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Abstract. Cultural identity represents a construct that is difficult to measure be-

cause the nature of the variables involved is complex and mostly subjective. In-

digenous people belonging to communities in the Amazon have seen their iden-

tity drastically eroded in recent decades as a result of the process of Western 

acculturation. In this context, the quantification of this loss arises by identifying 

the most and least affected identity components of this process. This research 

work presents a quantitative method, based on artificial intelligence, which eval-

uates the cultural identity of an Amazonian indigenous community: the 

Woaroani. On the basis of an instrument developed in the field by the authors, 

this method automatically classifies the individuals and provides a subspace of it 

able to identify the weights of the subcomponents of this instrument in regard to 

its contribution to the Waorani identity. The systematic application of the instru-

ment together with the AI-based system can provide decision-makers with valu-

able information about which aspects of their identity are most sensitive to 

change and thus help design development policies that minimally interfere with 

their ethnic identity. 

Keywords: Cultural identity measurement, preservation of ethnic identity, 

Amazonia, Waorani community, artificial intelligence. 

1 Introduction 

Cultural identity is a broad and complex concept that addresses a multitude of factors, 

most of which are subjective in nature: law, beliefs, art, morals, customs, habits and 

acquired abilities [1]. It also considers ways of life and ways of living in society [2]. 

Identity is part of culture, and cannot be determined tangibly or through physical char-

acteristics, nor is the individual considered in isolation from his or her community and 

is historically defined by various aspects of immaterial character such as language, so-

cial relations, ceremonies, rites, beliefs [3]. The culture and identity of peoples are con-

stantly changing or merged by territorial heterogeneity and diversity of cultural expres-

sions, making a system of indicators for analysis difficult and complex [4]. 
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In Latin America, indigenous communities and nationalities have undergone accel-

erated cultural changes and mergers of identity as a consequence of colonyism by dom-

inant groups [5]. The constant abolitions of their culture were established from the po-

litical power and the ethnic domination was maintained, excluding them of all type 

citizen participation, the state considered that they should be of an only culture, an only 

language and an only religion [6]. In short, indigenous people have suffered a strong 

process of acculturation as a result of colonialism, the main consequence of which has 

been the loss of their own identity [7]. 

In the case of the Amazonian Indians, there is widespread concern that the inhabit-

ants will lose their identity or, at worst, disappear. The link that exists between individ-

uals and nature is essential in Amazonian societies [8]. However, awareness of the 

problem has also been raised. Society is beginning to value indigenous cultural diver-

sity and to sensitize Western societies through education, information and the provision 

of technical tools that will somehow recover lost ground [9]. 

Precisely, this study aims to present tools that allow us to discern the cultural state 

of an indigenous nationality in order to check whether it is being degraded as a conse-

quence of a process of western acculturation. 

The authors developed at an earlier stage an instrument that made it possible to iden-

tify factors of indigenous identity through variables and indicators obtained through 

qualitative information obtained from the indigenous people themselves. The objective 

of this research is classify populations with indigenous identity from populations with 

western identity and know which is the weight of the variables identified in the instru-

ment in relation with the cultural identity. This identification would make it possible to 

know whether certain policies aimed at these peoples cause undesirable effects on their 

identity. In order to determine this influence, clustering analysis will be carried out 

using techniques based on artificial intelligence. 

2 Background 

The ethnic and socio-cultural backgrounds of individuals or minority groups in coun-

tries can be predictors of social attitudes. The accepted definition of ethnic group was 

enunciated by Max Weber [10]. In this context, we call "ethnic groups" those human 

groups that have a subjective belief in their common ancestry due to similarities of 

physical type or customs or both, or by memories of colonization and migration. It is 

precisely this subjectivity that is responsible for the fact that the measurement of iden-

tity is a complex process. In cultural statistics, when there is a subjective assessment or 

they have ideological components, alternatives must be proposed so that the assess-

ments are objective and can be analyzed quantitatively [11]. If measuring identity has 

a large qualitative component, quantitative analysis minimizes intuitive and subjective 

conceptions. 

The following is a survey of studies in two different approaches: first, studies that 

propose models and instruments to obtain, measure or classify ethnic identity infor-

mation and second, studies that have used automatic tools based on Artificial Intelli-

gence to classify or identify individuals with ethnic or social characteristics.  
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2.1 Models and instruments to measure ethnic identity 

Ethnic identity is determined by four dimensions: cognitive, evaluative, affective, and 

behavioral [12]. Instruments often ask about a definition of self, about feelings of be-

longing to a group, about pride or intention of belonging to it, about the language, reli-

gion and knowledge of history of their own group [13]. 

In Western Europe, given the growing diversity of ethnicities and peoples from al-

most all over the world, Schneider and Heath [14] proposed, through statistical proce-

dures, to classify and measure the validity of data from the ethnic and socio-cultural 

background of individuals. The work shows that ethnic origins can predict whether re-

spondents identify themselves as belonging to an ethnic minority, whether they con-

sider themselves in a discriminated group, national identity, and attitudes toward im-

migration. It also identified indigenous minorities, as well as those with migratory back-

grounds. This study focused on the concept of background rather than current identity 

because some people with ethnic backgrounds no longer feel close to their ethnic group 

of origin. The criteria they use are: National origin, religion and language. They also 

include generational state criteria with six categories, only for those with a migration 

background. 

Other studies focus on the adaptability of new individuals to a group. Carley [15] 

analyzed individual behavior based on the thesis that interaction leads to shared 

knowledge. He reported that some groups endure longer, are more stable, and have 

greater capacity than other groups to incorporate new members or ideas without losing 

their own character. He found that groups that are stable in the short term do not nec-

essarily retain their distinctive character in the long term as new members enter or new 

ideas are discovered. 

On the other hand, authors such as Cross and Helms [16] [17], developed theoretical 

models that contemplate three states referring to ethnic identity: 1. negative valuation 

of blacks and their preference toward another race (whites); 2. knowledge of and inter-

est in them; and 3. international and group acceptance. 

The ethnic identity seen from the acculturation includes questionnaires that use ex-

ternal and internal variables. External variables deal with language, media (tv radio), 

friendship relations and ethnic traditions, while internal variables contain cognitive, af-

fective and moral issues [18]. Another model of ethnic identity proposed by Phinney 

and Rotheram [19], includes six components: Self-definition, attitudes towards one's 

own ethnic group, attitude towards oneself, interest of the ethnic group and commitment 

to ethnic identity. 

Ethnic identity is also addressed from acculturation. John Berry [20] proposed a 

model between acculturation and ethnic identity considering the importance of cus-

toms: a) preserving the customs of the minority group, and b) the adoption of customs 

of the majority group, and whose variations of acculturation are known as: integration 

- preserving and adopting, assimilation - adopting without preserving, separation - con-

serving without adopting - and marginalization - without preserving or adopting [21]. 

Ethnic residential segregation is also analyzed in quantitative studies. Denton and 

Massey [22], using factor analysis, explored the relationships between segregation 
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rates, identifying five distinct dimensions of segregation: uniformity, exposure, con-

centration, centralization, and clustering. Their work became the basis for segregation 

studies, and the approach they proposed was admitted almost entirely. 

However, these models and components are focused from generalist points of view 

and lack items that specify aspects of indigenous ethnic identity and even less of the 

Amazon indigenous. 

There are works that measure gender identity, related to sexual roles and the adap-

tation of gender identity towards stereotypes [23] [24]. Muradas and Rodríguez [25], 

on the other hand, use instruments with items to measure tangible culture such as 

churches, museums, parks, cultural centers, among others. These instruments would be 

limited to gender and would only make sense in populations with a Western structure. 

Ethnic identity was also measured through an instrument applied in Costa Rica [26]. 

This instrument, which consisted of 12 items, was based on the work developed by 

Phinney which originally had 14 items. Although this instrument included items such 

as tradition, ethnic roots, music, food and participation, it did not cover specific com-

ponents of Amazonian indigenous culture such as dance, hunting and fishing, housing, 

medicine or ancestral knowledge. Precisely, hunting is considered not only as a basic 

strategy for food but as an integral part of their cultures [27]. 

In the same country - Costa Rica - an ethnic identity study was also carried out on a 

group of 90 “Huetares de Quitirrisí de Mora” Indians, Indians who insist on maintaining 

their traditions and customs despite the accelerated processes of acculturation. This 

study used a quantitative methodology that included socio-demographic items, cultural 

elements regarding their identity and open questions grouped into categories. The re-

sults denoted little value in ethnicity such as traditional dress, language and customs, 

so these aspects were pointed out as a loss of culture of visible elements, although they 

were still proud to belong to the ethnic group. 

A similar study on identity was conducted in the community of Chiapas, Mexico 

[28]. They worked on identity narratives using the autobiographical multi-methodology 

[29]. Three groups participated in the experiment: Chiapas indigenous people, students 

from a rural area, and from a Spanish city. The results obtained were clearly qualitative; 

however, this study takes the individual as a methodological reference and was applied 

to different regions with different identity characteristics. 

2.2 AI-based tools for classifying and identifying individuals 

IA-based technologies and tools have been widely used in the identification of charac-

teristics and patterns for the recognition of individuals through morphological features 

[30] [31]. They have also addressed -although to a lesser extent- studies on the identi-

fication of individuals with non-morphological characteristics such as ethnic and social 

issues. 

Information such as height, weight, age, gender, ethnicity and eye colour are gener-

ally not used in identification phases. Only when a trustworthy individual is erroneously 

rejected by the system a human operator intervene to verify the user's soft biometric 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



5 

traits [32]. In this sense, the same authors mention that soft biometric recognition sys-

tems, unlike traditional primary recognition systems that use fingerprint, face, iris or 

hand geometry, use age, gender, ethnicity or height. 

Jain [33] proposed to use auxiliary information describing a framework for integrat-

ing the information provided by soft biometric indicators with the output of the primary 

biometric system, analyzing the performance by integrating auxiliary information such 

as gender, ethnicity and height with the output of a biometric fingerprint system. Used 

a database to classify 160 individuals, information containing 4 fingerprint prints with 

gender and ethnicity information. This classifier identifies the ethnicity of a test user as 

Asian or non-Asian with an accuracy of 96.3%. The use of ethnicity, gender and length 

information along with the fingerprint led to an approximate 5% improvement over the 

primary biometric system. Shakhnarovich et al. [34] presented a real time face detection 

and recognition system. The same structure is used for the extraction of demographic 

information, including gender and ethnicity. They defined the same categories of eth-

nicity, Asian and non-Asian, their system focuses on low resolution images (24 × 24) 

with weakly aligned face data. Its reported accuracy was 80%. 

Recognition of Asian ethnicity was also proposed by Lu et al. [35]. He used a scheme 

based on linear discriminant analysis (LDA) on a set of balanced data so that the train-

ing process was not predisposed to a particular ethnicity. This also suggests that the 

previous probabilities of the two classes are almost equal (0.5). Experimental ethnic 

classification results were encouraging. 

For the classification of gender and ethnicity Gutta et al.[36] proposed a hybrid clas-

sifier based on radial base function sets (RBF), inductive decision trees (DT) and sup-

port vector machines (SVM), using images of 64 × 72. 

In the case of classifying members of a group into subgroups by proximity of indi-

viduals, Carley [37] and Freeman [38] used classification and optimization algorithms 

using graph partitions. Freeman relied on finding social groups given a matrix of social 

proximities based on the heuristics of a simple genetic algorithm. He proposed a new 

solution to the problem of dividing a matrix of social proximities into groups. He 

demonstrated that such an algorithm can be used to reveal the structure of the group 

without contradicting the descriptions of the ethnographers, and furthermore, the results 

could complement the ethnography. 

Many research projects focused on classifying and identifying identities on social 

networks, so Otto et al.[39] tried to solve the problem of grouping millions of images 

and videos of unlabeled faces on the Internet into individual identities, many of them 

of the same person using different resolutions. They considered two methods based on 

the nearest neighboring K (K-NN), the method based on the recursive subdivision of 

characteristic space [40] and the random k-dimensional tree method (K-d, k-dimen-

sional Tree). Both methods evaluated and compared their performance with the brute-

force approach. The k-d Tree method achieved the best execution time and also the best 

grouping accuracy with 87%. While Gyongyi et al [41] studied the relationship of social 

identities of an individual and be able to distinguish whether it is a friend or the same 

user, since the same person may have several "identities" on several websites. 

On the other hand, public spaces and urban identity are also addressed under the IA 

approach. Using a case study from the city of Zurich, Chang et al. [42] proposed a 
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methodology using Principal Component Analysis (PCA) and the K-means approach 

to find from public space some characteristics of urban identity, as this can help the 

urban designer to identify which aspects are more important than others. 

As a summary of these two subsections, indicate, on the one hand, that the ethnic 

models analyzed are far from being adapted to the present research. In the first place, 

because most of them have a qualitative nature and, secondly, because they do not an-

alyze the factors that affect the reality of the Amazonian indigenous culture, since it has 

its own specific and unique characteristics in the world. On the other hand, the use of 

AI for the recognition of ethnic characteristics has focused almost exclusively on the 

field of image. Therefore, algorithms are limited to recognizing ethnic aspects that are 

reflected in the visible characteristics of humans through image analysis. There are in-

tangible factors (faith, beliefs, ideologies...) that determine important aspects of a cul-

ture and that escape from the studies described above. 

The paper has the following structure: section 3 will briefly describe the instrument 

developed by the authors. In section 4, the instrument is analyzed from an Artificial 

Intelligence point of view in order to automatically classify the individuals and to pro-

vide a subspace of it able to identify the weights of the subcomponents of this instru-

ment in regard to its contribution to the Waorani ethnicity. Section 5 presents the main 

conclusions of the study and the lines of future work. 

3 Instrument for the measurement and classifying of the 

Waoroani ethnic identity 

The Ecuadorian indigenous population represents 7.0% in Ecuador, of which 78.5% 

are found in rural areas. The indigenous nationalities group together several peoples 

that have in common some cultural characteristics such as language and territory, but 

that differ in clothing, food and various types of cultural manifestations. Its population 

underwent significant changes, rising from 65% in the 18th century to 7.0% in 2010 

[43]. However, these demographic data do not demonstrate the qualitative changes in 

their identity that they may have undergone. 

The Waorani Nationality has approximately 13,000 inhabitants, distributed in 22 

communities. The territory located in the Amazon (South America) shared by Ecuador 

and Peru is located in the provinces of Pastaza, Napo and Orellana (see Fig. 1). It is an 

extensive area of about 790,000 hectares whose boundaries range from the Napo River 

in the north to the Villano and Curaray Rivers in the south. Much of its territory is 

surrounded by the Yasuní National Park - protected by its exuberant biodiversity - and 

by an area called intangible in which the Tagaeri and Taromenane inhabit, uncontacted 

peoples who live in isolation with their original culture without any contact from the 

West or other cultures. 
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Fig. 1. Geographical location of the Waorani territory. 

The instrument used in this study has been elaborated by the authors as a result of a 

previous research in which the dimensions were obtained from a qualitative study in 

which the Atlas.ti software was used for the identification of such dimensions. The 

technique for collecting qualitative data was based on the structure of levels [44] (see 

Table 1). Taking into account Guest levels, authorization from indigenous authorities 

and individual informed consent, data collection was conducted in two phases: the un-

structured interview phase and the semi-structured interview phase. 

 
Table 1: Levels for social data collection 

Narratives 

Interviews 

Focus groups 

Participant observation 

Life Stories 

Informal interviews 

Unstructured participant observation 

Qualitative systemic Elicitation 
Statistical questionnaires  

Observation 

Source: Structure levels for social research according to Guest et al. [44] 

 

In the first phase, it was intended that, through an open dialogue or conversation, the 

Waorani indigenous person would freely and spontaneously express stories on topics 

that the interviewee himself considered to be of interest. In this phase, 11 unstructured 

interviews were obtained. On the other hand, in the phase of semi-structured interviews, 

a series of concrete questions aimed at investigating cultural identity were carried out, 

totaling 14 semi-structured interviews (see table 2). 

 

Table 2: Interviews with the Waorani population 
Phase Interviews Men Women Total 

1 Unstructured 4 7 11 

2 Semi-structured 6 8 14 

 Total  10 15 25 
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After the qualitative analysis carried out with the help of Atlas.ti software, the in-

strument consisted of 99 items that provided information about 30 subdimensions 

grouped in 5 dimensions (see Table 3). 

 

Table 3. Dimensions and subdimensions of the Waorani Identity Instrument. 
Dimensions  Subdimensions Items 

1. Economic (E) 9 Handicrafts (E1), Exchange of products (E2), Cultiva-

tion (E3), Tourism (E4), Work (E5), Mingas (E6) - 

mingas or nopos, indigenous words that means com-

munity work without payment-, Trade (E7), Hunting 

and fishing (E8), Breeding of animals (E9) 

22 

2. Family and repro-

duction (F) 

6 Education (F1), Care and upbringing of children (F2), 

Medicine (F3), Marriage (F4), Coexistence (F5), Re-

production (F6) 

21 

3. Ideological (I)  4 Religion (I1), Beliefs (I2), Spirituality (I3), Rites (I4) 13 

4. Organization (O) 3 Community (O1), Justice (O2), Government (O3) 6 

5. Social (S) 8 Music, dance and songs (S1), Art (S2), Food (S3), 

Dress (S4), Housing (S5), Culture, ethnicity and iden-

tity (S6), Language (S7), Sports and recreation (S8)  

 

37 

Total Subdimensions 30 Total Items 99 

 

Evidence of reliability was obtained through Cronbach's alpha statistic which gave 

an excellent overall result of 0.974 for the 99 items. In the case of the 5 constructs the 

evidences were: Economy 0.896 for 22 items; Family and reproduction 0.935 for 21 

items; Ideology 0.906 for 13 items; Organization 0.602 for 6 items and Social 0.931 for 

37 items. Evidence of validity was obtained through the judgment of 9 experts: 6 Ec-

uadorians (2 social workers, 1 economist, 1 social communicator, 1 psychologist and 1 

sociologist), 2 Bolivian anthropologists and 1 Colombian political scientist. The vali-

dation test of the instrument was carried out by means of an alternative modified model 

called CVR' [45] according to Lawshe [46].  

4 Experiments 

4.1 Experimental setup 

To determine whether the data for the three populations obtained in the instrument cor-

respond to different groups and whether they can be separated by their identity charac-

teristics, the technique of reducing spaces to lower dimensions by means of the Princi-

pal Component Analysis (PCA) was used.  

The experiments have been carried out using classic classifiers in order to validate 

the ability of the instrument presented in the previous section to represent and classify 
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the individuals. Specifically, the Self-Organizing Map (SOM) [47], Supervised Self-

Organizing Map (SSOM) [48], Neural GAS (NGAS) [49], Linear Discriminant Anal-

ysis (LDA), k-Nearest Neighbour (kNN) [50] and the Support Vector Machines (SVM) 

[51] have been used. Moreover, a multiclassifier (MC) boosting designed from the 

above classifiers has been applied. The MC calculates from an input the most frequent 

class classified by the mentioned classic techniques. 

The data of the instrument have been collected by interviewing 299 people: 88 Wao-

rani individuals, 100 from Quito and 111 from the village of "El Tena”. The samples 

were taken by simple random sampling using a systemic procedure from these three 

populations. These three populations represent 3 types of identities present in Ecuador: 

1. The indigenous Waorani Amazonian Nationality is the target population of the study 

(it consists of 22 communities, the data collection was carried out in three of the 22 

communities: Konipare, Menipare and Gareno). Quito (capital of Ecuadorian state) was 

selected because it is a totally westernized city and may represent the opposite extreme 

to the indigenous community within the country. The city of Tena is a westernized 

village closest to the Waoranis indigenous communities. Tena still retains vestiges of 

indigenous culture and has frequent commercial exchanges with various indigenous 

nationalities including communities of Waorani nationality, therefore the inhabitants of 

Ciudad de El Tena are supposed to be culturally placed between Amazonian Indians 

and western culture.  

They conform the output of the classification process. Since the input data is imbal-

anced, the Synthetic Minority Over-Sampling Technique (SMOTE) [52] has been ap-

plied in order to balance the classes. Additionally, the 30 subdimensions of the Waorani 

instrument (showed in table 3) used as the inputs for each classifier have been normal-

ized to the range (0 1). Each dimension of the instrument has been divided by the max-

imum value for each component.  

A 10-fold cross validation has been performed obtaining Sensitivity and Specificity 

values, and the ROC curves in order to analyse the performance of classifiers and the 

instrument from an Artificial Intelligence point of view, to distinguish the class of the 

individuals (Waorani, Quito or El Tena).  

The evaluation and sensitivity of the classifiers were carried out to identify the sub-

dimensions that most discriminate the populations. We also determined the maximum 

probability of detection of a population with the sub-dimensions that most contribute 

to ethnic identification. 

Finally, a study was carried out to identify those sub-dimensions of ethnic identity 

that discriminate the least. These components would indicate a super-position of char-

acteristics that do not allow us to differentiate between a Waorani indigenous person 

and any other citizen, who in our research are the individuals of the cities of El Tena 

and Quito. 

4.2 Results and discussion 

Classification results with three main components denote good discrimination, a 

marked separation can be seen in Figure 2. No inhabitant of the Waorani indigenous 

population belongs to the set of Quito (0 of 88). However, there is only one inhabitant 
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of the city of Quito who is in the Waorani population group (1 out of 100), while the 

inhabitants of the city of El Tena are more dispersed between the two population 

groups. 

 

 

Fig. 2. Classification of the three populations (Waorani, El Tena and Quito) using three main 

PCA components. 

Results of classification accuracy for each classifier of the subdimensions of the 

instrument are presented in Table 4. The performance criteria is related to the Sensitivity 

(correctly classified positive samples / true positive samples), Specificity (correctly 

classified negative samples / true negative samples) and Accuracy (correctly classified 

positive and negative samples / samples). The best results are achieved using the SVM 

classifier achieving a 97% of sensitivity, 98% of specificity and 98% of accuracy.  

 

Table 4. Performance results according to different classifiers 

Criteria 3-knn LDA SOM SSOM NGAS SVM MC 

Sensitivity 0.9298 0.9632 0.9097 0.9331 0.9164 0.9699 0.9532 

Specificity 0.9649 0.9816 0.9548 0.9665 0.9582 0.9849 0.9765 

Accuracy 0.9532 0.9755 0.9398 0.9554 0.9444 0.9799 0.9688 
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In order to visually illustrate the performance of classifiers for the instrument, a ROC 

(receiver operating characteristic) curve is used in Fig. 3. It represents the relation be-

tween the probability of correctly detect the class of an individual (Sensitivity) and the 

probability of classify it in another class (1-Specificity). The ROC space shows the 

excellent performance for all classifiers that are able to correctly identify the ethnic 

identity above 91% and having less than 5% of false alarms. 
 

 

Fig. 3. Classification performance for the different methods to distinguish the classes "Quito, 

"El Tena" and "Waorani”. 

Next, confusion matrix for the best classifier SVM is presented in Table 5. Matrix 

columns represent the actual classes, and rows represent the classifier prediction. As it 

can be observed, the Waorani individuals are almost perfectly detected with a 98.86% 

of probability (87/88 individuals). Moreover, only 1 person from Quito and El Tena 

was identified as Waorani (1/211 individuals), representing less than 0.5% of false 

Waorani identification. 

 

Table 5. Confusion matrix for the SVM classifier 

  Actual class 

  Waorani El Tena Quito 

P
re

-

d
ic

te
d

  Waorani 87 0 1 

El Tena 1 109 5 

Quito 0 2 94 

 

4.2.1 Most discriminating sub-dimensions 
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A study about a subset of the subdimensions of the instrument that are able to iden-

tify properly the classes has been performed. Fig. 4 shows the cumulative probability 

of detection of the different identities for the classifiers according to the subcomponent 

of the instrument. As it can be observed, the first subdimension I2 is able to identify 

about the 60% of the different identities (only the simple 3-knn is below the 50%). The 

more subdimensions are considered as input of the classifiers, the more probability of 

detection. However, after using the first 18 subdimensions represented in the figure 

(axis x), the performance is near constant.  

  

 

Fig. 4. Cumulative probability of detection of the different identities for the classifiers accord-

ing to the subdimension of the instrument. 

The study of the behavior of the cumulative probability of detection provides a sub-

set of dimensions as shown in Table 6. In the table, the subdimensions that are able to 

increase the sensitivity of the classifiers are grouped by the dimensions. The best clas-

sifier, the SVM, is able to achieve a 97.7% of probability of detection and 1.2 % of 

false alarms using 9 components of 4 dimensions of the Waorani Identity Instrument. 

In this case, the Organization dimension is not relevant, being the most important the 

Economic and Social aspects.  

 

Table 6. Subdimensions having an impact in the classification performance 

Class. Economic Fam. Ideo. Org. Soc. Sens. Spec. 

3-knn E1,E2,E3,E8,E9  I2 O1,O3,O2 S4 0.946 0.973 

LDA E1,E2,E3,E9  F5 I2 O2 S2,S4,S3 0.959 0.979 

SOM E1,E2,E4,E8,E9,E8  I2 O2 S7,S5 0.943 0.972 

SSOM E1,E3,E4,E7  I1,I2 O2 S1,S7 0.949 0.975 

NGAS E1,E2,E3,E5,E9 F2  I2,I4 O1 S5 0.936 0.968 
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SVM E1,E2,E3 F6 I1,I2  S2,S7,S5 0.977 0.988 

MC E1,E2,E3,E4,E8,E9   F4 I2   0.969   0.985 

 

4.2.2 Less discriminating sub-dimensions 

 

The evaluation of classifiers to identify the subdimensions that least discriminate 

and to determine the items associated with those subdimensions is shown in Table 7. 

Note that these items refer to characteristics of ethnic identity that will not allow the 

three populations to be differentiated. 

 

Table 7. Ethnic identity sub-dimensions that are the least discriminatory 

'E7' 'S7' 'I1' 'F6' 'O3' 'S3' 'S1' 'O2' 'I2' 'E9' 'F1' 'E8' 'O1' 'E1' 'I4' 'F2' 'S8' 'S4' 'F5' 'F3' 

'F4' 'E3' 'E5' 'S5' 'E4' 'E6' 'S6' 'S2' 'E2' 'I3' 

 

Figure 5 shows the cumulative inverse probability of the 30 components. The first 7 

components in SVM contribute practically nothing to the classification. It can also be 

seen that for the first 14 components ranging from E7 to E1, the detection probability 

curves for the classifiers remain almost constant at 95% (97% for SVM), of which the 

first 5 components in SMV (E7 to O3) have no variation. Then, with non-significant 

inputs the next 8 components up to E3 decrease to 94% (95% for SVM). 

 
Fig. 5. Cumulative inverse probability of detection of Waorani, El Tena and Quito identities. 

 

The items associated with each of the 14 least discriminating components (called 

sub-dimensions in the instrument) are shown in Table 8.  When analyzing for each 

dimension, all dimensions have components that do not contribute to discrimination. 

The social dimension with items associated with characteristics of language, food, mu-

sic and dance is the most numerous with 14 of 37 items (37.83%) representing 14.14% 

of the total of 99 items. While the dimension Organization that has items with charac-

teristics of government, justice and organizational community has all the subdimen-

sions of the model associated with 6 of 6 items (100%), these represent 6.06% of the 
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total. All the items (42 of 99) of the sub-components that classify less, would not be 

influencing the classification of ethnic identity, therefore it can be deduced that in these 

items there would be a fusion of ethnic identity of the indigenous population with the 

culture of the other two cities of El Tena or Quito. 

 

Table 8. Dimensions, subdimensions and items that contribute less to the ethnic identity clas-

sification of the Waorani indigenous people. 
Dimension Items Subdimensions Items % Dim. % Tot. 

Economic (E )  22 E7 Trade 3   

    E9 Breeding of animals 1   

    E8 Hunting and fishing 3   

    E1 Handicrafts 2   

    Sub Total 9 40,9 9,1 

Family and repro-

duction (F) 

21 F6 Reproduction 6   

    F1 Education 1   

    Sub Total 7 33,3 7,1 

Ideological (I) 13 I1 Religion 1   

    I2 Beliefs 5   

    Sub Total 6 46,1 6,1 

Organization (O) 6 O3 Government 2   

    O2 Justice 3   

    O1 Community 1   

    Sub Total 6 100,0 6,1 

Social (S) 37 S7 Language 3   

    S3 Food 6   

  S1 Music, dance, songs 5   

    Sub Total 14 37,8 14,1 

Total 99 Total 42     

 

Table 9 shows the description of the 5 main sub-dimensions that contribute least to 

the classification (sub-dimensions taken from Table 8) together with the items that most 

influence or affect from the two westernised cultures (cities of El Tena and Quito) to-

wards the Waorani indigenous people. 

 

Table 9. Main sub-dimensions that contribute least to the classification together with the item 

descriptions 
Subdimensions Associated items 

E7 Trade  Sell products produced in their community (yucca, banana, bush-

meat, handicrafts) 

 How important it is for you to grow cocoa or products that are not 
part of your tradition 

 Prefers to grow products (such as cocoa, flowers) rather than tradi-

tional products (such as cassava, banana, corn, handicrafts, hunting) 

S7 Language  You consider that you speak and write Spanish 

 In the community you speak your language 

 You prefer your children to speak your language 
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I1 Religion  It is better to believe in the religions and gods that the missionaries brought 

from the city or the west. 

F6 Reproduction.  How many children do you have, like, or would you like to have children? 

O3 Government  The election of community representatives is done by vote. 

  Currently, the election of community representatives is as follows 

5 Conclusions 

Cultural identity is a complex concept affected by a multitude of variables, most of 

which are subjective in nature, making it difficult to analyse them quantitatively. In the 

case of the Amazonian indigenous cultures it is urgent to carry out this analysis because, 

due to the strong process of western acculturation to which they are subjected, their 

own identity is endangered and even feared for their disappearance. 

This paper analyses las components de un instrument specifically designed for the 

measurement of the Waoroani ethnic identity from an Artificial Intelligence (AI) point 

of view. 30 subcomponents have been used as the input of several classifiers in order 

to analyze the performance of an AI system to automatically classify individuals.  

The results show a high performance both the sensitivity and the specificity of the 

classifiers being able to provide with high accuracy the ethnic identity of an individual. 

Moreover, this paper analyses the components of the instrument as a feature selection 

problem obtaining that a subset of about 10 variables are able to achieve the same per-

formance results.  

In particular, the SVM classifier obtained the best results being able to use 4 of the 

5 components of the instrument to properly classify the identity of the individuals. Par-

ticularly, it used 9 of the 30 original subcomponents representing only the 30% of them. 

It allows us to reduce the dimensions and practically the number of questions needed 

to identify them.  

The quantification of each factor is one of the most important contributions of this 

work. On the one hand, the identity sub-components that contribute most to the classi-

fication were identified. These factors are the most influential in acculturating or af-

fecting the ethnic identity of the Waorani indigenous people and therefore, from a so-

cio-political point of view, more important to protect. Of the total of the sub-compo-

nents, the sub-components of the Social dimension (S) those that most affect indigenous 

identity with 14.1% followed by the Economic dimension (E) with 9.1%. The Organi-

zation (O) dimension affects with 6.1%, although it influences with all its sub-compo-

nents.  

On the other hand, it is also very important to identify the least influential factors, 

since from a socio-political point of view they would be the dimensions on which pol-

icies could be carried out to help these peoples with the guarantee of minimally affect-

ing their current cultural identity. The items of the 7 components that contribute least 

to ethnic classification have characteristics related to trade, language, religion, repro-

duction, government, food and music. These characteristics of ethnic identity would be 

the cause of the acculturation of the Waorani people and that, in some way, the citadine 

cultures of the West (as in the case of the cities of Quito and El Tena) would have 

penetrated with greater force on the identity of the indigenous people. 
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The contribution of the AI to the research is twofold. First, it allow us to provide a 

machine learning method able to automatically identify the identify factors of the Wao-

rani indigenous identity, showing a high performance even compared to close individ-

uals as the as the inhabitants of "La Tena" village. Second, the machine learning method 

is able to determine the most important dimensions of the instrument to reduce the 

number of variables needed to identify properly the Waorani indigenous identity and, 

in consequence, improve the instrument initially provided.  

In consequence, as future line a detailed study of the variable selection is proposed. 

It also will allow us to design distance function (using the subcomponents) able to de-

termine what level of identity is in an individual and whether it can be considered that 

the original identity of the indigenous nationality has been preserved. 
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