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ABSTRACT

Almost no modern software system is written from scratch, and de-
velopers are required to effectively learn to use third-party libraries
and software services. Thus, many practitioners and researchers
have looked for ways to create effective documentation that sup-
ports developers’ learning. However, few efforts have focused on
how people actually use the documentation. In this paper, we report
on an exploratory, multi-phase, mixed methods empirical study of
documentation page-view logs from four cloud-based industrial
services. By analyzing page-view logs for over 100,000 users, we
find diverse patterns of documentation page visits. Moreover, we
show statistically that which documentation pages people visit
often correlates with user characteristics such as past experience
with the specific product, on the one hand, and with future adop-
tion of the API on the other hand. We discuss the implications of
these results on documentation design and propose documentation
page-view log analysis as a feasible technique for design audits of
documentation, from ones written for software developers to ones
designed to support end users (e.g., Adobe Photoshop).

CCS CONCEPTS

« Software and its engineering — Documentation; « Human-
centered computing — Empirical studies in HCL

KEYWORDS

Documentation, Log analysis, Empirical study, Design review

ACM Reference Format:

Daye Nam, Andrew Macvean, Brad Myers, and Bogdan Vasilescu. 2024.
Understanding Documentation Use Through Log Analysis: An Exploratory
Case Study of Four Cloud Services. In Proceedings of the CHI Conference
on Human Factors in Computing Systems (CHI °24), May 11-16, 2024, Hon-
olulu, HI, USA. ACM, New York, NY, USA, 17 pages. https://doi.org/10.1145/
3613904.3642721

This work is licensed under a Creative Commons Attribution-NonCommercial
International 4.0 License.

CHI 24, May 11-16, 2024, Honolulu, HI, USA

© 2024 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-0330-0/24/05
https://doi.org/10.1145/3613904.3642721

Andrew Macvean
Google, Inc.
Seattle, U.S.A.
amacvean@google.com

Bogdan Vasilescu
Carnegie Mellon University
Pittsburgh, US.A.
vasilescu@cmu.edu

1 INTRODUCTION

Almost no modern software system is written from scratch, and
many third-party libraries and software services are available to
be reused and composed. Thus, the productivity of programmers
in many domains and contexts depends on rapidly searching for
relevant information to make decisions about third-party libraries
or services [51, 59], and learning to use them correctly for their
own systems [66, 67]. Practitioners spend a lot of time searching
for and digesting relevant API information, e.g., 20% of their time
according to Brandt et al. [10]. And while many sources are useful,
including code examples, question and answer (Q&A) websites, and
expert advice, in obtaining API-relevant information, the official
software documentation remains essential [13, 26, 67].

Efforts to improve software documentation span decades, with
many researchers studying documentation design experts and users
to catalogue problems [13, 66, 67] and recommend best practices [66,
67, 83]. Much documentation now follows such guidelines, and new
tools [46, 80] and ideas [68] have been proposed to further support
developers’ information needs based on such studies.

Most of these efforts involve qualitative research methods such
as interviews [47, 57, 67] or lab studies with human participants [20,
29, 31, 49]. However, while generally highly informative for under-
standing usability issues during the early design review phase [18],
such methods capture only what participants say they do, or what
they do in a controlled setting. Moreover, the number of participants
that can be observed this way is typically small.

Our research goal is similar to most prior software documenta-
tion research—improving the design and usability of documentation.
However, our approach is novel and complementary—mining doc-
umentation page-view logs at scale. Web mining has long been
used to analyze people’s experience online in more general con-
texts, e.g., user engagement in online news reading [37] or user
satisfaction during online shopping [75]. We argue that similar
approaches could apply to documentation since, after all, documen-
tation webpages are just another type of webpage. In other words,
any software documentation published on the Web, such as Adobe
Photoshop and Autodesk AutoCAD, which comprise numerous
documentation webpages and users, could potentially be analyzed
using an approach similar to ours.

We believe that our large-scale log analysis will complement
existing documentation review methods, by providing the following
additional methodological advantages:
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Figure 1: Overview of our data collection and analysis.

o Allowing more scalable, computational design review:
Relying on web analytics to understand documentation us-
age is considerably less expensive for software providers if
they have access to telemetry data for the documentation
pages (e.g., from self-hosted web servers)—we expect that
one quantitative user experience researcher on staff could
analyze the page-view logs of hundreds of thousands of users
of dozens of APIs or services in a matter of days, if not hours,
following our methodology. In contrast, qualitative studies
tend to focus on one API or service at a time, may require
complex participant recruitment, and usually involve orders
of magnitude fewer subjects. They also often involve mon-
etary compensation (e.g., Duala-Ekoko and Robillard [20]
compensated each participant with $20 for a one-hour pro-
gramming study), in addition to the researcher team’s time
for running the studies, and collecting and analyzing the
data.
Allowing for the discovery of less-studied documen-
tation user groups: As most of the smaller scale studies
require study design prior to the data collection, researchers
specify research questions and target participants in advance.
For documentation, as it is expensive to conduct these quali-
tative studies, most of the studies have focused on the pro-
fessional developers who use the documentation for API
learning [21, 35, 47, 48], the main target usage scenario of
software documentation. Large-scale log analysis, on the
other hand, does contain the entire user population’s data,
allowing the discovery of more diverse user groups, includ-
ing users who use documentation to make API adoption
decisions (e.g., Product explorers in Section 4.3), or users
who are only concerned with the cost of querying APIs (Fi-
nancial users in Section 4.3).
e Capturing a perspective less prone to response biases:
With qualitative studies where users need to report (e.g.,
survey, interview) or show their behaviors (e.g., observation

study, lab study), the data can only capture what partici-
pants recall or show, which might be different from what
actually happens in the wild, i.e., response bias [45]. As qual-
itative studies often ask participants to focus on “software
documentation regularly used by participants” [13, 23, 62] to
help participants recall specifics of their experience, the bias
might be even amplified. Log analysis can minimize the re-
sponse bias, as the telemetry data is automatically collected.

However, to be clear, traditional non logs-based approaches can
be extremely valuable, and we don’t advocate replacing them. In-
stead, we argue that a logs-based analysis like ours could be used as
a first pass, to guide the design of more complex (but rich in terms
of insights) approaches such as human studies.

To this end, in this paper we report on an exploratory, two-phase,
mixed-methods empirical study of documentation page-view logs
from over 100,000 users of four popular services of Google; see Fig-
ure 1 for an overview. The documentation page-view logs we had
access to were privacy-preserving in a number of ways (section 3.3)
and contained only aggregated monthly totals of which specific doc-
umentation pages someone visited and how much time they spent
on each page, over the course of that month (possibly across multi-
ple sessions). This is likely a common scenario — many companies
and open-source projects can be in a position to instrument their
documentation web servers to collect such basic telemetry data; at
the same time, it may be undesirable to collect more fine-grained
or personally identifiable data for privacy reasons. The research
challenge, therefore, is determining whether there is enough signal
in this big but shallow data to generate actionable insights for the
documentation designers by mining it.

Overall, our two-phase study argues that the answer is “yes” In
Phase I (section 4) we set out to explore the log data, looking for
patterns of page views and trying to explain them without knowing
who the users are or anything else about them. Given the large
size of our sample, we do this using a combination of automatic
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clustering analysis followed by qualitative explorations and show
that many page-view clusters are discernible in the log data.

In Phase II (section 5) we set out to formalize and generalize
our qualitative observations from earlier. In an effort to under-
stand why such discernible patterns exist in the page-view data,
we formulate testable hypotheses about the “average” characteris-
tics and subsequent behavior of those users, based on findings
from the literature on general information seeking of develop-
ers [10, 25, 34, 39, 43, 64, 73, 77, 89] and from small-scale documenta-
tion usability studies [20, 29, 31, 35, 48, 49]. We then use the fact that
all users who make requests to Google services, or had otherwise
registered for accounts on Google and were browsing the docu-
mentation pages while logged in, have persistent (pseudonymized)
IDs across the data. This way, we join the page-view log data with
user-level data about their experience with the respective service
and the platform overall, and with data about subsequent requests
(after the documentation page views) to the service APIs. We first
revisit the clustering results and check if the hypotheses built based
on the general information seeking literature make sense in the
documentation usage setting. We then conduct multiple regression
analysis to test the hypotheses formulated in the first phase on this
aggregated data, finding multiple sizeable correlations between pat-
terns of documentation page-views, on the one hand, and user-level
characteristics and subsequent API use, on the other hand. That is,
one’s level of experience partially explains one’s documentation
browsing patterns, and one’s documentation browsing patterns
partially explain one’s intent to subsequently use the APIs.

While not intended as an exhaustive exploration of all patterns of
documentation page views identifiable for the four Google services
in our sample, our study does show that it is feasible to analyze
page-view logs at scale to inform documentation design reviews, or
to corroborate observations from smaller-scale studies [17, 47] or
the anecdotal experiences of professional software engineers. Con-
cretely, we argue (section 6) that even when not knowing anything
else about the documentation users, the interaction histories and
dwell times that are likely to be contained in the page-view logs
can provide actionable information at scale for providers which
can help companies decide which documentation pages to redesign,
and even to potentially automatically personalize documentation
pages in the future, to better align with their users’ needs.

2 RELATED WORK

Studies on Software Documentation. There have been many
investigations to improve software documentation, e.g., cataloging
problems [13, 66, 67], identifying desirable quality attributes [9, 19],
and recommending best practices [66, 67, 83]. Some of these studies
provided concrete insights into what developers need from the doc-
umentation. For example, developers have expressed the need for
complete and up-to-date documentation [6], because many devel-
opers rely on API reference information and code examples [47, 57]
when they approach documentation with a problem or task in
mind [47]. Developers also asked for a concise overview of the
documentation, more rationale, and adequate explanation for code
examples [47, 66, 67, 81]. Researchers have also proposed tools that
can assist in more effective usage of documentation, by providing
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easier access to the documentation contents within developers’
workflow [27, 30, 58].

However, most of these studies focused on the documentation
artifacts, not the user context. Still, we know from the literature
that the documentation users’ needs tend to vary with experi-
ence [21, 36, 38, 40, 44, 63], roles, and learning styles [17, 21, 40, 48].
For example, Costa et al. [17] found that documentation users with
less experience with the software tended to use more types of doc-
umentation than more experienced users, and that tutorials and
how-to videos were used by a greater percentage of newer users,
and the newer users tended to use tech notes and forums less. Sim-
ilarly, in the literature, programmers are sometimes categorized
into three personas, which summarize their information seeking
and problem solving strategies — systematic, opportunistic, and
pragmatic [15] — that reportedly also correlate with documenta-
tion use [48]. For example, opportunistic developers tended to use
documentation in a task-oriented way, focusing less on the general
overview of APIs or the suggestions described in the documenta-
tion; in contrast, systematic developers tried to understand how the
API works before diving into the details of a task, by systematically
searching and regularly consulting documentation provided by the
API supplier [48]. In our study, we provide evidence that these dif-
ferent user characteristics and information needs indeed correlate
with their documentation usage, underscoring the importance of
accounting for distinct user groups in documentation design.

In terms of research methods, most of the past studies on soft-
ware documentation relied on interviews [47, 57, 67], surveys [21,
47, 66, 67], observation studies [35, 48], and lab studies [20, 29, 31,
49] that usually involve a small number of participants. Our work
stands out in that we do not rely on self-reported data, nor lab
studies, but rather automatically collected logs of actual documen-
tation page views, thereby offering a complementary approach to
studying software documentation and documentation users, based
on real-world telemetry data in an industrial context.

Studies on Developer Information Foraging. To learn to use,
or reuse, new software frameworks or libraries, developers need a
variety of kinds of knowledge [34, 43, 73, 77, 89], so it is important
to understand how they search for and acquire information. There
is some prior work on the information seeking strategies of devel-
opers, but mostly in general software maintenance [25, 34, 39] or
web search settings [10, 64] rather than learning. For example, prior
work [10, 64] found that developers’ web search behaviors vary
with their information seeking intent: they visit different types of
web pages, use different queries, and overall interact with webpages
differently. In particular, developers were more likely to visit offi-
cial documentation during reminding sessions, versus third-party
tutorials during learning sessions [10].

More recently, with the advent of large language models, de-
velopers have embraced generative models as alternatives to con-
ventional information retrieval from existing sources [22, 41]. Still,
researchers have found that the strategies employed by developers
to generate necessary information can vary based on factors such
as their intent, programming experience, and familiarity with AI
tools [55, 70, 88].

Document Design. Documentation in fields beyond software de-
velopment has a richer history [71]. Researchers have dedicated
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Table 1: Types of documentation provided for the selected products.

Genre Type Description
Meta Landing (L) Links to core documentation pages.
Marketing (M) A brief introduction to a product, incl. the benefits, target users, and highlights current customers.
Tutorial (T) Walkthroughs for common usage scenarios.
. How-to (H) Guidance on completing specific tasks.
Guide . . .
Quickstart (Q) A quick intro to using the product.
Concept (C) Explanations for product- or domain-specific concepts.
Dev Reference (Ref)  Details about the API elements, including API endpoints and code-level details.
Release note (Rn)  Specific changes included in a new version.
Pricing (P) Pricing information.
Admin Legal (Lg) Legal agreement details.
Other (O) Other resources not included in other types, e.g., locations of the servers.

their efforts to enhancing document design by delving into audi-
ence analysis [7], refining content based on user feedback [11, 14],
and evaluating the documentation [8, 52]. However, many of these
endeavors were primarily geared towards relatively simpler prod-
ucts like educational brochures or games, which may not fully align
with the large-scale software systems with more than hundreds of
documentation pages that we analyzed in this work.

Studies on Web Usage Mining. To improve the usability of web
content, extensive research has been conducted in web usage min-
ing [74]. By analyzing logs stored in web servers using data mining
techniques, it is possible to identify interesting usage patterns,
identify different navigational behaviors, and discover potential
correlations between Web pages and user groups. Among the differ-
ent types of data available in usage logs, page dwell time has been
the primary source of understanding users’ needs and intentions,
along with the search queries [33, 85, 86]. Page dwell time has also
been found to correlate with document relevance and user satis-
faction [12, 16, 24]. To the best of our knowledge, our work is the
first large-scale study of developers’ dwell time on documentation
pages, showing the feasibility of applying similar approaches in
analyzing documentation users’ needs.

3 DATASET

We started by compiling a dataset of documentation page-view logs
for four web-based services of Google.

3.1 Product Selection

Google provides hundreds of web-based services to a diverse group
of users and businesses, and most of the services come with one or
more types of APIs, including REST APIs and gRPC APIs, as well as
client libraries. However, since our study is primarily exploratory
in nature, we selected only four Google products following a max-
imum variation sampling strategy [76], to gain an understanding
of documentation use from a variety of angles. Concretely, we di-
versified our sample in terms of the application domain (machine
learning / natural language processing vs. event analytics and man-
agement), usage context (operations infrastructure vs. potentially
end-user facing), and product size and complexity (ranging from

a few API methods to hundreds of API methods offered by the
products). These differences are also reflected in the documentation
pages, which vary in their contents across the four products, e.g.,
with more or less marketing materials, how-to guides, pricing in-
formation, etc. All four web-based services we selected are popular,
having large user bases. Specifically, P1 and P2 are machine learn-
ing / natural language processing-related products for machine
translation and text analysis. And P3 and P4 are operations-related
products for managing event streams and log data.

3.2 Documentation Usage Data Preprocessing

For each of the four products, we had access to pseudonymized
documentation page-view logs [42] for users who visited the
documentation from May 1, 2020 to May 31, 2020, UTC, while
they were logged into their accounts. The page-view log data are
collected automatically by the documentation servers and include
the specific documentation pages visited by someone, as well as
the timestamps and dwell times for each visit. We use dwell time
to estimate user engagement with the content, following prior
work [24, 86]. The data was aggregated at the month level, partially
due to the volume of data being analyzed, and also to enhance the
pseudonymization of the data for the privacy protection of the users
(see Section 3.3 for details).

To reason about more general patterns of documentation use, we
further labeled each individual documentation page (URL) in our
sample according to its contents into one of 11 possible types and
four aggregate categories (or documentation genres [21]) summa-
rized in Table 1. For the first-level labeling we relied on an internal
mapping table created by the documentation team, which contains
meta information for the different documentation pages, including
what we refer to as the type. The second-level labeling reflects our
subjective grouping of documentation types into four high-level
categories that provide related kinds of information and presenta-
tion format; we expect that these are likely to be consulted together
given specific tasks and target reader familiarity with the API. To
this end, we followed an open card sorting process involving two
authors, one of whom is a domain expert. There were two documen-
tation types (Other and Release note) that the two authors did not
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agree on. The two authors resolved disagreements by comparing
their definitions of genres and the rationale behind the categoriza-
tion, until there were no more disagreements. All official Google
documentation pages in our sample were assigned to exactly one
of the documentation types and genres listed in Table 1, and the
documentation of all four products we analyzed included all 11
documentation types. The volumes of each documentation type
varied, but in general, each product documentation consisted of
around 5 pages of Meta genre documentation, around 150 pages
of Guide genre documentation, around 300 pages of Dev genre
documentation, and around 15 pages of Meta genre documentation.
The documentation of all products followed the same documen-
tation style guide [1]; thus, the contents and styles used for each
documentation type are consistent, even across the products.

Finally, we followed prior work by Fox et al. [24] and excluded
page-view sessions shorter than 30 seconds, since these are more
likely to be noise (e.g., a user accidentally clicked the documentation
page and then left the page quickly) than meaningful visits.

3.3 Privacy Protections

As we analyzed the user data of Google, we followed Google’s strict
privacy and data access policies [2, 3] which ensure appropriate,
legal, and ethical access, storing, and analysis of user data. This
included, but was not limited to, internal privacy reviews with se-
curity and privacy experts, the use of differential privacy processes
(more details below), wipeout and data access processes, and more.
In addition, the study designs were reviewed by internal research
ethics experts, methodological experts, and product experts.

We also used numerous privacy protection techniques. First, all
user-level data was pseudonymized before any of the authors had
access to it. Pseudonymization maps users’ accounts to randomly
but persistently generated pseudonymized IDs. As the IDs were
randomly generated, they could not be reversed without access to
a mapping table, which the authors did not have.

Additionally, usage data was aggregated (e.g., we looked only
at the number of API requests aggregated at the month granular-
ity, not individual API requests), and had Differential Privacy [84]
applied. In brief, differential privacy was used to apply sufficient
noise to the aggregations such that individual records could not be
identified, but the overall shape of the dataset remained meaningful
/ sufficiently accurate. Using established best practices, and based
on guidance with internal privacy experts, we used Epsilon <1.1,
(where lower numbers yield higher degrees of privacy protection).
This allowed us to analyze trends in user behavior while preserv-
ing the privacy of those in the dataset. Later in this paper (e.g., in
Figure 3), we include polar plots of our clusters, but choose only
to visualize clusters with over 500 users, as an additional privacy
consideration.

3.4 Limitations & Threats to Validity

First, a month might not be enough to capture the full process
of learning and adopting a complex API, on the one hand, and
might not capture the differences in documentation usage patterns
that appear in significantly shorter periods, such as patterns in
an hour or in a day, on the other hand. It is also possible that
some users happen to register in the middle of our one-month
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window, or one may learn an API intermittently over a few months.
However, such an operationalization was necessary to balance data
collection complexity, privacy, and analysis scale. Given that the
size of Google’s general user base is very large, and the services we
analyzed were already all mature, we believe that our dataset should
still capture snapshots of developers at every stage of the learning
process, as well as cyclical patterns of use, without the number of
newly registered or intermittent users significantly affecting our
results.

The use of a particular month (May 2020) can also be too short to
generalize, as the documentation access might change throughout
the year, and it could have been influenced by any major event re-
lated to the four target products. We did our best to choose a month
without major events related to the four products we studied, and
there was no event for P1 and P2, but there were two minor feature
additions for P3 and two minor beta releases for P4. However, as we
chose to analyze popular products with large active user groups, it
is practically not possible to choose a month without any updates.
We believe that selecting four very different products reduces the
risk of biasing the results in a meaningful way, especially given
that there was no major event that affected all of the four products
during that period.

The documentation and API usage data we used for our analysis
can only provide a partial representation of the entire user group’s
usage. Since the documentation usage data only include page-view
logs of logged-in users, the analysis does not capture the behavior
of users who were not logged in, who may behave differently. In
addition, the aggregated API usage data can only partially repre-
sent the outcome of API learning. For example, while making an
API request requires a user to sign into the platform, browsing
documentation does not, so not all documentation usage is linked
to the corresponding API use. Multiple developers can make API
requests using shared corporate accounts, which can obfuscate the
connection between their documentation and API use.

Although the dwell time was logged when the pages were actu-
ally accessed, our measurements of time spent on each documenta-
tion page are only (over)approximations. For example, some users
may keep a page open without actively consuming it the whole
time, while they grab a coffee or read code from their IDE. As part of
our analysis, we applied several heuristics and filters to our data to
identify and remove outliers and noise, as described in section 4.1.

The analyses at the documentation type and genre levels intro-
duce threats to internal validity: the analyses might not capture the
possible influence of content and length of individual documenta-
tion pages, and other external confounding factors. However, the
abstraction of data was inevitable due to the number of documen-
tation pages available. We provide potential ways of introducing
additional internal validity control for page-view log analysis in
Section 6.

While our dataset includes many relevant variables, it certainly
does not include all. For example, a user’s position or role, their
expertise in programming or in the product domain, the specific
tasks during which they visited documentation pages, and the actual
contents of the documentation pages, are all likely to also correlate
with differences in documentation usage but are absent from our
data. Moreover, we only analyze data for four products of Google,
therefore it remains unclear how our findings would generalize.
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Finally, the page-view analysis can only be conducted after the
documentation has been available for some time, allowing for the
accumulation of extensive logs. Therefore, our analysis may not
be applicable for documentation writers who need to assess their
content pre-release or for documentation related to products with
a limited user base.

Thus, we do not expect page-view log analyses like ours to
obviate human studies or other more precise research methods.
However, we do expect they could be fruitful as a first step or in
conjunction with more precise but more costly research methods.

4 PHASE I: DISCERNING DOCUMENTATION
USE PATTERNS IN LOG DATA

As an initial exploratory investigation to help contextualize our
data, we conducted cluster analysis. This phase was necessary
because although we know that developers will use documentation
differently, we still know little about how much and in what ways
it will differ “in the wild” and in our context. To efficiently explore
the large dataset, we first used an automatic clustering analysis
to discover discernible documentation usage patterns, and used
sampling and qualitative analysis to further investigate the patterns.

4.1 Data Preparation

In preparation for clustering, we first aggregated each user’s total
dwell times (i.e., times spent on the different pages) in May 2020
across the 11 documentation page types in Table 1. We recorded
separate entries for each of our four separate products, if the same
user happened to access documentation pages for more than one of
the products that month. We then represented each user’s documen-
tation visit profile as a vector of 11 elements, capturing the total
times spent across each page type that month. Our supplementary
material contains a sample of this data and its distribution.

Note that as a precaution before clustering, we filtered out out-
liers with total dwell times (sum over the 11 page types) outside of
the [u—30, p+30] interval (i.e., more than three standard deviations
from the mean), as customary. In our sample, this corresponds to
users who stayed shorter than 1.39 minutes or longer than 961.91
minutes in total across all documentation pages of each of our four
products during the month (in May 2020). In addition, as the dis-
tributions of dwell times we observed tend to be right-skewed, we
log-transformed all positive values. This is a common transforma-
tion [69] when the data vary a lot on the relative scale, as in our
case — spending one more minute on a page is arguably much more
noticeable for a 3-minute dwell time than a 10-hour dwell time.

4.2 Methodology

Out of many clustering approaches available, we adopted a proto-
col proposed by Zhao et al. [90], which is particularly well suited
for large datasets. A common challenge with standard clustering
methods is determining the appropriate number of natural clusters.
Typically, one either chooses the number of clusters a priori, or
applies techniques to automatically determine the “optimal” num-
ber of clusters. The former scenario is not applicable in our case
(we do not have any empirical basis to expect a particular number
of clusters), while traditional techniques to select the number of
clusters automatically tend to be slow for large datasets like ours.
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The key innovation in the protocol by Zhao et al. [90] is combining
two standard clustering techniques: first using a fast clustering
method (k-means) to reduce the dimensionality of the clustering
problem, and then applying a second clustering method (Mean-
Shift) that automatically determines the number of clusters. This
is computationally effective, as the second method only runs on
the centroids generated by the first (k-means). To select the num-
ber of clusters as input for the first (fast) method, one typically
chooses a significantly larger number than the plausible number
of natural clusters, expecting that the second method will merge
closely located centroids eventually to match the natural clusters. In
determining the quality of the clustering results from the different
parameters used, we used the following clustering performance
score, as per Zhao et al..

k—-m
cp=03*E+0.23%D+0.23 +0.23 *

(1)

In this score, the first and the second factors are used to reward
the clustering performance using two well-known metrics: Shan-
non’s entropy (E) and Dunn’s index (D). The probability used for
calculating Shannon’s entropy score is the normalized number of
users in each cluster. Thus, entropy assigns a high value to cluster-
ing results that have a uniform distribution of users across clusters.
Dunn’s index measures the compactness and separation of the
clusters, by calculating the ratio of the smallest distance between
observations not in the same cluster to the largest intra-cluster
distance. The third and fourth factors are to penalize clustering
results that are too naive or complex. The third penalizes the results
that are too complex, that do not improve over the naive k-means
results, where m (the number of clusters after MeanShift clustering)
is close to k (the number of target k-means cluster that is signifi-
cantly larger than the number of natural clusters). The fourth factor
penalizes results that one big cluster contains most of the users in
the dataset, where N is the number of total product users and n is
the number of users in the biggest cluster.

After trying several values for k and eps in the equation 1, we
obtained the highest cp score, 0.50, which is comparable to other
works [78, 90], with E = 0.71, D = 0.15, m = 316, N = 94096, n = 9789.
This result was obtained for k = 400, eps = 1.25, resulting in 320
clusters. Most clusters consist of around 300 users and there are 18
clusters consisting of more than 1,000 users.

4.3 Resulting Clusters

Figure 2 provides a summary of the resulting clusters, illustrating a
wide array of documentation usage patterns within the 320 clusters.
These patterns are evident through the variations in page views
across the 11 documentation types. To comprehensively investigate
these distinct patterns, after excluding small clusters with fewer
than 100 users, we conducted open coding. The primary author as-
signed codes to the clusters, refined them iteratively, and subjected
the emerged categories to a thorough review by the entire team of
authors. In light of space limitations, we are able to present only
four codes that were frequently assigned to clusters, along with
representative examples of these clusters for reference.

Product explorers (Clusters 11, 16, 21). The time this group
spent on documentation is not seemingly enough to digest the
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Figure 2: The heatmap of centroids of the 320 clusters (left), and a subset of them highlighted (right). Each row represents
the documentation usage of each cluster (see Table 1 for the documentation type codes). The color indicates the dwell time in
minutes, with the intensity encoded in e” of time. The average total counts (# of documentation pages visited in May) and the
average total dwell time (sum of dwell time on 11 documentation types) are also shown for the selected clusters (right) to help
with interpretation, and the rows are sorted by the average total dwell time. For example, users of Cluster 18 (2nd row from the
selected clusters) spent 3.28 minutes on average on the product documentation among 2.27 page visits on average, and spent

~ e! = 2.7 minutes on Concept type documentation.

information in the documentation, and would not help one to ac-
tually use a product. Furthermore, considering that the clustering
was done with a month-full of user logs, visiting only one type of
documentation for few times is not likely a usage pattern of an
actual product user. Cluster 16, for instance, only visits one specific
type of documentation, landing, a few times, and spent only a short
time on the documentation (less than 10 minutes) on average.

Documentation Explorers (Clusters 7, 18, 180). Users in Clus-
ter 180 were similar to product explorers in the sense that they
only stayed for a relatively short time (less than 30 minutes over
the month), but different in that they visited more documentation
pages of multiple types. We infer that these users might be new
to the documentation and might be exploring it to see the avail-
able information. For example, we speculate that they might have
visited Landing documentation by searching for the product name
in search engines, checked the prices from the Pricing page to
see if they can adopt the product, and looked around Reference
documentation to see the features available.

Task-oriented users (Clusters 6, 26, 27). Users of Cluster 6
showed more distinct behaviors. Although they only visited one
specific type of documentation a few times, like product explorers,
they stayed on the documentation pages much longer (on average,
131.13 minutes over the month). Based on the amount of time spent
on documentation pages, we can infer that these users spent enough
time to find what they were looking for from the information, and
to fully digest it. From the number of visits, the users did not seem
to explore the documentation, but stayed on few specific (or single)
pages that they were interested in; this indicates that they were
only interested in some of the product features, rather than an
overall understanding of the product.

Versatile users (Clusters 43, 290, 308). These users visited mul-
tiple types of documentation pages and stayed long enough time
on each of the type. For example, users in Cluster 290 seemed to
be interested in the specific tasks described in How-to guide pages
since they spent enough time on them, and perhaps visited Ref-
erence documentation from time to time when they needed more
low-level information on the API calls and parameters.

We also discovered many other interesting documentation us-
age patterns, such as Financial users (Cluster 22), who stayed
in Pricing documentation which only contains pricing informa-
tion for an hour, and Server engineering users (Cluster 27), who
almost exclusively visited Other documentation which provided
resource-relevant information like locations of the servers.

5 PHASE II: FACTORS ASSOCIATED WITH
DOCUMENTATION USE

With the exploration of clustering analysis results, we were able
to discover various usage patterns, including those that were not
actively discussed in the existing literature [21, 35, 47, 48], like
product explorers or documentation explorers. However, we could
only speculate about the intention and background of the users
behind those diverse documentation usage patterns. Thus, we now
bring together our informal observations from Part I with the litera-
ture on general information seeking and small-scale documentation
studies, to derive and test hypotheses explaining the different usage
patterns based on user characteristics.

5.1 Hypotheses Building

Given the absence of established theoretical frameworks elucidating
documentation usage behaviors, we have chosen factors that might
be associated with the developers’ documentation usage, informed
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by the prior work on developers’ general information seeking in
web search or software maintenance settings, and observations
from the small-scale documentation studies [15, 17, 25, 40, 48].

Experience. Many studies have shown that the information seek-
ing strategies of developers vary by their experience levels [21, 36,
38, 40, 44, 63]. For example, Costa et al. [17] found that documen-
tation users with less experience with the software tended to use
more types of documentation than more experienced users, and
that tutorials and how-to videos were used by a greater percentage
of newer users, and the newer users tended to use tech notes and
forums less. Thus, we hypothesize,

H;. High experience levels are positively associated with accessing
documentation covering implementation details (Dev genre), whereas
lower experience levels are positively associated with accessing docu-
mentation covering an overview of the products (Meta genre).

Product Type. Differences in typical usage contexts of the prod-
ucts, such as project complexity and task categories, also influence
developers general information seeking [21, 25, 50]. Within our
dataset, P1 and P2 are application APIs whereas P3 and P4 are
operations-related products for managing event streams and log
data, and we expected to see different characteristics will come with
different documentation usages, and we anticipate that these dis-
tinct characteristics will be associated with different documentation
usage patterns. For instance, users of infrastructural APIs are more
likely to be engaged in the maintenance of large-scale software
projects, which implies a greater interest in system-level products
and in system-level quality attributes. Conversely, application APIs
are commonly adopted by smaller projects where the applications
themselves serve as core components. Consequently, we expect
that users of documentation for different products will tailor their
utilization accordingly. Thus, we hypothesize:

Hj;. Documentation usage of application APIs (P1, P2) differs from
that of large-scale infrastructural APIs (P3, P4).

Documentation Type Predisposition. Previous research has
found that developers adopt different work styles, motivations, and
characteristics, and they solve programming tasks differently [15],
and human studies with documentation usage also reported sim-
ilar findings [48]. The work styles of developers are less liable to
change over time as opposed to levels of expertise, educational back-
ground, etc. Thus, we hypothesize that we can see similar patterns
in the page-view logs, that developers will stick to documentation
that suits their general information foraging strategy formed by
their needs and preferences, without changing their documentation
usage behavior much over time.

H3. Users tend to use the same documentation type over time.

Possible Intent. Prior work [10, 64] found that developers’ web
search behaviors vary with their information seeking intent: they
visit different types of web pages, use different queries, and overall
interact with webpages differently. In particular, developers were
more likely to visit official software documentation during remind-
ing sessions and third-party tutorials during learning sessions. De-
velopers also tend to spend tens of minutes with learning intent, but
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only tens of seconds to remind. Times spent in between the two ex-
tremes were mostly with clarification intent. We posit that a similar
behavioral pattern can be identified within documentation-based
information seeking, wherein users invest substantial time per visit
when their objective is to grasp complex concepts or protocols.
Conversely, they allocate less time when verifying straightforward
facts or utilizing documentation as an external memory aid [35].
Thus, we hypothesize:

Hy. Users who exhibit extended average page dwell times are more
inclined to access documentation that offers tutorials (Guide genre),
whereas users with shorter average page dwell times are more likely to
access documentation providing straightforward factual information
(Admin genre).

Subsequent API Use. From multiple empirical studies, develop-
ers have reported that the quality of documentation is a highly
influential factor in API selection process [82], and failure in effec-
tive information seeking within documentation leads them to give
up on using the APIs [65]. Developers specifically reported that
they examine the documentation up-front to determine “if there
are good examples or tutorials that clearly explain how to use the
library” [82] before they decide to adopt a library, showing the need
of onboarding materials. Thus, we expect that:

Hs. Accessing documentation pages providing technical information
for newcomers (guide genre) is positively associated with subsequent
API calls by the same users.

5.2 Data Preparation

We collected pseudonymized user-level data and API usage
data to extract such factors of Google’s documentation users, and
test whether the hypotheses in the previous section are supported
by the developers’ documentation usage data at scale.

Experience. To investigate the effect of experience levels in docu-
mentation usage, we measure the documentation users’ experience
level using two variables: overall platform experience and specific
product experience. We define the experience with the platform as
the user account age, i.e., years passed since signing the platform
terms and conditions!. We define the experience with a specific
product as the total number of successful API requests made to that
API over the previous three months (February, March, April 2020).

Product Type. To analyze the differences in documentation usage
patterns, we recorded what each documentation usage data point
was for.

Documentation Type Predisposition. As a proxy for one’s pos-
sible predisposition for certain documentation types, we recorded
the user’s documentation page views in the previous three months
(February, March, and April 2020).

Possible Intent. As a proxy for possible user intent when accessing
the documentation, we recorded the average per-page dwell time,
by dividing the total dwell time in May by the total number of
documentation pages a user had visited.? We further grouped the

!For users who have never signed the terms and conditions for API usage, we assigned
a value of 0.

2A more direct comparison to Brandt et al. [10] would require per-session dwell times,
which we did not have access to, hence this approximation.
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Figure 3: Highlights of the clustering analysis. Each polar plot displays the average time spent on each type of documentation
(see Table 1 for the documentation type codes). The small polar plots show the average dwell time in the previous three months.
Note that the ranges of the axes of the plots vary. Bar charts below the polar plots show the proportions (%) of each group
in the cluster. For example, the charts of Cluster 21 can be interpreted as “In cluster 21, users without platform and product
experience predominantly used Tutorial documentation (~ 6 minutes) of P2 (81.1%) and P1 (18.9%), mostly for clarification

purposes, without subsequent API requests.”

data into three bins—less than 1 minute, between 1 minute and less
than 10 minutes, and more than 10 minutes—to loosely correspond
to the categories of intent (reminding, clarifying, and learning)
identified by Brandt et al. [10]. The “more than 10 minutes” group
most directly maps to a learning intent, while the other two groups
possibly overlap with both reminding and clarifying.

Subsequent API Use. We mined the Google-collected API usage
data (telemetry data) from June, July, and August 2020 correspond-
ing to the subset of people in the aforementioned May-2020 docu-
mentation page-view log dataset, who also made subsequent API
requests using the web-based services. This was possible because
the pseudonymization strategy has random but persistent IDs that
are consistent across documentation and API usage data. Specifi-
cally, we extracted the number of successful API requests made by
each user (i.e., with 2XX return codes).

5.3 Sanity Test with Cluster Exploration

Before we formally test our hypotheses, we checked whether the
hypotheses derived based on the general information-seeking lit-
erature apply at all to developers’ documentation usage patterns
observed in our data, by checking different clusters’ user distribu-
tions. To help with our exploration, we first visualized each cluster’s
average dwell time, and discretized the numerical variables into four
groups for each user factor, based on percentiles: @ |NA (factor=0),
Low (0-33%), Medium (34-66%), High (67-100%). Figure 3 shows the
visualizations of the entire dataset, and three example clusters due
to the space limit. We have included visualizations of other large

clusters with over 500 users in our supplementary materials.> Using
the visualizations, we selected clusters with different distributions
for each factor we hypothesized would influence documentation
usage. We then compared their documentation usage patterns to
check if the factors were related to variations in these patterns.

H; (Experience): Comparing clusters with a lot of experienced
users (e.g., Cluster 6, Cluster 26, Cluster 27) and clusters mostly with
new users (e.g., Cluster 16, Cluster 21, Cluster 22), the dwell time
of the latter was relatively shorter compared to the former. We also
found that most of the clusters with more experienced users spend
time on the documentation that describes lower-level details, such
as Reference or How-to guide documentation, without needing to
visit introductory documentation like landing or marketing pages.
On the other hand, clusters with new users showed diverse doc-
umentation usage patterns, which might be because they browse
the documentation while considering adopting the APIs while still
being relatively unfamiliar with the products, instead of trying to
learn to use the products.

H; (Product type): We observed that documentation usage for
P1 and P2, on the one hand, and P3 and P4, on the other hand, is in-
ternally similar in different clusters — many users of the pairs ended
up clustered together (e.g., Cluster 21 and Cluster 11 for P1 and P2,
and Cluster 6 and Cluster 10 for P3 and P4). Clusters with a lot of P3
and P4 users visited How-to guide documentation, which might be
due to their typical high project complexity requiring system-level
configurations of multiple products in Google platform. In addition,

3To protect privacy (see section 3.3), we have not included visualizations of the re-
maining clusters. However, we note that these large clusters account for 77% of the
total users in our dataset.
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we observed that clusters with the majority of users using appli-
cation APIs show longer pricing documentation usage, whereas
clusters of infrastructural API users show almost zero usage of
pricing documentation. This could be explained by the usage con-
text of the products: Infrastructural API users maintaining large
software systems are also often employees of large corporations,
with accounting and legal teams taking care of administrative tasks,
removing the need to visit Pricing or Legal documentation, whereas
application APIs are often used by smaller companies or individual
projects whose developers are more likely to be responsible for
administrative tasks.

H3; (Documentation type predisposition): We observed a
consistent trend where clusters of users who spent an extended
amount of time on specific types of documentation in May also
exhibited a prolonged engagement with the same documentation
in previous months. For instance, consider Cluster 6 (task-oriented
users), whose members demonstrated a substantial dwell time on
How-to documentation in May; they also ranked second in terms
of How-to documentation usage in previous months, among the
clusters we analyzed. Similarly, Cluster 22 (financial users), which
had the longest dwell time of Pricing documentation in May, consis-
tently showed the longest dwell time for Pricing documentation in
preceding months. Furthermore, even among clusters with lighter
documentation usage, we noticed a parallel pattern: the dwell times
from previous months mirrored the patterns observed in May.

H, (Possible intent): Comparing clusters with a lot of users
with “reminding” or “clarifying” intention (e.g., Cluster 0, Cluster
16, Cluster 18) with clusters with mostly “learning” intention (e.g.,
Cluster 6, Cluster 26, Cluster 27), we observe that the former users
spent much less time on the documentation pages on average, and
also focused on documentation types like marketing and landing
pages, which often provide an overview and administrative facts of
the APIs, consistent with the “reminding” and “clarifying” intent
reported by Brandt et al. [10]. In contrast, clusters with a lot of
“learning” users visited documentation that provides more detailed
guidance on how to use the products, like How-to documentation.

Hs (Subsequent API use): Comparing the clusters of users who
made no or low subsequent API calls (e.g., Cluster 0, Cluster 16,
Cluster 22) with the clusters of users who made subsequent API calls
(e.g., Cluster 6, Cluster 26, Cluster 27), the latter had spent longer
overall browsing documentation pages, and had spent most of their
time on How-to guide and Reference pages as opposed to marketing
pages, which could indicate that many had already decided to adopt
the APL. We also observed that the degree of such association may
vary with the product. For example, compared to the users in Cluster
7 (documentation explorers) who visited Landing and Marketing
documentation and had similar average dwell times, far more users
in Cluster 16 (product explorers) actually made calls to the APIin the
subsequent months. This might be explained by their usage context:
the product proportions were relatively equal in Cluster 16, but
most of the Cluster 7 users visited only P1 documentation. Thus, we
expect that users will need different types of information depending
on their usage context, and thus the usefulness of documentation
types may also vary.
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5.4 Regression Analysis

Next, we formally test the hypotheses above on our entire sample.
First, we use multiple regression to test how much the various user-
level characteristics we hypothesized about in H1-Hy can explain
people’s logged documentation visits to pages in each of our four
genres (recall Table 1). Second, we test Hs, i.e., to what extent
developers’ documentation visits in each of our four genres can
explain their subsequent API use, again using multiple regression.

We start by estimating four logistic regression models, one for
each documentation genre; see model specification in the sup-
plementary material. In each model, the dependent variable is a
boolean variable “dwell time > 0” indicating whether or not a user
in our sample accessed documentation pages of that particular
genre.* In addition, each model includes explanatory variables cor-
responding to H; (overall platform experience, specific product
experience), Hy (product), H3 (documentation use in the previous
three months), and Hy (average page dwell time); see section 3.2
for definitions. All models include all variables. By jointly estimat-
ing the different § coefficients, this model allows us to estimate the
strength of the association between each explanatory variable and
the likelihood that users access documentation pages from each
genre, independently of the other variables included in the model.
Then, the p-value of, say, the estimated f; coeflicient allows us
to test Hy, i.e., whether there is a correlation between platform
experience and the likelihood of accessing documentation genres
being modeled. Similarly, we could test for correlations between
platform experience and likelihood of accessing documentation
pages from the other three genres with the other three models.’

To test Hs we use a similar strategy, estimating one logistic
regression model with a boolean-dependent variable

“subsequent requests > 0”. We restrict this analysis to the subset
of users who have not made any API requests in the past months
(more likely to be new users), since we expect the results to be
more actionable for this subset in terms of growing the API user
base. We include all the same independent variables as before (the
ones not directly tied to the hypotheses act as controls), except
specific_product_experience which is by definition null for these
users. We also include an interaction with product to test the effect
of differences in products.

Overall, we took several steps to increase the robustness of our
estimated regression results. First, we removed outliers (i.e., ob-
servations more than 3 standard deviations beyond the mean) for
highly skewed count variables and applied log-transformations to
improve heteroskedasticity. Second, we checked for multicollinear-
ity using the Variation Influence Factor (VIF) and only kept variables
having VIF lower than 2.5, following Johnston et al. [32]. Third,
since we estimate multiple models, each with multiple variables,
thus increasing the risk of Type I errors, we conservatively adjusted
all p-values using Holm’s correction procedure [28]. Furthermore,

4See the supplementary material for consistent results for complementary count-based,
linear regression models that further investigate the time spent on the different pages.
Note that our research hypotheses in section 5.1 are not all equally broad, i.e., they
don’t all cover all documentation genres or even the same documentation genres. Our
choice to model each documentation genre separately is flexible enough to allow us to
draw conclusions about all hypotheses, including the broader ones, by qualitatively
comparing results from the relevant models. For example, we can reason about a
particular estimated coefficient 8 being statistically significant in multiple models
corresponding to multiple documentation genres.
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Figure 4: Top: Estimated odds ratios from the regression modeling dwell time > 0 for our four documentation genres. For
example, the odds of accessing Dev type documentation (pink) are 1.01 times higher among users with one extra year of
platform experience. Bottom: Estimated odds ratios from the regression modeling subsequent requests > 0. Variables without
statistically significant coefficients (adjusted p > 0.01) are omitted.
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we only considered model coefficients worthy of discussion if the
adjusted p-values were statistically significant at 0.01 level instead
of the more common 0.05.

5.5 Results

Figure 4-top summarizes the documentation-access logistic regres-
sion results across the four models we estimated (one per genre)
to test Hi-Hy. We present our results in terms of odds ratios (OR)
instead of regression coefficients to ease interpretation. All four
models are plausible, with Nagelkerke [53] pseudo R? values (de-
viance explained) of 74% for dev, 16% for admin, 44% for guide, and
55% for the meta documentation genre. Similarly, Figure 4-bottom
summarizes the subsequent-usage logistic regression model testing
Hs. The relatively high explanatory power of the models indicates
that at least some of the patterns of documentation usage align
with user characteristics and API usage behaviors.

H; (Experience): supported. Results from the dev and meta-genre
models are consistent with the hypothesis. For example, the odds
of accessing reference documentation and other dev pages are 1.34
times higher among people with prior experience with the products
(product experience), i.e., those who made successful API requests
in the past, compared to those without, and the odds of accessing
such pages are 1.01 times as high among users with one extra year
of platform experience. Similarly, the odds of accessing marketing
and other meta documentation are lower (OR = 0.67) among people
with prior experience with the products (product experience), and
the odds of accessing such pages are 0.98 times as high among users
with one extra year of platform experience.

Interestingly, the results from the admin-genre model align more
with the documentation genres covering implementation details
than meta: the odds of accessing pricing, legal, and other admin
documentation are also higher (1.37 times) among people with prior
experience with the products compared to those without. This could
indicate that the information in admin documentation is not only
needed once, when people make API adoption decisions, but rather
is consistently needed throughout their use of the API.

H; (Product type): supported. All four models support the hy-
pothesis: taking P1 as the reference, the magnitude of differences
between P1 and P2 is consistently smaller than either P1 and P3 or
P1 and P4; i.e., the documentation page visits of large-scale infras-
tructural products tends to differ starkly from that of application
products. Taking the dev-genre model as an example, the odds
of accessing the documentation pages are only 1.1 times higher
among visitors to P2 documentation compared to P1, but 0.66 and
0.63 times as high among visitors to P3 and P4 compared to P1.

H; (Documentation type predisposition): supported. All mod-
els show strong effects of documentation type consistency: there
are correlations between the past and the future access to some
types of documentation. For instance, in the admin-genre model
the odds of accessing admin-genre documentation pages are 3.31
times higher among people who had also accessed such pages in
the past three months compared to people who had not. As many
different pages of documentation are included in each type of doc-
umentation, and the analysis is done at a month-level, this result
does not provide conclusive evidence of the users’ preference for
the contents or structure of documentation pages. However, it still
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suggests that the documentation users have types of documentation
they are more familiar with, and can access them repeatedly.

H, (Possible intent): only partially supported. The results for
this hypothesis are mixed. On the one hand, the dev-genre model
reveals a clear difference between people with long and short aver-
age per-page dwell times, as hypothesized: the odds of accessing
reference documentation and other dev pages are 0.57 times lower
among people with average dwell times greater than 10 minutes
compared to those with average dwell times less than a minute. The
model also reveals that the odds of accessing dev-genre documenta-
tion are greatest (57 times higher) among people with average dwell
times between one and 10 minutes. Similarly, the models for admin-
and meta-genre pages, which include marketing and pricing, are
generally supporting the hypothesis.

In contrast, the model for guide-genre documentation points to
the opposite finding than hypothesized when comparing to people
with average dwell times less than a minute (the group with the
shortest dwell times, set as the baseline in our models): the odds of
accessing tutorials, how-to documentation, and the like are lower,
not higher, among both people with average dwell times between
one and 10 minutes as well as people with average dwell times
greater than 10 minutes, compared to those with average dwell
times less than a minute.

One potential explanation is that many users might use the guide
documentation as a cheat-sheet, from where they copy and paste
various API boilerplate [54] or usage examples. Although guide
documentation was originally intended to introduce and explain
products to relatively inexperienced users, it appears to be widely
used by users with diverse intentions.

H; (Subsequent API use): supported. The model reveals a strong
correlation between accessing guide-genre documentation pages
and subsequent API calls: the odds of making successful API calls
in the subsequent three months are 3.92 times higher among people
who visited guide documentation compared to those who did not.
Modeling interactions revealed that the strength of the associa-
tion between visiting guide documentation and making subsequent
API requests is weaker for P3 and P4 users relative to P1, while the
interaction is not statistically significant for P2 users relative to P1.
That is, as above, we see consistent differences between the two
large-scale infrastructural APIs and the two application APIs.

6 DISCUSSION

We investigated the feasibility of using documentation page-view
logs to inform the design of documentation. Through a series of
hypotheses derived from the literature, contextualized by an ex-
ploratory analysis of our page-view log data (§4), and subsequently
validated through a large-scale regression analysis (§5), we discov-
ered that there are multiple discernible patterns of documentation
use, even when the documentation pertains to the same platform,
or even the same products.

6.1 Feasibility of Log Analysis for
Documentation Review

Large-scale log analysis helps discover unexpected use. As
large-scale log analysis allows analyzing all documentation usage,
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with less researcher efforts and costs, we could explore diverse
documentation usage patterns. For example, in addition to users
mainly using documentation for API learning, which was often
studied in the existing literature that used smaller-scale qualitative
approaches [21, 35, 47, 48], the clustering analysis discovered addi-
tional large clusters of users who only check pricing documentation
(Cluster 22: financial users), or that many users make many API
requests without even visiting reference documentation (Cluster 27:
task-oriented users). The cluster exploration and the hypotheses
testing also revealed that expected documentation usage can differ
from actual use. For example, although how-to documentation is
often regarded as introductory for new users [21], we observed
that users with more product experience made more visits to the
guide documentation (Cluster 6: task-oriented users) than those
with less product experience, which was also confirmed by the
regression analyses (H;). While the cause or intent behind these
unexpected uses cannot be found solely with log analysis, our obser-
vations might be useful in designing more focused human studies.
Moreover, we believe that a similar analysis can be used to answer
broader research questions like “How does documentation usage
change over time as users develop their expertise with the prod-
ucts?”, or “What are the strategies developers use for information
seeking in documentation?”

Page-view log analysis is informative but could be further
refined. The analysis could be extended to also account for the
structure and content of the documentation pages, in addition to the
factors we considered. For example, although the top web search
results given the query Google [product] were marketing docu-
mentation for all four products, the second result varied between a
guide documentation page for P4, and landing pages for P1, P2, and
P3. Thus, in interpreting the differences in documentation usage
between products, whether intended or not, differences between
the documentation structure and external resources should also be
taken into account. Analyzing referrer pages, i.e., the pages accessed
by a user prior to loading a particular web page, might be useful
in understanding how such differences affect the documentation
use [60]. We propose this direction for future research.

In practice, the analysis plan can be adapted based on the
analysis goals. In this paper, we employed a mixed-method ap-
proach to gain a comprehensive understanding of Google documen-
tation usage. This involved both exploring the data and validating
our hypotheses. Each of these analyses complements the other, offer-
ing distinct advantages and considerations. For example, clustering
analysis proves valuable in uncovering common and unexpected
usage patterns, requiring less quantitative data analysis expertise
to get started. However, it is important to note that interpreting
clustering results can be subjective, and conducting a detailed inves-
tigation of every cluster may not always be practical. Subsequently,
performing regression analysis adds a layer of confidence to our
findings, providing a comprehensive overview of the dataset. In
practice, it may not always be necessary or feasible to conduct
both types of analysis due to differences in skill requirements. In
such cases, the choice between the two can be made based on the
specific goals of the log analysis. For instance, a user experience
(UX) researcher seeking a lightweight usability review might opt
for a quick cluster analysis and interpretation as demonstrated in
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Section 5.3. If stronger evidence is needed to support hypotheses,
especially for design refactoring, engaging a quantitative UX re-
searcher or data scientist to perform regression analysis following
a clustering study would be a more suitable approach.

6.2 Recommendations for Documentation
Providers

Through the log analysis, we found that documentation usage can
vary based on the users’ experience in product and platform (H;),
the type of product described (Hy), and many other factors (Hs3, Hy).
This suggests that established knowledge on documentation usage
may not always be generalizable to all target users. Here, we high-
light some of the specific implications for how to design improved
documentation catering to users with different characteristics.

Explicitly mention the target audience of documentation.

Previous studies [47] found that developers often experience dif-
ficulty in determining which documentation type to select when
searching for a particular piece of information. We posit that this
is because documentation for different products adheres to varying
documentation standards and categorizes information differently,
and it takes time for developers to learn these distinctions. Since
we confirmed that developers’ documentation visits are correlated
with their characteristics, we posit that explicitly indicating the in-
tended audience of the documentation will assist them in selecting
the appropriate types and pages of documentation to access (i.e.,
provide strong “scent” in the information foraging theory [61]).

Duplicate important information for information discovery.
As our models show (Hs3), users are more likely to visit types of
documentation when they have accessed in the past. Although it is
often considered to be better to modularize the documentation, this
can be problematic if important information is only presented on a
specific page, as the user might not always discover that [29, 56].
This observation is consistent with the finding of Meng et al. [47]
that developers often skip sections in the software documentation
based on their problem solving strategies. Thus, to reduce the risk
of developers missing important information, we recommend pro-
viding such information in multiple types of documentation, or at
least providing prominent functional links to the page providing
such information.

Provide product-specific starting points. We discovered that
there are variations in visit patterns among products with distinct
characteristics. This is expected because different types of informa-
tion are provided and needed depending on the purpose or domain
of the product (Hy). For instance, for infrastructural products such
as P3 and P4, many users (Cluster 2: task-oriented users) accessed
how-to guides providing instructions for the configuration settings,
but for application products like P1 and P2, many users visited
tutorial documentation pages providing walkthroughs for a sim-
ple use case (Cluster 21: product explorers) that aid new users in
quickly familiarizing themselves with the products. However, for
users who are new to the products with little understanding of
them, it will be challenging to know what documentation type or
page will be the best starting point [34], especially because there
are a plethora of documentation pages per product. Thus, to help
the new users quickly grasp the gist of the products, we recommend
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providing product-specific recommendations about which docu-
mentation pages to use to start learning, as similarly recommended
in Jeong et al. [31]. Most commonly accessed documentation pages
or pages that correlate with subsequent API requests, which can
be acquired from the page-view logs, will be good candidates for
the recommendation, as they were already proven to be useful for
other users. We note that we do not recommend changing the docu-
mentation templates or navigation structures, because inconsistent
inter-product information organization can hinder information for-
aging of users, especially those who use multiple products from
Google. A designated space for the product-specific documentation
recommendation in a landing page or a navigation tab will allow
users to know where to look if they become lost.

Nudge new product users to visit guide-genre documenta-
tion. When developers select third-party libraries, the quality of
documentation is perceived as a good sign of the library’s qual-
ity [82], and when a user is not able to find appropriate learning
resources, it becomes a major obstacle in getting to know the li-
braries resulting in user frustration [65]. Our results suggest that
guide-genre documentation is particularly effective in influencing
the decision to adopt a product (Hs), although one might think that
landing documentation is beneficial for them since it provides an
overview of the products. We believe that guide-genre documenta-
tion is helpful in making the adoption decision, as it describes what
the products offer and help developers gauge what they need to do
for onboarding, which corresponds to what new users look for from
documentation [65]. Thus, although other documentation pages
will be useful in the end, nudging developers to visit guide-genre
documentation as early as possible may help them perceive the
quality of documentation positively, and adopt the API.

6.3 Longer-term Vision: Personalization

While we distilled actionable recommendations for how to adjust
the design of software documentation taking into account many
dimensions of user characteristics that might affect their usage,
doing this manually may be unrealistic when many products are
involved. Instead, we argue that the time is ripe for approaches to
automatically personalize the documentation. Personalization is not
anew topic and has already proven to be effective for other services
like media streaming and search engines [79]. Prior research on
general web search has also made significant progress in design-
ing effective personalized recommender systems to increase the
long-term engagement of users [86], using both implicit (e.g., dwell
time [86, 87]) and explicit (e.g., item rating [4, 5]) feedback mined
from historical interaction data as an indicator of users’ interests
and needs. As the dwell time mined from documentation page-view
logs can capture some user characteristics, in addition to the interac-
tion histories that page-view logs contain by design, we expect that
personalizing approaches can also be used in the documentation
domain. Here, we present three directions to improve developers’
information foraging on documentation using page-view logs.

Documentation recommendation. First, we argue that it is time
to go from static approaches of documentation recommendation
(for example, consider the omnipresent navigation links like “Rec-
ommended content” or “What’s next” or “Next topic,” that typically
point to the same target page regardless of which user is browsing)
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to dynamic ones that take user characteristics into account to pro-
vide more relevant suggestions. An ideal scenario is perhaps one
where the recommender system has access to the developer’s code
repository or profile, that reveal the developers’ needs and back-
ground that are known to correlate with their documentation usage
(e.g., their product and platform experience), as we discovered from
the analysis. Short of that, we show that some signals about user-
level characteristics are present in much more modest and more
widely-available log data on previous documentation page visits. A
recommender system could learn to profile users based on previous
page visits (similar to our clustering) and, given that knowledge,
suggest the next documentation pages to visit from among those
that users in the same cluster have visited or interacted with before.

Within-documentation search. Personalization can also be ap-
plied to within-documentation search engines. Many previous stud-
ies of within-documentation search engines showed the need for
efficient navigation [31]. Typically, software documentation con-
tains information for both novices and experts, sometimes implicitly
within a single page, other times explicitly across dedicated separate
pages. For example, a difference between a ‘basic’ and an ‘advanced’
tutorial could be that the advanced tutorial describes APIs with
more flexible capabilities, which require additional parameters. One
way to personalize is query modification [72], by expanding the
user query using additional terms inferred from user profiles. As
above, the user profiles can be approximated from documentation
page view logs; for example, when a user’s documentation page
view pattern is similar to Cluster 6 (task-oriented users), with high
levels of guide documentation visits that correlate with product
experience level, the system can infer that the user is experienced.
Then, given a search query “how to set up P1,” the system could
augment the query along the lines “how to set up P1 advanced
user,” which should bias the search results towards the dedicated
advanced pages.

Documentation filtering. Another idea is that a “smart” docu-
mentation system could automatically filter what information is
being shown depending on the user. For example, when a user has
already accessed platform-common information (e.g., authentica-
tion) from other products, the system can hide/fold such parts for
new APIs the user is reading about, to make information foraging
more efficient. Similarly, one could imagine hiding/folding other
parts of a documentation page, such as the code examples, for users
that prefer to develop a more conceptual understanding first [47].
These examples both require data on historical accesses of other
documentation pages by the same users (or by users in the same
cluster), which is often included in the page-view logs.

7 CONCLUSION

Based on our exploratory clustering analysis and hypothesis testing,
we identified distinct documentation usage patterns and demon-
strated that user factors partially explain the differences in such
patterns. This enabled us to derive meaningful implications for doc-
umentation design, both specific to Google and in a broader context.
Thus, we conclude that leveraging documentation logs at scale is
both feasible and valuable and will allow documentation designers
to generate actionable insights during their documentation design
review.
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