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Abstract

Choice-based conjoint analysis is an essential tool for learning the marginal ef-
fects of multidimensional explanatory features on preferences. However, existing
marginal effect models rely on either non-parametric estimators that generalize
poorly to individualized effects, or linear latent utility that completely ignores
possible high-order interactions. We introduce Gaussian process conjoint analysis
(GpcA) for learning marginal effects from observed choices as the first-order deriva-
tives of the unknown systems. We also propose Gaussian mixture approximation
for the predictive distributions of marginal effects that facilitates downstream tasks
such as adaptive experimentation. Through both synthetic and real data, we show
GPCA achieves more precise estimation of marginal effects and higher efficiency
of effect estimation using adaptive experimentation.

1 Introduction

Understanding the relationship between targeted outcomes and features in survey experiments is
fundamental in many disciplines such as social science [1H3]], human-computer interaction [4} 5] and
marketing research [6H8]. These associations are often captured by marginal effect, defined as the
change in predicted outcomes resulting from changes in features. Depending on the type of attributes,
marginal effects could either be computed as the discrete change in outcomes for categorical attributes
or infinitesimal margins for continuous attributes. In survey experiments, marginal effects are often
learned using the choice-based conjoint experiments which present a series of profile pairs at varying
attribute values so as to compare the difference in averaged outcomes [6]. For example, researchers
alternate background characteristics to study bias towards immigrants, and system designers change
interface setups to improve click-through rates of their new web interface.

However, learning marginal effects from conjoint analysis encounters several challenges. First,
effects of a single attribute may be heterogeneous when interacting with other attributes. To learn
possible heterogeneous effects caused by high-order interactions, existing methods usually rely on
stacking multiple attributes in a difference-in-different style that makes estimation of interaction
effects involving more attributes extremely complicated [1, 2]]. Alternatively, marginal effects may
also be captured by the first-order derivatives of attributes w.r.t to the preference outcomes through a
latent utility function. However, previous work typically depend on linear models such as support
vector machine to learn partial utilities that overlooks possible interactions in the feature space [8H11]].

Second, the multi-dimensional nature in conjoint experiments may lead to small-sample biases in
effect estimation, as common randomization design would inevitably split sample sizes on each level
of attributes. Hence, adaptive experimentation may be needed for acquiring next pairs of profiles
when querying of unknown preferences is expensive. By utilizing prior responses and maintaining a
belief model of the system, adaptive experimentation could balance between exploiting attributes that
are more crucial to the preference and exploring attributes that the model is uncertain about.
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In this work, we study the problem of marginal effect estimation in choice-based conjoint analysis and
propose Gaussian process conjoint analysis (GPCA) that automatically learns high-order interactions
by using the preference learning framework. We derive marginal effects using first-order derivatives
of Gaussian process learned from observed preferences, and approximate the distributions of marginal
effects via Gaussian mixture models. By building a predictive model of the latent system, GPCA
could also facilitate adaptive experimentation such as Bayesian active learning by disagreement to
accelerate effect estimation. As shown in the simulated experiments, GPCA is able to achieve more
precise estimation of marginal effects than other non-parametric and parametric methods. Finally, we
apply GPCA to two real-world online experiments: learning citizens’ preferences across presidential
candidates and examining attitudes toward immigrants.

2 Related work

Conjoint analysis. Originally introduced as a marketing tool [6} [7], conjoint analysis has been
used for learning multi-dimensional treatment effects using non-parametric estimators in quantitative
research [1} 2] or eliciting user preferences in recommendation system via parametric utility functions
[LO, [12]. Hainmueller et al. [1]] proposed a difference-in-difference interaction effect estimator for
eliciting preferences from multi-dimensional choices in survey experiments, where the inner and
outer differences come from the target and interacted attributes. Subsequently, Egami and Imai
[2] proposed a new effect estimator in factorial experiments that does not depend on the choice of
baseline conditions and generalizes better for higher-order interaction effects. However, these work
focus on discrete attributes and have to categorize continuous attributes into distinct subgroups that
are subject to categorization. Alternatively, Chapelle and Harchaoui [10] introduced a generalized
logistic approach by learning a parametric latent utility and explaining observed preferences via a
softmax function. Similar utility-based methods include support vector machines [9} (8} [11]], Gaussian
processes [[13} [12] [14H16] and decision trees [17]. However, these preference learning methods
emphasize learning the most preferred recommendations through latent utilities of low interpretability,
rather than estimation of marginal effects that explains the relation between attributes and outcomes.

Marginal effects. Marginal effects was studied in economics for measuring the responsiveness of
economic variables by the concept of elasticity [18]], for instance, how the percentage of demand
quantity falls due to percentage of change in price. Hence, marginal effects are often used for
understanding transformed features in regression models [[19] or examining heterogeneous association
between feature and outcomes [20]]. Another stream of work focus on using marginal effects for
machine learning model interpretability. Silva Filho et al. [21] provided a feature importance method
for interpreting classification models based on marginal local effects. Merz et al. [22] proposed a
marginal attribution method by conditioning on quantiles for analyzing global gradients in deep
neural network. Scholbeck et al. [[17] introduced forward marginal effects that unify and mixed-type
features as a general model-agnostic interpretation method for general non-linear machine learning
models. However, marginal effects in preference learning has not been investigated in these literature.

Adaptive experiment. Often framed as a sequential decision making or active learning problem
[23]], adaptive experimentation utilizes already collected responses for informing experiment setup or
data acquisition in next iterations to maximize the usefulness of limited data. Adaptive experiment
has been adopted by domain scientists to accelerate scientific discovery. For instance, Bayesian opti-
mization via adaptive sample selection were successfully applied in material science for discovering
new materials [24] and clinical trials for finding maximum tolerated dose [25} 26]. Meanwhile, active
search was introduced for iterative design of virtual screening trials in chemoinformatics [27]. In
machine learning, Chen et al. [28] studied the pairwise ranking problem in crowd-sourcing setup with
online learning. Biyik et al. [29] proposed an active preference-based learning based on information
gain for reward functions in robotics. However, previous adaptive designs in quantitative research
have been mainly focused on treatment selection in bandit settings [30H32]], with limited attention to
marginal effect estimation particularly within the GP preference learning framework.

3 Backgrounds

Notations. Formally, let x C R denote all d-dimensional attributes of the full profile, and x;
represents the [th attribute and x_; represents the remaining attributes other than the [th. Furthermore,



for pairwise comparison, let y;; € {0, 1} denote whether the left-side profile x( is preferred to the
right-side x(7), where yi; = 1if x( = x() and yi; = 0 otherwise. Here we focus on choice-based
conjoint analysis with pairwise comparison, as multiple choices could be easily transformed into
multiple comparison of pairs. For instance, x(*) is mostly preferred amongst {x(i), x(), x(k)} is
equivalent to x(?) = x() and x(¥ = x(*). Our notation could also account for score-based conjoint
experiments, where x(*) = x() could indicate x(*) having higher score than x(/). Furthermore,
suppose all revealed preferences are collected into D = {(x(i), xU ), Yij -

Marginal effects of discrete attributes. In conjoint analysis with factorial design, attributes
usually take discrete values of different levels x; = 1, ..., C). For a target distribution of profiles
P, the marginal effects 7;(a, b) of attribute x; from level a to b (1 < a < b < () are captured by
the average marginal component effect (AMCE), defined as the difference in expected preferential
outcomes averaged over all the possible values of the remaining attributes x_; over P:
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Intuitively, 7 (a, b) represents the increase in the probability of one profile being preferred if the Ith

attribute were b instead of a for profile distribution P. With the conditionally independent assumption,
m1(a, b) can be estimated straight-forwardly using a difference-in-mean approach:
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However, this difference-in-mean approach for estimating marginal effects suffers from two issues.
First, generalization of this estimator for heterogeneous effect resulting from either background
characteristics or high-level interactions could get more complicated as calculation of multiple
differences is required. For instance, for obtaining interaction effects of between ng) and ngL) from

level ¢ to d in ., one needs to compute [7i(a, b)’xmzc — mi(a, b)|x<i>:C] — [mi(a, b)|x(i>:d -

71(a,b) |x<1:): d] [L]. Second, in practice, continuous attributes are rarely repeated and thus often

need to be discretized into multiple levels; otherwise, each level xl(i) = a would have very few
observations. However, this discretization is subject to the chosen cutoff points and may lead to an

oversimplification of the system, threatening the internal validity of marginal effect estimation.

4 Gaussian process conjoint analysis

We now introduce Gaussian process conjoint analysis (GPCA) for estimating marginal effects in
conjoint analysis of mixed-type attributes. We then derive marginal effects in GPCA and propose the
use of Gaussian mixture model for effectively approximating their distributions.

4.1 Preference learning with Gaussian process

Conjoint analysis can also be framed as a preference learning problem with a latent utility function
u(x) that takes mixed-type attributes. The preferential relation between x(® and x\9) is then de-
termined by comparing their utilities u(x(?) and u(x")). Through a sigmoid probabilistic model
o(-), the probability of observed preference p(x(?) = x() = o (u(x) — u(x7))) could also allow
possible labeling error. Gaussian process (GP) preference learning places a GP prior on latent utility
u(x) ~ GP(0, K) with RBF kernel K (x,2') = exp(—||z —2'||?/2), and uses a cumulative standard
normal function for observation model p(x(?) = x0) | u(x®), u(x7))) = @ (u(x®) — u(x))).
Although the posterior of u(x) is no longer analytical for GP classification, it could be approximated
using standard methods such as Laplace approximation and expectation propagation [33| [12].

Furthermore, the inferred latent utility posterior could also be used for prediction. For any new

pair of profiles (xg), Xi‘j)), suppose their corresponding utility vector has been approximated by

a bivariate normal u, = [u(xf)),u(xﬁj))]T ~ N(p,,2). Let pu, = [ug),uij)]T and 02 =



1+ [1,—1]24[1, —1]7, then the predictive probability has the following closed-form:

(9) () (@) (4) l‘g) - “ij)
p(xi” = x7) = /(D(u(x* ) —u(xs’))p(u| D)du = @(07) 3)
Sometimes the predictive probability in Eq. are directly defined on pairs of profiles (x(*), x())
using preference kernel. As the difference of two Gaussians remains Gaussian, a GP on u(x () will

also induce a GP on u(x(") — u(x)) but with a preference kernel Kpref((xgi) , x(lj))7 (xg), Xéj))) =

K(xgi), x(;)) - K(xgi), xéj)) — K(xgi), x(lj)) + K(x(lj), x(zj)). We adopted this preference kernel
in our implementation of GPCA.

4.2 Marginal effects in GPCA

We follow the definition of AMCE in Eq. (I]) but adapted to our GPCA framework. We exploit the
affine property of Gaussian processes to derive marginal effects of mixed-type attributes using first-
order gradients, where discrete attributes can be converted to continuous attributes with additional
dummy variables. Our discussion will focus on marginal effects of profile pairs (x(¥),x(9)) on both
sides. Specifically, the gradient 7r((x(i)7 xU ))) in probability of target profile x(*) being preferred to
opponent profile x/) can be derived as:

m((x¥,x1))) = a(x(i)ax(j))[p(x(i) = xU))] definition of AMCE (4)
0 . ,

= WEU'D [@(u(x(l)) - u(x(])))} averaged by u | D (5)

=Eup {qﬁ(u(x(i)) —u(xD)) (Vu(x?), —Vu(x(j)))} chain rule (6)

Note that in the second step we swapped the order of expectation and differentiation. Intuitively,
the marginal effects of (x(),x()) on the outcome space can be computed as the expected gradi-
ent (Vu(x(i)), —Vu(xU ))) in the latent utility space further weighted by the probability densi-
ties ¢ (u(x(?) — u(x)) of a normal distribution at the latent utility distance u(x") — u(x9)).
For the sake of notation, further denote the one-sided marginal effect ¢(u(x) — u(x)))Vu(x)
as g(x;x), D) where D indicates the posterior of utility on D. Since the normal pdf is sym-
metric, we could conveniently write the right-side gradient as —¢(u(xV) — u(x))Vu(x) =
—p(u(x) — u(x?))Vu(x) as —g(x;x?, D) and hence marginal effect as 7 ((x(",x1))) =
(g(x@;x) D), —g(x);x®, D)). Lastly, 7 ((x?,x(7))) captures the concatenated multi-variate
distribution of marginal effects for the entire profile vectors, and could be easily projected along any

unit vector €; to obtain the component effects analogous to Eq. (I). Intuitively, component effects
represent the attribute-specific effects on preferences, averaged over profile population:

mx) = Y (w(xD,x9)),&) 7

(x) x()~P

4.3 Gaussian mixture approximation of marginal effects

As 7r((x(i)7 xU ))) involves taking weighted averages of utility gradient vector Vu(x) over utility
posterior u | D, we propose the use of Gaussian mixture model (GMM) to approximate its distribution.
As the gradient of a GP is still a GP, we can first write the joint distribution of utility w(-) | D and

utility gradient Vu | D under utility posterior GP (f1,p(x), Ky p(x,x’)) on D as:

ulD| Hou| D Kuyp VEKup"
{vuw] gp([vuum}’[wgp V2K |) ®

where Vi, p = Opyp(x)/0x is the first-order derivative of the posterior mean, VK, p =
0K, p(x,x')/0x is the first-order derivative of the posterior covariance and VQKU‘D =
82Ku|p(x, x')/0x0x’ is its second-order mixed derivatives.
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Figure 1: Visualization of the proposed GMM for approximating one-side marginal effect. Left figure shows our
GMM approximation of the one-side marginal effect using 5 sampling points, and right figure shows 9 possible
true effects obtained by numerical sampling. Darker colors indicate components with higher weights in the GMM
and numerical samples closer to the one-side marginal effect posterior mode.

Although the joint distribution in Eq. is Gaussian, the one-sided marginal effect g(x; xU ),D)
is not because it involves the product of a multivariate Gaussian Vu(x) | D and a non-linear
transformation ¢(-) of an univariate Gaussian u(x) — u(x)) | D. Therefore, we use a Gaussian
mixture model (GMM) to approximate g(x;x/), D). Each component of the GMM is formed by
scaling the multivariate Gaussian with the transformed values of quadrature points of the univariate

Gaussian determined by Gauss-Hermite quadrature. Let N be the number of points in the quadrature,
2NN

k.- be the roots of the physicists’ version of the Hermite polynomial H y (k) and w,. = NN 2

be the weights of each component [34]. We could then approximate g(x; xU), D) as:
N
g(x; x(j)ﬂ?) ~ Zquﬁ(ﬁ(x)) ON(Vuu|D(x), szu‘D(X, x)) 9)
r=1
al = = = T
== ZWTN(¢(fr(X)) © v,u'u|’D(X)7 ¢(fr(x))¢(fr(x)) © szulD(Xﬂ X)) (10)
r=1

where f,.(x) = \/i[ailp(x) + ailD(x(j))]l/ri + [pu)p (%) — o (x19))] are locations of mixture
components defined on the sample point k,.s, and o denotes the Hadamard (element-wise) product.
Figure[I|shows the visualization of the proposed GMM for approximating one-side marginal effect.
The left-hand side shows our GMM approximation of the one-sided marginal effect using 5 sampling
points, and the right-hand side shows 9 possible true effects obtained by numerical sampling. Darker
colors indicate components with higher weights in the GMM and numerical samples closer to the
one-side marginal effect posterior mode. We found in experiments with just N = 10 quadrature
points, our GMM was able to effectively approximate the true distribution of g(x;x(7), D).

5 Adaptive experimentation in GPCA

We investigate the use of adaptive experimentation with GPCA to acquire the most informative pairs
of profiles for estimating marginal effects. Informed by the posterior belief on the latent utility,
adaptive experimentation may efficiently explore attributes whose marginal effects on preferences
are less certain. To this end, we can determine the next pairs of profiles to compare by maximizing
an acquisition function (x\”,x\)) = max () x)~p @((x,x)); D). For simplicity, let A =
u(x@) —u(x) and B = K, p(x,x0) + K, ;p(x\),x()). We consider the following policies:

1. Upper confident bound on predictive preference (UCB) maximizes the 95% confidence in-
terval of preference prediction: a((x(?,x?)); D) = |A + 1.96V/B|.

2. Differential entropy of the latent utility (DE-U) maximizes the log variance of utility poste-
rior: a((xV,x1)); D) = Llog(2rB) + 2.

3. Differential entropy of the marginal effects (DE-ME) maximizes the log variance of
marginal effects approximated using our proposed GMM in Eq. (9):

N
a((x(i),x(j));D) = log‘ Z Zwrgb(fr(x(k)))qb(ﬁ(x(k)))TonKum(x(k),x(k)) .

ke{ig}r=1
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Figure 2: A 1-d example for illustrating acquisition functions of UCB and BALD. Upper panel shows the
observed data with model posterior (left) and current marginal effect estimation (right). Lower panel shows
acquisition value of UCB and BALD for selecting new profile, where the marginal effect variance at UCB’s
selection is low and that at BALD’s selection is high. While UCB tends to exploit and optimize profile preference,
BALD tends to explore and minimize model uncertainty.

4. Bayesian active learning by disagreement (BALD) aims to maximize the mutual information
between the utility model and predictive preferences:

a((x®,x9)); D) =1y, u; x',x19, D).
With entropy function h(p) = —plog(p)—(1—p) log(1—p) and constant C' = /7 log(2) /2,
the approximated mutual information is:
A )) 3 C exp ( A2 )
VB+1) VBt P\ aB+C)

5. Random sampling (UNIFORM) simply selects pairs uniformly at random from P.

oz((x(i),x(j));D) R~ h(@(

While UCB emphasizes exploiting current belief to find the most preferred profile, DE-U, DE-ME
and BALD focus on exploring the profile space by reducing model uncertainty on either latent
utility, marginal effects or the predictive preferences. Figure[2]shows a 1-d example for illustrating
acquisition functions of UCB and BALD. Upper panel shows the observed data with model posterior
(left) and current marginal effect estimation (right). Lower panel shows acquisition value of UCB and
BALD for selecting new profile, where the marginal effect variance at UCB’s selection is low and that
at BALD’s selection is high. This demonstrates that while UCB tends to exploit and optimize profile
preference, BALD tends to explore and minimize model uncertainty.

6 Experiments

We first evaluate the estimated marginal effects by GPCA using synthetic data when the functional
relations are known and could be computed analytically, and then consider adaptive experimentation
of GPCA with several active learning policies. We also apply GPCA to two real-world data.

Data generating process. Following the simulation specification in Chu and Ghahramani [[12], we
consider two generating processes with discrete (2DPLANE) and continuous (FRIEDMAN) attributesm

The 2DPLANE dataset has 5 discrete attributes where 21 € {—1,1} and z3,...,25 € {—1,0,1},
with a piecewise linear utility u(x) = 1+ 222 — 23 ifx; = —land u(x) =1+ x4 — 225 if 1 = 1.
The FRIEDMAN dataset has 3 continuous attributes where 1, . .., x3 ~ [0, 1] with a non-linear utility

w(x) = 3sin(mzy22) + 6(z3 — 0.5)%. We randomly sample 1000 pairs of profiles in each dataset
and set y;; = 1 with probability of ® (u(x(? — u(x?))) and y;; = 0 otherwise.

6.1 Accuracy of marginal effect estimation

Evaluation metrics and baselines. We consider three metrics for evaluation of both marginal effects
and component effects: (1) the RMSE of the estimated effects, (2) the correlation (COR) between the
estimated effects and true effects, and (3) the log likelihood (LL) of the estimated effects. We also
compare our proposed GMM approximation for marginal effects in GPCA to several baselines: (1)

'See https://www.dcc.fc.up.pt/ 1torgo/Regression/DataSets . html|for details.
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Table 1: Averaged performance and standard deviations of both marginal and component effects from our
GP-GMM estimator and baselines on the 2DPLANE and FRIEDMAN datasets. Models that perform statistically
significantly better than all the others in paired t-tests are indicated in bold, while methods performing comparably
to best models are indicated in italics.

DATASET ESTIMATOR Marginal effects Component effects
RMSE | COR T LL T RMSE | COR T LL T
DIM 0.712+0.022  0.013+0.003 —2.137+0.115 0.109+0.005 0.341+0.029 0.494+0.117
IDPLANE  M-GMM 0.213+0.001  0.340+£0.005 —0.238+0.145 0.069+£0.002 0.475+0.019 —0.778+0.157
GP-MAP 0.17540.002  0.732+0.007 —3.893+0.863 0.052+0.002 0.611+0.024 1.401£0.177
GP-GMM 0.135+0.002  0.803+0.007 0.563+0.023  0.044+0.001 0.616+0.025 2.000-£0.082
DIM 0.910+0.008  0.024+0.005 —9.658+0.392 0.150+0.010 0.944+0.017 —1.824+0.480
FRIEDMAN  M-GMM 0.845+0.010  0.328+0.007 —1.001£0.271  0.078+0.005  0.980+0.005 0.503+0.245
GP-MAP 0.510+0.008  0.830+0.006 —3.869+0.530 0.042+0.003  0.995+0.001 1.680+0.045
GP-GMM 0.478+0.008  0.847+0.005 —0.213+£0.065 0.042+0.003  0.995+0.001 1.689+0.044

the non-parametric diff-in-mean estimator (DIM) [[1], where the continuous attributes in FRIEDMAN
are first discretized by splitting into equally-spanned intervals, (2) the standard preference learning
method with linear utility (LM-GMM) [9, [10} 8, [11]], and (3) an ablated GPCA method (GP-MAP) but
with MAP estimation of marginal effects.

Results. We repeat our simulation with 25 different random seeds using 300 Intel Xeon 2680 CPUs.
Table [ shows the averaged performance and standard deviations (STDs) of both marginal effects

7r((x(i)7 x())) and component effects (xl(l)) defined in Eq. @Land from our GP-GMM estimator
and baselines on the 2DPLANE and FRIEDMAN datasets. Models that perform statistically significantly
better than all the other models in paired t-tests are indicated in bold, while methods performing
comparably to the best method are indicated in italics. Our proposed GP-GMM leads to more precise
effect estimation with lower RMSE and higher COR/LL for both marginal and component effects.
In addition, Table 2] shows the averaged accuracy and STDs of preference prediction from GPCA
and baselines on both synthetic datasets. GPCA has the best prediction for capturing the underlying
preferential relations in the system.

Table 2: Averaged accuracy and STDs of preference prediction from GPCA and baselines on both synthetic
datasets. GPCA has the best prediction for capturing the underlying preferential relations in the system.

DATASET 2DPLANE FRIEDMAN
DIM SVM GPCA DIM SVM GPCA
ACC 0.696+0.006 0.824+0.003  0.986+0.002 0.785+0.006 0.795+0.005 0.9561-0.002

6.2 Improved efficiency from adaptive experimentation

We then investigate adaptive experimentation in GPCA for increasing efficiency of effect estimation.
We consider various policies: (1) UCB popular in multi-arm bandit setting [35]], (2) DE-U and DE-ME
for active learning based on differential entropy [36H38]], (3) BALD in Bayesian active learning for
model uncertainty reduction [39] and (4) UNIFORM design in non-parametric conjoint analysis [} 2].

Experimental details. We initialize all the policies with the same 25 profile pairs from the 1000
candidate pairs, and update model posterior in GPCA once new preferences are revealed. Since the
sampled profile distributions from each policy differ from each other due to their adaptive essence,
we estimate the marginal and component effects w.r.t the same target profile distribution to ensure
comparability. Specifically, we train our GPCA model on revealed preferences from profile pairs
acquired so far and estimate both effects using GP-GMM at all the 1000 pairs.

Results. Figure [3| shows box plots of averaged RMSE, COR and LL and their STDs of marginal
(top panel) and component (bottom panel) effects with adaptive experimentation under different
acquisition policies. Sample size range from 50 to 150, and performance metrics are reported every
other 25 acquisitions. Overall BALD (blue) outperforms the rest of policies including UNIFORM and
UCB, indicating higher efficiency for effect estimation when the acquisition is designed to reduce
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Figure 3: Box plots of averaged RMSE, COR and LL and their STDs of marginal (top panel) and
component (bottom panel) effects with adaptive experimentation under different acquisition policies.
Sample size range from 50 to 150, and performance metrics are reported every other 25 acquisitions.
Overall BALD (blue) outperforms the rest of policies including UNIFORM and UCB, indicating higher
efficiency for effect estimation when the acquisition is designed to reduce model uncertainty.

model uncertainty. Morever, UCB (forest green) has overall the worst performance in estimating both
marginal and component effects as it solely reinforces current belief on the probability of preference.

Preference prediction. Besides estimation of marginal effects, we also examine the model quality of
GPCA by evaluating the prediction accuracy of unrevealed preferences among the not acquired profile
pairs. Figure ] shows the averaged accuracy and STDs of preference prediction by various policies.
With as few as 50 data points, GPCA manages to predict at least 80% of the unrevealed preference
and 95% when 150 data points are adaptively acquired by BALD.

0.92
0.90
O 0.88
O
< 086
°
0 084
o
0.82

0.80

I ucB
E= UNIFORM
1 DE

=3 GRADDE
N BALD

twoDplane

0.950
0.925
0.900
0.875
0.850
0.825

0.800

Friedman

100

125

150

50

75

100 125 150

Figure 4: Averaged accuracy and STDs of preference prediction by various policies for simulated data.



6.3 Applications

Data. We apply GPCA to two real-world conjoint experiments: U.S. citizens’ preferences across
presidential candidates and attitudes toward immigrants containing 1733 and 6980 pairwise compar-
isons [1}140]]. Attributes in the candidate experiment include various aspects of candidates’ personal
background, demographics and issue positions, such as religion, education, profession, income
and race, while attributes in the immigrant experiment include employment plans, job experience,
language skills, country of origin, reasons for applying and so on.

Table 3: List of attributes with estimated component effects by GPCA and DIM used in the original studies,
grouped by negative, null and positive effects.

DIM . POS

DATASET . =~ NEG NULL POS
NEG Evangelical protestant, Jewish,Catholic,high school teacher,

B Mormon, car dealer,Age 68 farmer,Income 210K,Black,Age 60 -

Mainline protestant,Lawyer,doctor,female,

Income 54K Hispanic,Asian American,Age 52 Baptist college.Income 65K

Candidate  NULL —

oS Income 92K,5.1M,Caucasian, Military,community college,
- Native American,Age 45,75 state university,Ivy League
NEG India,China,will look for work, Broken English,Used interpreter,Germany,
interview with employer,once as tourist France,Mexico,Philippines,Poland,Iraq -

Immigrant  NULL Mainline protestant,Lawyer,doctor,female,
mmigran - Income 54K Hispanic,Asian American,Age 52 -
Male,Somalia,financial analyst, college degree,graduate degree,teacher,nurse,doctor

Pos - waiter,child care provider computer prc research scientist,escape persecution

Results. We run GPCA using all samples in both datasets. Table 3] shows the list of attributes with
estimated component effects by GPCA and DIM used in original studies grouped by negative, null and
positive effects. Overall, component effect estimation by GPCA is more reasonable. For example, in
the candidate experiment GPCA found negative effects of Black candidates working as high school
teachers or farmers on the probability of becoming U.S. presidents and positive effects of Caucasian
candidates with 5.1M or more annual income, while DIM found no effects for any of these attributes.
In the immigrant experiment, GPCA found negative effects of Iraqi applicants with broken English
on the probability of immigration approval and positive effects of applicants working as financial
analysts, while DIM found no effects. Figure [5|shows the averaged accuracy and STDs of preference
prediction by various policies for real data with sample size varying from 100 to 800, where BALD
has better prediction of unrevealed preferences than randomized policy.
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Figure 5: Averaged accuracy and STDs of preference prediction by various policies for real data, with sample
size varying from 100 to 800. BALD has better prediction of unrevealed preferences than randomized policy.

7 Conclusion

We introduce GPCA, a Gaussian Process conjoint analysis model for estimating marginal effects
in choice-based conjoint experiments. GPCA derives marginal effects as first-order derivatives and
approximates their distributions using Gaussian mixtures, enhancing precision and efficiency in
effect estimation aided by adaptive experimentation. GPCA has the potential of advancing causal
inference in adaptive conjoint experiments. As distributional shifts are inevitable between adaptive
acquired samples and uniformly randomized samples, directly interpreting marginal effects from
adaptive samples in GPCA as causal effects may not be appropriate. Future research may explore
methods such as inverse propensity weighting or doubly robust strategy for causal inference or feature
interpretability in GPCA with adaptive experimentation.
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1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: The main claims accurately reflect this paper’s contribution and scope.
Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: The limitations of the work is discussed in Sec (7).
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: This paper does not include theoretical results.

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: All the information needed to reproduce the main experimental results of this
paper is reported in Sec (6).

Guidelines:

The answer NA means that the paper does not include experiments.
If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]

Justification: The data and code to reproduce the main experimental results of this paper are
uploaded as supplementary materials.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

 The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: All the training and test details to understand the results of this paper are
reported in Sec ().

Guidelines:

* The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: All error bars about the statistical significance of experiments are reported in
Sec (6).

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)
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* The assumptions made should be given (e.g., Normally distributed errors).

e It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: All computer resources needed to reproduce the experiments are reported in

Sec (0).

Guidelines:

» The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: The research conducted in this paper conforms the NeurIPS Code of Ethics.
Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: We have discussed the societal impacts of our work in Sec (7).
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: This paper poses no such risks.
Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: All assets used in this paper are properly cited.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: This paper does not release new assets.
Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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