DOI:10.26717/BJSTR.2017.01.000431
Danielle Baghernejad. Biomed ] Sci & Tech Res

\* BIOMEDICAL

%ﬁ Journal of Scientific & Technical Research

ISSN: 2574-1241

Research Article Open Access

Class Based Variable Importance for Medical Decision Making

Danielle Baghernejad*
Intermedix, Nashville, USA
Received: September 16, 2017; Published: October 12,2017

*Corresponding author: Danielle Baghernejad, Intermedix, Nashville TN 37219, Tennessee, USA

Abstract

In this paper we explore variable importance within tree-based modeling, discussing its strengths and weaknesses with regard to medical
inference and action ability. While variable importance is useful in understanding how strongly a variable influences a tree, it does not convey
how variables relate to different classes of the target variable. Given that in the medical setting, both prediction and inference are important for
successful machine learning, a new measure capturing variable importance with regards to classes is essential. A measure calculated from the
paths of training instances through the tree is defined, and initial performance on benchmark datasets is explored.
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Introduction

Tree based methods are common for use with medical datasets,
the goal being to create a predictive model of one variable based
on several input variables. The basic algorithm consists of a single
tree, whereby the input starts at the root node and follows a path
down the tree, choosing a path based on a splitting decision at each
interior node [1]. The prediction is made by whatever leaf node the
path ends in, either the majority or average of the node, depending
on whether the problem is classification or regression respectively.
Several implementations exist, such as ID3 [1,2], C4.5 [1,3] and
CART (Classification and Regression Trees) [2], with CART being the
implementation in Python’s scikit-learn machine learning library
used in this analysis. More sophisticated algorithms build on the
simple tree by making an ensemble of thousands trees, pooling the
predictions together for a single final prediction. Prominent among
these are Random Forests [3], Extra Trees [4-9], and Gradient
Boosted Trees [6].

Tree based modeling in itself is popular given that it is easy to
use, can easily support multi class prediction, and is better equipped
to deal with small n and large p problems, where the number of
observations are much smaller than the number of variables.
The small n, large p issue is especially relevant in certain medical
domains, such as genetic data [5], where hundreds or thousands
of measurements can be taken on a handful of patients in a single
study. Traditional modeling in this instance, while possible, will
likely find a multiplicity of models with comparable error estimates

[4].

One major drawback for tree based learning is the lack of
interpretability in model behavior. Machine learning can be used

for two purposes: prediction and inference. Trees are excellent
for prediction; for inference, however, they fall short. Building a
single tree, we can examine the set of branching rules to gather
insight, but typically a single tree is a poor predictor. Prediction can
be improved by aggregating over hundreds of trees, but by doing
so, the ability to infer disappears. Regression models, while more
rigid in predictive power given that only a single model is made,
are straightforward for inference, and thus are easy to convey to
decision makers. The co-efficient from a model can be explained as
the strength of the effect for the given variable on the target variable:
a positive coefficient represents a positive effect, and a negative
coefficient represents a negative effect. When trying to determine
a course of treatment designed to change an outcome, such as for
treating a patient given a poor prognosis from a model, inference
can be argued to be just as important for the medical practitioner.
In this context, a model should not only be able to detect a disease,
but it should also provide insight as to why it detected the disease
in order to treat it.

This issue of inference has been overlooked in the quest to
find more accurate prediction. The main measure used, variable
importance, provides some insight into how variables affect the
overall model, but it does not provide insight as to how variables
interact with the target. Some work using variable importance
moves in this direction, such as for understanding the effects of
correlated input variables [10-15], adjusting with imbalanced class
sizes [10], measuring variable interactions [11], and as a variable
selection mechanism [1] [8], but they still do not fully answer the
question of how the features affect a given outcome. In classification
problems, this question is essential for improving the usability of

(Cite this article: Danielle B. Class Based Variable Importance for Medical Decision Making. Biomed ] Sci & Tech Res 1(5)-2017. BJSTR.

MS.ID.000431. DOI:10.26717/BJSTR.2017.01.000431

) 1328



http://biomedres.us/
http://dx.doi.org/10.26717/BJSTR.2017.01.000431
http://dx.doi.org/10.26717/BJSTR.2017.01.000431

Danielle Baghernejad. Biomed ] Sci & Tech Res

Volume 1- Issue 5:2017

trees in the medical setting. What we desire is a new measure that
conveys how the variable is important with regard to the target
variable. In this paper, we raise this question for consideration and
offer an initial approach for bridging the gap between prediction
and inference. The paper is structured as follows: First, we outline
the general approach for building a decision tree. Next, we explore
the standard ways of interpreting a tree, both for a single tree and for
an ensemble model. We then define a new measure, Class Variable
Importance, to capture the strength of the effect of a variable with
regard to different classes. Next, we explore the calculation of this
new measure on several benchmark datasets. The final section
concludes and proposes further areas for research.

Generating a Decision Tree

The general algorithm for building a decision tree consists of a
binary splitting scheme, recursively breaking the observations into
smaller groups until the groups are sufficiently homogeneous. For
a classification problem, a split should only be made if it improves
the separation of classes. The Gini index is commonly employed to
measure the amount of separation, being defined by K.

1)

K
G= Z[;mk(l - ﬁmk)
k=1

where "pmk represents the proportion of training observations
in the mth node that come from the kth class.

From inspection, we can see that the Gini index takes on a small
value if all of the class proportions are close to zero or one. This
can be viewed as a measure of node purity, where a small value
indicates that the node predominantly contains observations for a
single class.

A popular alternative to the Gini index is cross-entropy, defined
by

K
D= - E ﬁmktog(ﬁmk) (2)
k=1

Cross entropy will also take on a value near zero if all of the
class proportions are near zero or near one, so it is similar to the

Gini index in its interpretation. To build a tree, the algorithm starts
with the entire population, which serves as the root node, and
then examines a set of variables. The Gini index of the root node
is calculated. Subsequently, for each variable being considered, the
Gini index of the resulting children nodes is calculated. The variable
creating the lowest Gini index is chosen, and the process continues
recursively on the children until no improvement can be made.
For prediction, an observation starts at the root node and then
follows a path down the tree. When it reaches a leaf node, the tree’s
prediction is whichever class has the highest proportion.

3

P = Ill;ilx(ﬁm;\-)

For ensemble models, many trees are generated in this manner,
and the final prediction is an aggregation of predictions from all the
individual decision trees.

Interpreting a Tree

Once a model is made, the question arises on how to interpret
the output. For a single decision tree, the actual splitting decisions
on variables can be examined to understand relationships.
Consider the tree in (Figure 1), built off of the Hepatitis data set.
Further description of the data set is discussed in Section 7.1. To
understand how a variable improves accuracy, the splits and paths
can be explored. For this tree, the variable bilirubin is used to split
on two interior nodes, whereas ascites, alk phosphate, sgot and
albumin are only used on one interior node. Bilirubin seems to
be more important since it was selected by the algorithm twice.
Also, the relative location of the variables in the tree can provide
a different insight. In general, the higher up in the tree the node
is, the bigger the gain in accuracy by splitting. Thus, bilirubin
may make a relatively bigger difference on a larger proportion of
patients than, for example, sgot, (Figure 1). Lastly, relationships
between variables and outcomes can be inferred by examining the
final interior nodes. For the bottom leftmost interior node, the split
is defined as class 1 (die) if sgot is less than or equal to 86, and
class 2 (live) otherwise. However, this interpretation becomes more
difficult when examining nodes on higher levels.

e A
BILIRUBIN <= ].35
gini =0.3219
samples = 124
value = [25, 99]
Tnl;‘/ wlsc
ASCITES <= 1.5 ALK _PHOSPHATE <= 167.5
gini = 0.1464 gini = 0.5
samples = §8 samples = 36
value = [7. 81] value = [18, 18]
SGOT == 86.0 BILIRUBIN <= 0,53 ALBUMIN ==37 oinl= 0.0
ging = 0.4444 gini = 0.096] gini = 0.4709 i i
- o samples
samples = 9 samples = 79 samples = 29 value = [0, 7]
value =3, 6] value = [4, 75) value = [18, 11] i e
/ l / \ l \ prediction = 2
g = 048 mni = 0.0 mni = 04898 gini = 0.0274 gini = 0.32 i = 0.3457
samples =5 samples = 4 samples =7 samples =72 samples = 20 samples =9
value = [3, 2] value = [0, 4] value = [3, 4] value = [1. 71] value = [16. 4] value = [2, 7]
prediction = 1 prediction = 2 prediction = 2 prediction = 2 prediction = 1 prediction =2
Figure 1: Decision Tree on Hepatitis Data Set.
J
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Understanding a single decision tree is manageable, but as
the number of trees increase, this visual understanding quickly
becomes intractable. This is currently overcome by generating a
measure of average effect over all the trees. Variable importance is
defined as the total amount that the Gini index is decreased when
it is split over a given variable and averaged over the number of
trees [7]. The larger the number, the bigger the effect. A graphical
representation of variable importance is presented in (Figure 2).

We can infer from the graph that albumin makes the biggest average
improvement in node accuracy when splitting, whereas antiviral
make hardly any gains when used as splitting variables. Variable
importance is valuable to see how well the variable is influencing
the structure of the tree, but it does fall short when trying to
understand how the variable is important to a given outcome. In
this regard, regression models are still superior.
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Figure 2: Random Forest Variable Importance on Hepatitis Data Set.
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Class Variable Importance

Variable importance as it is defined gives a measure of how well
the model is differentiating between classes, but it suffers from two
key weaknesses. The first is that it does not measure how a variable
influences the target variable; instead, it simply tells us that there
is some effect in shaping the tree (Figure 2). The second is that it
tends to favor variables that make the biggest overall impact on the
model. Since the Gini index is a main component of the calculation,
the higher the variable importance is, the more likely the variable
is to appear at the top of the tree. This bias in variable importance
is known and has been explored in previous studies [14-16] with
new ways of reducing the bias presented. Still, there has been little
discussion of new measures in the literature.

What we desire is a measure that tells us not that the variable
is important, but that it is important for detecting a specific class.
For a given class C of a target variable, let c represent the number of
training examples in the class. Define the importance of a variable V
with respect to the class c over a model with k trees as

c !-_l.-
1.(V) (l sz 1y (nodey) (4)

i=1 j=1

Where li,k represents the length of the path for example iover
tree k, and 1V(nodej) being defined as 1 if the variable for node;j
equals V and 0 otherwise.
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Using Class Variable Importance (CVI), we can begin to
understand the variable importance with respect to every class.
For example, using the standard variable importance (Figure 2),
we can only infer that albumin and bilirubin have a high chance
of being at the top of the tree, given their large values. Examining
a tree from model (Figure 1), that insight holds true. What would
be more useful to know from an action ability standpoint is what
variables went into generating a specific path. What variables went
into classifying instances falling in the leftmost leaf node? Variable
importance alone cannot tell us that.

When looking at the path of a variable ending in the first leaf
node on the left, bilirubin, ascites, and sgot all appear in one node
in the path. However, when considering the third leaf node from the
left, bilirubin is counted twice, being in two path nodes, whereas
ascites still appears only once. CVI gives us a way to look at the
average of all these paths per class over all the training examples.
Looking at the paths for all examples of a given class, we can
measure the average number of times a variable is passed through
to get to a prediction.

This measure on its own is a step toward better interpretability;
the more a class passes through a variable, the more that variable is
sifting through nuances in the class behavior. However, the question
still exists as to the degree of an effect. If the variable is equally
important to all classes, it does not demonstrate a preference
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toward one class or another. To help give insight into the degree of
the effect, we can define pair wise ratios of class importance. For a
two class classification problem, where C = [0, 1], we can examine
the ratio of importance between classes, or

= (V) (5)

Ratios close to one indicate no real discriminative power,

whereas ratios above or below one show preference towards the
positive class or negative class respectively. We cannot infer the
direction of the relationship as we can with regression models, but

we can say that a given variable is more influential for one class
or another so that the strength of the discriminative power can be
found. It is worth noting that CVI does not change the way models
are built-it merely enhances the interpretive power in post analysis.
Considering that the traditional machine learning flow consists of
processing data, building a model, deploying the model, and using
predictions made, it can be argued that the most important part
of machine learning occurs at the end of the flow. In the medical
setting, the final step, acting on the prediction, can be critical in
saving a patient’s life (Figure 3).

Ve

=

Figure 3: Traditional Modeling Flow.

.

=

J/

While data cleaning and feature engineering can improve
accuracy, without meaningful ways to use the prediction, the effort
to build a model is wasted. Thus, more focus should be placed on
the prediction phase to help utilize the predictions generated.
CVI is calculated on top of all of the modeling that has already
been done and can be calculated on any tree-based model. It can

be retroactively included in currently deployed models as well as
added on to any future modeling work with minimal computational
expense. The resulting new measure provides more resources for a
medical practitioner to use in their decision making, which can be
valuable in generating a holistic view of a given patient (Figure 4).

Ve

Figure 4: Enhanced Modeling Flow.

.

J/

Performance on Benchmark Data

To see how useful class variable importance is in practice, an
analysis was done on several benchmark datasets. Exploration
of several tree-based methods was employed: Extra Trees (ET),
Random Forests (RF), and Gradient Boosted Trees (GBT). Since the
variables themselves were of key interest, no feature engineering
was performed on the data. For preprocessing, median values
were imputed on any missing data, and all numerical variables
were normalized. AUC (Area under the Curve) of the ROC (Receiver
Operating Characteristic) was chosen as the optimization metric,
resulting in one best model of each respective algorithm per dataset.

Hepatitis Data

The Hepatitis dataset in this study is from UCI Machine Learning
Repository, which included 155 samples with 20 attributes (14
binary, 6 numeric attributes). The objective of this dataset is to

Submission Link: http://biomedres.us/submit-manuscript.php

identify or predict whether patients with hepatitis are alive or not
(1 for die and 2 for live). The model performance for each algorithm
is reported in (Tables 1 & 2). Given that Extra Trees has the highest
classification accuracy; it may be the favored model in terms of
inference, though each model has its strengths and weaknesses to
consider before deployment (Table 1). After the models were built,
the corresponding variable importance and ratio importance Rlive,
die (V) were calculated for each variable. Looking at the ranked lists
of overall variable importance in (Figure 2), medical practitioners
may make decisions for treatment based on which variables have
the largest values. For example, in the Random Forests model,
albumin and bilirubin seem most important. Using knowledge on
a specific patient, they may go down the ranked list of variables
starting with albumin and bilirubin until they find one they can
influence for the patient’s situation. They would likely not consider
antiviral, since these had the lowest importance of all.
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Table 1: Model Performance for Hepatitis Data.

Model AUC Log Loss F1 Score Accuracy
Gradient Boosted Trees
0.858 0.406 0.611 0.826
(GBT)
ExtraTrees (ET) 0.846 0.631 0.606 0.852
Random Forests (RF) 0.874 0.336 0.497 0.845

Table 2: Most and Least Important Variables on Hepatitis Data.

Model

Most Important Variables

Least Important Variables

Gradient Boosted Trees

(GBT)

Albumin age
bilirubin

spiders sgot

Anorexia
spleen palpable fatigue

malaise steroid

ExtraTrees (ET)

Spiders ascites

liver firm varices bilirubin

Antivirals anorexia

liver big sgot fatigue

Random Forests (RF)

Albumin bilirubin ascites

protime ask phosphate

Antivirals sex

anorexia liver big steriod

If instead we consider the ratio importance in (Figure 3), we
see a very different picture. For the same Random Forests model,
‘spleen palpable’ and ‘malaise’ seem to favor the live class, whereas
‘anorexia’ and ‘sex’ seem to favor the die class.

Itis worth noting that antivirals, which had relatively low overall
variable importance, demonstrated a significant preference for the
die class in the ratio representation. If a patient is given a death
prognosis from a model, it may be more valuable in that specific
patient’s case to focus on spleen palpable, malaise, anorexia, and
sex in trying to bring about a change in the patient’s outcome
since those are more strongly favoring one class or another. We
cannot determine the direction of the relationship, whether it be
negatively or positively correlated, but with domain expertise, this
can be inferred. For example, it may be that malaise favors the live
class, but that does not imply that the relationship is positive. It may
be that when malaise is not present, a live prediction is generated.

Table 3: Most and Least Important Variables on Hepatitis Data.

With domain experience, these types of nuances can be understood
with decision making (Table 2).

This inversion of ranking appeared not just with antiviral in the
Random Forests model, all models had some low-ranked variable
importance appear high when examining the ratio importance. It
is worth considering what causes this to be so. For these variables,
it is very likely that they often appear at low leaves in the tree.
Thus, they do not appear often, but when they do, they exhibit
the strongest effect. Consider a dataset with a binary variable that
is 0 most of the time. However, whenever it has a value of 1, the
same class is always predicted. While the value of 0 may predict
either class, the fact that when it is present it predicts 1 is a strong
relationship, one that a regression model is more likely to detect.
Creating a ranking of importance increases the ability of a tree
based model to detect relationships of this sort (Table 3).

Model

Favor Live Class

Favor Die Class

spleen palpable anorexia fatigue
Gradient Boosted Trees
steroid malaise
(GBT)
alkphospate varices liver firm histology ascites
antivirals anorexia
ExtraTrees (ET) fatigue liver firm ascites

sgot age steroid

bilirubin sex

Random Forests (RF)

spleen palpable malaise spiders fatigue sgot

anorexia sex

liver firm histology antivirals

Breast Cancer Data

The Breast Cancer dataset in this study is from UCI Machine
Learning Repository, which included 569 samples with 32
attributes (all numeric attributes). The objective of this dataset is
to identify or predict whether the cancer is benign or malignant (M
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for malignant and B for benign). The model performance for each
algorithm is reported (Table 4). Given that all models demonstrate
the same classification accuracy and relatively similar AUC, the
best model may be the Gradient Boosted Trees with the lowest Log
Loss. Yet, each model has its strengths and weaknesses to consider
before deployment (Table 5).
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Table 4: Model Performance for Hepatitis Data.

Model AUC Log Loss F1 Score Accuracy
Gradient Boosted Trees
(GBT) 0.997 0.068 0.974 0.983
ExtraTrees (ET) 0.998 0.111 0.974 0.983
Random Forests (RF) 0.996 0.094 0.974 0.983

Table 5: Most and Least Important Variables on Breast Cancer Data.

Model

Most Important Variables

Least Important Variables

Gradient Boosted Trees

(GBT)

worst perimeter
mean concave points worst radius

worst texture worst concave points

concave points error symmetry error concavity
error

texture error

mean fractal dimension

ExtraTrees (ET)

worst area

mean concave points worst concave points
worst radius worst perimeter

symmetry error
smoothness error texture error

fractal dimension error mean fractal dimension

Random Forests (RF)

worst perimeter worst area
worst radius

worst concave points mean concave points

smoothness error

mean fractal dimension mean symmetry

concave points error symmetry error

After the models were built, the corresponding variable
importance and ratio importance RB, M (V) were calculated for
each variable. Looking at the overall variable importance in (Table
5), we see the same set of variables appearing important across all
models: ‘mean concave points, ‘worst concave points, and ‘worst
radiuses. Given that the models had similar performance metrics,
this is not surprising, and we can be more confident that these
variables are truly important for a large portion of the examples in
the training data. But again, we do not know why these variables
are important, just that there seems to be some value in the ‘mean
concave points, ‘worst concave points, and ‘worst radiuses when
discriminating between benign and malignant tumors (Table 5).

Table 6: Ratio Variable Importance on Breast Cancer Data.

When examining the ratio importance in (Table 6) however,
more variation is present between models. ‘Symmetry error’ is
most strongly related to the Extra Trees and Random Forest model,
whereas ‘radius error’ is most important for Gradient Boosted
Trees. In this situation, we see the same inverse presentation in
the variable ranking as is witnessed in the hepatitis data: the least
important variable in the Extra Trees and Random Forests model,
‘symmetry error, and now has the strongest effect in the ratio
representation. Again, this suggests that while it may not impact the
majority of instances, when it does appear at the lower branches of
the tree, the differences between classes are notable. When looking
for innovation in cancer treatment, new ways of looking at the same
data are needed to stimulate novel ideas.

Model

Most Important Variables

Least Important Variables

Gradient Boosted Trees

(GBT)

worst perimeter
mean concave points worst radius

worst texture worst concave points

concave points error symmetry error concavity
error

texture error

mean fractal dimension

ExtraTrees (ET)

worst area

mean concave points worst concave points
worst radius worst perimeter

symmetry error
smoothness error texture error

fractal dimension error mean fractal dimension

Random Forests (RF)

worst perimeter worst area
worst radius

worst concave pOiI’ltS mean concave points

smoothness error

mean fractal dimension mean symmetry

concave points error symmetry error

Conclusion

Class Variable Importance (CVI) presents a new way of
interpreting variable relationships in tree-based models. The fact
thatboth datasets presented very opposingviews of certain variables
demonstrates the importance of considering different measures of

Submission Link: http://biomedres.us/submit-manuscript.php

variable importance: what is apparent in one representation is not
always apparent in another, and in such a domain as medicine, that
new representation may provide hidden insight. It is likely that
the variable is only present in the bottom most splits of the trees,
indicating that while not used often, for those instances where it is
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used, the variable is the biggest differentiator between the classes
(Table 6).

CVI presents a very different interpretation of the variable
relationship than the top down approach of standard variable
importance. The commonly used variable importance measure is
insightful in that it measures how strongly variables influence a lot
of training instances; being a measure of how likely the variable is
to appear in a top split of a tree and not how much it influences
a specific prediction. CVI tries to overcome this by measuring the
strength of the effect with respect to each class. If the class variable
importance is relatively the same between all classes in the target
variable, it can be inferred that the variable favors all classes
similarly. To represent this relationship more cleanly, a ratio of class
variable importance can be calculated, with ratios greater or less
than one inferring that the variable favors one class over another.
When looking for actionable model results by decision makers, as
is often the case in the medical domain, this representation gives
more useful information than variable importance on its own.

The fact that CVI measures the relative effect of a variable
between classes and is not weighted by the proportion of nodes
in the tree allows for the detection of more nuanced relationships.
However, if the goal is to find variables with high relationships and
a large portion of classes, a holistic look at the feature importance
can be employed. Variables that have both high variable importance
and high ratio importance can be identified as having affecting
many examples and in the same way. It may not be easy to infer
the direction of the relationship, but by looking at patients on a
case by case basis and applying domain expertise, variables can
be identified that are influential to a given example and its class
prediction. While it is difficult for a single measure to convey a
complete picture of a data set, creating a variety of measures to
represent different nuances is key to better understanding and
insight. In this regard, further exploration of variable importance in
regard to inference is essential. Exploring different approaches for
calculating the variable effect within the trees may result in more
useful measures. For example, employing the Gini index instead of
an indicator function or incorporating the actual splitting rule on
the nodes into the class importance calculation may present the
variables differently. Devising a weighting scheme to give more
credence to importance ratios with a larger proportion of nodes in
the tree may make detecting variables influencing a larger portion
of the population. In future work, we plan to explore these nuances
further.
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