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ABSTRACT  

Completely Confounded Factorial Conjoint Choice Experiment (CCFCCE) design allows estimation of main effects 

and interaction effects. Since some of the effects will be confounded with the blocks in completely confounded 

factorial design, the conjoint choice design was extended to use of partially confounded factorial design, which is call 
Partially Confounded Factorial Conjoint Choice Experiment(PCFCCE). A 2

8
 partially confounded factorial design with 

two replicate was applied to CCE in this study. In this study, all the responses were assume to be independent and 
hence the multinomial logit model follows. The log likelihood is nonlinear and hence the newton-raphson method is 
needed to estimate the parameters. PROC IML was used to generated the Newton-Raphson procedures. The result 
showed that all main effects and some of the first-order interaction effects were significant. 

INTRODUCTION  

Conjoint analysis is an efficient, cost-effective, and most widely used quantitative method in marketing research to 

understand consumer preferences and value trade-off[2]. Value can be interpreted by consumer as the received of 

multiple benefits from a price that is paid. In reality, a consumer wants the most preferable attributes or features at 
the lowest possible price while an organization wants maximize profits by minimizing cost of providing those features 
and to ahead of its competitors. Conjoint analysis involves more complex survey design and analysis, and more effort 

by respondents since they are forced to make difficult trade-offs. By this, company, organization or researchers can 

access what consumers truly value in reality or their willingness to trade off one attribute for another by using 
mathematical and statistical technique, rather than asking respondents to state the importance of each attribute. In 
conjoint choice experiments, respondents choose from a set of product alternatives in choice set. A base alternative 
which is normally a “none” option is added to the set of product alternatives to make the choice more realistic[1]. 

In a CCE, products are defined in terms of attributes (or factors) that play an important role in determining consumer’s 
purchasing decisions. For example, in a tablet computer preference study, the relevant attributes of tablet computer 
may be 3G, warrantee, memory, flexibility, battery, camera, ram and price, where all the attributes have two levels. 
Full profiles are product descriptions that specify a level for each attribute and a choice set is a set consisting of two 
or more full profiles. A choice set for the tablet computer is show in Table 1. The choice set has three alternatives two 
profiles and a neither. Depending on the experimental design, a choice set can have any number of alternatives. 
Given a number of choice sets, the respondents task is to choose the most preferred alternative from each choice 
set. The data generated provide important information about the utility of each level of each attribute which are then 
analyzed to determine the importance of the attributes on consumer preferences. 

Completely Confounded Factorial Conjoint Choice Experiments (CCFCCE), that had been constructed by [5]. These 
designs allow estimation of main effects and interaction effects. Since some of the effects will be confounded with the 

blocks in complete confounded factorial design, thus, the conjoint choice designs were extended to the use of 
partially confounded factorial design, which are called Partially Confounded Factorial Conjoint Choice 
Experiment(PCFCCE) designs. In this method, each replicate does not share the same confounded effects. 

Therefore, all the effects can be estimated.  

The use of PCFCCE is consistent with random utility theory. For each choice set a consumer must choose between 
two products each with a different set of product attributes or neither. In this study, all the responses were assume to 

be independent and hence the multinomial logit model follows. The log likelihood is nonlinear and hence the newton-
raphson method is needed to estimate the parameters. PROC IML was used to generated the Newton-Raphson 
procedures. 

Poster and Video PresentationsSAS Global Forum 2013

 
 



2 

 

2. PARTIALLY CONFOUNDED FACTORIAL DESIGN IN CONJOINT CHOICE EXPERIMENT 

The technique of confounded factorials is based on confounding certain effects, usually higher-order interactions, to 

be confounded with blocks, thus making it impossible to separate confounded effects from block effects[4]. A 
treatment Combination or profile is a particular combination of the levels for each of the factors, where two or more 
treatment combinations are arranged in a choice set, where each combination is one of the alternative (or option). 
When designing conjoint choice experiment as confounded factorials, it is necessary to 

1. determine how to assign treatment combination to blocks to assure main effects and lower order interactions 
are not confounded with block and, 

2. to determine how to identify choice sets. 

Since two treatment combinations are included in a choice set, no information on a factor will be obtained if a choice 
set contains alternatives with the same level of an attribute. Thus, for each choice set we should choose the 
treatment combinations so that no two alternatives have the same level of any factor. Again, since some of the effects 
will be confounded with the blocks in confounded factorial design, the conjoint choice designs were extended to the 
use of partially confounded factorial designs, which are called as Partially Confounded Factorial Conjoint Choice 
Experiment (PCFCCE) designs. In this method, there will be at least two replicates and each replicate does not share 
the same confounded effects. This approach allows some information on the confounded effects to be obtained 

partial information from other replicates except the replicates where consist of the blocks they are confounded with. 
Therefore, all the effects can be estimated. 

In this study, 2
n
 partial confounded factorial designs for CCE will be developed to 

1. avoid confounding main effects and lower order interactions with blocks if possible 

2. to identify choice sets for which no two alternatives in a choice set have the same levels of a factor. 

2.1 IDENTIFYING BLOCKS  

To develop 2
n
 designs, we first arrange the treatment combinations into the required block size in a confounded 

factorial. Suppose we are interested in constructing 2
n
 factorial designs confounded in 2

p
 blocks (p < n), where each 

block contains exactly 2
n−p

 treatment combinations. We select p independent defining effects (or contrasts) to be 

confounded, where by “independent” we mean that no effect chosen is the generalized interaction of the others. The 
blocks may be generated by the use of the p defining contrasts and the modular equations L1, L2 , ...., Lp(mod 2) 

associated with these effects. By doing this, 2
p
 −p−1 other effects will be confounded with blocks. These effects are 

generalized interaction of those p independent effects initially chosen. One must ensure that the [p + (2
p
 − p − 1)] 

effects to be confounded with blocks are not effects that might be non-negligible. Failing to do this will cause the main 

and lower order interaction effects to be biased. 

2.2 IDENTIFYING CHOICE SETS  

The second aspect of design construction involves selecting choice sets so that the criterion of all alternatives 
representing different factor levels, discussed above, is met. For this condition to hold, both alternatives in a choice 
set must be complements of each other. For example 001010 and 110101 are complements. To ensure each 
treatment combination has its complement in the same block, it is necessary for the word length of all defining 
contrasts to be even, where word length is the number of letters (the name of the factors denoted by 1,2, ....k or A, B, 
....) in the defining contrast.  

Let consider an example of single replicate 2
5
 design (32 treatment combinations )with five factors (A, B, C, D, E, F) 

confounded in 2
2
 = 4 blocks of 2

5−2
 = 8 treatment combinations. The defining contrasts are ABCD and BCDE. A 
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represent factor 1, B represent factor 2, C represent factor 3, D represent factor 4 and E represent factor 5. There is 
2

2
 − 2 − 1 = 1 generalized interaction, giving by ABCD ∗ BCDE = AB

2
C

2
D

2
E = AE. The linear combinations 

corresponding to both defining contrasts are: 

L1 = x1 + x2 + x3 + x4  and  L2 = x2 + x3 + x4 + x5   (1) 

where xi is the level(0 or 1) for the ith factor. Each of the 32 treatment combinations will yield a particular pair of 
values of r1 = L1(mod 2) and r2 = L2(mod 2), that is (r1, r2) = (0,0),(0,1),(1,0) or (1,1). The design is Treatment 
combinations with same (r1, r2) are assigned to the same block as shown in Table 2 below. Notice that the word 
length formed by the 2 defining contrasts is even and when all word lengths of the defining contrasts are even, 
treatment combinations and their respective complement are in a same block. In this example, the treatment 
combination (00000) and its complement (11111) are both in block 1. To apply the design in Figure 2.1 to CCE, a 
separate questionnaire is developed for each block. Each questionnaire contains 4 choice sets where a treatment 
combination is paired with its complement to form a choice set. If needed, respondents may be grouped to form 
blocks. For example a questionnaire for a block could be assigned to panel or some other blocking criteria. However, 
if blocking is not feasible, respondents can be randomly assigned to questionnaires. 

 

2.3 QUESTIONNAIRE DESIGN  

Application of using 2
n
 partial confounded factorial design used in the conjoint choice experiment was constructed to 

study consumer’s preferences about Tablet for University Students.  

A tablet is great multipurpose equipment for college and university students. The tablet is conveniently to carry, it is a 
tool that combine a notebook and smart phone, it is also useful in word-processing, Internet surfing, entertainment, 
digital books, SMS, etc.  

In this study, eight attributes of tablet with two level each were used to evaluate consumer’s purchasing decisions 
toward tablet by using PCFCCE. The associated attributes were price (factor A), 3G (factor B), warranty (factor C), 
internal memory (factor D), flexibility (factor E), life of battery (factor F), quality of camera (factor G) and Ram (factor 
H) as shown in Table 3.  

Three defining contrast were used to construct eight blocks of size 32 for each replicate. The defining contrasts were: 
ABCDEF, DEFG and CDEH for replicate I, and ABCD, ABEF and ABCDEFGH for replicate II. For each replicate 
there were 8 fractions and each fraction contained 16 choice sets. An extra choice set was used to check if the 
respondents answered the questions sincerely or not but was not used in the analysis. Each choice set consisted of 
three options, two tablet descriptions and a neither.  

The word lengths of all defining contrasts are even, then each treatment combination has its complement in the same 
block. All the treatment combinations were arranged in such a way that each pair of compliment combinations was 
assigned to the same choice set. This is ensure that no overlap of levels will occur in each choice set. The 
differences between attribute levels are informative. The tables in Appendix 1 showed the 2

8
 design of replicate I 

followed by replicate II. 
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3. ANALYSIS FOR PARTIALLY CONFOUNDED FACTORIAL CONJOINT CHOICE 
EXPERIMENTS 

The use of partially confounded factorial CCE (PCFCCE) is consistent with random utility theory. For each choice set 
a consumer must choose between two products each with a different set of product attribute attributes or neither. 
Probably, the consumer chooses the alternative with the largest utility. A random utility function, Uiskj may be  
expressed by: 

 (2) 

where Uiscj is the s
th

 consumer’s utility of choosing alternative j from the c 
th

 choice set of the i 
th

 block, Viscj is the 
systematic portion of the utility function, and ǫijcj is the random component. The probability that a consumer will 
choose alternative j for a particular choice set is given by: 

 (3) 

where Cisc is the relevant choice set. 

The random component are assumed to be independent with a Gumbel distribution, the multinomial logit model 
follows[3]: 

   (4) 

if Viksj is assumed to be linear in the parameters, it may be decomposed into additive parts so that the utility of an 
alternative may be represented as a linear function of its own attributes. The model equation for the systematic 
component of the utility, Viscj, may be expressed as 

     (5) 

where xiscj is the vector of attribute levels, and β is a vector of parameter coefficients to be estimated. 

This additive decomposition allows estimation of interaction term if the design permits. 

The form of the models is: 

   (6) 

The density function can be modified 

 (7) 

 

  (8) 

This model belongs to the class of generalized linear models (GLMs). 
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To illustrate the iterative procedure of Newton-Raphson as it applies to the multinomial logistic regression model, we 
need an expression for the first and second derivative of β(Eq.6). The first derivative of β in multinomial has the form. 

 (9) 

 In PCFCCE, (y1, y2) will have 3 form, (1,0), (0,1) and (0,0) which are the responder choose one of the option: option 
A, option B or option C. The second derivative of β can be obtained from the estimate asymptotic covariance of β. 

  (10) 

Together with the first and second derivative of L(β). The Newton-Raphson procedures can be applied as follows.  

  (11) 

The new value of β
(1)

is the next approximation for the root. We let β
(0)

 = β
(1)

 and continue in the same manner to 
generate β

(1)
, β

(2)
, ...., until successive approximations converge. 

 

The PCFCCE Newton-Raphson was developed by PROC IML. The estimates of the elements of β, t-ratio and p-
value can obtain in PCFCCE Newton-Raphson. The SAS code for the PROC IML is provided as the following. 

/* Input data 

data_x as design matrix for all the Option B 

data_y as number of respondes follow by option A, option B and option C 

   follow by the choice set. 

number_of_responde_in_each_block as number of responder in each block 

r as number of replicate (partially confounded factorial) 

p as number of confounded factorial*/ 

=================================================================================== 

proc iml; 

 

data_x={ 

     1 1 1 1 -1 -1 1 -1, 

         1 1 1 1 1 1 1 1, 

         ..... 

         1 -1 -1 1 1 1 -1 1}; 

data_y={ 

     1 25 0 10 14 2 7 16 3 13 11 2 9 16 1 11 11 4 17 8 1 20 4 2 

     10 9 7 5 19 2 8 15 3 5 17 4 10 13 3 12 12 2 3 22 1 13 9 4 

     ..... 

     22 2 3 9 8 10 6 7 14 2 18 7 26 1 0 8 8 11 10 11 6 7 17 3}; 

number_of_responde_in_each_block= 

   {26 27 24 25 25 22 25 26 26 27 27 21 28 25 25 27}; 

r=2; 

p=3; 

number_of_fix_effects=ncol(data_x); 

number_of_choice_set=2**(ncol(data_x)-p-1); 

number_of_option=ncol(data_y)/nrow(data_x); 
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/* Design X matrix: Given all the Option B design matrix 

associated with the main effects and first order interaction effects*/ 

data_x=data_x@{-1, 1}; 

 

/* In clude first order Interaction effects (x12,x13,...x18,..x21..x78)*/ 

do i=1 to number_of_fix_effects; 

do j=i+1 to number_of_fix_effects; 

        i_x=data_x[,i]#data_x[,j]; 

        if j=2 then 

            IX=i_x; 

        else 

            IX=IX||i_x; 

    end; 

end; 

data_x=j(nrow(data_x),1,1)||data_x||IX; 

 

/* Follow the "number_of_responde_in_each_block" design the X matrix*/ 

do i=0 to number_of_choice_set-1; 

    do j=0 to number_of_choice_set-1; 

    xi=j(number_of_responde_in_each_block[i+1],1,1)@ 

    data_x[(number_of_choice_set)*(number_of_option-1)*i+ 

    (number_of_option-1)*j+1:(number_of_choice_set)* 

    (number_of_option-1)*i+(number_of_option-1)*j+2,]; 

    if i=0 && j=0 then 

        X=xi; 

    else 

        X=t(t(X)||t(xi)); 

end; 

end; 

 

/* Assume Beta = 0*/ 

beta=j(ncol(data_x),1,0); 

wc=0||number_of_responde_in_each_block; 

 

/* Design Y matrix, responded in multinomial ((1,0), (0,1) or (0,0))*/ 

do i=0 to nrow(data_x)/(number_of_option-1)-1; 

do j=0 to number_of_option-2; 

    if data_y[number_of_option*i+j+1]^=0 then 

        do; 

            a=j(number_of_option-1,1,0); 

            a[j+1]=1; 

            yi=j(data_y[number_of_option*i+j+1],1,1)@a; 

                if i=0 & j=0 then 

                    Y=yi; 

                else 

                    Y=t(t(Y)||t(yi)); 

            end; 

    end; 

    if data_y[number_of_option*i+3]^=0 then 

        do; 

            a=j(number_of_option-1,1,0); 

            yi=j(data_y[number_of_option*i+3],1,1)@a; 

            Y=t(t(Y)||t(yi)); 

        end; 

end; 
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/* Use Newton-Raphson to estimate the fixed effect coefficients*/ 

do con =1 to 5; * when test < 10E-8 then converged; 

 

/* Compute mean of the multinomial (mu) by using logit link*/ 

eta=exp(X*beta); 

mu1mu2=shape(eta,nrow(eta)/(number_of_option-1),number_of_option-1); 

pi3=1+mu1mu2[,1]+mu1mu2[,2]; 

pi1=mu1mu2[,1]/pi3; 

pi2=mu1mu2[,2]/pi3; 

mu=pi1@{1,0}+pi2@{0,1}; 

 

/* Compute and design block diagonal matrix for information matrix*/ 

do i=1 to ncol(number_of_responde_in_each_block); 

wa=mu[(sum(wc[1:i])*(number_of_option-1)*number_of_choice_set+1): 

(sum(wc[1:i+1])*(number_of_option-1)*number_of_choice_set)]; 

wb=shape(wa,nrow(wa)/(number_of_option-1),number_of_option-1); 

ww=sparse(diag(wa#(1-wa))-diag(wb[,1]#wb[,2])@{0 1,1 0}); 

if i=1 then 

    W=ww; 

else 

    do; 

        ww[,2]=ww[,2]+(sum(wc[1:i])*(number_of_option-1)*number_of_choice_set); 

        ww[,3]=ww[,3]+(sum(wc[1:i])*(number_of_option-1)*number_of_choice_set); 

        W=W//ww; 

    end; 

end; 

n_beta=beta+(inv(t(X)*full(W)*X)*t(X)*(Y-mu)); 

test=t(n_beta-beta)*(n_beta-beta); 

if test<0.0000001 then 

do; 

    con=7; 

    beta=n_beta; 

    COV=sparse(diag(inv(t(X)*full(W)*X))); 

    COV=COV[,1]; 

    T_value=abs(beta/sqrt(COV)); 

    p_value=(1-probt(T_value,sum(data_y)-ncol(X)-1))*2; 

    print "done estimation"; 

    print beta T_value P_value; 

end; 

else 

do; 

    con=1; 

    beta=n_beta; 

end; 

end; 

run; 

4. RESULTS 

A survey in the form of partially confounded CCE was conducted to collect the data of respondent’s preferences on 
eight attributes of tablet. There are 28(256) descriptions(treatment combinations) of the product and it is impossible 
for a respondent to answer all the descriptions. With the use of CCE, information on attributes associated with 
respondents preference or choice can be obtained without asking each respondent more than a moderate number of 
choice sets. PCFCCE divided the descriptions within each replicate into eight fractions of each with 16 choice sets. 
Two replicates were used and the partial information of effects that are confounded with blocks in a replicate can be 

obtained from another replicate.  

Students from Faculty of Engineering and Science(FES) and Faculty of Creative Industry(FCI) of University Tunku 
Abdul Rahman were chosen randomly as the respondents for this survey. There were 406 students from the two 
faculties with each responded only once the survey. In average each fraction was responded by nearly 25 students. 
Each student was responded to 17 choice sets with 3 alternatives each but only 16 choice sets were used in the data 
analysis. Hence, there are 19488 responses in total with each block of students responded to 48(16 choice sets x 3 
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alternatives) responses. Therefore, there are 48 observed proportions for each block or fraction and a total 768 
observed proportions. 

From the result obtained, all main effects and some of the first-order effects are statistically significant       (p-value < 

0.05). The estimates of the elements of β, the standard errors of the estimates and the p-value were provided in 

Appendix 2.The significant first-order interaction effects were price and warranty, price and flexibility, price and 

battery, 3G and flexibility, warranty and memory, warranty and flexibility, memory and ram, flexibility and battery and 
flexibility and camera. All the effects can be estimated by using the estimated coefficient values generated by PROC 

IML. These coefficients are estimated based sum to zero restriction. Thus, the other coefficients not shown in the 

table can be obtained using this restriction. For instance, the coefficient for lower price of tablet is 0.11400. Since 
there were only two level for the price of tablet, the higher price of tablet is -0.11400. Similarly, the coefficients for 

other effects were obtained in the same manner. 

The main effects of the attributes may be interpreted using the estimated coefficients. For example, the effect of 

flexibility is 0.849(0.927-0.078) and the odds of choosing it is 2.336(e
0.849

), while the effects of not flexibility was 
1.005(0.927+0.078) which translated into an odds of 2.733(e

0.1.005
). Thus the odds ratio for a consumer choosing the 

tablet when the tablet is flexible versus not flexible is 0.855(2.336/2.733). This also means the odds of a respondent 
choosing a flexible tablet is 0.855 times the odds of a respondent choosing the not flexible tablet. Similarly, the odds 
of choosing a tablet with 3G is 1.191 times of the odds of choosing a tablet without 3G. The odds of choosing a tablet 
with longer duration warranty is 1.279 times of the odds of choosing a tablet with shorth duration warranty. A 
summary table of the least square means, the odds and the odds ratios is attached in Appendix 3. 

The significant interaction effects indicated that including interactions in the model was important. The significant 

effects between price and warranty showed that the odd ratios for a respondent choosing a 2years warranty versus 

1year warranty was 1.525 when the tablet with lower price. Where choosing a higher price tablet, the respondent 
choosing a 2years warranty versus 1year warranty was 1.072 as shown in table below. This means that. This means 
that respondents will pay more attention to warranty, when the tablet price was low. 

CONCLUSION  

In CCE, interactions among attributes were common. In this study, the conjoint choice designs were extended to the 
use of partially confounded factorial design, which were called Partially Confounded Factorial Conjoint Choice 
Experiment (PCFCCE) designs. In a partially confounded factorial design, effects that were confounded with blocks in 
different replicate can be estimated partial information from other replicates. In this method, each replicate did not 

share the same confounded effects. Therefore, the lost of information of significant effects can be avoided using 

PCFCCE. Although all the effect can be estimated, only main effects and first-order interaction effects were 

concerned. Main effects estimates were unbiased with the presence of first-order interactions. Higher order of 

interaction was normally assumed to be negligible. 
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Appendix 2: Coefficient Estimates 
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Appendix 3: Estimates, Least Square Mean, Odds and Odds Ratio
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