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A linear model for multidimensional Big Data
visualization
Vadim Grinshpun

Abstract
The author introduces and analyzes a model that allows organizing visualization of primary linear constructs such as interval,
simplex and polygonal lines in multidimensional space.
Keywords: computer science, big data, data visualization,
multi-dimensional data, exploratory data research.

1

Introduction

There are a number of well-known methods to visualize multidimensional data. There are Andrews plots, Bergeron’s or Wong’s model,
Zinoviev model as well as Klaft, Barrett and Kleiner-Hartigan, and
every one of them introduces their own unique mechanism for data
visualization [1]. However, every method has its own limitations, narrowing the field of direct applicability. For instance, the Bergeron’s
model visualizes the wave lines and the time interval for a single frequency [2].
Graphical methods are especially helpful during the Exploratory
Data Research (EDR) of the large sets of multi-dimensional data and
the clustering problems, enabling the analyst to discover patterns and
relationships hidden in the data set. The main advantage of the modeling data as a multi-dimensional set of points or observations is the
convenience and effectiveness of analyzing a big volume of data, particularly when applied to a time-series. The problem with such model
is its bulkiness and poor suitability for simple tasks of the operational
data processing [3].
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2

Model Definition

Theorem 1. As a basis for visualization of the multidimensional data
a linear modification of a multidimensional observation H into twodimensional curved line LH (t) is used, so H approximates LH (t) : H ↔
LH (t), with the provable condition that the values of the dimensional
attributes of observations H and X correspond to graphics LH (t) and
LX (t) that visually appear near each other, reflecting the relative closeness of H and X . Conversely when these values are relatively distant,
the graphical lines will appear to be far apart.
Proof Theorem 1. For the analysis of the proposed method we
will use the most general system of data presentation. Let’s pick a
vector H in P n – a space with finite number of dimensions.
H = (h0, h1, h2, h3, . . . hn − 1) ∈ P n.

(1)

To create the visualization of the vector we have to create a basis for
transformation as a set of orthogonal functions {ϕ(t)} → ∞. Legendre
orthogonal polynomials can be applied on a 0 to 1 interval, set of which
can be shown as ζ(t) → ∞. In this case the vector H with coordinates
(h0, h1, h2, h3, . . . hn − 1) ∈ P n corresponds to the following function:
EH(t) =

n−1
X

Hi Li (t).

(2)

i=0

Conversion of the vector H is accomplished by conversion of its
multidimensional data. In order to characterize the observable multidimensional object its coordinate values play a significant role. In the
extreme cases, each coordinate should have its own measurement defined, and its value should affect the appearance of the Eh (t) function.
To exclude the influence of the individual measurement types over the
Eh (t) function, it is necessary to switch to a neutral set of values, by
using one of the known methods.
It should be noted that the of inclusion of the dimensional values in
vector H also can influence the look of the Eh (t) function. To justify
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the order of inclusion of these characteristics in certain applications, an
expertise determining the “informativeness” (the degree of influence)
of each individual one can be performed, accompanied by an analysis
of the optimal sequence of inclusion of these characteristics into the
vector H [4].
Let’s introduce a second vector into the model:
X = (x0, x1, x2, x3, . . . xn − 1) ∈ P n

(3)

and its corresponding function:
Ex(t) =

n−1
X

Hi Li (t).

(4)

i=0

And now we can transform two points H&X from the Pn space, into
the graphical view of their representative functions Eh(t) and Ex(t)
(Fig.1).

Figure 1. Visualization of H&X from the P n space.
When we consider H&X to be vectors, with the beginning located
at the beginning of the coordinate system selected for the P n space
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– then the relative proximity between all points in the P n space becomes definitively tied to the graphical representations of their corresponding Eh(t) and Ex(t) functions, with axes values defined as
h0, h1, h2, h3, . . . hn − 1. By introducing a variable, we can create an
equation:
C(C) = (1 − c)H + cX = ((1 − c)h0 + cx0, (1 − c)h1 + cx1,
. . . (1 − c)hn1 + cxn1.

(5)

From which obviously follows C(0) = H and C(1) = X, which
can be viewed as a definition of a multidimensional “straight” line
connecting H&X in the P n space, and we can use the expression like
(5) to represent a multidimensional segment HX:
HX = (1 − c)H + cX, where ∈ [0, 1].

(6)

Assuming “c” represents the distance in the P n space, the equation
(6) can be shown as the proposed model:
EHX (c) =

n−1
X

(1 − c)Hi Li (t) + cxi Li (t).

(7)

i=0

This function has two arguments {c, t}, which allows us to get a
graphical function Ehx(c) = Ehx{c, t} that visually represents the
HX segment, as shown in Figure 2.
When defined over the [0, 1]/[0, 1] square, it is possible to produce
a smooth surface based on (7), that corresponds to an analytical expression (6) that represents a multidimensional segment HX [5] QED.

3

Sample Application

To test the model, we will apply it to a sample set of multidimensional objects with the following values: H1 = {1, 0, 0, 0}, H2 =
{0, 1, 0, 0}, H3 = {0, 0, 1, 0}, H4 = {0, 0, 0, 1}, and transform them
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Figure 2. Visualization of smooth surface, corresponding to the HX
segment from the P n space
using polynomial matrices


1 0
→ 1 ∗ l0(t) + 0 ∗ l0(t) + 0 ∗ l2(t) + 0 ∗ l3(t)
0 0


0 1
→ 1 ∗ l0(t) + 0 ∗ l0(t) + 0 ∗ l2(t) + 0 ∗ l3(t)
0 0


0 0
→ 1 ∗ l0(t) + 0 ∗ l0(t) + 0 ∗ l2(t) + 0 ∗ l3(t)
1 0


0 0
→ 1 ∗ l0(t) + 0 ∗ l0(t) + 0 ∗ l2(t) + 0 ∗ l3(t)
0 1
and get the general formula

E=




f0 f1
→ f 0 ∗ l0(t) + f 1 ∗ l0(t) + f 2 ∗ l2(t) + f 3 ∗ l3(t).
f2 f3

The polynomial argument {t} is the characterization of the composite
representation and has a value, but no measure. Vector E cannot
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be shown in 3D, and therefore it is being substituted with a 2D line
E1(t) [6].
Let’s see what the graphic would look like for the following 10dimensional values.

Figure 3. Visualization of H : 54, 1, 18, 2.6, 6.4, 0.2, 4.7, 8, 3.3, 2 in the
P n space
When these two graphics are joined, it becomes very clear that
they not only look very similar, but are very close to each other in the
dimensional points, indicating that the original raw observations are in
close proximity in the Pn space as shown in Figure 5.
The more indistinguishable are the graphical representations of the
raw observations, the closer to each other are these observations in
their original space, as the multidimensional points are bijected into
their corresponding graphics.
It is possible to visualize many interesting characteristics, by reproducing the Figure 5 graphics in 3D, by defining a Z-order as the
distance between the points in the P n-space or the time-interval between the observations. The P n-space distance or the time interval
can be measured in any applicable way and scaled to fit the relative
distance into the graphic, which makes it possible not only evaluate
334
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Figure 4. Visualization of X : 50, 1, 19, 2.4, 6, 1, 5, 3.8, 8, 3, 2.5 in the
P n space

Figure 5. Proximity visualization of H&X from the P n space.
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the static characteristics of the observation data, but to view some of
the changes dynamically [7].

4

Model Optimization

In linear transformation of H ↔ FH (t), using the segment between
the multidimensional observations H&X, we obtain a corresponding
surface, that ties the projected observations. Every line representing
observations with intermediate values (observations that belong to the
[H; X] segment in P n space) will appear on that surface [6]. Let’s
consider Figure 6.

Figure 6. Proximity visualization of H&X from the P n space.
In order to compare the observations in greater detail, particularly
in the case of the heterogeneity of the units of measurement of the various data characteristics, a traditional modification mechanism should
be applied:
• Normalization – to be applied to express the results in a coherent
system of measurements;
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• Standardization – to be applied to enable comparison of the data
characteristics with variant attribute distributions and/or different units of measure [8];
Currently there are numerous programmatic and algorithmic visualization tools for multidimensional data structures. However, quite often
basic visualization technique cannot be directly applied to a task at
hand, since the researchers are usually interested in some very specific
properties of the data that cannot be identified using standard approaches. Cases like these, call for development of the specialized types of
presentation, focusing on the specific requirements of task at hand.
So, the developed model (6) of multidimensional data visualization
demonstrates that the proposed approach holds promise in the area of
analysis and representation of raw multidimensional data.
The particulars in the model selection process and the characteristics of its generation depend on the specific expectations of the outcome
of the research. To formulate the task, it would be more reasonable to
produce a limited and compact model. For example, an exponential
function or a spline with two or three junction points. If we consider a
forecasting model, there are no severe restrictions on the function’s look
and feel, with the one and only requirement being the authenticity and
immutability of the prediction, when extrapolating the multidimensional data. However, the same principle of searching for the best model
by the way of self-organization applies in all cases.
The essence of the development process of the model of optimal
complexity by means of model’s self-organizing is contained in its gradual organizational identification, i.e. setting of the model’s optimal
structure and isochronous analysis of its characteristics. In the cases
like that, the specific sets of models of varied complexity are generated,
and the best of them are identified based on a given rational indicator
of regularization.
Figure 7 shows the selection of the criteria for the optimization of
multidimensional data [9].
An important question in the research of multidimensional data
visualization is the analysis of the relationships between data point’s
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Figure 7. Selection of models for development of multidimensional data
set optimizations for application in visualization techniques
individual characteristics and its effect on the overall informational
content of the data set.
When considering the Bergeron and Wong models (Figure 7) it is
important to note that when applied they produce the same effect on
a given data-set. Because of it the following statement can be referred
to as the “Bergeron-Wong” theorem.
Theorem 2. Full linear big data model, used for the synthesis of the
selected multidimensional predictive collections is dependent on the processes characterized by the multicollinearity, neural networks and robust
statistical methods applied against large volumes of data for targeted selection of the most informationally significant data attributes.
Proof Theorem 2. The specifics of the Bergeron Model lie in
its applicability to the large volumes of data calculation methods with
multicollinearity. The model looks as follows:
a · ∗vm
∆v =
g
a· = ab + Dh
ab · ∗vm
∆v =
g
b· = −(ab + Dh)
(8)
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This model demonstrates that the visualization problems of information spaces may be resolved by application of the self-organizing
modeling described in Figure 7: through various transformations with
targeted selection of the informational value of the attributes, breeding records’ observed indicators, neural networks and robust statistical methods applied against large volumes of data for targeted selection
of the most informationally significant data attributes [2].
Wong’s model corresponds to the same representation however it
works from the large data sets to the minimalistic ones [11]. The
Wong’s model can be represented as follows:
∆ = −gm ∗ ∆t =

−gt − ∆r + gt
∆t.
2

(9)

The formulae for Bergeron’s and Wong’s models shown above represent a complete linear spatial model for the large sets of data, used
for the synthesis of the selected multidimensional predictive collections. Thus the self-organizing approach based on the above statements
allows constructing methods and models developed for a specific set
of large multidimensional observations. Also it is representable as a
collection of the high-level polynomials, through the application of the
model connection technique [2].
∆ = a0 +

m
X

ai gi +

i=1

m
m X
X
i=1 j=1

ai aj gi gj +

m
m X
m X
X

ai aj ak gi gj gk + m . . .

(10)

i=1 j=1 k=1

The key issue in such complex structures based on the very large
data sets is to cull the (9) by removing the low-information data attributes, that prove largely irrelevant and to leave a necessary and
sufficient number of most meaningful attributes.
The complexity of the model being analyzed is considered optimal
when the model remains adequate for the stated purpose with the fewest
number of attributes used to comprise the transformed model [7]. Let’s
illustrate this statement with the Figure 8
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Figure 8. Graphical representation of the combined model
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5

Conclusion

In conclusion, it is important to point out that the data visualization
methods are necessary to answer the data interpretation questions,
however to determine all the characteristics of the data, manage its
size and complexity and eventually reduce the time it takes to develop
the answers, these visualizations methods must be preceded and often
augmented by the non-visual means of analysis and interpretation of a
given set of data.
The more general outcome of this analysis is a methodology for
accounting of the group’s characteristics, that can be viewed as the
linkage between a variety of methodological concepts and can be depicted through modern methods of artificial intelligence [12]. In continuation of this research an original program module will be developed.
That model shall implement a generalized multi-faceted algorithm for
visualizations of big data with its attributes described and optimized
through a set of linear functions, implementing the reflecting “distances” between the attributes at every step of the subset selection.
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