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Abstract. While information systems have revolutionized the provi-
sioning of decision-relevant information and have improved human de-
cisions in many domains, autonomous decision-making remains ham-
pered by systems’ inability to faithfully capture human preferences. We
present a computational preference model that learns from limited data
by pooling observations across like-minded users. Our model is capable of
quantifying the certainty of its own predictions as input to autonomous
decision-making tasks, and it infers probabilistic segments based on user
choices in the process. We evaluate our model on real-world preference
data collected on a commercial crowdsourcing platform, and we find that
it outperforms both individual and population-level estimates in terms
of predictive accuracy and the informativeness of its certainty estimates.

1 Introduction

Enhancing individual and organizational performance through information tech-
nology is one the fundamental promises of information systems. Consumers can
now choose among an unprecedented variety of affordable products and services
online; and managers routinely make decisions based on rich, differentiated real-
time information. But in spite of these advances, autonomous decision-making
remains elusive under all but the most highly structured circumstances. Delegat-
ing decisions to a software agent is often not so much hampered by the agent’s
inability to select a good decision, as it is by an inability to determine what
constitutes a good decision in the user’s eyes to begin with. In many cases, the
autonomous decision-making challenge can therefore be reduced to a challenge
in eliciting and faithfully representing human preferences [1].

To be useful, a preference model must respect the numerous systematic incon-
sistencies in human preferences that psychologists have discovered and carefully
documented over the last decades [2]. The uncertainty that these inconsisten-
cies give rise to are crucial for autonomous decision-making: high-value decisions
should only be made autonomously if past evidence suggests that the model’s
prediction is correct with high probability. Autonomous agents must economize
the user’s attention and the preference models they employ must therefore make
accurate predictions from limited data. In an information systems setting, this
means that a preference model should be (a) flexible enough to learn from multi-
ple types of data (e.g., observed click streams and explicit critiques of alternatives
by the user), and (b) pool data from like-minded users in a principled way to
obtain accurate predictions based on sparse information [3].



Our main contribution is MEP, a semi-parametric Bayesian Mixed-Effect
Preference model that quantifies the uncertainty of its predictions based on
probabilistic principles. The Bayesian framework allows us to integrate multiple
types of preference information incrementally. Here, we focus on are pairwise
comparisons of the form “User U prefers alternative A over B” for three reasons:
First, pairwise comparisons do not force users into self-consistency. Whereas
rating systems suppress, e.g., intransitivity, MEP embraces inconsistencies and
lets them unfold in the form of uncertainties. Second, pairwise choice situations
are cognitively easier on users and evoke a qualitative reasoning mode in contrast
to the quantitative reasoning evoked by ratings [2]. And third, pairwise choices
are often readily derived from users’ actions which reduces the burden compared
to providing explicit training information. MEP further reduces users’ burden
by pooling observations across like-minded users. In the process, it discovers
segments of users based on their choices. Traditional segmentation techniques
first segment users heuristically based on, e.g., demographics and then build a
separate model for each segment [4], but demographics and other user statistics
are inherently limited in their ability to truly reflect user preferences. In contrast,
in MEP segments are induced by choices which gives rise to a new approach to
user segmentation. Importantly, inference in our model remains within reach
of deterministic approximations, whereas previous work had to resort to slower
sampling methods, e.g., [3].

We demonstrate the qualities of MEP in experiments on real-world data col-
lected specifically for this study. Earlier work has measured pairwise preference
learning performance mostly on converted rating or regression datasets, but these
tasks are fundamentally different from pairwise comparisons. We acquired our
data through Amazon Mechanical Turk, a commercial crowdsourcing platform,
a practice that is gradually becoming more popular in psychology and the social
sciences, but that we have so far not encountered in preference learning. As such,
our data collection methodology is an interesting contribution in its own right.

The remainder of this article is structured as follows: We present related work
in Sec. 2, and introduce MEP in Sec. 3. Our experimental evaluation of MEP is
described in Sec. 4, and we discuss our work and conclude in Sec. 5.

2 Related Work

Human preferences are a subject of interest for scholars from a multitude of
fields including Computer Science, Information Systems (IS), and Psychology.

Researchers in Artificial Intelligence (AI) have a long-standing interest in
preferences as a flexible alternative to the traditional notion of goals [5]. They
realized the importance of preferences for autonomous decision-making agents
early on [6], and they proposed a series of innovative representations for pref-
erence relations and associated reasoning schemes, e.g., [7]. However, most of
these representation are based on a markedly normative understanding of pref-
erences that imposes strong rationality assumptions, and reasoning consequently
becomes difficult in the face of actual human preferences, e.g., [8]. Recent work



has recognized these issues and moved towards a more user-centric view of prefer-
ences, e.g., [9]. Machine Learning (ML), on the other hand, takes an inductive
approach to preferences, and corresponding models have been proposed based on
a variety of learning techniques [10]. Of particular interest to us is work on prob-
abilistic preference models that yield uncertainty estimates, such as probabilistic
ordinal regression [11, 12]. What is absent from these studies is the ability to
pool preferences across like-minded users. Bonilla et al. [13] propose that multi-
task preference learning can be realized by incorporating user information into
preference statements, whereas Houlsby et al. [14] propose a mixture of Gaus-
sian processes, and Birlutiu et al. [15] couple several single-user tasks through a
hierarchical prior. But these approaches are either not applicable to our scenario
due to missing user information, or they lack the choice-based segmentation that
we aim for.

Within Information Systems, our work is most closely related to recom-
mender systems [16] and we adopt several of their usefulness criteria. Specifically,
our model must be computationally tractable, predict preferred alternatives ac-
curately, and be able to operate on sparse input data. In other regards, the
problem we study is harder than the recommendation problem: First, we tar-
get autonomous decision-making instead of giving recommendations, a difference
that is reflected in the probabilistic design of our model. Autonomous decisions
are becoming increasingly important in fast-paced, data-intensive electronic mar-
ketplaces [17] and we contend that these settings will require a principled quan-
tification of uncertainty that allows software agents to return control to their
users in cases of doubt. And second, most recommender systems operate based
on ratings which have several drawbacks in the context of autonomous decision-
making, such as forced self-consistency, providing a comparatively coarse image
of user preferences, and subjectiveness in the sense that users may share the
same preferences but assign different ratings.

Scholars in Psychology have primarily taken an explanatory interest in
human preferences. One of the key achievements of the discipline has been the
establishment of positive theories of human preferences [2] next to the normative
theories from Economics. These positive theories attest that human preferences
are inconsistent, constructed as needed, and that the construction process de-
pends on situational framing and environmental factors, among other influences.

3 Mixed-Effect Preference Model

Let U = {u1, . . . , unu} denote the set of users and X = {x1, . . . , xnx} the set
of instances, the objects or actions over which preferences are formed. Each
instance is a vector of d real-valued attributes. For a given user u ∈ U, the set
of observed pairwise choices can be written as Du =

{
(u, x+u,j , x

−
u,j)

}
where

(u, x+, x−) means that user u prefers instance x+ over x−, or x+ �u x− for
short. Our goal is to learn a total order over instances for each user u. Instead of
operating directly on orders �u, we introduce latent utility functions fu : X→
R that assign a real number to each instance. The learning task then becomes



finding functions fu such that fu(xi1) ≥ . . . ≥ fu(xin) ⇔ xi1 �u . . . �u xin , at
least in approximation.

Human preferences are subject to numerous inconsistencies. From a modeling
perspective, this entails that (1) in absence of prior information about the shape
of the fu, the population that these functions are selected from should be as
broad as possible, so as not to exclude potentially interesting candidates. And
(2) we should consider distributions over functions that properly capture the
ensuing uncertainty rather than point estimates. Specifically, we are interested
in distributions P (fu|Du,X) over functions that quantify how likely it is that
fu is the true utility function that generated the observed choices Du. Both re-
quirements are met by Gaussian processes (GPs), a type of stochastic process
commonly used for representing function distributions in Bayesian models [18].
GPs are sets of random variables, any finite subset of which has a joint mul-
tivariate Gaussian distribution. In our case, these random variables are utility
function evaluations at sets of instances; by always conditioning on finite sets of
instances, a complicated inference problem over function distributions is reduced
to manipulating multivariate Gaussians in accordance with observed data.

We first consider the case of a single user u. Chu and Ghahramani [11] were
the first to model preference learning as a problem in GP ordinal regression
(denoted GPPREF henceforth), i.e., of finding the Gaussian process posterior
P (fu|Du,X) ∝ P (Du|fu,X)×P (fu) where P (fu) is a GP prior and P (Du|fu,X)
denotes the likelihood of actually observing the choices in Du when the true
utility function is fu. Their key contributions were the definition of a plausible
likelihood function for pairwise choice data, and the description of a tractable
procedure for approximating the posterior P (fu|Du,X) as a multivariate Gaus-
sian. One strength of the Bayesian framework is the clean separation between
evidence and beliefs and, as such, other types of choice data can also be ac-
commodated. Another advantage of GPPREF for our purposes is its principled
approach to estimating predictive uncertainties. However, GPPREF is inher-
ently limited in settings with multiple users, because it estimates only a single
posterior distribution. One of two näıve approaches can resolve this: (1) Infer
one utility function for all users simultaneously. This approach only works well
as long as all users share similar preferences. And (2) infer one utility function
for each user. This approach alleviates the problem of conflicting preferences,
but it only works if enough choices have been observed for each user, i.e., it fails
to borrow statistical strength from like-minded users.

For our purposes, both solutions are unsatisfactory since the best balance
of high accuracies and minimal intrusiveness is likely found between individual-
level and population models, at the level of user segments [19]. Our mixed-
effect preference model MEP facilitates probabilistic preference estimation at
the segment level and it segments users based on their choices in the process.
The general idea behind MEP is that the latent utility function fu for each
user u is partly explained by the effects of the user’s association with one of
ns segments (segment-level effects) and partly by idiosyncratic effects of the
user himself (individual-level effects): fu(x) = szu(x) + iu(x), for u ∈ U, where



zu ∈ {1, . . . , ns} denotes the membership of user u in one of ns segments, and
the {szu} and {iu} are Gaussian processes which capture the segment-level and
individual-level effects, respectively.1 Figure 1 shows the probabilistic graphical
model (PGM) for MEP. Given instances X and choices Du, our goal is to es-
timate a probabilistic model that describes how the Du are generated for each
user u ∈ U. This generative process proceeds as follows:

Fig. 1. PGM for MEP; circles indicate random variables; dark coloring indicates ob-
served data; shaded plates are instantiated for each segment or user

1. Observed choices in Du are generated by utility functions fu ∼ GP. Ide-
ally, a user’s choices could simply be read off any concrete utility function
drawn from P (fu|·), but in reality choices will be distorted by behavioral
influences and measurement errors (e.g., when users accidentally make un-
intended choices). These deviations are captured in the noise parameter σ2.

2. Utility functions fu are generated by adding an individual-level effect iu to a
segment-level effect szu . We model the membership of a user u in segment k
as a multinomial distribution with ns segments and segment probabilities α,
zu ∼Multi(α). The number of segments is an input to our model. Alterna-
tively, it could be modeled as a Dirichlet process at the expense of additional

1 While this formulation may look superficially similar to discrete choice models, it
is important to note that the {fu}, {szu}, and {iu} in our notation are stochastic
processes. Most discrete choice models assume a certain parametric class of utility
functions (e.g., the class of linear functions) and they estimate the concrete parame-
ters of the hypothesized utility function based on observed choices. In contrast, our
model computes a full distribution over a broad range of utility functions without
presupposing a certain function class.



computational cost. But in our experiments MEP was reasonably robust to
mis-specification of ns and we therefore prefer this simpler model.

3. Individual-level effects iu ∼ GP(µu,K
i
u) are generated by GPs with kernel

functions Ki
u(θiu) that describe the processes’ covariance structure. Previous

researchers have successfully used Gaussian kernels for preference estimation,
e.g., [15], and we follow this choice in our experiments below, while noting
that our model can also accommodate any other kind of kernel. The kernel
hyperparameters θiu are estimated from the data.

4. Segment-level utility functions sk ∼ GP(µk,K
s) are generated by GPs with

a common kernel function Ks(θs), the parameters of which are a user-defined
input to the model. Generally speaking, the segment-level parameters will
be chosen such that the sk are adaptive since they are estimated based on
more data. The fixed choice of θs allows us to simplify the inference task.

In sum, given instances X = {Xu}, choices D = {Du}, the number of segments
ns, and the segment-level kernel function Ks with its parameters θs we are in-
terested in finding is the maximum likelihood estimate Θ∗ for Θ = {α, s, σ2, θiu}
where s = {sk(X)} denotes a random vector containing the evaluation of the
segment-level GPs {sk} at all instances. More formally we aim to find Θ∗ =
arg maxΘ P (D|X, Θ)P (s|θs). Once we have estimated Θ∗, we can answer a num-
ber of interesting queries, such as: (1) What is the probability that user u prefers
instance x+ to instance x−? Here, x+ and x− may or may not have been refer-
enced in earlier choices by the user. In fact, x+ and x− may be entirely new in the
sense that no user has made any earlier statement about them. (2) What is the
probability that user u belongs to segment k? Or (3) what are the commonalities
of all users that are likely associated with segment k?

The direct optimization of the objective function is intractable and we there-
fore resort to Expectation Maximization (EM). The hidden variables in our
model are z = {zu} and i = {iu(Xu)}. EM estimates the desired values itera-
tively, each step improves the objective function, and the algorithm is guaranteed
to converge to a local optimum. We limit the discussion of inference in MEP here
to an example. Figure 2 shows two MEP iterations for three users (columns) and
two segments. The choices of each user are depicted in the top row. For example,
for the first user, x0.2 �u1

x0.1, which gives rise to the leftmost dashed line in
the top-left panel in Fig. 2. The middle and bottom rows of the figure visualize
the first two iterations on these input data. There, the dash-dotted lines depict
the two segment-level effects sk. We replicated these effects across all plots in
each row and colored the most likely segment assignment for the respective user
black. The thin black lines represent the individual-level effects iu for each user,
and the thick black lines additionally include the most probable segment-level
effect fu = iu + szu .2

2 To keep the text uncluttered, we omit the expectation operators and the conditioning
of the processes in this example. That is, we refer to the posterior mean E[sk|D,X]
of the segment-level processes as sk, and to the posterior mean E[iu|Du,X] of the
individual-level processes as iu. The reader should bear in mind, however, that the
sk and iu actually refer to stochastic processes instead of regular functions.
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Fig. 2. Sample MEP run for three users and two segments; each colum represents one
user; top row shows users’ pairwise choices, remaining rows show the first two iterations
of the algorithm. Dash-dotted lines represent posterior means of the segment-level
effects E[sk|D,X] for two segments, where the highest-probability segment for each
user is drawn in black. Thin black lines represent the posterior means of the individual-
level effects E[iu|Du,X]; thick black lines represent the sum of the individual-level and
the most likely segment-level means, fu = iu + szu .

Consider the first iteration in the middle row of Fig. 2. The overall utility f1
for u1 is mostly explained by the segment-level effect; the individual-level effect i1
only serves to slightly increase the steepness at low attribute values. Similarly, for
u2 much of the downward-sloping tendency suggested by her choices is absorbed
by the second segment-level effect. For u3 finally, only very limited observations
are available. In deciding which segment to assign the user to, MEP opts for the
same segment as u1 based on the observation that both users share the same
preferences with respect to high attribute values. The individual-level effect i3
amplifies the (more conclusive) evidence for u3 in that region and adds further
to the downward sloping trend towards the right of the plot.

Such generalizations from the individual to the segment level are the driver
behind MEP’s ability to make inferences from limited observations per user: by
inferring that u3’s preferences so far have been similar to u1, it can make more
informed statements about u3’s preferences in the low attribute value region
that the users has not stated anything about. Importantly, the MEP estimate



acknowledges the speculative nature of this generalization: while the segment
assignment probabilities (not shown in the figure) are close to certainty for u1
(89%) and u2 (84%), MEP only deems it more likely for u3 to belong to the same
segment as u1 (62%) than to the other segment (38%, plausible based on u2’s
general preference for lower attribute values). In an autonomous decision-making
context, such certainty information is crucial for deciding whether a user should
be prompted for additional information or not.

The second iteration in the bottom row of Fig. 2 only serves to refine this
estimate. During this iteration, the algorithm finds a slightly better allocation of
the effects between the individual and the segment level. Specifically, the hump
shape in s1 remains while more of the general upward trend for u1 and downward
trend for u3 are now captured in the individual-level effects. Similarly, more of
u2’s behavior is now captured by her individual-level effect i2 as she is the only
high-impact member of that segment. This behavior is typical of MEP, and we
found during our experiments that it usually took three or less EM iterations to
arrive at such high-quality estimates.

4 Experimental Evaluation

Given the fragile, constructed nature of human preferences, one can question
the evaluation of preference models on converted ranking, rating, or regression
datasets as is frequently the case in preference learning studies. For this study,
we collected a dedicated set of pairwise choice data in accordance with the focus
of our model. Our data was collected on Amazon Mechanical Turk (MTurk,
http://www.mturk.com), a crowdsourcing platform that has recently attracted
attention among behavioral scientists [20] but that has so far not been used in
preference learning. Several scholars have studied the demographics of MTurk
workers and have proposed guidelines for assuring data quality [21]. These studies
give reason to believe that (1) MTurk data can be of equal or better quality than
data selected though channels such as student surveys, (2) MTurk workers are
highly diverse (increasing external validity), and (3) the unsupervised nature
of MTurk tasks may reduce the risk of experimenter bias (increasing internal
validity), all if proper precautions are taken against distractions and random
responses.

Our 80 adult American participants were asked to state their preferences
in ten pairwise choices between electricity tariffs from the Texan retail elec-
tricity market. As a commodity, electricity is exhaustively described using a few
quantifiable attributes (price per kilowatt-hour, renewable content, etc.) and un-
affected by appearance or workmanship, which makes it a good object for online
preference experiments. Each tariff pair was selected at random from a total of 30
tariffs. We also asked participants to answer ten questions on their demographics
and electricity consumption behavior, some of which were attention checkers for
which the correct answer had to be consistent with an answer given on another
question. We restricted the final dataset to 58 participants who had taken three
minutes or more to answer all our questions, and had passed all attention checks.



Our interest in the experimental evaluation was threefold: First, predictive ac-
curacy is a key quality indicator for preference models. We measured how well
trained MEP instances performed on held-out test data compared to GPPREF
(population level and individual level) for different training set sizes. Second, pre-
dictive certainty is an important indicator for the autonomous decision-making
task we consider and a key differentiator of our probabilistic approach. Certainty
indications should be highly informative in the sense that the model should indi-
cate high certainty on predictions that turn out to be correct and low certainty
otherwise. And finally, we were interested in MEP’s sensitivity to the user-defined
number of segments ns, and the segment-level kernel hyperparameter θs.
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Fig. 3. Predictive accuracy for MEP versus GPPREF; two segments (left) versus five
segments (right); error bars show confidence at the 95% level based on 10-fold cross
validation; MEP performs similar to GPPREF (all users) for very sparse observations
and significantly better from about 3-4 pairwise choices per user; GPPREF (per user)
requires significant input before predicting well and performs worse than random for
very sparse observations

Figure 3 shows predictive accuracies on test data for MEP and GPPREF
when MEP is initialized to learn two segments (left) or five segments (right).
The horizontal axis shows the percentage of pairwise choices used to train the
model; all remaining choices are held out for testing. The 40% point, for exam-
ples, shows runs where four out of ten choices per user (on average) are used
to train the model. It is unsurprising that predictive accuracy increases as more
training data become available. But MEP combines reasonable accuracy for very
sparse cases (where at best a general tendency can be estimated) with substan-
tial accuracy growth as more choices are observed. A single GPPREF model over
all users, on the other hand, levels out for denser datasets because the increasing
detail of these heterogeneous data cannot be captured in a single utility func-
tion. And estimating separate GPPREF models per user delivers unsatisfactory
performance for all but the densest training sets, as these localized models do
not generalize across users. In fact, the per-user estimates perform worse than



random guessing for less than three observations due to strong overfitting. It is
interesting to note that all aforementioned results are identical for the two and
the five segment case, except for small differences in confidence interval widths.3
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Fig. 4. Certainty scores for MEP versus GPPREF; two segments (left) versus five
segments (right); error bars show confidence at the 95% level based on 10-fold cross
validation; certainties are strongly affected when misestimating segment numbers for
very sparse observations, but stabilize at about 3-4 pairwise preferences per user

Figure 4 shows similar graphs for the certainty scores of the different mod-
els, where higher scores are better.4 MEP’s certainty estimates are highly infor-
mative in the sense that it only indicates certainty on predictions that later turn
out to be correct. Interestingly, certainty scores for extremely sparse data are
more strongly affected by the of choice segments ns than predictive accuracies.
This effect is, however, simply caused by distributing very sparse evidence across
many segments. Beginning at about four to five training samples per user, this
choice becomes inconsequential and MEP’s certainty estimates are again signif-
icantly more informative than those given by other models.

3 We also examined MEP’s robustness with respect to different segment-level kernel
parameters θs and found the same degree of robustness. We omit details in the
interest of brevity.

4 Our certainty score is designed to capture how informative the predictive certainty
output of a model is. For each test sample, we determine how far the model’s certainty
indication lies from the indifference point (50%). For predictions that later turn out
to be correct, the certainty indicated by the model should have been high (ideally
100%), whereas for predictions that turn out to be incorrect the opposite should be
the case (ideally 0%). The certainty score is the average of these contributions over
all test samples, and it therefore ranges from -0.5 (worst) to +0.5 (best).



5 Conclusions and Future Work

Models of human preferences will play an important role in the personalized,
autonomous information systems of the future. Useful preference models have
to learn from multiple types of observations; make inferences based on limited,
unobtrusively collected data; and yield confidence estimates so that autonomous
agents can return control to their users when unsure about high-value decisions.
Our preference model is the first to combine probabilistic estimates, systematic
data pooling across multiple users, flexibility with respect to different types
of preference data, and a principled approach to segmentation in one coherent
method. We think that it constitutes an important step towards information
systems that act autonomously on their users’ behalf.

Our work lays the foundation for a number of interesting extensions: First,
the clean separation between the internal GP representation and the observa-
tions inherited from GPPREF allows us to learn from other types of information
besides pairwise choices. Second, the principled uncertainty estimates produced
by MEP can be used for active learning schemes that determine the highest-value
question to ask when eliciting preferences interactively, e.g., [14, 22]. Uncertainty
estimates can also serve to locate inconsistencies in user preferences over time.
Such inconsistencies can point to regime shifts [23] caused by changing tastes or
more mundane causes like multiple users working from one account. We spec-
ulate that our data-driven approach to segmentation can help to identify and
resolve such situations. Third, one disadvantage inherent in näıve Gaussian pro-
cess inference is its cubic complexity in the number of instances (on which the
user made choices, |Xu|). To make MEP practically applicable we are evaluating
approximation schemes that overcome this deficit. Several approaches have been
proposed, e.g., [24], and we are evaluating the speed versus quality tradeoffs they
entail for our application. And finally, behavioral indicators of quality, such as
users’ trust in the model’s predictions, should be investigated as starting point
for further improvements in user preference models.
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