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Abstract— The integration of artificial intelligence/machine learning 
(AI/ML) with visualization techniques is emerging as a transformative 
paradigm for analyzing high-dimensional data for getting trust in the 
AI/ML predictive models. By bridging computational analytics with 
human-centric visual reasoning, a new Visual Knowledge Discovery 
(VKD) field focuses on addressing critical challenges in 
trustworthiness, interpretability, and cognitive augmentation for 
AI/ML. While classical orthogonal Cartesian coordinates have been a 
backbone of science for 400 years, they visualize only 2D or 3D data. 
Parallel Coordinates partially removed this limitation. The key new 
opportunity is in a lossless visualization of high-dimensional data with 
capable graph-based General Line Coordinates (GLC). This paper 
presents: (1) AI/ML model trust traits with the role of 
interpretability among them, (2) model interpretability and 
explainability approaches in the context of linear explanations 
and their controversy, (3) linear model explainability measure 
with abilities to generalize it for non-linear models, (4) visual 
knowledge discovery paradigm to foster trustworthy models, 
and (5) an outline of future work. 
 

Keywords—visual knowledge discovery, classification, clustering, 
hyper-rectangles, general line coordinates, glyphs, shifted paired 
coordinates.  

I. INTRODUCTION 

AI/ML and Visualization domains benefit from their 
integration supporting users in multiple aspects. For the 
AI/ML this transformative paradigm gives users the ability to 
analyze high-dimensional data and models visually to get user 
trust in the AI/ML predictive models and to deploy models. It 
includes dealing with critical challenges in model 
trustworthiness, interpretability, and cognitive augmentation 
for AI/ML with visual means.   For visualization it is a notable 
enhancement for users to (1) automate visualization 
generation with prompts in a natural language and (2) to deeper 
visual reasoning and analytics. An umbrella term Visual 
Knowledge Discovery (VKD) [1] is used now for this 
integrated interdisciplinary field of AI/M and visualization.  

On the technical side the VKD challenges are in visualization 
of high-dimensional data in 2-D or 3-D without loss of n-D 
information.  Classical orthogonal Cartesian coordinates have 
been a backbone of science for 400 years, but they visualize 
only 2D or 3D data. Parallel Coordinates [2] have been the first 
step to lifting this limitation for some types of data.   A wider 
set of methods is now emerging in VKD. The new opportunity 
here is in a lossless visualization of high-dimensional data with 
emerging General Line Coordinates (GLC) [1].  

The ML process fundamentally involves a user, who needs to 
trust and accept a model and its explanation to employ it 
confidently. A long time ago Donald Michie [3,4] formulated 
three very relevant requirements:  
● ML improves predictive accuracy with more data. 
● ML provides a hypothesis (model) in symbolic 

comprehensible form.  
● ML teaches the comprehensible hypothesis to a human 

who then performs better than the human studying the 
training data alone (Comprehensibility).  

Integration of AI and visualization is an important avenue to 
meet these requirements, making human operation with these 
concepts implementable, which is the focus of this work.    

This paper is organized as follows. Section II presents 
AI/ML model trust traits with the role of interpretability  among 
them. Section III illustrates model explainability and 
interpretability approaches in the context of linear explanations 
and their  controversy. This includes the proposed linear model 
explainability measure. Section IV presents Visual Knowledge 
Discovery paradigm to foster trustworthy models. Section V 
concludes the paper with its summary and an outline of future 
work. 

II. AI/ML MODEL TRUST TRAITS  AND EXPLAINABILITY ISSUES 

A. Model trust traits   
The NIST AI Trustworthiness Framework codifies key trust 
traits such as validity, safety, reliability, security, 
interpretability, explainability, transparency, privacy, and 
fairness as essential guidelines for trustworthy AI systems [5] 
Thus, trustworthy ML requires a multidimensional evaluation 
framework integrating robustness, interpretability, fairness, 
safety, user interaction, and transparency [6]. 

Fairness addresses bias and the prevention of discrimination 
against subgroups [7] Robustness measures a model’s stability 
against noise and adversarial inputs [8] Confidence and 
calibration ensure that the predicted probabilities accurately 
reflect the true likelihoods [9] Interpretability involves 
understanding model decisions via feature importance rankings 
and explanations aligned with domain knowledge [10]. Safety 
and security ensure models behave reliably under adversarial or 
edge cases [11]. Transparency and accountability measure a 
system’s understandability and auditability [12]. 

The FRIES Trust Score combines fairness, robustness, 
integrity, safety, and explainability into a consolidated metric 



[13]. User behavior and interaction metrics in real deployments 
offer additional trust signals complementing technical 
measures [14].   

B. Challenges of Explanation of Black-box Models   

From the user perspective explanation of current black-box 
machine learning models is one of the major issues that limit 
deployment of the ML predictive models as trusted systems. 
The attempts to address it range from explaining black-box 
models to building interpretable models in the first place. 

Initially Explainable AI (XAI) was focused methods to explain 
black-box AI/ML predictive models with methods like LIME 
[15] and SHAP [16] with simple bar chart visualizations. 

Later important deficiencies of these first-generation 
explanation methods were revealed with introduction of the 
quasi-explanation term for deficient explantion methods and 
models [17]. This motivated a demand for the second 
generation of explanation methods to explain explanations 
including explaining explanations visually as appealing for the 
users.  Thus, new visual methods emerge to help domain 
experts to become key players in model discovery, explanation, 
and “explanation” of explanations without being ML experts.  

C.  Fundamental Explanability  approaches 
There are two competing fundamentally different 
explainability/interpretability approaches in Machine Learning.   
Approach 1: Build an accurate intrinsically explainable 
model [18] in the first place, such as self-explained decision tree 
and logical rules. 
 Approach 2: Explain accurate shallow and deep black-box 
models [15,16], such as Support Vector Machine (SVM), 
Random Forest (RF), some linear models, and Convolutional 
Neural Networks (CNN). 

 

These approaches are illustrated and contracted in Figure 1. In 
Figure 1 some linear predictive models are listed in the 
category of the black-box model, while often linear models are 
considered as very interpretable models due to their simplicity 
considering their coefficients as feature importance [e.g., 19]. 
The statements about interpretability of linear models are well 
presented in data science publications, tutorials, and surveys 
like “Linearity leads to interpretable models”, “…linear 
equations have an easy-to-understand interpretation on a 

modular level (i.e., the weights)” [19], “One way to achieve 
interpretability is to use interpretable models, such as linear 
regression, logistic regression and decision trees” [25], and 
“…we design partial linear models that are inherently 
interpretable.” [22].  

Below we show the weakness of this popular view. That 
popular view has a limited conditional basis for data with 
homogeneous features, which have the same physical meaning 
as temperature at different time moments. However, in machine 
learning, typical data are heterogeneous with one feature 
measuring temperature and others measuring blood pressure, 
pulse, and so on. This explains crossed “linear model” with a 
question mark in Figure 1 to attract attention to this issue that 
we discuss below.   

There are two categories of linear models: linear predictive 
models and linear explanation models. Linear predictive 
models are often considered as interpretable by default, which 
do not require any further explanation. Respectively, the 
assumption that linear models are perfectly explainable is a 
basis of linear explanation models in many popular methods 
like LIME [15] and their different modifications. This is an 
extreme simplification of the actual situation with linear 
predictive models with important negative consequences as we 
discuss below. Existing model-agnostic explanation methods 
for black boxes like LIME [15] or SHAP [16] can distort the 
original relationships, lead to incorrect and even harmful 
decisions in a high-stakes decision-making tasks [18,20,21,22]. 

II. CONTROVERSY OF BASE LINEAR EXPLANATIONS  

A. Is common acceptance of linear explanations justified?    

A popular way to explain complex black-box models is to 
approximate these models by simple linear models such as in 
LIME (Local Interpretable Model-Agnostic Explanations) [15]. 
The assumption is that a linear model is easily explainable to 
any user without ML knowledge [19]. We just need to tell a 
user that some attribute is the most important because its 
coefficient is the largest one in the linear model. Then another 
attribute is considered as next in importance because it has the 
next largest coefficient and so on explaining the role of all 
attributes. A bar chart visualizes it in Figure 2 to get this 
information easier [23].   

Typically, we have an insufficient number of actual cases 
that are close to the given case. This case is permuted in 
LIME (altering it presumably slightly) and outputs of the 
underlying black-box ML model for these cases are 
computed. Next, (i) these synthetic data are used to produce 
a local sparce linear model, (ii) alterations are discovered 
that change the decision of the local model, and (iii) these 
alterations are considered as most important for the 
underlying black-box ML model for the given case. Defining 
the limits of local area for LIME is difficult in 
multidimensional space without abilities of the user to 
observe multidimensional data and to set up such area.  

 
Figure 1. Explanation approached 
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Figure 2. Bar-chart for LIME model [23]. 

One of the claimed properties of linear models like LIME is 
that they are more interpretable than non-linear models [24]. 
This statement mixes interpretability and transparency as we 
discuss in the next section. Higher transparency does not 
automatically imply higher interpretability.  Next, LIME does 
not take into account causality [24] and is not well justified 
for ML tasks with heterogeneous data [17].  

In summary typical arguments that linear regression models 
should be viewed as interpretable are [26]: (1) linear models 
have simple model structure, (2) linear structure is easy to 
understand, (3) the output of the linear model is easy to 
understand, (4) the weight of each feature represents the mean 
change in the prediction given a one unit increase of the feature, 
and (5) the features with larger weights have more effect on the 
result.  This simplified and rather naïve approach can be 
misleading [26] and even dangerous for high-stake tasks. LIME 
may suffer from inaccuracies or lack of reproducibility [27].  

B. Transparency vs. Interpretability 

Transparency means that the model’s mechanics and data are 
openly available and understandable. Interpretability means 
that the model’s decisions can be explained in understandable 
domain terms that is appropriate for domain experts and/or end 
users, often by tracing input features to outputs. While 
transparency is a prerequisite for interpretability, it is not 
sufficient by itself. A model can be transparent (e.g., open-
source code, clear documentation) but still be difficult to 
interpret if its internal logic is complex or opaque. So, claiming 
linear models as interpretable equites interpretability with a 
much weaker concept of transparency and misleads the users.  

Linear models are structurally transparent (coefficients are 
clearly present in the linear model y=β0+β1x1+β2x2+…+ βnxn) 
this transparency does not guarantee actionable interpretability, 
especially when features are scaled arbitrarily or suffer from 
multicollinearity [28]. Alas, often the methods that provide 
transparency are viewed as explanation methods.  

While warnings have been published, e.g., [17,24,28,29, 49,50] 
the unconditional claims about interpretability of linear model 
continue. Linear models remain dominantly "interpretable" due 
to their computational efficiency, easiness to implement, and 
wide support in software. Their mathematical simplicity and 
long-standing use reinforce the perception of inherent 
interpretability. These claims hamper research to resolve the 
issue for users.  Moreover, Large Language Models harvest 

these incorrect claims and mislead a wide audience based on 
them amplifying the negative impact of this claim.  

Interpretability is frequently treated as a binary property rather 
than a gradable, context-dependent quality, which allows 
linear models to retain their status as "interpretable" by default. 
There are no standardized benchmarks or validation 
frameworks for interpretability, so linear models are often 
accepted without critical evaluation. 

III. EXPLIANABILITY MESURES FOR ML MODEL 

A. Explainability measure for linear midels  

Despite concern about linear models as quasi-explainable [17], 
they dominate as "interpretable" that requires resolution with 
operational, context-based interpretability criteria and, 
validation frameworks [24].  This will help to deploy truly 
interpretable linear models instead of quasi-explainable ones. 
To move from blanket acceptance of linear models as 
interpretable to a nuanced, operational framework, below we 
propose a set of criteria to measure the progress of the models 
to become interpretable.  

We define a Linear Model Explainability Measure (LMEM) 
based on 10 criteria below. Each criterion is assigned up to 10 
points. LMEM can get a maximum of 100 points and can be 
applied for a local or a global linear model. 

1.Operational criteria 
1.1 Explanation is invariant to arbitrary scaling (e.g., inches 

vs. centimeters). Features are standardized. Units are 
domain meaningful. 

1.2 Coefficients are interpretable in domain-relevant units.  
1.3 Multicollinearity is resolved (Correlation between 

features is low. Linear models with high feature 
correlation are more likely non-interpretable).  

1.4 Explanations are with domain-specific causal theories or 
mechanisms (e.g., medical models should reflect 
biologically plausible effects). 

1.5 Areas with compensation property of the linear model are 
discovered and explanation is localized to these areas.  

1.6 Explanations are held under realistic data shifts 
(counterfactual sanity test). 

2.Validation criterion 
A linear model recovers "ground-truth" explanations known 
for benchmark datasets. 

3.Disclosure criteria 
3.1 Possible negative “side effects” of violation of listed above 
criteria on interpretability of the linear model are disclosed to 
the users. 
3.2. The methods used to confirm all criteria listed above are 
disclosed to the users. This includes feature normalization, 
scaling, multicollinearity diagnostics, domain validation of 
coefficient signs, magnitudes and others. 
3.3.  The requirement of certification of the linear model’s 
interpretability is disclosed to the users.  

4. Certification Criterion 



Certification authority is established and disclosed, including 
specific users who can be assigned as a certification authority.  

Below we specify criterion 1.1 that explanation is invariant to 
arbitrary scaling, features are standardized and units are 
domain meaningful. 
• The domain interpretable features are present (originally 

given or extracted from raw data).  4 points. 
• Explanation is invariant to arbitrary scaling (e.g., inches 

vs. centimeters). Features are standardized. Units are 
domain meaningful.  6 points. 

Next we specify criterion 1.2 that coefficients are interpretable 
in domain-relevant units. 
• The order of importance of interpretable attributes as the 

order of coefficients is invariant to unit change (e.g.,  
from inches to centimeters). 3 points 

• Coefficients are presented in domain-relevant units. 3 
points. 

• The invariant order of coefficients is confirmed by a 
domain expert. 4 points. 

Now we specify criterion 1.4 that explanations are with 
domain-specific causal theories or mechanisms, 10 points): 
• The invariant order of coefficients (importance of 

attributes) is explained in the domain terms/knowledge/ 
theory. 3 points. 

• An interpretable model on interpretable features is 
developed like a decision tree, or a set of logical rules that 
accurately approximate a black box model, 3 points. 

• A set of similar cases for a given case to be predicted is 
found in the same class as predicted for a given case, 2 
points  

• A set of rather similar cases for a given case to be predicted 
is found in alternative classes to the class predicted for the 
given case (counterfactual cases), 2 points.  

It is desirable to reach a score of 80% or greater. We would call 
it an Extensive Explanation (EE). In line with this we will call 
the range 60-79% as an Acceptable Explanation (AE) and 
explanation below 60% as an Unacceptable Explanation 
(UE).  Currently only a few of these criteria are confirmed for 
real-world machine learning tasks in the publications that use 
methods like LIME. So far, our informal analysis of the 
explanations with linear models in the literature shows that 
typically linear models are not tested for these 10 criteria or do 
not satisfy them.  This is a topic of future activities.  

B. Expansion of explainability measure to non-linear models  
A Model Explainability Measure (MEM) that is applicable to 
non-linear models can be produced by generalizing LMEM. 
Below we clarify the validation criterion for both linear and 
non-linear models. A set of cases is selected and explained by 
a domain expert answering why the target attribute values of 
these cases should be as stated in these cases.  

The model should recover these “ground-truth" expert 
explanations, which is non-trivial.  We cannot expect that the 
explanation that is natural for a domain expert is readily present 

in the linear and non-linear model. An expert can order 
attributes by their importance for a given case or a set of similar 
cases. If this order is consistent with the order of magnitude of 
coefficients of the linear function, then the linear explanation is 
validated in this part. For non-linear functions the confirmation 
of the experts’ order of attributes is more challenging and can 
fail as the analysis in [28] of the SHAP example from [16] 
shows. Next when expert’s explanation contains other 
components then they may or may not be “recovered” by a 
linear model some other non-linear models too.  

For explanation of a given case x provided by the expert in the 
forms of k nearest cases neighbors {y} from the same class we 
need to find k nearest cases {z} computed independently by k-
NN algorithm and compare {y} and {z}.   A linear model F can 
indirectly confirm the k expert’s nearest neighbors if values of   
F(y) and F(z) are close, but it does not guaranty that {y} and 
{z} will be the same or very similar. When the explanation 
model is a decision tree then y and z should be in the same 
terminal node of the decision tree.   

In the proposed approach the domain experts independently 
offer k nearest cases. It differs from the current practice where 
the expert only confirms or rejects the k nearest cases computed 
by the k-NN without generating own k nearest cases. 

In general, the current practice is offering an explanation and 
asking a domain expert to confirm or reject it. This can be 
biased because a domain expert can be inclined to accept the 
model’s explanation when the accuracy of the model is high. In 
contrast, when the validation cases are selected independently 
this bias is avoided. This is in line with the validation practice 
for evaluating accuracy, where the validation/test cases are 
independent from the training data.  

Generalized Additive Models (GAM) generalize linear 
models by assuming the model F(x) as a weighted sum of 
functions: a1F1(x)+ a2F2(x)+…+ anFn(x) to deal with data, 
which require models that are more complex than linear.  In 
[15] simpler GAM models are considered as more interpretable. 
Obviously, the simplest form of GAM are linear functions, 
where each Fi(x)=xi. As we discuss this can be ill justified 
without producing and analysis the proposed Linear Model 
Explainability Measure (LMEM).  

Thus, insufficiency of simplicity as a measure of 
interpretability is applicable to GAM too. Piecewise linear 
functions [29] have the same interpretability issues as GAM.  
Quantile regression builds sets of linear models to different 
percentiles (subsets) of the training data. While these models 
are claimed to be interpretable, in fact, each of them has the 
same interpretability issues as linear models discussed above. 
They cannot be claimed unconditionally interpretable. 

IV. VISUALIZATION AND VISUAL KNOWLEDGE DISCOVERY 
WITH THEIR ROLE TO FOSTER TRUSTWORTHY MODELS 

A. Background and key challenges  
ML methods use visualization for feature importance by bar 
charts (Figure 2) in LIME and SHAP, and by heat maps to show 



salient features. In general visualization methods visualize data, 
prediction and prediction explanation models. The role of 
Visual Knowledge Discovery (VKD) is wider, which is 
fostering discovering data patterns, features, prediction and 
prediction explanation models. Below we review the current 
VKD ecosystem with associated visualization methods. 

The key challenge of visualization of high-dimensional data is 
that we cannot see naturally them in our physical 3-D world by 
a naked eye in contrast with 3-D physical objects. This led to 
proliferation of Dimension Reduction (DR) methods [30,31] 
like PCA, t-SNE, MDS that convert high-dimensional n-D 
points to 2D/3D points to visualize them, say 20-D data to 2-D 
data. This point-to-point conversion is fundamentally lossy; 
it does not preserve all n-D information when, say 20 numbers 
are converted to 2 numbers. It only minimizes some specific 
losses/distortions, like minimizing the difference of average n-
D distance between points in n-D space and average distance 
between these points in 2-D visualization space.  Literature 
reported significant distortion and studies to discover such 
distortions [32]. Also, it creates new artificial 2-D visualization 
coordinates that are difficult to interpret/explain in the domain.  

Another limitation of DR methods is that they use classical 
orthogonal Cartesian coordinates for visualization. While 
these coordinates have been a backbone of science for 400 
years, they naturally visualize only 2D or 3D data. Parallel 
Coordinates [2] (Figure 3a) have been a first step to lifting this 
limitation by removing requirements of (1) orthogonality of 
coordinates, (2) common origin of all coordinates, and (3) a 
single 2-D/3-D point that visualizes n-D point.  

The challenges with high-dimensional data in AI/ML include 
inability to observe high-dimensional data together and loss of 
high-dimensional information by using Dimension Reduction 
(DR) methods.  It leads to less accurate and reliable decision 
models derived from DR. Ability to mitigate loss of high-
dimensional information caused by DR are limited as formally 
established by the Johnson-Lindenstrauss Theorem [1].   

B. General Line Coordinates  

General Line Coordinates (GLC) [1] are a family of 
coordinate systems designed to visualize and analyze high-
dimensional data in two or three dimensions without 
information loss. By extending known coordinate systems such 
as Cartesian, Parallel, and Radial coordinates, GLC enables 
bijective mappings between n-dimensional (n-D) data points 
and their 2D/3D representations. This approach addresses 
critical challenges in ML, and information visualization in 
preserving data fidelity while enabling human interpretation.  

GLC paradigm leverages graph-based visualization strategy 
in contrast to traditional point-based dimension reduction. This 
enables: (1) preservation of all high-dimensional information 
without corruption, (2) visualization and analysis of high-
dimensional data within these graph-based spaces, and (3) 
retention of high-dimensional details in explainable forms 
suitable for domain experts. In contrast, point-based DR 
methods bring information loss and limited interpretability. 

The graph-based GLC methods convert n-D points to graphs 
with several points per graph preserving all n-D information.   
GLC include Parallel Coordinates (PC), Radial Coordinates 
(RC), Collocated Paired Coordinates (CPC), Shifted Paired 
Coordinates (SPC), Paired Radial Coordinates (PRC), In-line 
coordinates (ILC), Circular, Elliptic, Concentric, n-Gon, etc.  

A recent review of time series visualization [33] stated “a lack 
of proposals for entirely new graphical metaphors” referencing 
only [34] (2008) as really innovating that extend parallel 
coordinates. Other current works only join exiting metaphors 
and interactive tools [33]. This shows importance of the GLC-
based approach as bringing new graphical metaphors.   

The main idea of General Line Coordinates is that they do 
not require a common center to be orthogonal in contrast with 
classical orthogonal Cartesian coordinates. GLC can be located 
everywhere in the visualization space, be collocated, shifted, at 
different angles and curvilinear with locations dependent on 
other coordinates.  Points on coordinates represent values of 
attributes of cases, e.g., patients. These points are connected by 
directed edges forming a graph for each case.  See Figure 2 for 
4-dimensional health data of the patient at 4 moments. In Figure 
2a coordinates do not have a common origin but are parallel 
forming Parallel Coordinates. 

In Figure 2b two Cartesian coordinates are shifted forming 
Shifted Paired Coordinates (SPC).  This shift is specially 
created to make the target 4-D health state a single green dot, 
as its projections to SPC show.   

B.Examples of visualiation and learning tasks with GLC 
Below we demonstrate other GLC with their use. Collocated 
Paired Coordinates (CPC) [1] re shown are in Figure 3b t in 
comparison with parallel coordinates in Figure 3a. In CPC two 
pairs of Cartesian coordinates are collocated. The first pair 
(X1,X2) and the second pair (X3, X4) are in the same places. 
These 4 attributes are attributes of 23 Challenger flights that 
preceded the Challenger disaster.  CPC visualization has a 
significant advantage over visualization in Figure 3a. Figure 3a 
does not draw attention to risky situations like the Challenger 
disaster flight. In contrast Figure 3b in CPC shows three risky 

 
 

  (a) Parallel Coordinates. (b) Shifted Paired Coordinates.  
Figure 3. 4-D health monitoring visualization on Parallel Coordinates (a) 
and Shifted Paired Coordinates (b) with attributes: systolic blood pressure, 
diastolic blood pressure, pulse, and total cholesterol at four moments.  In (b) 
The green dot is the desired goal state, the red arrow is the initial state, the 
orange arrow is the health state at the next monitoring time, and the light 
green arrow is the current health state of the person [1]. 
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situations, as two horizontal arrow and one arrow that goes 
down, while all arrows for less risky situations go up [1].   

 
(b) Parallel coordinates (each line is a flight). 
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(b) Collocated Paired Coordinates. 

Figure 4. Challenger USA Space Shuttle normalized O-Ring dataset of 23 
flights before Challenger disaster in parallel coordinates and collocated 
paired coordinates [1].   

Figure 5 [1] visualizes dynamics of financial trading data 
in 2D and 3D in collocated coordinates for trading 
decisions. Each arrow in (a) shows change of values of two 
attributes from time t to time t+1 capturing 4-D data. Each 
pin in (b) shows time change of 3 attributes as 6-D data. 

C.Explaining Explanations Visually 
Often explanation methods for ML models need explantion of 
their explantion for better understanding by domain experts and 
end users, to make explanations more complete, and to convert 
quasi-explanations into true ones [17]. Traditional 
visualizations only illustrate explanation by showing 
importance of attributes or pixels with bar charts and heatmaps. 
They do not explain why some attribute is of higher importance 
than others.  Here VKD and GLC methods are notably useful, 
as they enable us to trace, visualize, and make sense of the 

explanation. Figure 6 shows an example with GLC-Linear 
[1,39] where the attributes of higher importance have smaller 
angles and larger projection to the horizontal line showing their 
larger input to the value of the linear classifier.  

 
Figure 6. Wisconsin Breast Cancer data in GLC-L with 98.1% accuracy 
Attribute importance is shown by smaller angles to horizontal line. [39] 

The hyperblock visualization in parallel coordinates is another 
example. Figure 7 shows why new black cases are classified 
into class C. It is visible that those cases are fully in the 
hyperblocks that contain only training cases of class C.  

 
Figure 7. Visual explanation of classification of black cases with 
visualization in Parallel Coordinates for a hyperblock classifier [39] 

D. Capabilities  of VKD ecosystem based on GLC 
The VKD ecosystem with GLC consists of traditional ML 
methods and VKD methods that can work in concerts. Table 1 
lists major VKD/GLC concepts with references and 
abbreviations. Table 2 enumerates major classification and 
clustering ML methods with applicable VKD/GLC methods.  
Table 3 presents meta level ML techniques to enhance ML with 
VKD/GLC methods. Table 2 and 3 use abbreviations listed in 
Table 1. Examples below illustrate combining ML and VKD.  

Example 1. Building and visualizing decision trees by using 
Shifted Paired Coordinates (SPC) and Bended Coordinates [35] 
where users can: (1) visualize in detail a decision tree built by 
any ML method, (2) trace given n-D cases losslessly, (3) adjust 
and (4) build a decision tree interactively.  

Example 2. Analyzing additive models (linear, quadratic, 
generalized additive models) and support vector machine with 
GLC-Linear (GLC-L) [1]. The GLC-L benefits are: (1) seeing 
all n-D cases losslessly; (2) seeing these cases relative to the 
classification threshold; (3) using (1), (2) to improve the 

 

 

 
 

(a) 4-D data in CPC in 2-D. (b) 6-D data in CPC in 3-D. 
Figure 5. Trading data in time sequence (t, t+1) in CPC. Green and red boxed 
show areas of positive and negative trading conditions. 
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X2, X4 



classification threshold interactively, and (4) using (1), (2) to 
improve model coefficients interactively. It offers lossless data 
and model visualization. To the best of our knowledge this is 
the only available method with this capability. 
Table 1. VKD and GLC concepts  

VKD and CPC Concepts  Abbreviation 
Visual Knowledge discovery [1] VKD 
General Line Coordinates [1] GLC  
Full 2-D Machine Learning Paradigm [44] Full 2D ML 
Computational and Interactive Visual Learning [36] CIVL 
Parallel coordinates [1, 2] PC  
Radial Coordinates [1] RC 
General Line Coordinates – Linear [1, 39] GLC-L 
Collocated Paired Coordinates [1, 55] CPC 
Shifted Paired Coordinates [1, 35, 38, 52] SPC 
Shifted Paired Coordinates for Decision tree [35] SPC-DT 
Bended Coordinates for Decision Tree [35] BC-DT 
Stick Figures [1, 37, 38] SF 
Combined SPC and Stick Figures for Glyphs [1, 37, 38] SPC-SF 
Concentric Coordinates [48] CoC 
Concentric Coordinates for k-Nearest Neighbors [48]. CoC-kNN 
Elliptic Paired Coordinates [43] EPC 
Dynamic Circular Coordinates [46] DCC 
Static Circular Coordinates [43] SCC 
Dynamic Scaffolding Coordinates 1 [45]  DSC1 
Dynamic Scaffolding Coordinates 2 [45] DSC1 
In line Coordinates [1,44] ILC 
Sequential Rule Generation Algorithms [41] SRG 
Monotone Boolean Function [41, 51,54] MBF 
MDF Multiple Disc Form visualization [51.54] MBF MDF 
Monotone Ordinal Expert Knowledge Acquisition [51] MOEKA 
GLC Divide & Classify Process [36] D&C 
Combined SPC with several CPC [55] SCPC 

Table 2. Classification and clustering ML methods with VKD/GLC methods. 
ML methods GLC methods 
Decision Trees (DT) SPC-DT, BC-DT [35] 
Generalized Decision Tree DT with nodes as logical rules [36]. 
Additive classifiers (Linear, 
Quadratic, Generalized Additive) 

GLC-Linear (GLC-L) [1], Divide & 
Classify (D&C) [36] 

Support Vector Machine (SVM) GLC-Linear [1] 
k-Nearest Neighbors (k-NN) SPC-SF Glyphs [37,38], CoC [48] 
Convolutional Neural Network  CPC [42], GLC-L [1] 
Hyper-rectangles, hyperblocks 
(HBs), hyperboxes, boxes 
algorithms 

HB algorithms [1, 39, 40,41], GLC-
L [1], HyClu, HyCl [37, 38], EPC 
[43], ILC [44]  

Classifier for categorical & mixed 
data 

SRG0-SRG5 methods, MDF search, 
frequency-based visualization in PC 
[41], 3-D SPC [52, 53]   

Boolean and k-valued logical 
rules  

MDF [54], MOEKA [51], SRG0-
SRG5 [41], 3D SPC [52] 

Classifiers for data with missing 
values  

Visualization in Parallel Coordinates 
[40] 

Example 3. Visualizing and analyzing k-nearest neighbors (k-
NN) method: where given case A to be predicted is visualized 
along its k-NN by a selected GLC method. For example, in 
Concentric Circular Coordinates (CoC), case A is visualized as 
a straight vertical line with its k-NNs next to it making 
comparison and analysis of these cases easier. This 
visualization is reached by rotating CoC [48]. 

Example 4. Representation learning process where the 
automated generation of features or embedding vectors from 
raw data replaces manual feature engineering.  VKD and GLC 
expands it to the visual form of glyphs. Users can analyze and 

classify cases as interpretable glyphs visually without 
computations beyond homogeneous raw input data [37,38].  
Table 3. Meta level ML techniques to enhance ML with VKD/GLC methods.  

ML tasks and methods GLC methods 
Worst-case accuracy estimates  GLC-L, PC, DSC1, DSC2  [45 ] 
Labeling data  SCC, DCC [46] 
Generating synthetic data  SCC, DCC [46], D&C [36] 
Convert tabular data to images 
for classification by CNN 

CPC [42], GLC-L [1], SPC-SF 
Glyphs [37.38] 

Representation/feature learning  SPC-SF Glyphs [37.38], GLC-L [1]  
Dimension reduction  Minimized HBs   2025 Aus 
Model boosting  Divide & Classify (D&C) process and 

boosting models with FoL rules [36]. 
Transparency of models GLC-L [1] 
Explainability of models Boolean models [51], mixed models 

[41, 52]. Linear models [1], 
Hyperblock models [39] 

Trustworthiness of models  Model sureness metric and VKD with 
decreased training data [6]. 

Concept drift for n-D time series  Combined SPC with several CPC [47] 
Class summary view Glyphs [37.38], HB edges [39-41] 

V. CONCLUSION 

AI/LM integration with visualization is presented in the form 
of emerging Visual Knowledge Discovery ecosystem that is a 
set of interconnected algorithms, software projects, platforms, 
APIs, and stakeholders that co-evolve around a VKD shared 
technological base. Interpretable ML algorithms and lossless 
visualization of high-dimensional data are the core of VKD for 
the end users to discover trustworthy models. The paper 
presented VKD paradigm to foster trustworthy models. This 
includes the model interpretability issue with the proposed 
linear model explainability measure (LMEM) and abilities to 
generalize it for non-linear models. The focus of the future 
work will be exploring further alternative methods, 
simplifications, attribute encodings, larger dimensions and 
algorithmic enhancements to optimize user experience.  
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