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Abstract:

Is there a correlation between one’s mental health status and one’s Age, Family History, Workplace Environment, or other aspects about one’s life? This paper answers this question by using responses to a survey that over 1000 people took. The participants of this survey were of diverse backgrounds and had varying answers. Models such as Logistic Regression, the Decision Tree Classifier, and the SVC model were used to produce correlations. The results indicate that there is a positive correlation between one’s family history of mental health and one’s current mental state, and that there is a negative correlation between one’s work interference and one’s current mental state, among others.

Introduction:

Mental health issues have become very prevalent in recent times, and although significant progress has been made in terms of treatment in the form of counseling, medication, and other methods, in order to truly find out the root cause of many mental health issues, a correlation has to be drawn between one’s mental state and another factor, such as family history, age, work environment, etc. It is also beneficial to correlate one’s mental state with a multitude of factors to see the compilation. Previous research on this topic suggests that correlations exist between one’s mental state and factors listed above. A study conducted by the NIH in conjunction with the Norwegian government on a pool of nurses suggests that nurses who experienced harassment had a mental illness. “Harassment (HR = 1.07; 95% CI 1.01–1.17) and social support (HR = 0.92; 95% CI 0.87–0.98) were associated with mental health-related LTSA” (Roelen, Hoffen, Waage, et al). Another study conducted by the Canadian Mental Health Association found that poor physical health can lead to poor mental health and vice versa. A dataset from kaggle was used to determine whether these factors, along with other important ones like age and family history correlate on the same scale.

Methodology:

Dataset & Data Preprocessing

The dataset that we found was a mental health in tech survey on kaggle (OSMI). We incorporated the dataset into our google colab workspace and started processing the data. Our first step in processing the data was assigning numerical values to the appropriate columns. For example, all the ‘Male’ responses in the Gender column were given a value of 2, the ‘Female’ responses were given a value of 1, and the ‘Other’ responses were given a value of 0. This ensured consistency between all columns and made it easier to work with the different models. Then, we eliminated all anomalies within each column of the data using functions that we made. For example, with the age column, several responses didn’t fit the working age minimum and the average retirement age, therefore they were replaced by the mean of all the ages. We then graphed the data for some of the columns to visualize the conveyed message. This was also the stage when we were beginning to draw some correlations between two specific factors which would help us get a general idea of what the results could potentially entail in the later stages. 

Models

After processing the data, it was time to split the data into two distinct sections; the training section and the testing section. Eighty percent of the data went into the training section and the remaining twenty percent went into the testing section. The training data was used to provide a context for the algorithm to run by. The testing data would be used on the algorithm, which would produce a result based on the training data. This process was conducted using the train_test_split() function and the StandardScaler() function. The data showed which external factors correlated positively and which ones correlated negatively with one’s mental health state. Using the data, we created four models (Logistic Regression, Decision Tree Classifier, Random Forest Classifier, SVC Model) and generated their results. The results and their implications can be seen in the sections below. Finally, we wanted to see how accurate these models were, therefore we created the train_evaluate() function that would generate an accuracy score for each model. We also calculated the F1 score for each model. The results and implications for all the processes described above are shown below. In the table directly below, a positive weighted score indicates a positive correlation between its factor and whether one sought treatment. The reverse is true if there is a negative score (Gender is the exception, as it is interpreted differently). 


	Factor
	Mental v physical health
	Coworkers
	Work interference
	Supervisor
	Seek help
	Gender
	Mental health consequence
	Anonymity
	Benefits
	Care options
	Age
	Family History

	Weighted Score
	-0.01647504
	0.14401129
	-0.28555309
	-0.05655586
	-0.08613702
	-0.11006007
	0.06733394
	0.07075296
	0.05188899
	0.15168379 
	0.05734136
	0.28669297
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Results:

The results that we received indicated that the models were very accurate as a whole, and that certain factors carried more weight than others. In terms of the F1 scores for each model, they were roughly between 70% to 80% (The highest being the SVC model at around 78.5%), and in terms of accuracy, three models shared the same score range. The exception was the SVC model, which showed a near 100% accuracy score. Therefore, the SVC model is the best model as it has the highest F1 and accuracy score. Each individual factor also had either a positive or a negative correlation with one’s mental state. As one’s age increases, their likelihood of developing a mental health issue increases by 5%, meaning that elderly people are more at risk of developing mental health issues. In addition, the results indicate that people are more likely to seek treatment for mental health issues if they will get corporate benefits or if they know about the consequences of mental health illness (7 and 6 percent respectively). The factors that have the most positive correlation are family history (28%), and the amount of coworkers one has (14%). Therefore, people who have a family history of mental illness, opportunities for corporate benefits, knowledge about the effects of a mental illness, and more coworkers in general are the most likely to develop a mental illness and/or seek treatment. Conversely, there are several factors that lead to a decrease in mental illness. Within the context of the data, females are more likely to seek mental health treatment (11% more likely), which means that generally, there is a non-trivial chance that women are more likely to develop a mental illness as a whole. Additionally, if one sought help, had good physical health, had a good supervisor, and had minimal interference in work, then their likelihood of developing a mental illness would decrease as well (-1%, -8%, -5%, and -28% respectively).

Conclusion:

This data can be used to make changes to work environments and others, with more emphasis being placed on mental health awareness and opportunities for mental health care and benefits. Specifically, women could be a major focus, since the results indicate that women are more likely to develop a mental health illness than men or others. The results can also be used to ponder further research opportunities, such as the likelihood of mental illness per person by industry, or the question of whether offering benefits and care programs is effective in the long term. Some limitations that we experienced while working on this study had to do with the data itself. There was not a column specifically showing whether one had a mental illness or not, but we substituted it in the algorithm for the ‘sought treatment’ column, which was an indicator of one’s mental state. Additionally, we could have explored more models and included more columns, but most of the remaining columns were of superficial importance in terms of what they were describing (Country, State, Region, etc). In the future, I would like to use a more extensive dataset with data from multiple industries to compare each industry, and to generate more models with the enlarged data. This would help draw more conclusions and expand upon the current verdicts.
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