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ABSTRACT

Discovering and extracting linear trends and correlatiomatasets
is very important for analysts to understand multivarigternmpm-
ena. However, current widely used multivariate visuai@atech-
niques, such as parallel coordinates and scatterplotceafriail to
reveal and illustrate such linear relationships intulfivespecially
when more than 3 variables are involved or multiple trendsxeo
ist in the dataset. We present a novel multivariate modelrpater
space visualization system that helps analysts discomgtesand
multiple linear patterns and extract subsets of data thatntodel
well. Using this system, analysts are able to explore anihaty
in model parameter space, interactively select and tunierpat
and re ne the model for accuracy using computational teghes.

We build connections between model space and data space visutively.

ally, allowing analysts to employ their domain knowledgeidg
exploration to better interpret the patterns they discarat their
validity. Case studies with real datasets are used to iigatstthe
effectiveness of the visualizations.

Keywords: Knowledge Discovery, visual analysis, multivariate
linear model construction, model space visualization.

Index Terms: H.5.2 [Information Interfaces and Presentation]:
User Interfaces—Graphical user interfaces

1 INTRODUCTION

Discovering and extracting useful insights in a datasetbasic
tasks in data analysis. The insights may include clustéassicca-
tions, trends, outliers and so on. Among these, linear sranel one
of the most common features of interest. For example, whersus
attempt to build a model to represent how horsepoweand engine
sizexy in uence the retail pricey for predicting the price for a given
car, a simple estimated linear trend modgk(koxg + kX1 + b)
could be helpful and revealing. Many computational appneac
for constructing linear models have been developed, suthesr
regression [6] and response surface analysis [3]. Howtvepro-
cedure and results are not always useful for the followirgoas:

Lack of ef ciency When discovering trends in a large dataset,

Figure 1: A dataset with a sim-
ple linear trend: y= 3x1 4x
is displayed with parallel coor-
dinates. The axes from left to
right are y, x; and x; respec-

Figure 2: A dataset with two lin-
ear trends: y= 3x3 4xp and
y= 4x; 3x; is displayed with a
scatterplot matrix.

Parameter setting problem Most model estimation tech-
nigues require users to specify parameters, such as the mini
mum percentage of data points the model includes, maximum
error tolerance and iteration count. These are often partic
lar to a concrete dataset, application, and task, but usenrs o
don't know conceptually how to set them.

Multiple model problem If multiple phenomena coexist in
the same dataset, many analytic techniques will extraat poo
models.

Locating patterns in a multivariate dataset via visualiratech-
niques is very challenging. Parallel coordinates [10] isidely
used approach for revealing high-dimensional geometryaanad
lyzing multivariate datasets. However, parallel coortisaoften
performs poorly when used to discover linear trends. In fedy
a simple three dimensional linear trend is visualized irajalrco-
ordinates. The trend is hardly visible even though no outlage
involved. Scatterplot matrices, on the other hand, caritimély
reveal linear correlations between two variables. HoweWd¢he
linear trend involves more than two dimensions, it is verfycdit
to directly recognize the trend. When two or more models isb@x
the data (Figure 2), scatterplot matrices tend to fail téed#ntiate

users are often only concerned with a subset of the data thatipem.

matches a given pattern, so only these data should be used for

Given a multivariate dataset, one question is how to vigaali

the computation procedure rather than the whole dataset. FU he model space for users to discern whether there are ahear |

thermore, locating a good estimation of the trend as arainiti

trends or not. If there are, is there a single trend or matipgnds?

input for the regression analysis could expedite the cenver are the variables strongly linearly correlated or they jsptead

gence, especially for high dimensional datasets.

Lack of accuracyComputational results are often not as accu-
rate as the user expects because users are unable to ajply the
own domain knowledge and perceptual ability during and af-

ter discovering models. User-driven modeling and tuning ma
be required.

This work is supported under NSF grant 11S-0812027.

loosely in a large space between two linear hyperplane teoigs?
How can we visually locate the trend ef ciently and measure t
trend accurately? How can we adjust arbitrarily the contmral
model estimation result based on user knowledge? Can wars i
tify outliers and exclude them to extract the subset of dadia ts
the trend with a user indicated tolerance? How can we pantitie
dataset into different subsets tting different linearrtds?

We seek to develop a system focusing on these questionsif-Spec
ically, we have designed a visual interface allowing usereav-
igate in the model space to discover multiple coexistinggdin
trends, extract subsets of data tting a trend, and adjwesttmpu-
tational result visually. The user is able to select and anbérary



high-dimensional linear patterns in a direct and intuitimanner.

analysis-guided visual exploration of multivariate daiadsers to

We provide a sampled model space measurement map that helpsnanage their discoveries from range queries.

users quickly locate interesting exploration areas. Whidleigat-

ing in the model space, the related views that provide nwefdc

the current selected trend, along with the status of dateesjzae

dynamically displayed and changed, which gives users anraiec

estimation to evaluate how well the subset of data ts thadre
The primary contributions of this paper include:

A novel linear model space environmefttsupports users in
selecting and tuning any linear trend pattern in model space
Linear patterns of interest can be discovered via intesasti
that tune the pattern hyperplane position and orientation.

A novel visualization approach for examining the selected
trend We project color-coded data points onto a perpendicu-
lar hyperplane for users to decide whether this model is d goo
t, as well as clearly differentiating outliers. Color cogys

the degree to which the data ts the model. A corresponding
histogram is also provided, displaying the distributiolatiee

to the trend center.

Model space visualization and model-driven analytics Hzaen
studied for many years. The Hough Transform, widely usedin i
age processing and computer vision, builds a connectiomnemst
data space patterns and model space representations dotinigt
arbitrary shapes, such as lines, circles and ellipses [7¢. GGobi
package [19] provides a Grand Tour [1] method for viewing-mul
tivariate data via orthogonal projections onto a sequeridevo-
dimensional subspaces (scatter plots). Garg et al. [8leptes
visual high-dimensional data navigation and pattern painsys-
tem that enables users to construct models and study redhtjms
present in the dataset. These techniques, however, aresighed
to reveal linear models within multi-dimensions effectvand do
not provide metrics for the patterns users discovered arabune-
ment of the model space they explored.

Model estimation and selection is a very important task for
understanding multivariate characteristics, attribited correla-
tions. Numerous computational approaches and algoritheme h
been proposed and discussed. Cherkassky and Ma [4] inedduc
a constructive support vector machine (SVM)-based appréarc
multiple regression estimation. Li et al. [11] present a miwes of

A sampled measurement map to visualize the distribution in ariaple-structure (VS) algorithms for multiple-modetiemation.

model space This sampled map helps users narrow down
their exploration area in the model space. Multiple hottspo
indicate that multiple linear trends coexist in the dataséivo

D2MS [9] is a research system for knowledge discovery with su
port for model selection and visualization, providing tleeuwith
the ability to try various alternatives of algorithm comdiiions and

modes with unambiguous color-coding scheme help USers tneijr settings.” MVE [2] is a multivariate visual system thedps

conveniently conduct their navigation tasks. Two colcaesp
interactions are provided to highlight areas of interest.

Linear trend dataset extraction and manageméfie present

a line graph trend tolerance selection for users to decide th
tolerance (maximum distance error tolerance from a point to
the regression line) for the current model. Users can rehee t
model using a computational modeling technique after din

a subset of linearly correlated data points. We also all@v th
user to extract and save data subsets to facilitate furtther a
justment and examination of their discovery.

The remainder of this paper is organized as follows: In $ai
existing techniques for model space visualization, usplogation,
and visual linear trend discovery are reviewed. In Sectiare3n-
troduce our model space visualization method and how tayasei
in the model space via our proposed pattern selection parie.
related views that provide metrics for the chosen patteenttaen

user interactively construct models and analyze multietisional
relationships. These techniques are primarily directecitd auto-
matic or unsupervised model discovery. We will not only pree
a novel approach for model space visualization for the paerpaf
linear trend discovery, but also present a system thattassiers
in applying their domain knowledge for customized lineattgra
detection.

3 MODEL SPACE VISUALIZATION
3.1 Linear Trend Nugget De nition

We de ne anuggetas a pattern within a dataset that can be used
for reasoning and decision making [21]. A linear trendrin
dimensional space can be representedvaX) b= 0, where

X 2 R" denotes a combination of independent variable vextor
(x 2 R" 1) and a dependent target valyé¢y 2 R). Herew andb

are respectively a coef cient vector and a constant véiu@ R",

b2 R). The data points located on this hyperplane construct the

presented. Section 4 describes the sample model space atap th center of the trend. A data poirtthat ts the trend should satisfy

guides user in exploring model space ef ciently, and alszdsses
the power of this map for revealing multiple trends. Sectois
dedicated to the discussion of a case study involving thiysisaf

a real dataset. We conclude this paper in Section 6 with a suynm
and possible future research directions.

2 RELATED WORK

Visual data mining techniques [20, 5] suggest that a moreieit
and powerful data mining strategy should involve users e
sual analytical processes rather than being carried oupledety
by machines. Recently, numerous visual analytics basedmgs
have been presented to solve knowledge discovery tasksecch
et al. [18] propose a user-supervised SOM clustering alyaorthat
enables users to control and monitor the computation psoges-
ally to leverage their domain knowledge. ClusterSculpid] [de-
scribes a framework to assist users in extracting clusiezstty in
N-D data space, allowing them to tune the parameters irtteeic
based on visual presentation of data characteristicskSiawet al.
[17] created a system for helping subjects improve decigiai-
ing through the use of an interactive visual analytics paogrThe
Nugget Management System (NMS) [21] provides a framewark fo

the constraint

jwx) bi<e

Considering that noise could exist in all variables (not jhe de-
pendent variable), it may be appropriate to use the Euclidiés
tance from the regression hyperplane in place of the vérisa
tance error used above [12]. We de ndireear trend nugge{LTN)

as a subset of the data near the trend center, whose distance f
the model hyperplane is less than a certain thresBold

jwx) bj
kwk

HereE is the maximum distance error, which we dallerance
for a point to be classi ed as within the trend. If the distaritom a
data point to the linear trend hyperplane is less tBaitis covered
and thus should be included in this nugget. Otherwise it isith
ered as an outlier or a point that does not t this trend veryi.we
The two hyperplanes whose offsets from the trend eBuatd E
construct the boundaries of this trend. The goal of our aggras
to help users conveniently discover a good linear modeb@ehby

LTN(X) = fx < Eg
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Figure 3: The Data Space interface overview. Figure 4: The Model Space interface overview.

a small tolerance and, at the same time, covering a high page the currently selected linear trend and dynamically chavigen the

of the data points. user tunes the trend in the model space. As shown in Figutee3, t
As the range of the values in the coef cient vector could beyve  selected dependent variable is “Dealer Cost” and the twegad-
large and even in nite, we transform this linear equatiotoia nor- dent variables are “Hp” and “Weight”. The points are coloded
mal form to makekwk = 1 and then represent this vector 3% a based on the currently selected trend: dark red means reeeith
unit vector in hypersphere coordinates [14] as describgd]in ter and lighter red means further from the center; blue méams
points do not t the trend. Figure 4 is the screen shot of theleho
W = coqq1) space view. Each view in the model space is labeled indigtia

. components, as described in the following sections.
wi = sin(qy) cog( ) P 9

3.3 Linear Trend Selection Panel

— o ; We employ Parallel Coordinates (PC), a common visualiratio
Wp 2= si si co
n2 .n(ql) ln(qn 2) .s(qn v method for displaying multivariate datasets [10], for sserselect
Wh 1= sin(qy)  sin(gn 2)sin(gn 1) and adjust any linear trend pattern. Each poly-line, repntisg a

single point, describes a linear trend in data space. PC tas ¢

Now our multivariate linear expression can be expressed as: sen for its ability to display multiple trends at the samesjralong

; with the metrics for each trend. For example, average rabafd
yeodqu)+ xysin(gy) cota) + -+ outlier percentage are easily mapped to poly-line attegusuch as
Xn 2sin(gr)sin(gp)  sin(gn 2)codgn 1)+ line color and line width. Users can add new trends, deleteds
) ] ) ) and select trends via buttons in the model space interactiotrol
Xn 1Sin(q1) sin(gz)  sin(gn 2)sin(gn 1) =T panel. Users can drag up and down in each dimension axisustadj

parameter values. During dragging, the poly-line attesugcolor
of p. The range of, the constant valug denoting the distance from and width) dynamically change, providing users easy cofrere
the origin to the trend hyperplane, (§;" 1) after normalizing all ~ Sion of pattern metrics. The parameter value of the curneistia
dimensions. highlighted bes!de Fhe cursor. '_I'hls direct sele_ctlon amcgation
An arbitrary linear trend can now be represented by a single d ~ &l0Ws USers to intuitively tune linear patterns in modela sens-
point(q1;G2:  :Gn 1:r) in the model parameter space. Users can N9 the distance from hyperplane to origin as well as thentaigons

select and adjust any linear pattern in data space by ctjckim rotated from the axes. Because the parameters in hypeespber-
tuning a point in the model space. dinates can be dif cult to interpret, the familiar formulathe form

ofy= koxp+ kixg+  + ky 1%, 1+ bis calculated and displayed
3.2 System Overview in the interface. In Figure 5, three linear trends for a 3-Dadat
We now brie y introduce the system components and views. The aré displayed. The percentage of data each trend covets tveit
overall interface is depicted in Figures 3 and 4. The usatssta Sa@me model tolerance) is mapped to the line width and thegeer
from a data space view displayed with a scatterplot matrixes residual is mapped to color (dark brown means a large valde an
plore in the linear model space, the user rst indicates thpeth- light yellow means small).
dent variable and independent variables via clicking sdvaots
in one row. The clicked plots are marked by blue marginskiiig
the selected plot again undoes the selection. The seleatedsr When the user tunes a trend in model space, it is necessarg-to p

The last angleg, 1 has a range of 2 and others have a range

3.4 Views for Linear Trend Measurement

the dependent variable and the columns clicked indicaténtie vide detailed information in data space related to the ciiyrese-
pendent variables. After the user nishes selecting theeddpnt lected trend. Based on this the user can differentiate eetaaving
and independent variables, he/she clicks the “model spauttdn linear trends from non-linear trends or without any cleantls, as

to show and navigate in the model space. The points in the datawell as discover a good model during tuning. We provide users
space scatterplot matrix are now colored based on theardistto three related views for discovering trends and decidingptioper



Figure 5: The Model Space Pattern Selection Panel.

model parameters.

Line Graph: Model Tolerance vs. Percent Coverage

For any multi-dimensional linear trend, there is a positeere-
lation between the tolerance of the model (the distance dmw
the trend hyperplane and the furthest point considerednbeig
to the trend) and the percentage of data points this modersov
the larger the model tolerance is, the higher the perceritame-
ers. There is a trade-off between these two values, becaase u
generally search for models with small tolerance that cavieigh
percentage of the data. The users expect to nd the answéeto t
following two questions when deciding the model toleranod a
percentage it covers: (a) If the model tolerance is decchasil

it lose a large amount of the data? (b) If this trend is expktte
cover a greater percentage of the data, will it signi cantlgrease
the model tolerance?

To answer these questions, we introduce an interactiveteggh
for the currently selected model. Model Tolerance vs. ReérCev-
erage is provided for users to evaluate this model and chihese
best model tolerance. It is clear that the line graph curveys
goes from(0;0) to (1;1), after normalizing. This line graph also
indicates whether this model is a good tor not. If this cupasses
the region near th@d; 1) point, there is a strong linear trend existing
in the dataset, with a small tolerance and covering a higtgmeage
of the data. This interactive graph also provides a seledtiac-
tion for the model tolerance. The user can drag the pointiposi
(marked as ared lled circle in Figure 6) along the curve ttaege
or decrease the tolerance to include more or fewer points.

Figure 6 shows an example of how to use this view to discover

a good model. The line graph for a linear trend with about 9 per
cent outliers is shown. The red point on the curve indicates t
current status of model tolerance and percentage. Fromuttve ¢
of the line graph, it is easy to con rm that when dragging tloenp
starting from(0; 0) and moving toward¢l; 1), the model tolerance
increases slowly as the percentage increases, meanirg strang
linear trend exists. After moving across 0.90 percent, tlgleh
tolerance increases dramatically while the included ppértent-
age hardly increases, indicating that the enlarged mobiehiace is
mostly picking up outliers. So for this dataset, the usetaolaim
that a strong trend is discovered covering 90 percent of tte d
points because the model tolerance is very small (0.07). cbhe
responding Orthogonal Projection Plane view and Histograaw
showing the distribution of data points are displayed inuFég7 and
Figure 8 (described next).

Projection on the Orthogonal Plane

Given an n-dimensional dataset and an n-dimensional limead
hyperplane, if the user wants to know whether the datasethes
plane (the distance from points to the hyperplane is nedrls @i-
rect visual approach is to project each data point onto droganal
hyperplane and observe whether the result is nearly a btiag.

In particular, we project each high-dimensional data pimir 2-
dimensional space and display it in the form of a scatterplotilar
to the Grand Tour [1]. Two projection vectors are requirde tst
vectoryy is the normal vector of the trend plane, i.e. the unit vector

Figure 7: The Orthogonal Pro-
jection Plane.

Figure 6: The Line Graph of
Model Tolerance vs. Percent
Coverage.

w described before; the second vectgr which is orthogonal to
Vp, can be formed similar tgp, simply by settingg: = gy + p=2.
The positions of data points in the scatterplot are gengiayehe
dot products between the data points and the two projec&an v
tors, denoting the distance from the points to the trend iptpee
and another orthogonal plane, respectively. This vieweprssthe
position of each point based on their distance to the cutrend,
which provides users not only a detailed distribution viesdd on
the current trend, but also the capability of discoverirg rlative
positions of ouliers. Figure 7 shows the projection planke fwo
blue vertical lines denote the two model boundaries. Datatpo
are color-coded based on their distance to the trend cergedis-
played). The red points are data points covered by this tdartter
red means near the center and lighter red means further fiem t
center. The blue points are data that are outliers or onéslthaot

t this trend very well.

Linear Distribution Histogram

The histogram view displays the distribution of data pob@tsed on
their distance to the current model. As shown in Figure 8ntick
dle red line represents the trend center and the right halésents
the points above the trend hyperplane; and the left half lzwset
below the trend hyperplane. Users can set the number of thies;
data points included in the trend are partitioned into thamber of
bins based on their distance to the trend center. The twolitles
represent the boundary hyperplanes. The trend covereditzarad
and color-coded according to their distance. The colorpitap

scheme is the same as the projection plane view so the user can

easily compare these two views. The two blue bars reprekent t
data outside the trend; the right bar is for the data whosgipos
is beyond the upper boundary and the left bar is for the datzseh
position is beyond the lower boundary.

Figure 8: The Histogram View.

3.5 Nugget Re nement and Management

After nding a good model covering a larger number of datanpsj
the analyst can use a re nement function to tune the modelusi
computational technique. We employ Least Median Squargls [1
a robust regression technique, to compute the regressiemdsed
only on the points covered in the current trend, so it is mére e
cient than basing it on the whole dataset and more accurateibe



Figure 10: The Projection

Figure 9: The Projection Plane .
Plane view after re nement.

view before re nement.

the outliers are not considered. Figure 9 shows the useowised
trend before re nement and Figure 10 shows the re nementltes
A linear trend nugget is a subset of data points that lie withi

trend boundaries. Assuming the user has discovered a trignich w
several dimensions, it is useful to save it to a le and reldad
examine, adjust and distribute it to other users. After tersi nd
a strong trend, they can extract the points in the trend bingat/
as a nugget le. This model selection method is similar tosbing
techniques and provides a convenient way for users to fgeard
exclude outliers that deviate from the trend. This datactiele
technique is also useful if multiple phenomena are presetite
dataset, since the user can save and manage them separately.

4 NAVIGATION IN MODEL SPACE AND LINEAR TREND
MoODEL DISCOVERY

4.1 Sampled Measurement Map Construction

Even with the metrics of a linear pattern mapped to the polg-I
attributes and with the related views for single model mezsent
mentioned in Section 3, the user may still feel challenge@wh
searching for good linear trends by tuning the parameterespal-
ues, due to the large search area associated with multipgedita

mensions. We introduce a sampled model space measuremgnt ma

for users to view the high dimensional model measuremetri-dis
bution and navigate in the model space directly and ef dierfthe

basic idea is that we sample some points in the model space an

calculate the measurements for each point (linear paftemjhe
user can tune the patterns starting from good parameter sets

This map is constructed via the following three steps:

(a) We rst partition each parameter space variable intessv
bins. The points in model space located in the center of each ¢
bination of bins are selected as sample patterns and thcmate
calculated for model measuring.

(b) Then we eliminate the patterns with low measurementeglu
and project a high dimensional sampled pattern set to assefie
two dimensional pairs. Speci cally, for each paired bin itios in
two dimensions, only the largest measurement (assume lauege
surement values denote better models) with the same bitigrosi

Figure 12: The Measurement
Map: mode is “x model toler-
ance”.

Figure 11: The Measurement
Map: mode is “ x coverage”.

The complexity of construction iBrPiP, P, 1N, whereN is
the size of datasdé?r is the number of patitions farandPR is the
number of patitions fog;.

Two alternative modes are associated with this view, xed pe
cent coverage and xed model tolerance, correspondingedwio
measurements for the trends. As mentioned before, the askt ¢
change the model tolerance and coverage together in thgripd
view. For the rst mode, with model tolerance as the measure-
ment, each bin on the map represents a model tolerance with a
user-indicated xed coverage. When the user changes tleeper
age, this map is dynamically re-calculated and changedi(€ity1).

For each pairwise bin position in the two dimensional ph,mmini-
mum model tolerance is selected as map value and mappeato col
In this mode, the percentage of points the user wants todeciu
the trend is designated and users can search for the srmathest
tolerances.

The second mode is similar to the rst one (Figure 12). The
difference is we change the measurement to coverage, wibra u
indicated xed model tolerance. This mode is designed fersiso
specify the maximum model tolerance and search for modats th
cover a high percentage of points.

For the two modes of measurement map, we use two unambigu-
ous color-coding schemes: (a) Model tolerance is mappead fro
dark red to light pink, with dark red meaning small model tole

nce. (b) The coverage is mapped to color from yellow to blue,
ith blue meaning large coverage.

When the user moves the cursor over each bin, the map value is
shown. The bin in which the current model resides is higlégtby
a colored boundary. The parameter values are dynamicailyged
to the bin center, with the largest measurement value asionext
before, when the user clicks or drags to a certain bin posifidis
map indicates roughly where good models can be found beifore t
ing the model in the parallel coordinates view. Figure 12ngho
the coverage distribution map in a 3 dimensional lineardrdis-
play. Users can easily nd interesting hot spots and dragliok ¢
the current selected bin into a dark blue area.

4.2 Color Space Interactions

of these two dimensions is kept as the map value. For example, It is common that several bins with similar values of intera®

the bottom left bin in one plot corresponds to the two rst pisi-
tion in that dimensional pair, say, bin position 1 for dimiend and
bin position 1 for dimension (the bin number starts from 1). The
map value for this position of this dimension pair is seldcie the
largest measurement in all the sampled patterns whose bitigoo
in theith dimension and th¢h dimension are both 1.

(c) The map values are color-coded based on the metricshéll t

shown at the same time in the sampled map near the local maxi-
mum, making it hard to locate the best settings. To solveptub-
lem, we provide two interactions in color space:

(a) Scale the map value to employ the whole color range. Be-
cause the values are normalized@l) and then mapped to color,
it is possible that all map values are in a small range; fonmte,
all the coverage values in the map might be locate@in; 1) for a

pairwise measurement maps are displayed in a matrix vieve Th very large tolerance in the second mode. In other words, dle ¢

initial parameter values are set at the center of the bin thigtbest
measurement, i.e. the minimum tolerance or the maximunepérc
coverage when xing the other, which generally provides adjo
linear pattern for users to start tuning.

map range is not fully used. We allow the user to scale theevalu
range to(0; 1) to use the whole color map.

(b) Color map base-point adjustment. For the sampled measur
ment map, the user is only concerned with the high metricaglso



Figure 14: The data points that

tthe rst trend are highlighted Figure 17: Traf c dataset data space view (scatterplot matr ix).

Figure 13: The rst hot spot is in red color.
selected representing the rst
linear trend.

Figure 16: The data points that
t the second trend are high- Figure 18: The measurement
Figure 15 The second hot llghted inred color. map with the original color

spot is selected representing range.
another linear trend.

Figure 19: After full use of the
color map.

a “ Iter” function to map values less than a threshold to 0 s2ful
for users to locate the local maximum. In particular, we fea
function for users to change the color map base-point ashtbsh-
old. After Itering out the uninteresting areas with low mies,
users can more easily nd the positions of good models.

The color space interactions are illustrated from Figug®R1
and described in Section 5.

4.3 Multiple Coexisting Trends Discovery

This map is also designed to reveal when multiple lineardsero- Figure 20: Adjust the color map Figure 21: Adjust the color map
exist in the dataset, which is very hard to nd without visaation. base point to 0.46. base pointto 0.11.

Figure 2 shows an example where two linear tregds,3x;  4Xo

andy= 3xp, 4xz coexist in the three dimension dataset mentioned

earlier. Each trend has 50 percent of the data points. Wieenstr a vehicle. (c)Speed the average speed of all vehicles passing the
xes the percentage at 0.50, there are clearly two sepawitefot detector during the 30 second sample period.

(rjgfg?ions ir;]dicating two rl]inear trelngs CoeXiS.th Figuref 13’“'0"’0 We collected the traf ¢ information for a whole day and added
ifferent hot spots in the sampled map with one of them setect  ,nqiher variable based on the index order to represent i ti

(colored bin). The corresponding subset of data that t trend stamp. Figure 17 shows the dataset displayed in a scattenalo
are colored as shown in Figure 14. Red means the point ts the yj, ~Assume a user wants to analyze the correlations betaee

model and blue means it doesn't. The other trend and ttin@da  pengent variable occupancy and independent variables speb
are shown in Figure 15 and 16. volume and construct linear models for these three vasablée
aim of this study is to analyze how the average speed andlgehic

5 CASE STuDY numbers interactively in uence the occupancy. The resttiglpful

In this section, we discuss case studies showing how towkssin- for detecting anomalies, dealing with missing data points$ pre-

gle or multiple linear trends and construct models for readhgets. dicting traf ¢ conditions, which can be used for traf ¢ sieiance
The dataset was obtained from the Mn/DOT Traveler Inforamati ~ and control.

[13], that collects traf ¢ data on the freeway system thrioogt the If the user wants to build a single linear model to explain the
Twin Cities Metro area. Each data point is the traf ¢ infortioa correlations, the rst step is to select the view mode andisidthe
collected by detectors every 30 seconds. The informaticludles point on the line graph view to indicate the model toleranceoy-

the following variables: erage. Here we use the rst mode to discover a model and itedica

(a) Volume the number of vehicles passing the detector during 85 percent of the data to be covered by the trend, and thenhsear
the 30 second sample period. @fcupancy the percentage of  for models with small tolerances.
time during the 30 second sample period that the detectaesen For further analysis, users can navigate in sampled measaite



Figure 23: The corresponding

Figure 22: The model space data space view.

Figure 26: Trend tthe  Fjgure 27: Data Space view. The two
view: a discovered linear trend

data points with low vol-  gimensional trend isy=  0:11x+ 138 (y:

in a bin center. ume. Occupancy, x: speed).

Figure 24: The model space Figure 25: The corresponding Figure 28: Trend t the _ _

view: a better linear trend after ~ data space view. data points with medium F_lgure _29: Data Space vu_aw. The. tw9
user adjustment and computa- volume. dimensional trend isy= 0:17x+ 29.7 (y:
tional re nement. Occupancy, x: speed).

map and model selection panel alternately to observe thegohal

projection plane and histogram to decide whether the cumexel

is a good estimation. To narrow down the search area, the user

explores rst in the sampled measurement map to drag or @lick

bin with a good estimation of the model parameters. Noticé th

the user is only concerned with dark red bins indicating allsma

tolerance; the user could interact with the color space Ity fise

the color map and then adjust the color map base-point Uil t Figure 30; Trend t the

uninteresting areas are eliminated and only red areas memai data points with high
Figures 18 to 21 show the manipulation details for locatimg t  yolume.

local maximum value in the sampled measurement map. Fighre 1

shows the map with the original color range and Figure 19 show

the map after fuller use of the color range. Figures 20 anchdivs

the process of adjusting the base point from 0.86 to 0.46laewl t  which the data points are colored according to their digdache

Figure 31: Data Space view. The two
dimensional trend isy= 0:38x+ 60:2 (y:
Occupancy, x: speed).

0.11 (shown in the color bar legend). If the map value (toleed is trend, we found this model estimates occupancy well for roftte
larger than this base point, then it will be set to 1 and thepped data points, except the data collected at noon and nighteTdre,
to color. From Figure 22, the user can easily locate the aqpeaie a single linear trend could not t all the data points wellcept by
position of good models and then tune them in the model sefect  increasing the model tolerance to a larger value.

panel. If users want to explain the phenomenon by a single lineadtre

Figure 22 shows the model metric views for the trend in the bin the slope of the trend line of occupancy vs. speed does nageha
center (model tolerance is 0.07); its corresponding daaespiew for different volume numbers (only the intercept chang#a)sers
is shown in Figure 23. Figure 24 shows the adjusted modeltthat  want to construct a more complex model with several trenéstie

the data better (model tolerance is 0.05) via tuning therpater mate the occupancy more accurately, multiple linear treodsid-
values in the parallel coordinate view; Figure 25 displdys data ering different levels of volume can be discovered.
space view. For multiple trend modeling, each trend is not required teeca
After re ning the model, a good linear estimation for theehr large percentage of data points. Conversely, each trenisnede
variables is constructed: a trend with small tolerance5)0ddver- a strong linear trend represented by a very small tolerafere-
ing more than 85 percent of the data poirts: ( 0:29%g + 1:4x + fore, we chose the second mode, i.e. xed tolerance, andsadju
253, y. OccupancyXo: Speed,x;: Volume). From the linear  the tolerance to a very small value and then explore in mquisdes
equation, we notice that occupancy is negatively corrdlatih as mentioned before. Notice that the value of volume is aelisc
car speed and positively correlated with volume. This tldiegen- number, so it is easy to observe from the Orthogonal Projecti
sional linear trend plane could also be observed after gtioje to Plane view that each subset of data with the same volume islue
a two dimensional plane in the data space view displayed &y sc  nearly a straight line in three-dimensional space and theslare
terplot matrices. From this we conclude that the more vebiahd nearly parallel. Thus we adjust the parameter values uath sub-
the lower speed of the vehicles, the higher percentage & tima set of data with a similar volume value aligns to the trendteen
detector sensed vehicles, which is fairly intuitive. (Figure 32). Adjust the rst parameter value (the distancearf the

Can we use this model to estimate occupancy when we know the hyperplane to the origin) from zero to maximum to extractda&a
speed and vehicle numbers? When we look at the data spacawview points with different volume values (3 different levelsm@olume,



median volume and high volume, colored by purple, yellow @t
respectively). We can observe from the data space view iffiex-d
ent subsets of data reveal different linear trends in thegilspeed
VS. occupancy.

Figure 32: The Orthogonal Projection Plane view after adjusting so
that data points with similar volume align to the linear trend center.
Color coding: purple points are low volume; yellow points are median
volume; red points are high volume.

We then select two dimensional correlation with occuparey a
the dependent variable and speed as the independent eariabl
color-code the third dependent variabtdumewith three levels in
the orthogonal projection plane view and adjust the pararago t
different subsets of data with different levels of volumégute 26
to 31 show the three subsets of data t to different discoddire-
ear trends after re nement in the orthogonal projectiomplaiew
and data space view. We can observe from the data space \d@ew th
as the number of vehicles passing the detector changeseti t
for speed and occupancy alters: the more vehicles passimagth,
the higher the trend line is and, also the steeper the slopkeof
trend line. If the volume and speed are known for estimatireg t
occupancy, the user can classify the volume into three Hovs;
medium and high, and use different trend lines of speed wsu-oc
pancy to estimate the occupancy value.

How can one explain this model with multiple linear trends fo
different volumes? If it is ensured that when the detectoses a
vehicle, there is only a single car (without any overlappipassing
the detector, then the occupancy is mainly in uenced by rwu
(also in uenced a little by speed, but not signi cantly wheolume
number changes); itis also clear that low volume indicaiesdc-
cupancy, which is demonstrated by the lower and less steep tr
for speed vs. occupancy when volume is low. But sometimes, es
pecially when volume is large, several vehicles pass thectiat
together: consider that when two overlapping vehicles fassle-
tector together, the volume increases but occupancy doésithe
volume increases, the occupancy increases, and meanthikeilde-
gree of vehicle overlapping increases. When the volumerig)a
meaning that several vehicles pass the detector togettieiower-
lapping, the occupancy is not as predictable just based lumeo
as it is when volume is small. This suggests the average spidled
be more helpful for estimating occupancy. A steeper anderigh

trend for speed vs. occupancy when volume is large means that

occupancy depends more on speed than on volume.

6 CONCLUSION

In this paper, we describe a novel model space visualizagion-
nique to support users in discovering linear trends amonigptea.
variables. Using this system, analysts can discover lipatierns
and extract subsets of the data that t the trend well by retitngy
in the model space and building connections between modeksp
and data space visually. The case studies show how our sgstem
be used effectively to reveal single and multiple lineanéi®and to
build explanation models for multivariate datasets. Infthere, we
plan to expand our system to support constructing more campl
and generalized models other than linear ones, such asajigadr

and logarithmic correlations among variables. In addjtiee be-
lieve many of the same techniques can be applied to the degign
linear classi ers, which we are actively pursuing.
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