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Abstract
The aim of this paper is to evaluate the impact of three standardization methods (z-score, log10 and improved min–max) 
in determining the number of clusters for a dataset of 146 archaeological ceramic fragments in which mass fractions of 
chemical elements were determined by INAA. The results showed a tendency towards clustering, which did not occur to 
the non-standardized data. The standardization methods indicated the presence of three groups within the database. Quality 
evaluation of these clusters, by means of internal validation indexes, showed that the best performance was obtained with 
the log10 transformation. This transformation also performed well in the calculation of compactness, while the improved 
min–max showed better performance in terms of separability.
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Introduction

Analytical techniques used to characterize archaeologi-
cal artifacts by their physical and chemical properties play 
a major role in archeology [1, 2]. This set of techniques 
belongs to a multidisciplinary research area called Archae-
ometry. [3].

Among the many available analytical methods, we can 
cite the most commonly used by archaeometrists: instrumen-
tal neutron activation analysis, INAA [4, 5], X-ray fluores-
cence, XRF [6], inductively coupled plasma spectrometry, 
ICP [7, 8], X-ray diffraction, XRD, thermoluminescence 
dating, TL, and radiocarbon dating [9].

INAA, ICP and XRF, are mainly used to determine the 
source and origin of raw materials such as rocks and clays 
used to make archaeological artifacts, information which can 
inform about several aspects of the history of the people 
that made them. [10]. It is noteworthy that both INAA and 

XRF are non-destructive methods as opposed, for example, 
to ICP. Subsequently, INAA remains the most used and pre-
ferred method among archaeometrists [11].

In view of the increasing advance of physicochemical 
techniques in archaeometric studies, the amount of data gen-
erated (results) has increased significantly. For the interpre-
tation of these results, it is necessary to use increasingly 
sophisticated statistical methods, such as multivariate tech-
niques. In general, multivariate statistical methods allow the 
evaluation of a set of samples by taking into account the 
correlations between the variables. These techniques gener-
ally consider that each sample analyzed can be represented 
as a point in multidimensional space, where each dimension 
(variable) of hyper-space corresponds to axes determined by 
the physicochemical composition of the samples. The vari-
ables can be in different scales. The principal component 
analysis (PCA) and clustering analysis related to Euclidean 
distance are scale dependent [12]. If some variables have 
a large scale or a great variability these variables greatly 
affect the performance of the cluster analysis algorithms 
[13]. Standardization is used to ensure that variables make 
an equal contribution to the calculation of distances [14]. 
In order to group the samples according to their similarity/
dissimilarity, sample groups should be formed according to 
some statistical criteria. Results can be organized into a Xn×p 
data matrix where n is the number of samples and p is the 
number of variables (chemical elements) [15]. This paper 
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evaluates the impact of three standardization techniques: 
z-score, improved min–max, and logarithm, in determining 
the number of clusters in a data set.

Theoretical aspects

Standardization techniques

Clustering analysis classifies data (samples, elements, obser-
vations or characteristic vectors). Data are represented by 
multidimensional vectors, where each component of the 
vector corresponds to a characteristic (or variable) of the 
sample.

In cluster analysis, the variables are not used in a direct 
way, the performance of the clustering algorithms being sen-
sitive to the magnitude in which the samples are used and 
uses the calculation of distances between them [16]. Thus, it 
is of importance to choose among different standardization 
methods prior to analysis [17]. In this work, three standardi-
zation methods were studied: z-score, log10 and improved 
min–max.

After the application of the z-score transformation, the 
variables exhibit 0 as the mean value and 1 as standard 
deviation [18]. In this transformation, information about 
localisation and scale of the samples is altered. It is defined 
by the expression:

where x̄j and �j are mean and standard deviation of the jth 
column of matrix Xn×p . For further details about this trans-
formation see [18].

In the improved min–max transformation [19], the con-
centrations of the variables remain contained within an [a, 
b] interval. Its calculation consists of the following steps:

1.	 Selection of the values of the matrix columns Xn×d 
that occur more than once 

(
Rki

)
 , to build the set 

Rk =
{
Rk1,Rk2,… ,

}
;

2.	 Calculation of the mean m
(
Rk

)
 and standard deviation 

s
(
Rk

)
;

3.	 Calculation of RkA = m
(
Rk

)
+ s

(
Rk

)
4.	 Application of the transformation:

Finally, the log transformation compensates for magni-
tude differences between variables [20], by using the Eq. (3):

(1)z1(xij) =
xij − x̄j

𝜎j

(2)z2
�
xij
�
=

⎧⎪⎨⎪⎩

xij−min(xj)
2RkA−2min(xj)

, xij ≤ RkA

0.5 +
xij−RkA

max(xj)−RkA

, xij > RkA.

Clustering analysis

Determining multidimensional data structure is one of the 
main challenges in data analysis and pattern recognition. 
Clustering analysis algorithms have been used for this pur-
pose. However, cluster analysis find and specify groups in 
data even if groups are not present. For example, Fig. 1 pre-
sents a set of two-dimensional data randomly distributed, i.e. 
there are no clusters present in this data set. So, it makes no 
sense to apply a clustering algorithm.

Thus, it is appropriate to measure the tendency of clus-
tering or randomness of the data before applying a cluster-
ing algorithm [21]. A widely used tendency measure is the 
Hopkins statistic [22].

The Hopkins statistic calculation basically involves two 
distances, Wi and Ui . Distances Wi are obtained by calculat-
ing the distance between actual data and its nearest neigh-
bors [22]. The Ui distance is calculated in two steps. Firstly, 
pseudo-data are generated by selecting an actual variable 
value at random, this being repeated for each of the vari-
ables. Secondly, the distance between the pseudo-data and 
its nearest neighbor (i.e., real data) is calculated. The previ-
ously calculated distances are used to determine the value of 
the Hopkins statistic (H), using the expression (4):

If data are arranged in clusters, Wi distances will be rela-
tively much smaller than Ui , therefore H will be approxi-
mately 1, according to [22], and if H > 0.75 the data have a 
tendency to group.

Once the clustering tendency of the data is verified via the 
Hopkins statistics, the next step is to determine the number 
of clusters, which is done by using the Ward and Silhouette 
methods [23]. Only then can the analysis of clusters be per-
formed, with the aim of verifying the existence of similar 
behaviors between samples, regarding certain variables. The 

(3)z3 = log10 xij.

(4)H =

�∑
i Ui

�
�∑

i Ui +
∑

i Wi

�

Fig. 1   Randomly distributed data
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purpose is to create clusters in which similarity between 
samples within the same group increases (intracluster simi-
larity), while similarity between groups diminishes (inter-
group similarity) [24].

In this work, in order to determine the number of clusters, 
Ward’s hierarchical clustering algorithm was used. Ward’s 
hierarchical clustering method seeks to form partitions 
Pn,Pn−1,… ,P1 to minimize information loss caused by clus-
ter mergers [25]. The validation of the partitions obtained by 
the Ward method was performed using the silhouette method 
[23].The silhouette method (S) calculates an index, by using 
the expression (5):

where n is the total number of samples, ai is the average dis-
tance between sample i and all other samples in its own clus-
ter, and bi is the minimum of the average distance between 
sample i and samples of the other clusters. The range of 
silhouette index values is −1 < S < 1 . The maximum value 
of S determines the number of clusters. Once the number of 
clusters is determined, the next step is to find the clusters. 
This is performed with the k-means clustering algorithm. 
The idea behind the k-means algorithm is to define clusters 
so that the internal variation of the clusters is minimized 
[26].

Validation indices

The procedure of evaluating the results of a clustering algo-
rithm is known as cluster validation [27] and can be per-
formed by one of three different procedures: internal, exter-
nal, and relative [28].

The internal validation technique is based on clustering 
properties such as compactness and separability and does not 
require additional database information. While compactness 
is a measure of proximity between cluster elements, sepa-
rability (SE) measures the distance between two clusters, 
according to the expression (6) [28]:

where c number of clusters; X̄i, X̄j centroids of clusters i e 
j; ��x�� =

√
xxT .

Compactness (CP) is obtained by the expression (7) [29]:

(5)S =
1

n

n∑
i=1

bi − ai

max
(
ai, bi

) ,

(6)SE =
Dmax

Dmin

c∑
i=1

(
c∑

j=1

X̄i − X̄j

)−1

(7)CP =
1

N

c�
i=1

⎛⎜⎜⎝
�

xk ,xj∈Xi

d
�
xk, xj

� 2

ni
�
ni − 1

�
⎞⎟⎟⎠

where n total number of samples; Xi ith cluster; d
(
xk, xj

)
 : 

distance between the elements xk e xj ; ni ∶ number of ele-
ments of the i-th cluster.

Three internal validation indices were used in this 
study: (1) Dunn, (2) Davies–Bouldin index and (3) 
Calinski–Harabasz.

The main purpose of the Dunn index is to maximize the 
distance between clusters while minimizing the distance 
between samples within the same cluster. The Dunn index 
[30] identifies sets of clusters that are compact and well sep-
arated [31]. The index between samples from the same group 
is obtained by means of a distance ratio (D) between the 
samples and their nearest neighbor, and by the separation of 
the more distant samples. It is calculated by the Eq. (8) [32]:

where �
(
Xk,Xl

)
 is the distance between clusters Xk and Xl , 

Δ
(
Xk

)
 represents the distance between the elements (or sam-

ples) of cluster Xk and c is the number of clusters in the 
U partition. The maximum value of D indicates the best 
performance.

The Davies–Bouldin index, DB, [33] aims to identify 
clusters that are compact and well separated. The intraclus-
ter cohesion is determined by the distance between cluster 
samples and their centroid. The separation between clusters 
is based on the distance between the centroids of different 
clusters [31], this being calculated with the expression (9) 
[32]:

where X̄i and X̄j represent the centroids of clusters i and j 
respectively. The lowest the obtained DB value, the best the 
performance.

The Calinski–Harabasz index, CH, [34], is obtained 
through the ratio of separation between clusters (as cal-
culated from the distance of each group centroid to the 
global centroid) and the cohesion of samples (as calculated 
from the distance of cluster samples to their centroid). The 
Eq. (10) is used [31]:

where N is the total number of samples, c is the number 
of clusters, xi represents the ith sample and X̄ is the global 
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centroid. The number that maximizes CH is what determines 
the best performance.

Database

The study was carried out using a database composed of 
146 ceramic samples from 3 archaeological sites, called 
Água Limpa, Prado and Rezende, the former located in 
Monte Castelo city, São Paulo state, and the latter located 
in Predizes and Centralina city, both in Minas Gerais state. 
The powder samples were obtained drilling to a depth of 
2–3 mm using a tungsten carbide rotary file attached to a 
flexible shaft with variable speed drill. Details of the sam-
pling and archaeological studies carried out were published 
elsewhere [35, 36].

The INAA technique was used to determine of Na, K, 
La, Sm, Yb, Lu, Sc, Cr, Fe, Co, Zn, Rb, Cs, Ce, Eu, Hf, 
Ta, and Th. To determine the mass fractions two reference 
materials were used as standards: Buffalo River Sediment, 
NIST-SRM-2704, and Coal Fly Ash, ICHTJ-CTA-FFA-1. 
Brick Clay, NIST-SRM-679, and Ohio Red Clay were used 
to check the analytical procedure. Groups of 6 samples 
and one of each reference material were irradiated in the 
research reactor IEA-R1m at a thermal neutron flux of about 
5 × 1012 cm−2 s−1 for 8 h. Two measurements series were 
carried out using a Germanium (hyperpure) detector. Details 
of the analytical procedure can be found elsewhere [35].

Results and discussion

In order to evaluate the impact of standardization techniques 
to the database of 146 archaeological ceramic samples, the 
Hopkins statistic was calculated in the first place to deter-
mine the clustering tendency. The Ward and Silhouette 
methods were then used to establish the number of groups. 
Groups generated by the k-means clustering algorithm were 
evaluated by internal validation indices, separability and 
compactness.

Table 1 presents the results for the Hopkins statistic, using 
the z-score, improved min–max, log10 and non-standard data.

As can be seen in Table 1, the encountered value for the 
Hopkins statistic was 0.69, when data were not subjected 
to standardization. By applying the standardization proce-
dures (z-score, improved min–max and log10) the Hopkins 
statistic rendered values higher than 0.75, which, accord-
ing to current literature, indicates the existence of clusters 
within the database [22].

After the standardization methods were applied, the 
number of groups was determined by using the Ward’s 
algorithm, while the validation of those groups was per-
formed through the Silhouette method.

Figures 2, 3 and 4 show the number of groups versus 
the Silhouette index for the z-score, log10 and improved 
min–max standardization methods.

As derived from Figs. 2, 3 and 4 the maximum value of 
the Silhouette index occurs when the number of clusters 

Table 1   Clustering tendency of the Hopkins statistic

Hopkins 
statistic 
value

z-score 0.79
Improved min–max 0.96
Logarithm 0.78
Non-standard data 0.69

Fig. 2   Silhouette index/z-score

Fig. 3   Silhouette index/logarithm

Fig. 4   Silhouette index/improved minimum–maximum
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is 3. This shows the existence of three groups within the 
analyzed database.

The evaluation of the groups encountered with the stand-
ardization methods was then performed by means of internal 
validation, separability and compactness. With these, the 
objective was to explore both the internal homogeneity of 
each group and the distance between groups. The k-means 
clustering algorithm was used that minimize the internal 
variation between samples in each group.

Table 2 shows the performance of standardization tech-
niques in cluster analysis using the k-means algorithm. The 
evaluation was performed using the Dunn, Davies–Boul-
din and Calinski–Harabasz indices. As can be observed, 
the standardization technique that presented the best result 
was the logarithmic one, since the values obtained from the 
Dunn, Davies–Bouldin and Calinski–Harabasz indexes were 
0.54, 0.54 and 303.83, respectively. The values obtained 
with z-score standardization were 0.29, 0.77 and 116.13 
and, finally, the values corresponding to the improved mini-
mum–maximum standardization were 0.01, 0.58 and 291.68.

When comparing the results of the standardization tech-
niques with the results of the non-standard data, in Table 2, 
it is noted that the logarithmic transform with validation 
indexes 0.54 (Dunn), 0.54 (Davies–Boldin) and 303.83 
(Calinski–Harabasz), had a superior performance when 
compared to the indexes obtained from the non-standard 
data, 0.07 (Dunn), 1.49 (Davies–Bouldin) and 137.33 (Cal-
inski–Harabasz). These results showed a better validation 
index after the log10 standardization was executed.

Clustering separability and compactness studies per-
formed for the 146 archaeological ceramic samples are pre-
sented in Table 3.

As it can be observed in Table 3, log10 standardization 
performed better for the calculation of compactness. Thus, a 
lesser internal distance between group samples was detected. 
In terms of separability, the best standardization result was 
the improved min–max, which exhibited the greater distance 
between groups.

Also, when comparing standardized and non-standardized 
samples data in Table 3, it is possible to observe a greater 
separability between the groups making up the former than 
the groups of the latter. Compactness was less in the stand-
ardized samples.

Conclusion

A study of the effects of three standardization methods 
(z-score, log10 and improved min–max) on cluster analy-
sis was performed, using a database of 146 archaeological 
ceramic samples analyzed by INAA. To reach that goal, the 
number of clusters, clusterization tendency and clusteriza-
tion quality were all determined.

On the one hand, the Hopkins statistic [22] applied to the 
non-standardized data does not allow to conclude that the 
data tend to cluster. On the other hand, the data transformed 
by the standardization techniques make it possible to con-
clude that there is a tendency towards clustering, something 
that was expected since the data were obtained from three 
different archaeological sites.

For the determination of the number of clusters within 
the database, the Ward and Sillhouette methods were stud-
ied. Standardization methods showed the presence of three 
groups.

The quality validation of the obtained clusters was 
performed using validation indexes, compactness and 
separability. The validation indexes calculated from data 
obtained from the logarithmic transform, 0.54 (Dunn), 0.54 
(Davies–Boldin) and 303.83, were greater to the indexes 
calculated using the non-standardized data, 0.07 (Dunn), 
1.49 (Davies–Boldin) and 137.33. In terms of separabil-
ity, the best performance was obtained with the improved 
minimum–maximum transformation. However, compactness 
showed better results when the logarithmic transformation 
was applied.

Finally, it was observed that standardized data performed 
better than the non-standardized ones, both for determining 
the degree of separability as well as for the calculation of 
compactness.
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