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Este estudo examina o papel crucial do page load time (PLT) na era digital,
onde paginas web servem como fontes essenciais de informagao, entretenimento e
comércio. Ao reconhecer o impacto significativo do PLT na experiéncia do usuario,
otimizacao de ferramentas de busca e taxas de conversao, nés abordamos nao sé o es-
tado atual das métricas de complexidade de paginas, mais especificamente métricas
de contetdo e infraestrutura, via o uso de métodos estatisticos, mas também como
elas afetam o PLT. No6s usamos modelos de aprendizado de méquina, tanto supervi-
sionados quanto nao supervisionados, para analisar a influéncia dessas métricas em
miultiplos niveis: pagina tinica, categoria de pagina, cluster e geral. Esta abordagem
multi-dimensional permite um entendimento holistico da relacao entre métricas de
complexidade de pagina e PLT. Nosso estudo conclui que a quantidade de bytes,
requisicoes e imagens distintas sao as variaveis mais importantes para predi¢cao de
PLT, com o modelo por categoria de pégina sendo, em geral, melhor do que os
outros. Também encontramos um valor de RMSE (raiz quadrada do erro médio ao
quadrado) de menos de um, para a maioria dos modelos, indicando alta acuréacia na
estimacao de PLT. Os resultados contribuem para um entendimento mais profundo
dos determinantes de PLT e ajudam a encontrar caminhos para otimizacao de pagi-
nas web para melhor experiéncia de usuario e resultados de negbcios. Este estudo
mostra a necessidade de foco continuo na questao de PLT no cenario dindmico de

tecnologias web e engajamento de usuéarios.
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This study delves into the critical role of page load time (PLT) in the digital
age, where web pages serve as essential gateways to information, entertainment,
and commerce. Recognizing PLT’s significant impact on user experience, search
engine optimization, and conversion rates, we look at not only the current state
of page complexity metrics, specifically content and infrastructure, via the use of
statistical methods, but also how they affect PLT. We employ both supervised and
unsupervised machine learning models to analyze the influence of these metrics
at multiple levels: single page, page category, cluster, and general. This multi-
dimensional approach allows for a comprehensive understanding of the relationship
between page complexity metrics and PLT. Our study finds that the number of
bytes, requests, and distinct images are key features in PLT prediction, with the page
category model generally outperforming others. We also report a root mean squared
error (RMSE) of less than one in most models, indicating high accuracy in PLT
estimation. The findings contribute to a deeper understanding of the determinants
of PLT and offer insights into optimizing web pages for better user experiences and
business outcomes. This research underscores the need for continued focus on PLT

in the evolving landscape of web technology and user engagement.
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Chapter 1

Introduction

1.1 Introduction

In the digital age, web pages remain an indispensable part of our everyday lives,
serving as gateways to information, entertainment, and commerce. Web technol-
ogy is constantly changing, as are the web development paradigms, evidenced by
the debate of single-page applications wversus multi-page applications NEOTERIC
(2016) or responsive versus dynamically served pages GLOAGEN (2022). The use
of content delivery networks (CDNs), placement of servers and the content of web
pages is also evolving over time. Understanding the current state of affairs of page
content and infrastructure serves as an important starting point for any analysis of
page performance.

One crucial aspect influencing the user’s browsing experience is page load time,
commonly referred to as PLT. It is measured as the time between the beginning
of the navigation and the moment the page’s content begins loading, marked by
the loadEventStartﬂ event. This encompasses the web page’s entire content, such as
text, images, videos, and interactive elements. Providing a quick and smooth website
is essential for guaranteeing an excellent experience for end-users, as demonstrated
by substantial research from leading corporations. Over a decade ago, a study by
Amazon highlighted that every 100 ms of added latency cost them 1% in sales. This
discovery is not isolated; in 2006, Google noted that an additional 0.5 seconds in
search page generation time led to a 20% drop in traffic GIGASPACES (July, 2023)).
These and other cases demonstrate why companies often invest significant resources
in optimizing their websites to avoid such costly delays.

The COVID-19 pandemic has heightened the importance of delivering a high-
quality user experience in web services. This global health crisis has fundamentally

changed business operations, emphasizing the need for an effective online presence.

Thttps://developer.mozilla.org/en-US /docs/Web /API/PerformanceNavigation Timing /load EventStart



Companies without an effective online presence, or those that provide low-quality
digital experiences, have faced significant challenges in maintaining competitiveness
and relevance in today’s rapidly evolving digital world. As a site becomes less
interactive, users increasingly tend to navigate away to a competitor’s site. User
engagement is critically linked to a website’s interactivity, of which PLT is a key
determinant.

PLT emerges as a pivotal factor not only in user experience but also in broader
aspects such as search engine optimization and conversion rates. The significance
of PLT is recognized by Google, which has integrated this metric into its search
engine ranking algorithms GOOGLE (April, 2010). Moreover, there is a significant
correlation between PLT and conversion rates. Pages that load within one second
have been found to have conversion rates nearly 2.5 times higher than pages that
take five seconds or more to load WIEGAND| (April, 2022). This indicates that
faster pages are more effective at converting visitors into customers. Additionally,
PLT plays a crucial role in user-perceived quality. Studies like HORA et al.| (2018)
employing the Absolute Category Rating (ACR) scale, a self-reported measure of
user experience, reveal a direct correlation between PLT and user satisfaction. Faster
loading times are consistently associated with higher ACR scores, indicating that
users perceive websites with shorter load times as more efficient and user-friendly.

In summary, enhancing PLT is not just a technical necessity but a fundamental
component of delivering an acceptable user experience. It impacts various dimen-
sions, from search engine rankings and visibility to conversion rates and overall user
QoE. Therefore, understanding how page content and infrastructure influence PLT
remains crucial. Previous studies exploring the relationship between page complex-
ity metrics, namely page content and infrastructure metrics, and PLT have focused
either on a few selected pages, with individual analyses being performed for each
ASRESE et al.| (2019), VOGEL and SPRINGER] (2022)), or on a diverse group of
pages, with an overall analysis conducted for all of the pages simultaneously |[SAVE-
RIMOUTOU et al.| (2019), BUTKIEWICZ et al.|(2011).

Understanding the content and infrastructure of current pages and how these
influence user experiences remains crucial. This study delves into the intricate rela-
tionship between these metrics and PLT, and how it impacts user quality of expe-

rience during web browsing. Specifically, we aim to answer the following questions:

e What are the content and infrastructure trends in web pages at the present

time?

e What are the most important page content and /or infrastructure features when

it comes to inferring page load time?

In light of this, supervised and unsupervised models, as well as classical statistical



analysis techniques are employed to answer these questions. The main contributions

of this work are as follows:

e Page characterization: A diverse group of pages were analyzed and the
findings were reported. Notably, I found the use of CDNs to be ubiquitous,
with over half of the analyzed pages having all of their requests being solely to
servers located in CDNs. I also found a high correlation between higher-ranked

pages and number of ad services.

e Multi-dimensional analysis: In the multi-dimensional analysis, I examined
the impact of page complexity metrics on PLT across various levels of granu-
larity. This includes general, per-category, per-cluster, and per-page analyses,

with both supervised and unsupervised models having been utilized.

e Feature importance: The findings reveal that the number of bytes ranks
among the top three features for inferring PLT in all models under study.
In the models categorized by page types, both the number of bytes and the
number of requests emerged as the top two features for most categories. These
observations from the page category models were consistent with findings from
the individual page model, where the three most important features were iden-
tified as the number of bytes, the number of requests, and the number of

distinct images.

e Effectiveness of different models: I individually tested the general model,
the page category model, and the cluster model for each page. The page
category model outperformed both the cluster and general models for ten out
of the 15 pages. Notably, in most models, the root mean squared error (RMSE)
was less than one, indicating a prediction error in estimating PLT of less than

one standard deviation.

In the following chapters two complementary works are presented. The first, in
chapter [3] reports the page characterization effort, while chapter [ reports on the

page performance work, with chapter [5| concluding.



Chapter 2

Related Work

In ASRESE et al. (2019) the authors conducted two longitudinal studies to analyze
web page structural metrics, such as size and number of objects of a few major
services. In BUTKIEWICZ et al. (2011) the authors selected roughly 1700 web
pages and presented an overall characterization of these pages’ complexity metrics,
such as number of objects, size of these objects and the types of content. They
also investigated the relationship between these metrics and page load times using
correlation analysis as well as regression models.

In this work I performed a characterization analysis of a similar group of web
pages, providing insights of the current state of affairs. For example, I found that
CDNs are much more prevalent today, with the median percentage of objects fetched
from CDNs being 100%. I also found that higher ranked pages have higher number
of ad services.

Extensive research has thoroughly examined page performance metrics, such as
page load time (PLT), time to first paint, and above-the-fold time in relation to
the perceived quality of web browsing experiences. Studies involving both passive
SALUTARI et al.| (2019)), HORA et al.|(2018) and active|(GAO et al.|(2017), EGGER
et al. (2012) user interactions with pages have revealed evaluations based on various
scales. These range from bad/neutral/good to a 5-point ACR scale, or involve
choosing preferred pages from a group SALUTARI et al. (2019), [ HORA et al.| (2018),
GAO et al|(2017). Subsequently, these metrics are correlated with user scores using
either expert analysis or machine learning models EGGER et al. (2012)), HORA et al.
(2018), HOSSFELD et al|(2018)), JAHROMI et al. (2018).

In addition to studying the relationship between page performance metrics and
the web users’ QoE, it is also important to analyze how these metrics are influenced
by various factors such as page structure/content, content provision strategies, and
network conditions. |AVRAM et al| (2014) introduces a new metric known as the
latency amplification factor, which measures the impact of latency on page load

times. To study this metric, they collect the page’s dependency graph and estimate



the overall effect on page load time through artificially added latency. In [VOGEL
and SPRINGER| (2022), the authors report that 70% of JavaScript and 90% of
CSS scripts are loaded as render-blocking code, often only utilized after the page
has finished rendering. This highlights a good opportunity for optimization. For
social media and news pages, our findings indicate that the number of CSS objects
and the number of JavaScript objects are, respectively, the most important features
for predicting page load time. This could be partly attributed to the inefficient
loading of this content. In SAVERIMOUTOU et al.| (2019)), an analysis of time to
first visual rendering showed lower RT'Ts (Round Trip Times) and fewer requests in
“good response” navigations under various conditions, underscoring the significance
of the number of requests in page load time prediction. Similarly, BUTKIEWICZ
et al.| (2011)) finds a strong correlation between the number of bytes and PLT, while
also identifying the number of requests as the best predictor of PLT.

The findings align with prior research, highlighting the importance of certain fea-
tures in predicting page load time, such as the number of requests and the number
of bytes. The study shows the significant impact of image-related features, particu-
larly in the context of single pages, and the importance of the number of servers in a
diverse group of pages, with respect to page load time prediction. Most importantly,
it explores the relationships between complexity metrics and PLT through focused
category-specific and cluster-specific analyses, providing a more comprehensive un-
derstanding of how these metrics are related than previous works, which address

this problem in a much broader fashion.



Chapter 3

Page Characterization

3.1 Introduction

Understanding the fundamental characteristics of modern web pages is essential to
contextualizing their performance. This chapter aims to provide an overview of the
landscape of the most accessed web pages in Brazil, shedding light on how they are
structured and categorized. By analyzing elements such as Multipurpose Internet
Mail Extensions (MIME) content type distributions, page sizes, and per-category
characteristics, we establish a foundational understanding of page complexity that
serves as a basis for further exploration into page load time (PLT).

This characterization is not merely descriptive but provides valuable insights
into trends and patterns that influence user experience and technical optimization.
For instance, understanding how the prevalence of specific content types or the use
of CDNSs varies across categories can highlight factors that significantly shape PLT.
This effort is a crucial step in answering broader questions about what makes web

pages efficient, engaging, and performant in today’s digital ecosystem.

3.2 Methodology

To understand the current state of affairs of web pages, we needed a software that
would automatically browse a set of pages and collect all of the necessary metrics for
that session. For this, the WebPageTest E] framework was employed. This framework
consists of a master-worker architecture, where the server schedules tasks for agents
to perform. In the context of this study, the task consisted solely of navigating to
a page. During the page navigation process, page-level metrics and request-level

metrics were collected. The page-level metrics were collected via the navigation

"'WebPageTest: https://wuw.webpagetest.org/


https://www.webpagetest.org/

timing API [ and the request level metrics were collected via the HAR files, which
logs the browser interactions. The data of interest for this work were the request-

level metrics, of which, some examples are:

e HTTP request URL

e DNS resolution time

e SSL time

e TCP connection time

e time until first byte is received

e time until last byte is received

e MIME Content type of the request

e number of incoming/outgoing bytes for the request

e HTTP request protocol (HTTP/1.1 or HTTP/2)

e flag indicating if the request url corresponds to a CDN

e HTTP request headers

The data analyzed in this chapter were gathered between December 1, 2022, and
June 28, 2023. The agents used were five Raspberry Pis 4, model B, with 4GB of
RAM and 1500MHz CPU with 4 cores. These Raspberry Pi devices were located
at the homes of five different volunteers in three different ISPs in Rio de Janeiro,
Brazil. They were equipped with custom data-collecting software ﬂ, part of which
includes the WebPageTest agent suite, and each unit was connected directly to the
volunteer’s gateway routers via an Ethernet cable. While it is true that Raspberry
Pis are not as powerful as the average modern PC, they were used because they
could be placed in a non-intrusive manner inside the volunteer’s homes. While the
absolute values of PLT discussed below may be affected by the use of Raspberry Pis
instead of more capable machinces, all the main takeaways from this study can be
generalized to all types of devices. The Ethernet connection was chosen over Wi-Fi
because of the inherent variability of wireless connection conditions BISWAS et al.
(2015)).

2Navigation timing: https://developer.mozilla.org/en-US/docs/Web/API/Performance_
API/Navigation_timing
Swptagent-automation: https://github.com/danielatk/wptagent-automation


https://developer.mozilla.org/en-US/docs/Web/API/Performance_API/Navigation_timing
https://developer.mozilla.org/en-US/docs/Web/API/Performance_API/Navigation_timing
https://github.com/danielatk/wptagent-automation

For the tests, I leveraged a curated list of the top 100 most visited websites
in Brazil during 2029Y, which was assembled using Clickstream data to get traffic
analytics from over 200 million anonymous users. The WebPageTest server was
allocated to a machine in a laboratory in UFRJ and custom software was added to
automatically schedule the tasks to the agents. To ensure an equitable distribution
of test executions, a sampling approach was implemented. At five-minute intervals,
an agent was randomly selected from the pool of availability. Notably, the selection
process followed a sampling-without-replacement strategy, meaning that each agent
would be tested exactly once before being excluded from subsequent selections. This
approach guaranteed that all agents had an equal opportunity to participate in the
experiments before the sampling process resumed anew.

Once an agent was selected it performed a page navigation, following the same
sampling-without-replacement strategy. The use or not of adblock for the test was
randomly selected, as was the resolution of the screen (1366x768 or 1920x1080),
which was emulated with X software, for Debian-based systems. Before the test
began the agent was notified, so that it could ensure the correct adblock and res-
olution settings were in place. After the experiment was performed the result was
sent from the WebPageTest server to a collection server.

Following the data collection phase, the focus shifted to the task of data anal-
ysis. In order to provide a comprehensive view of the state of page complexity
metrics, classic statistical methods, such as correlation and distribution analysis,

were employed.

3.3 Results and Discussion

For the first measurement campaign the objective was to obtain a general charac-
terization of web pages in Brazil. This was done according to the content vs service
complexity metrics defined in BUTKIEWICZ et al| (2011). Content complexity
refers to the content of the web page, such as number of downloaded bytes, num-
ber of JavaScript (JS) objects and number of images. Service complexity refers to
the way the content is fetched, such as number of servers and fraction of servers in
CDNs. To do this the top 100 web pages in Brazil were analyzed. Figure [3.1] shows
the number of web pages in each category.

Table [3.1] shows the distribution of MIME type requests and bytes. Although
the percentage of video requests is the lowest of all categories, the percentage of
video bytes is the third highest. In contrast, the percentage of other requests is the
third highest while the percentage of bytes is the second lowest.

“Top 100 most accessed sites in Brazil [2022 Edition|: https://pt.semrush.com/blog/
top-100-sites-mais-visitados/
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Figure 3.1: Number of pages per category

Table 3.1: Percentage of MIME types

MIME type | percentage of requests | percentage of bytes
image 41.2 47.6

video 0.3 10.6

JavaScript | 23.6 30.3

CSS 3.6 1.7

html 10.0 4.0

font 2.0 3.7

other 19.4 2.1

Figures and show the histograms of the number of bytes, number
of requests, and number of servers, respectively. As can be seen, all three of them
have heavy tails, which is true for almost all of the features. The median values of
number of bytes, requests and servers are 2 million (2MB), 103, and 13, respectively.

Figures and [3.7 show the CDFs of the number of bytes, requests and
servers, respectively, of the top five categories with most web pages. News web
pages have the highest median number of servers and requests, as was found in
BUTKIEWICZ et al|(2011). What is significantly different is how close the median

values for e-commerce web pages are to news web pages in both of these metrics.

This is intuitive, though, given that both are categories of web pages that usually
present a lot of results in their landing pages. There is, however, a heavy tail for
gambling sites, in relation to number of servers. Although the median number of
bytes for both of these categories is also slightly higher than for the others, the 95th
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percentile of bytes of social media and adult content categories is much higher than
that of the rest. This is due to the fact that these categories are the ones with

predominantly video content, which is larger in size, as can be seen in Figure (3.8
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Figure 3.5: CDF of the total amount Figure 3.6: CDF of the total amount
of incoming bytes for the top 5 web of requests for the top 5 web page cat-
page Categories egories
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Table shows the correlation between page rank and page complexity met-
rics. The highest correlation found is a positive correlation between number of CDN
servers and rank, with value » = 0.213, and in close second comes a positive corre-
lation between number of ad services and rank, with value » = 0.208. One possible
interpretation is that higher-ranked pages have greater advantages when it comes to
the use of both CDNs and ads. They profit more with ads due to higher exposure,
and CDNs should theoretically provide the page contents faster, which would result
in lower page load times. It could also be the case that the ads are being served from
CDNs, which would automatically correlate use of ads with use of CDNs. This is
investigated further below. Although this clearly shows a trend in the top 100 pages,
the variety of pages, in terms of rank position, is not very high so these results do

not necessarily hold up for larger samples of rank positions.

Figures to show the median percentage contribution, in bytes, of the
most relevant MIME types for each of the top 5 web page categories. In contrast
to BUTKIEWICYZ et al.|(2011), there is no flash content, since, after Adobe discon-
tinued support, in Chrome version 87, released December 2020, flash support was
completely terminated. When compared to the 2011 study, the contribution of CSS
and JavaScript, in terms of bytes, is higher. For example, in the mentioned study,
the median contribution, in bytes, of JavaScript, for e-commerce and news was 39%
and 34%, respectively. In this study we found contributions of 47% and 52%, respec-
tively. For CSS, the contributions for e-commerce and news in the 2011 study were
0.07% and 0.08%, respectively. In this study, they were 1.4% and 1.0%, respectively.

11



Table 3.2: Pearson correlation between page rank and page complexity variables

web page variables Correlation to rank
number of CDN servers 0.213
number of ad services 0.208
number of CSS objects 0.191
number of servers 0.185
number of font objects 0.143
number of font bytes 0.141
fraction of requests to CDN -0.127
number of JS objects -0.127
number of html objects 0.117
number of video objects -0.110
number of incoming bytes from CDN | 0.017
fraction of servers with CDN -0.105
number of image objects 0.105
number of video bytes -0.094
number of image bytes 0.091
number of CSS bytes 0.091
number of other objects 0.080
number of other bytes -0.079
number of requests to CDN 0.054
number of requests 0.054
number of outgoing bytes 0.052
number of JS bytes -0.046
number of html bytes 0.019
number of incoming bytes 0.017
fraction of bytes from CDN -0.014

The contributions of image bytes showed little change. In the 2011 study the contri-
butions for e-commerce and news categories were 36% and 27%, respectively, while
in this study they were 41% and 22%, respectively. Not surprisingly, the category
with the highest median percentage of image bytes is adult content.

Figures to show the CDFs of fraction of servers, requests, and bytes,
respectively, from CDNs. While the CDF of the fraction of servers which are located
at CDNs is quite diverse among the categories, the fraction of requests and bytes
follows a similar pattern. In BUTKIEWICZ et al.|(2011) the median contribution of
bytes from CDNs was around 40%, however for this study the median is practically
100%, at least for the top 5 page categories. This indicates that the distribution of
bytes/requests per server follows a very heavy tail, with most of the bytes/requests
belonging to very few servers. This also shows that the most impactful servers are
located in CDNs, for these categories. There could be a bias in the comparison, since
the 2011 study used pages ranked as low as 20000 in popularity, while this one only

uses the 100 most visited web pages in Brazil. Previously we observed a positive

12



Javascript Percentage
= N w B wu
o [=] o o o o
Css Percentage
o = = g N
w o w o w

0.0
& e .\Q 2_7‘\‘? o
\&"oé& 0@6\& &@&Q ) »@@eb
& & &
Category Category
Figure 3.9: Median contribution of Figure 3.10: Median contribution of
JavaScript bytes for the top 5 web CSS bytes for the top 5 web page cat-
page categories egories

50
N
o 40
i
c
@
= 30
[}
o
]
(o)}
T 20
£
10
0] -
& o o) < NG
(‘\&0 & S (\G‘\ é‘e'b\
© & & N
R (p& & 1o
e 1 <
Category
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correlation between use of CDN and rank. It is possible that the lower-ranked pages
analyzed in the 2011 study reduced the overall percentage use of CDNs. Whether
or not that is the case, the large difference in results indicates that the use of CDNs
has become more prevalent in recent years.

Figure [3.15] shows the CDF of the total amount of distinct ad services for the
top five web page categories. As can be seen news web pages have the highest value
for almost all the percentiles. This corresponds to the finding of the news category
having a high percentage of JavaScript bytes and requests. While for e-commerce
and social media, which also have high percentages of JavaScript bytes, these scripts
are probably used for deliberately designed dynamic elements of the page; for news

web pages these scripts are probably mostly used to load ad content.
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Adblock and screen resolution were toggled in order to analyze the effect of
these differences. Point-biserial correlation was calculated for each of these factors
in relation to the page complexity metrics but no significant correlation was found.
The same analysis was performed with the top five page categories, also did not
result in any significant correlations.

To understand the correlation between the complexity variables a correlation
matrix was generated, shown in Figure . The high correlation (0.77) between
incoming bytes and image bytes reinforces the fact that most bytes are from images.
Similarly, there is a high correlation between number of requests and number of
image objects (0.80). In contrast to this, the correlation between incoming bytes
and number of servers is 0.06, which shows the high variability in number of bytes
between different numbers of servers. Number of image objects has a positive cor-
relation with number of objects of all other types, except for video, with which it
seems not to have any correlation. The reason for this, however, is not clear. As
expected, number of JavaScript bytes and objects both have a positive correlation
to the number of ad services, of 0.52 and 0.36, respectively.

Interestingly, there is a correlation of 1 between number of requests to CDN and
number of requests as well as between number of incoming bytes from CDN and
number of incoming bytes. This is in line with the previous findings of the median
percentage of requests/bytes being to/from servers located in CDNs. The highest
correlation to number of ad services is to number of CDN servers, indicating that
most ad content is hosted in CDN servers.

The correlation between number of image bytes and image objects, of 0.39, is
relatively small when compared to the same correlation for other types of content.
This indicates a high variability in the size of images. Furthermore, number of ad
services has a negative correlation with number of image bytes while having a high
positive correlation (0.57) to number of image objects, indicating that much of the

ad content is images, but of a small size.
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Chapter 4

Page Performance

4.1 Introduction

The efficiency with which a web page loads is critical in shaping user experience and
business outcomes, making PLT a focal point of web optimization efforts. Building
upon the insights from the previous chapter, this chapter delves into the intricate
relationship between page complexity metrics—such as the number of requests, num-
ber of bytes, and number of servers—and PLT.

The analysis presented here is multifaceted, examining PLT from several perspec-
tives, including individual pages, categories, and clusters, to uncover both universal
and context-specific determinants of performance. By identifying the key metrics
that influence PLT and testing their predictive power across various models, this
chapter provides actionable insights into optimizing web performance. The findings
are not only theoretical but also practical, offering a roadmap for web developers
and businesses to prioritize features that drive faster load times and better user

satisfaction.

4.2 Methodology

To understand the relationship between page complexity metrics and PLT, I needed
a software that could scale in a way that would allow multiple measurement nodes
to test in parallel. For this, instead of WebPageTest, Node Puppeteer was used,
instrumenting the Google Chrome browser, which was loaded with a plugin devel-
oped in [HORA et al. (2018). This plugin collects important page loading timing
information as well as page complexity metrics and was modified to send these data

to our collection server. The page complexity metrics collected include:

e number of servers;

e number of bytes;
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e number of requests;

e number of CSS objects;
e number of JS objects;

e number of image objects;

e number of distinct images;

number of image pixels.

The data that was analyzed in this study were gathered between July 5 and
September 18, 2023. The test nodes used were the same five Raspberry Pis of the
first measurement campaign, instrumented with custom data-collecting software E]

The structure of some pages can change frequently, so, to get a statistically
significant number of samples for each page structure profile, the testing interval
was sampled from an exponential distribution with a mean of 30 minutes. For
each test, all the selected pages were navigated to, sequentially. This limited the
number of pages that could be analyzed, which was defined as 20. If a page was
not fully loaded within 18 seconds, the navigation was cancelled and no data were
gathered for that page in that test instance. This methodology was adopted in
SAVERIMOUTOU et al|(2019). This means that each test would have a maximum
duration of around 400 seconds, just under seven minutes. The order the pages were
selected followed a sampling-without-replacement strategy, meaning that each page
would be tested exactly once before being excluded from subsequent selections.

The 20 pages were selected from a curated list of the top 100 most visited websites

in Brazil during 2022?]. These pages were chosen based on the following criteria:

e preference for higher ranked pages;
e broad representation of web page categories;

e preference for pages where the landing page contains the content users usually

consume on the site.

One limitation of this study is that it only uses landing pages and not internal
web pages. This issue was addressed by AQEEL et al.| (2020)), who found that two
thirds of the analyzed papers required at least minor revisions due to this limitation.
The final selection criterion was chosen to partially mitigate this issue, with the

expectation that web pages with similar landing and internal pages would be less

!wptagent-automation: https://github.com/danielatk/wptagent-automation
2Top 100 most accessed sites in Brazil [2022 Edition|: https://pt.semrush.com/blog/
top-100-sites-mais-visitados/
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impacted by this limitation. Out of the 20 selected pages, 18 received sufficient
navigation data on each of the Raspberry Pis. The resulting 18 pages, along with
their respective ranks and categories, are presented in Table .1l From the top
34 most visited pages, we selected 18 based on the criteria described above. In
this group of 18 pages, the representation of each category was significant, with
categories being represented at levels ranging from 50% to 100% of those found in

the list of the top 34 pages.

Table 4.1: Pages Tested

’ Rank ‘ Page Category
21 123movies.net streaming
19 amazon.com.br e-cominerce
30 americanas.com.br e-cominerce
11 caixa.gov.br government
4 globo.com news
35 letras.mus.br music
26 magazineluiza.com.br | e-commerce
14 mercadolivre.com.br e-comimerce
28 olx.com.br e-comierce
7 pornhub.com adult
22 reddit.com social media
29 shopee.com.br e-commerce
18 spankbang.com adult
32 tiktok.com social media
34 twitch.tv streaming
9 twitter.com social media
5 uol.com.br news
3 xvideos.com adult

Following data collection, the next phase was data analysis. To determine the
most critical page complexity metrics for inferring PLT, various feature importance
methods were utilized. Specifically, these methods included recursive feature elim-
ination, forward and backward sequential feature selection, Gini importance, and
permutation importance. Each of these methods was applied in conjunction with
traditional regression models. Interpretable regression models, such as decision trees
and random forests, were also employed, offering additional insights into the signif-
icance of the selected features. The analysis was conducted at different levels of
resolution: individual page level, page category level, and general level. Figure
shows a representations of these different models.

Additionally, an unsupervised approach was employed to cluster the pages into
groups based on similar page complexity metrics, with analyses also performed
at this level of resolution. This approach involved using tensor decomposition to
identify the principal relationships among the page complexity metrics in a low-

dimensional space. Following this, the k-means algorithm was applied to cluster the
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Figure 4.1: Granularity of different models

data, enabling the impact of complexity metrics on PLT within each cluster to be

examined.

4.3 Results and Discussion

4.3.1 Feature Importance

As a first step to understanding the effect of complexity metrics on PLT, feature
importance was analyzed. This gave an understanding of which metrics actually had
a significant impact on PLT. For this, the following methods were used: Pearson
correlation, recursive feature elimination (RFE), forward and backward sequential
feature selection (FSFS and BSFS, respectively), Gini importance, and permutation
importance.

Linear regression, decision tree, and random forest models were employed, com-
plemented by the various feature selection methods. For each combination of model
and feature selection method, 5-fold validation was used. In this process, the data
were divided into training and testing groups, with 80% used for training and 20%
for testing in each fold.

Table displays the features selected by each method. The Gini importance
method, which was employed together with the random forest model, selected three
features, by calculating the RMSE of the estimated PLT for each number of fea-
tures and applying the elbow method, as is shown in Figure 4.2 The permutation
importance method, also employed together with the random forest, selected four

features, via the same criteria as Gini importance, as can be seen in Figure [4.3] The
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number of features chosen for the Pearson correlation coefficient method was three,
independent of the model being evaluated. The RFE, FSFS, and BSFS methods
utilized all features, except in the case of the decision tree combined with the BSFS
method, where only four features were selected. Number of servers was the only
feature selected by all methods. Interestingly, while number of JS objects and num-
ber of image pixels have two of the three highest Pearson correlation values, they
are not as important as other features when non-linear relations are investigated,
implying there are strong non-linear relationships that can be leveraged by the more

complex models.

Table 4.2: Feature importance per method

feature | Gini | Perm. | Corr. | RFE | FSFS | BSFS+LR | BSFS+DT
bytes 0.149 | 1.143 | -0.167 | 1 1 1 0
distinct images | 0.087 | 0.965 | 0.232 1 1 1 0
servers 0.321 | 0.800 | 0.488 |1 1 1 1
requests 0.066 | 0.462 | 0.125 1 1 1 1
CSS objects 0.166 | 0.354 | 0.102 1 1 1 1
JS objects 0.100 | 0.298 | 0.501 |1 1 1 1
image pixels 0.094 | 0.388 |-0.283 | 1 1 1 0
image objects 0.016 | 0.214 | -0.097 | 1 1 1 0
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Figure 4.2: RMSE of estimated PLT by number of features selected via Gini impor-
tance for random forest model

The RMSE and mean absolute error (MAE) of the PLT predictions for all the
models are shown in Table[4.3] For linear regression the feature selection performed
with recursive feature elimination yielded the best results. For decision tree regres-

sion the results using the different feature sets were all very similar, with the lowest
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Figure 4.3: RMSE of estimated PLT by number of features selected via permutation
importance for random forest model

Table 4.3: Results of PLT prediction using different models

Model Feature Set ‘ RMSE ‘ MAE ‘
Linear Regression Gini 0.814 | 0.645
Linear Regression Perm. 0.854 | 0.673
Linear Regression Corr. 1.001 | 0.909
Linear Regression RFE 0.739 | 0.575
Linear Regression FSFS 0.739 | 0.575
Linear Regression BSFS 0.739 0.575
Decision Tree Regression | Gini 0.483 0.260
Decision Tree Regression | Perm. 0.424 0.219
Decision Tree Regression | Corr. 0.410 0.235
Decision Tree Regression | RFE 0.423 0.218
Decision Tree Regression | FSFS 0.423 | 0.218
Decision Tree Regression | BSFS 0.412 0.214
Random Forest Gini 0.409 | 0.230
Random Forest Perm. 0.366 | 0.204
Random Forest Corr. 0.415 0.232

MAE obtained when using BSFS and the lowest RMSE obtained when using the
correlation features. With random forest the results were comparable whether using
correlation metrics or features identified as most important by the other methods.
The best-performing model out of all of them, in relation to RMSE and MAE, was
random forest, using the feature set obtained via permutation importance. The
features selected via this method were number of bytes, number of distinct images,
number of servers, and number of requests.

The interpretation of random forest models is quite limited given that it is an
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ensemble model that uses many individual decision trees. One way of circumventing
this is through the use of a global surrogate; i.e., a simpler, usually more inter-
pretable model that can be used to reproduce the behaviour of a more complex
model MOLNAR/ (2019)). In this case, a decision tree model was employed as a
global surrogate for the random forest model. This was done by training the de-
cision tree with the original training set, but replacing the labels with the output
of the random forest model. The tree for the surrogate model, using the features
selected via Gini importance, is shown in Figure The maximum depth was set
at 2 for better visualization. The root divides the tree according to the number of
servers, using 16 as the cut-off point, with two thirds of the samples being below
that. For those samples, the next discriminator is number of CSS objects, with 47
as the cut-off point, with just under a tenth of the samples being above that. The
samples with higher number of CSS objects had an average PLT roughly double
that of the samples with lower number of CSS objects. Counterintuitively, samples
with number of servers above 16 and number of kBytes above 1086 resulted in a low
PLT of around 3.6 seconds. However, this occurred in only a small fraction of the
samples (approximately 0.2%), indicating that such instances should be considered

special cases.

numservers<= 16.5

samples = 208904
value = 8185.673

S

num_css <= 47.5 num_bytes <= 1086.149

samples = 141015 samples = 67889

value = 6804.306 value = 11054.966
samples = 129570 samples = 11445 samples = 67381 samples = 508
value = 6323.619 value = 12246.219 value = 11110.634 value = 3671.252

Figure 4.4: Surrogate decision tree for random forest model

Analogously, the tree for the surrogate model, using the features selected via
permutation importance, is shown in Figure [4.5] As was the case with the other
surrogate decision tree, number of servers was the root node, with the same value
split. However, for this tree, number of requests and number of distinct images were
on the next tree level, with the cut-off points being 75 and 157, respectively. For
both cases the split does not create a great distinction between PLT values, with
more fine-grained differences probably appearing at deeper levels.

The same models were applied in a per-page fashion and, as was the case in

the general analysis, for most pages random forest was the best-performing model.
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num servers<= 16.5

samples = 208904
value = 8188.071

S

num_res <= 75.5 distinct_imgs <= 157.5

samples = 141015 samples = 67889

value = 6806.135 value = 11058.544
samples = 49149 samples = 91866 samples = 57127 samples = 10762
value = 5225.155 value = 7651.972 value = 10752.342 value = 12683.933

Figure 4.5: Surrogate decision tree for random forest model with permutation im-
portance

Table [4.4] presents the top three features selected by the random forest model for
each page, along with their corresponding Gini importance values, while Table
presents the same analysis, but with permutation importance.

As observed, number of bytes and number of requests were the features chosen
in most cases, with these being prominent in 14 out of the 18 pages, when analyzing
according to Gini importance and in 11 out of the 18 pages when analyzing according
to permutation importance. In 11 out of these 18 pages, when analyzing according
to Gini importance, the features including number of bytes, number of requests,
and one image-related aspect (such as number of image objects, number of distinct
images, or number of image pixels) were selected. The same effect was found in 7
out of the 18 pages, when analyzing according to permutation importance. In both
analyses, only five pages did not include an image-related feature. Also, number
of distinct images was chosen more frequently than number of image pixels and
number of image objects, suggesting that it may better represent the impact on
PLT compared to other image-related features.

Table 4.6 shows the comparison, in relation to RMSE, between Gini importance
and permutation importance feature selection methods, in the per-page analysis.
Out of the 18 pages, Gini importance was better than permutation importance in 8
pages, permutation importance was better than Gini importance in 7 pages and both
performed equally well in 3 pages, with neither of the methods clearly outperforming
the other. The worst performance was for the Reddit page, with an RMSE value
of 0.541, which is around half a standard deviation. It must be noted that, for this
analysis, the normalization was applied at a per-page basis, so results are relative
to the ranges of the particular page being scrutinized.

The analysis was also conducted on a per-category basis, yielding the results,

according to Gini importance, presented in Table and according to permutation
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Table 4.4: Selected Features by Random Forest per Page with Gini Importance

web page ‘ kBytes ‘ servers ‘ imgs. ‘ JS ‘ CSS ‘ requests | dist. imgs. ‘ pixels ‘
reddit 0.110 | — — — — 0.187 0.513 —
magazineluiza | 0.395 | — 0.236 | — — 0.121 — —
pornhub 0.707 | — — — — 0.049 0.166 —
globo 0.184 | — — — — 0.490 — 0.095
shopee 0.139 — 0.072 | — — 0.659 — —
olx 0.661 | 0.176 | — — — — 0.039 —
twitch 0.361 | — — 0.090 | — 0.364 — —
xvideos 0.345 | — — 0.168 | — 0.151 — —
letras 0.184 | — — 0.458 | — — 0.168 —
americanas 0.155 | — — — — 0.208 — 0.287
caixa 0.773 | — — — — 0.098 — 0.037
tiktok — — — 0.251 | 0.194 | 0.141 — —
amazon — — 0.170 | — — 0.147 0.343 —
mercadolivre | 0.394 | — — — — 0.172 0.156 —
123movies 0.245 — — — — 0.468 0.110 —
uol 0.358 | — — — — 0.126 — 0.180
spankbang 0.619 | 0.092 | — — — 0.156 — —
twitter 0.580 | — — 0.059 | — 0.267 — —

Table 4.5: Selected Features by Random Forest per Page with Permutation Impor-

tance

’ web page ‘ kBytes ‘ servers ‘ imgs. ‘ JS ‘ CSS ‘ requests | dist. imgs. ‘ pixels ‘
reddit 0.322 | — — — — 0.334 0.608 —
magazineluiza | 0.650 | — 1.016 | — — 0.576 — —
pornhub 0.967 | — — — — 0.469 0.898 —
globo 0.370 — — 0.621 | — 1.974 — —
shopee — — 0.924 | — 0.276 | 0.794 — —
olx 1.685 | 0.310 | — — — — — 0.203
twitch 0.530 | — — — 0.662 | 1.920 — —
xvideos 0.938 | — — 0.804 | — — 0.195 —
letras 0.256 — 0.316 | 0.875 | — — — —
americanas 0.282 — — — — 0.438 — 1.001
caixa 1.026 | — — — — 0.488 0.333 —
tiktok — — — 0.726 | 0.615 | 0.606 — —
amazon — — 0.814 | — — — 0.446 0.453
mercadolivre | 0.851 | — 0.588 | — — — — 0.726
123movies 0.323 | — — — — 1.593 0.499 —
uol 0.789 | — — — — 0.438 — 0.390
spankbang 0.889 0.571 | — — — 0.900 — —
twitter 1.551 | 0.279 | — — — 1.087 — —

importance presented in Table[d.§ Interestingly, while number of servers was among

the least important features in the per-page analysis, it emerged as one of the most
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Table 4.6: RMSE of Random Forest per Page by Feature Selection Method

web page Gini Importance | Permutation Importance
reddit 0.532 0.541
magazineluiza | 0.187 0.189
pornhub 0.095 0.096
globo 0.077 0.079
shopee 0.110 0.106
olx 0.263 0.251
twitch 0.346 0.357
xvideos 0.118 0.117
letras 0.063 0.065
americanas 0.161 0.160
caixa 0.141 0.140
tiktok 0.363 0.363
amazon 0.243 0.225
mercadolivre | 0.114 0.116
123movies 0.338 0.338
uol 0.295 0.294
spankbang 0.276 0.276
twitter 0.229 0.231

significant features in the e-commerce category. This suggests its crucial role in
determining PLT for e-commerce pages, though it appears to be less relevant for
individual page differences. The fact that over a third of the measurements originate
from e-commerce pages explains why number of servers was identified as one of the
most important features in the overall analysis.

In addition, for social media and news categories, the number of CSS objects and
the number of JavaScript objects, respectively, were the most important features
for predicting PLT. This aligns with VOGEL and SPRINGER] (2022)), who report
that 70% of JavaScript and 90% of CSS scripts are loaded as render-blocking code,
often utilized only after the page has finished rendering. Such inefficient loading
represents a critical optimization opportunity. Developers targeting these categories
could prioritize minimizing render-blocking CSS and JavaScript objects to improve
page load times and enhance user experience.

Consistent with the per-page analysis, number of bytes and number of requests
continue to be the most important features overall, further underscoring their ubiqg-

uitous influence across all categories.

4.3.2 Incorporating page category

Training one model per category was a satisfactory way of using the page category

information. There are, however, other ways of making use of that information. One
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Table 4.7: Selected Features by Random Forest per Page Category with Gini Im-

portance

category ‘ kBytes ‘ servers ‘ imgs. ‘ JS ‘ CSS ‘ requests | dist. imgs. ‘ pixels ‘
e-commerce 0.145 0.606 | — — — — 0.114 —
adult content | 0.843 | — — — — 0.055 0.037 —
social media | 0.079 | — — 0.064 | 0.713 | — — —
news 0.162 — — 0.477 | — 0.113 — —
streaming 0.205 | — — — — 0.601 0.057 —
government 0.773 | — — — — 0.098 — 0.037

Table 4.8: Selected Features by Random Forest per Page Category with Permutation

Importance

category ‘ kBytes ‘ servers ‘ imgs. ‘ JS ‘ CSS ‘ requests | dist. imgs. ‘ pixels ‘
e-commerce 0.921 0.745 | — — — — 1.112 —
adult content | 9.382 | — — — 2.722 | 1.862 — —
social media | 0.406 | — — — 0.904 | 0.230 — —
news 0.745 | — 0.470 | 2.394 | — — — —
streaming 0.460 0.411 — — — 1.874 — —
government 1.634 | — — — — 5.365 — 1.496

way would be to encode page category information into a categorical feature and
add it to the general model. Another way would be to use a model that allows for
different groupings of data points which, in this case, would correspond to the page
categories. The second approach was adopted in this study, in the form of mixed-
effects models. The first ever mixed-effect model devised was the linear mixed-effect
(LME) model DUCHATEAU et al.| (1998). The model can be summarised in the

equation below:

(4.1)
(4.2)

Y;‘j = U + Xl]ﬁ + lebl + €5
= p+ Xuij01 + XoigBa + - - + XpijBp + Zijbi + €5
Where Yj; is the response variable (PLT) for the jth navigation instance of

, Bp are the fixed-

effect coefficients associated to each of the p complexity metrics, Xi;;, Xoij, ..., Xpij

category ¢, p is the mean PLT of all the navigations, i, 5s,. ..

are the complexity metric values of the jth navigation instance of category i, Z;
is the random effect predictor of the jth navigation instance of category i, b; is the
random effect coefficient for category 4, and ¢;; is the residual term. In matrix form

we have:

Y = X3+ Zb+e (4.3)
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This model, however, is limited by the fact that the fixed effects portion is linear.

A generalization of this model would be represented by the following equation:

Y = f(X)+ Zb+e (4.4)

In this model, the random effects portion of the modeling is linear, however
the fixed effects are modeled by a general function f(). In the case of the mixed
effect random forest (MERF) model HAJJEM et al| (2014), f() is estimated by a
random forest. This model is fit by an expectation-maximization procedure, where

the following steps are followed:

1. Fix all the b; and compute y*; = y; — ZilA)l-,i =1,2,...,n. Fit a random forest,
f(X), to yx globally across all samples.

2. Fix f(), X, and X, and optimize to find b*;, where ¥, and 3, are the covariance
matrices of b and e, respectively. There is a closed-form solution assuming a

linear random effect and Gaussian prior.

3. Fix f() and b; and optimize to find 3, and .. There is a closed-form solution

assuming a linear random effect and Gaussian prior.

By repeating steps 1 to 3 the model may converge, which can be calculated via
the generalized log likelihood.

This model was fit to the data, resulting in an RMSE value of 0.270 and a
MAE value of 0.136, making it the best-performing model so far, underscoring the

importance of incorporating page categories when analyzing PLT.

4.3.3 Unsupervised Analysis

Analyzing how page complexity metrics affect PLT across different categories has
proven useful, as was just shown. However, a potentially more insightful analysis
could involve examining pages that share similar complexity metrics. This approach
may reveal some nuances or patterns that are not apparent when comparing across
broader categories. To explore this possibility, we propose an unsupervised method
that groups pages based on their complexity metrics.

As a first step, the data were modeled as a three-way tensor. This was done to
better understand the relationship between the different page complexity metrics,
but primarily to serve as an interpretable pre-processing step for the clustering.
The first mode represented the “webpage-raspberry” combination, encompassing all
possible pairings of pages and Raspberry-Pis. The second mode was dedicated to
complexity metrics, and the third mode to the hour of the day. For this last mode,

I calculated the average value of each complexity metric for every page-raspberry
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pair for each hour, which formed the tensor’s values. Figure 4.6 shows the tensor’s

representation.

complexity
metrics

hour of day

webpage-raspberry

Figure 4.6: Tensor representation

Two strategies were tested for data transformation before fitting the model. First,
a min-max normalization was performed, with the data being compressed into values
between 0 and 1, with 0 corresponding to the lowest value and 1 to the highest, for
each feature. This was then paired with a non-negative canonical-polyadic decom-
position. The problem found here was that many of the features had outliers with
high values, which this method of normalization is very sensitive to. Because of this,
the data were normalized via standard scaling instead. Non-negative decomposition
was considered; while it tends to lose precision in relation to the explained variance,
its interpretation is much simpler. Nevertheless the unrestricted decomposition was
not too overly complicated to interpret, which is why it was chosen for this analysis.
Canonical-polyadic decomposition was then performed, using the alternating least
squares algorithm. To assess the rank of the tensor, different values were tested,
with split-half validation being performed and, for each candidate value, the total
explained variance calculated, as shown in Figure 4.7 A rank value of 5 was chosen
since the rank-5 tensor explains over 90% of the total variance in the data.

Figure presents the factor matrix for the complexity metrics mode. The val-
ues in the matrix are called loadings, which are a way to measure how much each
complexity metric contributes to each factor, allowing for a representation of the
metrics in a low rank space. Considering the first three factors, all of the complexity
metrics had loadings higher than 0.45. This high value suggests that every complex-
ity metric significantly influenced at least one of these factors. Additionally, these
factors were arranged in order, in which the first factor explained the most about
the variations in the data, the second factor explained the next most, and so on.
Since the first three factors had high loadings for all the metrics, it means they were

the most significant in terms of explaining differences in the data.
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Figure 4.7: Explained variance for different ranks

Figure displays the page-raspberry factor matrix. For clarity, only five page-
raspberry combinations are depicted. As observed, the loading values for each page-
raspberry pair are remarkably similar for a given factor. This similarity suggests
that the patterns of page complexity metrics are consistent across different page-
raspberry pairs. Given that these Raspberry Pis were connected to three distinct
ISPs, this finding implies that network variations do not significantly influence these
metrics, a conclusion that aligns with observations in other studies
. The first factor primarily accounts for the variation observed in the com-
plexity metrics of amazon.com.br, as evidenced by the high positive loading values
for the metrics: number of bytes, number of JavaScript objects, and number of dis-
tinct images (Figure . This is discussed below. In contrast, caixa.gov.br showed
negative loadings for the second factor, while TikTok had positive loadings for the
same factor. The second factor was mostly associated with a high number of servers,
distinct images, and image objects. As expected, TikTok showed positive loadings
for these metrics. Conversely, Caixa, being a government website, tended to have
fewer images and servers.

Figure shows the loadings of the hour of day mode. As can be seen, factor
1 had a distinct pattern from the others, having lower loading values from 8 to 10
in the morning. This factor had high loadings for amazon.com.br in the webpage
mode and high loadings for number of JS objects, number of bytes and number
of distinct images in the complexity metrics mode. Figures [4.11] and
show the average number of bytes, JS objects, and distinct images per hour of day,
respectively, for amazon.com.br, for one of the Raspberry Pis. As can be seen, all
three metrics show low values between 8 and 10 am. This exact pattern was found in
all but one of the Raspberry Pis, implying that amazon.com.br performs some sort

of content gauging of their page according to the time of day. According to[STREIT|
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Figure 4.8: Factor Matrix for complexity metrics mode

(‘amazon.com.br', 'dca6326b9c99') -0.04 0.04 0.01 0.11
(‘amazon.com.br’, 'dca6326b9ca8') -0.06 0.05 0.02 0.09
(‘amazon.com.br', 'dca6326b9ce4’) -0.03 0.04 0.01 0.11
(‘amazon.com.br', 'e45f01359a20') -0.05 0.05 0.01 0.10 0.3
(‘amazon.com.br', 'e45f01963c21')

-0.06 0.05 0.02 0.10

('caixa.gov.br', 'dca6326b9c99') - 0.19 0.14
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('twitter.com’, 'dca6326b9c99") 0.19 0.05 -0.00
('twitter.com’, 'dca6326b9ca8') 0.18 0.05 0.00
('twitter.com’, 'dca6326b9ce4d') 0.18 0.05 -0.00
('twitter.com’, 'e45f01359a20') 0.19 0.05 -0.01 —-0.2
('twitter.com’, 'e45f01963c21") 0.19 0.05 -0.00
I I I
3 4 5

Factor

Figure 4.9: Abbreviated factor matrix for webpages mode

(2023), mid-morning hours, in general, have the least internet traffic. Since
there were lower than average values of JS and image objects during these hours
it is likely that these originate from ad services, with Amazon opting to lower the
volume of this content during hours in which the website is less accessed, in order
to cut costs.

Figure [4.14] shows the average PLT values per hour of day. The lowest value is
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Figure 4.11: Average number of bytes per hour of day for amazon.com.br

for 9 am, while the highest is midnight. As stated before, according to
(2023), mid-morning hours, including 9 am, have the least internet traffic,
while midnight is one of the hours with most internet traffic. It makes sense that
hours with higher traffic usage would yield higher PLT values, since there would be
higher levels of congestion in the network. The variation, though, is low, with the
highest and lowest PLT values being 8555 and 8375 milliseconds, respectively. This,

however, is intuitive, since most of the variation of PLT is inherent to the specific

pages, not the underlying network conditions HUET et al. (2021]).

32



13.0

12.8

12.6

12.4

Mean num_js Value

12.2 4

12.0

11.8 -

T T T T T
0 5 10 15 20
Hour of Day

Figure 4.12: Average number of JS objects per hour of day for amazon.com.br
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Figure 4.13: Average number of distinct images per hour of day for amazon.com.br

The data points were then clustered using the loadings from the complexity
metrics mode. K-means clustering was performed with K = ¢,7 € [2,10]. The
silhouette scores were then computed for each K-value, as is shown in Figure [£.15
The elbow method was used to choose the final number of clusters to continue the
analysis, which yielded a value of 4.

Figure displays the distribution of navigations for each web page, catego-
rized by the assigned cluster. Remarkably, almost half of all the pages had all their

navigations mapped exclusively to a single cluster. Additionally, every page had at
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Figure 4.14: Average PLT per hour of day
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Figure 4.15: Silhouette score for different amount of clusters for K-means

least 60% of its navigations mapped to one predominant cluster. In other words,
there is a remarkable correlation between the category of a web page and its corre-
sponding cluster. Navigations to web pages featuring adult content were exclusively
mapped to cluster 0, while cluster 1 predominantly grouped news and e-commerce
web pages. Cluster 2 mainly grouped e-commerce and social media pages. Notably,

cluster 3 was unique in containing only navigations to amazon.com.br. (Note that
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not all Raspberry Pis collected data from the Pornhub page, thus precluding its

evaluation via unsupervised analysis.)
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Figure 4.16: Cluster distribution per webpage

Figures to show the feature values for the clusters’ centroids. The
values are shown after being scaled via empirical standard deviation, with 0 being
the empirical mean and every unit of value above or below 0 being equivalent to one
standard deviation.

Cluster 0, shown in Figure which was mainly associated with adult content
webpages, presents below-average values of all complexity metrics except for number
of image pixels.

Cluster 1, shown in Figure [4.18] which was comprised mainly of news and e-
commerce webpages, presented nearly one standard deviation above the average
number of servers and number of JS objects. This indicates a profile of pages with
many ads and/or dynamic content and many different sources of content. This
corroborates the findings of the previous chapter.

Cluster 2, shown in Figure [£.19, had navigation instances from the following
pages: tiktok.com, twitch.tv, shopee.com.br, and very few from reddit.com, being
the most diverse cluster in terms of webpage categories. The centroid of this cluster
had number of CSS objects more than two standard deviations above the average and
number of bytes more than one standard deviation above the average. The number
of servers was nearly one standard deviation below the average. This indicates a
profile of pages with few ads and lots of content, which was provided from few

sources.
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Cluster 3, shown in Figure contains only amazon.com.br. The centroid has

number of images nearly four standard deviations above the average and number of

requests and number of distinct images nearly three standard deviations above the

average. The number of servers and number of JS objects was nearly one standard

deviation below average.
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Once again, Amazon was shown as a clear outlier. Upon further investigation

it was found that many pages load content dynamically as the page is scrolled

down. This is very common practice in e-commerce pages, which usually employ

standardized content management systems (CMS) strategies. This, however, is not

the case for amazon.com.br, which probably has its own in-house CMS, loading all

the content in one go, allowing for smoother display of images and other types of

content. To see if this accounts for the difference in profiles between Amazon and

the other pages, for one week, measurements were collected differently: when a page

was loaded the page was scrolled down until either the end of the page was reached



or ten seconds passed. This was done because for some pages, such as twitter.com
and reddit.com, content is loaded indefinitely.

Figure shows the cluster distribution for the pages using the scrolling strat-
egy, while Figures to show the cluster centroid values for the scrolling
strategy. Table shows the page migrations between clusters. The highest migra-
tion was from cluster 1 to cluster 2. While the centroids of clusters 0 and 3 remained
the same, there were some small differences in clusters 1 and 2, which are highlighted
in Table [4.10] H signifies a high value, above the average, while L signifies a low
value, below the average. As can be seen, in the scrolling strategy, cluster 1 had
number of requests and number of distinct images below average and cluster 2 had
number of servers and number of JS requests above average while having number of
requests and number of pixels below average. Therefore, the migration from cluster
1 to 2, in this context, indicates mainly an increase in number of bytes and number
of CSS objects, which is to be expected. It can be seen that continuous scrolling for
ten seconds resulted in many of twitch.tv and tiktok.com navigations being assigned
to cluster 3, which was associated with high values of images, bytes, and requests.
This is expected, since both are pages where not only is content loaded indefinitely,
but the content also has a high number of images. Interestingly though, none of
the other e-commerce pages changed to cluster 3, indicating that amazon.com.br

remained an outlier in its genre.

Table 4.9: Cluster page migration fractions
’ Scrolling / Original \ 0 \ 1 \ 2 \ 3 ‘

0 — 10 02510
1 01— |0 0
2 021060 0
3 0 0.1 025 | —

Table 4.10: Feature differences between clusters 1 and 2 for each measurement

strategy
’ cluster ‘ strategy ‘ kBytes ‘ servers ‘ imgs. ‘ JS ‘ CSS ‘ req. ‘ dist. imgs. ‘ pixels ‘
1 orig. L H L H | L H H L
1 scroll L H L H L L L L
2 orig. H L L H | H H |L H
2 scroll H H L H | H L L L

Random forest was performed on each of the original clusters, with the Gini
importance and permutation importance being calculated for each feature. The re-
sults are shown in Tables and [£.12] respectively. This was the level of resolution
where the selected features most differed between different feature importance meth-

ods. For both methods, though, number of bytes was the most important feature
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for clusters 0 and 1. Number of JS objects, which was the most important feature
for the news category, was also one of the most important features for cluster 1, as
should be expected. Number of servers, however, which was the most important fea-
ture for e-commerce pages, was only one of the most important features for cluster
1 when employing the Gini importance method.

Interestingly, the most mixed cluster, in terms of categories, has number of
servers as one of the most important features. Number of servers was also found to be

the most important feature in the general analysis. This was previously understood
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to be the effect of a high number of pages from the e-commerce category, in which
number of servers was found to be the most important feature, but it could in fact

be the most important feature in a setting with diverse pages.

Table 4.11: Selected features by random forest per cluster with Gini importance
’ cluster ‘ kBytes ‘ servers ‘ imgs. ‘ JS ‘ CSS ‘ requests | dist. imgs. ‘ pixels ‘

0 0.287 | — — — 0.160 | — 0.111 —
1 0.658 | 0.063 | — 0.131 | — — — —
2 0.069 | 0.743 | — — 0.063 | — — —
3 0.139 | — — — — 0.189 0.183 —

Table 4.12: Selected features by random forest per cluster with permutation impor-
tance

cluster ‘ kBytes ‘ servers ‘ imgs. ‘ JS ‘ CSS ‘ requests | dist. imgs. ‘ pixels ‘
0 2.174 | — — — — — 0.883 0.984
1 1.927 | — — 0.399 | — 0.295 — —

2 — 0.304 | — — 0.362 | 0.619 — —

3 — — 0.794 | — — 0.917 0.859 —

To compare the effectiveness of the different models, the general model, the cat-
egory model, and the cluster model, with features selected via Gini importance and
permutation importance, were tested on each page individually. For cluster models,
the cluster assigned to each page was the one containing over 60% of that page’s
navigations. All data points were normalized using standard scaling, considering
the entire dataset, before fitting the models.

The models were adapted to train on all of the pages except the one being
analyzed. Taking the Shopee page as an example, the general model used all pages

except Shopee for training, selecting the top three features for each feature selection
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method. This model was then exclusively tested on Shopee data. In the category
model, an e-commerce model was trained (since Shopee is an e-commerce site) using
all e-commerce pages except Shopee, and then tested only on Shopee data. For
the cluster model, 1 allocated Shopee to cluster 2, as it encompasses most of its
navigations. This model was trained using all data from cluster 2, excluding Shopee,
and tested on all of the Shopee data, including navigations on the Shopee page
that did not belong to cluster 2. The features were selected for each page/model
combination, according to the training data, which, in certain cases resulted in

different feature sets from those previously reported.

Table 4.13: RMSE per page for category models per feature importance method

page category Gini importance | permutation importance
magazineluiza | e-commerce | 2.488 1.890
shopee e-commerce | 0.841 0.727
olx e-commerce | 0.870 0.856
americanas e-commerce | 0.718 1.529
amazon e-commerce | 0.992 1.315
mercadolivre | e-commerce | 1.342 2.418
reddit social media | 1.173 0.836
tiktok social media | 1.074 0.840
twitter social media | 0.896 1.335
globo news 0.669 0.537
uol news 0.717 0.645
xvideos adult 3.486 0.416
spankbang adult 0.420 0.429
pornhub adult 0.283 0.198
twitch streaming 1.014 0.661
123movies streaming 0.698 0.793

Table shows the RMSE for each page, according to category models trained
with each of the two feature sets. The results are absent for Caixa and Letras, as
these were the only websites in the government and music categories, respectively.
Although, for most pages, the model trained on the features selected via permutation
importance performed better, the difference is not overwhelming, with most results
being comparable.

Table shows the RMSE for each page, according to cluster models trained
with each of the two feature sets. The results are absent for cluster 3 because its
data are comprised solely of navigation instances to Amazon. For this comparison
both feature importance methods performed equally well, with the same number of
pages having a better performance for each of the methods.

Table shows the RMSE for each page, according to general models trained
with each of the two feature sets. As was the case with the cluster analysis, the

results are very balanced and, when one model has a better performance, they are
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Table 4.14: RMSE per page for clusters per feature importance method

page ‘ cluster ‘ Gini importance | permutation importance
twitter 0 0.811 1.002
reddit 0 1.344 0.994
xvideos 0 2.920 0.987
spankbang 0 0.698 1.083
twitch 0 0.792 1.123
letras 0 0.829 1.412
mercadolivre | 0 2.140 2.181
magazineluiza | 1 1.888 1.452
olx 1 0.752 0.832
americanas 1 1.219 0.445
globo 1 0.868 0.569
uol 1 0.831 0.835
123movies 1 1.181 1.081
caixa 1 0.578 1.168
shopee 2 1.351 0.979
tiktok 2 1.429 0.867

Table 4.15: RMSE per page for general models per feature importance method

page ‘ Gini importance | permutation importance
magazineluiza | 0.537 0.947
shopee 1.242 1.019
olx 0.813 0.897
americanas 0.912 0.863
amazon 1.369 1.462
mercadolivre | 1.799 1.920
reddit 1.641 1.216
tiktok 1.734 2.071
twitter 1.133 0.983
globo 0.766 0.627
uol 0.942 1.185
xvideos 1.207 0.535
spankbang 0.468 0.426
pornhub 0.324 0.256
twitch 0.982 1.000
123movies 1.416 1.036
caixa 1.695 1.402
letras 0.954 1.158

usually both comparable.

Table shows a comparison between all models, in relation to RMSE for each
page. It is observed that for 11 out of the 15 pages, where the category and the
cluster models were evaluated, the category models outperformed both the cluster
and general models. This highlights the significance of incorporating page categories

in analyzing PLT. Note that, in most models, the RMSE value suggests an error in
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Table 4.16: RMSE per page per model
page category ‘ cluster ‘ cat. G ‘ clus. G ‘ gen. G ‘ cat. P ‘ clus. P ‘ gen. P ‘

magazineluiza | e-comm. | 1 2.488 1.888 0.537 | 1.890 | 1.452 0.947
shopee e-comm. | 2 0.841 1.351 1.242 0.727 | 0.979 1.019
olx e-comm. | 1 0.870 | 0.752 | 0.813 0.856 | 0.832 0.897
americanas e-comm. | 1 0.718 | 1.219 0.912 1.529 | 0.445 | 0.863
amazon ! e-comm. | 3 0.992 | — 1.369 1.315 | — 1.462
mercadolivre | e-comm. | 0 1.342 | 2.140 1.799 2.418 | 2.181 1.920
reddit social 0 1.173 | 1.344 1.641 0.836 | 0.994 1.216
tiktok social 2 1.074 | 1.429 1.734 0.840 | 0.867 2.071
twitter social 0 0.896 0.811 1.133 1.335 | 1.002 0.983
globo news 1 0.669 | 0.868 0.766 0.537 | 0.569 0.627
uol news 1 0.717 | 0.831 0.942 0.645 | 0.835 1.185
xvideos adult 0 3.486 | 2.920 1.207 0.416 | 0.987 0.535
spankbang adult 0 0.420 | 0.698 0.468 0.429 | 1.083 0.426
pornhub adult — 0.283 | — 0.324 0.198 | — 0.256
twitch stream 0 1.014 | 0.792 0.982 0.661 | 1.123 1.000
123movies stream 1 0.698 | 1.181 1.416 0.793 | 1.081 1.036
caixa gov. 1 — 0.578 1.695 — 1.168 1.402
letras music 0 — 0.829 0.954 — 1.412 1.158

estimating the PLT of less than one standard deviation. In future research, a larger
number of pages could be analyzed to gain a more comprehensive understanding of

category-specific trends.
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Chapter 5
Conclusion

In this study, I examined the content and infrastructure of the most popular web
pages in Brazil. I contrasted these findings with previous studies to understand
recent trends, resulting from current page building and serving strategies. I found
that e-commerce pages have changed significantly over the years in relation to num-
ber of servers and number of requests, getting closer to the profile found for news
pages. Both categories now also have a higher contribution, in terms of number of
bytes, in CSS and JavaScript content. In 2011, the number of bytes of JavaScript
content corresponded to 39% and 34% for e-commerce and news pages, respectively.
Now it is 47% and 52%. For CSS, it was 0.07% and 0.08% respectively, whereas
now it is 1.4% and 1.0%. I found that the news category has the most prevalence
of ad services, which is served via JavaScript files. In contrast, e-commerce pages
have a much smaller presence of ads, probably using the JavaScript files mostly for
dynamic pages.

I found that the median contribution of bytes which come from CDNs is almost
100% now, whereas in 2011 it was 40%. However, I also found a high correlation be-
tween use of CDNs and page rank, with higher-ranked pages having a more prevalent
use. In this study only the top 100 pages were chosen, whereas in BUTKIEWICZ
et al| (2011) the top 20000 were used. The lower-ranked pages could impact this
distribution.

I performed a correlation analysis to understand the relationship between the
complexity metrics. From this analysis I found a high correlation (0.77) between
incoming bytes and image bytes, confirming the fact that most bytes come from
images. I also found a low correlation (0.06) between number of servers and number
of incoming bytes, demonstrating the high variability in number of bytes incoming
from different servers. I find a high correlation between number of ad services and
number of CDN servers, indicating that most ad content is hosten in CDN servers.

This study also examined the relationship between page complexity metrics and

OKT using both supervised and unsupervised models. The random forest model
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demonstrated the best performance among the supervised models. For the unsuper-
vised analysis, I employed a tensor decomposition approach. This method enables
the representation of data in a multidimensional space, which facilitates subsequent
clustering. This clustering was used to analyze how the complexity metrics affect
PLT within each identified cluster.

I trained three Random Forest models: a general model (encompassing all pages),
a specific page model, and a page category model, to analyze the most important
features for each. The results indicate that the number of bytes is one of the top
three features for the majority of models, with the only exceptions being the models
for Amazon and TikTok pages.

In the page category models, the number of bytes and the number of requests
emerge as the top two features for most categories. However, distinct trends appear
depending on the page category. For the e-commerce category, the number of servers
is the most crucial feature for determining PLT. In the news category, it is the
number of JavaScript objects, likely due to the ads loaded through JavaScript. For
the social media category, the number of CSS objects is most significant. These
findings from the page category models align with the analysis from the specific
page model, where the three most important features were identified as the number
of bytes, the number of requests, and the number of distinct images.

I obtained four clusters from the unsupervised analysis. Interestingly, the number
of bytes is one of the top three features for all clusters, aligning with the findings
from the supervised analysis. Each cluster predominantly groups navigations to
web pages within specific categories: cluster 0 exclusively contains pages with adult
content; cluster 1 primarily includes news and e-commerce web pages; and cluster 2
features a combination of e-commerce and social media pages. Remarkably, cluster
3 is unique, exclusively encompassing navigations to amazon.com.br.

To assess the effectiveness of different models, I individually tested the general
model, the page category model, and the cluster model on each page. The page
category model outperformed both the cluster and the general models for 10 out of
the 15 pages. This indicates that page category models are significant in predicting
PLT. It should be noted that, in most models, the RMSE (Root Mean Squared
Error) value suggests an error in estimating the PLT of less than one standard
deviation.

Although these results offer significant insights, several limitations of the current
analysis point to opportunities for future research. First, the study only analyzed
100 pages for the page characterization and an even smaller subset—18 pages—for
the page performance analysis. Expanding the scope to include a larger dataset,
encompassing pages across a broader range of page ranks beyond just the top 100,

could yield more representative results. Additionally, incorporating dependency
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graphs into the analysis could provide a deeper understanding of inter-dependencies
within page components, helping to pinpoint further optimization opportunities.
These enhancements would enrich the findings and provide a more comprehensive

understanding of the factors influencing PLTs.
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