used, the partition of a data-set into 𝑘 clusters is performed
as follows. One computes the eigen-decomposition of the respective Laplacian, getting 𝑛

eigenvalues 𝜆1 ≤ · · · ≤ 𝜆𝑛 (always 𝜆1 = 0) and corresponding eigenvectors v1, . . . , v𝑛.
Then one embeds the documents in the 𝑘-dimensional space spanned by the 𝑘 eigenvectors
v1, . . . , v𝑘 corresponding to 𝑘 lowest eigenvalues. That is, one assigns each document 𝑖 the
coordinates [𝑣𝑖,1, . . . , 𝑣𝑖,𝑘]. This shall be called 𝐿-embedding if the combinatorial Laplacian
𝐿 is used, and 𝑁-embedding if the normalized Laplacian 𝔏 is used.2 Then one clusters the
documents in this embedding using, e.g., 𝑘-means algorithm. Detailed descriptions can be
found, e.g., in [24, 51]. When the clustering is finalized, then for each item 𝑖 we possess its
coordinates [𝑣𝑖,1, . . . , 𝑣𝑖,𝑘] and its membership in some cluster 𝐶 𝑗 , but we cannot tell why
𝑖 belongs to 𝐶 𝑗 because none of the coordinates [𝑣𝑖,1, . . . , 𝑣𝑖,𝑘] has anything to do with the
contents of the document 𝑖, in particular with its term frequency (tf, tfidf) or any other content
representation. Therefore an explanation methodology designed for GSC had to be developed.
Several methodologies emerged, including [3, 22, 44–46].

The majority of the methods follows the scheme:

1. The original documents are placed in some original embedding space, like Term Vector
Space (TVS), GloVe, BERT.

2. Cosine similarity is computed yielding the matrix 𝑆.
3. Laplacian of 𝑆 is computed and clustering is performed.

2Please note that the 𝐿-embedding approximates the so-called Ratio Cut (or RCut) and the 𝑁-
embedding approximates the Normalized Cut (or NCut), [25].
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4. The theoretical foundations are provided yielding equivalence between clustering in the
original space (which is ineffective), clustering in an intermediate (usually a kernel)
space, (which is for theoretical purposes only, not used in practical computation), and a
clustering in GSC space (in which the actual clustering is performed).

5. Based on this equivalence, the explanation of clusters from GSC is computed as if
the clustering was performed in the original space (yielding a vector of words best
characterizing each cluster, or document membership in a cluster, etc.)

It should be stressed that GSC clustering methods, as described in [24, 51], until recently
were considered black-box methods. Only recently, explanation methods were elaborated
in the mentioned references. Hence, evaluation of such explanations remains a hot topic.
Neither Human-grounded evaluation nor Application-grounded evaluation are feasible as the
explanation methodology still waits for being incorporated in widely used (clustering) systems.
Hence, no human subject experiments are feasible.

Methods of Functionality-grounded evaluation are not applicable because:

– Investigations of explanation complexity are pointless because the explanations are sim-
plistic in nature: a simple list of ranked top words, characterizing a cluster.

– Tests of leaving out some words from the documents are pointless due to the nature of
natural language, as here the same concept can be expressed by different words.

– Stability tests are also not very helpful because of the nature of the underlying classical
clustering algorithm (𝑘-means). 𝑘-means seeks in a stochastic way the local minimum of
the loss function, and therefore clustering results may (slightly) differ from run to run.
Also, the GSC methods are in fact approximations of graph cut methods, constituting
another source of instability between runs.

– Other methods from this area are not applicable either.

4 A Proposal of Evaluation Methods for Explanations for Clustering of
Textual Documents

The problems mentioned above urged us to develop a new approach to the evaluation of
explainability, which may be called assumptions-based. The validity of explanations relies
on a chain of nearly equivalence relations (see [45]). So the quality of explanations relies in
fact on the degree of fitness to the various assumptions (e.g., the cluster balance, impacting
both the explanation process and the clustering process). The new methodology means then
defining the deviation degrees of individual steps and their combination.

Hence we can distinguish here the following types of quality measures:

– evaluation of the final result of explanation process (Sec 4.1),
– evaluation of fitness of the assumptions of individual explanation steps to the actual data

(Sec. 4.3),
– evaluation of the final result of explanation process versus the “ideal” process (Sec. 4.2),
– evaluation of sensitivity of the explanation to the leave-one-out testing (Sec. 4.4).
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4.1 Evaluation of the final result of explanation process

After the explanation process each cluster𝐶𝑖 is assigned an ordered list of words 𝐿𝑖 , where the
ordering depends on the importance of a given word for the cluster center. This importance
may take the form of, e.g.,

– the weight assigned to the word when forming the cluster center out of the vectors of
words, or, more simplistically

– the count of occurrences of the word within documents assigned to the cluster.

The simplest statistics is the presence of explanation words in the cluster documents which
can be summarized in different ways, like

– the positions of the words from the documents from cluster𝐶𝑖 on the explanation list 𝐿𝑖 of
a given cluster; in particular one seeks the word from a document 𝑑 𝑗 that has the highest
rank 𝑟𝑖 (𝑑 𝑗 ) on 𝐿𝑖; one then computes either the average of 𝑟𝑖 (𝑑 𝑗 ) over all documents
𝑑 𝑗 ∈ 𝐶𝑖 , or computes the histogram, or some other statistics;

– the positions of the words from the documents on the explanation list of a given cluster
𝑟𝑖 (𝑑 𝑗 ) versus presence in the other clusters 𝑟𝑖′ (𝑑 𝑗 ), 𝑖′ ≠ 𝑖; one would expect that 𝑟𝑖 (𝑑 𝑗 )
is numerically lower than 𝑟𝑖′ (𝑑 𝑗 ); one would then compute averages, histograms etc. of
the difference 𝑟𝑖′ (𝑑 𝑗 ) − 𝑟𝑖 (𝑑 𝑗 ) or of 𝑠𝑔𝑛(𝑟𝑖′ (𝑑 𝑗 ) − 𝑟𝑖 (𝑑 𝑗 ));

– the positions of the words from the explanation list of a given cluster 𝐿𝑖 versus presence
on the explanation lists of other clusters 𝑟𝑖′ (𝐿𝑖 𝑗 ), 𝑖′ ≠ 𝑖; one would expect that 𝑟𝑖 (𝐿𝑖 𝑗 ) is
numerically lower than 𝑟𝑖′ (𝐿𝑖 𝑗 ); one would then compute averages, histograms etc. of the
difference 𝑟𝑖′ (𝐿𝑖 𝑗 ) − 𝑟𝑖 (𝐿𝑖 𝑗 ) or of 𝑠𝑔𝑛(𝑟𝑖′ (𝐿𝑖 𝑗 ) − 𝑟𝑖 (𝐿𝑖 𝑗 )).

In the above, usually one will not consider all the words, but rather restrict oneself to 𝑛 top
words for each cluster. This razor will generally reduce the potential noise from rare words.
Furthermore, one may remove from considerations general stop words or stop words specific
to application area.

4.2 Evaluation of the final result of explanation process versus the “ideal” process

One takes two explanations, one based on the result of the clustering and another based on
intrinsic clustering and computes measures mentioned above (Sec. 4.1) for each of them. Then
one compares how much do these measures disagree between the two clusterings.

The disagreement may be presented in form of histograms or some aggregated statistics.
Note that primarily to such a comparison, matching of actual clusters and intrinsic clusters

has to be performed. We apply the Hungarian algorithm [8].
While the results of the method mentioned in Sec. 4.1 depend solely on the inner consis-

tency of the clustering and on natural properties of the data, the results obtained in this section
are affected by the ability of the algorithm to discover the clusters “from human perspective”
and the method requires external information via human labeling.
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4.3 Evaluation of fitness of the assumptions of individual explanation steps to the
actual data

This approach relies on details of the clustering process and include (in case of the clustering
methods described in [45]):

– comparison of the actual 𝑘-means fitness measure against the ideal one (best result over
a long series of clusterings),

– verification of the assumption of how much the cluster sizes differ from uniform clusters,
– histograms of similarities to the one’s own cluster center versus other (closest) cluster

centers.

The first point is related to the known property of 𝑘-means of sticking in local optimization
minima. As the global minimum of 𝑘-means is hardly ever known, it is advantageous to use
for quality evaluations results of long-run 𝑘-means as the "ideal" reference.

The second point is closely related to the effect described in [47]. It turns out that, in case
of some GSC methods, 𝑘-means tends to detect small groups of documents at large distance
from the remaining documents which is disadvantageous for understanding the clustering.
Upon occurrence of this effect, methods proposed in [47] may help to eliminate this effect.

As the last point is concerned, it is well-known that one can get clusters very similar to one
another (especially in the explanation aspect) in case that the chosen number of clusters is too
high compared to true clusters. In this case the 𝑘-means algorithm may try to split intrinsic
clusters in smaller ones that will then be quite similar, both in terms of contents and in terms
of their explanations.

4.4 Evaluation of sensitivity of the explanation to the leave-one-out testing

Generally, leave-one-out testing is deemed to run comparisons when dismissing single doc-
uments from the data. Our approach is, however, to leave entire cluster out and perform a
clustering into a lower number of clusters. The expectation is that ranks of words shall not
differ too much between the original clustering and the clustering in reduced document set.

So the procedure would be: (1) Cluster the original data into 𝑘 clusters, (2) Create an
explanation for the clustering. (3) For each cluster (3a) leave this cluster out of the data, (3b)
cluster the remaining data into 𝑘 −1 clusters, (3c) Match the obtained clusters and the original
ones, e.g. using the Hungarian Algorithm, (3c) compare the rankings of explaining terms in
the newly obtained clusters and in the original ones. (4) Compute a summary statistics for the
loop over clusters.

Note that, as a side effect, the stability of the clustering can be verified in the process (by
checking the degrees of agreement between membership of corresponding clusters).

5 Experimental evaluation

5.1 Experimental setup for testing the evaluation methods

The team has collected over years tweets which will be the basis for the verification process.
We define an intrinsic cluster as the set of documents that has one single hashtag assigned to
them. Documents with two or more hashtags are dismissed from consideration.
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Sets of 10 intrinsic clusters from cluster pool will be randomly selected. Then the clustering
and explanation process will be performed. Subsequently, the evaluations, described in this
section was performed.

In the experiment, the results of which are shown in Section 5.2 below, a set of tweets
associated with the following 10 hashtags was used: #90dayfiance, #tejran, #ukraine, #tejass-
wiprakash, #nowplaying, #anjisalvacion, #puredoctrinesofchrist, #1, #lolinginlove, #bbnaija.

In the experiment with 4 hashtags, the following ones were used: #nowplaying, #anjisal-
vacion, #puredoctrinesofchrist, #lolinginlove.

We tested how clearcut are the clusters with respect to words characterizing them. For
each cluster, its centroid was computed as the count of word occurrences in tweets belonging
to a cluster. We then computed the pseudo-distance between the clusters. It runs as follows:

1. For each cluster, we calculate the centroid (i.e., a sorted list by frequency of all tweets in
a given grouping): 𝑐𝑖 = [𝑤1, 𝑤2, ...]

2. We remove all stopwords and words starting with ’@’ from the tweet text. Thereafter we
keep 20 top frequency words for each cluster.

3. Given two lists of words representing the centroids 𝑐1 = [𝑤1, 𝑤2, ..., 𝑤20] and 𝑐2 =

[𝑤𝑤1, 𝑤𝑤2, ..., 𝑤𝑤20] we calculate the rank distance 𝑑𝑖𝑠𝑡 (𝑐1, 𝑐2) as follows: we check
the ranks of the words ww1, ww2, and ww20 in list 𝑐1, and then average these ranks.

Notes:

– Note 1: If a given word does not appear in list 𝑐1, we assign it a rank of N=20.
– Note 2: The above 𝑑𝑖𝑠𝑡 () function is not symmetric, so we present the full distance matrix

between centroids.
– Note 3: We assumed that 𝑑𝑖𝑠𝑡 (𝑥, 𝑥) = 0.

If the two lists completely agree, then the pseudo-distance amounts to 10.5. If they are
completely without common elements, the distance is 20.

We also introduced computation of pseudo-distance between cluster center and a document
as follows: A distance between a document and a cluster center is the rank of a term from the
document ranking highest on the centroid of the cluster. For all documents from one cluster,
the average of the above was taken when comparing with a cluster centroid. One expects that
for a good explanation this average should be low for the cluster centroid of the same cluster
from which the documents stem, and high when comparing with other cluster centers.

5.2 Some results

We performed a number of clustering, explanation and explanation evaluation tasks. In one of
the experiments with 10 clusters we used the GSC clustering method using CountVectorizer
vectorizer with parameters +SW (preserve stopwords) and +HT (keep hashtags) and with
precomputed affinity (cosine similarity matrix as input), and normalized Laplacian. The
resulting explanations for the mentioned clustering task result are presented in Table 1.

We performed two evaluations of clustering explanations: (1) The similarity of explana-
tions between different clusters, presented in table 2; (2) The similarity of document contents
of a cluster to the cluster explanations for all clusters, presented in Table 3.
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Table 1: The explanations for the clustering task
Centroid Explanation words and their occurrence counts
Centroid nr: 0 [(’$goo’, 9), (’event’, 9)]
Centroid nr: 1 [(’singles’, 25), (’extended’, 22), (’remix’, 18), (’baby’, 15), (’nikko’, 14), (’spears’, 14),

(’pitt’, 14), (’alisha’, 14), (’dj’, 14), (’production’, 14), (’dave’, 14), (’bee’, 14), (’gees’,
14), (’johnny’, 14), (’&’, 12), (’williams’, 11), (’rose’, 9), (’culture’, 8), (’surender’, 8),
(’talk’, 8)]

Centroid nr: 2 [(’plz’, 47), (’rescue’, 47), (’pet’, 47), (’vulnerable’, 36), (’starving’, 7)]
Centroid nr: 3 [(’shoutout’, 1), (’shoutouts’, 1)]
Centroid nr: 4 [(’unknown’, 31), (’mp3’, 23), (’feat’, 17), (’radio’, 14), (’deep’, 14), (’girl’, 14), (’remix’,

12), (’meremix’, 12), (’&’, 11), (’sweet’, 9), (’extended’, 8), (’mart’, 8), (’finally’, 8),
(’2021’, 8), (’boutique’, 8), (’vip’, 8), (’mix’, 8), (’music’, 7), (’howard’, 7), (’jones’, 7)]

Centroid nr: 5 [(’anji’, 616), (’version’, 330), (’people’, 292), (’king’, 240), (’kjv’, 236), (’james’, 235),
(’like’, 219), (’god’, 217), (’just’, 195), (’dont’, 194), (’love’, 188), (’life’, 185), (’tejasswi’,
175), (’app’, 169), (’live’, 169), (’day’, 158), (’1’, 156), (’happy’, 150), (’–’, 146), (’way’,
140)]

Centroid nr: 6 [(’madonna’, 28), (’remix’, 20), (’production’, 14), (’rudil’, 14), (’lacey’, 14), (’holi-
dayremix’, 12), (’rfb’, 9), (’mix’, 9), (’extended’, 9), (’alisha’, 7), (’causing’, 7), (’nano’,
7), (’shifer’, 7), (’nikko’, 7), (’sreason’, 7), (’rain’, 7), (’stargazingrfb’, 6), (’commotion-
rfb’, 6), (’fourtunatoextended’, 6), (’cultureremix’, 6)]

Centroid nr: 7 [(’pass’, 24), (’sold’, 24), (’free’, 24), (’mint’, 24)]
Centroid nr: 8 [(’servilely’, 5), (’fearfully’, 5), (’evaluation’, 5), (’pugnacious’, 5), (’clutch’, 4), (’virgin’,

4), (’degrease’, 4), (’congo’, 4), (’flatterer’, 4), (’isomer’, 4), (’middleage’, 4), (’princi-
palities’, 4), (’hinting’, 4), (’publicity’, 4), (’consoles’, 4), (’outburst’, 4), (’matrixes’, 4),
(’roister’, 4), (’statutes’, 4), (’climatically’, 4)]

Centroid nr: 9 [(’just’, 281), (’like’, 278), (’people’, 272), (’dont’, 229), (’tejasswi’, 182), (’love’, 179),
(’version’, 175), (’king’, 145), (’james’, 137), (’im’, 136), (’kjv’, 136), (’god’, 129),
(’make’, 122), (’good’, 118), (’said’, 108), (’want’, 100), (’know’, 99), (’1’, 97), (’&’,
95), (’time’, 92)]

Table 2: Pseudo-distances between clusters

𝑐𝑙0 𝑐𝑙1 𝑐𝑙2 𝑐𝑙3 𝑐𝑙4 𝑐𝑙5 𝑐𝑙6 𝑐𝑙7 𝑐𝑙 𝑐𝑙9
𝑐𝑙0 0.00 20.00 20.00 20.00 20.00 20.00 20.00 20.00 20.00 20.00
𝑐𝑙1 20.00 0.00 20.00 20.00 18.00 20.00 16.40 20.00 20.00 19.75
𝑐𝑙2 20.00 20.00 0.00 20.00 20.00 20.00 20.00 20.00 20.00 20.00
𝑐𝑙3 20.00 20.00 20.00 0.00 20.00 20.00 20.00 20.00 20.00 20.00
𝑐𝑙4 20.00 18.35 20.00 20.00 0.00 20.00 18.75 20.00 20.00 19.45
𝑐𝑙5 20.00 20.00 20.00 20.00 20.00 0.00 20.00 20.00 20.00 12.75
𝑐𝑙6 20.00 16.90 20.00 20.00 17.95 20.00 0.00 20.00 20.00 20.00
𝑐𝑙7 20.00 20.00 20.00 20.00 20.00 20.00 20.00 0.00 20.00 20.00
𝑐𝑙8 20.00 20.00 20.00 20.00 20.00 20.00 20.00 20.00 0.00 20.00
𝑐𝑙9 20.00 19.95 20.00 20.00 19.95 12.30 20.00 20.00 20.00 0.00


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Table 3: Average pseudo-distances between documents and clusters

𝑐𝑙0 𝑐𝑙1 𝑐𝑙2 𝑐𝑙3 𝑐𝑙4 𝑐𝑙5 𝑐𝑙6 𝑐𝑙7 𝑐𝑙 𝑐𝑙9
𝑑𝑐0 1.00 20.00 20.00 20.00 20.00 19.95 20.00 20.00 20.00 19.99
𝑑𝑐1 20.00 4.06 20.00 20.00 13.02 19.56 4.91 20.00 20.00 19.57
𝑑𝑐2 20.00 20.00 1.00 20.00 20.00 19.98 20.00 20.00 20.00 19.95
𝑑𝑐3 20.00 20.00 20.00 1.50 20.00 20.00 20.00 20.00 20.00 20.00
𝑑𝑐4 20.00 13.48 20.00 20.00 9.96 18.82 9.73 20.00 19.98 18.65
𝑑𝑐5 20.00 20.00 20.00 20.00 19.04 11.35 19.73 20.00 19.94 13.55
𝑑𝑐6 20.00 10.50 20.00 20.00 15.00 19.83 1.91 20.00 19.98 19.84
𝑑𝑐7 20.00 20.00 20.00 20.00 19.70 19.81 20.00 1.00 19.99 19.83
𝑑𝑐8 20.00 20.00 20.00 20.00 20.00 19.99 20.00 20.00 19.37 19.99
𝑑𝑐9 20.00 19.92 20.00 20.00 18.79 12.73 19.82 20.00 19.93 11.76


As shown in Table 2, the explanations of distinct clusters differ strongly from one another

(nearly all pseudo-distances of about 20). Only clusters 9 and 5 seem to have close explanations.
As shown in Table 3, cluster explanations fit very well the actual cluster document contents

while clearly separating from other clusters.
In another experiment, performed with 4 clusters, we used the GSC clustering method

using CountVectorizer vectorizer with parameters +SW (preserve stopwords), +HT (keep
hashtags), with precomputed affinity (as cosine similarity matrix), and with normalized
Laplacian. The resulting explanations for the mentioned clustering task result are presented
in Table 4.

We performed two evaluations of clustering explanations: (1) The similarity of explana-
tions between different clusters, presented in Table 5; (2) The similarity of document contents
of a cluster to the cluster explanations for all clusters, presented in Table 6.

Table 4: The explanations for the clustering task with 4 clusters
Centroid Explanation words and their occurrence counts
Centroid nr: 0 [(’radio’, 37), (’info’, 24), (’global’, 18), (’com’, 18), (’singles’, 18), (’airplay’, 17),

(’email’, 17), (’goglobalradio@gmail’, 17), (’remix’, 16), (’extended’, 15), (’unknown’,
14), (’girl’, 14), (’deep’, 14), (’rudil’, 14), (’feat’, 13), (’meremix’, 12), (’yourfb’, 12),
(’youextended’, 12), (’peter’, 10), (’la’, 9)]

Centroid nr: 1 [(’anji’, 166), (’dalampasigan’, 44), (’–’, 37), (’people’, 33), (’feelstheconcert’, 30), (’life’,
29), (’salvacion’, 28), (’happy’, 25), (’things’, 22), (’mv’, 21), (’love’, 20), (’birthday’,
19), (’success’, 16), (’day’, 16), (’need’, 16), (’talk’, 15), (’dont’, 14), (’withanji’, 14),
(’cheers’, 13), (’20th’, 13)]

Centroid nr: 2 [(’version’, 161), (’james’, 118), (’king’, 116), (’kjv’, 115), (’god’, 77), (’app’, 62), (’1’,
54), (’standard’, 48), (’esv’, 48), (’english’, 47), (’live’, 44), (’proverbs’, 42), (’hand’, 40),
(’christ’, 34), (’shall’, 34), (’radio’, 34), (’listen’, 33), (’2’, 32), (’lord’, 32), (’3’, 32)]

Centroid nr: 3 [(’redrafting’, 4), (’sabotages’, 3), (’recurred’, 3), (’unclimbable’, 3), (’teachings’, 3),
(’orate’, 3), (’entombed’, 3), (’demonstratively’, 3), (’fax’, 3), (’servilely’, 3), (’bathing’,
3), (’attenuator’, 3), (’doubled’, 3), (’gullies’, 3), (’mention’, 3), (’lathe’, 3), (’exmember’,
3), (’temples’, 3), (’chaplain’, 3), (’accumulating’, 3)]
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Table 5: Pseudo-distances between 4 clusters
𝑐𝑙0 𝑐𝑙1 𝑐𝑙2 𝑐𝑙3

𝑐𝑙0 0.00 20.00 19.05 20.00
𝑐𝑙1 20.00 0.00 20.00 20.00
𝑐𝑙2 19.80 20.00 0.00 20.00
𝑐𝑙3 20.00 20.00 20.00 0.00


Table 6: Average pseudo-distances between documents and 4 clusters

𝑐𝑙0 𝑐𝑙1 𝑐𝑙2 𝑐𝑙3
𝑑𝑐0 8.94 19.77 17.95 19.98
𝑑𝑐1 18.95 3.10 16.96 19.90
𝑑𝑐2 18.29 19.21 5.65 19.93
𝑑𝑐3 20.00 20.00 19.81 18.54


We see from Table 5, the explanations of distinct clusters differ strongly from one another

(near all pseudo-distances of about 20). And again, in Table 6, cluster explanations fit very
well the actual cluster document contents while clearly separating from other clusters.

Results from other experiments are available from the authors. We performed the exper-
iments with normalized Laplacian, using various methods related to handling of negative
similarities like adding a number to the primary similarity, adding a number to the pri-
mary similarity and normalizing ((𝑠 + 𝑛)/(1 + 𝑛)) exponential transformations (𝑒𝑥𝑝(−(1 −
(𝑠 + 𝑛))/2)), cosine transformation (𝑐𝑜𝑠(𝑎𝑟𝑐𝑐𝑜𝑠(𝑠)/(1 + 𝑛), normalizing by maximum co-
sine (𝑐𝑜𝑠((𝜋/2) ∗ 𝑎𝑟𝑐𝑐𝑜𝑠(𝑠)/𝑚𝑎𝑥𝑎𝑟𝑐𝑐𝑜𝑠(𝑆))). Generally, the results were similar in nature
though in some cases, when the clustering performance was poor, then also the explanations
were not convincing.

6 Conclusions

Explainability has become a must for any AI algorithm acting as a black-box, like Graph
Spectral Clustering (GSC). Though a success was achieved in developing respective explana-
tion methodologies, a new challenge has to be coped with: the evaluation of the (quality of)
explanations.

A number of evaluation methods for explanations in AI have been developed. We reviewed
some of them in this paper. Regrettably, these methods do not fit the evaluation needs of
GSC explanation evaluation. Both Human-grounded evaluation and Application-grounded
evaluation would require as a pre-requisite implementations of the discussed GSC clustering
explanation methods in some popular production data mining systems so that evaluators could
be engaged without in-depth knowledge. But such systems are currently not available to our
knowledge, as the explanation methods themselves are quite recent. On the other hand, existent
methods of Functionality-grounded evaluation are not usable either, as they concentrate on
aspects like explanation complexity, word-level leave-out-out or stability tests that are in no
sense informative for GSC XAI.
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Therefore we presented proposals of new evaluation methods for this class of clustering
algorithm explanations that avoid human interaction and at the same time cover important
aspects of GSC, including the final result of explanation process, both for its inner consistency
and idealized outcome, its intermediate steps, sensitivity to disturbances in data at cluster
level.

We presented a small evaluation of this proposal. The idea behind these explanation
evaluations seems to be appealing.
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