ﬁ

\‘
National
Collegeof

Ireland

Configuration Manual

MSc Research Project
MSc In Data Analytics

Sonal Suryakant Puradkar
Student ID: X22130250

School of Computing
National College of Ireland

Supervisor:  Arjun Chikkankod




‘-—
National College of Ireland \ National

MSc Project Submission Sheet COllegeOf
c Project Submission Shee
Ireland
School of Computing
Student Name: Sonal Suryakant Puradkar
Student ID: X22130250
Programme: MSc In Data Analytics Year: 2023-2024.
MSc Research Project
Module:
Lecturer: Arjun Chikkankod
Submission Due
Date: 14 Dec 2023
Project Title: Forecasting Global Mental Health Disorders : A Machine Learning
Approach using Socioeconomic Indicators
Word Count:1137 Page Count:19

I hereby certify that the information contained in this (my submission) is information
pertaining to research I conducted for this project. All information other than my own
contribution will be fully referenced and listed in the relevant bibliography section at the
rear of the project.

ALL internet material must be referenced in the bibliography section. Students are
required to use the Referencing Standard specified in the report template. To use other
author's written or electronic work is illegal (plagiarism) and may result in disciplinary
action.

Signature: Sonal Suryakant
PUFAAKAT ...

Date: 14 Dec

PLEASE READ THE FOLLOWING INSTRUCTIONS AND CHECKLIST

Attach a completed copy of this sheet to each project (including multiple | o
copies)

Attach a Moodle submission receipt of the online project a
submission, to each project (including multiple copies).

You must ensure that you retain a HARD COPY of the project, both | o
for your own reference and in case a project is lost or mislaid. It is not
sufficient to keep a copy on computer.

Assignments that are submitted to the Programme Coordinator Office must be placed
into the assignment box located outside the office.

Office Use Only

Signature:

Date:

Penalty Applied (if applicable):




Configuration Manual

Sonal Suryakant Puradkar
Student 1D:X22130250

1 Introduction

The objective of the project is to find out if the countries where mental health disorders
namely Anxiety Disorders, Bipolar Disorders, Eating Disorders, Schizophrenia and
Depressive disorders will be highest can be predicted based on socio economic indicators and
to see the forecasted values for 3 years. For this study we are taking country wise year wise
data of the below socio economic indicators for the years 1960-2022:

Indicator name Indicator Code
Adjusted net national income per capita (current USS) NY.ADJ.NNTY.PC.CD
Consumer price index (2010 = 100) FP.CPL.TOTL
Inflation, consumer prices (annual %) FP.CPIL.TOTL.ZG

Employment in industry (% of total employment) (modeled ILO estimate) | SL.IND.EMPL.ZS

Employment in services (% of total employment) (modeled ILO estimate) | SL.SRV.EMPL.ZS

Self-employed, total (% of total employment) (modeled ILO estimate) SL.EMP.SELF.ZS
Proportion of people living below 50 percent of median income (%) SI.DST.50MD
Unemployment with advanced education (% of total labor force with

advanced education) SL.UEM.ADVN.ZS
Unemployment, total (% of total labor force) (modeled ILO estimate) SL.UEM.TOTL.ZS
New businesses registered (number) IC.BUS.NREG
Multidimensional poverty index (scale 0-1) SI.POV.MDIM.XQ

For mental health disorders we are taking country wise year wise Disability Adjusted Life
Years (DALYSs) data from 1990 -2019.

To further find out the workplace mental health affecting factors this study creates
visualizations for the factors affecting workplace mental health.

Python is used for data pre-processing and data modelling and Power BI is used for
visualization in this study.

2 Data Gathering

Socio economic indicators data has been downloaded from
https://databank.worldbank.org/source/world-development-indicators and mental health
DALY data has been downloaded from https://ourworldindata.org/mental-health . Workplace
mental health data has been  collected from survey on Kaggle



https://databank.worldbank.org/source/world-development-indicators
https://ourworldindata.org/mental-health

https://www.kaggle.com/code/aditimulye/mental-health-at-workplace/input. All the data has
been gathered and kept into the root folder of the project.

3 Data Pre Processing

The data pre processing is done in python. It starts with reading data files from downloaded
CSV files. In section 1 of the notebook CrispDM_Mental_Health_forecasting.ipynb all the
libraries are imported and files are read into dataframes as shown below

I 1. Importing Libraries and Files

1.1 Impeorting Libraries

In [1]: import requests
import pprint
import json
import pandas as pd
import os as os1
import numpy as nj
import matplotlib.pyplot as plt
import seabern as sns

for this version of SciPy (detected version 1
warnings.warn(f"A NumPy version >={np_minversicn} and <{mp_maxversion}”

C:\ProgramDatalAnaconda3\lib\site-packages\scipyh__init__.py:146: USErWwarning: A MumPy versicn »>=1.16.5 and <1.23.@ is required
22.5

1.2 Importing Data Files and checking first 10 rows

In [2]: metadata_df = pd.read_csw( Ind
Indicator_data_df - pd.read_
Mental_data_df - pd.read_csv{

In [2]: Indicator_data_df.head(1e)
out[=z]:
SO ORI series Name senes Code BB i i e net e - oRan e oe
Adjusiad nat
0 Afghanistan AFg TeHonslincome WY ADLNNTY.PC.CD 585.56138588 ST5.0807054 52503
{eurre.
1 Asghanistan pres e FRCPLTOTL . . - . - 127.7052221 1327882807 132.88
(2010 = 100}
Infistion,
2 arghanistan aFe . consumer FRCRILTOTLZG 7.386T71784 4.673006035 -0.6617
)
Employment in
2 asghanistan AFG industry (36 of SLIND EMPL ZS 10 53853 22 04as71 20
emoloyment)
Employment in
4 Afghanistan  AFG  Sevees(80F o smvemeLzs szazoss  saaseTa a4
emoloyment)
Seff.employed.
5 amghanisten  aFa sl Bt sLemmsELEzS srosses  saotrze a4
employment)
Procortion of
In [4]: metadata_df.head{18)
out[4]:
Series Name Series Code
1] Adjusted net national income per capita (cume... NY.ADJNNTY.PC.CD
1 Consumer price index {2010 = 100) FP.CPLTOTL
2 Inflation, consumer prices (annual 3} FRCPLTOTLZG
3 Employment in industry (% of total employment])... SL.IND.EEMPL.ZS
4  Emgployment in services (% of total employment)... SL.SRVEMFL.ZS
5 Self-employed, total (% of total employment) (... SL.EMPRSELFZS
[ Proportion of people Bving below 50 percento... S1LDST.50MD
7 Unemployment with advanced education (% of fot... SLUEM.ADVN.ZS
a2 Unemployment, total (% of total labor force) (... SLUEM.TOTL.ZS
9 Mew businesses registered (number} C.BUS.NREG
In [5]: Mental_data_df.head (10}
out[s]:
DALYs from depressive DALYs from DALYs from bipolar DALYs from eating DALYs from anxiety
Entity Code Year disorders per 100,000  schizophrenia per 100,000 disorder per 100,000 disorders per 100,000 disorders per 100,000
people in, both sexes pecple in, both sexes people in, both sexes people in, both sexes people in, both sexes
aged age-standardized aged age-standardized apged age-standardized aged age-standardized aged age-standardized
0 Afghanistan AFG 1820 805 22565 13824825 147.84412 25471115 440.33000
1 Afghanistan  AFG 1281 20328434 137.78122 147 55505 25548581 430 47202
2 Afghanistan AFG 1282 £02.34073 137.08030 147.13085 24837040 43760718
3 Afghanistan  AFG 1283 B01.51587 136.48502 145.78812 23.863160 43569104
4 Afghanistan AFG 1884 881.28160 136.18323 145.58481 23.138074 436.75800
§ Afghanistan  AFG 1285 BO1T.E1344 135.55308 14883217 22503244 435 60028
6 Afghanistan AFG 1883 801.82085 135.16324 145.57857 21.827528 436.52713
7 Afghsnistan  AFG 1887 B02.02045 132420350 145.54047 21124723 428 425857
8 Afghanistan AFG 1888 B84.73630 133.56137 145.568704 20.412657 436.77020
9 Afghsnistan AFG 1020 B206.12808 132.82457 148.78817 18.821143 43712753


https://www.kaggle.com/code/aditimulye/mental-health-at-workplace/input

Data Pre Processing starts in section 2 in the notebook. The null values are represented as “..”
in the downloaded CSVs , these values are replaced by nulls in the section 2.1. Also the data
has years in columns and indicators in rows , so the data is unpivoted about years in section
2.2. Following this the year column is formatted to show numerical values in section 2.3 :

2.1 remove .. (null values represented as "..") from indicators data

In [7]: Indicator_data_df.replace('..", np.nan, inplace=True)
Indicator_data_df.fillna('', inplace=True)

In [8]: # Chekcking indicators after removal

Indicator_data_df.head()

Country Country i ) 1960 1961 1862 1963 1964 1965 2013 2014
Name  Code Conies Name Series Code \vpigen) [YR1961) [YRI962) [YR1983] [¥YR1964] [YRISES] ~  [YR2D13] [¥R2014] YR

Adjusted nat
- . national - N
0 Afghanistan AFG ncome per NY.ADJ NNTY.PC.CD ... 5256138880 575.6807084 526030

capita (curre. ..

Consumer
1 Afghanistan AFG price index FR.CPLTOTL .. 127752231 1337683687 132387
(2010 = 100)

Infiztion.
consumer
prices (annusl
)

2 Afghanistan AFG FRCPLTOTLZG ... 7.385771784 4873006035 -0.BB17C

Employment in
industry (% of
total
employment]...

(%}

Afghanistan AFG SLIND.EMPLZS 1953852 2204671 20

Employment in

Afghanistan  AFG  S=TMioes ‘ﬁ'{ SLESRV.EMFLZS .. 3282068  33.15474 346

employment]...

s

3 rows x §7 columns

2.2 Unpivot Indicators data about years and Pivot about values

In [9]: #Getting List of Columns
Indicator_data_df_columns = Indicater_data_df.coclumns

Indicator_data_columns_list = Indicater_data_df_celumns.tolist()
pprint.pprint{Indicator_data_cclumns_list)

2.3 Format year column , convert value to numeric column
In [11]: # Formagtting Year Column

Indicators_df['year'] = Indicators_df['year’].str[:4]
Indicators_df.head()

Country Name Country Code Series Code  year walue
o Afghanistan AFG NYADJNNTYPC.CD 1860
1 Afghanistan AFG FRCPILTOTL 1060
2 Afghanistan AFG FPCPITOTLZG 1060
3 Afghanistan AFG ELIND.EMPLZS 1860
4 Afghanistan AFG SLESRVEMPLZS 1860
In [12]: # Typecasting value column to numeric volues

Indicators_df['value'] = pd.tc_numeric{Indicators_df[ "value ]}

The column Year and Country code are renamed in section 2.4 to make it consistent in
mental health disorders dataset and indicators dataset. This is followed up by joining the two
dataframes in section 2.5



2.4 Renaming colunmnames to make it consistent across all dataframes

In [13]: 1 Indicators_df = Indicators_df.rename{columns={"year': "Year', 'Country Code' : "Code"})
Indicators_df['value'].replace('', np.nan, inplace=True}
Indicators_df.head()

out[13]:
Country Name Code Series Code  Year walue
0 Afghanistan  AFG NYADJMNNTYPC.CD 1980 MaN
1 Afghanistan  AFG FRCPLTOTL 1980 MaM
2 Afghanistan AFG FPRCPLTOTLZG 18680 NaN
3 Afghanistan  AFG SLINDEMPLZS 1880 NaN
4 Afghanistan AFG SL.SRV.EMPLZS 1960 MaN
In [14]: 1 Indicators_df['value'] = Indicators_df['value'].apply(lambda x: float(x) if x else flecat({'nan'))
2 | column_types = Indicators_df.dtypes
4 print({column_types})
Country Mame cbject
Code object
Series Code cbhject
Year cbject
value floates
dtype: object
2.5 Join Indicators and mental health dataframes based on country code and year
In [15]: 1 Indicators_df['vear'] = Indicators_df['vear'].astype({str)
2 Mental_data_df["vear'] = Mental_data_df[ "vear'].astype(str)
3 data_df = pd.merge(Indicators_df, Mental_data_df, on=['Code", 'vear'], how='inner')
In [18]: 1 data_df.head()
out[16]
DALY's from DALYs from
depressive DALYs from bi I?FllaY_s l‘:‘?m " DF::YS f:rlem anxiety
c disorders per schizophrenia per potar 1'38 0;& eating I:EEI EH;; disorders per
“"”“"" Code Series Code  Year walue Entity 100,000 people 100,000 people in, Pz. both F'T". Coth 100,000 peaple
ame in, both sexes both sexes aged s:::sag:‘d age- sg:::;:'ﬁ a;e in, both sexes
aged age- age-standardized - il aged age-
standardized standardized standardized standardized
0 Afghanistan AFG NYADJNNTYPC.CD 1800 MaM Afghanistan BD5.225685 132.24825 147.54412 26.471115 440133
1 Afghanistan  AFG FRCPLTOTL 1880 MNaM Afghanistan ‘BD5.22585 132.24825 147.84412 26.471115 44023
2 Afghanistan AFG FRCPLTOTLZG 1800 MaM Afghanistan BD5.22565 132.24825 147.54412 26.471115 440133
3 Afghanistan  AFG SLIND.EMPLZS 1980 NaM Afghanistan BD5.22585 132.24825 147.54412 26.471115 44033
4 Afghanistan AFG SLSRV.EMPLZS 1880 MaN Afghanistan BB5.22565 138.24825 147.54412 26.47T1115 440133
In [17]: 1 data_df.info()

In section 2.6 the disorders DALY are renamed to a shorter name for ease of understanding :

2.6 Renaming the disorder features to shorter names

In [12]: 1  data_df.columns

Out[12]: TIndex(['Country Mame', 'Code’, 'Series Code’, 'wear', ‘wvalue', 'Entity’',
'DALYs from depressive disorders per 188,229 pecple in, both sexes aged age-standardized’,
‘DALYsS from schizophreniz per 18e,288 pscople in, both sexes aged age-standardized’,
‘DaLys from bipolar disorder per 12e,e@e people in, both sexes aged age-standardized®,
'DALYs from esting disorders per 188,888 people in, both sexes aged sge-standardized’,
'DALYS from anxiety disorders per 1ee,e0e people in, both sexes aged age-standardized ],
atype='object )

In [12]: data_df — data_df.rename(columns—{

"DALYs from depressive disorders per 180,008 pecple in, both sexes aged sge-standardized
from schizophrenia per 1ee,eee@ people in, both sexes aged age-standardized
from bipolar disorder per 18@,eee people in, both sexes
from eating disorders per 180,288 people in, both sexes
from anxiety disorders per 18@,289 pecple in, bokth sexes aged age-standard

)
data_df - data_df.drop{celumns=[ 'Entity’1}

In [2e]: 1 data_df.head()
2 | #data_df. to_csv( ‘data.csv’)
out[ze]:
Country Name Code Series Code Year wvalue Depressive Disorders Schizophrenia Bipolar_Disorders Eating Disorders Anxiety Disorders
o Afghanistan  AFG NYADJNNTY.PC.CD 1980  MNaN sas 22588 12824825 147 84412 28.471115 44032
1 Afghanistan  AFG FRCPLTOTL 1900 NaM =05 22585 123 24825 147 84812 26.471115 44032
2 Afghanistan AFG FRCPLTOTLZE 1000 Mar B05.22565 128.24825 147.64412 26.471115 440.22
3 Afghanistan  AFG SLINDEMFLZS 1900 NaM =05 22585 123 24825 147 84812 26.471115 44032
4 Afghanistan AFS SL.SRV.EMFL.ZS 1000 Makh 80522565 128.24825 147.64412 20.47T1115 440.32



In section 2.7 the data is unpivoted about indicators so they show up in row and can be used
in prediction. These indicator codes in the column series code are then renamed for ease of
understanding

In [21]:
in [22]
In [23]:
out[23]:
In [22

In

[25]:

2.7 Pivoting about indicators and renaming indicator columns

pivoted_df = data_df.pivet(index=[ 'Ccuntry Name",'Code®, 'vear','Depres

piveted_df.reset_index{inplace=True)

piveted_df.columns

Index(['Country MName', "Code®, 'vear', 'Depressive_Disorders®,
'Bipolar_Disorders', "Eating_Disorders',
'FP.CPI.TOTL', 'FP.CPLI.TOTL.ZG',
'SI.DST.5@MD', "SI.POV.MDIM.XQ',

"IC.BUS.NREG',
"SL.EMP.SELF.ZS",

'SL.SRV.EMPL.ZS", 'SL.UEM.ADWN.ZS", "SL.UEM.TOTL.ZS'],
dtype="object', name='Series Code')

pivoted_df.head(}

ive_Disorders', 'schizophrenia','Bipolar_Disorders',"E

'schizophrenia’,
*anxiety_Disorders®,
'NY.ADJ.NNTY.PC.CD",
'SL.IND.EMPL.ZIS",

k

Sg':: u;m Code Year Depressive_Disorders Schizophrenia Bipolar_Disorders Eating_Disorders Anxiety_Disorders FP.CPLTOTL FR.CPLTOTLZG IC.
0 Afghanistan AFG 1980 20522555 138.24825 147.84412 26.471115 440.33000 Mak Mal
1 Afghanistan AFG 1981 20383434 137.76122 147.56506 25.542581 430.47202 MaM MaM
2 Afghanistan  AFG 1082 20234073 137.08030 147.12086 24837040 437.60718 Mak Mal
3 Afghanistan  AFG 1223 20151587 136.48502 148.78812 23.863162 43560104 Mal Mal
4 Afghanistan AFG 1904 201.32180 138.18323 148.58481 23.180074 435.75800 MaM MaM
»

#renaming column indicator c

#0 = FP.CPI.TOTI

#h = FP.CPI.TO

#C = IC.BUS.NREG

#d = 51.

#€ = 5L

& =

x'g =

#h =

#1

#] =

#R =

pivoted_df = pivoted_df.rename(columns={'FP.CPI.TOTL': "A', "FP.CPI.TOTL.ZG' : "B' "IC.BUS.NREG" : 'C", 'SI.DST.5@MD' : 'D
3

There are missing values for indicators and indicators with more than 60 percent data missing
are dropped from this analysis. Missing values are handled in section 2.8.



[3e]

T

@

2.8 Handling Missing values

2.6.7 Checking distribution of i valtes and wi them
1 % Counting blonk values in all indicator cofumns
= blank_counts = pivoted_df.groupby ([ Country Mame®, ‘'code’,’'¥vear', "Depressive pisorders”,'sSchizophrenia’, "Bipolar_Disorders-”
< blank_counts.head{}
& =sblamk_counts.to_csv{ 'blanks.csv’)
< -
Series Code CSUM*Y  Code Year Depressive Oisorc
Country  Code Year Depressive i s ia  Bipotar_Di: Eating_Disorders Anxicty_Disorders
Afghanistan  AFG 1990 =95 22565 138 zas25 a7 eaaiz 25.ara11s aa0 33000 o o o
1891 =93 smaza 137 76122 147 see9e 25 sassz1 azs a7z0z s o o
1992 =92 34873 137 05030 147 13088 24 537948 237 s071= o o o
1993 =91 51527 136 as602 R 23 ss3188 ass es10a s o o
1994 =91 35180 136 18323 146 58231 23 138074 a3s rse00 o o o

= Counting total blank values in each column

cols - [ 5O 5 MBS L SR o EE g TES o BE 5 SEIC o
blanks_sgg_af - blank_counts[cols].sumg)
print(blanks_sgg_df)

S0 CH 0 4020y

LEEYTE

[0
"
q
b
n
w
n
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a
"

QEUHIANMOND S
4
I
14

percentage_distribution = blank_counts[cels].mean() * 188

print (percentage_distributiecn)

Series Code

nmooSm 3

mod H I W

16.428080
17.428280
7@.233323
71.558088
E2.8166E7
12.833323
12.83323232
17.266667
9E&.6166E7
12.8332323
12.833323

dtype: floates

B R e

5

Percentage of 6000

series = pd.series(blanks_agg df)
# calculating percentoge out of &8@e which is total number of records
percentages = series / c@0a * 1ga

# Plot the percentages

plt.bar{percentages.index, percentages.values, color="skyblus'}
plt.xlabel('Categories')

plt.ylabel('Percentage of Goea')

plt.title({"values as Percentage of &@ee')

plt.ylim{e, 1e8) # set the y-axis Limit fo 8-180 fFor percentage representation

# Show the plot

plt.show()

Values as Percentage of 6000

100

A B C D E F G H | J K
Categories

2.8.2 Dropping indicators where more than 60 percent data is null

[

pivoted_df = pivoted df[['Country Mame', "Cede','year', 'Depressive_Disorders','schizophrenia’, 'Bipelar_Discrders','Eating D



For the columns remaining in the analysis, missing values are replaced by mean values in
section 2.8.2.

2.8.3 Replacing missing values with mean()

In [32]: numerical_columns = ['A", 'B", 'F' ,'G' , "H' , '}' , "K']
pivoted_df[numerical_coclumns] = pivoted_df[numerical_ceclumns].fillna(pivoted df[numerical_columns].mean{}}

This is followed up with exploratory data anlaysis using seaborn and feature scaling. In EDA
distribution of all the columns is explored and correlation matrix is prepared for indicators
and mental health disorders to find out any association.



In [28]: 1 #carrelotion matrix

correlation_matrix = target_wv_df.corr()
plit.figure(figsize=(12, &))

sns.heatmap(correlation_matrix, annot=True, cmap="coolwarm')
plt.title{"Correlation Heatmap")

pli.show()}

I & e

Correlabon Heatmap
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a
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a
o
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i
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5 nz
Eating_Disorders .l
Anxiety_Disorders
Depressive_DisordersSchizophienia  Bipolar_Disorders Ealing_Disorders Anxiely_Disorders
Series Code
In [23]: 1 |#correlotion matrix

3 correlation_matrix = indicater_wv_df.corr()

4 plt.figure(figsize=(1@, 38))

5 sns.heatmap(correlation_matrix, annot=True, cmap="coolwarm'}
& plt.title{'Correlation Heatmap®)

7 plt.show()

Correlation Heatmap
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It is found that the disorders bipolar disorders and anxiety disorders are correlated according
to available data, hence bipolar disorder are dropped. Similarly indicators J , K and F are
correlated so the indicators J and K are dropped.

In [£1]: 1 |#gipolar and anxiery disorder seem correlated hence replacing bipolar

target_v_df = df[['Country Name','Code','Year','Depressive Disorders','Schizophrenia', 'Eating Disorders','anxiety Discrders'

3



df_dd = df[['Country MName','Cocde', 'Y
df_s = df[['Country Mame'
df_ed = df[['Country MName','Code', 'Y

df_ad = df[['Country Mame','Ccde', 'yvear','A','B','F',"G", 'H", 'Anxiety_Disorders"]]

# dropping J and Kk @5 F , J and K are correloted and creating taorget dotaframes for all the disorders

This is followed up by creating separate dataframes for model implementaion for all the
disorders as seen in the picture above.

4 Modelling Evaluation and Visualizations

All the disorders are modelled using naiive forecasting and exponential smoothing model and evaluated
against mean squared error, mean absolute error, root mean squared error ,R squared and Adjusted R
squared values. Following this forecasted values are generated in separate CSVs to be used for data
visualizations using power bi. Section 3.1 has modelling and forecasting for anxiety disorders.

3.1 Modelling for Anxiety Disorders

In [53]: data = df_ad

In [54]: #renaming anxiety disorder to t ond exporting to csv
dataad = data.rename(columns={"Anxiety_bDiscrders': 'T'}}

dataad.to_csv('addata.csv')

In [55]: dataad.head()
Out[55]:
Series Code Country Name Code Year A =} F G H T

1] Afghanistan AFG 1990 §.410680=-18 1.504054=-18 2443852e-15 1.862120e-15 7.B66365=-17 440.33000
1 Afghanistan AFG 1891 §.4100802-18 1.504054=2-10 1.854804e+00 -3.010550e-03 T7.500365=-17 43047202
2 Afghanistan AFG 1092 5.4106080=-18 1.504054=-16 1.853048=+00 2.012347e-04 7.B6G265=-17 43760718
3 Afghanistan AFG 1092 §.4100802-18 1.504054e-10 1.850257=+00 -7.561121e-03 T7.500365=-17 436.60104
4 Afghanistan AFG 1094 §6.4108080=-18 1.504054=-18 1.8427482+00 -0.757740e-03 7.B66365=-17 4356.78800

In [56]: #pip install pmdarimg

3.1.1 Naiive Forecasting
In [57]: import pandas as pd

from sklearn.metrics import mean_squared_error, mean_absolute_error, r2_score

# Loa

f

o

d
pd.read_csv{ "addata.csv"')

data

# Prepare data

df = df.set_index('vear")

# Naiv

ve forecast

predictions = train['T"][-12:].values

# Calculote MSE

mse =
mag =

mean_squared_error(test["T'].values, predictions})
mean_absolute_error(test['T'].values, predictions}

rz = r2_score(test['T"].values, predictions)

print('R-squared (R*):", ra2)

1

n = len(test)

# numher af nredictaors fin this rase. 1 for the naiue forecaost)



3.1.2 Exponential Smoothing Model

In [52]: 1  import matplotlib.pyplot as plt

from statsmecdels.tsa.holtwinters import ExponentialSmocthing
from sklearn.metrics import mean_squared_error

from math import sgrt

wopa

df = pd.read_csv('addata.csv")

“ @

# Specify the number of steps to forecast
forecast_steps = 3

# Fit the Exponential Smoothing model
model = Expeonentialsmocthing{df['T"'], seascnal="add', seasonal_pericds=4, trend='add", damped=True}
model_fit = model.fit()

# Make forecaosts
forecast_values = model_fit.forecast(steps=forecast_steps)

# Evaluate the model using Mean Squared Error (MSE)
y_test = df['T'][-forecast_steps:]

mse = mean_squared_error(y_test, forecast_wvalues)
rmse = sqri(mse)

print(f"Mean Squared Error: {mse}")

print(f"Root Mean Squared Error: {rmse}")}

# Calculate R-squared

y_mean = df['T"].mean(}

sst = ((df['T'] - y_mean)**2).sum{}

ssr = ({y_test - forecast_walues)**2}.sum(}
r2 = 1 - {ssr J sst)

print(f"R-squared (R?): {r2}")

# Calculate Adjusted R-squared

n = len{y_test)

k = 3 # number of predictors (seasonal, trend, and damping terms)
adjusted_r2 1-((1-r2) =(mn-1) /{(n -k - 1))
print(f"adjusted R-sgquared: {adjusted_rz23}"}

C:y\UsersiKOMALP~1\AppDatatLocal\Temp/ipykernel_11208,/1313939485.py:12: FutureWarning: the 'damped"® keyword is deprecated, use
'damped_trend' instead

model = Exponentialsmoothing(df['T'], seasocnal="add', seascnal_periods=4, trend='add', damped=True}
C:WProgramDatahAnaconda3llib\site-packageshstatsmodelshtsal\holtwinters\model.py:427: FutureWarning: After ©.13 initializaticn m
ust be handled at model creaticn

warnings.warn{

Mean Sguared Error: 15.58262528429255
Root Mean Squared Error: 4.87217697114118
R-zquared (R?): 1.8

Adjusted R-sguared: 1.2

3.1.3 Foracasted Valuas

import pandas as pd

from statsmedels.tsa.holtwinters import Exponentialsmocthing
from sklearn.metrics import mean_squared_error

from math import sgrt

In [59]:

# Print column names to identify the correct ones
print(df.columns}

ST T R TP

; # Specify the column name for the year
@ |year_column = 'Year'

12 # Specifying the number of steps to forecast (3 years)
13 forecast_steps = 3

15 # cCreate an empty datoframe to store the forecosted values
15 forecast_df = pd.DataFrame()

8 # Loop through each unique country in the datoframe

2 for country im df['Country Name'].unigue():

@ # Filter data for the current country
country_df = df[df[ Country mName'] == country]

n &
2
21
22

23 # Fit the Exponential Smoothing model

24 model = Expenentialsmoothing(country_df['T'], seasonal="add', seasonal_perieds=4, trend="add', damped=True)
2 medel_fit = model.fit()

.l

2

2:

i

# Make forecasts for the next 2 years
2 forecast_walues = model_fit.forecast({steps=forecast_steps)

# Creagte o datafrome to store the forecast values with the corresponding country, code, and year

country_forecast_df = pd.pataFrame({'Country Hame': [country] * forecast_steps,
'Code': [country_df['Code'].iloc[@]] * forecast_steps,
year_column: list{range(country_df[year_column].max{} + 1, country_df[year_coclumn].m
'Forecast': forecast_values})

# Concatenate the current country's forecast dataframe to the overall forecast datafirame
forecast_df = pd.concat([forecast_df, country_forecast_df], ignore_index=True)

# Print the forecasted values dotaframe
print(forecast_df}

BB BB

2 forecast_df.to_csv('forecasted_walues_anxiety discrders.csv', index=False)
3
4 *
Index(['Unnamed: &', "Country Name®, 'Code*, 'Year', "A', 'B", 'F', 'G', 'H', -

‘T 1,
dtype="'object')

C:hWUsers\KOMALP~1\AppDatatlocal\Temp/ipykernel 11288/3379567552.py:24: FutureWarning: the 'damped'"® keyword is deprecated, u
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Section 3.2 has modelling and forecasting for depressive disorders.

3.2 Modelling for Depressive disorders

3.2.7 Naive Forecasting
1 data = df_dd

#renaming anxiety disorder to t and exporting to csv

2 datadd = data.rename{columns={'Depressive_Disorders': 'T'})

3

4 datadd.to_csv('dddata.csv')

5

1 import pandas as pd

2 from sklearn.metrics import mean_squared_error, mean_absolute_error, r2_score
3 from sklearn.model_selection import train_test_split

5

# Load data
df = pd.read_csv("dddata.csv")

# Prepare data
df = df.set_index('vear")

# Split data into train aond test (78X train, 28% test)
train, test = train_test_split(df, test_s =@.3, shuffle=False)

# Mgive forecost
predictions = train['T"][-len{test):].values

# Calculate MSE

mse = mean_sguared_errer(test['T'].values, predictions)
mae = mean_absolute_errcr(test['T'].values, predictions}
r2 = r2_score(test['T"].values, predictions)

print('Nai

print('Naiv mae}
print('R-squared (R2):', r2)

Wopa e

n = len{test)
k = 1 # number of predictors (im this case, 1 for the naiv
adjusted_r2 =1 - ({1 -r2) * (n - 1) f {n - k - 1))

Forecast)

WR3 R RS RI RS RS R R R R
B Ea Ao

@ print('Adjusted R-sguared:', adjusted_rz)

Naive MSE: 663881.41718158238

Naive MAE: 28@.21868311666656
R-squared (R2): -2.6488914186754222
Adjusted R-sguared: -2.6412048398417E683

3.2.2 Exponential Smoothing Modal

import matplotlib.pyplot as plt

from statsmodels.tsa.holtwinters import Exponentialsmocthing
from sklearn.metrics import mean_squared_error

from math import sgrt

W e

df = pd.read_cswv{ dddata.cswv"}

# specify the number of steps to forecaost
forecast_steps = 32

# Fit the Exponentiol Smoothing model
model = Exponentialsmoocthing(df['T"], seascnal="add', seasonal_pericds=4, trend="add', damped=True}
model_#it = model.fit()

# make forecasits
forecast_values = model_fit.forecast{steps-=forecast_steps)

# Evaluote the model using Mean Squared Error (MSE)
y_test = df['T'][-forecast_steps:]
mse = mean_sguared_error(y_test, forecast_values)

ean Sguared Errcr: {mse}")}
f"Root Mean Sguared Error: {rmse}")

W

(TN

n B

# Calculaote R-squared

y_mean = df['T'].mean{)

sst = ({df["T'] - yv_mean)**2}.sum{}

ssr = ({yv_test - forecast_walues)*=2}.sum(}
rz = 1 - {ssr J sst)

print(f"R-squared (RZ): {rz2}"}

ulate Adjusted R-squared

n{y_test)

k = 3 # number of predictors (seasonal, trend, and damping terms)
adjusted_rz =1 - ({1 - r2) * {(n - 1) J {(n - k - 1)}
print(f"adjusted R-squared: {adjusted_rz}"}

mn

CiUsers\WKOMALP~1\AppDataiLocal\Temp/ipykernel_11288,/535276686.py:12: FutureWarning: the 'damped'® kewyword is deprecated, use
‘damped_trend' instead

model = ExponentialSmoothing(df['T'], seasonal="add', seasocnal_periods=2, trend='add', damped=True}
C:\ProgramData\anaconda3ilib\site-packages\statsmodelshtsalholtwinters\model.py:427: Futurewarning: After #.13 initialization m
ust be handled at model creation

warnings.warn(

Mean Squared Error: 12.898836252732785
Root Mean Squared Error: 2.5913336125834266
R-squared (R*): 1.8

Adjusted R-squared: 1.e
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3.2.3 Forecasted Values

In [84]: 1 import pandas as pd

from statsmodels.tsa.holtwinters import Exponentialsmoothing
from sklearn.metrics import mean_squared_error

from math import sqrt

E]
5

# Print column names to identify the correct ones
print({df.columns)

# specify the column name for the year
18 year_column = 'Year'

# specifying the number of steps to forecast (3 years)
forecast_steps = 3

# Create an empty dotaframe to store the forecasted values
forecast_df = pd.DataFrame()

# Loop through each unique country in the datoframe
for country im df['Country Name'].unique(}:
# Filter data for the current country
country_df = df[df['Country Name'] == country]

# Fit the Exponential smoothing model
model = Expenentialsmoothing(country_df['T'], seascnal="add', seasonal_pericds=4, trend='add', damped=True}
model_fit = model.fit()

# Moke forecasts for the next 3 yeaors
forecast_values = model_fit.forecast{steps=forecast_steps)

# Cregte g dataframe to store the forecast values with the corresponding country, code, and year

country_forecast_df = pd.pataFrame({'Country Namz': [country] * forecast_steps,
'Code's [country_df["Code'].iloc[@]] * forecast_steps,
year_column: list({range(country_df[year_cclumn].max{} + 1, country_df[year_column].m
‘Forecast': forecast_values})

# Cconcatenate the current country's forecast daotaframe to the overall forecast dataframe
forecast_df = pd.concat([forecast_df, country_forecast_df], ignere_index=True)

# Print the forecasted values datoframe
print(forecast_df)

forecast_df.to_csv('forecasted_values_dipressive_disorders.csv', index=False}

1

Index(['Unnamed: &', "Country Name', 'Code', 'vear',
'L
dtype="object")

a', 'B', 'F', 'G', 'H', -

C:\Wsers\KOMALP~1\AppData‘Local\Temp/ipykernel_11208/923382177.py:24: FutureWarning: the ‘damped'® keyword is deprecated, us
e 'damped_trend' instead

model = ExponentialSmcothing(country_df['T'], seasonal='add"', seasconal_periods=4, trend='add', damped=True)
C:\ProgramDatahAnaconda3’\lib\site-packages\statsmodels\tsa\holtwintersimodel.py:427: FutureWarning: After @.13 initializatic

Section 3.3 has modelling evaluation and forecasting for Schizophrenia :

2.2 Modelling for Schizophrenia

In [&5]: 1 |#Running standard scater for all indicotor columns with torget varigble as anxiety disorders
from sklearn.preprocessing import Standardscaler

Gata = af_s

columns_te_scale = ["A°, "B', F', G ., 'H']

# Create a Stondardscaler
scaler = standardscaler(}

# Fit ond tronsform the numericol columns

#renaming depressive discorder te t and exporting to cswv

@atas = data.rename(columns—{ Schizcphrenia’': °"T°})

2 datas.to_cswv( ' sdata.csv)

1 datas.head(}

Series Code Country Name Code  vear A = - = H T
o Afghanistan | AFG 1090 01735775 27.1006 44263504 S 180848 7O0S.252162 138 24828
1 Afghanistan  AFG 1081 01735775 27.1086 02702270 S.121000 TOOZ.2S2152  137.78122
2 Afghanistan  AFG 1882 ©1.735T75 27.1905 S2.745990 ©.165000 TEOS.252158  137.08020
= Afghanistan  AFG 1883 91735775 27.1955 S2OTISES0 S.123000 TEOI.252158  130.48602
a Afghanistan  AFG 1004 01735775 27.1086 0223470 S.111000 TOOZ.2S2152 12818323

3.3.7 Naiive Foracasting

In [&2]: 1 import pandas as
from sklearn.metrics import mean_squared_srror, mean_absolute_error, r2_score

# rLoad data
df = pd.read_csv({ sdata-csv')

= Prepore da
aF - dF.

ta
set_index( ' vear")

data inte troin and test

& maiuve For
predictions

mean_sguared_error(test[ T'].walues, predictions)}
mean_absolute_errer(test[ T ' ].values, predictions)
r2_score(test[ ' T'].walues, pradictions
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3.3.2 Exponential Smoothing Modal

import matplotlib.pyplot as plt

from statsmodels.tsa.hcltwinters import ExponentialSmocthing
from sklearn.metrics import mean_squared_error , r2_score
from math import sgrt

# Load data
df = pd.read_csv("sdata.csv')

N T

# specify the number of steps to forecast
forecast_steps = 3

# Fit the Exponential Smoothing model

model = Expcnentialsmoothing{df['T"], seascnal="add', seasonal_pericds=4, trend="add", damped=True}
model_fit = model.fit{}

# rMake forecasts
forecast_walues = model fit.forecast(steps=forecast_steps)

# Fvaluate the model using Mean Squared Error (MSE)
yv_test = df['T']1[-forecast_steps:]

mse = mean_sguared_error(y_test, forecast_walues)
rmse = sgri{mse)

i "Mean squared Error: {mse}")

oot Mean Squared Error: {rmsel}")

(TR
LY

rz = r2_score(test['T"'].values, predictions)
#print( 'R-squared (R3):", r2}

# Calculate R-squared

yv_mean = df['T'].mean{)}

sst = ((df["T'] - v_mean)**2).sum{)

ssr = ((yv_test - forecast_values)**2}.sum(}
rz = 1 - {ssr / sst)

R-squared (RZ): {ra2}")

# Calculate Adjusted R_squared

n = len(y_test)

k = 3 # number of predictors (seasonal, trend, and damping terms)
adjusted_r2 = 1 - ({1 - r2) = (n - 1) / (n - k - 1)}
print(f"adjusted R-sguared: {adjusted_r2}")

C:\Users\KOMALP~1%AppDatatLlocaliTemp/ipykernel_11208/3498289368.py:13: FuturewWarning: the 'damped®® keyword is deprecated, use
'damped_trend' instead

model = Exponentialsmeoothing(df['T']1, seasonal="add®', seascnal_periods=4, trend='add', damped=True})
C:\ProgramDatatanaconda3ilibhsite-packagesistatsmodelsi\tsalholtwintersimodel.py:427: FuturewWwarning: after 2.13 initialization m
ust be handled at model creation

warnings.warn{
Mean Squared Error: @.19596351721161276
Root Mean Squared Error: 8.4428776673965273

3.3.3 Forecasted Values
In [78]: import pandas as pd
from statsmecdels.tsa.holtwinters import Exponentialsmocthing

from sklearn.metrics import mean_squared_error
from math import sgrt

Wk

# Print column names to identify the correct ones
print(df.columns}

5

# Specify the column name for the yvear
year_column = 'Year'

# Specifying the number of steps to forecast (3 years)
forecast_steps = 3

# Ccregte an empty dotoframe to store the forecasted values
forecast_df = pd.DpataFrame()

[
oo

# Loop through each umique country in the dataframe
for country in df['Country Mame'].unigue():

2@ # Filter daota for the current country

21 country_df = df[df["Country Name'] == country]

22

23 # Fit the Exponential Smoothing model

22 model = Exponentialsmoothing(country_df['T'], seasocnal="add', seasonal_pericds=4, trend="add', damped-True)
25 model_fit = model.fit()

26

27 # Moke forecasts jfor the next 3 years

28 forecast_values = model_fit.forecast(steps=forecast_steps)

23

£1:] # Create o dataframe to store the forecast values with the corresponding country, code, and year

31 country_forecast_df = pd.DatafFrame({'Country Mame': [country] * forecast_steps,

2 'Code': [country_df['Code'].iloc[e]] * feorecast steps,

3 year_column: list({range(country_df[year_cclumn].max({} + 1, country_df[year_cclumn].m
34 'Forecast': forecast_values})

35

# Concatenate the current country's forecost datafrome to the overall forecast dotaframe
forecast_df = pd.concat([forecast_df, country_forecast_df], ignore_index=True)

# Print the forecasted values dotaframe
print(forecast_df)

forecast_df.to_csv('forecasted_values_sc

cphrenia.csv', index-=-False)

Section 3.4 has modelling evaluation and forecasting for eating disorders :
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3.4 Modelling for Eating Disorders

n [71]: 1 | #Rumning standard scaler for all indicotor columns with torget varioble as anxiety disorders
from sklearn.preprccessing import Standardscaler

data = df_ed

columns_to_scale = ['A", 'B',"F',"G",'H"]

# Create a Standardscaler
scaler = Standardscaler(}

13 # Fit and transform the numerical columns

n [72]: 1 #renaming depressive disorder to t and exporting to cswv
2 dataed = data.rename{columns={ 'Eating Disorders": 'T'})}

dataed.to_csv('eddata.csv')

3.4.1 Naiive Forecasting

n [73]: import pandas as pd
2 from sklearn.metrics import mean_squared_error, mean_absolute_error, r2_score
3
4 # Load data
5 df = pd.read_csv{'eddata.csv'}
& df.head()
uk[72]:
Unnamead: 0 Country Name Code Year A E F G H T
o 0 Afghanistan AFG 1000 O91.735775 27.1065 44252804 £.156842 7003.252158 25471115
1 1 Afghanistan  AFG 1881 91.735775 27.1865 92783270 5.121000 7203.252158 25.548651
2 2 Afghanistan AFG 1882 91.735775 27.1865 92745000 5.153000 7203.252158 24.627040
3 3 Afghanistan AFG 1882 91.735775 27.1865 92972050 E5.123000 7203.252158 23.863160
4 4 Afghanistan AFG 1884 91.735775 27.1865 92533470 S.111000 7203.252158 23.180074
n [74]: 1
2 | # Prepare datao
2 df = df.set_index('vear")
S | # Split data inte train and test
& train = df[:-12]
test = df[-12:]
# MNaive fForecast
predictions = train['T"][-12:].values
2 |# Calculate MSE
13 mse = mean_sguared_error{test['T'].values, predictions}
1+ mas = mean_absolute_error(test['T'].values, predictions)
15 rz = r2_score(test['T"].values, predictions)
3.4.2 Exponential Smoothing Model
In [75]: import matplotlib.pyplot as plt

from statsmodels.tsa.heltwinters import ExponentialSmoocthing
from sklearn.metrics import mean_squared_error
from math import sgrt

# Specifying the number of steps to forecast
forecast_steps = 3

df = pd.read_csv{"eddata.csv"')

# Fit the Exponentiol Smoothing model
model = ExpeonentialsSmocthing(df['T"], seascnal="add', seasonal_pericds=4, trend="azdd"', damped=True})
model Fit = model.fit{)

# Make forecaosts
forecast_wvalues = model_fit.forecast(steps=Fforecast_steps)

# Evagluate the model using Mean Squared Error (MSE)
v_test = df['7T'][-forecast_steps:]

mse = mean_squared_error(y_test, forecast_values)
qrt{mse)

Mean Sguared Error: {mse}")

f"rRoot Mean Sguared Error: {rmse}")

# Evalugte the model by colculating R-squared
yv_mean = df['T'].mean{)

55t ((df["T'] - yv_mean)**2).sum{)

ssr {{y_test - forecast_values)*=2}.sum(}
rz = 1 - {ssr J sst)

print(f"R-squared {(R*): {rz2}")

# Fvaluate the model by colculating Adjusted R-squared

n = len{y_test)

k = 3 & number of predictors (seasonal, trend, and damping terms)
adjusted_r2 = 1 - ({1 - r2) * {(n - 1) / {(n - k - 1))
print(f"adjusted R-squared: {adjusted_r2}")

C:h\Users\KoMAaLP~1"ApprataiLocal\Temp/ipykernel_11288/2371666862.py 12! Futurewarning: the 'damped®® keyword is deprecated, use
‘damped_trend' instead

model = Exponentialsmoothing(df["T"'], seasonal='add', seascnal_periods=4, trend='add"', damped=True)
C:WProgrambataianaconda3shlibhsite-packagesistatsmodels\tsalholtwintersimodel.py:427: Futurewarning: After @.13 initialization m
ust be handled at model creaticn

warnings.warn{

Mean Squared Error: 9.826787367758588437
root Mean Squared Error: 2.16366846910929556
R-squared (R*): 1.8

Adjusted R-squared: 1.2
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3.4.3 Foracasted Valuas

In [76]: 1 import pandas as pd

from statsmodels.tsa.heltwinters import Exponentialsmocthing
from sklearn.metrics import mean_squared_error

from math import sgrt

# Print column names to identify the correct ones

print(df.columns)

ST T, I TR

ca

# Specify the column name for the year
year_column = 'Year

@ w

# specifying the number of steps to forecast (3 years)
forecast_steps = 3

# creagte an empty daotaoframe to store the forecasted values
forecast_df = pd.DataFrame()

# Loop through each unigue country in the dotaeframe
for country in df['Country Name'].unique():
# Filter data for the current country
country_df = df[df["Country nName'] == country]

# Fit the Exponential smoothing model
model = Expenentialsmoothing({country_df['T'], seasonal='add', seasonal_pericds=4, trend="add', damped=True)
model fit = model.fit()

# Moke forecasts for the next 3 years
forecast_values = model _fit.forecast(steps=forecast_steps)

# Create o dataframe to store the forecast values with the corresponding country, code, and year

country_forecast_df = pd.pataFrame(q{'Country Mame®: [country] * forecast_steps,
'Code': [country_df["Code'].iloc[e]] * forecast_steps,
year_column: list{range(country_df[vear_cclumn].max{} + 1, country_df[year_column].m
'Forecast': forecast_values})

# concatenate the current country's forecast dotafraome to the overoll forecast dotaframe
forecast_df = pd.concat([forecast_df, country_forecast_df], ignore_index=True)

33 # Print the forecasted values dataframe
48 print(forecast_df)

42 forecast_df.to_csv('forecasted_values_eating_discrders.csv', index=False)
4
Index(['Unnamed: &', 'Country Wame', 'Code', 'vear', 'A"', 'B', 'F', 'G&', "H', -
T,

Forecasted CSVs are used to create visualizations in power bi. Below reports show the top 5
countries forecasted to have highest number of cases of these mental health disorders. For
this analysis average value of forecast for 2020, 2021 and 2022 is taken and plotted :

Top 5 countries with highest forecasted values for 2020.2021 and 2022

Couniry Name

Top § countries with highest forecasted values for 20202021 and 2022
Disorder @ Depressive Discrdes

Couniry Kame

Discrder @ Arety

Average of Farscast
Average of Ferecast
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Top § countries with highest forecasted values for 20202021 and 2022 Top § countries with highest forecasted values fer 20202021 and 2022

Couniry Nerma Country Name

Oltarser @¢3tisg Do

Average o Farec

Below dashboard shows countries where percentage increase over these three years will be
highest. For this visualization a new metric for percentage increase is calculated and
maximum of the value is taken , the dashboard is then filtered for showing top 5 values in
power bi.

Top 5 countries with highest percentage increase in disorders in 2021

Anxiety Disorders Depressive Disorders

6
.
.
2
o I I o
Bru Malta
Emirates

United States Colombia Mongolia United Arab Kuwait Paland Antigua and
ira

Max of Percentage Increase
Max of Percentage Increase

Cyprus
Barbuda Darussalam

Eating Disorders Schizophrenia
20 20

0o

Myanmar Turkmenistan Ethiopia Vietnam Lao PDR Myanmar Turkmenistan Ethiopia Vietnam Lao PDR
Country Name Country Name

in

e
&

Max of Percentage Increase
o

Max of Percentage Increase
o -
& o

e
15

To further drill down to workplace related mental health factors, the downloaded dataset is
explored against all factors and pie charts are created in power bi to show the distribution of
mental health disorders according to these factors.
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Percentage distribution of various factors affecting workplace mental well being
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