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This thesis aimed to predict the factors that influence rats TB detection performance using data 
mining techniques. A rats TB detection performance dataset was given from APOPO TB 
training and research center in Morogoro. Tanzania. After data preprocessing, the size of the 
dataset was 471,133 rats TB detection performance observations and a sample size of 4 female 
rats. However, in the analysis, only 200,000 data observations were used. Based on the CRISP- 
DM methodology, this thesis used R language as a data mining tool to analyze the given data. 
To build the predictive model the classification technique was used to predict the influencing 
factors and classify rats using a decision tree, random forest, and naive Bayes algorithms. The 
built predictive models were validated with the same test data to check their classification 
prediction accuracy and to find the best. The results pinpoint that the random forest is the best 
predictive model with an accuracy of 78.82%. However, the accuracy differences are 
negligible. When considering the predictive model accuracy (78.78%) and speed (3 seconds) 
of the decision tree, it is the best predictive model since it has less building time compared to 
the random forest (154 seconds). Moreover, the results manifest that age is the most significant 
influencing factor, and rats of ages between 3.1 to 6 years portrayed potentiality in detection 
performance. The other predicted factors are Session_Completion_Time, Session_Start_Timc, 
and Av_Weight_Pcr_Ycar. These results are useful as a reference to rats TB trainers and 
researchers in rats TB and Information Systems. Further research using other data mining 
techniques and tools is valuable.
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1 Introduction

1.1 Background
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This chapter aimed to describe a background on the topic of a thesis. Following this, it presents 
a detailed explanation of a research problem with the research questions. Moreover, it 
delineates the motive and delimitation. Lastly, it concludes with a disposition which shows a 
structure of the thesis.

The 3rd Sustainable Development Goal (SDG) emphasizes good health and well-being 
for all at all ages. However, this goal has several targets the 3rd target aimed to end the TB by 
stopping TB deaths and a decrease in new cases by 2030 (WHO, 2018). To meet this target, 
WHO established a global plan called End TB Strategy to reduce TB deaths by 95%, TB 
incidence rate by 90%, and make sure that TB affected family sat free from the disaster costs 
(WHO, 2014). Moreover, WHO gives priority to the need for better adoption and acceptance 
of new tools to systematic diagnose TB earlier (WHO, 2014). According to Poling et al. (2011), 
sputum-smear microscopy technique known as microscopy is widely used in developing 
countries to diagnose TB. Since it has a high specificity of about 90% and a low sensitivity of 
about 20% to 80%, local clinics apply initiatives for improving sensitivity such as expanding 
the time for laboratory technicians to view slides. However, the challenge persists due to an 
absence or limited availability of sensitive diagnostic tools (Ellis et al., 2017).

Data reported annually to the World Health Organization (WHO) by countries shows that 
Tuberculosis often abbreviated as TB is one of the causes of death worldwide (WHO, 2018). 
TB is a life-threatening infectious disease caused by bacteria called Mycobacterium 
tuberculosis that attack the lungs and can also harm other parts of the body (Poling et al., 2011). 
The transmission occurs from one person to another when a person with TB talks, sneezes, or 
coughs (WHO, 2014). Millions of people continue to fall sick with TB globally each year, and 
the estimation was 10 million people in 2017 (WHO, 2018). However, people who are living 
with HIV in developing countries are more likely to be attacked by TB due to the lack of fast 
and correct tools that can effectively diagnose people with TB and who can start earlier 
treatment (Poling et al., 2011). According to WHO (2018), the report shows that 72% of TB 
transmissions and deaths occur in people with HIV in developing countries.

During the upheaval, APOPO (Anti-Persoonsmijnen Ontmijnende Product 
Ontwikkeling) or “Anti- Personnel Landmines Detection Product Development” in English
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and Sokoine University of Agriculture (SUA) are researching and exploring the trained African 

giant pouched rats nicknamed “HeroRATS” for detecting TB to complement microscopy and 

other available diagnostic tools (Mgodc et al., 2018). APOPO is a Belgian Non-Government 

Organization (NGO) based in Morogoro, Tanzania aiming at using rat odor detection 

technology to solve the humanitarian problems (Poling et al., 2011). Rodents to which 

Cricetomys rats (HeroRATS) belong have the highly developed olfactory capacity, enabling 

them to undergo training and do specific detection tasks (Ellis et al., 2017). This technology 

uses operant conditioning techniques such as a reward or punishment to train rats in detecting 

Mycobacterium tuberculosis that causes TB disease (Mulder et al. (2017).

It has been in use in Tanzania since 2007 where rats sniff sputum sample from different 

local hospitals TB clinics under Directly Observed Treatment, Short-course (DOTS). 

Moreover, in Mozambique, its application is useful since 2013 (Mulder et al., 2017). In 

Tanzania from Morogoro and Dar cs Salaam hospitals the detection rate for presumptive TB 

patients increased by 44% in 2009. by 43% in 2010, and by 39% in 2014. Moreover, from 

Maputo, Mozambique detection rate in presumptive TB patients have increased by 53% since 

2013 (Poling et al., 2016). Additionally, since 2018 in Ethiopia this technology has been 

established for research use only. The detection performance of rats often measured in terms 

of sensitivity and specificity. Sensitivity implies how good the rat is at detecting samples with 

TB bacteria, while specificity reflects how good the rat is at detecting the samples without TB 

bacteria (Mahoney et al., 2013). Despite its importance, rats TB detection performance varies 

(Ellis el al.,2017).

APOPO center generates a large amount of data in its operations, including rats TB 

detection activities. And as such, it is valuable to discover interesting patterns and 

incompetence of the generated data for improving their detection performance and decision­

making. Moreover, to reduce operating costs and develop husbandry care. Most of the studies 

(Nagabhushanam et al., 2013; Suresh et al., 2018) used classification as a data mining 

technique in the diagnosis of tuberculosis to categorize and find the relationships among the 

manipulated variables. Furthermore, the study of Asha et al. (2011) propose that this technique 

helps the health sectors to have better decision toward their operations. Therefore, this thesis 

aimed to predict the factors that influence rats TB detection performance using data mining 
techniques.



1.2. Problem overview
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Since these rats are cost-effective and influence correct TB results, rats successful and 
consistent training is most important in TB healthcare centers that apply rat as odor-detection 
technology (Poling et al., 2011). The focal point of their training is on operant conditioning 
techniques which include reward or punishment. These techniques help to change behavior in 
such a way that rats improve TB detection performance. Hence, each rat must practice in every 
stage of training to qualify for detection sessions (Poling ct al., 2016). During the clicker 
training, rats learn to recognize the sound while in discrimination training, they learn to either 
pause or scratch in a sputum sample (Poling ct al., 2011). Since they do respond according to 
the instructions given during the training, it is useful to have the justifiable rules to avoid 
incorrect results. Therefore, well experimental setup, quality control, and precise data recording 
may enhance performance during the detection tasks (Reither et al., 2015).

Despite the justifiable rules, TB detection performance between trained rats does vary. 
The variation may occur when an individual rat within a group fails to show similarities in 
diagnostic accuracy such as specificity and sensitivity (Ellis et al., 2017). It often happens when 
a rat has either high sensitivity and low specificity or low sensitivity and high specificity 
(Mulder et al., 2017, Reither et al., 2015). Additionally, the variation may depend on patient 
age groups such as children, adolescents, and adults (Reither et al., 2015). And as such, rats 
may have detection performance on adults specifically in their most productive years (Mgode 
et al.,2018). Not only that but also levels of operant conditioning training may decide TB 
detection performance (Reither et al., 2015).

Moreover, the characteristics of rats may affect their TB detection performance. And 
as such, its impact may vary according to time. And as such, rats with certain factors may 
decide the effectiveness in odor-detection tasks (Mgode et al., 2018; Poling et al., 2011). Ellis 
ct al., (2017) conducted a study which used 22 rats (male and female) and grouped them into 
two groups of 11 rats each with different ages aimed to find the relationship between age and 
sex with detection performance. Rats median ages were 3.8 years for Group 1 and 2.4 years for 
Group 2. Detection performance in Group 1 was better than in Group 2. In other words, older 
rats may do better than less older rats. Following this, age influenced rats TB detection 
performance but there were no significant differences between male and female detection 
performance.



1.2.1 Research questions

• If yes. to what extent do different factors affect rats TB detection performance?

• If age is one of the significant factors, which one provides peak performance and why?

1.3 Motivation
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However, it is not valuable to generalize this concept at large because detection 

performance may depend on different factors. Moreover, based on the sample size, it differs 

from this thesis since the data given and analysed had a sample size of 4 female rats and the 

median age of 3.71 years. On other hands, based on the experience as rats become older and 

the weight increases the detection performance decrease. In this conception, there is no 

empirical evidence on the main influencing factors and the trend of their impact is not clear. 

Therefore, understanding of factors such as age, weight, the session starts time of day, and 

session completion time of the trained rats is of importance to improve the rats TB detection 

performance. Thus, to further contribute to this body of knowledge this thesis focuses on the 

following research questions:

• Can the factors that influence rats TB detection performance be predicted using a 

classification technique?

Using the African giant pouched rats as odor-detection technology is of importance not only 

as a complement for the other TB diagnostic tools but also in detecting land mines. As a result, 

this applicability makes the technology more significant and of interest. Not only that but also, 

the potential cost-effectiveness and speed in detecting many sputum samples than microscopy 

makes it of interest for TB new cases finding particularly in areas with high populations. Thus, 

it is a benefit to understand and consider rats significant factors that influence TB detection 

performance in all stages of their life.

The advantage of this thesis is to show empirically that rats’ TB detection performance 

depends on specific factors. Thus, the center must take care of and support TB detection factors 

to increase rats' detection performance throughout their lifetime. Moreover, based on presented 

preprocessed data in plots, the center can visualize clear the correlation or trend of rats’ TB 

data detection performance and utilize its usefulness. The result of this thesis is valuable as a 

reference to rats TB trainers and researchers in rats TB. Since this thesis implements data 

mining techniques in a social setting by identifying factors that enhance rats in detecting TB 

disease, it is also helpful to the academic society of Information System (IS).



1.4 Delimitation

1.5 Disposition
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On other hands, instead of using the weight of rats, this thesis applied 
Av_Weight_Pcr_Year to reduce bias since most of the rats’ data in DctectionRatsData datasets 
missed their corresponding weights in the RAT_WEIGHT dataset. Despite several 
classification performance measures for comparing the built predictive models’ performance, 
this thesis applied accuracy metric since it is used most in classification problems.

This section depicts six chapters of the thesis aiming to present a detailed explanation and 
knowledge of the topic. These chapters include Introduction, Theory, Method, Results and 
Analysis, Discussion, and Conclusion.

The focal point of this thesis is rats' TB detection performance data from APOPO research and 
training center in Morogoro, Tanzania. These data are between 2014-2018 years and has a 
small sample size of 4 rats. However, the given datasets consisted of data from 2011 to 2019 
and five female rats. The fifth rat in the RAT_WEIGHTdataset had no corresponding detection 
performance variables in the other two datasets and thus was disqualified. The sample size for 
characterizing a TB rat is therefore only four since was the ones found with the requested data 
and was expected to address the aim of the thesis. The range of five years may decide the 
desired results and answer the research questions.

Furthermore, there is no comparative analysis of rats’ TB detection performance 
between the years. The data mining technique and algorithms used in this thesis to predict the 
main factors that influence rats TB detection performance and a class of every rat are 
classification, decision tree, random forest, and naive Bayes respectively. The classification 
technique and these algorithms are proposed to yield desired results in TB diagnosis. However, 
it is not a design science study. Besides, other classification algorithms such as Support Vector 
Machine (SVM), Artificial Neural Network (ANN), and logistic regression can offer the 
solution.

Theory (Chapter 2) provides a theoretical framework on the topic of the thesis which 
includes existing research and an approach of the literature review. Method (Chapter 3) 
explains and motivates the overall methodology and the choice of methods. Also, it defines 
how the thesis implements these methods. Results and Analysis (Chapter 4) explains the 
results, its analysis and interpretation based on the formulated research questions. Discussion 
(Chapter 5) entails strength of the results and the analysis based on the methodology and
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methods used. Conclusion (Chapter 6) draws conclusions by answering the three research 
questions and presents recommendations for future research and the limitations of the thesis.



2 Theory

2.1 Existing Research

2.1.1 Systematic Literature Review (SLR)
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This chapter provides a theoretical framework on the topic of the thesis. Initially, it describes 
existing research and an approach of literature review called systematic literature review. 
Afterward, a means applied to collect and select relevant and of quality literature. Following 
this, it alienates the outcome of the literature review which focuses on the aim of the thesis. 
This outcome includes a detailed literature review and the theory which oversee the rats TB 
detection performance. In conclusion, it presents related studies which motivate data mining 
application in healthcare and classification technique in tuberculosis diagnosis.

This section consists of kinds of literature that are relevant to the topic of the thesis. It describes 
and motivates an overview of the literature review. Boell & Cecez-Kecmanovic (2015) propose 
that the literature review is a significant part of all aspect of research. In other words, it helps 
to find related research and bring together their results. Moreover, the literature review assists 
to show the knowledge gaps that may lead to identifying further research.

Further research is established initially by scrutinizing the overview and the critical 
analysis of earlier research. Additionally, criticizing the existing knowledge to discover the 
problem and relevant research questions of future research (Alvesson & Sandberg, 2011). For 
beginner researchers, the literature review process may have difficulties due to the vast amount 
of literature. However, Webster & Watson (2002) suggest the use of a systematic literature 
review (SLR) approach to present, classify, and evaluate the literature. Hence, this thesis uses 
SLR to search and select the relevant literature.

General strategies to conduct a literature review emphasize on specifying a topic and number 
of literature sources involved in the study. In other words, they are not clear on the systematic 
means to collect and interpret information or results. Similarly, traditional literature reviews 
aim to give a detailed explanation of the topic problem and critical assessment of research 
knowledge without identifying a proper way to answer the research questions and acquire the 
evidence of the results (Finfgeld-Connett & Johnson, 2013). However, for rigor research 
literature review should not only check for the strengths and weaknesses of the research. 
Literature reviews must give evidence that answers the research questions (Boell & Cecez- 
Kecmanovic, 2015).



2.1.2 Critical Analysis of the Literature

Literature search

Literature selection

2.1.3 Literature Search
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The SLR is a complement to traditional literature reviews which strengthen the 
scientific rigor of the research (Okoli & Schabram, 2010). It is the type of literature reviews 
that use systematic methods to gather and find the kinds and of quality literature (Morrell, 
2008). SLR offers current and best evidence available from earlier research that is relevant to 
the identified research questions. Thus, its advantage is on the ability to find, select, assess and 
combine evidence from the earlier related literature (Webster & Watson, 2002).

Furthermore, the SLR is a standardized method for literature reviews which are 
rigorous, replicable, unbiased and clear (Okoli & Schabram, 2010; Oates ct al., 2012). It also 
specifics a systematic means to search for relevant and quality literature. Following this, the 
SLR is superior to other approaches for conducting literature reviews. However, since there is 
no such justification, it remains as a general approach to conducting literature reviews (Boell 
& Cecez-Kecmanovic, 2015).

The literature search aimed to collect information from earlier related studies and focused on 
the literature with the evidence on the topic for the finding’s consistency. The terms giant 
African tuberculosis in human sputum and using “classification technique” in the diagnosis of

This sub-section focuses on identifying the purpose of the thesis by gathering different 
literature from earlier related researches. Also, it aims at creating knowledge on the topic by 
describing several topic concepts such as rats’ TB detection performance, signal detection 
theory, data mining application in healthcare, and classification technique in TB diagnosis. 
Based on Webster & Watson (2002), this thesis applies two steps to collect, assess and select 
the quality and relevance of the collected existing related research. These steps are as follows:

This step aims to present and motivate the approach used to the search process and the search 
terms applied. Furthermore, it describes in detail the various sources of literature including 
articles and books and exclusion of other unpublished sources.

Since the literature sources usually provide a vast amount of information, it is of great benefit 
to involving only the relevant literature. To implement this, it is of importance to use a set of 
criteria to control the access of information.



2.1.4 Literature Selection

• Identifying relevant literature

• Quality assessment of the literature
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tuberculosis were used separately to search for literature from Google Scholar and Uppsala 
University databases. The reasons behind the usage of the above sources are; easy to use and 
their ability to give a large amount of literature. Moreover, the accessibility in Google Scholar 
is free to use and, the Uppsala University databases are accessible all the time. Additionally, 
this search excludes sources such as newspaper articles and blog posts.

Furthermore, the search process focused on the published literature to make use of only 
relevant and quality literature on the topic for review. Google Scholar and Uppsala University 
database yielded 16,800 and 942 results respectively for the first search term. Also, for the 
second search term, the results were 2,130 and 146 respectively. Since a Google Scholar search 
engine is connected to the other databases like Uppsala University, it is true that most of the 
literature were found in both the databases. Hence, the thesis selected only the first 41 and 23 
literature that appeared to both databases for the first and second search terms, respectively 
since they were relevant to the subject and presumed to address the aim of the thesis.

It was of great benefit to using only the literature out of 64 that influences the consistency of 
the results. And as such. 2-slagcs used to acquire the relevant and of quality literature on the 
topic (Smith el al., 2011).

This stage involved a comprehensive evaluation of the 64 kinds of literature obtained from the 
literature search process. In other words, this assessment enabled to prove the literature strength 
and support in making recommendations for future research. The relevance identification 
started by examining the title and abstract of the chosen 64 kinds of literature. The relevance 
of the literature was obtained when the title and the abstract related to the topic and it was peer- 
reviewed. Afterward, only 44 out of the 64 were identified as relevant for the next phase of the 
quality appraisal.

The literature quality appraisal process started by perusing the literature and finally 
concentrating on the abstract and conclusion to confirm its consistency with the topic. When 
the author had previous related publications and were easy to read, these kinds of literature 
manifested as of quality. Following this, only 33 relevant and quality-appraised kinds of 
literature was used as the source of information to support the topic of the thesis.
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Discrimination training uses a three-hole cage to present TB positive and TB negative 
samples to trained rats. This training is aiming at enabling rats to distinguish between TB 
positive and TB negative samples from the presented samples in a cage (Mulder et al., 2013). 
The study conducted by Mgode ct al. (2018) pinpoints that during the training, rats learn to 
pause for about 3 seconds to the sample hole with TB bacteria and take 1 second to the sample

Microscopy is the most used device to detect TB in developing countries. However, its 
effectiveness is still a problem (Poling ct al., 2011). Tanzanian Ministry of Health permitted 
APOPO to use rats in a second-line screening of sputum samples (Wcctjcns et al., 2009). This 
screening is aiming at confirming people with or without the TB. It usually happens after the 
first diagnosis performed by laboratory technicians from Directly Observed Treatment, Short­
course (DOTS) centers. These rats are found in sub-Saharan Africa and have features such as 
large-size and long-lived for up to eight years in captivity versus two years in the wild (Mgode 
et al., 2018). The study conducted by Ellis ct al. (2017) shows that they are resistant to local 
parasites, diseases and need relatively simple care. Not only that but also a highly developed 
sense of smell increases their potential for use to detect TB bacteria in sputum samples (Poling 
ct al., 2011).

As APOPO center reproduces these rats, it is of great importance for every rat to carry 
out various stages before presented to the metal cage for TB detection tasks (Ellis et al., 2017). 
At the preliminary stage and young ages, rat pups start to interact with humans. However, 
during 3 to 6 weeks of age rats arc getting familiar to everyday smells, sounds, and sights; and 
given food by trainers. Afterward, clicker training and discrimination training begin by using 
operant conditioning techniques such as reward or punishment. During clicker training, rats 
learn to approach the trainer when the click sounds to get food as a reward from trainers through 
a plastic tube attached to a syringe (Poling el al., 2011).

Clicker training is the first training alter socialization which uses a metal cage of a 2- 
cm hole in the floor below to present a sample with TB bacteria (Poling et al., 2011). And as 
such, rats learn to differentiate frequently sounds just before getting food. The food reflects as 
a reward when approaching trainers. However, in this training, there are no TB negative 
samples presented in the cage rather TB positive because the aim is to support rats to recognize 
sounds. After the success in clicker training, the second training called discrimination training 
starts (Poling ct al., 2016).
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hole without bacteria. Furthermore, rats receive food (bananas mixed with food pellets, both 
mashed) as a reward only if they paused correctly at holes with positive control samples. After 
rats’ success in both kinds of training, they become eligible for TB detection tasks (Poling et 
al.. 2011). However, sputum sample from DOTS centers first undergoes heat inactivation to 
inactivate microorganisms. Following this, trainers present the containment bars with 
inactivated samples to trained rats for TB detection tasks (Mgode ct al., 2018).

Using these rats in sniffing sputum samples together with microscopy have much- 
increased TB detection case findings in developing countries (Ellis et al., 2017). In Tanzania 
from Morogoro and Dar cs Salaam hospitals the detection rate for presumptive TB patients 
increased by 44% in 2009, by 43% in 2010. and by 39% in 2014. Moreover, from Maputo, 
Mozambique detection rate in presumptive TB patients have increased by 53% since 2013 
(Poling et al., 2016). Therefore, to date, there is an increase in new case findings of about 40% 
in Mozambique (Ellis et al., 2017). Local hospital TB clinics as DOTS centers missed finding 
the TB positive samples during the first screening. As a result, the trained rats increased these 
new cases by identifying samples with and without TB (Mgode et al.,2018).

Moreover, the study conducted by Mgode et al., (2018) shows that rats succeeded to 
detect new TB results from sputum samples. However, the DOTS centers microscopy failed to 
recognize the TB positive results during the first screening from the local hospital TB clinics 
in Tanzania. The new TB positive cases identified by these rats were 4,793 TB patients from 
January 2011 to June 2015. Following this, rats have high sensitivity and low specificity in 
detecting the TB samples than microscopy.

The usefulness of this technology is due to the rats’ rapid diagnostic speed which can 
test up to 100 samples in 20 minutes where a laboratory technician can take about four days 
when using the microscopy. The speed of a single rat to test hundreds of samples reveals that 
this testing is not expensive. Detection rat technology is of great benefit to the community and 
public health hospitals. It provides quick results on the same-day and reduces the high workload 
of TB samples from local hospital TB clinics which may lead to many false-negative results 
(Ellis et al., 2017). However, the detection performance of rats may either depend on the 
success of the kinds of training or the characteristics of an individual rat or a group of rats 
(Poling et al., 2016).

Detection performance may depend on rats’ characteristics such as age and sex 
(Brushfield et al., 2008). However, no significant difference in detection performance between
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male and female rats (Ellis et al., 2017). Moreover, the study conducted by Ellis el al. (2017) 
identifies that time of the day of training may influence the detection performance. 
Additionally, Mgodc cl al. (2018) propose that rats are more precise on samples with a lower 
bacterial count. Nevertheless, an individual rat may fail to detect samples. The increase of 
failure may either depend on the characteristics of the rats or unsuccessful early training. As a 
result, it may show poor reliability on both TB-positivc and TB-negative samples. However, 
other rats may have consistent training, but an unidentified health problem may result in their 
inability (Ellis ct al., 2017).

Signal detection theory (often abridged as SDT) used to present the theoretical concepts that 
guide the analysis of the thesis. SDT states that the detection of a stimulus depends on both the 
intensity of the stimulus and the physical or psychological state of the individual (Green & 
Swets, 1966). Moreover, SDT is a theoretical and empirical framework that offers to 
understand how features of the stimulus, individual factors, and background stimuli affect 
performance on stimulus-discrimination detection tasks (Mahoney ct al., 2013).

In an experimental study, SDT assessed individuals’ discriminative response abilities 
based on the given stimuli and conditions. Individuals’ were exposed to many detection trials 
to make discriminative responses (Yes or No) (Samuel & Snodgrass, 2015). Similarly, rats 
discriminative-detection abilities in the same stimulus intensity may decide their TB detection 
responses. In other words, this evaluation depends on the operant conditioning techniques such 
as reward or punishment which enforce rats to portray discriminative detection responses 
(Poling et al., 2011).

SDT in rats TB detection task has four concepts (Hit, false alarm, miss, and correct 
rejection) which govern its operation on several stimulus detection tasks. Hit means detection 
responses when TB bacterium is present in the sample while false alarm entails detection

SDT is used most in various fields, including medical diagnosis that needs better 
strategies for decision making. Primarily, the psychophysics experiment used SDT to pinpoint 
the relationship between stimulus characteristics. As a result, the characteristics influenced the 
discriminative responses. Therefore, in medical diagnosis, SDT helps to distinguish between 
the discrimination-sensitivity of an individual-participant and the discriminative response in 
the task. Hence, SDT has become of interest in separating and learning discriminative 
responses (Samuel & Snodgrass, 2015).
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responses when the TB bacterium is absent. Moreover, miss inferring no detection responses 
when the TB bacterium is present. Additionally, correct rejection implies no detection 
responses when the TB bacterium is absent (Poling ct al., 2011). However, the analysis of 
formulated research questions focused on the two concepts. These concepts include Hit and 
correct rejection. Hit and correct rejection (sensitivity and specificity) are correct detection 
responses which imply rats TB detection performance used for analysis while false alarm and 
miss relied only incorrect. In other words, the hit means the fraction of the sum of hits and the 
sum of total hits and total misses. Also, multiplying the result by 100% for a percentage 
measure. Additionally, correct rejection entails the fraction of the sum of misses and the sum 
oftotal misses and total false alarms and multiplying the result by 100% (Mahoney et al., 2013).

As mentioned before that stimulus is one of the dependent factors for SDT which 
facilitates the detection responses. Phosphate-buffercd saline (PBS) added to the sample and it 
was easier to detect the TB positive sample. In other words, sensitivity was higher than 
specificity due to the extra PBS which increased the strength of the stimulus (Poling et al., 
(2013). These variations may occur between trained rats and may influence either high 
sensitivity and low specificity or low sensitivity and high specificity (Mulder et al., 2017). 
During the experiment rats offered per-patient high sensitivity and low specificity of about 
81.9% and 56.9% respectively (Mahoney et al., 2013). On other hands, other rats have 
detection performance with a low sensitivity of 56.9% and high specificity of 80.5% (Reither 
et al., 2015). However, TB diagnoses tools with high sensitivity and low specificity are of 
utmost importance (Ellis et al., 2011).

As SDT also depends on the physical or psychological state of the individual­
participant for the detection responses, other rats may or may not have many trials to give the 
detection performance. TB detection performance may vary based on the factors of an 
individual-participant rat (Ellis ct al., 2017). Following this, TB detection performance 
between rats sometimes may vary due to various factors and thus affect sensitivity and 
specificity of a rat. These rats’ factors may include age, sex, time of day, and bacterial count. 
Based on the experience, as rats become older and the weight increases the detection 
performance decrease (Brushfield et al., 2008, Ellis et al., 2017, Mgode et al., 2018). However, 
other rats might not show a significant difference between male and female detection 
performance (Ellis et al., 2017).

Based on these two concepts, rats TB detection performance ability varies between 
trained rats. Like SDT which proposes that an individual participant may fail to show detection
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response depending on their sample criterion. However, the sample may either have or not have 
the stimuli (Samuel & Snodgrass, 2015). Therefore, it is of importance to understand the most 
factors of rats which enhance TB discriminative-detection performance.

Technological advancement has led to the growth and rapid increase of medical data generated 
from different operations in the healthcare sectors. These operations may include diagnosis, 
medication, prescription or prevention ofdiscase (Chaurasia & Pal, 2014). Healthcare sectors 
produce a vast amount of data and make it difficult to find interesting patterns or inefficiencies 
from data by using the traditional approach (PrasannaDcsikan et al., 2011). Therefore, data 
mining is more important to describe and identify the relationship between the data pattern to 
enhance better strategies and decision-making (Dubey ct al. 2016).

Data mining is the process of discovering knowledge by extracting and identifying 
useful information and patterns from a structured dataset. It is used mostly in many fields such 
as scientific discovery, marketing, surveillance, fraud detection, and medical to discover hidden 
patterns (Sharda ct al., 2014). In medical services, data mining supports various areas such as 
medical tests, the discovery of relationships among clinical and diagnosis data, and medication 
Moreover, it helps healthcare sectors to learn more about their operations, generate effective 
strategies and reduce costs (Chaurasia & Pal, 2014). Furthermore, data mining enables 
healthcare sectors to achieve their goals (Dubey et al. 2016).

The data mining process in healthcare depends on different techniques which include 
classification, clustering, and association for its operation. These techniques help to learn past 
data and detect knowledge patterns. Classification technique builds predictive models to 
predict future events from the manipulated data. The clustering technique groups each instance 
into a specific group or category based on the characteristic’s commonalities. Moreover, the 
association technique provides the rules which help to find a relationship between the 
interesting patterns. Therefore, they all offer solutions to real-world health problems like 
diagnosis and treatment of diseases (PrasannaDesikan et al., 2011). However, the applicability 
of these techniques depends on the context or aim of the task (Chaurasia & Pal, 2013).

Rats responses 
Detection response 
No detection response

TB bacteria (stimuli) present
Hit ~
Miss

TB bacteria (stimuli) absent
False alarm___________
Correct rejection



2.4.1 Classification Technique in the Diagnosis of Tuberculosis

23

Classification is the data mining technique which operates by building predictive 
models that categorize and assign a label to manipulated and newly encountered instances. 
These predictive models help to solve multi-classification problems through prediction and 
analysis. In healthcare sectors classification is of great value to find interesting patterns in 
various aspects like diagnosis, treatment or planning (Sharda ct al., 2014). The study conducted 
by Ramana et al.. (2011) used the classification technique with bagging and boosting to build 
the predictive model for the diagnosis of Liver disease.

The decision tree algorithm was used to build a predictive model which learned patterns 
from the past medical data. The predictive model aimed at helping the doctors to predict and 
diagnosis the tuberculosis disease. And as such, the predictive model played roles of a decision 
support tool in clinics (Asha ct al., 2011). In other hands, the decision tree algorithm was 
applied to find the characteristics of the disease. The decision tree generated rules that enabled 
the prediction of the patient’s disease status. These rules are simple and easy to understand and 
interpret (Ameri et al., 2014). Furthermore, Suresh & Arulanandam (2018) applied decision 
tree algorithm purposely to support on the diagnosis decision when suspected tuberculosis

Not only that but also the classification technique used bagging algorithm to diagnose 
the heart disease from the past medical data set. Hence, classification is mostly used in 
healthcare sectors to predict the presence or absence of any disease. One of the advantages of 
classification is that it helps the medical specialists to make decisions on patients based on the 
diagnosis. As a result, there is a possibility of preventing disease transmission since suspected 
patients can start treatment earlier. Fundamentally, the classification technique supports 
healthcare sectors to predict future events and gain insight into the patients' data based on past 
data to improve their operations (My Chau et al., 2009).

The studies conducted by Ameri et al. (2014) and Nagabhushanam ct al. (2013) suggest a 
classification technique in the diagnosis of tuberculosis disease. However, this technique 
depends on various algorithms for the implementation. The classification algorithms recently 
used in the diagnosis of tuberculosis include Decision Tree, Random Forest, Naive Bayes, 
Support Vector Machine (SVM), and Artificial Neural Network (ANN) (Suresh et al., (2018). 
These algorithms have been successfully implemented and recognized in solving several 
classification problems in tuberculosis diagnosis due to their high generalization performance 
(Nagabhushanam et al., 2013).
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patients must start treatment. As a result, the built predictive model helped to find patients with 
or without tuberculosis based on the patients manipulated suspected variables.

Not only that but also Ashaet al. (2011) used classification algorithms such as Random 
Forest and naive Bayes to detect tuberculosis. Following this, the algorithm comparison is of 
great importance to find a reliable algorithm in the given data. The study conducted by Ayas 
& Ekinci (2014) used random forest algorithm to categorize the Mycobacterium tuberculosis 
based on local color distributions and regions. Moreover, the study of Maniya et al. (2011) 
used a naive Bayes algorithm to classify patients affected by tuberculosis into two classes 
which are least probable and most probable. This algorithm learned patterns from the past data 
to discover and extract hidden interesting information by building the predictive model that 
categorized tuberculosis into two classes (Yes and No).

Besides, Support Vector Machine (SVM) was used as the classification algorithm to 
build a model for categorizing the patient's samples into TB and non-TB. Apart from 
classifying the samples, SVM also helped to decide which compounds in the database was 
useful to classify these samples (Kolk et al., 2012). Furthermore, Amcri et al. (2014) performed 
a study which identified the most influential factors on osteoporosis using the C.5.0 algorithm 
and artificial neural network. Additionally, the study of Nagabhushanam et al. (2013) used the 
classification technique to predict tuberculosis by using the multi-layer Neural Networks. 
Moreover, neural networks are used to categorize tuberculosis patients based on the laboratory 
and demographic characteristics (Tamer et al., 2012).

Therefore, prior studies conducted by Brushfield et al., (2008); Ellis et al., (2017); and 
Mgodc et al., (2018) using rats for TB detection proposed that TB detection performance 
sometimes may depend on the rat’s factors such as age, sex, time of day, and bacteria count. 
However, based on the experience as rats become older and the weight increases the detection 
performance decrease. In other words, there is no empirical evidence on these factors and the 
trend of impact is not clear. Despite the prior studies, there arc no studies related to using data 
mining techniques to predict factors for rats TB detection performance. Since the rat’s 
technology is advantageous, it is useful to understand the factors that influence their TB 
detection performance. One of the rat’s TB technology advantages is that it helps to reduce 
false results. Following this, the center must consider these factors to maintain its usefulness. 
Thus, this thesis aimed to predict the factors that influence rats TB detection performance using 
data mining techniques.
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3.1 Data Mining Process

Figure 1: The Six-Phases of CRISP-DM Data Mining Process. (Sharda et al., 2014)
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This chapter describes the overall methodology used when conducting this thesis. It includes 
the data mining process, technique, and algorithms. Moreover, justifies the selected choices 
and presents ethical approval to use the data.

This thesis applied the CRISP-DM methodology (Cross Industry Standard Process for Data 
Mining) to describe the systematic and organized approach in the data mining process. CRISP- 
DM is an open standard process which consists of six phases for data mining. These phases are 
business understanding, data understanding, data preparation, model building, testing and 
evaluation, and deployment. Moreover, CRISP-DM is the most popular and non-proprietary 
standard data mining process (Sharda cl al., (2014). Figure I shows that these phases often 
operate in sequential order. Despite the mentioned order, this analysis used back and forth to 
influence the desired results. Therefore, CRISP-DM was used as a framework to answer the 
formulated research questions.

The first phase of CRISP-DM aimed to know what the center needs from a business 
perspective. To answer this question, it was of importance to start with a detailed understanding 
of the aim, requirements, and constraints of the center. This understanding was created by
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extracting the knowledge of the application domain. This knowledge helped to formulate the 
thesis problem and research questions. Moreover, it was easier to choose a suitable data mining 
method that might answer the formulated research questions and meet the purpose.

Following the business understanding, this phase concentrated on the access, description, and 
identification of the relevant data. And as such, it helped to find the value of the given data. 
The data source for this thesis was the Al’Ol’O TB training and research center in Morogoro 
Tanzania. The given datasets composed of rats TB detection performance variables from 2011 
to 2019 years and rats weight variables from 2012 to 2019. They were three datasets in excel 
files with quantitative and qualitative data. Table 2 describes the four weight variables of one 
of the datasets named RAT_\VEIGHT dataset that contained five female rats with 1438 
observations. However, the fifth rat in the RAT_WEIGHT dataset had no corresponding 
detection performance variables in the other two datasets and thus was disqualified. Hence, this 
thesis used only the four female rats which were consistent with the other two datasets.

Focusing on the two remained datasets named DetcctionRatsData, each dataset had two 
worksheets with two female rats’ detection performance data. One with Happy and Catia data 
and the other with Sofia and Mkuta data. Table 3 describes 18 variables (1 dependent and 17 
independent) found on these datasets and a separate DOB variable inclusive depicted in a 
summary tabic from the original data. The DOB variable helped to find the age of rats in a 
specific session day. Independent variables mean the rats factors that may influence TB 
detection performance while the dependent variable implies TB detection performance (HIT) 
as a target class for classification.

Based on the independent variables, Table 3 shows that DOTS_NAME, RAT_NAME, 
and GENDER had string data except for the rest such as SESSION_DATE, Age, 
START_T1ME, END_TIME, and DOB that contained integer, DateTime, and Date data. TB 
detection performance variable (HIT) is the dependent and categorical variable with boolean 
data in the form of TRUE or FALSE. Considering the signal detection theory, TRUE means 
rats’ sensitivity (Hit) while FALSE implies rat’s specificity (Correct rejection). Therefore, the 
dependent variable was entirely used to predict the influencing factors and assign the detection 
performance class of every given rat into either TRUE or FALSE.
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Table 3: Detect ion Rats Data Dataset Description
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This data preparation or preprocessing phase was used to prepare the data obtained from the 
second phase into a useful structure for data mining methods. Fundamentally, it covered the 
approach of data analysis. This phase enhanced data consistency from the raw given data. 
Therefore, it used the four main steps which are data consolidation, data cleaning, data 
transformation, and data reduction as shown in Figure 2 suggested by Sharda et al. (2014) to 
prepare the given raw data into the required format.

The data consolidation step focused on access, selection, and integration of the given 
data. After the access of data from the second phase, it was of benefit to identify the relevant 
variables from the given raw data. To enhance clarity, merging of the four separate worksheets

2
3
4

Data Type I Description 
Integer 
String 
Date 
Integer

Data type 
Siring 
Integer 
Integer 
Integer 
Integer 
Boolean 
Integer 
Integer 
integer 
Integer 
Date 
integer 
String 
String 
Integer 
DateTime 
DateTime 
Date

Identification of rat_________________________
Name of rat_______________________________
Date when the weight of the rat was measured 
Weight of the rat

Description__________________________________
Name of the DOTS center_____________________
Number of patients from DOTS center____________
A year when patient attend DOTS center_________
Identification of the sample_____________________
Identification of the blood from DOTS center_______
Rats TB detection performance (categorical variable) 
identification of the blood from APOPO center_____
Identification of the cage during training___________
Identification of the fluorescence microscope_______
Identification of evaluation session_______________
Date when a session performed_________________
identification of the rat_________________________
Name of rat_________________________________
Sex of rat__________________________________
Age of rat__________________________________
Date and time when the detection task started_____
Date and time when the detection task ended______
Date when rat was born

Number Variable Name
ID_RAT_______
RAT.NAME 
WEIGHT_DATE 
WEIGHT

Variable Name___________
DOTS_NAI.1E____________
DOTS_PATIENTS_NUMBER 
ENTRY_YEAR___________
ID_SAL1PLE_____________
ID_BL_DOTS____________
HIT____________________
ID_BL_APOPO___________
ID-CONFIGURATION
ID_BL_FM_______________
ID_EVALUATION_SESS1ON 
SESSION-DATE_________
ID_RAT_________________
RAT.NA1.1E_____________
GENDER_______________
Age____________________
START_TIME____________
END_Tlk1E______________
DOB

Number
1
2 _____
3 _____
4 _____
5 _____
6 _____
7 _____
8 _____
9 _____
10 ____
11 ____
12 ____
13 ____
14 ____
15 ____
16 ____
17 ____
18
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from the other two DetectionRatsData datasets into a single file called Rats dataset was 
performed. Hence, the new merged data file (Rats) consisted of 17 columns and a total of 
471,133 observations from 2011 to 2019 years.

The second step of data cleaning dealt with the removal of irrelevant variables and 
empty rows from the Rats dataset to prevent noises, outliers, and inconsistencies from the data. 
This step started by eliminating undesirable variables, rows, and observations from 2011 to 
2013 and 2019 years to make use only the intended data from 2014 to 2018 years. Following 
this, it was useful to find and remove inconsistencies from the START_TIME and END_TIME 
rows to prevent outliers. These variables had the same date values and were incorrect since 
they differ from the SESSION_DATE values. However, the time values were correct. In this 
conception, there was no imputation of the missing values. On other hands, from the 
RAT_WEIGHT dataset, since it consisted of data from 2012 to 2019 years and the disqualified 
Fifth rat, it was of importance to remove data from 2012 to 2013, and 2019 and the fifth rat 
from the RAT_WEIGHT dataset to maintain consistency with the DetectionRatsData datasets.

The Av_Weight_Per_Year variable implies the average weight of each rat per year 
created from the WEIGHT variable of the RAT_WEIGHT dataset. Moreover, this 
Av_Weight_Per_Year variable was merged into the new file (Rats dataset) to acquire the 
desired dataset for the analysis. All rats within a specific year were given the same average 
weight to enhance data consistency since the two files (DetectionRatsData datasets) consisted 
of many observations describing the daily detection tasks. However, most of them missed their 
corresponding weights since the weight of the rats from the RAT_WEIGHT dataset was 
measured on every week while detection tasks performed daily. The average weight might 
reduce bias in variables. Moreover, Session_Start_Time is the variable created after renaming 
Start_Time variable from START_T1ME variable of the original given data which contained

The third step of data transformation focused on creating other variables and converting 
data variables from one data type to another to case the data mining process. And as such, this 
step began by creating new variables which include Age, Av_Weight_Per_Year, 
Session_Start_Time, and Session_Completion_Time. The difference between rats 
SESSION_DATE and DOB (Date of Birth) resulted in the new Age variable. However, the 
original two datasets (DetectionRatsData) had the Age variable with incorrect values since all 
rats contained the same current age throughout the years while the detection activities happened 
in different years (2011-2019), but it was renamed as AgeOrg to make it different from the new 
Age variable created.
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values in date and time formal since data was recorded based on sessions as indicated in the 
SESSION DATE variable. Therefore, the Scssion_Start_Timc consisted of converted values 
in hours and not in date and time to enhance the data mining process.

Additionally, Session_Completion_Timc variable entails the difference between rats 
Start_Time and End_Time that were renamed from START_TIME and END_T1ME variables 
respectively from the original given data. However. Start_Time variable was also renamed to 
Session_Start_Timc for consistency with SESS1ON_DATE variable since it was the factor to 
investigate than End_Time. The data in Start_Timc and End_Time variables consisted of 
values in date and time format. In other words, it was vital to transforming them into hours to 
get their differences in minutes and per sessions as Session_Completion_Time variable. And 
as such, it was created purposely to help in finding whether the session completion time 
influences detection performance.

Not only that but also, it was useful to rename the categorical variable HIT to 
Performance for understanding. In transforming data, the conversions applied to DOTS, Rat, 
and Performance variables into a factor data type. Moreover, Age, Session_Start_Time, 
Session_Completion_Time, and Av_Weight_Pcr_Year variables converted into a numeric data 
type. Therefore, the data transformation process helped to acquire well-formatted data for the 
data mining process. Following the three above steps, Rats dataset contained 7 variables with 
365,843 observations.

The data reduction step focused on reducing the number of observations into the 
manageable size to ease the processing process and analysis. Random sampling was applied to 
deduct the given records from 365,843 to 200,000. Based on personal computer RAM space 
and processing abilities, it was difficult to process the given large dataset when creating the 
random forest model. Therefore, the data used for this analysis consisted of 7 variables and 
200,000 observations.

Moreover, in data analysis, this thesis applied the R-language as a data mining tool to 
transform the given data into useful data types and reduced the number of observations. 
RStudio is a data mining tool and an integrated development environment for R, is a free 
programming language with extensive modeling and quality graphs resources (Zhao, 2013). 
Furthermore, most data miners used R in scientific research. The following figure shows the 
four steps applied in data preparation.



Figure 2: Data Preprocessing Steps. (Sharda et al., 2014)

The data preparation phase was of benefit to identify well-formatted data for rats’ factors that
may influence TB detection performance. Table 4 shows the variables names and their data
types before and after data preprocessing. Moreover, it depicts the newly created variables (the
ones with dashes) and renamed variables (remaining ones) used in the analysis from the
original APOPO datasets (RatsDetectionData) for consistency.
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Table 4: Variables names before and after data preprocessing

Table 5: Summary for rats’ continuous variables (Independent variables)

Age
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Moreover, the following tables depict descriptive summary for independent variables 
(continuous and nominal) and the dependent variable (categorical) used in the analysis.

Table 5 depicts data for rats’ continuous variables where the younger and older rats have ages 
of 0.79 and 7.95 years respectively with the mean and median age of 3.83 and 3.71 years. 
Moreover, the rats’ lowest and highest average weight per year are 843.7g and 1054.8g 
respectively, with the mean and median of 899.4g and 866.8g. Besides, the table shows that 
their lowest and highest session start time are 8:00 and 18:00 hours, with the mean and median 
of 12:16 and 12:00. Furthermore, the minimum and maximum session completion time is 1 
and 129 minutes, with the mean and median of 10.49 and 10.00 minutes. Since the mean and 
median are not equal, it manifests that the data used for this analysis lack normal distribution.

DateTime
DateTime

Min
Max
Mean
Median

STARTJTIME 
ENDTIME

DOB
WEIGHT

0.79
7.95
3.83
3.71

Av_Weight_Per_
Year(g)_______
843.7_________
1054.8_______
899.4________
866.8

Date 
Integer

Data type
Factor_____
Factor_____
Date_______
Factor_____
String______
Integer_____
Numeric
Time_______
Time_______
Numeric/Time 
Numeric/Time 
Date_______
Integer_____
Numeric

DOTS_NAME
HIT__________
SESSION_DATE
RAT.NAME 
GENDER 
Age

________________________  Variables 
Name before data preprocessing Data type 

String 
Boolean 
Date 
String 
String 
Integer

Session_Start_
Time (hrs)
8:00________
18:00_______
12:16________
12:00

Session_Completion_
Time (min)_________
1.00______________
129,00____________
10.49_____________
10.00

Number
1
2 ____
3 _____
4 _____
5 _____
6 _____
7 _____
8 ____
9 ____
10 ____
11 ____
12 ____
13 ____
14

Name after data preprocessing 
DOTS__________________
Performance_____________
Sessicn_Date____________
Rat____________________
GENDER________________
AgeOrg_________________
Age____________________
Siart_Tlme_______________
End_Time_______________
Session_Start_Time________
Sessicn_Completion_Time 
DOB___________________
WEIGHT________________
Av Weight Per Year



Table 6: Summary for rats’ name and number of observations detected.

Table 7: Summary for DOTS names and number of number of observations detected
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Apart from the continuous independent variable's tables, below are tables for nominal data 
variables.

The data from Table 6 depicts four female named rats used in this analysis with their 
observations completed during the detection tasks. Sofia completed many numbers of 
observations when compared to all. Besides, Mkuta has few numbers of observations whereas 
its youngest may have caused this performance. Moreover, Happy is older and has a few 
observations than Sofia and Catia. The removal of irrelevant data from 2011 to 2013 and 2019 
could have led this since there is a possibility that Happy had many observations in the 
irrelevant years. Furthermore, the table shows that there is sex inequality in the data given 
from the DOTS center, since all rats are female. Therefore, the following table shows the first 
four DOTS centers and their number of observations completed in the second screening.

Table 7 indicates some of the DOTS centers out of 81 which performed the first screening of 
the given data. These are the only first four with many completed observations than the rest. 
However, Mwananyamala consisted of many observations when compared to others. The high 
population of the area presumed high transmission of the disease. Since Table 5,6, and 7 
contained data for independent variables, while Table 8 shows the dependent variable used in 
this analysis.

Rat
Sofia
Catia
Happy
Mkuta

Number of observations
20930____________
17385____________
15973____________
10138

Number of observations
50448_____________
50271_____________
50035_____________
49246

DOTS________
Mwananyamala
Mbagala Rangi 3
Ukonga_______
Amana

Gender
F____
F____
F____
F
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From Tabic 8, there is performance inequality in the distribution of rats' detected observations. 
TRUE observations arc far less by 21.2% than FALSE of about 78.8% for all observations. 
And as such, this analysis used more FALSE than TRUE.

Despite the descriptive summary of the variables identified above. Figure 3 shows the extent 
to which each variable relates to one another. Additionally, it pinpoints the correlation between 
each independent variable and the dependent variable (Performance). In statistics, one of the 
measurements of variables correlation is Correlation coefficients. These arc used to measure 
the strength of a relationship between two variables (Sharda el al., 2014). One of the types of 
correlation coefficients used most in linear regression is the Pearson’s correlation (Pearson’s 
R). Pearson’s correlation coefficient formula has a correlation coefficient (r) between -1 and 1. 
And as such, 1 and - I imply strong positive and negative relationships, respectively. However, 
there is no relationship between two variables when the correlation coefficient is 0.

Table 8: Summary for rats’ performance (Dependent variable) and the number of 
observations detected

Performance
FALSE
TRUE

Number of observations
157686___________
42314



Figure 3: Dependent and Independent variables correlation
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Based on the dependent variable (Performance), Figure 3 shows that there are weak 
positive and negative relationships between dependent and independent variables. In this sense. 
Performance relates weakly with Age, Av_Wcight_Pcr_Year, Session_Start_Time, and 
Session_Completion_Time with the correlation coefficients of -0.06, -0.05, 0.01, and 0.03, 
respectively.

between 
hands.

A Her obtaining the data with the required format, this phase used to select and apply the data 
mining technique and algorithms based on the nature of the data that might address the need of 
the center. This phase applied classification technique to build predictive models that assigned 
a class for each rat in the given data and predicted the factors that influence rats TB detection 
performance. Not only that but also the predictive models might be useful to place and predict 
the new instances (rats) with unknown labels into their respective classes.

Classification is a supervised learning technique in data mining and machine learning 
that learn the relationship or patterns between independent variables (input) and the dependent 
variable (output) from the past data and classify each data item into a predefined class label. 
Moreover, it is the most often used data mining technique for real-world problems (Chaurasia 
& Pal, 2014). Before presenting the prcproccssed data to the algorithms for the learning 
process, R was entirely used to partition the data into training data and test data by using a 
simple split estimation method as shown in Figure 4. It is the most popular method which 
divided two-thirds of the data in the training data and the one-third in the test data (Sharda et 
al., 2014).

Figure 3 shows that there is a weak positive relationship between Age and 
Av_Weight_Per_Year since it has the colieration coefficient of 0.74. Moreover, Age and 
Session_Start_Tiine variables have a weak negative relationship with a coefficient of -0.14. 
However, there is no relationship between Av_\Veight_Per_Year and Scssion_Start_Time 
since the correlation coefficient is 0.00. Not only that but also, there is a weak positive 
relationship of 0.10 correlation 
Session_Complelion_Time. On 
Session_Completion_Timc pinpoint 
coefficient.

Av_Weight_Per_Year and 
other hands, Session_Start_Time and 

a weak positive relationship of 0.04 correlation



Figure 4: Simple Random Data Splitting. (Sharda cl al., 2014)

2/3

Classifier

1/3

Table 9: Summary of a simple random data splitting
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The data from Table 9 indicate that this analysis consisted of 67% training data and 33% test 
data. The training data were given many observations to build the predictive model while test 
data were used only to assess the performance of the model generated.

: Frepronessed 
Data

Model 
Development

Prediction 
Accuracy

Figure 4 shows that % of the preprocessed data was used to build a predictive model while the 
remaining % used to assess the predictive model classification accuracy. However, the 
classification process applied three steps. First, the learning step responsible for building the 
predictive model that assigned predefined classes for each instance by learning and analyzing 
the training data variables manipulated. Second, the validating step that estimated the accuracy 
of the predictive model using test data. Third, the application step to allow the real application 
of the predictive model to predict new unseen data and unknown label class since the predictive 
model accuracy is considered acceptable.

The acceptable Confidence Interval (CI) in the medical field is 95% which implies that 
the probability of observing the differences in the data by chance is just 5%. Following this, 
the predictive model can act as a classifier in the decision-making process. Despite many 
classification algorithms used for prediction, this analysis used Decision Tree, Random Forest, 
and Naive Bayes. Hence, Table 9 shows the training data and test data used for all the applied 
classification algorithms.

Training 
Data

Testing 
Data

Model 
Assessment 

(scoring)

Type of data 
Training data 
Testing data

Number of observations
134CC0__________
6SOCO
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A decision tree algorithm is a supervised classification algorithm which generates the decision 
tree automatically by examining the weight of each variable used to the extent that each leaf 
node has the same class (Sharda et al., 2014). It is one of the most commonly used algorithms 
in classification technique for research purposes. Moreover, this algorithm generates rules that 
are easy to interpret and understand (Chaurasia & Pal, 2014). The decision tree is a tree-shaped 
diagram comprises many input variables that may have an impact on classifying different 
patterns. Additionally, it is known as a decision support classifier which depends on the input 
to show the possible outcomes (Asha ct al., 2011).

The decision tree was generated by recursively dividing the training data until each 
division consisted of the variables of the same class or values based on conditions. Following 
this, a split point used in each node to test the manipulated variables and decide the way to 
divide the data. The split decision focused on the amount of information a computed variable 
offered in the class (information gain) and its randomness (entropy). As a result, the variable 
with the highest information gain and the lowest entropy split and tested. The information gain 
and entropy determined the decision on the split of data and construction of the decision tree. 
However, the growth of the decision tree influenced deep learning. Control on the parameters 
used to overcome this problem through pruning first (Sharda ct al., 2014). Pruning is the 
process of reducing the size of decision trees by removing sections of the tree that provide little 
power to classify instances. And as such, it might increase the generalization and enhanced the 
prediction accuracy on test data (Chaurasia & Pal, 2014).

The generated decision tree consists of a root node, branches, and leaf nodes. The root 
node is the node at the top of the tree which implies the most important factor responsible for 
classifying the observations. The branches represent the pattern classification outcome of a test 
using one of the variables based on conditions. The leaf nodes placed either before or at the 
end of the decision tree imply the nodes without children. And as such, they identify the last 
class choice for a pattern. Moreover, the decision tree formed rules (IF-THEN statements) from 
the root node to the leaf nodes which are easy to interpret and understand. As a result, they 
enhanced the discovery of exploratory knowledge on the factors that influence rats TB 
detection performance. Furthermore, the random forest algorithm was also applied to predict 
the influencing factors and compare the prediction accuracy of the models.

A random forest algorithm is a supervised classification algorithm used to build 
multiple decision trees called forest in random during the training process. The choice of most 
of the trees determined the final decision of the algorithm based on the given manipulated
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In the random forest algorithm, the process of determining the root node and the 
splitting of the variable nodes were performed randomly from the training data. During the 
training, no control of parameter (pruning) involved preventing the decrease of the relationship 
between trees. However, pruning is of importance for the reduction of complexity in variable 
computation during the training. As a result, the algorithm handled about 500 trees in the 
ensemble and identified the error rale based on the training data. Following this, the random 
forest algorithm predicted the factors for detection by pinpointing the mean decrease in Gini 
values for each variable. Based on this, it was easy to find the association between the most 
significant factors and other factors. Furthermore, the Naive Bayes algorithm was applied to 
compare their predictive accuracy by using the same test data as shown in Tables 11, 13, and 
15. Moreover, finding the best algorithm with high classification accuracy rates for the given 
data.

variables. There is a relationship between the number of trees in the forest and the results. Thus, 
many trees, the more accurate the result. The motives behind this algorithm are that it can be 
used for both classification and regression problems and lowers the risk of overfitting (Sharda 
ct al., 2014). Overfitting is a modeling error which occurs when the outcome of the analysis is 
limited only to specific data. As a result, instead of predicting the whole manipulated data, the 
model predicts only for that set of data (Chaurasia & Pal, 2014).

Naive Bayes is the supervised classification algorithm that uses a probability theory 
(Bayesian Theorem) to generate the classification model. Moreover, to place an instance in the 
desired class. This theory supported to calculate a set of probabilities by counting the frequency 
and values of the manipulated variables from the given data (Sharda et al., 2014). The Naive 
Bayes algorithm is a well-performed algorithm owing to its simplicity in execution time. And 
as such, it can build a final model that can learn rapidly different classification problems (Ameri 
et al., 2014). However, this algorithm assumed that all variables were independent of the given 
data while few real-world applications may agree with this (Asha et al., 2011).

The main advantages of the Naive Bayes algorithm compared to the other two 
algorithms are the run-time speed on large and complex datasets. Hence, most healthcare field 
researchers across the world use this algorithm due to its better speed and accuracy. This 
algorithm identified a priori probability for the dependent variable and conditional probabilities 
for every independent variable based on the manipulated data. The Naive Bayes algorithm does 
not show the weights of each variable included in the classification, but it has been used 
purposely to compare its prediction performance with the results generated from the decision



3.1.5 Testing and Evaluation

» Accuracy

Table 10: Decision Tree Algorithm Confusion matrix for training data

Prediction
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tree and random forest algorithms (Ameri et al.. 2014). According to Chaurasia & Pal. (2014) 
the chosen algorithms have potential in yielding the desired results in researches

This phase was used to test and assess the classification performance of the three generated 
predictive models. The assessment was based on the accuracy metric to show the predictive 
accuracy of the model from the confusion matrix. However, the confusion matrix has several 
assessment measures such as confidence interval (Cl), sensitivity, and specificity. The confusion 
matrix is a table used to describe a classification model performance based on the test data. 
Moreover, it is the most used classification performance measure for predictive models. 
Furthermore, other measures including speed and interpretability were used to assess the models’ 
performance (Sharda et al., 2014). Thus, the following is the description of the three measurement 
factors which offer a thorough view of models’ classification performance.

This measure was used to assess the ability of the models’ to accurately predict the class label 
of the test data. And as such, the accuracy reflected the matching between actual class labels of 
the test data and the class labels of the predicted models. This measurement focused on the 
accuracy rate, the percentage of test instances that were accurately classified by the predictive 
model. Based on the confusion matrices as shown in ’fable 10,13 and 15 it was easy to compare 
their classification accuracy rates. The following are the confusion matrix tables for the applied 
algorithms which show the correct and incorrect predictions based on training data and test 
data.

From Table 10 in the diagonal, the data indicate that 105773 observations were FALSE, and 
the model predicts them to be FALSE. In other hands, there were 0 TRUE observations and 
the model predicts them to be TRUE. These arc True Positive (TP) and True Negative (TN) 
observation values which imply correct prediction (classification). Moreover, and not in the 
diagonal, the data show that 28227 observations TRUE but the model predicts them to be 
FALSE. Also, 0 FALSE observations but the model predicts them to be TRUE. These are False

FALSE 
TRUE

TRUE 
28227 
0

Actual
FALSE 
105773 
0



Table 11: Decision Tree Algorithm Confusion matrix for test data

Prediction

Table 12: Random Forest Algorithm Confusion matrix for training data.

Prediction

40

Positive (FP) and False Negative (FN) observation values entail incorrect prediction 
(misclassification). Training data used to build the predictive model and not to assess the 
classification performance inaccuracy rate. Table 11 shows the confusion matrix for test data 
based on the decision tree algorithm.

Table 11 in the diagonal, the data show that 51997 observations were FALSE, and the model 
predicts them to be FALSE. At the same time, there were 0 TRUE observations and the model 
predicts them to be TRUE. These are True Positive (TP) and True Negative (TN) observation 
values which mean correct prediction (classification). Furthermore, and not in the diagonal, 
the data pinpoint that 14003 TRUE observations but the model predicts them to be FALSE. In 
other hands, 0 FALSE observations but the model predicts them to be TRUE. These are False 
Positive (FP) and False Negative (FN) observation values which entail incorrect prediction 
(misclassification). The test data used to assess the predictive model performance accuracy 
rate, 'fable 12 shows the confusion matrix for training data based on the random forest 
algorithm.

From Table 12 in the diagonal, the data indicate that 105590 observations were FALSE, and 
the model predicts them to be FALSE. In other hands, there were 268 TRUE observations and 
the model predicts them to be TRUE. These are True Positive (TP) and True Negative (TN) 
observation values which imply correct prediction (classification). Moreover, and not in the 
diagonal, the data show that 27959 observations TRUE but the model predicts them to be 
FALSE. Also, 183 FALSE observations but the model predicts them to be TRUE. These are 
False Positive (FP) and False Negative (FN) observation values which are not in diagonal and 
entail incorrect prediction (misclassification). Thus, there is a difference between this matrix

FALSE
TRUE

FALSE
TRUE

TRUE 
14003 
0

TRUE 
27959 
268

Actual
FALSE 
51997 
ij

Actual 
FALSE 
105590 
133



Table 13: Random Forest Algorithm Confusion matrix for test data

Prediction

Table /-/. Naive Bayes Algorithm Confusion matrix for training data

Prediction
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table and one of the decision tree. The ability to overcome overtraining problem might have 

led to this. Table 13 depicts the confusion matrix for the test data.

From Table 14 in the diagonal, the data indicate that 105630 observations were FALSE, and 

the model predicts them to be FALSE, hi other hands, there were 44 TRUE observations and 

the model predicts them to be TRUE. These are True Positive (TP) and True Negative (TN) 

observation values which imply correct prediction (classification). Moreover, and not in the 

diagonal, the data show that 28183 observations TRUE but the model predicts them to be 

FALSE. Also, 143 FALSE observations but the model predicts them to be TRUE. These are 

False Positive (FP) and False Negative (FN) observation values which are not in diagonal and 

entail incorrect prediction (misclassification). The values in the confusion matrix are different

FALSE 
TRUE

FALSE 
TRUE

TRUE 
13871 
132

TRUE 
28183 
44

Actual 
FALSE 
J105630 
143

Actual 
FALSE 
51887 
110

Table 13 in the diagonal, the data show that 51887 observations were FALSE, and the model 

predicts them to be FALSE. At the same time, there were 132 TRUE observations and the 

model predicts them to be TRUE. These are True Positive (TP) and True Negative (TN) 

observation values which mean correct prediction (classification). Furthermore, and not in the 

diagonal, the data pinpoint that 13871 TRUE observations but the model predicts them to be 

FALSE. In other hands, 110 FALSE observations but the model predicts them to be TRUE. 

These are False Positive (FP) and False Negative (FN) observation values which entail 

incorrect prediction (misclassification). The test data used to assess the predictive model 

performance accuracy rate. Hence, there is also a difference between this matrix table and one 

of the decision trees. The ability to overcome overtraining problem might have led to this. 

Table 14 is the confusion matrix for the training data used to build the naive Bayes predictive 

model.



Tabla 15: Naive Bayes Algorithm Confusion matrix for test data

Prediction

• Speed

• Interpretability
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from the other two algorithms. Therefore, the randomness of the given data might have led to 
this since Naive Bayes fils in the normally distributed data. Table 15 shows the confusion 
matrix for the test data used to assess the performance of the naive Bayes predictive model.

This measurement factor reflected the amount of time in seconds used for each algorithm in 
generating the predictive model. According to Sharda et al. (2014), the predictive model built 
with short computational time implies the best predictive model. However, based on the aim 
of the thesis, this measure is not much considered as only used for comparing their speed in 
building models.

Table 15 in the diagonal, the data show that 51923 observations were FALSE, and the model 
predicts them to be FALSE. At the same time, there were 23 TRUE observations and the model 
predicts them to be TRUE. These are True Positive (TP) and True Negative (TN) observation 
values which mean correct prediction (classification). Furthermore, and not in the diagonal, 
the data pinpoint that 13980 TRUE observations but the model predicts them to be FALSE. In 
other hands, 74 FALSE observations but the model predicts them to be TRUE. These are False 
Positive (FP) and False Negative (FN) observation values which entail incorrect prediction 
(misclassification). The test data used to assess the predictive model performance accuracy 
rate. Hence, there is also a difference between this matrix table and the other two algorithms. 
The randomness of the given data might have led to this since Naive Bayes Fits in the normally 
distributed data.

This measure used to show how easy the model interprets the findings. It was also for 
identifying the level of understanding of the models generated. Following this, the predictive 
model specifically decision tree and random forest provided insight into the factors that 
influence rats’ TB detection performance. However, the rules generated from the decision tree 
make it easier to understand and interpret the influencing factors for detection performance. 
Moreover, the random forest identified the variable importance with decrease mean Gini.

FALSE 
TRUE

TRUE 
13980 
23

Actual 
FALSE 
51923 
74



3.1.6 Deployment

3.2 Ethical issues and considerations
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It was the last phase used to organize and present the knowledge gained to the end-user for real 
application. The knowledge obtained is explicitly aimed at helping users to predict rats’ factors 
that influence TB detection performance and the classes of new data instances (where the class 
label is unknown). As a result, visualization techniques such as histogram were used to assess 
the relationship between rat independent variable (Age) and the dependent variable 
(Performance). Moreover, the variable importance plot used for proper interpretation and ease 
understanding of the knowledge gained. Furthermore, the variable correlation plot used to show 
the extent to which each variable depends on one another.

Besides, as naive Bayes docs not measure the weights of each variable manipulated, its model 
is not intuitive compared to the rest. Therefore, these measures helped to find the best predictive 
model that fits the given data and aim of the thesis.

One of the data access requirements was to apply for the dataset and confirm for the data 
privacy referred to Appendix E. Considering Appendix F and G, the main and co-supervisors 
introduced me to the Data Provider as the student of Uppsala University and I would be writing 
my MSc thesis under their supervision during the spring semester 2019. Afterward, both the 
researcher (student) and the provider signed the Data Transfer Agreement (DTA) as the 
contract for the requested data al the first step. Moreover, with the referenced Appendix H, the 
remaining step was for the Medical Research Coordinating Committee (MRCC) to certify the 
Data Transfer Agreement for the approval to use the data. After this approval to use data, I 
made great efforts to protect its privacy to the extent that 1 used these data for this MSc study 
only. The thesis abandoned informed consent since there was no need for direct contact with 
participants such as TB patients.



4 Results and Analysis

4.1 Structure of Data for Analysis

Table 16: Description ol*the variables used to build predictive models

DescriptionVariable

FactorName of DOTS centerDOTS

12:05 13:34.14:00.etcNumericSession_Start_Time

Numeric 1,2.3.etcSession_Completion_Time

Factor TRUE. FALSEPerformance

4.2 Results exploratory analysis
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This chapter presents and describes the results obtained from the data analysis. Firstly, a brief 

description of the structure of the data used for analysis. Secondly, the results exploratory 

analysis according to the research questions. The chapter concludes with a classification 

accuracy comparative analysis of each predictive model generated from the given data.

The analysed data consisted of 7 variables and 200,000 observations. However, in the analysis, 

this data was divided into two parts that arc 67% of the data used for training to build predictive 

models and 33% used for test to assess the predictive models. The data also comprised of 4 

female rats. Considering Table 5, the median of the numeric variables was 3.71 years, 866.8g, 

12:00 hours, and 10.00 minutes respectively. Moreover, the data had 81 DOTS centers. 

However, Mwananyamala had many samples of 10.5% as shown in Table 7. Furthermore, 

Table 8 shows that 157,686 were FALSE and -12.314 were TRUE. Table 16 shows a summary 

of the variables used for building the classification predictive models.

The data mining process aimed to elicit knowledge from the given structured data and present 

it to the end-user for the real application. And as such, this process was managed by the 

classification technique and algorithms that helped to learn the relationship between the 

patterns. However, the classification technique used three algorithms which are decision tree, 

random forest, and naive Bayes to build the predictive models. Thus, this section presents 

results and analysis based on the formulated research questions as follows:

Rat____________
Age____________
Av Weight Per Year

Factor
Numeric
Numeric

Name of rat__________________
Age of rat____________________
The average weight of rat per year 
Time of day when cetection session 
started in 24 hours______________
Differences in minutes oetv.een 
session start time and session end time 
Performance of rat curing the session

Data type| Values______________
l.lwananyamala. 
l.lbagala Rang! 3, etc 
Sofia. Happy. Catia, Mkuta 
0.79, 2.04. 3,22, etc 
846.35, 866.80.etC
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Starting with the decision tree algorithm, it generated a decision tree where the top node 

(root node) shows the most significant factor that influences TB detection performance. The 

ability of the algorithm to seek optimal splits in variable values has led to this. As a result, 

Figure 5 depicts the hierarchy of variables where the variable with a high correlation with the 

prediction split on first. The following other nodes show the remaining factors. Moreover, the 

leaf nodes indicate the class of every instance from the observations. Therefore, the decision 

tree algorithm results depicted the most significant factor and other factors that influence TB 

detection performance and revealed in Figure 5.

The classification technique was used to build predictive models that predicted the class for 

each rat and the factors that influence TB detection performance. However, this technique 

applied three algorithms to learn the relationship between variables. These variables are also 

called rats factors that may associate with TB detection performance. The independent 

variables (input) include Age, Av \Veight_Pcr_Year, Session_Start_Time, and 

Session_Complction_Time while the dependent variable (output) is Performance. Therefore, 

all three algorithms applied these variables separately to build predictive models on factors that 

influence rats’ TB detection performance.

• Can the factors that influence TB detection rats' performance he predicted using a 

classification technicpie?



Figure 5: Decision tree with rats factors that influence TB detection performance.

\

Age >=3.1

>= 0.88

' FALSE ) 
.2855 715401J

46

Age < 0.88 
/

Figure 5 demonstrates the four variables recognized as the factors for rats TB detection 
performance. However, the variables arc in the hierarchy since the information gain and 
entropy determined the split decision of variables in the class. Following this, the results 
depicted in Figure 5 show that the Age variable returned the highest information gain (the most 
homogenous values) and the lowest entropy when compared to the remaining variables. In this 
sense, the age of the rat is the most significant factor.

FALSE 
J 826 713568,

FALSE 
2693713448

' FALSE ' 
.113/822,

< 6 
\

Av_Weight_Per_Year < 845 
>= 845

Session_Comp!etion_Tinie < 7 
/ >=7

Age >=6

One of the potential advantages of the decision tree algorithm is that it generates rules 
that are easy to interpret and understand. These rules arc the result of the IF-THEN statements 
from the root node to the leaf nodes based on the number of observations. The two parts (IF- 
THEN) imply the condition (s) on the value of predictor variables and the prediction 
(Performance decision) respectively. And as such, the general formula of the rules is IF

r FALSE \
.1282 7 8301J / ‘ \

Session_Start_Time >= 14
< 14

\
\

( FALSE , 
(10754/48136;

( FALSE '
[8704/34324;



Table 17: Classification rules generated from decision tree algorithm

Rule
TRUE FALSE

1 0.13 0.87

2 0.14 0.B6 1%

3 0.15 0.85 6%

4 0.19 0.81 11%

0.20 0.80 10%5

0.22 0.78 36%6

0.25 0.75 26%7
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The first rule says that older rats had a performance chance of 0.13, TRUE and 0.87, FALSE. 
The rats with ages greater or equal to 6 years detected fewer observations since the total 
percentage of the number of observations was 100% but 10% detected by rats in this range of 
ages. In other words, rats out of this range of ages classified in the remaining 80%. Moreover, 
considering the second rule which says that rats with the age of fewer than 0.88 years, and at 
least 7 minutes as the session completion time had a performance chance of 0.14 TRUE and 
0.76 FALSE. However, 1% of the observations were classified in this rule. Following these 
two rules, older and less young rats portrayed the low performance.

The sixth rule has 36% of the delected observations than others. In other words, rats 
with ages of 3.1 to 6 years, at least 845g of the average weight per year, and the session start 
time before 14:00 hours had a detection performance chance of 0.22 TRUE, and 0.78, FALSE. 
This rule is consistent with the fourth one except for the session start time. Since the sixth rule 
had many observations than the fourth, the session starts time before 14:00 hours is the most 
performed one.

Furthermore, the fifth rule has 10% detected observations and states that rats with ages 
of 3.1 years and session completion time of fewer than 7 minutes had a performance chance of

Rule 
Number

condition 1HEN conclusion. Thus, Table 17 manifests the rules generated from the decision 
tree in Figure 5.

IF Age is 3.1 to 6
& Av_Weight_Per_Year < 345 => 

IF Age is 3.1 to 6
& Av_Weight_Per_Year >= 845
& Sessicn_Start_Time >= 14 =■
IF Age < 3.1
& Sessicn_CompIetion_Time < 7

IF Age is 3.1 to 6
& Av_Weight_Per_Year >= 845

& Session_Start_Time < 14 =>______
IF Age is C.88 to 3 1
& Session Completion Time >= 7 =

Performance Decision__________
Number of 
observations In % 
10%IF Age >= 6 =________________

IF Age < 0.88
& Session_Completion_Time >- 7



• If yes, to what extent do different factors affect rats TB detection performance?

Table 18: Importance of variables generated by Random Forest algorithm.
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Following this, the generated rules enhanced interpretation and understanding of the 
decision tree reported in Figure 5 to discover the knowledge. And as such, they ease predictions 
of the factors that influence rats TB detection performance. At this point, it is true that the 
classification technique predicted the influencing factors using a decision tree algorithm. Not 
only that but also the random forest identified factors that influence rats TB detection 
performance using the same manipulated variables. The following part presents and describes 
the predicted factors (importance of the variables) based on the random forest algorithm.

0.20 I RUE and 0.80 FALSE. In other words, rats which detected observations at this range of 
time were potential. When comparing this rule with the second one, rats with a session 
completion time of fewer than 7 minutes depicted potentiality in detection since this rule had 
many observations compared to the second one. Therefore, the results pinpointed in Table 17 
from the generated rules manifest that rats with ages of 3.1 to 6 years, at least 845g of the 
average weight per year, the session start time before 14:00 hours, and fewer than 7 minutes as 
the session completion time performed well.

It is of importance to understand the extent to which each factor contributed to the prediction. 
The random forest algorithm built the predictive model and pinpointed the variable importance. 
Random forest variable importance function helped to output the predictor variables that are 
important in predicting the outcome based on the Mean Decrease in Gini (impurity). Mean 
Decrease in Gini is the average (mean) of a variable total decrease in the likelihood of incorrect 
classification of a new instance of a random variable from the data set. Thus, Table 18 shows 
the variables used in building the random forest model and their MeanDecreaseGini.

Factor________________
Age__________________
Av_Weight_Per_Year
Session_Start_Time
Session CompIetion Time

l.leanDecreaseGini
17S1.9167______
233.5753_______
471.6647_______
1472.5424

From Table 18, a higher (1791.9167) and lower (233.5753) Mean Decrease in Gini portrays 
greater and less variable importance respectively. In other words, Age and 
Av_Weight_Per_Year are the most and least significant factors. However, for easy 
interpretation and visualization of these results, the variable importance function of the random



Figure 6: Variable importance generated by Random Forest algorithm.
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Figure 6 shows clearly that the random forest algorithm has predicted the significant factors 
with their mean prediction importance. However, it differs from the decision tree algorithm 
which has not displayed the weight of every manipulated variable. Thus, the results show that 
Age is the most significant factor since it has the highest mean decrease in Gini. In this sense,

forest algorithm sorted and displayed the variables in a plot as reported in Figure 6 based on 
the prediction importance. And as such, the variable that contributed much in the prediction is 
at the top part of the plot with the highest Mean Decrease in Gini values, followed by the 
variables with less importance. Therefore, Figure 6 reported the predicted factors (variable 
importance) based on Mean Decrease in Gini using random forest algorithm.



• If age is one of the significant factors, which one provides peak performance and why?
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it is true that both decision tree and random forest have shown Age as the most significant 
factor.

Following this, the random forest algorithm and decision tree algorithm have predicted 
the factors that influence rats TB detection performance by using the classification technique. 
However, the naive Bayes algorithm was used to create the model and compare their 
classification accuracy. In other words, not for predicting the factors since it measures the 
probabilities of the variables and not their weights. The following part describes the range of 
age of the rats predicted having better performance.

From the given data and the aim of this thesis, the rats’ performance implies their ability to 
detect a sample with either TB, TRUE (Sensitivity) or without TB, FALSE (Specificity). Table 
5 manifests that the youngest and oldest rats had the ages of 0.79 and 7.95 years respectively 
with the median age of 3.71 years. And as such, rats with ages below and above the median 
refer to younger and older rats respectively. Since the given data had many numbers of 
observation with FALSE values than TRUE values as shown in Table 8, the rats’ high 
performance in these data had a FALSE value. In this conception, rats’ performance depended 
on the number of observations accomplished. Therefore, Figure 7 depicts the relationship 
between Age and Performance.
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Figure 7: Rats performance by Age based on the number of detected samples
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The results in Figure 7 pinpoints that rats with a range of ages from 0.79 to 1.2 years, detected 
a few observations and had low performance. Similarly, rule 2 reported in Table 17 from the 
decision tree shows that rats with ages of less than 0.88 years detected 1% of the whole 
observations. Nevertheless, one could argue whether these samples were present during that 
session or due to their low detection performance, they managed to complete only those few 
samples. Since the maximum age of the rat was 7.9 years, but the results in Figure 7 depicts 
that rats with a range of ages between 3.1 and 5, years had good performance. Comparably to 
rule 6 from Table 17 with many detected observations of 36% than others which states that rats 
within the range of 3.1 to 6 were potential. Il is presumed as rats grow and probably getting 
qualified with the detection tasks their detection performance increases. Following this, the 
youngest and oldest rats revealed low performance.

Performance
[~j FALSE 
F ~j TRUE
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Despite the high detection performance in the mentioned range of ages, the given data 

consisted of many values olTALSL- than TRUE. Thus, rats out ofthis range ofyears portrayed 

low performance. In this conception, rats' performance decreases in youngest rats and when 

rats ages are getting cither above 5 or 6 years. In other words, the rats’ performance decreases 

when either they are too young or when their ages increase. Since the classification technique 

built three predictive models for predicting the factors that influence rats TB detection 

performance, it is of importance to compare their classification accuracy and find the best 

predictive model for the given data.

It is useful to measure and compare the predictive model performance of any supervised 

learning algorithm for two reasons. Hirst, it .supports to estimate the future predictive accuracy 

of the predictive model and assure its ability to produce desired prediction results to the 

problem. Second, it can help to select the best classification model among the many generated 

from a given data. The predictive models' comparison often involves different metrics and 

evaluation criteria to assess their classification performance. These metrics include accuracy, 

sensitivity, specificity, and precision.

However, this comparison analysis used the accuracy metric to assess the classification 

accuracy of the generated predictive models. The accuracy is the metric which measures 

predictions that a model predicted correctly over the total number of predictions based on the 

testing data. In other words, it measures the extent to which the predictive model makes the 

correct prediction on the test data. It is applied most in classification problems where the output 

is of two or more types of classes (multi-class classification problems) (Sharda et al., 2014). In 

two-class classification problems, a confusion matrix defines the accuracy of the model based 

on the test data. The confusion matrix is a table that depends on its metrics such as accuracy, 

confidence interval (Cl), sensitivity, and specificity to measure the classification accuracy of 

the predictive model (Chaurasia & Pal, 2013). Consider Table 18 which shows the description 

of the confusion matrix.



Table 19: Confusion Matrix for Multi-Class Classification Problem. (Sharda et al, 2015)

Prediction

Accuracy (acc) = TP + TN

TP -l- FP + TN + FN

Error rate (err) = FP + FN

TP-I- FP + TN + FN
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Moreover, the error rate (err) implies the fraction of the sum of FALSE positives and FALSE 

negatives and the sum of the total number of all the predictions made.

Table 19 shows the confusion matrix with prediction and actual dimensions where in every 

dimension there is positive and negative classes. The right dimension prediction focused on the 

model while the actual dealt with the real data. Since the confusion matrix by itself is rather 

simple to understand, its related terminology may confuse. Based on the confusion matrix, TP 

and TN imply the number of positive and negative observations that are correctly classified. 

Furthermore, FP and FN reflect the miss-classified negative and positive which are incorrectly 

classified. Hence, the rating of the predictive model performance was measured based on the 

accuracy (acc) and error rate (err) values of the confusion matrix. Since the predictive models 

learned to classify the rats TB detection performance into either TRUE or FALSE, the positive 

class was a FALSE value since it had many observations. Therefore, this formula measured the 

predictive accuracy percentage for the positive class.

For achieving better accuracy in the generated predictive models, this analysis applied various 

data mining algorithms, 'fhe.se include the decision tree, random forest, and naive Bayes. The 

predictive models aimed to predict the factors that influence rats’ TB detection performance 

and assign a class of every rat. Therefore, it is of importance to check their classification 

performance and usefulness of each algorithm applied. Thus, Table 20 shows a summary of 

classification performance based on the three applied algorithms.

Positive class
Negative class

Actual___________
Positive class_____

TRUE Positive (TP) 
FALSE Negative (FN)

Negative class
FALSE Positive (FP)
TRUE Negative (TN)
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Table 20 presents the comparison results of the predictive models’ performance obtained after 

assessing their prediction accuracy of the same lest data. It aimed to find the best model based 

on their classification accuracy. Since the predictive accuracy was the metric for predictive 

model performance, Table 20 depicts different evaluation criteria. These include the timing of 

building the model, correctly and incorrectly classified observations, and error rate.

The random forest has the highest accuracy (78.82%) and lowest error rate (21.18%) 

followed by the decision tree (78.78%) where Naive Bayes (78.71%) is the least performance 

predictive model. The random forest and the decision tree algorithms have closely related 

accuracy. When comptiring the accuracy of their predictive models based on training and test 

data, they both portray insignificant differences. In other words, the prediction accuracy of the 

training data is a bit higher than the prediction accuracy of testing data.

Based on the timing of building the model, the naive Bayes computation process used 

a short execution time and followed by the decision tree. The naive Bayes has a high score in

Following this, Table 20 cleat ly shows that the overall performance results are closely 

related to all applied algorithms. In other words, the predictive models’ performance has a very 

slightly accuracy rate and error rale differences. Since all the algorithms have the accuracy of 

greater than 70%, these results indicate moderate accuracy. As a result, it is the accepted 

accuracy in many cases including the medical field.

Accuracy (%)______________
Error rate (%)______________
Correctly classified observations 
Incorrectly classified observations 
Speedto build a model tin sec:

Naive Bayes 
78,71% 
21.29% 
51946 
14054 
1

Predictive model 
Random forest 
78,82% 
21,18% 
52019 
13981_____
154

Decision tree
78.78%
21.22%
51297
I4CC3
3

The naive Bayes shows the lowest accuracy and high error rate performance of 21.29% 

compared to the two algorithms. The nature of the given data might have led this since this 

algorithm fits well in normally distributed data. Moreover, this algorithm prevented the 

overfilling problem without removing values with less importance (pruning). As a result, the 

difference in prediction accuracy between training data and test data is also insignificant. 

However, naive Bayes assumed that the \ariables were independent which is incorrect as there 

were dependencies among the variables.
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execution time because of its linear sealing and ability to process large dataset. Moreover, this 

algorithm assumed that the variables were independent for members of a given class and allow 

simplification in computing the likelihood. The decision tree and random forest used more time 

of execution when finding the best binary split from the random sampling of observations to 

create an assemblage of independent classification trees.

Based on the predictive model performance with accuracy metric, random forest and 

decision tree models fit the given data since they have predicted the factors that influence rats 

TB detection performance with the highest accuracies. Nevertheless, other metrics such as the 

Root Mean Square Error (RMSI-) and Mean Absolute Error (MAE) would be useful to compare 

their performance. Despite the given data produced predictive model accuracy for ever)' 

classification algorithm applied, the accuracies difference is too small or insignificant. On the 

other hand, when considering the predictive model accuracy and speed the results show that 

decision tree is the best predictive model since it has less building time (3 seconds) compared 

to the random forest (154 seconds) as reported in Table 20.

Additionally, data overlapping,, and the random nature of the modeling algorithms 

presumed to affect the overall perlbrmance of the three predictive models. Following this, one 

can argue that the random sampling, < f observations could influence many FALSE values. As 

a result, it could prevent from yielding a desired estimate of the predictive model accuracy 

despite the larger random observations used. 1 lowcver, the given data had many FALSE values 

than TRUE values. Moreover, the independent variables were not highly correlated as shown 

in Figure 3 and since they were few could not affect the accuracy of the predictive model. 

Therefore, the classification accuracy increases as desired variables increases.
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Data understanding phase stated that data used in this thesis (Rats dataset) resulted from the 

integration of the three given separated excel Hies with different worksheets. The given data 

consisted of many observations that may influence the desired results. Moreover, it contained 

many variables which helped to create other useful variables to answer the formulated research 

questions. However, it is vital to mention that the data given related only to four rats. In other 

words, the sample size for charactei i/.ing a TH rat is therefore only four. The number of rats 

given was the ones found with the requested data and was expected to address the aim of the 

thesis.

However, as it is a small sample size is presumed to have a slight possibility of affecting 

the results since the aim of the thesis was to find the influencing factors and not comparing the 

performance of every rat which would require large sample sizes. Based on the data preparation 

phase, this thesis aimed to use rat data from 2014 to 2018 years. This range of years used 

purposely to find the influence of th ? age of the rat in detection performance. Following this, 

it is useful to describe some of the variables used in the analysis such as Age, Gender, Av- 

Wcight_Pcr_Year, and Performance and to check their implications on the results.

Moreover, there was no gender equality in the given data since all rats were female. In 

this conception, this thesis dealt wit!; only given four female rats. However, for the future, it is 

advantageous to analyze and investigate data with both male and female rats to understand 

which gender influences detection • ?rformance. Additionally, the analysis used rats average

This chapter discusses the results obtained from the data analysis. Initially, it presents the 

characteristics of the data, including any effects they might have on the results. Finally, it 

describes the strength of the results and the analysis based on the methodology and methods 

used.

The analysed data consisted of only four named rats with different years of birth from 

2011 to 2013. The ages of the youngest and oldest rat arc 5.8 and 7.95 years respectively. This 

year calculation is only from 2011 Io 2018 and not the current year 2019. The age differences 

were of importance to find the relationship between age and the detection performance. 

Following this, Mkuta started working with 0.79 years compared to others. However, there is 

no effect on the results since Ml nta is the youngest rat and detected a few numbers of 

observations.
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weight per year to avoid bias wi.hin variables since most of the rats’ daily detection 

performance data had no correspo:. ling weights of the rats in each detection session day. 

Hence, the weight identified with !’;e influence on detection performance is the rats average 

weight per year. Therefore, data with a consistent weight of rats in every detection task could 

increase results reliability and genet al izalion.

Based on dependent \ ariable Performance, data consisted of many FALSE values than 

TRUE values. Since it was ti e targe: class for classification, it is presumed to have an impact 

on the results. Thus, when one vr.l-.e '.:as many samples than the other, its performance is also 

higher. It was advantageous if the ('■ 'a would have an estimation of about an equal number of 

values of the observations in '.he detection performance class. And as such, it would reduce the 

suspicion that the results might r.-ly on one group of the data and limits generalization. 

Furthermore, Figure 3 show's that the given data had a weak positive and negative correlation 

between dependent and independent variables. However, many strongly correlated variables 

could increase accuracy and generalization of the results.

However, the naive Br.yes orilhm was used to build the predictive model that classify 

the instances and compare their el— .••ification accuracy. In other words, not for predicting the 

factors since it measured the probabilities of the variables and not their weights. Similarly, to 

the study of Maniya el al. (2.011) which used a naive Bayes algorithm to classify patients 

affected by tuberculosis into two classes which arc least probable and most probable. 

Therefore, the results show' that the classification technique based on decision tree and random 

forest algorithms have predicted the factors that influence rats TB detection performance.

The thesis aimed to predict the faci.ws that influence rats' TB detection performance using data 

mining techniques. "1 he classification technique was used to predict the influencing factors by 

building models that assigned a label to every manipulated instance (rats). Moreover, three 

algorithms include decision tree, random forest, and naive Bayes were used to support this 

technique to build predictive inn;’ •! . Closely related to the studies conducted by Asha et al. 

(2011), Ameri ct al. (201H. Sure ’• Arukmandam (2018) which used the decision tree 

algorithm to learn past medical da'.:! and build a predictive model. Not only that but also Asha 

et al. (2011) and Ayas & Ekinci (201 1) used random forest algorithm to learn patterns from the 

past data to discover and extract hidden interesting information by building the predictive 

model that categorized tuberculosis disease status.
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Furthermore, the results s’?'.". that older rats portrayed a low detection performance. 

And as such, the olfactory deficit ought have caused this since detection performance depends 

on the rats' olfactory sensitivity 'Kraemer Apfelbach. 2004). Similarly, the study of 

Brushfiekl et al. (2008) trained rwith 6 and 24-monthes to discriminate odors. As a result, 

the older rats needed many trial: t’u.a lite younger rats. Moreover, the study of Poling et al. 

(2011) agree with this result that:: Itphly developed sense of smell increases their potential for 

use to detect TB bacteria in sputum samples.

The results depict the .strength of the Age factor in the detection performance. Primarily, 

in the decision tree reported by Figure 5. the Age was split lirst due to the highest information 

gain ratio. As a result, it has appeared in all generated rules in Table 17. Contrary to the other 

variables that arc shown only mice :■: the generated rules. Moreover, in variable importance of 

random forest depicted in Table 1 and Figure 6. the decrease means Gini of Age was higher 

than the other variables. Therefore, he results manifested that rats between ages of 3.1 to 6 

years positively affected the performance. On other hands, as rats grow to this range of years 

and getting qualified with deleelio:i tasks, their performance also increases. However, it may 

limit the generalization of the results since it referred to female rats. The study of Brushfield et 

al. (2008) proposes that detection performance may depend on rats’ characteristics such as age. 

Nevertheless, successful training. :v:d growth progress might have led to this.

Two groups of rats wi'h a median age of 2.1 and 3.8. years respectively were involved 

in the study of Ellis et al. (20! 7). 11 ".-. ever. 3.8 years performed well and that rats with the age 

of fewer than 2.5 years experi-.m • •' a low detection performance. Following this, younger and 

less old rats are good performer:; ,“e,msc older rats have low olfactory sensitivity and deficits 

in olfactory memory occurred in ag • I rats (Kraemer Apfelbach, 2004).

Moreover, the results pro\ ide new insight into the relationship between time differences 

when the rat starts and ends detection tasks (Session Complction_Time). From the generated 

rules, three rules out of seven mentioned this variable and. is the second in variable importance. 

Since these rats have a high-speed ef detecting 100 samples in 20 minutes, good performers 

were the rats which completed ».’• • number of observations with less than 7 minutes. The study 

conducted by Mgodc et til. (2’!ri’ ‘inpeints that during the training, rats learn to pause for

These factors are Age. .‘-■ssicn _Comp!etion_Time. Session_Start_Timc, and 

Av_Weight_Per_Year. And as sue!:. Age is the most significant factor. The information gain 

of each computed factor in the cla:.s decided this order of significance or variable importance.
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Therefore, these results -•I’oiild be considered by the APOPO center to utilize the 

usefulness of this technology. ‘n other words, they must understand that the detection

about 3 seconds to the sample 1- de with TB bacteria and take 1 second to the sample hole 

without bacteria. Thus, they use short and long time to TB and non-TB sample respectively. 

Despite one could argue that the data also influenced the results since it contained many values 

of FALSE and implied the detected samples without TB. On other hands, one could question 

that the TB samples delivered to APOPO from 201-1 to 2018 years for the second screening 

diagnosis from different DO I S centers consisted of many negative TB samples. As a result, 

the predicted session completion fine is less than 7 minutes. Hence, the presence of most of 

the non-TB samples in the session might have an influence.

Not only that but also, the ■■■suits contribute a clearer understanding of the influence of 

average weight per year (Av ”.’e: ,'it I’er Year) on detection performance. However, it is the 

least factor of importance with tbe least decrease mean in Gini. The absence of corresponding 

individual rat weight for analyst might have led this. The results demonstrate that rats with 

an average weight of greater ■. equal to S-I5g performed better. According to the study 

conducted by Bcyene et al. (21) 12). the weight range of adult rats’ females ranges from 1 to 

1.5kg. Also, Table 5 shows that the greatest rats' weight of the given data was 1.05kg. 

Therefore, one can argue th::’ young ra'.s with al most 1.05 kg were the most performer. 

Nevertheless, presumed the icliamlity of the results could increase with the corresponding 

weight rather the applied ave’ ag •.

Furthermore, the time of day (Session Start Time) when the rats start detection tasks 

influence their performance. The given data depict that rats performed detection tasks in all 

time of the day, which includes morning, afternoon. and evening. However, rats which carried 

out detection tasks before 11:()() hours portrayed belter performance than the ones performed 

after this lime of the day. In (■■'•■•r words, detection tasks carried out in the morning and 

afternoon times performed well. However, since rats are active most of the time one can 

question that presumed during, that time of the day is where trainers presented many numbers 

of samples than the other limes. Similarly, with the studies conducted by Mgode et al. (2018) 

and Ellis et al. (2017) whili presume that time of day might influence rats’ detection 

performance. In this conception. there is a possibility for the increase in rats’ detection 

performance if only the responsible ones consider this time of the day. Therefore, 

understanding this time of the .y would be of benefit for the center and rats’ trainers to 

enhance better performance.
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performance depends on rats' factors and thus must maintain them for sustainability. In other 

hands, from the analysed data it is shown that the observations presented for the second 

screening were from SI l.’DTS centers. However, Mwananyamala consisted of many 

observations. Following this, the population of the area might have led to the high transmission 

of the disease (Poling ci al.. 17)1 1

Despite the found re.-—:s based or the dependent and independent variables given from 

the data, other factors pre ■■ ! the influence on these results. These factors may include

training procedures. tr::iner> >r n—orders (data recording), experimental setup, and laboratory 

technicians (quality control'. The study conduct.-d by Reithcr ct al. (2015) argue that since rats 

are trained based on the cor "■ inning techniques which support to change their behavior such 

as learning to recognize so>: • <’ -mg th.’ training, it is useful to have the justifiable rules to 

avoid incorrect results. Like -vise. Mgode ct al. (2018) demonstrate that rats successful and 

consistent training proeedm -.; : most important in TB healthcare centers that apply rat as

odor-detection technology. ’•olio-, ing this, there is a possibility that rats from the given data 

succeeded in the training proeedii’-es and thus manifested better performance.

Moreover, observin'- niveision in data recording during detection tasks is highly 

emphasized to avoid false r id's. Since rats trainers and recorders are the ones performing 

data recording, they should ' tve skills in getting consistent records. In the study of Poling et 

al. (2011), there were two !- ‘ne- of rats with the different clinical status of the sample. And 

as such, there was no agree cut m data recording during that session and presumably affects 

the results recording. Fur:’ erm-.-e. as mentioned above, detection training depends on

Finally, the results reveal that for the three different algorithms used, the classification 

accuracy was much mere in die rmloin f-rest (78.82%) than decision tree (78.78%) and naive 

Bayes (78.71%). However. ’-ie reeuracies difference is too small or insignificant. On other 

hands, when considering the -edictive model accuracy and modelling speed the decision tree 

is the best, since it had less : m’Fng time (3 seconds) compared to the random forest (154 

seconds). The nature of dm- am: algorithms used might have caused this in the sense that 

random forest and decision tr-e a’n.orithms lit in skewed data different from naive Bayes which 

do better in normally distrib-ted data. As a result, the random forest and decision tree had a 

high classification accuracy -.han naive Bayes. Thus, the nature of the data often affects the 

classification accuracy (Sharda cl al.. 2014). Moreover, in the random forest, the ability to 

assembly several trees and : ■■ike the final decision from several trees might influence this 

highest classification aecura (.•' ska el2011).
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conditioning techniques such as a reward or punishment to change rats’ behavior and since rats 

often perform detection tasks in cage holes and when a rat delects a positive sample is getting 

food from a syringe as a reward. Therefore, a well-organized experiment setup may facilitate 

rats to portray better performance.

Additionally, before presenting the sample in a cage for detection, a standard heat is 

applied into it to kill infectious microorganisms and enhance quality control. In this conception, 

quality control may d •termuie t' c elTeet’veness of rats in detection performance. Therefore, 

one can argue that despite the tmtconv- of the dependent and independent variables, the 

mentioned confounding variables might influence t'v results. Following this, rats’ detection 

performance depends on the main and confounding factors.



6 Conclusion

This chapter provides the main conclusions of the thesis based on the aim and research 
questions. Initially, it describes its implications and limitations. Finally, it presents 

recommendations for future research in the area.

6.1 Implications of the Thesis

It is considered useful to apply data mining techniques to solve multi-classification healthcare 
problems. These techniques are of importance to discover valuable information from comp e. 
data produced by healthcare sectors to improve their operations and ease the decision m g 
process. This thesis has focused on the prediction ol lactors influencing rats TB d 
performance using data mining techniques through understanding the relationship 

manipulated variables. Moreover, building predictive models for predicting the c O'

new instance (rat).
Following this, the results indicate that the factors predicted for rats’ TB performance 

include Age. Session_Completion_Tinie. Scssion_Stait_Time, and Av_Wcight_l  
However, the age of the rat l-.mnd as the most influencing factor. Nevertheless, the information 
gain and variable importance determined He orderofthese factors. Besides, the results pinpoint 

that rats with the following factors conditions were the best performers. These inc 
ages of 3.1 to 6 years, at least 845g ofthe average weight per year, less than 14:00 hours as the 
session start time, and less than 7 minutes as the session completion time. However, these 

results limit generalization since they refer to female rats. Therefore, the center can 

with these factors for better detection performance.
On other hands. the random lores' predictive model found as the most suitable model 

for predicting and ussigniue a class for every rat. Ami as such, it has the highest classtfloahon 
performance accuracy of 78.82%. Followed by the decision tree with 78.78% and naive Bayes 
is the last model with 78.71%. However. their accuracy differences are too small or 
insignificant. Therefore. when considering both the predictive model accuracy and speed the 
decision tree is the best since h ted less building time (3 seconds) compared to the random 

forest (154 seconds).
Therefore, these results arc valuable as a reference for several groups. Initially, rats’ 

trainers and dccision-nmkcrs are encouraged to consider the influencing factors to mamtam 
their usefulness such as predicting tire performance of the formerly and newly tramed rats. 
Following this, they can prevent any risk relatc.l to involving rats with a low performance by
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taking several actions. These actions can lie taken care of and support TB detection factors to 

increase rats “detection performance throughout their lifetime. Moreover, the result of this 

thesis is of importance to either TB specialists or any other medical specialists. Additionally, 

the results may help researchers in healthcare. Since this thesis implemented data mining 

techniques in a social setting by predicting factors that influence rats in detectingTB disease, 

it is also helpful to the academic society of Information System (IS).

Despite the given data contained many ob.-.ervations this thesis encountered several limitations. 

First, the sample size was small with only four rats. And as such is presumed to have a slight 

possibility on affecting the results because the aim was to find the factors and not comparing 

the performance of every rat which coni J require large sample size. Second, the lack of the 

corresponding weight of rats in every detection session. As a result, the average weight per 

year was solely used and not the weight of rats which was more advantageous. The motives 

behind the usage of the average weight were to avoid bias in the variables. However, the 

average weight may limit the generaliz.:;‘.ion of the results. Moreover, all rats are female as 

shown in Tabic 6. Nevertheless, for increasing the number of known factors that influence rats 

TB detection performance, it would also be interesting to discover the hidden patterns on the 

gender factor. Not only that but also the dependent variable consisted ofmany values of FALSE 

(78.8%) than TRUE (21.2%) as shown in I able 8 and presumed that the data were limited to a 

FALSE group of performance. Additionally, confounding factors such as training procedures, 

trainers or recorders (data recording.), experimental setup, and laboratory technicians (quality 

control) might have an impact on the results. Lastly, it was useful to get a comprehensive 

understanding of data transfer ethical approval and considerations at the beginning of the thesis.

Given the limited number of studies has been conducted at APOPO fB center on the prediction 

of factors inllueneing. rats' TB detection performance using data mining techniques. Therefore, 

to maximize the effectiveness and ei dcicr.cy ol these results, several criteria for future research 

will have to be optimized. First, a dataset with large sample size and many desirable variables 

for rats TB detection performance is valuable to increase the number of known factors. 

Moreover, to enhance the generalization of the results, the dataset should include the weight of 

rats and not their averag.es. Not only that but also to predict significant sex differences, the 

dataset should balance gender distribution. Furthermore, the dependent variable should contain

averag.es
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classes with an approximately equal number cl'values. Besides, the applicability of other 

classification algorithms and data minin’. or machine learning tools such as Support Vector 

Machine (SVM). Artificial Neural Network (ANN). Logistic Regression, Weka and Rapid 

Miner and select the best one. Since rats also delect land mines, it is of importance to predict 

their significant factors using data minin!'. techniques.
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1

Appendix i .

R scripts

69

.. :;CT?.y

CMD BATCI I helped to run the scripts (ScriplsZ.R) non-intcractivcly on the command line of 

Rand sent the output to another tile (ScriptsZ.Rout) placed in the same location as Scripts2.R 

file. Meanwhile, located the ’plots in the working directory path.



Rversion 3.5.2 (2018-12 /')) ■ "Eggshell Igloo"

Copyright (C) 2018 The I? ■ ound rlion for Statistical Computing

Platform: x8G_GA-wGA mi:,.-;w3?./:'5A (6'1-bil)

R is free software and comes ” ;!h ABSOLUTELY NO WARRANTY.

You are welcome to red" •: ib’.rlc; it under certain conditions.

distribution details.

Natural language suppm- hut running in an English locale

! many contributors.R is a collaborative proi

^formation and

'citationO' on how to ci"' ■’ er ' packages in publications.

'help.start()' for an H I M! brow er interface to help.

Type 'qO' to quit R.

>getwd()

[1] "C:/Users/lshva"

>setwd("C:/Users/lsliv'’ "'ocuments/Rcvised rats data")

> ffCreating the object r

> rats<-read.csv("Rals.cr- ■'"}

> IfCalling the package dp'vr for sampling

> libra ry(dplyr)

>#Random sampling 200,000 observation

>rats<-sample_n(rat!i,/.' "000)

70

>#Removing some cole, ;s in the data filter

>rats= select (rats, -c (C’ "DI i .AgeOrg,Start_Time,End_Time))

Type'contribulorsO'for ■ —r'>

Type'demot)' for son"’ -nos, " e'pO' for on-line lie'p, or

Type'license()' or 'licenr' ’v '



>UDisplaying data in filter bar

>View(rats)

> SDisplaying data struct'.to

> str(rats)

'data.framc': 200000 chs. of 7 variables:

^Displaying the summr'y of data

>summary(rals)

>

>flData Transformation

>rats$Session_Starl_TinH’- as.numeric(rats$Scssion_Start_Time)

>rats$Performance= <is.‘ rtor'rits$l’erformance)

:>5)

> rats$Rat= as.faclor(rals$Rat)

> rats$Age= as.numeric(rats$Age)

>

>#Data split

>training<-sarnple_frac(:-its,.67)

>test<-samplo_frac(rals,.33)

>

>UCalling the ggplot2 package

> libra ry(ggplot2)

>

>#Calling the packages for bu'lding a decision tree predictive model

> library(rpart)

71

>rats$Av_We;ghl_Per_Y >ar= as.numcric(rats$Av_Woight_Per_Year)

>rats$Session_Complc,.::-n_lime= as.numcric(rat'i$Session_Completion_Time)

>^Plotting a histogram of rat age against performance

>ggplot(rats,acs(x = Age, fill = Performance)) + geom_histogram(binwidth = 2)+theme_bw()+ labs(y- 
"Number of Samples", x - "Age", title = "Rats Performance by Age")

>rats$DOTS= as.factorf:



> library(carel)

> library(raltle)

> library (RColorBrewer)

>

>#Decision tree modelling with lhe rpart package

>^Calling rpart plot package for plotting the decision tree

> library (rparl.plot)

Warning message:

package 'rpart.plol' was built under R version 3.5.3

> ^Plotting the decision 'j'ee

3,fallen.leaves = FALSE,tweak = 1)>rpart.plot(treel,extra ■ 3, type

>

> ^Generating decision tree rules

>rpart.rules(treel, cover = TRUE)

>

>

>

> ^Calling the package for building a random forest predictive model

72

>#Decision tree model ’■'’•"diction accuracy with training data

>treel.Perforrnance.pt . .Iesl< predict (treel, training,type="class")

>#Decision tree model prediction accuracy with test data 

>treel.Performance.pr'-'! lesK-predicl (treel, test,lype="class")

>SCreating a confusion matrix

>confusionMatrix (treel.l’erformance.predTest,training$Performance)

>SCreating a confusion t atrix

>confusionMaLrix(Lree'; .Performance.predTest,tcsl$Performance)

>treel<-
rpart(Performance~Age i Av_Wcight_Per_Year4Session_Start_Time+Session_Completion_T1me,data= 
training, control=rpart.control(minicriterion=0.9,minsplil=15000, minbucket=2, cp=-0.4,maxdepth = 4))

treel.Perforrnance.pt


>library(randomForesl)

>#Creatinga random forest model

>ftPlotting the random forest model

> plot (RandomForestModel)

>ftCreating the random forest variables importance

>RandoniForestModel$;mportance

>

>#Random forest model prediction accuracy with training data

> RandomForestModel.Performance.predicted<-prcdict (RandomForestModel, training)

>ftCreating a confusion matrix

>confusionMalrix (Ran-k-e.Forest Model.Performance.predicted,training$Performance)

>

>

>ftCalling the packages for building the naive Bayes model

> libra ry(naivebayes)

>library(el071)

> libra ry(rminer)

> ftBuilding the naive Bayes model

ftCalling the generated naive Bayes model

>NaiveBayesModel

73

>#Random forest model prediction accuracy with lest data

> RandomForestModel.Performance.predictedc-predicl (RandomForestModel,test)

>#Creatinga confusion matrix

>confusionMalrix(Randeml orestModel.Performance.prcdicted,test$Performance)

>RandomForeslModel<-
randomForest(Pcrformance~AgeiAv_Weight_Pcr_Ycar+Session_Start_Time+Session_Completion_Time, 
data= training)

>NaiveBayesModel<-
naiveBayes(Performance~Ap,e < Av_Weight_Per_Ycar+Sossion_Start_Time+Session_Completion_Time, 

data= training)



>

> flNaive Bayes model prediction accuracy with training data

>NaiveBayesModel.Performance.prcdicled<-predicl(NaiveBayesModel, training)

> flCreating a confusion matrix

>confusionMatrix (Naive BayesModel.Performance.predicled,training$Performance)

>

>#Naive Bayes model prediction accuracy with lest data

>NaiveBayesModel.Pcrforma:-.re.predicled<-prcdicL ('JaiveBayesModel,test)

>SCreating a confusion matrix

>confusionMatrix (NaiveBayesModel.Performance.predictcd,test$Performance)

74



Appendix E.

Rats TH dataset application letter to Data Provider

Dear Sir.

RD.

Hetr.’ to the licadii’.? .'love.

I tinneri-y rwInS«:sif:.l .-vt your pesHva cc-iuklcjatieu.

75

J'lugram iii.tirtger tl- i.'n.’.?tiia.
Al’OJ'OTB Tanzami.,
Sol.oiiw University ofAgrici’ln’ic
l*.O. Box .’•O'S 
vlorrtL'iiro.

Ttn-«e Jai:: w:!l lu . riri.'v n«<xi -or this MSc study only. My supervisor who is o Professor in 
Artificial li:ti'll.‘.:*'r:ce will guide ms tlu>X'.gliom ilie rlir.ly. Bused on ::.‘s research mid ethics 
experience lie •••. II .ioc'c-iydrn; ws.-u.i- il.i ■op'ojtxrl its privacy, Also, linpclul -.he study will add 
5i-ici>:H.' fciio'victlge to flic ccct.’c o;i ihc:o:s ili.it ini liier.ee rats J U detection periormaxce. With 
Jiis Intel, I Jove rnch'sc-J a roiicqil mile Un- priipuHsI master thesis, tonlinmilioii letter Irnrn 
.uy sui'ci viror, .v.n a draft of an excel sheet du captu.-ing die ief|uesxd data.

REQtI FOR ' l it- TUHh «.U WSIS Pls’ltIT ION RATS DA IASb f .-OilMSC, 
RtiSLiARCl I KB

Vt.rrs .Si-KCTi-.lv.

JriiMhai- ,\ii)y.v.lbo

Joan Jonr.than Mnyambo, 
Ruckalien.-ugstui: 46, 

IM.J Hox 7W H2.
Ujijisalu, Sweden.

•l.'JA’Jty.

I am ? sjuMiil-yc.il 1-.:iJ'.-.:l t::rsiiiiiu.masterpi.icrain ?i; iiiliiii-Mliim Syslei.isut Ihpsalu University 
Sweden. As p i l n ';:-y irnsl. i si-jilies. ’.im rcaliy inf.-i rst.-d to do my ilir.sfcrtliosis with APOPO 
I B centra usiii.c. Tl J deieclion rats data. 1 wtuld like tn recuesl li;r pnivisoi: u“dalasel pneferalile 
i .nwing between 2CI IR. However, it. is tot necessary to separate those anta bused on years but 
xs :i i:r.| it tion in a single excel file since die study wilt no: compare trends in years. The columns 
may Caic.bl m-vlii «Kri.rik« wliivli include ace, «>, wiiglil, clinic identity, hacle.-i.il cinml, lime 
of day. ancdciiri iri fiawf chss*. I lowver. the rows may ii.’Ac rr.ur.ericaJ data and no: exceeding 
5ij(J mws. The ik-lec.'ii*" ■d nscnliiiiin muy cancsi iii\-.il:-;suicai ilu.i in rows (niche- lower liigh) 
whicli helps ii’* -. -i>w ■ !■: I'liss of every rar.

liier.ee


Appendix F.

Introduction letter from main Supervisor to Data Provider

231S-D-29
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To iibom it may toneera

Ycurz sincerely

D«|.-l*t*«rl1 V? 1ll*jf*IUlk« Mr J Ml J11
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Introduction letter from co-Stipervisor to Data Provider
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Appendix II.

Data Transfer Agreement (I)TA) for ethical approval from Data Provider

NATIONAL INSTITUTE FOR MEDICAL RESEARCH

"3 r—,.£UA'ARlh2019 Pune 1 of 10

78

DA TA TRANSFER A': REEMENT FOR
R ES EA R C11E R:;/() I ’'; ANIZATIONS

I—



SUA-APOPO PROJECT . f P O r - :.9.?5..f.-.,.9?.99.9.R.9.

and

.cl P.O P.

the-7.7:7 7/7/:'AT").ihere-in-af'cr i.I r ? ' a i

'Party" 01 collectively ns "Parties" to this. ii I.! ■

Tins preamble Jiall be a Jeiiini'.'.e part of this A.:e-.-.

. DATA procured fiomthe study:WHEREAS the PROVIDER retain', a-i -nei ! >> i:.i.

the PARTIES HEREBY ACPI I.' .\< I iil.l.t W->:

Aeio■'.sno-’.er .1 -Of:- Page 2ot10

79

PROVIDER and RECIPIENT u.y 
Agreement.

WHEREAS it is hereby agree.! th.it the RECI "'NT co- -perate with the PROVIDER to facilitate 
cat acity building in DATA nnnagem.-iit mi I a: .

p nties is allow J. except for academic or 
.-■nsent of the PROVIDER:

WHEREAS it is l.eie'-y a;:.-.--l that :i? :iat. :.i to ' 
reieaich puiposes -.vheie RE'T'TNT iias -eci::. 'ire'-':

WHEREAS under thi- A:iJeu..-tit r i th-- '■ DATA to be tiansfened pursuant to this 
Agreement are only tho'e to I--.-r- .-.I: . x ..lei. . one . > puiposes;

THIS DATA TRANSIT.R AGREEMENT I't'R Ri*‘< .u ■ In ix'Oi'gnnfzntions (here-in-after rcfpriTtl 
to .is l/ie “,\};iTciiiciit'‘i h made :ln- .20....... Dr.'.-:' "ib........... 20.1.9.

NOW THEREFORE in c-'n-:-,.': >:i • th. ::»i:': ' !' ivt:'-> to be Jeiiv.-J and the representations,
condition-. .'.nJ piomi h-.':.-::i . • f.>:..

WHEREAS under this Agreem-.-in it is ae:.-. tin: - A of medical rese.uch may be transferred 
between Parties to this Agreement only thi-.-u-J. c -..’•tiptilated in this Agreement:

AND WHEREAS the parties to the A'.-te-.-ti.ei. ■:::. ' be bound by any lawful order or instruction, 
as they «ill be fioin tune to time be et-l'.suuig Otgamcation.

iheie-iu-aftei icfct.’.i :•> > •77.7>l7/>/:7C"i:



ar nn f i
DEFINITIONS AMI R1I.I> or IN I ERI’RI I.VI H»N

Di-fiuiliuiis1.1

r-.iii-

"PROVIDER” ir.cans a ivrv'n • : • : rhe original DATA.

• !i rhe original DATA is transferred.■•REC. IP1ENI" • •.:i .. :

Rules nf Iiilrrpi••inti.. i1.2

bi Illis Agicenrvni:

!; 'I no: be cou.-rdvred in interpreting this

Page 3 ol 10

80

"Agreement" mean-. :hi- "DATA Tr-nt-.-i Acie.-nfoi Re .earchert'Organizations'" between the 
Parties.

“Pi-i'iuii-Issiiiii" c.)rg.iiiiA-iii»n'* m.-ans the ent:::. anil the legal authority under the law to issue 
permits and.’or to coti.ruct 'Ci-.-irriftc re .•aich oi to any activity collateral to that scientific 
reseaich ormatteis coim.-ct-.-.! rl..

■■Tin- La"" invar. • 
cotmtiy when theie r a '

.ippioval-.
■■t rrtr-'. •

rh.- l‘ .•! Republic of Tanzania or die RECIPIENT
. Ii-.v. Tauz • i

mean. inf.'im-.ri •:! 
loNII.-INiT ' 

. ./. Ire 
■: tli.ieatte: ’ .

"Permit"" mean; all c-weiiN. 
ackno'-sledgeiii.-nr. liven.e-. 
Peiinir-Issiiine Crcariizaiivn

""DATA" in this context ref-.-i. to 
documented 'iniineiical. dem: ?i
agreement.

i.*t . • !• .rations. or any information generated and 
•; I'a’.i .i cified in Annex I. which forms part of this

ai The hea b:ig» ai.- c<

ax>< <• :.<« .v«s UA/AP.' 1. _ 015

that is PROVIDER'S proprietary and 
MATIER shall not include any item of 

■■■■ prior to tl.e tune of the disclosure by the 
.■ within the public domain other than as a 

anyc: : .'pre.-entatives in violation of fliis Agreement: 
-. ion of the RECIPIENT: (c) is acquired by 
' hgation of confidentiality: (d) is hereafter 

.: lefeience to the information received from 
the RECIPIENT to disclose.

authorization. notifications, concessions, 
leqniicd to be obtained from any

CONFIDENT IAI. MAITE R 
confi l.-iitial infr inn’vn Su.' 
iiifoim'itioii. da1.-, that. > r ■■ 
PROVIDER to tltv Rec-.f rn. 
result •'•f dl'Cb'-nie by the RECTPlt’.'.i 
<b.> v.i . on ■■■! I .■• :■■■ th-.- : 1 ■ ..• :::

the PI'c IPIFS • 
iiidepvnd-.-mly > 
the IT OVIDE R:

“Medical Rcsi-ru cli Cru.i din.itin j < nmmiiti-e"' :: .■ a committee of the NIMR Council which 
reviews, iiuiii;...; i;, 1. i;. .■ .. 1 'mted Republic of Tanzania.
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ARTTCI I' 111
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3.1 P.I7A lol; !■
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Subject to
DA TA and th-.- .

2 Srjninp ■ ’it’ . ..:c.-:iie:.: 1itut.-lat-::; f. i all teseaich involving foreign researchers,
and this shall be declated in a ie-catch a; | hcati’-u t-'-r a tesearch petniit.

• t A-.:. . .-nt. the PROVIDER agrees to transfer the 
..- the ! .-. f.A a; identified n: Annex I.

bl 
ci

.wire applicari ns for the consents to the 
; tie all such a;; h.-ations and shall use all 

- ■ i..c ■.■••tanted aul.

■I. Make ■': . •:
P.-niiii-l: 
le.rc-n.ib!.- .

A-cie-.-l.
The it.. ■: 
The ci . :.
the con' 
lespecir..

3 This Atiiaem.'iit hall .•1“ be :ni:; lo :• : '.
b.-:--r.- -ei:' - . DAI.' : ..- .- ;cl: . . Agieement applies also to local researchers
when u>lii-.- I ATA .- ::: • ?t.i:t .:

: rhe phual a:;: •:
:i pit: i i'?'.>VU>.rr -t RECIPIENT shall be inieipieied to apply to 

.. , : :!i.- PR'IDER Investigator ci RECIPIENT Investigator,

5. In the c> • :.- -? -.’ . if:. c- •uiileipait. befete signing the Implementing
Letter of > iiiJHittions tn the PROVIDER country, in this
ca-e. the L'ni..-d It., ihiic houL'. Kcess mfoinution fioni die iVutuinul Research
liiebin foiuted ti-.hl.-: th.- 'I.'ne.mii : for Science and Technology (COSTECH) Act
N--" of ’ ■'>! 2 ■■ .letcnmne whether the foreign researcher
li id obtai::-. ! •:. . . .■

1. Thi; Anr.-.-n.viit -lid! be lit.-:.-. : • a :-i.-j-.-k: • I:-, teceived ethical clearance from the MRCC
tin-lei the N -.ti-.iia! In ttmte !• i M.'-’.i. •’. Re e-tv: need to tiansf.-i DATA shall be stipulated
in an apii ■ i-.. i:i:.,r. >.-.-tit Any proposal that has received clearance
fte-m ,i !■ . -.- ■ : i will tequire the Agieentent to be processed
tlu-'-neh the



(c) The REC I '"NT ’.. u I >.V."A fi .■ -r academic le: earch purposes only.

the wct.v of the DATA in any publications reporting..."I

NT

.•i.

ii

JJ • i /»■

!:tio:i- : ■ the Agieemenr shall be binding on theI ilia:

: p-:e of the DAIA in compliance with alli. •?!

'■ :-ely : ■ ’-. TA tip'n t-..-. »: of one of the two copies

-
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(bj The
duly •l-.ii.

■Iiall sign :•••■? copies of this Agreement 
The PROVIDER shall then transfer the

It is hereby 
PROVIDER:

(0 ’subject • 
nnyarr:-. ..

It is lieieby .i. I th t th.- : H'"iii; <. I'.lition: f the Agieemet.t shall be binding on the 
RECIPIENT.

(a) The ■ 
appir.-al-'.

N I I;:-.
: .ROVE

(ill Except .1 
coibeiit 
third par-

Hi) The Ri 
publican 
ptior :? 
right to : 
MATTE’ 
i’.EC li’li.’ 
CONFIl

(e) The RE’ . 
use of it

(g> The Ki- 
and re:-. 
DATA

the !•':<. IPIEN'T shall I.-e liable for damages which
. ".-e an . i e‘al of the DATA.

.■-.ion 1;. •[ -.,■•! : • Petm:*-!--.uiiig Oiganic.itioii. and with the written
: PROVEE IENI not naibfei or distribute the DATA to a

: e PROVIDER with a manuscript of any proposed 
■■■• ■ . :i.■:.! th.- t.i.'.y ii.mg the DATA at least thirty (JO) days

: ; "'lication m pie.entatien. The PROVIDER reserves the
■ .::r: at;J to tequite the tenwval of CONFIDENTIAL 

;■ ;;i.-.aiy nJ:- and iiitrtePROVIDER shall notify
•. lay peiio.l ..nceining the removal of 

.■,;e»t e ' ■ .:■! modificati ?ib in die manuscript.

the. t.ie <-i ■!• of the DATA in compliance with all 
-ii. ; lebtnic to I.- eaich involving th.- use of human and animal

(b; The DATA. ’/ i ■ii. -m :! ? y: ;• f th.- PP.' -VIDER and PROVIDER hereby consents to 
the DAT.’. ' ■’-.I'-ice t ■ te'-earch community.

(at I he RE,< ' "NT 
applicable m.. i 
•IlbjeCIs.



ARTICLE IV

COSTS AM' P.\Y.M! Al.”' MI.NT*-

The DATA :

AKTICT F V

WARRANTIES

ar I in F V!

LEGAL TITLE To I• 1 X IK \s<l I'RKI '• Mi REM ' IT SHARING

nw'n-n. ■ •

...inng

ART ICLE VII

PERMITS. I.ICEM ’ ' \M'aPPIP ’Va! >•

fROVUH" .nnl RECH’H NT shnlL at their owu

PjgvGof 10
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th.’ PROVIDER -In". be liable all liabilities for 
■:?:.ise and di-: ?;al of the DATA.. .-si I!'ER's u

(cl) Subject : 
clamage

(c) subject • 
5v|>.ii.i:-.- 

gosenn::.:. 
le'eaicl:

«»»!..u i:r.V.i_fe“, - APi

■ ■ A-jieein.n* : :he Iran>fer of any .Material 
.• RE' I-’" . Tie PR1 'I-R slull be the sole owner

.• t.ns inteiL.* - .1 property rights, (ii). The 
an-:: : from use of the DATA in

Leg..; title r I >.V 
heiemder. •; A? bet 
of a.’, right •. ! :
PRC A IDER and :!■ 
accvidance with t!;-. >.

\ . ::-.-nt b i’:.;Wd to be vxj'eiiiiuntal in nature. The
: SEN TA: :- NS AND F.'< TENDS NO WARRANTIES 
!:’LIi:i' . TP.E AKE NO EXPRESS OR IMPLIED 

" ilTN- ■ TOR A PA-riCL'LAR PURPOSE. OR 
NOT : :::INGE ANT PATENT. COPYRIGHT. 

-■ITS.

Prior to ci>imiumr<-i:. 
rxpenso:

•' ' " ■ > I ■ '■"■i-R may .-.t.-e to make DATA available under a
L.-: . :.i.tiu-> i.c '..-i.t tho.e a: nonprofit organizations or 

•.■■-■iici.- • ">■!. •• ic|'hca:; the RECIPIENT Investigator's scientific

Any DATA :ian:fe::. ' ■ to tin 
PRO VIDER ..nd RE'” ::: M '.IIF ' 
OF ANY KIND. El ' ( ■
WARRANTIES 0F . H.r T
THAT THi. Us:. • .A V.
TRADEMARK. Oil < : . T



ar nrr r viii

xox-EXCi.rsivr. 1/ •

LXartici r
AMESH.M!.'- IS

: ly i.mni'. ■ "in Agsce:::.'i.: of the Pait:.-.. which shall enter into force

AK Ill'll >:

TEKMINA IIOX

Termination •■u- . :• ■cconipli

?nty wi'.

XI

ARTICLE X!

APPLICABLE I.W-. -I'A er \i:il.!! \

> A.-.. tent i> ai-iniac: and not International agreement. thatThe Parties :ec

■ -.-•ar
I* PageTol 10<lx><
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The transfer of the !'< ■ 
re-e itch pin; •'■•es
DA :'A Ollie: drill -r.-. '

1 >:::ite-. .< elusive he.-tfe to iue the I'ATA solely for academic and 
!■ es 1;?: :r d.e RECIPE any additional rights in the 

.■.emeu:

a > 
bi 
c> 
d)

::..:ir.-di 
l.'llllate: . el
t’pon : 
A. st/'.-

Tin Agreement ino '■ . 
on Lie date acieed

•: m tei I ■ . 
' t-.ith :: ■' ■

• t.i! writ:.- . :l.-ellt of•’!: !'■ .'les:
:y «.>■ ‘ •• ;;:ten notice to the other Party: or
.co;.- of l.v.v. and

.1) M.Ce 01 e.ii. e ■■ 

Peun::-I>si:n.. 
reasonable e" -:’ i

bi Give .-ill re'.’ I tt- ficei at. I " all tequtte.l inspections under all consents obtained in 
coin.ection :! >: tt.i:: tel The ttintion -in p'.ted in the apt '.'.cations shall be complete and 
accnt.ite and . .1 • iti-:y the -i.;. t.n • ■ e and pi-\c lui.il require: --tits of the applicable laws of 
the l.'inte.i R eph! • f 7 »■;: othe: ce'intiy 'e.here the DA IA is transferred.

: e tn; Ve al! :;..e--aiy pt.-t. pi: ite applications for the consents to the 
:i aiil : diligently pm sue all such applications and shall use all 

. : • 1:11 tire •. . . > in effe»: once obtained and:



..e:: :.-i: •

AR Tin F XL!

NOTICE

ARTIC! F MH

OR FUTUREEXISTINGJEEMIAl TOTHIS>>r

• .< .in.! ' : : affect any other existing or futureis-’-: :i •

Aen >tir .V.. SIJA..”.- Pagel) st 10
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■ <>!' the P.\r: ! •
Ml : on ’.i. ■

yiir.- ! '
i Jl.iii

'f the Ottits of the United Republic of Tanzania for
: lelatin-. to th:-. letter agieeinent brought against the

the jut;..!:ct:-'n of the courts of the RECIPIENT
IT IPIi.’NT 1 ■■■.eminent oi .my of its agencies.

h l! be in :n?. shall be signed by 
'■iie;*e« it: !:c.ved on the signature page

NONAPI’I.ICAPJ'.IIV
AGREEMENTS

The terms of this A . 
agreements I-er'•.•■■■

.• bef’e;
: Agree::..*:.'

• of •' .i.
■t-.* tins Agree:: el :

h.o.e signed this Agreement in the presence of 
i‘e their lespectivc signatures.

IN WITNESS Wi­
the witnesses and a:

All notices pe:t?::'::i. * 
an author::-.-1 lepi. . 
for each Pai*y.

,t::.:.ih . ..
.'.*:ve <•;.
■: bin!.... •:

.Vereen 
ei-.d !■> •!>.

Tin Agreement 
Me heal Re eaidi '.
Tant.inia. Tk.-Att’ 
repicsentatr.e- •.*: • 
ore. nizaiioii: for *1 .- 
trail fer specified al

The Panics heieby . 
any iction. suit oi i*.
Vir.ied Republic of 1
G.a .•mnwnr toranva.

• ■■■ !..* jv.;:'

■ • . a:: :i:-.- on:
■ r NTMR: a.

-. : .hr a .- :ibt :! .

■■ P.':!:e .t. l coiitirer'i.neJ by the Chair of rhe
■■IRCCi • ' ••.'■.emii.en: of United Republic of
; thi.- eti.etit ceitify that they are the legal 

:. ! to sign ••■n behalf of their respective 
' ■i.^nizations to the term.- of this Agreement, for die

In-c..iation.-il L.r.v : n t-i- tl:
th.- nieipi eta lion of ■; . 
nor disposed of by 
Am iorized Jgnator.-.- 
de>:cnees di.ill be 
eirh.r Party may ten:.

'-. .i-.-ein-.-itt. and that Inteina::- nal Law does not govern 
ofth:' A.- . .-•nt. Any di-rnte arising u:..!er this Agreement whichis 

Invest;.- ••;. -hall be submitted jointly to the 
j.'int d-.-ct :- i: of the Aut!.-.-;-.:ed signatories or their 
yu:.'. I: Parties ca:;:ic-t teach a joint decision, 
‘lately.
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Si.'ii iluir

1*1 in!' I N.iin? i.1 >J I

Ail.ln I

TCr I .■» 

.njisja.ac.a ___I’!. 

FOR I'KUVIIH '■

i,Dkti‘s /.»*.

V Program Manager •

'■ >.•/■■■ r--Z>nHi..geor3

si;-.;

lei* ...  

fjjeltlioAgtee.u^J .V.» S U/\•• !/2C
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.•!I • ■.liolcdge
• ■ i-j i?» » Arre.r.:*

-.’f •

. 5’3 Gi:-’ 20 Uppsala S.VEDEN

’ . :.■! i.—niti'j..-T • .-••w'.cdtc
■.!•*»■ rer:.:»?!;S» .\fcw

J wan '.•r;>3?r.to
■ .. ■ . i

Sl^n Pit

Goo-nios f.','"
Norite «!■-.!

....
_ r. \

... ■■.■.J'C*. *•

ai.'opc s-ijtirc Univcrr.:/.
• J '.-'-, ‘.■•■■■noro Tar-j.-'iia

•■■:< t.hrn-:.;

v...s. a.m.c" i wn
S'JA APOPn. -i t: nc Unives
P O. Rm 3! '■■■ ir-.juro

Tri- .07773:'.; ’ ■ . ___ . _i i z___a

(.THIilltMTIO*
Anu.. - l( ifici i iisiii Ms:rr.
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:n.:i: : i. -iviiUT.t; i l>TA >

m sputum s imples evaluated to

Provider Invotipaim* : I declare •' 
. reonly die one ;:.i:i>feiied heir ■

Kcseareh proti-i<*l 
•a OrKiiiiizatinn

Number.2] Ye>
□ No

SVu> ihe l>AT.\ ilt-kci ilivtl iiliuii* ■ "il-• i. •! iindn ('•tin1’ t illi-l :

Training Afric:' -pend’-.'.: .: : ■ •” IB diagnssr-

\ Research prnim ■ 1 Approicd In i .jiz r i.i 
21' Ceiii: .. le Ni.m! e:: .

& AfeMrl

son-

% al M;imp

T sua'af/'T.

- -SUA-A»,';,p0

1' r-

\I1I1C.X 1
■cicripiion of ln:'i>a!:*..itioi> to Io-!:.>■: ■ :■

1 1.Trained in's p”,f?r:iiar'.c--- p- ■ ■ 
■<nd TB
1 2. Weight o! • <•?.
1 3. Ano of rats
14 Hits on inc . \.;il »yr pies
1 5. Duration of ; -- -3.-”.-inco

- Dr. Geers

Authorized Olliii.’.l: • .IppinCr r line is) and format of
lialabcl incnliiii’i i ri-e iihme !■> I ■ •irm’i!':ph< ’

rs-

rcl.i!'.il Gran! <-r C"iit.Kl I’n.'in RECII’lENTs Government
•■"r

■ ’.I; 5
;■

' .* a!i-.v nie:i!; sir.! type(s) and format of Dataset


