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Choice overload
Iyengar & Lepper (2000): a tasting booth with jams…

6 jams 24 jams

Less attractive

30% sales


Higher choice satisfaction

More attractive

3% sales


Lower choice satisfaction



Choice overload
Satisfaction = benefit – cost


Benefit of more options: 
easier to find the right 
option

Cost of more options: 
more comparisons, higher 
potential regret


Is this also true for 
recommendations?


What can we do about it?



Experiment 1
Demonstrating choice overload



Experiment 1

Bollen et al.: “Understanding Choice Overload in 
Recommender Systems”, RecSys 2010


What is the effect of the number of recommendations?

What about the composition of the recommendation list?


Tested with 3 conditions:


- Top 5 (recs: 1 2 3 4 5)


- Top 20 (recs: 1 2 3 4 5 6 7 8 9 … 20)


- Lin 20 (recs: 1 2 3 4 5 99 199 299 399 … 1499)



Top5
Item1
Item2
Item3
Item4
Item5

Top20
Item1
Item2
Item3
Item4
Item5
Item6
Item7
Item8
Item9
Item10
Item11
Item12
Item13
Item14
Item15
Item16
Item17
Item18
Item19
Item20

Lin20
Item1
Item2
Item3
Item4
Item5
Item99
Item199
Item299
Item399
Item499
Item599
Item699
Item799
Item899
Item999
Item1099
Item1199
Item1299
Item1399
Item1499
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Analysis

Bollen et al.: “Understanding Choice Overload in Recommender Systems”, RecSys 2010
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.455 (.211)
p < .05

.181 (.075)
p < .05

.503 (.090)
p < .001

1.151 (.161)
p < .001

.336 (.089)
p < .001

-.417 (.125)
p < .005.205 (.083)

p < .05

.879 (.265)
p < .001

.612 (.220)
p < .01 -.804 (.230)

p < .001

.894 (.287)
p < .005

Structural model

Bollen et al.: “Understanding Choice Overload in Recommender Systems”, RecSys 2010



Diversification
A potential solution?



Diversification
Ziegler et al. (2015): greedy diversification algorithm:


1. Take the Top-50


2. Add the top ranked item to a list


3. Add the item that maximizes a*D + (1-a)*P

D = difference (in terms of genre*) from items already on 
the list

P = predicted rating


4. Repeat step 3 until you have a Top-10



Results
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Figure 3: Intra-list similarity behavior (a) and overlap with original list (b) for increasing ⇥F

though without K-folding. In cooperation with BookCross-
ing, we mailed all eligible users via the community mailing
system, asking them to participate in our online study. Each
mail contained a personal link that would direct the user to
our online survey pages. In order to make sure that only
the users themselves would complete their survey, links con-
tained unique, encrypted access codes.

During the 3-week survey phase, 2, 125 users participated
and completed the study.

5.3.1 Survey Outline and Setup
The survey consisted of several screens that would tell

the prospective participant about this study’s nature and
his task, show all his ratings used for making recommen-
dations, and finally present a top-10 recommendation list,
asking several questions thereafter.

For each book, users could state their interest on a 5-point
rating scale. Scales ranged from “not much” to “very much”,
mapped to values 1 to 4, and o↵ered the user to indicate that
he had already read the book, mapped to value 5. In order to
successfully complete the study, users were not required to
rate all their top-10 recommendations. Neutral values were
assumed for non-votes instead. However, we required users
to answer all further questions, concerning the list as a whole
rather than its single recommendations, before submitting
their results. We embedded those questions we were actually
keen about knowing into ones of lesser importance, in order
to conceal our intentions and not bias users.

The one top-10 recommendation list for each user was cho-
sen among 12 candidate lists, either user-based CF or item-
based with ⇥F 2 {0, 0.3, 0.4, 0.5, 0.7, 0.9} each. We opted for
those 12 instead of all 20 list types in order to acquire enough
users completing the survey for each slot. The assignment
of a specific list to the current user was done dynamically,
at the time of the participant entering the survey, and in
a round-robin fashion. Thus, we could guarantee that the
number of users per list type was roughly identical.

5.3.2 Result Analysis
For the analysis of our inter-subject survey, we were mostly

interested in the following three aspects. First, the average

rating users gave to their 10 single recommendations. We
expected results to roughly align with scores obtained from
precision and recall, owing to the very nature of these met-
rics. Second, we wanted to know if users perceived their list
as well-diversified, asking them to tell whether the lists re-
flected rather a broad or narrow range of their reading inter-
ests. Referring to the intra-list similarity metric, we expected
users’ perceived range of topics, i.e., the list’s diversity, to
increase with increasing ⇥F . Third, we were curious about
the overall satisfaction of users with their recommendation
lists in their entirety, the measure to compare performance.

Both latter-mentioned questions were answered by each
user on a 5-point likert scale, higher scores denoting better
performance, and we averaged the eventual results by the
number of users. Statistical significance of all mean values
was measured by parametric one-factor ANOVA, where p <
0.05 if not indicated otherwise.

5.3.2.1 Single-Vote Averages.
Users perceived recommendations made by user-based CF

systems on average as more accurate than those made by
item-based CF systems, as depicted in Figure 4(a). At each
featured diversification level ⇥F , di↵erences between the two
CF types are statistically significant, p⌧ 0.01.

Moreover, for each algorithm, higher diversification fac-
tors obviously entail lower single-vote average scores, which
confirms our hypothesis stated before. The item-based CF’s
cusp at ⇥F 2 [0.3, 0.5] appears as a notable outlier, op-
posed to the trend, but di↵erences between the 3 means at
⇥F 2 [0.3, 0.5] are not statistically significant, p > 0.15.
Contrarily, di↵erences between all factors ⇥F are significant
for item-based CF, p⌧ 0.01, and for user-based CF, p < 0.1.

Hence, topic diversification negatively correlates with pure
accuracy. Besides, users perceived the performance of user-
based CF as significantly better than item-based CF for all
corresponding levels ⇥F .

5.3.2.2 Covered Range.
Next, we analyzed whether users actually perceived the

variety-augmenting e↵ects caused by topic diversification,
illustrated before through the measurement of intra-list sim-
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Figure 4: Results for single-vote averages (a), covered range of interests (b), and overall satisfaction (c)

ilarity. Users’ reactions to steadily incrementing ⇥F are il-
lustrated in Figure 4(b). First, between both algorithms on
corresponding ⇥F levels, only the di↵erence of means at
⇥F = 0.3 shows statistical significance.

Studying the trend of user-based CF for increasing ⇥F , we
notice that the perceived range of reading interests covered
by users’ recommendation lists also increases. Hereby, the
curve’s first derivative maintains an approximately constant
level, exhibiting slight peaks between ⇥F 2 [0.4, 0.5]. Statis-
tical significance holds for user-based CF between means at
⇥F = 0 and ⇥F > 0.5, and between ⇥F = 0.3 and ⇥F = 0.9.

On the contrary, the item-based curve exhibits a drasti-
cally di↵erent behavior. While soaring at ⇥F = 0.3 to 3.186,
reaching a score almost identical to the user-based CF’s peak
at ⇥F = 0.9, the curve barely rises for ⇥F 2 [0.4, 0.9],
remaining rather stable and showing a slight, though in-
significant, upward trend. Statistical significance was shown
for ⇥F = 0 with respect to all other samples taken from
⇥F 2 [0.3, 0.9]. Hence, our online results do not perfectly
align with findings obtained from o✏ine analysis. While the
intra-list similarity chart in Figure 3 indicates that diversity
increases when increasing ⇥F , the item-based CF chart de-

fies this trend, first soaring then flattening. We conjecture
that the following three factors account for these peculiari-
ties:

• Diversification factor impact. Our o✏ine analysis
of the intra-list similarity already suggested that the
e↵ect of topic diversification on item-based CF is much
stronger than on user-based CF. Thus, the item-based
CF’s user-perceived interest coverage is significantly
higher at ⇥F = 0.3 than the user-based CF’s.

• Human perception. We believe that human percep-
tion can capture the level of diversification inherent
to a list only to some extent. Beyond that point, in-
creasing diversity remains unnoticed. For the appli-
cation scenario at hand, Figure 4 suggests this point
around score value 3.2, reached by user-based CF only
at ⇥F = 0.9, and approximated by item-based CF al-
ready at ⇥F = 0.3.

• Interaction with accuracy. Analyzing results ob-
tained, bear in mind that covered range scores are not
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Figure 4: Results for single-vote averages (a), covered range of interests (b), and overall satisfaction (c)

ilarity. Users’ reactions to steadily incrementing ⇥F are il-
lustrated in Figure 4(b). First, between both algorithms on
corresponding ⇥F levels, only the di↵erence of means at
⇥F = 0.3 shows statistical significance.

Studying the trend of user-based CF for increasing ⇥F , we
notice that the perceived range of reading interests covered
by users’ recommendation lists also increases. Hereby, the
curve’s first derivative maintains an approximately constant
level, exhibiting slight peaks between ⇥F 2 [0.4, 0.5]. Statis-
tical significance holds for user-based CF between means at
⇥F = 0 and ⇥F > 0.5, and between ⇥F = 0.3 and ⇥F = 0.9.

On the contrary, the item-based curve exhibits a drasti-
cally di↵erent behavior. While soaring at ⇥F = 0.3 to 3.186,
reaching a score almost identical to the user-based CF’s peak
at ⇥F = 0.9, the curve barely rises for ⇥F 2 [0.4, 0.9],
remaining rather stable and showing a slight, though in-
significant, upward trend. Statistical significance was shown
for ⇥F = 0 with respect to all other samples taken from
⇥F 2 [0.3, 0.9]. Hence, our online results do not perfectly
align with findings obtained from o✏ine analysis. While the
intra-list similarity chart in Figure 3 indicates that diversity
increases when increasing ⇥F , the item-based CF chart de-

fies this trend, first soaring then flattening. We conjecture
that the following three factors account for these peculiari-
ties:

• Diversification factor impact. Our o✏ine analysis
of the intra-list similarity already suggested that the
e↵ect of topic diversification on item-based CF is much
stronger than on user-based CF. Thus, the item-based
CF’s user-perceived interest coverage is significantly
higher at ⇥F = 0.3 than the user-based CF’s.

• Human perception. We believe that human percep-
tion can capture the level of diversification inherent
to a list only to some extent. Beyond that point, in-
creasing diversity remains unnoticed. For the appli-
cation scenario at hand, Figure 4 suggests this point
around score value 3.2, reached by user-based CF only
at ⇥F = 0.9, and approximated by item-based CF al-
ready at ⇥F = 0.3.

• Interaction with accuracy. Analyzing results ob-
tained, bear in mind that covered range scores are not
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A solution?

Will diversification reduce choice overload?

It depends…


Choice difficulty = choosing among many similar options

Diversification resolves this issue


Trade-off difficulty = comparing options to see which is best

Diversification actually makes this more difficult



Experiment 2
A first look at diversification



Experiment 2

3 x 3 between-subjects experiment


Three “algorithm” conditions

Non-personalized most popular (GMP), nearest neighbor 
CF (kNN), and Matrix Factorization (MF)


Three levels of diversification (Ziegler method)

Low (Top-N), medium (50/50 diversity), high (10/90 
diversity)



Measurement

Perceived recommendation set diversity


Perceived recommendation set accuracy


Choice difficulty


System effectiveness


Choice satisfaction



Structural modelB. P. Knijnenburg et al.
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Fig. 13 The path model constructed for EX2 - Diversification experiment. Please refer to Sect. 4.2.4
“Graphical presentation of SEMs” for interpretation of this figure. The manipulation “diversification” gives
values 0, 1, and 2 to levels “none”, “little” and “lot” respectively. The manipulation of algorithm is rep-
resented by the two rectangles “k-Nearest Neighbors” and “Matrix Factorization”, each tested against the
“generally most popular” recommendations. Figure 14 gives a more insightful presentation of the effects
of our conditions

only for the “generally most popular” algorithm condition, and that the effects of kNN
and MF hold only for the non-diversified condition.

4.8.2 Results

The model shows that non-diversified recommendations provided by the kNN and MF
algorithms are perceived as more accurate than the non-diversified “generally most
popular” (GMP) recommendations (OSA → SSA). Diversified GMP recommenda-
tions are also perceived as more accurate than non-diversified GMP recommendations
(OSA → SSA), even though their predicted rating has been traded off with diversity
(i.e., the predicted rating of the diversified item set is lower). Accurate recommenda-
tions are generally more difficult to choose from (SSA → process-EXP), however,
there is also a direct negative effect of kNN, MF and diversification on choice dif-
ficulty (OSA → process-EXP). Looking at the marginal effects in Fig. 14 (“Choice
difficulty”) we observe that it is less difficult to choose from the recommendations
produced by the high diversification settings and the kNN and MF algorithms (or in
other words: it is mainly the non-diversified generally most popular recommendations
that are difficult to choose from).

Surprisingly, the lack of a direct effect of diversification on perceived diversity sug-
gests that diversified recommendations do not seem to be perceived as more diverse.
Figure 14 (“Perceived recommendation diversity”) gives a possible explanation for
this lack of effect. The relation between manipulated diversity and perceived diversity
is not consistent between the three algorithms. Most notably, two observations differ
strongly from our initial expectations: the kNN algorithm with low diversification
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Knijnenburg et al.: “Explaining the User-Experience of Recommender Systems”, UMUAI 2012



Differences
Experience of recommender systems

Fig. 14 Tendency of marginal (direct and indirect) effects of algorithm and diversification on our subjective
constructs. Error bars indicate ±1 Standard Error. The value of GMP-none is fixed to zero; scales are in
sample standard deviations

provides surprisingly diverse recommendations, and the most diversified “gener-
ally most popular” recommendations are not perceived to be as diverse as they
should be.

In general, more diverse recommendations (in this case perceived diversity) are also
perceived as more accurate (SSA → SSA) and less difficult to choose from (SSA →
process-EXP; see also Willemsen et al. 2011). Users who rate the recommendations
as accurate also perceive the system to be more effective (SSA → system-EXP). The
more effective the system and the easier the choice, the more satisfied participants are
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Latent diversification
Thoroughly testing the effect of diversification



Latent diversification

Can we diversify recommendation lists without the use of 
genres?


Solution: use the latent factors of a Matrix Factorization 
algorithm!



COVER FE ATURE
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vector qi ∈ � f, and each user u is associ-
ated with a vector pu ∈ � f. For a given item 
i, the elements of qi measure the extent to 
which the item possesses those factors, 
positive or negative. For a given user u, 
the elements of pu measure the extent of 
interest the user has in items that are high 
on the corresponding factors, again, posi-
tive or negative. The resulting dot product,  
qi

T pu, captures the interaction between user 
u and item i—the user’s overall interest in 
the item’s characteristics. This approximates 
user u’s rating of item i, which is denoted by 
rui, leading to the estimate 

 
r̂ui  

= qi
T pu. (1) 

The major challenge is computing the map-
ping of each item and user to factor vectors 
qi, pu ∈ � f. After the recommender system 
completes this mapping, it can easily esti-
mate the rating a user will give to any item 
by using Equation 1. 

Such a model is closely related to singular value decom-
position (SVD), a well-established technique for identifying 
latent semantic factors in information retrieval. Applying 
SVD in the collaborative filtering domain requires factoring 
the user-item rating matrix. This often raises difficulties 
due to the high portion of missing values caused by sparse-
ness in the user-item ratings matrix. Conventional SVD is 
undefined when knowledge about the matrix is incom-
plete. Moreover, carelessly addressing only the relatively 
few known entries is highly prone to overfitting. 

Earlier systems relied on imputation to fill in missing 
ratings and make the rating matrix dense.2 However, im-
putation can be very expensive as it significantly increases 
the amount of data. In addition, inaccurate imputation 
might distort the data considerably. Hence, more recent 
works3-6 suggested modeling directly the observed rat-
ings only, while avoiding overfitting through a regularized 
model. To learn the factor vectors (pu and qi), the system 
minimizes the regularized squared error on the set of 
known ratings: 

min
* *,q p ( , )u i �

¤
K

(rui - qi
Tpu)

2 + λ(|| qi ||
2 + || pu ||

2)  (2) 

Here, κ is the set of the (u,i) pairs for which rui is known 
(the training set). 

The system learns the model by fitting the previously 
observed ratings. However, the goal is to generalize those 
previous ratings in a way that predicts future, unknown 
ratings. Thus, the system should avoid overfitting the 
observed data by regularizing the learned parameters, 
whose magnitudes are penalized. The constant λ controls 

recommendation. These methods have become popular in 
recent years by combining good scalability with predictive 
accuracy. In addition, they offer much flexibility for model-
ing various real-life situations. 

Recommender systems rely on different types of 
input data, which are often placed in a matrix with one 
dimension representing users and the other dimension 
representing items of interest. The most convenient data 
is high-quality explicit feedback, which includes explicit 
input by users regarding their interest in products. For 
example, Netflix collects star ratings for movies, and TiVo 
users indicate their preferences for TV shows by pressing 
thumbs-up and thumbs-down buttons. We refer to explicit 
user feedback as ratings. Usually, explicit feedback com-
prises a sparse matrix, since any single user is likely to 
have rated only a small percentage of possible items. 

One strength of matrix factorization is that it allows 
incorporation of additional information. When explicit 
feedback is not available, recommender systems can infer 
user preferences using implicit feedback, which indirectly 
reflects opinion by observing user behavior, including pur-
chase history, browsing history, search patterns, or even 
mouse movements. Implicit feedback usually denotes the 
presence or absence of an event, so it is typically repre-
sented by a densely filled matrix. 

A BASIC MATRIX FACTORIZATION MODEL 
Matrix factorization models map both users and items 

to a joint latent factor space of dimensionality f, such that 
user-item interactions are modeled as inner products in 
that space. Accordingly, each item i is associated with a 
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Day

Ocean’s 11
Sense and
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The Lion King Dumb and
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Figure 2. A simpli!ed illustration of the latent factor approach, which 
characterizes both users and movies using two axes—male versus female 
and serious versus escapist. 
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expect the first set of similar items therefore to require more cognitive effort (and thus cause 
more choice difficulty). However, if the items are too far apart then the increased trade-off 
difficulty may increase the choice difficulty again (cf. Scholten and Sherman’s (2006) U-shaped 
relationship). 

2.3.1 Latent Features in Matrix Factorization 
Matrix factorization models are similar to MAUT in the way that items have higher predicted 
ratings if they score high on (latent) features that an individual user has higher weights for. A 
difference is that in MAUT attributes describe concrete, identifiable properties of choice 
alternatives, while in matrix factorization they describe abstract, ‘latent’ features. Though it is 
hard to ascribe a simple unidimensional meaning to these features (cf. (Graus 2011)), they are 
related to the dimensionality of users’ preferences (Koren et al. (2009) suggest they might 
encompass composite attributes such as ‘escapist’ movies).  Using these latent features in a way 
similar to how attributes are treated in MAUT allows us to construct sets of (about) equally 
attractive items that are either highly diverse (with alternatives that have larger differences on 
latent feature scores, i.e. low density) or more similar (with alternatives that have smaller 
differences on latent feature scores, i.e. high density).  

More specifically, we will construct such sets in the movie domain, for which large existing 
datasets allow us to construct a good matrix factorization model (Bollen et al. 2010).  Our ideal 
goal is to construct sets of movies that differ in diversity, while controlling for attractiveness. 
This means we would like to select a diverse (or non-diverse) set of movies from a hyperplane 
(orthogonal on the user vector) of equally attractive movies, analog to our camera example 

above.  However, as we are bound by existing sets of movies and their vectors, it is in practice 
impossible to select a sufficiently large and diverse set that will have all the movies on exactly 
the same hyperplane. Our requirement to manipulate recommendation set diversity while 
controlling for attractiveness thus requires us to tolerate some variation in item attractiveness. 
This implies that we have to find a small range (Δ𝑅) of predicted ratings that allows us to 
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Figure 2: Latent feature diversification  
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Experiment 3

Within-subjects study: show people lists with low, medium, 
and high diversification (but same accuracy)


Measure for each list: 

Perceived list diversity (should increase with 
diversification)

List attractiveness (should be somewhat similar)

Tradeoff difficulty (should increase with diversification) 

Choice difficulty (should decrease with diversification)



Structural model
Understanding the role of latent feature diversification... 365
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Fig. 5 The SEM fitted for study 1a

significantly higher perceived diversity than the low diversification condition. Higher
perceived diversity subsequently increases the perceived attractiveness of the recom-
mendations. The medium diversification condition also has a direct positive effect on
attractiveness, making medium diversification as attractive as the high diversification
(and both are significantly more attractive than low diversification; see Fig. 6). There
is also a direct effect of expertise, a personal characteristic, on attractiveness, showing
that expert participants report higher perceived attractiveness.

In terms of tradeoff difficulty, we observe that this is significantly (and negatively)
influenced by the high diversification condition, as well as a main effect of strength of
preferences (consistent with the work of Chernev (2003) on ideal point availability).
So both high diversification and a high self-reported strength of preferences cause
people to experience lower tradeoff difficulty. The negative effect of diversification
on tradeoff difficulty goes against the expectation (Scholten and Sherman 2006) that
higher diversification leads to options that encompass larger tradeoffs between the
attributes. Potentially, the high diversification setting of our algorithm does not gen-
erate items that encompass difficult tradeoffs, at least not in the specific domain of
movies.

These constructs together influence the expected choice difficulty experienced by
the user, which goes upwith increased tradeoff difficulty, but goes downwith increased
diversity and attractiveness. The net result of our diversification manipulation on
expected choice difficulty is negative: the higher the diversity of the set, the more
attractive and diverse, and the less difficult participants expect it to be to choose from
the set (the marginal effects in Fig. 6 suggest that choice difficulty decreases almost
linearly with diversification level).

3.3.4 Discussion of study 1a results

The results of study 1a show how expected choice difficulty and tradeoff difficulty
associated with a set of recommendations are influenced by the diversity of the items
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Fig. 6 Marginal effects on perceived diversity, attractiveness, tradeoff difficulty, and expected choice
difficulty for mid and high diversification relative to low diversification. Error bars are one standard error
of the mean

on the underlying latent features. This is a noteworthy result, as it shows that these
latent features have a psychological meaning to the participant, providing support for
our basic assumption that a parallel can be drawn between attribute spaces in regular
decision making domains and the latent features in a matrix factorization space. By
diversifying the items on these latent features, we increase the perceived diversity and
attractiveness of the set, and subsequently reduce expected choice difficulty. Our net
result thus is not a U-shaped relation between diversity and choice difficulty, but rather
a simple downward trend.

Though intuitively one would expect an effect of list length on the perceived diver-
sity or the experienced difficulty, we do not observe such an effect. Given that our
diversification algorithm finds items that are maximally spaced out from each other
on the latent features within a set of options with the same quality (predicted rat-
ings), this might be not very surprising: when all items are good, diversification
helps for both small and large sets. We would thus expect the effect of diversifi-
cation to be roughly equal for different list lengths. Moreover, as the 5 different
list lengths were manipulated between subjects, we have limited statistical power
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Fig. 6 Marginal effects on perceived diversity, attractiveness, tradeoff difficulty, and expected choice
difficulty for mid and high diversification relative to low diversification. Error bars are one standard error
of the mean

on the underlying latent features. This is a noteworthy result, as it shows that these
latent features have a psychological meaning to the participant, providing support for
our basic assumption that a parallel can be drawn between attribute spaces in regular
decision making domains and the latent features in a matrix factorization space. By
diversifying the items on these latent features, we increase the perceived diversity and
attractiveness of the set, and subsequently reduce expected choice difficulty. Our net
result thus is not a U-shaped relation between diversity and choice difficulty, but rather
a simple downward trend.

Though intuitively one would expect an effect of list length on the perceived diver-
sity or the experienced difficulty, we do not observe such an effect. Given that our
diversification algorithm finds items that are maximally spaced out from each other
on the latent features within a set of options with the same quality (predicted rat-
ings), this might be not very surprising: when all items are good, diversification
helps for both small and large sets. We would thus expect the effect of diversifi-
cation to be roughly equal for different list lengths. Moreover, as the 5 different
list lengths were manipulated between subjects, we have limited statistical power
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Experiment 4
Does the result depend on list length?


Between-subjects study: low vs high diversification; list of 5, 
10 or 20 items


Measure for each list: 

Perceived list diversity

List attractiveness

Choice difficulty

Choice satisfaction
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Fig. 8 Marginal effects of our manipulations on the subjective constructs in the SEM model. Error bars
represent 1 standard error from the mean

to be less difficult to choose from. In total, for both low and high diversity, the difficulty
increases monotonically with list length, and we see that difficulty is on its lowest level
for the highly diverse 5-item set (see Fig. 8).

Finally, we investigate the resulting choice satisfaction. There is a direct effect
of set size on satisfaction, showing higher satisfaction with longer lists. However,
satisfaction is also influenced positively by perceived attractiveness and diversity, and
negatively by higher choice difficulty and increased hovers. Note that the effect of
hovers is independent of choice difficulty: the number of hovers increase with list
length, and the more hovers people make the lower their satisfaction. So both the
objective effort (hovers) and cognitive effort (choice difficulty) incurred by longer
lists reduce satisfaction.

The marginal effects on satisfaction (Fig. 8) reveal that 10- and 20-item sets are
perceived as more satisfying than the non-diversified 5-item set, but that there are no
significant differences between the 10- and 20-item sets. The most interesting result is
that the highly diverse 5-item set stands out, because it is perceived to be as satisfying
as the 10- and 20-item sets. Our model also explains why: the diversified 5-item list
excels in terms of perceived diversity and attractiveness, while at the same time being
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Experiment 5

What about comparing diversification to the Top-N?

(no diversification)


Between-subjects study: no (0%) vs medium (30%), high 
(100%) diversification; list of 5 or 20 items
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Fig. 11 Marginal effects of our manipulations on the subjective constructs in the SEM model of study 2.
Error bars represent 1 standard error from the mean

(users are more satisfied when choosing from larger lists) but several opposite negative
effects due to increased effort by means of additional hovers. We calculated the total
effect of list length on choice satisfaction and found that it is essentially zero, as the
total indirect effect (via all indirect paths through hovers and accuracy and difficulty) is
−0.332 (SE= 0.111, p= 0.003), which almost completely negates the direct positive
effect.

As in study 1, we find that perceived diversity positively influences the perceived
attractiveness. This is noteworthy, as the diversified lists have lower predicted ratings.
Perceived diversity is only affected by the level of diversification, not by list length.
It increases linearly with the level of diversification, as can be seen in the marginal
effects plots in Fig. 11. Different from study 1, the perceived diversity does not reduce
difficulty but there is a direct negative effect of the level of diversification on difficulty:
more diversified lists are less difficult to choose from (and the plots in Fig. 11 show
that this effect is mostly driven by the medium diversification condition).

The marginal effects of the model on satisfaction (see Fig. 11) reveal that 20-item
sets are perceived as more satisfying than Top-5-item sets, but that for the 5-item set
choice satisfaction increases with diversity. Consequently, the highly diverse 5-item
set stands out, being just about as satisfactory to choose from as the 20-item set.
These results are especially noteworthy because the Top-N sets in this study have an
advantage in terms of their predicted ratings: they contain items that have a higher
rank, i.e. they are likely more attractive for the user.
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Other ideas
Other things that can be done with diversification



Better interaction
Typical ways to interact with a recommender:


Explicit feedback:


- Rating-based (star rating, thumbs up/thumbs down)


- Attribute-based (attribute selection, attribute weighing)


- Knowledge-based/critiquing (Q&A)


Implicit feedback:


- Browsing (clicks, scrolls, reads)


- Purchasing



Diversity-funnel
General idea: 


- Start with very diverse 
items


- Ask the user to pick one 
among N


- Make recommendations, 
decreasing the diversity


- Ask the user to pick again


- After K rounds, the user 
makes a final decision



Problem

Tested with a movie recommender


Problem: Users tend to pick movies they know


Consequence: The final recommendations are all popular 
movies (low novelty/serendipity)


Tried to test with trailers, but didn’t really work



Ways to diversify

Latent feature diversification 
works well, but difficult to explain


Latent features have no 
intuitive explanation


Idea: diversify based on emotions

Needed: “emotional signature” 
of movies

Can be collected from reviews



Ways to diversify
Interaction idea: Filter 
recommendations by 
emotions


Specify low/high value for 
certain emotions

Allow for the other 
emotions to be as diverse 
as possible


More about this in a few 
weeks!


