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Abstract 
Algorithms frequently manage online advertising markets, align-
ing advertisements with article topics. Our work investigates how 
users perceive the relevance of ads to articles when ads are placed 
using different keyword extraction algorithms, including Large 
Language Models (LLMs), and how transparency about the place-
ment procedure influences these perceptions and behavioral inten-
tions. We conducted an online user experiment (𝑁 = 498) where 
ads are matched with news articles using the keyword extraction 
methods TF-IDF, KeyBERT, and DeepSeek. Results indicate that 
lightweight methods can match advanced LLMs in delivering high 
user-perceived ad-article relevance, which in turn fosters click 
and purchase intentions. However, providing explanations for the 
ad-article placements by displaying extracted keywords reduces 
ad interest and thereby weakens behavioral intentions, while si-
multaneously increasing perceived relevance and moderating al-
gorithm effects. These findings highlight the complex impact of 
transparency-increasing explanations and suggest that algorithmic 
precision metrics must be complemented by user perception and 
intention measures. 
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• Human-centered computing → Empirical studies in HCI; • 
Information systems → Evaluation of retrieval results; On-
line advertising. 
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1 Introduction 
Online advertising is now a dominant economic and cultural force 
that generates vast revenues [22] and influences how people per-
ceive organizations and brands. Behind the scenes, these ads are 
allocated through real-time auctions, where advertisers bid for 
available placements. However, increasing user concerns about 
privacy and ethical issues, such as tracking, manipulation and in-
terruption, have contributed to negative attitudes toward online 
ads (e.g. [26, 74, 80]). These concerns have also prompted a broader 
global trend in advertising regulation and platform governance, 
with transparency requirements increasingly implemented world-
wide, including the General Data Protection Regulation [1] and 
the California Consumer Privacy Act [2]. In turn, these shifts have 
fueled interest in contextual advertising, a privacy-aware approach 
that aligns ads with surrounding media content rather than in-
dividual user profiles. Given the scale and speed at which ad op-
portunities are traded [60], this alignment is typically achieved 
through algorithmic keyword extraction, whereby terms are iden-
tified within content and matched to pre-defined keyword sets to 
guide ad placement. Although this approach mitigates privacy risks, 
the integration of increasingly advanced techniques, such as Large 
Language Models (LLMs), raises new questions about user experi-
ences. In particular, it remains unclear whether more sophisticated 
methods, while enabling finer-grained targeting, are consistent with 
user perceptions or intensify user privacy and ethical concerns. Un-
derstanding how users interpret and evaluate these evolving forms 
of contextual advertising is therefore essential. 

Although modern contextual advertising systems may exploit 
richer semantic signals, keyword-based targeting remains central 
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and effective, particularly in privacy-sensitive and cold-start set-
tings where profiling is infeasible. Its simplicity and interpretabil-
ity make it a meaningful abstraction of contextual advertising for 
exploring user perceptions. Previous evaluations of keyword ex-
traction have largely focused on benchmarking algorithmically 
extracted keywords against gold-standard datasets, emphasizing 
measures such as precision and accuracy (see, e.g., [28, 68]). How-
ever, it remains unclear whether improvements in algorithmic per-
formance translate into meaningful gains in user experience or ad-
vertising effectiveness. For example, little is known about whether 
closer alignment with gold-standard keywords actually leads users 
to perceive ads as more relevant or to report stronger purchase 
intentions. This uncertainty reflects a broader misalignment be-
tween how keyword extraction systems are evaluated and what 
matters in real-world deployment: benchmark improvements at the 
keyword level may not correspond to the true objectives of contex-
tual advertising. If this disconnect persists, increasingly complex 
models may improve benchmark scores but deliver little additional 
value to users. In such cases, they may prioritize sophistication 
over user benefits and produce ads that appear technically capable 
but fail to support positive engagement, trust needs, or informed 
decision-making for users. 

The Digital Services Act [3] requires platforms to disclose “mean-
ingful information about the main parameters” behind each tar-
geted ad. Similar transparency mandates across jurisdictions reflect 
a broader regulatory shift toward explainability and accountabil-
ity in advertising. For keyword-based targeting, this could involve 
revealing the specific keywords that triggered an ad’s placement. 
Yet it remains unclear how such transparency affects users’ per-
ceptions or broader attitudes toward advertising. Without such 
understanding, transparency may resolve one set of concerns while 
inadvertently creating new conflicts between users and advertisers. 

In this paper, we examine how different keyword-extraction 
algorithms and transparency about the matching process influence 
users’ perceptions and behavioral intentions regarding ad-article 
recommendations. Reflecting these aims, our work is guided by the 
following research questions: 

RQ1 How do different keyword extraction methods affect 
users’ perceptions (perceived relevance, perceived congru-
ence) and behavioral intentions (click intention, purchase 
intention) regarding keyword-based ad-article recommenda-
tions? 

RQ2 What is the impact of providing explanations for recom-
mendations, by displaying extracted keywords, on users’ 
perceptions and intentions? 

RQ3 How does providing explanations moderate the effects 
of keyword extraction methods on users’ perceptions and 
intentions? 

RQ4 To what extent do users’ perceptions of relevance and con-
gruence mediate the effects of keyword extraction methods 
on click and purchase intentions? 

To answer these questions, we conducted an online user exper-
iment, comparing the impact of ads matched with news articles 
using keywords extracted by three different algorithms (TF-IDF, 
KeyBERT and DeepSeek), against ads matched using a gold standard 

baseline, in terms of users’ perceptions of relevance and congruence, 
and their click and purchase intentions. 

The paper makes several contributions. First, while industry 
systems continually optimize complicated contextual matching 
strategies, empirical work focusing on user-centered perceptual 
mechanisms in such automated contexts remains limited. Our study 
provides evidence of a misalignment between algorithmic bench-
marking performance and user perceptions. It highlights the ethical 
tension between users’ right to transparency [45, 75] and adver-
tisers’ goal of maximizing purchase intentions, and reveals how 
additional complexity emerges at their intersection. Choosing algo-
rithms with the highest quantitative performance does not guaran-
tee positive user outcomes and may instead result in wasted time, 
money, and effort. Second, we show that explanations of ad place-
ments play a complex role. They increase perceived relevance but 
simultaneously reduce ad liking, which in turn lowers behavioral 
intentions. Moreover, simpler algorithms may produce more nega-
tive user attitudes toward ads when their outputs are made explicit 
through explanations. Third, we offer practical implications for 
system design, showing that algorithm selection and explanation 
design require integrated, user-centered optimization. 

The rest of the paper is organized as follows. We begin with 
the theoretical background, integrating perspectives on contextual 
advertising, keyword extraction, user perception and intention, and 
transparency in algorithmic ad placements. We then introduce our 
study design, present the findings, and conclude with a discussion 
of their implications for advertising practice, transparency policy, 
and algorithm design. 

2 Theoretical background 

2.1 Contextual Advertising and Keyword 
Extraction Methods 

Contextual advertising refers to the strategic placement of ads 
within media environments deemed “relevant”. In practice, rele-
vance is commonly operationalized using keyword-based repre-
sentations of both advertisements and media content. Advertisers 
compete for ad placements through automated auctions, which 
are typically resolved within approximately 100 milliseconds [60]. 
Even smaller platforms may conduct hundreds of thousands of such 
auctions per second, placing strict requirements on the efficiency 
and scalability of the underlying algorithms. For this reason, key-
words are extracted from each article the first time it enters the 
advertising system. This process involves automatically identifying 
the most representative words or phrases in the document. These 
keywords summarize the article’s content and serve as compact 
proxies for the full text, enabling efficient large-scale matching 
without repeated comparisons to complete documents. 

Methods for keyword extraction range from simple statistical 
techniques to advanced LLM-based approaches. This study focuses 
on three representative methods: 

• TF-IDF is one of the oldest yet still widely used keyword 
extraction methods [5, 70]. It is simple and computationally 
efficient, with applications in various domains including ad-
vertising [79]. However, it does not capture semantic mean-
ing, which can lead to ambiguities for polysemous terms. 
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• KeyBERT [34] builds on the pre-trained BERT language 
model [23]. By leveraging embeddings, it captures semantic 
relationships and selects keywords accordingly. That said, 
its performance can vary depending on the characteristics 
of the domain and the degree of fine-tuning applied [64, 69]. 

• DeepSeek V3 [21] is an open-sourced LLM with 671 billion 
parameters, released in 2024. Its performance is comparable 
to leading models such as ChatGPT-4, while being more cost-
efficient to train and deploy. Despite these strengths, it has 
raised concerns similar to other LLMs, such as algorithmic 
discrimination [8, 77]. 

Previous research has shown that simple and lightweight extrac-
tion methods can sometimes outperform more advanced ones in 
user-centered tasks [15, 35]. Nevertheless, only a limited number 
of studies have examined this issue in depth, leaving a gap between 
method development and real-world application. Specifically, [15] 
compares keyword extraction methods using user perceptions but 
focuses solely on keyword quality in news articles, and does not 
consider ads or behavioral outcomes such as clicking intentions. 

2.2 User Perception 
Congruence is a central concept in contextual advertising, often 
framed as relatedness, similarity, or shared annotations [49, 58]. Sim-
ilarly, perceived relevance captures how individuals judge whether 
a source connects to them or supports their needs, goals, or val-
ues [17]. While the concepts are sometimes used interchangeably, 
relevance can be seen as a sub-dimension of congruence [58]. 

Perceived relevance is a central pathway through which ad-
context congruence shapes consumer attention, attitudes, and be-
havioral intentions [17, 42, 72, 76]. In contextual advertising, rele-
vance is multi-layered. At a basic level, it reflects topical fit between 
an ad and adjacent content. More indirectly, relevance can emerge 
through priming, where media contexts activate associations that 
make the advertised product feel timely, useful, or meaningful. 
Priming [66, 78] describes how exposure to one stimulus influences 
the interpretation of subsequent information, often outside con-
scious awareness. Such associations can facilitate ad processing 
and recall, whereas weak or mismatched pairings may create cog-
nitive conflict and sometimes generate negative evaluations. The 
Relevance-Accessibility Model [10] extends these dynamics by ar-
guing that primed associations affect responses only when they 
are perceived as personally relevant to one’s goals or needs, when 
there is interest in the ad. Advertising effects should therefore be 
strongest when contextual cues both heighten accessibility and 
align with consumers’ perceived relevance. 

Prior research generally links congruence and perceived rele-
vance to positive consumer responses [19, 49, 67]. However, evi-
dence is mixed. High congruence does not automatically improve 
effectiveness, and its benefits depend on conditions such as whether 
the ad captures undivided attention [38, 67]. In some contexts, in-
congruent ads may even outperform congruent ones. 

2.3 Behavioral Intention 
Click intention and purchase intention are both behavioral inten-
tions that, in advertising, represent relatively low-cost actions but 

different depths of engagement. Click intention is driven by per-
ceived contextual relevance and cues such as visual design, credibil-
ity signals, and emotional tone [25, 56]. Purchase intention reflects 
a stronger commitment. It is typically explained by attitudes toward 
the product and ad, subjective norms, and perceived behavioral 
control, which together form an intention to buy and can translate 
into actual purchases [6]. 

Dual Process Theory (DPT) and the Elaboration Likelihood 
Model (ELM) offer complementary accounts of how these intentions 
arise. DPT distinguishes between a fast, heuristic mode of thought 
(System 1) and a slower, analytic mode (System 2) [29, 43, 71]. ELM’s 
peripheral and central routes can be understood as domain-specific 
instantiations of these systems [62]. Applied to contextual adver-
tising, these suggest that clicks are more likely to emerge through 
System 1/peripheral processing when an ad feels immediately con-
gruent with surrounding content. Purchase intention, by contrast, 
is more likely to be reinforced through System-2/central processing, 
when users have active goals and engage with substantive evalua-
tive information. Users may therefore click to explore or compare 
options, and develop purchase intention if the message withstands 
more effortful scrutiny. 

Consistent with this view, advertising research often treats clicks 
as an early step in an effects chain leading to purchase. Click in-
tention may function as a precursor that increases the likelihood 
of later purchase intention, or as a mediator between initial per-
ceptions and purchase intention [18, 81]. In contextual settings, 
perceived relevance or congruence tends to strengthen both click 
and purchase intentions, whereas perceived intrusiveness typically 
undermines them. Prior HCI research similarly shows that attitudes, 
decisions, and consumption behaviors reflect the interplay of these 
two processing modes, although debate remains about which mode 
dominates under different conditions [47, 48, 50, 54, 82]. 

2.4 Transparency in Contextual Advertising 
Contextual advertising is typically generated by platform algo-
rithms [27, 44]. Because these systems are often opaque, users lack 
insight into the logic behind contextual placements. This opacity 
can foster perceptions of manipulation, erode trust, and contribute 
to algorithm fatigue, ultimately increasing ad avoidance and reduc-
ing engagement [27, 77]. In response, scholars and practitioners 
have called for greater transparency and clearer explanations of ad 
delivery processes [11, 14]. Platforms have begun experimenting 
with such measures. For example, Meta’s Why Am I Seeing This Ad? 
feature provides brief explanations of how prior interactions guide 
the extraction methods and ad delivery [14, 24]. 

However, transparency does not automatically resolve these 
concerns. On the one hand, consumers generally respond more 
positively when data collection is disclosed and explanations are 
clear [4, 41]. Such explanations can enhance trust by clarifying 
acceptable targeting logic, especially on trusted platforms [44]. On 
the other hand, disclosures may heighten awareness of persuasive 
intent, triggering more critical processing which can result in ad 
avoidance [13]. The impact of transparency also depends on expla-
nation design. They can backfire if too detailed, too personal, or 
too vague [11, 26, 44]. Prior studies show that moderately detailed 
explanations typically yield more favorable evaluations than highly 
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Figure 1: Conceptual model. It illustrates hypothesized im-
pacts and potential (mis)alignments among the central com-
ponents for keyword-based contextual advertising. 

detailed ones [24], and that users tend to prefer interpretable, “non-
creepy” explanations [26]. Thus, although transparency is widely 
advocated, its actual effects remain uncertain. 

The Persuasion Knowledge Model (PKM) offers further theoreti-
cal insight into why transparency in advertising can both help and 
hurt. According to PKM, users interpret and respond to advertising 
attempts based on their understanding of persuasion tactics [30]. 
When explanations reveal targeting logic, users may infer advertis-
ers’ persuasive motives and activate their “persuasion knowledge”, 
shaping perceptions of credibility, fairness and potential manipu-
lation. This recognition can reduce ad effectiveness by triggering 
skepticism or resistance, especially when the persuasive intent is 
perceived as covert or misaligned with user goals [16]. In algorith-
mically delivered contextual advertising, explanations can become a 
key site of user sensemaking. Even simple disclosures can influence 
whether the system is viewed as relevant, trustworthy, or intrusive, 
making transparency ethically consequential. 

2.5 The Conceptual Model 
Based on the research questions and theoretical foundations, Fig-
ure 1 presents the conceptual model guiding our experiment. The 
model hypothesizes that different keyword extraction methods 
shape user-perceived relevance and congruence, which in turn me-
diates their click and purchase intentions. It further conceptualizes 
potential alignments or misalignments between algorithmic per-
formance and user-centered evaluations. In addition, the model 
enables us to explore the potential moderating role of providing 
explanations for keyword-based ad placements, drawing on theory 
that highlights the complex nature of transparency in both activat-
ing users’ persuasion knowledge and supporting their expectations 
for privacy. These hypothesized pathways structure our experimen-
tal design, guide the deployment of the stimulus conditions, and 
inform our analytic approach. 

3 Method 
We conducted a survey-based experiment to investigate partici-
pants’ perceptions of keyword-based ad recommendations under 

different keyword extraction methods. This approach is well-suited 
to our research questions because perceptions of article–ad combi-
nations are inherently subjective and therefore require self-reports 
rather than behavioral data. Moreover, real-world interaction with 
ads is relatively rare, making an observational experiment difficult 
to conduct. In the following section, we describe the participants, 
study design, stimuli, and the experimental procedure involved. 

3.1 Participants 
A total of 505 participants were recruited through the Prolific crowd-
sourcing platform (see Section 3.4 for additional details). This sam-
ple size was chosen to balance survey cost with statistical rigor. 
A power analysis for our exact experimental design is difficult 
to conduct, but an analogous, less powerful design produced an 
upper-bound on the minimum sample size of 430 participants to 
detect significant medium-sized within-subjects effects and within-
between interactions with a statistical power of 0.80. Participation 
was restricted to US participants to reflect the origin of the news 
articles used in the experiment. To ensure anonymity, other than 
basic demographic information (see Table 1), no identifying infor-
mation was collected. The study took an average of 17 minutes to 
complete, and participants were compensated at a rate of at least 
$8.00 per hour, in accordance with the compensation standards 
of Prolific. Participants were randomly assigned to experimental 
conditions, ensuring that any residual variation in ad attitudes or 
preferences was evenly distributed across groups. 

3.2 Study Design 
The participants were asked to evaluate a sequence of webpages, 
each containing a news article paired with an advertisement and a 
set of questions assessing ad-article similarity, perceived relevance, 
and purchase intentions (see Section 3.4.1). The experiment was 
manipulated along three major dimensions: 

• Advertisements (manipulated within-subjects) — We 
designed five ads (see Figure A.1 in Appendix A) spanning 
different topics: vacation services, health supplements, auto-
motive products, contraception, and laxatives. The final two 
categories were intentionally included to examine percep-
tions of sensitive ads in contrast to non-sensitive ones. 

• Keyword extraction methods (randomly assigned per 
ad) — Four methods were used to extract keywords from the 
candidate articles, resulting in a KPTimes Gold Standard base-
line, the frequency-based algorithm TF-IDF, the embedding-
based algorithm KeyBERT, and the large language model 
DeepSeek. Out of these, TF-IDF is arguably the least complex 
and DeepSeek is the most complex. The extracted keywords 
were then used to identify the most suitable news articles 
to pair each ad with. We also included Random as a fifth 
method, where the articles and ads were matched entirely at 
random, without generating or referencing any keywords. 

• Explanation (manipulated between-subjects) — For each 
ad–article recommendation, we varied the presence of expla-
nations by displaying or hiding the keywords used to gener-
ate the recommendation. These explanations revealed only 
the extracted keywords, without disclosing the underlying 
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Table 1: Distribution of the age, gender, and education level reported by participants. 

Age Proportion Gender Proportion Education Level Proportion 

< 18 0.2% Female 49.0% Less than a high school diploma 0.6% 

18 - 29 19.0% Male 49.2% High school diploma or equivalent 21.4% 

30 - 39 26.4% Non-binary 1.2% College degree 38.3% 

40 - 49 22.6% Prefer to self-describe 0.2% Graduate degree 36.1% 

50 - 59 17.1% Prefer not to disclose 0.4% Other 3.0% 

60 - 69 9.1% Prefer not to disclose 0.6% 

> 69 5.4% 

Prefer not to disclose 0.2% 

Note: Demographic information was not available for one participant, and proportions are based on the remaining sample (505 − 1). 

method, and were provided for all recommendations except 
those produced by the Random article selection method. 

3.3 Stimuli 
Ad–article recommendations were generated through a three-step 
process: first, creating keywords for each ad; second, extracting 
keywords for each candidate article using the specified keyword-
extraction methods; and third, identifying the most relevant articles 
for each ad based on keyword similarity. 

3.3.1 Ad keywords. To identify representative keywords for each 
stimulus, three independent evaluators reviewed printed versions 
of the five created advertisements used in the study. Each evaluator 
was asked to select ten keywords that, in their judgment, best cap-
tured the theme in terms of content and message of the respective 
ad. The resulting keywords were then compiled and duplicates 
deleted. The remaining keywords were used as measures of stimu-
lus representation, with each ad having more than ten keywords 
and the number of keywords varied across ads. 

3.3.2 News articles. We used the KPTimes dataset [31], which con-
tains nearly 260,000 English-language news articles on diverse 
topics such as world news, published between 2006 and 2017 by 
the New York Times and Japan Times. To reduce participant fatigue, 
we excluded articles longer than 300 words. From the remaining 
corpus, we pre-selected 1,576 relevant articles based on ad-category 
keywords (i.e., vacation, health, automotive, contraception, and lax-
atives) to limit computational costs. This also avoids the problem 
of data sparsity in ad-article matching. We then added a random 
20% sample from the remaining corpus, yielding a final dataset of 
2,000 articles. The dataset provides metadata and pre-annotated 
keywords for each article, which served as the gold standards for 
evaluating the extraction methods in our study, as well as the key-
word input for the KPTimes Gold Standard baseline condition. Ac-
cording to Gallina et al. [31], these gold standard keywords were 
first generated by algorithms and then revised by human editors. 

3.3.3 Article keywords. Ten keywords were extracted from each 
news article in the final dataset using TF-IDF, KeyBERT and DeepSe-
ek, respectively. To avoid introducing bias, text pre-processing 
was kept to a minimum and limited to the removal of stopwords, 
based on the ROUGE list [32]. In the case of KeyBERT, we used the 

pre-trained model multi-qa-mpnet-base-dot-v11 and extracted 
keywords under a 1-3 gram setting. This setting enables the ex-
traction of not only unigram and bigram keywords but also tri-
gram keyphrases, thereby providing the algorithm with a broader 
selection and allowing for more precise choices. The 1-3 gram set-
ting was also used for TF-IDF. In the case of DeepSeek, we used 
the DeepSeek-V32 API to extract keywords for the articles, with a 
prompt scheme adapted from the KeyLLM project3 . This incurred a 
cost of $1.23 for processing about 565, 000 tokens. For a compari-
son of computing times across these algorithms, see Figure C.1 in 
Appendix C. 

3.3.4 Ad-article matching. For each combination of ad and 
keyword-generation method, we iterated over the articles. For each 
article-method pair, we used Word2Vec [59] to compute cosine 
similarities between the ad keywords and the article keywords 
generated by the given method. The five articles with the highest 
similarity scores were then selected to form the ad–article recom-
mendations for that particular ad and method. Under the Random 
method, five articles were selected entirely at random for each ad, 
without keyword extraction or similarity matching. Altogether, 
this process produced an initial pool of 5 × 5 × 5 (five ads, five 
methods, and five articles) ad–article recommendations for the 
experiment. There are 33 duplicated articles, meaning that more 
than one method selected the same article for a given ad based on 
keyword similarities. These duplicates were retained in the pool 
because each method-ad-article combination represents a distinct 
matching instance. 

3.4 Procedure 
As previously described, we used an online questionnaire to sur-
vey participants’ perceptions of the ad–article recommendations, 
aiming to examine the effects of the experimental manipulations 
and relevant covariates. 

The questionnaires were designed using the Potato [61] annota-
tion tool and consisted of three sections: a demographic questions 
page, the main ad-article recommendation rating pages (see Figure 

1The model has good performance across various NLP tasks, see https://huggingface. 
co/sentence-transformers/multi-qa-mpnet-base-dot-v1
2Also known as DeepSeek Chat 
3See https://maartengr.github.io/KeyBERT/guides/keyllm.html 

https://huggingface.co/sentence-transformers/multi-qa-mpnet-base-dot-v1
https://huggingface.co/sentence-transformers/multi-qa-mpnet-base-dot-v1
https://maartengr.github.io/KeyBERT/guides/keyllm.html
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B.1 in Appendix B for an example), and a feedback page. In the 
ad-article recommendation rating section, each participant was 
randomly assigned five ad-article recommendations from the ini-
tial pool, covering all ads. Each participant rated every ad once, 
but the method that produced the paired article for each ad was 
randomly selected from TF-IDF, KeyBERT, DeepSeek, Gold Stan-
dard, or Random. On each rating page, the ad and article were 
displayed side by side, followed by the survey questions covering 
the aspects described in Section 3.4.1. For simplicity, we refer to 
each ad-article recommendation together with the survey questions 
as an experimental instance. 

We manipulated the presence of keyword-based explanations in 
a between-subjects manner, recruiting 278 participants who evalu-
ated ad-article recommendations without seeing the keywords and 
227 participants who evaluated ad-article pairs where keywords 
were presented below the ad and article. Participants were only 
allowed to take part in the experiment once, and the reduced partic-
ipant sample size for the with-keywords condition was due to the 
fact that the Random method is not keywords-based. Hence, no key-
words could be displayed for this method, meaning that 25 ad-article 
recommendations (five articles per ad) had to be excluded from this 
condition. Finally, seven participants were excluded because their 
responses showed invalid patterns. They provided identical ratings 
for more than 90% of the questions for more than one instance, 
suggesting low-effort or non-attentive responding. Valid ratings 
from 498 participants were included in the final analysis. 

3.4.1 Dependent variables and covariates. The following subjec-
tive constructs were considered, each measured through one or 
more questionnaire items, rated on a 7-point Likert scale ranging 
from “strongly disagree” to “strongly agree”. Guided by theoretical 
foundations (e.g., [9, 27, 38, 49, 57]), the items were developed and 
subsequently refined through expert review. The complete ques-
tionnaire items for these constructs are provided in Appendix D. 

• Interest in the ad was measured with the item: “I find the 
ad interesting”. 

• Interest in the article was measured with the item: “I find 
the article interesting”. 

• Perceived relevance was measured with three items eval-
uating how closely participants perceived the advertised 
products or services to be related to the news articles. 

• Perceived congruence was measured with four items as-
sessing participants’ perceptions of topical similarity be-
tween ads and articles. 

• Click intention was measured with three items evaluating 
how likely participants were to engage with the ad after 
viewing the ad–article pairing. 

• Purchase intention was measured with three items assess-
ing how likely participants were to consider purchasing the 
advertised products or services. 

We conducted a Confirmatory Factor Analysis (CFA) to vali-
date the robustness of these subjective constructs. The CFA was 
conducted using R’s lavaan package, which uses a non-normality 
robust estimator (to account for Likert scale responses) and handles 
the within-subjects study design. By modeling each group of survey 
questions as a latent variable, confirmatory factor analysis assesses 
how well the question captures its corresponding factor (i.e., the 

loadings)[7, 46]. The results revealed a lack of discriminant validity 
due to very strong correlations between perceived relevance and 
perceived congruence (𝑟 = .99, 𝑝 < .001), as well as between click 
intention and purchase intention (𝑟 > .99, 𝑝 < .001). Such high cor-
relations suggest that future studies may benefit from employing a 
more in-depth and fine-grained way of designing the survey ques-
tions. Nonetheless, participants in this study responded with highly 
similar patterns across these closely related constructs. Therefore, 
to mitigate the potential risk of multicollinearity, we combined the 
perceived relevance and perceived congruence into a single latent 
factor perceived relevance, and click intention and purchase inten-
tion into another latent factor behavioral intention. The resulting 
factor model had an adequate4 fit (𝜒 2 (88) = 1406.91, 𝑝 < .001, CFI = 
0.966, TLI = 0.960, RMSEA = 0.078, 90% 𝐶𝐼 : [0.074, 0.081]) and dis-
played both convergent validity (Average Variance Extracted (AVE)
> 0.5) and discriminant validity ( 

√ 
𝐴𝑉 𝐸 > the correlation between 

the factors, which is 0.331). Table D.1 in Appendix D shows the 
final factor loadings and AVEs. 

Two additional observed covariates were included in the final 
analysis: ad selection and matched interests. For each ad–article rec-
ommendation, participants were asked how they thought the ad 
was selected for the article. This single-choice question (“Selected 
by humans”, “I don’t know”, or “Selected by algorithms”) was de-
signed to capture the effect of perceived recommendation source 
on the latent variables. Participants also self-reported their product 
interests via a multi-select question spanning several categories of 
products and services, including “Travel & Experiences”, “Health 
& Wellness”, and “Automotive”. This information, collected prior 
to the ad–article recommendation rating task and independent of 
the ads shown, allowed us to assess whether participants’ personal 
interests aligned with any of the ads they evaluated, and to use this 
alignment as a covariate in our statistical analysis. 

4 Results 
In this section, we first present a Structural Equation Model (SEM) 
to statistically examine the effects of different keyword extraction 
methods on participants’ perceptions and intentions (RQ1), as well 
as the mediation effects between them (RQ4). The model will also 
be used to evaluate the influence of providing explanations on 
participants’ perceptions and intentions (RQ2) and their modera-
tion effects (RQ3). We then provide more targeted interpretations 
for each research question based on the model results. Finally, we 
present the algorithmic performance following the common bench-
marking evaluation procedure. 

4.1 The Structural Equation Model 
We construct the structural equation model by combining the la-
tent variables from our confirmatory factor analysis results with 
the observed covariates and the three main experimental condi-
tions described in Section 3.2, into a structural model. The initial 
structure of the model was guided by our research questions, and 
iteratively updated by removing non-significant effects to produce 

4Theoretically, a well-fitting model is not statistically different from the fully specified 
model (i.e., the p-value of the 𝜒 2 test should be > 0.05), but this statistic is commonly 
regarded as too sensitive [12]. As such, Hu and Bentler proposed cut-off values for the 
alternative fit indices to be: CFI > 0.96, TLI > 0.95, and RMSEA < 0.05, with the upper 
bound of its 90% CI falling below 0.10 based on extensive simulations [37]. 
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Figure 2: The structural equation model for the experimental data. Arrows represent causal effects, with “+” indicating positive 
effects and “-” the negative effects compared to the baselines. Numbers on the arrows represent the 𝛽 coefficients (and standard 
errors) of the effects. “▲” denotes corresponding values given in Table 2. Significance levels: ∗ ∗ ∗𝑝 < .001, ∗ ∗ 𝑝 < .01, ∗𝑝 < 
.05, 𝑛.𝑠 . 𝑝 > .05. 𝑅2 is the proportion of variance explained by the model. 

Table 2: Detailed estimates (𝛽 coefficients, standard errors and significance levels) corresponding to the “▲” indicators in 
Figure 2. 

Perceived Relevance Behavioral Intention Interest in the Ad Interest in the Article 
𝛽 (SE) Sig. 𝛽 (SE) Sig. 𝛽 (SE) Sig. 𝛽 (SE) Sig. 

Methods (vs. Gold Standard) 

TF-IDF 0.725 (0.130) *** –0.087 (0.065) n.s. 
KeyBERT 0.768 (0.115) *** –0.196 (0.064) ** 
DeepSeek 0.357 (0.138) ** –0.141 (0.065) * 
Random –0.105 (0.117) n.s. –0.233 (0.088) ** 

Ads (vs. Ad 1) 

Ad 2 0.182 (0.044) *** –0.026 (0.040) n.s. –0.296 (0.044) *** 
Ad 3 0.403 (0.051) *** 0.120 (0.037) *** –0.019 (0.048) n.s. 
Ad 4 0.512 (0.052) *** –0.131 (0.043) *** –0.188 (0.048) *** 
Ad 5 –0.115 (0.049) * 0.040 (0.041) n.s. –0.491 (0.048) *** 

Note: Interaction effects between Explanation and Methods on perceived relevance are: −0.648(0.132)∗∗∗ for TF-IDF, −0.751(0.132)∗∗∗ 

for KeyBERT, and 0.078(0.156) 𝑛.𝑠 . for DeepSeek, compared to Gold Standard without explanation (See Figure 3a). 

a clear and explainable model. The structural equation modeling 
analysis was also conducted using the lavaan package in R, which 
uses a non-normality robust estimator to account for Likert scale 
responses and handles the within-subjects study design. The final 
SEM model, shown in Figure 2, demonstrates good4 fit to the ex-
perimental data: 𝜒 2 (335) = 1442.32, 𝑝 < .001, CFI = 0.957, TLI = 
0.950, RMSEA = 0.037, 90% 𝐶𝐼 : [0.035, 0.038]. Based on the struc-
tural equation modeling results, the marginal effects across keyword 
extraction methods and explanations on the dependent variables 
are reported in Figure 3. For clarity, the effects of the Gold Standard 
without explanation are normalized to zero, serving as a baseline. 

4.2 The Effect of Keyword Extraction Methods 
on Participants’ Perceptions and Behavioral 
Intentions (RQ1) 

The SEM results show that keyword extraction methods signifi-
cantly impact participants’ perceptions of ad-article recommenda-
tions (𝜒 2 (4) = 80.966, 𝑝 < .001). In the absence of keyword-based 
explanations, recommendations generated by all algorithmic meth-
ods used in our experiments are perceived as more relevant than 
those using gold-standard keywords. Specifically, Figure 3a shows 
that in the “no keywords” condition, KeyBERT (𝑏 = 0.768, 𝑝 < 0.001) 
and TF-IDF (𝑏 = 0.725, 𝑝 < 0.001) achieve the highest relevance 
ratings, followed by DeepSeek (𝑏 = 0.357, 𝑝 = 0.012). In contrast, 
recommendations based on the Random method are perceived as 
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(a) (b) 

(c) (d) 

Figure 3: Marginal effects of keyword extraction methods and explanations on (a) perceived relevance, (b) behavioral intention, 
(c) interests in the ad and (d) interests in the article. The effect of Gold Standard without showing keywords as explanations on 
relevance is set to zero, and the error bars indicate 95% confidence intervals around the estimated marginal effects. 

less relevant than the gold-standard baseline (𝑏 = −0.105, 𝑝 = 0.373). 
These findings indicate that participants’ perceptions of relevance 
are influenced by the choice of keyword extraction methods. 

Interestingly, the model also shows a negative relationship be-
tween keyword methods and participants’ interest in the recom-
mended news articles (𝜒 2 (4) = 12.764, 𝑝 = .01). While the Random 
method (𝑏 = −0.233, 𝑝 = 0.008) results in the largest decrease in 
article interest compared to the gold-standard baseline, both Key-
BERT (𝑏 = −0.196, 𝑝 = 0.002) and DeepSeek (𝑏 = −0.141, 𝑝 = 0.029) 
also result in a significantly lower article interest (TF-IDF has a 
non-significant negative effect: 𝑏 = −0.162, 𝑝 = 0.183). Figure 3d 
provides their marginal effects on the article interest. Furthermore, 
no significant direct causal relationship is found between partic-
ipants’ perception and their interest in the recommended news 
articles. This might suggest that the impact of different keyword 
extraction methods on perceived relevance is largely independent 
of their impact on article interests. 

4.3 The Effect of Providing Explanations on 
Participants’ Perceptions and Behavioral 
Intentions (RQ2) 

In the Gold Standard baseline condition, providing explanations has 
a strong positive effect on participants’ perceived relevance (𝑏 = 
0.789, 𝑝 < 0.001). When participants are shown the gold-standard 

keywords that are used to generate the specific recommendation, 
they evaluate the ad-article pair as more relevant than when no 
such information is provided, arguably because these explanations 
offer an explicit and credible source that helps participants perceive 
the relevance between the ad and news article. 

In contrast, the model reveals that providing explanations neg-
atively affects participants’ click and purchase intentions (𝑏 = 
−0.079, 𝑝 = 0.043). Beyond this direct effect, there is also a me-
diated effect. Providing explanations reduces their interest in the 
ad (𝑏 = −0.367, 𝑝 < 0.001), which in turn has a strong effect on 
their behavioral intentions (𝑏 = 0.793, 𝑝 < 0.001). These direct and 
indirect pathways are sufficiently strong that the mediating role of 
perceived relevance in positively linking explanations to behavioral 
intentions becomes secondary—the total effect of explanation on 
behavioral intention is 𝑏 = −0.303. 

4.4 The Moderation Role of Providing 
Explanations in the Effects of Keyword 
Extraction Methods on Perceptions and 
Behavioral Intentions (RQ3) 

The SEM results also show a significant interaction effect between 
extraction methods and keyword-based explanations (𝜒 2 (3) = 
53.693, 𝑝 < .001). Whereas in the absence of keyword-based ex-
planations, the algorithmic methods perform better than the Gold 



The Impact of Algorithmic Accuracy and Transparency on User Perceptions CHI ’26, April 13–17, 2026, Barcelona, Spain 

Standard in shaping participants’ perceived relevance (see Section 
4.2), the advantage of these methods on perceptions diminishes to 
varying degrees when explanations are provided. Figure 3a shows 
that while providing explanations strongly enhances perceived 
relevance for the Gold Standard (see Section 4.3), this benefit is 
substantially weaker for TF-IDF (difference: 𝑏 = −0.648, 𝑝 < 0.001)5 

and KeyBERT (difference: 𝑏 = −0.751, 𝑝 < 0.001). In these condi-
tions, the effect of keyword-based explanations is negligible, and 
the performance of these algorithms also does not exceed the Gold 
Standard baseline with keyword-based explanations. Only for the 
DeepSeek method do keyword-based explanations show a signifi-
cant positive enhancement comparable to the effect of explanations 
on the baseline method (difference: 𝑏 = 0.078, 𝑝 = 0.619), allow-
ing this method to outperform the baseline even when keyword-
based explanations are shown to the user. These findings suggest 
that some extracted keywords that perform well algorithmically 
in matching ad-article pairs do not always translate into higher 
perceived relevance when directly observed by participants. 

By contrast, there is no significant evidence that providing expla-
nations moderates the effects of methods on behavioral intentions. 
As reported in Sections 4.2 and 4.3, explanations primarily influence 
intentions directly or through participants’ interests in ads, largely 
independent of the method employed. 

4.5 The Mediation Role of Perceived Relevance 
in the Effects of Keyword Extraction 
Methods on Behavioral Intentions (RQ4) 

Although the model does not reveal a significant direct effect 
of keyword extraction methods on participants’ click intention 
and purchase intention, participants’ behavioral intentions are 
found to be positively influenced by their perceived relevance 
(𝑏 = 0.101, 𝑝 < 0.001). This suggests that more relevant ad-article 
recommendations significantly increase participants’ intentions to 
click on or buy the advertised products or services. Correspond-
ingly, the keyword extraction methods indirectly shape intentions 
through their influence on perceived relevance. 

4.6 The Effect of Situational Aspects on 
Participants’ Perceptions and Behavioral 
Intentions 

Beyond keyword extraction methods and explanations, the SEM 
analysis reveals that participants’ perceived relevance and their 
behavioral intentions are also influenced by the type of ads shown. 
Part of these effects is mediated by relative differences in partic-
ipants’ interest in the ad, which has a significant effect on both 
perceived relevance (𝑏 = 0.354, 𝑝 < .001) and on behavioral inten-
tions (𝑏 = 0.793, 𝑝 < 0.001). As these results are not germane to our 
main research questions, we cover their overall implications below: 

Interest in the ad: Participants are most interested in the va-
cation services ad (Ad 1) and the automotive products ad (Ad 
3), followed by the contraception ad (Ad 4) and the health 

5Note that these estimates are interaction effects between providing explanation and 
specific keyword extraction methods. It means that the effect of explanation on TF-IDF 
is lower than it is on the Gold Standard. A more direct marginal effect comparison is 
illustrated in Figure 3. 

supplements ad (Ad 2). They are least interested in the laxa-
tives ad (Ad 5). 

Perceived relevance of the ad to the article: Combining 
the direct and indirect effects, we find that participants see 
the best article matches for the automotive products ad (Ad 
3) and the contraception ad (Ad 4), followed by the vacation 
services ad (Ad 1) and the health supplements ad (Ad 2). The 
laxatives ad (Ad 5) has the least relevant article matches. 

Behavioral intention towards the ad: Again combining the 
direct and indirect effects, we find that participants have 
the highest behavioral intentions toward the automotive ad 
(Ad 3), followed by the vacation ad (Ad 1), then the health 
supplements ad (Ad 2), and finally the contraception ad (Ad 
4) and the laxatives ad (Ad 5). 

The SEM analysis also shows that an apparent match between 
the topic of the ad and the participant’s self-reported interests has 
an effect on their interest in the ad (as expected), their behavioral 
intention toward the ad (as expected), and their interest in the 
article. When the ad matches participants’ self-reported product 
or service interests, they express a significantly higher interest 
in the ad (𝑏 = 0.391, 𝑝 < 0.001), their intentions toward the ad 
increase significantly (𝑏 = 0.078, 𝑝 = 0.034), and so does their 
interest in the news article (𝑏 = 0.259, 𝑝 < 0.001). The latter two 
effects are further strengthened by a mediation effect via ad interest, 
which has a significant impact on both behavioral intention (𝑏 = 
0.793, 𝑝 < 0.001) and article interest (𝑏 = 0.506, 𝑝 < 0.001). The 
fact that matched ad interest has a significant effect on article 
interest is an important finding to justify the core principle behind 
contextual advertising: ads are placed with congruent articles with 
the assumption that users who are interested in a certain product 
or service are more likely to read articles about topics congruent 
with those products and services. 

Finally, participants’ perceptions of how the ad is selected for the 
article have a significant impact on their interest in the article (𝑏 = 
0.247, 𝑝 < 0.001). Specifically, participants perceived the articles as 
more interesting when they believed the articles had been matched 
to ads by algorithms, rather than when they believed the match 
was a non-algorithmic selection. 

These findings reflect the fact that the extraction methods and 
explanation mechanisms only have a small effect on participants’ 
interest in and behavior toward them. The ad itself and whether 
its topic matches the participants’ interests are much more salient 
factors. These effects, as well as the effect of the ad’s topic on 
perceived relevance, should be interpreted in a broader context 
rather than being tied to the specific ads and article dataset used in 
this study. For instance, our ad about laxatives is emblematic of a 
product category that faces inherent challenges in finding closely 
matching articles in the first place, and the user base that would be 
interested in such ads is also smaller. 

Importantly, though, we find that the effect of ads is independent 
from the rest of the model, meaning that the effects of selection 
method and explanation apply across ad domains. Therefore, in the 
following sections, we focus more on the other two manipulations 
(i.e., keyword extraction methods and providing explanations). 
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Table 3: Comparisons of keywords generated by TF-IDF, KeyBERT, and DeepSeek against gold-standard keywords. Metric 
scores for each method are averaged across the combination of their matched articles. 

Keywords Prec.@5 Recall@5 F1@5 Prec.@10 Recall@10 F1@10 Cosine Sim. MRR@10 MAP@10 

TF-IDF 0.091 0.120 0.101 0.065 0.169 0.092 0.874 0.254 0.082 
KeyBERT 0.015 0.020 0.017 0.010 0.025 0.014 0.888 0.035 0.009 
DeepSeek 0.135 0.171 0.144 0.108 0.261 0.147 0.900 0.377 0.135 

Keywords ROUGE 1 ROUGE 2 ROUGE L 

Prec. Recall F1 Prec. Recall F1 Prec. Recall F1 

TF-IDF 0.157 0.241 0.178 0.022 0.035 0.025 0.125 0.199 0.144 
KeyBERT 0.114 0.321 0.161 0.016 0.043 0.022 0.089 0.257 0.126 
DeepSeek 0.239 0.442 0.295 0.079 0.147 0.097 0.187 0.349 0.232 

4.7 Objective Performance 
In this section, we report algorithmic performance relative to the 
gold standard (Table 3), following the benchmarking procedure. 
For a meaningful comparison with participant assessments, the 
evaluation was based on the 125 articles retrieved by the Gold Stan-
dard, TF-IDF, KeyBERT and DeepSeek methods in the experiments 
(see Section 3.3.4), reduced to 92 after removing duplicates. Several 
evaluation metrics were used for the comparison [28, 36]. Results 
are provided for Precision@K, Recall@K and F-score@K, where K 
denotes the number of top-k ranked keywords considered in the 
evaluation. In our case, since all algorithms extracted ten keywords 
per article but the gold-standard sets vary in size, with the majority 
having fewer than ten elements, we evaluate 𝐾 = 5 and 𝐾 = 10. In 
addition, ROUGE 1/2/L [51] are reported to enable a wider compari-
son by measuring overlaps between the extracted and gold-standard 
keywords at different n-gram levels. Specifically, ROUGE 1 and 
ROUGE 2 measure the overlap of unigrams and bigrams between 
the evaluated and gold-standard keyword sets, whereas ROUGE L 
focuses on the longest common subsequence. To complement these 
metrics based on exact matches, cosine similarity is included to 
capture contextual similarities between the baseline and compared 
keywords. We also report Mean Reciprocal Rank (MRR) [53] and 
Mean Average Precision (MAP) [40] to account for ranking in the 
algorithmic keyword extraction, where the former gives higher 
scores to an algorithm that places the first correct keyword higher 
in the ranking, while MAP captures overall ranking quality across 
all correctly extracted keywords. 

Results show that DeepSeek consistently outperforms TF-IDF 
and KeyBERT across all metrics, although the performance gap is 
less pronounced in terms of cosine similarity. Its performance on 
MRR and MAP further indicates that DeepSeek not only excels in 
exact and context matching, but also in ranking the most relevant 
keywords earlier in the set. In contrast, KeyBERT achieves the low-
est scores across most metrics except cosine similarity, suggesting 
that it may be better at capturing semantically related keywords. 
TF-IDF, although not as good as DeepSeek, has a better performance 
than KeyBERT. All three algorithms perform comparably to the gold 
standard in terms of cosine similarity, yet show significant gaps 
on the other metrics. This indicates that while they are relatively 
effective at capturing context-level information, they struggle to re-
produce the specific lexical choices found in the pre-annotated gold 

standards. However, in real-world applications, such as contextual 
advertising, capturing context is more valuable than word-level 
correspondence, as the primary goal is to match relevant content. 

5 Discussion 
In line with our research questions and the conceptual model, the 
SEM results confirm that keyword extraction methods affect partic-
ipants’ perceived relevance of ad-article pairs and that such rele-
vance subsequently influences their behavioral intentions. Going 
beyond our research questions, we note that ad interest is another 
key factor in driving participants’ behavioral intentions toward 
the ads. We discuss a theory-driven explanation of this process in 
Section 5.1. However, we find that the keyword extraction method 
leading to the highest perceived relevance depends on whether key-
words are shown. Without keyword-based explanations, simpler 
extraction methods (TF-IDF and KeyBERT) outperform the more 
complex method (DeepSeek). With keyword-based explanations, 
DeepSeek outperforms all methods. In Section 5.2, we contextualize 
these results with algorithmic performance metrics reported in Sec-
tion 4.7. Moreover, while providing keyword-based explanations 
generally benefits relevance judgments, it harms participants’ in-
tention to engage with the ad, an effect that is largely mediated by 
the ad interest. This naturally raises the question of what triggers 
the decline in ad interests and whether the underlying mechanism 
differs across keyword extraction methods. This issue will be ad-
dressed in Section 5.3. Finally, based on the findings and discussions, 
we provide insights into practical implications for users, future re-
search, and practice in Section 5.4. 

5.1 Effective Ads are Both Relevant and 
Interesting 

Our results suggest that users’ intention to engage with an ad is 
highest when contextual relevance activates ad-related associations 
(i.e., making them more accessible) and these associations align with 
the user’s intrinsic interest. In this way, perceived relevance and 
overall interest jointly drive engagement. When users perceive that 
an ad conceptually aligns with the article, they experience smoother 
processing and higher perceived ad effectiveness. In addition, an 
interesting and well-aligned ad can stimulate curiosity and prompt 
further exploration, as reflected by one participant who noted: “The 
ad made me be curious to read the article”. Rather than ignoring or 
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resisting the ad, users may instead interpret it as an extension of 
the content flow, motivating them to seek more information. 

This observation aligns with prior research on cognitive priming, 
which indicates that contextual stimuli can influence perceptions 
without conscious awareness when they are perceived as concep-
tually related [66, 78]. However, our findings further reveal that 
relevance alone does not determine users’ behavioral intentions. 
Users’ interest in the ad also plays a critical role in shaping purchase 
and click intentions. This suggests that effective advertisements 
operate through two complementary mechanisms: analytical rele-
vance priming and affective interest attractions, which are discussed 
further in Section 5.3. Therefore, optimizing both dimensions is 
essential for fostering positive responses. 

5.2 Misalignment of Algorithmic Performance 
and User Perception 

Precision-based evaluation results in Table 3 indicate that DeepSeek 
consistently outperforms TF-IDF and KeyBERT across automated 
benchmark metrics. However, this superiority does not uniformly 
translate into user perceptions. Under conditions where explana-
tions are not provided, participants rate simpler methods as gener-
ating more relevant ad-article matches than DeepSeek. This mis-
alignment reveals that lightweight methods may be more effective 
for user-oriented tasks without explanations, and further suggests 
that algorithm evaluation should incorporate user perception rather 
than relying exclusively on technical benchmarks. At the same time, 
DeepSeek’s benchmarking advantage is less pronounced on cosine 
similarity than on the other metrics. For this metric, TF-IDF and Key-
BERT achieve performance comparable to the larger-scaled model. 
This context-level effectiveness of the algorithms is supported by 
participants’ ratings. Figure 3a compares different methods against 
the Gold Standard in terms of participants’ perceived ad-article 
relevance. It also contrasts conditions with and without showing 
extracted keywords as explanations. Relative to the baseline, all 
methods except Random improve perceived relevance to varying 
degrees. This pattern also indicates that the Gold Standard may 
not align with participants’ perceptual judgments, complicating 
straightforward interpretations of algorithmic superiority. Interest-
ingly, without explanation, TF-IDF and KeyBERT yield increases 
that are both higher than DeepSeek, despite DeepSeek’s better 
performance on our benchmark evaluation metrics. 

The pattern shifts when explanations are introduced. When key-
words are presented, DeepSeek yields the largest increase in per-
ceived relevance, while TF-IDF and KeyBERT achieve only marginal 
benefits relative to their no-explanation baselines. These findings 
reinforce the observation that while all methods are capable of 
capturing contextual alignment, they differ in their ability to com-
municate or make that alignment perceptible to end users. More 
importantly, the presence of explanations substantially complicates 
interpretations of method effectiveness and user preferences, reveal-
ing dynamics that extend far beyond what benchmark evaluations 
alone can capture. In the absence of explicit keyword explanations, 
the simplest method, TF-IDF, slightly outperforms DeepSeek on 
participants’ perceptions, highlighting its practical value (see Fig-
ure C.1 in Appendix C) despite lower benchmark scores. When 
the extracted keywords are presented, however, DeepSeek shows 

a marked increase in perceived relevance, whereas TF-IDF and 
KeyBERT exhibit no comparable gains. A plausible explanation 
is that simpler methods generate coarser, more mechanically de-
rived keywords that appear less natural or human-like to users 
than those produced by LLMs, even though they effectively capture 
contextual information. These findings underscore how lightweight 
methods can perform well in modeling conceptual relevance but 
fall short in producing extraction-level representation. Therefore, 
rather than weakening our moderation findings, the limited percep-
tual validity of the Gold Standard clarifies their underlying logic: 
explanations amplify relevance that users already recognize, rather 
than uniformly creating it across methods. 

While all the algorithms demonstrate strong context-level effec-
tiveness across varying model scales and complexities, the inclusion 
of explanations shapes how users perceive their outputs. The next 
section examines the multifaceted role of explanations in detail. 

5.3 The Role of Explanations as Dual Activators 
The SEM analysis shows that the inclusion of explanations has 
opposing effects on perceived relevance and behavioral intention 
(see Section 4.4). Figure 3a, Figure 3b and Figure 3c show marginal 
effects across keyword extraction methods and the presence versus 
absence of explanations for perceived relevance, behavioral inten-
tion, and interests in the ad. Providing explanations strengthens the 
perceived connection between the ad and article (i.e., relevance), 
which is typically expected to enhance behavioral intentions (see 
Section 4.5), yet it simultaneously reduces liking for the ad, ulti-
mately lowering click and purchase intentions. 

The DPT and ELM theories [29, 43, 62, 71] can help explain 
these contrasting findings. Consistent with prior HCI research [47, 
48, 50, 54, 82], our findings indicate that both perceived relevance 
and behavioral intention reflect contributions from dual-process 
mechanisms. Via the System 1 route, participants’ ad interest—an 
affective, heuristic-driven response—emerges as a strong driver of 
their intention to engage with an ad. In contrast, judgments of how 
relevant an ad is to the accompanying article appear to rely more on 
System 2 processing, involving deliberate, analytical evaluation of 
the fit between ad and context. In our case, we argue that providing 
explanations functions as a dual activator of System 2 processing: 
(1) explanations offer participants a concrete reference point to 
support relevance-evaluation goals, and (2) explanations interfere 
with the intuitive affect-driven basis of ad interest. 

The latter may be explained by the fact that explanations activate 
participants’ awareness of AI intervention. Figure 4 demonstrates 
that although the majority of the participants already think ads are 
algorithmically selected, this belief becomes more prevalent when 
explanations are available. In other words, explanations make the 
(presumed) algorithmic nature of the ad-article match more appar-
ent. These findings can also be interpreted through the PKM. Based 
on the PKM, such explanations prompt users to “turn on” their 
persuasion knowledge. A “change of meaning” occurs when they 
perceive the explanation as a persuasion tactic and this triggers 
them to reflect on why the tactic is being used, thereby engaging 
more deliberate, System 2 processing. This deeper processing then 
shapes their beliefs and attitudes toward both the advertised prod-
uct and the advertiser. When users detect a persuasion tactic but 



CHI ’26, April 13–17, 2026, Barcelona, Spain Jingwen Cai, Bart Piet Knijnenburg, Johanna Björklund, and Sara Leckner 

Figure 4: Proportion of participants’ responses on Ad Selec-
tion. Shadow bars show the total count of all responses under 
the specific condition (methods × with/without keywords), 
with the relative height to the maximum count (𝑁 = 300). 

judge it to be ineffective, they may question the professionalism 
of the advertiser and the quality of the product. In our case, ex-
planations made participants less interested in the ad, especially 
when they felt the keywords or the recommendation were poor. In 
addition, as the PKM suggests, users develop beliefs about the ap-
propriateness, such as fairness and manipulativeness, of particular 
persuasive tactics. In online advertising contexts, this persuasion 
knowledge may lead users to suspect that their personal data has 
been collected and analyzed to generate these recommendations, 
making them feel unsafe or manipulated, and reducing their ad in-
terests. Similarly, when particular persuasion tactics are recognized, 
users may perceive a threat to their freedom of choice, which fur-
ther harms their attitudes toward the ad. Arguably, this increased 
salience of the algorithm may distract users from the impulsive, 
affective path and redirect them towards more deliberate reasoning. 

Along similar lines, several studies [20, 65] have shown that re-
vealing information about the decision-making system may activate 
users’ situation awareness, which results in poorer outcomes. While 
providing explanations is often expected to enhance transparency, 
users’ trust and perceptions are shaped by more complex mecha-
nisms. As noted before, when participants are informed through 
explanations, a larger share infer that the ad is selected by algo-
rithms (see Figure 4). This suggests that such explanations may 
increase participants’ skepticism and feelings of being manipulated, 
an effect consistent with prior research [52, 63]. 

Although negative effects exist, the role of explanations in foster-
ing long-term trust remains under-explored. In addition, prior work 
has encouraged the design of more user-centric and comprehensive 
explanations [14, 55]. In our study, revealing keywords as expla-
nations is closely related to the recommendation content, thereby 
playing a positive and authoritative role in helping participants 
evaluate relevance. However, because the explanations do not ex-
plicitly clarify that recommendations are independent of personal 
information, participants may have perceived them as personal-
ized targeting, which could have undermined their intention. Since 
contextual advertising is inherently advantageous in protecting 
privacy, more research is needed to determine how explanations 
can be designed to positively shape user perceptions. 

5.4 Practical Implications 
For users, our findings highlight the importance of developing a 
more reflective awareness of contextual advertising. First, perceived 
relevance should not automatically be interpreted as evidence of 
personal profiling. Substantial efforts have been devoted to develop-
ing solutions that address privacy and ethical concerns. However, 
this does not mean that users should uncritically accept such ads. 
Instead, understanding how contextual alignment works allows 
users to make more deliberate judgments about whether an ad truly 
meets their needs or whether its appeal is simply a byproduct of con-
textual relevance, thereby potentially helping mitigate impulsive 
purchases in such situations. Second, enhancing reflective aware-
ness benefits both individuals and society. When opportunities for 
feedback are available, user responses are critical in shaping respon-
sible advertising practices and holding industry parties accountable. 
While advertisers must provide transparent and accessible choices, 
users’ proactive engagement helps guide the ecosystem to greater 
accountability and alignment with public values. 

For researchers, the misalignment observed in our study be-
tween precision-based benchmarking results and user perceptions 
underscores the limitations of relying solely on gold standard bench-
marks to evaluate algorithms. More importantly, the quality and 
provenance of the gold standard itself may further exacerbate this 
misalignment. Although we employed an open-source and well-
known dataset as the Gold Standard, our findings indicate that 
it may exhibit shortcomings. Its broad keyword associations may 
generate matches that appear arbitrary or weakly related from a 
user’s perspective. Some participants expressed dissatisfaction with 
the ad-article matches generated by the Gold Standard in the free-
text feedback box: “They picked up on very broad keywords” (with 
explanations); “Poorly written algorithms, disreputable advertising 
companies” ; and “I believe that the ads were chosen at random”. 

Gold standards are typically constructed using human expert 
annotations, including those applied in this study, but the user 
feedback above indicates that they can still lack contextual rele-
vance from the user’s perspective or fail to reflect real interaction 
dynamics with users. This phenomenon has also been reported 
in previous studies [15, 33]. Specifically, in [15], users were also 
found to evaluate keywords chosen by other users negatively. Con-
sequently, evaluating algorithms exclusively against such bench-
marks risks widening the gap between offline performance and 
user perspectives. Therefore, beyond constructing gold standard 
keyword datasets that better capture semantic nuance, contextual 
meaning, and user expectations, it is also essential to integrate 
complementary evaluation dimensions when assessing algorithms. 
These include user-centered perception and intention measures, 
qualitative feedback, and objective performance indicators, thereby 
enabling a more comprehensive understanding of both algorithms 
and users in AI-driven, user-facing tasks. 

For practitioners and advertisers, and in line with similar re-
search [39, 73], engaging advertisements and appealing products 
are key drivers of purchase intention, and relevance can further 
amplify this effect. Nonetheless, precise targeting should not be 
viewed as the sole determinant. The creative idea, visual appeal, and 
inherent product attractiveness embedded within ads are equally 
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essential. As one participant wrote: “The ads were visually appealing, 
even if I had no interest, I would still want to check them out”. 

More importantly, users’ privacy and ethical concerns should be 
respected. For example, one participant expressed their concerns 
about online ads: “In today’s world, more and more people are learning 
about the dangers of clicking on random ads. They could lead you to 
malicious websites or even track your information...I don’t trust ads...”. 
To address such concerns, advertisers should, for instance, provide 
notifications about data collection or offer explanations regarding 
the ad placement, thereby enhancing transparency and trust. How-
ever, such explanations must be used cautiously. As observed in our 
findings, transparency can be beneficial, but may simultaneously 
reduce user interest in ads and behavioral intentions by activating 
their persuasion knowledge. Therefore, when constructing explana-
tions, advertisers should ensure they are simple, clear, and neutral, 
disclosing neither excessive behind-the-scenes technical details 
that may trigger skepticism, nor ambiguous information that un-
dermines credibility. They must clarify whether personal data is 
being collected or analyzed, aligning with regulatory requirements 
and improving user experience in the long run. 

Furthermore, since explanations may shift users from intuitive 
System 1 processing to more deliberate System 2 reasoning, ex-
planations should foster emotional connection rather than disrupt 
intuitive engagement. At the same time, such emotional connec-
tions must be perceived as positive and beneficial to users, as they 
may otherwise trigger persuasion awareness and elicit defensive 
or hostile responses [24, 26]. This requires reducing uncertainty 
through understandable, contextually relevant rationales; empha-
sizing added value and user-oriented intentions rather than merely 
signaling compliance; and balancing transparency with persuasion 
sensitivity, so as to support user engagement, strengthen trust, and 
ultimately contribute to a more satisfying advertising experience. 

In addition, when selecting keyword extraction methods for ad 
placement, advertisers should adopt a holistic perspective that in-
tegrates the objective aspects of algorithms, resource constraints, 
user perceptions, and the effects of transparency mechanisms. Our 
findings show that although TF-IDF and KeyBERT perform worse 
than DeepSeek on benchmark evaluations, they nevertheless yield 
higher perceived relevance in user judgments when explanations 
are not provided. Moreover, their computational efficiency and ease 
of deployment and maintenance further strengthen their practical 
appeal in real-world settings. However, when keyword-based expla-
nations are introduced, DeepSeek demonstrates clear advantages 
in shaping user perceptions, possibly because it generates more 
relevant, contextually natural, and human-like keyword representa-
tions. This pattern suggests that lightweight methods can be highly 
effective when explanations are absent or when explanations do 
not explicitly expose the model’s internal reasoning. In such cases, 
simpler approaches are sufficient for delivering effective ad-article 
matches, as they are not required to interact with users through 
their surface-level outputs. By contrast, when explanations are 
required or when they become central to system design, more so-
phisticated models are beneficial in retaining user engagement with 
ads and mitigating the negative perceptual effects of explanations. 

6 Limitations and Future Work 
Our study focuses on keyword-based contextual advertising, ab-
stracting away more complex advertising systems. However, our 
main goal was not to replicate real-world environments or demon-
strate system-level performance. Instead, we employed this effec-
tive and widely used strategy as a means of exploring how algo-
rithms and transparency shape user perceptions and intentions, 
and to illustrate the gap between conventional benchmarking and 
user-centered evaluation. Likewise, the keyword-based explana-
tions used in this study also serve as representative illustrations 
rather than full system implementations. Future research could 
incorporate more ecologically grounded architectures, commercial 
pipelines, and diverse explanation formats. 

To focus annotation resources and minimize task fatigue, this 
study is limited to the three mainstream algorithms TF-IDF, Key-
BERT and DeepSeek, which may limit the generalizability of the 
findings. Nonetheless, the methods represent key techniques across 
different algorithmic complexities, and we hope that the prelim-
inary findings of this study will stimulate further research atten-
tion towards practical user experiences in this domain. Although 
DeepSeek is trained on a multilingual corpus, it has demonstrated 
performance comparable to the state-of-the-art models and per-
formed well in our study. While we relied on its API, it remains 
feasible for future research or practices to run the model locally, 
enabling greater transparency and reproducibility. Nonetheless, 
with the rapid development of LLMs, an ever-expanding range of 
models is becoming available. Incorporating more models and com-
paring their impacts would be a promising direction for future work, 
although such exploration was beyond the scope of this study. 

Similarly, we restrict to five ads to maintain participant attention. 
However, the ads cover diverse categories and yield consistent out-
comes. Given that our emphasis is on keyword extraction methods 
and explanations, the ads serve as proxies for broader advertising 
content rather than an exhaustive sample. 

Participants were recruited from the U.S. to match the origin of 
news articles. While our manipulations are not inherently culture-
specific, future work could incorporate cross-cultural samples to 
assess external validity. We did not control for participants’ prior 
attitudes towards ads, which may have affected their judgments, 
although random assignment should have mitigated systematic 
impact. Future work could consider such pre-existing tendencies. 

Finally, participants’ ratings of ad-article relevance without ex-
planations show that, not only do algorithms surpass the Gold 
Standard, but even the Random outperforms the KPTimes Gold 
Standard (see Figure 3a), raising questions about the quality of such 
gold standards. One possible reason is that many sets of the Gold 
Standard contain fewer than ten keywords, which can constrain 
ad-article matching. However, when explanations are available, 
the perceived relevance of the gold-standard condition increased, 
suggesting participants value the displayed keywords. In addition, 
since our algorithms are not trained on these gold-standard key-
words, the main effect we observe on perceptions and intentions, 
and the impact of explanations, appear robust to the quality of the 
gold standard. More broadly, these highlight the gap discussed in 
the paper, that users’ perceptions may not align with typical bench-
mark evaluations against pre-annotated gold standards, particularly 
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when the source is unclear. Future work could compare alternative 
gold standards to gain deeper insights. 

7 Conclusion 
This study investigates how keyword extraction algorithms and 
ad placement transparency shape user perceptions and intentions 
within a controlled contextual advertising scenario. Rather than 
replicating industrial ad-tech pipelines, we abstract the problem to 
a tractable setting. It zooms in on the perceptual mechanisms that 
underpin how users evaluate ad-article relevance and respond to 
explanatory cues, allowing us to surface user-centered dynamics 
that may otherwise be obscured in more complex environments. 

Results indicate that keyword extraction algorithms significantly 
impact users’ perceived relevance of the ad to the article, and this 
perception in turn positively affects intention. Notably, even simple 
algorithms can generate ad-article matches that users perceive as 
sufficiently relevant, although they perform worse in precision-
oriented benchmarking evaluations. These findings highlight the 
long-overlooked gap between automatic benchmarking and user-
centered assessments, suggesting that lightweight methods remain 
attractive in practice for their computational efficiency, ease of 
deployment, and sufficiently good user experience. Meanwhile, 
transparency introduces complex outcomes. Providing explanations 
strengthens perceived relevance, with DeepSeek showing particular 
robustness when explanations are available. However, the presence 
of explanations can also reduce ad interest and intention, reflecting 
their complex role in shaping user engagement. 

While our study does not mirror the full complexity of commer-
cial ad-tech, the perceptual processes revealed here offer insights 
and implications relevant across contexts where users interpret 
contextual ads and explanations. The findings point to the need for 
future interdisciplinary research into different explanation designs 
and their downstream effects on user engagement. Ultimately, al-
gorithmic performance and transparency in real-world advertising 
contexts are not just about precision and accountability, but more 
about aligning with what users truly value in practice. 
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A Advertisements 
The fictitious ads used in the experiments are presented below: 

(a) Ad 1 (b) Ad 2 

(c) Ad 3 (d) Ad 4 (e) Ad 5 

Figure A.1: 
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B An Example of Experimental Instance page 
Here we provide an example of the experimental instance webpage used in our experiments. 

Figure B.1: An example of the instance page with the explanation. 
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C Computing Times 
Here we report the computing times of extracting keywords using TF-IDF, KeyBERT and DeepSeek. To eliminate the influence of caching and 
I/O operations, each algorithm was prepared by five warm-up runs to ensure that the cache and compiler were fully initialized. In addition, 
all runtime measurements exclude document reading and result writing, recording only the core processing time. For DeepSeek, apart 
from the extraction prompt, no explicit instruction was given to discard previous conversation histories; instead, the prompt is regenerated 
for every keyword extraction to ensure a clean context. However, as all three algorithms are executed on a local device using a CPU, the 
processing times may be slower compared to those with GPUs or cloud-based services. 

Figure C.1: Processing time of extracting keywords over 100 epochs, reported in milliseconds. Each grey dot corresponds to the 
time spent on extracting keywords for the same article per epoch. Horizontal orange lines show the average processing time 
across these 100 epochs and the error bars indicate standard deviations. 

D The Results of the Confirmatory Factor Analysis 

Table D.1: Standardized Loadings and Average Variance Extracted (AVE) of factors. Single-item constructs are not included in 
the final CFA. Items denoted with “(R)” represent reverse-worded questions, which load negatively on their respective factors. 

Construct Item Loading 

Interests of the Ad I find the ad interesting. -
Interests of the Article I find the article interesting. -

Perceived Relevance 
AVE: 0.793 

The ad is related to the news article. 0.933 

The news article is related to the ad. 0.945 

The news article and the ad are unrelated. (R) -0.860 

There is a topical similarity between the ad and the news article. 0.920 

The ad fits well with the article. 0.918 

The ad appears to be specifically chosen for this article. 0.878 

The ad appears to be randomly selected. (R) -0.765 

Behavioral Intention 
AVE: 0.746 

Someone like me would be interested in exploring the advertised product or service after seeing 
the ad. 

0.935 

Someone like me would click on the ad to learn more about the product or service. 0.921 

Someone like me is unlikely to click on the ad. (R) -0.702 

Someone like me would consider purchasing the product or service. 0.911 

Someone like me would think the ad is persuasive. 0.784 

The ad appeals to someone like me. 0.902 
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