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Learning to mitigate reliance on features with missing values in interpretable pre-
diction models

Tianyi Duan

Department of Computer Science and Engineering

Chalmers University of Technology and University of Gothenburg

Abstract

In the healthcare area, it is common for datasets to contain observations that are
missing for the corresponding features. Predicting outcomes with such datasets in
supervised learning tasks often results in outcomes that are heavily influenced by
these missing values. This thesis modifies two original machine learning algorithms
and introduces two novel models: the Least Absolute Shrinkage and Selection Op-
erator Mitigating Reliance (LASSOMR) and the Decision Tree Mitigating Reliance
(DTMR). Both models are designed to reduce dependency on features with missing
values during predictions. This reduction is achieved by penalizing features that
have missing values, thereby decreasing the model’s reliance on these features. The
synthetic dataset and real-world dataset are used to explore that DTMR and LAS-
SOMR models give a larger penalty to the features that have larger missing ratios.
As a result, the coefficient value of the features becomes less leading to the goal of
relying less on features having missing values. Additionally, real-world datasets with
missing values evaluate the performance of these models against baseline methods,
confirming that the models perform comparably while effectively mitigating reliance
on missing value features.

Keywords: Machine Learning, Supervised Learning, Missing Values, Healthcare
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Introduction

The vast majority of machine learning models are widely valued in predictive tasks
due to their interpretability, a particularly vital feature in fields with high demand for
model interpretability such as healthcare and financial areas [1, 2]. Variables missing
or unobserved are common to encounter at the time of prediction in these domains
(due to data loss, privacy issues, dataset fusions, etc) [3]. Various methodologies
have been explored to address the challenge of model prediction with incomplete
data. Imputation [4] is an effective way to deal with missing value problems, but
it requires a strong assumption of the missing value [5]. It often assumes that
the data is missing at random (MAR) [6]. Also, several limitations exist in the
imputation method: altering the variance of the dataset, distorting the distribution
of the dataset, and not applicable to specific cases [3, 7].

Other methods include Bayesian modeling [8], the application of fallback default
rules [9, 10], weighted estimating equations [11], prediction with missingness indi-
cators [12]. A limitation of these methods is that: they either lack interpretability
(estimation weighting) or rely on features with missing values (imputation methods,
fallback rules, missingness indicators).

The methods that deal with missing values either lack interpretability or rely on
features with missing values. To overcome these limitations, I modify two meth-
ods relying less on features having missing values with high interpretability. The
ideas are inspired by the Least Absolute Shrinkage and Selection Operator (LASSO)
method and the Decision Tree method. By modifying the LASSO method and the
Decision Tree method, I created the LASSO Mitigating Reliance (LASSOMR) and
Decision Tree Mitigating Reliance (DTMR) method. These methods aim to main-
tain high interpretability and reduce dependence on features with missing values.
My method not only relies less on features having missing values but also has a
comparable performance with the method Decision Tree with imputation and the
LASSO method with imputation. To more directly compare the degree of depen-
dency on missing values across different models, the concept of reliance is defined.
It is used to measure the extent to which the model’s predictions depend on miss-
ing values. If the value of reliance is high, it has a high degree of dependency on
missing values. This thesis defines reliance differently in the linear and tree models
to accommodate their distinct structural characteristics. However, they both reflect
how the linear model and tree model rely on features with missing values when they
make a prediction.



1. Introduction

The LASSOMR method has the function of variable selection. It penalized the fea-
tures with missing values based on the missingness. This can clearly explain how the
LASSOMR model mitigates reliance on features with missing values. The DTMR
method modifies the original Decision Tree by incorporating a penalty mechanism
during the information gain calculation. When choosing a candidate node as the
decision node, a penalty value is given to the feature that has missingness. The
algorithm makes the process of choosing a candidate node not only consider the re-
duction of entropy but also counts the reliance on missing values. The DTMR model
chooses candidate nodes based on the information gain calculation which maintains
the interpretability. The LASSOMR model and DTMR model address a critical
aspect often ignored in traditional approaches. They provide a novel perspective
on mitigating reliance on missing values that aligns with the increasing demand for
interpretability.

Consider an example of a classification task in Figure 1.1. The ’Smoker’, "Weight’,
and "Age’ are the features. The target of 'Risk’ is the risk of respiratory diseases.
In this Figure 1.1, the first record of this dataset is for the feature ’Smoker’, the
observation value is "Yes’. The decision path veers left if the observation "Smoker’
is true. Then this record arrived in the decision node ’Age < 45’ For the feature
"Age’, the observation is missing. This means that to classify this record to a specific
classification, it relies on the missing value. This example illustrates what is missing
in the Decision Tree method.

i ; Missin

Smoker | Weight | Age Risk —— 9 Decision Tree

Yes 78 NAN &—fTowRisk | |

Yes 75 53 Low Risk Srmalkar

y- |No 72 48 High Risk .

No 78 42 Low Risk True _— - False

Yes 53 62 High Risk 3 ~, 4

No NAN 32 Low Risk ‘ Age < 45 Weight < 70

No 78 NAN High Risk
N

True | False True/ / \False
V- ] | l/ ‘
Low Risk High Risk Low Risk High Risk

Figure 1.1: For the record on dataset X in row one, to classify this record to a
specific classification, it relies on the feature ’Age’. Since the observation for the
feature "Age’ has missing values.

The outcomes of this research have the potential to significantly advance the field,
offering new insights and techniques for robust model development to overcome the
limitations of traditional methods that deal the dataset having missing values
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1.1 Contributions

The contributions are summarized as follows: 1) I have developed a modified version
of the LASSO model, termed the LASSOMR model. It can penalize the features
with missing values based on the degree of missingness. 2) By integrating the penalty
term into the information gain calculation in the original Decision Tree method, I
propose an improved method which is DTMR, it not only considers the feature
importance but also considers the missingness in a feature. 3) I introduced the
concept of reliance and a formula for calculating dependency on missing values in
linear models and decision trees. This provides a systematic approach to quantifying
the impact of missing data on model predictions. 4) The newly developed model
maintains high interpretability while minimizing dependence on missing data. They
achieve prediction performance comparable to that of the traditional Decision Tree
and LASSO models, demonstrating their effectiveness in practical applications.
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Background

This study specifically addresses the challenge of limitations that previous methods
have when dealing with datasets having missing values. Previous methods have
limitations: they either have less interpretability or rely on features with missing
values. To overcome these limitations, I modified two models that aim for good
prediction, meaning low prediction errors and minimizing the empirical risks. The
two models have high interpretability and aim to rely less on features that have
missing values. The reliance is defined as the degree of dependence on features
with missing values within the linear model and tree model in this thesis. Also, the
modified models provide interpretability on how the models reduce the reliance on
features having missing values.

Considering the output Y € R?, based on a vector of input features X = [x1, Ta, X3,
S, xg)T € R% missing values may be present during training or test time. Miss-
ingness in the dataset is characterized by a random binary mask M = [my, ma, mg,
.,mg]T €{0,1}%. Let m;; = 1 when %, ; is missing, and m; ; = 0 when 7; ; has a
value. The dataset containing missing values can be effectively reconstructed using
a missingness mask in Formula 2.1.

> {XZ] lf Mij = O (21)

YTINAN if My =1

An example of representing the missingness in X is in Figure 2.1. The input dataset
X has a missing value. Then, the binary mask matrix M records the information
of missing values in the input matrix X. The value 1 represents that the dataset
has a missing value and 0 means that the dataset doesn’t have a missing value. The
missingness matrix M can help assisting in calculating the reliance r.

The occurrence of missingness can be various but can be categorized into three main
categories [4]: missing completely at random (MCAR), missing at random (MAR),
and missing not at random (MNAR). To define the missingness mechanism, both
X and M are modeled as random variables with probabilistic distribution Pg and
Py respectively. I parametrize the missingness distribution P,; by a parameter ¢.
The observation can be said to be missing completely at random if an observation is
missing and is independent of the variables and the value of the observation itself:
the probability that an observation is missing does not depend on variables and
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X
Features

Q |1d  Smoker Weight Age Id Smoker Weight Age
w
2 1 Yes 78 55 — X.: ifM.=0 1 Yes 78 55
< X =17 ij
22 No 75 53 Y |nan otherwise 2 No 75 53
e 3 Yes 72 3 Yes 72 NAN
missing value Represent missing values by a missingness mask
M

Id Smoker Weight Age

1 0 0 0

2 0 0 0

3 0 0 1

Figure 2.1: An example of a missingness matrix corresponding with a dataset with
missing values. M is the missingness matrix that is built from the dataset X. The
value 1 in matrix M means that dataset X has a missing value. Then reconstruct
the dataset by filling NAN value if the value in the dataset is missing.

observations.

Pys(M | Xobs, X5 ) =Py (M) V¢ (2.2)

The observation can be said to be MAR if the missingness X mis dependents on the
observationX°?s. The formula can be written as follows [13]:

Py (M | Xobs, Xmis: ) = Py (M| X% 6) Vg, ¥ X, (2.3)

The missingness is MNAR if missingness depends on the value of missingness itself
and potentially depends on the observations.

Imputation is an effective method for solving missing value problems. However,
imputation has its disadvantages. Mean value imputation often leads to biased
statistical inference, by underestimating the variance of the dataset and potentially
distorting the mean value of the dataset[14]. This underestimation is due to the
mean imputation not counting for the uncertainty of the missing value mechanism,
thereby reducing the variability of the dataset[15]. Even sophisticated methods
like multiple imputation can underestimate the variance if not properly tuned to
reflect the underlying mechanism[16]. These limitations highlight the critical need
to mitigate reliance on the imputation method for the missing value problem.

This study is dedicated to achieving the target of reducing the dependence on the
imputation method using interpretable models. The solution mitigates reliance on
imputation and can improve interpretability over black-box methods. The method-
ology of my research begins by modifying the LASSO (Least Absolute Shrinkage
and Selection Operator) method. The LASSO method gives the same penalty term
for each coefficient. In my method, I modify the penalty term by giving different
penalty terms which are decided by the degree of missingness in its corresponding
features. Then, I modify the information gain calculation in the Decision Tree by
adding a penalty mechanism to the features that are missing.

6



2. Background

2.1 LASSO Method

The Least Absolute Shrinkage and Selection Operator (LASSO) method, introduced
by Robert Tibshirani [17], represents a significant advancement in the field of regres-
sion analysis and variable selection. LASSO is a regularization technique that can
enhance the prediction accuracy and interpretability of the statistical models. It is
applied by constraining the size of the coefficients. This constraint involves adding
a penalty equivalent to the absolute value of the magnitude of the coefficients, con-
trolled by a tuning parameter A\. The reason to choose the LASSO method is that
the LASSO method has the function of variable selection. The formula is shown
in Formula 2.4. The penalty term X is used to penalize the features. The normal
LASSO method penalizes each feature with the same penalty term.

n

2
1 d d
min ¢ =3 (Z 0 x x5 — yz-) +D_ A0 (2.4)
j=1

ni=1 \j=1

The LASSO method gives the inspiration that the penalty term can be modified to
penalize the features based on the degree of missingness.

2.2 Decision Tree Method

Decision Tree is a fundamental and highly versatile machine learning algorithm, used
extensively for both classification and regression tasks. It is a graphical representa-
tion of possible solutions to a decision based on certain conditions. Introduced in
their modern form by Breiman in their seminal work "Classification and Regression
Trees" [18], Decision Trees operate by breaking down a dataset into smaller subsets
based on the feature values, while an associated tree is incrementally developed.
The result is a tree-like model of decisions, where each node represents a feature,
each branch represents a decision rule, and each leaf node represents an outcome.
One of the key advantages of Decision Trees is their interpretability and simplic-
ity; the decision-making process is easy to understand and visualize, making them
particularly useful for business decisions[19]. It is composed of nodes that represent
tests on attributes, edges, or branches that correspond to the outcomes of these
tests, and leaf nodes that represent class labels or decision outcomes. The primary
goal of a decision tree is to model decision-making by sequentially splitting data
into increasingly specific subsets, which is analogous to asking a series of questions
that can divide the dataset into discernable attributes leading to a final decision
[19]. The key idea of decision tree is to reduce the maximum entropy when choosing
a decision node. Before choosing a decision node, the entropy can be calculated.
Then, it calculates each entropy after choosing a candidate node as a decision node.
In this way, the candidate node that can decrease the maximum entropy can be cho-
sen. Each branch from this node represents the possible answers, and this process
is repeated at each subsequent node until a leaf node is reached, which provides the
final decision or classification.

The decision tree makes the decision process intuitive, interpretable, and easy to

7
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understand. The decision tree gives an inspiration that when using a decision tree
to make a decision, each row of observations in the dataset will follow the path
of the tree. When deciding on a certain row of observations, some of the decision
nodes do not participate in the decision-making process. If some of the nodes do not
participate in the decision-making process, even if the observation has missingness
in these nodes, it will not influence the decision-making process.
) - 19| &
Info Gain(S, J) = — Zpi log p; — Z (—] qi log qx. ) (2.5)

i=1 jet S| =

p; is the probability of an element in S belonging to class i, n is the number of
different classes in the dataset. g, represents the probabilities of class & in subset
S, and m is the number of different classes in the subset dataset S;. log represents
the logarithm, measuring the information in bits. S; is the subset of S for each
value j that attribute J can take, |S;| is the number of elements in subset S, |S] is
the total number of elements in S, The summation is across all unique values j of
attribute J.
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Methods

In this study, I propose two methods that mitigate reliance on features with missing
values when the models make a prediction. 1) The LASSOMR method gives differ-
ent penalties to the coefficients based on the degree of missingness. 2) The DTMR
method penalizes the features with missingness in the information gain calculation.
Compared with the traditional methods, the two methods have the advantage of mit-
igating reliance on features with missing values and high interpretability. Then this
chapter introduces the definition of reliance in the LASSOMR method and DTMR
method. Reliance is used to measure the extent to which a model’s predictions
depend on missing values.

3.1 LASSOMR Method

The LASSO method adds a penalty A equivalent to the absolute value of the mag-
nitude of coefficients (L1 regularization). The penalty term is modified to A; to
achieve the target of penalizing more on features having more missing values. The
missing ratio of a certain feature j determines the value of A\;. When a feature j has
a large value of the missing ratio, the penalty term ); is also larger. As a result, it
gives a large penalty to this feature to shrink its coefficient value to be small. As a
result, it contributes less to the final prediction, achieving the target of mitigating
reliance on features with missing values. Likewise, when a feature has a small value
of missing ratio, the penalty term A; is smaller. It is defined A; as Formula 3.1.

?:1 ]l[xm- = NA] + 1

A= "

| x A (3.1)

* 1 1xz;; = NA] is the number of missing values in feature j. n is the number
of observations in feature j, and A is the penalty term parameter that can be set.
The reason for Y1 | 1[z; ; = NA] + 1 plus one is that if one feature does not have
missingness, the value of > | 1[x;; = NA] equals zero. Since it needs to give a
penalty to the feature that does not have missingness, the value of Y1 1]z, ; =
NAJ] + 1 can avoid becoming zero. By using the penalty term );, the LASSOMR
method penalizes the features based on the missingness. When a feature has large
missingness, the \; increases, giving a large penalty to the feature, shrinking the
coefficient value for this feature, and decreasing the contribution to the prediction
for the feature having large missingness. The \; achieves the goal of mitigating

9
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reliance on features based on the missing ratio. This LASSOMR formula is defined
as:

o0 | ni= U=

2
' 1. d d
min § 3 (Z 0 x @i — yi) + 2.2 1651 (3.2)
=1

A= Li 1[1:5 :NA]H) X \ is the regularization parameter that controls the amount

of shrinkage applied to the coefficients. 0; is the coefficient value for feature j. x; ; is
the observation, n is the number of observations, d is the number of features. Train-
ing a model with distinct penalty terms, \;, as specified in Formula 3.2, presents
challenges. The standard LASSO implementation in the scikit-learn library applies
a uniform penalty term across all features. The scikit-learn library does not provide
methods that penalize each feature differently. To make the LASSOMR model easy
to train and implement, it can use math transformation to transform the Formula

3.2 to a LASSO-like problem.

2
12 d d
Step l:min | — ) 0; X g —yi | + > A6
o \nim U= 7=1
1 d 2 d pY A
Step2:min *Z Zejxxi,j—yi +Z)\j><7><fj><’9j’
o \nio \i= j=1 Aj A
i (3.3)
I d AN
Step 3:min —Z Zer$i,j_yi +Z)\j><*><‘ 01
o \nio \i= j=1 Aj A
1 n d )\ 2 d
Step 4: min —Z Zﬂjxfxxi,j—yi +Z)‘|ﬁj’
nais \j=1 Aj j=1

For the math transformation, in step 2, it rewrites the A; as A; x /\A X ’\7” Since the
J

% is positive, in step 3, it can be put in the absolute value with ¢;. Then replace

%Gj with §; by letting 3; = %«9]», which is the new coefficient that needs to estimate.

Since [3; = %Qj, it can replace 3; x % with 6; due to 0; = 3; x % The formula in
J J

step 4 becomes a LASSO-like problem.

Reweight the input dataset X with /\%, then use the standard LASSO package to
train the model, it can obtain the same effect in step 1 the formula that modified.
As a result, it can achieve the goal of the model penalizing more for the features
with a larger missing ratio.

3.2 The Definition Of Reliance In Linear Model

In the LASSOMR method, the reliance r is used to measure the reliance on features
with missing values. The definition of reliance differs between the LASSOMR and
the DTMR methods, due to the different structures in the linear and tree models.
However, the principle included in the definition is similar. The larger the reliance

10
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r, the more the model depends on missing values. Reliance r occurs if there exists
a feature j such that: 1) x; ; = NA (the value is missing), 2) and the coefficient ;
in a linear model is non-zero. Then use a binary indicator r(z; ;) € {0,1} to denote
reliance. For instance, consider an observation where variable i represents Age = 73,
and feature j corresponds to Age. If x; ; = NA (Age is missing) and [; is non-zero,

the binary indicator r(x;;) = 1 signifies reliance. The reliance for a feature j can
be defined as:

n
= 71121 1z, = NAJLB; # 0], (3.4)

i—
r; means the reliance in feature j, n is the number of observations in feature j, z; ; is
variable i in observation j, f; is the coefficient in feature j, 1[3; # 0] and 1[x; ; = N A]
represents an indicator function. The indicator function is a mathematical function
used primarily in probability and statistics that takes the value 1 when its argument
(the condition inside the brackets) is true, and 0 otherwise. Using formula 3.4 can
calculate the reliance for each feature. The Equation 3.5 shows the average reliance

for the LASSOMR model. .
1
r=- > ory (3.5)
)

3.3 DTMR Method

To effectively mitigate reliance on features with missing values, the DTMR method
introduces a penalization mechanism for features having missing values. The new
information gain formula is shown in Formula 3.6.

Info Gain(S,J) ==Y p;logp; — > ( 5] qx log Qk>

i=1 jeJ N k=1

~ A x (—mﬂ log (”“)) (3.6)
Ng Ng

ms,; is the number of data that remains undetermined when choosing a feature j as
the decision node implying that the data has missing values in feature j. n,; is the
number of data that arrives in the node s. The first half of the formula definition
before the penalty term —\ x (—% log (% ) is the same as Formula 2.5. This
penalization is directly proportional to the extent of a feature’s reliance on missing
values; features heavily dependent on missing values incur greater penalties. This
strategy is crucial in adjusting the selection criteria for features within Decision Tree

algorithms.

Incorporating penalties fundamentally alters the decision-making process for select-
ing features as nodes within a decision tree. By integrating a penalty system, the
method extends this criterion to also account for a feature’s dependency on missing
values. This dual consideration ensures that the construction of the decision tree
not only aims for optimal entropy reduction but also minimizes reliance on missing
values. Such an approach promotes the development of models that are both robust
and less dependent on potentially biased or inaccurate imputations, leading to more
reliable and interpretable decision-making processes.
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3. Methods

3.4 The Definition Of Reliance In Tree Model

In the DTMR method, the definition of reliance r is similar to the definition in
the LASSOMR method, the smaller the reliance r, the less the model depends on
missing values. It is defined as the dependence on features with missing values
for an observation z;;. Reliance r is calculated if there exists a feature j such
that: 1) z;,; = NA (the value is missing), 2) and feature j is used as a decision
node for observation x; ;. A binary indicator r(z; ;) € {0,1} denotes reliance. For
instance, consider an observation where variable ¢ represents Age = 73, and feature j
corresponds to Age. If ; ; = NA (Age is missing) and Age is used as decision node,
the binary indicator r(x; ;) = 1 signifies reliance. Firstly, define 6(¢, j) as follows in
Formula 3.7. 6(i, j) equals to one meaning that the observation z; ; for feature j is
missing. When it equals zero, meaning that the observation z; ; for feature j is not
missing.

5, ) = 1 if Featl.lre J is used as the decision node for x; (3.7)
0 otherwise
Then, the feature can be expressed as:
1 & o
= > Az ; = NAJ-6(i, j) (3.8)
i=1

Where n is the number of nodes in decision node j, z; ; is the observation for feature
j. 1[z;; = NA] is the indicator function. By using Formula 3.8, it can calculate
the reliance for the decision node. Then it can calculate the reliance for the whole
decision tree by using:

r= ! irj (3.9)
Cj:1

where ( is the number of decision nodes.
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4

Experiment Setup

This chapter outlines the preparatory setup required before experimentation. Firstly,
this chapter introduces how to implement the LASSOMR method and DTMR meth-
ods. Subsequently, it describes the metric employed to measure the performance.
The final section describes the real-world dataset and the missing ratio of its features.

4.1 Implementation

This thesis proposes two methods LASSOMR, and DTMR that can mitigate reliance
on features with missing values. In the data processing part, zero imputation fills
in the zero value with the NAN value. Then label encoding is used for the category
data. The third step is to use the standard scaler method in scikit-learn to preprocess
the data. In the next step, reweight the dataset with A The data preprocessing step
is finished after these steps. For the model part, use the scikit-learn lasso package to
train the model. The parameter term A was tuned, for values from 1072 to 10%, using
a 10-fold cross-validation on the training portion. Then the LASSOMR method can
get a temporal coefficient . By multiplying a parameter o it can reweight the
coefficient § to get a true parameter 6. For the classification tasks, LASSOMR uses
logistic regression with the 11 penalty term in the scikit-learn package to train the
model.

The DTMR method implements the information gain differently compared with
the Decision Tree method. The DTMR method penalizes the candidate node if the
observation for this feature in this node is missing. The information gain calculation
is defined in Formula 3.6. Then use 10-fold cross-validation to tune the parameter
max_depth, and penalty term A. The parameter max_depth means the max depth
in the decision tree which is selected in the range from 4 to 20. The A is chosen from
1072 to 10%

For the regression task, the metric that is used to measure the performance is Mean
Squared Error(MSE), R%. MSE provides a concrete measure of the model’s error
in terms of squared units of the outcome variable. This helps in understanding the
magnitude of the error directly. R? is useful for comparing the explanatory power of
different models on the same dataset. The mean squared error (MSE) is calculated
using the 'mean_ squared_error’ package, which requires both the predicted values
and the ground truth values as inputs. R? is calculated as R? = 1 — S’"ez. Sres 1S
the sum of squares of the residual errors (difference between actual and predicted
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4. Experiment Setup

values). Sy, is the total sum of squares (the difference between actual values and
the mean of actual values).

For the classification task, the metric is F1 score, Area Under the ROC Curve(AUC).
F1 Score helps to balance the trade-off between precision and recall, making it a
better measure than accuracy in cases where class imbalance exists. A higher AUC
value would indicate better model performance in distinguishing between the posi-
tive and negative classes. The F1 score is implemented for the package scikit-learn
for the function ’f1_score’. The AUC score is implemented for the package scikit-
learn for the function ’auc_score’. For small datasets, the training dataset and test
datasets are randomly split 10 times. Then train the model and measure the average
performance in test datasets. The purpose of splitting the dataset many times is to
avoid the small test dataset influencing the measurement of performance. Randomly
splitting the dataset many times can prevent random splitting from influencing the
performance in small datasets.

4.2 Dataset

To measure the effect of the model, the synthetic dataset is used to research the
change of the coefficient compared with the LASSOMR model and LASSO model.
It is also used to measure the structure of decision tree change by giving different
penalty values A between the DTMR method and the Decision Tree method. To
measure the effect of the model, 3 real-world datasets with missingness are used
to measure the performance. The life expectancy dataset is from the source World
Health Organization. Support2 dataset[20] and bone marrow transplant for children
dataset [21] are from the UC Irvine Machine Learning Repository. All three datasets
exhibit missingness. The life expectancy dataset is employed for regression tasks,
while the support2 and bone marrow transplant for children datasets are utilized
for classification tasks.

4.2.1 Synthetic Dataset

The synthetic dataset is formulated as 87X + € to assess the model’s ability to
achieve the target that is penalized more for the features having a large missing
ratio. Given that 6 is a 5 x 1 parameter vector and X is a 1000 x 5 feature matrix,
where 1000 denotes the number of observations and 5 is the number of features. €
is the noise distributed according to a Gaussian distribution. The synthetic dataset
07 X + ¢ tests the model’s ability to penalize features with a higher missingness ratio.

4.2.2 Life Expectancy Dataset

The life expectancy dataset is from the Global Health Observatory (GHO) data
repository under the World Health Organization (WHO) of all countries. The target
for this dataset is life expectancy meaning how many years that people live. It is
used as a regression task. It contains health-related features and factors around
193 countries which are related to health. The dataset considers data from 2000-
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Missing Ratio
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(a) Bar chart of the number of missing (b) The missingness ratio in life ex-
values in the life expectancy dataset pectancy dataset

Figure 4.1: Analysis of missingness in the life expectancy dataset.

2015 to show the factors that can influence the dataset in the regression task. It
can be seen that 13 features have missing values for the life expectancy dataset.
The missingness mechanism is shown in Figure 4.1. When the LASSOMR model
and DTMR model are used to mitigate reliance on features with missingness, it
aims to mitigate reliance on these 13 features with missingness. It can be seen that
the feature 'Population’, "Hepatitis’, and ’"GDP’ has the largest missingness, the
percentage of the three features is all above 10%. For the feature 'Total expenditure’,
’Alcohol’, ’Income composition of resources’, and ’Schooling’, the missingness ratio
of them is between 5% to 7%. The remaining features have missingness below the

2%.

4.2.3 Support2 Dataset

The support2 dataset comprises data from 9,105 critically ill patients across five
medical centers in the United States. It encompasses 42 features and spans two
collection periods: 1989-1991 and 1992-1994. Each entry corresponds to the records
of hospitalized patients who satisfied the inclusion and exclusion criteria for nine
disease categories: acute respiratory failure, chronic obstructive pulmonary disease,
congestive heart failure, liver disease, coma, colon cancer, lung cancer, multiple
organ system failure with malignancy, and multiple organ system failure with sepsis.
This dataset is primarily utilized for classification tasks to predict hospital mortality
rates. Understanding these rates is crucial for hospitals and medical professionals,
particularly in addressing the national concern regarding patients’ loss of autonomy
toward the end of life.

Significant missingness affects several features within the dataset. A detailed analy-

15
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sis reveals that the attributes ’adlp’, 'urine’, and ’glucose’ exhibit the highest levels
of missing data, each exceeding 49%. The features 'bun’, 'totmest’, 'alb’, ’income’,
‘adls’, 'bili’, 'pafi’, and 'ph’ show missingness rates ranging from 25% to 47%. The
attributes 'prg2m’, ’edu’, 'prgbm’, 'sfdm2’, 'totcst’, 'wblc’, 'charges’, 'avtisst’, and
‘crea’ have less than 20% missing data. Overall, the support2 dataset contains 20
features with significant missingness. The description of these features and a detailed

table of these ratios are provided in Table 4.1.

Table 4.1: Analysis of missingness in the support2 dataset

Feature | Description Missing ratio
Index of Activities of Daily Living (ADL) of the

adlp patient,filled out by the patient. Higher values 61.95
indicate more chanceof survival, measured at day 3.

urine Urine output measured at day 3. 53.40

glucose | Glucose levels measured at day 3. 49.42

bun Blood urea nitrogen levels measured at day 3. 47.80

totmest | Total micro cost. 38.17

alb Serum albumin levels measured at day 3. 37.03

income | Income of the patient. 32.75

s Indgx of Activities of Daily Living (ADL) of the 21.49
patient.

bili Bilirubin levels measured at day 3. 28.57
The ratio of arterial oxygen partial pressure

pafi (PaO2 in mmHg) to fractional inspired oxygen 25.54
(FiO2 expressed as a fraction).

ph Arterial blood pH. 25.09

prg2m | Physician’s 2-month survival estimate for patient. 18.11

edu Years of education. 17.95

prgbm | Physician’s 6-month survival estimate for patient. 17.94
Level of functional disability of the patient in a

stdm?2 1-5 scale,with 5 being the h}ifghest selx)/erity. 15.38

totest | Total ratio of costs to charges (RCC) cost. 9.75

whic Counts of white blood cells (in thousands) measured 933
at day 3.

charges | Hospital charges. 1.89
Average TISS score, days 3-25, where Therapeutic

svtisst Intervenﬁion Scor?ng Sygtem (TISS) is a method for 0.90
calculating costs in the intensive care unit (ICU)
and intermediate care unit (IMCU).

crea Serum creatinine levels measured at day 3. 0.74

4.2.4 Bone Marrow Transplant For Children Dataset

The bone marrow transplant children dataset aims to predict the success of marrow
transplants for pediatric patients. It contains 187 instances and 36 features. This
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dataset is from the UCI Machine Learning Repository[21]. It is an open dataset
resource. It describes who were subject to the unmanipulated allogeneic unrelated
donor hematopoietic stem cell transplantation. This dataset is collected to help
doctors improve the success rate of marrow transplants. It helps people understand
the factors that contribute to the success of bone marrow transplant children. The
dataset has some features with missing values. The number of missingness and ratio
are counted. The number of datasets that have missingness in this dataset is twelve.
The missingness mechanism is shown in Figure ??. The feature ’extcGvHD’ ’CMVs-
tatus’,’RecipientCMV’ has the three largest missing ratios. The feature ’extcGvHD’
has the largest ratio of missingness. It has a missing ratio of 16.5%. The feature
'CMVstatus’, and ’RecipientCMV’ has the missing ratio close to 7%. The fea-
ture ’CD3dCD34’, "CD3dkgx10d8’, 'RecipientRh’, "'DonorCMV’, 'TRbodymass’ has a
lower missing ratio compared with ’extcGvHD’,’CMVstatus’,’RecipientCMV". Their
missingness ratio is in the range between 1% and 2%. The feature 'Recipient ABO’,
’ABOmatch’, ’Antigen’, ’Allele’ has the least missing ratio. Their missing ratio is
below 1%. They have the same missing ratio which is close to 0.5%.
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Table 4.2: Analysis of missingness in the bone marrow transplant for children
dataset.

Feature Description Missing ratio

Development of extensive chronic graft

versus host disease. 61.95

extcGvHD

Serological compatibility of the donor
CMVstatus and the recipient of hematopoietic stem 53.40
cells according to cytomegalovirus.

Presence of the Rh factor on recipients

RecipientCMV red blood cells (4 - 1, ' - 0). 49.42

CD3dCD34 CD3+ cell to CD34+ cell ratio. 47.80

CD34kex10d6 CD34+ §ell dose per kg of recipient 28 17
body weight.

. Presence of the Rh factor on recipients

RecipientRh red blood cells (4 - 1, ' - 0). 37.03
resence of cytomegalovirus infection in

DonorCMV the donor of hematopoietic stem cells 32.75
prior to transplantation (present, absent).
Body mass of the recipient of hematopoietic

Rbodymass stem cells at the time of transplantation. 31.49

Recipient ABO ABO blood group of the recipient of hematopoietic 98 57

stem cells (0 - 0, 1, A, B=-1, AB=2).

Compatibility of the donor and the recipient
ABOmatch of hematopoietic stem cells according to 25.54
ABO blood group(matched - 1, mismatched - 1).

In how many antigens there is difference beetwen
the donor nad the recipient

Antigen (-1 - no differences, 0 - one difference,1 (2) - 25.09
two (three) differences).
In how many allele there is difference beetwen the

Allele donor nad therecipient {-1 no differences,0 - one 18.11

difference, 1 (2) (3) - two, (tree, four)
differences).
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Experimental Results

The experiment section presents the experimental results of LASSOMR and DTMR.
The LASSO and Decision Tree methods are used as the baseline methods. The syn-
thetic dataset is used to search for the coefficient value change for the features that
are missing in the LASSOMR and LASSO methods. It is anticipated that features
with higher levels of missingness will incur great penalties compared to those with
less missingness in the LASSOMR, method. For the DTMR method, I demonstrate
how the structure of the decision tree changes by applying different penalty terms
A. The DTMR method is inclined to select a decision node with no missing values
when a large A value is applied. With a smaller A value, the DTMR method tends
to select decision nodes characterized by significant feature importance. Then the
three real-world datasets are used to measure the performance of the LASSOMR
and DTMR models compared with the baseline models. The life expectancy dataset
shows the model can maintain a great performance while mitigating reliance on fea-
tures having missing values. The Support2 dataset and the Marrow Transplant for
Children dataset illustrate that the LASSOMR and DTMR models reduce reliance
on features with missing values compared to the traditional LASSO and Decision
Tree methods. Although performance may be somewhat compromised, these find-
ings offer valuable insights for further refinement in future research.

5.1 LASSOMR Experimental Results

For the LASSOMR method, the synthetic dataset with missing values is used to
search for the coefficient change. The methods LASSOMR penalize the features
more which have more missingness. It can be observed that when a feature has
many missing values, it will be heavily penalized. When a feature has a few missing
values, it will be penalized less. This aligns with the initial design when proposing

the LASSOMR model.

5.1.1 Coefficient Change

The synthetic dataset is created as y = 07 X +¢. Setting the coefficient 6 can control
the feature importance. Figure 5.1 sets feature 1 as the largest feature importance
with 10% missingness. In LASSO, the coefficient value of feature 1 decreases to
zero lastly since the coefficient decreases based on the feature importance without
missing value influence. However, in the LASSOMR method, the coefficient change
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5. Experimental Results

is different from the LASSO method. Since \; gives a penalty based on the missing-
ness, with the increase of )\, it can be seen that the coefficient of feature 1 decreases
to 0 first. It means that feature 1 with 10% missingness has been penalized to
the greatest extent compared with other features. FEven if feature 1 has the largest
feature importance, it will be penalized and reduced to zero first.

Lasso coefficients change with lambda Lasso coefficients change with lambda

— Feature_1
Feature_2

— — —— Feature_3
-, —— Feature_4
% —— Feature_5

10% missingness

10% missingness

—— Feature_1

Feature_2
—— Feature_3
—— Feature_4
—— Feature_5

o

Coefficients Value

rY

Coefficients Value

[N

100 107 10° 107 104
Lambda Lambda

LASSO LASSOMT

Figure 5.1: Coefficient change for a dataset having missingness in the LASSO
model and LASSOMR model. Feature 1 has the largest feature importance with
10% missingness. This figure shows the coefficient change with the increase of A
value.

Then, the synthetic dataset creates five features with the same feature importance.
It gives feature 1 10% missing ratio. Assigning a 20% missing ratio to feature 2,
a 30% missing ratio to feature 3, gradually increasing to a 50% missing ratio for
feature 5. Setting different missing rates of the feature from 10% to 50%, it aims to
explore how the coefficients change for the features having different missing ratios
as the lambda increases. In Figure 5.2, the dataset sets feature 1 10% missingness,
feature 2 20% missingness, feature 3 30% missingness, feature 4 40% missingness,
and feature 5 50% missingness.

When training the model using LASSO, the coefficient uniformly decreases to zero.
Since the features have the same feature importance, it is penalized with the same
penalty term. The LASSOMR method penalizes the feature based on the degree of
missingness. With the increase of A, it can be observed that the order of coefficient
decreases to zero based on the degree of missingness. Feature 5 has the largest
missing ratio. Therefore, it is penalized the most severely. Feature 1 has the fewest
missing values, therefore it is penalized the least. The emergence of this result aligns
with the initial thought of this method. The LASSOMR model penalizes the feature
depending on the degree of missingness.
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Lasso coefficients change with lambda Lasso coefficients change with lambda
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Figure 5.2: Coefficient change for a dataset having missingness in the LASSO
model and LASSOMR model. All the feature has the same feature importance.
From feature 1 to feature 5, the missingness ratio gradually decreases. This figure
shows the coefficient change with the increase of A value.

In the next step, set a correlation with two features. It is designed to explore how
these two features change if one of them has missing values. In Figure 5.3, feature 1
and feature 2 exhibit a positive correlation. Introduce a 10% missingness in feature
1, while feature 2 remains complete. Given the positive correlation between feature
1 and feature 2, an increase in A results in a penalization of the coefficient for fea-
ture 1, leading to a decrease in its value. As the value of the coefficient for feature
1 decreases, the coefficient in feature 2 increases at the same time. Feature 2 com-
pensates for the contribution of feature 1 to the prediction results. This observation
is important and inspiring. In real world dataset, if one feature exhibits missing
values, another feature has less missing ratio can compensate for the contribution
to the predicted values. As a result, the LASSOMR model achieves the goal of
mitigating reliance on features with missing values.

In Figure 5.4, the dataset creates a negative relationship with feature 1 and feature
2, one of which has missingness. Feature 1 has a 10% missing ratio. When the
coefficient value for feature 1 decreases with the increase of A, the absolute value
of the coefficient in feature 2 increases since it compensates for the contribution of
feature 1 to the prediction result.

It can be concluded that when two features are correlated, the presence of missing
data in one can be compensated by the other feature, thereby sustaining the integrity
of the prediction. As a result, the LASSOMR model effectively reduces reliance on
features with missing data by shifting dependency toward features that have no
missing values.
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10% missingness. Feature 2 has a positive correlation with feature 1. This figure
shows the coefficient change with the increase of lambda value.
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Figure 5.4: Coeflicient change for a dataset having missingness in the LASSO
model and LASSOMR model. Feature 1 has the largest feature importance with
10% missingness. Feature 2 has a negative correlation with feature 1. This figure
shows the coefficient change with the increase of lambda value.
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5.1.2 Real World Dataset

Three real-world datasets measure the performance and reliance between the LAS-
SOMR and DTMR models. The baseline models are LASSO and Decision Tree
methods. The life expectancy dataset is used in the regression task. Support2 and
bone marrow transplant for children datasets are used in the classification task. In
regression tasks, performance is assessed using the Mean Squared Error(MSE) and
the coefficient of determination(R?). In the classification task, the F1 score and
AUC are utilized as the performance metrics.

5.1.2.1 Life Expectancy Dataset

The first dataset is the life expectancy dataset. For the LASSOMR model, the
lambda value A is adjusted to a small A to 0, a suitable A close to 0.1, and a large
A 1400 to mitigate reliance to zero. The suitable A 0.1 is chosen since it has a
lower reliance, a higher R?, and a lower MSE value compared with the LASSO
method. A large A 1400 mitigates reliance to zero. The objective is to determine
the performance of the LASSOMR model when all features are penalized to zero
due to missingness.

Model Reliance (r) A R? MSE

LASSOMR 0.043 0 079 18.89
LASSOMR 0.037 0.1 0.79 18.89
LASSOMR 0 1400 0.50 44.63
LASSO 0.038 0.01 0.78 18.95

Table 5.1: Performance between the LASSOMR and LASSO on life expectancy
dataset. The LASSOMR model shows that with the increasing A value, the reliance
gradually decreases. By using cross-validation, choose the optimal A for LASSO and
use it to compare with the LASSOMR model.

According to Table 5.1, it can be seen that with the increase of A\, the reliance can
decrease to zero gradually, meaning that the LASSOMR model mitigates reliance
on features having missingness. When setting the A to 0.1, LASSOMR has a less
reliance value compared with the LASSO method, meaning that the model relies
less on features with missing values. Comparing the performance with LASSO, it
has a low MSE and a large R? meaning that it has a comparable or even better
performance. Then, after increasing the A\ to be a large value 1400, the reliance
decreases to zero, the performance comprises that the MSE decreases to 44.63 and
the R? becomes 0.5. For the life expectancy dataset, it is found that with the
increasing of A, the reliance on the LASSOMR model gradually decreases to zero.
The LASSOMR has the function of mitigating reliance on features with missing
values. Compared with the LASSO model, LASSOMR has a lower reliance. For
the performance part, the LASSOMR model has a higher R? and lower MSE value
meaning that the LASSOMR model has a comparable or even better performance.
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Then the next step is to explore with the increase of A\, what is the coefficient value
change in the life expectancy dataset. It can be seen that by increasing the value of
A, the value of the coefficient can be penalized based on the feature’s missing ratio.
In Figure 5.5, when setting the A to be a really small value of 0.01, it is found that
no features have been penalized to zero. When A is set to a low value, features with
missing ratios face minimal penalization.

Feature Importance from LASSOMR Regression

Schooling m+0.80483
Income composition of resources - W+1.02456
thinness 5-9 years +0.04374
thinness 1-19 years -0.6606R
Population - -0.00642
GDP 4 W+0.86253
HIV/AIDS A -2.5835E
Diphtheria m+0.68178
Total expenditure 4 +0.01946
Polio W+0.73886
under-five deaths - -15.1 85
BMI + m+1.21005
Measles - -0.2259D
Hepatitis B q 1+0.26574
percentage expenditure o -0.08272
Alcohal A B+0.67599
infant deaths - I +15.0106p
Adult Mortality 4 -2.6297HEE
Status -1.0339m
Country 1+0.42200
T T T T T T
-30 =20 -10 0 10 20

Contributions

Figure 5.5: The coefficient value for each feature in the life expectancy dataset
when setting the A to 0.01.

In Figure 4.1, it is observed that the three features with the most missing ratios are
"Population’, "Hepatitis B’, and 'GDP’. Then increase the value of A to 0.1 to see the
coefficient change for these three features. In Figure 5.6, it can be found that with
the X\ value increasing to 0.1, the coefficient value of feature "Population’ having the
largest missingness has been reduced to zero. This fulfills the initial design target of
the LASSOMR model, when increasing the value of A, it penalizes most severely for
the feature having the largest missingness and squeezes the value of its coefficient
to zero.

Then increasing the A to 0.99 in Figure 5.7, compared with Figure 5.6, it penalizes
the value of the coefficient that has a missing ratio for features "Population’, "Hep-
atitis B’ to zero. When increasing the penalty term A, it will penalize the features
more severely. In this case, the feature that has the largest missingness will be
penalized to zero.
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Feature Importance from LASSOMR Regression

Schooling W+0.80316
Income composition of resources W+1.02753
thinness 5-9 years +0.02729
thinness 1-19 years -0.64630
GDP 4 m+0.78247
HIV/AIDS A -2.5811 0
Diphtheria - W+0.69405
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Figure 5.6: The coefficient value for each feature in the life expectancy dataset
when setting the A to 0.1. It aims to show the change of the coefficient value when

increasing the \.
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Figure 5.7: The coefficient value for each feature in the life expectancy dataset

when setting the A to 0.99.

When it increases the A value to a large value of 1400 in Figure 5.8, the features
having missingness will be penalized to zero. Only features without missingness

remain.
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Figure 5.8: The coefficient value for each feature in the life expectancy dataset
when setting the A to 1400.

5.1.2.2 Support2 Dataset

The second dataset is from the UC Irvine Machine Learning Repository. Initially,
train the dataset using the standard LASSO model. It uses cross-validation to pick
the optimal value of . It picks the optimal value of A 0.11 for the LASSO method.
The reliance is calculated as 0.12. The AUC value is 0.78, and the F1 score is 0.72.
By employing the LASSOMR method and adjusting the A parameter to 100, re-
liance is significantly reduced to a minimal value. Even though the AUC value has
a trade-off of 0.69, the F1 score remains consistent with that of the LASSO model.
In this case, it is found that the DTMR method can mitigate reliance on features
with missing values. The method’s performance is relatively weak when compared
to the results obtained from the life expectancy dataset. By analyzing the factors,
the reason is that when a feature has a large feature importance and missingness,
the method penalizes this feature severely. It decreases the contribution to the pre-
diction which can lower the metric of AUC and F1 score. This phenomenon guides
future work to better trade-off between the reliance and performance. In future
research, the LASSOMR method could be enhanced by incorporating a standard
penalty term A. This modification would squeeze the penalty value gap between the
features having missingness and the features that are complete. It allows for a more
effective balance between reducing dependence on features with missing values and
performance.

Then, after increasing the A to be a large value 1400, the reliance decreases to
zero, the performance comprises that the AUC decreases to 0.68 and the F1 score
becomes 0.5. When all the features having missing values do not contribute to the
final prediction, the performance will be influenced.
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Model Reliance (r) A AUC Fi1

LASSOMR 0.12 0 0.69 0.73
LASSOMR 0.00047 100 0.69 0.73
LASSOMR 0 10000  0.68 0.5
LASSO 0.11 012  0.78 0.72

Table 5.2: Performance between the LASSOMR and LASSO on support2 dataset.
The LASSOMR model shows that with the increasing A value, the reliance on the

features having missing values gradually decreases. By using cross-validation, choose
the optimal A for LASSO and use it to compare with the LASSOMR model.

Then, using a figure of coefficient value to search with the increasing of A, the change
of coefficient value for the features having missingness. For missingness analysis in
Table 4.1, it is found that the features’adlp’,” urine’; and 'glucose’ have the largest
missingness beyond 49%. The description of features can be known for Table 4.1.
For the feature ’bun’,’totmecst’ ’alb’,’income’,’adls’, "bili’; "'pafi’ 'ph’ the missingness
ratio is between 25% to 47%. When setting the A\ value to be 101, for the Figure
5.9, it is found that it has penalized the largest missingness feature ’adlp’ to zero.
The coefficient value equal to zero will not be shown in this figure. Then continuing
to increase the value of A, it aims to search whether the model can mitigate reliance
on features urine’, 'glucose’ to zero.

Feature Importance from LASSOMR Regression
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Figure 5.9: The coefficient value for each feature in the support2 dataset when
setting the A\ to 101.

When increasing the A value to 625, it can be observed that the features 'adlp’,
‘urine’, and ’glucose’ have a large missing ratio, all of them have been penalized
to zero. For the features totmecst’, ’alb’,” income’’adls’, ’bili’, 'pafi’, and ’ph’,

27



5. Experimental Results

Feature Importance from LASSOMR Regression
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Figure 5.10: The coefficient value for each feature in support2 dataset when setting
the A to 625.

the reliance value is between 25% to 47%. Their values of the coefficient are also
penalized as zero. Then continuing to increase the value of )\, it is found that it
penalized all the coefficients for features having missingness to zero in Figure 5.11.
In the support2 dataset, with the increasing of A\, the coefficient value with features
having missing values has been penalized to zero gradually. When increasing the
value of A to be a large value, the LASSOMR model can penalize the coefficient
value to zero for all the features having missingness.

5.1.2.3 Bone Marrow Transplant For Children Dataset

The third dataset is from the UC Irvine Machine Learning Repository which is the
bone marrow transplant for children dataset. Initially, train the dataset using the
standard LASSO model. Using cross-validation, it picks the optimal lambda value
to 1.69. It gets the reliance to 0.008, the AUC value is 0.81, and the F1 score is
0.81. By using the LASSOMR method, when changing the A to 100, it mitigates
reliance to a really small value of 0.004. The AUC value has a trade-off of 0.69, the
F1 score is reduced to 0.73. The dataset may exhibit relatively weak performance
compared with the LASSO method because the number of observable instances is
limited. Since it only has 137 instances for all datasets, a small number of instances
may influence performance.
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Figure 5.11: The coefficient value for each feature in support2 dataset when setting
the A to mitigate reliance to 0. For all the features having missing values, their
coefficient value has been penalized to zero.

Model Reliance (r) A AUC F1

LASSOMR 0.01 0 0.65 0.64
LASSOMR 0.004 100 0.69 0.73
LASSOMR 0 10000  0.68 0.5
LASSO 0.008 1.69 0.81 0.81

Table 5.3: Performance between the LASSOMR and LASSO on bone marrow
transplant for children dataset. The LASSOMR model shows that with the increas-
ing A\ value, the reliance gradually decreases. By using cross-validation, choose the
optimal A for LASSO and use it to compare with the LASSOMR model.

Then continuing to search by increasing the value of A\, the change of the coefficient
for each feature in bone marrow transplant for children dataset. When setting the
value of A to be 1, for Figure 5.12, it is found that when setting a A to be a small
value, most coefficients have not been penalized to zero. For Table 4.2, it can
be found that ’extcGvHD’ CMVstatus’,’RecipientCMV’ have the largest feature
importance. Their missingness ratio is between 7% to 16%. Then increase the A to
see the coefficient change of each feature.
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Figure 5.12: The coefficient value for each feature in bone marrow transplant for
children dataset when setting the A to 1.01.

When increasing the value of A to 5, it can be observed that the feature 'CM Vstatus’
having the large feature missingness has been penalized to zero. In the bone marrow
transplant for children dataset, it penalizes the feature 'CMVstatus’ having the
largest missing ratio to zero. The LASSOMR model penalizes more for the feature
having more missing ratio.
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Figure 5.13: The coefficient value for each feature in bone marrow transplant for
children dataset when setting the A\ to 5.
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5.2 DTMR Experimental Results

For the DTMR method, the synthetic dataset with missing values is used to figure
out the tree change between the Decision Tree and the DTMR method. It is ex-
pected to be seen that the DTMR method can trade off between reliance and feature
importance when building the decision tree. Consistent with the expectation, when
setting the penalty term to be a large value, considering a decision node is mainly
based on the missingness. When setting the penalty term to a middle value, it has a
trade-off between the feature importance and missingness. When setting the penalty
term to be a really small value, it almost only considers the feature importance as
the decision node.

5.2.1 Decision Tree Change

The synthetic dataset is used to explore the change of A leading to the change of
the decision tree. It creates dataset as Probabilities = sigmoid(bx + €), Target =
(probabilities >= 0.5).astype(int). Assigning the highest feature importance to
feature 1, the second highest to feature 2, and so forth, with feature 5 having the
least feature importance. Set feature 1 10% percent missing ratio.

In Figure 5.14, it can be observed setting the value of X to a different value has an
impact on decision trees. First, setting the A to be a large value equal to 1 penalizes
severely for a feature having missingness. Observing the Figure 5.14 in part (a),
the Decision Tree method has the root node 'Feature 1 < 0.01". It illustrates that
feature 1 has the strongest ability to assign the dataset to a specific class. Using
the DTMR method to train on the dataset, it can be found that feature 1 with the
largest feature importance will not be chosen as the decision node. The reason is
that when calculating the information gain using Formula 3.6, feature 1 has been
penalized severely to reduce the information gain. In this case, when setting the
A to be a large value, the most important factor in choosing a candidate node is
whether the features have missingness.

When set A to a middle value of 0.1, feature 1 is in the second layer using the DTMR
method. In this case, setting the value of A to 0.1 has a trade-off between the feature
importance and reliance on features with a missing value. When setting A to be a
really small value of 0.01 in part ¢, DTMR has built a tree the same as the Decision
Tree model. It means that when using Formula 3.6 to calculate information gain,
the penalty value in the decision tree is really small, it will not influence the value of
information gain. In this case, the DTMR method and the Decision Tree will build
the same decision tree. This example illustrates that by setting the different values
of the A, DTMR builds the different decision trees. When constructing decision
trees, setting A value to be a large value, the DTMR method tends to favor decision
nodes with no missingness. When setting the A value to be a small value, the
DTMR method prefers to choose the feature having the maximum ability to reduce
the entropy, the largest feature importance. Controlling the value of the penalty
term has a trade-off between the feature importance and reliance on features with
missing value.

31



5. Experimental Results

Decision Tree Decision Tree MT
Feature_1 <=-0.01 Feature_2 <= 040
Feature_3<=0.31  Feature_2<=-0.20 Feature_3 <= 008 Fealuve 3<=038

es \No
Feﬂuu 5<=043 Faatura 3<=-021 Feaiure 2<=126

A settobe 1

(a) Build the decision tree using the Decision Tree
and DTMR method. For DTMR method, setting
the A value to be 1.

Decision Tree Decision Tree MT
Feature_1<=-0.01 Feature_2 <= 040
Featuie 3<=031  Feature_2<=-0.20 Featura_1<=0.11  Feature_1<=08

.ﬂ. .ﬂ. i

A settobe 0.1

(b) Build the decision tree using the Decision Tree
and DTMR method. For the DTMR method, set-
ting the A value to be 0.1.

Decision Tree Decision Tree MT
Feature_1 <=-0.01 Feature_1 <=-0.01
AN AN

Feature_3 <=0.31 Feature_2 <=-0.20 Feature_3 <= 0.31 Feature_2<=-0.20

‘(Faamre 5<=043 & Feature_3<=-021 ‘(Faeﬂue 5<=043 & Feature 3 <=-0.21
i;es iNo i: i i:es iNo ii io
Asettobe 0.01

24

(c) Build the decision tree using the Decision Tree
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32 ting the A value to be 0.01.

Figure 5.14: Setting the A\ value to be 1, 0.1, and 0.01, draw 3 different decision
trees in DTMR compared with Decision Tree.
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5.2.2 Real World Dataset

Three real-world datasets are employed to evaluate the performance and compare
the reliance of the DTMR model with the baseline models. The life expectancy
dataset is utilized to evaluate regression tasks, while the support2 and bone marrow
transplant for children datasets are employed for classification tasks. MSE and R?
are used to measure the performance in regression tasks. AUC score and F'1 score
are used to measure the performance in classification tasks. Reliance is a metric
that can be compared with the reliance on features with missing values.

5.2.2.1 Life Expectancy Dataset

DTMR and Decision Tree(DT) models are used to train the model for the regression
task. When the A = 0, according to Formula 3.6, the penalty term is zero indicating
that node selection is based on the maximum reduction of the entropy, consistent
with the traditional Decision Tree model. Cross-validation is implemented for the
hyperparameter, selecting a maximum depth of 7. As shown in Table 5.4, when the
A = 0, the model exhibits the reliance to 0.013. The MSE value is 7.83 and R? is
0.913

Increasing the A to 0.1 has a lower reliance compared with the DT method. Also, it
has a lower MSE and higher R? value. The DTMR method, when compared with
the DT approach, demonstrates superior performance: it achieves a lower MSE and
a higher R? value, showing a better performance.

Furthermore, setting the A to a higher value further reduces reliance, minimizing
it significantly to 0.0039, while maintaining an MSE of 7.94 and an R? of 0.91.
It demonstrates that the DTMR method mitigates reliance on a small value while
sustaining excellent performance.

Model Reliance (r) A MSE R?

DT 0.013 0.0 783 0.913
DTMR 0.010 0.1 7.69 00915
DTMR 0.0039 1.9 794 0911

Table 5.4: The performance between the DTMR and DT in life expectancy dataset.
Setting A value to be 0.1 to get a lower reliance than DT method, and have a higher
R?. Setting the A value to be 1.9 to reduce the reliance to a really small value and
get an MSE value not so large and R? not so low.

5.2.2.2 Support2 Dataset

The support2 dataset is used for classification tasks. Use cross-validation to tune
the parameter for max depth in the Decision Tree model. The maximum depth is 7.
The reliance is 0.086, and the AUC and F1 scores will be 0.69 and 0.75. Then when
the DTMR increases the A to 0.1, it can mitigate reliance to 0.018. Observing the
value of the AUC and F1 score, it can maintain a comparable performance compared
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with DT. Then when changing the A to 1.7, the reliance becomes a really small value
close to zero, and the AUC and F1 Score can still have a great performance. when
setting the A to be a really large value, it can mitigate reliance on features and
reduce the reliance to a really small value.

Model Reliance (r) A AUC F1 Score

DT 0.086 0 0.69 0.75
DTMR 0.018 0.1 0.69 0.74
DTMR 0.0035 1.7 0.69 0.74

Table 5.5: The performance between the DTMR and DT in the support 2 dataset.
Setting A value to be 0.1 to get the same AUC value as the DT method, and have a
comparable F1 score. Setting the A value to be 1.7 to reduce the reliance to a really
small value and get the same AUC value R? not so low.

5.2.2.3 Bone Marrow Transplant For Children Dataset

The third dataset is the marrow transplant for children dataset. By using the
decision tree method, the reliance is 0.039. The AUC and F1 scores are 0.75 and
0.76. When changing the A to 0.3, it mitigates reliance to 0.021, and the AUC
score is 0.73 and 0.74. It decreases reliance to a lower value compared with the
Decision Tree method even though the AUC and F1 score is lower compared with
the Decision Tree method. The F1 score and AUC value are still close to the DT
method. Then when continuing to increase the A to 0.6, the reliance becomes 0.
The F1 score and AUC values are 0.61 and 0.60. In this case, the DTMR model
chooses all of the decision nodes having no missing values. To better improve the
performance, it is inspired to combine penalty thought with the Random Forest in
future work. Since the Random Forest algorithm creates more decision trees. Some
of the trees focus on performance while others mitigate reliance on features with
missing values. By integrating all of the results together, it is anticipated to be a
better trade-off between reliance and performance.

Model Reliance (r) A AUC F1 Score

DT 0.039 0.0 0.75 0.76
DTMR 0.021 0.3 0.73 0.74
DTMR 0 0.6 0.60 0.61

Table 5.6: The performance between the DTMR and DT in the bone marrow
transplant children dataset. Setting A value to be 0.3 to get the AUC value close
to DT method, and have an F1 score close to DT. Setting the A value to be 0.6 to
reduce the reliance to 0.
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This part searches for with the increasing A value, what is the change of the decision
tree in bone marrow transplant for children dataset. Figure 5.15 shows that when
using the decision tree to train the model, the feature ’extcGvHd’ is the root node
because it has the largest feature importance. Even if it has missingness, it does not
get penalized. The reliance for this node is 0.054. When increasing the A to a large
value of 0.3, since the feature ’extcGvHd’ has a really large value of missing ratio,
even if it still has the large feature importance, it will not be chosen as the decision
node in the first layer. It holds the position of the third layer, and the reliance of
this node is reduced to 0.033. From this change, it can be seen that the penalty
term mitigates reliance on features with missingness. Then increasing the A to be
a large value to 0.6, and the reliance on this feature goes down to 0. Since it has
a really harsh penalty for the feature having missingness. DTMR model builds the
tree choosing the features having no missingness. This change in the decision tree
process clearly illustrates the increasing A\ value leads to the change of the decision
tree.
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Figure 5.15: Build three different trees in bone marrow transplant children dataset.
The method that is used is the DT method, the DTMR method sets A to be 0.3,
and the DTMR method sets the A to be 0.6.
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Discussion

6.1 Experimental Results

This thesis aims to solve the limitation of previous methods that have dealt with
datasets having missing values. Previous methods have limitations: they either lack
interpretability or rely on features with missing values. By modifying the LASSO
and Decision Tree methods, I create the LASSOMR method and the DTMR method
to overcome these limitations. The methods that I modified rely less on features
with missing values and have high interpretability. The synthetic dataset demon-
strates that the LASSOMR method imposes more severe penalties on features as
their missingness increases. The experiment results display that with the increas-
ing of penalty term A, the coefficient value for the features having more missing-
ness decreases to zero earlier compared with the features having less missingness.
The features with more missingness contribute less to the prediction. Therefore,
the LASSOMR model mitigates reliance on features with missing values. For the
DTMR method, the synthetic dataset shows that when giving a large penalty A,
it prioritizes that the decision nodes have no missing values. When giving a small
penalty A, the DTMR selects decision nodes by considering the feature importance
first. By setting different values of A\, the DTMR model can trade-off between the
performance and reliance on features having missing values. The real-world dataset
is used to measure the performance between the LASSOMR, DTMR method, and
LASSO, Decision Tree method. The life expectancy dataset shows that the LAS-
SOMR method and DTMR method can mitigate reliance on the missing features
and maintain better performance than baseline models. Support2 and bone mar-
row transplant for children dataset shows that the LASSOMR method and DTMR
method can mitigate reliance compared with the LASSO and Decision Tree method.
Even if its performance trades off, this experience guides future work that can bet-
ter improve the performance. Observing the coefficient value of real-world datasets
shows that the LASSOMR model penalizes the features more by decreasing the
value of the coefficient. It aims to reduce the contribution of the features that have
large missingness. The DTMR model shows that when using the DTMR model in
real-world datasets, the features with missing values are often not selected or are
located at a position where fewer datasets would arrive. As a result, the decision
tree built by the DTMR model makes decisions relying less on features with miss-
ing values. In summary, the LASSOMR model and DTMR model have an effect
that mitigates reliance on features having missing values with high interpretability

37



6. Discussion

whether in synthetic datasets or real-world datasets.

6.2 Limitation

In this study, one limitation is that the LASSOMR method penalizes the feature with
severe missingness. In Formula 3.2, the LASSOMR method penalizes the feature
with missingness based on the value of the coefficient. According to the value of A; in
Formula 3.1 if one feature does not have missingness, the value of penalty term is %)\,
a really small value. When one feature exhibits substantial missingness, the penalty
term correspondingly increases in value. The limitation of this is that if one feature
has a really large missing ratio, even if it also has a large feature importance to the
prediction, it will be penalized severely. It reduces the contribution of the result.
The LASSOMR method may penalize this feature severely, which can influence the
performance of this model.

The second limitation is the reliance definition in Formula 3.4. It means that only
the coefficient value for the features having missingness equals zero, meaning that
it does not have reliance on this feature. However, when the coefficient value has
been penalized for squeezing to a small value but not equal to zero, in this case, it
contributes less to the prediction of the result. The model mitigates reliance on this
feature having missing values. However, the definition of reliance does not reflect
this result directly.

6.3 Future Work

This research has demonstrated the potential of using machine learning algorithms to
mitigate reliance on the features with missingness using interpretable model. Several
directions for future work could further enhance the effectiveness and applicability
of my findings.

Future studies should trade-off between the reliance and performance in the LAS-
SOMR method, meaning that it can mitigate reliance and at the same time have
a comparable or even better performance with the baseline models. In the LAS-
SOMR method, I only modify the penalty term to A; mitigating reliance on features
having missing value. In future studies, it can add another penalty term A with
the missingness penalty term );. By adding another penalty term A, it penalizes
A+ to all the features. For the feature that does not have missingness, it gives the
penalty term A. In this way, it penalizes more to the feature having more missing-
ness. However, the penalty term value gap will decrease between the feature having
missingness and the feature having no missingness aiming for a trade-off between
reliance and performance.

Future work should also consider how to modify the definition of reliance in the
linear model. In this thesis, only the value of the coefficient equal to zero will be
considered to have no reliance on the feature having a missing value. However, when
the value of the coefficient decreases, even if the contribution to the prediction of
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this feature becomes less, it will not reflect the value of reliance changes. In future
research, the concept of reliance can be modified to better reflect the contribution
of variables having missing values.

In future work research, it can be considered to modify the Random Forest algorithm
by adding the penalty term into it. Random forest algorithms build many decision
trees. To mitigate reliance on the Random Forest algorithm, it can be improved by
building many decision trees by giving different penalty terms. Then the trees will
have a preference to select a node with large feature importance or choose a node
that has no missingness. Then combine the results from different trees to get the
final result. Since the Random Forest algorithm can build more trees, it is expected
to have a better trade-off between reliance and performance.
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Conclusion

This thesis proposes two methods that can mitigate reliance on features with miss-
ingness when making a prediction. The LASSOMR method and DTMR method
penalize the features based on their missingness. When running two models in a
synthetic dataset and real world datasets, it is shown that the coefficient changes
fulfilling the expectation that features with more missing ratio are penalized more
compared with the features having less missingness. As a result, the LASSOMR
model and DTMR model mitigate reliance on features with missing values.

Three real world datasets are reformulated to determine whether two models can
mitigate reliance on features with missing values and have a comparable perfor-
mance compared with the baseline models. The result of the life expectancy dataset
shows that the LASSOMR model can not only mitigate reliance on features having
missing values but also have a comparable performance with the LASSO model.
The support2 dataset and bone marrow transplant for children dataset also show
that with the increasing A\ value, the LASSOMR model mitigates reliance gradually
to zero. It also paves the way for future research to integrate a standard penalty
term A, alongside the existing penalty term J;, into the model. From the theoretical
aspect, combining a normal penalty term A with a missingness penalty term \; can
give the model a better trade-off between performance and reliance.

In the DTMR model, a penalty term is incorporated during the calculation of infor-
mation gain to account for features that depend on missingness. When selecting a
feature as a decision node, the model not only considers the feature importance but
also its reliance on missingness. The life expectancy dataset and support2 dataset
show that the DTMR model has a lower reliance and a great performance compared
with the Decision Tree method. For the marrow transplant for children dataset,
the size of the dataset for observation is small, so the performance is not that com-
parable with the Decision Tree method. It guides future work that the thought
that penalizes the feature with missingness can be extended to the Random Forest
method. Random Forest can build more decision trees. Some of the trees have a
better performance, and some of the trees mitigate reliance on features with missing
values. It combines the results from different trees to get the final result. There is
expected to be a better trade-off between reliance and performance.
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