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Overview

Here is a new and very different way to learn fronadatiependent of semantic meanings associated with
that data. The technique is accurate and simple anpeiiiciples are learned. The measures used work for
individual patients and for sets of new patients or casdsvork from any given data.

Discovering relationships in data is typically done usingssizdl analyses [1]. Supervised Learning is
the discipline of finding relationships involving training datal Unsupervised Learning is discovering whatever
relationships exist in the data itself. This new amedytechnique accomplishes these same Learning objebives
first characterizing the data to create:

1. Matched groups of values in each variable,

2. Theprobability that each of those groups of values occurs (in thatetgtas

3. Statisticallystandardized values of the raw data,

4. Numeric names of thmtterns of the values in that data,

5. Numeric names of thmatterns of the probabilitiesin that data.
The patterns are named and summarized for each donesfdts database. The dimensions of a relational
database are its horizontal, vertical, and relationa¢d&ons connecting all subsets of data in that datalase. |
tensor notation, these dimensions are the dimensions a@frbart When working with 2D spreadsheets, these two
dimensions are the dimension of columns and the dimensianvesf r

Scatter plots reveal internal relationships in the chanaed multi-variate data. There are no concerns
about minimum or maximum number of variables and ca8eslytical accuracy is achieved for the data as
submitted. The number of variables in a 2D spreadshé® number of columns and the number of rows is the
number of cases, or patients, or instances of aniexgar Data ranging from 2 columns to 55,000 columns and
from 6 rows to 64,000 rows has been analyzed using just & &@er sized data can also be handled with the
same programs.

Once the data is characterized and visualized, thee gtep is to measure it. Classical mathematical
measures applied to the characterized data are:

1. The vector-sum of each characterization of the dagaah of the dimensions of its relational
database [2],

2. The Shannon Information measure [3] of each charactienza

3. Algebraic proximities of each characterization in refé\subsets of the data,

These measures summarize each characterizatiorvettoe-sums (vector-fused resultants) of multi-
variate data, when scatter-plotted, display the relglips in the characterized data. Linear, circular,icialal,
or hyperbolic relationships are displayed as those geamelationships when such relationships exist in the data.
If non-linear (and 1:1) relationships exist in the multi-agridata, the shape of the non-linear relationship is
displayed as a line of that shape. If 1:1 relationships dexmsitin the multi-variate data, clouds of vector-fused
resultants are displayed much as clouds generally appstatistically analyzed data. In these situations,
proximity measures applied to the vector-fused resultanttipe point-by-resultant-point conditional probability
measures for the likely associations of each point iclthed. Shannon Information produces even more precise
measures of the relationships of individual cases wigsekof training data outcomes.

A specific application of Shannon Information to colorkectacer gene-expression data [5] has shown
99% accuracy in predicting individual survival beyond 36 morih416 patients each characterized by the
pattern of the data giving the amount of each of 54,676 gemlesiirtumor.

Further analyses using both the horizontal and verticalrdiimies of this data that has 54,676 variable and
116 patients is expected to improve the accuracy and the wardkngt of how and why this Shannon Informaion
measure works so effectively.

Inherent in this work is the step of being able to seealwethe characterized, and the measured data.
Seeing can pinpoint what and where significant struexists in each of these classes of analysis.

Further analyses are expected to improve accuracy, knowkeathyeppreciation of where and how to apply which
characterization and measure to specific kinds of data.



Background: seeing data

Multi-variate data can be seen or visualized using a t#er Diagram such as is provided in Excel.
Figure 1 uses one perspective angle putting each column {@blequof data values “in perspective” and thereby
displays all 6 variables in one 3D perspective drawing. iFsiefigure in the Appendix is another way to see all of
one’s data using Excel. Vector-fusion [2] then shows how tth&eeector-sum measure of multi-variate data in
one 3D perspective drawing by using a different perspective &orghe values of each variable. The challenge
to see large data sets is merely size: deciding what attifacts to use to see huge data in one view.
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Figure 1. Excel Chart of 20 values each in siedsions

In principle, seeing multi-variate data is easy if one dmtsnsist on seeing all variables plotted perpendidolar
each other. Being able to see multi-variate datayphamber of variables, and of any size, is the fiegh
understanding that data.

Background: discovering relationships in data

The second step in understanding data is to see relapienstthat data. The reason for plotting each
variable of data perpendicular to the other variables déscover the (orthogonal)(or independent) relationship
among all the variables. A scatter plot is a 2D orthogplohlof two variables of data; if there is a linear
relationship between those variables, one gets a stiaightif there is a circular relationship, one gets dezirc
The names of classic geometries describe other famsiiggpes. The shape of the locus in a scatter plot describ
the (independent) relationship between the values of itsi@bles of data.

To see the relationship between 3 variables of datayemterizes each variable at’@hd plots the vector
sum of all three variables in 3D orthogonal display spa8®(acattter plot). Figure 1 however is a plot of 6 data-
space variables seen in 2 dimensions of display space usimgl@ perspective angle to represent thediable
in 2D display space. Figure 1 does not show any relatiahsimmng the 6 data variables however. To see
relationships in data, one has to plot the vector-susadh variable, not just the values of each variable in the
data.

Vector-sum-resultants for vectors at angles other #@8nalso capture relationships between the plotted
variables. To see the relationships between 4 variablesvadiata one could vectorize each of the first two
variables perpendicular to each other and plot the nextawables each at a different perspective anglen &Di
of display space. Straight lines in 4 variables arealedeas straight lines in 2D perspective drawings of 4
variable data; circular relationships in 4 variables apasailiptical relationships in 2D perspective drawings wit
2 perspective angles. Ellipses occur because while the asettors are not independent, there is a geometric
relationship between them. Vector-fusion extends the muftgrepective angle idea and vectorizes all variables,
beyond the first two, each at their own different perspeetingte. The 2D scatter plot of the vector-sum of all n



vectorized variables in vector-fused data thus dis@astsape or form of whatever relationship exists infhat
variable data.

Background: properties of patterns in data

The vector-sum of vectorized data is both a name anebzure of the pattern of the values in the n
variables of the data [2]. Vector-fusion is a useful veagapture, in one 2D number, the vector-sum property as a
measure of the pattern of all n variables of dataroweof data. The measure generated by vector-fusion can als
be considered a form of hashing where this hash tgbaies properties of the “not-randomized” values. The
properties captured by the vector-sum include the curvammegthe sampled data points in each column. The
vector-sum is a numerical “name” and a measure fopaktern in the row of data in its many columns that is
functionally derived from the discrete values of dateaioh row.

Background: Statistical Measures.

Essentially the only data mining tools galtemlvailable today have been statistical tools. Stedil
analyses of multi-variate data are complicated affidult to understand and assess [1] Statistical tacds
largely predicated on probability distributions and measurésase distributions. Most statistical tools are
derived assuming the data has a binomial or other mathahdistribution. Most experimental data, at best, only
approximates a mathematical distribution, and the signifeeahstatistical error analyses is often hard to
appreciate. Drawing specific conclusions for individualgreis or cases is typically not attempted in statisit
best, a patient or individual case can be said to béisi ‘fpercentile.

Regression in statistics [1] estimatevectom of parameters for an unknown function
y = f(x,w)+ € wheree has a standard distribution of zero mean and fixeulatd deviation, and
w = (W, W>, W3 ... Wy.1) Where eaclw; is a component vector orthogonal to all other component veators

Training data has a single predictor variable x wiRer&l x. Polynomial regression approximates a continuous
function y with a polynomial:

y =wix " wox M2+ wax M3+ wpaxl + g (1)
This yields a probability that the vector parameterfg f(x, w) with minimum errore.

For comparison, vector-fusion [2] maps a multi-variateéoreg = f(w) wherew is the 2D vector:

w:wleiel+w2ei92+ wMelfm 2)

2M W CosB; +i2p W sSinG,

= (Wsumx, Wsumy)
(SBPx, SBPy ) using the notation from [2].

and each wis the value in each cell of M columns for each rowas¥ data. Each variable (column) of raw data is
assigned its own unique phase an@leand the vector sum of all values i& computed as the vector-fused
resultant of all M component vectors. The vector sum isiggethere is no errarin this mapping. The vector-
sum here corresponds to the linear “approximating function’tatistical analyses. Other values of may
duplicate this vector sum, but there is no error with théovesum “approximating function” itself. In vector-
fusion, the approximating erreris zero.

Mathematical Measures

There are many mathematical measures that have bedopdel/t capture properties of data [4].
Familiar statistical measures are the average, the mediaance, and standard deviation. These kinds of
measures are called intrinsic measures because the meathe selected sample varies with, and is intritesi
sample size.

A different kind of measure called an extrinsic measitesed in thermodyanamics and Information
Theory. This measure uses the arithmetic product of diepility of an event multiplied by the logarithm of



that probability, and sums this product over all evelighermodynamics this measure is called entropy; in
Information Theory [3] this measure is called (Shannoforination. Shannon Information H is computed:

H=- 25 pi*logp )

where Zn pi =1 and pis the probability of an event, and n is the total nunabevents i.

The unit of measure defined by Shannon for H in 1948 was theféroiliar) name “bit”. For comparison with
statistics where the logarithm of pi is a frequent measarinformation Theory, the Informatic&eapacity of a
system (in bits), such as the capacity of a computerameto store Shannon Information as computed by
Equation (1), is the simple logarithm measure of thatrinédion.

Entropy and Information differ by a constant calledtBoln’s constant which was chosen by Boltzman
to give entropy the units of temperature and energy and risenthé measure for the number of events
(molecules) in a standard volume. Shannon entered ntaobns his Information measure and assigned the name
“bit” to the measured value of this sum. Otherwise,agaytiand Information use the same extrinsic measure
(p log p).

One significant property of this (p log p) measure is thgives the same value for a sample as for the
value of the entire set by normalizing the pi for the banof values in each variate. Thus sample size ddes no
matter with this extrinsic measure. This extrinsic propis in important contrast to the situation encered
when analyzing or measuring data as is done typicalhgistatistical measures where are all measures arm base
on averages and medians that are sensitive to sampleTdie probability distribution generated by the pi for
Shannon Information is the exact distribution contained imléta, not an approximation to a binomial (or other)
distribution as in statistics.

Another property of the (p log p) measure is that it measiiserder or uncertainty, not order or
“knowledge”. Maximum (Shannon) Information occurs when mgtlis known about the data; for a given set of
n events i, maximum Information H occurs when each dmga1/n. Thus it is critical to retain all “tiny” or
single occurences of values since there are normathasy of them summed in Equation (3). In most statistical
analyses, outliers and small probability occurences tehd tgnored.

In statistics, data with the most variance is $aide of most interest because it contains the most
“information” [1]. “information” in this usage probably es knowledge rather than Shannon Information, but
the meaning of “information” needs to be carefully unibe&rg when using statistical measures. Statistical
“information” sometimes measures the % of the variaricdatiable to a variable. Shannon Information does not
measure or involve variance. In any case, using dataletmost variance, as is done in Principal Component
Analysis, such data when used in a signal processingappii would mean using the data with the most noise.
In signal processing, one wants to use data with therleégse as being more reliable than data with the most
noise.

In discussing noise, variance, and probability, one shoartveith basic definitions again. Variance
involves differences measured with respect to the mefharintrinsic measure); (discrete) probability usuislly
interpreted to be measured by the ratio of the numbacaeirences of a given type to the total number of all
occurences. Probabilities in statistics are usuallyidered in terms of their mathematically continuous
distributions, such as a binomial or standard distributidmus data in statistical analyses is characterizatsby
named or approxiated probability distribution.

To measure the (Shannon) Information in each variablenfglof a dataset, the probability of
occurrences of identical values in that variable is agegband then normalized such that the probability of all
values in that variable sums to one. This normahzdde of probability for each value in each variabliespi
used in equation (3) above. Then the product (pi * log ppngpeited replacing each value of data in each row
and in each column of the data. The sum by columralifoows in the dataset of m* n cells, is the (Shannon)
Information (measure) H of each column or variableaddd Significantly, blanks (where no data is availahte)
treated naturally and aappropriately as: no datasdolajlmissing data does not affect the probability pi of galue
that do occur.

Application of Shannon Information measure to colon canaedata.
Data characterizing the colon cancer tumors of 116 patiesihg 54676 genes with gene-expression
values of about 9 decimal digits each was supplied by Dr.YBatman of Moffitt Cancer Institute of Tampa



Florida [5]. The analysis he desired was to predictigalref these patients beyond 36 months, as characterized
by their separately known survival life in months. Md#istatistical analyses of this data produced correct
predictions for about 65% of the patients.

The Shannon Information measure for each patient wagutethusing equation (3). The normalized
probability pi of each exact gene-expression value occurirmg@mll 54676 genes in each patient’s tumor was
used to compute the incremental Information value fon eathe 54676 genes. The sum of all 54676 incremental
Information values per equation (1) is the Shannon Informé&tiothat patient. Figure 2 plots the Information
measure H for all patients that survived and all thibaedid not survive the 36 month threshold.
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Figure 2. Shannon Information H for 116 colon cancer patients

One patient that died is incorrectly predicted by thermédgion measure to live beyond the 36 month threshold, an
accuracy of 115/116 or better than 99%.

A second measure using incremental Shannon Informatieaédr gene for each patient was computed as
the Euclidean proximity of (each patient ‘s gene) to then(stincremental Information for all 47 patients), for
each group of 47 patients that survived and for each eftlpatients who did not survive beyond 36 months.
Equal sized 47 patient groups were used for summing inctaheformation per group by gene to provide a
comparable basis for proximity calculations since 47 patidieid and 68 patients lived. Information-proximity
was defined to be the square root of the sum of the stjddferences above, summed over all 54676 genes. This
Information-proximity measure made no errors in predicsunyival beyond 36 months, a 100% accurate
prediction.

Line and Area Relationships

A scatter plot can be points filling an area (as @uater) or a line of points showing a 1:1 relationship
between the values expressed by the axes of the plotsh@ipe of a line relationship defines the shape of the 1:1
relationship beetween the 2 variables being plotted.

An area or cluster relationship can be visually ineffedatiibat no 1:1 shaped relationship between the 2
variables is visually obvious. In statistical analysesious mappings or rotations of the variables are pttsirto
separate the area covered by each cluster to enableatisssoivith the groups of rows (i.e. subsets of patients)
generated by subsets of rows. With vector-fusion, linetioakhips within clusters can be determined that allow
proximity measures to determine nearest proximity to losubets of grouped and identifiable vector-summed
points that are associated with each g roup of rows. dlliws both proximity-association and proximity-
measured-probability ratings for nearest neighbor-to-loalesiations.

Relationships revealed as lines of any shape or proélenare useful and accurate than are area or cluster
relationships. Line loci such as in Figure 2 (and Figurd®ajevhere each line represents a visually separated
grouping of patients or rows, are desired.



Normalizations

In order to equalize the effect of significantly differealue sizes in different variables, various
technigues are used to normalize or standardize data@manalysis. Other issues are usually managed in the
standardization process such as how to treat missiaguat to treat alphanumeric data, and how to analyze
binary (0 / 1 valued) data. Each kind of normalizationci$fsome of the basic measures used in statistical
analyses where varying meanings can apply to missingataggample. Normalizing the data values in each
variable so that the range of all values in eaclateifits between 0 and 1 for example changes the variance o
standard deviation measure of each raw variable. Biifekinds of normalization can change the shape of the
relationships between the variables. When normalizing datawledge of the meanings of the data and the effect
of normalization is important because the choices candigm#icant effects on results.

Different normalizations also can affect the shape @fally detected relationships discovered using
vector-fusion. For both statistical analyses and vecisich analyses, considerable care and effort is appropriate
when normalizing data. In vector-fusion the point of noiza#ibn is first, to equalize the impact or influende o
each variable in the vector-summation process, and sewoalthw the use of vector-fused resultants from
experiment to experiment (or oil well to oil well in difent basins) for example. Statistical differencesdhas
medians measured in different experiments are trickpptya especially to data among unsynchronized
experiments.

Shannon Information analyses however are independent of @stleas missing data, the impact of
relative range or values among the variables, and alphimanddoolean representations, because the probability
calculation works exactly with whatever name (and vadpgears in each cell and the probability is normalized to
sum to 1, for each variable. If data is missing, wiatéhe missing data or its value, it is missing anccoohted.
The probabilities pi are normalized to sum to one for dmwalues that are present in each variable. Thelactua
name of the data and its value is used in the probatditulation.

Significance of Synchronized data.

Data synchronized in time or phasetisnofot captured in data mining and learning applications. To
understand the significance of synchronized data, twoaidsdas shown in Figure 3 of different diameters and
orientations are analyzed using vector-fusion with synchedrand then unsynchronized data
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Figure 3. Twofeient cardioids generated with synchronized data.
The vector-fused resultant of the 4D synchronized data tosgdnerate these 2 cardioids is given in Figure 4.



Because it is a linear transformation, vector-fusion (thetovesum) preserves the curvature of component
geometrical relationships via the unique phase-angle assign®etiEquation [3] )when vectorizing each of the
multivariate values. The single cardioid of Figure sisector-sum resultant of the 4 component vectors used in
the vector-fusion process when the data is synchronized.
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Figure 4. Vectorddgesultant of 2 cardioids with synchronized data
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Figure 6. Cardioid 2 generated with unsynchronized (randorsigraed) data

When otherwise identical Cardioid 2 is generated wiritynchronized data and vector-fused with the original
Cardioid 1, the composite vector-fused resultant is showigure 6.
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Figure 7. Vector-fused resultant of same 2 Cardioids usisgnchronized data.

Clearly, even with vector-fusion, unsynchronized data fortwee known geometric shapes generates a cloud of
vector-sum resultants that do not have a particularlfjulskape. The cloud of points in Figure 7 is typohthe
clouds generated and manipulated with statistical tobishnare insensitive to synchronized or unsynchronized
data. In statistical analyses, the center-of-mass @bud such as in Figure 7 is located; proximity of otheud
centers, or other points, to the cloud-centers is this Basthe approximations computed with statistical measure
In contrast, the locus in Figure 4 is the precise, mattieallst interpolatable, extrapolatable locus describing the
complete 1:1 relationship of the vector-sum resultanhef4t-variable points of synchronized data in that vector-

fused (display) space.
Vector-fusion applied to sample biological data, Figure 5.

Eachoint is the vector-sum resultant of 746 Dimensidndbata.

Figure 5. Families of cardioid loci.



There are 746 proteins (variables) in the pharyrxebégans [6]. The matrix of binary data that describes which
of those proteins interact at least once with whitleoprotein is a matrix 746 columns x 746 rows of ones and
zeros. This data is synchronized mathematically thighprotein interaction relationship. Each proteini is
represented at its specific unique phase adigissigned that protein. Using a 3D display space mappitingg of
746 vector-fusied resultants of this interconnection matixjlfes of specifically interacting proteins appear as
the cardioids in Figure 5.

Cardioids have an interesting relationshipei@es. A helix (as in DNA which generates proteingiés
locus of a point on a circle as the circle rotatesraades orthogonally to the plane of the circle. A cardioitiés t
locus of a point on a circle that rotates around a seequdl circle. If those 2 circles move orthogonally torthei
plane, an offset helix around the central circle is gemgeraBardioids are potentially interesting in biological
studies of proteins because of this offset helical ptppdrhus the geometry of the cardioid is used in Figurés 3:
to illustrate the importance of vector-fusion on synchrondagd to capture the curvature properties of the
component variables and identify the cardioid relationship amengmany composite cardioid relationships.

Unique phase angle assignments with vect@rfusipture the extrinsic properties of each dimension, such
as the curvature of individual geometries in multi-variablengetric studies [7]. Again, vector-fusion is a linear,
precise analytic techniqgue. Deeper understanding of viectam is available [7] for background details of how
this analytical technique works, and for additiafiatrations of relationships discovered using vector-fusiot
Shannon Information in biomedical and other applicatidpgpendix A is a further illustration of cardioid data to
illustrate the data itself and the relationships amongdahwonent cardioids and their vector-sums.

Inferences

The small margin in Shannon Information separating teest survivor in Figure 2 could imply that the
contribution of the very many genes that appear only once (tiypitdeast 53,000 of them) have at least as
significant an impact on survival as the genes whose vajpyasar repeatedly. The idea that there is one (or
maybe a few) genes that determine an outcome (survivdisease sensitivity, or recovery, etc,) is subject to
review in that the numeric effect of genes with lgpgebabilities of occurrence might not sum to as large an
Information measure as do the very many genes with valaesdbur only once. Might it just be that the pattern
of all genes is as important to an outcome as the catiowbof just a few genes?

Alternately, the common belief that many environmentetois (variables) other than an individual's
genetic makeup, such as diet and stress and exercisenitdl outcomes implies that genetic data may not itself b
sufficient to accurately predict outcomes. A means terdene if genetic data is stationary or mathematically
ergodic would seem to be an important new tool as daganerated and progress is made in haplotyping and in
genetic understanding.

What appears relevant is collecting and analyzingiadiskof clinical, environmental, and genetic data to
determine the relationships among all factors that infle@utcomes of interest in biomedicine.

Tools for characterizing and measuring data are of e@pplicable to data derived in all disciplines of
interest to mankind.

Characterizations and Measures of each of clasatabdse, and then of the set of databases of clinical,
environmental, and genetic data, would appear importanvelatgng an overall model sufficient to make
accurate predictions of outcomes. The analytical toolsrithes! here would seem to be an important addition to
the arsenal for understanding the relationships and implisadf the myriad datasets that appear significant in
biomedical and in all other disciplines of interest.

Contemplated business relationships by discipline

The power of analytical data mining for, and the litniias on the inferences appropriate to understanding
the relationships derived from data in, each disciplinegéaérates data to be analyzed imply that applications be
developed for each discipline. The intention is to pulthsttechnigues that have been generated for
Characterizing and Measuring data once sufficient evieland experience has shown these techniques are
meaningful. The further intention then is to develop pragryedpplications of specific tools for services and
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analyses deemed important in applications of intergsir@sventures with specialists in each application.

Data of interest to people with specific applicatianédrests and skills is solicited as exploratory asedy
are performed to establish credibility. Once credipi8 established, mutual understanding needs to be developed
to define the strategy and tactics to be applied to devedpe joint venture activities appropriate to using and
distributing specific knowledge, tools, and services for egtication.

Conclusions: Relationships discovered by Characterizing ahMeasuring multi-variate data

The Shannon Information measure appears to be a powedhlway to discover relationships in data.
The particular relationship discovered in the large colon cafata using Information in a Supervised Learning
application, identifies patients by their gene-expression aat@edicts a much more accurate survival rate for
individual patients than was done by statistical methods.

Vector-fusion is a powerful way to discover relationshipetise hidden in data of any size and
complexity especially in Unsupervised Learning applaratisuch as that of the 746 interacting proteins in a worm
of interest.

In all Learning applications, where one is interestetisnovering and measuring relationships in data,
generating and using synchronized data is important.

Other interesting relationships have been and are exigeche discovered using vector-fusion and
Shannon Information on data in biology and science in gefdrallnformation measure is a powerful new way to
characterize data for both Supervised and Unsupervisedihgapplications in discovering relationships in data
of any number of variables, and size.

Applications with data and an interest in understandiagdhta are solicited. Contact can be via web site
[7] or directly with Prof. Johnson @hn97john@aol.com

Accuracy on data is at least a function of the ergodafithat data, i.e. is the noise in that data statichary
The Shannon Information measure may also turn out to hagedor testing ergodicity of data using
reproduceability as the criterion for ergodicity.

Being able to use and see all of the data and itermental Information, in full (or limited) variabilitynal
size, and being able to use and see the vector-fuseckdali@nts of all of the n-variable data is a good star
understanding “the data”. Then using all of the charaetioizs and measures of the data, thef pach datum
and the incremental-Information values (pi * log dig wector-fused patterns of thegpd of the incremental-
Information in all of its tensor dimensionalities, a@a expect to provide useful insights on data in all phsas.
After seeing all of the data and its incremental imfation, one should be able to select structure or oakttips
of interest from the visualized data for detailed viasion and analysis. Selecting subsets of data by pi,
incremental information, and Shannon Information for frrthisualization and analysis by patterns in all tensor-
dimensions, via vector-fusion, is expected to be a degpiree for future data mining and analysis.

RR Johnson
nDV
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Appendix A. Significance of Synchronized Data
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12D synchronized data generating 4D data generating Cardioids #1 & #2
6 offset cardioids

Cardioid 1 Cardioid 2 2 Cardioids synchronized data
vector-fused composite
é 8
Qo ¢ 8
P &
» NN
+ 2 x
+ QO

H 8¢ &
¢ 4 g g 10 10 3
0 g r 1
£ £ 6 -10 - 10
g &

-8~ 2cos(Q+Pi/3)+2cos (Q+Pi/3)+2cos( 4

cos Q+cos Q+cos 2Q 2Q+Pi/3) SBPx
cardioid 2:unsynchronized 4D data generating 2 unsynchronized 2cardioids:
data cardioids vector-fused composite
unsynchronized data
e 10
£g
d o
+ ©
Ea &
Q¥ m
2 & -10 10 v
c =
g% N
2cos (8Q+Pi/3)+2cos (8Q+Pi/3)+
2cos(16Q+Pi/3) -6

Figure 5. Families of cardioid loci. Eacmoint is the vector-sum resultant of 746 Dimensiolndata.



