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Abstract

This study presents algorithms to determine the gender of participants in the
2020 and 2023 Republican Mathematics Olympiad (ROM) for grades 6-11. We
aim to evaluate the effectiveness of the algorithms in correlating sex determination.
The analysis includes a breakdown of the effectiveness and working methods of

algorithms capable of gender detection.
The description of the problem

While analyzing the results of ROM (Republican Olympiad of Mathematics)
previous semester during “Theory of probabilities and mathematical statistics”
course, we found that a lot of data regarding the gender of participants was not
present. This information would be extremely useful for future researches. Because
of this we decided to continue our work in this direction during “Data Science”

course.


https://creativecommons.org/licenses/by-nc-nd/4.0/?ref=chooser-v1

Initial data

We originally had data collected during the Olympiads in 2020, 2021 and 2023
for grades 6-11. Not all years contain complete information, and individual aspects
vary from year to year. We found the data collected for 2020 to be the most
informative for the purposes of our analysis due to the availability of the gender of
the participants. The data for 2021 and 2023 contain only the number of correct
answers, and do not contain the gender of the participant, making it impossible to

train algorithms on this information.

During the data cleaning step we manually cleaned the data from 2020. It
contained around 9000 names, by this link you can check all the steps of this
process: link. After cleaning the data it contained 8944 names. We wrote these
names to csv file together with gender: link. This data will be used for testing and

training purposes.

We used two algorithms to identify gender of the participants: machine learning
algorithm based on logistic regression and rule-based algorithm. After that we

conducted a comparative analysis of the effectiveness of these algorithms.

Rule-based algorithm
Here is code for rule-based algorithm:
detect_gender(fullname) -> str:

male = 'male’
female = 'female'

unknown = ‘unknown'
names = fullname.lower().split()
name names:
name[-3:] == 'oBa'’ name[-3:] == 'eBa':
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female

name[-2:] == 'oB name[-2:] ==

name[-2:] ==

name[-2:] == '

name[-3:] == 'ryn’ name[-4:] ==
[-4:] == 'rynb':

female

name == ‘'yyny':
male

name == 'Kbi3bl':
female

name[-4:] == 'oBuy' name[-4:] == 'eBu4d':
male

name[-4:] == 'oBHa' name[-4:] == 'eBHa':
female

unknown

The rule-based algorithm is an algorithm that takes a manual approach for
identifying gender. All the patterns that lead to participant being identified as either
male or female were chosen by us and were not based on any research. However,

as we will see later, these rules proved to be close to reality.

To calculate the accuracy of algorithm the following method was used:

rule based detect_gender
pandas pd

df = pd.read _csv('names.csv")

correct
unknown




unknown_names = []
_, row df.iterrows():
fullname = row['Full.name"]
gender = row[ 'Sex']
predicted = detect_gender(fullname)
predicted == 'unknown':
unknown = unknown + 1
unknown_names.append(fullname)

gender == 0 predicted == 'female’:
correct = correct + 1

gender == 1 predicted == 'male’:
correct = correct + 1

print(f'Correct: {correct}, Incorrect: {df.shape[@] - correct -
unknown}, Unknown: {unknown}, Total: {df.shape[@]}, Percentage:
{correct/df.shape[0]*100}%")

The algorithm calls rule-based algorithm for each name from the csv file. It
counts the number of correct predictions and prints the accuracy of the model
(correct predictions / all predictions). As a result it prints this:

Correct: 8234, Incorrect: 465, Unknown: 245, Total: 8944, Percentage:

92.06171735241503%

As we can see, the accuracy of algorithm is 92.06%. The number of unknowns
names based on which model was not able to predict gender) is 245 or 2.7% of all
participants. We will compare it to the accuracy of logistic regression model later.

Logistic regression model

Logistic Regression is a statistical method used for binary classification
problems, where the target variable (the variable we are trying to predict) is
categorical and has only two possible outcomes (true/false, male/female). This

method is used for training initial data.



First, the algorithm takes all the necessary data for training and test from the

data.csv file:

data = pd.read_csv('data.csv', delimiter=',', quotechar='"")

This part is responsible for transforming the textual data contained in the
variable X into a numerical format that can be used for machine learning

algorithms, specifically for the logistic regression model that follows.

vectorizer = CountVectorizer(analyzer='char', ngram_range=(2, 4))

X_features = vectorizer.fit_transform(X)

Then we split data into two parts first is for training and second is for testing:

X_train, X_test, y train, y_test = train_test_split(X_features,
y, test_size=0.2, random_state=42)

Then we train our model on given data:

model = LogisticRegression()
model.fit(X_train, y_train)

Main part is done, now we need to check accuracy of our algorithm:

y_pred = model.predict(X_test)
accuracy = accuracy_score(y_test, y pred)
print("Accuracy:", accuracy * 100, "%")

The logistic regression model algorithms show a good percent of accuracy
which is around 98.8%.

Accuracy: 98.82615986584685 %

Predicted sex for AnuHa: Female




Here is example of how we can see work of algorithm for single case

name = "AnuHa"

predicted sex = predict_sex(name)
print(f"Predicted sex for {name}: {predicted sex}")

Comparison of two models

The rule-based algorithm achieved an accuracy of 92.06%, while the logistic
regression model achieved a higher accuracy of 98.83%. This indicates that the
logistic regression model outperforms the rule-based algorithm in terms of

accuracy by around 6%.

The rule-based algorithm had 245 instances (2.7% of all participants), where the
algorithm couldn't predict the gender. The logistic regression model is inherently a
binary classification algorithm, meaning it's designed to classify instances into one
of two classes. The logistic regression model can not return instances with

unknown gender. This might be beneficial depending on the use case of the model.

The rule-based algorithm requires author to manually define rules based on
patterns in names. The logistic regression model figures out patterns itself using
statistical techniques. That is the reason why the rule-based algorithm might be
hard to scale and use for new population (such as names in other languages). The
logistic regression model has the potential to generalize better to new data once

trained, making it more scalable and adaptable to different scenarios.

The logistic regression model cannot exist without training data because that is
what allows the model to make predictions. Training data provides the necessary
information for the model to adjust its parameters through the process of

optimization, so it can make accurate predictions on new, unseen data. However,



the rule-based model depends less on initial data which is important in cases when
we have a little amount of data with labeled gender. We had enough data for the
machine learning model to outperform rule-based but the reason for such high

accuracy was a big amount of initial data.

The rule-based algorithm is relatively simple and computationally inexpensive,
as it is just a sequence of IF: THEN expressions. The logistic regression model
requires more computational resources for training, especially if the dataset is

large, but once trained, prediction is usually fast.

Conclusion

In conclusion, the rule-based algorithm offers a respectable accuracy, however,
the logistic regression model demonstrates better performance in terms of accuracy
and potential for generalization, even though it may require more computational
resources for training. The choice depends on the familiarity of the researcher with
dataset of names, necessity for scalability and amount of available computational

power.

The algorithms presented in our work can be developed by using more rules for
rule-based algorithm and increasing the amount of initial data, which will increase

the accuracy of models.
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