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Abstract
Evaluating the effectiveness of internet advertising is a core issue in online mar-
keting; however, existing evaluation methods suffer from problems such as single
information source, undifferentiated assumption, and global assumption, pos-
ing significant challenges to the evaluation of internet advertising effectiveness.
Finding a novel evaluation metric for measuring internet advertising effective-
ness has become an urgent task. First, we innovatively propose the concept
of impression space as a more effective metric for evaluating web advertising
effectiveness, to address the problem of single information source. Second, we
analyze the influence of user characteristics such as user type, behavior patterns,
and behavioral processes on internet advertising effectiveness evaluation crite-
ria, eliminating evaluation bias caused by the undifferentiated user assumption.
Third, we introduce locality features of web pages, analyzing factors such as page
layout and relevance between advertisements and page content to their impact
on internet advertising effectiveness, thereby eliminating the global assumption.
Finally, we construct an impression space model based on multimodal features
to predict internet advertising effectiveness. Experimental results demonstrate
that the proposed impression space significantly improves the accuracy of in-
ternet advertising quality evaluation, reaching 92.4%. Moreover, the prediction
results of the impression space model are not only more accurate and scientific,
but also exhibit significant interpretability.
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Abstract: Internet advertising effectiveness evaluation is the core issue of on-
line marketing. However, current evaluation methods suffer from problems such
as single information sources, undifferentiated assumptions, and global assump-
tions, posing significant challenges to accurate assessment. Finding a new eval-
uation metric for Internet advertising effectiveness has become an urgent task.
This paper first innovatively proposes the concept of impression space as a more
effective metric for webpage advertising effectiveness evaluation to address the
single information source problem. Second, it analyzes how user types, behav-
ioral patterns, and behavioral processes affect evaluation criteria, eliminating
biases caused by undifferentiated user assumptions. Third, it introduces lo-
cal webpage features to analyze how page layout and advertisement-content
relevance influence advertising effectiveness, thereby eliminating global assump-
tions. Finally, it constructs a multimodal feature-based impression space model
to predict Internet advertising effectiveness. Experimental results demonstrate
that the proposed impression space significantly improves evaluation accuracy
to 92.4%. Moreover, the impression space model’s predictions are not only
more accurate and scientific but also exhibit clear interpretability.

Keywords: impression space; user behavior; area of interest; Internet advertis-
ing effectiveness

0 Introduction
Internet advertising, as a product of the Internet era, represents marketing in-
formation disseminated through network services. With its strong interactivity,
broad reach, and flexible timeliness, it has become an essential component of
modern advertising media. Recent research indicates that Internet advertising
in the new media technology era has permeated all aspects of contemporary
social life. The goals of Internet advertising are to improve advertisers’return
on investment, enhance user experience, and achieve multi-win outcomes across
the industry chain. The key to achieving these objectives lies in more precise
ad placement, which fundamentally depends on accurately evaluating advertis-
ing effectiveness. Current evaluation methods face significant challenges due to
three main problems: single information sources, undifferentiated assumptions,
and global assumptions.

First, existing Internet advertising effectiveness metrics are simplistic, primarily
relying on click-through rate (CTR) and conversion rate. CTR’s major drawback
is its failure to capture ads that users may notice but do not click. Conversion
rate, meanwhile, conflates webpage browsing with ad browsing.

Second, current evaluations ignore user differences, considering only active user
behaviors. In reality, variations in user types, thinking patterns, and browsing
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habits substantially impact advertising effectiveness.

Third, evaluations operate under a global assumption, assessing advertising ef-
fectiveness across entire webpages without considering fine-grained differences
such as ad placement and advertisement-content relevance.

This paper argues that webpage advertising effectiveness is determined by multi-
ple factors beyond the ad itself, including user type, psychological characteristics,
page layout, and browsing trajectories. Therefore, we propose impression space
as an evaluation standard for online advertising effectiveness and implement a
corresponding evaluation method. The main contributions are:

a) To address the single information source problem, we innovatively propose
the concept of impression space as a more effective webpage advertising
effectiveness metric.

b) To counter undifferentiated user assumptions, we analyze how user types,
behavioral patterns, and behavioral processes affect evaluation criteria,
eliminating resulting biases.

c) To eliminate global assumptions, we introduce local webpage features to
analyze how page layout and advertisement-content relevance influence
advertising effectiveness.

d) Based on the above, we construct a multimodal feature-based impression
space model to predict Internet advertising effectiveness, yielding more
accurate, scientific, and interpretable results.

1 Related Work
Compared to traditional mass media advertising, Internet advertising offers
broader coverage, stronger interactivity, and lower costs, playing a pivotal role
in online marketing systems. Consequently, Internet advertising research has
attracted increasing attention.

Currently, click-through rate serves as the primary evaluation metric for Internet
advertising effectiveness. Notable click models include the Location-based Click
Model (LCM) [?], Vertical-aware Click Model (VCM) [?], Temporal Click Model
(TCM) [?], and mathematically-based click models. LCM verifies that users’
browsing sequence aligns with search result positions. VCM demonstrates that
different vertical search results significantly affect user gaze behavior, accurately
reflecting user attention patterns. TCM describes users’non-sequential clicking
behavior, indicating that browsing may be non-ordered. Among mathematically-
based models, Shan et al. [?] utilized factorization of fully coupled interaction
tensors to predict CTR. Wang et al. [?] employed a Partially Observable Markov
(POM) model to predict click sequences, mathematically proving the model’s
accuracy to some extent. However, these studies focus solely on active user
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behaviors, neglecting unconscious behaviors during browsing, resulting in in-
complete feedback on users’true intentions and biased advertising effectiveness
evaluations.

With the maturation of deep learning architectures, Qu et al. [?] proposed a
Product-based Neural Network (PNN) model by introducing a product layer
between embedding and fully connected layers. To better address feature combi-
nation issues, Shan et al. [?] proposed a Deep Crossing model that automatically
combines features. These methods can be summarized as using deep network
architectures to automatically learn data features and enhance data represen-
tation capabilities. Although deep networks can effectively utilize structured
neural network models to adapt to complex nonlinear relationships in advertis-
ing datasets, they ignore users’actual feedback in click prediction, compelling
researchers to seek metrics beyond CTR for more accurate Internet advertising
effectiveness evaluation.

Consequently, a series of advanced Internet advertising effectiveness evaluation
methods have emerged. Zhao et al. [?] applied the entropy-weighted double-base
point method to evaluate Internet advertising effectiveness, effectively solving
information bias problems. Deng et al. [?] combined reach rate with CTR to
evaluate effectiveness through effective reach rate representing audience ratios.
Lyu et al. [?] studied Internet advertising effectiveness through user browsing
patterns, while Chen et al. [?] analyzed user-ad interaction behaviors, summa-
rizing advertising effects associated with popular terms. Despite their respective
focuses, these studies struggle to define a comprehensive metric for actual ad-
vertising effectiveness. Subsequently, Hu et al. [?] proposed using memorability
and interest to measure effectiveness, but ignored differences in how users re-
ceive, store, transform, extract, and utilize advertisements. Wedel et al. [?]
noted that individual differences create varying impressions of products. Dreze
et al. [?] also pointed out CTR’s limitations, arguing that users’ad brows-
ing paths vary by personal experience. Unfortunately, Dreze’s work relied on
traditional experiments lacking in-depth analysis with professional equipment.

The second type of difference concerns how webpage layout characteristics affect
user information processing feedback. Wang et al. [?] obtained different users’
common browsing patterns through a Partially Sequential Click Model (PSCM),
but failed to consider feedback differences from ads in different webpage regions
and inter-user variations.

In user browsing behavior research, most researchers use eye-tracking data as a
baseline, considering data close to human eye browsing as ground truth. Eye-
tracking data can identify user attention points and browsing trajectories, au-
thentically reflecting areas and activities of interest and exploring unconscious
behaviors. However, existing literature focuses primarily on natural image pro-
cessing, with limited webpage research. Renshaw et al. [?] studied graphic design
through eye-tracking experiments, while Shen et al. [?] investigated webpage
ad saliency, achieving only 0.7206 AUC. With advancing eye-tracking technol-
ogy, experiments can now 摆脱 heavy mechanical equipment, enabling research
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beyond theoretical aspects. Xu et al. [?] applied eye-tracking data to video
processing, while references [?, ?] fused eye-tracking and mouse data to predict
user satisfaction with search results. Therefore, this paper employs eye-tracking
experiments to study user gaze trajectories, analyze implicit information such as
psychological activities, discover browsing patterns among different user types,
obtain implicit behaviors, identify user interest areas, propose more objective
and accurate online advertising effectiveness evaluation metrics, and provide
foundations for precise Internet ad placement.

2 Impression Space
We propose impression space as an evaluation metric for Internet advertising ef-
fectiveness. Social psychologists indicate that impression formation is a process
where subjects judge object characteristics, influenced by both cognitive sub-
jects and object feedback information (expressed via word vectors as impression
space = (subject information, object feedback information)).

Psychological research shows impression formation may be affected by cogni-
tive style, emotion, and object feedback information. Cognitive styles can be
divided into independent and dependent; user emotional states into mood and
passion; object feedback information into complete feedback, possible feedback,
and failed feedback. We define impression space as expressed by 2 (styles) × 2
(emotional states) × 3 (object feedback information), as shown in Table 1 .

3 User Type Classification
To eliminate undifferentiated assumptions, this paper classifies user types and
analyzes their impact on Internet advertising effectiveness evaluation.

3.1 User Combined Attributes

Attribute combinations are diverse (e.g., personality, behavioral habits). We uti-
lize common distributional combinations from mathematical statistics. Taking
normal distribution as an example, we explore attribute column distributions.

Definition 2: Attribute Weight. For a sample set D divisible into k clusters,
where the l-th cluster is represented as, the single attribute weight is, where
is the weight of the t-th attribute in the l-th cluster. The combined attribute
weight is the weight of the j-th combined attribute in the l-th cluster.

If any attribute set follows the same distribution and satisfies the given distribu-
tion function F, defined as, for single attribute weight and combined attribute
weight respectively satisfying:, given constraints, satisfying the central limit the-
orem, where and are the overall attribute mean and variance. The central limit
theorem indicates that when attribute data meets certain conditions, random
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variables approximately follow normal distribution. If attribute satisfies the
central limit theorem, its distribution can be described by, i.e., the probability
density function of attribute.

Attributes satisfying normal distribution probability density functions can be
classified into combined attributes of normal distribution. Other probability
density functions are shown in Table 2 . If any attribute column satisfies a
probability density function distribution (unknown quantities may differ but
distribution patterns are consistent), it is classified as a combined attribute.

3.2 User Type Classification Based on Attribute Combination

User type classification follows two approaches. The first is directly determined
by attributes, as shown in Figure 1 [Figure 1: see original paper]. The second
is jointly determined by single and combined attributes, where the first-layer
contribution is called single attribute contribution and the second-layer contri-
bution is called combined attribute weight, as shown in Figure 2 [Figure 2: see
original paper].

4 User Behavior
We investigate how different user behavioral patterns affect Internet advertising
effectiveness using frequent sequence algorithms and path merging algorithms.

4.1 Click Behavior

We employ the Apriori algorithm to discover user click behavior association rules.
Based on Apriori’s prior law (if a set is frequent, all its subsets are frequent), we
merge partial mining results to facilitate observation of click pattern association
rules and study user click preferences. Fundamental concepts in association rules
are support and confidence.

Definition 3: Support. The frequency of a frequent itemset or rule occurring
across all transactions determines how frequently the rule applies to the given
dataset. Support typically eliminates meaningless rules. Association rule sup-
port is defined as.

Definition 4: Confidence. The frequency of event Y occurring in transactions
containing event X measures inference reliability through rules. Association rule
A�B confidence is.

Definition 5: Frequent Itemset. In association rule mining, sets satisfying certain
minimum confidence and support thresholds are called frequent sets.
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4.2 Browsing Behavior

We identify user browsing preferences through path merging algorithms based on
browsing pattern decomposition (e.g., any user browsing pattern path 1→2→3
can be decomposed into subpaths 1→2 and 2→3). This approach mines user
subpaths and merges them to obtain user browsing patterns.

Definition 6: User Browsing Matrix S. Based on the search engine webpage
layout format (10 URLs for main content plus ad area and right-side area),
we establish a 12×12 matrix where element values represent page visit counts
(e.g., a value of 4 indicates subpath 1→2 appears 4 times across all browsing
patterns).

Definition 7: Multi-frequency Subpath. Given user browsing matrix S, we cal-
culate row sums as, where. Processing matrix S yields matrix, where element
values are. Defining a threshold S, if matrix element value.

Definition 8: Path Merging. If m→n and n→l are multi-frequency subpaths,
they merge into m→n→l, where m, n, and l can be single page layout positions
or other multi-frequency subpaths.

5 Interest Area
We propose dividing interest areas based on fixation duration and page layout
to eliminate global assumption impacts on Internet advertising effectiveness.

5.1 Page Layout Characteristics

Page layout typically consists of 10 URLs (main content) plus advertisement
and right-side areas, as shown in Figure 3 [Figure 3: see original paper] (L1, L2,
and L3 represent ads appearing above, below, and to the right of main content,
collectively called the AD area). Users develop inherent browsing habits due
to visual characteristics and personal browsing patterns. In practice, obtaining
more user browsing information is difficult. Researching entire webpage informa-
tion is not only cumbersome but also time-consuming, motivating researchers to
identify interest areas with sufficient valuable information and sufficiently small
scope.

5.2 Interest Area Based on Fixation Duration

Definition 9: For any area i, fixation time is, where Ftime is fixation duration,
Dtime is dwell time, and Fcount is fixation count. The fixation duration formula
for any area i is.

Using fixation duration and page layout to divide interest areas, we retain adver-
tisement area AD and right-side area R as two separate research regions. Based
on fixation duration calculations, we use the average fixation duration across 10
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URL areas as a baseline. URL areas with fixation duration above the baseline
are classified as interest areas, while those below are non-interest areas.

6 Data Collection
This paper proposes the impression space concept, but currently lacks datasets
linking eye-tracking data with user impression spaces. Therefore, we first con-
duct large-scale data collection.

6.1 Experimental Subjects

We randomly recruited undergraduate students (aged 18-21) from various ma-
jors at our university as volunteers. All participants had no eye diseases or
related conditions, meeting eye-tracking experiment requirements.

6.2 Experimental Equipment

The eye-tracking experiment used eye-tracking equipment Version 2.4 developed
by German SMI Technology, with a sampling frequency of 120 Hz. Record-
ing and analysis employed built-in software IViewX, Experiment Center, and
BeGaze. Data processing and analysis used Spyder and Java.

6.3 Experimental Materials

This study required collecting both user subject information and user browsing
information.

User subject information was collected using the Embedded Figures Test (EFT)
for cognitive style classification and a psychological state test table proposed by
renowned American psychologist Witk et al. for emotional state classification.

User browsing information used webpage materials. We selected diverse product
types (luxury goods, tickets, home appliances, etc.) covering broad categories
to simulate users’daily selection mindsets, with two different brands for each
type. We chose Baidu as the search engine because it is the world’s largest
Chinese search engine with layout similar to most Chinese search engines. To
ensure realistic experimental effects, participants browsed freely as usual, in-
cluding clicking and scrolling. To control experimental variables and ensure
participants saw identical SERPs for each product type, we crawled pages from
the search engine and retained only commercial promotions in research positions.
After browsing, we tested participants’memory to describe object information
feedback. Eye-tracking equipment recorded participants’eye movement infor-
mation, while embedded JavaScript code captured click information.
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6.4 Experimental Procedure

a) Collect user subject information. The test required participants to find
and trace a specified simple figure hidden within complex graphics, con-
sisting of 25 questions with increasing difficulty.

b) Collect user browsing information. Before webpage browsing, standard
eye-tracker calibration was performed. Formal experiments began after
participants met calibration standards. Participants were informed of
product types via on-screen prompts (e.g., “mobile phones”), adopting
a buyer’s mindset for that product type. The browsing process mirrored
daily web browsing—participants could click items of interest. To pre-
vent fatigue, each participant viewed a maximum of 6 random SERPs and
could stop the experiment at any time. Post-experiment memory data
was collected.

c) Impression space information. Impression space was determined through
user style test questions, browsing emotional states, and webpage feedback
information.

7 Impression Space Analysis
CTR has long been the gold standard for Internet advertising evaluation. How-
ever, marketers’mass ad deliveries for higher economic returns have degraded
advertising quality, reducing user interest. With average webpage CTR below
1%, CTR struggles to reflect true advertising effectiveness. Latest data shows
average online ad CTR has dropped from 30% to below 0.5%. For brand ad-
vertising, success depends less on clicks or post-reading purchases and more on
whether users form lasting impressions, create brand effects, establish unique
positive brand/product images, and improve long-term offline conversion rates.

7.1 Impression Space Model Features

Using impression space as class labels, we treat experimentally collected data
as model features. Table 3 shows features affecting user impression space for-
mation.

Regarding class labels for impression space, the quantification method is as
follows:

Definition 10: Cognitive style = independent (1), dependent (0); Emotion =
mood (1), stress (0); Feedback information = complete feedback (2), partial
feedback (1), failed feedback (0). The vector expression for impression space
labels is:

• Existing impression: [(1,1,0); (0,1,2); (1,0,2); (1,0,1); (0,0,2)]
• Fuzzy impression: [(1,1,1); (0,0,1)]
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• Missing impression: [(1,1,0); (1,0,0); (0,1,1); (0,1,0); (0,0,0)]

7.2 Effectiveness Validation

To further validate the proposed impression space’s effectiveness, we conducted
data collection and annotation. The experiment prepared webpage materials
via web crawling, collected multi-user browsing and ad click information, and
used chi-square testing for validation. Chi-square testing is a common hypothe-
sis testing method for detecting deviation between predicted and actual values.
Larger chi-square values indicate greater deviation and poorer prediction meth-
ods, while smaller values indicate better methods. This study treats expert
scale annotations as actual values and impression space retention ability and
click status as predicted values.

Using impression space and expert scale annotations, chi-square testing proceeds
as:

a) Propose null hypothesis H�: No deviation exists between impression space
ability and expert scale annotations, with Sig = 0.05.

b) Calculate theoretical values.

c) Calculate �² value.

d) Consult �² table.

At Sig = 0.05, we cannot reject H�, indicating both methods are consistent.

7.3 Impression Space Model Construction

For the impression space model, we propose two structural stacking methods.
The first method, based on user types and preferences, is shown in Figure 4
[Figure 4: see original paper].

The second method is shown in Figure 5 [Figure 5: see original paper].

7.4 Experimental Results

To demonstrate the proposed method’s effectiveness, we conducted three exper-
iment groups: (1) selecting optimal user type numbers to maximize inter-group
differences and analyze user behavior; (2) constructing optimal impression space
models; (3) comparative result demonstration.

7.4.1 User Behavior Analysis Using Robert’s within-group sum of squares
method to determine optimal user type quantity, results are shown in Figure
6 [Figure 6: see original paper], with clustering results in Figure 7 [Figure 7:
see original paper]. Results indicate two user types as the optimal cluster num-
ber, showing significant inter-type differences that facilitate mining behavioral
dynamic information like browsing patterns and attention points.
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Using frequent sequence mining for click preference association rules under differ-
ent user types, results are shown in Table 4 . Results show both user types click
top-down, mostly sequentially but with some return visits. Top-down clicks in-
dicate initial interest, prompting subsequent clicks; when interested, users may
click back-and-forth for comprehensive understanding.

Path mining algorithms yielded different user type browsing patterns, as shown
in Table 5 . Results indicate browsing sequences generally satisfy the vertical
assumption of top-down scanning.

Using fixation duration calculations, user fixation timetables across different
areas are shown in Table 6 . Combining fixation duration with page layout
yields user interest areas, as shown in Figure 8 [Figure 8: see original paper].

User browsing behavior characteristics include: (a) attention hotspots form an
F-pattern, decreasing from top to bottom and left to right; (b) fixation clus-
ters concentrate in the first two-thirds of pages, typically the earliest displayed
content; (c) overall left-side attention time exceeds right-side. However, this
analysis is abstract and requires further behavioral analysis.

7.4.2 Impression Space Model Using classic machine learning classifiers
as base models combined with decision tree branching screening to construct
impression space models, results are shown in Figure 9 [Figure 9: see original
paper]. Multi-model construction increases workload, but random forest-based
impression space models already achieve near-optimal accuracy. While multi-
model construction can slightly improve accuracy, it substantially increases work
time and resource consumption. Therefore, we select decision tree branching
combined with random forest as the base model.

Further optimization verifies whether different classification base models
through multi-model architecture can produce better results, as shown in
Figure 10 [Figure 10: see original paper].

7.4.3 Model Comparison Current Internet advertising effectiveness metrics
primarily use CTR and conversion rate. CTR-based models include Partially
Observable Markov (POM) model, Polynomial2 (PLOY2) model, Factorization
Machine (FM) model, and Field Factorization Machine (FFM) model. Using
identical datasets, we compare impression space models against click models,
with accuracy and stability results shown in Table 7 .

Analysis reveals: (a) increasing user sophistication makes click behavior less
reflective of true intent, with unconscious clicks affecting results; (b) many users
may have positive ad impressions without taking action. In summary, CTR
struggles to reflect true advertising effectiveness, motivating researchers to seek
alternative metrics.

Experimental results show random forest-based impression space models per-
form optimally. Random forest, as an ensemble algorithm, combines base
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classifiers into a strong classifier through node splitting feature selection. Its
randomness in sampling and feature selection, combined with precise screening
strategies, achieves optimal results.
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