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ABSTRACT. The results of sensory evaluations of coffees are associated with latent factors, such as the 

particular subjectivity of each individual. Based on the foregoing, assessing the quality of a sensory panel 

for product discrimination basically depends on the statistical methodology to be used in data analysis. 

Following this argument, this study aimed to evaluate the feasibility of the EM - Expectation Maximization 

algorithm in discriminating groups of individuals, characterized by the degree of experience and knowledge 

in sensory analysis of coffees of different varieties, produced in the Serra da Mantiqueira micro-region, with 

different processing and altitudes. The main advantage of this algorithm is the fast convergence, when the 

current solution approaches the optimal solution with high precision. The disadvantage is because it is a 

deterministic optimization technique, which can only achieve a local optimization depending on the 

initialization, i.e., initial values input in the iterative procedure.  It can be concluded that estimates of the 

correlation matrices obtained by the EM algorithm showed that the final grade has a greater influence of 

sweetness, in addition to discriminating groups of consumers with different sensory perceptions and in 

situations where the number of individuals in each group is unknown, the EM algorithm was accurate in 

estimating the proportion of individuals belonging to each group, assuming that the correlations of sensory 

responses follow a bivariate normal distribution. 
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Introduction 

According to the Specialty Coffee Association of America (SCAA, 2009), a specialty coffee is defined as a 

coffee of high quality, making the product unique, with particularities of the designation of origin and the 

sensory attributes, such as aroma, flavor, and in particular the selection of perfect grains listed and highlighted. 

All these factors contribute to the search for certification and the infiltration of new consumer niches. 

The issue is that to identify and to determine the attributes that characterize the excellence of specialty 

coffee, it is necessary to conduct experiments involving sensory analysis. Thus, regardless of the quality of 

tasters, there is always the possibility that behavioral attitudes, or even the arrangement of samples to be 

tested, may influence the result of certain evaluations (Cirillo et al., 2019). This opens up a wide field of 

research on assessing the effect of the homogeneity of individuals in a sensory panel. 

In the case of coffee quality analysis, this problem may become more critical if we consider a chemometric 

perspective, according to which the analysis of sensory attributes, such as the aroma, is based on olfactometry, 

centered on individual and consumer preferences (Yeretzian et al., 2010) due to reflexes and psychological 

perceptions that influence the discernment of a product’s quality. 

Other consumption factors may be contextualized in activities of individuals in a sensory analysis, 

involving different theories that explain different attitudes worthy of being identified in sensory experiments 

(Brookes, 2014; Sørensen, Andersen, & Andersen, 2014; Oliver, 2014; Ceribeli, 2015; Dai, Luo, Liao, & Cao, 

2015; Ossani, Cirillo, Borem, Ribeiro, & Cortez, 2017). The main theories are discussed by Lankton and 

McKnight (2012) and include assimilation theory, which indicates that individuals tend to be reluctant to 

accept discrepancies from previously assumed positions. 
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Makarem and Jae (2016) mention that emotions perceived by the consumer and/or taster are identified as 

a set of hedonic responses that arise during the experiment, such as facial expressions, caused by a particular 

sample of coffee that has a higher degree of acidity or flavor and can cause reactions, such as pleasure or 

displeasure, calmness or excitement. Gashgari (2016) proposes the equity theory, which refers to the 

perception of the individual in convincing themselves of a certain result, as they observe a trend or acceptance 

by most tasters and/or consumers. 

Regarding the perspectives of these theories, the selection of individuals to compose a sensory panel, as 

well as the discrimination of products, contextualized in this study by the different types of coffees, is complex 

because these psychological perceptions are not measurable. However, some models suggest considering these 

perceptions as latent variables for which predictions are made. 

This motivates the proposal to use the expectation maximization (EM) algorithm (Dempster, Laird, & Rubin, 

1977), divided into two steps of step ‘E’ (expectation), which aims to calculate the expected value of the logarithm 

of the likelihood defined with all parameters, including the latent variable, and step ‘M’ (maximization), which 

finds the local maximum until reaching a numerical convergence defined by a margin of error. 

The main advantage of this algorithm is the fast convergence, when the current solution approaches the 

optimal solution with high precision. The disadvantage is because it is a deterministic optimization technique, 

which can only achieve a local optimization depending on the initialization, i.e., initial values input in the 

iterative procedure (Li, Zhang, He, Tian, & Wei, 2019). Based on the above, in this study, this algorithm is 

applied to a sensory test, in which the results related to sensory analysis of four specialty coffees produced in 

the Serra da Mantiqueira region, with different genotypes, altitudes, and processing types, were obtained for 

two groups of tasters, trained and untrained individuals. 
In this context, with combination of these samples and simulation of a situation in which the ability of 

tasters to discriminate the coffees is not known, the main objective of this study was to analyze the feasibility 

of estimating the proportion of individuals in each group and by comparing the estimate to the exact 

proportion based on the hypothesis that there is a correlation between each attribute with the overall score, 

supposedly with a bivariate normal distribution. 

Material and methods 

The methodology used in this study consisted of two stages, which are described in the following sections: 

Database description and feasibility of the EM algorithm for distinguishing groups in the sensory panel and 

Algebraic procedure used for implementation of the EM algorithm. 

Database description and feasibility of the EM algorithm for distinguishing groups in the sensory panel 

Results of analysis of the main sensory attributes, score, body, acidity, and sweetness were obtained for 

specialty coffees produced in the Serra da Mantiqueira region. Sensory experiments were carried out at the 

Federal University of Lavras. A preparation of the 100% arabica coffee samples was carried out by removing 

all defective and toasted grains and respecting the maximum period of 24 hours for taste testing. 
The roasting point was visually determined using the color classification system by means of standardized 

disks (SCAA/AgtronRoast Color Classification System). With regard to beverage preparation, a concentration 

of 7% w v-1 was maintained using filtered water ready for consumption, free from contamination and without 

added sugar. Following these specifications, four types of specialty coffees coded as samples A, B, C, and D 

were used (Table 1). The evaluated specialty coffees produced in the Serra da Mantiqueira region differed in 

terms of processing, altitude, and genotype and are described in Table 1. 

Table 1. Description of specialty coffees evaluated in the sensory analysis with trained and untrained consumers. 

Type Genotype Altitude Processing 
A Bourbon Amarelo above 1,200 m Natural 

B Acaiá below 1,100 m Pulped coffee cherry 

C Acaiá below 1,100 m Natural 

D Bourbon Amarelo above 1,200 m Pulped coffee cherry 

 

Accordingly, sensory tests were carried out considering two distinct groups of consumers, where G1 

consisted of consumers who received sensory evaluation training and G2 consisted of individuals who did not 
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receive any training but were technicians or researchers in the field of coffee research. The numbers of 

individuals belonging to each group were n1 = 43 and n2 = 57, respectively. Therefore, the exact proportion of 

consumers in each group was known and given by ϕ1 = 0.43 and ϕ2 = 0.57. 
In different sessions, each consumer evaluated the quality of each coffee on a continuous scale from 0 to 

10 points for the following attributes: score, body, acidity, and sweetness, as shown in Figure 1. 

For better clarification of the feasibility of using the EM algorithm for discrimination of sensory results for 

the different attributes (Figure 1), the estimates obtained in the execution of the EM algorithm, defined by∅𝑗̂  

(j = 1.2), were interpreted. Thus, given the proximity to the exact proportion, it became possible to judge the 

feasibility in discriminating the groups. A detailed description of the EM algorithm is provided below. 

 

Figure 1. Sensory form used in sensory analysis of specialty coffees described in Table 1. 

Algebraic procedure used for implementation of the EM Algorithm 

For execution of the EM algorithm, it was necessary to assign the following coding: for sensory attributes 

body, acidity, sweetness, and overall score, it was assumed that xh (hour = 1...,4). 
The type of coffee was identified following the description in Table 1 and was given by (k = 1..., 4). Based 

on the above, the vector of bivariate responses xk = (xh, x1) (hour = 2..., 4) was considered for each consumer 

group Gj (j = 1 and 2), together with parameters represented in the bivariate covariance defined by Σjk with the 

respective vector of means μjk. 
Following these specifications, given the continuous nature of the scale, a bivariate normal distribution 

was assumed. Thus, the vector of parameters to be estimated was set at θ = (μ1k, μ2k, Σ1k, Σ2k, ϕ1k, ϕ2k), where ϕj 

(j = 1, 2) refers to the latent variable to be evaluated as the main parameter of interest to be estimated and 

compared with the exact proportion. 
This validation enabled the assessment of the feasibility of using the EM algorithm in discriminating 

different groups of consumers for the case study herein. Next, a detailed description of the EM algorithm is 

given based on the expressions. 

Step E of the multivariate EM algorithm adopted for bivariate normal distributions requires the likelihood 

function L(θ|x, z) = P(θ|x, z) of the estimated parameter θ. The probability density function of the multivariate 

normal distribution is defined by (Equation 1). 
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𝑓(𝑥 ∨ 𝜇, ∑) =
1

2𝜋√∑∨exp(
−1

2
(𝑥−𝜇)𝑇∑−1 (𝑥−𝜇))

         (1) 

The above probability L(θ|x, z) can be presented in separate sum terms using the indicator function 

(Equation 2): 

𝐿 onde,𝐼𝑗𝑘(𝑍ℎ) = {
1, 𝑠𝑒𝑧ℎ = 𝑗
0, 𝑠𝑒𝑧ℎ ≠ 𝑗

          (2) 

Combining the probabilities in all observations (Equation 3): 

𝐿             (3) 

Thus, we have the log of the likelihood required in step E of the multivariate algorithm (Equation 4): 

𝑙𝑜𝑔𝐿𝛴𝑗𝑘
−1(𝑥ℎ − 𝜇𝑗𝑘)           (4) 

Developing step E, where values of weights are assigned, we have (Equation 5): 
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where: 

Th, j
(t) is the probability of the h-th sample belonging to the j-th distribution, interactively considering the 

previous estimate. 

Thus, step E can be expressed as (Equation 6): 

𝑄(𝜃) = 𝐸{𝑙𝑜𝑔𝐿(𝜃|𝑥, 𝑧)} = 𝐸{∑ 𝑙𝑜𝑔𝐿(𝜃|𝑥ℎ, 𝑧ℎ)
𝑁
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In step M, to obtain updated parameter estimates, we maximize the function provided in step E with 

respect to estimated parameters (Equation 7): 

𝜃̂ = 𝑎𝑟𝑔𝑚𝑎𝑥𝑄(𝜃) = argmax∑ ∑ 𝑇𝑗𝑘,ℎ
(𝑡)
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2
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The estimated parameters ϕ, (μ1k, Σ1k), and (μ2k, Σ2k) appear in separate terms so that we can independently 

maximize them. However, for each estimated parameter, the function is maximized by differentiating the 

likelihood function and setting the derivative as zero. By making appropriate derivations, we obtain the final 

expression for each parameter of the normal mixture model (Equation 8 and 13). 
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To obtain the results, the packages mixtools (Benaglia, Chauveau, Hunter, & Young, 2010), mvtnorm (Genz 

et al., 2020), and MASS (Venables & Ripley, 2002) were used in the R software (R Core Team, 2020). 

Results and discussion 

Because the sensory panel comprised individuals with characteristics described in the methodology, there 

were two heterogeneous populations that may show differences in terms of the discrimination of specialty 

coffees. It is assumed that the overall score, which determines the overall classification of coffee as specialty, 

is influenced by the main sensory attributes body, acidity, and sweetness. Thus, a bivariate sample between 
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these attributes was characterized. In this context, the Gaussian mixture is defined by the combination of 

these samples in the two populations, trained (G1) and untrained (G2) tasters. 

From this perspective, given the recommendations of Redner and Walker (1984), in case the populations 

of this mixture are poorly separated, it can be expected that the application of the EM algorithm produces few 

interactions and therefore is efficient for use in the problem addressed in this study, which analyzes the results 

obtained for proportions of the groups, estimated by the mixture of normal distributions, with responses of 

each group G1 and G2 considering the covariance structure between the score and the other sensory attributes. 

The results in Table 2 showed that the estimation of proportion of individuals belonging to each group is 

accurate based on the comparison with exact proportions, given by ϕ1 and ϕ2. This result indicates that the 

EM algorithm can be used to distinguish consumer groups and can be used as an inferential procedure for 

assessing the discrimination of groups of individuals in the composition of a sensory panel applied to the 

specialty coffee quality analysis. 
When the assumption of bivariate normal distribution assumed for sensory was tested, a clear 

discrimination of the groups was found, as shown by the surface generated by the Gaussian density (Figures 

2, 3 and 4) when considering these attributes, which characterizes a bimodal behavior, thus suggesting the 

discrimination of groups. 

Specifically, to confirm the hypothesis that the overall score is influenced by the evaluation of one of the 

attributes, for each type of coffee, the covariance matrices were estimated for each group, as described in Table 3. 

Table 2. Proportions of consumer groups G1 and G2 estimated by the EM algorithm compared to original proportions ϕ1 = 0.43, ϕ2 = 

0.57 considering the covariance between the score and the other attributes. 

Coffee 
Score and Body Score and Acidity Score and Sweetness 

𝜙̂2 𝜙̂1 𝜙̂2 
 

𝜙̂1 𝜙̂2 𝜙̂1  

A Error 0.437 ± 0.007 0.563 0.387 ± 0.043 0.613 
0.471 

0.041 
0.529  

B Error 0.429 ± 0.001 0.571 0.369 ± 0.061 0.630 
0.496 

0.066 
0.504  

C Error 0.398 ± 0.032 0.602 0.414 ± 0.016 0.586 0.422 ± 0.008 0.577  

D Error 0.407 ± 0.023 0.593 0.446 ± 0.016 0.554 0.351 ± 0.070 0.649  

 

Figure 2. Density of the mixture of normals considering the covariance given by the overall score and body. 

 

Figure 3. Density of the mixture of normals considering the covariance given by the overall score and acidity. 
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Figure 4. Density of the mixture of normals considering the covariance given by the overall score and sweetness. 

Table 3. Estimates of the correlation matrix considering the sensory attribute responses correlated to the score for each type of coffee. 

Group (G1), who received training 
Coffee Score and Body Score and Acidity Score and Sweetness 

A [
1 0.603

0.603 1
] [

1 0.500
0.500 1

] [
1 0.651

0.651 1
] 

B [
1 0.625

0.625 1
] [

1 0.596
0.596 1

] [
1 0.775

0.775 1
] 

C [
1 0.520

0.520 1
] [

1 0.284
0.284 1

] [
1 0.600

0.600 1
] 

D [
1 0.729

0.729 1
] [

1 0.331
0.331 1

] [
1 0.680

0.680 1
] 

Group (G2), who did not receive training 

Coffe Score and Body Score and Acidity Score and Sweetness 

A [
1 0.381

0.381 1
] [

1 0.156
0.156 1

] [
1 0.545

0.545 1
] 

B [
1 0.504

0.504 1
] [

1 0.267
0.267 1

] [
1 0.662

0.662 1
] 

C [
1 0.132

0.132 1
] [

1 0.455
0.455 1

] [
1 0.545

0.545 1
] 

D [
1 0.476

0.476 1
] [

1 0.205
0.205 1

] [
1 0.542

0.542 1
] 

 

The results in Table 3 indicate moderate or low correlations, so there was no evidence that the responses 

for the sensory attributes acidity, body, and sweetness influenced the overall score, justifying the results 

reported by Guimarães, Leme, Rezende, Pereira, and Santos (2019) and Santos, Cirillo, and Guimarães (2021) 

when stating that for consumers less involved with the practice of drinking specialty coffee, their motivations 

for consumption are essentially based on the taste and aroma of the beverage. 
This result raises a discussion about the factors that can justify the poorer discrimination of type C coffee, 

given the lower estimated correlations. In this context, according to Borém et al. (2020), the sensory quality 

of coffee at higher altitudes is noticeable. Therefore, comparing the results observed in the correlation of 

scores with the other attributes, especially the coffee coded in C, characterized by having been produced in a 

region at lower altitude, compared to the others, there was statistical evidence that justifies the low 

correlations estimated. 
As for the other attributes, a specialty coffee is characterized by sweetness, acidity, and body perceptible 

to the palate. The intensity and quality of these attributes and the balance between them are used to classify 

them as higher or lower quality. Thus, coffee samples with high sweetness, high and pleasant acidity, and 

dense body are, in general, classified as high quality. 

On the other hand, coffee samples with low sweetness, unpleasant and pungent acidity, and watery body receive 

lower scores. While the fragrance and aroma of coffee bring complexity to the beverage, sweetness, acidity, and body 

are the basic attributes that make up the structure of a coffee beverage and can influence consumer preference. 

Pereira et al. (2017) carried out a study with trained tasters with Q-Grader certificates. The methodology 

followed the analysis protocol guidelines of the Specialty Coffee Association of America, SCAA, with the 

participation of two testing groups and using Pearson correlation coefficients between fragrance/aroma, 

uniformity, absence of defects, sweetness, flavor, acidity, body, aftertaste, balance, overall and overall 

evaluation of the coffees with sensory analyses carried out in the morning and found correlations similar to 

the results obtained herein. 
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Regarding the effect of the groups of trained and untrained tasters, for the same specialty coffee, with the 

attributes of the overall score, aroma, body, and hardness evaluated in a univariate manner as reference and 

using the distribution of extreme values, Ferreira et al. (2016), considering a significant score worthy of 

international competition (higher than 9.5), found that the probability of a consumer assigning a score higher 

than 9.5 is relatively low for all evaluated coffees. 

Given the above, the application of the EM algorithm considering bivariate analysis is promising since the 

correlation between the evaluated attributes and the overall score shows the discrimination of heterogeneous 

groups, including the estimation of the proportion of the number of individuals belonging to each group. 

With the purpose of measuring hit rates regarding the discrimination of specialty coffees, with a 

sensory panel consisting of groups of trained and untrained tasters, Liska et al. (2015) conducted a study 

considering the classifiers of the discriminant analysis via a boosting algorithm, in which the training set 

consisted of 70% original samples and the remaining sample comprised the testing set. Using a 

comparative method, the authors concluded that the classifier generated by Fisher’s discriminant 

analysis had a reasonable discriminatory power, revealing a high power of discrimination for trained 

tasters and a low power of discrimination for untrained tasters. Thus, it was observed that the application 

of the boosting method provided a classifier with a high discriminatory power for the tasters according 

to their training. 

Hit rates were similar to the results reported by Barbosa et al. (2014), in which the discriminant analysis 

method was adopted to distinguish types of processing of specialty coffees considering different stable 

isotopes (physiological characteristics) in coffee seeds. 

Regarding the performance of the boosting method when extended to more than two groups, Oliveira et 

al. (2019), for the same database, improved the discriminant analysis by restratifying the groups: T1: trained 

tasters aged between 19 and 50 years; T2: untrained testers aged between 19 and 50 years; and T3: tasters 

with experience, but without training, aged over 50 years. 

Thus, through the application of the boosting method along with the bagging method (Breiman, 1996), 

which is a resampling procedure, the authors concluded that the classification error rates were lower than 

those of the conventional discriminant analysis given by Fisher’s linear and quadratic models. In this sense, 

combination of the multiclass boosting and bagging methods was efficient in capturing small differences in 

the samples of specialty coffees evaluated (Table 1), indicating their feasibility in the application of results of 

sensory tests of this nature. 

In another experiment with larger groups, Ahmad, Reid, Paulsen, and Sinclair (1999) performed automatic 

separation of coffee beans. The problem was the differentiation of four types of grains, three of which were 

characterized by size, whereas the fourth, by size or color. 

The classification was performed using image processing algorithms for object detection and feature 

extraction, classification by color standards, and definition of shape descriptors. For this analysis, the 

multiclass boosting method (Oliveira et al., 2019) showed error rates lower than 21%. 

Conclusion 

This case study showed that the EM algorithm can be recommended as a procedure for assessing the 

proportion of individuals composing a sensory panel, since the estimates were accurate and precise in relation 

to discrimination of groups with different sensory perceptions. 

Estimates of the correlation matrices obtained by the EM algorithm showed that the final score has a 

greater influence on sweetness, for the four types of coffee evaluated. 

In situations where the number of individuals in each group is unknown, the EM algorithm was accurate 

in estimating the proportion of individuals belonging to each group.  
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