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Abstract

[Purpose/Significance] Information overload has long been a primary challenge
faced by knowledge workers in the processes of collecting, processing, and creat-
ing knowledge. One consequence of this challenge is the difficulty in recalling the
content details and specific locations of previously used documents, a problem
that recommender systems can help alleviate. By investigating and comparing
the strengths and weaknesses of different recommender systems for this task,
knowledge workers can be better assisted in completing recall tasks.

[Methods/Process| Based on relevant theories, we simulated, implemented, and
tested four different types of recommendation processes in the same scenario
(knowledge retrieval), including Content-Based Recommendation (CBR), Col-
laborative Filtering Recommendation (CFR), Inference Network-Based Recom-
mendation (INR), and Context-Aware Recommendation (CAS). The recommen-
dation effectiveness was compared according to several established metrics (ac-
curacy, context relevance, predictability, diversity).

[Results/Conclusions] The results demonstrate that the aforementioned recom-
mender systems each possess distinct advantages in helping users recall and
retrieve documents, while the context-aware recommender system exhibits su-
perior performance in terms of context relevance and predicting user behavior.
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Abstract: Information overload has long been considered a major barrier for
knowledge workers in the processes of gathering, processing, and producing in-
formation. Omne consequence is the difficulty in recalling previously used doc-
uments, while recommendation systems can alleviate this difficulty. Compar-
ing recommendation efficiencies through representative recommendation mech-
anisms may assist knowledge workers in accomplishing knowledge re-finding
tasks. Based on associated recommendation system theories, this paper presents
a simulation of four different recommendation procedures (CBR, CFR, INR, and
CAS) in a unified experimental scenario (knowledge re-finding). Four evaluation
criteria (precision, context-relevance, action-prediction, diversity) are used to
evaluate and compare the efficiency of corresponding recommendation systems.
Results show that each recommendation procedure has its own advantages in
knowledge re-finding from different perspectives, and CAS has advantages in
both context-relevance and action-prediction.

Keywords: information overload; knowledge re-finding; recommendation sys-
tem; context-awareness

1 Introduction

With the dramatic expansion of the Internet and exponential growth in informa-
tion volume, the information service domain has consistently faced the dilemma
of “information overload.” This dilemma manifests primarily when individuals
or systems receive information exceeding their processing capacity, leading to
system failures [1]. General information retrieval systems developed from re-
trieval theory can “pull” information from massive datasets but cannot mine
effective information based on users’ current or historical behaviors, nor can
they perceive users’ current context for reasonable recommendations. In con-
trast, information recommendation schemes built upon user demand prediction
can better achieve “on-demand customized services” and partially solve the in-
formation overload problem [2].

Currently, recommendation systems combining the following categories of mod-
els (algorithm sets) have achieved relatively mature development: First, filtering-
based models, which primarily target “user preferences for resource items” or the
“user-item” binary relationship for recommendations. These models have been
commercially applied in B2C websites, advertising, news, and entertainment
with obvious effects [3-5]. Second, annotation-based models, which perform se-
mantic optimization and tag description on both ends of the “user-resource”
relationship, enabling machines to recognize semantic information embedded
in user preferences and resources, thereby forming more precise personalized
recommendation solutions [6,7]. Third, inference-based models, which use in-
ference rules or machine learning methods for reasoning and decision-making
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to find satisfactory results in resource networks [8,9]. Fourth, perception-based
models, which incorporate contextual information into original models to im-
prove recommendation effectiveness in ubiquitous scenarios [10-11]. However,
such context-aware recommendation systems remain in development, with few
mature applications [13-14]. Notably, these four categories are not mutually
exclusive; hybrid recommendation systems often combine two or more models
for better performance.

Many scholars have studied information overload in the context of network infor-
mation resource acceptance and utilization, but few have focused on knowledge
re-finding scenarios in daily work [15]. Knowledge workers’ tasks typically in-
clude document writing, programming, data analysis, and text reading, with
frequent switching between these activities causing them to repeatedly consult
previously browsed documents. This often leads to the problem of “knowing
it’s stored somewhere but forgetting its location.” This paper terms this sce-
nario “knowledge re-finding” or “knowledge-assisted memory,” and the associ-
ated problem “knowledge re-finding difficulty.”

Most experienced users struggle to remember content discovered during initial
queries, frequently re-finding information [21]. A Yahoo study based on query
logs showed that 40% of queries attempted to re-find previously retrieved results
[22], while user behavior monitoring experiments revealed even higher propor-
tions (44% [23], 58% [24], 81% [25]). Despite the frequency of such re-finding
behavior, the overall success rate remains below 20% [26], making improvement
of re-finding success a key research question.

)

Researchers initially termed this “information re-finding,” attempting to solve
it through retrieval and recommendation systems. In practice, user-based [27]
and content-based [28] recommendations have shown good performance in in-
formation re-finding scenarios. With the development of personal knowledge
management systems, re-finding has evolved from historical retrieval records
to knowledge that has been personally processed and understood, actively con-
tributing to ongoing creative work [29]. Thus, information re-finding has grad-
ually evolved into knowledge re-finding, placing higher demands on existing
recommendation systems.

2 Related Work
2.1 Knowledge Re-finding

Since 1992 when Goldberg introduced the first recommendation system Tapestry
[30] and 1994 when P. Resnick et al. launched the first automated collaborative
filtering system GroupLens [31], recommendation system research has developed
for over 20 years, forming a relatively independent research direction intersecting
with computer science, information retrieval, behavioral cognition, and manage-
ment science. Although no universally precise definition exists, several explana-
tions have gained wide acceptance: (1) recommendation systems are essentially
information discovery tools [32]; (2) they effectively alleviate information over-
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load [33]; (3) they mine “user-item” binary relationships to establish association
algorithms [34].

Among the four categories mentioned, filtering-based systems are most theo-
retically and practically mature. Numerous scholars have proposed improved
models to address cold-start, sparsity, heterogeneity, and scalability issues [35],
achieving significant commercial success. Annotation-based systems emerged
after 2000 [36], optimizing description mechanisms for either end of the binary
relationship through project ontologies, user attribute tagging, or mass classifi-
cation. Inference-based systems originated from decision support systems. After
2002, increased research in machine learning association rules, topic extraction,
and intelligent decision-making [37] led to mature case-based reasoning and
multi-Agent engine systems, supported by expert knowledge bases for case rec-
ommendation, system integration, and real-time recommendation. Perception-
based systems integrate collected contextual information into recommendation
results, beneficially affecting decision validity and precision. Current context-
aware recommendation research focuses primarily on context fusion [38-40], such
as incorporating location information for movie, advertising, and news recom-
mendations.

However, both non-contextual and context-aware recommendation systems have
traditionally focused on recommendation objects and algorithmic mechanisms
(e.g., product, document, music recommendations) while neglecting specific sce-
narios like knowledge re-finding in document recommendation. As personalized
services become intelligent, optimal recommendation effectiveness requires tai-
loring solutions to specific scenario elements: information platforms, resource
types, user groups, evaluation criteria, and perception capabilities.

3 Experimental Design

To evaluate various recommendation systems’ performance in knowledge re-
finding scenarios and comprehensively analyze their advantages and disadvan-
tages, this paper selected four representative recommendation systems for sim-
ulation. The simulation matched recommendation lists with user needs to ob-
tain measurement data. The basic approach simulated knowledge re-finding by
assigning users a specific task (e.g., browsing documents to write a paper) re-
quiring extensive document consultation. After one time period, a similar task
was assigned (e.g., creating a presentation) that might require previously con-
sulted documents. Recommendation systems needed to recommend potentially
useful documents from the first task during the second task. Effectiveness was
measured by comparing the actual document sequence used in the second task
(or user-selected important documents) with recommendation results from the
first task.

This study employed offline simulation of online environments, isolating recom-
mendation processes for evaluation, offering advantages of high standardization,
data accessibility, and precise assessment.
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The implementation proceeded as follows: The experiment consisted of two peri-
ods, A and B. In period A, users selected one of t topics (t=3 in this experiment)
and were provided with offline search document sets D_t = <d_ {t1}..d_ {tn}>,
pre-classified and placed in directories corresponding to search engines (360 ,
Soso, Sogou, Baidu, Wanfang, CNKI), with each folder containing documents
found by that engine. k users (k=20) each selected a topic and used D(t) to write
an 800+ word article, producing article collection CA = <c_{Al}..c {Ak}>.
System recorded each user’s actual behavior history HA_i during period A as
input for the recommendation system. After period A, each participant subjec-
tively selected 15 important documents MA_ i.

Four weeks later in period B, users were recalled and given only document set
MA__i, requiring them to create a 5-slide formatted presentation using MA_ i,
producing result collection CB = <c_{B1}..c_{Bk}>. Each user’s actual be-
havior history HB_ i was recorded, and after completing period B, each sub-
jectively selected and scored 10 important documents MB_ i (1-5). Contextual
information for periods A and B was recorded using IE-History-View and Key-
logger tools, detailed in Section 4.4. The experimental process is shown in Figure
1 [Figure 1: see original paper].

After simulation, recommendation result set R was obtained based on MA and
non-context-aware models, while R’ was obtained based on MA, HA and context-
aware models. Both were compared with MB for precision and other metrics.

4 Recommendation Models
4.1 Content-Based Recommendation (CBR)

Content-based recommendation systems recommend items similar to those a
user prefers, based on content preference. In knowledge re-finding scenarios, doc-
uments are treated as items, segmented words as item elements, and browsing
duration as user preference. The system analyzes previously browsed document
content to form user preference descriptions, pre-filters current work projects to
form content descriptions, and compares similarities between users and items
for recommendation [41].

The CBR system for knowledge re-finding has two modules: preprocessing and
recommendation. The preprocessing module handles item content through seg-
mentation, feature extraction, indexing, and dimensionality reduction to estab-
lish mathematical or document descriptions content(i). The recommendation
module first uses TF-IDF to calculate element weights, creates user preference
descriptions based on history, then uses a utility function R(u,i) = sim(u, con-
tent(i)) to represent item importance to user u.

The specific process: First, obtain user browsing history, segmentation, and
stop-word removal using IE-History-View and segmentation tools [42]. Then,
using the classic TF-IDF model (to maximally distinguish documents), con-
struct target user u_i’s preference vector for feature word set T = {t_1, t_2,
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vy t_k}asu_i={w_1i, w_2ji, .. w_kii, .., w_|T|,i}, where any document
can be represented by a feature word weight vector. The normalized importance
of feature word t_ k for document d_j is:

W(ty,d,) = TF(t,d,) x log (W) ., (deD) (1)

N

where TF(t_k, d_j) is term frequency, N is total documents, n_k is documents
containing t_k, and T is feature word count. Then, cosine similarity calculates
the re-recommendation process:

iy, d.) = 2k Vs Uy )

(2]
\/Zk Wi \/Zk Wi

where w__{k,j} represents user preference vector weight and document vector
weight. Matrixing this (user-document) yields the recommended document set
based on browsing history; setting thresholds produces recommendation rank-
ings.

4.2 Collaborative Filtering Recommendation (CFR)

Collaborative filtering differs from CBR by being based on target user prefer-
ences versus selection based on other users’ preferences. It operates on Gold-
berg’s 1992 hypothesis: “If a group of users has similar preferences for some
items, their ratings for other related resources will also be similar” [43]. CFR
essentially vectorizes preferences and uses similarity metrics to find k-nearest
neighbors (KNN) for target users/items, predicting rankings to form Top-N
recommendations.

In knowledge re-finding, this resembles a small team’s knowledge sharing: dis-
covering other members’ preferences to re-find needed documents. However,
two problems arise: (1) Using 0/1 rating matrices from MA selections creates
sparsity issues when MA doesn’t intersect with actual browsing history HA, or
when recommendation set R has low overlap with reference sets HB and MB. (2)
Document preferences depend not just on selection but also on actual browsing,
average dwell time, clicks, document type, and user knowledge level.

To address these, this paper combines subjective selection with objective records
to determine preferences, build KNN, and generate recommendations. The ap-
proach: (1) Incorporate browsing dwell time t_u from HA into MA, establish
threshold T (>30sec), de-binary MA, and use extended collaborative methods
[44] to gradually fill sparse matrices until sparsity factor > 0.05. (2) Construct
rating matrices for document sequences MA_ i, where user u’s rating for docu-
ment i is given by formula (3).
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Document similarity is measured using Pearson correlation coefficient for users
who rated both documents i and j:

o Yer, (Bui = Ri)(R,; — R))
sim(i, j) = = = (4)
Ve, Bui = R[5 e, (Rug = Ry

where R; and Rj are average ratings for documents i and j.

Document KNN and comprehensive filtering: For each target document i, search
document set I_1={i’_1,1 2, ..,1'n} in the entire space I where i’ I 1 and
sitmilarity sim(i,i°) is sorted descendingly. Filter I_1 to remove documents not
rated by target user u, keeping only rated sequence I_2. Then predict recom-
mendation degree P{u,i’'} for document i” using:

p R p E Sim(i, ’L'//) X (Ru/,i” — Ri”) (6)
i”u T i’ i T Z |Slm(7l’ 7://)

where I_1 is the nearest neighbor set, R_ {u’,i"} are other users’ ratings, and

R,» is the average rating. The filtering from I 1 to 1 2 is crucial as it ensures

recommended documents exist in user u’s commented /browsed set.

4.3 Inference Network Recommendation (INR)

Bayesian networks, proven efficient approximate inference algorithms over
nearly 30 years, have succeeded in information retrieval, Al, expert systems, and
pattern recognition [45]. Inference network recommendation (INR) models [46]
use Bayesian network structures and conditional probability tables to calculate
node probabilities. For knowledge re-finding, the algorithm captures latent
dependencies between users and documents through behavior records: build
index term occurrence event sequence kl, given prior document observation
probability and conditional term probability, derive posterior query satisfaction
probability.

A Bayesian network BN = <X, A, > is constructed through the inference chain
document observation — index term occurrence — query satisfaction, leveraging
conditional independence. <X,A> represents a directed acyclic graph (DAG),
X denotes node types, A represents potential probabilistic dependencies, and
quantifies dependency degrees via conditional distributions. The open-source
tool Indri combines inference networks with language modeling, supporting
structured queries for effective node estimation [47], making it representative
for probabilistic document recommendation.

Indri uses TF-IDF for document-to-term node inference. Figure 2 [Figure 2:
see original paper| shows Indri’s inference network model, where each node
represents a random event with conditional probability tables describing result
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set probabilities given parent nodes. The system calculates document query
probabilities using prior/conditional probabilities for ranking.

In the experiment, each user’s MA document sequence was input to Indri to
obtain Indri values I, sorted and compared with MA. Results are shown in
Table 1 . Removing the bottom 5 documents (MA_i has 15, MB_i has 10)
yields overlap between recommendation set R and MB__i for evaluation.

Table 1: INR Recommendation Results Sample

User ID T (Indri)

0.325196252
0.041227371
0.01912699
0.018069445
0.011333865
0.011095502
0.008886901
0.007074106
0.006728622
0 0.005564768

= © 00 O Uik Wi

4.4 Context-Aware Recommendation (CAS)

Context-aware recommendation (CAS) differs from CBR/CFR by using context
information HB_ i to determine current user context and applying historical in-
formation HA_ i in recommendation, making results more contextually appropri-
ate. Given knowledge associations, this paper adopts the Spreading Activation
(SA) model [48] for context inference, originally from information retrieval for
term expansion [49]. If two terms co-occur or have semantic association, and
one indexes a document, the other can too. SA builds clear knowledge net-
works, extracts context-relevant information, and enhances memory functions
to reduce information overload [50].

The experiment uses document name keywords as indexing. First, an SA-based
hierarchical model is built (Figure 3 [Figure 3: see original paper|) comprising
event, context, and document layers with distinct functions.

Table 2: Event Data Sample

Event Data Item Example

User Huanlei

Event_ {ID} 201734355T2315454

Location DELLG@file:///C:/Users/DELL/Desktop/Experiment/... /]
Index (Topic) XiaoHong Introduction
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Event Data Item Example
Position/Domain/Click NULL

The event layer contains discrete user events (browsing, clicks) recorded by IE-
History-View, including mouse activities, window titles, URLs. Each opening
event forms an Event Block indexed by document topic, providing data for
context extraction.

Context information is classified into four basic types: location, time, objects,
and activity [20,28]. In knowledge re-finding, context includes time, topic, and
entity (current open document). The context layer builds networks via SA,
while the document layer uses SA to construct inter-document association net-
works, ranking candidates by association strength. WordNet is used to query
index associations. For example, detecting “cancer” topic activates semantically
related “tumor” topic for expanded recommendations.

To prevent over-expansion reducing accuracy, TF-IDF principles constrain SA’s
context-document association strength: recommendation importance is propor-
tional to context frequency within a document but inversely proportional across
documents. Weight calculations between layers are shown in Table 3 .

Table 3: Context Information Weight Calculation

Context Item Weight Calculation

Data/Time Timestamp is unique browsing identifier;
only one document browsed at a time

Entity Probability of object appearing in
document

Location Document storage path is generally unique

Topic Topic expansion weight depends on
occurrence probability

ClickCount Ratio of document clicks to maximum
clicks

Since document matching depends mainly on topic, which determines thematic
scope, context-aware recommendation focuses on context relevance to predict
next document preferences. LDA extracts document topics combined with
browsing records to mark features.

5 Evaluation Metrics

Many scholars have set various evaluation standards for recommendation meth-
ods [52], but most focus only on precision, rarely addressing diversity, pre-
dictability, or real-time performance. Based on knowledge re-finding require-
ments and F. Ricci [2] and M. Sappelli’s [20] four criteria—precision, context
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relevance, prediction, and diversity—this paper selects specific metrics (MAE,
P/R, PQN, F-measure, ROGUE-N [53]) for evaluation.

5.1 Precision

Precision evaluates overlap between recommendation set R and user subjective
needs MB, similar to information retrieval precision. Higher precision reduces
irrelevant document interference. This paper calculates precision P for top-10
ranked documents:

S (RN MBy)

Precision = k: (8)

where k is user count.

5.2 Context Relevance

Context relevance evaluates how well R matches users’ current context, reflect-
ing: (1) continuous matching across context sequences S_i <s_1, .., s_n>;
(2) ability to minimize user attention dispersion [20]; (3) capacity to under-
stand user context. This helps remind users of contextually relevant previously
browsed documents.

The experiment uses a context triple: Context = <time, index, document (cur-
rently open)>, all extractable from HB_i browsing records. The matching
degree between R and context-relevant document set Context is:

(Context.time) - Num, (Context.index)

Context =
Num, (Context)

-sim(documents, R;) (9)

where Num_ i(Context.time) counts R documents opened within time inter-
vals (3min); Num_ i(Context.index) counts R documents from same directory;
sim(documents,R_i) is topic similarity via cosine formula; Num_ i(Context)
counts context occurrences (document opens). A threshold of 0.04 was exper-
imentally determined to ensure successful matching. PQ@QN measures context
relevance quality.

5.3 Prediction

As recommendations aim to remind users what they “will” use rather than what
they “liked,” prediction evaluates whether recommendations effectively forecast
next documents, saving selection time. Period B is divided into three intervals
(10min$x$3), comparing each recommendation set R with documents opened
in subsequent intervals:
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5 Num(RI?) + ¥ Num(R??)
Total comparisons

Prediction = (10)

where Num(R_i"{Tj}) counts overlaps between R and documents opened in
interval Tj. Prediction@1 and Prediction@10 are used.

5.4 Diversity

Task completion involves multi-domain knowledge, making recommendation di-
versity crucial for stimulating creativity. Diversity measures coverage of differ-
ent subdirectories under the same topic. Documents from the same minimal
subdirectory are grouped; groups with $ $2 documents are divided by group
size, then averaged across users.

6 Results

A 20-person volunteer team was organized. Fach user worked on one theme
per experiment, conducted after class time. Simulation experiment 1 was fol-
lowed by experiment 2 four weeks later, recording behavior data and selected
documents for evaluation across four recommendation systems.

6.1 Precision

Table 4 shows precision results. PQ@1 indicates overlap at first position; PQ10
indicates top-10 overlap. CFR and CAS show lower randomness than CBR and
INR because CAS classifies contexts during recommendation, creating relation-
ships between R and context set Context that don’t significantly contribute to
precision. CBR and CFR show the most uneven P@1 to PQ@Q10 distribution—
while performing well at top ranks, quality decays rapidly.

Table 4: Precision Comparison

System P@l P@10

CBR 0.325 0.125
CFR 0.289 0.098
INR 0.301 0.112
CAS 0.267 0.089

6.2 Context Relevance

Table 5 shows context relevance results. Context@1 measures first-item match-
ing; Context@10 measures top-10 matching. CAS scores highest, proving supe-
rior context awareness in knowledge re-finding. The SA model’s context item
calculation strongly correlates with Context@N—removing “click count” signif-
icantly impacts context extraction and relevance.
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Table 5: Context Relevance Comparison

System  Context@l Context@10

CBR 0.690 0.567
CFR 0.369 0.397
INR 0.578 0.401
CAS 0.728 0.583

6.3 Prediction

Table 6 shows CAS performs better in predicting next-period needs. CBR’s
correct next-document prediction remains around 3%; CFR fluctuates more
but is less effective; INR is weakest (<2%); CAS reaches nearly 4% in later
periods. Note that next-period recommendations cannot include current-period
documents, as users often switch between documents without closing them,
making repeated switches unpredictable.

Table 6: Prediction Comparison

System  Prediction@1 Prediction@10

CBR 0.009 0.033
CFR 0.021 0.015
INR 0.012 0.033
CAS 0.027 0.039

6.4 Diversity

Table 7 shows INR and CAS have higher diversity, indicating better adaptation
to context changes, followed by CBR and CFR.

Table 7: Diversity Comparison

System  Diversity

CBR 0.037
CFR 0.041
INR 0.052
CAS 0.048

6.5 Visualization

Figure 4 [Figure 4: see original paper| visualizes matching degree PQ1 to PQ10
across four systems. Results show context-aware systems have greater fluctu-
ation in precision, demonstrating separation between document relevance and
context relevance. CBR’s results depend more on document content, while CAS
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depends more on current context. Increased recommendation list length means
more contexts covered. While CAS has higher context adaptability, its satis-
faction across all contexts decays with list length, unlike CBR and INR. Both
CAS and CBR perform well in preventing system interference.

If the goal is predicting next documents, CAS is optimal because its recom-
mendations directly associate with context-activated documents, an association
stable over time. In this experiment, maximum recommendation list length was
10, providing limited diversity detection. Figure 7 [Figure 7: see original paper]
shows CAS also performs well in diversity, though differences among systems
are modest.

7 Discussion

The four evaluation criteria cover multiple user requirements in knowledge re-
finding. Some standards relate to explicit needs (precision), others to implicit
needs (diversity). For personal/team knowledge management systems, these
results demonstrate effectiveness and provide suggestions for system selection.
However, the highest-scoring system in experiments may not always be optimal.
For example, with concentrated contexts (e.g., health documents all day), CAS
prevents interference. But with dispersed contexts (frequent switching), CAS’s
anti-interference weakens, distracting users.

Thus, the optimal recommendation scheme depends not only on experimental
results but also on current tasks in knowledge re-finding scenarios. Each system
has pros and cons: CBR is simple and reliable but suffers cold-start with new
contexts; INR determines context without external information but may fail
queries (14% of context words in this experiment). In complex scenarios, the
preferred scheme may change even within a day. Task-driven selection and
consistent use are key.

Future work will integrate non-contextual and contextual models, incorporat-
ing emerging models like latent semantic and deep learning models, comparing
performance differences with/without context information, and using activation
spreading to mine context-relevant documents for better applicability analysis
in knowledge re-finding scenarios.
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