ChinaRxiv [$X]

AT translation - View original & related papers at
chinarxiv.org/items/chinaxiv-201711.02054

Postprint: Research on Collaborative Filter-
ing Recommendation Algorithms Integrating
Domain Expert Trust and Similarity

Authors: Tan Xueqing, Zhang Lei, Huang Cuicui, Rowling
Date: 2017-11-08T00:00:00+00:00

Abstract

Objective: To leverage the combined advantages of domain expert trust and
similarity to address the limitations of traditional collaborative filtering recom-
mendation algorithms in recommendation accuracy and long-tail item mining.

Method: A dataset from MovieLens with a sparsity of 0.9605, comprising rat-
ing records from 1,102 users with extensive rating histories for 2,920 movies, was
selected. The optimal number of expert users and the recommendation weight
coefficient « value were determined through a phased experimental method, and
algorithm performance was evaluated using comparative analysis.

Results: Experimental results demonstrate that both the accuracy and cov-
erage of recommendation results are influenced by the number of expert users.
When the recommendation weight coefficient is 0.6, recommendation accuracy
significantly outperforms traditional algorithms. Moreover, as the proportion
of expert users increases from 2% to 20%, coverage increases by 0.21, indicat-
ing that the algorithm substantially enhances the recommendation system’ s
capability to mine long-tail items.

Limitations: Potential correlations between different domain categories are
not considered.

Conclusion: The algorithm can effectively overcome data sparsity and the cold-
start problem, significantly improving recommendation quality and accuracy in
recommendation systems.
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3. Combining Domain Expert Trust and Similarity for Col-
laborative Filtering

Empirical studies have demonstrated that incorporating user trust relationships
can significantly alleviate collaborative filtering systems’ inability to make ac-
curate recommendations for new users. However, this body of research has not
adequately addressed the challenges of data sparsity and cold-start problems,
nor has it enhanced the algorithm’ s capacity to mine long-tail items. Previous
work on trust-based collaborative filtering has primarily focused on direct and
indirect, implicit and explicit trust relationships between users, without consid-
ering the influence of domain expert trust or improving the algorithm’ s ability
to uncover long-tail items. We argue that introducing authoritative domain
experts who have contributed numerous reliable ratings in each item domain,
and incorporating expert trust weights into the rating prediction process, can
improve prediction accuracy and facilitate the discovery of long-tail items while
mitigating cold-start issues.

Research on trust-based collaborative filtering includes theoretical discussions,
such as Jgsang et al. [?], who surveyed trust and reputation systems and argued
these should serve as security mechanisms in collaborative filtering. Experimen-
tal studies have also validated trust’ s benefits: Zhang et al. [?] and Wu et al. [?]
introduced indirect trust relationships and community features, demonstrating
significant improvements in recommendation accuracy. Massa et al. [?], Hwang
et al. [?], Moradi et al. [?], and Yu et al. [?] replaced traditional similarity
weights with trust weights, confirming that trust-based collaborative filtering
enhances prediction accuracy and coverage. While these studies affirm trust’ s
value in addressing data sparsity, cold-start, and accuracy issues, they have not
leveraged domain expert trust or improved long-tail item mining.

In addressing data sparsity and cold-start through trust, Du et al. [?] introduced
trust relationships into traditional user-based collaborative filtering, designing
a hybrid trust network combining user prestige and local trust to optimize spar-
sity. Jamali et al. [?] proposed the TrustWalker model, which outperformed
both trust-based and standard collaborative filtering methods on the Epinions
dataset. Chen et al. [?] used trust and distrust networks to identify reliable
users, optimizing cold-start problems. Bedi et al. [?] integrated dynamic trust
and optimal neighbor selection via ant colony optimization. Lai et al. [?] es-
tablished a hybrid personal trust model using rating trust models and explicit
trust criteria. Jing et al. [?] proposed an expert trust-prioritized collaborative
filtering algorithm, demonstrating superior accuracy over traditional nearest-
neighbor methods. These studies verified trust’ s effectiveness against sparsity
and cold-start but did not address long-tail mining. Victor et al. [?] identified
three key social network figures—knowledgeable experts, socially central connec-
tors, and prolific raters—and experimentally confirmed their ability to improve
recommendation effectiveness.
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We therefore propose applying expert user influence from social networks to the
recommendation process. By calculating user similarity within domains and
combining domain experts with similar users for recommendations, we present
the Expert Trust and Similarity Collaborative Filtering (ETS-CF) algorithm.
Figure 1 [Figure 1: see original paper] compares this approach with user-based
collaborative filtering.

3.1 Identifying Domain Expert Users

In real life, expert opinions strongly influence decision-making. If we classify
social network populations as leaders (expert users) and followers, followers
tend to accept leaders’ viewpoints due to their high trustworthiness and signif-
icant impact on follower preferences. In collaborative filtering systems, we can
identify experts based on both the quantity and quality of their ratings—higher
values increase expert likelihood. Within a domain, we first identify users with
numerous rating records, then calculate each user’ s rating accuracy.

To evaluate rating accuracy for each score user u gives to item ¢ in domain =,
we propose the following formula based on Billsus et al. [?]:

Pr(u)1

where 7, ; is user «’ s rating for item ¢, avgR is item ¢’ s average rating, and r is
the maximum rating for item ¢. For avgR calculation, we first eliminate ratings
that deviate significantly from the mean. Based on Jing et al. [?], we propose:

Expert influence can be measured through cumulative rating accuracy. Building
on Billsus et al. [?] and Jing et al. [?], we propose the cumulative rating accuracy
formula:

Pr (u)

where M, ., is the maximum number of ratings by any user in domain z, and

M is the total number of items rated by user w in domain x.

3.2 Domain-Based User Similarity Calculation

We classify items co-rated by users into domains and calculate similarity be-
tween two users based on different domains. Drawing on Pearson correlation
coefficients [?] and Breese et al. [?], we propose the domain-based similarity
formula:

sim (u, v) R )(r

where [ is the set of items co-rated by users v and v in domain z, r,, ; is user «’
s rating for item ¢, up is user w’ s average rating in domain z, and vy is defined
similarly.
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3.3 Recommendation Algorithm Based on Domain Expert Trust and
Similarity

During rating prediction, we first distinguish between expert user and similar
user sets, then combine their recommendations. When selecting nearest neigh-
bors for target users, we include both domain experts and domain-similar users.
Using Best-k neighbor techniques, we select the top k users with highest trust
as experts and the top n users with highest similarity values as similar users.
Figure 2 [Figure 2: see original paper] illustrates this recommendation process.

Different algorithms apply to cold-start versus non-cold-start users:

(1) Cold-start users: With no or minimal rating history, user interest do-
mains are unknown. We recommend suggestions from domain experts.
Based on Ahn [?], we propose:

P (i) Pr (u) Pr (u) vP (i)

where vP(4) is user v" s predicted rating for item ¢ in domain x, zPr(u) is expert
user v’ s trustworthiness in domain x, k is the number of experts in domain x,
and r, ; is expert w’ s rating for item .

u,t

(2) Non-cold-start users: We recommend items by combining expert opin-
ions and similar users within domains. Based on Ahn [?], we propose:

P (i) R Pr (u) Pr (u) sim (u, v) sim (u, v)

where up, is user w’ s average rating in domain x, sim(u,v) is similarity between
users u and v in domain x, and « balances expert and similar user rating weights.

4. Experiments
4.1 Dataset Collection and Preparation

We evaluated our algorithm using the MovieLens dataset from GroupLens. We
used the medium-sized dataset, extracted a subset, and densified it. The final
dataset comprised 126,784 movie ratings from 1,102 active users on 2,920 movies,
using a 5-point scale with sparsity 0.9605. Observing download patterns and
sales data reveals that while popular items attract most users, even unpopular
items have some admirers—this long-tail distribution also exists in MovieLens.
Effectively mining these long-tail items is crucial for recommendation systems.

4.2 Evaluation Metrics

We employed rating accuracy and recommendation coverage to evaluate perfor-
mance. For accuracy, we used Mean Absolute Error (MAE). Let I, be the test

set user collection, R, ; be the actual rating, and ]A%m be the predicted rating
from the training set. The MAE formula is [?, ?:

uil
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We also evaluated coverage to assess long-tail mining effectiveness. Higher cov-
erage indicates better recommendation of lesser-known but valuable items. The
coverage formula [?] is:

Coverage R(u) | | T |

Coverage represents the proportion of items appearing in final recommendation
lists relative to the total item collection. When nearly all items are recommended
to at least one user, coverage approaches 100%.

4.3 Experimental Steps

Due to constraints, we conducted offline experiments using movie categories as
domains. The steps were:

(1) Randomly split the densified MovieLens dataset into M folds (M = 10),
using one fold for testing and M — 1 for training. We performed 10-fold
cross-validation, repeated five times with different random splits, averag-
ing results to prevent overfitting.

(2) Identify experts per movie category. Using MovieLens training data,
we categorized rating records from movies.dat into 18 domains (Action,
Drama, Children, Adventure, etc.). For each domain, we sorted users
by rating count, calculated rating accuracy (expert trust), and selected
the top k most professional experts, using their trust values as prediction
weights.

(3) Calculate user similarity. We built behavior record tables between items
and users per category, counting users who rated each movie. This pro-
duced comprehensive tables of co-rated items for all user pairs within each
domain.

(4) Record expert users and their trust values per domain, along with pairwise
user similarities. Recommend N items liked by domain experts and most
similar users (sorted by rating). When no similar users exist in a domain,
recommend expert-suggested items.

(5) Evaluate each recommendation by calculating system accuracy and cover-
age.

The validation comprised three phases: Phase 1 determined the optimal k& for
user-based CF; Phase 2 fixed k and identified optimal expert count and « via
MAE curves; Phase 3 measured expert count’ s impact on coverage.

We compared three algorithms: traditional user-based CF (USER-CF), expert
trust-prioritized CF (EPT-CF), and our ETS-CF.
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5. Experimental Results
5.1 Results
(1) Traditional USER-CF and Determining k

We evaluated USER-CF on MovieLens. The algorithm requires selecting k near-
est neighbors for each user, then recommending N items (fixed at 10). Testing
k values of 10, 20, 30, 40, and 50 yielded the results in Table 1 and Figure 3
[Figure 3: see original paper].

Table 1 shows that MAE decreases (accuracy increases) with larger k, while
coverage decreases because users only trust most-similar neighbors, reducing
recommended items and long-tail mining capability. k& = 30 offered optimal
performance balancing accuracy and coverage.

(2) Expert Count and o« Impact on Accuracy

We selected varying numbers of experts per domain by thresholding expert trust
values. In the Action domain, trust values ranged from 0.01 to 0.803, with
approximately 58% below 0.1, 18% in [0.1, 0.2), and 20% above 0.2—following
Pareto distribution.

Fixing similar neighbors at 30 and recommendation length at 10, we varied
expert ratios from 2% to 20% and tested « values of 0.2, 0.4, 0.6, and 0.8 (Table 2
, Figure 5 [Figure 5: see original paper]). MAE decreased significantly as experts
increased, but rose slightly beyond 14% due to lower-trust experts degrading
predictions. « = 0.6 proved optimal—over-reliance on experts ignores personal
preferences, while underweighting them reduces their influence, particularly for
cold-start users.

(3) Expert Count Impact on Coverage

With o = 0.6, k = 30, and N = 10, we varied expert ratios from 2% to 20%.
Table 3 and Figure 6 [Figure 6: see original paper| show coverage increasing with
expert count. Unlike USER-CF, which only recommends highly-rated items
from similar users, expert users can recommend unpopular yet classic, high-
value films, enhancing diversity and long-tail discovery.

5.2 Algorithm Comparison

We compared USER-CF, EPT-CF, and ETS-CF using o = 0.6 and varying k
(Table 4 , Figure 7 [Figure 7: see original paper|). ETS-CF counsistently achieved
the lowest MAE, particularly with few neighbors, because expert opinions pro-
vide reliable recommendations even when similar users are scarce.

Our ETS-CF algorithm effectively addresses data sparsity and cold-start prob-
lems while significantly improving recommendation quality and accuracy. How-
ever, limitations remain: the algorithm is domain-category based and doesn’
t consider cross-domain correlations, limiting cross-domain recommendations.
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Additionally, without expert participation during initial deployment, the algo-
rithm cannot solve cold-start problems fundamentally.

Future research will explore incorporating contextual factors (time, location) to
meet growing demand for affective computing, and optimizing scalability and
complexity for real-world datasets far larger than MovieLens.
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