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Abstract In the scientific literature, the debate about how define and evaluate seat comfort is still open, but
three points are not in question [1]: 1. comfort is a construct of a subjective nature; 2. comfort is affected by
factors of various nature (physical, physiological, psychological); 3.comfort is a reaction to the environment.
The subjective nature of the comfort experience is universally recognized; any comfort analysis cannot disregard subjective methods (‘directly asking people about how comfortable they are’), which can be regarded as
the most direct way to detect subjective feelings of comfort and/or discomfort. This paper focuses on the assessment of aircraft seating comfort based on subjective comfort responses collected during laboratory experiments. During each experimental session, participants were asked to express their overall seat comfort perception and to evaluate specific seat design features. Comfort responses were analyzed with the aim to relate the
perceived overall seat comfort to some design features, as well as to the user anthropometrical characteristics
and feelings. The adopted statistical modeling approach is based on generalized linear mixed models. Differently from the traditional strategies used for the analysis of subjective sitting comfort data (e.g. correlation
analysis, non-parametric hypothesis tests), the model-based approach allows to investigate and quantify the
relationship between overall seat comfort and specific seat/user characteristics. The results show that the overall
comfort perception is significantly influenced by age, lumbar support, height of seat pan and reclining.
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1 Introduction
Over the years, commercial air traffic and number of passengers have been constantly increasing and airlines
are facing a fiercer competition in the international context. Being strictly related to passenger’s satisfaction
and willingness to pay, comfort improvement has become a major strategic goal for the airline management [1].
A variety of definitions of passenger comfort have been provided in literature and the scientific debate about
the main factors impacting on it and the relationship with discomfort is still open [2-9].
Despite the variety of positions, it is undoubted that comfort perceptions are the outcomes of subjective experiences resulting from a reaction to the environment, influenced by psychological, physiological and physical
factors. It is thus evident that any comfort analysis cannot disregard subjective methods (‘directly asking people
about how comfortable they are’), which can be regarded as the most direct way to detect subjective feelings of
comfort. Large survey studies have been proposed in literature to investigate factors impacting on passenger
perceptions of comfort/discomfort. Vink et al. [10] analyzed the online trip questionnaires of more than 10000
passengers in order to identify the critical factors influencing comfort experience during a flight; Amadhpour
et al. [11] investigated whether the factors underlying the passenger experience of comfort differ from those of

discomfort; Bowens et al. [12] surveyed a sample of students about their aircraft sensory experiences and relate
them to a feeling of comfort or discomfort. Most of the available studies evidence that seat comfort is one of
the most important factors impacting on passenger on-board experience and a main driver for flight selection
[13]. In order to attract and retain more passengers, airlines need to distinguish their offer from the competitors
by providing a better seat comfort experience. However improve the design of aircraft seat for economic class
is maybe one of the most difficult challenge for manufacturers since many necessary yet conflicting expectations and requirements have to be fulfilled (e.g. increase aircraft capacity, improve comfort and living space,
lighten aircraft and meet safety requirements).
An effective strategy to collect and process comfort data is crucial to detect the seat design features which
mostly impact on passenger perceived comfort and thus provide a diagnostic assessment of seat comfort.
Laboratory experiments allow to collect aircraft seat comfort data by involving potential passengers in simulated flight experiences [e.g. 14-16]. During these experiments, participants reveal information about their "real
time" comfort feelings (e.g. thermal comfort, noise, cabin comfort, seat comfort, legroom); indeed, they are
focused on the undertaken experiment rather than recall retrospective flight experiences like it happens for
surveys. The main advantages of laboratory experiments are that: 1) researchers can control the environment
under which potential passengers make their evaluations and also can compare different seats and/or aircraft
environments; 2) a small sample representative of the passenger target population can be considered; 3) it is
possible to learn more about aircraft seat experience with a significant reduction in costs and time for data
collection and analysis [17-18]. Besides these advantages, experimenters are well aware that human responses
in experimental research can be difficult to measure: 1) personal characteristics (e.g. demographic like age,
nationality, income; physical like body size; physiological like blood pressure, state of health and general wellbeing; psychological linked to memory of previous flights, expectations about future experiences and personal
preferences) make people experience different levels of comfort (or discomfort) in identical environments [e.g.
17-22]; 2) different personal experiences can cause people to react to the same situation in different ways and
makes it difficult to measure the human responses to different stimuli (i.e. experimental treatments); 3) individual differences in rating scale usage cannot be neglected; 4) the same participants generally test several items
(e.g. physical products or concepts) and, of course, these evaluations cannot be assumed independent; 5) subjective comfort data are collected via ordered categorical scales, in which scores are meaningful for comparison
only.
All these factors and their interdependencies cannot be neglected in order to end up with reliable and robust
comfort analysis [23]. Specifically, the first three criticisms may impact on the reproducibility and replicability
of the study and they can be addressed by detailed experimental protocols and appropriate experimental design;
the last two criticisms, instead, impact on the interpretation of comfort data and can be addressed by a suitable
statistical modeling.
The approach adopted in this paper is model-based and accounts for both subjective (user anthropometrical
characteristics and perceptions) and objective (seat features) covariates.
Comfort evaluations were modeled through a cumulative link mixed models (CLMMs), an extension of linear
mixed models for ordinal data whose model specification and interpretation are more complex due to the discrete nature of the data and the nonlinearity in its parameters [24, 26]. The higher computational complexity
of CLMMs is counterbalanced by the higher flexibility. Indeed the adopted CLMM accounts for the ordinal
nature of the overall comfort response as well as the potential correlations among repeated comfort evaluations
collected in laboratory experiments using a panel of aircraft passengers.
The paper is organized as follows: an overview of the experiment is provided in Section 2; the adopted data
analysis strategy is illustrated in Sections 3; the experimental results are reported in Section 4; conclusions are
drawn in Sections 5.

2 Overview of the experiment
The experiment involved 17 participants who tested 5 aircraft seat conditions. The participants were frequent
flyers of working age with no health problems. The main anthropometric characteristics of participants are
reported in Table 1.
During each test session, lasting about 40 minutes, each participant was asked to adopt a fixed posture and
perform the task of reading/playing a game with the smartphone. At the end of each test session a trained
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interviewer asked the participant to evaluate the comfort of some seat features using a scale with three ordered
categories (i.e. 1: low comfort, 2: medium comfort and 3: high comfort) and score the overall seating experience
using an ordinal scale ranging from 0 (i.e. no comfort) to 8 (i.e. extreme comfort).
Table 1. Main anthropometric characteristics of participants.
Num.
Males
Mean (SD)
Females
Mean (SD)

9
8

Age [year]
[min-max]
[27-41]
35 (4.4)
[26-44]
34 (5.9)

Weight [kg]
[min-max]
[73-101.8]
88(8.53)
[55-75]
66 (5.4)

Height [m]
[min-max]
[1.60-1.90]
1.77 (0.08)
[1.55-1.73]
1.66 (0.05)

BMI [kg/m2]
[min-max]
[22.8-34.7]
28.03 (3.46)
[21.15-27.55]
24.1 (2.08)

3 Methods
Comfort ratings have been analyzed in a regression setting using a set of covariates representing: 1) objective
seat features (viz. height of seat, height of seat pan, width of seat pan, backrest configuration, height of backrest,
thick of backrest, reclining); 2) user anthropometrical characteristics (viz. gender, age, BMI); 3) comfort feelings with specific seat features (viz. seat pan, backrest, seat pan padding, backrest padding, lumbar support,
lumbo-sacral support).
The cumulative logit model (CLM) is probably the most popular model for ordinal data; it relies on the idea
that a subjective evaluation expressed on an ordinal scale (e.g. comfort rating) is actually a categorized version
of an unobservable (latent) continuous variable. The CLM uses the cumulative logits to measure how likely the
response is to be in a given category or below versus in a category higher than it.
Let Yi the outcome category selected by subject i for the response variable. Given a set of p covariates,
x1,..,xk,…xp , the model is defined as follows:
logit  P (Yi  j ) =  j + 1x1 + ... + k xk + ... +  p x p

j = 1,..., J − 1

(1)

The model in (1) is characterized by (J−1) intercepts and p slopes. Intercepts may differ across the ordinal
categories, whereas the coefficients βk are the same across the categories, meaning that the effect of xk is assumed to be the same for all the categories of the response Y. The parameter βk measures the impact of xk on Y,
indeed it can be interpreted as the increase in the log-odd of falling into or below any category associated with
a one-unit increase in xk holding all the other covariates constant. The parameters αj are the category cut-points
on a standardized version of the latent variable and satisfy the condition
(2)
An extension of this model that includes random effects as well as fixed effects is the cumulative logit mixed
model (CLMM). The CLMM allows taking into account both the ordinal nature of the rating scale and the
potential correlation between ratings provided by the same subject under different conditions (e.g. the same
subject testing different seats).
Let Yit denote the overall comfort response over J ordered categories provided by subject i (i = 1, …, 17) for the
seat t (t = 1, 2, 3, 4, 5); let x1it, x2it ,.., xkit denote a set of k covariates; let ui denote the random effect due to
subject i for response categories j=1, 2, …, J-1. The cumulative logit mixed model can be formulated as follows
[25]:
(3)
σu2)).

The random effect ui is assumed normally distributed and centered at zero (ui ~ N (0,
When a random effect is included in the model, it is important to look at the intra-class correlation (ICC). ICC
is defined as the correlation of observations within a group and it is a way to look at how similar these within
cluster observations are to one another. The ICC is calculated as follow:
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ICC =

ˆu2

(4)

ˆu2 +  2

where ŝ u2 represents the estimated variance of the random effect, whereas s 2 is the residual variance and
assuming the hypothesis of an underlying standard logistic latent variable it can be calculated as s 2 = p 2 3 .
Values of ICC near one indicate that observations within a cluster are very similar to one another, while values
close to zero indicate that the random effect can be neglected since observations within a group are nearly
independent [25].

4 Results
In the adopted CLMM, the participant effect was assumed to be random and fixed effects included anthropometrical characteristics (viz. gender, age, BMI), objective seat features (viz. height of seat, height of seat pan,
width of seat pan, backrest configuration, height of backrest, thick of backrest, reclining) and comfort feelings
with specific seat features (viz. seat pan, backrest, seat pan padding, backrest padding, lumbar support, lumbosacral support).
A forward selection algorithm was applied in order to obtain the optimal model which includes 4 significant
covariates: age (age; 1: ≤ 35 year; 2:≥ 35 year); lumbar support (lumbsu; 1:low, 2:medium; 3:high); height of
seat pan (heightsp; 1:low, 2:medium; 3:high) and reclining (rec; 0:yes, 1: no).
Table 2 reports the estimated parameters βk, k = 1, 2, 3, 4; the cut-points αj, j = 1, 2, 3, 4, 5, 6, 7 with asymptotic
standard error (in parentheses) and AIC index.
Table 2. CLMM fitted on comfort data.
Parameters
Estimates
(Std Error)
AIC

 age

lumbsu

 heightsp

rec

0.824
(0.412)

1.478
(0.356)

-0.832
(0.288)

-2.01
(0.474)

1

2

4.001
3.971
(1.21) (1.17)
292.42

3

4

5

6

7

2.623
(1.15)

1.262
(1.13)

0.198
(1.11)

1.549
(1.11)

3.257
(1.18)

The coefficient values highlight that overall comfort ratings falling in higher categories are more likely as
the values for age and comfort of lumbar support increase; instead overall comfort ratings falling in lower
categories are more likely for seat in reclined position and higher seat pans.
2

The ˆ u = 0.003 for the random effects model implies a low effect due to repeated evaluations provided by
the same participant (Fig. 1). Moreover, ICC equals to 0.0009 confirms the substantial independency of observations provided by the same participants for different seat conditions.

Fig. 1. Participant effect.
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5 Conclusions
The adopted model based approach allows to investigate the strength and direction of association in subjective comfort data taking into account their ordinal nature as well as the potential grouping structure of replicated
observations, overcoming the hypothesis of independency that is often unrealistic in experimental settings.
The findings highlight that the probability of low overall comfort perceptions is higher for seats in reclined
position and seat with a higher seat pan; instead the lumbar support has a significant positive impact on the
overall comfort perception. It is worthwhile to note that in our study, participant effect resulted negligible; this
finding could be related to the involvement of a group of expert assessors (i.e. frequent flyers) who may show
less individual psychological biases in the evaluation task. However, since psychological and physiological
biases generally affect the subjective assessment in a sample set, assessor’s effect cannot be disregarded.
Further investigations are necessary in order to check the generalizability of findings outside laboratory setting.

References
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.

Patel, H., D’Cruz M., 2018. Passenger-centric factors influencing the experience of aircraft comfort. Transport
Reviews, 38(2), 252-269
De Looze, M. P., Kuijt-Evers, L. F., Van Dieen, J. A. A. P., 2003. Sitting comfort and discomfort and the relationships with objective measures. Ergonomics, 46(10), 985-997.
.Pineau, C., 1982. The Psychological Meaning of Comfort. International Review of Applied Psychology 31, 271283.
Slater, K., 1985. Human comfort (Vol. 1). Springfield, Ill., USA: CC Thomas.
Dumur, E., Bernard, Y., Boy, G., 2004. Designing for Comfort. In Human Factors in Design, edited by D. Ward,
K. A. Brookhuis, and C. M. Weikert, 111– 127. Maastricht: Shaker Publishing.
Zhang, L., Helander, M. G., Drury, C. G., 1996. Identifying factors of comfort and discomfort in sitting. Human
factors, 38(3), 377-389.
Vink, P. and Hallbeck, S., 2012. Comfort and discomfort studies demonstrate the need for a new model. Applied
Ergonomics, 2(43), 271-276.
Vink, P., Brauer K., 2011. Aircraft Interior Comfort and Design. Boca Raton, FL: CRC Press.
Vink, P., Bazley, C., Kamp, I., Blok, M., 2012. Possibilities to improve the aircraft interior comfort experience.
Applied ergonomics, 43(2), 354-359.
Vink, P., Hiemstra-van Mastrigt, S., 2011. The aircraft interior comfort experience of 10,032 passengers. Proceedings of the Human Factors and Ergonomics Society Annual Meeting. Vol. 55, No. 1, pp. 579-583. Sage CA:
Los Angeles, CA: SAGE Publications.
Ahmadpour, N., Robert, J.M. and Lindgaard, G., 2016. Aircraft passenger comfort experience: Underlying factors
and differentiation from discomfort. Applied ergonomics, 52, pp.301-308.
Bouwens, J., Hiemstra-van Mastrigt, S., Vink, P., 2018. Ranking of human senses in relation to different in-flight
activities contributing to the comfort experience of airplane passengers. International Journal of Aviation, Aeronautics, and Aerospace, 5(2), 9.
Atalık, Ö., Bakır, M., Akan, Ş., 2019. The Role of In-Flight Service Quality on Value for Money in Business
Class: A Logit Model on the Airline Industry. Administrative Sciences, 9(1), 26.
Hiemstra-van Mastrigt, S., Meyenborg, I., Hoogenhout, M., 2016. The influence of activities and duration on
comfort and discomfort development in time of aircraft passengers. Work, 54(4), 955-961.
Kremser, F., Guenzkofer, F., Sedlmeier, C., Sabbah, O. and Bengler, K., 2012. Aircraft seating comfort: the influence of seat pitch on passengers’ well-being. Work, 41(Supplement 1), pp.4936-4942.
Vink, P., 2016. Aircraft interior comfort and design. CRC press.
Molenbroek, J. F. M., Albin, T. J., Vink, P., 2017. Thirty years of anthropometric changes relevant to the width
and depth of transportation seating spaces, present and future. Applied ergonomics, 65, 130-138.
Smulders, M., Berghman, K., Koenraads, M., Kane, J. A., Krishna, K., Carter, T. K., Schultheis, U., 2016. Comfort and pressure distribution in a human contour shaped aircraft seat (developed with 3D scans of the human
body). Work, 54(4), 925-940.
Dunk, N. M., Callaghan, J. P., 2005. Gender-based differences in postural responses to seated exposures. Clinical
biomechanics, 20(10), 1101-1110.
Kyung, G., Nussbaum, M. A., 2013. Age-related difference in perceptual responses and interface pressure requirements for driver seat design. Ergonomics, 56(12), 1795-1805.
Bazley, C., Nugent, R., Vink, P., 2015. Patterns of discomfort. Journal of Ergonomics, 5 (1), 2015.

5

22. Vanacore, A., Lanzotti, A., Percuoco, C., Capasso, A., Vitolo, B., 2019. Design and analysis of comparative experiments to assess the (dis-) comfort of aircraft seating. Applied ergonomics, 76, 155-163.
23. Agresti, A., Natarajan, R., 2001. Modeling clustered ordered categorical data: A survey. International Statistical
Review, 69(3), 345-371.
24. Agresti, A.,2010. Analysis of ordinal categorical data, John Wiley & Sons, vol. 656.
25. Christensen, R. H. B., Brockhoff, P. B., 2013. Analysis of sensory ratings data with cumulative link models.
Journal de la Societe Francaise de Statistique & Revue de Statistique Appliquee, 154(3). 58-79.

6

