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ABSTRACT However, there are some important differences. Data State Model

Visualization can be viewed as a process that transforms raw datsca@ptures distinct data states, whereas the Data Flow Model captures

(value) into views. There has been two major category of data the order of distinct processes that comprise of a visualization. This

process models that have been proposed to model the visualiza-diﬁerence is reflected in that the Data Flow Model uses nodes to

tion transformation process. This paper seeks to compare the Dataglenote processes and edges to denote data flow directions, whereas
Flow Models and the Data State Models. Specifically, it proves the Data State Model uses nodes to denote data states and edges to

that, in terms of expressiveness, anything that can represented usc_ienote processes. Data State Models have the distinct advantage of

ing the Data Flow Model can also be represented using the Datarepr_esentln@ata_ Stateexplicitly. e .
State Model, and vice versa. Given these differences, our research question is: “What is the

Categories: 1.3.6 Graphics Methodology and Techniques, H.5.2 relationship between th“e functionality of the Data Statg Model and
User Interfaces, H.5.1 Multimedia Information Systems the Data Flow Mpdel? Is one model more expressive than the
General Terms: Design, Human Factors, Theory, Verification other? If we are given a Data Flow Model, can we build a Data State
Model that produces the same output? For example, are there cer-
tain visualization constructions that are not possible with the Data
1. INTRODUCTION State Model? User experiences and commercial success have es-
Graphics is a very simple language. Its laws become self-evidenttablished the capability of data flow visualization systems and the
when we recognize that the image is transformable, that it must be expressiveness of the Data Flow Model. By comparing the Data
reordered, and that its transformations represent a visual form of State Model with it, we can learn the merits of each model. In this
information-processing. —Jacques Bertin [2, p. 183] paper, we show that the Data State Model is as expressive as the
Data Flow model, and vice versa. We present a duality transforma-
tion between the two models. Using the duality transformation, we
show that the two models are equally expressive.

Visualization transforms data or information into graphical forms
to be represented on the computer display. Hence, visualization
deals with bothtransformationsandrepresentationsTransforma-
tion is the process that converts data into graphical primitives. Rep-
resentation is the data structures that are used to handle and stor9,. RELATED WORK

the various outputs of these processes. . . . . o .
As discussed earlier, since visualization can be viewed as a trans-

Traditional visualization data flow networks [14, 16, 9, 11, 1, formation process that converts data values into graphical views
10] have concentrated on the various transformations that are nec- P grap '

essary to generate a computer display. These data flow network researchers have generally used a graph model to describe the trans-

are typically depicted graphically by drawing a network with nodes Tormations. The advantage_of a _graph model is that 'F IS very easy

) . . . to understand a node-and-link diagram, even for novice users, be-
representing data transformation processes, and directional edgegause of its familiarity. Here we will review these models
representing how data flows from one process to another. Experi- Y- :

ence in the visualization field has shown that the Data Flow Model The f'.rSt graph model proposed for modellng_ wsuahzgtlon pro-
. . ; - - cesses is the Data Flow Model [16, 9, 11], which has since been
is an effective visual programming model that lets users build an

application by integrating modular components. accepted as an industry standard way of constructing visualization

We have roccetre Data State odel i rviou papers 5, 100 Scenlc dat sts i scetlc uualaton, mary e
5, 4, 3]. Atfirst glance it has very similar characteristics to the Data P

Flow Model. For instance, both models use nodes and edges tonetwork for constructing visualizations [16, 9, 11]. The represen-

. . S tation used in this graph model is that: (a) nodes represented using
transcribe the visualization process. Both models use these graph% " re pr. ¢ that can be applied to data. (b) ed rep-
to describe how data sets travel through the processing mechanism_oxes areé process stages can be appiied to data, (b) edges rep

fesented using arrows are the direction in which data moves to go
on to the next stage. Also, sometimes (c) the input and output ports
on each node have data types associated with it, and the data types
must match in order for two ports to be connected with each other.
Permission to make digital or hard copies of all or part of this work for ~ The Data Flow Model is well-known in the visualization field,
personal or classroom use is granted without fee provided that copies arehus we will not go over the model in too much detail here. We
not made or distributed for profit or commercial advantage and that copiesyould like to mention, however, a good open-source project im-
bear this notice and the full citation on the first page. To copy otherwise, to plementing some of these ideas [13]. Schroeder et. al. described a

republish, to post on servers or to redistribute to lists, requires prior specific . T .
permission and/or a fee. conceptual data flow model in the context of a scientific visualiza-

Copyright 2001 ACM X-XXXXX-XX-X/XX/XX ... $5.00. tion toolkit for applying operations to generate a visualization. The



model consists of a visualization network that can contain multiple Operators, of which there are four types, corresponding to the four
sources and sinks. Every step in the middle of the network consistsData Stages: Within Value, Within Analytical Abstraction, Within
of filters that have inputs and outputs. Visualization Abstraction, and Within View.

More recently, Data State Models [5] have also been proposed Figure 1 shows an example of the Data State Model applied to
recently, most notably for information visualization systems [6]. the problem of visualizing the connections between a set of Web
Figure 1 shows an example of the Data State Model, which breakspages. This example shows that: (1) some operators create new
down each technique into four Data Stages, three types of Datakinds of data sets, whereas some operators create filtered subsets,
Transformation and four types of Within Stage operators. The vi- which is the difference between Transformation and Within Stage
sualization data pipeline is broken into four distinct Data Stages: operators, and (2) that the same Visualization Abstractions can be
Value, Analytical Abstraction, Visualization Abstraction, and View mapped using a variety of Visual Mapping Transformation opera-
(See Table 1). Transforming data from one stage to another re-tors. For example, Disk Trees or Cone Trees can both be applied to
quires one of the three types of Data Transformation operators: a hierarchy of interconnected nodes.

Data Transformation, Visualization Transformation, and Visual Map- Prior to this work, some researchers have hinted at the use of
ping Transformation (Table 2). a Data State Model to represent visualization processes. For ex-
ample, Lee and Grinstein [12] presented a conceptual model for
database visual exploration, which describes the analysis process as
a series of value-to-value, value-to-view, view-to-value, and view-
to-view transformations. They also describe the concept of gener-

Filter

Value web page

collection

Trans?gr‘r?‘ - ating metadata using database queries to aid in this process. Chuah
and Roth [7] extended Foley et. al.'s user interaction framework [8]
. by incorporating BVI (Basic Visualization Interactions), which is a
Analytical . . . ) . .
more detailed characterization of data filters in the context of infor-
mation visualization. Tweedie [15] presented a data transformation
depthffirst breadth Visualization model similar to Lee and Grinstein’s model [12], an interactivity
travefsal traversal Transformation model that classifies the interactions based on the amount of control
the user has over the process, and a state model similar to Chuah
hievarchy Vieualization and Roth’s model [7].. . o
The reason for moving toward Data State Models is that, in infor-
mation visualization especially, we are often exploring the relation-
.'?;zke cone/ |\ ship between view and value. Because values are often represented

visualizers to think harder about the states of the data values.
Because of the different emphasis in expression, the two mod-
els have resulted in very different user interfaces. They result in
different characteristics when utilized to implement a visualization
system. (a) Data Flow Model based systems create modules that
Figure 1: The Web Analysis Visualization Pipeline correspond to the process nodes, and data transferring mechanisms
are created to connect the modules. Typically screen real estate is
_ devoted to representing these modules. (b) On the other hand, Data
Stage Description State Model based system create data stores that correspond to the
Value The raw data. data states, with data processing procedures created to connect the

Analytical Abstraction| Processed data that is not yet mappable|but . . . .
include all information from the raw data that data states. Typically the display is devoted to presenting these

visualization

i Visual Mapping ; i ;
é Troe Ul e Ll abstractly by views, the loose coupling between view/value forces

rotate

will be visualized. data states with visualizations. These arguments suggest that each
Visualization Abstrac| Information that is mappable and visualizaltle ~ model has its own strengths and weaknesses. Data State Models
tion on the screen using at least one visualizafion  may represent the visualization states better than Data Flow Mod-

technique. - els, while Data Flow Models are superior in representing the visu-
View The ‘end-product of the visualization map-  gjization process. A potential happy medium would be to provide

ping, where the user sees and interprets|the

picture presented to her for a way to move fluidly between the two alternative models, and

that the two alternative methods may support one another.

Table 1: Information Visualization Pipeline stages Therefore, we need better understanding of a major question:
“Whether Data State Models are egpressiveas Data Flow Mod-
els?” This paper seeks to compare the two models by first proving

Processing Steps Description _ that Data State Models can represent anything that is expressed by
Data Transformation | Generates some form of analytical abstrac- the Data Flow Model

tion from the value (usually by extraction). '
Visualization Trans-| Takes an analytical abstraction and further|re-

formation duce it into some form of visualization ab- 3 EXPRESSIVENESS OF BOTH VISUAL-
straction, which is visualizable content. '
Visual Mapping| Takes information that is in a visualizable fqr- IZATION MODELS
Transformation mat and presents a graphical view to the uger.
Table 2: Transformation Steps in InfoVis Pipeline 3.1 EXpandmg the Data Flow Model

The Data Flow Model uses nodes to represent processes because
Within each Data Stage, there are also operators that do notthe model focuses on the data transformations. The edges represent
change the underlying data structures. These are the Within Stagehe flow of the data from one process stage to the next. An edge



exists only if a process transforms the data into a new form. Often, m is composed of a series of visualization transformations from a

in data flow networks, the data state is not explicitly represented set of transformationV = n;,n»,.... Each transformatiom;

by distinct edges. In other words, the edges representstiages in a series maps from a domaiR; to D;. The domain of the

instead oftates For example, consider a single data flow chart that next transformation in the series must be the samebas For

constructs a scatter plot (raw data setextract point set» create example, ifmsz = (n2,ns, n2,n1), then applyingms to d gives

scatter plot— view). Consider applying two different data sets to  ms(d) = n1(n2(n3(n2(d)))), whered € D2, n>(d) € Dy = Ds,

this flow chart. Since the model does not capture data states, thesei3(n2(d)) € Dy = D2, and so on.

two different data set can flow down the same pipes, even though ) o .

a different data set clearly represents a different data state. In the 1€ output of a visualization transformation may not be com-

Data Flow Model, since the format of the data does not change, patlble with the input of _ano_therwsuallzatl(_)n transformatlon_._Thl_s

there is neither new edges nor new nodes to represent this. is because each V|su_allzat|_on transformation takes a _spec_lflc _klnd
In order for the Data Flow Model to capture the same amount of data from a domain as input. Therefore, not all V|suaI|zat.|on

of detail as the Data State Model, we first define a canonical form transformations can be composed together, and we cannot simply

of the Data Flow Model that insists on having each edge represent-conStrUCt a composition of an arbitrary series of visualization trans-
ing only a single distinct data state. The implication of this is that formations. The input domain of a transformation must be the same

we force the Data Flow Model to capture more details of the visu- @S the output domain of another transformation for the two trans-
alization process. The syntax and semantics of the model remainformations to be connected in a series.

the same. However, this change does not fundamentally change the . . ) o . . o

Data Flow Model, as it still shows how data flows through the sys- Definition 4 Avisualization modelV/ is a set of visualization func-
tem and how processes and algorithms transform the data. ThelONSM = mi, mz2,ms, . ...

model still shows the functional dependencies between the pro-
cesses. This definition simply expands the Data Flow Model based
on data set instances.

An instanceof a visualization model is a particular application,
case, or example of the visualization model. The act of constructing
a case is callethstantiation.

Definition 1 Thecanonical form of the Data Flow Model restricts Definition 5 In the definition above, eaah; is aninstanceof M,
each edge to represent only a single data state. andm;(d) is aninstantiation of M.

Below, we will show that the canonical form of the Data Flow A model is a series of transformations, which can be viewed as
Model is just as expressive as the Data State Model. By expandinga mapping function from data to view. An instance is a particular
the notion of data flow network in this way, we can then show the defined series of transformation designed for a particular type of
equivalence of the Data Flow Model and the Data State Model. data. Next, we define the relation “as-expressive-as”:

3.2 \Visualization Equivalence Definition 6 We say a visualization model is as-expressive-as
In this section, we first introduce the notion of equivalence be- another modeB if given an instancé of B, we can find a model
tween two visualization models by defining the idea of expressive- a of A such that for all inputs, a(i) gives exactly the same output

ness of the visualization model. Then we use a duality transforma-asb(i). (That is, giverb € B and for all inputsi, Ja € A such
tion to show that one model can be transformed into the other andthata(i) = b(2).)
generate the correct output.

To start, we first ask the question, “what is a visualization model?” Notice th_at EXPrESSIVENEsS IS nqt a symmetrlg relatibibging
as-expressive-aB does not meat®3 is as-expressive-as). Next,

A visualization model describes a visualization process, which is aW th ncent of antisvmmetric relation to define the meanin
transformation process. A transformation process is composed of a € use the concept of antisymmetric refation to define the meaning

series of transformation steps. So we first define the visualization of te_quwale:u_:e_fbfetweuin tv;o VIS;&"Z&(;IO?{ m_odel!s. Aielamrss
transformation. We will use a mathematical functional description: 2MHUSYMMEtnc itior allz andy, vy andy fiz IMplieSz == y.

. . o . . o Definition 7 We say that two visualization models aguivalent
Definition 2 A visualization transformationor visualization op- in expressivenes# and only if A is as-expressive-aB and B is
erator n processes informatiod from a domainD and maps it as-expressive-as.
into informationd’ in a different domainD’. n(d) = d’, where
d € Dandd € D'. Given this definition, we wish to show:

The domain specifies the structure of the information. (a) A do- Theorem 1 The Data State Model is equivalent in expressiveness
main may be avisualization domainwhich means that the ele-  tg the Data Flow Model.
ments in that domain are mapped or easily mapable onto the dis-
play screen. (b) A domain may belata domainpwhich means the Proof: We will prove this by construction. Using a principle we
elements in that domain are raw data that are not yet mapped ontccall Duality, we will show that given an instance of the Data Flow
the display screen. A domain may be as simple as the set of natu-Model we can construct a Data State Model that gives exactly the
ral numbers, or as complex as database records of user transactior8ame output and vice versa. To prove this in both directions, we
with a hypertext system. For example, a genetic sequence simi-use the directed graph expression of both models and the duality
larity alignment record is a single element in the genetic sequencetransformation. Note that the Data Flow Model first must be con-
similarity domain. verted into the canonical form. The transformation outlined below

only works on canonical Data Flow Models.

Definition 3 A visualization function m is a visualization trans- Using Data Flow Model notations, an instaneg can be ex-

formation that maps from a data domain to a visualization do- pressed as a paih = n; & n; ﬂ ng & through a di-
mainV. So giverd € D, m(d) = v, wherev € V. Typically, rected graph where the nodes are the transformation $teps



ni,nj, ng, ... and the data states, d;, d, . . . are the edges. Us- Visualization can be viewed as a series of transformations that
ing the Data State Model notation, the same instance can be extranscribes data values into graphical views. The relationship be-
pressed ap = d; =% d; =3 dj, %5 ..., where the the nodes are the ~tween view and value has been modeled primarily in two graphical
data stated;, d;, dx, . .. and the edges are the transformation steps Models: Data Flow Model and Data State Model. The Data Flow
N = ni,nj,ng, .. .. Model has been well-established, especially in scientific visualiza-

Duality Transformation tion, and its capabilities and expressiveness is well-understood.

To perform the duality transformatidn simply take each edge Our main concern in this paper is to understand and compare the
in the model and convert it into a node and convert each node intofWo models. We proved that the Data State Model is equivalent
edges. Mathematically, given a mod@l = (V, E), the duality in visualization expressiveness to the Data Flow Model, and vice
transformation construc®(G) = G' = (V', E') where: versa, which means that we can model the same visualizations us-
ing either model. Even though the two models are equivalent in
expressiveness, their instantiation in the user interface gives each
model different strengths and weaknesses. We hope this paper have
pointed some directions for future researchers to further understand
the differences between the two models.

e Foreach edgein E(G), we construct a vertex, in V', and

e For each node in V(G), for each pair of edgeée, e2),
wheree; goes intov, ande, exits v, we construct an edge

e’ from v, tov,,, wherev;, andv., are the corresponding
vertices ofe; ande respectively inG’.

Note that in this transformation, a single node may have several
corresponding dual edges. Figure 2 shows an example of this trans-
formation. ?1]

(2]

(@ [3]

. . . 4
Figure 2: An example of the Duality Transformation 4l

The duality transformation switches the role of the nodes and
edges. For example, in one direction of this application, our state (5]
modelG = (V, E) uses nodes to represent data states, and edges
to represent distinct processed/ (=set of data statesE =set
of transformation processgsAfter the duality transformation, we
obtain aD(G) that hasV’ =set of transformation processasd
E' =set of data states

To finish the proof using this duality transformation, we need to
show that given a pathin G, we have a patp’ in G’ that produces

the same output as. Sayp = v 3 v 3 ... 3! v, the

_>
equivalent pathy’ is p’ =3 v} €27 ey ves) vhy. .. vl 3. The
crucial realization is that a vertex; in p have its corresponding
edge inp’ asej = (v¢, ,,v;;). Using Figure 2 as an example, the
path(a, 1,b,2, ¢) is transformed intda’, 1, b}, 2, ).

So if G uses the Data State Model agd uses the Data Flow
Model, p in the functional notation gives;_i(...e2(e1(v1)))
v;, andp’ givesvi_; (...v5(vi(e}))) = e;. Given that thevs in
G are states that correspondd® in G', we see that the inputs
v1 = e} andv; = e and the two paths gives same output. In the re- [12]
verse case whei@ is the Data Flow Model an@’ is the Data State
Model, we can obtain the same output by the same principle. This
is because the transformation shows that the order of processes anfi 3]
data states thatvisits have exact equivalentsjh. Therefore, us-
ing this duality transformation, we can construct a data flow model
that is as-expressive-aa given data state model, and vice versa. (14]
Hence, the two models aegjuivalent in expressiveness [15]

(7]

(8]
(9]

_ [10]

(1]

4. CONCLUSION

' This is not the same as titwial graphin graph theory. The dual
graphdual(G) of a graphG constructs a node for each enclosed
region. If two regions share an edge, then we construct an edge
between the corresponding verticeslim!(G).

[16]
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