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ABSTRACT
Formostmodern feature-rich software, considerable external
help and learning resources are available on the web (e.g.,
documentation, tutorials, videos, Q&A forums). But, how do
users new to an application discover and make use of such
resources? We conducted in-lab and diary studies with 26
software newcomers from a variety of different backgrounds
who were all using Fusion 360, a 3D modeling application,
for the first time. Our results illustrate newcomers’ diverse
needs, perceptions, and help-seeking behaviors. We found a
number of distinctions in how technical and non-technical
users approached help-seeking, including: when and how
they initiated the help-seeking process, their struggles in
recognizing relevant help, the degree to which they made
coordinated use of the application and different resources,
and in how they perceived the utility of different help formats.
We discuss implications for moving beyond "one-size-fits-all"
help resources towards more structured, personalized, and
curated help and learning materials.
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1 INTRODUCTION
Learning to use feature-rich software, such as 3D design
tools and video editors, is a challenging endeavor. The vol-
ume of commands, which can number in the hundreds or
thousands, makes it difficult for users to gain awareness of
what is possible in the application, to locate relevant com-
mands within the interface, and to discover how to combine
the different commands into higher-level workflows [27].
Resources provided with the software, such as help man-
uals and documentation, are often quickly abandoned by
frustrated users and not deemed helpful [45, 46, 48].
There is a rich history of human-computer interaction

(HCI) research examining the issues and challenges that
users face with seeking help when using feature-rich soft-
ware (e.g., [3, 9, 43, 49]). With the introduction of Web 2.0
technologies and subsequent growing popularity of user-
generated content, software help has evolved dramatically,
even within the last 5-10 years. Users now have more outlets
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than ever to disseminate and share their software knowledge.
For most modern feature-rich software, there is now consid-
erable external help and learning resources available on the
web, such as interactive tutorials, videos, Q&A or FAQ sites,
blogs, dedicated forums, among others.
A variety of innovative approaches for designing soft-

ware help have also been proposed in the literature, usu-
ally with some underlying assumption about software users
and their common help needs and behaviors. For example,
some tools assume that users will learn by following expert
users’ behavior, step-by-step instructions (e.g., [6, 28, 38])
or video-based tutorials [32]; others assume that users will
make coordinated use of a search engine when learning the
application (e.g., [17, 20]); yet, other tools assume that users
will learn by looking up questions and answers from other
users (e.g., [10, 41]).

Unfortunately, many of the assumptions about users’ help
needs and strategies have not considered the range of pos-
sible experiences of users who are entirely new to an ap-
plication, henceforth, we call software newcomers. There is
reason to believe that newcomers are likely to experience
frustrations with the application and help resources (both
internal and external to the application) that are even more
acute than other users when it comes to using and learn-
ing feature-rich software [21]. The newcomer experience
is especially an important problem today because the user
base of feature-rich software (such as for 3D modeling) is
not limited to professional, trained users—it is growing with
a large number of casual users who bring in a diverse set of
technical and domain knowledge and skills [29].
Missing in the literature is a deeper characterization of

how software newcomers approach help-seeking in a feature-
rich application. For example, what types of help resources
do newcomers gravitate towards when they face difficulties,
and for what reasons? What challenges, if any, do newcom-
ers face as they seek help? Furthermore, and, importantly,
to what extent are newcomers similar and different to one
another in their approaches and points of difficulty?
In this paper, we tackle these questions and investigate

help-seeking among newcomers in the context of learning a
3D modeling application, Autodesk Fusion 360 [1]. We carried
out a multi-phase study consisting of one-on-one laboratory
observations and a take-home diary component with 26 par-
ticipants who were all using Fusion 360 for the first time and
were motivated to try out 3D modeling. Our sample included
20 participants who had no experience with 3D modeling:
10 technical newcomers (those with computer science (CS)
and related backgrounds) and 10 non-technical newcomers
(artists, writers, scientists, etc., without any CS training). For
comparison, we also recruited 6 domain expert newcomers
who had formal training in 3D modeling domain but who
were new to Fusion 360.

The main contribution of our paper is in providing empiri-
cal insights into the diversity among software newcomers in
terms of how they use and perceive external help resources
when first learning to use a feature-rich application in a task-
focused manner. Our findings reveal common challenges
among the different groups of newcomers, as well as key
distinctions including: differing abilities to articulate search
queries and recognize relevant help, and the degree to which
newcomers made coordinated use of the application and
different resources. Our findings also highlight several op-
portunities for the HCI community to design more targeted
curated and personalized help resources for different types of
users, to ultimately make the learning process more efficient
and less daunting for all software users.

2 RELATEDWORK
This work builds upon existing studies of software help-
seeking and the role of user expertise in software learning.
Our study is also inspired by the wide range of prior novel
systems in the literature that support software learning.

Studies of Software Learning and Help-Seeking
The HCI field has long acknowledged the complex and chal-
lenging nature of learning and using complex software. Prior
studies have provided important insights into the existence,
prevalence and efficacy of different help-seeking and trouble-
shooting strategies.

Early HCI studies of software help seeking date back to the
late 1980s and 1990s. At this time, it was still common prac-
tice for large printed manuals to accompany software. While
some users did report consulting these physical manuals,
other work suggested that users tended to avoid consulting
formal documentation [48], often preferring to learn via self-
directed experimentation or trial-and-error from within the
application [48, 49]. Carroll coined this preference for self-
directed experimentation over help-seeking the “paradox
of the active user” [9]—even though it would be more effi-
cient for users to seek help to resolve their breakdowns, they
opt to tackle the task on their own first. Early studies also
found that learning instances generally tended to occur in
the context of specific tasks as opposed to more open-ended
software exploration [49].
Studies from the mid-to-late 2000s identified and con-

trasted challenges that users face both when attempting
to learn the application through interface exploration and
when seeking help from the application’s online help system
(e.g., [3, 43–45]). For example, with in-application experimen-
tation, users had difficulty understanding the application’s
vocabulary, leading to only limited success [43]. Nonetheless,
users remained reluctant to seek help from the online help
system, even when they needed it [43–45]. When consulting
documentation, prior studies emphasized users’ preference
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for minimalist instruction sets [7] as compared to detailed
documentation [45]. Prior work also found that the vocabu-
lary problem [22] made it difficult for users to search within
online help systems, since help systems often used the same
(unfamiliar) vocabulary found in the application [3, 43].

Since the explosion of external online resources [39, 52],
more recent studies on software help-seeking have tended
to focus users’ experiences with novel prototypes (e.g., [11,
14, 17, 34, 36]). One exception is a recent study by Hudson
et al., [30], which examined tutorial use and help-seeking
behaviors of children (ages 10-15) who were novice and
newcomer users of the 3D design application Tinkercad. They
found that the children were highly reluctant to search for
online help. When prompted by an experimenter to do so,
the children had difficulty formulating search queries and
evaluating help resource suitability.
Our paper builds on this body of prior research by pro-

viding an updated and detailed characterization of adult
help-seeking strategies in light of the current landscape of
software help resources. The diversity and availability of
external resources has changed dramatically in recent years,
necessitating new insight into user strategies and challenges.
We also focus on the diversity of the newcomer experience.

Expertise in Software Learning and Help-Seeking
In general, it is widely acknowledged that individual differ-
ences can play an important role in how users experience
technology (e.g., [5, 13, 15, 16]). In software learning research
more specifically, one attribute that has received a great deal
of attention is the role of user expertise. For example, build-
ing on Nielsen’s categorization of user experience levels [42]
Grossman et al.’s survey of software learning metrics [27]
proposed a taxonomy of software users consisting of four
dimensions, all related to expertise: “Experience with com-
puters”, “Experience with the [specific application] interface”,
“Domain knowledge”, and “Experience with similar software.”
Other studies have either included awide range of user exper-
tise in their participant pool [26, 49], or have purposefully
narrowed their studies to the either expert (e.g., [14]) or
novice groups (e.g., [3, 8, 30, 43, 44]).
Our study extends prior research in this space by closely

examining the help-seeking behaviors of newcomers who
come with and without domain expertise. In addition, we
also consider the technical expertise of the newcomers and
how it impacts their help-seeking approaches.

Systems and Tools to Support Software Learning
Finally, there is a wide body of prior research on systems
and techniques that aim to address specific software learn-
ing challenges and tendencies. For example, prior work has
investigated ways of providing richer contextual help within

the application, to help users better understand how indi-
vidual tools can be used [18, 25, 37]. Others have focused
on making it easier for users to search for relevant tutori-
als by, for example, augmenting search engine results with
the commands covered [17]. Still others have focused on
the tutorial application problem by, for example, creating
systems that highlight commands mentioned in the tuto-
rial within the interface [20, 31] or use application interac-
tion data to control video tutorial pacing [47]. Addressing
vocabulary challenges, prior work has also proposed map-
ping higher-level keywords to individual actions or work-
flows [21, 36]. Finally, prior approaches have sought to make
it easier for users to leverage community software wisdom
through, for example, application-integrated forums [10, 41]
or tutorials augmented with feedback and perspectives of
other users [6, 38].

Many of the above systems have been tested using partici-
pants with relatively high degrees of application and techni-
cal expertise (e.g., industry professionals or students in CS),
and therefore, there is little current empirical insight into
the degree to which of the above approaches may or may
not support a range of application newcomers.

3 METHOD
The main goal of our research was to investigate how new-
comers find and make use of software help when trying to
use a feature-rich software application. We first carried out
an in-lab observational study to shed light on participants’
behaviors and interactions when using help resources for
their initial learning tasks. To investigate the extent to which
participants’ help-seeking approaches and perceptions might
generalize beyond the short and controlled nature of the lab
session, we invited participants for a take-home diary com-
ponent and follow-up interviews.

Choice of Application Domain
Given the popularity of 3D printing and the growing user
base of novices trying to learn 3Dmodeling on their own [29],
we decided to investigate help-seeking behaviors in the con-
text of using Autodesk Fusion 360, a feature-rich cloud-based
Computer-Aided Design (CAD) application. Fusion 360 al-
lows users to create sketches of 3D models and turn these
sketches into 3D printable objects that can be used for both
professional and recreational uses.

Choice of Tasks
For designing the modeling tasks, we consulted with Fusion
360 experts, and explored models that would be suitable for
newcomers but would have some challenging aspects such
that newcomers would want to seek help. Using feedback
from the experts, we designed our own models and ran pilot
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Figure 1: Example model used in the main study task.

tests to check the models’ levels of difficulty. Based on our pi-
lot tests, we expected that newcomers would make progress,
but would also feel the need to find help when stuck.

Participants and Recruitment
Our goal was to recruit people from a range of educational
and technical backgrounds. We reached out to local mak-
erspaces, libraries, and universities to recruit people who
had any interest in learning about 3D modeling.
We ended up recruiting 26 adult newcomers (13M/13F),

all new to Fusion 360, between the ages of 19-45, who were a
mix of university students and working professionals. Their
highest education ranged from high school diplomas to grad-
uate degrees. We classified all of our participants with the
following labels based on their self-reported expertise in 3D
modeling and technical skills:
Technical newcomers (T): majors in CS or Engineering

and/or had experience with software development; did not
have any experience with 3D modeling. (n=10)
Non-technical newcomers (NT): non-CS majors (e.g., Arts,

Business, Biology, English, Linguistics, etc.); did not have
any experience with software development or 3D modeling.
(n=10)

Domain experts (DE): had formal training in 3D modeling
and were regularly using another 3D modeling application.
(n=6)

In-Lab Observations
During the observational in-lab session, each participant
was asked to try two different 3D modeling tasks. The main
task was to create a 3D table from scratch (as shown in
Figure 1). We had a secondary task of similar difficulty where
participants were asked to produce a coffee cup and a cup
sleeve.

Study Protocol. We told participants at the outset that the
study tasks were designed to be challenging and that our
main goal was to investigate help-seeking strategies and
behaviors rather than participants’ 3D modeling task per-
formance. We encouraged participants to seek as much help

as necessary using whatever resources in or outside the ap-
plication that they felt comfortable with. But, we also made
it clear that the researchers would not be able to answer
questions or provide any help.
We began the study with a 3-minute introductory video

about 3D modeling, what it is, and its applications. The video
did not contain any content about Fusion 360.

Participants were given 20 minutes for the main task and
another 20 minutes for the second task and an additional 5
minutes to fill out a questionnaire after each task. We pro-
vided images of both target 3D models and optional design
specifications (e.g., dimensions, materials) and made it clear
that participants can be creative with their designs. We en-
couraged participants to think aloud while completing the
tasks, so we could better understand any breakdowns that
they face in tackling the task. We collected data through
screen and audio recordings of each participant’s interac-
tions.We also installed a browser plug-in on the lab computer
used for the study that allowed us to collect time-stamped
browsing logs and create navigation timelines (as illustrated
in Figure 2). For additional insights into the participant’s per-
ceptions and actions, we then conducted a semi-structured
interview for 10 minutes. In most cases, there were two re-
searchers who observed each in-lab session and took detailed
notes. Each in-lab session lasted around 60 minutes.

Take-Home Diaries
During the diary study phase, we asked participants to spend
at least two hours working on two additional modeling tasks
(at home and at their own pace, on their own computers),
with the goal of removing some of the time and observa-
tional pressure of the lab environment. We gave participants
the choice of working on any two of five different modeling
tasks (that were of the same level of difficulty as the ones pre-
scribed in the lab). For each model, we supplied participants
with a target image and optional design specifications.

For this phase of the study, our data collection focused
on participants’ self-reports of their help-seeking actions.
To record their interactions, participants used a variant of
“Eureka reports” [49], which are learning incident logs used
in diary studies. We offered both online and paper-printed
Eureka reports for participants to record each help-seeking
attempt, including the usage of help resources and whether
or not they perceived their attempt to be successful.

Final Follow-Up Interviews
Following the diary phase, we scheduled a semi-structured
final interview with each participant to gain further insights
into their help-seeking strategies and the challenges that
they encountered. During this interview, we went through
the Eureka reports and also asked participants to reflect
on their general impressions of and experiences with the
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Figure 2: Timeline overview of participants and their help-resource and application navigation. (On average it took partic-
ipants 3 minutes to initiate their first help-seeking attempt, and DE newcomers on average spent 2 minutes more in the
application.)

different resources that they used throughout both the in-lab
and diary phases of the study. All participants received $50
gift cards at the final interview.

Data Analysis
To understand how newcomers found and made use of dif-
ferent help resources, we first analyzed their different stages
of help-seeking observed during the in-lab study. We further
analyzed their perceptions of different help resources based
on their use of help in the lab and at home.

Analysis of Help-Seeking Stages. For analyzing our in-lab ob-
servations, we adopted and modified an existing conceptual
framework on in-person help-seeking by Nelson-Le Gall [23].
For our purposes, we classified software help-seeking activi-
ties in three stages: 1) finding help; 2) recognizing relevant
help; and, 3) applying relevant help to the application.

Finding Help: For this stage, we considered to what extent
participants were able to express their help needs and locate
a relevant help resource. We assessed this by: 1) doing a
query log analysis of search histories and participants’ use
of the built-in application help (where relevant) to identify
both the relevant and irrelevant resources that they found;
and, 2) we also analyzed the time it took for participants to
make their first help attempt by looking at their navigation
patterns and the first instance where they clicked on the
built-in help or switched to the browser to search for help.

Recognizing relevant help: For the second stage, we consid-
ered what happens when users land on a relevant resource
and to what extent they are able to recognize the relevance of
the resource in relation to their help need. For this part of the
analysis, two of the researchers triangulated data from users’
browser-based navigation histories and screen recordings to
assess the relevance of the resource and corroborated data
with participants’ think-aloud reasoning.

Applying relevant help to the application: In the last stage,
we looked at the extent to which participants were able to
apply the help they just found to the actual task at hand. For
this analysis, we used browser-based navigation histories,
screen recordings, and users’ attempted models.
We note that our analysis of the in-lab observations is

based on the main task (Figure 1) as we did not observe any
qualitative differences in the help-seeking approaches across
both tasks (and there were no significant differences in the
responses to post-task questionnaires for the two tasks).

Analysis of Users’ Perceptions of Help Resources. To better un-
derstand how users perceived the usefulness of the different
help resources that they encountered, we considered partici-
pants’ interactions both in the lab and during the take-home
diary phase. For the lab component, we used our observa-
tions and users’ responses in the post-task questionnaires
and interviews. For the diary component, we analyzed par-
ticipants’ Eureka reports and follow-up interview responses.
We used an inductive analysis approach [50] to look for

CHI 2019 Paper  CHI 2019, May 4–9, 2019, Glasgow, Scotland, UK

Paper 340 Page 5



patterns and recurring themes in the data.

4 OVERVIEW OF HELP-SEEKING ACTIVITIES
We first present an overview of newcomers’ help-seeking
attempts both in the lab and during the take-home phase.

In-Lab Study
Subtask Completion and Triggers for Seeking Help. We di-
vided our main task into 10 subtasks based on the key com-
ponents of the model (e.g., the table top, legs, material used)
and matched participants’ attempts with subtasks in the ref-
erence design (Figure 1). We found that, on average, the
newcomers were able to complete only a low percentage
(19.6%) of the main task. This finding does not surprise us
since we had planned for the task to be difficult to encourage
help-seeking attempts.
In attempting the subtasks, our participants tried to find

help 4 times on average (range: 1-9 attempts, variance: 4.5,
standard deviation: 2.1). There were various triggers for these
help-seeking activities, but most commonly they included
challenges in understanding the 3D space, figuring out the
user interface, and knowing modeling terminology, as have
been shown in other studies of 3D modeling [29, 30]. We
observed a wide range in the initial help-seeking needs: from
not knowing how to even start using the application to fig-
uring out specific problems with 3D features (e.g., Extrude).

Sources of Help. We categorized different types of help re-
sources that the participants visited from either official or
unofficial websites mainly as: 1) built-in application help,
2) video tutorials, 2) text-based tutorials, 3) forums, and
4) other (such as the Fusion 360 technical installation in-
structions). Each participant visited 5 distinct resources on
average (range: 1-14) and the most used resources were
videos (58.2%), followed by text-based tutorials (19.9%), fo-
rums (14.8%), and built-in help (7.1%).

Help-Seeking Attempts: Successes and Failures. We defined a
help-seeking attempt as a participant’s effort to go through
the three key stages: find, recognize and apply relevant help
for a particular purpose, to complete some aspect of the task
at hand. The help-seeking attempt was classified as being
successful if the participant was able to succeed in all three
of these stages.

Overall, participants engaged in 102 help-seeking attempts
(NT: 32, T: 38, DE: 32), but only 39 out of 102 (38.2%) of these
help-attempts were successful (NT: 6, T: 18, DE: 15). More
generally in terms of their overall success rates, technical
(47.3%) and domain expert newcomers (46.8%) had the high-
est help-seeking success rate, whereas the non-technical
newcomers had the lowest success (18.7%).

We further investigated the stages (summarized in Table 1)
where the unsuccessful attempts (63 out of 102) stemmed

Table 1: Distribution of failures in help-seeking attempts (63
out of 102) at different stages of help-seeking and among
different participants

Finding
Help

Recognizing
Help

Applying
Help Total

NT 11.1% 19% 11.2% 41.3%
T 1.6% 23.8% 6.3% 31.7%
DE 0% 17.5% 9.5% 27%
Total 12.7% 60.3% 27% 100%

from and synthesized several variations and challenges expe-
rienced by newcomers based on their levels of expertise (NT,
T, and DE). At the stage of finding help, almost all failed at-
tempts (which accounted for 11% of the total failed attempts)
came from NT newcomers. The stage of recognizing relevant
help was the main stage of failure for all groups of partici-
pants. We shed light on these failures and variations among
newcomers in the rest of our results.

Take-Home Diaries
In the take-home diaries, overall, all participants attempted at
least two of the five suggested modeling tasks and submitted
134 Eureka reports (on average, 6 per participant, range: 2-13).
Based on these reports, the success and failure rates in the
diary phase were similar in magnitude to the lab study phase.
For example, participants reported failing at a large number
of their help-seeking attempts (39.6% of attempts, compared
to 61.2% in the lab study). The follow-up interviews and
Eureka reports revealed that having more time for the take-
home tasks and being outside of the lab environment did
not impact participants’ general approaches to help-seeking,
particularly in terms of the resources they consulted. We
discuss their overall perceptions of help resources that they
used in the lab and at home in a later section.
In the rest of the results we focus on participants’ differ-

ences in deciding when and how to seek help, challenges in
recognizing relevant help, and in navigating and applying
found help to the application.

5 DECIDINGWHEN AND HOW TO SEEK HELP
For all of our participants, we did a second-by-second analy-
sis of their usage of the application during the task and dif-
ferent help resources, as shown in the Figure 2 timeline. We
considered both the location and timing of the help-seeking
activities of each participant. On average, participants took
about 3 minutes to initiate their first help-seeking activity.
However, there was a wide range: on one extreme, some
participants started the help-seeking without even tackling
the task; on the other extreme, some participants spent as
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Table 2: Types of Queries initiated by participants

Query Type Count
General Help (e.g., introduction to fusion 360) 13 (11.3%)
UI Help (e.g., fusion 360 copy object) 22 (19.1%)
Example Model (e.g., create a table with
fusion 360) 6 (5.2%)

3D Help (e.g., extrude sketch fusion 360) 32 (27.8%)
Reformulation (e.g., how to create a glass effect
in fusion 360 reformulated to how to change
item texture in fusion 360)

36 (31.3%)

Other (e.g., google.translate) 6 (5.2%)

long as 13 minutes exploring the application before seeking
help.

Although some newcomers (19.2%) started their help-seek-
ing process by clicking on the built-in help, in most cases,
newcomers initiated help-seeking by searching on Google
(73.1%) and YouTube (7.7%).

Newcomers Mostly Search for Help, But for Different
Reasons
Overall, participants initiated 115 queries (Table 2). Partici-
pants issued 4.4 queries on average, with a range of 1 to 13
queries (one participant did not initiate any queries).

To characterize the nature of participants’ queries, we used
an inductive analysis approach. Two researchers manually
inspected the search terms, discussed common themes, and
classified each query into one of the 5 main groups (sum-
marized in Table 2). We observed several variations across
participants in terms of how they approached their search
process. We observed that half of both the technical and
non-technical newcomers started by learning the applica-
tion basics (searching for beginner tutorials or asking for
basic UI help) to familiarize themselves with the application.
In contrast, most of the domain experts used a more bottom-
up approach and sought answers to specific 3D functionality
questions (e.g., “how to pull an object” ).
Interestingly we saw that all newcomers (NT, T, and DE)

struggled not only in formulating queries, but also in refor-
mulating queries once they realized that their initial query
was not yielding the desired results. As seen in Table 2, more
than 30% of the overall issued queries were reformulations.
Additional analysis revealed that about 50% of reformula-
tions were rewordings (explaining the same problem using
other words), but sometimes participants added (23.7%) or
removed (18.4%) details from the queries (the rest of the
reformulations were spelling errors).

Non-Technical Newcomers Face More Challenges in
Expressing Help Needs
As seen in Table 1, non-technical newcomers faced the most
failures in the finding help stage. One key issue that we
observed with this newcomer group was that they did not
seem to have enough awareness that they were not making
progress and did not feel the need to seek help. As an ex-
treme case example, it took P16 as long as 13 minutes to seek
help for the first time and she said that, “I’m not sufficiently
frustrated yet!” (P16-NT), not realizing that her design was
wrong (2D instead of 3D). We also observed that on average,
it took non-technical newcomers 2.5 minutes longer than
technical and domain experts to seek help for the first time:
P7-NT: “I don’t even know what I’d have to Google to get this
[shape]!”
Once the non-technical newcomers realized that they

needed help, a big challenge they faced was in not being able
to articulate their help needs. The post-task questionnaire
revealed that they had the most frustration in finding help
(4.7 average on a 7-point Likert scale compared to overall
average of 4.3).

One of the participants, P18, had a specific question about
rotating a cylinder that she created within the first 5 minutes
and for the remainder of the time she was not able to find
an answer. She did not initiate any queries, and just clicked
on built-in help and got lost between the text tutorials. Later
in the interview she said:

P18-NT: “I thought [built-in help] would lead me to a place
that is also by the [creators of the app] so I thought it would
be more credible as opposed to Googled answers [. . . ] I also did
not know what to search for in the beginning.”

6 CHALLENGES IN RECOGNIZING RELEVANT
HELP

When users were able to successfully locate a relevant re-
source by formulating appropriate queries, they had to rec-
ognize whether or not the resource was relevant. Inability
to recognize relevant help was the major reason for failure
(60.3% of failures) for all participants. We synthesized three
main reasons for this, as explained below.

Struggles with Unfamiliar Jargon
Most newcomers struggled in recognizing relevant resources
that contained domain-specific and application-specific jar-
gon. For example, two participants closed a text tutorial
with the title “Edit a solid or surface face using T-Splines”
immediately after they saw the word T-Spline. Another
participant came across the Fillet tool in help resources
and commented: P24-NT: “I know how to fillet a fish. But I’m
not sure what they mean when they say that word!”
And in some cases, participants had to spend at least a
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couple of minutes experimenting with a demonstrated tool
in the application to figure out whether or not it was worth
spendingmore time on the resource. For example, P3 initiated
the query “add thickness to sketch in fusion 360” and the help
resources led her to the Offset tool, and she then tried to
use the Offset tool in the application, however, what she
actually needed for the task was the Extrude tool. P1 also
got confused between Join, Combine, and Stitch tools even
though he read the instructions in a text tutorial explaining
the tools, the tutorial did not provide him with sufficient
guidance on which tool to use.

Quick Exploration of the Resources and its Content
Most participants in our study did not fully explore search
results and help resources in detail (even when they were
directly relevant to the task). Most of the time participants
instead skimmed over important details and tried to optimize
the overall time they were spending in the resource. For ex-
ample, one participant explained: P8-T: “There are keywords
in my mind that I’m trying to find, if I find it in the text in
the first couple of seconds, I continue reading. Otherwise, I just
close it.”
We suspected this to be a problem because of the time

limit of the in-lab study.
P12-T: “Under the time limit, I felt pressured and started to

panic. But I believe if I had more time, I could probably finish
the task easily.”

However, diary study results and interviews showed that
participants had a similar experience at home and wanted to
be efficient and optimize their overall experience.

Negative Learning Transfer from Other Applications
Although domain experts often experienced positive learning
transfer (e.g., in finding help) because of their previous 3D
modeling experience, in some cases, they also experienced
negative transfer, especially in recognizing relevant help. For
example, participants had difficulty knowing if the found
help was actually relevant because they had a workflow in
mind and some of the retrieved results’ content was not
matching what they expected based on their use of other 3D
applications, such as Blender, Maya, and AutoCAD:
P9-DE: “Basic operations like translate, move, scale, extru-

sion, I expect to be very prominent, always there [. . . ] I was
looking at Blender specific ways of doing things and perhaps I
was making too many assumptions in that regard.”
While working with the application, they reflected on

their feelings of confusion and some of them said that they
could have completed the same task within the time limit
in another 3D modeling application that they are more com-
fortable with: P21-DE: “I know how to do this in Maya! This
is killing me!”

7 NAVIGATING BETWEEN THE APPLICATION
AND HELP RESOURCES

When participants recognized that they had landed on a
relevant resource, they showed different strategies for going
back-and-forth between the application and the resource and
struggled in applying the help to the task.

Difficulties in Applying Found Relevant Help in the
Application
Approximately, 27% of failures in help-seeking happened at
the stage of applying relevant help.
There were several reasons why participants had a hard

time in applying relevant help to the application task. For
example, in some cases, participants forgot which tools were
shown in the video that they had just been watching before
going back to the application. Sometimes they were unable to
locate referenced commands in the application user interface
because similar tools were grouped together, and newcomers
were not be able to differentiate between them.

The application’s unique modeling approach presented
another problem. Being in different workspace modes like
Sculpt, Model and Render changed the availability of com-
mands in the interface, causing 6 out of 26 participants to fail
at applying help resources. This feature made help resources
for Fusion 360 difficult to comprehend and apply even for
professional 3D modelers.
P13-DE: “I’m not sure what the differences between each

modeling type [referring to objects workspaces] are [. . . ] not
sure what sort of system Fusion 360 is using, whether its b-
spline interpolation [. . . ] it says they use a lot of t-splines but
I’m not sure if the objects I was making are actually even
t-splines [. . . ]”
A detailed analysis of two newcomers (Figure 3) demon-

strates the level of extremes possible in help-seeking behav-
iors for the exact same task. For example, P22-DE achieved
the highest success rate with Task 1, and P19-NT had among
the lowest of success rates. Both P19-NT and P22-DE initi-
ated an Example Model query at the beginning of the task.
P22-DE found a video for creating a table, stuck to the same
resource and went back and forth between the application
and the video at regular intervals. He was able to make con-
nections between the instructions in the video to the task
specifications and conducted self-exploration to further un-
derstand the application’s features. Although P19-NT had
the same help-seeking approach and initiated some Example
Model queries similar to P22-DE, he was not able to make use
of the help resources. Though he returned to the application
33 times after seeking help, he had no actual success in his
help-seeking attempts.
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Figure 3: Comparison of two newcomers: P19-NT (a) who
switches back and forth 33 times between the resources and
the application (with only 16.7% help-seeking success rate);
Vs. P22-DE (b) who only uses 1 help resource (video) and is
highly successful in progressing through the main task.

Technical Newcomers Made more Coordinated Use
of Help Resources and the Application
Some users of feature-rich software are known to make co-
ordinated use of the application and web resources by going
back-and-forth constantly [17, 20]. We compared this be-
havior across the newcomers in our study and found some
interesting differences. For example, on average, technical
newcomers visited the application two times more than non-
technical and domain expert newcomers. The technical new-
comers went back and forth more often and applied relevant
help more regularly, even though they had never done any
3D modeling before. Furthermore, we observed that the non-
technical newcomers failed at most of their help attempts
(81%) whereas the technical newcomers failed only in about
half of their help-seeking attempts (52%). One of the techni-
cal newcomers explained how his programming experience
and use of web-based debugging resources influenced his
help-seeking activities:
P23-T: “When I was [doing the in-lab study] I tried some

Stack Overflow-type resources, some help forums and things
like that because that’s what I do when I’m programming [. . . ]
search engines are very good.”
In contrast, most non-technical newcomers did not rec-

ognize when progress was made or how they should be
switching back and forth between the application and help

resources. In fact, many of the non-technical newcomers
(40%) gave up after their first unsuccessful attempt of using
a help resource.

8 PERCEPTIONS OF HELP RESOURCES
To assess participants’ perceptions of different help resources
and whether or not these perceptions changed between the
lab and diary components, we present results from the anal-
ysis of our final interviews where users reflected on both
experiences.

Overall, participants’ perceptions did not seem to change,
and they described similar struggles with different help re-
sources in both phases of the study. In both phases, partici-
pants reiterated the need to “optimize” their experience in
using help resources and remained very task-focused, as has
been shown in other studies [36].
We present users’ perceptions of the most widely used

resources in both phases: videos, built-in help, text-based
tutorials, and forums.

Paradox of Using Videos
The majority of participants (17/26) clicked on videos first
in the search results during the in-lab component. And most
participants (20/26) reported in the in-lab and final inter-
views that videos were their favorite type of resource. Some
participants (e.g., P22-DE) were able to make a lot of task
progress using only video tutorials.
Despite their preferences, participants were not always

successful in using videos during their help-seeking attempts.
The interviews revealed more insights into the drawbacks
of using videos.

All participants said that videos are useful because they vi-
sually demonstrate workflows and techniques, which partic-
ipants felt helped them appraise the suitability of the videos
for their task. At the same time, because of the rich avail-
ability of different video tutorials related to the application,
participants found the process of locating a relevant video
frustrating. This was even more problematic when the videos
were lengthy. With lengthy videos, participants faced a “risk-
reward” situation: it was easier to move on to another video
or search result rather than risk watching a video that might
be low quality or irrelevant:
P2-T: “[Video tutorials are] Long, many parts that are not

relevant, and everyone can upload a video [. . . ] it’s hard to find
the most suitable video.”

P9-DE: “You have to scrub through [videos] to see what you
want, and very often when you are searching you are looking
for keywords. You can’t do that with a video, you can visually
scan for certain words you are looking for if you are looking
through written resources.”
Participants had several challenges navigating videos. In

some cases, the videos were filled with unnecessary details
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(especially if they were unofficial) and it was hard for partici-
pants to discernwhat parts were even relevant. In other cases,
a tool’s functionality would be demonstrated too quickly, and
participants would struggle in figuring out what actually
happened and what would be the next steps.

Tradeoffs in Using Built-In Application Help
The majority of participants had negative perceptions of
using built-in help and 80% of the participants did not use
it at all, which is in line with other studies [48]. However,
interestingly, half of the non-technical newcomers, and 23.1%
of all newcomers did consult the built-in help at least once.
One participant explained that trusting the source played a
big role in her decision to try out the built-in help:
P24-NT: “I feel like it’s more certain that I will get a good

answer [with built-in help]. Whereas on Google I don’t know if
I’ll get the right answer or not and I don’t want to have to also
figure out if it’s authoritative. I don’t want that extra layer, so
it just removes that layer for me. I don’t have to worry about
whether or not it [Google] will work . . . it probably would work,
but I don’t trust it.”
In the interviews, most participants explained that they

felt comfortable with online search and relied on it during
their daily life. But, there were still concerns about forgetting
where they were in the task, and about getting distracted on
the web with the volume of material available:
P17-NT: “I think Google search is usually almost always

really useful. It’s just there is too much information on there,
so you just have to go through and find out.”
In addition, they would often encounter outdated or un-

official user-generated material, which would be difficult to
reconcile:

P19-NT: “One video was 2 years old, so I don’t know if they
have a new version or anything.”

Text-Based Resources are Useful if they have Visuals
Even though text-based tutorials and forums are popular on
the web, surprisingly, we did not find much usage of them in
our study. This was perhaps because 3D modeling is a more
visual and spatially-oriented application than other domains,
such as programming.Most participants who landed on these
materials felt that they were only useful if they provided
some visual cues to show task relevance:
P17-NT: “It [forum] didn’t really show like exact thing I

wanted . . . unless I post something online and then wait for
[someone] to answer, right?”
Forums were the preferred type of resource of only two

participants (one technical and one domain expert). These
two participants explained that if you can find someone on
a forum with a similar problem, there is a good chance that
you will be able to follow their solution steps to reach the
desired result. However, they also pointed out the need to

often wade through incomplete or even conflicting answers:
P14-DE: “The least useful [resource] was probably the fo-

rums . . . sometimes you would get multiple answers, and some
would be conflicting.”

9 DISCUSSION
Although HCI research on designing help and learning sys-
tems spans over three decades, to the best of our knowledge,
our study contributes the first empirical insights into modern
use of software help from the perspective of newcomers.
We now reflect on our key results, their generalizability,

and highlight areas where prevalent assumptions should be
revisited in the design of future help and learning support
tools to better support a range of newcomer backgrounds.

Summary of Key Commonalities and Differences
All newcomers in our study struggled in their help seeking.
Those without technical or domain knowledge, however, had
distinctly lower success rates than the other two groups in
their help-seeking attempts. All newcomers had vocabulary
challenges, but the nature and impact of those challenges dif-
fered according to existing domain or technical expertise. For
example, vocabulary challenges contributed to non-technical
newcomers having difficulties even initiating search queries
and seeing more potential advantages to built-in help than
the other groups. Non-technical newcomers also exhibited
less coordinated help and application use than the techni-
cal newcomers. All newcomers made heavy use of videos,
despite some of their clear limitations. We elaborate on a
number of these findings and their implications below.

Generalizability of Results
Our task-centric, multi-phase study method was influenced
by prior work showing that users often approach learning
software with a specific task in mind [30, 35, 36, 48, 49]. We
elected to prescribe tasks in this manner to provide con-
sistency among participant experiences, and to help with
quantifying observations. Nonetheless, there are many other
non-task based approaches to learning software (e.g., [14, 35])
and these should be explored in future work.
Although we looked at only one 3D modeling applica-

tion, many insights from our study should apply to a broad
range of feature-rich software that have a similar range of
commands, tools, menus, modes and rely on niche domain-
related vocabulary. Many such software applications have
traditionally been designed for users with formal training
in a domain, for example, full-featured image-editing ap-
plications, video-editing software, and statistical analysis
packages. For such application types, new consumer and
cloud-based versions are becoming available, reducing bar-
riers to initial entry and opening up the door for different
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types of application newcomers. These packages have sim-
ilar web-based help resources available as Fusion 360 (e.g.,
videos, built-in help, tutorials, forums, etc.), in comparable
quantities.
Beyond target application, we had initial concerns about

how our findingsmight generalize if they stemmed only from
a lab study. For example, we wondered if participants might
feel more comfortable exploring a range of help resources,
and show more persistence with a resource when not under
the eye of an experimenter. This prompted us to include the
diary component in our study. To our surprise, participants’
strategies and perceptions were relatively stable across both
the lab and diary phases. Participants continued to pursue
the same types of resources at home and expressed hesitance
to stick “too long” with a resource that was not helpful. This
increases our confidence in the generalizability of our find-
ings, but more longitudinal work (with repeated application
and resource exposure) would be valuable.

Individual Differences in Software Help-Seeking
As the barriers to accessing software lowers, newcomers are
increasing in both their quantity and their diversity. Our
study is only one step towards teasing out individual differ-
ences based on newcomers’ technical and domain expertise.
For example, the newcomers in our study mostly represented
an educated segment of the population. Future research is
needed to tease out the impact of other individual characteris-
tics on help-seeking and software learning including, gender,
age (e.g., [30]), education, and learning styles [19, 24, 33].
Help-seeking is only one component of becoming pro-

ficient with a feature-application, yet, it is considered to
be one of the most important stages of the overall learn-
ing process [2, 23]. Our findings confirm that some insights
into software help-seeking behaviors from the older liter-
ature continue to hold for many newcomers (e.g., dealing
with technical jargon), even in light of the current volume
and diversity of external resources available. However, our
work challenges some prior findings as well as prevalent
assumptions. For example, contrary to earlier findings that
built-in application help is utterly ineffective and not used
by users [48], half of the newcomers without a technical
background did consult the built-in help and perceived it
to be a useful way to access vetted help. The findings moti-
vate continued efforts in designing informative built-in help
that will be meaningful to newcomers, particularly those
seeking to understand basic application vocabulary and tool
function [25].

Reconsidering Search-Based Help
There has been an underlyingmotivating assumption in prior
work that users will seek external help for their software

needs via search and go back-and-forth between search re-
sults and the application to complete tasks (e.g., [6, 17, 20, 40])
Our findings show that this behavior was more prevalent
among the technical newcomers and suggests that search
is a poor gateway for many newcomers, particularly those
who are not from technical backgrounds. These newcomers
struggled the most in formulating targeted queries (even
with search term suggestions from Google Suggest) and in
assessing the relevance of the returned search results.
Part of the challenge in formulating queries is the vocab-

ulary problem [21]. Similar to prior work in information-
seeking behavior research [3, 12, 43], we found that our
newcomer participants had difficulty mapping application
terminology to vocabulary they understood [4]; and, we
found that this was the case for domain terminology as well.
Our results go beyond prior work, however, by highlighting
the extent to which these vocabulary challenges persist in
the different phases of seeking help (participants’ equivocal
queries that misguided them towards usage of unwanted
tools). Even our domain experts had vocabulary challenges,
as they tried to reconcile terminology from their more fa-
miliar (and highly-related) tools. Given the diversity of help
resources available online, it is probable that there are some
external resources that express help in a way that is more
understandable to newcomers; however, such resources were
not easily located by the newcomers in our study.
Another important part of the challenge is recognizing

relevant results from a search—we saw the highest num-
ber of help-seeking failures among newcomers at this stage.
This suggests further opportunities to explore tutorial and
search result annotations that filter the data based on users’
expertise in 3D modeling, resource preferences (videos, fo-
rums, etc.), time constraints, as well as resource credibility.
Some annotation schemes have been proposed in the litera-
ture [16, 33], but they are highly command oriented, which is
a representation that would likely not help users who are just
beginning to familiarize themselves with the application’s
vocabulary. To address these issues, there are also oppor-
tunities beyond search to explore more automated means
of recommending resources to newcomers within the ap-
plication. Automated approaches could involve resolving
challenges in recognizing newcomer intent (e.g., reasoning
about user interaction data that involves a mix of trial and
error and task progress) and in determining the suitability
of different resources for newcomers.

Reconceptualizing the Onboarding Experience
It is also worth considering entirely new and personalized ap-
proaches to software onboarding within the application. Al-
though “tip of the day” overviews or “getting started” guided
tutorials have become popular in consumer software today,
they do not take into account the diversity in newcomer
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experiences, as shown in another recent study with chil-
dren [29]. The majority of the onus is often placed upon the
users to onboard themselves. Our findings motivate further
research into the design of informative and engaging on-
boarding experiences that are personalized to a newcomer’s
background. For example, based on the differences we ob-
served, perhaps newcomers could set up initial profiles in the
software based on their technical and domain expertise. The
system could then generate personalized guided tutorials
that vary in the level of domain terminology explanation,
user interface explanation and have differing suggestions for
follow-up resources.

Improving the Utility and Usability of Tutorial
Videos for Newcomers
Of the different resources available, the newcomers in our
study made the most use of videos and expressed the highest
degree of preference for the video help format, particularly in
light of the highly visual and spatial nature of the 3D model-
ing domain. However, many of the non-technical newcomers
commented on a number of frustrations with videos, such
as locating relevant snippets within lengthy videos and ac-
tually recognizing how the demonstrated tools and features
could apply to the task at hand. In fact, we observed several
instances of users spending long periods of time going back
and forth in videos that ultimately did not help them make
task progress. More research is needed to both consider how
to encourage the creation of the videos equivalent of Car-
roll’s minimalistic approach to software documentation [6],
as well as better tutorial video summarization techniques
already being explored (e.g., [51]).

10 CONCLUSION
We conducted in-lab observations and diary studies with 26
software newcomers to investigate their help-seeking strate-
gies in using a feature-rich 3D modeling application. Our
study contributes novel insights on how newcomers make
use of modern help resources on the web and highlights
important variations across newcomers with different tech-
nical skills and domain expertise. We discuss implications
for moving beyond “one-size-fits-all” help resources towards
more personalized, and curated help and learning materials
that suit individual help needs.
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