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Interpreting Dimension Reductions through Gradient Visualization

Sahil Hamal

(ABSTRACT)

Dimension reduction (DRs) are significant in data analysis to reduce the complexity of high

dimensional data while preserving information to the greatest extent. However, the complex

processes involved in DRs attribute to their inability to reason the relationship between the

projection and the original data features (dimensions). “Why points are clustered?” and

“What feature/s caused the points to scatter?” are some of the common questions. As

a solution, we use gradients of the projection to generate visual explanations of the DRs.

Utilizing these gradients, we show the point-wise sensitivities of the projection with respect

to the original data features to explain the reasoning of DR. The combination of the gra-

dients with various visualization techniques contribute to the exploration of the impact of

dimensions on the projection. To overcome the curse of dimensionality, we propose inter-

active techniques that facilitate the combination and comparison of features impact on the

projection through gradients. Encapsulating the gradients and the visualization techniques,

we present a web-based framework that facilitates an overview of impacts of all features and

allows users to selectively explore notable features.



Interpreting Dimension Reductions through Gradient Visualization

Sahil Hamal

(GENERAL AUDIENCE ABSTRACT)

Data is prevalent in almost every facets of our lives. A simple data may comprise a few rows

and couple of columns. Such data can be easily visualized and understood through simple

visualization tools such as charts and graphs. However the real world data consists of large

number of rows and columns (features, dimensions). As the number of features increase, so

does the complexity to visualize and understand the data. One of the methods to reduce

the high dimension data to low dimension is the dimension reduction (DR). DR methods

generate a simpler form of data usually in 2D format which can be easily understood by

human eyes. Even though the result from DR is simple, the complex process involved in

the reduction of dimension makes the result (projection) difficult to understand. To better

understand this projection, we propose visualization techniques that allow users to simulate

change in original features and visualize the corresponding change in the projection.
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Real world data is comprised of large number of features (dimensions). The complexity

of the data hinders its analysis, interpretation and visualization. One of the techniques to

mitigate this complexity is Dimension Reduction (DR). Dimension reductions are widely

popular to evaluate different types of high dimensional data. They are implemented across

different domains that can include various types of data such as image data, text data and

more [2]. DR’s reduce the high dimensional data to simpler 2D form which attributes to

better visualization and analysis. The insight generated by DR aid in visual analytics and

help solve many problems and gain more information from the data [3].

Figure 1.1: Role of DR in data analysis and visualization by reducing high dimensional data
to lower dimension (projection)

Fig 1.1 shows the process data goes through to the user. Initially data comprises of many

dimensions (features) and the DR reduces that original data into lower dimension (projection)

which is then consumed by users for visualization, analysis and so on.

Dimension Reduction reduces the number of features while retaining essential information.

1
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The benefits of DR include reduced complexity due to fewer features, improved efficiency

due to less data processing and reduced storage requirements as well. However, the complex

mathematical processes involved in the process of reducing the data features introduce the

problem interpretability. Especially the non-linear DRs such as t-SNE generate simple and

concise visual summary of the high dimensional data but it lacks in reasoning behind the

positioning of the points in the projection.

Figure 1.2: Projection generated by t-SNE for Seeds Data ([1]). The projection lacks rea-
soning behind the separation of the clusters

Fig 1.2 shows an example of t-SNE projection for seeds data. When data analysts look at such

data, it raises the question such as why clusters X and Y are separate from each other. Since

DRs lack the reasoning behind the points location in the projection, such questions remain

unanswered. This lack of interpretability make it difficult to gain insights and understand

the underlying patterns and relationships in the data. This raises the question of how do

we establish a connection between the projection and the original data. DimReader recently

introduced an idea of gradients to establish such connection [4].

DimReader introduced the idea of gradients to find the relationship between the original data
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and the projection. DimReader put forth the idea of gradients of projections to simulate

perturbations (infinitesimal) change to the original data feature and recover effective axes for

individual features in 2D space. The gradients provide a channel to explain the relationship

between the original feature and the 2D projection and visualize the impact of feature/s

in the projection. Now that we have a connection between the high dimensional data and

the projection through gradients, this raises a question of

.

As we attempt to create gradients based visual explanation, we tackle the first problem with

high dimensional data. As the dimensions increase, so does the complexity to process the

data. This curse of dimensionality [5] brings challenges in visualizing the impact of each

feature one at a time.

The visual summary provides a comprehensive overview of impacts of all the features. Upon

identification of the salient features through this summary, users may want to further scru-

tinize the varying impacts of different features.

All the aforementioned visualization techniques focus on the impact of features on the entire

projection. Going back to the fig 1.2, the explanation of separation between the clusters

need a deeper level of visualization on individual points. To facilitate this,



4

We propose two main views: feature-centric and point-centric to visualize the impact of

features. The feature-centric view provides a summary of impacts of all features answering

our of generating an overview of impact of all features. We propose visualization

techniques such as arrows, colors, quadrants and aggregation to better explain the impact

of dimensions on each point. Dimension reduction deals with large amount of data and

the corresponding points on the projection. While viewing large number of points in a

limited space, it is difficult to convey information in a concise manner. Thus, we use arrows.

Arrows effectively utilize the screen space and allow more information to be conveyed. The

contrasting nature of colors facilitate the comparison of different features to answer our

. Quadrants and aggregation allow the exploration of features impact on sets of points

and thus providing method to answer of studying impacts of features on subset of

points..

We demonstrate the application of gradient-based explanations to gain insight into the seeds

data and animal data [1]. Building off of the work of DimReader, we explain the impacts

of features on subsets of points, compare multiple features and get an overview of features

impact.
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We propose a web-based framework which encapsulates all the aforementioned visualization

techniques and provides a platform where users can explore and interact with the visual-

ization techniques. The web-based framework provides a platform where users can explore

some common datasets and test out the visualization techniques. It also has examples of

usage scenarios where the visualization techniques can be applied to get more information

from the projection. The framework is deployed online and can be freely accessed by public.



Dimension reduction algorithms main goal is to reduce the high-dimensional data to a low-

dimensional projection [6]. While doing so, the dimension reduction algorithms prioritize

the important aspects of the original high dimensional data such as clusters, outliers as the

contain critical information about the original data [7]. There have been many DR algorithms

developed over the years. [8] provides a survey of those algorithms, [9] explains the two-way

multidimensional scaling and [10] provides examples of recent development in the field of

dimensional reduction. Most of these DR algorithms are classified into linear and nonlinear

algorithms [11]. Linear DR algorithms converts the original data to low dimensional space

through the linear combination of the original variables. On the other hand, the non-linear

DR algorithms is used when the original data contains nonlinear properties. Since the

high dimensional data is hard to interpret for humans, the result from DR methods require

some form of human interpretability. Linear DR methods are widely used are easier to

understand for humans as the low-dimensional space produce by the methods are received

through the linear mapping of the original high-dimensional data [12]. One of the most

common linear DR method is Principal Component Analysis (PCA) [13]. PCA works by

identifying the variance of the original data. Apart from PCA, there are other popular

linear DR algorithms such as Multidimensional Scaling (MDS) [14] and Factor Analysis

6
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([15]). One the other hand, nonlinear DR algorithms are more complex as they depend upon

sophisticated mathematical processes to project the high dimensional data into 2D space.

These nonlinear DR methods are widely popular in different sectors such as determining

banks credit card rating [16] (banks credit card rating), gene classification [17], kinematics

[18] and for analyzing large datasets [19]. Even though these nonlinear DR algorithms are

widely used in various fields, the sophisticated mathematical processes involved give rise to

interpretation issues [20]. One of the most popular nonlinear DR algorithm is t-Distributed

Stochastic Neighbor Embedding (t-SNE) [21]. The value given to parameters used in the

t-SNE determine the shape of the projection generated by it. The incorrect selection of

these parameters can lead to significantly different projection [22]. Our work involves in

interpreting the projection generated by t-SNE.

The problems with the interpretation on nonlinear DR algorithms are widely known in data

analysis [23]. Some of these problems are explained as appropriate selection of feature [24]

and determining the relationship between the features [25]. There have been attempts to

guide the users to better understanding of these DR algorithms. Wattenberg et al. explains

the problems with projection generated by t-SNE with different parameters and provides

guidance to use t-SNE effectively [22]. There have empirical analysis to better understand

the 2D scatterplots generated from the nonlinear DR algorithms [26]. Similarly for MDS, an

interactive approach called “XGvis” has been introduced that factors in local minima and

sensitivity to the choice of optimization [27].

One of the ways to approach the interpretation of the DR algorithms is through interaction

with the projection and the original data. Interactive approaches wide range of mobility for
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users to explore the projection and focus on desired requirements. Similar to the algorithms,

the interactive approach to explore the projection can be classified into two groups: one which

has an impact on the underlying model and one which does not. One of such interactive

approach is explained as “expressive” and “exploratory” [28]. Another attempt to explore

the projection is through allow users to select subsets of the projection and understand the

patterns in the selection called a Subset Embedding Network (SEN) approach [29]. In Visual

Hierarchical Dimension Reduction (VHDR), users can generate a lower dimensional space

while actively taking part in which dimension to choose and what to ignore [30]. In order to

provide user the options to interact with the projection, users can select the projections that

are generated and compare among themselves and gain insight [31]. iVisClassifier allows user

to analyse the clusters that are formed [32]. By utilizing heat maps, iVisClassifier provides

an overview of distance between the cluster centroids in the original data as well as in the

projection.

Another attempt to explain the DR projections is through some graphical additions to it.

One of such examples is DimReader [4]. DimReader uses the axis lines to explain the

sensitivity of various locations in the projection to the corresponding perturbations to the

original features. There have other similar attempts of graphical enhancements through

trend surface analysis [33, 34]. The distribution of data can also explained through heat

maps [20].

Gradients have been used extensively to explain significant features. Some the use cases

span to classifier [35], image feature classification tasks [36, 37, 38] and also in text analysis

[39, 40, 41]. The Gradient-based Class Activation Map (Grad-CAM) [36] has been important
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in identifying significant image features in Convolutional Neural Network (CNN) [42]. Dim-

Reader proposed the idea of gradients to capture the impact of different high dimensional

features on the DR algorithms projections [4]. The axes generated by DimReader explains

the global trends of the original high dimensional feature in the 2D space. Our work builds

upon this work to utilize gradients to further explore the DR projection in detail.



Faust et al. explained the concept of utilizing gradients to interpret the projection using

DimReader [4]. Our method is based off of the work of DimReader. We utilize the underlying

techniques of the DimReader to generate gradients of the projection. For a DR method,

DimReader creates a tangent map M which maps any tangent of high-dimensional data

to its respective tangent in 2D. Thus the tangent map provides a channel to connect the

projection with the original high dimensional data.

Figure 3.1: For a point p in high dimension, and point v in low dimension, tangent map
M maps the tangent space of point p to the corresponding tangent space of point v in low
dimension. The gradient is generated in the output point in response to the slight input
perturbation in the original high dimensional data

10
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This tangent map is generated from the projected coordinate gradients with respect to the

original data features. For a given high dimensional point pi and its corresponding 2D point

vi and feature f ,

Mi;f =
�dvi;x

dpi;f

;
dvi;y

dpi;f

�
(3.1)

Tangent in the high dimensional space represents any sets of the input features (k). On the

other hand, the tangents on the 2D space represent the sensitivity of the 2D point to the

selected features (k). This allows us to map any sets of input features to the corresponding

points on 2D space through the tangent map. DimReader generates these gradients through

a process called automatic differentiation. DimReader uses the “forward mode” automatic

differentiation which utilizes the extended number system to carry the derivatives through

the algorithm. Autodiff replaces each value x with a dual number x = (a; b) where a

holds the actual value of x and b holds the derivative x with respect to our desired value.

DimReader passes these dual numbers through the DR to calculate the gradients of the

projected coordinates and build a tangent map for the DR. The tangent maps generated by

DimReader serve as the data we use to generate our gradient-based explanations. In order

to generate these gradients, DimReader uses the concept of perturbations (infinitesimal

change). The perturbations in the original data feature results in the perturbation in the

projection which is represented by the . The gradient simulates the small increase

in the feature in the original data and thus the arrow points towards the direction where the

feature would move corresponding to the infinitesimal increase in the feature. The gradient

of point vi with respect to the feature f, Mi; f captures the impact of feature ’f’ on the point

vi in terms of both magnitude and direction. We utilize these gradients for our method for

visual explanation of the projection.
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Figure 3.2: Generalized axes generated by DimReader

One of the main issues of interpreting the dimension is that it is difficult to determine

the relation of the projection with the original high dimensional attributes. DimReader

provides an effective way to gain insight into the projection through the gradients. Using the

aforementioned tangent map, DimReader creates a set of generalized axes for each feature

in the projection. In fig 3.2 A, the axes show that the feature behaves mostly linearly.

However the axes are difficult to interpret in 3.2 B and 3.2 C. Thus we can see that these

axes only provide the global behavior of individual features on the projection. One of the

limitations of this approach is the lack of information for subsets of points. In some cases,

the general overview of the axes may be sufficient however in some cases, the exploration of

individual points are important. Moreover, the generalized axes are generated per feature

and when working with high dimensional data, users have to generate the axes one at a time

which is highly ineffective. Lastly, DimReader also doesn’t allow the comparison between

the features. Being able to compare the impact of different features together can provide

more insight into the projection generated by DR.



Based on the limitations of DimReader and the potential of the gradients, we propose a

framework called “GradEx” for gradient-based explanations of DR. While designing our

framework, we have the following user tasks into consideration:

•

High-dimensional data make it difficult to view the impacts

generated by all the features at the same time. Users need an general overview of all

the features so that they can select what features to further explore in the projection.

As a solution to , we provide an overview approach where users consume the

gradients generated by each dimension across the projection in a summarized approach.

•

One of the shortcomings of DimReader is that users can view the impact of different

features one at a time. However, high dimensional data raises the challenge of viewing

each features impact on the projection. Users are able to utilize our approach to explain

the of comparing the impacts of different features.

•

DimReader provides an overview of the axes generated by features. However, it does

13
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not allow for exploration of impacts of features on individual points or the clusters.

Through GradEx, users are able to explore the impact of selected features on a single

point or user selected clusters and answer the .

We explain the visualization techniques utilized to achieved the aforementioned user tasks.

We will be using animal data to explain our visualization design [1]. It has 49 points and 36

features. The visualization techniques that are used for the exploration of the projection:

1. Arrows

2. Colors

3. Quadrants

4. Aggregation

Arrow is one of the key visualization techniques in our design. Arrows provide effective chan-

nels to visualize the information captured by gradients. They excel at visualizing gradients

in the projection due to following two reasons:

1. : Our projection is mainly comprised of points. Arrows

use limited space and can be spread across the whole circle, thus providing an efficient

way to display information while aptly utilizing the screen space.
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2. : Arrows by nature can provide direction in a more precise manner.

Gradients can thus be precisely and effectively displayed through the arrows.

Figure 4.1: Visualizing Gradients through Arrows

Fig 4.1 is an example projection of animal data with arrows in each point. The “Killer

Whale”, “Humpback Whale” and “Blue Whale” represent a subset of the projection and

each arrow represents the impact of a feature on these animals. Based on a cursory view of

the points, we can see that arrows can effectively display significant amount of information

through a small space. This effective utilization of space makes arrow an effective form of

visualization.

Fig 4.2 shows the arrows representing the impact by “water” feature on the projection.

The directionality of arrows show that the animals in projection are pulled towards second

quadrant by “water” feature. Through the use of directionality, arrows can effectively convey

the direction where the points are impacted in the projection.
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Figure 4.2: Example of gradient visualization by arrow in animal data for water feature

Since high dimensional data have lots of features, it is inefficient to generate arrow for just

one feature at a time. One of the cases might be where certain features may act similarly

or act entirely differently. In order to visualize the impact of combination of features, we

can combine the features and then generate arrows that represents gradients caused by the

combination of those attributes.

For a group of features G = ff1; f2; : : : g, the combined impact, Mi;G is given by:

Figure 4.3: Visualizing the combined the impact of features(f1 and f2)
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Mi;G =
1

jGj
X
f2G

Mi;f (4.1)

Figure 4.4: Animal Data with Combined Arrows

Fig 4.4 here shows the arrows when we combined attributes “water”, “toughskin”, “timid”

and “tail” impact on the projection.

Thus arrows are powerful visualization techniques to portray a wide array of information.

As explained in previous section, arrows provide efficient and screen utilizing approach to

display gradients in the projection. Arrows direction provide information that can used to
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further explained through the colors. The significance of colors can be explained through

the following:

1.

Figure 4.5: Quadrant and color based gradient representation of attributes impact

Colors provide an effective way to display the information conveyed by the direction

of gradients. In Fig 4.5 we can see the coloring of gradients based on quadrants. The

first quadrant is black, second quadrant is blue, third is red and fourth is green. While

trying to explore the projection, the difference of coloring based on quadrants make it

easier to visualize information.

2.

Colors have inherent contrasting ability that is crucial in exploration of dimension

reduction. While trying to compare different dimensions, colors help to compare and
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Figure 4.6: Utilizing colors (red = “toughskin”, blue = “water”, green = “timid”) to compare
impact of attributes through gradients in animal data

contrast among those. In fig 4.6, we can see the different color schemes: blue, red and

green being used. Fig 4.6 is an example of animal data where blue arrows are generated

by “water”, red arrows are generated by “toughskin” and green arrows are generated by

“timid”. (“Water”, “Toughskin” and “Timid” are original features of animal dataset).

This provides an example of how users can combine the power of arrows and colors to

compare the impacts of different features in the projection achieving the .

The arrows and colors sections provide an idea of how quadrant can be used to display the

direction as well as compare different dimensions at a time. To build on that, quadrant

view generates a wider option of exploration. Quadrant view allows the detailed exploration

of feature/s impact on a point or sets of points. It generates a summary of impacts of all
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Figure 4.7: Quadrant view showing features impact on a “humpback whale” from animal
data by classifying into quadrants

the features on user selected point/s. Fig 4.7 shows an example of a quadrant view. Here

the center of the quadrant is represented by “humpback whale” from animal data. Each

of the attributes has been classified into one of the four quadrants (First, Second, Third

and Fourth). Similar to the previous section in colors, first quadrant is represented by black,

second by blue, third by red and fourth by green. Quadrant view also provides the magnitude

of the impact of features for each quadrant in the bottom of the view. This provides an actual

gradients value represented in the figure. To interpret this view, we can see that “water”,

“toughskin”, “timid”, “tail” and so on are all combined and have the most significant impact

on “humpback whale”.

: Quadrant View also provides an option to explore the

impact of features on a point by modifying the attributes. Fig 4.8 provides an example of

how that can be achieved. Fig 4.8 shows the impact of features on “huumpback whale” with

“toughskin” being omitted. This view allows users to compare impact of different features.
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When the attribute has been removed, the dotted line in the quadrant view shows where the

impact on “humpback whale” would be when the “toughskin” attribute is not selected. The

“Updated AvgX” value shows the change in features impact when the “toughskin” attribute

is not selected.

Figure 4.8: Edited view in quadrant with user selected update for features impact for “hump-
back whale” point in animal data

Quadrant view provides the exploration in finer details about how each feature is impacting

a certain point. We will further explore in Aggregation section how this view is crucial in

exploring sets of points as well.

Aggregation is one of the most significant visualization techniques in this project. Let us

take an example in Fig 4.9. This is an example projection of previously mentioned animal

data and the attribute “water” has generated the colored gradients that we can see in the
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Figure 4.9: Animal data projection with Water attribute

projection. While exploring the projection, users can come across a scenario to explore a set

of points such as exploring the impact of “water” attribute on “humpback whale”, “killer

whale”, “blue whale”, “dolphin” and more. This allows users to aggregate those animals and

view the impact of “water” feature in the selected sets of animals or points.

For a cluster of points C, we calculate the aggregate explanation Mavg;C , by calculating the

average gradient for each feature f across all points pi 2 C, shown below.

Mavg;C =

�
1
n

P
i2C Mi;0 : : : 1

n

P
i2C Mi;d

�
(4.2)

Once the user aggregates the points, the previously mentioned quadrant view can be gener-

ated for these user selected points as shown in 4.10. Thus, the combination of the arrows,

colors, quadrant and aggregation allow for exploration of the impact of features on the pro-

jection. Colors allow the comparison between different feature and aggregation and quadrant

provide more details about a point or subset of points. Through the combination of arrows,

colors, quadrant and aggregation, user can perform of exploring the impact of features

impact on points and clusters.
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Figure 4.10: Quadrant view for aggregated animals selected in 4.9

One of the primary reasons for DR methods is to eliminate the need to inspect a large

number of data features individually. The curse of dimensionality does bring up challenges

while trying to visualize impacts of features in the projection one at a time. The complexity of

attempting to visualize every dimension is impractical and ineffective. There needs to be an

overview of what each dimensions impacts are and then the users can further more selectively

explore the features as needed. To overcome this challenge, we propose the Dimension-centric

View (DimView). The ultimate goal of this view is to enable quick exploration through the

features to compare features and identify subsets of interest. While exploring the projection,

users are provided with an overview of each features impact through gradients. In Fig 4.11,

each point is a feature of animal data and the arrows surrounding it represent the impact of

that feature across all the points. With this overall view of the features, users can selectively

choose the most interesting feature and further explore that feature as needed. Dimension-
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Figure 4.11: Animal data features and each feature surrounded by the impact of that feature
on the projection

centric explanations operate on the collection of the gradients for all points with respect to

a given feature f , such that

Mf =

266664
dv0;x

dp0;f
; dv0;y

dp0;f

...
dvn;x

dpn;f
; dvn;y

dpn;f

377775 (4.3)

where Pi = fpi;1 : : : pi;dg is the high-dimensional data point and Vi = fvi;x; vi;yg is the low-

dimensional representation. Once the significant features are determined, they can be applied

in the projection and viewed through point-centric visualization.
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Utilizing the insight gained from the dimension-centric view, users can selectively view the

impacts generated by the selected features in point centric visualization. For an entire set

of gradients on each point, the collection of gradients Mi is given by for each point:

Mi =

264dvi;x

dpi;1
: : :

dvi;x

dpi;d

dvi;y

dpi;1
: : :

dvi;y

dpi;d

375 (4.4)

where Pi = fpi;1 : : : pi;dg is the high-dimensional data point and Vi = fvi;x; vi;yg is the low-

dimensional representation.

Fig 4.12 represents is the point-centric view of animal data. Fig 4.12 A shows the impact

of every single feature (36 features total) on every single point whereas the fig 4.12 B shows

the impacts of “domestic” feature on animal data. The dimension-centric view provided an

overview of significant features and the significant features determined by the users from

the dimension-centric view can thus be applied in the projection with point-centric view.

Point-centric view allows users to visualize the impact of feature/s on subset of points and

also perform other aforementioned visualization tasks such as comparing different features

and also view combined impacts of different features on projection.

The implementation of the previously mentioned visualization designs and views in the web-

framework is based on the visual information-seeking mantra: overview first, zoom and filter,

then details on demand. [43] The number of dimensions in a high dimension data makes it

difficult to focus on something specific. Thus, the ability to get an overview and then filter
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Figure 4.12: Point-centric visualization, A: impact of every single feature on animal data,
B: impact of “domestic” feature on animal data

based on the overview and then obtain the crucial details provide an effective way to explore

the projection explanation.

Fig 4.14 shows how we approach the overview first, zoom and filter and details on demand

visualization approach. DimView provides the overview of the gradients generated by the

dimensions. Using that information, users can selectively filter and view the gradients gen-

erated by the selected dimension. Users can then further information as details through

comparing different dimensions as well as aggregating the points and gaining more details

about clusters through quadrant view. We will further explore some data using this ap-

proach.

The basic implementation of web framework entails the Single Color, Multi Color, Point

Details, DimView and Histogram. The DimView and Histogram is always visible to the user

and users can selectively view Single Color, Multi Color or Point Details section.
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Figure 4.13: Main page for web framework

The projection in web-framework is mainly divided into two sections: single/multi color view

and points details view.

Figure 4.14: Overview, Filter and Detail on Demand based design
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Figure 4.15: A: Single Color tab showing the impact of features (water, tail, strength), B:
Multi color tab showing the comparison of features water (blue), toughskin (red) and tail
(green) in animal data

Fig 4.15 A shows the single color perturbations in the projection. As explained earlier in the

arrows section, the arrows represent the impact by selected attributes: “water”, “tail” and

“strength”. In terms of web framework design, users select the dimensions of interest from

a drop down that provides the list of dimensions. In this case, the projection is showing the

impacts generated by the combination of “water”, “tail” and “strength”. For Fig 4.15 B, the

multi color view allows users to selectively compare features of interest as explained in colors

section in visualization techniques. Similar to the single color view, users can select features

and here can classify them into different colors of blue, red and green. This allows for the

colored gradients to be generated in the projection.
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Point Details view provides a general overview and predefined gradients in the projection.

Fig 4.16 A shows the overview of all the gradients on every single point by every dimension.

Figure 4.16: For animal data, A) Projection with every single gradient on every single point,
B) Projection with average gradient for each point, C) Projection with maximum gradient
for each point

This gives user an overview of all the gradients possible on the projection. Fig 4.16 B shows

the average gradient generated by all the dimensions in each point. Since all the dimensions

are pulling a point in different directions, the values cancel out and the magnitude tends

to be zero. Fig 4.16 C shows the average gradient generated by all the dimensions in each

point. Since all the dimensions are pulling a point in different directions, the values cancel

out and the magnitude tends to be zero.

Fig 4.17 provides an overview of all the gradients generated by all the features for animal data.

This provides a general overview that the users can use to further explore selective features.
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Figure 4.17: Points showing all the gradients that can be all the features for animal data
(DimView)

For instance, the top left point (“water”) features shows that the gradients generated by

this feature would be mostly pulling the points towards second quadrant in the projection.

This provides a high level view for users to better understand the impact of features in the

projection. We will explore this further in results section. Through the use of DimView, users

can accomplish the by obtaining a detailed summary that summarizes the impact of

all features on the projection.

Fig 4.18 is a histogram generated using the average gradients magnitude for every feature.

Like in 4.17, there may be 100s of dimensions to select from. Thus the histogram provides an

option to selectively filter the most impactful feature/s. 4.19 shows an example of how users
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Figure 4.18: Histogram with average magnitude generated by every feature for animal data

filter the highest magnitude generating dimensions and that filtered out the list of dimensions

to 3. So the combination of DimView and histogram allows for better understanding of the

overall gradients generated by all the features in the projection.

Figure 4.19: Utilizing histogram to filter the points in DimView

DimView provides a general overview and acts as a gateway to better understand the features

and significance of the dimensions and their impacts on the projection. The cursory view of
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DimView only is not sufficient enough to understand the impact of features in the projec-

tion. Thus, the combination between the DimView and the projection makes it a visually

informative option. For instance, in 4.20, when a user overs over one of the features on the

DimView (example: “domestic”), the impact of the selected feature is displayed in the 4.20

projection. Similarly, user can hover over any feature of interest. This interaction between

the DimView and the projection provides the user an overview of individual features impact

on the projection. Utilizing this information, users are then able to further visualize the im-

pact through single/multi Color view and inspect the subsets of points through aggregation

and quadrant view.

In this implementation, the DimView and Histogram are the overview of features impact and

the single/multi color view provide the user the next option to zoom and filter the impact

of significant features and the aggregation/quadrant view provide the details for impact of

feature/s on specific point/s.

Figure 4.20: Correlating the DimView and the projection for animal data, the projection
shows the impact of feature “domestic”
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React is an open source JavaScript framework that we used for the website. The component

structure of this framework allows better structure while developing visualization tools. [44].

OpenLayers is a library for dynamic mapping of points. It is mainly used for visualizing

maps and structures. In our framework, openLayers is used to convert the points to map

coordinates. It also allows for layered based design which we will further explore in design

section [45]. Plotly is a dynamic open source graphing library. We used this for the histogram

in our project [46]. NPM (Node Package Manager) was used to install packages and libraries

in the tool. These packages include ANTD and turf which are mentioned below [47]. ANTD

is a library for React application to create UI (User Interface) components. It allowed for

easy and quick components for the website design [48]. Turf is also a JavaScript library that

has built in Advanced geospatial analysis for browsers. During aggregation of points, turf’s

libraries were critical in identifying points covered by a drawing [49].

Figure 4.21: Layer Design
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Fig 4.22 shows the different layers that are placed in the openLayers and accessed as needed.

One of the reasons for selecting openLayers for the project is the layered design. Fig 4.21

Figure 4.22: Example of layers in web framework

provides a simple representation of that approach. During the design we have the “Point-

Layer” which represents the projection. Since the projection stays the same regardless of

attributes perturbed, it is selected as the base layer. On top of the “PointLayer”, “Invisible

Layer” was placed. “Invisible Layer” has all the perturbations generated by all the dimen-

sions and only gets triggered when you hover over a dimension in the DimView. Thus this

layer stays invisible. Then finally gradients layer (“All Perturbations” and “Selected Per-

turbations”) is placed. Since gradients change based on the user selection, this allows the

flexibility to not modify and reload other projections. “DrawLayer” is the final layer in the

display. “DrawLayer” is used mainly in aggregation and this allows for users to draw figures

and select points of interest. This layer stays on top as it can be removed and placed as

needed while keeping the other layers in place.

We have encapsulated GradEx as a web-framework which can be publicly accessed at:

. The website currently has 11 datasets that can be used by users to explore the

http://openlayers--lucky-frangollo-dbaeca.netlify.app
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aforementioned visualization techniques.



Figure 5.1: DimReader axes generated for diabetes data for all features, A(Pregnancy),
B(Glucose), C(Blood Pressure), D(Skin Thickness), E(Insulin), F(BMI), G(Diabetes Pedi-
gree Function), H(Age)

For the comparison with DimReader, we have example of all the axes for all the features for

diabetes data [1]. The diabetes data has 154 points and 8 features each represented in 5.1.

Fig 5.2 A shows the projection for diabetes data. In Fig 5.2 A, users can see that the projec-

tion is separated into two different sections. Since the separation is causing the projection to

36
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Figure 5.2: A: Projection for diabetes data, B: Showing two separate sections: Section 1 and
Section 2 in the projection, C: Points K in the projection which are located further from
other points

be split into two halves, it is crucial identify what features are causing this separation. Fig

5.2 B shows two different sections: “Section 1” and “Section 2” in the projection and 5.2 C

shows the position of “points K” further from other points. Based on these information we

attempt to answer the following questions from DimReader and our method:

DimReader lacks the ability to explain the impact of features on subset of points. Based

on the axes generated in fig 5.1, it is difficult to determine what features are causing the

“points k” to be separated from the other points. As previously explained in , we can

use aggregation to gain more insight into these points. In fig 5.3 A, once the points are

selected for aggregation, they can be further studied in details in the quadrant view in 5.3

B. In 5.3 B, it can be seen that the features “BloodPressure”, “SkinThickness”, “BMI” and

“DiabetesPedigreeFunction” are pulling the points away from the rest. So we can determine

the impact of features in subset of points and figure out the why certain points like “points
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k” are separated from the other points. Thus answering the and about what

feature/s are causing the “points k” in 5.5 to be separated from other points.

Figure 5.3: A: Aggregation of Points K from 5.2C, B: Detailed view for Points K in quadrant
view

Figure 5.4: A: DimView for diabetes data, B: Impact by feature “DiabetesPedigreeFunction”
in the projection, C: Similarly, gradients generated by feature “Age”

In fig 5.3 B, it can be seen that the projection can be divided into two different sections:

“Section 1” and “Section 2”. Based on the axes of DimReader in 5.1, it is difficult to

determine the reason behind it. Let us explore our approach to see how we can figure this

out. As previously explained in and as a solution to our , DimView provides a

general overview of all the impacts generated by features on the projection. In fig 5.5 A, we
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Figure 5.5: Projection with features “DiabetesPedigreeFunction” and “Age” combined

can see the overall impact by all the features in the projection. Based on this view, it can

be seen that the features “DiabetesPedigreeFunction” and “Age” are pulling the points in

opposite direction. Using this clue we can see the impacts generated by both of these features

on the points. Fig 5.5 shows the gradients generated by feature “DiabetesPedigreeFunction”

and it can be seen that the “Section 2” is pulled away from “Section 1” but it does not have

significant impact on “Section 1”. Similarly in the case of feature “Age”, we can see that

the impact on “Section 1” is significantly higher than in “Section 2”. Since the features have

impacts on only section, we can recall our and combine the features to see if we can

answer the reasoning behind the separation of these sections. In fig 5.5, we can see that the

“Section 1” and “Section 2” are pulled away from each other. Using the DimView, we figure

out the features to explore in the projection. In case of DimReader, user would have to see

each axes one at a time and it would have been a difficult task. Since each feature did not

have strong enough influence on both the sections, we applied the combined features impact

on the projection to explain the separation in our question and .
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In this example, we are using animal data [50] which has 49 points and 36 features. Fig 5.6

Figure 5.6: A: Animal data DR projection with animal names representing the points, B:
DimView for animal data

A is a projection generated by t-SNE for animal data. The points are represented by the

class names. Fig 5.6 B shows the overview of the impact of all the features in the projection.

Based on the cursory look at the projection, questions arise such as why certain animals are

further apart from the others or why certain animals are close to each other. In fig 5.6 A,

the animals “leopard”, “lion”, “grizzly bear” and “tiger” are further apart from the other

points. What is causing the separation of these animals from the others ?

DimView 5.6 B as in provides the general overview of all the impacts generated by all

the features on the projection. However, it is difficult to determine what features are causing

certain points to be further apart based on the cursory look at DimView. One of the ways

to figure out the impact on a set of points is through the aggregation. In 5.7 A, the animals
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Figure 5.7: A: Aggregation of animals, B: Quadrant view of aggregation of selected animals

“leopard”, “lion”, “grizzly bear” and “tiger” are aggregated and the central point is generated

which represents those animals. Upon checking further details of this point in quadrant view

5.7 B, we can see that the points are pulled more towards negative y-axis (third quadrant and

fourth quadrant) than other directions. The features pulling in third quadrant are “water”,

“tail”, “stalker”, “speed” and more. Similarly the features “toughskin”, “strength”, “size” ...

are pulling the animals towards the fourth quadrant. Utilizing the combination of different

visualization techniques, users can answer such as why certain points are separated from

the others.

High dimensional data have a lots of features to begin with and it is difficult to explore the

impact of each feature. The DimView in Fig 5.6 B shows the 36 features in the projection.

For the users, it is difficult to decide what features to further explore based on this view alone.

Users can selectively view the impact of each dimension at a time. However, that brings

back the problem of high dimensionality. So the question arises how can users determine the

most significant features and view the impacts of those features .

Referring back to the DimView in 5.6 A, users get an overview of how the features impact

the entire projection and can selectively focus and further explore the impact of significant

features. However, it is difficult to determine the significant features based on this view
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Figure 5.8: A: Histogram with average magnitude of gradients for each feature, B: Shows
the most impactful features, C: Gradients generated by “Tail”, D: “Size”, E: “Domestic”

alone. Thus, the users can select the most significant attributes through the histogram in

5.8 A as explained in . Once the significant features are selected in the animal data,

we get three features “tail”, “size” and “domestic” in 5.8 B. Fig 5.8 C shows the impact of

“tail” feature in the projection. We can see the significant impact of “tail” in the middle

of projection in animals such as “mouse”, “rabbit” and “skunk”. Here we can see that in

fig 5.8 D, the “size” feature is pulling the larger animals such as “grizzly bear”, “tiger”,

“gorilla” from the center whereas it has little impact on small animals such as “skunk” and

“mouse”. This shows that the feature size tends to keep similar sized animals together and

separate the animals which different sizes. Similarly in 5.8 E, we can see the impact of

feature “domestic”. The animals “cow”, “ox”, “buffalo” are pulled toward each other while

there is little to no impact on animals such as “tiger” and “lion”. Since the pulled animals

(“cow”, “ox”, “buffalo”) are domestic in nature, it seems likely why the feature “domestic”

would have higher impact on them and try to cluster them. Utilizing the DimView and

selectively applying the features into the projection, users can answer the for identifying

and visualizing the most significant features and their impacts in subset of points as in .
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Thus answering our research question , DimView provided an overview of impacts

features and the quadrant and aggregate views allowed the comparison of multiple features

as in our as well as .

In this example, we are using seeds data [1] which has 179 points and 7 features. Fig 5.9 A

shows the projection generated by t-SNE. The projection of seeds data in fig 5.9A shows that

Figure 5.9: Overview of seeds data with projection (A), DimView (B) and histogram (C) of
average magnitude of feature gradients

there are two distinct clusters: ClusterX and ClusterY. So we need to answer the following

question:

With the overview of the DimView, as in , we can see the gradients generated by each

feature. In some cases, the most prominent features may not immediately become apparent

immediately. Since the histogram also provide the average magnitude generated by each

feature, let us explore the most impactful features in the projection.
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