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Abstract
Globally, sexual gender-based violence (SGBV) has affected individuals irrespective of age,

gender, and social status. This harmful act includes sexual, mental, physical, and economic harm
to both the private and economic sectors. SGBV has devastating consequences that can last a
lifetime for survivors and even lead to death, hence the need for immediate medical attention. In
the Kenyan context, SGBV continues to be a severe problem for society despite government efforts
to address it through legislative and/or policy frameworks The inability of health, non-
governmental organizations, and the government, as well as duty bearers, to combat SGBV has
been impeded by a lack of up-to-date data. Governmental limitations in terms of planning to ensure
that services are put in place to prevent SGBV and provide assistance to victims have attracted a
rise in the number of affected victims. In this study, data was collected using questionnaires, and
the collected data was used to find out the challenges in the reporting of SGBV cases and data
management processes by the duty-bearers involved. The data was analysed using Microsoft Excel
as a correlational tool, and the results were used to guide the researcher in the design of the mobile
and web application. The study adopted an applied research design, and Agile methodology was
used to develop the application. In order to understand the trends and patterns of SGBV, a KNCHR
database with SGBV and feature-related information was first compiled and prepared to be used
for ML modelling purposes, making use of the Poisson Regression Algorithm because it is best
suited for identifying patterns and relationships between different factors in this case; gender,
location, month, and year, and how these variables may affect the frequency of SGBV. Secondly,
an android-based mobile application was developed to assist victims in reporting the violations in
a timely manner, assist hospitals and police stations in data management by allowing them to
update the details of the case with necessary information on the application, seek duty bearers’
attention and assist in the mapping of the reported cases for purposes of visualizing the number
and geo-location of these cases, ensuring transparency throughout the ecosystem. The patterns
depicted from the ML model were integrated with the web application for duty bearers to view the
patterns of previously reported violations as well as a reports module on the web application
displaying analysis in form of charts of the reported cases through the mobile app including the
gender, age, type of violation and location. These analyses will aid in planning ahead for better
resource optimization and comprehension of the magnitude of SGBV in order to mitigate future

incidents.
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Chapter 1: Introduction

1.1 Background to the Study

Sexual and gender-based violence (SGBV) is defined by the World Health Organization (WHO)
as any coercive sexual act, effort to obtain a sexual act, or act against a person's sexuality
committed by anyone, regardless of that person's relationship to the victim, in any situation.
Instances include denial of access to resources or services, physical, psychological, or emotional
harm, and sexual assault. Coercion and threats of violence are both forms of violence. SGBV is a
grave violation of numerous human rights, causing harm to women, men, girls, and boys (“Sexual

and Gender Based Violence”, n.d).

The Sexual Offenses Act of Kenya makes rape, attempted rape, compelled or induced indecent
activities, and defilement all illegal and prohibited. According to Kenya's national violence against
children study, one out of every three girls and one out of every five boys has experienced at least
one incident of sexual assault by the age of 18. According to the Abuse Against Children report,
by the age of 18, 73% of boys and 66% of girls have experienced physical abuse. According to the
most recent National Demographic and Health Survey, 47% of women aged 15 to 49 have
witnessed physical or sexual violence. These findings paint a picture of Kenyans experiencing
violence on a daily basis. Kenya National Commission on Human Rights (2017) found that during
the 2017 electioneering period—which included political campaigns—25.17% of all human rights
violations were sexual and gender-based violations recorded from victims' personal statements that
included political party primaries, campaigns, the election, repeat elections, and post-election

scenarios.

Nairobi Metropolitan Services (2021) reported 5,589 rape survivors, 52 of whom were infected
with HIV-positive and 104 became pregnant. In 2021, the Health Chief Administrative Secretary
stated that the country had recorded at least 5,000 rape cases since March 2021, with many

involving girls under the age of 18.

According to the World Health Organization (WHO), nearly one-third of women will experience
sexual or physical abuse from an intimate partner during their lifetime (“Violence against
Women", 2021). Wado (2021), indicated that in Kenya, about 41% of women have reported

experiencing sexual and physical violence from their marriage partners in their lifetime. He also

1



indicated that there is a lack of up-to-date information on SGBV, but time-bound data usually
indicates how often this type of violence is happening. Human Rights Watch, in their report “I Had
Nowhere to Go,” highlighted that during the Covid- 19 pandemic, there was an increased rise in
cases of SGBV due to a less than adequate or late response by the Kenyan government. Sexual
and other forms of violence against women and girls may have increased because Kenya's response
to Covid-19 did not include services to prevent gender-based violence and aid survivors. The
Kenyan government has let victims down by not providing them with adequate mental health care,
medical care and protection services, financial aid, or a thorough investigation and prosecution of

the crimes committed against them (“Kenya,” 2021).

With considerable concern, it is noticed that policy texts have advanced the promise to dealing
with SGBYV instances more promptly than in actual practice. However, there are substantial gaps
between real legislation, the experiences of sexual and gender-based violence victims resulting
from the implementation process, and a great deal of operational misunderstanding at all levels.

1.2 Problem Statement
Sexual and gender-based violence continues to be a severe problem for the society despite

government efforts to address it through legislative and/or policy framework (National Gender and
Equality Commission, 2017). The inability of health, non-governmental organizations,
governmental as well as duty bearers, to combat SGBV has been impeded by a lack of up-to-date
data. Governmental limitation in terms of planning to ensure that services are put in place to
prevent SGBV and provide assistance to victims has attracted a rise in the number of affected
survivors. Lack of timely, quality and comprehensive mental health care, protection services,
financial assistance, medical attention, proper investigation and prosecution of their cases from the
duty bearers and related stakeholders to survivors have increased due to lack of timely data and

integration of this information to the affected parties (Nnoko-Mewanu, 2021).

1.3 Objectives

1.3.1 General Objectives

The general objective of this study was to develop a mobile application for the timely reporting of
SGBYV violations, assist in the data management of the reported violations by integrating hospitals
and police stations services, and use an ML algorithm to come up with an SGBV model that will

aid in identifying patterns and relationships between different factors that may affect their
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frequency, which will help improve policies by the duty bearers.

1.3.2 Specific Objectives
i.  To identify the challenges in the current methods of data collection for SGBV.

ii.  To review the current techniques in place for reporting sexual and gender-based violence
cases.

iii.  To develop a mobile application for the timely reporting of sexual and gender-based
violence cases.

iv.  To develop a machine learning model for pattern analysis of sexual and gender-based
violence cases.

v. Totest and validate the proposed tool.

1.4 Research Questions
i.  What are the challenges faced in reporting sexual and gender-based violence cases?
ii.  What are the techniques used to report sexual and gender-based violence cases?
iii.  How can the mobile application ensure the quality of evidence collected?
iv.  How can we develop a model to perform pattern analysis of sexual and gender-based
violence cases?

v.  How can the functionality of the proposed tool be tested?

1.5 Justification
Survivors of SGBV face difficulties when it comes to receiving the services they need after a

violation has occurred owing primary by lack of up-to-date data by the duty bearers, as well as
lack of fundamental understanding or awareness of crime reactions, with evidence lost at this point
due to tampering by the victim or perpetrator. According to international forensic best practices,
the proposed model will ensure that SGBV violations are properly reported within the 72 hours
recommended period and proper data management by the duty bearers which is critical in terms
of ensuring that services are in place to provide the necessary assistance to the victims and aid in
preventing more violations from occurring. The National Police Service (NPS) will benefit from
this proposed solution as it will aid in data management of complaints received from survivors as
well as have a database indicating cases that have been finalized and those that are pending. The
data collected will help the Office of the Director of Public Prosecutions (ODPP) better understand

the challenges of case prosecution and how to improve it. The proposed solution and data collected



will also benefit the Ministry of Health by revealing trends and patterns in reported cases as well
as improvements that can be made to assist SGBV survivors. This will also help to increase the
number of convictions, giving victims better and timely access to justice. Furthermore, it will assist
the government in allocating resources of all forms that are required for dealing with these

situations before they occur.

1.6 Scope
The research focused on the development of a mobile app that victims will use to report sexual

and gender-based violence cases, more so within the 72-hour period as per the international
forensics’ threshold to ensure evidence is preserved and maintains its validity. Proper data
management is ensured as the proposed solution will aid in integrating the victim reports, updates
by the law enforcement and medical officers in regards to the violation reported. All these leads

up to one common goal which is the accountability process.

With the centralization of the data collected, it is easier for courts to prosecute the perpetrators,
which will eventually lead to justice for the victims. The aspect of prosecution is outside the scope

of the research, as it wasn’t achievable within the timelines of this project.

1.7 Limitations
The anticipated limitation of the study was the time limitations that were there because of the many

concurrent activities being carried out by the researcher, the study swas only limited to what could

be efficiently achieved within the available time.



Chapter 2: Literature Review

2.1 Introduction

There has been a significant decline in the number of convictions for sexual and gender-based
violence cases, primarily due to the absence of a proper data management mechanism ensuring the
centralization of all data pertaining to sexual and gender-based violence cases and the lack of
fundamental knowledge of crime scene reactions where evidence is lost due to tampering by either
the victim or suspect (Forensic Science International, 2019). As a result, the duty bearers are unable

to render necessary and timely assistance to the survivors.

2.2 Theoretical Framework

2.2.1 Information Theory

According to Martignon (2015), information theory provides methods for distinguishing between
genuine information and noise. Shannon (1948) states that the fundamental challenge of
communication is duplicating a message conveyed from one point to another, either accurately or
approximately. The noisy-channel coding theorem establishes in information theory that no matter
how contaminated with noise a communication channel is, it is possible to send information almost
error-free. Communication noise is any factor that interferes with the clarity of messages sent and
received. Physiological, psychological, cultural, semantic, and physical noise are all types of noise

in communication (Kobiruzzaman, 2019).

Table 2. 1 Types of Communication Noise (Kobizurraman, 2019)

Physical Noise  |Physiological Noise [Psychological Semantic Noise  [Cultural Noise
Noise
Communication [The physical Communication |[Communication  [Communication
Disturbance condition of the obstacles caused |barrier created barrier from the
created by communicator, by psychological (from confusion wrong explanation
Environmental  which is caused by aspects over the of another
Factors. physical illness. of the meaning of words. pperson’s
communicator. behaviours.
Raining Sounds, |Headaches, Beliefs, Attitudes, |[Syntactical Wrong
Thunderstorms, |Deafness and Behaviours, Barriers, interpretation of
Outside Building [Blindness, Sensitive Issues  [Mispronunciations, messages
Sounds. Talking Fast or i.e., Religious, Grammatical conveyed from
Slow. Ethnic and Errors or Wrong  jnonverbal
Politics. Sentences. communication.




The use of the Claude Shannon model, which was designed for effective communication between
the sender and receiver, is illustrated below in Figure 2.1. This will ensure survivors' reports are
captured, stored, and analysed accurately and appropriately.

Received

M Signal Si : M
Information €sSage|  sender Sent 'gnal | Receiver of eSSagr e
Source Transmitter Message
Physical Physiological Psychological Semantic Cultural
Noise Noise Noise Noise Noise
Response or

Feedback

Figure 2. 1 Claude Elwood Shannon ’s Model of Communication (Drew, 2022)

2.2.2 Review of ML Models Instrumental in Crime Detection, Prediction and Analysis
Prieto et al. (2021) created a tool to help law enforcement officers choose the most appropriate

recidivism prevention techniques. In order to develop models that reliably predicted the recidivism
risk of perpetrators of gender-based violence, they employed Machine Learning methods like
Decision Trees, Logistic Regression, K-Nearest Neighbors, and Nearest Centroid. The proposed
ML method was put to the test on a database containing over 40,000 reports of gender-based
violence in order to see if it performed better than the current risk assessment algorithm based on
classical statistical techniques. To help authorities make the switch from the old model to the new
one based on ML, they proposed a hybrid model that uses both ML and statistical prediction
techniques. If the VioGen model is not accurate in practice, the police may have been less effective
when it was used to issue fairly good risk predictions. NC was found to be the most effective ML

model for solving the aforementioned risk prediction issues.

Machine-learning regression algorithms have been used to predict crime (Ajagbe et al., 2020).
When it comes to handling the randomness of test samples, linear regression has been found to be
more effective than decision trees. More importantly, the accuracy of machine learning in crime
prediction is valuable to understand for its potential to reduce crime rates (McClendon &

Meghanathan, 2015). When predicting criminal activity, random forest as a regressor produces
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superior results compared to other regression algorithms, such as linear regression (Kadar et al.,
2016).

According to Dakalbab (2022), the majority of the methods for predicting crimes were developed
for generic crimes. In the process of crime prediction, various models were used and tested to
determine which one was the most effective in relation to the dataset that was provided. An
investigation into the use of ML to forecast generic criminal behavior was carried out by Kim et
al. (2019). On the other hand, specific methods have been developed to address particular types or
categories of criminal activity. For instance, Srivastava et al. (2008) modeled the sequence of
operations involved in credit card transactions by employing a hidden Markov model (HMM).

Bello et al (2020) state that the safety, dignity, health, and autonomy of those who are victims of
gender-based violence (GBV) are all compromised, despite the taboo nature of the subject matter.
Even though there have been a lot of studies done on the subject, nobody really knows how much
of an impact the media has on this kind of violence. To extrapolate the effect that the news will
have on GBV, the tools of machine learning are utilized here. It is possible to recover the topic
information associated with each article by feeding neural networks with news. The study found a
link between public awareness and gender-based violence (GBV) news, as well as the effect of
media coverage of GBV cases and the intrinsic thematic connection between GBV news stories.
Due to the adaptability of the neural model employed, we can apply our methodology to other

media sources or topics.

According to Abdulkareem & Karan (2022), a prediction study was conducted in Los Angeles,
California. The main objective of this research is to foresee future instances of intimate partner
violence (IPV) by identifying the underlying causes and relevant contextual factors; this will allow
local authorities to take preventative measures. An online survey administered to Los Angeles
shelters for the homeless and youth centres provided the data for this analysis. Questions about
one's social life, romantic connections, and other topics are included in the survey. More than a
hundred different factors are represented in the columns of the data sets. To reduce the size of the
dataset and make it more manageable during training, feature shrinking is performed by using ML
methods such as P-value and Lasso to figure out which features were necessary for the final
dataset. As a result of its superior ability to foresee anomalies in data patterns, ANN has been

incorporated into the final prediction process.



2.3 Empirical Framework
Bello et al. (2020) created a machine-learning tool that estimates GBV rates from news articles in

Spain using natural language processing (NLP). Web scraping was used during the research to
extract data from the region's websites. 784,259 data points were collected between 2005 and 2020.
Each article used was labeled with a set of tags, making topic classification easier. Information
was extracted from the data source to assist in determining the relationship between the subject of
the article and its relationship to GBV. The stack protocol was used by the researchers, which
consists of two neural network models: first, they determined the general subject classification by
analyzing the content of each text, and then they applied a binary gender-based violence
classification, also known as the GBV probability, which is a rate probability where zero indicates
the absence of GBV.

Mishra & Kulkarni (2022) conducted a study to demonstrate the use of ML to attempt to accurately
predict types of violence such as physical or sexual, mental, and verbal experienced by adolescent
girls in public spaces, homes, and the educational institutions, ultimately concluding that the
Winnow algorithm had a sufficient accuracy rate (97%) to assist institutions in identifying victims
of violence and providing assistance. Another research group developed a scalable, supervised-
learning-based, automated sexual violence report tracking model with 80.4% accuracy and 83.3%
recall for identifying reports of sexual violence (Hassan et al., 2020).

Petering et al. (2018) developed an IPV perpetration triage tool that could be designed and applied
in the field to identify young individuals at high risk of perpetrating violence using several
supervised ML algorithms. They investigated supervised machine learning tools such as SVMs,
LRMs, CNNs, RFs, and deep SVMs. These models were trained and tested with K-fold (5-fold)
cross-validation, and their performance was measured with metrics like precision, recall, F1-score,
ROC curve, and accuracy. When compared to other classifiers, the F1 score of 0.58 achieved by

the SVM classifier (using an RBF kernel) was the highest possible.

Rodriguez et al. (2020) used ML techniques to model and predict the occurrence of GBV over a
six-month period. They accomplished this by analysing 30 features from a Spanish national
database to determine which had the greatest impact on the occurrence of GBV. GBV forecasting
is studied and compared using four prediction algorithms (Linear Regression, Gaussian

Process, Random Forest, and Support Vector Machines) so that governments can improve policy
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planning on this issue and thus optimize and maximize strategies. SVM and LR outperformed in
terms of short-term predictions, but their errors increased over time. The results of the tests showed
that using Random Forest as the predictive algorithm, it can estimate the number of GBV
complaints filed in court over a six-month period in Spain with an accuracy (Root Median Squared

Error) of 0.1686 complaints per 10,000 people.

Crowdsourcing apps can provide valuable insight into SGBV patterns and mechanisms, as well as
its spread in a specific region. Stop it! Report it! The app was created to allow Kenyan users, either
victims or witnesses, to pin incidents of violence on an interactive map and, if desired, add a
description of the incident. The information was then compiled into a comprehensive database of
GBYV hotspots in Kenya, which was not only made public but also shared with government
officials, public transportation operators, and civil society organizations in Kenya (Dickins &
Mwaura, 2020).

According to Roback and Legler (2021), Poisson Regression includes predicting a response using
one or more explanatory variables, which may include counted response variables. It is usually
used to calculate counts. D, Osgood (2020) advocated using Poisson Regression models to analyse
aggregate crime rates. They are best suited for modeling offense counts since they are based on

error distribution assumptions that are consistent with the nature of event counts.

Flowers, R, et al. (1980) indicated that Weber (1970) evaluated the validity of the assumption that
accidents follow a Poisson distribution. Weber categorized 148,000 California Driver Record
Study participants into 2880 groups based on gender, marital status, age, place of residence,
conviction history, and accident history. Accident distributions were discovered for the 193 groups
with at least 100 participants. Weber discovered that the Poisson distribution hypothesis was
satisfactory at the 0.05 level for 86.5% of the groups. The purpose of the analyses is to identify the
variables that influence the probability of a future accident, which are incorporated into the Poisson

regression model.

2.4 Architectures
According to Twin (2022), "data mining" is the practice of sifting through massive datasets in

search of patterns and relationships. In Figure 2.2, we observe the stages of a data mining process

being implemented.
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Figure 2. 2 The steps for data mining process (Yang et al., 2020)
2.4.1 Convolutional Neural Networks (CNNs)
According to Zamri et al., (2021), a classification approach or architecture for crime prediction
was through the convolutional neural network (CNN), which accepts images as input data and

assigns weights and biases. CNN works best for image prediction, classification, and recognition.

Figure 2.3 depicts CNN’s basic structure, which includes a pooling layer, a convolutional layer,

and a fully connected layer.
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Figure 2. 3 Convolutional Neural Network Architecture (Zamri et al., 2021)

Xia et al. (2016) used a multitask CNN that’s pre-trained to recognize the front as well as both
sides of the face when detecting face obstruction in ATM proximity. In this study, new face
datasets for criminal identification around ATMs were made. These datasets included images of
people wearing hats, sunglasses, or face masks. Rasanayagam et al. (2018), using a feature-based
method, on the other hand, identified and extracted feature characteristics from input images, such
as the mouth, nose, and eyes. Furthermore, the Caffe model framework was combined with CNN
to improve classification accuracy. The developed CNN can also detect the presence of blood, a
knife, and different types of guns.
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Dinama et al. (2019) used ReL.u as an activation layer because the convolutional layer consists of
a linear filter and a non-activation layer capable of detecting the presence of humans. This is also
used to predict the potential running direction of a person after committing a crime, such as pick-
pocketing. CNN is prone to overfitting because the network may be overly vulnerable during data
training. This could result in low recognition accuracy during the testing phase, despite the fact
that the training data achieved high accuracy. To overcome this limitation, Kim et al. (2018) used
a dropout method to randomly disconnect the connection by inserting a 50% dropout probability
between the first and second fully connected layers.

2.4.2 Recurrent Neural Networks (RNNs)

RNN is a type of artificial neural network which uses sequential data or time series data. Figure
2.4 depicts a recurrent neural network (RNN). According to Zamri et al. (2021), CNN is one of
the best image classifiers, but not for non-sequential data or the temporal domain. Han et al. (2019)
therefore utilized RNN to analyse the temporal domain in the middle of sequential data. In this
instance, training and testing data were processed using a fully connected CNN layer, followed by
RNN as video feature extraction in order to generate a new training set for RNN in order to improve

the accuracy of the CNN when working in conjunction with the RNN.

Figure 2. 4 Recurrent Neural Network Architecture (Zamri et al., 2021)

Another type of artificial RNN architecture is Long Short-Term Memory (LSTM), which analyses
the entire data sequence, including statistical data, images, and videos, as well as classifying,

processing, and predicting based on time series. There is also a feedback connection.

Choi et al. (2019) proposed a two-stack LSTM structure for encrypting each passer-by motion

information as a character vector and predicting the direction chosen by the passer-by. This can be
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used to monitor a criminal's movements in a crowd and foresee his or her next steps after a crime
has been committed. By adding more layers of LSTM, each with its own set of memory cells, the

model can now make more precise predictions (Zamri et al. 2021).

The introduction of a conditional gate was necessary because LSTM uses a memory block
connected via layers. This LSTM architecture was used to predict crimes such as robbery, burglary,
or violence based on data sorted by timestamp. The LSTM was also used to predict how many

cases would occur in the next day or even the next month (Zamri et al. 2021).

2.4.3 Generative Adversarial Networks with Bidirectional Encoder Representations from
Transformers
BERT is a transfer learning technique in which a model is initially pre-trained on general tasks

and then refined on the final target tasks. BERT is a model that is pre-trained on a corpus of raw
texts and then fine-tuned on annotated target data. BERT's foundation is the Transformer, which
is an attention-based mechanism that learns contextual relationships between words, sub-words,

and word fragments in a text.

Croce et al., (2020) define the first step as performing some pre-processing steps on tweets to
remove redundant content that does not contribute significantly to model performance. Following
that, normalize some content to aid the model's learning. During the training process, GAN-BERT
architecture is used with unlabeled data in a generative adversarial setting. GAN-BERT is
appropriate for small datasets when we are unable to collect more data due to high costs and time

constraints. GAN-architecture BERT's is depicted in Figure 2.5.

SS-GAN (Semi-Supervised Generative Adversarial Networks) are composed of two networks: a
discriminator D for classifying input datasets and a generator G for distinguishing fake data in an
adversarial manner. Both the generator and the discriminator in GAN-BERT are multi-Layer
Perceptron networks (MLP). The real data, which includes two categories (labeled and unlabeled),

will be passed to BERT in order to receive text embeddings.

For instance, the training set is labeled data because its tweets have already been labeled 1 for
violence, and 0 for no violence). The test set and validation are unlabeled data because their data

is unknown. In the study by Croce et al. (2020), because there are only two categories (0 and 1),

12



we label violent tweets as labeled data; otherwise, data (including non-violent tweets) is unlabeled.

Meanwhile, based on real text embeddings, noises or fake tweets will be generated (vectors).
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Figure 2. 5 Generative Adversarial Networks with Bidirectional Encoder Representations from
Transformers (GAN-BERT) Architecture (Croce et al., 2020)

Based on a random distribution, G will generate a set of fake sentence pairs F. The discriminator
D will use the fake pairs, unlabeled U, and labeled L vector representations computed by BERT

as input for the training process.

2.5 Algorithms
Lynch (2022) describes an algorithm as a series of well-defined steps or rules that must be followed

in order to achieve a specific result. The defined steps to follow on the input to get the intended

result would thus be an algorithm.

2.5.1 Random Forest (RF) Algorithm
Pyzhov et al. (2017) define Random Forest as a classification method that builds a set of decision

trees to define the class that is the mode of the classes produced by individual trees. The basic idea
is that each tree constructs nodes that represent a test of specific attributes of objects, which are
then split into branches based on the presence of this attribute. This method is one of the most
accurate algorithms, and it works well with both large datasets and a large number of variables.
However, it overfits training datasets, the results are difficult to interpret by humans, and its results
cannot be implemented in other contexts. Berk et al. (2016) determined that 20% of people who
are released following an arraignment for domestic violence are arrested for a new domestic
violence offense within two years using Random Forest algorithms. Figure 2.6 depicts how a
random forest determined its final prediction based on the votes of each individual tree.
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Figure 2. 6 Random Forest Algorithm (Asor et al., 2022)

2.5.2 Support Vector Machines (SVM) Algorithm
SVM is a supervised machine learning algorithm that can perform classification as well as

regression. These dual learning algorithms perform data processing solely by calculating dot-
products between variable arrays, an operation that can be efficiently performed by a kernel
function. SVM learning seeks a hyperplane that divides the examples given this function (margin).
Due to the max-margin criterion is used in the optimization process, SVMs are known to be
resistant to overfitting and maintain good generalization performance. Given their convex
optimization formulation, SVMs, unlike other solutions, are guaranteed to converge to a global
optimum (Dhiraj, 2017).

Dividing hyperplane

Figure 2. 7 Support Vector Machine Algorithm (Dhiraj, 2017)
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2.5.3 Latent Dirichlet Allocation (LDA) Algorithm
According to Manzoor et al. (2021), topic modeling is utilized to deduce hidden meanings and

semantic structures from massive amounts of text. It is understood that the document may contain
keywords such as "violence," "gender," and topics related to gender violence. The model examines
the collection of text documents by examining the statistics of the words contained in each one in
order to determine the hidden topic of each text document and the balance of multiple topics within
it. There are many well-implemented versions of this algorithm that are known to be faster and
provide better topic segregation. LDA is an unsupervised machine learning model that stores
words in a bag for each text. As depicted in Figure 2.8, the LDA hypothesizes that each text

document is a set of topics containing a set of words.
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Figure 2. 8 Basic workflow of LDA topic modeling (Manzoor et al., 2021)
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A series of experiments are carried out in order to analyse GBV content in the newspapers selected.
Initially, LDA-based topic modeling is used to analyse media-reported topics using a dataset of
major newspapers. By extending existing keywords, we create a gender- based violence keywords
dictionary (Purohit et al. 2015). The trained ML model is then integrated into a web portal to
analyse GBV-related web content. To conclude the case studies, a comprehensive analysis of this
dataset was performed using a variety of visualization techniques to generate various reports
(Manzoor et al. 2021).
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Figure 2. 9 Dominant GBV topics from LDA analysis (Manzoor et al., 2021)
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2.5.4 Poisson Regression Model Algorithm

According to Roback and Legler (2021), Poisson Regression includes predicting a response using
one or more explanatory variables, which may include counted response variables. It is usually
used to calculate counts. D. Osgood (2020) advocated using Poisson Regression models to analyse
aggregate crime rates. They are best suited for modeling offense counts since they are based on

error distribution assumptions that are consistent with the nature of event counts.

Flowers, R, et al. (1980) indicated that Weber (1970) evaluated the validity of the assumption that
accidents follow a Poisson distribution. Weber categorized 148,000 California Driver Record
Study participants into 2880 groups based on gender, marital status, age, place of residence,
conviction history, and accident history. Accident distributions were discovered for the 193 groups
with at least 100 participants. Weber discovered that the Poisson distribution hypothesis was
satisfactory at the 0.05 level for 86.5% of the groups. The purpose of the analyses is to identify the
variables that influence the probability of a future accident, which are incorporated into the Poisson

regression model.

2.6 Frameworks
Machine learning frameworks are tools or libraries that enable developers to easily build ML

models or applications without having to understand the underlying algorithms. It offers a more
complete machine learning development pipeline (Hari, 2022). Some of these frameworks include;

TensorFlow, Keras, PyTorch, Theano, Deeplearning4j, Scikit-learn, and Caffe.

2.6.1 TensorFlow
Venkatesh (2021) defines tensors as data structures used by machine learning systems. It is a

container for numerical data and the information can be stored which will be used within the
system. TensorFlow's robust and adaptable ecosystem of tools, libraries, and community resources
enables researchers and developers to rapidly build and deploy machine learning (ML)-powered
applications. The system is sufficiently versatile to be applicable in a variety of other domains.
TensorFlow offers stable C++ and Python APIs, and backward compatibility with other languages
(Jsmisa, 2022).

TensorFlow comes with a plethora of tools. For example, neural network activation functions can

do all of the hard work of statistics. TensorFlow is capable of performing neural networks, which
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is what deep learning is defined as. It can also handle more ordinary issues such as regression
(Rowe & Johnson, 2020).

2.6.2 Keras
Keras is a high-level deep learning API that can be used to build neural networks on top of existing

machine learning frameworks like Microsoft Cognitive Toolkit (CNTK), Google TensorFlow, and
others. The end goal is to have a universal API that facilitates communication between them all
(Rowe, 2019). Keras is relatively simple to learn as it provides a high-level python frontend with
the option of multiple backends for neural network computation. Keras is also deeply integrated

with TensorFlow, allowing you to easily create customized workflows (Simplilearn, 2022).

2.6.3 Deeplearning4j
According to Goyal (2022), deeplearning4J (DL4J) is a Deep Learning library that runs on the

Java Virtual Machine (Java Virtual Machine). Therefore, it works with any language that runs on
JVM including Scala, Clojure, and Kotlin. DL4J uses C, C++, Java, Scala, and Cuda for its
underlying computations. Both Apache Spark and Hadoop are utilized by the platform, which
expedites the training of models and enables the incorporation of Al into enterprise environments
for use on dispersed CPUs and GPUs. There are numerous neural network types that it can support,
including LSTM, CNN, and RNN.

2.6.4 Natural Language Toolkit (NLTK)
Python developers have had a lot of success creating applications that interact with human

language data using the NLTK framework. It provides users with easy access to more than fifty
corpora and lexical resources, including WordNet, as well as a set of text processing libraries for
classification, parsing, tokenization, tagging, stemming, and semantic reasoning (Gudivada &
Arbabifard, 2018). NLTK is widely used in education and research because it has resulted in
numerous breakthroughs in text analysis. It has a large number of pre-trained models and corpora,
which makes it very easy to analyze things. It is an excellent library when a specific combination
of algorithms is required. The learning curve is steep and, most of the time, slow, and frequently

does not match the demands of real-world production usage (Bak, 2019).
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2.7 Current tools used for reporting SGBV

2.7.1 Use of Autoregressive Integrated Moving Average (ARIMA) Model

SGBYV is a global public health issue that disproportionately affects victims. Sexual and gender-
based violence has both immediate and long-term effects on health. Using autoregressive
integrated moving average (ARIMA) models, the goal is to predict the number of SGBV cases
reported to hospitals in Lusaka. The ARIMA model can assist hospital administrators and

physicians in dealing with victims of sexual and gender-based violence (Lubeya et al., 2020).

2.7.2 MediCapt App
The vast majority of sexual violence crimes are never prosecuted mainly due to a lack of evidence.

Doctors, nurses, and other professionals who assess survivors frequently acquire insufficient
information that cannot be used as evidence in court for the following reasons: medical clinics
frequently run out of required forms, and police frequently fail to obtain the evidence required to
support investigations from clinics. Most health and police facilities retain private medical files on
desks or floors due to lack of secure storage, putting them at danger of damage, manipulation, loss,
or theft. To address these concerns, Physicians for Human Rights (PHR) developed the
"MediCapt" smartphone app that allows healthcare practitioners to utilize it to gather medical
evidence, photograph survivors' injuries, and securely communicate the data to lawyers, police,

and judges involved in sexual violence prosecutions (MediCapt, 2019).

2.7.3 SV Case Study App
An application that aims to create a database of information that will be analyzed to inform

advocacy, enhance, coordinate and allow policy formulation that will allow for intervention. The
dignity of the survivors is key and to have it restored requires that we increase awareness, remove
barriers to reporting and at the same time ensure access to justice while providing comprehensive
care and support to the victims and or survivors. In essence, the major purpose of this application
is to help reduce the frequency of sexual assault in Kenya and improve efforts to provide critical

services to survivors of sexual violence through effective and ethical data collecting and analysis.

2.7.4 Use of POLICARE in Kenya
The POLICARE program was developed by the Kenyan National Police Service as an integrated

response to sexual and gender-based violence (SGBV). Its goal is to serve as a "ONE STOP

CENTER™ for victims, providing accessibility to a numerous service under one roof, including
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those of the police, forensics investigators, health care providers, psychologists, the attorney's
office, the magistrate on call, the medical-legal system, the gender experts, and the corrections
staff. The general goal of POLICARE is to increase the capacity of the NPS to prevent and respond
to SGBYV situations. The current SGBV protection environment in Kenya is both challenging and

promising, which should be carefully examined while developing countermeasures.

2.8 Research Gaps

As the studies in this chapter show, SGBV is a threat to everyone around the world, no matter their
gender, age, social or economic status, or where they live. Several types of research have been
done to try to find a solution. However, policies and governance have moved forward more than
the way things are actually done. The legal and policy frameworks, as well as the identified
measures and procedures, are still not being put into place in a consistent or strong way. This is
because of factors such as a lack of human and financial resources at the duty bearer level, such as
service provider skill levels, gaps in systems, and tools that make it hard to provide and get
effective SGBV prevention and response services (World Bank, 2017). Ajema et al. (2011) say
that the lack of clear rules about the roles of survivors, communities, healthcare workers, and police
officers in handling forensic evidence is another reason why sex offenders are charged late or not
at all. By coming forward and reporting, survivors of SGBV can get the medical, mental health,
and legal help they need to lessen the effects of the violence on their health, and the people who
hurt them can be held responsible. Also, when SGBV is reported in a formal way to medical staff,
lawyers, or community leaders, it is possible to get a good idea of how common the violence is.
This enables the right resources to be put toward efforts to stop SGBV and give survivors the care
they need. Technologies to combat SGBV are existent, but they lack the ability to combine up-to-
date data collected from the victims with an SGBV model that will aid in identifying patterns and
relationships between different factors or variables that may affect their frequency that will help
understand the magnitude of the incidents in order to plan ahead for better optimization of

resources needed by the duty bearers to better assist the victims.

2.9 Conceptual framework
The conceptual framework is a rationalization of the problem at hand and a proposed way in which

the researcher intends to solve it. The conceptual framework for the research is depicted in Figure

2.10. A user downloads the application. The mobile app will be used as a channel for reporting
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violations. The obtained datasets will be stored in a database, and they will be modeled using a
machine learning algorithm to study patterns of previously reported cases based on specific
predictor variables such as gender, location, months, and years. These patterns will aid duty-
bearers in the formulation of policies to mitigate the prevalence of SGBV. After a violation is
reported, feedback is sent to the victim to guide them on the actions they need to take next. An
analytics interface will be used by the duty-bearers to view a summary of statistics that will be

beneficial to them and the victims.
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Figure 2. 10 Conceptual Framework of the proposed solution
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Chapter 3: Research Methodology

3.1 Introduction

A research methodology provides credibility to the study and generates scientifically sound
outcomes. It provides a detailed plan for keeping the researcher on track and making the process
as easy, effective, and manageable as possible. The methodology of a researcher allows the reader

to understand the approach and procedures utilized to attain the conclusions.

3.2 Research Design and Philosophy
The goal of this study was to design, develop, and test a prototype that can be used to ensure timely

reporting of sexual and gender-based violence cases, a recommender engine to create awareness
to the survivors on what evidence to preserve and what needs to be done, as well as a ML model
that will be used to tailor analysis that will be shared with duty bearers. The selection of a research
method is a crucial step in the design of a study because it determines how relevant data will be
collected (Jilcha, 2019).

A research philosophy is a set of rules for conducting studies that are based on presumptions about
reality and the importance of the data they yield (Collis &Hussey, 2014). The research made use
of Pragmatism research philosophy because the research combined elements of qualitative and
quantitative research approaches. This takes advantage of the benefits of both approaches while
accounting for their respective limitations. This study used an applied research approach in which

the proposed model solved the highlighted problem.

3.3 Population and Sampling

3.3.1 Target Population and Sampling

A population is the total number of persons who share a characteristic (Momoh, 2022). Nairobi
County was considered as the target population for this study. It is estimated that there are
5,119,000 people who reside in Nairobi County. A sample represents the complete population. To
eliminate bias in the questionnaires, random sampling procedures were utilized. This entails
selecting a subset of participants to examine from a larger group known as the population. To
represent the larger group accurately this research used the Yamane’s formula illustrated in

equation 3.1 to get the sample size.
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Equation 3. 1 Yamane’s Formula

Where: n = Sample size, e = margin of error, N = Population of Nairobi

The level of confidence that was used is 95%, the N = 5,119,000, and margin of error is 5% thus

the sample size is 40 participants.

The sample size of 40 participants was further broken down to include the four target groups i.e.,
the victims, medical officers, police officers, and community-based organizations. The stratified
random sampling method was used, the random sample will made use of the stratums listed above

and equation 3.2 to come up with a representation of the population.

size of entire sample

sample size of the strata = * layer size

population size

Equation 3. 2 Stratified sampling formula

Table 2. 2 Representation of stratum

Category % Of participants Number of people in sample
Victims 35% 40/5,119,000*(0.35*5,119,000) =14
Medical Officers 25% 40/5,119,000*(0.25*5,119,000) =10
Police Officers 25% 40/5,119,000*(0.25*5,119,000) =10
Community based 15% 40/5,119,000*(0.15*5,119,000) =6
organizations

The importance of collecting data from the target participants was to gather more information on
whether the victims report violations and if they seek medical assistance from the victim’s
perspective as well as from medical officers and police officers. In many instances the victims first
contact is usually the community-based organizations therefore it was crucial to gather information

from them.
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3.4 Data Collection Methods
Several data collection instruments were used in the study. Several instruments were utilized to

collect data for the investigation. Instruments for data collecting are essential to the research
procedure because they provide the analytical foundation for the search for answers to a particular
research problem (Moyo, 2017). The data collection instruments should be comprehensive in
scope, reliable and credible as they inform the data collected and analysis process of the data in
order to inform the necessary duty bearers or stakeholders. The following data collection tools

were used in this study:

3.4.1 Questionnaires
The questionnaire was aligned with the study questions to ensure that it sought meaningful

information that improved the research's conclusion. Participants from several target groups,
including medical officers, police officers, survivors, and community-based organizations, were
given questionnaires to complete. The questionnaires allowed for an understanding of SGBV cases
through the subjective experiences and perspectives of the respondents, and these helped answer
the research questions. The researcher wanted to understand the victim’s ages, gender, types of
SGBYV violations, frequency of SGBV violations at police stations and hospitals, responses of
victims in seeking assistance, challenges in reporting SGBV violations, techniques used to report
SGBYV violations, and data management and storage of SGBV information. The results obtained

were used to guide the researcher in the design of the mobile and web application.

3.4.2 Prototyping
Prototyping entails disseminating the developed application modules to the general public and

facilitating brainstorming sessions in order to obtain critical feedback, particularly concerning the
satisfaction and inclusivity of desired functionalities, as well as generating new ideas. This is
useful in ensuring that the victims' challenges and needs are taken into account in the proposed

solution.

3.4.3 Document Review
As part of this research, the following documents were reviewed: Searching the library and

reviewing information from numerous sources to have a better knowledge of the difficulties in
reporting incidences of sexual and gender-based violence. Documents and literature on SGBV
awareness and reporting, as well as relevant studies, frameworks, and models were reviewed. This

information provided insight into the study that led to a better solution.
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3.5 Data Analysis Methods
The study’s goal was to ensure the collection of accurate data. Based on the data collected, proper

analysis was done using correlational analysis tools such as Microsoft Excel to explain the
relationships between sets of data. The data was presented using graphs and charts that were used

to diagrammatically represent the findings of the data.

3.6 Research Quality and Reliability
Reliability refers to the consistency and stability of the used measuring tool over time. Changes

in the population and sample, as well as variations in the measurement device, make it unlikely
that the same results will be achieved repeatedly. The accuracy of the measurement technique
determines the validity of the study's conclusions. As a result, it was critical to guarantee that the

measurement tools utilized were accurate (Surucu & Maslakci, 2020).

The study’s quality is ensured by its reliability and validity. The proposed model guarantees that
the qualitative and quantitative findings of the data collected was used to assess how well the study
met the research objectives and collection of accurate data. This was made possible by utilizing

proper measurement methods and employing the proper methodology, as described above.

3.7 System Development Methodology
The agile software development methodology is centred on a short iterative software release cycle

(Edeki, 2015). Continuous planning, learning, and improvement are used in the agile development
methodology approach. This strategy was used for this study because it can combine iteration to
improve ongoing feedback during the development process, which helps to refine and successfully

accomplish the study objectives. The Agile technique helps with the creation of the suggested

solution because it promotes feedback from all parties concerned, ensuring the solution's accuracy.

Agile
Methodology

=
Figure 3. 1Agile Software Development Methodology (javaTpoint)
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3.7.1 Planning Phase
Outlining the objectives and establishing what is needed for the proposed solution to be developed

was conducted at this phase. These requirements were categorized as user requirements,
operational requirements and system requirements which were documented in a requirements
document. These are what was used to design the solution and to validate the correctness of the

design. The information was gathered through questionnaires distributed to the target participants.

3.7.2 Design Phase
The study used Object Oriented Analysis and Design (OOAD). This ensured that the requirements

are properly captured. The system was designed using Unified Modeling Language (UML)
diagrams because they provide an understandable model that reduces the system's complexity

these include:

i.  Entity Relationship Diagrams (ERD) was used in the study to depict entities, attributes,
and relationships during database design.

ii. Use-case diagrams were used to represent the interaction of the actors and system
processes.

iii.  Inthe study, class diagrams were used to build and visualize object-oriented systems.

iv.  Object interactions were depicted in time sequence using sequence and collaboration
diagrams.

v.  System Sequence Diagram (SSD) helps track how the functions and the use case functions
are performed inside the system. Also, to model the software in concern with how the

system interacts with the events.

These diagrams were required to demonstrate the process, information flow, and relationships

among the entities in the proposed solution.

3.7.3 Development Phase
During this phase, an application prototype was developed i.e the system was developed into

modules that were then integrated in the subsequent phases. Each module was subjected to testing
of the functionality to find out whether the objectives and requirements were met.

3.7.4 Testing Phase
Since the proposed solution is based on agile methodology, adopting continuous functional testing

was employed. The testing that was carried out include: functional and compatibility testing. The
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different components or units were tested incrementally as each component was developed to test

its functionality.

3.7.5 Deployment Phase
This phase involves the deployment of the solution into the production environment for use. After

the deployment, it was important to conduct a system review in order to find out whether there are

any discrepancies that will arise that may require fixes or upgrades which are then addressed.

3.7.6 Review Phase
Since the proposed solution is based on agile methodology, adopting a continuous reviewing

process was employed. Any changes based on the system review ensured that the solution is per

the requirements and objectives.

3.8 Utilization and Dissemination of Research Results
The study's findings will be shared with stakeholders or decision-makers to help improve the

handling of SGBV cases. The findings will be shared with the following individuals:

i.  National Police Service (NPS) to empower police officers at stations to ensure proper data
documentation and management of complaints received from survivors;

ii.  Office of the Director of Public Prosecutions (ODPP) to use the data collected to allocate
adequate personnel with specialized competencies in sexual violence prosecution to ensure
perpetrator conviction.

iii.  The Ministry of Health can use the data gathered to better understand the trends and
patterns associated with SGBV, as well as the reforms that can be implemented to ensure

better handling of the situation.

The findings are also useful to future researchers interested in improving SGBYV case management.

Publications and academic articles will be used to disseminate the findings.

3.9 Ethical Considerations\Issues
During the data collection procedure, ethical challenges such as protecting data confidentiality in

terms of privacy, permission, privacy, discrimination, and stigmatization of SGBV survivors may
occur. Data collected was used exclusively for this study, guaranteeing its confidentiality,

anonymity and privacy. All participants in the questionnaires had provided their consent to
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participate voluntarily. To ensure that all ethical considerations are addressed during the study, the

researcher:

i.  Created a trust agreement. It was used between the researcher and the survivors. The two

parties gave informed and explicit consent to the study's requirements.

ii.  Guaranteed that participants are taking part voluntarily and are fully aware of the benefits
and risks, adhere to the informed consent rules.

iii.  Uphold individual rights by respecting individuals’ confidentiality and privacy.

iv.  Used the third ethical principle. According to the Economic and Social Research Council
(ESRC), "the confidentiality of the information supplied by research subjects, as well as
the anonymity of respondents, must be respected” (Smill, 2003). Anonymity was

encouraged in cases where confidentiality will be limited.
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Chapter 4: System Analysis, Design and Architecture

4.1 Introduction

This chapter talks about the system's analysis, design, and architecture, as shown in Figure 2.11.
The system made use of Object-Oriented Analysis and Design and Unified Modeling Language
(UML) diagrams because they provide an understandable model that reduces the system's

complexity.

4.1.1 Age Group
The researcher wanted to know which age groups experience SGBV victimization and its impact

more than others. The researcher presented a query to law enforcement agents to determine this.
According to the responders, the age group most affected by the cases they have in their records
is young people under 18 years old. In an increasing number of defilement cases, the perpetrators
are known to the family, including close relatives and/or neighbors. Figure 4.1 depicts the age
categories based on the reactions of law enforcement.

Age Group Mostly Affected

1,10%

B Under 18 years M 18-35 years 36-60 years 61and Above

Figure 4. 1 Responses from Law Enforcement Officers on Age Groups Affected

Figure 4.2 shows that the researcher looked at the age groups of the respondents to find out which

age groups are more likely to be victims of SGBV.
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M Below 18 years
| 18-35 years
M 36-60 years

H 61 and above

Figure 4. 2 Victim’s Age Groups

4.1.2 Gender
The participants' gender was used as a data point to find out which gender was most affected by

SGBV. Figure 4.3 shows that nine of the fourteen respondents were women and five were men,
but this doesn't show how many incidents there were. When it comes to sexual violence, male
victims do not speak up because they believe that men must always be strong. The police officers
echoed this sentiment and added that males should receive more consideration when it comes to

awareness and sensitization forums.

Gender

H Female

H Male

Figure 4. 3 Gender
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4.1.3 Types of SGBV
The researcher hoped to learn more about the patterns of sexual and gender-based violence by

looking at the answers to the questionnaire. The distribution of questionnaires to several target
groups, including victims, community-based organizations or social justice centers, medical

practitioners, and law enforcement officials, made this possible.

As shown in Figures 4.4, 4.5, and 4.6, all respondents, including medical professionals, law
enforcement officers, and community-based groups, said that defilement, followed by rape and
sexual assault, was the most common form of sexual and gender-based violence. Figure 4.7 shows

the types of SGBV that have been reported by victims, based on information gathered from them.

Types of SGBV mostly reported (top 3)

Rape Sexual Defilement GangRape Indecent Sodomy
Assault Act

O P N W & U GO N O

Figure 4. 4 Responses from Law Enforcement Officers

Types of SGBV mostly reported (top 3)

w

i

w

8}

' -
0 A L

Rape Sexual Defilement Gang Rape Indecent Sodomy
Assault Act

Figure 4. 5 Responses from Medical Practitioners
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Types of SGBV mostly reported (top 3)

] -
0 F___4 F___d

Rape Sexual Defilement GangRape Indecent Sodomy
Assault Act

Figure 4. 6 Responses from Community Based Organization

Types of SGBV

H Sodomy

B Gang Rape

M Rape

H Defilement

M Sexual Assault

 Indecent Act

Figure 4. 7 Responses from the victims

4.1.4 Frequency of SGBV cases
The researcher questioned the respondents, the law enforcement officers, and medical officers, on

how frequently they receive SGBV cases at their centres to better understand the frequency of
cases that are usually reported and those that seek medical assistance.
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Frequency of SGBV victims at the
center

= On a Daily Basis
B On a Weekly Basis

M On a Monthly Basis

Figure 4. 8 Responses from Law Enforcement Officers

Frequency of SGBV victims at the
center

! 3,30% 3,30%

= On a Daily Basis

B On a Weekly Basis
® On a Monthly Basis

Figure 4. 9 Responses from Medical Officers

According to the law enforcement officials who responded, 40% of the cases occurred on a daily
basis, and 60% occurred on a weekly basis. Whereas medical practitioner responses revealed that
40% of cases are on a daily basis, 30% are on a weekly basis, and 30% are on a monthly basis.
This demonstrated that there are instances where victims report violations to police stations but do
not seek medical attention, and vice versa. In addition, the general public's understanding of what
is expected of them when a violation occurs has improved. However, Figure 4.10 demonstrates
that SGBV is very rampant, as eight (8) out of the fourteen (14) victims have happened in the last
one-year period.
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Violation Timelines

B<1year
W <1 year-5 years
<5 years- 10 years

B More than 10 years

Figure 4. 10 Responses from Victims

4.1.5 Responses to seeking assistance
The researcher wanted to know if victims know that they should report crimes and get medical

help, and if they usually follow the advice to get medical help within 72 hours, which gives doctors
time to do a medical exam, collect evidence, and keep it so that it can be used to bring criminals
to justice in the future. Officers say that victims know they need to report the crime right away,
and if they come to report after a month, they are treated as an afterthought and turned away. They
also stated that victims under the age of 18 were delayed in reporting from four days to one week
after the assault because they feared repercussions from the perpetrators because the majority of
them were close relatives. According to medical practitioners, victims are now informed of what
to do next after a violation occurs, so medical treatment is mostly sought within the 72-hour
recommended time frame. It is worth noting that some victims do not report the violation to the
police station due to intimidation by the perpetrators, stigma, fear, or other alternative dispute
resolution processes. The figures below show a summary of the victims' responses when it comes

to reporting the violation to the police station and seeking medical care.
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Duration victims take to report
violation to police

AFTER ONE YEAR OR MORE
BETWEEN TWO-SIX MONTHS
AFTER ONE MONTH

BETWEEN 73 HOURS - ONE WEEK

LESS THAN 72 HOURS

Figure 4. 11 Responses from Law Enforcement Officers on reporting violation

Duration victims seek medical
assistance

AFTER ONE YEAR OR MORE
BETWEEN TWO-SIX MONTHS
AFTER ONE MONTH

BETWEEN 73 HOURS - ONE WEEK

LESS THAN 72 HOURS

Figure 4. 12 Responses from Medical Officers on medical assistance

Sought Medical Assitance

M Yes

m No

Figure 4. 13 Responses from victims on medical assistance
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Reporting Violation to Police

M Yes

m No

Figure 4. 14 Responses from victims on reporting violation

4.1.6 Data Management and Storage
To answer Section 1.3, the researcher tried to figure out what was hard about the way data is

collected and managed right now. All of the police officers and medical officers who answered the
survey said that data collection, management, and storage were all done manually. The information
is written down in "occurrence books," which are kept for 10 years and then thrown away. Monthly
reports are generated and sent to the sub-county headquarters. In other stations, the records are
stored in the records office, which sends them every week to the division office. Also, in crime
registers and exhibit rooms. Therefore, retrieving and analyzing the information collected is a

challenge, leading to difficulty in informing policies.

4.1.7 Other Findings
In the past few years, community-based organizations have become a big help when it comes to

dealing with problems at the local level. For the purpose of this study, the researcher collected data
from sample social justice centers in Nairobi to understand SGBV at the community level. The
researcher wanted to find out what makes people more likely to commit SGBYV in the sampled
communities. Some of the things they said were poverty, traditions and cultures, not knowing
about SGBV, and holidays when schools are closed and children are more likely to get married
young, be defiled, or be sexually assaulted or harassed by relatives or neighbors. The researcher

also asked how the communities protect themselves from SGBV and how they respond to
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incidents. Their answers were similar and included holding forums to raise awareness, helping
victims by following up on their cases at the police station and in court, and having good links
with the police stations in the area. This will help victims get justice, and some communities have
gender desks where victims can report violations. Based on how the communities felt about SGBV,
it was important to find out if the problem has gotten better, worse, or stayed the same in the last
year. All of the people who answered the question said that the situation has definitely gotten better
over the years, mostly because of community programs to raise awareness and hold perpetrators
accountable. There are still challenges or barriers to reporting to the police station and seeking
medical assistance for the victims, which explains the under-reporting of violations based on the
responses from the sampled CBOs, including financial constraints, stigma, and fear of what the
community will perceive them as, a lack of knowledge of what action they should take, threats and
intimidation by the perpetrators, and delayed justice for victims. In most cases, the CBOs are the
first point of contact with the victims, and they tend to help them at the community level. The
CBOs have services that are available at all times to SGBV victims in the community, and they
include psychosocial support for the victims, sensitization forums, help in following up on cases
at police stations and in court, and partnerships with NGOs that offer health services for the

victims.

4.2 System Analysis
Nwakanma, et al., (2018) state that system analysis entails detecting problems, acquiring and

evaluating facts, and applying the knowledge to offer possible system improvements. The system
analysis will identify system users and provide an overview of the performance of the system.
System analysis is concerned with defining the system requirements, analysing the system
hardware, analysing the system software, identifying the research requirements, and defining the

functional and non-functional system requirements.

4.2.1 Functional Requirements
The functional requirements outline the system's behaviour, function, and input or output, all of

which should be in line with the study's objectives and goals. The functional requirements are as

follows:

i.  The user should be able to register and log in to the system.

ii.  The system should allow the user (victim) to report a violation.
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iii.  The system should send feedback to the victim to guide them on their next steps based on
the type of violation.

iv.  The system should accurately identify the patterns and relationships of variables that
influence the frequency of SGBV.

v.  The system should allow the user (medical officer, police officer and pro-bono lawyers) to
view and update the necessary information to the reported violation.

vi.  The system should generate key reports to share with duty-bearers.

4.2.2 Non-Functional Requirements
These requirements define the general attributes of a system. The non-functional requirements are

as follows:

i.  Usability: The prototype should be simple to use so that the user can perform the necessary
tasks with minimal or no training. Since it deals with a sensitive topic, the system must
provide accurate and reliable information to its users.

ii.  Security: The system should ensure all the data collected is only accessible to authorized
users and ensure confidentiality.

iii.  Availability: The system should be accessible at all times.

iv.  Reliability: The system should provide users with accurate information.

v.  Scalability: The system should be able to grow so that new features can be added.

vi.  Accuracy: The output from the system should be accurate.

4.3 System Architecture
The system architecture shows how the different components of the system will work together to

do what they are supposed to do. The system architecture will comprise the server side and the
client side. The data is stored and retrieved on the server side, whereas the client side is where the
user accesses the application to report a violation and access their information. Figure 4.15
illustrates the components and how they are connected to each other to achieve the reporting and
feedback engine and model the number of occurrences. The components used in the proposed
system are users, a mobile application with a GPS module enabled, a web application, a database,
and an ML model for the duty bearers to help inform policy. Before they can log in, the user must
first register with the system. The user sends a message to report a violation through the mobile

application, and the texts are stored in the database. When the user is filling in the information, it
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picks up their exact geo-location and lists the five nearest police stations and hospitals that they
can go to. The system generates a unique number for the user and shares it with them. If the victim
chose a specific hospital or police station, the system sends an alert to the station or hospital. The
hospital user is able to view the cases under their centers and can update the necessary information,
including the PRC details, for further medical examination. They then call the victim to the hospital
for diagnosis. Thereafter, sends the report to the nearest police station, and the victim and police
station receives an alert. The police user can update the report with the necessary information,
including the OB number, and P3 details, and start an investigation. The pro bono lawyers and
judicial representatives will have administrator access to view all the updated information. The
ML model will be used to model the number of cases with respect to specific variables, including
gender, month, year, and location, which will help analyze the collected data, and aid duty-bearers
inform policy decisions on SGBV prevention and response services. Through the use of the
firebase database, the feedback engine will send a response to the victim outlining the next steps
to take based on the type of violation. The information is stored in the database, and based on the
ML model data analysis is performed to depict the trends and patterns that will help understand
the magnitude of the incidents in order to plan ahead for better optimization of resources needed

by the duty bearers to better assist the victims.

::;]

: Reports a violation

— Data
User (Victim) Processing
Mobile App
Feedback sent =
to user Fit Poisson
< :: Regression
: Model
Database
Data Analysis
)
T Y] Updates reported violation
LR 1
—— ) (E
W = il
L= ¢

User (Medical Practitioner,
Police Officer,
Pro-bono lawyer) User (System
Mobile App Admin)

Web App

Views data

Figure 4. 15 System Architecture
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4.4 System Design
System design is the process of defining and designing a system'’s architecture, interfaces, and data

to meet certain needs (Schaffer, 2022). Unified Modeling Language (UML) diagrams will be used
to represent the application's various interactions. Diagrams used include use case diagrams,

sequence diagrams, data flow diagrams, entity relationship diagrams, and class diagrams.

4.4.1 Use Case Diagram
The use case diagram describes the various actors and their interactions with system processes.

Figure 4.16 illustrates the behavior of the system. The description tables are documented in the

Appendix A section.

SGBV Reporting and Pattern Analysis Tool
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Figure 4. 16 Use Case Diagram
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4.4.2 Sequence Diagrams

A sequence diagram, like the one shown in Figure 4.17, will show how users interact with the
system. These interactions are important as they allow one to understand how the application
works in the different sections. There are different actors, including the victim, medical officers,
police officers, pro-bono lawyers, and system administrators, who interact with different modules

or sections of the system.
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Figure 4. 17 Sequence Diagram

4.4.3 Entity Relationship Diagrams

The entity relationship diagram illustrates the database conceptualization of the system, as shown

in Figure 4.18, which illustrates the relationship between database tables. These included the

victim’s information and the different users who interacted with the information.
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Figure 4. 18 Entity Relationship Diagram

4.4.4 Class Diagram

In this study, class diagrams will be used to show how the system is put together. Class diagrams,
as shown in Figure 4.19, are used to model the objects that make up the system, display the

relationships between the objects, and define what these objects do and the services they provide.

Medical Practitioner
— - views/Updates Violationinformation LawEnforcement
T o ot 1.7 ? 1.7 1.7 Views/Updates 1.7
+c5$nr Nm i +Id: int + Policeld: int
enterName: string 1= + Victimid: int + Userld: int
+ createAccount() + Description: string ~ CenterName: string
+ viewlnformation()
1.+ + createAccount()
+ updatelnformation(} + viewlinformation()
+ updatelnformation()
Accesses
Views
1 Report/Violation
Victim + Reportld: int
Administrator " = = Lseriar Wik
1 + Victimld: int Reports + Description: string
+ Adminld: int * Useskd: nt 1 1.7 | +DateOccurrence: DateTime

+ Userld: int

+ managelsers()

+ updateUserinformation()
+ viewPredictions()

+ generateAnalytics()

+ Gender: string
+PhoneMo: string

+PlaceOccurrence: string

+ createAccount()
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+ viewlnformation()
+ viewFeedback()

1

Receives
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Feedback

+Id: int
+ Victimld: int
-+ Description: string

+ sendFeedback(}

+ reportViolation()

Figure 4. 19 Class Diagram
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4.4.5 Data Flow Diagram
A data flow diagram displays the flow of information through a system or process. It includes data

inputs and outputs, database systems, and other sub-processes that illustrate how data flows

through the system.

4.4.5.1 Context Diagram
Also referred as a DFD Level 0 Diagram. It represents the complete business procedure as a single

procedure. (process 0). The purpose of this diagram is to show the system as a single high-level

process and how it interacts with the external entities, as seen in Figure 4.20.

Receives feedback

s ~
l View violation information 0 View/Update information
_ Report a violation Sexual and Gender-Based Receives Center Reports|  Medical
Victim Violence Reporting and »|  Oficers
- Send feedback Pattern Analysis System
\. A
5 s 1
5 5
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E o ) = |3
o 4 @ L=
£ = 2 2|3
] » o | 3
- = o @ | ©
© @ T c |3
k=1 O @ @
o [44]
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Officers
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Figure 4. 20 Context Diagram

4.45.2 Level 1 Data Flow Diagram
Level 1 DFD decomposes the context diagram into several processes. This level focuses on the

primary functions of the system by decomposing the level 0 DFD's high-level processes into

subprocesses.
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Figure 4. 21 Level 1 Data Flow Diagram

4.5 Wireframes
Wireframe diagrams are used to develop a visual representation of the design of the solution. It

takes into account users' and developers' needs and requirements to come up with the designs, as
it is critical to ensuring that the application is created with the goals and objectives in mind. This
is achievable using wireframes because they set expectations about how features will be
implemented by depicting how they will work; however, they are not always completely correct

because the features can be altered during the development period.

4.5.1 Account Types Wireframe
Figure 4.22 depicts the application’s different account types in wireframe, which allow the user to

register as a police officer, hospital user, anonymous victim, or pro bono lawyer.
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Figure 4. 22 Account Types Wireframe

4.5.2 Register Wireframe
Figure 4.23 depicts wireframes for signing up or registering as a new user. The user accounts

include those of a victim, a medical practitioner, police representatives, and pro bono lawyers. It

contains a form that requires one to provide the requested information for the successful creation
of user accounts.

3 -
= “
Profile Details Profile Details Profile Details Profile Details
K v Kindly input the fields below nput the k Kindly input the fields below
Username/ Police Station name Username
fl Username/Hospital Name I’I User
9. John / Ripoti Medical Center g. John Sp:
Police Station Locat Location Emall Log:
. Dand eg. Dand
H 2 Email Email
&q. johnsparrow@gmmail com T eq. johnsparrow@gmmail
Password F ord
REGISTER
REGISTER REGISTER

Figure 4. 23 Registration Wireframe

4.5.3 Login Wireframe
Figure 4.24 below depicts a login wireframe that contains a form requiring a user to make use of

valid credentials, including the username and password. After entering the credentials, the user
clicks the Sign in button.
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4.5.4 Reporting Wireframe

Figure 4. 24 Login Wireframe

Figure 4.25 below depicts the reporting of violations wireframe. On successful login, the victim

will be able to report a violation and follow up on the status of the case from the application.
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You are not alone

Please don't feel guilty, sexual violation is never
the fault of the victim. The attacker is to be
blamed. | know it is a difficult time but there are
services ready to walk with you on this journey
When a sexual violation happens it is important
to get to a safe place and talk to someone

you trust as soon as possible. DO NOT touch

or move anything w e the attack happened
DO NOT wash your body or hair. DO NOT wash
clothes. Keep them in a bag made with paper or
wrap them in newspaper. DO NOT put them in a
polythene bag. DO NOT let people interfere with
or clean the place where the attack happened
Go to a HOSPITAL as soon as possible. Do not
n emergency. NEVER wait
efore getting medical help.
Go to the POLICE and report the attack

Your case has been forwarded to Karen - Karen
Hospital at Karen

Figure 4. 25 Reporting Wireframe
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Chapter 5: System Implementation and Testing

5.1 Introduction

System implementation designs and creates a structure that adheres to the architectural design and
specifications established during the system analysis phase and meets the system's and
stakeholders' requirements (Snoderly, J. and Faisandier, A., 2022). The purpose of system testing
is to examine the full workings of the system against the requirements and objectives before

delivery of the final product.

5.2 System Implementation Environment
The sexual and gender-based violence pattern analysis system was designed and developed using

the Agile software development methodology as mentioned in Chapter 3.

5.2.1 System Software Environment
The model was developed using the Poisson Regression algorithm for demonstrating pattern

analysis of sexual and gender-based violence cases reported. The advantage of using the Poisson
Regression model is that it has a minimum value of 0 therefore it will not predict negative values
leading to accurate prediction. The Android Studio 2022.1.1 for 64-bit Windows OS was used for

the mobile application, and the model was designed in Python using the Jupyter Notebook IDE.

5.2.2 System Hardware Environment
The system was successfully designed and implemented utilizing a Hewlett Packard (HP) Intel

Core i7 laptop with 16GB RAM and a 1TB Solid State Drive. (SSD).

5.2.3 Cloud Environment
The prototype made use of the Firebase Database because it is a real time cloud-hosted NoSQL

database. The advantage of using Firebase is it has analytics and it is efficient in relaying

asynchronous data.

5.2.4 Network Environment
Wireless Connection was required for the network environment.

5.2.5 Mobile Application Prototype
The mobile app was built on the Android platform, and its design was made to work well with all

versions of Android, from version 4.0 to the latest version, 12.0. The Firebase database was used
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for database query language because of its real-time capabilities. The mobile application was

developed using the Kotlin programming language.

5.2.6 Web Application Prototype
The JavaScript programming language was used to develop the web application. The JavaScript

framework was used in the web application because it is easy to learn and understand and has the
ability to run on multiple platforms directly. The Firebase database was used to develop the

database of the system since it is open source and offers real-time data storage and access.
5.3 Implementation Details

5.3.1 Mobile Application Modules

5.3.1.1 Registration and Login Module

The system implementation incorporated different types of user accounts profiles including law
enforcement officers, medical practitioners, pro-bono lawyers and victims. Therefore, a user was
required to register their personal details with respect to the account type. On successful
registration of an account the user was able to login and access the application. Figure 5.1 shows
the different user accounts available; Figure 5.2 depicts the user registration module, whereas

Figure 5.3 depicts the application login module.

Account Type

Anonymous Hospital

BACK TO LOGIN PROCEED

Figure 5. 1 Account Type
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Figure 5. 2 Registration of different account users

Email Address
tc@ripoti.com

LOGIN

Figure 5. 3 Login Screen

5.3.1.2 Sexual and Gender-Based Violence Victim Reporting Module

After registering and logging into the app, a victim can report a violation by choosing the category
that best fits the situation. The app then lets the victim choose where they are and shows them a
map with the top 5 closest hospitals they can go to for a check-up and the top 5 closest police
stations they can go to report the crime. The app also lets the victim choose who they need to see
right away, whether it's a police officer, a doctor, or a counsellor. When the victim reports a
violation, the system creates a unique ID and sends an alert to the police or hospital, depending on
what the victim chose. Also, the system updates the user with feedback on what they need to do

and displays a banner showing the stages the report is in and updates when it moves to other stages.
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Figure 5. 4 Victim Reporting Module

Figure 5.5 below depicts a snippet of the system interacting with the user by sending notifications

to update them of every stage of the reported violation and what to expect next.

ﬁ

Ripoti A\ Ripoti A\
Just now Just now
PRC Number Go to the Police Station

Your allocatedID will be used to link with the PRC form.

Just now

Your PRC Form
Proceed to the station, your PRC Number has been filed!

Just now

Doctor is ready for you

Kindly Proceed to see the doctor and await Medication an..

1 min ago

Doctor is ready for you

Kindly Proceed to see the doctor and await Medication an..

Proceed to Rongai main police center tumaini !

Just now

Go to the Police Station
Proceed to Rongai main police center tumaini z,!

Just now

Police Have started investigating your case
You will be soon be called to the station

Just now

Police Have started investigating your case
You will be soon be called toithe station

Figure 5. 5 Notifications/Alerts



5.3.1.3 Sexual and Gender-Based Violence Hospital User Module

When the victim sends the report to a certain hospital, the hospital gets a notification that a new
report has been sent. The hospital user can sign up and log in successfully. Once that is done, the
hospital user can see how many cases are at their centres at any given time. The hospital user can
click on the process case button to access the violation details, then call the patient to come to the
centre for examination and update the PRC form on the app. On completion of the medical
examination, the user can click on the send to police button to forward the case to the nearest police

station for follow-up.

Current Cases ) \ (-,

# - '

e of Ripoti A

A
# GBV-927
B 1234567
Q@ Madaraka

sighe! 2
Police noftied

# 1aBV 720 ; _— Victim and Law Enforcement have has been
B oleegeietiee’ o i g e updated
Q nNairobi CBD e xing Stage

& reporting

Victim Notified - non

CALL FOR DIAGNOSIS

Victim has been notified to proceed to see

Figure 5. 6 Hospital User Module

5.3.1.4 Sexual and Gender-Based Violence Police Station User Module

If the victim chose to go to the hospital first after the violation, the hospital user calls the victim to
get a diagnosis and then updates the application with the necessary medical information.
Thereafter, the hospital user sends the report to the nearest police station, and alerts are sent to the
victim, police station, and hospital user, updating them on the progress. When a police officer
registers and logs in to the app as a police user, they can see how many cases have been reported
to their centre, how many are waiting to be processed, and how things are going at any given time.

The police officer can view the details of the case and start the investigation.
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5.3.2 Firebase Database

Figure 5. 7 Police Officer User Module

The prototype made use of the Firebase Database because it is a real-time, cloud-hosted NoSQL

database. The benefit of using Firebase is that it can analyse data and send asynchronous data

quickly. Figure 5.8 shows a user account record that was saved successfully and a report of a

violation.

Ripoti ~

Realtime Database

Data  Rules  Backups  Usage ¥ Extensions @D

@D hitps://ripoti-97777-default-rtdb. firebas

typeOfViolence: "physicalViolence"
whomToSeeFirst: "Hospital"
v GBV-863
- users

~  CyrLgDFyxJeQOHWNsBIUEXoDfDE2

Xq1feP
‘Anonymous”
email: "tc@ripoti.com”
location: ™

name: "Robin Hood"

0SnONd r2

@ Database location: United States (us-central1)

Ripoti ~

Realtime Database

Data  Rules  Backups  Usage | % Extensions @ED

GD  https://ripoti-97777-default-rtdb.firebaseio.com

: "'response”

"reporting”

"Karen"

typeOfV “sexualViolence”

whomToSeeFirst: "Hospital"

@ Database location: United States (us-central1)

Figure 5. 8 Database Records

51




5.3.3 Web Application Modules

5.3.3.1 Locations Module

When a user logs in successfully, the system shows them the different modules they can use. Figure
5.9 depicts the locations module displaying a summary of cases reported with respect to their
locations in the form of a map. The locations module is accessible to different user types and allows

them to view only a summary of the locations.

locations summary predictions reports

830 Muny(

Babadogo

Kamulus] sk

Figure 5. 9 Locations Summary

5.3.3.2 Summary Module

The summary module depicts a summary of cases reported by the victims in numbers: the total
number of cases reported, the number of current cases per stage, including those handled at the
hospital level, those that are being handled by the police, and those being handled by the pro-bono
lawyers. The summary module is accessible to different user types and allows them to view only
a summary of the reports, not the details.
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locations summary predictions reports

A summary of cases reported by the victims, the number of current cases per stage, and the total number of

cases reported.
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Figure 5. 10 Summaries Module

5.3.3.3 Predictions Module

The predictions module displays an overview of the collected

)
Y/
'S

Probono Cases

15

treported probono cases

data. It updates after every

successfully reported case and keeps track of the data. Once it reaches 1000, then the dataset can

be used to make good predictions, and training of the Poisson Regression Model is possible. The

target outcome will eventually be to map hotspot areas, predict the number of SGBV cases and

timing of violations.

[ compiere

Data Collection

Total Collected Data: © 110

Target Dataset size to get good Predictions: © 1000 = datasets.

Target Qutcome:  Map hotspot areas, predict the number of SGBV cases and timing of violati

TRAINING-STAGE

Machine Leaming

NOT-STARTED

Problem Correlation

, and th work with duty-bearers, including hospitals,

law enforcement officials, social workers, and community members, to ensure that services are put in place to prevent SGBV and provide assistance to the victims.

Figure 5. 11 Predictions Module

5.3.3.4 Reports Module

The reports module displays a summary of the collected data in chart format to better understand

the trends and patterns of the reported violations. The key analysis of patterns looked out for



includes age, gender, type of violation, and location. These patterns will help formulate policies
that mitigate these violations with respect to the type of violations, the age groups of the victims,

the gender mostly affected, and which locations have a higher frequency of violations.

Location Age
I Nairobi CBD WM Parklands Madaraka [ Karen Rangai N 17 . 18 19 I 20 pil 2 23 24
Dandora 25 26 2 28 2 30 Ell 32

3 £ 3%

P

\

Type of Violation Gender

LB

I e domesticViolence intimatePartnerViolence [ physicalViclence

sexualViolence ocioeconomicViol psycholagicalVicl

verbalViolence

4

Figure 5. 12 Reports Charts
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5.3.4 Implementing the Poisson Regression Algorithm

The steps for putting the algorithm into place were collecting data, pre-processing the data,
exploratory data analysis, LDA modeling, and fitting the Poisson regression model. For the data
collection process, the data set from the Kenya National Commission on Human Rights (KNCHR)

was used for training the model. The data set was downloaded in CSV format.

5.3.4.1 Loading of the CSV file

#Loading CSV file

dfl=pd.ExcelFile("crystalrep2.xIs")

df=pd.read_excel(df1)

analysis_data=df[['/Age’, 'Allegld’, 'County’, 'FULLNAMES', 'Gender, 'HandlingOfficer',

'ReferalStatus’, 'Remarks', 'ReportDate']].dropna(axis=0,how="all"")

Figure 5. 13 Load CSV file
5.3.4.2 Cleaning of the data

# Remove stop words and lemmatize
nltk.download('punkt')
stop_words = set(stopwords.words(‘english"))
lemmatizer = WordNetLemmatizer()
def process_text(text):
tokens = word_tokenize(text)
tokens = [token.lower() for token in tokens if token.lower() not in stop_words]
tokens = [lemmatizer.lemmatize(token) for token in tokens]
return ' '.join(tokens)

text_data = pd.DataFrame(duplicate_free['Remarks'].dropna().apply(process_text))

Figure 5. 14 Cleaning of the data
5.3.4.3 Word Cloud
It was important to create a word cloud from the dataset to find out what words are commonly
used. Figure 5.15 depicts the words frequently used to highlight either perpetrator, victims, the

type of violation, location of the violation, age of the victims, and whether they reported at the

police station.
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Figure 5. 15 Word Cloud

5.3.4.4 Exploratory Data Analysis

Exploratory data analysis was performed on the dataset to understand the trends and patterns of
the occurrences of the cases with regard to the months and years from the year 2012 to 2022. A
time-frequency analysis of SGBV cases was performed to understand the patterns of the yearly
evolution of these cases. Further, an analysis of the months that violation cases are mostly reported
and the results depicted that during holiday periods violations are prone to be high. Figure 5.16 is
an example of the above statement, a comparison of the years 2021 and 2022, with the months of

November, December, and August having the highest numbers; these months are also calendar

months for school closure.

2022 CASES ACROSS MONTHS 2021 CASES ACROSS MONTHS

12

10

k T T T T T T T T
0.0 0.5 1.0 15 2.0 2.5 3.0 3.5 4.0

Figure 5. 16 SGBV cases comparison
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Figure 5. 17 Yearly Evolution of SGBV cases

Based on the dataset, Figure 5.17 shows how the number of SGBV cases has changed over time
and in what ways. The year 2013 was an election year, and the number wasn't as high as the
subsequent election years, including 2017 and 2018, which recorded the highest number of cases
over the years. These two years were election years, and cases of post-election violence were
experienced. 2022 was also an election year but had the lowest number of SGBV cases reported,
this is a positive indication that policies have been put in place by the government to improve

security during these periods.

It was worth analyzing the monthly comparison of SGBV cases across the years. This informed
me about the patterns that were emerging in similar months but different years when it came to
occurrences of violation cases. Figure 5.18 depicts the months of June, September, and October as
having a higher number of cases compared to the rest of the months between the years 2012 and

2022. Further analysis might show reasons why this is the case.
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Figure 5. 18 Similar Monthly Evolution in Different Years
The dataset was looked at to see which counties in the country reported the most cases. Figure 5.19
illustrates this further.

SGBV CASES DISTRIBUTION BASED ON LOCATION
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Figure 5. 19 SGBV Cases distribution based on location

SGBYV affects all genders, and many times the assumption is made that women are the only victims
of SGBV. However, that isn't the true representation; male victims suffer from stigma and
therefore don’t report when the violations occur. The same is reiterated in Section 4.1.2. Figure
5.20 depicts the distribution of the cases based on gender, with 58.6% females, 41.2% males, and

0.17% intersex persons.
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GENDER DISTRIBUTION OF SGBV CASES

Female

Figure 5. 20 Gender distribution of SGBV cases

It is noted with great concern that victims of SGBV are mostly children, and these cases occur
mostly during holiday periods when schools are closed, with the alleged perpetrators being
relatives and neighbours. Therefore, the researcher found it useful to do a holiday analysis, and
from Figure 5.21, the researcher concluded that for holidays, especially those in 2017, most of the

SGBYV cases occurred during this period.

14 holiday

1z

10

Reports

Figure 5. 21 Holiday Analysis

5.3.4.5 Estimation of Poisson Regression

The Poisson regression was used to model SGBV cases with respect to location, as a function of
gender, and using month and year as predictor variables. Figure 5.22 illustrates the code for
estimating SGBV cases using the month as the predictor variable; Figure 5.23 depicts the code for

estimating SGBYV cases using the year as the predictor variable; Figure 5.24 depicts the modeling
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of SGBV cases as a function of gender; and Figure 5.25 depicts the modeling of SGBV cases with

respect to location.

day['month'] = pd.Categorical(day[' month'])

day["year"]=pd.Categorical(day['year])

# Fit the Poisson regression model

modell = sm.GLM(np.asarray(day['Reports']), sm.tools.categorical(np.asarray(day['month'])),
family=sm.families.Poisson()).fit()

# Print the summary of the model

print(modell.summary())

Figure 5. 22 Estimation of SGBV cases using month as predictor variable

# Fit the Poisson regression model

model2 = sm.GLM(np.asarray(day['Reports']), sm.tools.categorical(np.asarray(day['year'])),
family=sm.families.Poisson()).fit()

# Print the summary of the model

print(model2.summary())

Figure 5. 23 Estimation of SGBV cases using year as predictor variable

gender_df.rename(columns={"gender":'gen_category'},inplace=True)
gender_df["gen_category"]= pd.Categorical(gender_df["gen_category"])
gender_df['gen_category'] = pd.Categorical(gender_df['gen_category'])
gender_df.dropna(inplace=True)
encoded_gender_df = pd.get_dummies(gender_df,columns=["gen_category"])
# calculate VIF values for each variable
vif2 = [variance_inflation_factor(encoded gender_df.loc[:,'gen_category Female':].values, i)
for i in range((encoded_gender_df.loc[:,'gen_category Female':].shape[1]))]
# identify variables with high VIF values
high_vifl = [encoded_gender_df.loc[:,'gen_category Female':].columns[i] for i, v in
enumerate(vif2) if v > 5]
# fit Poisson regression with Firth's correction
model2=sm.GLM(encoded gender_df[["cases"]],X1,
family=sm.families.Poisson(link=sm.families.links.log()))
model_fit2 = model2.fit_regularized(method="elastic_net', alpha=0.5, L1 wt=1.0)

Figure 5. 24 Modeling of SGBYV cases as a function of gender
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Table 5. 1 Gender Coefficients

Gender Coefficient
Female 5.812637
Male 5.457456

Table 5.1 confirms that the female gender is more susceptible to SGBV occurrences such that by

being of the female gender 5.8 SGBYV cases occur, whereas for males, 5.5 SGBV cases occur.

location_dff'location'] = pd.Categorical(location_df['location'])
location_df.dropna(inplace=True)

encoded_location_df = pd.get_dummies(location_df,columns=["location"])
from statsmodels.stats.outliers_influence import variance_inflation_factor

# calculate VIF values for each variable
vif = [variance_inflation_factor(encoded_location_df.loc[:,'location_Baringo':].values, i) for i

in range((encoded_location_df.loc[:,'location_Baringo':].shape[1]))]

# identify variables with high VIF values

high_vif = [encoded_location_df.loc[:,'location_Baringo':].columns[i] for i, v in enumerate(vif)
if v>5]

# fit Poisson regression with Firth's correction
model=sm.GLM(encoded_location_df[["cases"]], X,
family=sm.families.Poisson(link=sm.families.links.log()))

model_fit = model.fit_regularized(method="elastic_net’, alpha=0.5, L1 wt=1.0)

Figure 5. 25 Modeling of SGBV cases with respect to location

Table 5. 2 Location Coefficients

Location Coefficient
Kakamega 2.302585
Kisumu 4.204693
Mombasa 1.386294
Nairobi 5.017280
Vihiga 1.609438
Wajir 2.995732

From Table 5.2 the researcher concluded that when it comes to these 6 counties SGBV cases are

more prevalent, the estimated regression would be best summarised as:
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cases = 1+5.02 Nairobi+4.20 Kisumu+2.996 Wajir+2.30 Kakagema+1.61 Vihiga+1.39 Mombasa

The above regression made the researcher conclude that by virtue of being in Nairobi, Kisumu,
Wajir, Kakamega and Mombasa 5, 4, 3, 2 and 1.4 SGBV cases occur.

5.4 System Testing
System testing's purpose is to examine the full workings of the system against the requirements
and objectives before delivery of the final product.

5.4.1 Functionality Testing

Functional testing was done to make sure that the prototype of the application meets the functional

requirements that were set up for. The following tests were carried out:

Table 5. 3 Functional Testing

Test Case Description Action Expected Output Result
User Registration 1. User launches the | 1. The system will | Pass
application. verify user details
2. User clicks on the | provided and
account type they are | thereafter provide
creating an account | access.
as, then clicks on the [ 2. The user registers
No Account button to | and logs in
create an account in | successfully.
the system.
3. The user inputs the
required details
and click on Register
button.
User Login 1. User initiates the | 1. The system will | Pass
application. verify the username
2. User clicks on the | and password validity
Login button. and thereafter provide
access.
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2. The user logs in
successfully.

Victim Reporting a violation

1. User
launches
application.
2. User (Victim)
clicks on the Login
button.

3. User (Victim) can
view the reporting
module and be able to
fill the section with
required information.

(Victim)
the

Users are able to
report a violation
successfully.

Pass

Medical Practitioner viewing
and updating information

1. User (Medical
Practitioner) launches
the application.

2. User clicks on the
Login button.

3. Users can view the
information
documented in the
system and can update
the reports with the
necessary
documentation i.e
PRC forms.

User is able to view
and update violation
information

Pass

Law Enforcement Officer
viewing and  updating
information

1. User (Law
Enforcement Officer)
launches the
application.

2. User clicks on the
Login button.

3. Users can view the
information
documented in the
system and can update

User is able to view
and update violation
information

Pass
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the reports with the
necessary
documentation i.e P3
forms and OB
Numbers.

Pro-bono Lawyers viewing
information

1. User (Pro-bono
Lawyers) launches the
application.

2. User clicks on the
Login button.

3. Users can view the
information
documented in the
system and can assist
the victims access
justice.

User is able to view
the violation
information

Pass

Send Recommendations/

Feedback

1. The application is
launched by the user.
2. User clicks on the
Login button.

3. The system should
be able to send
feedback to the victim
based on the reported
violation.

User is able to receive
recommendations/
feedback

Pass

Reports Generation

1. The application is
launched by the user.
2. User clicks on the
Login button.

3. Users should be
able to use the system

to view the
information and
reports  for  each
center.

able to
reports

User is
generate
successfully

Pass
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5.4.2 Compatibility Testing

Different browsers were used to test the web application and they included Microsoft Edge,
Chrome, and Mozilla Firefox. The mobile application was tested on different mobile devices to
confirm its compatibility such as Nokia, Samsung, and Oppo.
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Chapter 6: Discussion

6.1 Introduction

This chapter discusses how the research objectives contributed to the research topic. The
overarching goal of the study was to design an application that outlines the developed solution
with regard to how the research questions were addressed, how timely reporting of sexual and
gender-based violence (SGBV) violations is achieved, and to employ machine learning to do

pattern analysis of SGBV occurrences in order to support duty bearers in improving their policies.

6.2 Review of Research Objectives

Referring to Section 1.3, the first goal was to find the problems with the current ways of collecting
data on SGBV. The results show that it is hard to collect, manage, and store data on SGBV cases
because most of the processes are done manually. Based on the answers to questionnaires sent to
a sample of police stations and hospitals in Nairobi, the respondents said that data collection is
done manually because victims have to go to the police station in person to report a violation. The
records are kept as case files in registries and exhibit rooms, and they are also written down in
occurrence books. This makes data management a time-consuming process. As for the hospitals,
the situation is somewhat similar; the information collected is documented in Post Rape Care
(PRC) forms, and copies are made and stored in the registry and on the system. The respondents
mentioned that the copies documented in the system tend to be less clearly visible, and for the
physical copies, as the years go by, they also lose clarity. Therefore, if a victim walks into the
centers in ten years and asks for their records, it may be a challenge to access them. The mobile
application is as beneficial to the victim as it is to the police stations and hospitals, as it integrates
the three most crucial entities needed to complete the cycle of SGBV evidence collection by
ensuring data collection and management are improved to ensure efficiency and effectiveness in

handling these sensitive cases and makes it easier to track down the perpetrators.

The second goal was to look at the methods that are already in place for reporting cases of sexual
and gender-based violence. The findings illustrated that victims usually report the violations
physically at the police stations. Some victims also opt not to report the violations as they are
discouraged due to certain factors such as bribery by the perpetrators, harsh judgments, stigma,

fear, and alternative dispute resolution mechanisms. The application will encourage victims of
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SGBYV to report the violations timely and bypass some of the challenges of reporting mentioned

above.

The third goal was to develop a mobile app so that cases of sexual and gender-based violence could
be reported quickly. In order to design and develop an appropriate solution, the findings of the
study were used to identify the appropriate technologies to use based on the literature review that
was conducted in Section 2.2 onwards. Use case diagrams, sequence diagrams, data flow diagrams,
entity relationship diagrams, and class diagrams were utilized as design tools. The application
developed can help victims of SGBV report these violations. The application can be used by duty-
bearers, including hospitals and police stations, to improve their data management process, which

is currently a manual process.

The fourth goal was to make a machine learning model for looking for patterns in cases of sexual
and gender-based violence. Chapter 2 included the review of various algorithms, and the research
made use of topic modeling of the data to see the major topics arising, then modeled a Poisson
Regression algorithm to form the pattern analysis. The model illustrated various trends and
patterns, which are explained further in Section 5.3.3. The model used only location, year, month,

and gender as its predictor variables.

The fifth objective was to test and validate the proposed tool. The Android platform was used to
develop the mobile application, JavaScript programming language for the web application and the
model was designed in Python using the Jupyter Notebook IDE. The tests that were conducted on
the system included functional testing and compatibility testing including various web browsers

accessing the web application and different devices accessing the mobile application.

6.3 Contribution of the Study

There are currently challenges to the under-reporting of SGBV violations due to a variety of
reasons, as outlined in Section 4.1.5. The mobile application will increase the number of
documented SGBYV reports because it addresses the majority of the issues raised. When dealing
with the SGBV issue, duty-bearers can make more informed decisions and plan better with real-
time data. The ML model assists duty-bearers in maximizing the strategies they implement by
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demonstrating the trends and patterns of SGBV cases, allowing them to build improved policies

to respond to and prevent SGBV.

6.4 Research Limitations

Due to the sensitive nature of the research study, the researcher had trouble getting information
when collecting data. Then, the researcher had to write formal letters to the hospitals' management
officers and the deputy inspector general to get permission to give the questionnaires at their
centres. However, the approval from some of the hospitals took weeks, whereas other centres had
many requirements before they approved the request, which caused a delay for the researcher.
Many of the institutions have many requirements that don’t align with the academic processes, as
they require approval from their internal ethics committee, which takes months, and approval at
the county level which require payment to be made. Since this kind of information is sensitive, the
information isn’t easily and readily available therefore the researcher had to work with a small
dataset, which was a challenge. This meant that the researcher had to use the data that was available

to model the patterns of the cases that had already been reported.
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Chapter 7: Conclusion and Recommendations

7.1 Introduction

The researcher developed an Android-based mobile application that helps victims of sexual and
gender-based violence report crimes as soon as they happen. The application also has an awareness
platform that tells them what they need to do next. This chapter includes the recommendations,

conclusions, and future work for this research.

7.2 Conclusions

The policy brief from the National Council for Population and Development and other groups talks
about the main problems with SGBV and gives a multi-sectoral plan for dealing with this health
and human rights issue more effectively. This policy brief shows that SGBV is common and has
big effects on health and development, but not enough attention has been paid to it at all levels.
So, it strongly encourages actors to take part in prevention and care, and it suggests ways to make
the Sexual Offenses Act better enforced. The magnitude of SGBV is difficult to estimate. It is
commonly known, however, that documented cases only reflect a small portion of the wider
reality. Sexual violence goes unreported even in normal circumstances because of fear,

humiliation, impotence, a lack of support, or the unreliability of public services.

The main goal of this study was to develop a mobile application that would help victims of sexual
and gender-based violence report crimes to the nearest police stations and connect them to the
nearest hospitals so they could get help right away. The researcher has reached this objective as
well as all of the other objectives listed in Section 1.3. The SGBV victims will benefit from the
mobile app because they won't have to go to the police station to report the crime. This will help
solve the problem of people not reporting crimes. The ML model that shows the trends and patterns
of the cases that have been reported will help governmental and non-governmental organizations
plan ahead for better resource optimization and comprehend the magnitude of SGBV in order to

mitigate future incidents.

7.3 Recommendations
Policymakers and people in charge of making decisions should use the patterns and trends shown

by the reported cases. Addressing the serious issue of under-reporting of SGBV cases because of
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shame, stigmatization, fear, and re-victimization is minimized by the use of the mobile application
to report the violations without physically visiting the police station. The mobile application should
be publicized to the general public to ensure more people are aware of its existence and encourage
them to make use of it when a need arises. Duty bearers should make use of the data collected to
come up with policies that protect children at all times, especially during holidays when they are
at home. These policies should also know the persons at high risk of SGBV and take them into
account in everything to ensure their safety. The government and non-governmental organizations
should support community-based organizations in the provision of services or initiatives that are

beneficial to SGBV survivors at the community level.

7.4 Future Works

The future improvements that can be implemented include the following:

I.  Since SGBV is a problem all over the country that needs to be fixed, more research should
be done in Nairobi County, and the proposed solution should be put into place in other
parts of the country.

ii.  The proposed solution should be extended in the future to include the development of the
application on other platforms, such as 10S and Windows, to target other users who don’t
use the Android platform.

iii.  For the Poisson regression-model used in this research and how to improve it to get a better
answer, technological progress should be thought about.

iv.  For this study, the Poisson regression was used to infer variables that influence SGBV
based on the dataset; however, the model can be improved to also predict future
occurrences.

v. Integrate the solution into police stations and hospitals so that the ecosystem is complete
and the goal of making the world a better place is met.

vi.  Disseminating the pattern analysis data to the duty bearers to aid them in key decision-
making and policy formulation. The solution can be improved by using data analytics
techniques.

vii.  Creation of awareness of the existence of the solution among the general public. This will

improve its accessibility, and its impact will be felt.
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Appendices

Appendix A: Use Case

Table 4.1 Use case description for adding a new user

Use Case 1 Registering as a new user.
Description New user registers to the system.
Actor User.

Preconditions

The user must be a SGBV survivor or assisting the survivor in reporting.

Postconditions

The user is logged into the application.

Main success scenario

User registers in the application.
System records user details.

User logins to the app.

Table 4.2 Use case description for reporting a violation

Use Case 2 Report a new violation.
Description User reports a violation.
Actor User.

Preconditions

The user must be a SGBV survivor or assisting the survivor in reporting.
The user must be a registered user.

Postconditions

Reporting a violation.
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Main success scenario

User registers in the application.
System records user details.
User logins to the application.
User reports a violation.

User receive feedback on what actions they should take.

Tab

le 4.3 Use case description for viewing and updating information

Use Case 3 Viewing Violation Information
Description The users can view information
Actor Victim, Law Enforcement Officers, Medical Officers, and Pro-bong

lawyers.

Preconditions

The user is logged in.

Postconditions

Viewing Violation Information

Main success scenario

User is registered and logged in.
User (Victim) is able to view the violation information.

Users (Medical officers and Law enforcement officers) are able to view|
the violation information.

Users (Medical officers and Law enforcement officers) are able to update
the information with necessary documentation.
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Table 4.4 Use case description for reports generation

Use Case 4 Generate Reports
Description Generation of the reports by the administrator.
LActor Law Enforcement, Medical practitioners, and Pro-bono lawyers.

Preconditions

The actors are logged into the system, they can view reports beneficial to
them.

Postconditions

Report is generated.

Main success scenario

Actors log into the application.
Actors can view the customized reports specific to their centers.

[Actors can download the reports for their further action.

Table 4.5 Use case description for managing users

Use Case 5 Managing Users
Description The administrator manages the users.
Actor System Administrator.

Preconditions

The administrator is logged in.

Postconditions

User management
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Main success scenario

Admin approves requests to add users.

Admin updates/edits the system.

Admin can delete users from the system.

IAdmin sends feedback to the user on actions to take.

IAdmin sends alerts or notifications to the users.
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Appendix B: Questionnaire for Medical Officers

Demographic Data.

Name of Hospital or Center

Location of the Hospital or Center

Designation of Respondent

Sex of Respondent

How frequent do you receive victims of SGBV at your center? Please mark appropriate box with a “ v

On a daily basis

On a weekly basis

On a monthly basis

Which form or type of SGBV is usually experienced?

Based on the data collected, after how long can you say victims of SGBV seek medical assistance? Please

mark appropriate box with a “ v »

Less than 72 hours

Between 73hours — 1 week
After 1 month

Between 2 months — 6 months

After one year or more

After examination of the victim, how do you store the data collected?

Do existing services to respond to SGBV survivors address needs of survivors who are living with

disability? Please explain

Have you ever been asked to present the medical examinations in court and what was the outcome?

Please explain. ........ccooviiiiiiiiiiiiiiii e
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Appendix C: Questionnaire for Law Enforcement Officers

Demographic Data

Name of Police Station

Location of Police Station

Designation of Respondent

Sex of Respondent

How frequent do you receive victims of SGBV at your center? Please mark appropriate box with a “ v

On a daily basis

On a weekly basis

On a monthly basis

Which form or type of SGBV is usually reported?

Based on the data collected, after how long can you say victims of SGBV report the violation? Please

mark appropriate box with a « v ”

Less than 72 hours

Between 73hours — 1 week
After 1 month

Between 2 months — 6 months

After one year or more

When a victim reports the violation, how do you store the data

Do existing services to respond to SGBV survivors address needs of survivors who are living with

disability? Please explain

Do the alleged perpetrators get arrested and undergo prosecution?
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Appendix D: Questionnaire for Community-Based Organizations

1.

Demographic Data

Name of Community

Designation of Respondent

Sex of Respondent

2.

10.

11.

12.

13.

14.

What are the situations that pre-dispose people to Sexual and Gender-Based Violence (SGBV) in
this community?

What forms of SGBV do you think occur the most in this

FoT0) 001 801010V
Which people are mostly at risk of gender base violence in this

(o700 01801010V

What are the specific forms of SGBV against women and girls in this community?

What do people in this community do to protect themselves from gender-based violence and how
do they respond to these incidents?

Has the problem of SGBYV in this community gotten worse, better, or stayed the same in the last
=2 o S o DU DU oy I ol SN A= UU

Do survivors seek for help when they experience SGBV? Do they tell anyone?

Do existing services to prevent or respond to SGBV survivors address needs of survivors who are

living with disability? Please explain

What is the quality and accessibility of the existing SGBV services in this community?
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Appendix E: Questionnaire for Victims

Section A: Demographic Data. Please mark appropriate box with a « v »

Age in years

Less than 18 years

18- 35 years

36- 60 years

60 and above

Gender

Male

Female

Marital Status

Single

Married

Separated

Divorced

Widowed

Education Level

Primary Level

Secondary Level

Tertiary College Level

University Level

Do you have any form of disability?

Yes

No

Nationality

Kenyan

Non- Kenyan

Have you ever experienced any form of sexual violence?

Yes
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No
If yes, what type or form of SGBV was it?

How long ago did this happen?

Less than 1 year

2-5 years

6-10 years

More than 10 years

Did you seek medical assistance?

Yes
No

Did you report the occurrence to the police?

Yes
No

After how long did you seek medical assistance?

Less than 72 hours

Between 73hours — 1 week
After 1 month
Between 2 months — 6 months

After one year or more

After how long did you report the violation to the police?

Less than 72 hours

Between 73hours — 1 week
After 1 month

Between 2 months — 6 months

After one year or more

Section B: Knowledge about Prevention and Control
If you didn’t report the violation to the police, what are your reasons? ................c..........

If you didn’t seek medical assistance, what are your reasons? .............ccoeveieeuenennanennenennn.
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If you reported, which methods or channels did you use? ...............oooiiiiiiiiiiiiiiie,

Do you have basic awareness on what to expect from the medical officers or police officers handling you
L T £ 0] - o S

Mobile Phone Access

Do you have a mobile phone? Tick as appropriate.

Yes
No
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