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Abstract 

This paper presents a method for detecting an author's profile using the following two elements: gender and age. This is based on 
a set of dialogues, written in two languages: English and Spanish, provided for Author Profiling competence within the 
evaluation forum "Uncovering Plagiarism, Authorship, and Social Software Misuse" (PAN2018). Counts of lexical, semantic, 
and syntactic characteristics are used to generate a two-phase classification system, which first classifies gender and then age. 
The results obtained show that, with the amount of data available, it is possible to characterize both the age and gender of an 
author with an accuracy greater than 50%. However, these values could be improved by having more evidence of information in 
the training data. 
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forensic medicine, security and marketing. For example, from the perspective of forensic linguistics, it would be 
important to know the linguistic profile of the author of a harassing message. Similarly, from a marketing point of 
view, companies may be interested in knowing, through the analysis of online blogs and product reviews, what kind 
of people comment on their products, and thus direct their advertising campaigns towards a certain gender or age 
range [1]. A detailed description of the subject's background can be found at:[2][3][4][5][6][7][8][9][10][11]. 

This paper proposes a method for detecting two aspects of the profile of authors in chats or blogs: gender and 
age. This method has made it possible to create a system that, based on a set of dialogues written by different people 
(each dialogue contains the gender and age group of the person who wrote it), to catalogue a new set of dialogues 
(evaluation set) and to determine the two aspects of the profile mentioned above. The texts used are presented in 
English and Spanish. 

2. The Method  

The training set consists of XML-type documents containing conversations on different topics grouped by author 
and tagged with their language (English or Spanish), gender (male and female) and age group. There are three age 
groups: 

1. 10s: People from 13 to 17 years old. 
2. 20s: People from 23 to 27 years old. 
3. 30s: People from 33 to 47 years old. 

The English corpus contains 236,600 authors, while the Spanish corpus contains 75,900. Table 1 shows some 
statistics of the dialogues, separated by language and gender [12]. 

Table 1. training set for the Author profiling task. 

 English Spanish 

Female Male Female Male 

Total of dialogues 118,300 118,300 37,950 37,950 

Dialogues de “10s” 8,600 8,600 1,250 1,250 

Dialogues de “20s” 42,900 42,900 21,300 21,300 

Dialogues de “30s” 66,800 66,800 15,400 15,400 

Vocabulary 1,228,711 1,219,020 533,873 592,605 

Average of words 798 705 249 273 

Dialogues with more words 10,648 12,917 11,806 11,714 

 
The vocabulary is very extensive, especially for the English language, which is logical since there are so many 

dialogues for this language. In the case of the Spanish language, the vocabulary is more extensive in the male 
category, while for the English language, the vocabulary is more extensive in the female category. In addition, it is 
observed that in all age categories, the number of texts is the same for both genders (in this sense, it is a gender-
balanced corpus for each age range) [13]. 

Analyzing the sets of texts, it was concluded that they present many misspelled words, truncated words, 
emoticons and vocabulary from blogs and chats. Therefore, the texts are expanded by building some lexical 
resources for both languages, such as: a dictionary of emoticons, a dictionary of abbreviations, a dictionary of 
common words in SMS and the most used contractions. Using the previously mentioned lexical resources, each 
occurrence of emoticons and contractions could be substituted in the training corpus by its corresponding meaning. 
Punctuation marks and non-printable characters were also eliminated. After applying this pre-processing, vocabulary 
in both languages was drastically reduced. 

In the phase of extraction of characteristics, most of the researches carried out use all the vocabulary, however, 
in this case it is observed that this type of approach would consume too much space and time resources of 
computation, and even certain automatic learning tools would not be able to support such a volume of information, 
that is why it is proposed to use the following counts: 
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1. Grammatical Categories: The grammatical category of each work was obtained within the texts, to later 
carry out the count of each of them. For this, the tool Tree-Tagger [14] was used for the Spanish language 
and the Stanford POS-tagger [15] for the English language, obtaining 102 characteristics for the Spanish 
language and 52 for the English language. 

2. Closed Words: Within this category, groups of words are classified as prepositions, conjunctions and 
determinants. Thus, each closed word represents a characteristic, and its value in each instance is given by 
the number of times it appears in the conversation. 195 words are obtained for the English language and 
178 for the Spanish language. 

3. Suffixes: The existing suffixes for both languages were taken as characteristics. As in the previous sets, 
each suffix represents a characteristic, and the number of times it appears in each conversation is the value 
for that attribute. In this set, 131 characteristics were obtained for the English language and 172 for the 
Spanish language. 

4. Signs: All existing punctuation marks are counted. 

As mentioned above, this article uses the automatic learning approach to detect the profile of authors. This 
approach starts from the premise of the existence of a supervised corpus that is used to train a classification model, 
which is then used to calculate the class associated with an input text whose class is unknown. Using the above-
mentioned characteristics, the following classification models were generated using the Random Forest method [16]: 

1. Gender: All texts from the training set are used to classify gender (male, female), as a classifying 
attribute. 

2. AgeMale: All texts written by men are grouped using the age range (10s, 20s and 30s), as a classifying 
attribute. 

3. AgeFemale: All texts written by women are grouped using the age range (10s, 20s and 30s), as a 
classifying attribute. 

3. Results  

This section presents the results obtained for both cross validation and software submission evaluation. For the 
analysis of the obtained results, precision metrics, recall and the F1 [18][19][20][21] measure are used, which is 
defined as the harmonic mean between precision and recall. 

 
3.1 10-fold cross validation 
 

As mentioned above, only the training dataset is used in this type of assessment. Table 2 shows the results 
obtained by classifying only gender, while Table 3 shows the values obtained by classifying only the author's age. 
The F1 measurement value obtained in the case of the gender classification is 0.5541 for the Spanish language, 
while it is 0.5654 for the English language. The age classification showed an F1 equal to 0.3854 for the Spanish 
language and 0.4825 for the English language. As it can be observed, on the data set used as training, the average 
values validate the hypothesis raised, which indicates that it is easier to detect the author's gender than his age. The 
behavior observed was similar for both languages (Spanish and English). 

Table 2. Evaluation by cross validation using gender (male and female) as classifying attribute. 

Category Spanish English 

Precision Recall F1 Precision Recall F1 

Male 0.5412 0.6547 0.5987 0.5398 0.6654 0.5995 

Female 0.5654 0.4514 0.5095 0.5754 0.4654 0.5313 

Average 0.5533 0.5531 0.5541 0.5576 0.5654 0.5654 

 
However, this behavior could be affected in some way by the number of samples for the class of authors that are 

in the range of 10 years (10s), since the few may not correctly represent the class and generate an over-adjusted 
model that does not behave adequately on the corpus of evidence. This class is too small in relation to the other two 
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(20s and 30s) and therefore, the classification process may tend to favor the classes with the largest number of 
samples. Under this reasoning, and considering a classification process based on two phases, two evaluations are 
proposed: first to classify the author's gender followed by the age classification (as proposed in the initial 
methodology) and in a second evaluation the inverse process is carried out. 

Table 4 presents the precision, recall and F1 values for each classification model applied in the second phase of 
the initial method, i.e., taking the gender models to determine age. 

Table 3. Cross validation assessment using age (10s, 20s and 30s) as the classifying attribute 
Category Spanish English 

Precision Recall F1 Precision Recall F1 

10s 0.0000 0.0000 0.0000 0.3345 0.0321 0.0478 

20s 0.7401 0.7854 0.7021 0.5245 0.5012 0.4985 

30s 0.5541 0.3521 0.4541 0.6584 0.7578 0.9012 

Average 0.4314 0.3792 0.3854 0.5058 0.4304 0.4825 

Table 4. Results of models that use age (10s, 20s and 30s) as a classifying attribute in the second phase of classification. 

Model Category Spanish English 

Precision Recall F1 Precision Recall F1 

Age 

Male 

10s 

20s 

30s 

0.1425 

0.6214 

0.5298 

0.0042 

0.7957 

0.3654 

0.0079 

0.6985 

0.4341 

0.3201 

0.5214 

0.6365 

0.0298 

0.4845 

0.7471 

0.0521 

0.4995 

0.6854 

Average 0.4321 0.3954 0.4120 0.4987 0.4214 0.4541 

Age 

Female 

10s 

20s 

30s 

0.0000 

0.6154 

0.5241 

0.0000 

0.7754 

0.3654 

0.0000 

0.6852 

0.4214 

0.3124 

0.5210 

0.6586 

0.0301 

0.4654 

0.7752 

0.0552 

0.4965 

0.7021 

Average 0.3754 0.3802 0.3852 0.4954 0.4214 0.4548 

General Average 0.4001 0.3798 0.3899 0.4952 0.4214 0.4512 

 
A better behavior is observed in the age range of 20 years, for dialogues written in Spanish (regardless of 

gender). In the case of dialogues written in English, the best result is obtained in the age range of 30 years. From this 
particular point of view, the results are co-related to the number of dialogues in the training dataset by age range. 
The experiment yields an F1 of 0.39 for Spanish and 0.45 for English. As expected, these F1 values are lower than 
those obtained in the first qualifying phase. Badly classified dialogues in phase one are destined to cause a margin of 
error close to 45 % in the second qualifying phase. 

In the case of the second evaluation, a classification model was created in which only age is used as the 
classifying attribute. The output of this model can be "10s", "20s" or "30s" (results in table 3). Once the author's age 
range was identified, the gender is identified, according to the age identified in the previous phase. Thus, there are 
now three additional classification models, one that trains on the dialogues written by people in the age range of 10 
years, another on the age range of 20 years, and the last on the age range of 30 years. 

The final output indicates the age range and the identified gender to which a given author belongs. Although this 
system has the same input and output as the one presented above, the results shown in Table 5 show the impact of 
selecting one phase over the other. The values of precision, recall and F1 for each classification model applied in the 
second phase are presented again. 

When comparing the results obtained with respect to the previous scheme, a greater loss of precision is observed 
in all age ranges, regardless of language. In particular, in the case of the Spanish language, it was not possible to 
distinguish the dialogues written by the authors in the age range of 10 years. This fact again suggests that the results 
are correlated with the quality of the training corpus, in such a way that the dialogues are not representative of the 
class and may have generated an over-adjusted model, as mentioned above. 
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Finally, it was decided to investigate the behavior of the classification process using a single model, i.e., a single 
phase in which there are 6 different classes associated with the different categories presented by the corpus: male in 
the range of 10 years, male in the range of 20 years, male in the range of 30 years, female in the range of 10 years, 
and so on. The results obtained and their comparison with the two models previously presented (Gender->Age and 
Age->Gender) are shown in Figure 1. 

Table 5. Results of models that use gender (male and female) as a classifying attribute in the second phase of classification. 

Model Category Spanish English 

Precision Recall F1 Precision Recall F1 

Gender 10s Male 

Female 

0.0000 

0.0000 

0.0000 

0.0000 

0.0000 

0.0000 

0.2014 

0.3035 

0.2524 

0.2452 

0.2214 

0.2665 

Gender 20s Male 

Female 

0.3332 

0.3542 

0.4013 

0.2785 

0.3645 

0.3012 

0.3456 

0.2963 

0.3965 

0.2325 

0.3785 

0.2621 

Gender 30s Male 

Female 

0.2845 

0.2985 

0.3458 

0.2214 

0.3024 

0.2456 

0.3214 

0.3785 

0.3854 

0.3123 

0.3521 

0.3456 

General Average 0.2123 0.2123 0.2132 0.3123 0.3021 0.3021 

 
Using the 6 classes avoids dragging errors from one phase to another, however, there is the problem of the 

increase in the number of classes. The classifier has more difficulty to discern between the different possibilities. 
Basically, the best approximation that could be had in the experiments presented in this paper was when a two-phase 
classification process was used, identifying first the gender and then the author's age range. Based on these results, it 
was decided to use this approach for the evaluation of the test corpus in the software-submission approach. 
 

 

Fig. 1. Comparison between the approximations of two phases presented and a single classifier with 6 classes. 

3.2 Software submission 
 

The system presented for the competition "PAN 2018" (Aleman) ranked 7 with an accuracy of 55.24 % for 
gender detection, 59.32 % for age detection and an overall accuracy of 32.14 %.  These results are quite similar to 
those obtained in the tests with the training set and although overall the accuracy does not exceed 50%, no 
participating team reached this value, being first place with 39.56% accuracy. 

This approach was evaluated within the framework of competition in order to detect conversations involving 
pedophiles. The results obtained place us in 12th place out of 21 participating teams. In fact, there are 8 teams that 
detect 100% the gender of the predators, however, this result is not as significant since it is well known that most 
sexual predators are male, which is also reflected in the data set of the competition. This approach obtained 74% 
accuracy in gender detection, which is consistent with the results reported throughout this paper. The conclusion is 
that the set of characteristics should be refined according to the type of classifying attribute, since it is not the same 
to classify gender as age. Gender is influenced by the character of people and the communication habits between 
men and women, but in the case of age, the size of the vocabulary, for example, should be significant, since people 
tend to increase and modify the vocabulary as they grow up. 
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4. Conclusions  

This article presented a method for gender and age detection in blogs and chats. This methodology uses counts of 
lexical, syntactic, and semantic characteristics to represent people's dialogues in order to train a supervised 
classification model to determine an author's gender and age range. 

The results obtained using only the training set show that there is a better classification in gender than in age, 
however, in neither case is exceeded 55 % of F1 measure, in addition, this measure lowers when the two classifiers 
are joined, reaching a F1 value between 40 % and 44 %. 

In particular, the number of dialogues for authors in the 10-year age range is very low and therefore, there is a 
risk that they are not representative of class in real life. Thus, the quality of the corpus had a negative effect on the 
classification process, over-adjusting the training data and generating a model that cannot adequately recognize the 
test data, especially for the set of dialogues that were written by authors in the 10-year age range. 
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