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Abstract: As Artificial Intelligence (AI) technology, particularly Machine Learning algorithms, 
becomes increasingly ubiquitous, our abilities to understand and interpret AI and machine learning 
algorithms are becoming increasingly desirable. Visualization has been used as a common tool to 
view and understand complex machine learning processes. In this paper, we will focus on 
developing a general framework for the visualization of machine learning models as a scalar valued 
multi-dimensional function to help users understand how the models behave over different viewing 
spaces. We first give a formal definition of the visualization problem. Interpolation-based morphing 
and subspace sampling techniques are applied to generate various renderings through projections 
and cross-sections of the model space as 3D surfaces or heatmap images. This method will be 
applied to two real-world datasets and applications: the diagnosis of Alzheimer’s Disease (AD) 
using a human brain networks dataset and a real-world benchmark dataset for predicting home 
credit default risks. The visualizations show that different machine learning algorithms can behave 
quite differently under different conditions. 

Keywords: machine learning; multi-dimensional data visualization; classification; morphing; 
scattered data interpolation 

 

1. Introduction 

Machine learning algorithms act mostly as a black box, i.e., the users have very little information 
about how and why the algorithms work or fail. The underlying machine learning models are also 
designed primarily for the convenience of learning from data, but they are not easy for the users to 
understand or interact with. Explainable Artificial Intelligence, particularly explainable machine 
learning algorithms, is a critical area to ensure safety and trust in the use of AI technologies in human 
society [1]. One of the most powerful tools in developing explainable machine learning algorithms is 
visualization [2]. Being able to view the progression of a decision-making process in a machine 
learning algorithm is often a desirable feature for many critical AI applications, particularly when 
deep neural networks are used [3]. While visualizing the process of an algorithm can provide useful 
insight about the decision-making steps of the machine learning model, it would also be beneficial if 
visualization can be used to show the overall shape pattern of the machine learning model itself in 
some space that the users can understand. This type of model visualization has not been sufficiently 
studied, primarily because it is very challenging to visualize a high-dimensional function (as is the 
case with most machine learning models) in a limited screen space. 

Although high-dimensional data visualization techniques [4] can also be applied to a set of 
sample points computed by the model in the high-dimensional space, the fact the model represents 
a continuous function with intrinsic shape information cannot be captured using traditional 
information visualization techniques for discrete data set. Some types of rendering methods are 
necessary to represent the continuous shape patterns. 
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We focus on machine learning models that can be defined as a scalar valued function in a high-
dimensional feature space, i.e., supervised single valued model trained using a training dataset. The 
training samples can also play an important role in the visualization process. To this end, we can use 
volume visualization as an analog when considering this visualization problem [5]. A typical volume 
data such as a CT or MRI volume is a single valued function defined over a 3D domain. If we extend 
the 3D domain to an N-dimensional feature space, it defines a machine learning model where the 
function value is the learning label such as the classification probability or value of a predictive 
regression model. The rendering of such a model is, however, more challenging for several reasons. 
First, the concepts of depth cue and visual perception do not exist in high-dimensional space. 
Therefore, traditional rendering operations such as blending and shading do not apply. Secondly, 
sampling in a higher dimensional orthogonal subspace (for each pixel) to the viewing space does not 
have a simple order. Thus, cross-sections and projections will need to be carefully re-defined to 
generate meaningful visual representations. Third, when the dimensionality of the feature space is 
high, a 2D screen space is a very narrow and limited viewing window. Thus, the selection of and 
interaction with the viewing spaces are important for the understanding and interpretation of the 
model. 

This paper proposes a general framework for the visualization of a large class of machine 
learning models (supervised single valued model trained using a training dataset). Our approach 
provides multiple perspectives (viewing spaces) and viewing options to allow the user to gain an 
insight into the shape pattern of a machine learning model. The ability to visualize a machine learning 
model is a critical step in facilitating interactive machine learning and human-in-the-loop AI [6]. 
Model visualization provides several ways for the users to interact with the machine learning 
algorithm to better understand and improve the learning process [7]. It has several important 
potential benefits: 
1) Interpretability. Visualization can help the user to interpret and explain how decisions are made 

using different machine learning models. It is also useful to view different behaviors of different 
types of models so that users can make more informed decisions with realistic expectations. 

2) Interaction. Human knowledge and intuition can significantly improve the performance of 
machine learning algorithms. Visualization is essential in interactive systems, where human 
feedback and interferences can help improve the machine learning process in the form of feature 
selection, parameter setting, or rule revision. 

3) Training Data. The way training data is used in a machine learning algorithm can significantly 
impact the performance of the algorithm. Model visualization can provide a visual aid for 
interactive selection of training data in certain situations such as data reduction and bias 
mitigation. For example, properly selected training data can significantly reduce the size of the 
training set required to reduce cost and training time [8]. Carefully managed distributions of the 
training sets can also help mitigate potential biases of machine learning models [9]. These 
applications will require the visualization of the ML models in a space that the user can easily 
understand and take actions, for example, by adding certain types of samples defined by the 
variables of the viewing space. 
In the following, we will first, in Section 2, discuss previous work related to visualization in AI 

and machine learning, including visual analytics and related morphing and rendering techniques. 
Section 3 provides an outline and a formal definition of our model visualization framework. Section 
4 discusses details of several specific machine learning model visualization techniques and methods. 
We will use two real-world datasets to show the results and comparisons of the various visualization 
methods for different models in Section 5. Conclusions and future work are given in Section 6. 

2. Related Work 

Applying visualization and visual analytics principles in interactive or human-in-the-loop 
machine learning has become an active research area in recent years [2]. Most of the existing studies 
focus on using visualization for better understanding of the machine learning processes [3]. There 
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has also been some recent work on using visual analytics for improving the performance of machine 
learning algorithms through better feature selection or parameter setting [11,12]. 

Techniques in visual analytics have been widely used to accomplish analysis tasks such as 
classification and regression [13,14]. These techniques include mostly direct visualization methods 
without explicit machine learning, though machine learning algorithms can sometimes also play a 
supplementary role in a visual analytics system [11]. In this paper, we primarily focus on 
visualization methods for machine learning algorithms and models [15]. 

Previous works on using visualization to help understand the machine learning processes are 
usually designed for specific types of algorithms, such as support vector machines, neural networks, 
and deep learning neural networks. Neural Networks received the most attention due to the 
complexity of their internal components. Multi-dimensional visualization techniques such as 
scatterplot matrix have been used to depict the relationships between different components of the 
neural networks [16,17]. Typically, a learned component is represented as a higher dimensional point. 
The 2D projections of these points in either principal component analysis (PCA) spaces or a multi-
dimensional scaling (MDS) space can better reveal the relationships of these components that are not 
easily understood, such as clusters and outliers. Several methods apply graph visualization 
techniques to visualize the topological structures of the neural networks [18–20]. Visual attributes of 
the graph can be used to represent various properties of the neural network models and processes. 

Several recent studies addressed the challenges of visualizing deep neural networks. In [21], Liu 
et al. developed a visual analytics system, CNNVis, that helps machine learning experts understand 
deep convolutional neural networks by clustering the layers and neurons. Edge bundling was also 
used to reduce visual clutter. Techniques have also been developed to visualize the response of a 
deep neural network to a specific input in a real-time dynamic fashion [22,23]. Observing the live 
activations that change in response to user input helps build valuable intuitions about how convnets 
work. There are several literatures that discuss visualization’s roles in Support Vector Machines. In 
[24], visualization methods were used to provide access to the distance measure of each data point to 
the optimal hyperplane as well as the distribution of distance values in the feature space. In [25], 
multi-dimensional scaling technique was used to project high-dimensional data points and their 
clusters onto a two-dimensional map maintaining the topologies of the original clusters as much as 
possible to preserve their support vector models. In [26], interactive volume visualization was used 
to identify potential features for classification of brain network data. Finally, Visualization and visual 
analytics methods have also been used to analyze the performances of machine learning algorithms 
in different applications [27–29]. 

Compared to the visualization of machine learning processes, there have been relatively few 
known techniques for the visualization of general machine learning models. The Manifold system 
[30] provides a generic framework that does not rely on or access the internal logic of the model and 
solely observes the input and output. It applies scatter plot matrix visualization to observe input and 
output samples to evaluate model performance and behavior. In [8], scatter plots were also used to 
visualize machine learning models to help select the optimal set of training samples. In this paper we 
propose a new approach for the visualization of any general machine learning model as a feature 
space function. Our approach applies a surface morphing technique that is often used in shape 
deformation [31,32]. A few scattered data interpolation methods described in [33] are used in these 
morphing techniques in our model visualization. 

Using subspace concepts to visualize high-dimensional datasets has been explored in 
information visualization. 2D linear projections from unique linear subspaces are used to visualize 
high-dimensional data in [35]. Singular value decomposition is applied to the high dimensional data 
to detect 1D subspaces for effective search and exploration of generative models [36]. In [37], 
topological and geometric techniques are used to approximate the high dimensional data by Morse-
Smale complex on the cloud of point samples through parametric space segmentation. A simplified 
geometric representation of the Morse-Smale complex is then visualized by 2D embedding. These 
techniques are designed for the projection of discrete point data rather than a continuous model or 
manifold where discrete points cannot capture the true and continuous shape information. Geometric 
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and topological approximation is also problematic as details of the model, even if not smooth (e.g., 
rough boundaries), are important information for interactive ML (e.g., the need to add points in 
rough boundary areas). A good analog is the ray casting volume rendering algorithm [5] where linear 
rays are sampled (in different ways) and projected to each pixel of the viewing plane. But in high-
dimensional situation there is no perspective projection as 3D human perception does exist in high 
dimensional space. 

3. Outline of the Framework 

Our goal is to develop a multi-view visualization technique to generate multiple perspectives to 
help user gain a comprehensive visual impression of a machine learning model’s overall behavior or 
tendency. In this section we will first outline a formal definition of the visualization framework. 

A machine learning model can be defined as a function: �(x1, x2, … , xn) ∶  �� → R 
where �� is the n-dimensional feature space, and the output is the result of the machine learning 
algorithm which can be either a classification probability or a predicted regression function value. 
We also assume that the machine learning model is trained using a training set: 

P = {P1, P2, … , Pk} ⊂ R� and {F(Pi): � = 1 ⋯ �} ⊂ R 

The visualization problem is hereby defined as an image on a 2D viewing space (�, �) , 
representing some information about the function F, projected onto this 2D viewing space. The 
viewing space is generally a 2D subspace of the feature space. The meaning of projection here has 
two components: 
1. Subspace determination: For each pixel in the viewing space, find the subspace in the feature 

space that are orthogonal to this pixel point. This is the information that needs to be represented 
by this pixel through projection. 

2. Subspace sampling: Within the orthogonal subspace, determine what values should be used to 
render this pixel, either as a colour or as a height value for generating a surface. This is the 
process of sampling or information filtering and integration for visual presentation. 
Essentially, we consider a machine learning model an n-dimensional function of scalar values. 

We also consider the training set an integral part of the function. The visualization problem becomes 
a problem of projecting the n-dimensional function onto selected 2D viewing spaces. The high 
dimensionality makes this projection less defined and under constrained. Therefore, many of the 
details of the algorithms are about how to find the proper information to project and draw. 
Apparently multiple-viewing spaces and potentially animation-assisted techniques will be necessary 
to gain sufficient visual representation for a good understanding of the model’s behavior and 
patterns. These viewing dynamics can come from different viewing spaces selected by the users, as 
well as animated or interactively selected information filtering parameters. Figure 1 shows a 
summary of this framework for a viewing space (u,v) and a general machine learning model F. 

 

Figure 1. A summary illustration of the visualization approach, F is the machine learning model; (u,v) 
is the viewing space; �� are the training set samples. Their projections on (u,v) space are ��� ;  �� is 
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the subspace orthogonal to the pixel Q. This subspace will be projected onto Q after information 
filtering and sampling. 

4. Visualization Approach 

There are three main components in our visualization approach: viewing space selection, 
subspace determination, and rendering by subspace sampling. 

4.1. Viewing Space Selection 

Viewing space, (�, �), is a 2D subspace of the feature space which the machine learning function 
will be projected onto. The user will select two variables to represent the 2D axes of the viewing space. 
In most situations, multiple viewing spaces will need to be selected to provide multiple views and 
perspectives. Two separate criteria can be used to choose the viewing space variables. 

Interpretable variables. These are usually the features that the users are familiar with, thus, can 
be used to better understand the behavior of the machine learning model. Typical examples include 
demographics information, or features that can be easily obtained such as test scores and some simple 
measurements, but not something abstract or calculated by a complex process. 

Representative variables. These are the features or variables (can be combinations of features) 
that can capture the most amount of information or variations of the machine learning model. A good 
example would be the Principal Components obtained from a Principal Component Analysis (PCA) 
process. We will assume in this paper that these variables can only be linear combination of original 
features since it becomes difficult to find the orthogonal subspace for nonlinear combinations. 

A viewing space defined by interpretable variables is good for users to interpret or explain the 
behavior of the model, but they are sometimes not the best projection “angle”, i.e., the amount of 
information the viewing space can capture may not be sufficient to truly understand changes or 
tendencies in the model representation. This type of viewing space is also important if new training 
samples are required as a result of the visualization, as it is easier for users to collect new training 
samples using common and easy to measure features. 

On the other hand, a viewing space defined by representative variables can be a better “angle” 
to maximize the amount of information projected. However, the variables may not be intuitive for 
the purpose of explaining or interpreting the results. Therefore, these two types of viewing spaces 
complement each other and should be used together. 

4.2. Viewing 

For each point or pixel on a viewing space, the first task is to determine the subspace in the 
feature space that is orthogonal to this point. This is the subspace that should be projected onto this 
pixel location when the entire model is projected to the viewing space. As a general form of viewing 
space representation, let: �� = a�x� + a�x� + ⋯ + a�x�� = b�x� + b�x� + ⋯ + b�x� (1) 

be the viewing space axes. In this paper we will focus only on linear projections to include dimension 
reduction methods such as traditional Principal Component Analysis (PCA). The primary reason for 
only focusing on linear projections is interpretability. The visualization results need to be easy to 
understand by the end users. The most common viewing space will be a 2D space of two original 
features with clear meanings. Linear dimension reduction space sometimes can be useful as well as 
an overview. But nonlinear projection spaces (e.g., some multi-dimensional scaling sapces) are too 
difficult for the end users to interpret and make sense (though they may have values in some other 
applications). 

In equation (1), when all �� are zeros except one and all �� are zeros except one, then (�, �) are 
simply two of the original features, which may be two interpretable features. A more general case 
would be the PCA space, i.e., u and v can be the two most important (with largest eigenvalues) 
principal components of the dataset. This ensures that the projection retains the maximum amount 
of information about the machine learning model. 
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The orthogonal subspace can be generated by solving the linear equation system (1) for (�, �) 
in two steps: 
a. Identify two dominant variables, ��  ��� �� in the equation system, where a� = max� �� and �� = max��� �� 
b. Solve the equation system with respect to the two variables, ��  and ��: 

⎩⎪⎨
⎪⎧ x� = �� + � �������,���x� = �� + � �������,���

 (2) 

where �� and �� are constant coefficients. The subspace is then defined by the set of all points in the 
feature space that satisfy the equation (2) and can be projected onto the given pixel location (�, �). A 
special case is when � = ��  and � = ��. Then the equation becomes �� = � and �� = �. 

In summary, for each pixel location in a viewing space, if the viewing space axes are part of the 
original features (e.g., interpretable variables), the subspace is all points carrying the pixel location 
coordinates for the two features that define the viewing space. Otherwise, the subspace is the set of 
all points with coordinates satisfying equation (2). 

4.3. Rendering by Subspace Sampling 

Subspace sampling refers to the filtering and integration of information in the subspace for 
drawing all the pixels in the viewing space. There are infinite number of ways to sample and select 
information in a subspace. In the following, we will propose several different techniques that can 
provide multiple visual perspectives of a machine model. 

For each viewing space (u,v), our approach will generate various surfaces or heatmap images 
defined over (u,v) to represent various types of projections or cross-sections of the machine learning 
model. In the following we will discuss two different ways of constructing this surface or image: 
morphing by interpolation, and subspace projection. 

4.3.1. Morphing by Interpolation 

This method considers the fact that a machine learning model is trained using a training set. 
Therefore, points in the training set can be considered key points that drive the shape of the machine 
learning function. Key points based shape morphing technique can then be used to “deform” the 
function F to fit into the viewing space. In this case, of course, the morphing process is not between 
spaces of the same dimensions. A morphological deformation from a high-dimensional space to a 2D 
viewing space does not maintain all the shape information of the manifold. But it can be viewed as a 
cross-section by a 2D shape (i.e., a curved surface) that passes through all the key points, and thus 
captures the most important shape variations, as illustrated in Figure 2: 

 

Figure 2. Morphing illustration. The surface projected to the viewing space is constructed in the 
features space by interpolating the training samples based on their positions on the viewing space. 
The interpolation for each pixel is performed within that pixel’s subspace. 
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This morphing and interpolation algorithm is formulated as follows: Let P = {P�, P�, … , P�} ⊂ R� 
be the training samples. Their projections onto (u, v) are P′ = {P�′, P�′, … , P�′} ⊂ R� . For each pixel 
location Q, its subspace in the feature space is defined by equation (2). An interpolation function is 
then constructed to find the feature values for the free variables in equation (2): �� = �(�, ��) (� ≠ �, � ≠ �) 
where function f can be any scattered data interpolation function [33]. Combined with ��  and ��, as 
shown in equation (2), these features values form a complete feature vector V for each pixel. The 
value of F(V) is then assigned to the pixel as the z-coordinate of the surface. In our implementation, 
we tested two interpolation functions: linear interpolation and affine Shepard interpolation. 

In linear interpolation, the training samples on the 2D space, P′ = {P�′, P�′, … , P�′} , are 
triangulated by Delaunay triangulation first. Within each triangle a linear interpolation using 
barycentric coordinates is applied to generate weights that are used to interpolate the feature space 
variables. 

In affine Shepard interpolation, we modified the classic Shepard interpolation for scattered data 
by adding a local affine function, or a plane, at each key point to avoid discontinuities at the 
interpolated points: 

�(�) = � ��(�)���(�, �� ′)�
� � 1���(�, �� ′)�

��  

where ��(�, �� ′) = �������� (�, �� ′) , r is an adjustable parameter (default is 2), and ��(�)  is a 
function of a plane that passes through ��� and is parallel to a local triangle formed by the nearest 3 
key points. 

4.3.2. Subspace Projection 

Morphing method can capture the shape variations defined by the training samples, but it only 
provides one cross-section of a high-dimensional feature space. For a more comprehensive view, we 
can generate a large set of points in each subspace and visualize various subsets of these points to 
show the distribution of values in this subspace. This represents different ways to project information 
to the 2D viewing space. 

For each pixel Q in (u, v), its subspace in the feature space is defined by the free variables in 
equation (2), i.e., �� = {��: � ≠ �, � ≠ �} 

This is an n-2 dimensional space. When n is large, regularly sampling even a coarse grid would 
be prohibitive since every sample will need to be fed into the machine learning function. One 
alternative is to randomly sample a pre-determined number of points. This seems to work reasonably 
well in our experiments as the visualization results seem to be consistent with multiple times of 
sampling. Assuming N samples are taken in each subspace: {��: � = 1 ⋯ �} ⊂ �� 
and let the features vectors after adding the two non-free variables ��  and �� be: {��: � = 1 ⋯ �} ⊂ ��  
we can then select different subsets of {�(��)} to show at the original pixel location. 

One approach we take is to sort {�(��)} values from high to low, and then select sequence of 
given percentile values to draw. This will give the users a clear understanding of the distribution of 
the machine learning results for this pixel value. The combined surface or heatmap image over (u, v) 
will show a global pattern and trends of the performance of the model. One special case is the 100-
percentile surface. It represents the largest value in each subspace, similar to the Maximum Intensity 
Projection (MIP) technique in medical volume visualization. 

Another way to access the information in each subspace is to generate a histogram of the values {�(��)} for each pixel. This process creates a histogram volume over the entire viewing space (u, v). 
Cross-sections of this histogram volume show the concentrations (number of samples) at different 
values (e.g., probabilities) across the viewing space. This may be better rendered using 2D heatmap 
images rather than surfaces. 
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A third possibility is to display an average value of the subspace for each pixel. Please note that 
this is different from the 50 percentile value. 

Not all these types of projections will be useful for all models. Some may show interesting 
patterns in one but not the others. Please also note that the color mapping scheme we use in this 
paper is not consistent across different surfaces. Each image / surface uses its own color map based 
on its value range. This is because the value (e.g., Probability) range within each surface is very small. 
A global color scheme will create very little color contrast within each surface. So, we redefine the 
color map for each visualization image to maximize the color contract within its own value range. 

5. Experimental Results 

5.1. Datasets 

We applied our visualization framework on two real-world applications: the diagnosis of 
Alzheimer’s Disease (AD) using a human brain networks dataset obtained from the Alzheimer’s 
Disease Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu), and a real-world benchmark 
dataset for predicting home credit default risks. 

The primary goal of ADNI has been to test whether various modalities of brain images, other 
biological markers, and clinical and neuropsychological assessment can be combined to measure the 
progression of mild cognitive impairment (MCI) and early AD. The original data included both 
structural MRI and diffusion tensor images (DTI). A separate tractography technique was used to 
generate a connectome network for each subject to measure the connectivity of different regions of 
interest (ROIs) in a human brain [34]. The connectome network is modeled as an undirected graph 
with ROIs in the brain as graph nodes and DTI fiber density as edge weights. We calculate the degree 
of each node (ROI) as the sum of weights of all connected edges to this node. These degrees are used 
as the initial features for machine learning systems. We also added several additional common 
features for each subject: age, education level, BMI, and MMSE (Mini-Mental State Examination) 
score. There are 158 subjects in 3 categories: HC (Healthy Control, 58 subjects); MCI (Mild Cognitive 
Impaired, 71 subjects) and AD (Alzheimer’s Disease, 29 subjects). Each subject’s connectome network 
has 100 node degree features and 4 additional common features, totaling 104 features. The age range 
of these subjects is from 55 to 90. 

The second dataset is a real-world benchmark dataset collected by Home Credit, the Home 
Credit Default Risk dataset (https://www.kaggle.com/c/home-credit-default-risk/overview). It 
includes a variety of statistical information from the clients, such as biometric information, credit 
history, etc. We built a model based on this dataset to predict the clients’ repayment abilities, where 
the predicted result 1 represents that the client has payment difficulties and 0 represents all other 
cases. The dataset we use includes 10,000 samples, among which 5000 are positive (label 1) and the 
other 5000 are negative (label 0). 

5.2. Machine Learning Models 

A machine learning algorithm can be applied to a predictive model for each dataset. For the 
ADNI dataset, the 3-class (HC, MCI, AD) classification problem is defined as a regression model. We 
assign 0 to HC label, 0.5 to MCI label, and 1 to AD label. A value returned from a machine learning 
regression model can be used to classify a subject into one of the three classes based on the three class 
intervals: HC=[0,0.33], MCI=(0.33,0.67), and AD=[0.67,1]. A binary classification model is trained for 
the Home Credit dataset. 

We applied three popular machine learning algorithms: Support Vector Machine (SVM) (or 
Support Vector Regression (SVG)), Extreme Gradient Boosting (XGBoost), and Deep Learning (DL). 
The overall prediction accuracies, F1 scores, and AUC scores for both datasets are given in Table 1. 
These algorithms represent different styled machine learning strategies. It can be interesting to see 
how these models look in various viewing spaces. The differences in accuracy and other performance 
metrics for the three models are not significant here as we did not do extensive parameter 
optimization for performance purposes. 
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Table 1. Three machine learning models’ performance data. 

 
Accuracy F1 Score AUC score 

ADNI Credit ADNI Credit ADNI Credit 
SVM 0.73 0.62 0.73 0.62 0.89 0.65 

XGBoost 0.72 0.68 0.72 0.67 0.88 0.74 
DL 0.70 0.60 0.70 0.64 0.88 0.64 

5.3. Visualization 

5.3.1. Viewing Spaces 

The first step in visualization is to determine the potential viewing spaces. For this ADNI dataset, 
the 4 common features, Age, Education Level, BMI and MMSE Score, are clearly interesting and 
interpretable variables that we can use to view the machine learning models. For the Home Credit 
dataset, most of the features are meaningful variables that the users can easily relate to. Thus, we can 
use the features that have larger weights in the machine earning algorithms such as income level, 
credit amount in a loan, home conditions (EMERGENCYSTATE_MODEL), and price of the goods to 
buy using the loan. For an overview visualization with more representational power, we can use the 
top two principal components, PC0 and PC1, from a PCA transformation of the feature space. It is of 
course also possible to select any two features that the users are interested in. For example, in the 
ADNI dataset, since the features represent connectome network nodes, this type of viewing space 
can provide useful information about specific ROIs of the human brain that the neuroscientists may 
be able to interpret. 

In the following, we will show various visualizations of the machine learning models (SVM, 
XGBoost and Deep Neural Networks) on different types of viewing spaces discussed above. In each 
viewing space, we can show both the morphing surfaces as well as the different types of subspace 
projections discussed in Section 4.3. Please note that the color maps in different images are different 
because of the large differences in value ranges. A uniform color map would not be effective as we 
would see very little color contrast in each visualization image. 

5.3.2. Morphing Surfaces 

Morphing surfaces are special cross-sections of the model space that interpolate the training 
samples. The two interpolation methods perform similarly. So, to save space, we will only show affine 
Shepard interpolation results. Figure 3 shows the morphing surfaces on the two common feature 
spaces: Age-BMI, and Education-MMSE for ADNI dataset. Figure 4 shows the morphing surfaces on 
the PCA space and a node degree feature space for ADNI dataset. Figure 5 shows the morphing 
surfaces on two 2D feature spaces for the Home Credit dataset. 
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Figure 3. Morphing surfaces on Age-BMI and MMSE-Education using ADNI dataset. 

 

 
Figure 4. Morphing surfaces on PCA space and a node degree feature space using ADNI dataset. 
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Figure 5. Morphing surfaces using Home Credit dataset. 

It is interesting to see that SVM and Deep Learning generate much smoother surfaces than 
XGBoost. This is somewhat understandable because of the ways these algorithms construct their 
models: SVM uses hyperplanes, and Deep Neural Networks mostly uses radial-basis functions to 
generate smooth approximations. But XGBoost is a decision tree styled process which tends to create 
discrete decision paths with sharp and block-shaped boundaries. This trend is particularly obvious 
in Figure 4 and Figure 5. Based on Figure 3 results, it appears that people in the late 50th with low 
BMI and people in the 80th with high BMI have higher risk of AD. We also see that education level 
does not seem to play a major role, but MMSE score is clearly a strong indicator of AD risk. 

In Figure 5, we also see that the loan default risk is greater for high income and lower income 
borrowers outside the normal income range. This is consistent with some of the financial analysis 
reports for this kind of loans which is good validation case for our visualization even though it is a 
somewhat counter-intuitive. The results from Figure 5 also show that the home condition does not 
play a role in default risk. But interestingly loans for purchasing more expensive goods indicate lower 
risk of default. 

5.3.3. Subspace Projection 

Subspace projection takes random samples in each subspace, and then visualizes surfaces or 
heatmap images that represent different levels (percentiles) of the value ranges, or different types of 
subsets or statistical values of the samples. 

Figure 6 shows several 50 percentile value surfaces on MMSE-Education space and average or 
mean value heatmap images on Age-BMI space using the ADNI dataset. We find that surfaces are 
generally more visually informative, but sometimes heatmap images can also be very effective. These 
results show several interesting findings. (1) AD risk is higher for people with low MMSE scores. (2) 
People with higher level education will do slightly better in lowering AD risks. (3) Both older age 
and higher BMI level are risk factors for AD. (4) XGBoost algorithm exhibit block-like visual pattern 
while SVM and Deep Neural Networks have more gradual change in classification probabilities. 

 

 
Figure 6. Some examples of 50 percentile surfaces and average or mean value heatmap images using 
the ADNI dataset. 

Figure 7 shows some examples of average or mean value visualizations for the Home Credit 
dataset. The PCA space images are very smooth for SVM and Deep Neural Networks. This is perhaps 
because the two models made some simple approximations (hence, the low accuracies) which 
showed up on the most representative PCA spaces. XGBoost again shows a strong block pattern. The 
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visualizations also show that higher loan amount leads higher risk of default. The XGBoost result 
also shows that very high and very low income levels lead to higher risks for default (consistent with 
our earlier observations). But SVM and Deep Neural Network did not capture the lower income 
portion which is likely because they have lower accuracies with this dataset. This also suggests that 
visualizing ML models from different algorithms may help us identify potential errors in some of the 
models. 

 

 
Figure 7. Some examples of average value visualizations on a PCA space and a Credit-Income space 
uisng the Home Credit dataset. 

Figure 8 shows the 25% and 50% cross-sections of the histogram distributions over the range of 
predicted values. Here we see that XGBoost have more low (25%) probability values in higher MMSE 
score area, but more 50% probability values in low MMSE score area, indicating that the probability 
of AD risk increases as MMSE score decreases. 

 
Figure 8. Cross-sections at 25% and 50% for the histogram volumes on the MMSE-Education space 
using the ADNI dataset. 

6. Conclusions 

We have presented a general framework for visualizing supervised single valued machine 
learning models. We treat the ML models as continuous feature space functions with training 
samples. While visualization of machine learning processes is important for users to understand the 
decision-making process, it is often as important to provide a visual representation of the entire 
model to gain a high-level understanding about how the model behaves in different viewing spaces. 
Our approach differs from traditional higher dimensional data visualization as we aim to represent 
the global shape information of the model which is considered a manifold in a high-dimensional 
space. The morphing-based technique also considers the importance of the training samples. 
Morphing from a high-dimensional space to a lower-dimensional space is an interesting 
phenomenon that should be further explored. In addition, this type of model visualization can be an 
essential component for visual interactions in an interactive machine learning system or human-in-
the-loop AI system. More specifically, model visualization can be used as an interface for users to 
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decide what actions need to be taken to incrementally improve the model, for example, by adding 
additional training samples. 

In the future, we would like to further improve and extend this technique, and to develop a 
software solution that can be plugged in to some existing machine learning tools. We also want to 
explore the possibility of integrating this visualization approach in some machine learning assisted 
visual analytics systems to enhance their functionalities and analysis power. We are also interested 
in exploring the theoretical and practical aspects of other projection and rendering techniques, such 
as nonlinear projections, and blending techniques for subspace projection to produce richer visual 
perceptions in high dimensional space. 
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