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1. Introduction 
 

In experimental results, the occurrence of missing (absent) values is frequent. The problems associated with 

absent values are: loss of efficiency, complications in data analysis, bias resulting from differences between 

absent and complete results, reduction of statistical performance, among others [1]. These difficulties emerge 

because statistical methods consider that the same variables were determined in all samples and included in 

the sample matrix. 

 

Frequently, variables or samples with missing values are excluded from the data matrix. This is the most 

common procedure used by statistical programs, since such programs are unable to process samples with 

missing values [2]. In this sense, researchers have studied strategies to substitute missing values for plausible 

values, a process generally referred to as data imputation [3]. 

 

Imputation methods are classified into two types: simple and multiple [4]. Simple imputation refers to the 

substitution of a missing value by a plausible value of a variable within a set of samples. In simple imputation 

methods, one assumes that the imputed value is unique and correct. Instead of substituting a unique value for 

each absent sample or variable, multiple imputation substitutes several plausible values and then determines 

the uncertainty of the values being imputed. However, if the proportion of absent values is small, less than 

5%, simple imputation can be very precise [5]. The aim of this article is to evaluate the performance of four 

methods of data imputation: mean [6], autoencoder [7], clustering [8], and c-means [9].  

 

The study was carried out using a database composed of 146 ceramic samples from 3 archaeological sites in 

Brazil, named 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 INAA technique was 

used to determine As, Ce, Cr, Eu, Fe, Hf, La, Na, Nd, Sc, Sm, Th, and U. Table 1 shows the mean and standard 

deviation of the elements in each of the sites [10, 11]. 
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Table 1: Means and standard deviations for ceramic samples from Água Limpa, Prado and Rezende 

archaeological sites, in 𝜇𝑔𝑔−1, unless indicated. 

Element Água Limpa 

n=76 

Prado 

n=34 

Resende 

n=30 

As 2.17  0.97 1.57  0.34 1.84  0.48 

Ce 122.29  20.90 115.22  9.92 83.95  34.57 

Cr 160.85  30.31 138.20  20.61 218.13  28.43 

Eu 2.46  0.34 1.40  0.16 3.17  0.41 

Fe, % 3.27  0.72 2.85  0.56 1.09  0.24 

Hf 8,40  1.02 8.87  0.69 11.44  0.71 

La 70.58  10.18 33.23  3.97 37.27  6.16 

Na, % 0.19  0.06 0.06  0.01 0.016  0.004 

Nd 57.57 9.81 38.23  7.59 52.26  9.16 

Sc 15.55  2.33 29.65  2.03 43.87  3.02 

Sm 9.57  1.35 7.45  0.63 10.37  1.50 

Th 12.81  1.94 17.47  0.96 6.37  0.76 

U 1.38  0.29 4.24  0.87 1.36  0.23 
 

2. Methodology 
 

To evaluate the estimates obtained by the imputation methods, the normalized root mean squared error 

(NRMSE) was used, which calculates the error between the real value 𝑦𝑗, and the estimated (imputed) value 

𝑦𝑗̂, in the following way: 

𝑁𝑅𝑀𝑆𝐸 =
1

𝜎𝑦 
√

∑ (𝑦𝑗 − 𝑦𝑗̂)
2𝑁

𝑗=1

𝑁
, 

                                 (1) 

where 𝜎𝑦 is the standard deviation of N real values corresponding to all of the missing values [12]. The 

NRMSE takes into account the scale of the values. 

3. Results and Discussion 

 

The study was carried out using two samples from each site (Água Limpa, Prado and Rezende) and the 

elements La, Na and Sm, since upon irradiation with thermic neutrons, these give origin to Na24, La140 and 

Sm153 whose mean half-lives are 15.0, 40.3 and 47.3 h, respectively. With this type of analysis, its precision 

can be affected depending on the concentration of the elements, and whether or not the samples are measured 

at the correct decay time. Furthermore, the energy peak of the radioisotope may not appear on the spectrum 

as a consequence of its decay time and half-life. In these cases, it is frequent for the analyst to eliminate the 

element of the base sample, which can harm the interpretation of the results. One way of getting around this 

problem is through data imputation. To study the imputation methods, the results of the selected samples 

(corresponding to the lowest values in each site) were excluded from the database. Table 2 presents the 

samples from the Água Limpa, Prado and Rezende sites, and the mass fractions of variables La, Na and Sm 

which were excluded from the base. To analyze the performance of each of the imputation methods, we 

used:the normalized root mean squared error (NRMSE), equation 1.  
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Table 2:  Site, samples and results, in μgg−1, of the mass fractions that were excluded 

Element 

 La Na Sm 

Site Sample Excluded 

value 

Sample Excluded 

value 

Sample Excluded 

value 

A 13 

33 

27.26 

28.12 

1 

6 

302.12 

328.49 

13 

25 

6.35 

6.51 

B 68 

85 

54.95 

54.26 

95 

109 

841.09 

700.01 

68 

85 

7.03 

7.34 

C 121 

124 

28.12 

26.21 

123 

136 

92.91 

93.12 

121 

124 

7.45 

8.46 

Table 3 presents the NRMSE values of La for each of the imputation methods, using equation 1. The imputed 

values were calculated using samples from the 3 sites simultaneously. The method based on clustering (0.93) 

was superior to imputation by the mean (1.57), autoencoder (1.59) and c-means (1.57). 

 

Table 3: Method and value of the NRMSE for La, 𝑛 = 140 

Method NRMSE 

Mean 1.57 

Autoencoder 1.59 

Clustering 0.93 

C-Means 1.57 

Table 4 shows the NRMSE values of Na for the four methods, calculated using the mass fractions for all three 

sites. The method based on clustering (1.02) performed better than those based on the mean (2.80), 

autoencoder (2.83) and c-means (2.71). 

 

Table 4: Method and value of the NRMSE for Na, n=140 

Method NRMSE 

Mean 2.80 

Autoencoder 2.83 

Clustering 1.02 

C-Means 2.71 

Table 5 shows the NRMSE values for Sm, calculated using the mass fractions for all three sites. Differently 

to what occurred in Tables 3 and 4, in which the best performance was reached by the clustering method, 

Table 5 shows that the methods: mean (2.78), autoencoder (2.86) and c-means (2.72), performed better than 

the method based on clustering (3.93). 

 

Table 5: Method and value of the NRMSE for Sm, n = 140 

Method NRMSE 

Mean 2.78 

Autoencoder 2.86 

Clustering 3.93 

C-Means 2.72 
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We also evaluated the impact of imputation of La, Na and Sm upon determining groups by the clustering 

methods, through the error rate, after the application of the imputation methods. Before the clustering analysis, 

logarithmic transformations were applied on the complete base, as well as on the imputed values. Comparing 

the results of the clustering methods with the imputed values and the complete base, there was no impact on 

the determination of the groups, since alteration of the error rates (0%) did not occur. 

 

4. Conclusions 

 

The tests performed with a base of 146 samples showed that simple imputation methods based on the mean, 

autoencoder network, clustering and c-means, presented different NRMSE values. Despite that, data 

imputation had no impact on the determination of groups by either hierarchical (simple linkage, mean, 

complete and Ward) and partitional (k-means, k-medoids and hybrid) clustering methods. This is because the 

calculated error of the complete base and of the bases with imputed values was the same. 
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