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bstract

Many online retailers, such as Amazon, use automated product recommender systems to encourage customer loyalty and cross-sell products.
espite significant improvements to the predictive accuracy of contemporary recommender system algorithms, they remain prone to errors.
rroneous recommendations pose potential threats to online retailers in particular, because they diminish customers’ trust in, acceptance of,
atisfaction with, and loyalty to a recommender system. Explanations of the reasoning that lead to recommendations might mitigate these negative
ffects. That is, a recommendation algorithm ideally would provide both accurate recommendations and explanations of the reasoning for those
ecommendations. This article proposes a novel method to balance these concurrent objectives. The application of this method, using a combination
f content-based and collaborative filtering, to two real-world data sets with more than 100 million product ratings reveals that the proposed method
utperforms established recommender approaches in terms of predictive accuracy (more than five percent better than the Netflix Prize winner

lgorithm according to normalized root mean squared error) and its ability to provide actionable explanations, which is also an ethical requirement
f artificial intelligence systems.

 2020 New York University. Published by Elsevier Inc. All rights reserved.
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Introduction

Intensive uses of smart devices are moving society in gen-
ral, and online retailing in particular, into an age of artificial
ntelligence–based assistance provided by automated recom-
ender systems (RS). For online retailing, these RS both support

nd influence consumer choices, in that they seek to reduce
onsumer choice complexity by analyzing past behaviors and
hen generating personalized recommendations (Bodapati 2008;
ennig-Thurau, Marchand and Marx 2012; Zhang et al. 2019).

n doing so, RS reduce consumers’ search costs while increas-
ng the retailer’s up- and cross-selling potential and competitive

dvantages (Chung, Rust, and Wedel 2009; Syam and Kumar
006). Accordingly, RS have grown common, prompting per-
onalized results on online retail sites, search engines, social
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etworks, and news, music, and video sites (Lee and Hosanagar
019). Their popularity likely stems from consumers’ prefer-
nces to avoid being overloaded by too many, irrelevant offers.
onsumers prefer to view only those items that might meet

heir needs, ideally with minimal effort on their part, while still
aintaining choice autonomy (André et al. 2018; Fleder and
osanagar 2009).
Although prior research has significantly improved rec-

mmender accuracy by developing and enhancing numeric
lgorithms (Ricci et al. 2015), the algorithms remain subject
o potential errors, such as those resulting from insufficient or
ncomplete data, algorithmic processing errors, or misspecifi-
ation of the decision model (Aksoy et al. 2006; Herlocker,
onstan and Riedl 2000). If retailers like Amazon in turn

ssue erroneous recommendations to customers, the credibil-
ty of the RS and the firm suffer, potentially even leading to
ustomer rejection, which would diminish the firm’s reputation

nd the customer’s satisfaction (Fitzsimons and Lehmann 2004;
ershoff, Mukherjee, and Mukhopadhyay 2003). This funda-
ental issue limits the practical acceptance and utility of RS for

ed.
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etailers and consumers. However, we note evidence that expla-
ations for a recommendation can mitigate the risks of erroneous
ecommendations (Bleier and Eisenbeiss 2015; Tintarev and

asthoff 2007). Such explanations thus might increase trust and
etter meet ethical requirements for future artificial intelligence
ystems (Vincent 2019).

We propose incorporating an ability to provide explana-
ions into the base framework of a recommendation algorithm.
mproving recommendation algorithms and generating useful
xplanations represent complementary considerations in this
ense, though prior research only addresses them separately.
herefore, we present a recommendation method that addresses
oth questions concurrently. Rather than attempting to construct
n explanation facility around pre-calculated recommendations,
he proposed algorithm can design explanations that are mean-
ngful and understandable to each individual user. In essence, our
roposed recommendation method is a hybrid of a classic item-
ased collaborative filtering process and a novel attribute-based
reference elicitation technique. The latter technique extracts
ttribute preferences from consumers’ past ratings and generates
ecommendations based on attribute part-worths. The peculiar-
ty of this task is that insufficient data points (ratings) generally
re available to estimate individual customer part-worths. Our
echnique overcomes this issue with a multi-stage estimation
rocedure that first obtains interval parameter estimates using
uxiliary univariate regressions, then corrects these estimates
or omitted variable bias, and finally optimizes the parameter
alues within confidence intervals to achieve reliable estimates
f individual part-worths.

In the next section, we present a parsimonious overview of
elevant prior research and detail the interplay of recommender
lgorithms and explanation styles, to substantiate the need for

 novel recommendation method. We develop our modeling
ramework and present the novel attribute elicitation technique,
hen test it empirically using two large, real-world data sets.
he proposed method outperforms other state-of-the-art recom-
endation algorithms (including hybrid ones) in both predictive

ccuracy and the ability to provide actionable explanations. This
bservation aligns with our suggestion that attribute-based pref-
rence models cannot capture product preferences for some
sers—a problem that our switching hybrid method addresses
ell. We conclude with a discussion of our findings and direc-

ions for further research.

Literature  Overview

ecommendation  Algorithms

Techniques for estimating personalized ratings consist of
hree broad categories: collaborative filtering, content-based fil-
ering, and hybrid approaches (Ricci et al. 2015). Collaborative
ltering (CF) exploits information about the preferences of an

ntire user base to produce recommendations. The set of CF
ethods encompasses three types that vary in how they use rat-

ng data: user-based  CF, item-based  CF, and matrix  factorization
MF).

a
s
p
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In user-based CF approaches, users who have exhibited pref-
rences similar to the preferences of the current user in the
ast provide predictions of the current user’s future preferences.
ggregated ratings from similar users for a particular item antic-

pate the rating that the current user would offer for that item
Konstan et al. 1997; Ricci et al. 2015). Item-based CF exam-
nes item profiles to find those that are similar to items that the
arget user liked in the past, then predicts the ratings by aggregat-
ng the user’s favorite item ratings, weighted by their similarity
o the item in question (Linden, Smith and York 2003; Sarwar
t al. 2001). Matrix factorization approaches are a little different
rom user-based and item-based CF, in that they do not examine
imilarities between users or items. Instead, they employ rating
ata from all users to derive a set of latent factors that describe
idden associations between users and items. These approaches
haracterize both users and items in a multidimensional joint
actor space, using factors automatically inferred from the rat-
ngs (Koren, Bell, and Volinsky 2009). Conceptually, they mimic
rincipal component analysis, though they modify the procedure
or applications to scarce data sets in which the majority of data
oints are missing (Jolliffe 2014).

Content-based  (CB) approaches instead rely on the attribute
references of a target user to find items similar to those that
he user has preferred in the past. The calculation of item simi-
arity in CB methods relies not on the ratings of other users but
ather on item characteristics (Pazzani and Billsus 2007), such
s counts of distinct words in text documents or the presence
r level of a specific product attribute. These recommendation
echniques all have merits and limitations that require trade-
ffs with respect to which approach any particular RS should
mploy. Table 1 summarizes their various strengths and weak-
esses according to the criteria for a good recommendation
ystem, which we discuss next.

The first criterion for a good RS is that it still works when
nly a few users have rated the same items. This challenge refers
o the sparsity of the underlying database (Burke 2002). Con-
ider Amazon, a firm that stocks millions of items for sale to
illions of users. It would be unrealistic to anticipate that any

ndividual user could rate a considerable percentage of the items
n Amazon’s catalog; rather, each customer might rate only van-
shingly small subsets of all the items offered by this firm. Thus,
F approaches cannot fulfill this criterion. For MF approaches,

hough the sparsity problem has not been sufficiently inves-
igated, there are some indications that it might be mitigated
omewhat, because these methods reduce the dimensionality of
he space for the recommendations, by extracting latent factors
rom the original data (Burke 2002). Finally, CB approaches do
ot rely on ratings from other users for their predictions. Rather,
hey use item content descriptions, available for each item in the
atalog, as the basis for their recommendations. Thus, the item
pace of a CB recommender is dense, and the density of its user
pace is irrelevant, suggesting that CB approaches may be less
ikely to suffer from critical concerns about sparsity.
Next, cold start problems, which can be designated new  user
nd new  item, pertain to users or items for which the RS lacks
ufficient information to be able to generate an accurate rating
rediction (Konstan et al. 1997). This challenge is especially
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Table 1
Criteria for good recommendation approaches.

Approach
Criteria User-based

collaborative
filtering (CF)

Item-based
collaborative
filtering (CF)

Matrix
factorization
(MF)

Content-
based
(CB)

Proposed
approach

Works if few users have rated the same items × × × √ √
Works for new users × √ × √ ×
Works for new items

√ × × √ √
Prevents uniformity

√ √ √ × √
Works for users with unusual tastes × √ √ √ √
Works for less popular items

√ × √ √ √
I  
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s not prone to malicious attacks × ×
orks with preference changes × ×

cute for user-based approaches, because the RS needs knowl-
dge about active users, gleaned from their ratings, to identify
sers with similar preferences (Jannach et al. 2011). Similarly,
ew items must receive ratings before they can be recommended
y an RS. This early rater issue arises because users who pro-
ide the first ratings for new items receive little benefit (Avery
nd Zeckhauser 1997). As a subclass of CF approaches, MF
pproaches suffer equally from both new user and new item
roblems. However, they rely less than other RS approaches on
he similarity between users or items; instead, MF processes
nvolve factorizing the matrix entries, in a manner that is largely
ndependent of the row or column affiliations of these entries.
old start problems are not problematic for CB approaches.

A good RS should prevent uniformity, frequently referred
o as a portfolio effect or overspecialization (Burke 2002;
annach et al. 2011; Linden, Smith and York 2003). Because
B approaches recommend items that match an active user’s
rofile, they tend to generate recommendations for items that
re very similar to those that these users have already seen or
urchased (Adomavicius and Tuzhilin 2005). This criterion is
o problem for CF and MF approaches. Moreover, a good RS
hould work for users with unusual tastes. The “gray sheep”
roblem exists because users with unusual tastes are hard to
ssign to a neighborhood of similar users; their unusual rating
rofiles do not correlate well with the rating profiles of other
sers (Claypool et al. 1999). This problem is prominent for user-
ased CF. In the related problem of starvation, less popular items
ight be starved, while popular items become easier to find as
ore users rate them, which is a problem for item-based CF.
he starvation effect thus can decrease sales diversity (Lee and
osanagar 2019).
A good RS also should not be susceptible to malicious  attacks

i.e., shilling), in which unethical actors inject ratings into the
ystem explicitly to lower or raise the popularity of a particular
tem (Ricci et al. 2015). If a vendor wants to increase its revenues
arned from an independent online store, it might compromise
he retailer’s RS by creating several user profiles, issuing ratings
hat conform with the preferences of its target customers, and
hen using these profiles to assign high ratings to the vendor’s
wn products and low rankings to competitors’ products. This

roblem arises for CF and MF but not for CB approaches.

Finally, a good RS should be able to accommodate prefer-
nce changes, rather than become overly rigid or insensitive to

r
t
e

× √ √
× × √

hanges in user preferences. Established knowledge about the
rior preferences of a user can easily come to dominate any new
ser input. Imagine that a devoted science fiction fan abruptly
egins assigning high ratings to dramatic films. An RS might
ot recognize these changes in the user’s preferences, particu-
arly if the new input conflicts with some prior negative ratings
or dramas, and instead might dismiss the new ratings as out-
iers and continue to fail to recommend dramatic films. Our
roposed approach is designed to fulfill all these criteria. Its
ain limitation is that it requires new users to rate at least six

roducts.

ybrid  Recommendation  Systems

To transcend these trade-offs and challenges, existing hybrid
ystems generate recommendations by combining CF and CB
ethods (Burke 2002). They thus compensate for the limitations

f either individual recommendation method and incorporate
he benefits of both. Jannach et al. (2011) identify three basic
ybridization designs: monolithic, pipelined, and parallelized.
onolithic versions integrate multiple approaches into a sin-

le recommender component. In pipelined hybrids, multiple
pproaches build on each other, step by step. For example, the
pproach that won the Netflix Prize “blended” the predictions of
09 predictor sets produced by different algorithms (Bell et al.
009). The contribution of each algorithm to the final rating (i.e.,
eight of each algorithm) is determined by a linear regression,

n which the dependent variable is the vector of the ratings in
he holdout set, and the independent variables are the vectors of
he ratings predicted by different methods for the same training
et.

Finally, a parallelized or switching hybrid uses the pre-
ictions of one component if the other component fails to
roduce recommendations with a sufficient level of confidence
Billsus and Pazzani 2000). Both monolithic and pipelined
ybrids disconnect preference-relevant item attributes from the
ecommendation process, thus limiting their ability to provide
eaningful explanations. The switching hybrid can explain the
easons for recommendations though. Thus, a RS that strives
o produce both accurate recommendations and comprehensive
xplanations should implement a switching hybrid.
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ecommendation  Explanations

The ability of RS to provide explanations, with appropriate
ontent and levels of detail, depends on the algorithm used to
evelop those recommendations (Herlocker, Konstan and Riedl
000). In a famous attempt to improve these algorithms, the
etflix Prize competition prompted vast investigations into the

ccuracy of RS algorithms. Netflix granted researchers access
o a rating data set with more than 100 million ratings, pro-
ided by approximately 500,000 anonymous consumers, with
otable implications for RS research; many studies have relied
n this data set (Bennet and Lanning 2007). The resulting con-
entration on rating data has been aggravated by limitations of
ontemporary information processing algorithms, which cannot
utomatically extract meaningful product characteristics (Ricci
t al. 2015). In turn, various product characteristics have not
een addressed in extant recommender research.

Many consumers express limited trust in recommendations,
ossibly because they fail to offer relevant explanations and
rovide only vague statements instead (e.g., Amazon’s “rec-
mmended based on your browsing history”). Furthermore,
utomated recommendations are inherently prone to errors,
ecause their generation relies on sparse and incomplete data
Herlocker et al. 2004). If consumers recognize an erroneous
ecommendation and feel motivated to determine the reason
or it, they usually confront a black box, such that the RS
oes not enable them to reconstruct the process by which the
ecommendations were determined. This lack of transparency,
ombined with erroneous recommendations, may impair con-
umers’ acceptance of and trust in the RS (Herlocker, Konstan
nd Riedl 2000).

Explanations instead should increase transparency and pro-
ide users with a comprehensible means to deal with errors
Cramer et al. 2008; Herlocker, Konstan and Riedl 2000).
intarev and Masthoff (2007) expect that explanations increase
onsumers’ acceptance of, trust in, and loyalty to a RS provider.
n addition, good explanations enable users to uncover impor-
ant choice criteria that they might not have regarded as relevant
nd to resolve preference conflicts by contributing preference-
elevant information that makes the optimal option more evident.
xplanations also help users form their own judgments about

ecommendations, assess the suitability of the recommendations
or their decision contexts, and evaluate recommendations more
fficiently, all of which should increase the quality of users’
hoices (Chen 2009;), choice efficiency, and satisfaction with
he chosen item (Tintarev and Masthoff 2012).

For these benefits of explanations to be realized though,
he explanations must be comprehensible. The ability of a RS
o provide clear explanations depends on the recommendation
echnique being employed (see Bilgic and Mooney 2005). For
xample, user-based CF approaches offer recommendations that
efer to user profile similarities in statements that connect a target
ser to other users who also have rated the recommended item

e.g., “Customers who bought item X also bought items Y and
”). Reflecting the underlying process, this explanation style is

eferred to as a nearest  neighbor  style. In contrast, item-based CF

d
r
a
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ecommenders operate according to item similarities and invoke
inks between the recommended item and items that the target
ser has bought or rated in the past (e.g., “X is being recom-
ended because you bought items Y and Z”). This explanation

tyle emphasizes how items have influenced user preferences,
o it reflects an influence  style.

In contrast, CB approaches use attribute-level preferences
o generate recommendations, so the systems address indi-
idual item attributes that are relevant to the formation of
onsumer preferences and choice. Because item attributes typ-
cally are extracted from the content of recommended items
nd summarized as keywords, they constitute keyword  styles, as
xemplified by phrases such as, “This item received a high rele-
ance score, because it contains the terms f1, f2, and f3” (Bilgic
nd Mooney 2005; Symeonidis, Nanopoulos and Manolopoulos
008). Gedikli, Jannach, and Ge (2014) find that CB expla-
ations are particularly helpful for increasing user-perceived
ransparency and satisfaction with recommendations. As this
iscussion indicates, the nearest neighbor style is associated
ith user-based CF, the influence style implies item-based CF,

nd the keyword style reflects CB approaches. MF techniques
o not permit either of these explanation styles; instead, they
ase their recommendations on uninterpretable factor solu-
ions.

The ability of hybrid systems to provide explanations, using
ny particular style, depends on the extent to which each hybrid
ethod uses “pure” predictions of the individual components

n its final recommendations. In switching hybrids for example,
he style of the explanation is dictated by the component whose
rediction led to the recommendation. If a hybrid system can
ttribute its final recommendation to one of its components, it can
xplain the recommendation. An explanation style in a hybrid
ystem might combine keyword and influence explanation styles
o offer, “Item X is recommended because it contains features

 and b, which also appeared in items Z and W, which you
ated positively.” However, hybrids that mix the results of their
omponents, using some aggregation rule, also lose the ability
o attribute the resulting recommendation to a specific approach,
o they may struggle to explain their recommendations (Ricci
t al. 2015).

Finally, prior research has established the effectiveness of
arious explanation styles with respect to user acceptance and
ecision quality. Bilgic and Mooney (2005) show experimen-
ally that users who receive nearest neighbor explanations tend
o overestimate the quality of the recommended items, which

ay lead to mistrust and cause them to stop using the RS. They
lso find that explanations provided with an influence or keyword
tyle are significantly more effective than those relying on the
earest neighbor style. The keyword style slightly dominates the
nfluence style and also provides advantages of convenience and
ffectiveness; users do not have to engage in as much inference
n this case. Symeonidis, Nanopoulos and Manolopoulos (2008)
nd that explanations that combine keyword and influence styles

ominate either individual style. Thus, we conclude that a hybrid
ecommendation algorithm should combine content- (keyword)
nd item- (influence) based CF approaches.
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Model  Framework

We propose explicitly incorporating product characteristics
o both increase predictive accuracy and enable the generation
f detailed explanations for the recommendations. In particular,
apturing product attribute–related preferences may offer more
nformation than rating data, as well as support more flexible
erivations of consumer preferences, at a finer level of resolu-
ion, during recommendation generation. In turn, this process
ay lead to more precise predictions of consumers’ preferences

or particular items.
To introduce our framework, we begin with a simple model

nd refine it, introducing new variables step by step to cap-
ure consumer preferences. Particularly, we differentiate three
ffects: static effects that result directly from user–item interac-
ions, static effects that can be attributed solely to a user or an
tem, and temporal effects.

asic  Model

In recommender systems, holistic preferences are represented
y ratings that the system acquires from its users, either explicitly
r implicitly. We model the rating as the result of the interac-
ion of a user’s attribute-based preferences and item attributes.
his basic model resembles the widely acknowledged weighted
dditive decision rule:

u,i =  μ  +
∑
j ∈ J

mi,jpu,j
+  εu,i (1)

here ru,i is the rating that consumer u  assigns to product i.
he constant term μ  denotes the centered baseline for user part-
orths. We use the mean value of all ratings contained in a

ecommender system’s database as the value of μ, which statisti-
ally represents the expected value of a user’s rating in a situation
n which no preference information about the user is available in
he system. In accordance with the law of large numbers, if high
umbers of ratings are examined (a condition frequently fulfilled
y an RS), the sample mean will converge to the expected value
f the rating. Furthermore, mi,j can be either binary, indicating
he presence or absence of a specific nominal product attribute
e.g., brand, color), or metric, which indicates the quantity of a
easurable product attribute (e.g., price, weight, age). Finally,
u,j denotes the preference of the consumer for the j  th product
ttribute from the overall set of product attributes J � {1..n}, and
u,i is an error term. This model assumes that product ratings are
nown from users’ past rating records and that product charac-
eristics are readily available or can be derived from a particular
ource, such as a product catalog. The part-worths pu,j must be
stimated.

tatic  Effects  Beyond  the  User–Item  Interaction

Eq. (1) models the rating solely as the product of interactions

etween item attributes and a user’s attribute part-worths. How-
ver, some effects may be independent of this interaction and
ssociated solely with users or items. According to prior recom-
ender literature, different users apply rating scales in diverse b
etailing 96 (3, 2020) 328–343

ays. For example, some users systematically assign higher rat-
ngs than others (e.g., Adomavicius and Tuzhilin 2005; Sarwar
t al. 2001), which causes the mean rating of an individual user
o deviate from the overall mean, an effect we refer to as the user
xed effect. Similarly, an item  fixed  effect  may result from vari-
us causes, such as the popular appeal of mainstream products,
o that the mean ratings of these products rises higher than the
verall mean rating (Jannach et al. 2011; Ricci et al. 2015).

Users also may differ in their reactions to the average ratings
nd popularity levels of products. One group of users might adapt
o mainstream assessments, another group could respond to such
ssessments overly positively, and a third group might express
kepticism and rate products in ways that defy general trends.
hese reactions involve both users and products, yet they occur at

 general level that does not relate to attribute-level interactions;
hat is, they change the user’s rating of a product as a whole,
ndependent of the composition of attributes and their levels in
he product profile. Incorporating these effects into our model
eads to the following expression:

u,i =  μ +  bu +  bisu +
∑
j ∈ J

mi,jpu,j
+  εu,i (2)

here bu =  ru,∗ −  μ  denotes user fixed effects, defined as the
eviation of a user’s mean rating value from the overall mean
ating. Analogously, item deviation is bi =  r∗,i −  μ. We cap-
ure the user’s reactions to item fixed effects with the scale factor
u.

ccounting  for  Time

Because RS rely on historical data, our model must account
or temporal effects. We base the model extension on Koren
2009). In the course of time, consumers may change their pref-
rences and rating behaviors; some products become classics,
hereas others fall into oblivion. To capture temporal effects,
e extend the static parameters of our model with time-varying
arameters and replace the term bu in Eq. (2) with bu +  αut. In
his expression, αu is the slope of a user’s long-term rating trend,
nd we redefine bu as the static portion of a user’s rating. Analo-
ously, we extend the item fixed effects and user reaction factors
o bi +  βit and su +  γut, respectively, where βi and γu denote
he slopes of the long-term trends of the item fixed effects and
he user’s reaction to it. Similarly, the user’s part-worths can be
econstructed as pu,j +  δu,jt, which is the slope of the long-term
hange in a user’s preference toward the jth product attribute.
hese modifications produce our final model:

u,i =  μ  +  bu +  αut + (bi +  βit) (su +  γut)

+
∑
j ∈ J

mi,j(p
u,j
+  δu,jt) +  εu,i (3)
Estimating  Model  Parameters

Once estimated, the values of the parameters in Eq. (3) can
e used to predict the user’s ratings of new and unfamiliar
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ings and the overall mean. We estimate the item fixed effects
in a similar fashion, using auxiliary regressions of the form
ru,i =  b

′
i +  βit. However, we expect slower changes in prod-
A. Marchand, P. Marx / Journa

roducts and provide explanations for the recommendations.
hese explanations might reflect positive attributes that had

he most influence in leading to a particular recommendation,
eveal which negative attributes exerted negative preference
ffects, or highlight the relative importance of the attributes or
he directions of their temporal changes in a user’s decision-

aking process. Yet in many cases, Eq. (3) cannot be solved
lgebraically, or else its parameters cannot be estimated simul-
aneously with statistical techniques, such as regression analysis,
ue to the scarce data that are inherent to big data sets.
n particular, when the number of preference-relevant prod-
ct attributes exceeds the number of ratings provided by

 specific user, the model in Eq. (3) remains underdeter-
ined.
Many professionals rely on Bayesian estimation frameworks

o estimate underdetermined models. However, with respect to
he high data dimensionality of real-world RS, and considering
he many parameters that we need to estimate for our model,
n iterative Bayesian estimation procedure would require inor-
inate computer resources and immense computational time.
hese requirements are overly burdensome for practical appli-
ations, for which the model parameters must be updated as soon
s new data are available. Therefore, we propose an alternative,
wo-step procedure to estimate the parameters of the underde-
ermined model. First, we derive an initial solution to Eq. (3) by
unning a set of regressions per parameter, with a subsequent
orrection for the omitted variable bias. Second, we optimize
he initial parameter values using a modified gradient descent
rocedure.

Estimation  Step

Data insufficiency hinders the simultaneous estimation of all
odel parameters at once, so we propose running a set of univari-

te regressions to obtain the initial parameter estimates for each
ser and each parameter separately. To do so, we apply ordinary
east squares (OLS), which provides inferences about parame-
er significance and access to confidence limits for parameter
alues. With these values, we can interpret the OLS results
s interval estimates and constrain the optimization routine in
he second step of our method. We use parameter significance
nformation to remove those that have no statistical meaning for
escribing the product preferences of a particular consumer. This
nformation also can indicate the certainty of the system with
espect to provided recommendations. However, the individual
stimation of parameters introduces an underspecification error
o OLS models, which may lower the quality of the obtained
ndividual estimates. Therefore, we examine the consequences
f an underspecification of an OLS regression and present a
ethod to counteract them.

ounteracting  the  Omitted  Variable  Bias
Machine learning methods and regularization procedures
earch for an optimum in the trade-off between bias and vari-
nce. The resulting estimates then can support predictions. Too
uch bias or too much variance in estimates both result in poor

d
9
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redictions. Because we initially estimate all parameters in uni-
ariate regressions, their values are likely overestimated (due to
mitted variable bias; see Gujarati 2009, pp. 471–473). For our
stimation procedure, this overestimation becomes a problem
or forecasting the rating, so we need to correct the values of the
arameters obtained from the univariate auxiliary regressions
or the overestimated part that is due to the omission of relevant
redictors in the auxiliary regressions. We can counteract the
onsequences of underspecification to some extent by exploit-
ng the properties of the biased estimates and reducing these
isks. This procedure for correcting the omitted variable bias
s detailed in the Appendix. It can be generalized inductively
or an arbitrary number of parameters of the “true” regression
odel. We next present the details of the estimation of the model

arameters from Eq. (3).

stimation  of  User-  and  Item-Related  Effects

As we described in the model framework section, user fixed
ffects, item fixed effects, and the user’s reaction to item popular-
ty should be conceptually independent, both from one another
nd from user–item interactions, such that they should be unaf-
ected by the omitted variable problem. Thus, we perform
ivariate auxiliary regressions to determine the appropriate ini-
ial parameter values, their significance, and their confidence
ntervals. We begin by estimating the user fixed effects parame-
ers bu and αu. For each user, we conduct an OLS regression of
he form ru,i =  b

′
u +  αut. We derive the consumer’s rating trend

arameter αu directly from this regression, whereas the baseline
u is recovered from b

′
u by subtracting the overall rating mean

rom b
′
u : bu =  b

′
u −  μ. We choose p  > .10 as the general cut-off

riterion for the regression parameters. With respect to time res-
lution, we select t  to denote the number of days elapsed since
he user’s first rating.

Because new users require time to become accustomed to
 RS, we assume that rating behaviors change more rapidly
or new than for experienced users. To prevent overfitting the
egression to unstable fluctuations of a user’s average rating,
he user must provide product ratings for at least 120 days
SD = 60 days),1 so that we can capture drifts in rating behavior.
or consumers who do not meet this condition or who indicate

nsignificant values of αu, the parameter gets discarded from
he model, and b

′
u is calculated as the mean of the consumer’s

atings. In these cases, the confidence limits of bu ±  σt  are estab-
ished for bu, with t  obtained from Student’s t-distribution for p  <
10, and the degrees of freedom are one less than the number of

atings by the consumer. Furthermore, σ  =
√∑

(ru,i −  μ)2/df

s the standard deviation of differences between a user’s rat-
1 This number is somewhat arbitrary, but in sensitivity analyses, we tested 120
ays for about one-third of a year, 240 days for about two-thirds of a year, and
0 and 150 days with no significant changes.
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ct popularity and therefore require the time frame between an
tem’s first and last ratings to be at least 240 days.

The estimates for the parameters that capture a consumer’s
eaction to deviation then can be determined in two steps. First,
e fix the user and item parameters in Eq. (3) at their esti-
ated values and ignore the features of the model that address

ser–item interactions, such that we set
∑
j ∈ J

mi,jpu,j
=  0. Given

he fixed parameter values for each consumer’s rating, we can
alculate the difference between the actual rating and the user
xed effects, r

′
u,i,t =  ru,i −  μ  −  bu −  αut; we also determine the

alue of the item fixed effects, b
′′
i,t =  bi +  βit. Second, we solve

he following regression problem:
′
u,i,t =  su +  γub

′′
i,t (4)

The underlying rationale is that γu should capture the portion
f the rating that is unrelated to user fixed effects but that varies
ith time and item fixed effects. Because b

′′
i,t accounts for both

f these factors and r
′
u,i,t is representative of user fixed effects,

he estimate for γu from Eq. (4) provides precisely what we need.
he regression’s constant term su captures the stable portion of

his effect. For users who display insignificant values of both
egression parameters, we discard γu and su from the model.

stimation  of  Attribute  Part-Worths

In contrast with user and item fixed effects, consumer
ttitudes toward product attributes are not necessarily mutu-
lly independent. In determining the model parameters, we
nevitably encounter concerns of model underspecification and

ust account for biases in the parameter estimates and their vari-
nces in our auxiliary regressions. Although we have proposed

 method to correct for omitted variable bias, we also may con-
ront a problem of multicollinearity, associated with the risk of
oor estimation of the coefficients bji in the auxiliary regressions
specified in Eq. (A4) of Appendix A). However, the joint effect
f the two highly correlated variables can be estimated (with Eq.
A3)). We exploit this property to mitigate the problem of mul-
icollinearity for our model and argue that knowledge about the
oint effects of two or more highly correlated variables is suffi-
ient to describe consumer preferences in the model represented
y Eq. (3). If certain attributes occur (nearly) jointly in products,
heir individual relative contributions to a consumer’s prefer-
nces become irrelevant, because these attributes always affect
references in combination. From each pair of attributes that
orrelate highly, defined by rji ≥  .90, we eliminate the attribute
ith lower variance, because it is less helpful for discriminating
etween items. This elimination occurs at the global level, not
eparately for each examined user.

Next, we perform regressions of the following form to esti-
ate the attribute part-worth parameters of each user:

u,i =  β
′
0 +  pu,jmi,j +  δu,jmi,jt  +  εu,i (5)
here pu,j and δu,j are the parameters of interest, which des-
gnate the static and time-dependent components, respectively,
f user u′s  preference for the j  th attribute of product i; β

′
0 is

c
m
p
r

etailing 96 (3, 2020) 328–343

he constant term of the regression; and t is the time elapsed, in
ays, since the first rating appeared in the data set. Similar to the
rocess of user fixed effects estimation, we require a consumer
o have rated products for at least 120 days before we attempt
o capture the time-varying components of the part-worths. For
onsumers who do not fulfill this requirement, we discard δu,j

nd estimate the following simplified regression:

u,i =  β
′
0 +  pu,jmi,j +  εu,i (6)

This reduced model also can apply when the complete model
n Eq. (5) cannot be estimated due to data insufficiency. To
orrect for omitted variable bias, we ran the set of pairwise aux-
liary regressions (specified by Eq. (A4)) and obtained auxiliary
arameters bji that characterize the level of interdependence
f the product attributes. The values of the insignificant coeffi-
ients bji are set to 0, because such effects introduce no bias into
he underspecified model. This procedure takes place across the
hole user–item matrix, rather than at the level of individual
sers. The auxiliary parameters bji then can be pooled with the
arameters estimated in Eqs. (5) and (6) to create (analogous to
q. (A5)) a system of J  equations:

i =  βi +
J∑

j=1

βjbji (7)

here α̂i denotes the estimated value of the i th parameter (i.e.,
u,j or δu,j), βi denotes the unbiased value of this parameter, and

 ∈ {1,  .  .  ., J}  designates the index of each remaining parame-
er. To solve this equation system, we employ singular value
ecomposition (SVD), which can handle poorly conditioned
ystems of linear equations in a way that provides an optimal
olution, in terms of least squares (Press et al. 2007). Finally,
sing the solution to Eq. (7), we recalculate the variances of
he estimated parameters (in accordance with Eq. (A7)). At this
oint, we can complete the test for parameter significance. We
iscard parameters that do not reach significance and estimate
he confidence limits for the remaining parameters.

ptimization  Step

We next exclude the parameter estimates that describe users’
references for a product and the set of associated confidence
ntervals, which we treat as interval estimates of the corre-
ponding parameters. To increase the prediction ability of our
reference model (Eq. (3)) while retaining its ability to explain
he reasoning for the recommendations in terms of product
ttributes, we employ a conjugate  gradient  method  that itera-
ively optimizes the initial parameter values by minimizing the
oss function associated with our preference model (Press et al.
007).

Considering the specific nature of our task, we implement
hree adjustments: initialization of the starting point for the
ptimization, restriction of the optimization procedure to the

onfidence limits of the parameters, and measures to prevent
odel overfitting. That is, we first initialize the optimization

rocess with the parameter values obtained in Step 1. We then
estrict the optimization area to the confidence limits of the
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arameters determined in the estimation step. Thus, we pre-
ent the optimization procedure from going beyond the scope
f possible solutions that likely contain the true parameter val-
es and from reaching a local minimum that might satisfy the
estrictions of the loss function but would provide unreliable
stimates of users’ preferences in terms of the model in Eq. (3).
his measure also ensures that the optimized parameter values
ccount for omitted variable bias, because they remain within
he interval in which the true values are most likely to occur.

To counteract the threat of overfitting and ensure that the
odel is generalizable and suitable for predictions of future rat-

ngs, we employ a holdout set of six randomly drawn ratings
or each user. We exclude the ratings of the holdout set from the
ntire procedure of estimating and optimizing the parameter val-
es. Instead, we use them in the gradient method to determine

 stop point for the optimization that prevents overfitting. In
articular, we stop the optimization after an iteration that fails
o decrease the loss function for both the learning set and the
oldout data.

In accordance with its definition, we calculate the gradient of
he loss function as a set of partial derivatives of each parame-
er of the model. In each iteration, these parameters adjust in a
irection opposite the gradient, by a magnitude proportional to
he overall step size, as described in Eq. (8). Here, λk denotes
he step size in the direction of the k  th parameter, determined
y the conjugate gradient procedure, and eu,i =  ru,i −  r̂u,i des-
gnates the prediction error of a consumer’s ratings, calculated
n the basis of the parameter values of the current iteration of
he optimization process:

1. bu ← bu + λbu

(
−2eu,i

)
5. su ← su + λsu

(
−2eu,i (bi + βit)

)

2. αu ← αu + λαu t
(
−2eu,i

)
6. γu ← γu + λγu t

(
−2eu,i (bi + βit)

)

3. bi ← bi + λbi

(
−2eu,i (su + γut)

)
7. pu,j ← pu,j + λpu,j

mi,j

(
−2eu,i

)

4. βu ← βu + λβu t
(
−2eu,i (su + γut)

)
8. δu,j ← δu,j + λδu,j

mi,j t
(
−2eu,i

)
(8

Using this procedure, we obtain the final estimates for the
arameters of the model of consumer preferences in Eq. (3)
nd thus can predict consumers’ future ratings, as well as pro-
ide personalized recommendations. Knowing the values of
he model parameters and their significance also enables us
o generate explanations of the reasoning for the recommen-
ations.

ybridization  Step

We regard practical applicability as an important constraint
n the development of our recommendation method. Therefore,
e account for users who do not form product preferences on the
asis of product attributes but instead reflect their intrinsic dis-
ositions and base their decisions on factors that extend beyond

roduct characteristics and are difficult to measure, such as antic-
pated emotions, social pressures, overall design impressions,
ow closely the plot of the movie relates to personal experiences,
nd other considerations. For this group, our attribute-based

e
i
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ecommender algorithm likely will fail to provide reliable rec-
mmendations. In a practical context, this phenomenon implies
hat customers with unusual preferences cannot benefit from
ecommendations but instead suffer confusion or feel distracted
y the inaccurate nature of recommendations. This effect can
roduce negative consequences for a retailer, such as decreased
ustomer trust and loyalty, customer loss, or lowered revenues.

To counteract these negative effects, we suggest combining
ur attribute-based algorithm with an item-based CF algorithm
hat is known to perform reasonably well with respect to both
rediction quality and the ability to provide explanations, with
n influence explanation style, to users whose preferences are
ot based on product attributes (Claypool et al. 1999). It thus rep-
esents the next best alternative to a keyword explanation style
hat can be provided by our proposed CB method. In addition,
ome user characteristics might help identify whether a user is
nusual, but they would need to be collected first, whether by
bserving user behavior, with surveys, or in exchange for prizes,
or example. Furthermore, the influence explanation style should
e informative for users with hard-to-operationalize preference
tructures, because it enables them to understand the commonali-
ies among products that led to the recommendation and thereby
nfer latent factors that should be meaningful to them as they
orm preferences.

A classical item-based CF algorithm examines correlations
similarities) between the items a user liked most in the past
Ibest
u ) and items that have not been rated by the user (I ′). In

he next step (Eq. (9)), the algorithm predicts ratings for each
tem from I

′
as a sum of the user’s ratings for the items from

best
u , weighted by their respective similarities to the item of
nterest.

u,i =

∑

i
′ ∈ Î

sim
(
i,  i
′) ·  r

u,i
′

∑

i
′ ∈ Î

∣∣sim (
i,  i
′)∣∣ (9)

e rely on a switching hybridization design, which generates
redictions of future ratings for a user, according to the method
hat achieves the lowest root mean square error (RMSE) with
he same holdout data. To determine the method with better per-
ormance, we use t-tests for paired samples. If a method exhibits

 significantly lower prediction error on the holdout set, we use
t to generate the recommendations. If the difference between
he errors is not significant, we use the predictions of the model
n Eq. (3), even if it produces greater errors than the item-based
F approach for the holdout set. With this decision rule, we
xchange formal accuracy for the prospect of a more effective
xplanation. Such hybridization also allows for the generation of
he best possible recommendations, accompanied by actionable
xplanations for all users of a RS.

Empirical  Study
To demonstrate the capability of our proposed method to
stimate consumer preferences reliably, as well as its applicabil-
ty in practical settings, we conducted an empirical study with
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ig data sets from two real-world RS. To assess the quality
f the generated recommendations, we compared the accu-
acy of our method against that of several key recommendation
echniques, including the most accurate technique published to
ate.2

ata

Two real-world data sets inform our empirical analysis. The
rst (Netflix) data set became publicly available in the con-

ext of the Netflix Prize3 competition and has been employed
xtensively in recommender research. By using it, we ensure
hat our results are comparable with findings obtained through
arious other recommendation methods introduced in recently
ublished investigations. The second data set is not publicly
vailable; we obtained it from the movie recommendation
ebsite MoviePilot.4 With this data set, we ensure that the com-
arison results are generalizable to recommendations other than
hose produced by Netflix and demonstrate the potential porta-
ility of our method to various product domains. Furthermore,
e test the sensitivity of our method to the scale of the input data.
hereas in the Netflix data set, the ratings are represented on

 5-point scale (1 = “hated it” to 5 = “really liked it”), MoviePi-
ot employs an 11-point scale that ranges from 0 (“hated this
ovie”) to 10 (“my favorite movie”), in steps of .5, and it stores

he ratings as tenfold values (i.e., a rating of 7.5 points is stored
s 75).

Movies represent a typical focus of RS. For example, Net-
ix has reported that more than three-quarters of the movies

hat users have watched through its system reflect choices
rom among automated recommendations (Fiegerman 2013). By
electing this product class as our study focus, we can leverage
he huge amount of existing research into relevant success fac-
ors (e.g., Carrillat, Legoux, and Hadida 2017; Clement, Wu, and
ischer 2014). In turn, we can better demonstrate the robust-
ess of our proposed method in a domain marked by many
ttributes, often exceeding the number of data points (i.e., ratings
er user) available for the estimation procedure. We derived the
onceptual composition of preference-relevant movie attributes
rom extant research on success factors for motion pictures.
o operationalize the attributes, we used data provided by
MDb.com and obtained the list of relevant movie stars, off-

creen personnel, and firms with star power from InsideKino.
sing these additional data enabled us to describe each movie
y 374 attributes, as displayed in Table 2. After including two

2 Although some proprietary algorithms may produce more accurate predic-
ions, to the best of our knowledge, the Netflix Prize winner remains the most
ccurate published algorithm, to date.
3 In 2009, Netflix awarded $1 million to the first research team to make

uccessful, substantial improvements to the performance of its recommender
lgorithm, measured by RMSE (Koren et al., 2009).
4 For this data set, we obtained full access to various information that could

nfluence rating data, such as changes in the labels of a rating scale or updates to
onsumer interfaces, which was not available in the Netflix data (Koren 2009).
urthermore, Netflix has only released a subset of its rating data. In contrast, the
oviePilot data set is a complete listing of all ratings provided to the MoviePilot

ecommender system by its users.
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emporal (pu,j,  δu,jt) and seven attribute-unrelated parameters
, bu,  αut,  bi,  βit  ,  su,  γut) from Eq. (3), this number of movie
ttributes expands to (374 ×  2 + 7) = 755 model parameters to
e estimated for each user.

To perform our tests, we reduced both data sets. We removed
he six newest ratings from each user as a validation set for out-
f-sample predictions and to compute the accuracy measures for
ifferent recommender algorithms. We drew another six ratings
andomly from each user’s rating profile to construct a holdout
et. Next, we discarded consumers for whom insufficient data
ere available to generate holdout sets, as well as those for whom

ewer than six ratings remained after isolating both holdout sets.
he time range for the Netflix data set was 11 November, 1999

o 31 December, 2005; that for the MoviePilot data set was 19
ugust, 2006 to 4 April, 2008. We summarize their descriptive

tatistics in Table 3.

easures  and  Benchmarks

Most studies of RS rely on two established accuracy mea-
ures: mean absolute error (MAE) and root mean squared error
RMSE). However, both these measures depend on the scale
sed to obtain ratings from consumers, and MoviePilot and Net-
ix rely on different rating scales. To ensure the comparability
f predictions performed across the different data sets, we used
ormalized equivalents of these measures, which are insensi-
ive to the rating scale (Goldberg et al. 2001; Herlocker et al.
004).5 The normalized mean absolute error (NMAE) and the
ormalized root mean squared error (NRMSE) are defined as
ollows:

MAE  = MAE

rmax −  rmin

, and  (10)

RMSE  = RMSE

rmax −  rmin

(11)

here rmin and rmax denote the minimum and the maximum
atings, respectively, of the rating scale of a particular recom-
endation system.
To provide an informative summary of the predictive accu-

acy of our proposed method, we examined the accuracy of pure
ser-based and item-based collaborative filters, each employing
wo variants of similarity measures, namely, Pearson’s correla-
ion coefficient and the cosine similarity metric. To assess these
ollaborative filters, we used a neighborhood of size k =  50,
hich provided the best accuracy of all examined data sets

n our preliminary analyses. We also examine the database of

roduct attributes for pairwise correlations. From each pair of
ttributes with high correlates, defined by rji≥  .90, we elimi-
ated the attribute that exhibited lower variance in the data set.

5 Other benchmark approaches such as popularity sorting (e.g., bestsellers)
ight be interesting but would need survey-based experiments to evaluate. In

nline retail stores, such approaches can easily be combined. For example, cus-
omers might select bestsellers as a basic filter and receive a list of the most
opular products, with a personal prediction including explanations for each
ne.
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Table 2
Preference-relevant movie attributes.

Attribute Operationalization Number of static parameters Source

Star actors

Binary

133 InsideKino
Certification 29 IMDb
Country of origin 38 IMDb
Directors 106 InsideKino
Genre 26 IMDb
Language 22 IMDb
Producers 4 InsideKino
Production companies 6 InsideKino
Screenwriters 5 InsideKino

Admissions

Metric

1 IMDb
Box-office gross 1 IMDb
Budget 1 IMDb
Movie length 1 IMDb
Year of production 1 IMDb

Total: 374

Table 3
Descriptive statistics for the data sets.

Netflix data set MoviePilot data set

Training set Operation holdout Validation set Training set Operation holdout Validation set

General characteristics
Number of ratings 93,170,314 2,570,310 2,570,310 1,140,577 47,610 47,610
Number of users 428,385 428,385 428,385 7,935 7,935 7,935
Number of movies 16,543 16,241 16,212 12,246 5,052 5,037

Ratings per user
Min 8 6 6 6 6 6
Max 16,419 6 6 6,535 6 6
Mean 217 6 6 143 6 6
Median 101 6 6 59 6 6
SD 304.50 0 0 250.16 0 0

Ratings per movie
Min 2 1 1 1 1 1
Max 213,367 15,816 12,354 4,543 802 677
Mean 5,623 158 158 93 9 9
Median 544 20 18 12 3 2
SD 16,305.89 624.28 603.76 262.90 36.23 35.7161

Ratings per day
Min 5 1 1 1 1 1
Max 703,924 27,936 17,202 56,194 3,413 3,629
Mean 42,631 1,283 1,242 2,120 106 104
M 1 

S ,820.4

B
p

t
T
a
T
w
(
t
r
k

i
B
b
o

edian 15,167 38 6
D 53,378.06 3,423.97 2

y applying these multicollinearity procedures, we removed 46
arameters, leaving 708 parameters to be estimated.

To assess the relative accuracy improvements achieved
hrough different algorithms, we introduced two benchmarks.
he first is a simple heuristic that predicts that the global aver-
ge of a data set is the value of all future ratings for all users.
he second benchmark is the Netflix Prize winner algorithm,
hich achieved an RMSE of .87120 and NRMSE of .21780

Bell et al. 2009), an improvement of more than 10% relative

o the RMSE of the original Netflix algorithm. Thus, it rep-
esents the most accurate recommendation algorithm currently
nown. In other words, no single or hybrid recommender, includ-

p
o
i

1,293 50 52
7 3,451.80 201.44 206.64

ng switching hybrids, or any other methods such as hierarchical
ayes, demonstrates better rating predictions. This upper-level
enchmark is informative for assessing the accuracy of our rec-
mmendation method.

Results

In this section, we address two questions: How well does our

roposed method predict future user ratings, and what proportion
f users receive recommendations accompanied by explanations
n a keyword style?
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redictive  Accuracies

We summarize the results of the prediction runs of different
lgorithms in Table 4. The results of both data sets are simi-
ar and consistent. We describe the accuracy of our proposed

ethod in the bottom three rows of this table. Specifically, in
he Estimation  step  we detail the predictions of Eq. (3), using
arameter values obtained through the estimation portion of our
lgorithm. Then in the Optimization  step, we specify the accu-
acy of the predictions for the same model, using optimized
arameter values. Finally, the Hybrid  step  row indicates the accu-
acy of the predictions obtained by hybridizing our optimized
olution with item-based collaborative filtering. Relative to the
stimation step, the relative performance increases in the Netflix
ata set are .15% NMAE and .47% NRMSE for the optimization
tep, then an additional 9.29% NMAE and 9.41% NRMSE for
he hybridization step. The values for the MoviePilot data set are
imilar, with .13% NMAE and .43% NRMSE for the optimiza-
ion step and 10.86% NMAE and 14.53% for the hybridization
tep.

All these recommendation methods outperform the global
verage benchmark. Among collaborative methods, an item-
ased method using Pearson’s similarity metric outperforms
ther methods with respect to NMAE but is only second-best
ith respect to NRMSE. Conversely, the user-based approach

hat adopts Pearson’s similarity metric is the best collaborative
pproach with respect to NRMSE and the second-best approach
ith respect to NMAE. Despite some alternation in these two
ethods, the rank order of the different prediction methods with

espect to accuracy remains generally consistent for both data
ets. We interpret this finding as an indicator of the generaliz-
bility of our results.

Although the predictions of our attribute preference model
n both the estimation and optimization steps exhibit significant
ccuracy improvements of more than fifteen percent compared
ith the global average estimator, this model is not the most

ccurate approach. The results from the optimization step also
o not differ substantially from those achieved through the esti-
ation step; we find only marginal improvements in both NMAE

nd NRMSE. However, the improvement in NRMSE is approx-
mately four times greater than the improvement in NMAE.
his result indicates that the optimized part-worth values reduce

he magnitude of prediction errors in specific cases, instead of
educing the errors of all predictions.

Our proposed hybrid method outperforms all other methods
nd even the benchmark of the Netflix Prize winner algorithm,
chieving a more than five percent improvement over the latter,
hough neither of the hybrid method’s individual components
eached this bottom-level error benchmark. This dramatic accu-
acy improvement merits closer examination. In Table 5, we
ummarize the distribution parameters of the absolute error after
he optimization step.

For both data sets, our algorithm exhibits relatively high

ositive kurtosis values (greater than two) and a relatively low
tandard deviation (relative to the mean error). Therefore, most
rror values are concentrated around a particular point, instead
f being spread across a wide interval. The analysis of the

c
f
a
a
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uantiles of the two distributions reveals that these error dis-
ributions are positively skewed. The peak and positive skew of
he distributions also can be confirmed; the prediction error’s
tandard deviation around the mean is lower than the RMSE
alues (RMSENetflix = .90760, RMSEMoviePilot = 24.17754). Fur-
hermore, the absolute prediction error is lower than the standard
eviation, exceeding it only in approximately 30% of the exam-
ned cases. The error measures appear to be produced primarily
y a few points with large deviations, rather than many points
ith nearly equal deviations. In combination, these findings offer

vidence that our model generally predicts consumer ratings
ccurately but is inaccurate for approximately 30% of cases.

For users whose preferences are not predicted accurately
y our proposed model, the magnitude of the prediction errors
anges from approximately 25% to 100% of the rating interval.
o identify the source of these errors, we inspected the ratings
or which our algorithm produced large errors and found they
onsistently linked to the same group of users. However, we
ould not find patterns that would permit an a priori identifi-
ation of these users with high prediction errors. That is, the
sers do not exhibit any noticeable patterns with respect to the
ource data, such as fewer ratings or a tendency to rate specific
ovies. Such particular features would enable us to differenti-

te them from the users our algorithm assessed accurately. The
nly explanation we can devise for this phenomenon is that these
problematic” users form their movie preferences on the basis
f information that is not captured by the preference function
n Eq. (3). This observation aligns with our suggestion that the
ttribute-based preference model cannot capture movie prefer-
nces for some users; this inability to represent the preferences
f certain users with the attribute-based model alone motivates
he use of hybridization.

To further justify our hybridization method, we performed
he Kolmogorov–Smirnoff test of the equality of distribution
unctions. The results revealed that the error distribution for
tem-based CF significantly differed from that of the attribute-
ased preference model (<  .01 for both data sets). Both
pproaches produced unequal errors for most consumers on the
ingle-consumer level (p  < .10 in t-tests of the equality of means).
hese results confirm that the two approaches capture different

ypes of variance in consumer ratings, and each approach is well
uited for describing the preference formation of a different type
f consumer. The hybridization scheme that leads to a better
rediction, relative to the individual predictions offered by both
pproaches, is a sensible technique that generates substantial
mprovements in predictive accuracy.

xplanation  Styles

Although our hybrid method cannot ensure that provided
xplanations appear in the most detailed style for all users,
ll users at least receive explanations in one of the two most
ffective styles. The attribute-based preference model of Eq. (3)

annot capture the preference structure of certain users, who
orm their preferences on the basis of factors other than movie
ttributes. Thus, recommendation explanations that cite movie
ttributes are not informative and do not increase the effective-
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Table 4
Prediction accuracies of different algorithms, Netflix and MoviePilot data sets.

Category Algorithm Netflix data set MoviePilot data set

NMAE Rank
(NMAE)

Improve-ment
to global
average
(NMAE)

NRMSE Rank
(NRMSE)

Improve-ment
to global
average
(NRMSE)

Improve-ment
to Netflix
prize winner
(NRMSE)

NMAE Rank
(NMAE)

Improve-ment
to global
average
(NMAE)

NRMSE Rank
(NRMSE)

Improve-ment
to global
average
(NRMSE)

Benchmark
methods

Global average .22815 #8 .00% .27725 #9 .00% −27.30% .21555 #8 .00% .26345 #8 .00%
Netflix winner a a a .21780 #2 21.4% .00% a a a a a a

Collaborative
filtering
methods

User-based, Pearson .16985 #4 25.55% .21980 #4 20.72% −.92% .16921 #3 21.50% .22158 #2 15.89%
User-based, Cosine .17387 #5 23.79% .22376 #6 19.29% −2.74% .17373 #5 19.40% .22551 #5 14.40%
Item-based, Pearson .16932 #2 25.79% .21929 #3 20.91% −.68% .16807 #2 22.03% .22174 #3 15.83%
Item-based, Cosine .16978 #3 25.58% .21994 #5 20.67% −.98% .17214 #4 20.14% .22521 #4 14.52%

Proposed
method

Estimation step .17680 #7 22.51% .22797 #8 17.77% −4.67% .18187 #7 15.63% .24283 #7 7.83%
Optimization step .17653 #6 22.63% .22690 #7 18.16% −4.18% .18164 #6 15.73% .24178 #6 8.23%
Hybridization step .16013 #1 29.81% .20555 #1 25.86% 5.62% .16192 #1 24.88% .20665 #1 21.56%

Notes: In the “Rank” columns, lower rank numbers indicate greater accuracy.
a The Netflix Prize winning team (Bell et al. 2009) did not report the MAE or provide enough details to enable a replication with our MoviePilot data set; we derived the NRMSE from the reported RMSE.
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Table 5
Distribution parameters for absolute prediction error of the optimization step.

Data set Min Max Mean SD Mode Kurtosis SE of Kurtosis 25th percentile 50th percentile 75th percentile

N .
M .

n
o
a
a
s
i
m
a
f
a
A
r
b
U

e
T
s
t
a
f
(
d

K

t
p
n
a
i
p
b
u
t
a
w
c
p
c

d
r
n
b
s
e

i
c
d

I

i
t
a
a
t
(
o
e
t
t
i
a
t
m
t
t
i

c
a
i
s
m
s

F

e
t
e
u
t
t
v
t
i
c

etflix 0 5 .706 .624 0 2.527 

oviePilot 0 100 18.16 16.36 0 2.434 

ess of these users’ choices. Because the item-based component
f our hybrid approach substantially increases the predictive
ccuracy for these users, it appears to capture the “correct”
spects of their rating variance. An influence-based explanation
tyle that emphasizes similarities among movies should be more
nformative and effective for them. For example, our approach

ight generate a keyword explanation, such as: “You will prob-
bly like the movie Avengers:  Endgame  because some of your
avorite actors (Scarlett  Johansson  and Chris  Evans) are in it,
nd because the movie belongs to your favorite genres (Action,
dventure, and Sci-Fi).” An influence explanation instead might

ead, “You will probably like the movie Avengers:  Endgame
ecause you liked Avengers:  Infinity  War  and Avengers:  Age  of
ltron.”
Table 6 summarizes the users in each data set who receive

ach particular explanation with the hybrid prediction method.
hese results are consistent for both data sets; we observe no sub-
tantial differences. Thus, our method scales well to big data. If
he hybrid method were applied to these data sets, item-based CF
nd its associated influence explanation style would be employed
or approximately 34% of the users. The majority of the users
66%) would receive recommendation justifications in the most
etailed format, namely, the keyword explanation style.

Conclusion

ey  Findings

We develop and test a novel, hybrid recommendation method
hat balances two concurrent aims and is inherently capable of
roviding both accurate product recommendations and expla-
ations of the reasoning underlying these recommendations, in

 way that is informative, understandable, and sensible, reflect-
ng the terms the users themselves would use to describe their
references. The accuracy of a non-hybrid RS is not better than
enchmark approaches if the same method were applied to all
sers (as detailed in our Estimation and Optimization Step sec-
ions). This outcome changes with hybridization though. Our
nalyses confirm that consumers form preferences in different
ays. Providing distinct recommendations for each group of

onsumers, using a method that captures their preferences appro-
riately, can substantially increase the predictive accuracy and
redibility of a RS—and thus its value.

Furthermore, providing explanations of these recommen-
ations that reflect the way each consumer thinks about the
ecommended products contributes to the quality and effective-

ess of users’ choices and increases their satisfaction. For the
enefits of explanations to be realized, they must be under-
tandable and actionable—traits best fulfilled by a keyword
xplanation style, which emphasizes the product attributes

e
t
m
p

018 .2315 .5368 1.44
022 6.03 13.60 25.48

mportant to the user, or an influence explanation style, which
ites the most influential products that produced the recommen-
ation.

mplications

Managers should implement automated explanation tools
n their RS, tightly coupled with the recommender algorithm,
o increase consumer comprehension. In most cases, man-
gers probably already have data about the particular product
ttributes in their online shop. If not, they can link them to
heir offers relatively easily, using insights from other databases
e.g., IMDb.com for movies, IGDb.com for video games). If rec-
mmendations are produced differently and appropriately, their
xplanations can reflect the underlying process of recommenda-
ion generation and emphasize the aspects that are most relevant
o the consumer’s own decision making. This approach also can
ncrease a consumer’s choice effectiveness and compensate for
lgorithmic prediction errors by allowing consumers to assess
he quality and suitability of recommendations before they

ake choices. Explanations of recommendations provide addi-
ional decision-supporting information that enables consumers
o address the decision context and evaluate other, fine-grained
mplications of their decisions.

In turn, RS providers should seek further understanding of the
riteria that users employ to reach their decisions. Instead of one
lgorithm for all recommendations, optimal RS will handle users
n individually tailored fashion. Specifically, hybrid systems
hould comprise different methods that reflect the decision-
aking processes of individual consumers. As our study shows,

uch RS can resolve recommendation issues adequately.

urther  Research

Our proposed method can elicit the attribute-based pref-
rences of individual consumers, even in settings in which
he number of preference-relevant product attributes regularly
xceeds the number of user ratings available for estimating a
ser’s part-worths. This method employs auxiliary regressions
hat estimate one regression parameter at a time and relies on
he properties of data sets to correct the estimates for omitted
ariable bias and multicollinearity, then optimize them for fur-
her reductions of prediction errors. Although it performs well
n a RS setting, we encourage further research to expand appli-
ations to other problems, such as developing new products or

stimating effects other than consumer preferences (e.g., other
ypes of regressions). Moreover, we encourage explorations of

ultiplicative models that can account for non-linear attribute
reference functions and temporal changes in user preferences.
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Table 6
Explanation styles provided to users.

Netflix data set MoviePilot data set

Explanation style Number of users Percentage of users Number of users Percentage of users

Keyword 290,146 67.73% 5,194 65.31%
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nfluence 138,239 32.27% 

otal 428,385 100% 

Regularization techniques, which also might be used to esti-
ate user- and item-related effects, do not cut off based on a

-value as in our approach, but their procedure requires setting
he value of the regularization parameter lambda. Moreover,
ome product attributes, such as certain actors and directors
n our example, could be classified. Continued research could
ry to improve the performance of the algorithm with these
lternative techniques. Another interesting question for further
esearch pertains to options for combining our hybrid algo-
ithm with other approaches. For example, customers of online
etail stores might be interested in a current bestseller list of a
elected category; perhaps this list could offer personalized rec-
mmendations, with explanations, for each entry. Measures of
ustomers’ trust in and perceptions of the usability and value
f such combined approaches would provide helpful insights.
e also suggest continued explorations of other uses for RS

ata and related approaches in other applications. Marketers
ight use preference data from RS to profile their customer

ases, in support of market segmentation, product development,
rm stock optimization, product bundling, marketing collateral,
r direct mailing efforts. Recommender algorithms conceivably
ight analyze scanner or app activity data, which have great

romise for optimizing loyalty programs.
Finally, we encourage researchers to devote greater atten-

ion to RS as instruments of the marketing mix, to define their
oles, properties, potentials, capabilities, values, advantages,
roblems, and consequences for businesses in general and for
arketing-related initiatives in particular.
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Appendix  A.  Details  of  Our  Approach  to  Counteract  the
Omitted  Variable  Bias

To illustrate the rationale for this approach, consider an exam-
le: Suppose that the true regression model is expressed as Eq.
A1), but we omit the relevant variable X2 and thus fit the model
n Eq. (A2):
n =  β0 +  β1X1n +  β2X2n +  εn (A1)

n =  α0 +  α1X1n +  ϑn (A2)

c

o
“

2,759 34.69%
7,953 100%

In the underspecified model in Eq. (A2), the expected value
(α̂1) of the slope of X1 equals the sum of two quantities:

he true value of the slope β1 that would be obtained from the
egression of the true model in Eq. (A1) and the product of the
rue value of the slope β2 of the omitted variable X2 and the
lope b21 of the auxiliary regression of X2 on X1, or formally:

(̂α1) = β1 +  β2b21 (A3)

here b21 is the slope in the auxiliary regression of X2 on X1.
ere, α̂1 is biased unless β2 and/or b21 equals 0, which would

mply that X2 has no effect on Y or that X1 and X2 are uncorre-
ated. Thus, the first step for determining the bias of an estimate
s examining the correlations between the variables. If we find no
orrelations, the estimate of the corresponding parameter and its
ariance is unbiased; if X1 and X2 are correlated, the estimate
f α̂1 is biased. In this case, the bias can be corrected by fit-
ing two underspecified models from Eq. (A2) and two auxiliary
egressions from Eq. (A4) of X1 on X2, and vice versa:

1 =  b10 +  b12X2 ; X2 =  b20 +  b21X1 (A4)

The slopes b21 and b12 from these auxiliary regressions then
an be substituted into Eq. (A3), which produces a system of
wo equations with two unknowns:

1 =  β1 +  β2b21 ; α̂2 =  β2 +  β1b12 (A5)

This system can be algebraically solved for β1 and β2, pro-
ucing the bias-corrected estimates of the effects of interest:

1 = α̂1 − α̂2b21

1 −  b12b21
; β2 =  α̂2 −  β1b12 (A6)

The next step is to correct the variance estimates for β1 and
2, which is required because the variance estimates are involved

n the calculation of the t-value of Student’s t-test. That is,
iased variance estimates lead to misleading conclusions about
n effect’s significance and confidence limits. To counteract this
ssue, we can recalculate the variance:

ar
(̂
βi

) = σ2

∑
x2
in

VIF  =
∑

ϑ2
n/df∑

x2
in

(
1 −  z2

ij

) (A7)

here VIF  =  1/
(

1 −  z2
ij

)
is the variance inflation factor, and

2
ij is the maximum of the multiple coefficients of determination
f the regression of Xi on the other covariates. However, prior to

ompleting this recalculation, it is necessary to obtain the value

f the residual sum of squares,
∑

ϑ2
n =

∑
(Yn − Ŷ n)

2
, of the

true” OLS model in Eq. (A1). With the bias-corrected values
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f β1 and β2 and the definition of the constant term from Eq.

A8), we can calculate Ŷ n and thereby determine the value of
ϑ2

n:

0 = Ȳ − β̂1X̄1 − β̂2X̄2 (A8)

The number of degrees of freedom for OLS is the number of
ata points minus the number of regressors minus one. It is set to
ne in cases in which there are more predictors than data points,
o avoid an infinite value for the variance. We thus have all the
nformation needed to recalculate var

(
β̂i

)
from Eq. (A7). In the

ext step, the bias-corrected t  -value and confidence limits can
e obtained from their definitions, using bias-corrected variance
stimates. Finally, we test for significance using the corrected t

values. This procedure requires at least three ratings per user
o estimate auxiliary regressions with valid standard errors. For
urther details, see Web Appendix D in Supplementary material.

Appendix  B.  Supplementary  data

Supplementary material related to this article can be
ound, in the online version, at doi:https://doi.org/10.
016/j.jretai.2020.01.001.
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