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Graphical Analysis: Concurrently Visualizing

Correlationship and Interrelationship

J. Y. Choe

1. INTRODUCTION and PREVIOUS APPROACHES

Information is a key factor in the world today. Given the wide range

of statistical information available to people through a variety of means,

the visual representation of information is becoming increasingly

important. To this end, Wallgren et al. (1996) said, “Society has become

more and more dependent on statistics and other numerical information.

However, all this numerical information is meaningless if it cannot be

presented in a proper and easily accessible way. Charts and maps are

effective aids to those who need to illustrate numerical data.”

In addition to performing sound statistical analysis, creating diagrams

and other visual aids to assist the reader in comprehending such

analysis is critically important. Fisher (1990) said, “The preliminary

examination of data is facilitated by the use of diagrams. Diagrams

prove nothing, but bring outstanding features readily to the eye: they

are therefore no substitute for such critical tests as may be applied to

data, but are valuable is suggesting such tests, and in explaining

conclusions founded upon them.”

Many researchers have proposed methods and techniques of visualizing

statistical graphs consisting of complex ideas communicated with

clarity, precision, and efficiency. Such studies have been conducted by

Barton (1999), Basford and Tukey (1999), Wallgren et al. (1996), Henry

(1995), Tufte (1984), Chambers et al. (1983), Everitt (1978), etc.

Furthermore, as shown by Pardoe and Cook (2002), Fisher and Switzer

(2001), Hanley et al. (2001), Lee et al. (2000), Almond et al. (2000), Doane

and Tracy (2000), Cook and Weisberg (1999), Rousseeuw et al. (1999),

Korn and Graubard (1998), Dawson et al. (1997), Murdoch and Chow

(1996), Dallal and Finseth (1977), Rybak (1975), Hettmansperger and



McKean (1974), Anscombe (1973), Hsiao (1972), and Weiss (1970), many

papers have been put forward new conceptions of displaying informative

graphs based on survey data, statistical data, and analysis results.

Among informative means of representing survey and analytical

data, recently, Structural Equation Modeling (SEM), often utilizing

graphical path diagrams, has become a widely known and convenient

framework for statistical factor analysis. This particular technique

incorporates several traditional multivariate procedures as special

cases, such as factor analysis, regression analysis, discriminant analysis,

and canonical correlation analysis.

To further clarify and articulate statistical results, as well as to

streamline reporting procedures, a number of software programs have

been developed. Programs with advanced functions such as LISREL,

EQS, and AMOS have also become popular among many researchers.

Quite similar in their range of functions, reviews of these packages by

Miles (1998), Hox (1995), and Waller (1993) state that, although each

program has its own strengths and weaknesses, for standard analyses,

any package can be used.

In studies that investigate the interrelationship between the dependent

variable and independent variables of a particular phenomenon, it is

assumed that the analysis process is very simple. First, a correlation

analysis is used to investigate the relationship between variables and to

choose significant variables for the following regression-analysis; then,

the interrelationship is clarified by regression analysis.

The above techniques and programs are effective in displaying

analytical results for each process. However, in order to further clarify

statistical information, such as simultaneously visualizing the results of

two or more analyses, new techniques are necessary. If the outputs of

the correlation analysis and the regression analysis can be visualized

concurrently in one diagram, readers can intuitively comprehend the

overall image of analyzing the interrelationship between cause and

effect, and researchers can make efficient use of limited report space and
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presentation time.

Therefore, this paper proposes Graphical Analysis (GA) as a method

of concurrently visualizing the results of more than one analysis when

examining the interrelationship between cause and effect. Section 2 of

this paper describes the GA concept and provides two practical examples

of using GA. Further implications for analysis are given in the conclusion.

2. AN IDEA: GRAPHICAL ANALYSIS

GA is a visualization technique by which the results of more than one

analysis are jointly presented in one diagram. This technique does not

require the installation of specialized mathematical models, and only the

results of the analysis are consolidated by combining statistical analysis.

Using this technique allows us to easily and inclusively read specific

characteristics from one diagram. This in turn simplifies reporting and

presenting multiple types of information.

For example, in the case of correlation and regression analyses,

correlationship and interrelationship can be grasped and explained

simultaneously with one diagram. The relative spatial-position,

correlationship, and interrelationship, as well as other relationships

among variables can be analyzed intuitively from one diagram by using

the GA technique.

My first example illustrates the following detailed analytical process.

Initially, I arbitrarily selected the task “Analysis of influence factors of

travel demand on evacuee-trip production at the aggregate level in an

earthquake” from Choe (2002) (see Table 1). As shown in Table 1, the

analysis variables consist of three items: demand characteristics, zone

characteristics, and damage characteristics. For the purposes of

simplicity, I will omit detailed explanations of each variable.

The aim of this task is to investigate factors that influence the

production of travel demand on evacuee-trips.
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At this point, I conducted a simple analytical process consisting of

two steps (correlation analysis and regression analysis) so as to make

the results more understandable.

In this case, analyses generally produce two results, namely correlation

coefficients and regression coefficients, however regression coefficients

consist of four dependent variables: Daily demand, Demand I, Demand

II, and Demand III. Tables 2 and 3 illustrate matrices of correlation

coefficients and summarized regression coefficients, respectively. While

these methods and techniques are very useful for visualizing the results

of such analyses, these are unable to project the results of two or more

analyses onto one diagram. Furthermore, readers may find it difficult to

comprehend the correlationship and interrelationship of this statistical

information and to compare the relationships of the four dependent

variables.

Here, I suggest GA can be utilized as a technique to project the results
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Table 2. Correlation Matrix for 17 Variables

Table 3. Regression Analysis of Travel Demand



onto one diagram that, in turn, will greatly benefit researchers in

reading multiple results. It should be emphasized that GA, shown in

Figure 1, is different from the general process for Multivariate Statistical

Analysis (MSA). For example, usually the correlation analysis is

displayed before the regression analysis; nevertheless, as shown in

Figure 1, they have been plotted together on same process line. GA, as a

graphical technique for displaying results, makes them easier to read

and intuitively understand. Yet, prior to constructing the GA illustration,

we need to prepare the results of correlation analysis and regression

analysis. The process is basically as follows:

1. Construct a correlation matrix (M) such as Table 2 by correlation

analysis and regression coefficients (ß) by regression analyses. It is

necessary to recalculate M because the matrix will eventually be used
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for inputting to Multi-Dimensional Scaling (MDS).

The recalculated correlation matrix Mr is

Mr = A - M, (1)

where M is the square matrix of correlation coefficient and A is a

matrix of ones. Here, A minus M is used to set the value 1 of correlation

for MDS to 0.

2. Obtain coordinates (Sxy) of each variable by MDS using the

recalculated matrix. Sxy, which will in turn define relative space as a

conceptual distance among variables.

The conceptual distance shows notional position relations by the

correlation coefficient. Generally, notional position relations are two

points that are approached if similarity exists between events. If they

are dissimilar, they are two points that are distantly separated and

expressed by the Euclid distance.

3. Draw a diagram using Sxy and ß. I plot the space location of the

variables by Sxy as shown in Figure 2. To distinguish between dependent

and independent variables, dependent variables are illustrated as an

ellipse with a screen tone background. When the distance between

variables is close, the correlationship between the variables is high and

positive. Similarly, the correlationship is low or negative when the

distance between variables is great. Moreover, to clarify correlationship

between dependent and independent variables, independent variables

with negative correlationship are depicted as ellipses with a broken line.

Next, I indicate the interrelationship by connecting the lines between

the dependent variables and each independent variable that has a

significant regression coefficient ß calculated from regression analysis

to be at the level of P<0.01 or 0.05. Significance levels of P<0.01 and

『国際日本研究』創刊号　J. Y. CHOE



0.05 are symbolized as such by solid lines and broken lines, respectively.

The influence magnitude is displayed by line thickness (the thicker the

line, the greater the influence), as shown in Figure 2, and indicates the

influence of the independent variable on the dependent variable.

Finally, all regression analysis statistics are specified by writing the

value of regression coefficients beside connected lines to easily read the

thickness of such lines, the coefficient of determination r2, and the legend.

To further illustrate the GA process, I am including a further example

using data from Tsujinaka (1999). This data was collected to reveal the

structure of civil society in a given nation or region, how it is related to

the government, the market, and the political system, and how it is

constrained by the government, the market, and the political system.

Detailed information regarding this research can be obtained from CSC

(2008).

This second example of GA is an analysis for grasping correlationship

and interrelationship between factors of self-assessment influence

regarding policy issues in areas in which civil-society interest groups

102

Graphical Analysis

Figure 2. Relationship of Travel Demand on Evacuee-Trip
Production with Factors by Graphical Analysis
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conduct activities, and comparing the relationship structure of Japan

and Korea. Though the contents of data are indicated in Table 4, I have

omitted the detailed explanations of the statistics of the first example

and only demonstrate the final result by GA (see Figure 3).

The number of variables (30) set for this example is higher than that

used in the previous example. Despite this, the process of investigating

correlationship between variables and interrelationship between the
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dependent variable (such as self-assessment influence) and independent

variables is the same.

Given the high number of variables, the information that would have

to be contained in tables such as those used in the first example (Tables

2 and 3) is far more complicated and difficult for the reader to intuitively

comprehend. Furthermore it is not easy to compare concurrently

correlationship and interrelationship in two or more cases, such as the

cross-national comparison of Japan and Korea in this example.

Initially, I performed an interrelationship analysis by multiple

analysis of variance (MANOVA) to reveal the main and interaction

effects of categorical variables on multiple dependent interval variables.

At this point, to effect the GA process as shown in Figure 1, I substituted

Regression Analysis and Regression Coefficients for MANOVA and

Covariate Coefficients, respectively. The process, which is basically the

same as the previous example, is as follows:

1. Construct a correlation matrix (M) for the appropriate number of

variables (in this case, 30) by correlation analysis, and covariate

coefficients (ß) by MANOVA. It is necessary to recalculate M as shown

in equation (1).

2. Obtain coordinates (Sxy) of each variable by MDS using the

recalculated matrix.

3. Draw a diagram using Sxy and ß. I plot the spatial location of the

variables by Sxy as shown in Figure 3. To distinguish between dependent

and independent variables, dependent variable is illustrated as an ellipse

with a screen tone background. Furthermore, to clarify correlationship

between dependent and independent variables, independent variables

with negative correlationship are depicted as ellipses with broken lines.

The variables symbolized as ellipses are at P<0.05.

The process here is similar to the first three steps described in the

first example above. The procedure is almost identical except that it
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Figure 3. Relationship of Self Assessment Influence in Policy Issue with
Factors by Graphical Analysis



allows for visualization of covariate coefficients instead of regression

coefficients. At this point, the lines indicating the interrelationship

between the dependent variable and each independent variable are

connected, and the value of covariate coefficients, the coefficient of

determination r2 are written in the legend. Here, the significance level is

set to P<0.05 to fix a significant covariate coefficient ß for connecting

the line, creating the solid line. The final diagram clearly shows the

relationship among variables and can intuitively compare the two cases.

In this manner, this example proves the flexible utilization and the

expansiveness of GA in comparison analysis.

The above processes involved in creating the diagram are not fixed

but adaptable in response to the desired analysis. Certainly different

contexts and cases require modifications in the content of the diagrams

that investigate interrelationships among variables, such as regression

analyses with constants, correlation analyses with positive and negative

correlationships between dependent and independent variables, and

structure models including MANOVA and discriminant analysis.

3. CONCLUSION

In this paper, I have proposed GA as a visualization technique to

allow us to easily and inclusively read multiple statistical information

from one diagram. GA does not entail a mathematical model, but rather,

is inherently composed of present multivariate statistical analysis.

Due to the simplicity and flexibility of the GA process from the

viewpoint of utilization, GA has a number of advantages over other

visualization methods. When there are multiple levels of information

(such as correlation coefficients, positive and negative relationship,

regression or covariate coefficients, significant level, and other

statistics) to explain, GA can be used as a feature by which only

pertinent information is transmitted, allowing for data analysis to be

presented in a comprehensible, simple, and efficient manner.
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These examples have clearly shown the utility of GA for exhibiting

correlationship and interrelationship between independent and dependent

variables.
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