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ABSTRACT

We present a quantitative web analytics approach tailored
towards academic libraries. We introduce the construct of
pixel efficiency analysis and the metrics of pixel efficiency
value and conversion efficiency value for quantitatively
evaluating website changes. Pixel efficiency analysis is the
practice of relating screen real estate measured in pixels to
the achievement of organizational goals and key
performance indicators as indicated by quantifiable user
behavioral interactions on a webpage. The concepts and
measures are employed through a case study at a major
academic library focusing on four major webpages. The
first level of analysis incorporates pixel efficiency analysis
within an overarching web analytics investigation to
identify key areas of improvement on the selected pages.
The second level of analysis improves the identified
weaknesses through A/B testing and highlights the
usefulness of pixel efficiency analysis. Lastly, the third
level of analysis employs the usage of the pixel efficiency
value to elicit the added worth that potential website
changes possess.
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INTRODUCTION

Similarly to other organizations, online technology
advances allow academic library websites to increase the
availability of electronic resources such as e-journals, ebooks, enhanced search features, reference services, and an
increasing usage of online graphics (Aharony, 2012).
Increased emphasis on electronic services have pushed
expenditures of academic libraries at a growth rate 12%
above inflation. Yet, libraries must invest in these services
in order to offer high quality services to their consumers.
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One of the challenges for academic libraries is offering the
level of service consumers have come to expect from
commercial offerings, in particular services like Google
Scholar (Kesselman & Watstein, 2005). Research shows
that these concerns are not unwarranted, as Brophy and
Bawden (2005) show that Google ranks superior in
accessibility and coverage when conducting academicrelated queries relative to library services. The researchers
(Brophy & Bawden, 2005) note that even though academic
libraries rank superior in quality, next generation students
are likely to prefer accessibility over quality. Additionally,
it is known that users seeking information will engage in an
internal cost/benefit analysis to maximize reward and
minimize effort (Jansen & Rieh, 2010). Moreover, the
principle of least effort holds a stronger association with
bibliometrics and information retrieval-related activities,
compared to other information seeking tasks (Chang, 2016).
Watkinson et al. (2016) have investigated trust of library
resources. As a result, academic libraries have utilized web
analytics to improve their websites and have been
somewhat successful at doing so (e.g., Betty, 2009);
however, a gap remains between relating these changes to
online content access and organizational goals.
The objective of this research is to introduce an approach
for academic libraries to increase the effectiveness and
efficiency of their online services and presence. Results
from this research highlight the impact of leveraging our
approach, referred to as pixel efficiency analysis. Pixel
efficiency analysis (PEA) is the practice of relating screen
real estate measured in pixels to the achievement of
organizational goals and key performance indicators as
indicated by quantifiable user behavioral interactions on a
webpage. Specifically, this research emphasizes the ability
of PEA to measure website changes against organizational
goals and key performance indicators (KPIs), while also
accounting for the ability to streamline website content,
which is linked to enhanced user acceptance.
LITERATURE REVIEW

Leveraging web analytics packages, such as Google
Analytics, provides the capability to examine various
aspects of a website (Ferrini & Mohr, 2009; Jansen, 2009).
Kumar, Singh, and Kaur (2012) found that its use has a
significant positive correlation with consumer satisfaction.
This can correlate to higher return on investment (ROI), a

vital measure for academic libraries given increasing
expenditures on electronic.
Though utilizing web analytics has potential benefits, it
does not come without its limitations. For example, while
web analytics may tell how a user is interacting with a
website, it is difficult to tell why a user is engaging in a
particular behavior. Web analytics also cannot identify
underlying needs of users or user satisfaction throughout
their webpage engagement (Conyers & Payne, 2011;
Jansen, 2009). Furthermore, web analytics has inherent data
accuracy issues, per data error margins (typically) within
the 5-10% range (Ferrini & Mohr, 2009; Jansen, 2009).
Despite caveats, academic libraries have utilized the
benefits of web analytics to understand behavioral patterns
related to online content, increase visitors, improve loyalty,
enhance navigation, and advance marketing efforts (Betty,
2009). Leveraging best practices of web analytics (Digital
Analytics Association, n.d.), Jansen (2009) presents a Web
Analytics Process Guide. Fagan (2014) suggests academic
libraries adopt the Web Analytics Process Guide, echoing
the call for a more strategic approach to website redesign
(Manuel, Dearnley, & Walton, 2010). Not adopting such an
approach risks more findings similar to that of Paul and
Erdelez (2013), who report that web analytics is
underutilized by library management. By emphasizing the
best practice of applying multiple technologies and methods
(Digital Analytics Association, n.d.; Jansen, 2009), we
explore the aspect of using pixels to replace monetary units
of the ecommerce domain and provide quantitative metrics
for libraries and other non-commercial organizations
wishing to implement changes to their websites while
evaluating the potential impact of these changes on KPIs,
which can be defined as “[a] measurable expression for the
achievement of a desired level of results in an area relevant
to the entity’s activity” (The KPI Institute, 2016).
Interestingly, pixels have had limited use in past research
examining webpages, and no use as a measure to evaluate
KPIs. Nicholson et al. (2006) utilized a pixel approach to
analyze the space used by search engine advertisements.
Using pixels, they were able to quantify ad-based real estate
within search results pages. Attempting to quantify user
behavior, Buscher, Cutrell, and Morris (2009) utilized an
eye-tracking approach to highlight page real estate issues.
RESEARCH QUESTIONS

Pixel analysis being of value for academic libraries is
founded on the assumption that every pixel serves a
potential purpose. Purposes on a webpage can range from
converting users (e.g. a click conversion) to serving an
aesthetically pleasing presence that subconsciously impacts
user acceptance. Effectively and efficiently doing so
without causing confusion can be cumbersome.
An unofficial observation made during the time of this
study, is that whenever library website stakeholders meet
and discuss content management for a webpage, the session

often revolves around the compilation of an exhaustive list
of resources that should be made available on a page with
no metrics to justify the inclusion or exclusion. This creates
an overburden of information that comes at the cost of
potential confusion to the user. If we assume that an
overburden of information causes confusion to the user
(McGillis & Toms, 2001), then the value of webpage real
estate becomes of greater importance, since one needs to
then ensure that the webpage does not become “crowded”
and determine what components are most important. By
using pixel analysis, we can determine what components
should receive the most importance and how to optimize
the size of individual components, which then correlates to
greater optimization of the webpage and website.
We label the process of using pixels for webpage evaluation
as pixel efficiency analysis. As a formal definition, pixel
efficiency analysis (PEA) is the practice of relating screen
real estate measured in pixels to the achievement of
organizational goals and KPIs as indicated by quantifiable
user behavioral interactions on a webpage. The following
research questions seek to explore the novel approach of
PEA for academic libraries.
Research Question 1 (RQ1): Does a web analytics
investigation of a library’s website support the
utilization of PEA as a methodology to improve
webpage design?

We begin with a comprehensive web analytics investigation
because inherent within the best practices is to utilize
multiple technologies and methods. This is because each
technology and methodology used helps to tell a story with
the data. Rather, if we solely rely upon one tool, such as
Google Analytics (which several past academic library
studies have done), we only get part of the story. Hence,
within the examination of RQ1, we will employ Google
Analytics, CrazyEgg (a heat mapping tool), and a user
survey into order to thoroughly evaluate our use of PEA.
Doing so will give us a high level depiction of the user
experience that occurs within the library’s website, while
eliciting existent weaknesses. Will those weaknesses
provide validation for the employment of PEA?
Research Question 2 (RQ2): What impact will the
attempt to increase pixel efficiency have on user
behavior?

While RQ1 attempts to better understand the website
through the insights of the user and identify weaknesses,
with RQ2, we seek to correct those weaknesses.
Understanding what is going on will not be enough to know
for certain what changes should or need to be made. As
detailed in Figure 1, an iterative approach is vital to the
field of web analytics. We follow that approach here, while
attempting to encourage the utilization of data-driven
decision making within academic libraries. Specifically, the
iterative approach that will be taken within this research
will utilize A/B testing in attempt to enhance pixel
inefficiencies elicited within RQ1. Though RQ1 may elicit
weaknesses and areas for improvement, simply making

changes “assumed” to be better is risky. A/B testing helps
reduce risk and test changes, while, in conjunction with
PEA, relating said changes back to KPIs.
Research Question 3 (RQ3): How can we report findings
from PEA in a manner that enhances the decision
making process in alignment with KPIs?

Leading up to RQ3, we seek to depict an overarching image
of the library user, while also testing potential website
design changes that potentially make more efficient and
effective usage of webpage real estate. While we will be
taking various measures into account up to this point, no
traditional or existing measure takes the value of webpage
real estate into account. In turn, for RQ3, we will offer two
different measures capable of showing more efficient usage
of pixel efficiency. Particularly, we aim to provide
measures that combine conversion/engagement levels with
the amount of screen real estate being measured by PEA.
METHODOLOGY
PEA Within the Framework of Web Analytics

This research takes a similar approach to that of Coughlin,
Campbell, and Jansen (2013), who modify web analytic
techniques to fit the needs of academic libraries for
purchasing online content. We mold the Web Analytics
Process Guide (Jansen, 2009) into a three phase strategic
framework, as seen in Figure 1.
This case study focuses on the homepage, databases page,
research guides page, and interlibrary loan (ILL) page of a
major academic library. These four pages have significant
monetary and content value to the libraries and are chosen
for three reasons: (1) they are gateway pages that serve as
entry points to other library resources, (2) the pages receive
a lot of traffic relative to the other pages on the site, and (3)
the pages collectively allow for the identification of
organizational goals and KPIs (Phase 1 of the analytic
model we are following) that are generalizable to nearly all
academic libraries. Upon identification of key stakeholders
as students, faculty, staff, and alumni and our subsequent
selection of students as the most important site visitors for
this research, we outline webpage goals, KPIs, and
associated metrics, as shown in Table 1.
Pixel Efficiency Analysis, Pixel Efficiency Value, and
Conversion Efficiency Value

Again, we define pixel efficiency analysis as the practice of
relating screen real estate measured in pixels to the
Website
Goals
Improve
Content Value
Streamline
Users to Key
Tasks

KPIs

Associated
Metrics

Page Engagement
Patterns
Visits that
Correlate with
User Satisfaction

Pageviews
Bounce Rate
Entrances
Returning %
Avg. Time on Page

Table 1.Identified goals, KPIs, and associated metrics.

Figure 1. A strategic web analytics framework modified
from the Web Analytics Process Guide Jansen (2009).

achievement of organizational goals and KPIs as indicated
by quantifiable user behavioral interactions on a webpage.
Effectiveness is measured by achievement of library KPIs,
where efficiency is based upon user behavioral patterns on
the webpage. Efficiency is measured by usage of pixels. In
this case study, user behavioral patterns are identified by a
click analysis and heat map analysis, which we translate
into pixel real estate.
To perform PEA, we employ a heat map on the pages
previously identified as the focus of the case study. While
various heat mapping tools are available, CrazyEgg is
chosen for the study due to its wide set of features, ease of
implementation, and relative low cost. Heat maps allow for
quick qualitative analysis of user behavior and adds
substance to the quantitative metrics. Brighter colors
indicate heavier usage, whereas darker colors indicate lesser
usage. Based upon the color distribution, we identify three
levels of usage: heavy (red and brighter), moderate (green),
and little (blue and darker). Gray represents no usage.
Where conflicts exist (e.g. a link receives heavy usage in
the center, but little to no usage on the edges), the highest
level of usage is awarded.
Pixel quantification is achieved by using the Google
Chrome extension Page Ruler, which allows for the
measurement of the webpage, webpage components, and
behavioral usage (based upon the identified levels) in terms
of square pixels. It should be noted that all pixel
measurements are taken on a 1366 x 768 screen resolution,

as this is the most common screen resolution of users for
the library site in question, based on analysis of log data.
Leveraging PEA into a measurement, at this moment, is not
meant to be one exact measurement. Refining a specific
measurement to be built upon is the subject of future
research. For our purposes, we introduce two
measurements. Our intention, at this stage of the research, is
to utilize these measurements to advance and spur research
utilizing pixels as an analytic tool.
The first measurement we introduce is achieved by
summing the areas of moderate and heavy usage, then
dividing this by total real estate of the page. We refer to this
measure as pixel efficiency value (PEV), capable of being
employed at the page or component level (i.e., a subsection
of a page, widget on a page), as shown in Table 2.
Test Conversion Efficiency Value (TCEV) is achieved by
taking the number of conversions within the respective area
of measurement and adding this to the difference between
the test variation conversion rate with the baseline
conversion rate, then multiplying by 100. The difference in
conversions between the test and control is taken into
account to create a reward if conversion rate increases or a
penalty if the conversion rate decreases. This is then
compared to the Control CEV (CCEV).
PEV is a measure of the efficiency of webpage design that
seeks to maximize the proportion of moderate-heavy usage
within a respective area. CEV is weighted in a manner that
takes conversions within a given area of real estate, while
limiting the amount of pixel space allocated to achieve that
goal. Both measures are ultimately geared towards similar
concepts, exhibiting that pixels can be leveraged in a
variety of manners to elicit the added value to KPI
measurement.

Measure

Acronym

Pixel Efficiency Value

PEV

Control Conversion Efficiency Value

CCEV

Test Conversion Efficiency Value

TCEV

The utilization of pixels provides libraries a numeric value
for statistical testing of webpage design, similar to what
monetary value provides for ecommerce sites, and aligns
website changes directly to achievement of KPIs.
Explicitly, improving PEV and CEV equates to a higher
density of valuable content, thereby aligning with the
organizational objectives and KPIs to increase overall
content value and streamline users to key tasks. Even
though the highest possible PEV or CEV is the end goal,
keep in mind that not every portion of a page or component
is clickable, nor is every portion of a webpage equal value
(i.e. eyes get drawn to certain areas). For example, the
upper left corner of a webpage is typically considered the
most valuable. With this taken into account, we seek to
steer academic librarians towards limiting the amount of
content offered on a given page so that consumers do not
become overwhelmed and are provided with the brief
quality results that today’s information era has embedded
within users.
Data Collection and Analysis
Analysis of the Academic Library Website User

To reiterate, our first analysis (RQ1) seeks to help us better
understand the library website through the eyes of the user.
Subsequently, we first collect measures of webpage goals
and KPIs identified in Table 1. Measures are drawn from
Google Analytics and are representative of academic year
2014/15 (AY 14/15). Next, heatmaps are employed through
CrazyEgg and are set to collect data for 10,000 pageviews
for the homepage and 5,000 pageviews for the remaining
pages.
Our first analysis ends by collectively analyzing the
measures, heat maps, and survey responses to identify
webpage ineffectiveness and inefficiencies, within the
webpages identified for analysis. Our aim here is not
necessarily precision, but rather to enable our ability to tell
a story about the user experience of academic library users.

Equation

Table 2. An overview of the tactical measures and equations to achieve those measures, used within this research.

Page

Pageviews

Bounce Rate

Entrances

Returning Visitor Rate

Avg. Time on Page

Whole Site

7,581,761

50.86%

3,575,399

48.70%

2:49

Homepage

1,765,478

31.85%

1,124,262

71.49%

4:45

Databases

374,723

47.06%

107,106

76.00%

5:16

Research Guides

64,943

12.93%

3,176

74.67%

0:32

ILL

37,025

30.55%

8,628

83.56%

4:42

Table 3. Measures associated with identified goals and KPIs of the selected pages.
Testing of Identified Inefficiencies

To conduct our second analysis (RQ2) we employ the
Optimizely A/B testing platform. Optimizely provides the
capability to make changes to a webpage and then test those
changes real-time against the control page by disseminating
half of the traffic to the control page and half of the traffic
to the variation page. If improvement, based upon KPI
achievement, is achieved with a more efficient usage of real
estate, then we have clearly achieved a better variant. Even
if KPI performance remains the same with more efficient
usage of real estate, then we have still identified a better
variant. Simply put, we suggest the main reason a more
efficient usage of page real estate not be adopted is if KPI
identified performance decreases. Following this model
conceptually leads to utmost efficient balance that can be
found between content and white space on a given page.
Creation of Pixel-based Values for Reporting

Within the field of web analytics, common reporting
practices utilize metrics (e.g. pageviews, bounce rate, exit
rate, returning visitor rate, etc.). While investigating RQ2,
we note differences in screen real estate allocation in pixels;
however, a change in pixel allocation alone is not enough to
report a difference. Rather, what value (or lack thereof)
results from the change in pixel allocation? The third
analysis (RQ3) seeks to take the results from RQ2 and turn
them into the tactical measures of PEV and CEV.
RESULTS
High Level User Experience Analysis

Table 3 represents an overview of the identified measures
associated with goals and KPIs, noted in Table 1 of the
current library website. Generally, the measures indicate
mixed performance of KPIs, which indicates room for
improvement in terms of effectiveness of the webpages. In
addition, if we consider the heatmaps (e.g. Figure 2), we
can note large areas of real estate are unused. Based upon
the metrics and heat maps, it appears the purpose of PEA,
which is to increase effectiveness and efficiency of
webpages with special emphasis on pixel sizing of
components, is well suited for these pages. Further insight
is achieved through a survey.
Survey results are displayed in Table 4, which reflect the
views of 100 respondents that answered Likert-scale
questions; several significant correlations exist. Notably,
among the significant correlations, seven obtain r > .55 (i.e.

seven correlations are moderate-high correlations). We
highlight two correlations that are particularly important for
the foundational assumptions of PEA. First, among our
findings is the notion that believing the site is easy to use is
significantly and positively correlated with believing that
the organization of the site streamlines the information
seeking process (3 & 6, r = .720, p < .01). Rather, if users
believe the site is not organized in a manner that allows
them to quickly find what they are looking for, then it is
statistically probable that the users will also believe the site
has low usability. Second, noteworthy of reiterating, is that
believing much of the content on the website is distracting
is significantly and positively correlated with believing that
terminology on the homepage is confusing (6 & 8, r = .615,
p < .01). Hence, if we assume that academic library website
users are more likely to find homepage terminology
confusing than on a traditional website (McGillis & Toms,
2001), then we can also determine that users will likely find
much of the content on the website distracting. Confused
and distracted users are unlikely to believe they are
engaging in a streamlined information seeking process, and
subsequently, will likely believe low usability exists. So if
we rely upon PEA to help effectively and efficiently utilize
page real estate, then we will lower the amount of
distracting and confusing content, while also streamlining
the information seeking process and increasing usability of
the site. The utilization of existent web analytic
methodologies to explore issues within the academic library
website in question (RQ1) has allowed us to find
ineffectiveness and inefficiencies.

Figure 2. An example heatmap image of the
homepage produced by CrazyEgg.

Page

Component/Area

Population

Real Estate

Engagement

Control | Variation

Control | Variation

Control | Variation

HP

Search Box

5,481 | 5,459

123,200 px | 106,232 px

108.48% | 111.63%

HP

Search Box*

93 |93

123,200 px | 49,006 px

108.48% | 111.63%

DB

Navigational Area

3,478 | 3,491

302,670 px | 224,475 px

28.32% | 26.30%

DB

Navigational Area

3,582 | 3,490

302,670 px | 206,025 px

29.59% | 31.78%

DB

Navigational Area

2,831 | 2,856

302,670 px | 206,025 px

31.61% | 32.04%

RG

Featured Guides

776 | 779

826,937 px | 826,937 px

11.86% | 18.23%

RG

Featured Guides

741 | 756

826,937 px | 826,937 px

1.35% | 4.63%

RG

Featured Guides

904 | 880

826,937 px | 826,937 px

6.19% | 7.61%

ILL

Login Area

314 | 327

32,040 px | 27,813 px

54.78% | 65.44%

ILL

Login Area

339 | 290

32,040 px | 24,455 px

65.19% | 75.52%

Table 4. A Pearson correlations matrix representing the variables within the survey.

Moving forward we could simply utilize A/B testing and
measure engagement levels, yet we seek to take that a step
further by incorporating pixel measurements in order to aid
in webpage redesign. Doing so provides a way to rank and
value components on a webpage, which has the potential to
eliminate an overburden of information that has been
identified in the survey as an issue within this academic
library website.
A/B Testing of Webpage Inefficiencies

Given the identified pixel inefficiencies from the high level
analysis, we move to RQ2 and seek to analyze what impact
attempts to improve pixel inefficiencies have on user
behavior. We identify one area or component of weakness
for each selected page.
 For the homepage, we observe that the search box tends
to be relatively large in comparison to the amount of real
estate that obtains clicks.
 On the databases page, the navigational area appears to
have a low density of clicks that are widely dispersed.
 The research guides page contains a large amount of
white space and offers no promotion of content other than
a link list.
 The ILL page seems to detract users from its main goal,
which is to get users to login to their ILL account.
Each of the four mentioned issues can condense
information and utilize less page real estate, while also
maintaining or increasing KPI effectiveness. Based upon
these identified weaknesses, Table 5 presents the A/B
testing results on the components of interest. Notably, in 9
out of 10 analyses, we are able to increase the efficiency at
which pixel space is utilized and also increase engagement
within the targeted componential area.

Homepage Analysis

An examination of current library homepages exhibits a
tendency for focused emphasis on the search box that
permits access to the libraries extensive collection of
electronic services. This trend is intuitive, seeing as it is
often times the quickest and easiest way to access an
electronic resource. However, increased importance does
not necessarily mean that more page real estate should be
allocated to a respective component, particularly in the case
of a search box. Market trends of major websites (e.g.
Google, Amazon, etc.) dictate streamlined search areas that,
in comparison, do not take up much page real estate. Hence,
we explore what impact streamlining a library search box
has on user behavior.
The A/B test we employ on the search area (Figure 3)
removes the black border that exists around the current
search area (Figure 4). This decreases the size of the search
area from 123,200 square pixels to 106,232 square pixels.
Doing so results in an engagement level of 108.48% for the
control and a variation level engagement of 111.63%,
where engagement is defined as a click within the identified
componential area divided by the number of visitors. Given
the significant importance of the search area to the actual
user base, we were limited in how much live testing we
could do and how radically we could change the search
box. Nonetheless, we are able to decrease the amount of
real estate taken up by the search area, while even slightly
increasing engagement levels. We still believe that an even
smaller search area would perform better. To pursue this
notion, we offer two search areas, Figures 4 and 5, in the
survey and ask users to indicate their preference. Of the
responses, two-thirds of respondents prefer Figure 5, which
is 49,006 square pixels in size. That difference in size
represents a 60.22% decrease in page real estate.

Figure 3. A/B test 1 of the search area.
Figure 6. The control version of the databases
page.

Figure 4. Control version of the search area.

Figure 7. A/B test 2 of the databases page.
Research Guide Page Analysis

Figure 5. A/B (survey) test 2 of the search area.
Preferred by 61/93 surveyed.
Database Page Analysis

Like the homepage, the databases page is a “gateway” page,
in that it serves as a portal to browse various other
resources. Specifically, databases within the academic
library world refer to bundles of electronic resources. The
library in question spends millions of dollars per year on
these databases (Coughlin & Jansen, 2015), so conversions
(i.e. clicking on a database) and having visitors return are
KPIs for the page. The databases page consists of a
navigational area, then a long link list. Figure 6 depicts the
navigational area. We focus on the navigational area
because, as noted earlier, it is an area of weakness upon
analysis of the heat map from our data collection analysis.
In particular, we notice that the clicks within the
navigational area tend to have relatively low density and are
widely dispersed, which is not what we would expect from
an efficient and effective navigational area.
Within A/B tests 2 and 3 (e.g. Figure 7) we aim for better
utilization of the pixel space within the navigational area. In
particular, we take the “Try These First” link and offer links
under it within previously unused space, while also
rearranging some elements in order to condense and
simplify the information offered within the navigational
area. The result is a 25.84% reduction in pixel space. We
also note slight increases in engagement levels, with test 2
engagement increases from 29.59% to 31.78% and for test
3 the engagement levels increase from 31.61% to 32.04%.
Efficiency and effectiveness are increased.

The research guides page (Figure 8) is also a gateway page.
The content produced within the research guides is intended
to help the users of the website conduct research and is
maintained by staff members of the library. While the
databases page contains some sort of navigational area to
help assist users in locating the appropriate database, this is
not the case with the research guides page; outside of a
search box, the research guides page offers no navigational
area. In taking an empathetic stance with the users, if you
are seeking a guide for help to do research, coming to a
page full of links is likely not preferable as an
overabundance of information can be overwhelming to
begin with, let alone when one is confused and looking for
help. We subsequently seek to experiment with the idea of
“featured guides.” The featured guides are displayed above
the fold in what was previously white space. Three different
iterations of five featured guides are tested. Each test
increases the collective engagement levels of the featured
guides. The approach to improving pixel efficiency for the
research guides page is different than the approach taken
for the homepage and databases page. Rather, instead of
condensing componential areas, white space is utilized to
feature content in attempt to enhance the ability of users to
quickly navigate to the appropriate resource, a KPI of the
research guides page. Again, collective engagement levels
of the featured guides increase in all three A/B tests (see
Table 5).
Like the search area, we offer a more drastic variation
(Figure 9) within the survey. Within this variation, all area
“above the fold” is dedicated to assisting users in finding a
research guide. Notably 86 of 93 (92%) respondents prefer
the variation over the control. Hence, a trend seems to be
occurring that within this academic library website, users
tend to prefer tools that help find resources quickly rather
than offering the resources outright. A possible explanation
for this observation is that libraries use terminology that
may often seem confusing to users, although this needs
research to confirm.

Figure 10. The control version of the ILL page.

Figure 8. The research guides page of the library in
question.
Figure 11. A/B test 1 of the ILL page.

the central login feature. Specifically, ILL test 1 (Figure 11)
achieves an increase in logins of 54.78% to 65.44%, while
also seeing a 13.19% reduction in pixel space allocation
from 32,040 square pixels to 27,813 square pixels. In ILL
test 2 we note logins increase from 65.19% to 75.52% with
pixel space allocation decreasing 23.67% from 32,040
square pixels to 24,455 square pixels.
Pixel Efficiency Measurements
Figure 9. The research guides survey variation. 86/93
participants selected.
ILL Page Analysis

The ILL page (Figure 10) serves as a way for users to
request books, articles, and other materials that the library
in question may not have access to, but that another library
does. This results in users saving money on subscriptions
and is arguably an underutilized resource within the
libraries. Yet as noted earlier, we have concern that the
existing page is not getting users to login to their ILL
accounts in an efficient and effective manner. Namely, this
is because users are utilizing a small login link just as
frequently as the central login feature. While this may not
be a major problem, we still find it surprising that users are
drawn to a small login link over instead of the login logo
that is the central focus of the page. We therefore make two
iterations of the central login feature to see if we can
increase the number of logins (i.e. effectiveness), while also
increasing pixel efficiency. In both tests, we are able to
increase effectiveness by getting more users to login to their
ILL accounts, while also making more efficient usage of
webpage real estate by using less webpage real estate with

Through PEA, we find that the library homepage contains
1,245,127 square pixels (1,349 x 923). Of the roughly 1.25
million square pixels, 10,876 square pixels obtain moderate
usage and 32,788 square pixels obtain heavy usage based
on the measurements taken, where green usage is moderate
and red and brighter is heavy usage.
We cannot for certain say where a PEV of 3.51% (Table 6)
lies on the efficiency spectrum of academic library
homepages, given the lack of comparative data among
research libraries. While we do not suggest that every
square pixel of a webpage should be clickable, believe if
96.5% of an academic library homepage is achieving little
to no usage, even when there are clickable elements, then
the real estate can be better utilized given that users here
seemingly prefer a streamlined approach.
We find that 6,368 square pixels of the search area obtain
moderate usage and 16,623 square pixels obtain heavy
usage, combining for 22,991 square pixels of the search
area obtaining moderate to heavy usage. Given that 43,664
square pixels obtain moderate to heavy usage in total on the
homepage, we can note that the search area accounts for
52.65% of moderate to heavy usage on the homepage.

Component

Moderate
Usage

Heavy
Usage

Component Real
Estate

PEV Equation

PEV

1. Homepage

10,876

32,788

1,245,127

(10,876 + 32,788) / 1,245,127

3.51%

2. Search Area Control

6,368

16,623

123,200

(6,368 + 16,623) / 123,200

18.66%

3. Search Area A/B

6,368

16,623

106,232

(6,368 + 16,623) / 106,232

21.64%

4. Search Area Survey

6,368

16,623

49,006

(6,368 + 16,623) / 49,006

46.91%

Table 6. An overview of the PEV equations.

Component

Conversions

Component Real Estate

CEV Equation

CEV

5. Database Baseline

1,060

302,670

(1,060 / 302,670) * 100

35.02%

6. Database A/B 2

1,109

205,200

(1,109 + 49) / 205,200 * 100

56.43%

7. ILL Baseline

123

32,040

(123 / 32,040) * 100

38.39%

8. ILL A/B 1

160

27,813

(160 + 37) / 27,813 * 100

70.83%

Table 7. An overview of the CEV equations.

While the proportion of moderate to heavy usage achieved
by the search area (in comparison to the rest of the page)
bodes well for ROI, we are still left with low efficiency.
PEA reveals that the search area on the homepage takes up
a total of 123,200 square pixels, yet is that size necessary to
maintain effectiveness? Rather, we maintain that there is
potential to improve efficiency of the search area, while
maintaining and perhaps even increasing effectiveness.
Equation 2 shows a search area PEV of 18.66%. Equation 3
improves to 21.64%.
Though, the original A/B test achieves only slight
improvement (18.66% vs. 21.64%), this must be taken into
account with the notion that this represents a real-time A/B
test, which hinges on slight variations to existing and
operational system interfaces. The point that the area
maintained relatively heavy usage even when manipulating
the search area in real time indicates that the same or better
organizational KPI achievement is attainable via a more
efficient utilization of the page real estate. While the A/B
test presented does not necessarily represent the envisioned
streamlined search area (i.e. Google, Amazon, etc.), the
results show the viability of the pixel efficiency method.
While the A/B test presented does not necessarily represent
the envisioned streamlined search area (i.e. Google,
Amazon, etc.), the results show the viability of the pixel
efficiency method. We were able to employ a real-time
manipulation to the search area of the homepage that
permitted a more efficient usage of page real estate, with no
loss of KPI effectiveness. When utilized in combination
with a survey, we exhibit how you can drastically improve
the efficiency of real estate usage and that bigger is not
always better. The modified search area within the survey
was much smaller (i.e. 49,006 square pixels) than both the
original search area and the first A/B test search area.
Despite being tested through a survey instead of an A/B
test, which we determined to be too big of a risk, we report
that 2/3 of users prefer the smaller search area in the survey.
The streamlined search area shown in the survey, equated to
PEV, is shown in Equation 4.
For the purposes of converting our other results into
measures, we utilize CEV as the other pages we are
primarily concerned with increasing conversions to the
resources on the page rather than increasing the pixel
efficiency of the page as a whole. Rather, with these pages
we are more concerned with page real estate “above the
fold.” As the nature of these pages requisites that many
resources be offered. If streamlining users to resources is a

KPI, then effectively and efficiently getting users to engage
in a conversion above the fold is important. One database
test and one ILL test will be selected for the purposes of
prototyping. We elect not to provide a quantitative measure
for the research guides testing, seeing as we only utilized
previously unused white space.
What is particularly noteworthy about these results, as seen
in Table 7 is that comparatively these values are able to
elicit the value of the more efficient usage of webpage real
estate while achieving better metrics in support of KPIs.
Without CEV, the databases A/B test would be presented
as: a reduction of 96,645 square pixels and an increase in
engagement levels from 31.61% to 32.04%. With CEV, we
can say that we relatively high increase in performance
from 35.02% to 56.43%, which represents an increase in
efficiency and effectiveness. The value in essence rewards
more efficient usage of pixel space, if engagement levels
are also increased. In contrast, if engagement levels
decrease with decreased pixel allocation, then a penalty is
given to the value indicating that more pixel space should
be allocated to the component.
We have established PEV and CEV as additional measures
that can be used to work towards optimizing the goals of
providing high value content and streamlining user
behaviors. In fact, PEV and CEV provide quantitative
measures no other current measure is capable of producing.
Namely, a measure that links the aesthetic and
organizational presence of a webpage to measurable
outcomes of user behavior.
DISCUSSION AND CONCLUSION

A high level analysis of the academic library user reveals
justification for the utilization of PEA (RQ1), users tend to
prefer a streamlined approach based upon survey results.
Measures and heatmaps confirm various areas that are
capable of being streamlined. A/B testing confirms that
potential to increase effectiveness and efficiency of various
components (RQ2), as we saw improvements in 9/10 A/B
tests. Finally, tactical measures elicit the ability of our
approach to improve effectiveness and efficiency through a
single measure (RQ3).
PEA can be used in combination with other technologies
and methods, along with web analytics and market analysis.
We note a limitation of PEA in regards to not being an
appropriate method for all pages. For future work, we will
explore
webpage
changes
based
upon
PEV
recommendations from a lab-based setting or combined

with more complex web analytics methodologies, such as
temporal assess of components (Zhang, Jansen, & Spink,
2009). In particular, we suggest future research emphasize
importance of pixel space allocation within mobile
computing and/or computational advertising. In general, we
predict screen real estate to play an increasingly important
role within the future of web analytics and design.
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