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Configuration Manual

Megan Farrelly
x19144440

1 Introduction

This configuration manual describes in detail the steps required to replicate the experi-
ments undertaken to fulfill the research titled ” A Classification Approach to Identifying
Female Victims of Intimate Partner Violence in Europe and the US.” This manual doc-
uments the software and tools required, and where appropriate, how to implement these
tools. While popular packages were used, the code was highly customised through the
creation of functions that were used throughout the research to produce outputs that
facilitated analysis.

2 Hardware Overview

All research was carried out on a 2020 MacBook Air using Mac OS Monterey Version
12.5 operating system, with one 1.1 GHz Quad-Core Intel Core i5 processor, four cores
with 6 MB of L3 Cache, 8 GB of RAM, 500 GB of storage and Intel Iris Plus Graphics
1536 MB GPU.

3 Environment

All experiments were undertaken in the Python programming language. These were
completed by creating and running an ipynb file in Google Colab. Google Colab was
chosen as the environment for running the experiments due to the cloud based nature
of the platform, the option to use a GPU hardware accelerator and the fact that most
Python packages did not need to be installed to a local drive. Given the large file sizes
and large memory and disc space requirements, this environment was preferable. All code
required to complete the experiments were written in an ipynb file, which was saved to a
Google Drive account. An account is required to access both Google Drive and Colab.

4 Implementation

This section describes in detail the implementation of the code required to complete the
experiments and produce the results in the accompanying Research Project. The most
important pieces of code for replication is described through the use of screenshots of
code, inputs and outputs



4.1 Establishment of Environment

A number of packages are required to complete research. These are imported at the
beginning of each session (Figure 1). The pandas, numpy, scikit-learn, tensorflow and
plotly packages are the most commonly used and heavily relied on packages for data
manipulation, cleansing, transformation, modelling and graphing. Following this, the
functions that are used throughout the research are loaded (Figure 2). This cell that is
loaded at the beginning of each session contains 22 functions that are repeatedly called
throughout the research. This allowed for quick manipulation of the code. For example,
if a change was made to the code that determined the outputs of each model, the change
was easily made for all models. Once the required packages and functions are loaded, the
data can be imported for manipulation and testing.

ort requirec s
import requests, cs: on, re, io, glob, time, random, pydot, pydotplus, graphviz, torch, pytorch_tabnet, scipy.stats, pandas as pd, matplotlib.pyplot as plt, plotly.express as px, pl
import tensorflow as tf

from tensorflow.keras.utils import plot_model

from scipy.stats import kstest, mannwhitneyu

from google.colab import files

from pandas_profiling import ProfileReport

from datetime import date, datetime

from pandas_datareader import data

from scipy import stats

from numpy import asarray

from math import sqrt

from statsmodels.stats.proportion import proportion_confint

from IPython.display import display

from xgboost import XGBClassifier, plot_importance, DMatrix

from lightgbm import LGBMClassifier

from imblearn import under_sampling, over_sampling, combine

from imblearn.over_sampling import SMOTE

from imblearn.combine import SMOTETomek

from sklearn.metrics import mean_squared_error

from sklearn.linear_model import LinearRegression

from sklearn import neighbors, linear_model

from sklearn.model_selection import GridSearchCV

from sklearn.preprocessing import MinMaxScaler

from sklearn.tree import DecisionTreeClassifier, DecisionTreeRegressor, export_graphviz, plot_tree
from sklearn.ensemble import RandomForestClassifier, StackingClassifier, GradientBoostingRegressor
from sklearn.inspection import permutation_importance

from sklearn.model_selection import train_test_split

from sklearn.compose import ColumnTransformer

from sklearn.preprocessing import LabelEncoder, OneHotEncoder, OrdinalEncoder, StandardScaler, MinMaxScaler
from sklearn.compose import make_column_transformer

from sklearn.svm import SVC

from sklearn.naive_bayes import MultinomialNB, CategoricalNB

from sklearn.metrics import roc_auc_score, accuracy_score, fl_score, confusion_matrix, precision_recall_fscore_support, r2_score, mean_squared_error, cohen_kappa_score
from pytorch_tabnet.tab_model import TabNetClassifier

Figure 1: The packages required to complete the research.

complete_cases (df):
ans = sum(df.apply(lambda x: sum(x.isnull().values), axis = 1)>0)
print("There are",len(df) - ans,"complete cases.")

perc_variable(df,variable):
counts = df[variable].value_counts().tolist()
perc = (counts[1]1/1en(df))*100 #value_counts al s prints largest value first, so c e seconc dex (smaller numbe

print("IPV makes up","{:.2f}".format(perc),"% of the target variable.")

ef set_random_seed(seed=0):
np. random. seed(seed)
random. seed(seed)

Figure 2: An example of the functions that are called throughout the research.

4.2 Data Manipulation

All practical experiments are carried out in two parts. All data are uploaded and the
European data, or European Union Agency for Fundamental Rights (FRA)! dataset, is
explored, cleansed, transformed and modelled first. The same process is followed for
the USA data, or National Crime Victimisation Survey (NCVS)? dataset, following this.
To save memory, only the variables identified as of interest prior to implementation are

thttps://bit.ly/3sVmbeg
Zhttps://bit.ly/3t5B8u7



uploaded. To upload the data, the FRA and NCVS datasets in TAB and TSV formats
respectively, are zipped and added to Google Drive (Figure 3). To replicate this research
without changing the directory, it is recommended that the zipped file be added to the
Google Drive homepage, “My Drive,” highlighted in red in Figure 3, and not to any
subsequent folders. The data are then imported into Google Colab by mounting the
session to Google Drive and unzipping the files (Figure 4). Following this, cleansing can
begin. The variables are renamed to a descriptor to enable intuitive analysis (Figure
5). Redundant values such as “Refused” and “No answer” are replaced with nulls. The
number of complete cases are output (Figure 6). Data are further manipulated and
variables with a high number of null values are removed until an acceptable number of
complete cases remain for modelling. The rows where nulls exist are removed, and the
target variable is created by concatenating existing columns such as physical and sexual
violence and the percentage that IPV makes up of the target variable is output (Figure

7).
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Figure 3: The zipped data files uploaded to Google Drive.

Following cleansing, the data are explored. Functions that output skewness, kurtosis,
a histogram describing the distribution of numerical variables and a correlation plot are
called. The final step before transformation is to rename the values of each variable
to descriptors as these will later become the feature names following encoding (Figure
8). Some values are also consolidated in this step, for better analysis and to reduce
the number of small categories. For transformation to begin, the data are split into
training and test sets first to avoid data leakage®. These subsets are passed to a function
that transforms the data by ordinal or one hot encoding, or normalisation dependent
on the data type!. SMOTE Tomek is also applied to training sets only to solve class
imbalance within the target variable (Figure 9). Finally, the test sets are label encoded
and four transformed subsets are output for modelling. The function that completes this
transformation is shown in Figure 10.

3https://machinelearningmastery.com /data-preparation-without-data-leakage/
“https://machinelearningmastery.com /one-hot-encoding-for-categorical-data/



#these are ables

cols_list = ["count
"a06bl
“fo2m,

f opening in Google C
from google.colab import drive
drive.mount('/content/gdrive')

'unzip gdrive/My\ Drive/zipped_data.zip

fra_df = pd.read_csv("/content/zipped_data/fra_vaw_survey_protect.tab", sep='\t', low_memory=False, header=0, usecols=cols_list)

fra_df.shape #42002

Mounted at /content/gdrive
Archive: gdrive/My Drive/zipped_data.zip
creating: zipped_data/
inflating: __MACOSX/._zipped_data
inflating: zipped_data/38136-0003-Data.tsv
inflating: __MACOSX/zipped_data/._38136-0003-Data.tsv
inflating: zipped_data/fra_vaw_survey_protect.tab
inflating: __MACOSX/zipped_data/._fra_vaw_survey_protect.tab
(42002, 48)

Figure 4: The mounting process of Google Drive to Colab to unzip and upload the data.

fra_df = fra_df.rename(columns={fra_df.columns[1]:"children",
fra_df.columns[2]:"under_18",
fra_df.columns[3]:"women_over_18",
fra_df.columns[4]:"men_over_18",
fra_df.columns[5]:"maritial_status",
fra_df.columns[6]:"1iving_together",
fra_df.columns[7]:"separated",
fra_df.columns[8]:"1living_with_partner",
fra_df.columns[9]:"relationship_without_living",
fra_df.columns[10] :"married_number",
fra_df.columns[11]:"living_times",
fra_df.columns[12] :"without_living_times",
fra_df.columns[13]:"last_relationship_outcome",
fra_df.columns[14]:"currently_working",
fra_df.columns[15] :"employed_last_year",
fra_df.columns[16]:"occupation,
fra_df.columns[17] :"ever_discriminated_against",
fra_df.columns[18]:"discriminated_against_year",
fra_df.columns[19]:"general_health",
fra_df.columns[2@]:"any_injuries",

Figure 5: The variables for each dataset are renamed from their codes.

[8]
fra_df = fra_df.replace({-99:np.nan, 96:np.nan, 97:np.nan, 98:np.nan, 99:np.nan})

complete_cases(fra_df)

There are @ complete cases.

Figure 6: Redundant values such as “No answer” are replaced with nulls and the number
of complete cases is output.



[11] e k null 1

fra_df = fra_df.dropna(axis = @, how = ‘any')

emove )

e redunadant values ge c:
fra_df = fra_df.replace({ 1_violence': 3, ' Lvio

create ni rge iabl omen have n ¢ or ) or not
fra_df['ipv'] = np.where(fra_df.physical_violence fra_df.sexual_violence, fra_df.physical_violence, 1)
choc alue 0

bset var )
fra_df = fra_df[['country’, 'c men_over_18', 'men_over_18',
‘maritial_status', 'living_together |_number",
*living_t ithout_living_times',

', 'partner_age',
ctivity', 'partners_occupation', 'partne
toge r', 'how_often_parti
household_income* ,
*ethnic_minorit
rant_minority",
bility_minority',
_ _ . c n', !
*father_born_outside', 'education®, 'ipv'l]

fra_df.shape UVETSE]
perc_variable(fra_df,"ipv")

IPV makes up 12.54 % of the target variable.

Figure 7: The final step in cleansing, when rows where nulls exist are removed, the target
variable is created and the percentage that IPV makes of the target variable is printed.

a_df.copy()

n
fra_df.loc[:,"country"] = fra_df["country"].apply(lam "Austria" if x == 11
"Belgium" if x 12
"Bulgar if x
> "Croatia" if x
"Cyprus" if x

"Estonia’
e "Finland'
e "France"

"'Germany"

"Greece" i

"Ireland"
"Italy" if x
"Latvia" if x
"Lithuania" if x
"Luxembourg"
"Malta" if x == 29
“Netherlands" if x == 30
e "Poland" if x == 31
se "Portug.
"Romania’

"Slovakia"
"Slovenia"
"Spain"
"Sweden" if x
"United Kingd
None)

married
fra_df.loc[:,"maritial_status"] = fra_df["maritial_status"].apply(lamb "married" if x == 1 else "not marr ' if x == 2 else None)
#curre _worl
fra_df.loc[:,"currently_working"] ra_df["currently_working"].apply(lambda x: "full time paid" if x
else "part time paid" if x
else "self employed" if x == 3

Figure 8: An example of the values for each variable being renamed to be used as feature
names following later encoding.



~ Label, Ordinal and One Hot Encoding prior to modelling

Split the unprocessed data first, then apply any processing such as Scaling, Label, Ordinal, One Hot Encoding and SMOTE. This prevents
data leakage between the trained and tested models.

© set_random_seed()
x_train, x_test, y_train, y_test = test_train(fra_df)

erine a ume 0 D assea to unc
ohe_variables ['country', 'children',
'‘maritial_status', 'living_together', 'married_number', 'living_times"',

'without_living_times', 'c ntly_working', 'occupation',
‘ever_discriminated_against', 'any_injurie
tners_work_activity', 'partners_occupation','equal_say_income', 'religion’,
‘ethnic_minority', 'immigrant_minority', ligion_minority"',
'sexual_minority', 'disability_minority', exual_orientation',
ocality', 'citizen', 'mother_born_outside'
'father_born_outside']

oe_variables = ['education', 'household_income', 'under_18', 'women_over_18', 'men_over_18','general_health','partner_age', 'partners_earnings',
'how_long_together', 'how_often_partner_drunk', 'partner_education', 'age', 'household_income_sentiment','length_living _country']

x_train, x_test, y_train, y_test = encoding(x_train, x_test, y_train, y_test,ohe_variables,oe_variables)

x_train.shape

(22974, 134)

Figure 9: The data are split into train and test sets, and the variables are passed to a
function that transforms the data by ordinal or one hot encoding or normalisation, and
applies SMOTE Tomek to training sets only.

test_train(df):
x = df.iloc[:, @:-1].values
y = df.iloc[:, -1l.values

x_train, x_test, y_train, y_test = train_test_split(x, y, test_size = 0.2, random_state = @, stratify=y)
x_train = pd.DataFrame(x_train,columns = df.columns[0:-1])

x_test = pd.DataFrame(x_test,columns = df.columns[0:-1])

y_train = pd.DataFrame(y_train,columns = df.columns[[-111)

y_test = pd.DataFrame(y_test,columns = df.columns[[-1]1])

return x_train,x_test,y_train,y_test

encoding(x_train_df, x_test_df, y_train_df, y_test_df,ohe_variables,oe_variables,ss_variables= e

ohe = OneHotEncoder(categories='auto')
feature_arr = ohe.fit_transform(x_train_df [ohe_variables]).toarray()

feature_labels = ohe.categories_
feature_labels = np.concatenate(ohe.categories_, axis=0)
feature_df = pd.DataFrame(feature_arr, columns=feature_labels)

oe = OrdinalEncoder()
ordinal_arr = oe.fit_transform(x_train_df[oe_variables])
ordinal_df = pd.DataFrame(ordinal_arr, columns=oe_variables)

if ss_variables != g
ss = MinMaxScaler()
scaled_arr = ss.fit_transform(x_train_df[ss_variables])
scaled_df = pd.DataFrame(scaled_arr, columns=ss_variables)

if ss_variables !=
x_train = pd.concat([feature_df,ordinal_df,scaled_df], axis=1)
else: x_train = pd.concat([feature_df,ordinal_df], axis=1)

Figure 10: An example of the functions that transform the data ready for modelling.



4.3 Modelling

Following cleansing and transformation, modelling begins. Functions were created for
each of the nine models so that modelling for each dataset could be easily completed
with the ability to manipulate the inputs of each for optimisation (Figure 11). The func-
tion could then be called for either dataset with different specified parameters, and the
same output would be produced each time (Figure 12). A function was also created
that could be called within each model function to output the same metrics for each so
performance could be easily compared (Figure 13). This function produces Accuracy,
AUC and F1 score, along with a confusion matrix, by a number of methods, such as
through scikit-learn functions, normal approximation, binomial proportion intervals and
bootstrapped confidence intervals®. This was to decide which method was most appro-
priate for reporting error. Ultimately, bootstrapped confidence intervals are reported but
these outputs are maintained to allow for comparisons (Pace, 2012). Each model function
allowed for different parameters to be input for optimisation, fit the model to the train-
ing sets and made predictions from an unseen test set (Figure 11). The metrics function
was then called to produce the output metrics by comparing the prediction set and un-
seen test target variable (Figure 11). Other models such as Random Forest, XGBoost,
multilayer perceptron and TabNet also produced other outputs such as permutation and
impurity based feature importance graphs, structure graphs, loss and accuracy graphs to
monitor for overfitting (Figure 14, Figure 15). The function built to model a multilayer
perceptron was created with the help of online tutorials®. The TabNet model was built
with the aid of Arik and Pfister (2021).

The exact same process is followed to cleanse, transform and apply the same nine
models to the NCVS data and produce the same outputs as is described above. The
input parameters for each model are modified to optimise output. This is the main
reasoning behind creating functions and loading them at the beginning of the file, as
they are called multiple times throughout for either dataset.

Additional analysis was carried out on the FRA data to determine the rate of IPV by
country. This is mainly completed through the use of plotly (Figure 16).

naive_bayes(x_train, x_test, y_train, y_test, nb_type, alpha, fit_prior, class_prior):

nb = nb_type(alpha=alpha, fit_prior=fit_prior, class_prior=class_prior)

nb.fit(x_train, y_train.values.ravel())

predict = nb.predict(x_test)

X = metrics(y_test,predict)

return x

Figure 11: The Naive Bayes modelling function, an example of the function created for
each model.

Shttps://sebastianraschka.com/blog/2022/confidence-intervals-for-ml.html#method-4—confidence-
intervals-from-retraining-models-with-different-random-seeds

Shttps://www.section.io/engineering-education /build-ann-with-keras/; https://machinelearningmastery.com /neural-
networks-crash-course/



~ Application of Models to FRA data

>

naive_bayes(x_train, x_test, y_train, y_test, CategoricalhNB, 0.01,

Accuracy score: 0.835
ROC AUC score: 0.613
F1l score: 0.906
Confusion matrix:

[[ 131 281]

[ 262 2610]1]

Accuracy: 0.835

Lower bound of normal approximation accuracy: 0.822
Upper bound of normal approximation accuracy: @.847
Normal approximation accuracy error: 0.013

Normal approximation accuracy and error: 0.835 * 0.013

Binomial proportion accuracy: 0.795

Lower bound of binomial proportion accuracy: ©@.781
Upper bound of binomial proportion accuracy: ©.809
Binomial proportion accuracy error: 0.014

Binomial proportion accuracy and error: ©0.795 + 0.014

Average accuracy score on the bootstrapped test set: 0.835

Median accuracy score on the bootstrapped test set: 0.836

2.5th percentile of accuracy on the bootstrapped test set: 0.823
97.5th percentile of accuracy on the bootstrapped test set: 0.847
Accuracy error: 0.012

Accuracy standard deviation: 0.006

Accuracy standard error: 0.000

Accuracy standard error x 1.96: 0.001

Accuracy 95% confidence interval: 0.835 * 0.001

Accuracy and bootstrapped confidence interval: 0.835 * 0.012

Average AUC score on the bootstrapped test set: 0.613
Median AUC score on the bootstrapped test set: 0.612

Figure 12: The function called to model Naive Bayes and the output produced.

metrics(y_test, predict):

print('Accuracy score {:.3f}".format(accuracy_score(y_test,predict)))

print(*ROC AUC sc “{:.3f}".format(roc_auc_score(y_test, predict)))

print('F1 score:',"{:.3f}".format(fl_score(y_test, predict)))

print(‘Confusion matrix:',"\n",confusion_matrix(y_test, predict),"\n")
ltiou

accuracy_metric = accuracy_score(y_test, predict)
print(‘'Accuracy:',"{:.3f}".format(accuracy_metric))

confidence = 0.95 l i i

z_value = scipy.stats.norm.ppf((1 + confidence) / 2.0)

interval = z_value * np.sqrt((accuracy_metric * (1 - accuracy_metric)) / y_test.shape[0])
na_lower = accuracy_metric - interval

na_upper = accuracy_metric + interval

print('Lower bound of normal approximation accuracy:',"{:.3f}".format(na_lower))
print('Upper bound of normal approximation accuracy:',"{:.3f}".format(na_upper))
print('Normal approximation accuracy error:',"{:.3f}".format(interval))

print('Normal approximation accuracy and error:',"{:.3f}".format(accuracy_metric),'+',"{:.3f}".format(interval),"\n")

tn, fp, fn, tp = confusion_matrix(y_test, predict).ravel()

bp_lower, bp_upper = proportion_confint(tp, len(y_test), 0.05)

bp_acc = (bp_lower + bp_upper)/2

bp_error = bp_acc - bp_lower

print('Binomial proportion accuracy:',"{:.3f}".format(bp_acc))

print('Lower bound of binomial proportion accuracy: :.3f}". format(bp_lower))

print('Upper bound of binomial proportion accuracy:',"{:.3f}".format(bp_upper))

print('Binomial proportion accuracy error:',"{:.3f}".format(bp_error))

print(“Binomial proportion accuracy and error:","{:.3f}".format(bp_acc),"+","{:.3f}".format(bp_error),"\n")

y_array = y_test.iloc[:, 0].values

rng = np.random.RandomState()
idx = np.arange(y_test.shape[@])

Figure 13: An example of the function that defines the metrics output for each model.




XGBoost Feature Importance

town
men_over_18
women_over_18
general_health

partner manual labourer
how_often_partner_drunk
service job

household_income_sentiment

Feature

lived with a partner at least once
country village
martied at least once
city
desk job
discriminated against at work
Greece
0 0.01 0.02 0.03 0.04 0.05 006

Importance

Figure 14: Additional impurity based feature importance barchart output when the XG-
Boost function is called.

[a1] #arti
mip(x_train,

MLP Loss

Figure 15: Additional graphs describing the structure of the neural network and the loss
on the test set output when the multilayer perceptron function is called.

yaxis_title="Pe
legend_traceord,
itle

)

newnames = {'no ipv': IPV', 'ipv': 'IPV'}
fig.for_each_trace(lanbda t: t.update(name = newnames[t.name],
legendgroup = newnames [t.namel
hovertemplate = t.hovertemplate.replace(t.name, newnames [t.name])))

fig. show(]]

PV
PV
NoIPV

100

Percentage (%)

4 4 by, A 5 e Uy A S, 4 Go  Su O & # By 1, A &, O 9 Coy A ~ ", 5 S,
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European Country

Figure 16: Additional analysis of the FRA data using the plotly graphing package.



4.4 FError Analysis

The final analysis undertaken is error analysis. One model, Random Forest, is called
repeatedly and passed either a randomly reduced number of features or training points
or an artificially inflated amount of FRA data. This is to determine how accuracy and
variance around the accuracy returned by a bootstrapped confidence interval changes. A
second Random Forest function was created, with a seed set so that variance could be
attributed to the changing amounts of data. Both features and data points in the training
sets are randomly reduced by a quarter, a half and three quarters using pandas functions
such as sample (Figure 17). Data points are inflated through random resampling with
replacement by double, triple and quadruple also using the pandas sample function.

Reducing the features seems to have a small effect on the error, making it slightly worse, but only at the lower end

What affect does reducing the number of rows have?

[1]

indo educe the number of r
less_rows_df = fra_df.sample(frac = 0.75)

set_random_seed()
x_train, x_test, y_train, y_test = test_train(less_rows_df)

1 qur I { f
ohe_variables = ['country', 'children’',
' _together', 'married_number', 'living_times',
urrently_working', 'occupation',
0, ¢ _injuries',
y', 'partners cupation','equal_say_income', 'religion’,
'immigrant_minor 'religion_minority
'disability_mino y', 'sexual_orientation',
C L itizen', 'mother_born_outside',
'father_born_outside']

oe_variables = ['education', 'household_income', 'under_18', ' e 8', 'men_over_18','general_health', 'partner_age', 'partners_earnings',
'how_long_together', "how_often_partner_drunk ‘partn education', 'age', 'household_income_sentiment','length_living _country']

x_train, x_test, y_train, y_test = encoding(x_train, x_test, y_train, y_test,ohe_variables,oe_variables)

x_train.shape
17,188 rc
just ur

(17188, 134)

reproducible_random_forest(x_train, x_test, y_train, y_test, 100, 'entropy',

Accuracy score: 0.871
ROC AUC score: 0.528
F1 score: 0.930
Cohen's Kappa coefficient: 0.087
Confusion matrix:
[[ 21 293]
[ 25 2124]]

Figure 17: An example of error analysis, where the FRA data is reduced by a quarter to
determine the effect on accuracy.

4.5 Overfitting

When model optimisation occurred, all models were tested to ensure overfitting did not
occur. For some models, this testing was left in the outputs produced by the final models,
such as multilayer perceptron and TabNet, seen in the graphs describing loss and accuracy
of the training and test sets over the number of epochs. For other models, additional
outputs were generated to determine whether the models were being overfit dependent
on the number of estimators being passed. To reduce overall runtime and output, these
were not maintained following optimisation. An example of this work can be found at
the bottom of the ipynb file, where a function applies random forest with an increasing
number of estimators and outputs the accuracies returned on the training and test sets
(Figure 18).

The final section in the ipynb file contains rough work, which includes pieces of code
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*_test, y_train, y_test)

jhtincrease. At this point we
different models, where train
if test accuracy. ning
in models above such as MLP and Tat ing problem by comparing
h the different epochs and automatic:

Figure 18: An example of how models are tested for overfitting during the optimisation
process.

that may have initially been used until a decision to change a part was made or until an
alternative method was found. The progress of the research and how the code evolved
can be visualised here.
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