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As the global fresh-cut market grows, meeting diverse preferences is critical to product design and positioning. In
practice, sensory acceptance can be measured as absolute liking or as reference-anchored relative satisfaction (e.
g., DOSD); the two provide complementary views. This methods-focused study structured segmentation choices
by measurement and data transformation, and compared three pathways on a single dataset: (i) segmentation by
clustering on absolute liking (9-point; raw and centered 9-point) using AHC (with CLV and K + 1), (ii) reference-
based segmentation from DOSD relative satisfaction (C summarizing the reference-relative satisfaction difference
plus any reference-side bias, d' reflecting bias-free satisfaction discrimination), and (iii) a hybrid that clusters
reference-anchored DOSD profiles. Acceptance data (N = 110) were collected for eight lettuce cultivars (Korean
and European types). In parallel, affect magnitude profiling (AMP) implemented with the double-faced appli-
cability (DFA) test produced d'4 sensory profiles; these were linked to acceptance via PLSR, and segment-specific
drivers are presented as interpretable d'4 profiles—consumer-term, SDT-based measures that quantify the
magnitude of attribute applicability on a semantic-differential (bipolar) scale. Across pathways, absolute-liking
clustering highlighted the overall liking structure; DOSD-based segmentation grouped consumers by satisfaction
direction relative to the reference and was less sensitive to scale use; the hybrid combined anchoring with
clustering to reveal profile-based subgroups. By explicitly detailing the response-bias implications of each
pathway (scale use for liking; criterion/anchoring for DOSD), the study provided a practical decision framework
for selecting full-sample (absolute), reference-based (DOSD), or hybrid approaches based on study goals and
constraints, thereby supporting segmentation method selection and interpretation.

measurement is essential for determining product quality and achieving
marketplace success (Bowen et al., 2019; MacFie, 2016; Onwezen et al.,

1. Introduction

In recent years, sensory quality—including how consumers perceive
products and which sensory properties they value—has become a key
focus for enhancing the competitiveness of new cultivars in fresh-cut
product markets (Bowen & Grygorczyk, 2021). Understanding con-
sumer preference and its determinants is critical for market orientation
and consumer-driven product development (Grunert et al., 2000; Jaeger
et al., 2003). Consumer responses are shaped not only by sensory at-
tributes but also by personal experiences and eating context (Costell
etal., 2010), which contributes to consumer heterogeneity. Accordingly,
establishing segmentation approaches grounded in reliable acceptance
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2012; Schroder, 2003).

Consumer segmentation is widely used in marketing to address
diverse preferences, understand needs, and guide product development
(Goyat, 2011; Lichters et al., 2021; Onwezen et al., 2012). This extends
to fresh-cut products, where segmentation helps secure competitive
advantage for new cultivars (Baselice et al., 2017; Onwezen & Bartels,
2011). In preference data analysis, cluster analysis has long grouped
consumers by response patterns rather than demographics (Ennis et al.,
1982). Within food sensory analysis, agglomerative hierarchical clus-
tering (AHC) was commonly applied to hedonic data (Schilling &
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Coggins, 2007), with applications in tomato (Serrano-Megias & Lopez-
Nicolas, 2006), orange juice (Varela, 2013), sheep meat (de Andrade
et al., 2018), and kale (Swegarden et al., 2019).

Comparative evaluations of clustering and segmentation methods
often emphasize internal validity (e.g., within-segment homogeneity
and between-segment separation), stability/replicability under resam-
pling or preprocessing choices, and sometimes external predictiveness
via links to sensory profiles (Endrizzi et al., 2014; Miiller & Hamm,
2014; Wajrock et al., 2008; Westad et al., 2004). In practice, however,
researchers choose among methods not only because of such indices but
also because methods measure different things and transform the data
differently, and these differences can be usefully complementary.

e Hedonic scaling (9-point absolute liking) directly captures overall
hedonic level in a familiar, efficient format that scales well to
extensive studies and supports full-sample segmentation. Because
individuals differ in scale use (e.g., center vs. extreme use), analyses
often consider both raw and centered 9-point data to focus on pref-
erence patterns rather than individual scoring tendencies; this
practice is adopted here following the study of Lee et al. (2025) and
common guidance (e.g., Vigneau & Qannari, 2002).

Relative satisfaction collected in reference-paired evaluations (e.g.,
Degree of satisfaction-difference (DOSD)) is anchored to a reference,
providing a complementary lens grounded in signal-detection theory
(SDT): C summarizes the reference-relative satisfaction difference
plus any reference-side bias, and d' reflects bias-free (“true”) satis-
faction discrimination between samples (Kim, van Hout, Dessirier, &
Lee, 2018; Kim, van Hout, & Lee, 2018). Reference anchoring can
help stabilize evaluative criteria by moderating contrast effects while
engaging natural perception (Jeong et al., 2016; Kim et al., 2022). As
a result, the relative-to-reference matrix can reveal genuine
satisfaction-difference patterns that complement what is seen in
absolute liking (Kim et al., 2019; Kim, van Hout, Dessirier, & Lee,
2018; Lee et al., 2025).

Methodological developments also broaden the toolbox. Traditional
clustering typically assigns all consumers to segments—even when some
do not align with a coherent pattern (Vigneau et al., 2016). To address
this, Dave (1991) introduced a noise cluster, and Vigneau et al. (2016)
embedded this K + 1 strategy within clustering around latent variables
(CLV). Unlike AHC, CLV clusters consumers based on correlations
among preference vectors (Vigneau & Qannari, 2003); Vigneau et al.
(2015) showed that CLV can provide stable, interpretable segmentations
relative to k-means, and recommended K + 1 when the aim is to identify
segments while mitigating noise. When a benchmark product is clearly
defined, reference-based segmentation using attribute-specified DOSD
can classify consumers by how they relate to the reference (e.g., satis-
faction with thickness, dissatisfaction with too little or too much
thickness, or neutrality; Kim et al., 2019)—a framework that comple-
ments the full-sample hedonic approach.

The present study, therefore, organized commonly used segmenta-
tion families by what they measure and how they transform the data,
showing—on the same dataset—what each pathway yields for different
research purposes. Three complementary pathways were compared:

(i) segmentation by clustering on absolute liking (9-point ratings,
using both raw and centered 9-point to address scale-use differences),

(ii) reference-based segmentation from relative satisfaction using
DOSD (C capturing the reference-relative satisfaction difference plus any
reference-side bias, and d capturing bias-free (“true”) satisfaction
discrimination), and

(iii) a hybrid pathway that applies clustering to reference-anchored
DOSD profiles obtained from reference-paired evaluations.

Across pathways, segment solutions were connected to sample-level
interpretation using AMP-derived d'4 sensory profiles and partial least
squares regression (PLSR) to identify drivers of acceptance, making
explicit the response-bias implications of each pathway—i.e., scale-use
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tendencies for absolute liking (addressed by centering) and criterion/
anchoring effects for DOSD (summarized by C and separated from
sensitivity via d). Rather than ranking methods, the objective was to
offer a practical decision framework that helps researchers select an
appropriate method for their purpose, recognizing that hedonic scaling
and DOSD provide complementary information about consumer
acceptance.

2. Materials and methods
2.1. Overall experimental design

The overall experimental design, including consumer sensory
profiling (Experiment 1) and consumer sensory acceptance evaluation
(Experiment 2), is presented in Fig. 1. The same eight lettuce varieties
were tested across experiments in two 4-sample sets on separate days
(Fig. 2).

In Experiment 1 for consumer sensory profiling, 14 consumer pan-
elists completed the affect magnitude profiling (AMP) test (Fig. 1-®).
The procedure comprised four familiarization sessions to develop
semantic-differential attributes, followed by the main test, including the
two-step rating-based ‘double-faced applicability (DFA)’ test, adminis-
tered in three repetitions per sample set (Kim et al., 2026). This pro-
duced affect-magnitude d-prime (d'4) sensory profiles that quantify the
applicability magnitude of each attribute for each sample.

In Experiment 2 for sensory acceptance evaluation, 110 consumers
completed the Cognitive Reflection Test (CRT) online to assess indi-
vidual thinking style (Frederick, 2005; Toplak et al., 2014). They then
participated in two consecutive acceptance sessions: absolute liking test
using a 9-point hedonic scaling with a dummy primer, followed by a
relative satisfaction test using the DOSD method with a fixed reference
sample (Kim, van Hout, Dessirier, & Lee, 2018) (Fig. 1-@ & ®). As
summarized in Fig. 3, these two sensory acceptance measurement
methods differed in sample presentation format, scaling structure, and
output measures, which can produce distinct clustering/segmentation
outcomes and different levels of affective discriminability across
samples.

This study compared segmentation strategies on a single dataset by
grouping commonly used approaches according to what they measure
and how they transform the data, and then evaluating three comple-
mentary pathways: (i) Clustering on absolute liking (9-point), imple-
mented as agglomerative hierarchical clustering (AHC) on raw ratings
and as AHC, clustering around latent variables (CLV), and CLV with K +
1 on centered ratings to reduce scale-use heterogeneity; (ii) reference-
based segmentation of relative satisfaction (DOSD), using the individ-
ual C to capture reference-relative satisfaction differences (including
any reference-side bias) and the d as a bias-free measure of “true”
satisfaction discrimination; and (iii) hybrid (AHC on reference-anchored
DOSD ratings obtained from reference-paired evaluations). This design
permitted a direct, side-by-side comparison of segmentation families
across methods and integrates sensory profiling with acceptance out-
comes to reveal cluster-specific sensory drivers. Complete procedural
details and data-collection steps are provided in Section 2.4.

2.2. Samples

Eight lettuce varieties were used, representing four salad-use culti-
vars: leaf, romaine, butterhead, and multi-leaf. Within each cultivar, two
widely consumed varieties were selected: Hacheong (HC) and Galmaebit
(GM) for leaf; Mansang (MS) and Romaine (RM) for romaine; Sunred-
butter (SR) and Redstarsaladball (RS) for butterhead; and Ezabel (EB)
and Ezatrix (ET) for multi-leaf. Among the various varieties of Korean
leaf lettuce, the HC variety was selected as the reference sample in this
study due to its suitability for salad use (Kim et al., 2026).

All the lettuce samples were cultivated at the National Institute of
Horticultural and Herbal Science (NIHHS) of the Rural Development
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Overview of experimental designs and comparisons of output measures across experiments

Samples*

- The same 8 lettuce varieties were studied for the main tests of all experiments

- Samples divided into 2 sets of 4 varieties by harvest method
- Additional samples (various lettuce varieties) were used according to the needs of the experiments

Experiment 1: Consumer sensory profiling

Subjects Test design Data analysis
Consumers o Affect magnitude profiling (AMP) e d’, (affect-magnitude d-prime) sensory profile
(N=14)

- Generation of attributes:
* semantic differential pairs

* high-end and low-end descriptors

Main test

Two-step rating-based

‘double-faced applicability (DFA)’ test

- Familiarization sessions using various
lettuces varieties : 4 visits (each 1.5 hr.)

- 3 repetitions over 2 visits per
sample set; total 4 visits (4 days)

-The degree of affect magnitude of each
attribute (semantic pair) for each sample

e Identifying key sensory attributes by clusters

When consumer clusters/segments were
identified (from Experiment 2),

for each cluster/segment, relationships
between d’, sensory profiles or DFA ratings
and the overall sensory acceptance could be
analyzed and compared

Experiment 2: Consumer sensory acceptance evaluation**

Subjects Test designs Data analysis
Consumers Pre-visit | Cognitive Reflection Test (CRT)

= = Comparisons of 6 different consumer
(N =110) Main tests P iy

clustering/segmenting approaches

- 1 visit per sample set; total 2 visits (2 days)

e Absolute liking test

9-point hedonic scaling with
dummy sample

e Relative satisfaction test***

1. Degree of satisfaction-difference

(DOSD) test

2. Attribute-specified DOSD test

- e Four different clustering approaches
- ‘AHC’ with raw 9-point rating
- ‘AHC/, ‘CLV’, and ‘CLV with K+1’ with
centered 9-point rating

» Two different clustering/segmenting approaches
- ‘Reference-based segmentation’ with
DOSD relative satisfaction (C and d’)
- ‘Hybrid’ applying ‘AHC’ to reference-anchored
DOSD rating

Fig. 1. Overview of two experiments (sensory profiling and sensory acceptance evaluation) and their data analysis pathways.
* Detailed information on the samples is shown in Fig. 2. **Details of the consumer sensory acceptance evaluation—including the test designs and the pathways to

consumer clusters/segments—are presented in Fig. 3.
2 (A).

Administration (Wanju-gun, Jeollabuk-do, South Korea). To control for
growth-stage effects on sensory quality (Beaulieu et al., 2004; Shewfelt,
2014), harvest dates and methods were tailored by cultivar. Leaf and
romaine lettuces were harvested using a cut-and-come-again approach
at eating maturity. In contrast, butterhead and multi-leaf lettuces were
harvested once-and-done after semi-head formation. The eight varieties
were collected in two harvest methods, each set containing four vari-
eties. Detailed information for each variety is presented in Fig. 2.

Samples were prepared to reflect the context of fresh-cut salad usage.
Leaves were cut into bite-sized pieces (8 x 4 cm). To maintain texture
consistency across samples, the mid-leaf portion containing both the
midrib and the lamina was used, while multi-leaf varieties were served
as whole leaves because they were “one-cut-ready”. Prepared samples
were stored at 4 °C, then equilibrated to room temperature for 30 min
before serving. Portions were sealed in zip-lock bags and labeled with
three-digit random codes. Portions for the reference sample (HC) were
coded with an “R”.

To evaluate the intrinsic sensory characteristics, no condiments or
accompaniments were provided. Consumer panelists were instructed to

Data-processing procedures for the relative satisfaction test are provided in Supplementary Fig. 1 (A) and

consume each portion in one bite. Room-temperature water and un-
salted crackers were supplied for palate cleansing between samples.

2.3. Consumers

Participants for the consumer sensory acceptance test and the con-
sumer sensory profiling (AMP) test were recruited via online commu-
nities at universities in Seoul, Korea. Eligibility required ages 20-30
years, absence of allergy to lettuce, and self-reported salad consumption
of at least three times per month.

For the sensory acceptance test, 110 consumers participated (mean
age + SD = 22.7 + 2.0 years; 20 males, 90 females). Participants were
instructed to refrain for at least 1 h before testing from consuming foods
or beverages other than water, brushing their teeth, and using strongly
scented cosmetics.

For the sensory profiling test (AMP), 14 consumers participated
(mean age + SD = 23.7 + 2.9 years; 4 males, 10 females). Panelists were
screened with a taste-matching task, aroma identification, a descriptive
ability test, and a sensory discriminability test of sweet, bitter, sour,
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Sample seb* Harvest Cultivar Image, name (sa.m.'lple code), Image, name (s?rf\ple code),
method and origin and origin
Reference**
Leaf Hacheong (HC), Galmaebit (GM),
-Korea -Korea
Cut-and-
Set 1 Come-Again
(co)
Romaine Mansang (MS), Romaine (RM),
-Korea -Europe
Sunredbutter (SR), Redstarsaladball (RS),
Butterhead
\ -Korea -Europe
Once-and-
2
Sk Done (OD)
Ezabel (EB), w Ezatrix (ET),
Multi-leaf ‘ {ER) W i (ET)
8- -Europe s -Europe

Fig. 2. The eight lettuce varieties used in the experiment.

*Samples were divided into two sets based on harvest method, with each set comprising four lettuce varieties. ** The fixed reference for the DOSD was Hacheong

(HCQ), suitable for salad (Kim et al., 2026), presented with every test sample.

salty, umami, and astringent using a 2-alternative forced choice test
(Bakke et al., 2018; Meilgaard et al., 1999). To avoid familiarity with the
samples and preserve natural consumer responses in the sensory
acceptance test, the sensory profiling panel did not overlap with the
acceptance panel.

All procedures were approved by the Institutional Review Board of
Ewha Womans University (IRB No. ewha-202312-0021-02). Participa-
tion was voluntary, and written informed consent was obtained from all
individuals. All participants received monetary compensation for their
time.

2.4. Test procedure

2.4.1. Experiment 1: Consumer sensory profiling using affect magnitude
profiling (AMP)

AMP was used to derive consumer-based d'4 sensory profiles for the
lettuce varieties, following the methods of Chung et al. (2024) and Kim
et al. (2026). Unlike previous studies, to stabilize consumers’ evaluation
criteria, the procedure incorporated a reminder approach (Hautus et al.,
2021). In each trial, the reference sample (HC) was evaluated in a fixed-
first position and always provided with a test sample to remind con-
sumers of the baseline attribute intensities typical of lettuce.

2.4.1.1. Familiarization session. Four familiarization sessions were
conducted twice per week, each lasting 90 min. Consumers were
introduced to multiple lettuce varieties to experience and, while tasting,
generated sensory attributes with reference to published attribute lists
for leafy vegetables (Batziakas et al., 2019; Dinnella et al., 2014; Lpkke
et al., 2012; O’Brien, Simon, & Tepper, 2022; Talavera-Bianchi et al.,
2010). Individually generated attributes were then discussed in group
meetings. Consensus was defined as full agreement on the most
commonly identified attributes.

For each agreed attribute, paired positive (4) and negative (—) de-
scriptors were formulated in line with consumers’ expectations for an
ideal lettuce (e.g., ‘Not bitter (+) < Bitter (—)’). The final list comprised
16 semantic-differential pairs (Table 1; Supplementary Table 1 (in

Korean)). A pre-test familiarized consumers with the attribute list and
the two-step response format used in the main test.

2.4.1.2. Main test. The double-faced applicability (DFA) test method
was used for AMP (Kim et al., 2026). For each descriptor pair, consumers
first answered a binary Yes/No question indicating applicability, then
rated the sureness of that response on a 5-point category scale (1 = “not
sure”, 3 = “sure”, 5 = “very sure”). Descriptors were presented in
random order within each category. To minimize intentional response
shifts, negative and positive descriptors were presented on separate
questionnaires (Kim et al., 2017a). The main test comprised three ses-
sions that provided three repetitions per sample. A five-minute rest was
given between repetitions to reduce sensory fatigue.

2.4.2. Experiment 2: Consumer sensory acceptance evaluation

2.4.2.1. Cognitive reflection test (CRT) for consumer thinking style eval-
uation. Before participating in the sensory acceptance test, participants
completed an online cognitive reflection test (CRT) to assess their in-
dividual thinking style. The 7-item CRT (Toplak et al., 2014), an
extension of the original 3-item CRT (Frederick, 2005), was used. Items
were designed to appear simple yet require deliberative reasoning to be
answered correctly. A 3-min time limit was imposed to standardize
testing conditions across participants.

2.4.2.2. Sensory liking test using 9-point hedonic scaling. Consumer sen-
sory liking was measured with a structured 9-point hedonic scale
comprising nine labeled categories from “extremely dislike (1)” to
“extremely like (9)” (Fig. 3 (A)). After consuming each test sample,
participants answered the prompt “How much do you like this sample?”.
The eight test samples were divided into two sets of four based on
harvest method and assessed in two separate sessions (one set per ses-
sion), with each session conducted on a different day. To minimize tried-
first bias, a dummy (primer) sample was presented first in both sessions
(Dorado et al., 2016; Kim & Lee, 2015; Lawless & Heymann, 2010; Lee &
Meullenet, 2010; Moskowitz et al., 2012). The dummy sample was
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Sensory (A) - (8) i X )
acceptance Absolute liking test Relative satisfaction test
measurement using 9-point hedonic scaling using DOSD method
method
Test Sa"tg’t!e * Monadic e Paired with a fixed reference (R)
presentation One sample ’ Two samples
for a test T: Test sample (n = 8) for a test # R ’ T(n=8)
. ¢ A direct response on 9-point labeled * Two responsesin sequence ) _
.I:rfzdeﬂgn hedonic scale Yes/nosatisfactiontoR  Psvchologicalreference anchoring”
response Anindirectresponseto T, relative to R J
format Extremely  Moderately Neither like Moderately ~ Extremely Case 1: If satisfied with R
dislike dislike nor dislike like like Mok Satisfied Satisfied CXteed
\ 1 \ 2 \ 3 \ 4 ‘ 5 ‘ 6 | 7 ‘ 8 \ 9 ‘ satisfied ‘ gy [lesmees  REECEE
Very Dislike Like Very Case 2: If not| satisfied |with R
dislike slightly slightly likS Not Not satisfied |Not satisfied
Satisfied | assame as less Satisfied
more than R R than R
| 1 2 3 4 5
Ly “Reference anchoring”
Two cases merged via
the ‘as (un)satisfied as R’ category
y anchor to form 5-point DOSD ratings
Data * None After-measurement treatment * None During-measurement treatment
::zi::'?r:‘gt) « Mean-centering « Reference-anchoring
for revealing preference
(relative differences)
Furtherdata ¢ None e None o Satisfied/Not satisfied o After pooling
processing response frequencies across consumers,
to R (8 repeats) were the T-blind R
fit with a cumulative response ratio
link model to estimate was treated as
a latent decision SDT signal-to-
v threshold s noise ratio
Output , . a . b . P
RS (a) 9-pointrating  (b) Centered 9-point rating (a) C value (b) 5-point (c) d’ estimate
E DOSD rating
their meaning o Labeled absolute e Relative preference differences; ¢ Absolute measure * Relative ratings * Degree of
ratings for test loses absolute liking levels of skew to satisfaction ~ for T against satisfaction
samples (ordinal) or dissatisfactionto theR difference
theR foreach T
fromR
cheals‘—;tgrc\'se o Scale usage bias « Reducing scale usage bias * Variability in  Reducing * Reducing
biases o Tried-first bias o Tried-first bias remains decision criteria scale usage bias test sample
(Moskowitzet al., between and (Lee et al., 2025) bias
2012; Kimetal,, within o Test sample (Kim et al.,2018)
2015, N
) consumers bias compared
(Leeetal., 2007; withthe R (also
Choietal., 2023) "
called ‘reference
.
sample bias Each
v v (Kimetal.,, 2015)) segment/
q . cluster
Clustering/ @AHC @ AHCand @CWVwithK+1 (@ Reference-based | @ Hybrid described by
SEeNtRon [©]\% segmentation Lo d’estimate
method rating)
Affective o Clustersdiffered e Clusters showed e Clustersdiffered ~  Segments differedin e Clusters differedin
gfg;m't?::'l'ty in their use of distinct relative inlatentrelative  degree of response overall sensory
clusters scale preference preference bias toward satisfaction  satisfaction profiles
patterns directions, with or dissatisfaction for for test samples
(direction within  a noise cluster the reference sample  relative to the
tested samples)  not captured by reference sample
any latent axis 1 1

Fig. 3. Comparison of clustering/segmentation pathways: data formats, preprocessing, output measures, and applicable clustering/segmentation approaches.

caipira lettuce (crisphead, Batavia), selected for its common use in
salads (Hayes & Simko, 2016). Test samples within each session were
presented monadically in a randomized, counterbalanced order to
reduce order effects. A 5-min rest followed the hedonic task to limit
sensory fatigue before commencing the sensory satisfaction test.

2.4.2.3. Overadll sensory satisfaction test using the degree of satisfaction-
difference (DOSD) method. The DOSD method followed the procedures

of Kim, van Hout, Dessirier, and Lee (2018). The question flow and
response options are illustrated in Supplementary Fig. 1 (A). DOSD ex-
tends the A-Not A with reminder format by explicitly assessing both the
fixed reference and the test sample within each trial. Thus, the reference
sample (HC) was always paired with a blind test sample and presented in
the first position. The reference thus serves as a psychological anchor at
the time of judgment.

In each pair of samples, consumers first evaluated the overall sensory
satisfaction of the reference, then judged the test sample relative to it.
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Table 1
Affect Magnitude Profiling (AMP)-derived attributes and bipolar descriptor pairs
(semantic-differential, consumer terms).

Category of Pair of descriptors for each attribute: Definition

sensory Bipolar descriptors (—/+)

attributes ) .

Negative Positive
descriptors (—) descriptors (+)

Appearance Light green color Deep green color  The intensity of the
deep green color in the
leaf, excluding the
stem
Consistency of color in

Multicolor Unicolor the leaf, excluding the
stem

Not Fresh Fresh The intensity o'f l'eaf
damage and wilting
The intensity of

Sleek Crinkled crinkling on the leaf
surface

Sweet Not Sweet The overall sweetness
of vegetables

Integrated Bitter Not bitter The overall bitterness

taste/flavor of vegetables
Strong green Weak green The intensity of the
flavor flavor grassy flavor
The crispness of the
Not cri Cri
ot crispy rispy lettuce
The intensity of the
Astringent Not astringent astringency in the
lettuce
The f chewi
Texture/ Stringy Soft © ease of chewing
the lettuce
mouthfeel .
The degree of moisture
Dry Moisturized released when
chewing the lettuce
The texture felt on the
Rough Smooth tongue when eating
lettuce
Makes me feel Makes me feel The degree .Of heath
and refreshing feeling
. unrefreshed refreshed .
Sentimental after eating lettuce
consequence The degree of
Not taste good Taste good satisfaction with the
taste of lettuce
Not suitable for . Th.e d(?g.ree of
salad Suitable for salad  suitability of lettuce
. for use as a salad
Way of eating The degree of
(usage) Not suitable for Suitable for 8

suitability of lettuce
for being mixed with
seasoning

being mixed with
seasoning

being mixed with
seasoning

The reference sample was evaluated in a two-step sequence: (1) a forced
choice of “satisfied” or “not satisfied”, followed by (2) a 4-point sureness
rating of the previous response (“very sure”, “sure”, “unsure”, or “very
unsure”).

Consumers then tested one of the test samples and responded on a
scale that combined absolute and comparative satisfaction. Two
different scales were used depending on the satisfaction judgment for
reference. If the reference was “satisfied”, the test scale comprised “not
satisfied” and satisfied, each with three comparative levels: “satisfied
less than the reference”, “satisfied as the reference”, or “satisfied more
than the reference”. If the reference was “not satisfied”, the test scale
comprised “satisfied” and not satisfied, each subdivided into “not

satisfied more than the reference”, “not satisfied as the reference”, or
“not satisfied less than the reference”.

2.4.2.4. Texture satisfaction test using the attribute-specified DOSD meth-
od. Texture is a key driver of lettuce preference, with crunchiness and
moisture identified as salient cues of consumer preference (Ansah et al.,
2015; Barrett et al., 2010). Building on the overall DOSD procedure, an
attribute-specified DOSD was administered to evaluate texture
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satisfaction, as illustrated in Supplementary Fig. 1 (B) following Kim
et al. (2019).

Immediately after the overall satisfaction task with the DOSD
method, consumers assessed the reference sample’s texture satisfaction
using an absolute judgment with sureness rating: “satisfied, sure”,
“satisfied, unsure”, “not satisfied, sure”, or “not satisfied, unsure”. If “not
satisfied” was selected, consumers indicated the reason for dissatisfac-
tion on a four-category scale: “too much crunch”, “too much moisture”,
“insufficient crunch”, or “insufficient moisture”.

Consumers then evaluated the test sample’s texture satisfaction
using the same absolute-with-sureness scale: “satisfied, sure”, “satisfied,
unsure”, “not satisfied, sure”, or “not satisfied, unsure”. A subsequent
comparative question asked which was more satisfying relative to the
reference, with three response options: “reference sample”, “no differ-
ence”, or “test sample”. Texture satisfaction responses from the
attribute-specified DOSD were collected but analyzed in a subsequent
study and will be discussed on the following paper.

The overall and texture satisfaction tests each comprised eight
sample pairs, with a fixed reference and a blind test sample per pair. As
in the liking test, pairs were split into two sets of four based on harvest
method and evaluated in two sessions on separate days (one set per
session). Within each session, pairs were presented in a randomized,
counterbalanced order.

The reference was Hacheong (HC) of the leaf cultivar, selected for its
suitability for salad (Kim et al., 2026). The reference (HC) was presented
repeatedly as the first sample in each pair, and consumers were informed
that this first sample was the reference. To minimize response bias,
consumers were instructed to judge each reference serving solely on its
current sensory experience, even if they recognized it as the same, and to
avoid re-tasting the reference while evaluating the test sample to limit
carryover. The reference, HC, was also included as a blind test sample
(“blind reference”). Consumers were not informed of this duplication
and evaluated it as a regular test sample.

2.5. Data analysis

2.5.1. AMP derived signal detection affect magnitude (d's) analysis for
sensory profiling of each test sample

2.5.1.1. Preparation of data matrices. The two-step responses for each
descriptor in the AMP test were converted to a 10-point rating by
combining the first-step Yes/No decision with the second-step 5-point
sureness rating (Kim et al., 2017b; Kim et al., 2026). For example, re-
sponses for “Yes” and “5 (very sure)” were converted to a rating of “10”.
Similarly, responses “No” and “5 (very sure)” were converted to a rating
of “1”.

2.5.1.2. Computation of affect magnitude (ds). Within the SDT frame-
work, ds estimate was computed by treating 10-point ratings for posi-
tive descriptors as the “signal + noise” distribution, and ratings for the
corresponding negative descriptors as the “noise” distribution (Kim
et al.,, 2017b; Kim et al., 2026). Because the variance of the response
criterion is unspecified (Lee, van Hout, & O’mahony, 2007), nonpara-
metric d4 estimation was used, which avoids assumptions about sub-
jects’ response distributions (Bi et al., 2013; Hautus et al., 2021; Lee &
van Hout, 2009). For each paired matrix of “signal + noise” and “noise”
responses, the area under the receiver operating characteristic (ROC)
curve, denoted as Ag, is estimated by maximum likelihood for paired
data (Dorfman & Alf, 1969). Ag was the probability that a randomly
selected signal observation exceeds a randomly selected noise observa-
tion, providing a direct index of discriminability. It was mathematically
equivalent to the R-index (Brown, 1974), a non-parametric index widely
applied in sensory and consumer research (Bi et al., 2013). Finally, the
resulting R-index (Ag) was transformed to d’ using Green’s area theorem
(Green & Swets, 1966), which links ROC area to the expected
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proportion-correct for an unbiased observer in a hypothetical paired
comparison task. Estimates of the variance and standard error were
obtained using the bootstrap method with a total of 10,000 replications
(Bi et al., 2013).

The d's estimates (range: — 4 to + 4) represent the valence and
applicability of each attribute for each sample. The d, estimates
significantly higher than zero indicate greater applicability of positive
(+) descriptors; ds4 estimates significantly lower than zero indicate
greater applicability of negative (—) descriptors; d4 estimates equal to
zero indicate that both or neither pairs of descriptors applied (Kim et al.,
2017a; Kim et al., 2026; Kim, van Hout, & Lee, 2018a; Lee et al., 2021).
Significant differences among multiple d'4 estimates were tested using
“dstest”, one of the R/S-Plus codes authorized by Bi (2008).

2.5.2. Data treatment for absolute liking

For each of the eight lettuce samples, mean liking ratings were
computed within each consumer cluster by averaging 9-point liking
responses (Fig. 3 (A)-(a)). To mitigate individual differences in scale use,
ratings were mean-centered within the consumer by subtracting each
consumer’s across-sample mean from all of that consumer’s ratings
(Fig. 3 (A)-(b)). No variance rescaling (e.g., z-scoring) was applied,
preserving within-consumer dispersion.

2.5.3. Signal detection-based satisfaction measure from the DOSD method

2.5.3.1. Computation of the degree of response bias toward satisfaction (C
value) for reference sample. Per consumer, eight repeated absolute
satisfaction judgments for the reference sample, consisting of a binary
satisfied/not satisfied response format, were analyzed with a cumulative
link model in the R package ordinal (Christensen, 2019) to estimate the
decision-criterion parameter C (C value) (Fig. 3 (B)-(a)). The C is an
absolute index of response-criterion bias—the extent to which responses
tilt toward satisfaction or toward dissatisfaction; values near zero indi-
cate no bias (Kim, van Hout, & Lee, 2018). The estimated C was sub-
sequently used for reference-based segmentation.

2.5.3.2. Transforming DOSD satisfaction data for the test samples into a 5-
point DOSD rating. An indirect response of each test sample relative to a
fixed reference sample was organized into data matrices following the
framework of Kim, van Hout, Dessirier, and Lee (2018). For every test
sample—including the blind reference—two data matrix formats were
possible: (1) relative-to-reference satisfaction (5-point DOSD rating;
Fig. 3 (B)-(b)) and (2) absolute satisfaction. In this study, only the
relative-to-reference format was analyzed.

To construct the 5-point DOSD rating (Supplementary Fig. 2(A)),
responses from the two conditional scales (given that the reference
sample was judged satisfied or not satisfied) were consolidated using the
anchor category “as satisfied/unsatisfied as the reference”. On this scale,
a rating of “3” denotes parity with the reference; ratings < “3” indicate
lower satisfaction than the reference, with a rating of “1” meaning that
the test sample was not satisfying whereas the reference sample was
satisfying. Ratings > “3” indicate higher satisfaction than the reference,
with a rating of “5” meaning that the reference sample was not satisfying
whereas the test sample was satisfying. Thus, the 5-point DOSD rating
encoded both the direction and magnitude of satisfaction differences for
each test sample relative to the reference.

2.5.3.3. Computation of the degree of satisfaction difference (d) for each
test sample relative to the reference, HC. Relative differences in satisfac-
tion between each test sample and the reference sample (HC) were
quantified with d estimate under the SDT and Thurstonian approaches
(SDT Assistant Program, version 2.0) (Fig. 3 (B)-(c)). For each test
sample, responses on the 5-point DOSD scale were modeled as a “signal
+ noise” distribution, whereas responses to the blind reference sample
were modeled as a “noise” distribution. This formulation treats the “true
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scaling bias” associated with responses to the blind reference sample as
noise and adjusts the satisfaction pattern for the comparison samples
accordingly. The f-strategy model for the equal-variance A-Not A was
then fit by maximum likelihood to estimate d' (Kim, van Hout, Dessirier,
& Lee, 2018).

In case the data did not fit the model fitting based on the likelihood
ratio and the traditional chi-square diagnostics, non-parametric
d estimates were computed, as outlined in Section 2.5.1.2. If the
d estimates were significantly higher (or lower) than zero, it indicated
that consumers were more (or less) satisfied with the test sample relative
to the reference sample.

2.5.4. Consumer clustering

2.5.4.1. Cognitive reflaction test (CRT) clustering. Consumers’ cognitive
reflection was operationalized via total CRT scores and used to form two
clusters: High Reflection Thinkers (HRT)—those answering > 4 of 7
items correctly—and Low Reflection Thinkers (LRT)—those answering
< 30f7 (Leeetal., 2025;Yoon, 2022; Yun, 2023). This proportional rule
was consistent with earlier studies based on the original 3-item CRT,
which defined HRT as > 2 correct and LRT as < 1 correct (Frederick,
2005; Kim et al., 2017a; Kim, Dessirieret, van Hout, & Lee, 2015; Kim,
van Hout, Dessirier, & Lee, 2018b). Prior studies have shown that these
cutoffs effectively differentiate cognitive styles and are associated with
meaningful differences in sensory acceptance between HRT and LRT
groups (Yoon, 2022; Yun, 2023). In total, 75 consumers were classified
as HRT and 35 as LRT. These clusters were subsequently entered as the
consumer thinking style factor in the multi-way ANOVA model.

2.5.4.2. Agglomerative hierarchical clustering (AHC). Agglomerative hi-
erarchical clustering (AHC) was performed with Euclidean distance and
Ward’s method (XLSTAT software, version 2022, Addinsoft, New York,
USA) on three sensory acceptance datasets: (i) raw 9-point ratings (Fig. 3
(A)-(a)-®), (ii) centered 9-point ratings (Fig. 3 (A)-(b)-®), and (iii) 5-
point DOSD ratings (Fig. 3 (B)-(b)-®; hybrid).

Clustering the raw 9-point rating—reflecting absolute liking for eight
monadically evaluated samples—yielded two clusters, absolute liking
with AHC cluster 1 (Liking/AHC-CL 1; N = 28) and absolute liking with
AHC cluster 2 (Liking/AHC-CL 2; N = 82).

When ratings were mean-centered within consumer to reduce scale-
use bias and emphasize sample-related differences, AHC produced three
clusters: Centered liking with AHC cluster 1 (Centered liking/AHC-CL1;
N = 33), Centered liking with AHC cluster 2 (Centered liking/AHC-CL2;
N = 35), and Centered liking with AHC cluster 3 (Centered liking/AHC-
CL3; N = 42).

Applying AHC to the 5-point DOSD ratings—indexing satisfaction
relative to a fixed reference—also resulted in three clusters, hereafter
referred to as the hybrid approach (clustering on reference-anchored
DOSD ratings): Hybrid cluster 1 (Hybrid-CL 1; N = 19), Hybrid cluster
2 (Hybrid-CL 2; N = 48), and Hybrid cluster 3 (Hybrid-CL 3; N = 43).
These cluster memberships were subsequently included as the cluster
factor in the multi-way ANOVA model.

2.5.4.3. Clustering of variables around latent variables (CLV). With the
centered 9-point ratings, consumers were clustered using clustering of
variables around latent variables (CLV) with local groups (positive-
correlation clusters), so that only consumers pointing in the same pref-
erence direction are grouped (Vigneau et al., 2016) (Fig. 3 (A)-(b)-®).
CLV alternates (i) estimating, for each cluster, a latent component pro-
portional to that cluster’s mean liking profile and (ii) reassigning con-
sumers by maximizing covariance/correlation with cluster components.
The CLV function in the ClustVarLV package for R statistical software
(version 4.5.0; R core team, 2025) was used to implement this proced-
ure, with columns centered and the local option enabled. The number of
clusters (K) was selected at the distinct jump in the Delta plot (Vigneau
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et al., 2015). In this study, the CLV analysis supported three clusters (K
= 3) for the centered 9-point data: Centered liking with CLV cluster 1
(Centered liking/CLV-CL1; N = 43), Centered liking with CLV cluster 2
(Centered liking/CLV-CL2; N = 28), and Centered liking with CLV
cluster 3 (Centered liking/CLV-CL3; N = 39). These cluster memberships
were subsequently included as the cluster factor in the multi-way
ANOVA model.

2.5.4.4. Clustering of variables around latent variables (CLV) with K + 1
strategy. To avoid forcing atypical consumers into substantive segments,
a K + 1 (noise cluster) strategy was coupled with CLV (Vigneau et al.,
2016) (Fig. 3 (A)-(b)-®). Consumers whose correlations with all cluster
latent variables fell below a preset threshold g were temporarily
assigned to a noise cluster, yielding cleaner and more interpretable
clusters. The procedure was implemented in R (version 4.5.0; R Core
Team, 2025) using CLV_kmeans with the kplusone strategy in the
ClustVarLV package (Vigneau & Chen, 2014). The choice of q governs
noise-cluster size: as g approaches 1, membership criteria tighten, and
more consumers are routed to noise. Following Vigneau and Chen
(2014), g = 0.3 was adopted here, a setting at which the substantive
clusters showed stable, high Hy (internal homogeneity) and dg
(discrimination ability), while the noise cluster displayed the expected
low cohesion and discrimination. As a result, the final CLV with the K +
1 comprised four clusters, including a noise cluster: Centered liking with
CLV with K + 1 cluster 1 (Centered liking/CLV (K + 1)-CL1; N = 31),
Centered liking with CLV with K + 1 cluster 2 (Centered liking/CLV (K
+ 1)-CL2; N = 29), Centered liking with CLV with K + 1 cluster 3
(Centered liking/CLV (K + 1)-CL3; N = 34), and noise cluster (N = 16).
These cluster memberships were subsequently included as the cluster
factor in the multi-way ANOVA model.

2.5.4.5. Reference-based segmentation based on the individual C value
from the DOSD method. Consumers were segmented according to their
decision-criterion bias for the fixed reference sample (HC), as quantified
by the individual C estimated from DOSD responses (Fig. 3 (B)-(a)-®).
Segmentation was based on whether the individual C differed signifi-
cantly from zero (95 % confidence interval). This yielded two segments:
Reference-based segmentation 1 (Ref-based seg. 1 / C > 0; N = 39),
comprising consumers significantly biased toward satisfaction with HC,
and Reference-based segmentation 2 (Ref-based seg. 2 / C < 0; N =71),
comprising consumers not significantly biased toward either satisfaction
or dissatisfaction with HC. These cluster memberships were subse-
quently included as the cluster factor in the multi-way ANOVA model.

2.5.5. Multi-way analysis of variance (ANOVA)

2.5.5.1. Effects of experimental factors on sensory acceptance rating. To
evaluate the effects of experimental factors on sensory acceptance, five-
way ANOVAs were conducted separately for the absolute liking (9-point
ratings) and the DOSD (5-point DOSD ratings). The model included the
fixed factors consumer, sample, sample presentation order, harvest date,
and consumer thinking style; analyses focused on main effects only.
Post-hoc Tukey’s HSD tests were applied for pairwise mean comparisons
with a significance threshold of p < 0.05. All analyses were performed in
XLSTAT (version 2022; Addinsoft, New York, USA).

2.5.5.2. Effects of clustering/segmentation methods on sensory acceptance
rating. To assess whether consumer clustering accounts for variance in
acceptance, ANOVAs were performed separately for each clustering
approach (AHC, CLV, CLV with K + 1, and reference-based segmenta-
tion) and for each data structure (raw 9-point, centered 9-point, and 5-
point DOSD). For a given clustering approach, a two-way ANOVA with
factors cluster and sample was applied to the corresponding rating
matrix. Tukey’s HSD was used for post-hoc pairwise comparisons (p <
0.05). All computations were performed in XLSTAT (version 2022;
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Addinsoft, New York, USA).

2.5.6. Partial least squares regression (PLSR) for identifying key sensory
attributes driving consumer sensory acceptance

Partial least squares regression (PLSR) related AMP d'4 sensory
profiles of the eight lettuce samples (X) to consumer liking within each
cluster (Y). Separate PLSR models were fitted for each clustering
approach and for each cluster. The number of latent components was
determined by cross-validation. Model fit was summarized by R%X(cum)
and RZY(cum), and predictive ability by Qz(cum) and RMSE from cross-
validation (Supplementary Tables 2 and 3). Components were retained
up to the most parsimonious latent dimensionality before a clear rise in
RMSE, with Qz(cum) required to be greater than zero to indicate
meaningful predictivity (Ling et al., 2023).

For models based on absolute liking data (Supplementary Table 2),
predictive performance was consistently adequate: Q*(cum) > 0.50, R%Y
(cum) > 0.89, R?X(cum) > 0.57, and RMSE < 0.26. These values indi-
cated a strong explanation of acceptance variation and stable out-of-
sample predictivity across clusters derived from AHC, CLV, and CLV
with K + 1.

For models based on relative satisfaction (DOSD) data (Supplemen-
tary Table 3), fit indices were similarly acceptable, with Qz(cum) >
0.48, R?Y(cum) > 0.70, R?X(cum) > 0.36, and RMSE < 0.29 across both
reference-based segments and hybrid (AHC on reference-anchored
DOSD ratings). Taken together, the cross-validated metrics supported
the use of these PLSR models for interpreting cluster-specific drivers of
consumer acceptance. For each model, variable importance in projec-
tion (VIP) was used to identify influential sensory attributes; VIP > 1 was
interpreted as a key driver of acceptance.

3. Results

3.1. The d'4 sensory profile of salad lettuce derived from affect magnitude
profiling (AMP)

The d'4 sensory profiles derived from AMP are shown in Fig. 4. Of the
16 attribute pairs, 15 attribute pairs—all except ‘Astringent (-) < Not
astringent (+)—differed significantly among the eight lettuces (p <
0.05).

Across the leaf cultivars HC and GM, d/4 sensory profiles were
characterized by ‘Light green color (-)’, ‘Unicolor (+)° appearance,
‘Crispy (+)’ and ‘Moisturized (4) texture, ‘Not sweet (+) taste, a
‘Makes me feel refreshed (+)’ sentiment, and ‘Suitable for salad (+)’.
Within this pair, HC was more strongly ‘Moisturized (+)’, whereas GM
showed a ‘Sleek (-)’ appearance.

The romaine cultivars MS and RM shared ‘Unicolor (+)’, ‘Fresh (+)’,
and ‘Sleek (-)’ appearance, and ‘Smooth (+)’ texture, but diverged in
flavor and mouthfeel. MS tended toward ‘Deep green color (+)°, ‘Dry
(-)’ texture, ‘Not sweet (+) taste, and ‘Strong green flavor (-)’, while
RM was ‘Moisturized (+)’, ‘Not bitter (+)’.

The butterhead cultivars SR and RS were jointly described by ‘Deep
green color (+)’ and ‘Multicolor (-)’ appearance, ‘Soft (+)’, ‘Moisturized
(+)’, ‘Smooth (+)’ texture, ‘Weak green flavor (+)’, positive sentiment
including ‘Makes me feel refreshed (+)’ and ‘Tastes good (+)’, and
‘Suitable for salad (+)’ and ‘Suitable for being mixed with seasoning
(+)’. Within this pair, SR was ‘Not bitter (+)’, whereas RS was ‘Not
sweet (+)’.

Finally, the multi-leaf cultivars EB and ET were commonly perceived
as ‘Fresh (+)’ in appearance and ‘Not sweet (+)’ in taste. In addition, EB
was relatively more ‘Crinkled (+)’ and ‘Crispy (+) than ET. These d'4
sensory profiles served as interpretable, consumer-term inputs to the
PLSR models in Section 3.4, where segment-specific drivers are pre-
sented as d'4 profiles.
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Fig. 4. The d'4 sensory profiles for eight lettuce varieties derived from affect magnitude profiling (AMP). Sensory attributes in bold differ across samples based on the
Chi-square test from the dstest of AMP. Within an attribute, different letters denote pairwise differences (95% confidence interval) in d'4.

3.2. Effects of experimental factors on sensory acceptance rating

From the separate five-way ANOVA results performed on the abso-

p = 0.45; DOSD p = 0.64) were not significant. Given these results,
subsequent analyses focused on between-consumer differences, with
thinking style excluded as a primary factor.

lute liking (9-point) and DOSD (5-point), F statistics are summarized in
Table 2. Across both ratings, there were significant main effects of

consumer and sample (p < 0.05). In contrast, sample presentation order

3.3. Examination of clustering approaches on sensory acceptance ratings

(absolute liking p = 0.33; DOSD p = 0.07), harvest date (absolute liking

p =0.92; DOSD p = 0.44), and consumer thinking style (absolute liking

Outcomes across the three complementary pathways were summa-
rized—absolute-liking clustering (raw/centered), reference-based
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Table 2

Main-effect ANOVA on absolute liking (9-point) and DOSD (5-point).
Factors 9-point 5-point

hedonic rating DOSD rating

Consumer 3.62 1.94
Sample 8.65 4.44
Sample presentation order 1.16 2.35
Harvest date 0.09 0.83
Consumer thinking style (HRT/LRT) 0.57 0.22

Values in bold indicate statistical significance (p < 0.05).
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segmentation from DOSD (C), and Hybrid (AHC on reference-anchored
DOSD rating)—to align with the framework set in the Introduction. To
evaluate how the chosen clustering/segmentation approach influences
sensory acceptance outcomes, separate two-way ANOVAs were con-
ducted for each pathway. The resulting F-statistics and significance
levels are reported in Table 3.

With AHC applied to the raw 9-point rating, the cluster main effect
was significant (p < 0.05), indicating differences in overall liking levels
between clusters, whereas the interaction with sample was not (p =
0.30). After mean-centering, the cluster main effect was not significant
(p = 0.27), but the interaction with sample was significant (p < 0.05).
The same pattern held for CLV clustering and CLV with K + 1: the cluster

(B) Mean absolute liking by AHC clusters
(raw 9-point)

9
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Fig. 5. Cluster-level affective discrimination patterns of samples from absolute liking.

(A) Mean absolute liking by pooled consumers (N = 110), (B) Mean absolute liking by AHC clusters (raw 9-point), (C) Mean absolute liking by AHC clusters (centered
9-point), (D) Mean absolute liking by CLV clusters (centered 9-point), (E) Mean absolute liking by CLV with K+1 clusters (centered 9-point), and (F) Mean absolute
liking by consumers commonly clustered across three clustering approaches (centered 9-point). Different letters indicate within-cluster differences (Tukey’s HSD, p

< 0.05).
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(A) Pooled consumers (N =110)
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Fig. 6. Segment/Cluster-level affective discrimination patterns of samples from Degree of Satisfaction-Difference (DOSD) relative satisfaction.

(A) Pooled consumers (N = 110), (B) Reference-based segmentation by C, and (C) Hybrid (AHC clustering on the reference-anchored DOSD rating) for the test
samples. For each (A), (B) and (C), (a) Mean DOSD ratings and (b) d estimates from the reference sample (HC) for each test sample, by segment/cluster. For (a),
different letters indicate within-cluster differences (Tukey’s HSD, p < 0.05). For (b), different letters indicate 95% confidence interval differences; an asterisk (*)
marks estimates significantly different from zero, based on the 95% confidence interval.

main effects were non-significant (CLV p = 0.26; CLV with K + 1 p =
0.91), while interactions with sample were significant for both (p <
0.05). Together, centering reduced scale-usage differences and captured
relative preference profiles across samples.

For the 5-point DOSD ratings, applying AHC (hybrid) yielded sig-
nificant cluster and interaction with sample effects (p < 0.05), indicating
that hybrid clusters differed in both overall satisfaction and sample-
specific preference patterns. In contrast, reference-based segmentation
(by individual C) showed a significant cluster main effect (p < 0.05) but
a non-significant interaction with sample (p = 0.97), implying segments
that differ in test-sample bias relative to the reference while maintaining
a similar ranking of samples across segments. Detailed descriptions and
graphical visualizations of these interaction effects are provided in
Section 3.4.

11

3.4. Affective discriminability and key sensory drivers of acceptance by
cluster/segment

For multiple full-sample clustering on absolute liking, four different
cluster-level affective discrimination patterns are shown in Fig. 5.
Cluster-specific key sensory drivers were identified by linking AMP d'4
sensory profiles to absolute liking via PLSR; corresponding VIP scores
are reported in Supplementary Table 2.

For reference-based segmentation on relative satisfaction, two
different segment/cluster-level affective discrimination patterns are
presented in Fig. 6. Segment/cluster-specific drivers were derived by
linking AMP d'4 profiles to DOSD d’ estimates with PLSR; VIP scores are
summarized in Supplementary Table 3.
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Table 3
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Cluster/segment-effect ANOVA on absolute liking (9-point) and DOSD (5-point).

Clustering/segmentation method

Multiple full-sample clustering on absolute

Reference-based segmentation on relative satisfaction (DOSD)

liking
Data structure Raw Centered 5-point DOSD
9-point 9-point
AHC clustering 227.74 1.30 48.06
Sample:AHC clustering 1.20 13.03 4.48
CLV clustering 1.36 N/A
Sample:CLV clustering 11.23 N/A
CLV with K + 1 clustering 0.08 N/A
Sample:CLV with K + 1 clustering 11.47 N/A
Reference-based segmentation N/A 9.76
Sample:Reference-based segmentation N/A 0.24

Values in bold indicate statistical significance (p < 0.05).
N/A: model not estimated for this data structure.

3.4.1. Absolute liking scores pooled across all consumers

The absolute liking scores for the eight samples, evaluated using a 9-
point hedonic scale by a total of 110 consumers, are presented in Fig. 5
(A). Mean liking ranged from 5.17 to 6.46, with significant differences
among samples (distinct superscripts, p < 0.05). SR (6.46), RM (6.23),
RS (6.09), and GM (6.07) constituted the highest-scoring group, whereas
EB (5.30) and ET (5.17) were the lowest. HC and MS did not differ
significantly from other samples.

3.4.2. Comparison of absolute liking clusters from AHC on raw 9-point

For the absolute liking (raw 9-point), the two AHC clusters differed
mainly in scale use: Liking/AHC-CL1 assigned higher scores overall than
Liking/AHC-CL2 (cluster means 7.13 vs. 5.43). Despite this level shift,
their preference patterns were similar across the eight lettuces—both
rated SR highest and ET lowest, with the remaining samples following
comparable patterns (Fig. 5 (B)). This mirrored the pooled results in
Fig. 5 (A), where SR and ET anchored the top and bottom of the distri-
bution, indicating that segmentation revealed heterogeneity in rating
level rather than in relative preferences.

PLSR VIP analysis (VIP > 1.0) indicated a shared set of key drivers in
both clusters: ‘Crinkled (+)’ appearance, ‘Not bitter (+)’, ‘Not astringent
(+)’, and ‘Smooth (4)’ mouthfeel (Supplementary Table 2). These re-
sults indicated that reduced bitterness/astringency and a smooth, crin-
kled texture were central to acceptance in both clusters. By contrast,
attributes related to crispiness and moisture generally showed VIP < 1,
suggesting limited impact on liking for either cluster. Overall, hedonic
AHC clusters pointed to texture/mouthfeel and the reduction of negative
tastes as the principal drivers of increased consumer acceptance.

3.4.3. Comparison of absolute liking clusters from AHC, CLV, and CLV
with K + 1 based on centered 9-point

Mean-centering removed scale-use effects and, across AHC (Fig. 5
(@), CLV (Fig. 5 (D)), and CLV with K + 1 (Fig. 5 (E)), yielded three
clusters that expressed relative differences in sensory acceptance across
samples. The three approaches produced convergent outcomes in both
affective discriminability and key sensory drivers of acceptance. To
clearly show cluster-level differences, a homologous subset of 66 con-
sumers consistently assigned to the same cluster across methods was
examined (Fig. 5 (F): Centered liking/Common-CL1 N = 19, Centered
liking/Common-CL2 N = 18, Centered liking/Common-CL3 N = 29).
Relative to the pooled pattern in Fig. 5 (A), clustering revealed pro-
nounced preference reversals rather than a uniform rank order.

For Centered liking/Common-CL1, key drivers were ‘Not sweet (+)’
taste and mouthfeel (‘Not astringent (+)’, ‘Moisturized (+)’), with added
contributions from ‘Makes me feel refreshed (+)’ and ‘Tastes good (+)’.
Accordingly, consumers preferred the leaf cultivars HC and GM and least
liked ET.

Centered liking/Common-CL2 combined ‘Sweet (=)’ and ‘Not bitter
(+) taste with ‘Moisturized (+) and ‘Smooth (4) mouthfeel, while
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appearance cues were negligible; this profile aligned with the highest
liking for RM and SR and the lowest for EB.

In Centered liking/Common-CL3, drivers shifted toward ‘Deep green
color (+)” appearance and ‘Smooth (+)’ mouthfeel, with ‘Not bitter (+)’
and ‘Sweet (-)’ playing a more minor role; correspondingly, consumers
liked the butterhead cultivars SR and RS and least liked HC.

3.4.4. Relative satisfaction results pooled across all consumers

Relative satisfaction scores from the 5-point DOSD ratings (Fig. 6
(A)-(a)) and the corresponding d estimates (Fig. 6 (A)-(b)) significantly
discriminated among samples (p < 0.05). Overall, all samples were rated
similarly to the reference (HC), with mean DOSD scores ranging from
2.64 to 3.31. Relatively, RM and SR showed significantly higher satis-
faction, whereas MS and ET showed significantly lower satisfaction.
Consistently, when calculated as d relative to HC, MS, and ET were
significantly below HC, indicating greater dissatisfaction with these
samples.

3.4.5. Comparison of reference-based segmentations derived from C

Consumers were partitioned into two reference-based segments ac-
cording to satisfaction with the fixed reference HC: Ref-based seg.1
showed a positive criterion toward HC, whereas Ref-based seg.2 did not
(Fig. 6 (B)). PLSR VIP results (> 1.0) indicated that Ref-based seg.1 was
driven by ‘Sweet (-)’ and ‘Not bitter (+)’ taste with a ‘Smooth (+)’, ‘Soft
(+)’, ‘Moisturized (+)’, ‘Not astringent (+)’ mouthfeel; appearance was
rarely influential (Supplementary Table 3). Consistent with these
drivers, SR—sweeter, less bitter, and smoother than HC—was judged
more satisfying than HC. Importantly, this segment-level distinction
revealed a subgroup that rated SR significantly more satisfying than
HC—an effect that was muted in the pooled analysis of all consumers,
where no sample was analyzed as more satisfying than HC.

Ref-based seg.2 prioritized ‘Sweet (=)’ and ‘Not bitter (+)’ taste
together with a ‘Crispy (+) yet ‘Moisturized (+)’, ‘Not astringent (+)’
mouthfeel, again with minimal contribution from appearance. In line
with these priorities, ET, perceived as less crispy and drier than HC, was
less satisfying than HC, while the remaining samples were broadly
comparable to HC. Overall, this reference-based segmentation differ-
entiates consumers primarily along a soft/smooth versus crispy texture
axis, with both segments favoring reduced bitterness and astringency as
central contributors to satisfaction.

3.4.6. Comparison of hybrid clusters obtained by applying AHC to
reference-anchored DOSD ratings

Applying AHC to the 5-point DOSD ratings (hybrid) yielded three
clusters that differed clearly in their direction of satisfaction relative to
the fixed reference HC (Fig. 6 (C)). In Fig. 6 (C)-(a), the cluster profiles
represent the mean 5-point DOSD for each test sample and should be
interpreted relative to the reference sample (HC). Fig. 6 (C)-(b) shows
the corresponding SDT-based results, in which the inherent “true scaling
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(A) Hybrid-CL1 (N = 19)

(B) Hybrid-CL2 (N = 48)
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(C) Hybrid-CL3 (N =43)

Suitable for
being mixed Makes me
with Not feel Suitable
Crinkled Crispy seasoning astringent Moisturized refreshed for salad Smooth Not sweet
a a a
R —t 1} a
- ab ab ﬁ? a
&y & =i L SO
Sleek Not crispy Not suitable Astringent Dry Makes me Not suitable Rough Sweet
for being feel for salad
mixed with unrefreshed
seasoning
==HC =+ MS -8RM =+SR =*EB

Fig. 7. Examples of AMP d'4 sensory profile for key sensory drivers by hybrid cluster, identified using PLSR on DOSD d' (VIP > 1.2).

bias” associated with the blind reference ratings is treated as noise and
used to adjust the satisfaction scores for the other samples, yielding bias-
corrected cluster profiles. Summarizing by cluster—as illustrated in
Fig. 7 with example contrasts based on PLSR (VIP > 1.2) comparing four
lettuces to HC— Hybrid-CL1 (Fig. 7 (A)) placed most significant weight
on ‘Sleek (-)’, ‘Not crispy (-)’, and ‘Not suitable for being mixed with
seasoning (-)’, while basic tastes (‘Sweet (-)’, ‘Bitter (-)’) and ‘Astrin-
gent (-)’ were not influential. Consistent with these drivers, Hybrid-CL1
tended to rate HC relatively low and showed higher satisfaction for MS,
RM, and EB.

Hybrid-CL2 (Fig. 7 (B)) emphasized ‘Not astringent (+)’, supported
by ‘Moisturized (+)’ mouthfeel and positive sentiment (‘Makes me feel
refreshed (+)’) along with ‘Suitable for salad (+)’. This profile aligned
with higher satisfaction for the reference HC and lower satisfaction for
the other samples, most notably MS and ET.

Hybrid-CL3 (Fig. 7 (C)) prioritized a ‘Smooth (4)’ mouthfeel and
‘Sweet (-)’ taste, with moisture less influential. In line with these pri-
orities, Hybrid-CL3 showed greater satisfaction for SR than for HC, while
the remaining samples were broadly similar to the reference level.

4. Discussion

4.1. Neutralizing sample presentation order bias with a dummy sample in
monadic multi-sample hedonic tests

Experimental factors and individual differences can influence
responses—especially in multi-sample settings that are vulnerable to
presentation-order effects (Lee et al., 2025). Beyond general between-
person variability, thinking style, which shapes information processing
and decision-making, can modulate how consumers use the 9-point scale
in early trials of a monadic sequence. In particular, individuals who rely
more on fast, intuitive processing may be more susceptible to contextual
anchors and range effects at the start of a session. In contrast, more
reflective consumers tend to apply steadier internal criteria (Lee et al.,
2025). Presentation-order effects are therefore a persistent threat in
monadic hedonic tests because contrast and tried-first (first-serving)
biases can shift ratings by position rather than by intrinsic product
quality (Lawless & Heymann, 2010; Mazur et al., 2018). Wakeling and
MacFie (1995) attributed much of the first-position effect to untrained
consumers’ initial uncertainty about how to use the hedonic scale,
which leads them to treat the first sample differently. These order-
related biases can distort sensory acceptance judgments and compli-
cate interpretation.

Counterbalancing mitigates—but does not remove—these in-
fluences. Latin-square and Williams designs, along with randomization,
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ensure that each product is observed equally often in each position and
that first-order carryover is balanced across products (MacFie et al.,
1989; Wakeling & MacFie, 1995). Such designs improve the reliability of
aggregate-level estimates by redistributing position effects. Yet they
may not fully protect individual-level analyses. When cluster analysis is
applied to segment liking data, clusters are no longer guaranteed to be
balanced for sample presentation order. Within a cluster, a particular
product could have been observed disproportionately often in the first
position. If that product shows higher liking in that cluster, the advan-
tage may reflect presentation order rather than true sensory acceptance.
In turn, a cluster that appears distinct could partially be an artifact of
presentation order (Hottenstein et al., 2008; Lee et al., 2025).

In Lee et al. (2025), which compared effects of experimental factors
on 9-point hedonic ratings versus the reminder-based DOSD method for
six cucumber samples, a significant presentation-order effect and its
interaction with consumer thinking style were observed for hedonic
ratings, despite randomization of presentation order. In particular, both
High Reflection Thinkers (HRT) and Low Reflection Thinkers (LRT) gave
high ratings to the first-presented sample. LRT, who rely more on fast
and intuitive processing, showed greater variability: ratings dropped
noticeably for the second sample and then increased gradually from the
third sample onward.

Guided by that evidence, the present study implemented a warm-up
(“dummy”) sample to pre-empt first-position instability. Each consumer
first evaluated a mid-range, neutral dummy sample; those data were
excluded from analysis (Hottenstein et al., 2008). Mechanistically, the
dummy trial (1) absorbs initial scale-use uncertainty among untrained
consumers, allowing them to practice mapping sensations to the nine
categories before any analyzable trial (Lawless & Heymann, 2010;
Wakeling & MacFie, 1995); (2) sets a stable internal criterion so sub-
sequent judgments are made relative to an established yardstick rather
than an empty baseline; (3) dissipates novelty-driven contrast/
anchoring that is largest at trial 1; and (4) reduces first-trial error vari-
ance, which otherwise propagates into cluster-level artifacts when seg-
menting individual data. Because this dummy-first calibration
particularly benefited respondents who are otherwise more order-
sensitive (e.g., LRT), the presentation-order main effect on hedonic
ratings was not significant in this study, indicating that dedicating the
first position to a sacrificial warm-up effectively absorbed the tried-first
bias seen previously despite comparable randomization.

The dummy approach is pragmatic but not cost-free. It increases
sample usage and session time and can add marginal sensory fatigue in
longer flights (Hottenstein et al., 2008). Future work should therefore
compare procedural control (dummy-first-sample) with statistical con-
trol methods that correct for order post-hoc—e.g., data adjustments
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using a first-position offset that subtracts a common value (Hottenstein
et al., 2008; Lee & Meullenet, 2010).

4.2. Effects of data treatment (mean-centering and reference-anchoring)
on affective discriminability of resulting clusters

Clustering outcomes in consumer testing depend on how effectively
data treatment controls response bias. A common remedy is centering,
which attenuates between-subject differences in scale use before clus-
tering. Although Baxter (1995) suggested that results from unstan-
dardized and standardized data are often similar in the absence of
outliers, and Cherdchu and Chambers IV (2013) reported that stan-
dardization may be unnecessary when a single scale type is used, in this
study, results showed that—even under a single labeled 9-point sca-
le—centering altered the clustering pattern. This implies that scale-use
heterogeneity and effects of experimental factors can still shape parti-
tions, so preprocessing that targets response bias remains consequential.

When hierarchical clustering using Ward’s method is applied directly
to raw hedonic ratings, the resulting partitions largely reflect between-
individual differences in scale use (mean level and range) rather than
sample-preference structure. Consequently, clusters separate by overall
rating level—how generously or sparingly individuals use the scale (a
vertical shift in means)—and remain vulnerable to experimental factors
such as presentation-order effects. These level differences are not always
mere by-products of response bias; with labeled category scales, they
can reflect genuine acceptance-threshold differences and are relevant
when the decision target is absolute liking. However, if the aim is to
uncover relative preference patterns across samples, relying on raw data
can be problematic. As Castura et al. (2023) noted, raw-score-driven
partitions may conflate scale use with acceptance and therefore lack
portability across datasets, which motivates bias-controlling treatments
before clustering.

Once ratings are mean-centered within each consumer, the focus of
clustering shifts from who rates high vs. low to how consumers differ in
their preferences for the samples. Apparent differences in cluster means
recede, and informative structure emerges in the cluster-by-sample
patterns. In the data of this study, this transition was evident in the
ANOVA results: with raw hedonic scores, the cluster main effect was
significant while cluster:sample interaction was not; after mean-
centering, the cluster main effect disappeared and the cluster:sample
interaction became significant—consistently across AHC, CLV, and CLV
with K + 1. Thus, mean-centering turned level-driven partitions into
pattern-driven ones, improving affective discriminability and enhancing
cluster stability against idiosyncratic scale use. These results show that
clustering after bias control does more than tidy up scale-use bias—it
recovers heterogeneous preference structures that are invisible in pooled
means. Pooled means suggested SR high and ET low, whereas centered
clusters displayed rank crossings (e.g., a cluster that liked both SR and
ET; HC highest in one cluster but lowest in another), revealing action-
able subgroups that would have been missed without clustering (cf.
Fig. 5 (F)).

This after-measurement treatment (mean-centering) contrasted with
the DOSD method’s handling of data, which relies on a reference-
anchored, during-measurement approach rather than post-hoc correc-
tion. In the DOSD task, each response is recorded as a categorical
judgment relative to a fixed reference sample, so the evaluative frame is
anchored at the moment of satisfaction judgment rather than adjusted
afterwards. During data collection, the reference sample thus functions
as a psychological anchor: consumers evaluate each blind test sample by
explicitly comparing it with the fixed reference, and all responses are
made with respect to this benchmark.

After data collection, this reference-anchoring is reinforced by a
simple coding rule that normalizes responses around the reference point.
Responses indicating “equal satisfaction with the reference” are coded as
“3”, including cases in which the reference sample is judged satisfying
(“Satisfied as same as R”) as well as cases in which it is judged
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unsatisfying (“Not satisfied as same as R”). This procedure effectively
centers the data on “parity with the reference”, so that subsequent an-
alyses focus on relative differences between samples rather than on
absolute satisfaction levels. This procedural reference-anchoring has
been shown to reduce scale-use bias (Lee et al., 2025) and, in the present
data, produced significant cluster and cluster:sample effects, indicating
bias stability without loss of within-cluster, sample-level affective
discrimination. Compared with post-hoc mean-centering, the 5-point
DOSD rating therefore minimizes additional processing and limits
distortion of consumers’ original judgments.

Furthermore, in the DOSD-based analyses, Signal Detection Theory
(SDT) is applied to calculate d, treating the “true scaling bias” associated
with responses to the blind reference sample as noise and adjusting the
satisfaction pattern for the comparison samples accordingly. This step
functions similarly to traditional centering, in that it removes bias from
each blind test sample being evaluated in a pair with the reference
sample, thereby allowing fair comparisons between samples.

Taken together, the during-measurement reference-anchoring of the
DOSD task, the data preparation, and the SDT-based treatment of blind
reference responses collectively perform the role that mean-centering
typically plays in hedonic data. The result is a reference-anchored
dataset from which clusters can be derived both by consumers’ crite-
rion stance toward the reference and by reference-specific satisfaction
patterns. In contexts with a credible benchmark, such as the present
study, this during-measurement centering provides a coherent path to
bias-stable clusters while preserving interpretable differences among
products (Lee et al., 2025).

4.3. Comparison of clustering/segmentation methods based on multiple
full-sample and reference-based approaches using absolute liking and
relative satisfaction

Clustering is widely used to classify consumers with similar response
patterns. Consistent with Yenket et al. (2011), it is prudent to compare
multiple clustering and segmentation approaches and select the method
that matches the dataset and study goals. A comparison of the ap-
proaches considered here is summarized in Fig. 8. In sensory and con-
sumer research, multiple full-sample clustering of absolute liking is
commonly used in early-stage development, exploratory testing, or
when no clear benchmark exists—that is, when the goal is to capture
broad preference structures across diverse or unfamiliar product cate-
gories (Lee et al., 2025). Two families are most often applied: (i)
agglomerative hierarchical clustering (AHC, Ward’s linkage), a distance-
based, bottom-up procedure that merges clusters to minimize the in-
crease in within-cluster variance and yields a dendrogram; and (ii)
Clustering around Latent Variables (CLV), a partitioning approach that
learns cluster-specific latent axes (LVs) and iteratively reassigns in-
dividuals. The CLV with K + 1 variant adds a noise/overflow group to
avoid forcing all consumers into substantive clusters.

Applied to centered 9-point rating, AHC, CLV, and CLV with K + 1
produced similar partitions. After centering within individuals,
Euclidean distances between preference profiles behaved much like
correlation distance, so both variance-based AHC and latent-axis CLV
effectively group by profile shape rather than overall liking level.
Moreover, Ward’s minimum-variance criterion seeked compact groups
in Euclidean space, whereas CLV models cluster-specific latent axes;
when a low-rank set of preference directions dominates variation, the
methods align with the same leading axes and recover near-identical
partitions (Ding & He, 2004; Murtagh & Legendre, 2014; Vigneau
et al., 2015).

As the need grows to identify consumers with different preference
structures, reference-anchored segmentation offers a more transparent
lens than full-sample clustering for absolute liking. Although practice
often gravitates toward the “best” and “worst” products for prioritiza-
tion or diagnosis, many go/no-go decisions depend on parity or supe-
riority relative to a gold standard. Fixing a benchmark focuses inference
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Fig. 8. Summary of comparisons among clustering/segmentation methods across multiple full-sample and reference-based approaches using absolute liking and

relative satisfaction.

on relative satisfaction, revealing how consumers judge products against
that reference and complementing level-oriented views based on abso-
lute liking alone.

Evidence converges on this point. By fixing a benchmark and
expressing judgments relative to that reference—as in DOSD and
affective-reference designs—segments are defined by how consumers
evaluate samples against a common standard (Kim et al., 2019; Kim,
Sim, & Lee, 2015; Lee et al., 2025). Kim, Sim, and Lee (2015) identified
affective discriminators who showed a consistent preference for refer-
ence samples—segments with high sensory discriminability—and pro-
posed a consumer-relevant action standard for quality decisions, thereby
linking segmentation to practice. Reference-anchored clustering also
exposes relative-satisfaction structures that differ from those derived
from absolute likings (Lee et al., 2025), and attribute-specified DOSD
can target specific sensory attributes of the reference to guide focused
reformulation and positioning (Kim et al., 2019). In short, organizing
segmentation around a fixed reference integrates statistical robustness
with managerial interpretability, providing attribute-level levers that
full-sample clustering on absolute liking does not reliably deliver.

Within this framework, two reference-based approaches were
applied for lettuce using a DOSD dataset. First, consumers were
segmented by their stance toward the repeatedly evaluated refer-
ence—either an absolute skew toward satisfaction or toward dissatis-
faction. In a chicken-bouillon study with systematic manipulations of
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mouthfeel attributes (notably thickness and fattiness), Kim et al. (2019)
used attribute-specified DOSD to segment consumers by their preferred
reference thickness; segments then displayed distinct satisfaction pat-
terns across products spanning different viscosities, consistent with
segment-wise differences in perceptual sensitivity. In the lettuce dataset,
differences spanned multiple sensory dimensions, so contrasts were less
pronounced than under single-axis manipulation; nevertheless, a
coherent texture split emerged: consumers satisfied with the reference
prioritized soft/smooth texture, whereas consumers neutral to the
reference weighted crispiness more strongly. These results support
reference-anchored segmentation as a means to reveal benchmark-
relative heterogeneity that may be obscured by absolute liking alone,
while allowing interpretation to be aligned with category-relevant
attributes.

Second, clustering based on relative satisfaction (judgments coded as
more/less/as satisfying than the reference) produced segment patterns
distinct from those obtained with absolute liking. Associations with
sensory profiling showed that relative-satisfaction clusters separated on
non-overlapping driver attributes, whereas clusters derived from abso-
lute ratings did not show comparably sharp attribute divisions. This
pattern suggests that absolute liking, which lacks a shared benchmark,
can blur how consumers compare products, thereby obscuring action-
able intervention points.

Overall, the evidence supports the value of reference-anchored
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segmentation on relative satisfaction. Anchoring the task to a common
reference stabilizes the evaluative frame at the moment of response,
limiting scale-use bias and minimizing post-hoc data processing (Kim,
van Hout, & Lee, 2018; Lee et al., 2025). The DOSD framework also
yields d’ estimates grounded in signal detection theory (SDT). In this
formulation, responses to the reference are modeled as “noise” and re-
sponses to test samples as “signal + noise”, producing a probabilistic,
group-level account of satisfaction. Importantly, individual perceptual
variability—salient for categories with high product-to-product varia-
tion, such as fresh produce—is not discarded as random error but
absorbed into the model and averaged or counterbalanced in the
resulting distributions (Lee et al., 2025). Test sample bias compared
with the reference (also called reference sample bias) can also be
attenuated (Kim, van Hout, & Lee, 2018c). Together, these features
enable robust quantification of whether a test sample is perceived as
more or less satisfying than the reference and yield segments that jointly
capture criterion stance and sample-specific satisfaction patterns,
enhancing explanatory power and decision relevance. In quality-
management contexts, reference anchoring further enables actionable
thresholds to support go/no-go and equivalence judgments.

Despite these advantages, DOSD is intrinsically reference dependent:
its effectiveness hinges on the availability of a meaningful and recog-
nizable benchmark. As noted in Lee et al. (2025), in emerging categories
(e.g., cultivated meat, edible insects, novel protein matrices), consumers
may lack a stable criterion of ‘what satisfying looks like’ reducing the
interpretability of reference-anchored judgments. DOSD can still be
informative when the reference represents a widely accepted standard
(house flagship, market leader, or a prototypical sensory target) and
when the business question concerns parity or superiority relative to
that standard across adjacent line extensions or processing variants. By
contrast, categories characterized by high intra-category heterogeneity
(no clear prototype) or rapid innovation cycles (shifting targets) are less
suitable for DOSD as a primary method; in such cases, response-level
centering of absolute liking may provide a more neutral frame.

4.4. Limitations of the present study and future suggestions

All the consumers in this study were in their 20s, as they were
recruited through the university community. However, age is known to
influence not only overall preferences but also texture preferences for
vegetables (Dinnella et al., 2016; Gotow et al., 2023; Poelman & Dela-
hunty, 2011). For instance, Hildebrandt et al. (1997) reported that
elderly consumers (> 60 years of age) tend to avoid stringy and crunchy
foods, such as meat and vegetables, leading to lower consumer prefer-
ence for texture attributes. This age-related variation underscores the
importance of including a more demographically diverse sample in
future studies to enhance the reliability and generalizability of the
findings.

In the study of Lee et al. (2025), the selection of the reference sample
was highlighted as a critical factor affecting the reliability and stability
of sensory evaluations, with unsuitable references compromising inter-
pretability. This issue is particularly significant in emerging markets for
novel products lacking clear benchmarks. To address this, this study
selected the reference sample by utilizing the results of AMP from Kim
et al. (2026). By aligning the reference sample with consumer evalua-
tions, this approach ensured it effectively reflected real usage contexts
and preferences. However, challenges in reference selection remain,
particularly when dealing with highly diverse consumer groups or
markets with rapidly evolving preferences. Future research should focus
on refining reference selection methodologies, including the integration
of dynamic, attribute-specific references and regionally representative
sampling. Such efforts will further expand the applicability of the
reference-base segmentation approach across diverse product categories
and market contexts.

Another promising direction for subsequent research is exploring the
relationship between key sensory attribute drivers and metabolite
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profiles. Currently, the metabolomics approach has gained interest in
sensory science, as it provides a comprehensive understanding of the
chemical essence of the characteristics involved in flavors, tastes, and
textures (Shu et al.,, 2023; Xie et al., 2021). Furthermore, previous
studies have already reported that consumer preference is affected by
the metabolite contents of fresh-cut products (Kim et al., 2023; Marsh
et al., 2003; Ulrich & Olbricht, 2016). Therefore, identifying the me-
tabolites influencing consumer preferences could serve as a guide for
breeding new consumer-preferred cultivars.

5. Conclusion

Three segmentation pathways were compared on the same data-
set—clustering on absolute liking (raw and consumer-mean centered),
reference-based DOSD, and a DOSD-anchored hybrid—and segment
profiles were linked to AMP-DFA d4 and PLSR-derived acceptance
drivers. Segment-specific drivers were reported as interpretable d'y
profiles (consumer-term, SDT-based measures on a bipolar semantic-
differential scale), enabling method-agnostic, transparent product
interpretation and cross-segment comparability. Absolute-liking clus-
tering summarized absolute preference level across products; DOSD
grouped consumers by direction of satisfaction relative to a fixed
reference with reduced sensitivity to scale-use; and the hybrid combined
anchoring and clustering to reveal interpretable profile-based sub-
groups. By making the response-bias implications explicit (scale-use for
liking; criterion/anchoring for DOSD), a fit-for-purpose framework is
provided for selecting full-sample, reference-based, or hybrid ap-
proaches according to study aims.

Because DOSD is inherently reference-dependent, its highest utility is
expected in categories with a clear benchmark; in categories without a
credible reference, absolute-liking clustering or the hybrid approach
may be preferable options. In practice, the DOSD task is centered at
response—the midpoint (“3”) on the 5-point DOSD scale denotes parity
with the reference—which attenuates scale-use sensitivity while making
direction-of-satisfaction explicit. Together with the SDT-based treat-
ment of blind-reference responses, this reference-anchoring performs
the role typically served by mean-centering, ensuring that segmenta-
tions reflect true relative satisfaction differences without the need for
additional traditional centering of the DOSD ratings. The generaliz-
ability of these findings is limited by the relatively young consumer
panel. Broader demographic coverage and more systematic procedures
for reference selection are warranted.
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