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The factors that potentially drive low preservation of retirement savings are shown in Table

2.2.
Potential factors that could drive preservation levels
Decision | Potential Potential factors What would predict low levels
maker causes of preservation
Rational Consumption | Age Young
smoothing
Liquidity constraints | Low levels of liquidity
Irrational | Bounded Education Low levels of education/financial
rationality literacy
Bounded Financial literacy Low level of future orientation
willpower

Time perspective High levels of impulsivity

Level of impulsivity

Table 2.2: Potential Factors that could Drive Low Preservation Levels (Source: (Reyers et
al,, 2014))

2.7.3 Potential Solutions

Itis crucial to manage the emotional component of choices for long-term planning decisions
(Alemanni & Lucarelli, 2017). Studies have proven that strategic intervention supplying incentives
or addressing behavioural barriers can encourage individuals to behave a certain way (Duarte,
2021). Intervention can lead to improved behaviour (P. Nguyen et al., 2022). Intervention
does not need to be overly complicated; simple interventions have been found to have positive

results on the behaviour of individuals (Duarte, 2021; Puschel et al., 2010).

Common interventions to improve the behaviour of saving retirement funds include financial

education, constructive communication, and intermediaries.
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Table 5.20 shows that, given all other variables are kept constant, the odds of an individual
having Other Preservation Withdrawals are 5476.31% ((55.7631-1) x 100) higher than an
individual not having other preservation withdrawals. This is because every individual who made

another preservation withdrawal preserves those funds.

Similarly, if an individual earns a salary of R500 001 and above (Salary Band E), given all
the other variables are kept constant, this individual has the odds of higher preservation of

1509.71%. This is expected, seeing that individuals who earn more are able to save more.

Other variables in this table with higher odds of preservation are Salary Band C (R100 001—
R300 000), Salary Band D (R300 001-R500 000), Commission Share 81 to 90, Education
Industry, Transportation Industry, Unions and Labour Broker Industry and the IT and

Telecommunication Industry.
The random forest model produces similar results. This can be seen in the following section.
5.6.2 Random Forest

It has been mentioned that random forest models have a built-in assessment that determines

the important variables of the model.

The random forest concluded that the following variables were considered most significant:
Other Preservation Withdrawal, Salary Band E (R500 001 and above), Male Gender, Provident
Fund Contracts and Salary Band D (R300 001-R500 000). The 21 most significant variables of

the random forest model are shown in Figure 5.10.
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Feature Importance

Retail Industry

Finance,Insurance and Real Estate Industry
Channel: Integrated

Age Band: 51 to 55

Channel: Independent

Age Band: 26 to 30

Age Band: 46 to 50

Manufacturing Industry

Age Band: 41 to 45

Age Band: 36 to 40

Professional and administrative services Industry
Salary Band: R50 001 - R100 000
Salary Band: R100 001 - R300 000
Age Band: 31 to 35

Team Manager Other

Custom Broker: Other

Salary Band: R300 001 - R500 000
Provident

MALE

Salary Band: R500 001 and above
Other Preservation Withdrawal

0.00 0.05 0.10 0.15 0.20 0.25

Figure 5.10: Significant Variables from Random Forest

From this, it can be seen that some of the Age Bands are considered significant as well. This

was not as obvious with logistic regression.

All the variables that are significant for the logistic regression model are significant for the
random forest as well, except for the industries. Different industries are considered significant in

the random forest model.

The random forest model found that Other Preservation Withdrawal is the most useful
when trying to predict whether an individual will preserve. Again, this is the case because every
individual who had “other” preservation withdrawals preserved their funds. From the figure above,
it can also be seen that individuals who earn a salary of R501 000 and above (Salary Band E) are
more likely to be classified as individuals who preserve. Males are also more likely to be classified

as individuals who will preserve.
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5.7 Models with Significant Variables

Due to the logistic regression model and the random forest model indicating what variables

are significant, a further analysis of these variables is done.

The following variables are considered in these models: Contract (Provident); Gender (Male);
Salary Band R100 001-R300 000; Salary Band R300 001-R500 000; Salary Band R500 001 and
above; Commission Share 71 to 80; Commission Share 81 to 90; Commission Share 91 to 100;
Custom Broker Other; Industry — Retail; Industry — Finance, Insurance and Real Estate; Industry
— Education; Industry — IT and Telecommunication; Industry — Transportation; Industry — Unions
and Labour Broker; Industry — Construction and Maintenance; Industry — Manufacturing; Industry
— Professional and Administrative Services; Team Manager Other; Independent Distribution
Channel; Integrated Distribution Channel; Other Preservation Withdrawal, and the following Age
Bands: 18-25, 26-30, 31-35, 3640, 41-45, 46-50, 51-55, 5660 and 61-65.

The Age Band decision is based on the random forest’s variable importance and on the
literature investigated. The literature states that age plays an important role in an individual’s

retirement decisions.
Additional commission share bands were also added due to a p-value very close to 0.
5.7.1 Logistic Regression

With the above-mentioned variables, a logistic regression model produces the following

confusion matrix:

Predicted
Preservation No Preservation
Preservation 929 308
Actual
No Preservation 4 429 72 995

Table 5.21: Logistic Regression: Significant Variables Confusion Matrix
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72995

—————) of the individuals who do not preserve
72 995+4 429

The model correctly predicts 94% (

929
929+308

(Inverse Precision) and correctly predicts the 75% ( ) (Precision) of individuals who

preserve.

Table 5.22 shows the performance of the logistic regression model with the significant

variables.

Test Data
Accuracy 94%
Precision 75%

Inverse Precision 94%

Recall 17%

AUC 82.64%

Table 5.22: Evaluation of Logistic Regression Model with Significant Variables
Overall, this model performed well. Precision is high.

The following variables all had a p-value of 0. The following table shows the significant variables

(with a p-value of 0) as well as their odds ratio:
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Variable Odds Ratio
Contract (Provident) 0.8579
Gender (Male) 0.7756
Salary Band C 2.1975
Salary Band D 6.0594
Salary Band E 14.2906
Commission Share 81 to 90 3.9512
Industry - IT and Telecommunication 1.7173
Industry - Transportation 0.4248
Industry - Education 1.7445
Industry - Unions and Labour Broker 0.3166

Industry - Finance, Insurance and Real Estate 1.5148

Industry - Manufacturing 1.2119
Age Band: 18to 25 0.0214
Age Band: 26 to 30 0.0308
Age Band: 31 to 35 0.0279
Age Band: 36 to 40 0.0261
Age Band: 41 to 45 0.0269
Age Band: 46 to 50 0.0318
Age Band: 51 to 55 0.0420
Age Band: 56 to 60 0.0554
Age Band: 61 to 65 0.0679
Other Preservation Withdrawal 55.3280

Table 5.23: Significant Variables from Logistic Regression
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Table 5.23 shows that, given all other variables are kept constant, the highest odds of an
individual having higher preservation is better for an individual with Other Preservation

Withdrawals or an individual who earns a salary of R500 001 and above (Salary Band E).

Other variables in this table with higher odds of preservation are Salary Band C (R100 001-
R300 000), Salary Band D (R300 001-R500 000), Commission Share 81 to 90, Industry - Finance,
Insurance and Real Estate, Industry - Education, Industry - Manufacturing and Industry - IT and

Telecommunication.
The random forest model produces similar results. This can be seen in the following section.
5.7.2 Random Forest

With the above-mentioned variables random forest produces the following confusion matrix:

Predicted
Preservation No Preservation
Preservation 1145 685
Actual
No Preservation 4213 72 618

Table 5.24: Random Forest: Significant Variables Confusion Matrix

72 618

———— ) of the individuals who do not preserve
72 618+4 213

The model correctly predicts 95% (

1149 ) (Precision) of individuals who

(Inverse Precision) and correctly predicts the 63% (————
1145+685

preserve.
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Table 5.25 shows the performance of the random forest model with the significant variables.

Test Data
Accuracy 94%
Precision 63%

Inverse Precision 95%

Recall 21%

AUC 79.93%

Table 5.25: Evaluation of Random Forest Model with Significant Variables

The model has high precision, but not as high as the logistic regression. The random forest

has higher recall than the logistic regression.

The random forest model again concluded that the following eight variables were most
significant in this particular order: Other Preservation Withdrawal, Salary Band E (R500 001 and
above), Custom Broker Other, Male Gender, Salary Band D R300 001-R500 000), Provident Fund

Contracts, Team Manager Other and Independent Channel.

Feature Importance

IT and Telecommunications Industry
Retail Industry

Salary Band: R100 001 - R300 000
Salary Band: R50 001 - R100 000
Commission Share: 91 to 100
Manufacturing Industry

Professional and administrative services Industry
Channel: Integrated

Channel: Independent

Team Manager: Other

Provident

Salary Band: R300 001 - R500 000
MALE

Custom Broker: Other

Salary Band: R500 001 and above
Other Preservation Withdrawal

0.00 0.05 0.10 0.15 0.20 0.25 0.30

Figure 5.11: New Significant Variables from Random Forest
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The random forest model found that Other Preservation Withdrawal is the most useful for

trying to predict whether an individual will preserve.
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6. DISCUSSION AND ANALYSIS OF FINDINGS

In this chapter, the results obtained will be discussed.

This study set out, as stated in the Research Objectives, to determine which factors play a
significant role in driving low retirement fund preservation and to apply machine learning to the
preservation data to determine whether machine learning can classify preservation of retirement
fund data.

6.1 Factors that Drive Preservation Rates

Logistic regression and random forest models were used to determine the significant variables

present in the data.

In the data used it is difficult to determine behavioural aspects that influence the preservation
of funds. However, based on literature, good assumptions can be made of the variables proven to

be significant.
6.1.1 Preservation of Variables

All the variables played a role in the classification of the data. Not all were equally significant;
therefore, before discussing the most significant variables, a description of the preservation of

other variables is given.
Distribution Channel

The random forest considered the Independent and Integrated Distribution Channels as two

of the 21 most significant variables.
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Number of Members
Channel Did not Preserve | Preserved
Company Business 95% 5%
Direct 54% 46%
Uncategorised 95% 5%
Custom 92% 8%
Independent 95% 5%
Integrated 91% 9%

Table 6.1: Percentage of Members who Preserved within the Distribution Channel

Table 6.1 shows that the integrated channel has, out of all the members in that channel, the

most individuals who preserve their retirement funds.
Team Manager

The random forest model took into account the team manager in the other group. Most
individuals who preserve their retirement funds based on the team manager group are in the Team
Manager Other group. This could be because most of the members belonged to this group. Thus,

the probability of individuals in this group preserving their funds is higher.
Custom Broker

The random forest also considered the broker group Other as one of the significant
variables. It was the third most significant in the reduced model. Again, most members belonged
to this group of brokers. Even though this was a significant group of brokers, the most members
who preserves are in the Broker Two group, which was not considered as significant by either the

logistic regression or the random forest models.
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Gender

It can be seen from the random forest and the logistic regression models that the gender

variable is a strong indicator of whether the individual preserves.

Number of Members

Gender | Did not Preserve | Preserved

Male 92% 8%

Female 94% 6%

Table 6.2: Percentage of Members who Preserved based on Gender

Table 6.2 confirms that females have lower preservation numbers than males. Of all the
females, only about 6% preserved their funds and of all the males about 8% preserved their
retirement funds. This is in agreement with the models, which state that when a male makes a

preservation withdrawal it can better predict whether the individual will preserve.
Contract Number

It can be seen from the random forest important variables, that the contract number variable
is a strong indicator of whether the individual preserves. With the dummy encoding, it was shown
that the provident fund contracts are strong indicators. The contract number is the fourth strongest

indicator from the initial random forest model (Figure 5.10).
Commission Share

According to the logistic regression model, this variable is significant for predicting
whether an individual will preserve or not. Commission Share 81 to 90 is the most significant

group of the commission share variable.
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This can mean that the members who pay higher commission rates to their brokers preserve

more due to the brokers being better incentivised to assist them.

Stacked Bar Chart of Commission Share vs Preservation
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91 to 100

Under or equal to 40

Commission Share

Figure 6.1: Preservation of Commission Share

From Figure 6.1 it can be seen that the members in the commission share band 81 to 90
preserve more, which agrees with the outcome of the logistic regression model that this specific

commission band is the most significant commission share variable.
6.1.2 The Significant Variables

The logistic regression and random forest model considered almost all of the variables as
important while classifying the preservation of retirement funds data. However, the most

significant variables are Other Preservation Withdrawal, Industry, Salary Band, and Age Band.

Age Band

Based on past studies, it is expected that individuals in lower age brackets behave rationally
and that they do not preserve (Table 2.2). However, it still cannot be known whether a young

individual did not preserve due to consumption behaviour or just because they behaved
irrationally.
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In the logistic regression and random forest, age band was not one of the most significant

variables. However, in the reduced logistic regression model it was found that age bands are

better preservation than others.

Stacked Bar Chart of Age Band vs Preservation

significant. Even though this cannot be seen from the models, it is evident that some ages have
] mmm No Preservation
Preservation
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Figure 6.2: Preservation of Age Bands
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Figure 6.2 confirms that higher ages preserve more.

Salary Band

The logistic regression models and random forest model consider salary as a significant
driver of the preservation of retirement funds, especially a salary band of
R500 001 and above. This is in agreement with the relevant literature. Literature states that
individuals with lower incomes are less likely to preserve their retirement funds, usually due to
rational behaviour (Table 2.2).

The second logistic regression model indicated the following salary bands were more
significant:

e C-R100 001-R300 000
e D -R300 001-R500 000
e E -R500 001 and above
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These bands are the brackets for the highest earning individuals.

Stacked Bar Chart of Salary Band vs Preservation
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Figure 6.3: Preservation of Salary Bands

Number of Members

RO - R50 000

R50 001 - R100 000
R100 001 - R300 000
R300 001 - R500 000

R500 001 and above

Figure 6.3 shows that these 3 salary bands preserve more than the other 2 bands.

Industry Code

The logistic regression model and random forest models consider the industry as a

significant driver of the preservation of retirement funds.
In the logistic regression model, the following industries were considered more significant:

e |T and Telecommunication
e Education
e Transportation

e Unions and Labour Brokers

In the logistic regression model with the significant variables, the most significant industries
are IT and Telecommunication, Education, Finance, Insurance and Real Estate, and the

Manufacturing industry.
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In the random forest model, the following industries are considered significant: Professional

and Administrative Services, Manufacturing, Retail, Finance, Insurance and Real Estate.

In the random forest model with the significant variables, the most significant industries stayed

the same while including the IT and telecommunication industry.

The two models did not show the same industries as significant. The models that were created
with the significant variables agreed that the IT and Telecommunication, Education, Finance,

Insurance and Real Estate, and the Manufacturing industries were significant.

For future studies regarding this variable, it may be interesting to compare salaries for these
industries and or other variables such as age to determine why the members in these industries

behave in a certain way.

Other Preservation Withdrawals

This variable was most significant every time for both the logistic regression and the

random forest model.

Number of Members

Other Preservation Withdrawal | Did not Preserve | Preserved

No 243 716 14 390

Yes 860 3236

Table 6.3: Number of Members who Preserved Based on Other Preservation Withdrawal

Table 6.3 shows that individuals who partially preserved their payout as preservation and
did not preserve part of the payout had better preservation. Of the individuals who had Other
preservation withdrawals, 79% had a status of preservation. Thus, more money was preserved than

not preserved.
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This is a significant variable because it indicates that maybe when an individual does take
a small part of their payout in cash and preserve the rest, their preservation of retirement funds will
be better. This can be because the small amount they take in cash can help them with any
consumption needs they have while they still save most of their funds. This also indicates that

South Africa’s two-pot system may be a good encouragement for better preservation.
6.2 Machine Learning for Classifying Preservation

One of the research objectives of this study was to apply machine learning to the
preservation data to determine whether machine learning can classify the data. The three different
models used were Logistic Regression, Random Forest and Support Vector Machine. Three
different encoding methods were also applied, with the expectation that one method would have
better performance for the model. The models performed similarly in the confusion matrices and
precision measures. Based on the performance of the three models, it seems that the dummy

encoding method was effective for this data.

Overall the random forest model performed the best. The random forest is a good machine
learning algorithm to employ due to its high accuracy with classification and because it can analyse
the variables and derive important features. Even though this study did not find the recall rate as
important as the precision rate, the random forest model had high precision and the highest recall
rate (even if it was low). The only flaw would be that the random forest produced the lowest
precision of the three models. The precision was still good, just not as high as that of the other

models.

The logistic regression model is also a good model to use seeing that it can classify whether
a member will preserve or not as well as generate a probability of whether a member will preserve
or not. All three encoding methods performed similarly for the logistic regression model. Each of
these methods has good performance and can predict whether an individual will preserve their

retirement funds.

For the SVM maodel, the ordinal encoding method performed poorly on average. It had the

lowest accuracy and recall, but it had the highest precision. Apart from finding that the SVM can
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predict whether an individual will preserve, not much more can be derived from the SVM model.
The model can be seen as a black box. This leaves a gap for further research to investigate what
more this model can offer. Some studies are investigating the black box of machine learning, which

could address issues such as these.

Due to the rapid growth of machine learning, its application to preservation data is a good
step to take. These classification models can be used by insurance companies to determine whether
their fund members will preserve or not. Machine learning also holds the advantage that the
variables can be updated, i.e. new variables can be added to determine the value of the add to the
preservation decision. Models that make predictions are a growing field. The retirement field

should consider implementing more Al to improve results.
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7. CONCLUSION AND RECOMMENDATIONS

Conclusion

Low retirement savings have been and still are an issue faced by many individuals

worldwide.

In South Africa, and other countries, it has been identified that the lack of preserving one’s
retirement funds when an individual changes employer is one of the driving factors for low

retirement savings.

This study had the following research objectives: to understand the field of the preservation
of retirement funds, and to determine which factors significantly drive the preservation of
retirement fund decisions. Seeing that machine learning is a growing field worldwide, this study
also aims to understand machine learning and different machine learning methods and apply
machine learning to the preservation data to determine whether machine learning can classify the
data. The study specifically examines Logistic Regression, Random Forests and Support Vector

Machines.

The study further found that many psychological factors play a role in an individual’s
retirement saving decisions. It is therefore important to also take these factors into account when
trying to improve an individual’s retirement savings. The following behavioural factors are found
to be prevalent in retirement savings: self-control and determination, inconsistency of individuals’
choices, optimism or pessimism, impulsiveness, information avoidance, procrastination, affect

heuristics and decision fatigue.

In a similar way as behavioural factors affect retirement savings decisions, they also affect
an individual’s decision to preserve their retirement funds when they change employers. Potential
reasons for poor preservation are usually either rational or irrational behaviour. Rational reasons
are usually applicable to young individuals and individuals with liquidity constraints. These
individuals tend to not preserve due to consumption smoothing. Irrational reasons are caused by

an individual’s bounded rationality or bounded willpower. Bounded rationality is usually due to
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low levels of financial literacy. Bounded willpower is usually displayed in impulsive individuals

or individuals who have low levels of future orientation.

Many countries attempt to influence poor retirement fund preservation with tax systems.
A tax system is designed by making implicit assumptions that an individual will behave rationally.
However, most countries assume individuals behave irrationally and introduce a tax system with
rational behaviour assumptions. This can be due to not understanding what factors significantly

impact retirement preservation.

Thus, in the preservation of the retirement fund field it is important to not neglect
psychological factors when determining drivers of an individual’s decisions. It should especially

be considered when mitigation strategies are created.

Feature engineering was used with the expectation to improve machine learning models
that are applied to preservation data. The following three methods of feature engineering were

used: Ordinal Encoding, Dummy Encoding and Target Encoding.
The three models used were Logistic Regression, Random Forest and Support Vector Machine.

These three models were also very accurate in classifying the preservation of retirement
funds, thus showing that machine learning models are good models to use for the classification of
retirement data. Overall, all three models can accurately classify the preservation of retirement
funds data. The random forest performs the best overall based on all the evaluation metrics used.

It was also found that none of the encoding methods were superior to the others for all the models.

If mitigation of the non-preservation of retirement funds is investigated, machine learning
models are good at classifying whether an individual will preserve or not. Machine learning models

can also identify which factors drive certain preservation behaviours.

Additionally, the logistic regression and random forest models indicated that overall, the
following variables are significant for the preservation models: whether an individual has other
preservation withdrawals, the salary an individual earns and the industry they belong to. The Other

preservation withdrawal indicated that preservation is better if an individual can take part of the
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funds in cash and preserve the majority. Encouraging this behaviour thus may lead to effective
mitigation. Industry is also a driver that can be investigated more. This can show what individuals

are taught in specific industries to help them with their financial decisions.
Limitations

A limitation of the study is that the preservation of retirement funds is not the only factor
that affects retirement savings. For example, in many cases it is the low contribution rates that
affect poor retirement savings. Thus, the findings of this study should not be looked at as the main

reason for poor retirement savings.

Individuals have unique financial circumstances and thus many varied reasons may affect
an individual’s decision to withdraw. There is no one-size-fits-all assumption. In the data used to
build the models these different circumstances are not visible. For example, many young employed
individuals are known to have a lot of debt. If these individuals withdrew retirement funds, it would

not necessarily be the “wrong” decision to take the cash and pay off their debt.

A further limitation is that the model is built on a sample of South African retirement fund

members. Thus, the results are not necessarily relevant to members from other countries.

Additionally, machine learning has the limitation of being a black box. This was
particularly found with the SVM model. The model performed well, but more information is
required. As mentioned, there are studies investigating this topic. It was not a part of the current

study’s objectives.
Lastly, the identified significant factors may not always stay the most significant.
Recommendations for further research

It is recommended that the findings of this study are applied to similar data to see whether

the same results will be found.
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As previously mentioned, a more specific study of how certain individuals behave in their
respective industries can be undertaken. This can give better insight into what drives them to

preserve their retirement funds.

Other machine learning models can be used to classify the data to see whether they are

accurate at classifying the data.

Other variables from the data set can also be included to see if they have a significant

impact on the preservation of retirement funds.
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APPENDIX

A.1 Data
A.1.1 Variables

In the raw dataset, many variables took on different forms, but stayed essentially the same
variable, for example, a column where the precise pensionable salary was given and a column
where this salary’s salary band was the variable used. There weren’t many variables that were not
used in the dataset. Additionally, the company advised that some variables should not be used. The

following variables present in the raw dataset were not used:
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Variable Representation Reason for not using
Paypoint A number is allocated to each | Does not affect the members’
Number business unit in the employer that | preservation.

submits financial data to the

company.

Transaction

Unique row identifier.

The number is given after the preservation

Number transaction and thus will not influence the
Distinct payment identifier. preservation decision.
Trade Type States whether the payment was | All the entries were payments.

income or a payment.

Risk Benefits

Corresponding risk-based claim

This is not a retirement policy.

Accepted payable to member.

Portal for | Employer uses the portal to load | Assume that the employer who uses the

claims info each month. portal will not affect the member’s
preservation decision.

App use (3] Indicates whether employee used | Assumed that the employer who uses the

similar the app for payout app will not affect the member’s

columns) preservation decision, seeing that the app
is used after that decision has been made.

Payee Name | Details of when preservation | Used a summarised version.

Mapping withdrawal happened and to

which fund the payment went.
Consultant The internal consultant associated | Used another column similar to this.

with the employer group contract
if the broker is from the company.

Bank Account
String

The last 4 digits of the bank
account number.

Assumed this does not play a role in
preservation decisions

Account Name

Lookup for the last 4 digits of the
bank account number

Assumed this does not play a role in
preservation decisions

Table A.1: Variables of Original Dataset not Used
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A.1.2 Data Cleaning

In the dataset, there are 262 202 entries. This equals 262 202 unique members. Unique
members were determined based on their assigned person number, group number (which
corresponds to the employer they belong to), role number and contract number. Only members

who changed employers or were retrenched were considered.
The following steps were taken to determine unique members in the data:

Firstly, uniqgue members were determined with a unique combination based on the
member’s person number, the number of the employer group, the number assigned to them in that
specific work environment, and their contract number. This was done at the suggestion of the data
providers. If these members had multiple preservation withdrawals, similar ones were then

grouped and the amount withdrawn was summed.

If there were still multiple members, the Other entry was considered as another
preservation withdrawal. This happened when an individual took part of their payout and preserved
it and did not preserve the other part. The two entries were combined, creating two columns: first
preservation withdrawal amount and second preservation withdrawal amount. If an individual had
these two withdrawals, they were marked as ‘Yes’ in the created column Other preservation
withdrawal. Their preservation status was then determined by the larger amount in the columns’

first preservation withdrawal amount and second preservation withdrawal amount.

The data contained entries that indicated whether members who withdrew their funds
preserved or not. Based on this, the column Preservation was created to simplify what was already
given in the data. Then the Overall Preservation (which is the independent variable) was

determined based on the amounts withdrawn that were not preserved or preserved.
A.1.3 Ordinal Encoding

After ordinal encoding was applied to the data, the variables looked as follows:
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Variable Representation

Contract This variable takes the value 1 for a provident fund and 0 for a pension fund.

number

Gender This variable takes the value 1 if the member is male and O if the member is
female.

Age band This variable takes the value 1 if the band is B, 2 if the band is C, 3 if the band
is D, 4 if the band is E, 5 if the band is F, 6 if the band is G, 7 if the band is
H, 8 if the band is I, 9 if the band is J, 10 if the band is K, 11 if the band is L
and 0O if the band is A.

Salary band This variable takes the value 1 if the band is B, 2 if the band is C, 3 if the band
is D, 4 if the band is E and 0 if the band is A.

Industry The following values were assigned for the different industries: Agriculture,

Forestry, Fishing and Co-ops - 0, Business Services - 1, Construction and
Maintenance - 2, Education - 3, Entertainment and Hospitality - 4, Finance
Insurance and Real Estate - 5, Health and Welfare - 9, IT and
Telecommunication - 10, Manufacturing - 8, Mining and Raw Materials - 9,
Other - 10, Professional and administrative services - 11, Retail - 12, Security
services - 13, Transportation - 14, Unions and Labour Brokers — 15.

Custom broker
name

This variable takes the value 1 if the broker is Broker Two, 2 if the broker is
No Broker, 3 if the broker is Other and 0 if the broker is Broker One.

Commission
share

This variable takes the value 1 if the band is 51 to 60, 2 if the band is 61 to
70, 3 if the band is 71 to 80, 4 if the band is 81 to 90, 5 if the band is 91 to
100, 6 if the band is under or equal to 40 and 0 if the band is 41 to 50.

Team manager

This variable takes the value 1 if the team manager is Other, 2 if the team
manager is Team Manager One, 3 if the team manager is Team Manager Two
and 0O if the team manager is No Team Manager.

Channel The following values were assigned for the different distribution channels:
Channel not categorised - 0, Company’s Business - 1, Custom - 2, Direct
Cluster - 3, Independent - 4, Integrated - 5

Other This variable takes the value 1 for another preservation withdrawal and 0 for

Preservation no other preservation withdrawal

Withdrawal

Table A.2: Predictor Variables Used in the Logistic Regression Model One

© University of Pretoria

147



A.1.4 Dummy Encoding

In Python, the pandas library is used to create the dummy variables. The function used is
the get_dummies(). The difference with this function is each variable is transformed into as many
variables as there are different entries. Columns in the output are named after each entry. For
example, for the variable Age Band, the following columns were created: AgeBand B, AgeBand
C, AgeBand D, AgeBand E, AgeBand F, AgeBand G, AgeBand H, AgeBand I, AgeBand J,
AgeBand K and AgeBand L.

A.1.5 Target Encoding
In Python, the category encoders package and ce function were used.

For this method, the average for each variable was given as an example, determined as
follows: First the gender variable was considered. Then for the target variable, which is
Preservation, the average of the males who preserved was determined and similarly the average
for females. Thus, the method determined the average males, given the male preserved, and did
the same for females. For example, in the data, there are 163 757 males and 98 445 females of the

262 202 members. There are 10 047 males who preserved their funds and 7 579 females who

10 047
163 757

7579)
98 445

preserved their funds. Thus, 6.135% ( ) males preserved their funds and 7.699% (

females preserved their funds. Thus, target encoding marked every male with 0.06135 and every
female with 0.0799.

A.2 Logistic Regression: More Results

The equations that ordinal and target encoding methods produced for the logistic regression

model are shown below. The dummy encoding produces a very large equation.
Ordinal Encoding

The logistic regression equation that resulted from ordinal encoding is as follows:
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1n< P )= —4.7242 — 0.1188X, — 0.2762X, + 0.7976X,

1-p
+ 0.0933X, — 0.0362Xs — 0.04892X, + 0.0112X,
+ 0.0214Xg + 0.08869X, + 4.0285X,, (A1)

where the variables are marked as follows: Contract Number X;, Gender X,, Salary Band
X5, Commission Share X,, Industry X, Team Manager X, Custom Broker Name X, Channel Xg,
Age Band X, and Other Preservation Withdrawal X ,.

The AUC and PR-curve of the ordinal encoding method are shown below.

AUC (ROC curve)
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a) ROC b) Precision-Recall Curve

Figure A.1: Logistic Regression: Ordinal Encoding

In Figure A.1 the orange line represents the test data and the blue line the training data.
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Dummy Encoding

The AUC and PR-curve of the dummy encoding method are shown below.

AUC (ROC curve)
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1.0 + —— AUC TRAIN =0.8290 —7 1.0 —— TRAIN
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o
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/

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

a) ROC b) Precision-Recall Curve
Figure A.2: Logistic Regression: Dummy Encoding
In Figure A.2 the orange line represents the test data and the blue line the training data.

Target Encoding

The logistic regression equation that resulted from target encoding is as follows:

In (ﬁp) = —7.4361 + 3.1097X, + 18.2874X, + 8.2356X,

+ 8.1521X, + 6.1404X; + 1.8525X, + 2.4568X,

(A.2)
+ 2.1609Xg + 7.9571X, + 5.4596X,,

where the variables are marked as follows: Contract Number X,, Gender X,, Salary Band
X3, Commission Share X,, Industry X<, Team Manager X, Custom Broker Name X, Channel Xg,

Age Band X, and Other Preservation Withdrawal X .
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Model Performance with Training Data

Table A.3 shows the performance of the logistic regression model with the three different

encoding methods on the training data.

Ordinal Encoding | Dummy Encoding | Target Encoding
Accuracy 94.00% 94.00% 94.00%
Precision 79.00% 78.00% 78.00%
Inverse Precision 94.00% 94.00% 94.00%
Recall 16.00% 17.00% 18.00%
AUC 81.85% 82.90% 81.91%

Table A.3: Comparison of Logistic Regression Models with Different Encoding on Training
Data

Significant Variable Logistic Regression Model

The AUC and PR-curve of the logistic regression model with significant variables are

shown below.
AUC (ROC curve)
10— aucTRAN 0.8242 —— 1.0 1 — TRAIN
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=
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0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
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a) ROC b) Precision-Recall Curve

Figure A.3: Logistic Regression with Significant Variables
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In Figure A.3 the orange line represents the test data and the blue line the training data.
A.3 Random Forest: More Results
Ordinal Encoding

The AUC and PR-curve of the ordinal encoding method are shown below.

AUC (ROC curve)
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Figure A.4 Random Forest: Ordinal Encoding

In Figure A.4 the orange line represents the test data and the blue line the training data. The

ordinal encoding method ranked the most significant variables as follows:
Feature Importance

Commission Share
Contract Number
Gender

Custom Broker
Team Manager
Channel

Age Band

Salary Band

Industry

Other Preservation Withdrawal

0.00 0.05 0.10 0.15 0.20 0.25

Figure A.5: Significant Variables from Random Forest with Ordinal
Encoding
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Target Encoding

The AUC and PR-curve of the target encoding method are shown below.

AUC (ROC curve)
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Figure A.6: Random Forest: Target Encoding

In Figure A.6 the orange line represents the test data and the blue line the training data. The

target encoding method ranked the most significant variables as follows:

Feature Importance

Commission Share
Contract Number
Gender

Custom Broker
Team Manager
Channel

Age Band
Industry

Salary Band

Other Preservation Withdrawal

0.00 0.05 0.10 0.15 0.20 0.25

Figure A.7: Significant Variables from Random Forest with Target
Encoding
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Model Performance with Training Data

encoding methods on the training data.

IBESITHI YA PRETORI

Table A.4 shows the performance of the random forest model with the three different

Ordinal Encoding | Dummy Encoding | Target Encoding
Accuracy 95% 95% 95%
Precision 84% 84% 85%
Inverse Precision 95% 95% 95%
Recall 34% 34% 34%
AUC 93.88% 93.90% 93.88%

Table A.4: Comparison of Random Forest Models with Different Encoding on Training Data

below.

1.0
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Significant Variable Random Forest Model

The AUC and PR-curve of the random forest model with significant variables are shown
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Figure A.8: Random Forest with Significant Variables
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In Figure A.8 the orange line represents the test data and the blue line the training data.

A.4  Support Vector Machine: More Results
Ordinal Encoding

The AUC and PR-curve of the ordinal encoding method are shown below.

AUC (ROC curve)
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Figure A.9: SVM: Ordinal Encoding

In Figure A.9 the orange line represents the test data and the blue line the training data.

Target Encoding

The AUC and PR-curve of the target encoding method are shown below.
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Figure A.10: SVM: Target Encoding
In Figure A.10 the orange line represents the test data and the blue line the training data.

Model Performance with Training Data

Table A.5: Comparison of SVM Models with Different Encoding on Training Data shows

the performance of the SVM model with the three different encoding methods on the training data.

Ordinal Encoding | Dummy Encoding | Target Encoding
Accuracy 94% 94% 94%
Precision 84% 80% 80%
Inverse Precision 94% 94% 94%
Recall 5% 18% 18%
AUC 78.03% 79.23% 61.82%

Table A.5: Comparison of SVM Models with Different Encoding on Training Data

© University of Pretoria

156



AN PRETORIA
F PRETORIA
| YA PRETORIA

<o<

A.5 Balanced Data

There was an imbalance in the data. Many more individuals did not preserve versus the
individuals who did preserve. This affected the recall rate of the models. However, if the recall

rate is increased then the precision is decreased, which was not a desired outcome.

This section shows how the balanced data was sampled and some of the results of the

models with the balanced data.
Data Resampling

An unbalanced dataset is a common issue in real-world applications. Unbalanced datasets
can have a major impact on how well machine learning algorithms perform in terms of
categorization. Over- and/or under-sampling and other artificial rebalancing techniques are
frequently used to address the issue of imbalanced data (Ganganwar, 2012; L. Wang et al., 2021).

To address the imbalance in the data in this study, a hybrid, SMOTE-Tomek Links,

resampling technique was used.
SMOTE-Tomek Links

SMOTE-Tomek Links is a hybrid of over- and under-sampling techniques.Ilt works as
follows: Using the SMOTE technique, which generates false instances based on k-nearest
neighbours, the minority class is oversampled. Then, the Tomek Links technique is used to
eliminate ambiguous entries from the dataset when they have two closest neighbour instances that
belong to different classes. By using this strategy, the class separation close to the decision

boundaries is improved (Nazyrova et al., 2022).

Even though over- and/or under-sampling methods are commonly used, it has been found
that where the negative cases far exceed the positive instances, SVM’s performance is extremely
constrained. Although undersampling the majority class does enhance SVM performance, there is

a corresponding loss of important data. Thus, a method called modified support vector machines
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also performs well on imbalanced data sets, but this resampling method is not expected to improve

the SVM’s performance (L. Wang et al., 2021).
A.5.1 Logistic Regression: Balanced Data

With ordinal encoding on the balanced data, the following results were obtained from the

logistic regression model.

Predicted
Preservation No Preservation
Preservation 3757 14 233
Actual
No Preservation 1601 59 070

Table A.6: Logistic Regression: Balanced Data Ordinal Encoding Confusion Matrix

59070
59070+1601
3757
3757+14 233

The model correctly predicts 97% ( ) of the individuals who do not preserve

(Inverse Precision) and correctly predicts the 21% ( ) (Precision) of the individuals who

do preserve.
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The AUC and PR curve of this method are shown below.

AUC (ROC curve)

: - -
1.0+ —— AUC TRAIN =0.8243 p— 1.0 —— TRAIN 1
— -
AUC TEST =0.8211 - o i TEST
/ l”
0.8 - - 0.8 L1
// f’t
g // g’ \\\
5 -
< 06 — 06
Z / - AN
§ / /”
g 0.4 >
2 o 0.4
.
0.2 7
o 0.2
l'
0.0 1] ‘
0.0 0.2 0.4 06 0.8 10 0.0 02 0.4 0.6 0s 1.0
False Positive Rate
a) ROC b) Precision-Recall Curve

Figure A.11: Logistic Regression: Ordinal Encoding Balanced Data

With dummy encoding on the balanced data, the following results were obtained from the
logistic regression model.

Predicted
Preservation No Preservation
Preservation 3613 14 128
Actual
No Preservation 1745 59175

Table A.7: Logistic Regression: Balanced Data Dummy Encoding Confusion Matrix

59175

The model correctly predicts 97% (—59 T

) of the individuals who do not preserve

(Inverse Precision) and correctly predicts the 20% ( 3013 ) (Precision) of the individuals who

3163+14 128
do preserve.

The AUC and PR-curve of this method are shown below.

© University of Pretoria

159



AUC (ROC curve)

|
o

T T T
—— AUC TRAIN =0.8460 —— 1.0 —— TRAIN

AUC TEST =0.8121 / I T TEST
.

0.8

o
o
N,
N,
\
N

o
o
N,
N,
A

0.4

I
=

True Positive Rate

0.2

e
[¥]
)

0.0

e
o

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

a) ROC b) Precision-Recall Curve
Figure A.12: Logistic Regression: Dummy Encoding Balanced Data

With target encoding on the balanced data, the following results were obtained from the

logistic regression model:

Predicted
Preservation No Preservation
Preservation 3538 11 115
Actual
No Preservation 1820 62 188

Table A.8: Logistic Regression: Balanced Data Target Encoding Confusion Matrix

62 188
62 188+1820

&) (Precision) of the individuals who
3538+11115

The model correctly predicts 97% ( ) of the individuals who do not preserve

(Inverse Precision) and correctly predicts the 24% (

do preserve.

The AUC and PR-curve of this method are shown below.
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Figure A.13: Logistic Regression: Target Encoding Balanced Data

Table A.9: Comparison of Logistic Regression Models with Different Encoding on
Balanced Training Data shows the performance of the logistic regression model with the three

different encoding methods on the training data.

Ordinal Encoding | Dummy Encoding | Target Encoding
Accuracy 76% 76% 75%
Precision 79% 79% 81%
Inverse Precision 74% 75% 72%
Recall 71% 2% 66%
AUC 82.43% 84.60% 82.16%

Table A.9: Comparison of Logistic Regression Models with Different Encoding on Balanced

Training Data

Overall the models are accurate with the training data, with each of them having an

accuracy of 76%. This is a lot less accurate than the imbalanced dataset.
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The AUC of all three methods is also high, with the dummy encoding method being the

highest. This was very similar to the imbalanced dataset.

Ordinal Encoding | Dummy Encoding | Target Encoding
Accuracy 80% 80% 84%
Precision 21% 20% 24%
Inverse Precision 97% 97% 97%
Recall 70% 67% 66%
AUC 82.11% 81.21% 82.11%

Table A.10: Comparison of Logistic Regression Models with Different Encoding on Balanced

Test Data

In Table A.10: Comparison of Logistic Regression Models with Different Encoding on

Balanced Test Data, the precision is not as high for balanced test data as for the unbalanced data.
A.5.2 Random Forest: Balanced Data

With ordinal encoding on the balanced data, the following results were obtained from the

random forest model:

Predicted

Actual

Preservation

No Preservation

Preservation

2818

7 808

No Preservation

2 540

65 495

Table A.11: Random Forest: Balanced Data Ordinal Encoding Confusion Matrix
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65 495

The model correctly predicts 96% (m

) of the individuals who do not preserve

2% ) (Precision) of the individuals who

(Inverse Precision) and correctly predicts the 27% (—————
2818+7808

do preserve.

The AUC and PR-curve of this method are shown below.
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Figure A.14: Random Forest: Ordinal Encoding Balanced Data

The ordinal encoding method ranked the most significant variables as follows:
Feature Importance

Commission Share

Custom Broker

Team Manager

Contract Number

Channel

Gender

Other Preservation Withdrawal
Age Band

Industry

Salary Band

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35

Figure A.15: Significant Variables from Random Forest: Balanced
Data Ordinal Encoding
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With dummy encoding on the balanced data, the following results were obtained from the
random forest model:

Predicted
Preservation No Preservation
Preservation 3403 12 793
Actual
No Preservation 1 955 60 510

Table A.12: Random Forest: Balanced Data Dummy Encoding Confusion Matrix

60510

The model correctly predicts 97% (m

) of the individuals who do not preserve

(Inverse Precision) and correctly predicts the 21% ( 3 493 ) (Precision) of the individuals who

3403+12 793
do preserve.

The AUC and PR curve of this method are shown below.
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Figure A.16: Random Forest: Dummy Encoding Balanced Data

The dummy encoding method ranked the most significant variables as follows:
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Feature Importance

Age Band: 46 to 50

Age Band: 18 to 25

Age Band: 41 to 45

Age Band: 26 to 30

Construction and Maintenance Industry
Age Band: 36 to 40

Custom Broker: Other

Retail Industry

Age Band: 31 to 35

Manufacturing Industry
Professional and administrative services Industry
Channel: Independent

Team Manager Other

Mining and raw materials Industry
Salary Band: R100 001 - R300 000
MALE

Provident

Salary Band: R300 001 - R500 000
Salary Band: R50 001 - R100 000
Other Preservation Withdrawal
Salary Band: R500 001 and above

0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14

Figure A.17: Significant Variables from Random Forest: Balanced Data Dummy
Encoding

With target encoding on the balanced data, the following results were obtained from the

random forest model.

Predicted
Preservation No Preservation
Preservation 2822 7 806
Actual
No Preservation 2536 65 497

Table A.13: Random Forest: Balanced Data Target Encoding Confusion Matrix

The model correctly predicts 96% (ﬂ) of the individuals who do not preserve
65 497+2 536
(Inverse Precision) and correctly predicts the 27% (%) (Precision) of the individuals who

do preserve.

The AUC and PR-curve of this method are shown below.
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Figure A.18: Random Forest: Target Encoding Balanced Data

The target encoding method ranked the most significant variables as follows:

Feature Importance

Commission Share

Contract Number

Team Manager

Gender

Custom Broker

Channel

Other Preservation Withdrawal
Age Band

Industry

Salary Band

0.00 0.05 0.10 0.15 0.20 0.25 0.30

Figure A.19: Significant Variables from Random Forest: Balanced
Data Target Encoding

Table A.14 below shows the performance of the random forest model with the three

different encoding methods on the training data.
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Ordinal Encoding | Dummy Encoding | Target Encoding
Accuracy 92% 87% 92%
Precision 91% 85% 91%
Inverse Precision 93% 90% 93%
Recall 93% 90% 93%
AUC 97.89% 94.99% 97.89%

Training Data

Table A.15 shows the results on test data.

Table A.14: Comparison of Random Forest Models with Different Encoding on Balanced

Ordinal Encoding | Dummy Encoding | Target Encoding
Accuracy 87% 81% 87%
Precision 27% 21% 27%
Inverse Precision 96% 97% 96%
Recall 53% 64% 53%
AUC 79.66% 79.46% 79.76%

Test Data

© University of Pretoria

Table A.15: Comparison of Random Forest Models with Different Encoding on Balanced
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A.5.3 Support Vector Machine: Balanced Data

With ordinal encoding on the balanced data, the following results were obtained from the
SVM model.

Predicted
Preservation No Preservation
Preservation 4043 14 607
Actual
No Preservation 1315 58 696

Table A.16: Support Vector Machine: Balanced Data Ordinal Encoding Confusion Matrix

58 696

The model correctly predicts 98% (m

) of the individuals who do not preserve

4043 ) (Precision) of the individuals who

Inverse Precision) and correctly predicts the 22% (—————
( yp
4 043+14 607

do preserve.

The AUC and PR-curve of this method are shown below.
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Figure A.20: SVM: Ordinal Encoding Balanced Data
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With dummy encoding on the balanced data, the following results were obtained from the
SVM model:

Predicted
Preservation No Preservation
Preservation 3720 12 866
Actual
No Preservation 1638 60 437

Table A.17: Support Vector Machine: Balanced Data Dummy Encoding Confusion Matrix

60 437
60 437+1638

3729 (Precision) of the individuals who
3720+12 866

The model correctly predicts 97% ( ) of the individuals who do not preserve

(Inverse Precision) and correctly predicts the 22% (

do preserve.

The AUC and PR-curve of this method are shown below.
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Figure A.21: SVM: Dummy Encoding Balanced Data

With target encoding on the balanced data, the following results were obtained from the
SVM model:
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Predicted
Preservation No Preservation
Preservation 3385 9 868
Actual
No Preservation 1973 63 435

Table A.18: Support Vector Machine: Balanced Data Target Encoding Confusion Matrix

63 435
63 435+1973
3385
3385+9868

The model correctly predicts 97% ( ) of the individuals who do not preserve

(Inverse Precision) and correctly predicts the 26% ( ) (Precision) of the individuals who

do preserve.

The AUC and PR curve of this method are shown below.
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Figure A.22: SVM: Target Encoding Balanced Data

Table A.19 shows the performance of the SVM model with the three different encoding

methods on the training data.
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Ordinal Encoding | Dummy Encoding | Target Encoding
Accuracy 83% 84% 75%
Precision 81% 83% 82%
Inverse Precision 85% 85% 70%
Recall 85% 85% 64%
AUC 90.10% 90.50% 82.08%

Table A.20 shows the results for balanced test data.

Table A.19: Comparison of SVM Models with different encoding on Balanced Training Data

Ordinal Encoding | Dummy Encoding | Target Encoding
Accuracy 80% 82% 85%
Precision 22% 22% 26%
Inverse Precision 98% 97% 97%
Recall 75% 69% 63%
AUC 83.88% 82.66% 82.07%

© University of Pretoria

Table A.20: Comparison of SVM Models with Different Encoding on Balanced Test Data

171



	Abstract
	Declaration
	Acknowledgements
	Abbreviations and Acronyms
	List of Tables
	List of Figures
	1. Introduction
	1.1 Research Objectives
	1.2 Assumptions and Limitations of the Study
	1.3 Structure of the Study

	2. Retirement Savings
	2.1 Background of Retirement Savings
	2.2 A Theoretical Framework of Saving Behaviour
	2.3 Development of Savings Theories
	2.3.1 Foundation for Modern Economic Saving Theories
	2.3.2 Modern Economic Theories of Saving
	2.3.3 Behavioural Life-Cycle Hypothesis

	2.4 Behaviour in Savings Decisions
	2.4.1 Self-control and Determination
	2.4.2 Procrastination
	2.4.3 Inconsistency of Choices
	2.4.4 Optimism or Pessimism
	2.4.5 Impulsiveness
	2.4.6 Information Avoidance
	2.4.7 Affect Heuristic
	2.4.8 Decision Fatigue
	2.4.9 Financial Literacy

	2.5 Importance of Retirement Planning
	2.6 From Defined Benefit to Defined Contribution Retirement Schemes
	2.7 Retirement Fund Preservation
	2.7.1 The Inadequacy of Retirement Fund Preservation
	2.7.2 Potential Reasons for Early Withdrawals
	2.7.3 Potential Solutions
	2.7.3.1 Libertarianism Approach
	2.7.3.2 Paternalism Approach
	2.7.3.3 Libertarian Paternalism Approach
	2.7.3.4 Intermediaries


	2.8 Retirement Fund Preservation in South Africa
	2.8.1 Current State of Retirement in South Africa
	2.8.1.1 Participation in Retirement Savings
	2.8.1.2 Cost of Retirement Funds
	2.8.1.3 Preservation of Retirement Funds

	2.8.2 The Inadequacy of Retirement Fund Preservation
	2.8.3 Legislation and Regulation of Retirement Funds in South Africa
	2.8.3.1 Retirement Reform: Two-pot system



	3. Machine learning
	3.1 Overview of Machine Learning
	3.2 Development of Machine Learning
	3.3 The Generic Machine Learning Model
	3.4 Machine Learning Paradigms
	3.5 Types of Problems
	3.6 Machine Learning Algorithms
	3.7 Applications and the Future of Machine Learning
	3.8 Limitations of Machine Learning
	3.9 Potential Growth for Machine Learning
	3.10 Logistic Regression
	3.11 Random Forest
	3.12 Support Vector Machine

	4. Research methodology
	4.1 Data Preparation
	4.2 Data Preprocessing
	4.3 Modelling
	4.4 Evaluation of the Models

	5. Results
	5.1 Descriptive Statistics of Data Used in Modelling
	5.1.1 Dependent Variable
	5.1.2 Independent Variables
	5.1.3 Correlation of Variables

	5.2 Logistic Regression
	5.3 Random Forest
	5.4 Support Vector Machine
	5.5 Comparison of Models
	5.6 Significant Preservation Variables
	5.6.1 Logistic Regression
	5.6.2 Random Forest

	5.7 Models with Significant Variables
	5.7.1 Logistic Regression
	5.7.2 Random Forest


	6. Discussion and Analysis of Findings
	6.1 Factors that Drive Preservation Rates
	6.1.1 Preservation of Variables
	6.1.2 The Significant Variables

	6.2 Machine Learning for Classifying Preservation

	7. Conclusion and Recommendations
	References
	Appendix
	A.1  Data
	A.1.1 Variables
	A.1.2 Data Cleaning
	A.1.3 Ordinal Encoding
	A.1.4 Dummy Encoding
	A.1.5 Target Encoding

	A.2  Logistic Regression: More Results
	A.3  Random Forest: More Results
	A.4  Support Vector Machine: More Results
	A.5  Balanced Data
	A.5.1 Logistic Regression: Balanced Data
	A.5.2 Random Forest: Balanced Data
	A.5.3 Support Vector Machine: Balanced Data





