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ABSTRACT 
Help centers are mainly designed to assist users with their product 
uses. The question as to how we measure the quality of a help center 
remains unanswered. As the frst step of a joint research initiated 
by Peking University and Baidu Cloud that aims to develop a set 
of computable metrics to evaluate the quality of help centers, this 
experience report shares the results of data analysis on correlation 
between user behavioral data and technical documentation quality. 
The documents and data we use are a suite of cloud computing 
services provided by Baidu Cloud. The report begins with an in-
troduction of the research goal; following reviews on the related 
work, it then lays out the design of the experiments with user data 
collected from Baidu Cloud. In our experiments, we categorize all 
documents into three groups and try to identify which metrics 
would afect documentation quality most. The result shows that the 
key index that contributes most to the model is PV/UV. At last, the 
report concludes with our current experimental eforts and future 
work in our plan. 
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• Human-centered computing → User centered design.
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1 INTRODUCTION 
Online help centers provide users with hypertext information in an 
organized fashion. Users may resort to help centers when they en-
counter problems with the product, and quality online self-services 
save labor costs and improve service efciency. It then brings up the 
question of how we can evaluate the quality of a help center with 
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a quantitative approach such that we can predict a quality score 
given any help center. The help center frst provides navigation and 
search functions, enabling users to quickly fnd the information 
they need. This information should then help solve users’ problems. 
If it is not resolved, there should be a way for user feedback, so 
that the service provider can further improve the corresponding 
content of the help center or the related products. 

Help centers are separated from other websites for discussion 
here because of their specifc use of help. We further divide a help 
center into two parts: the website as an information container and 
the information inside it. As the information container, a help center 
needs to place the information properly, which means it should 
provide users with a fne guide to the target information through 
navigation or searching function. The information inside, which 
refers to technical information in this paper, helps users to actually 
solve their problems. As the technical information we mention here 
is presented as a form of online technical documentation, using 
technical documentation quality models can help with designing 
metrics and assessing them. 

This paper is structured as follows. We frst discuss how the term 
"quality" was defned as in previous works in Section 2, which also 
presents reviews on documentation and help center qualities. In 
Section 3, we investigate related works of quality assessments on 
the two parts of a help center, i.e., the container and the content. 
We present our current eforts in Section 4, and corresponding 
experiment results in Section 5 followed by conclusions and future 
plans in Section 6. 

2 DEFINE QUALITY 
The term "quality" is often vague and intangible as it is subjectively 
felt or judged, but not exactly measured by some standard. The 
whole concept of quality can be confusing so in order to evaluate 
the quality of help centers, so it should frst be defned. 

Crosby [8] defned quality as "conformance to requirements," 
which suggests that there must be a set of requirements that cannot 
be understood. The requirements are not necessarily universal, but 
set by an entity or for a single product. Juran [16] defnes quality 
as "ftness for use", mainly considering the customers, their require-
ments and expectations on the product, and their particular use. It 
then requires the product to possess multiple elements of ftness 
for use. These characteristics can be further divided into param-
eters for quality assessment. The two defnitions of quality may 
seem unrelated, but complement each other in practice. Customers’ 
requirements and expectations can guide the product requirements, 
and a product that conforms to requirements is usually ft for use. 
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2.1 Documentation Quality 
Early defnitions of documentation quality are mostly set for printed 
ones, due to the reason that computers and the Internet were not 
popularized as they are today. Bandes [2] selected eight character-
istics of technical documentation quality, including psychological 
quality, time-oriented quality, contractual quality, ethical quality, 
physical appropriateness, accuracy, completeness, and usefulness. 
Detienne et al. [10] adopted a two-dimensional grid model from 
Seawright and Young [24] to visually plot the defnition of technical 
communication quality. Their six major categories of quality def-
initions are transcendent, design-based, product-based, customer 
based, value-based, and strategic, plotted into the two-dimensional 
model as in Figure 1. 

Figure 1: A 2-D grid model on defnition of technical com-
munication quality[10] 

Waller [26] proposed a set of sixteen criteria for documentation 
benchmark from four aspects: language, design, relationship, and 
content. Carey, Lanyi, Lango et al. [4] presented three well-known 
quality characteristics for technical information based on comments 
from users and on the authors’ experience in writing and editing 
technical information. "Easy to use" implies that good technical 
information should possess such quality characteristics as task ori-
entation, accuracy, and completeness. "Easy to understand" means 
that the information needs to be of clarity, correctness, and style. 
Quality technical information should be organized properly with 
high retrievability and visually efective to be "easy to fnd". Zhi et al. 
[32] modeled the quality of documentation content using Content
Quality, which has several attributes as its subclass: accessibility,
accuracy, author-related, completeness, consistency, correctness,
information organization, format, readability, similarity, spelling
and grammar, traceability, trustworthiness, up-to-date-ness.

2.2 Help Center Quality 
We decide to separate help centers from other kinds of websites, 
because they have more specifc use, which is often about guiding 
users to the information they need to solve their problems. To 
evaluate the quality of a help center, it is necessary to be clear 
about what kind of quality we are looking for. German company 
K15t [6] found a way to improve their help center quality by asking 
the following questions about navigation, findability, solution and 
problems: 'Is our self-service portal easy to navigate?', 'Are visitors
finding the information they are looking for?', 'Are visitors actually
solving their problems?', and 'which problems are readers trying to
solve?'. Erin Cochran [5] proposed several metrics to measure the
success of a help center. Such metrics include the number of self-
service users, self-service success rate, content engagement, and 
findability. And Zendesk [30] added more aspects such as content 
relevance, navigation success, and mobile device optimization. 

We define the quality of a help center from two perspectives 
– findability and problem solving. Findability has two attributes
as its subclass: navigability and search efficiency. Navigability de-
scribes the effectiveness of a help center’s navigation function,
which means users can click from one page to another until they
find the one containing the information they need. Search efficiency
describes the correctness of search engine results.

Problem-solving efficiency of the help center is measured from 
two perspectives; one is whether the user’s problem is solved, and 
the other is the remaining problems. Whether the user’s problem 
is solved, on the one hand, can be inferred from user’s engagement 
with the document. On the other hand, we can also base the docu-
ment quality on the user-rated score and the number of submitted 
tickets. The latter is used by Zendesk [30] in its self-service score– 
ratio between the total number of unique visitors that interacted 
with help content and the total number of unique users with tickets. 

3 RELATED WORK 
Current studies on general web quality testing often gather server 
log data for user behavior analysis. Clickstream data [3], mouse 
movement activity [19], eye tracking data [12], and AJAX applica-
tion data [1] can all be used to evaluate user experience on a website 
or to pinpoint problems they may encounter. When assessing help 
center quality, we can borrow heavily from those approaches used 
in web quality evaluation. In this section, we categorize related 
works into navigability and documentation assessment. As the in-
formation container, a help center functions mainly in navigation 
and search. With search function improvement relating more to 
search engine optimization, we specifically take navigability and 
documentation assessment into consideration. 

3.1 Navigability 
Website designs incorporate multiple disciplines that affect web 
quality and user experience. As in the case of a help center, we 
consider navigation a crucial part since users always visit help 
centers seeking information they need, mostly following a path 
guided by the help center’s navigation system. That being said, 
navigation systems provide an important means for supporting 
people’s browsing and path selections to locate target information 
on a web site [27]. There has not been much work that targeted at 
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evaluating the navigability of help centers specifically. There are, 
however, a large number of research conducted on measuring the 
navigability of other kinds of websites. Naturally, we believe that 
the navigability evaluation for any arbitrary website should not 
differ much, since navigation is the general process of determining a 
path to be travelled through a chosen environment [9]. It is claimed 
that the navigation design of a website should help users answer 
three fundamental questions when browsing the site, and they are: 
'Where am I?', 'Where have I been?', and 'Where can I go?' [20].

To answer these questions is by no means an easy task and 
recent works concerning navigability evaluation mainly fall into 
three categories. The first is to analyze usage data of websites, 
mostly the log files containing user click-stream data. The second is 
to consider the web navigation structure, i.e., the outline to achieve 
an easy maneuver for the users accessing the site [11]. The third 
is to assess navigability against a set of criteria or check list [31]. 
When considering the website usage data or its navigation structure, 
graph theory is often adopted. Typically, a graph G is defined as a 
set of vertices, or points V and a set of edges E, where V denotes 
all webpages in a given website, and E represents all hyperlinks on 
those webpages; any vertex A in V is connected to another vertex 
B by an edge in E when there is a hyperlink from webpage A to B. 
In this case, when a user travels through pages in a web session, all 
those pages visited and hyperlinks clicked could form a graph G 
for assessment. Kalczynski et al. [17] employed such a graph-based 
approach to capture the navigational complexity. They analyzed 485 
individual goal-oriented sessions on different websites and studied 
ten complexity metrics to select the ones that can be used to predict 
the result, i.e, whether the task is completed or not. Zhang et al 
[31], also following the graph theory, proposed a set of metrics 
for website navigability measurement, such as the total number of 
links on a website. Kaur and Dani [18] utilized similar evaluation 
metrics, and investigated the structural properties collected by 
HTML parsers deployed on banking websites. These measurements 
are mainly based on static hyperlink structure, and Winoto et al. 
[33] attempted to abstract dynamic user behavior as a Markov
model, to serve as the basis for navigability measure. Markov model,
borrowed from probability theory, is a stochastics model used to
model randomly changing systems [14]. Fang et al. [13] proposed
a data-driven approach to measure the website navigability guided
by information foraging and information-processing theories.

3.2 Documentation assessment 
The next part we are interested in is the assessment of help center’s 
technical documentation. Supposing the user has trudged through 
the navigational structure of a help center, to the webpage contain-
ing the technical documentation, he still needs to locate the target 
information on the page, and quality documents should help users 
finish this step rather effectively. Then there is a question we need 
to answer, i.e., - how do we measure the documentation quality? 

The work of Wingkvist et al. [29] reported an approach for using 
metrics to quantitatively measure documentation quality, based on 
the Goal-Question-Metric paradigm: predefined quality goals are 
continuously assessed and visualized by the use of metrics. They 
carried out two experiments with ’clone detection’ and ’test con-
vergence’ analysis borrowed from software testing domain, and the 

experiments showed that quality issues can be identifed. Garousi 
et al. [15] came up with a joint method comprised of two parts -
frst gathering document access logs and second asking for experts’ 
opinions by a questionnaire-based survey. And this approach iden-
tified the most relevant factors affecting documentation quality. 
Shpak el al. [25] implemented a web-based information testing 
tool called "QAnalytics" to access information quality of 
documentation provided by a website. This tool offers an HTML 
proxy to the web-site and allows the tester to trace all 
interaction events between a user and the website in a web 
session, and then processes the data for analysis. The case study 
suggested that the precision and recall can help determine how 
understandable the webpages are; furthermore, some other 
statistical results such as the deviation in the number of clicks and 
time spent support their findings. 

3.3 Conclusion 
We investigated current studies which are primarily on websites’ 
navigability evaluation and documentation quality assessment. 
While these studies did manage to capture some quantitative 
mea-surements on navigational complexity and criteria on 
assessing document quality, few has tried to define what a quality 
documen-tation is or to design a set of metrics specifically for 
help canter quality. Although previous quantitative approaches 
were verified to be capable of evaluating documentation quality in 
some way, they have failed to form systematic document 
categorizations and to fur-ther define assessment rules for 
documents of certain categories. In light of drawbacks mentioned 
here, we hope to build upon existing studies and aim to develop a 
set of computable metrics to evaluate the quality of help centers. 

4 METHODOLOGY 
In this section, we present the methodology used, which is 
struc-tured as three parts. Part one concerns with the key 
observations during the technical writing process and the 
assumptions we based on for the experiments. In part two we 
introduce how we pre-process the data collected before 
analysis. Finally, in the last part we briefly talk about the 
experiment design. 

4.1 Observation and Assumption 
The quality improvement for technical documentation will experi-
ence a 3-stage cycle of "development – measurement – 
cognition". In the development stage, new documentation are 
created or old ones get modified. The next would be measuring 
the quality of the documentation acquired from stage one. The 
last step then is to assess the documentation given the quality 
reflected by the measurement results. The documentation could be 
of high quality– such that it enables users to find information 
and solve problems effectively, or it may be problematic in some 
ways. If it is, then we will be back to the stage one and have it 
revised. After iterative efforts, documentation quality should be 
improved. 

The most critical step in this cycle is the measurement of 
quality and there are three ways by which Baidu Cloud commonly 
evaluates documentation quality, including comparison between 
company standards and industry standards, company’s internal 
review and analysis, and results from user evaluations on the 
documentation. There is, however, no single standard that could 
quantify and predict 
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Table 1: Variables Defned in the Experiment 

Dependent Variable Independent Variables 
User Ratings PV/UV 

downstream contribution rate 
exit rate 

average time on site 
landing page rate 
evaluation rate 

the quality of an arbitrary documentation. We aim at the proposal 
of such standard and as the frst step of our research, we explore 
in this report the correlation between user behavioral data and 
technical documentation quality. 

Commonly speaking, users would give rather positive ratings 
on quality documentations since the latter tend to help solve their 
problems. Thus we carry out our experiments on the following 
three assumptions: 1) a correlation exists between user behavioral 
data and document evaluation scores given by the user, 2) the 
user behavioral data can be used to partially predict the evaluation 
scores and 3) user evaluation results of the documentation can 
refect documentation quality. That is to say, there is a positive 
correlation between the two. We could then use the user behavioral 
data to predict the document quality, or user ratings in the sense 
that these two are positively correlated. 

4.2 Data Processing 
We collected user ratings and user behavioral data on Baidu Cloud’s 
product documentations, all from Baidu Cloud Statistics Q2 2017 
through Q4 2018. They were formulated below and listed in table 1. 

With the intention of predicting quality, or ratings of a document 
given user behavioral data, the user ratings function as dependent 
variable in the setting. For any documentation, its user rating is 
a score from number 1 to 5, a higher score indicating a better 
quality. The independent variable, therefore, includes six types of 
user behavioral data we collected. The PV/UV [22] is calculated as 
the number of page views divided by unique visitor; the downstream 
contribution rate is the number of downstream browsings divided 
by page views, where the downstream browsings of a certain page 
refers to the number of browsings it brings for other pages; the exit 
rate represents the percentage of visitors to a page on the website 
from which they exit the website to a diferent website [28]; the 
average time on site calculates the amount of time a visitor spends 
on the site; the landing page rate is the ratio between the number of 
conversions in a given time frame and the total amount of visitors; 
lastly, the evaluation rate marks the percentage of visitors who give 
evaluation on the document. 

As an illustration, supposing that the product description in 
the page for document A comprises fve level one headings, then 
when a user browses the page, it will generate one landing page, 
four downstream browsings, one exit, fve PV’s and UV’s, coupled 
with an 80% downstream contribution rate, a 20% exit rate and a 
10% landing page rate. By the same token, for a page of document 
B with ten level one headings, it creates one landing page, nine 
downstream browsings, one exit, ten PV’s and UV’, with a 90% 

downstream contribution rate, a 10% exit rate and a 10% landing 
page rate. 

4.3 Documentation Categorization 
The total number of documentations with user ratings is huge and 
many of them are excluded in this experiment, for the reason that 
many are only rated a few times and this may cause the evaluation 
to be biased. In efect, we frst choose all 142 documents that have 
30 or more user evaluations for a general analysis, and then 265 
documents with 20 or more user evaluations were selected. The 
next step is to categorize these 265 documents into multiple groups 
based on their contents, since documentations for diferent types of 
products and services might achieve contrasting results. Specifcally, 
there are three groups of documentations in this experiment and 
they are dealt with separately. 

Documentations of group one are 117 development documents 
on product development; users checking on them are assumed to 
possess at least some programming basics. An example of such doc-
uments is the Application Programming Interface (API) document 
for Baidu Cloud’s cloud services (https://cloud.baidu.com/doc/BCC/ 
API.html#.E5.88.9B.E5.BB.BA.E5.AE.9E.E4.BE.8B). Then there is the 
second group of 61 documents that are just operation procedures 
any user can simply follow along; to clarify, we take the docu-
ment of a creation process on how to set up an instance of Baidu 
Cloud’s cloud server as an example (https://cloud.baidu.com/doc/ 
BCC/GettingStarted.html#.E6.93.8D.E4.BD.9C.E6.AD.A5.E9.AA.A4). 
Last but not the least, the 87 informational documentations are 
those that only cover product and service information, such as 
product prices or functionalities; for instance, the introduction doc-
ument on what Baidu Cloud server is, its features and advantages 
is a documentation of such type (https://cloud.baidu.com/doc/BCC/ 
ProductDescription.html#.E4.BB.8B.E7.BB.8D). 

4.4 Experiment Design 
Under the three assumptions mentioned earlier, we conduct cor-
relation and regression analyses on dependent and independent 
variables formulated above. In other words, for every one of the six 
independent variables, we carry out the two analyses on it with the 
dependent variable, i.e., the user ratings. The two types of analysis 
are both based on multivariate distribution, which simply refers 
to the distribution of multiple variables. The correlation analysis 
notifes association, or the presence of relationship between two 
variables [23], while the regression analysis serves to predict the 
value of dependent variable on the basis of the independent variable 
[7]. Note that "predict" should not be interpreted as the ability to 
predict events in the future beyond the limits of data analysis [21]. 
To put it diferently, the regression indicates to what extent does 
the change in dependent variable explain the dependent variable. 

5 RESULTS 
At a frst attempt, we conduct the experiments on all 142 docu-
ments with 30 or more user evaluations. Presented here (Figure 2) 
is the sketch on the analyses between user ratings, which is the 
dependent variable and PV/UV, being one of the six independent 
variables. The solid line reveals the linear correlation between the 
two, while the dashed line demonstrates the quadratic result from 
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https://cloud.baidu.com/doc/BCC/GettingStarted.html#.E6.93.8D.E4.BD.9C.E6.AD.A5.E9.AA.A4
https://cloud.baidu.com/doc/BCC/GettingStarted.html#.E6.93.8D.E4.BD.9C.E6.AD.A5.E9.AA.A4
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regression analysis. We fnd that the key indices that contribute 
most to the model are PV/UV and the evaluation rate; the overall 
degree of interpretation is 43%, meaning there is a relationship be-
tween two variables but the correlation and prediction is not strong. 
This is a reasonable rate since all data observed were scattered 
around on the coordinates plane, and on top of that, we see a few 
outliers that are detached from the main group. As we suggested 
above, diferent document types might achieve contrasting results 
so our next attempt is to conduct our experiments on three types 
of documentations as categorized in Section 2. 

Figure 2: Correlation and regression analysis on all 142 
doc-uments with 30 or more user ratings, with pv/uv being 
the independent variable. 

In the fnal analysis, we check on the experimental results on 
the three groups of documents and furthermore, we all choose to 
present here the analysis on the PV/UV (Figure 3-5). Since as it 
seems that from our data, the PV/UV explains the ratings most for 
all three types of documentations. The analysis on development doc-
umentations reveals a negative correlation between two variables 
(Figure 2); in this case, a bigger PV/UV implies a smaller rating score. 
The logic underlying such correlation is that development documen-
tations contain some parts that need programming, which is more 
time-consuming and difcult to operate on; more pageviews will 
result in a lot more time spent on those pages compared to the time 
needed to go over other types of documentations; consequently, 
a bigger PV, provided that UV, the denominator stays unchanged, 
may cause users to give a lower rating on the documents, as it 
expects tons of work from them. The degree of interpretation on 
development documents is 54.3%, indicating some predictive value 
of the model. The key indices are PV/UV, exit rate and downstream 
contribution rate. As for the informational documents (Figure 4) 
and documentations for operation procedures (Figure 5), there are 
no convincing correlations. Hence the analyses also justify our 
statement that diferent types of documents produce various trends 
and results. 

Figure 3: Correlation and regression analysis on 117 devel-
opment documentations, with pv/uv being the independent 
variable. 

Figure 4: Correlation and regression analysis on 87 
informa-tional documentations, with pv/uv being the 
independent variable. 

6 CONCLUSION AND FUTURE WORK 
This study is the frst attempt toward our research goal, which 
is to propose a set of computable metrics that could implement 
a standard to quantify and evaluate the quality of help centers. 
We share the correlation and regression experiments conducted 
on Baidu Cloud’s data, specifcally the analyses on relationships 
between user behavioral data and documentation quality, where 
the latter in this case is the user ratings. However, the scope of 
this experiment is limited and certainly there are still many faws 
to it. The data analysis part of the research, based on the three 
assumptions mentioned in Section 2.1, lacks qualitative analysis 
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Figure 5: Correlation and regression analysis on 61 
docu-ments of operation procedures, with pv/uv being the 
inde-pendent variable. 

of technical documents. Since there are no standard defnition on 
what a good technical document is, or qualitative approaches to 
evaluate the document quality, we take user ratings as a substitute. 
That is, however, not necessarily true since there could be many 
factors related to what score an arbitrary user would give. Rating 
a technical document is a subjective event; for example, the users’ 
moods could also afect on how they rate things; some users just 
tend to give high ratings while it does not hold for some others. 
Moreover, the document classifcation is rough and there are poten-
tially more accurate categorizations. Due to the diference in the 
number of users of Baidu Cloud products, the available documents 
scored are more concentrated on certain products, so the model 
may have diferent prediction strength on other types of documents 
as it is the case for three types of documents in this experiment. 
What is equally important should be the document contents. For 
example, such as the lengths of a document and of its subsections 
at the same page. It is also possible to construct a multi-feature user 
score for a more reliable predictive model. 

In the follow-up study, we will frst conduct user research and 
refne the elements of high-quality technical documentation from 
the user’s perspective. Combining with results from the previous 
research, we plan to further the qualitative analysis of document 
quality and fnd out the general indicators used to measure the qual-
ity of documents; thereupon we select the parts that can be collected 
directly from back-end database for testing. For the purpose of eval-
uating the fndability of a help center, we plan to research into the 
path through which the users try to fnd solutions to their problems. 
In essence, combining the help center fndability score with the 
predicted document quality, we will iteratively establishing, testing 
and modifying models for help center quality evaluation, aiming 
to propose a standard architecture for the quantifcation of help 
centers. 
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