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Abstract

In the era of data explosion, deep neural networks
are widely used for prediction tasks in various sce-
narios. However, the complex feature spaces in high-
dimensional data pose challenges to model training.
While the common practice is to perform feature se-
lection, existing approaches are generally designed for
non-deep models. Additionally, deep models, considered
as black-boxes, lack interpretability in utilizing features.
This paper presents a visual analytics approach to facil-
itate the feature selection process of deep learning mod-
els by introducing human experience and decisions in
integrated classical statistical methods. Our visual ana-
lytics system includes a Data Filter Component and an
Interactive Verification Component. The former identi-
fies and filters irrelevant and redundant features, while
the latter supports the fine selection by understanding
the features’ contribution. Furthermore, iterative ex-
ploration is supported to gain a proper feature subspace.
We use two case studies and an expert study to demon-
strate the effectiveness of our approach.
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1. Introduction

Feature selection is an important technique in machine
learning. The quality of data features determines the upper
bound of machine learning models’ accuracy. In real-world
scenarios, the true distribution of data cannot be known, so
we can only obtain its empirical distribution from massive
data collected; However, big data is usually sparse. Thus, it
is of great benefit to pick the feature set that represents the
data appropriately. Specifically, removing unnecessary fea-
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tures helps (1) alleviate the curse of dimensionality and re-
duce the difficulty of the learning task; (2) avoid overfitting
and enhance the generalization of the model; (3) and avoid
the noise introduced by unnecessary features. In practice,
massive data is generated and grows together with the fea-
ture space. Feature selection becomes an essential routine
for many practitioners to balance the cost of feature pro-
duction and computation. For example, aggregating corre-
lated features can save considerable storage resources, re-
lieve the computational pressure, and shrink the latency of
operations.

However, most existing feature selection and evaluation
methods are generally designed for non-deep learning mod-
els with low complexity. For instance, recursive feature
elimination method [12] and forward selection algorithm
[27] make use of the high interpretability of non-deep mod-
els to select a proper set of features. These methods can
be applied to typical non-deep models such as linear regres-
sion [24] and SVM [6], which both have intuitive explain-
able features for the corresponding parameters. Likewise,
the generation process of tree models [29] inherently in-
corporates feature-related information gain, which clearly
shows the role played by features in the decision-making
process. These are in stark contrast with deep learning
models, which use multiple hidden layers to gradually ex-
tract higher-level feature interactions from the original in-
put [7]. Due to their nonlinear and complex internal struc-
ture, conventional feature selection methods cannot be eas-
ier adapted and applied. Moreover, in terms of model com-
plexity, the non-deep model consumes fewer training re-
sources so that the feature contribution can be verified by
efficiently testing against multiple hyperparameters. On the
contrary, deep models require huge amount of parameters to
capture high-level representations, limiting the feasibility of
the retraining approach.



Some feature importance assessment methods are appli-
cable to deep models, such as permutation importance [2]
and SHAP [23]. However, they mainly focus on individ-
ual features but pay negligible emphasis on the interaction
effects. The deep and nonlinear structure of deep models
learns the hierarchies behind different levels of representa-
tions. This means some features are gradually combined to
produce the final output. Therefore, mining significant fea-
ture interactions helps understand the models in balancing
between the flexibility of model structures and the intuitive-
ness of feature interaction mining.

In this paper, starting from the characteristics and needs
of supervised deep learning, we integrate a series of clas-
sical and effective feature evaluation and analysis methods
with an interactive visualization approach, and keep human-
in-the-loop in the feature selection process. We design a
workflow and tool that helps users interactively explore, an-
alyze and select features from multiple perspectives. Along
with feature selection, it also provides interpretability for
deep models from the feature perspective, and applicational
insights. The main contributions of our paper can be sum-
marized as follows:

* Propose a multi-perspective and hierarchical fea-
ture selection, analysis approach and workflow.
From the model perspective, both model-independent
and model-dependent feature statistics are evaluated;
In terms of feature relationship, both the individual
features and the interactions between feature pairs are
considered; From the sample perspective, both holistic
and local analysis are supported. Users can locate to a
subset of data of interest.

¢ Combine visualization and human-computer inter-
action to implement an efficient system. Visualiza-
tion can show dense information to effectively materi-
alize complex, summarize high-dimensional data, and
reduce the user’s thinking load. With human-computer
interactions, expert knowledge can be incorporated to
facilitate better decision making.

e Provide interpretability for deep models from the
feature perspective. The interactive system supports
exploration on how the feature contributes to the model
with global and local samples, which provides inter-
pretability to the output of deep models from the fea-
ture perspective.

2. Related Work

The related work of our paper can be categorized into
three parts: deep neural network visualization, numerical
methods for feature selection and feature interaction.

2.1. Deep Neural Network Visualization

Deep learning has taken artificial intelligence to a new
level, which in turn leads to their greater reliance for real
business scenarios. However, due to the “black box” na-
ture of neural networks, their interpretability has received
extensive and close attention, especially in fields such as
precision medicine, law enforcement, and financial invest-
ment, where important decisions are involved. Interactive
visualization plays an important role in improving the in-
terpretability of deep learning models, and interactive vi-
sualization of deep neural networks has become a hot re-
search topic in recent years. Sacha et al. [28] provides an
overview of the current state and supporting role of visual
analytics in machine learning, and Choo et al. [4] provide
an overview of the potential challenges and future research
directions of visual analytics, information visualization, and
machine learning interpretability.

Explainable deep learning contains three main research
directions: model understanding, debugging, and refine-
ment.

Model understanding aims to explain the principles be-
hind predictions and the inner workings of deep learning
models. For example, previous studies investigate visual-
izing the pixels that contribute most to the prediction re-
sults [40], explaining the predictions of convolutional neu-
ral networks in terms of agent decision trees [14], and un-
derstanding models by visualizing activation states [16].
CNNVis [22] analyzes convolutional neural networks ap-
plied to images by visualizing the values of the learned neu-
rons and their interactions. LSTMVis [34] support retrieve
similar sentences and paragraphs in the corpus by visualiz-
ing the hidden states of recurrent neural networks.

Model debugging aims to identify and resolve defects or
problems within deep learning models. TensorBoard [38]
is an open-sourced visualization toolkit for such a purpose.
Gaining knowledge on the training data about their inter-
relationships enhance the efficiency of the debugging pro-
cess. Some methods, such as CNNVis [22], also indirectly
reveal the structure of the data. Although it aims to improve
and debug models, the visualization results provide some
ways of knowing the structure of the training dataset, such
as the underlying characteristics of images and different cat-
egories (e.g., cats and dogs).

Model refinement refers to the process of improving
and refining deep learning models by interacting the user
with deep learning training process, so as to introduce ex-
pert knowledge interactively. ReVACNN [5] supports the
user to dynamically remove neuron nodes and filter data.
DeepEyes [26] helps users to remove low activation nodes
by highlighting stable nodes. They both monitor and inter-
actively guide the training of the deep model in real time
to optimize the training process. In this paper, we focus on
deep learning models to help understanding and refinement,



increasing its interpretability from the feature perspective.

2.2. Numerical Methods for Feature Selection

Chandrashekar et al. [3] have reviewed the numeri-
cal feature selection techniques classified them into three
types: filtering method, wrapping method, and embedding
method. In the filtering method, variance [30] is used to
measure the amount of information contained in the fea-
tures. Pearson correlation coefficient [1] is used to mea-
sure the linear correlation between variables. Mutual in-
formation [9] is used to measure the independence between
variables and reflect the nonlinear correlation between vari-
ables. In the wrapping method, the forward selection algo-
rithm (SFS) [27] adds the feature with the greatest gain each
time and compares the model effect. The genetic algorithm
(GA) [10] uses the idea of the evolutionary algorithm to
find the optimal subset of features. The embedding method
incorporates feature selection into model training, such as
adding regular terms to the objective function to obtain a
sparse solution [25].

Despite the popularity of these approaches, their appli-
cation on deep models is largely limited. The filtering
method lacks the evaluation of feature importance in a spe-
cific model. The wrapping method is more suitable for non-
deep models with simple structures, as it is not very feasible
to evaluate features by multiple training for complex deep
learning models. The embedding method is implicit in the
feature selection process and does not give an intuitive ex-
planation. Additionally, there are some feature importance
evaluation methods that are more applicable to deep learn-
ing models. A gradient-based feature importance ranking
was formulated by Wojtas and Chen [37] to predict opti-
mal subset features, using a stochastic local search on two
jointly trained deep neural networks. The permutation im-
portance method [2] estimates the importance of features
by shuffling the data by features and measuring the impact it
causes on the model. Lundberg and Lee [23] are inspired by
the Shapley value of the cooperative game [3 1] and propose
the concept of SHAP value, which computes the contribu-
tion of features to the prediction. Based on SHAP value,
they further propose DeepLIFT [32] algorithm, which is
more suitable for deep learning models. Our approach in-
tegrates effective mathematical methods such as stochastic
gradient descent, mutual information, and SHAP, ensuring
reliability.

2.3. Feature Interaction Mining

Machine learning models has the ability to extract the
interactions from the original features without large hu-
man intervention. However, the generated feature combi-
nation is often incomprehensible. Researchers use some
specially designed model structures to understand feature
interaction and extract optimal feature subsets. For exam-

ple, deepFM [ 1] is designed to learn sophisticated feature
interaction for both low- and high-order features. To an-
alyze specific feature combinations and their contribution,
Deep&Cross [35] and xDeepFM [2 1] are proposed to inves-
tigate the features at the bit and vector level. These methods
perform a relatively explicit feature interaction, but their in-
terpretability is still under-explored.

Autolnt [33] introduces the attention mechanism into
modeling the contribution of feature interactions. Wojtas
and Chen [37] propose a dual network architecture to learn
optimal feature subset during the training process. While
these approaches focus on investigating feature interactions
alone, Dinh and Ho [8] have laid out a theoretical founda-
tion on the benefits brought by combining the investigation
with correlation analysis. Knitte et al. [17] introduce regu-
larization technique to amplify the differences between neu-
rons and filter out important feature interactions. They also
visualize the neurons to provide interpretation and discover
the correlations between features. However, their goal is
to analyze and explain the datasets. Our approach seeks to
identify the optimal feature subset that can improve model’s
performance.

3. Background and Motivation
3.1. Feature Selection: Mathematical Definition

Traditional supervised machine learning deals with a col-
lection of fixed-length feature vectors. A feature vector is
a sample that consists of the value | of the label L and
a value set T = Ffy; Ty; 1, Fhg of corresponding feature
set F = fFy;F2;:; Fag. The objective is to obtain a
model that accurately predicts the labels with the feature
vectors. Thus, the model is determined by the features.
Koller and Sahami [18] describe the goal of feature se-
lection statistically as finding a minimum feature subspace
G 2 F such that P(L jG = fg) is the same or very
similar to P (L j F = f), where fg is the value set of G,
P (L j G = fg) is the probability distribution of the label
L given fg as the priori knowledge and P (L j F = ) is
the true conditional distribution of the label L with respect
to the full feature set F. Since using exhaustive methods
will have to perform 2" evaluations, we consider the rela-
tionship between features and labels instead to imrpove ef-
ficiency. Specifically, we break down feature selection into
two subtasks: removing irrelevant features and removing
redundant features.

Relevance. Let F denote the full feature set, F; de-
note the feature i, and S;j = F  fF;g, John, Kohavi,
and Pfleger [15] classify features into three disjoint cate-
gories, i.e., strongly relevant(P (L j Fi; S;) & P (L j Sj)),
weakly relevant(P (L j Fi;S;) = P (L] Si), and 9S!
Si, such that P (L j Fi;S!) & P (LjS)), and irrelevant
features(8S!  Si;P(LjFi;SH =P (LjSY).



The strong relevance of a feature indicates that the fea-
ture is always necessary for the optimal subset. The weak
relevance indicates that the feature is only indispensable for
the optimal subset under some conditions. The irrelevance
indicates that the feature has no effect on the label distribu-
tion. An optimal subset should include all strongly relevant
features as well as some weakly relevant features and not
contain any irrelevant ones.

Redundancy. The analysis of feature relevance provides
basic principles for feature selection, but we cannot derive
which subset of weakly relevant features should be selected.
Therefore, redundancy between relevant features needs to
be defined and analyzed. Feature relevance describes the re-
lationship between features and labels, while the concept of
feature redundancy elaborates the relationship between fea-
tures. Yu and Liu [39] formulate feature redundancy based
on the Markov blanket of features [18]. Given a feature Fj,
M F(Fi 2 M;), M; is said to be a Markov blanket
for Fj iffP(F Mi fFig;Lj Fi;Mi): P(F M
fFig; L j M;). The Markov blanket describes a feature
subset that are adequate to infer the output variable. Com-
bining the two concept, a feature is redundant and should be
removed from a subset G iff it is weakly relevant and has a
Markov blanket M in G.

Since the redundancy of the removed features to the cur-
rent feature subset always exists, removing redundant fea-
tures can be performed independently and sequentially for
individual features.

Based on the feature relevance and redundancy, the full
feature set can be conceptually divided into four basic dis-
joint parts: irrelevant features, redundant features, weakly
relevant but non-redundant features, and strongly relevant
features. The optimal feature subspace can be obtained
when all irrelevant and redundant features are removed.

3.2. Design Requirements

Human-in-the-loop(HITL) helps to ensure that Al sys-
tems are transparent, accurate, and ethical, while also mak-
ing the best use of human expertise. We introduce HITL via
a visual analytic system where human input or oversight is
required at certain points in a process. To design it, apart
from surveying for the statistical criteria of feature selec-
tion, we also have interviewed domain experts for their need
in applications, and summarized five design requirements.

R1 Detect irrelevant and redundant features. Irrel-
evant and Redundant features features are costly and
have a negative impact towards model training, which
should be mined out and removed.

R2 Evaluate features with the specific models. The
diverse model structures focus differently on feature
extraction. Thus, features may contribute differently

in different models. Since there is an interaction be-
tween the features and models, it is necessary to com-
bine them for analysis.

R3 Avoid unnecessary training. To support the huge
size of features and control the model version iteration
cost, it is infeasible to evaluate features by testing them
one by one as is commonly done with non-deep mod-
els. The optimal solution should require as few model
training as possible.

R4 Explicitly mine feature interactions. Mining strong
feature combinations is useful, such as helping engi-
neers find which features should be co-added when
they are ported to other models to ensure a promising
result.

RS Locate sub-datasets of interest. Different tasks may
focus on different parts of the dataset. For example,
in the disease prediction task, the researcher will be
more interested in how the features work in positive
samples compared to negative samples, to summarize
important feature combinations as self-test suggestions
to patients.

4. Visualization Design
4.1. System Interface

The system contains two main components, namely, data
filter component and interactive verification component.
The data filter component displays information before in-
troducing the model, performing fast feature filter in an ef-
ficient but brief manner by analyzing basic statistics. Also,
redundant features are filtered here to exclude noise as the
prerequisites for the feature evaluation followed. The in-
teractive verification component mainly shows the features’
contribution in the given model structure, evaluating and an-
alyzing features in a more refined and sophisticated way.

4.1.1 Data Filter Component

This component (Fig.1-I) consists of three views: Meta
View (Fig.1-A), Correlation View (Fig.1-B), and Slider
Control (Fig.1-C).

Meta View (Fig.1-A) is a scrollable table with good scal-
ability and allows users to view sequentially. It provides
basic information of each feature for feature selection, such
as name and category, and metrics from the perspective of
feature-task relevance. Two main metrics are used to as-
sess feature relevance: fill rate and variance. Fill rate is the
non-null ratio of a feature in all samples. Features with low
fill rates generally have already deviated severely from the
true distribution and cannot provide sufficient information.
Similarly, for variance, features with variance close to zero
have almost no discriminative power. These features satisfy






