A neural networkbasednethodology of quantifying the
association betwedhedesign variablea nd t he
performances

Abstrac® User performance is highly correlated with asign variablesof a system. Such association can be
described asdisplay-control relationship. In this study, a neural network-basedmethodology is proposed to
identify and quantify the association among design variable@nputs), and to compute their relative influences
on the two performance measuregoutputs) of user response the and response accuracy, usingrtificial
neural network (ANN), generalized regression neural network (GRNN)support vector regression(SVR),
multiple linear regression (MLR), and response surface model (RSMBased on the results of the comparison,
it i s found that neural network-based methods are more reliable than support vector regressidrased methods
in computing the relative influence of design variables. As a result of our analysis, the best option for
optimizing each of the measures is suggesteBome useful observations about theesign of manmachine
systemsare also presented discussedand visualized In the study of man-machine systems quantitative
methods are seldom adoptedfor examining the mappings between various displays and controls der a
variety of operating conditions. The major contribution of this study is to provide some insights into the
usefulness of quantitative methods in evaluatinppan-machine design in terms otlisplay-control compatibility ,
and to extractexplanatory infor mation from renowned black-box systems such aseural networks.

Keywords neural networks; display-control compatibility ; support vector regression modelling.

1.INTRODUCTION

Whenoperating masmachine systems, twway communication between the users aramnes must be facilitated

via the proper use of displays and contrdtee relationship between a control motion and its causal effect expected by

a population can be defined as a directiimotion stereotype. Such a stereotype is said to be compiatibtan

match the expectatioof the majority(Chan and Chan, 2008&$ince advancement of mechanical and electronic
mechanisms has evolved over the past few years, it further complicates the connection between displays and contro
For instance, sotary knob canbe used t@ommand the translatory movement of an indicdtikewise a twoway

lever can control rotary movement on a display. As a result, a vast number of possibleadispialyrelationships can

be observed. In many sophisticated systenot all displaycontrol relationships can be explicitly and consistently
defined. Even worse, two opposite types of control motions are sometimes required for the same type of display effect
in some industrial practic€€han and Chan, 2008b%ince itompatible displayontrol mappings can result in
serious mishaps and accide(BsirgessLimerick et al., 2010; Burgedsmerick et al, 2012, it is useful to identify

how such relationships may affect the users, and also to make suggestions to pregiictbtivities(Kang and

Seong, 2001)In this connection, the study of displegntrol relationships under different operating conditions has
been attracting a lot of researchers over the past few dg€ues et al., 200, Courtney, 1992, 1994aor example,

some studies have been dedicated to specific digplatyol relationships, such as Translatbigear (Worringham

and Beringer, 1998RotaryLinear (Brebner and Sandow, 1976; Courtney, 1994b; Hoffman, 18taryCircular

(Chan and Chan, 2006; h&n and Chan, 2003)TranslatoryCircular (Chan and Chan, 2007and even
TranslatoryDigital (Chan and Chan, 2008&Jowever, thearticipantsn all the above studies were always instructed

to manipulate the controls on the frontal plane. A study ongbeation of overhead travelling cranes has found that a
guarter of the controls were not placed in front of, but on the left and right sides of the users. These incompatible
control arrangements could have induced more human errors and serious accipeiallyein an emergency
condition or under a high worklog&en and Das, 2000for sme workplaces, like cockpits and nuclear control
rooms, that contain a large number of controls and displays, it may be difficult to locate the optimalctisplaly
placements such that users can have comfortable access, easy information detection and straightforward respor
execution(ISO, 1998) Such variations in relative orientations of users, controls, and displays of interest are also seen



in automobilegMakiguchi et al., 2003)Junmanned air vehicléMcCarley and Wickens, 2095and coal mine shuttle
cars(Zupanc et al., 2007Due to the fact that there are very few studies dedicated to a working environment with
controls in front of the users and on multiplsplays of interest, this paper intends to fill the gap. Under such
environments, the users may need to first transform the displatyol spatial mapping into their expected stereotype
and then operate a control device for an expected effect. Accdaodmg knowledge, the principle of such mapping
has not yet been fully explored

In the study of displagontrol compatibility, the users may be required to exercise translatory or circular motion in
operating a control device rather than simply pushinguiling a control. Directiorof-motion stereotypes can be
investigated with a variety of control devices (e.g.-may lever, rotary knob) and common displays (e.g. horizontal
scale, vertical scale, circular scale). Differing from the previous studissecgntype compatibility, this study will
mainly examine the connectivity of different displegntrol relationships and the reactions of the participants @ander
settingthata subject would react to a given instruction by operating a device on a firgdlplane to observe an
expected effect on a display oriented in different directions. In this study, three control devices are provided for user:
to execute six instructions on three display scales located at the four cardinal orientations. A nexybetiroénts
are then performed to measure the performance of the users under different operating conditions. Therefore, th
primary objective of this study is to find out which design variables are more influential and how they affect the
response of thparticipants using quantitative methods. By doing so, it is believed that some useful design guidelines
can be identified to enhance thegerperformance.

Standard correlation analysis is used to determine which variables are significant. Some sophestiugitpies are
then employed to model the association between the significant design variables and the performance measure
Among various quantitative modeling approaches, because of the ability of artificial neural network (ANN) to provide
subjective gplanations and evaluationshis beentilized to support decisiemaking and problersolving in a wide
range of domains, including stock market forecasi@ap et al., 2005; Enke and Thawornwong, 2005; Kim and Shin,
2007) credit rating(Huang et al.2004; Yu et al., 2008kcological sciencfOlden and Jackson, 2002; Olden et al.,
2004) consumer analysi®eng and Pei, 2009; Deng et al., 2008; Hu and Tsoukalas,,26038)mining Kewley et
al., 2000)and human movement modelifitawato et al., 199Rigotti et al., 2001; Uno et al., 1989; Wong and Chan,
2012) By making use of the mathematical utility of ANN, we can generate predictive (or regression) models of a
domain problem and then develop some explanatory methods to quantify the influemeanoide! variableOne
way is to extractheinputinfluence from the connectiagstrengths (intefayer weightspf atrained ANNmodel using
Garsonds method (Garson, 1991) , Yoonbdés method (Yoo
Howe\er, someof these methods may subject to its own deficientiesves and Crook, 199@nd they may produce
different interpretation resultgiven the same connection strengtite the one reported in Wong et al. (2011).
Alternatively, one may change theadel inputs and observe the associated effects on the model outputs so as to
statistically determine the input influence using change of mean square error (COM) and sensitivity analy&ie (SA).
major advantage of the above two methods is that they caasligapplied to modeling techniques other than ANN.
For ease of presentatiohgtdetails of COM and SA will be explaingdSection 4.5

Recently, a new regression method known as support vector regression (SVR), has been studied and applied tc
variety of domains such as systems reliability forecas{®gen, 2007)order flowtime prediction(Alenezi et al.,
2008) tourism demand forecastifi@hen and Wang, 2007human performance modelir{gi et al., 2011) and
human perception modelinZzhu et al, 2007) Unlike conventional regression methods (e.g. multiple linear
regression) and ANN, SVR models can be developed and trained by minimizing the upper bound of the generalizatio
error rather than the training error. In addition, SVR does not allogetirehing process to be trapped at local minima.
Like ANN, SVR has been also applied to compute the input influ¢eace Cortez et al., 2009; Cortez et al., 2006)
Despite the fact that ANN has been commonly used in the computation of the input infltinEmeeis still no
consensus about which method is the beshdd,we decide to examine other modeling techngyueneralized
regression neural networleRNN) andSVR and attempt to compatBemwith ANN in this study According to our
knowledge, therare also very few studies dedichtey the comparison between ANN, GRNahd SVR in the
computation of the input influenc&pecifically, ashe primary objective, ANNGRNN, SVR and multiple linear
regression (MLR) methods are adopted to quantify theataasmnection between the design variables and the user
performance measures, and to compute the relative influence of variables. Some useful suggestions are then presen
and discussed based on the comparison results. In addition, since the appifcatinlinear methods (i.e. ANN,



GRNN, andSVR) has not been fully explored in the domain of ergonomics, the secondary objective of this study is to
provide some insights on the usefulness of nonlinear methods in modeling-displeyt compatibility.

Thispaper is organized as follows. The research background is presented in Section 2. Section 3 describes the use
statistical methods to develop relation graphs among variables. Section 4 reports the use of different regressio
methods to quantify the cauisalationship between variables, and the computation of their relative influences. Section
5 discusses the usefulness of the results obtained. The paper is concluded with the future research direction in Secti
6.

2. RESEARCHBACKGROUND

2.1 Objective

An attempthas been made to investigate the connectivity of different digplalyol relationships and the
performance of the usendnlike our previous studf\Wong and Chan, 2012 which each participant was asked to
interact withonerotary control device instéed on three different planes and to observe an effect oriented in three
different directios, we decide to pay more attention on the mapping between control devices and instructions
Therefore, as an extension of our previous stedygh participant isow requested to use three types of control devices
to execute six different instructions that appear on displays oriented in four different directions. The performance of
the subject is then recorded and analyzed. For ease of presentation, all varidiidestirdly can be divided into two
categories, controllable inputs and measured outputs, as shown in Table 1. Controllable inputs refer to the factors th
can be controlled, adjusted, or manipulated intentionally. These inputs include the type ofdsviteused (CD),
the orientation of the display (DO), and the instruction that the participants need for execution (IN). Measurable
outputs, on the other hand, refer to the reaction of the participants after they are exposed to the inputs. These outpl
include the actual response of the participants regarding the given instruction (RP), the reaction time of the participant
(RT), and the accuracy of the actual response (RA)
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2.2 Experimental Setup

To achieve the research objective, a number otmlxgents were performed with different control devices and
display orientations. The participants wasked to use their right hafar manipulating the control device at a fixed
location (in front of the North display) as shown in Figure 1. There weee ttypes of control device (CD), i.e.
horizontal, vertical, and rotary. A\Ray lever joystick was regarded as both a horizontal and vertical control device
while a 35 mm knob was used as rotary control device. The displays were set at a distancenbWey finom and
at 15° degree below the eye level of the participants. There were four display orientations (DO) relative to the users
namely North (N), East (E), South (S), and West (W). The dotted lines represent the line of sight of the users. The tes
were performed on 12 blocks of three control devices and four display orientations. In this connection, the participant:
could observe the target display in different orientations by manipulating different control devices using their right
hand.

For eaclblock of tests, three display scales were used, as shown in Figure 2. At the beginning of the test, a pointe
was always placed atthempdo i nt of the horizontal (vert i mwtarygcalesc al
Using one of theontroldevices, the users were requested to complete six different instructions (IN): (1) Moving the
pointer to left (L); (2) moving the pointer to right (R); (3) lifting the pointer up (U); (4) putting the pointer down (D);

(5) turning the pointer in the aratiockwise (AC) direction; and (6) turning the pointer in the clockwise (C) direction.

In normal practice, instructions (1) and (2) should be performed on a horizontal scale (Figure 2a). Likewise,
instructions (3) and (4) must be executed on a vertical §emere 2b), while the rotary scale is for instructions (5)

and (6) (Figure 2c). However, these disptaytrol relationships may not hold all the time. For example, it is quite
common to use a single knob to turn one pointer in the AC/C direction aredamother pointer to L/R horizontally. In

this study, different displag o nt r o | relationships are examined where
To better investigate the performance of the participants under study, the response (RBanicthants must be
recorded andthe response time (RT) and response accuracy (RA) of the participants can then be captured. RT, a
measured in millisecond (ms), was counted as the difference between the instruction time and the action time of th



partidpants. RA was measured in two levels: (1) False if the control motion of the users is opposite to the requestec
direction;and (2) otherwise, true. If horizontal (vertical or rotary) control is used for a horizontal (vertical or rotary)
scale, such dispyacontrol relationship is said to be highly compatible and RA can be easily measured such that RA =

False if IN RP, othenise RA = True. However, when a lever joystick is used for a rotary scale or a rotary knob is

used for a horizontal/vertical scaleARnust be measured with respect to the direetibmotion stereotypes. The
details are given in Section 3.1. In all tests, the pointer always moved in the requested direction regardless of th
direction of the control motion of the users.

In summary, thee were totally 72 (12 blocks x 6 instructions) test conditions x 4 repetitions = 288 trials.
Thirty-seven university students (18 male and 19 female) aged betw@dnyars took part in this experiment. They
are all righthanded and were screened byftha-item Lateral Preference Inventory of Co(@893) Hence, the total
number of dataset required is 10656 (288 trials x 37 participants). However, only 10486 datasets were obtained due
some technical problems such as unexpected errors duringateiztr Nevertheless, our analysis was done based on
the erroffree datasets.
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3. DEVELOPMENT OFRELATION GRAPHS

Correlation analysis and partial correlation analysis were applied to describe the causal association among variable
in the experirantal data. The analysis results are used to construct the relation graphs for two major outputs, respons
time (RT) and response accuracy (RA). Relation graphs can explicitly reveal the connection between the inputs and tr
two outputs. Based on the rétat graphs, the relative influence of inputs toward outputs can then be computed. As a
result, it is possible to know which input is the most influential and how such an input can be mastered to achieve «
desirable output with a higher confidence level.

3.1 Correlation Analysis

Using the datasets collected from the experiment, themaee relationship between all factors can be statistically
investigated via correlation analysis. Generally speaking, it is desirable to observe significant correlatioms betwee
inputs and outputs. Among the two major outputs, RT can be recorded easily. In contrast, RA cannot be directly
measured from the experimental data when the dismayol relationship is not highly compatible (e.g.
horizontalvertical, verticalrotary). Hence, in such circumstances, RA can be only measured with respect to the
directionof-motion stereotypes that the majority would follow. The actual responses of all users under different
display-control relationships and display orientations are repartéichbles 24. From Table 2, the stereotypes of
horizontal control can be expressed in form oRR: L-L, R-R, U-R, D-L, AC-L, and GR. It means that if the L (or R)
instruction is given, the users tend to move the lever to L (or R). Also, if the D) (imstruction is requested, the
majority tend to move the lever to R (or L). Likewise, the users tend to move the lever to L (or R) for AC (or C)
instruction. The stereotypes of vertical and rotary controls can be observed from Tables 3 and 4 resjrestively
the stereotypes of vertical control areDl.R-U, U-U, D-D, AC-D, and GU. For rotary control, the stereotypes are:
L-AC, R-C, U-C, D-AC, AC-AC, and GC. Therefore, for incompatible dispkapntrol relationships, if the control
motion of the gers is the same as the stereotype of that particular control device, RA = True, otherwise, RA = False.

After we applied correlation analysis to the experimental data, the correlation coefficients (r) are listed in Table 5. It
is clear that there is no siificant correlation between all controllable inputs which means they are independent
variables. Among the two major outputs, RT negatively {8.6466, n = 10486) and significantly (p = 0) correlates
with RA. This indicates that a longer reaction timeyrba associated with a higher rate of having the wrong reaction to
a given instruction, and vice versa. Next, the connectivity between the inputs and outputs must be examined. If suc
connection exists, these inputs can be used to control or predicttthésoldrrom Table 5, weak but significant
correlations (p = 0) among GRT (r = 0.0679, n = 10486) and @A (r = 0.055, n = 10486) can be observed.
Significant (p < 0.01) but weak correlation (r = 0.0289, n = 10486) can be noted between DO and RA.Moreove
significant correlation (p = 0) can be addressed between IN and RA while a marginally significant association (p <
0.05) exists between IN and RT.
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3.1.1 General Observations

Among all remarkable associations, RT positively correlates with @DIMnThe link CDRT suggests that the
change of control device from horizontally moving to rotary could impose additional mental effort wiRIE hixay
merely indicate the normal reaction time of the participants. RA positively correlates with CD and béyatively
correlates with IN and RT. GRA implies that most of the participants can react correctly to a given instruction using
different control devices. D®A means that the display orientation has little impact on the response accufkey. IN
may indicate that the users have difficulty in executing U/D/AC/C instructions using different control devices. The
link RT-RA may also imply that if participants need to exercise extra mental effort, longer reaction times and incorrect
responses are more lligeto be observed. Accordingly, an initial relation graph depicting important -oyaiput
correlations can be constructed as shown in Figure 3.
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In Figure 3, a solid line indicates that there is a remarkable correlation between two varerksssva dotted line
is a presumed partial correlation between two variables. Partial correlation is generally used to depict the relationshi
between two variables while controlling for a third variable. It aims at addressing the unique variance atween t
factors while eliminating the variance from the third one. If the partial correlation is significant between two factors for
controlling the third one, the association between the two factors is unique and essential. Otherwise, the associatic
between hie two variables is greatly affected by the third one. If this is the case, no direct linkage (solid line) is
established between them.

3.2 Partial Correlation Analysis

Using partial correlation analysis, each connection between two variables (in Figure 3&-weadied for
controlling the third variable. If such connection was still found to be remarkable, the association would remain,
otherwise, the linkage should be omiti®iong et al., 2011)As a result of analysjsll associations were deemed
significant or marginally significant (at least p < 0.05) except the link between IN and RT for controlling RA. It implies
that the connection between IN and RT was greatly affected by RAeH#at linkage must be remov&ahsed on the
results of partial corration analysis, the relation graph can be revised as shown in Figure 4. From the revised graph,
two important hubs regarding two major outputs, RT and RA, can be located. Since there is a mutual connectior
between the outputs, RT should be treated astailooting input to RA and vice versdence two relation graphs are
developedpnefor RT with two inputs whilenother foRA four inputs. Next, regression models can be developed to
measure these inpoutput connections.
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4.DEVELOPMENT OFREGRESSIONMODELS

4.1 Artificial Neural Network (ANN)

ANN is used to model the relationship between inputs and oukpurtatypical ANN, each line in the structure of a
fully trained ANN model is endowed with a-salled connection weight specifying the connattstrength from one
unit to anothelBishop, 1995) A typical threelayer ANN can be viewed as a ntinear regression model with an
identity transfer function in the output unit and logistics transfer functions in the rtégelieunits. Such a model can
approximate any continuous function arbitrarily well, given that a sufficient number of units appear in the middle
layers(White, 1990; Yu et al., 2008If readers would like to know more details about ANN, please refer to the text of
Bishop (1995)and Lek et al. (1996) For benchmarking purposegeneralized regression neural network (GRNN),
support vector regrssion (SVR)multiple linear regression (MLRaNd response surface model (RStye applied.
Based on the two relation graphs, two models catebeloped. For the first model (M1), there are two inputs (CD and
RA) and one output (RT). There are four inputs (CD, DO, IN, and RT) and one output (RA) for the second model (M2).



Using the experimental data, téoid crossvalidation was performed toatin and test the ANN for both M1 and M2.
By doing so, a robust estimation of the quality of the inputs would be obt@oettz et al., 2006 As suggested by
Huanget al. (2004)for each of the ten crosglidation processes, 90% of the datasets (11{869438) were used to
train the ANN and the remaining 10% (D = 1048) were used to test the ANN. The same procedure of training and
testing was also applied @RNN, SVR,MLR and RSM Using ANN, the number of neurons (P) in the hidden layer
must be determed first. A triatanderror method was performed to optimize the value @Bng and Elhag, 2007)
The performance of the ANN for M1 was measured by the average mean absolute percentage error (MAPE) an
standard deviation (SD) of the average MAPE oganalidations. MAPE is defined by Equatid) ywhere Aand k&
are the actual values and the predicted values oftthh¢eist dataset respectively, and D is the total number of test
datasets. The performance of the ANN for M2 was measured by the medictrectness (PC). Given that RA is a
bnary output (O or 1), PC is defined as t hjeE)oettheo of
total number of test datasets (D), as illustrated in Equa®oiT &ble6 shows the average performance of the ANNs
with varying P forM1 and M2, over ten crosslidation processes. In general, it can be observed that ANN is
improved as P increases. Although a large P may increase the ability of ANN to learn and memorize the data, a
overfitting problem may be induced. For M1, the ANWth the smallest MAPE and SD, is considered to be the best
in predicting RT. Hence, the ANN with P = 6sslectedor M1. For M2, the ANN with P = 4 yieldke highest PC in
predicting RA

MAPE:i'I? A- &l 3100 @)
Di:l
~ 1apb 0
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il if A=E
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4.2 Generalized Regression Neural Network (GRNN)

Unlike ANN, GRNN developed by Specht (19913, free from extensive experimentation and investigation to
develop the network structurd typical GRNN consist of four layers namely, the input laydhe radial basis
(pattern)layer, the summation layer, and the output laieits in the input layer are fully connected to the radial basis
layer, whose output is a measure of the distance of the input from the stored pattern. Each unit in theypaitern
connected to two units (S and D summation neurons) in the summation layer. The S neuron measures the sum
weighted outputs of the pattern layer while the D neuron computes the unweighted afutipeitsnits in the pattern
layer(Kim et al., 200; Haidar et al., 2011)Jsing GRNN the spread (smoothing factdr) whi ch can af f e
of generalization of the network must be determined
prediction may be degraded. |-amdetran meshods Tabled®ports the avesaged e t
performance of GRNN with v ar-yalidatign pioce§sesrthisMdnnegtioflGRNMAR | oV
wi t sl.40re considered to be the best network structure for both M1 and M2.
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4.3 Support Vector Regression (SVR)

A relatively new modeling method, SVR, is an application of the support vector machine (SVM) which is a group of
supervised learning techniques that can be used for both classification and regression. Using SVR, the inputs are fir
nonlinearly mapped iota high dimensional feature space (F), wherein the inputs are linearly associated with the
outputs(Lu et al., 2009)The SVR formulation can be expressed in EquaBpn (wher e w i s t he wei
a mapping function, and b is a constant . -iAsensitivgloss ar i
function (Vapnik, 2000) as defined in EquatiodY , where U is used s tstpercild yda



from the actual output values for all the training data. Hence, the loss function does not penalize the prediction error
within-i heessifitlivedo region. One maj or advantage of
conputation feasible by producing a sparse set of support vectors. For more details about loss functions, please refer
the study of Smola and Scholkg20004) According to Vapnik2000) the weight vector (w) and constant (b) can be
predicted by minimizig the regularized risk function as shown in Equati®)mere||w|f/2 is the regularization term,

C is the regularization constant used to determine the tradeoff between the regularization term and empirical risk, an
D is the number of training sampl€Bhis minimization function can be transformed into a dual problem, and the
general form of the regression function can be expressed in Equgjtion ( w hardrUeare Llagrange multipliers for

the ith training sample, and K(x)xis a kernel functios at i sf yi ng Me(WVaprakr 1®39, 2000)hhgdi t i o
value of the kernel equals the inner product of two vectpeskX, in the f ¢@atawmpleei(ace 0
= 0 ( » ). Although several kinds of kernel functions have been speaifedmade available, the most widely
adopted is the radial basis function (RBF), as defined in Equaion( wher e & represents th

f)=w @h b €©)
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It is well-known that the modeling accuracy of the SVR depends heavily on thefnypera met er s C, U
parameters. | f RBF is adopted, the uwliydt tho(teh) Co fantdh &)

using the heuristics proposed by Cherkassky and(2084) The heuristic used to determine C isscribed in
Equation 8) wherey a n d, arél the mean and standard deviations of the output values (¢ training data.

Equation@isused to set U, where @ is the standard deviat
According to Cherkassky and M2004) t h e n o i 3ocanbe madily astincated by fitting the data usitmw
bias model (e.g. MLR, higbrder polynomial) andpplying formula@0) t o d & (Cherkasisky et al. 11999
formula @0), d is the degree of freedom of the estimator and D is the number of training samples. Using Equations
(8)-(10,C=134ad U=0.02 can be computed for M1 while C=2.38
the RBF width (&) are compared 8 ofhbsesfhaMQ. ands M@s e

MAPE and SD are the smallest while PCisquite sensi ti ve to & for M2, SO & i ¢
C:maxh/ 43 ﬁly 3y|} (8)
e 3 \@ 9
e -2 La(y & (10
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4.4 Multiple Linear Regression (MLR)
The general form of a linear model is presented as Equdtidm(h er e b i s a macorrelation o f
coefficients, X i s a -1 vectax of mfidonadisturbanaes whiers D is thennimb®r ofi s

observations. Using D training datasets, the working mechanism of MLR is to minimizanthef she squared
residuals by computing a closéatrm expression forestiat i ng t he unknown parameter

Y= X + evhere [labc] (12)

4.5 Response Surface Model (RSM)

The general form of a RSM can aksowritten as Equationl(l). But, in addition to th linear terms, the matrix, X,
mustcontain quadratic interaction terms and squared tésrmesven higher orderHence, the quadratinodels of M1
and M2 are notlinear in nature

4.6 Comparisons between ANGRNN,SVRMLR and RSM

For benchmarking pugses ANN was compared witeRNN, SVR,MLR, and RSMn terms of modeling accuracy.
From Table9, it can be seen that ANN, GRNAInd SVR can outperform MLBRnd RSMfor M1. In terms of MAPE
and SD, ANN may slightly perform better than SVR for.M1s also notedhat GRNN performs slightly better than
ANN in terms of MAPE, but with larger SD. It may imply that the performance of GRNN is less stable than that of
ANN. However, there is no single technique that can explicitly outperform other benchmarking methigids fo
Perhaps, M2 is relatively simple as RA is just a binary output while RT is a real number in M1. The results of
two-sample #est among ANN, SVR, MLRand RSMare reported in Tabl&0. For M1, the null hypothesis was
accepted between ANNERNN,and S\R indicating that the performance of ANN was not significantly different from
that of GRNN andSVR (p < 0.05). However, the null hypotheses were rejected between pairs cMARN
GRNN-MLR, and SVRMLR, which means that the performance of ANBRNNand SVRwas significantly different
from that of MLR (p < 0.01)The same can be observed between pairs of RSN, GRNN-RSM,and SVRRSM (p
< 0.01) Moreover RSM was proved significantly better than MIR < 0.01) For M2, all null hypotheses were
accepted indiating that the performances of all methods were statistically alike (p < 0.05). One possible explanation is
that M2 is much simpler than M1, and the traditional regression methods would achieve comparable performances &
the sophisticated metho¢&/ong aml Chan, 2012)such as the ANNGRNN,and SVR reported here.
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4.7 Computation of Relative Influence of Variables

After ANN, GRNN,and SVR were deemed reliable, we used them to compute the relative influence (RI) of factors
on RT (i.e. M1) and RAi.e. M2), respectively. In this study, both change of mean square error (COM) and sensitivity
analysis (SA) were applied to ANKBERNN, and SVR for computing the RIs. The COM method is used to statistically
rank the influence of the inpu{Sung, 1998)In brief, it measures the change in the prediction mean square error
(MSE) of a regression model after an input is deleted. The prediction MSE with input n deleted is determined by
Equation 12). The procedure is as follows: wetrain each regression modeith N-1 inputs each time after the input
n is deleted, and then compute the absolute difference between the MSE of the reduced mojleti@fi8&to the
MSE of the full model with all N inputs (MSE. We then rank the input whose deletion triggbeslargest change in
MSE as the most influential factor, since its exclusion from the full model causes the most deterioration in the
prediction performance. The RI of factor n can then be quantified based on its proportion of the change inducec
relative o the total change in MSE induced by all factors, as defined by Equa8pm\other method, SA, analyzes
the model responses by changing the infiisvley et al., 2000)The procedure is as follows: we train each model by
holding all inputs at their a&rage values except input n, which varies through its entire range viévels. If input n
is important, it should produce a high variance) (Measured by Equatiod4), wherey, is the model output when



the input n is hold ats i-th level and other inputs are held at their average valuesyamslithe average model output

over all levels of input n. Thus, the RI of input n can be computed by EquiBofi ¢ obtain a more robust estimation
of the nput influence, the RI of each factor is averaged ovefdigntraining. It is noted that the number of levels of
each input can be referred to Table 1 except RT. As RT is a continuous input, L = 5 is su@uettadt al., 2006)

D

MSE, ==& (A -F) (12
i=1
I, = NIMSI%- MSE, | (13
& IMSE - Msg|
i=1
1 b 2
%= aln %) (14
RI, = ,:/” (19
au

i=1

For benchmarking purposes, another method based on MLR is also used to compute the RIs. As recommended |
Lindemanet al. (1980)this MLR-bas& method uses the squared s@anitial correlation of each predictor (input) as
it is added to the model as the measure of import@lateson and LeBreton, 2011) short, the RI of each input can
be defined as the average contribution t@é&oss all pssible orderings. This measure is meaningful as it considers
the direct effect of an input, the total effect of all inputs, and the partial effect of all subsets ofJoposon, 2000)
Hence, totally five different ways of computing RIs were comparedANN with COM method (ANNCOM), ANN
with SA method (ANNSA), GRNN with COM method (GRNNCOM), GRNN with SA method (GRN#$A), SVR
with COM method (SVRCOM), SVR with SA method (SVISA), and MLRbased method. Figurésand6 show the
RlIs computed by diérent m¢hods on M1 and M2 respectively, and the relevant result implications will be discussed
in the following sectionSince there is no wetleveloped method of computing the Rls based on RSM, it is excluded
from the comparisorBut, useful visualizabn of RSM in this study will beliscussedn Section 5.3.

AFi gdbo e s
5.DISCUSSION

5.1 Response Time

Figure5 shows that in predicting RT, the most influential factor was CD followed by RA. It can also be noted that all
methods can produce similar RIs for ME. consensus can be reachddnce, it is strongly believed that RT can be
predicted by considering CD which contributes around-58% (mean = 64%) of the overall influence. Since RA is
also a measure of user performance, it cannot be freely adqustedtrolled. This is why RA is weighed only around
29%44% (mean = 36%). Next, we need to determine how CD can be controlled to minimize RT via the design of
experiment (DOE) approach. Figuftshows the main effect of CD and RA on RT. From the leftgfdfigure?, it can
be generally observed that the rigf@inded participants took shorter times (in ms) when reacting to an instruction
using the horizontal control device (mean RT = 603 ms, SD = 225 ms, n = 3474) while they required longer reaction
time using vertical (mean RT = 652 ms, SD = 276 ms, n = 3502) and rotary control devices (mean RT = 642 ms, SD -
199 ms, n = 3510). The right part of Figufeshows that if the righbanded participants reacted wrongly to the
instruction, the reaction time wlmger (mean RT = 661 ms, SD = 262 ms, n = 1309). On the other hand, the reaction
time was shorter if the participants reacted correctly (mean RT = 628 ms, SD = 232 ms, n = 9177). This is true if the
display-control mapping is incompatible, and users magdto exercise more mental effort, hence, leading to longer
reaction times and higher probabilities of having the wrong reaction. However, RA is not a design variable in this
study.
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In summary, in order to minimize RT, an&y horizontal lever joystick ost be used to execute the instructions
which consist of L, R, U, D, C, and AC motions with displays oriented in the four cardinal directions.

AFi gaur e
5.2 Response Accuracy

Unlike M1, dissimilar RIs were computed by different methods on M2 as shown ieBjgie. consensus cannot be
reachedUsing ANN-COM, the importance of the inputs was ranked as CD > RT > IN > DO, which is the same as the
ranking obtained by the method of Linder@ral. (1980) Using ANNSA, a slightly different ranking was obtained
as CD > IN > RT > DOUsing GRNNCOM, the ranking was the same as the one by AMNOM. Similarly, using
GRNN-SA, adifferent ranking was also generated as CD, IN > DO >U&ing the SVRCOM and SVRSA methods,
the rankings were quite different. Since MibRsed methods have been proved reliable and commonly a{Gpbech
et al., 1978; Johnson, 2000; Johnson, 1966)believe that the Rls computed by AKIDM and GRNNCOM must
be more genuine than the two SWWRsed methods. In this connection, for predge®A, the most influential factor
was CD followed by RT, IN, and DO. If CD, RT, and IN which together contribute-84% of the overall influence
on RA are considered only, DOE can also be applied. FRjgshews the main effect of CD and IN on RA. Frora th
left part of Figure8, it can be observed that 89.83% and 94.25% of the participants could react correctly to the
instruction using horizontal (n = 3474) and rotary control devices (n = 3510) while only 78.47% of them could react
correctly using the vadal control device (n = 3502). The association between RA and RT has been already discussed
in Section 5.1 (see Figui@. Similar to M1, RT is not a design variable in controlling RA, or vice versa. From the right
part of Figures, 89.8%, 90.97%, and &% of the participants could react correctly to L (n = 1735), R (n = 1750), and
AC instructions (n = 1732) respectively. In contrast, only 84.49%, 83.38%, and 86.22% of the participants could react
correctly to U (n = 1760), D (n = 1745), and C instructiém= 1764) respectively. It is interesting to note that DO had
little impact on RA. A possible explanation is as follows: given that the location of the control device was fixed, the
right-handed participants would concentrate on how to react to andtistr using a particular type of control device.

To observe an effect on the display oriented in a specific direction, participants only turned their head toward tha
display while keeping their hand on the control device. Hence, the association béeveand motion and the display
was maintained regardless of the display direction. As changing the direction of display did not induce extra menta
effort or unnecessary disruption to the participants, RA was found to be less sensitive to DO.

In summarythere are two suggestions in which RA can be maximized with four different display orientations: 1)
a rotary or horizontal control device must be used; and 2) both U and D instructions must be avoided where the (
instruction is a marginal case.

AFi gure 80

5.3 Visualizationof RSM

RSMcanalsobe used teisualize the impact of all inputs (CD, DO, and IN)eacth othe two outputs (RT and RA)
hence calledesponsesurfaceanalysis (RSA) Figure 9 and Figure li@vealtheimpact of all inputoon RT and RA
regectively.From Figure 9, it can be observed that RT is very sensitive tbufiDdoes not vary significantly with
DO and IN. This finding iseinforcedin Section 5.1 that CD is the most influential factor to RT. From Figuri d#xn
be noted that RAvaries significantly together with CD and IN. This observation is also reinforced in Section 5.2
reportingthat CD and IN are more influential than IN in controlling RAore importantly, the optimum response
(output)can be addressed by searching forliest level of each input. In this study, we attempt to minimizeuRRI’
maximize RA.To do sgall the major recommendations can be visualized in Figure 9 and Figure 10

AFi guoe 9

6. CONCLUSIONS

A methodology of quantifying the causal connection betweesigd variables and user performance was
successfully applied. Using experimental data, the RI of each variable on each performance measure wa
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guantitatively computed. By employing correlation and partial correlation analyses, two relation graphs were
corstructed, one for each of the two key performance measures, RT aRdiRAegression methods were applied to
guantify the connections in the relation graphs, tanele of them were uséd compute the RI of the design variables
on RT and RA independentlyhe comparison results suggest that Abfdsedand GRNNbasedmethods are more
reliable than SVFbased methods in computing the RI of design varialdikough their modeling abilities are
comparable(both arestatistically better than MLRand RSN). Base& on the Rls compatd by ANNCOM and
GRNN-COM, CD is a major design variable for controlling RT while CD and IN are two key variables for controlling
RA. As a result of our analysis, the bdssignoption to optimize each of the measures is suggestedevtowif the
objective is to optimize both RT and RA simultaneously, the recommended settings fbiangdetd users using their
right hand would be as follows: Zway horizontal control device should be used with only L,(R,andAC
instructionsn other words, if only one type of control device is allowed, a horizontal device must be the best option
for users to execute 4 out of 6 distinct instructions. One may argue that a more versatile device should be used. But
fact, users may tend to make monestakes (larger RT and lower RA) if they have more options given a number of
distinct instructions and display directions. This is also one of our future research direction

In general, the major contribution of this study is to suggest some usefuitagtinimethods in computing the
relative influence among variables in the realm of displaytrol compatibility, such that system designers will be
able to focus on some key variables rather than on all of thesm, the extraction ofexplanatoryinformation from
renowned blaclkhox system such as the ANAhd GRNNreported here is successfully demonstra@enerally
speaking, our proposed methwedl be extremely helpful when there are too many design variables and even if some
display-control relationstps are highly implicit or cannot be defined gquantitatively. However, there is no universal
method that can absolutely identify the relative influence of inputs towards outputs in a{Szagpsl 998; Wong and
Chan, 2012) This suggests that our methodish be tested on further problems, especially within the domain of
ergonomics. In this regard, the authors plan to extend this research to differentcisyptayrelationships on user
performance (including lethanded participants) with a variety ofespting conditions, e.g. multiple controls and
multiple displays. Other quantitatiyet complexechniques will be examined and compared with ANN and SVR such
as evidential reasoninglso, optimization algorithms will be incorporated into our metilody when determining

o

the network paramete(sP , 0, such thatemrpthnatiy information can be extracted from a more reliable model.
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