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A B S T R A C T   

Conjoint experiments (CEs) provide designers with insights into consumer preferences and are one of several 
user-based design approaches aimed at meeting users’ needs. Traditional CEs require participants to evaluate 
products based on two-dimensional (2D) visual representations or written lists of attributes. Evidence suggests 
that product representations can affect how participants perceive attributes, an effect that might be exacerbated 
in a Low- and Middle-Income Country setting where CEs have seldom been studied. 

This study examined how physical three-dimensional (3D) prototypes and 2D renderings with written speci
fications of attribute profiles generated differences in estimated utilities of a CE about a hypothetical new tool for 
electronic-waste recycling, among workers in North-Eastern Thailand. Two independent CEs were performed 
with each representation form. Ninety participants across both experiments each ranked three sets of five 
alternative tool concept solutions from most to least preferred. The results of the conjoint analysis guided the 
design of a tool optimized for user preferences, which was then distributed to half of the sample through a 
Becker-DeGroot-Marschak auction experiment. One month after the auction, participants completed an endline 
survey. 

The results point toward potential differences in relative importance of different product attributes based on 
product representation. Price was found to have no significant impact on the valuation of tools in either 
experiment. The differences in relative importance of product attributes may have been explained by the limi
tations of 2D renderings for conveying sizes. 

Further research is needed to understand the impact of product representation on preferences in this context. 
We recommend careful consideration for product representations – specifically, how well the representations 
convey all product attributes being evaluated – in CEs. Using a combination of 2D renderings and 3D product 
features might have satisfied both the speed and low-cost advantages of renderings while enabling participants to 
have a better sense of product features.   

1. Introduction 

Many products developed for Low- and Middle-Income Countries 
(LMICs) with demonstrated benefits still retain very low adoption rates 
even when distributed for free. Examples can be found for water filtra
tion schemes (Berry et al., 2020), cook stoves (Levine et al., 2018; 
Mobarak et al. n.d.), and bed nets (Yukich et al., 2017). Some studies 

have investigated and documented the reasons for low adoption, a main 
reason being the lack of good contextual design (Chavan et al., 2009). 
Gathering reliable user data in developing settings may be challenging 
because of the lack of infrastructure usually relied on in developed 
countries such as receipts, web traffic, and household economic surveys 
(Kroll et al., 2014). In response, designers are developing diverse 
methods to understand consumer preferences and estimate demand 
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curves in developing settings (Kroll et al., 2014). Prominent methods to 
model consumer behavior are discrete choice experiments (DCEs) and 
conjoint experiments (CEs). While there is overlap between these two 
methods, in this paper we discuss rank-based (or rating-based) CEs, 
different from traditional choice-based methods in DCEs. 

CEs provide a means of investigating relative preferences (trade-offs) 
across attributes of goods or services and are widely applied in mar
keting research (Green and Srinivasan, 1978; Wittink et al., 1990). 
Marketers have traditionally employed such methods to assess consumer 
trade-offs for product features in High-Income Countries (HICs) (Green 
et al., 2004; Green and Srinivasan, 1990). In addition, CEs have been 
commonly used in transportation, psychology, environmental valuation, 
municipal planning and others (Hope and Garrod, 2004; Scarpa et al., 
2003). In a CE experiment, consumers are presented with alternative 
profiles with varying attribute levels and are asked to choose their 
preferred profile. Conjoint analysis assumes that consumers make 
choices based on the sum of utilities derived from specific attribute 
levels of a product or service. The goal of conjoint analysis is to estimate 
the utilities for each attribute (Green and Srinivasan, 1978), which 
enable designers to make design decisions about product attributes to 
include. 

CE is increasingly being used in LMICs. However, conjoint-based 
studies have mainly been studied in HIC settings; there have been very 
few studies reported of CEs applied in LMIC settings (Mangham et al., 
2009). In LMICs, CEs have been used in agriculture (Kamuanga et al., 
2002; Yesuf et al., 2005), for clean water initiatives (Hope and Garrod, 
2004), and in the transport and tourism sectors (Baidu-Forson et al., 
1997; Tiwari and Kawakami, 2001). The use of CEs in LMICs has also 
been reported for health policy and planning questions, where it appears 
to be of growing interest (Chomitz et al., 1998; Hanson et al., 2005). 
Moreover, Baltussen and Niessen (2006), argued that choice experi
ments, as a technique for undertaking multi-attribute analysis, should be 
used more routinely to guide resource allocation decisions in the field of 
global health (Baltussen and Niessen, 2006). However, very few studies 
consider the population characteristics in which the CE is being per
formed and the impact that may have on the outcomes of using different 
CE designs (He et al., 2012). We cannot assume that the research on 
product representation is transferrable to an LMIC context, where fa
miliarity with survey methods and local contextual factors could influ
ence the outcomes. Hence, studying CE methods in LMIC contexts is 
needed. 

In addition, there are concerns over general CE validity, whether 
carried out in LMICs or not, since the outcomes of CE rely on participants 
being able to respond according to their true preferences (Orzechowski 
et al., 2005). The parameters of CE, such as the response format (Boyle 
et al., 2001), the attributes and levels included (Zhang et al., 2015), and 
the order of presentation of attributes (Kjær et al., 2006), have been 
shown to affect participants’ revealed preferences during a CE. For 
example, the analytical hierarchy process has been shown to be inade
quate as a field method in one LMIC setting (Chou et al., 2020). 

Product representation is one such parameter that has been shown to 
affect participant preferences (Sylcott et al., 2016). Product represen
tation concerns the way in which the attribute levels in a CE are pre
sented. Typical representations of products or services in CE consist of 
verbal descriptions of the attribute levels, presented as a list, which 
might be complex and hard to understand (Orzechowski et al., 2005). 
Verbal descriptions could lead to misinterpretations, especially in a 
cross-cultural setting, where designers from HICs are conducting CEs in 
LMICs (Meyer and Rosenzweig, 2016). The use of pictures have been 
recommended when conducting CEs in LMICs (Meyer and Rosenzweig, 
2016). However, using images could lead participants to focus on as
pects of the product that are irrelevant to the CE (Orzechowski et al., 
2005). Research in engineering design has also shown that a prototype 
form can impact the feedback received by stakeholders in other methods 
such as usability testing (Reyes et al., 2017) and interviews in an LMIC 
setting (Deininger et al., 2019). Hence, prior research suggests that the 

importance of product representation might be exacerbated in LMIC 
settings, which is why we believe this analysis is pertinent in this setting. 
In this study, we proposed to examine the impact on estimated product 
attributes of conducting a CE with 3D physical prototypes versus 2D 
renderings with verbal specifications in an LMIC setting. This study 
contributes to the limited literature on the effect of product represen
tation on CE outcomes and on the use of CEs in LMIC settings. 

2. Background 

2.1. Product representation in CEs 

The impact of various product representation in conjoint analysis on 
the valuation of product features has been studied across product types. 
One might think that the ideal product representation would be a high- 
fidelity physical model. For example, Dominique-Ferreira et al. (2012), 
used real water bottles to conduct a CE on bottle preferences (Domi
nique-Ferreira et al., 2012). However, creating physical products for a 
CE comes at a high cost in time, money, space, and logistics because of 
the number of product variations that need to be created (Tovares et al., 
2014). Hence, creating physical prototypes for all product variations is 
often infeasible. Because of the high cost associated with creating 
physical models for every feature level of most products, various studies 
examined the impact of product representation on the outcomes of CEs 
(Tovares et al., 2014), with the goal of understanding what product 
representations can lead to reliable results at an affordable imple
mentation price. 

Much of the research on product representation in CE has examined 
the impact of product representation on aesthetics evaluation (Kelly and 
Papalambros, n.d.; Orsborn et al., 2009; Reid et al., 2010; Tseng et al., 
2012). Some consensus exists around visual CE, where objects are rep
resented with 2D images, as a way to accurately describe product 
aesthetic preferences while “effectively addressing the limitations of 
physical prototyping, focus groups, and traditional conjoint [with verbal 
descriptions]" (Tovares et al., 2014). However, research has also shown 
that introducing images in a CE may lead participants to evaluate 
‘accidental details,’ a by-product of introducing imagery that carries 
more information than listing features and levels (Jansen et al., 2009; 
Sylcott et al., 2016). For example, showing physical prototypes that 
were not the final product led to a lower performing utility model due to 
the low-fidelity nature of the prototype regarding functional attributes, 
even when participants were asked to disregard those and concentrate 
on aesthetic evaluation (Sylcott et al., 2016). Vriens et al. (1998), 
concluded that pictorial representations do improve participants’ un
derstanding of the attribute levels being tested as compared to verbal 
representations. However, verbal representations seem to make it easier 
for participants to make choices (Vriens et al., 1998). The use of 
rendering software to produce photorealistic images of products for CE 
comes at a higher cost than using verbal descriptions (Vriens et al., 
1998) and might introduce bias into the attribute evaluation by 
participants. 

Some studies have investigated experiential CEs, where participants 
experience part of the product they are evaluating, for example, through 
virtual reality (Tovares et al., 2014). CEs have also been used earlier in a 
design process to elicit customer preferences for experiences, by evalu
ating storyboard scenarios later translated in product features (Kim 
et al., 2017). Other novel product representations include short videos 
(Intille et al., 2002), and a multimedia online buying environment 
meant to increase realism (Urban et al., 1996). 

2.2. Product representation in CEs in LMICs 

The challenges of conducting CEs in cross-cultural LMIC setting 
relate to different cultural or language settings, low levels of literacy, 
and the novelty of market research techniques (Chou et al., 2020; 
Mangham et al., 2009). The literature on CEs in LMICs suggests that 
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participants can state their preferences on health service provision and 
areas for policy reform (Baltussen and Niessen, 2006; Chomitz et al., 
1998; Hanson et al., 2005; Mangham et al., 2009; McPake and Mensah, 
2008). The results also suggest that the preferences are reasoned and 
deliberate. Hence, CEs seem to be a sensible choice of methodology for 
consumer preferences data collection in LMICs. 

When designing in LMICs, different cultural and language settings, 
low levels of literacy, and the novelty of market research techniques 
(Hope and Garrod, 2004) are reasons to hypothesize that the product 
representation may lead to misunderstandings and miscommunications 
between designers, marketers, and users, which impact feature evalua
tion. Meyer and Rosenzweig (2016) presented tools to use when con
ducting CEs in developing countries and recommend translating 
attributes into images (Meyer and Rosenzweig, 2016). Indeed, pro
totypes have been shown to be powerful communication tools and can 
aid stakeholders in understanding the concepts and ideas of the designer 
and to actively participate in the design process (Lauff et al., 2020). 
Hence, showing prototypes in CEs could increase the mutual under
standing between designer and user. 

2.3. Gap 

There is a gap in understanding the effect of 2D versus 3D product 
representation on CE results. In addition, there is a gap in understanding 
the effect of product representation on CE results when conducting CEs 
in a cross-cultural LMIC settings. This paper describes an experimental 
study that examined the effects of 2D versus 3D product representations 
on preferences of electronic-waste workers for a cutting tool, conducted 
in rural, north-eastern Thailand. 

3. Methods 

This study aimed to answer the following research question: What is 
the effect of product representation on the estimated utilities of product 
attributes, when conducting a CE in a cross-cultural LMIC setting? 

3.1. Study design 

A CE was conducted to better understand electronic-waste (e-waste) 
recycling workers’ preferences for features of a new cutting tool. E-waste 
recycling involves the dismantling of various electronic components 
such as refrigerators, fans, washing machines, and televisions to retrieve 
and sell various materials including steel, copper, aluminum, plastic, 
PCB, screen, and cables. The informal e-waste sector is less regulated 
(Perkins et al., 2014) and the rate of worker injury is much higher than 
in formal sectors (Arain, 2019). Multiple stakeholder engagement ac
tivities revealed increased risk when workers dismantle stators, depicted 

in Fig. 1. Figs. 1 and 2 also illustrate tools used by participants. E-waste 
workers in our sample bought their own tools and maintained them by 
regularly sharpening them. Hence, they were regularly making purchase 
choices and evaluating the tradeoffs in their choices for tools and were 
therefore a good population for a choice experiment to reveal tool 
preferences. The preferences revealed through the CE then led to the 
design of an optimized tool, which was manufactured and distributed to 
half the sample through an auction experiment. 

A total of 105 participants conducted a baseline survey and 83 par
ticipants conducted the 3D CE (i.e., with physical prototypes). Both 
activities were conducted during a field visit in August 2019. A subset 
(15) of the participants were not available to conduct the CE with 
physical prototypes at that time due to work travels and instead con
ducted the 2D CE (i.e., with paper prototypes) during a following field 
visit in November 2019. It was common for workers to hold multiple 
jobs in addition to e-waste recycling. Hence, it was common for workers 
to travel for their other work, such as agricultural work. Table 2 of the 
results section shows that both groups were balanced on e-waste as 
participants’ main job in the baseline survey (59% of 3D CE participants 
against 67% of 2D CE participants). 

Furthermore, we tried to limit any effects of the passage of time 
between the 3D CE conducted in August and the 2D CE conducted in 
November. We interviewed participants at their e-waste workplace, so 
they all had been working on e-waste that day which provided some 
consistency of context (versus interviewing a participant while they 
were doing farm work). To the best of our knowledge, there was no 
seasonality difference in the e-waste work. No prototypes of the tools 
were introduced to the community between August and November. 
While participants of the 2D conjoint could have talked to participants of 
the 3D conjoint about the experiment, no pictures had been taken so we 
expect that the amount of information exchanged was limited and would 
rather bias both samples towards similar results. 

3.2. Attribute selection 

The research team conducted a field trip prior to August 2019, 
during which informal interviews were conducted with workers and 
feedback was gathered on early tool designs. Feedback from nine e- 
waste workers suggested a novel hand tool was of interest and attributes 
were determined based on designs and functions of preferred existing 
tools to dismantle motors: chisels and blades. 

Table 1 summarizes the attributes of the tool and their respective 
levels. The attributes were selected to represent the major design choices 
that would have a large impact on usability (mainly impacted by handle 
position, blade length), safety (guard), durability (blade thickness), and 
price (blade length, blade thickness, guard). The number of attributes 
and levels resulted in 24 different tool designs at 4 different prices for a 

Fig. 1. E-waste worker dismantling a stator with a blade and hammer (left). Set of typical tools used to dismantle E-waste (right).  
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total of 96 possible alternatives. A rank-order design was chosen, where 
participants were presented with a subset of five knives and were asked 
to rank-order the different alternatives. Participants were presented 
with a total of three sets of five knives. This CE design was chosen to 
gather more information in a short amount of time, given the field 
constraints. The sets of knives were randomly generated. 

3.3. Estimation procedure 

Given that participants’ utility functions are not directly observable, 
we indirectly estimated aggregate utilities by observing participants’ 
ranks when presented with sets of five tools. The model results in an 
estimation of the influence of the product attributes on participant 
choices. We assumed that participants could rank possible alternatives 
in order of preference and follow a logical process of choosing options 
that were more desirable. 

To analyze the data, we fit a rank order logit model also known as the 
exploded logit model (Punj and Staelin, 1978), using the cmrologit 
function in Stata (Stata Statistical Software, 2019). This model is 
appropriate for the data because it uses rank ordered alternatives, it 
generalizes a version of McFadden’s choice model in the case where 
alternatives vary for each participant, which is the case of our data (each 
participant saw different random sets of tools), and data from a same 
participant are linked together by a case ID variable. 

3.4. Testing the product representation effect 

Two methods of representation of the attribute levels were devel
oped: 3D physical prototypes and 2D renderings made from Computer 
Aided Design (CAD) models, to compare the effect of representation on 
stakeholder preferences. The 3D prototypes were built using materials 

from a home-improvement store. The 2D renderings were displayed on a 
packaging sleeve that mimicked the current blade purchased by par
ticipants and provided the specifications of the tool at the bottom of the 
package rendering, in the same format as the benchmark tool. Examples 
of the two trial set-ups are shown in Fig. 3 and a close-up of the price 
representations is shown in Fig. 4. We refer to the CE conducted with 3D 
physical prototypes as the 3D CE and we refer to the CE conducted with 
2D renderings as the 2D CE. 

To study the effect of product representation on attribute valuation 
in the analysis of the CEs, we included interaction variables where all 
attributes were multiplied by a dummy variable (equal to 1 if the 
product representation is 2D; else 0). The statistical significance of 
interaction variable coefficients, interpreted as utilities, would signify 
that the product representation impacted the valuation of that attribute. 

Because our sampling method was non-random due to field con
straints, we first examined the demographics of the two groups (3D CE 
and 2D CE, results presented in 4.1). Because we found an imbalance of 
the samples related to age, we conducted a sensitivity analysis for which 
we created a nearest neighbor matching for our 2D participants based on 
the following normalized baseline characteristics: Age (yrs.), Average 
monthly household income (kTHB), Number of people per household 
(person), Worker (binary), Gender (binary), Education secondary or 
higher (binary), E-waste as a main job (binary). We present the results of 
the sensitivity analysis in part 4.4. 

3.5. Hypotheses 

We expected that the relative weighting of attributes would be 
affected by the different representations. Here, we formulated two 
specific hypotheses regarding the change in attribute weighting. 

Fig. 2. Close-up of typical tools used to dismantle e-waste (from left to right: blade, chisel, knife).  

Table 1 
Tool attributes and respective levels. Prices in Thai currency, US$ 1 = THB 30.34.  

Attribute Description Levels and coding Expected sign of 
coefficient 

Price Purchase price Continuous variable in THB (100, 
200, 300, 400) 

Negative 

Handle 
position 

Handle positioned at the top (mimicking a chisel design) or side of the blade (mimicking a 
knife design) 

Top = 0 
Side = 1 

Positive 

Blade length Length of the cutting blade: short 4′′ , medium 7′′, and long 9′′ BL1  Medium = 1 
{Short, Long} = {0,0}    Positive 

BL2 Long = 1 
{Short, Medium = 0} =
{0,0} 

Positive 

Blade 
thickness 

Thickness of the cutting blade Thin (0.8 mm) = 0 
Thick (3 mm) = 1 

Positive 

Guard Presence or absence of a hand guard to both protect from hammer hits and reduce vibrations Absent = 0 
Present = 1 

Positive  
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H1. The weighting of the blade length and blade thickness attributes 
would decrease relative to the other attributes in the 2D CE. 

Indeed, 2D renderings were less effective at communicating size (de 
Beer et al., 2009) and blade length and thickness might therefore have 
been significantly less tangible in a rendering than in a 3D prototype 
representation. We hypothesized that participants would struggle to 
evaluate the different lengths and thicknesses accurately when shown a 
2D rendering. 

H2. The weighting of the price attribute would increase in the 2D CE. 
The price attribute is more accurately represented in the 2D 

rendering, as it mimics the representation of the price of one of the 
blades that was used as a benchmark because it was frequently bought 
and used by participants (benchmark blade shown in Fig. 5). 

3.6. Auction experiment and endline survey 

Based on the results of the 3D CE, an ‘optimal’ tool, which included 
all highest-ranking attributes (Fig. 6), was designed and manufactured 
locally. 

We conducted a Becker-DeGroot-Marschak (BDM) auction experi
ment to elicit participants’ WTP for the ‘optimal’ tool during the 
November field visit. A BDM auction experiment aims to elicit partici
pants’ WTP for a product through a system of bids and random price 
draws. During the BDM experiment, participants stated their bid for the 
tool (that is the highest amount they were willing to pay for the tool). We 
then drew a random price. If the random price was greater than the 
participant’s bid, the participant did not purchase the tool. If the random 

price was lower than the participant’s bid, the participant purchased the 
product at the draw price rather than at their initial bid. The partici
pants’ utility maximizing strategy is to bid their true maximum WTP, 
because the stated WTP does not affect the price paid, only the proba
bility of purchasing the tool. Participants used play money provided by 
the research team and leftover playmoney money could be spent to buy 
household goods directly at the study location. 

During the auction experiment, 32 participants received the 
‘optimal’ tool. None of the participants were aware of the opportunity to 
receive the tool when conducting the CEs. 

One month later, we conducted an endline survey to measure par
ticipants’ preferences for the tool, among other outcomes. In the survey, 
we asked a subset of multiple-choice questions about tool preferences to 
both participants who did and did not receive the tool, the visual aids for 
these questions are included in Appendix 1. These multiple-choice 
questions were based on design questions that remained after 
receiving some qualitative feedback during the auction experiment and 
in conversations with the manufacturer. The questions enabled us to 
further study how preferences evolved after using the tool for some time. 
A summary of the preference-related questions asked during the base
line, along with the answers to the questions, are included in Table 5 in 
the results. 

4. Results 

4.1. Participant demographics 

Table 2 displays a summary of participant demographics. The full 

Fig. 3. Pictures of the trial set-up for the 3D CE (left) and 2D CE (right), each presenting five alternative for participants to choose from.  

Fig. 4. Examples of price representations in the 3D CE (left, 300 บาท Thai Baht) and in the 2D CE (right, 100 บาท Thai Baht).  
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sample of 98 participants was made up of 42 workers (i.e., participants 
who were employed in an e-waste firm), and 56 owners (i.e., partici
pants who owned and operated their own e-waste business). A total of 
54 participants were male and the average age of participants was 46 
years (st.dev. 11). Participants’ average monthly household income was 
kTHB 8.7 (st.dev. 15). Only two respondents had never attended school, 
and 41% had attended secondary school or higher. A majority (61%) of 
participants stated that e-waste recycling was their main job. The 
average family size was 4.7 people (st.dev. 2.1). 

Participants available during the first field trip (August 2019) were 
assigned to the 3D CE, participants who were not available during the 
first field trip but were available during the second field trip (November 
2019) were assigned to the 2D CE. We evaluated sample differences 
based on the available information collected in the baseline survey, 
including demographics and tool usage to account for potential self- 
selection of participants whose main job was not e-waste (hence, they 
were working elsewhere during the first field trip and could not be 
found) or other non-explicit reasons. The groups were balanced on all 
measures across participant groups except for age. 

Table 3 reports the CE regression results. The estimates of utilities for 
the different attributes for 3D CE participants and 2D CE participants are 
reported in Part A, columns 1 and 2, respectively. To study the statistical 
significance of the utility estimate differences, we report the coefficients 
of the product representation binary variable interacted with all 

Fig. 5. Benchmark blade packaging.  

Fig. 6. Optimal knife design (handle in side position, 9 inch blade, thick 
blade, guard). 

Table 2 
Group summary statistics by CE design (3D and 2D).   

3D CE 
(N = 83 
participants) 

2D CE 
(N = 15 
participants)     

T-test p-value 
Age (yrs.) 47 

(st.dev. 10) 
40 
(st.dev. 11) 

0.018** 

Average monthly 
household income 
(kTHB) 

10.6 
(4.0) 

9.2 
(4.5) 

0.32 

Number of people per 
household (person) 

4.7 
(2.1) 

4.8 
(1.8) 

0.89    

Chi square p- 
value 

Workers 35 (42%) 7 (47%) 0.75 
Men 46 (55) 8 (53) 0.88 
Education secondary or 

higher 
33 (40) 6 (40) 0.99 

E-waste as a main job 49 (59) 10 (67) 0.58 
Tool usage 

Blade 60 (72) 11 (73) 0.46 
Chisel 70 (84) 9 (90) 0.25 
Knife 61 (73) 6 (75) 0.23 

*p < 0.1, **p < 0.05, ***p < 0.01, ****p < 0.001. 
Table notes: Income was winsorized at the kTHB2 and kTHB15 levels, meaning 
income levels reported as below kTHB2 and above kTHB15 were counted as 
kTHB2 and kTHB15, due to multiple choice format of the question which asked 
participants to indicate their income bracket. Where there were missing re
sponses, we calculated the statistics on the available data only. 
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attributes, in Part B. of Column 1. The coefficients can be interpreted as 
utilities for each attribute level. 

4.2. 3D CE 

The results of the 3D CE indicate that participants saw the most value 
in the handle in the side position (coefficient = 1.3). Hence, if presented 
with two alternatives, a participant would choose a tool with the handle 
in the side position 79% of the time, with all other attributes being 
equal. A breakdown of probabilities for each attribute is given in 
Table 4. 

In order of importance, a thicker blade (utility = 0.86, 3 mm 
compared to 0.8 mm), a longer blade (utility = 0.61 for a 9-inch blade), a 
guard (utility = 0.56), and finally a medium blade (utility = 0.34 for a 7- 
inch blade), were all attractive attributes for participants in the 3D CE. 
Price was not found to have a statistically significant effect on partici
pants’ preferences. 

4.3. Comparing 3D and 2D product representation in CE results 

Looking at the attribute valuation of the 2D CE, we found that the 
order of importance of attributes had changed as compared to the 3D CE 
results. While the handle in the side position was still the most heavily 
weighted attribute (utility = 2.5), the guard came in as second most 
weighted attribute (coefficient = 0.94). The 9-inch blade and 7-inch 
blade lengths followed with coefficients of 0.68 and 0.49 respectively. 
The attribute of blade thickness had the lowest coefficient before price 
(coefficient = 0.15). Lastly, the utility for price, while not statistically 
significant, was negative. The difference in probabilities associated with 
each attribute between 3D and 2D CEs is reported in Table 4. For 
example, with all other attributes being equal, a participant of the 3D CE 
would pick the knife with a guard 64% of the time, while a participant of 
the 2D CE would pick the knife with the guard 72% of the time. 

Furthermore, we found statistically significant coefficients of inter
action variables (Table 3, Part B), namely ‘2D * Handle position’ (p <
0.01) and ‘2D * Blade Thickness’ (p < 0.01). These results implied that 
the product representation influenced the respondents’ valuation of 
attributes. For blade thickness, the negative coefficient − 0.71 signified 
that the 2D product representation decreases the relative importance of 
a thick blade by a factor of 1/6. In the case of the handle position, the 
positive coefficient 1.2 signified that the 2D product representation 
increased the relative importance of the handle in the side position by a 
factor of 1.9. A visual representation of the attribute utilities is included 
in Fig. 7. 

4.4. Sensitivity analysis 

To assess the sensitivity of our model, we conducted nearest 
neighbor matching to select 3D CE participants that most closely 
resembled the 2D CE participants, based on the following normalized 
baseline characteristics: Age (yrs.), Average monthly household income 
(kTHB), Number of people per household (person), Worker (binary), 
Gender (binary), Education secondary or higher (binary), E-waste as a 
main job (binary). We included the two nearest neighbors (NN) which 
resulted in a sample of 21 neighbors (because of overlap) from the 3D CE 
participant sample, which we name NN 3D. The regression results are 
included in Table 3 (Column 3). 

The demographic comparison of the NN 3D CE subset and the 2D CE 
participants is included in Appendix 2. While the two groups were 
balanced on all baseline measures across participant groups, the two 
groups still lacked complete overlap of age, as seen in Fig. 8. Hence, we 
ran the regression on a data subset where all participants under the age 
of 20 and over the age of 60 were removed. These results are also 
included in Table 3 (Column 4). 

The regressions ran to assess sensitivity of the results to changes in 
the datasets show that our main results, that participant preferences 
were different for the 2D CE versus the 3D CE, remained constant. 

4.5. One-month post-auction preferences 

We evaluated the aggregated participant preferences one month 
after the auction experiment (Table 5). We found that participants who 
had used the tool had significantly different responses than those who 

Table 3 
Regression results for the multinomial logit model with all data.  

A. Attributes Coefficients (utilities) Sensitivity analysis 

3D 
(1) 

2D 
(2) 

NN 3D 
(3) 

21–59 year 
old 
(4) 

Handle in the side 
position 

1.3**** 
(0.14) 

2.5**** 
(0.34) 

2.0**** 
(0.34) 

1.3**** 
(0.15) 

Thick blade 0.86**** 
(0.14) 

0.15 
(0.17) 

0.79*** 
(0.16) 

0.84**** 
(0.16) 

Blade length 
9 
7 

0.61**** 
(0.16) 
0.34*** 
(0.12) 

0.68*** 
(0.25) 
0.49 
(0.27) 

0.55 
(0.29) 
0.30 
(0.25) 

0.57*** 
(0.18) 
0.35** 
(0.13) 

Guard present 0.56**** 
(0.094) 

0.94*** 
(0.30) 

0.20 
(0.16) 

0.49**** 
(0.10) 

Price (continuous) 0.00022 
(0.00039) 

− 0.00062 
(0.0013) 

0.00019 
(0.00096) 

0.00022 
(0.00045)  

B. Difference between 3D and 2D results 

2D*Handle in the side 
position 

1.2*** 
(0.37)  

0.52 
(0.49) 

1.2*** 
(0.42) 

2D*Thick Blade − 0.71*** 
(0.22)  

− 0.64* 
(0.29) 

− 0.60* 
(0.24) 

2D*Blade length 
2D*9 
2D*7 

0.067 
(0.29) 
0.14 
(0.29)  

0.13 
(0.38) 
0.19 
(0.37) 

0.073 
(0.32) 
0.26 
(0.32) 

2D*Guard present 0.56 
(0.32)  

0.75* 
(0.34) 

0.37 
(0.34) 

2D*Price − 0.00084 
(0.0014)  

− 0.00081 
(0.0017) 

− 0.00084 
(0.0017)  

Observations 1446  530 1,16 
Cases 288  106 230 
Respondents 98 (83 +

15)  
36 (21 +
15) 

82 (69 + 13) 

Log-pseudo-likelihood − 1152  − 383.9 − 926.1 

*p < 0.1, **p < 0.05, ***p < 0.01, ****p < 0.001. 
Table notes: Part A reports the attribute utilities. Column 1 presents the results of 
the 3D CE; Column 2 presents the results of the 2D CE. Part B reports the 
interaction terms between the attributes and a 2D product representation 
dummy; hence these results are the differences between the 3D and 2D estimated 
utilities. A subset of participants did not complete the full three sets of rank 
ordering when conducting the 3D CE. Hence, the number of observations does 
not equal the expected 98*15 = 1470 observations. Results are clustered at the 
participant level. Columns 3 and 4 present the results of the sensitivity analysis 
where the regression was re-run on two data subsets: Column 3 presents the 
results of the regression on the nearest neighbor matching of 21 3D CE partici
pants to the 15 2D CE participants; Column 4 presents the results of the 
regression on the dataset where all participants below 20 and above 60 years old 
were removed. 

Table 4 
Probabilities of choosing a tool with a specific attribute, all other attributes 
being equal, based on 3D CE results.  

(in %) 3D CE 2D CE 

Handle in the side position 79 92 
Thick blade 70 54 
Long versus short blade 65 66 
Long versus medium blade 57 55 
Medium versus short blade 59 62 
Guard 64 72  
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had not used the tool for one of the three preference questions asked in 
the endline survey. Indeed, while we failed to reject the null hypothesis 
that preferences for blade length were different, we found that partici
pants who had received the tool during the auction preferred a thin and 
long blade, while participants who had not received the tool preferred a 
thick and short blade at significantly higher rates. In addition, the 
preferred width of the blade was also statistically different between 
participants who had received the tool and those who had not. 

We anticipated such differences based on qualitative evaluation of a 
video of an e-waste worker (not part of the study sample) who tested the 
tools before they were distributed in the BDM experiment. We observed 
that the blade was not wide enough compared to the width of the motor 
which prevented the worker to cut the motor from a single side. Rather 
the worker had to turn to motor around to cut from both sides. 
Furthermore, the blade seemed very thick compared to the space where 
a blade is typically inserted in a motor for dismantling. 

5. Discussion 

This paper investigated the methodological question of what product 
representation to use for CEs when eliciting participant preferences in an 

LMIC setting. Specifically, we investigated the differences in attribute 
valuation when 2D renderings were shown versus when 3D prototypes 
were shown. We found that the representation impacted participants’ 
relative weighting of the attributes significantly. We further found that 
price had no statistically significant effect on participants’ preferences. 

5.1. H1: the weighting of the blade length and blade thickness attributes 
would decrease relative to the other attributes in the 2D CE 

The first hypothesis was supported in part by our findings. The 
weight of the blade thickness attribute did indeed decrease, but we 
failed to reject the null hypothesis that the attribute weights were 
different for blade length (both 9-inch and 7-inch blades). If a designer 
was deciding which attributes to include in the tool based on priorities, 
they would have designed different tools if they used 3D versus 2D 
prototype form: based on 3D CE results, the two attributes with the 
highest utility were the handle in side position and a thick blade; based 
on the 2D CE results, the two highest ranked attributes were handle in 
side position and the presence of a guard. 

The difference in relative importance of blade thickness may have 
been explained by the limitations of 2D renderings for conveying sizes 
(de Beer et al., 2009). Indeed, blade thickness was mainly displayed 
through the shading on the sharpened side of the blade, which might not 
have communicated the thickness appropriately. Instead, participants 
may have evaluated the size of the sharpened area rather than the 
thickness of the blade (as stated by three participants during 2D CE). 
Furthermore, the blade thickness specifications were given at the bot
tom of the rendering, but small measures such as 0.8 mm and 3 mm 
might have been harder to imagine than the larger measures associated 
with blade length (9-inch, 7-inch, 4-inch). Blade length differences 
might also have been more apparent because of the use of empty space in 
the renderings. 

Furthermore, the order of importance was different in the 2D CE 
compared to the 3D CE results for multiple attributes. For example, the 

Fig. 7. Attribute utilities and rankings. The statistical significance of attribute valuation differences between 2D and 3D CE results are indicated with black arrows.  

Fig. 8. Age distributions of all participants (2D and 3D CE) and of participants 
in the 2D CE. 

Table 5 
Preference-related endline questions.  

Question Responses All participants (N =
105) 

Participants who received the tool 
(N = 54) 

Participants who did not receive the tool 
(N = 51) 

Chi-2 p value 

What tool would you prefer? Thin and long 45 (43%) 33 (61%) 13 (25%) p <
0.001**** Thick and 

short 
42 (40) 21 (39) 38 (75)  

Which blade length would you 
prefer? 

Short 1 (1) 0 (0) 1 (2) p = 0.771 
Medium 51 (49) 32 (59) 20 (39) 
Long 27 (26) 15 (28) 12 (24) 
Extra-long 8 (8) 6 (11) 2 (4)  

How wide would you like the 
blade? 

Small 40 (38) 28 (52) 13 (25) p < 0.01*** 
Medium 36 (34) 15 (28) 21 (41) 
Large 11 (10) 10 (19) 1 (2) 

*p < 0.1, **p < 0.05, ***p < 0.01, ****p < 0.001. 
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guard attribute was the second most highly weighted in the 2D CE. The 
increased importance afforded to the guard could have resulted from the 
high-fidelity rendering in the 2D rendering, while in the 3D CE, the 
prototyped guards were made from existing tool guards that were cut 
open and re-fitted on the prototype tool handle, often leading to gaps 
which created an unfinished look and increased the circumference of the 
guard making it uncomfortably large. Some examples of the visual dif
ferences between the 2D rendering and the 3D prototypes are depicted 
in Fig. 9. 

5.2. H2: the weighting of the price attribute would increase in the 2D CE 

The second hypothesis was not supported. The representation of 
price more accurately resembled real-world prices in the 2D renderings 
as compared to the prices displayed on the 3D prototypes (see Fig. 4 for 
an illustration of how the prices were represented in both CEs). Different 
price representations have been shown to impact price valuation (Kjær 
et al., 2006; Zhu et al., 2017). However, we were not able to observe an 
effect of price on preferences. The fact that price had no effect on 
participant preferences impacted the usefulness of conjoint analysis as it 
prevented the estimation of WTP for various features and thus, a 
cost-benefit analysis was not feasible. 

The absence of the effect of price in the CE could have been due to the 
unexpectedly high WTP for the tool estimated during the BDM auction 
experiment. During the BDM experiment, participants used play money 
to bid on a manufactured tool that was designed according to their 
preferences. The WTP for the tool was estimated to be 3.5 times higher 
than the price of the benchmark tool, as measured through the BDM 
auction experiment. An explanation for the high WTP could be that in
dividuals may be less price sensitive when spending money given to 
them, called the house money effect (Harrison, 2007). However, before 
being told that participants would be using play money, 58 participants 
were asked how much they would pay for the tool out of pocket. The 
average stated WTP was THB 364 (st.d. 148), which is 2.4 times higher 
than the price of the benchmark tool. Furthermore, in the conditions of 
incomplete information, price could have been used by CE participants 
as a proxy for quality (Zhu et al., 2017). 

5.3. Post-use preferences 

The difference in preference for the tool between participants who 
had received the tool and those who had not, at the one-month post-use 
endline survey, suggested that preferences may change after an expe
riential evaluation of the product. In our 3D CE experiment design, 
participants were not allowed to use the tool prototypes. However, 
introducing an experiential task to the CE could increase the veracity of 
the CE outcomes. Therefore, we recommend that if any 3D objects are 
presented during a CE, participants be able to use them to perform 
common tasks, before stating their preferences. 

5.4. Limitations 

The sample size for the 2D CE was limited and there could have been 
self-selection into the 2D sample due to unobserved conditions. We 
aimed to reduce the impact of self-selection by testing the balance of 
participants across both CE groups based on information collected in the 
baseline survey and by mediating procedures described in the methods 
to diminish any effects of the passage of time. However, there may have 
been a seasonality effect on e-waste (e.g., more or less e-waste work 
available, different working conditions due to temperature changes) and 
there may also have been spillover of information about the conjoint 
experiment between participant groups, which could have affected the 
results. Further research is necessary to validate and further explain the 
results of this paper. 

Furthermore, participants gave rank-ordered responses, which may 
have impacted the CE outcomes as compared to a traditional choice 
experiment design, as demonstrated by prior research (Elrod et al., 
1992). However, both CEs were conducted with rank-ordering, miti
gating the effect of response type on the evaluation of differences be
tween the outcomes of the different CE groups. 

Researchers are also calling for more transparency in the methods 
leading to the selection of attributes and attribute levels. For example, 
Abiiro et al. (2014), presented their approach to determining attribute 
levels through qualitative research methods in detail (Abiiro et al., 
2014). Indeed, primary data to establish attributes and levels was 

Fig. 9. Examples of representation pitfalls of 2D renderings and 3D prototypes.  
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critical, because the CE results depend on how the program, product, or 
service attributes and levels were specified, which required a detailed 
understanding of the target population’s experience and point of view 
(Hope and Garrod, 2004). In our case, although the choice of attributes 
and levels were based on qualitative feedback collected during multiple 
stakeholder engagement activities over a year, some of which included 
the use of concept renderings, additional attributes to be tested emerged 
from qualitative feedback during the implementation of the CE. 
Furthermore, the results of the auction experiment revealed that the 
levels of the price attribute were not high enough to capture variation in 
preferences for price, which prevented us from evaluating the 
cost-benefit of individual attributes. More iteration and piloting of the 
CE design and materials could have prevented these limitations. 

5.5. Implications 

2D renderings are low-cost to make in comparison to 3D prototypes 
which makes them attractive to use in CEs. However, they might not be 
adequate prototype forms to test specifications, notably specification of 
product dimensions (e.g., thickness or length). On the other hand, low 
fidelity elements in 3D prototypes might lead to participants devaluing 
certain attributes (e.g., presence of a guard was devalued in the 3D CE 
and valued much higher in the 2D CE). Hence, we recommend 
leveraging 2D prototypes when evaluating product features, and using 
3D prototypes when evaluating product specifications. 

If attributes regarding physical dimensions (e.g., size specifications) 
are being evaluated, levels that are very small (a few millimeters) or 
possibly very large (multiple meters) might be hard for participants to 
evaluate accurately. Furthermore, if some attributes are under- 
emphasized because of product representation, the weighting of other 
attributes may be over-emphasized, falsely representing participants’ 
preferences. While the ‘best’ choice might be the same with either rep
resentation, the relative importance of the attributes could change, 
impacting the cost-benefit analysis a designer might conduct if not all 
preferred attributes can be included in the final product. Hence, more 
research is needed to understand the cost-benefit of the 2D versus 3D 
product representations. In the meantime, we recommend using a 
combination of 2D renderings and 3D product features to satisfy both 
the speed and low-cost advantages of renderings while enabling par
ticipants to have a better sense of product features. We look forward to 
further research investigating the impact of 2D versus 3D product rep
resentations in the field and the impacts that may have on design 
decisions. 

Further investigation of more modular CE designs is needed, where 
choice alternatives could be presented with 2D renderings (because of 
the low cost required to create renderings), that also include physical 
prototypes to help make the attributes more tangible, and where an 
experiential task is proposed. The use of modular prototypes could also 
facilitate experiential evaluation of alternatives at a lower cost. Lastly, 
the introduction of an attribute which fundamentally changed the use- 
case for the tool (i.e., handle position at the top or to the side) demon
strated the possibility of using CEs early on, before a product concept has 
been selected. Indeed, at the time of the CE, it was unclear whether a 
novel knife-like tool or a novel chisel-like tool would bring about more 
benefits to users. 

Product representation may also impact the results CEs conducted in 
HIC settings. More research is needed to confirm the effect of product 
representation on various attributes of physical products, and whether 
that effect is exacerbated in certain contexts, such as LMICs. 

6. Conclusion 

This paper reports the outcomes of a CE study that investigated 
whether physical 3D prototypes of choice profiles versus 2D renderings 
with product specifications generated differences in estimated utilities. 
The outcomes of the CE were twofold: 1) they revealed participant 
preferences for tool attributes based on which we manufactured the best 
tool for our stakeholders; and 2) the outcomes suggest that 2D versus 3D 
representations may affect participant preferences, with further research 
needed to understand for what products and in what contexts the effect 
is large enough to influence design decisions. We hypothesize that 2D 
prototypes may fare better when evaluating engineering requirements 
(such as the presence or absence of a guard), while 3D prototypes may 
fare better for evaluating engineering specifications (such as blade 
thickness and length). 

Using a tool designed for electronic-waste recycling as an example, 
we conducted a first CE with physical 3D prototypes of the tool with 83 
participants. Several weeks later, we conducted a CE with 2D visual 
representations of the tool with a subset of 15 participants who were not 
available during the first CE. We found significant differences in the 
estimation of utilities for three attributes (i.e., handle in the side posi
tion, thick blade, and guard). Blade thickness was weighted significantly 
differently, and the order of importance of guard and long blade attri
bute were inverted in the 2D CE compared to the 3D CE, which 
demonstrated a shift in prioritization of attribute levels between the two 
CE. These results indicate that product representation could have 
impacted participants’ estimated preferences, and further research with 
randomized samples, diverse participants and diverse product and 
attribute types is needed to confirm and better understand these results. 

Furthermore, price was not found to have a significant impact on 
valuation. Such an outcome could have been very detrimental to de
signers trying to estimate cost-benefits of individual attributes. Hence, 
more piloting was needed to ensure the price levels and price repre
sentation were adequate. The possibility that CEs posing hypothetical 
price comparisons are not an adequate method to elicit price preferences 
in LMIC settings should also be considered. Lastly, we found that the 
aggregated preferences of participants one-month after having received 
the tool were different than those of participants who did not receive the 
tool, which illustrated the impact of experience using the tool on 
preferences. 

The methodology presented builds upon existing research on CEs in 
LMICs to provide designers with new methods for gathering systematic 
reliable user data in developing settings based on efficient use of 
resources. 
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Appendix 1. Visual aids for endline preference-related questions regarding the tool
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Appendix 2. Group summary statistics by CE design (3D and 2D)   

NN 3D CE (N = 21 participants) 2D CE (N = 15 participants)     

T-test p-value 
Age (yrs.) 46 (st.dev. 10) 40 (st.dev. 11) 0.15 
Average monthly household income (kTHB) 11 (3.7) 9.2 (4.5) 0.42 
Number of people per household (person) 5.0 (2.1) 4.8 (1.8) 0.79    

Chi square p-value 
Workers 10 (48%) 7 (47%) 0.95 
Men 9 (43) 8 (53) 0.53 
Education secondary or higher 8 (38) 6 (40) 0.91 
E-waste as a main job 14 (67) 10 (67) 0.83 
Tool usage 

Blade 14 (67) 11 (73) 0.67 
Chisel 16 (76) 9 (90) 0.36 
Knife 14 (67) 6 (75) 0.66  
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