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Abstract
This study explores the feasibility of forming detailed inferences about museum visitor 
behavior based on analysis of data collected via Dr. Discovery—a mobile question-and-
answer app. We analyzed 5656 questions asked by 795 visitor groups recorded by Dr. Dis-
covery across two museums in the American Southwest. Analysis of this data supported 
the act of intuiting visitor movement through museum exhibit halls without the use of 
costly tracking or location technology by leveraging question keyword content, knowledge 
of exhibit hall layout, and question timestamp information. Additionally, data on question 
topic frequency enabled us to infer visitor engagement levels with specific exhibit hall con-
tent. We conclude that analysis of seemingly limited app-based data carries implications 
for the practice of museum evaluation since evaluators can gain evidence-based insight into 
visitor behaviors as well as illustrate helpful and promising technology-supported alterna-
tives for conducting affordable, dependable, and scalable evaluations.

Keywords  App-based data collection · Data-driven behavioral analysis · Museum 
evaluation

Introduction

The word “museum” may, for some, conjure images of a building-sized shelf where artis-
tic, scientific, or historical products are displayed for passive and silent admiration. This 
notion of museums is known as didactic where “the curator teaches, the visitors learn…
unquestioningly, in the order and manner intended” (Black, 2005, p. 130). Such didactic 
views contrast with notions of museums as interactive, informal, and important learning 
spaces as well as heritage preservation powerhouses. For instance, museums are interactive 
learning spaces where visitors can engage with curated content and expert staff in various 
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ways (Black, 2015; Koreneva, 2015) and have long been considered centers for informal 
learning (e.g., Durbin, 1996; Hein, 1998; Hooper-Greenhill, 1999) that leverage motivat-
ing, spontaneous, learner-centered, open-ended, and non-assessed activities (Eshach, 2007; 
Vadeboncoeur, 2006; Wellington, 1990). Furthermore, the American Alliance of Museums 
(2018) reports that 97% of Americans believe museums represent an important educational 
asset for their communities. In addition to varied learning purposes, the National Museum 
Director’s Council (2015) argues that museums preserve, promote, and protect a nation’s 
heritage, which is fundamental to maintaining a healthy and prosperous civil society. Thus, 
museums represent popular and growing places where a wide range of people with vary-
ing levels of interest can experience them—not just admire what is within them in didactic 
ways—to enrich their knowledge of a topic as well as maintain a unified society (Falk & 
Dierking, 2013). For these reasons, understanding how and to what extent visitors engage 
with displays in museums is imperative for ensuring the continued high-quality conver-
gence of public interest with the curated knowledge and learning experiences available in 
these spaces.

To this end, practitioners and researchers have leveraged diverse approaches for enhanc-
ing and exploring museum visitor experiences to meet varied goals associated with 
research, documentation, education, communication, outreach, and evaluation. These have 
ranged from relatively low technology-dependent approaches such as conducting visi-
tor observations or interviews (East of England Museum Hub, 2008) to relatively higher 
technology-dependent approaches that use mobile technologies (Chivarov et al., 2013) to, 
among other purposes, determine visitor positioning for enhancing museum experiences 
(Rubino et  al., 2013) and conducting museum evaluation. Unfortunately, high-quality 
museum evaluation can be expensive to conduct.

Making changes to the holistic museum experience—the physical displays as well as 
more flexible elements such as docents, multimedia, public events, temporary signage, and 
webpages—is often prohibitively costly to undertake (Adams, 2012). To evaluate these 
elements, timely and accessible insight into the minds and behavior of visitors becomes 
invaluable actionable information that may justify associated costs. To attain this insight, 
museum evaluators have long pursued naturalistic evaluation—a form of evaluation that 
collects “descriptive data in  situ, with the evaluators themselves serving as the inquiry 
instrument” (Bonner, 1990, p. 211). This approach, however, possesses important practi-
cal limitations such as being comparatively more extensive and potentially yielding edited 
or filtered responses (Leinhardt & Knutson, 2004). However, visitor-facing apps provide 
a cost-effective yet extensible and effective data collection tool to approximate elements 
of naturalistic museum evaluation. An additional strength of app-based data collection, 
compared to traditional (or formal) museum visitor evaluation methods such as interviews, 
surveys, or in-person timing and tracking studies, is that apps can unobtrusively and anony-
mously capture all visitors’ in-app interactions. Such ongoing in-app interactions contrast 
with the potentially filtered responses that visitors might provide to an interviewer or the 
self-edited comments by visitors wearing a microphone (Leinhardt & Knutson, 2004). 
Additionally, technology-dependent approaches have been so increasingly favored to meet 
multiple goals—including evaluation—that “it is inconceivable to imagine a museum or 
heritage site not making any use of technology” (Damala et al., 2019, p. 2).

Our project (Bowman et  al., 2019; Ha et  al., 2021; Nelson et  al., 2017, 2020), is a 
National Science Foundation-funded study (NSF#1438825) addressing the need for afford-
able, ongoing, large-scale museum evaluation while investigating innovative ways for ena-
bling museum visitors to engage deeply with museum content. For this project, we devel-
oped a mobile app called Dr. Discovery through which visitors can ask—by either typing 
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or speaking—their questions and receive vetted answers about museum content. The app 
and its backend data visualization portal function as a platform for research, museum eval-
uation, STEM informal education, and data-driven decision-making by museum personnel.

Our aim in the current study is to draw implications for the practice of museum evalua-
tion by investigating the viability of leveraging relatively “simple” and easily collected data 
through our Dr. Discovery app to make more complex inferences about visitor behavior. To 
achieve this aim, we analyzed question data collected by our project app from 795 visitor 
groups across two partner museums: a natural history museum (Museum A) and a science 
center (Museum B). This data includes the questions’ content, frequency, and timestamped 
information of 5656 individual queries. Using these three points of visitors’ question data, 
we explore the feasibility of intuiting visitor movement through museum exhibit halls with-
out the use of potentially more expensive tracking or location technologies such as global 
positioning systems (GPS) or near-field communications (NFC). We also leverage this data 
to preliminarily infer visitors’ overall levels of engagement, confusion, and/or interest in 
displays inside museum exhibit halls and investigate how such data can be productively 
leveraged for museum evaluation purposes. Thus, this work was guided by the following 
guiding questions:

–	 How can data on question keyword content, knowledge of exhibit hall layout, and ques-
tion timestamp information be leveraged to intuit visitor behaviors across different 
museum layouts?

–	 To what extent can such data be leveraged to draw inferences about visitors’ engage-
ment with specific exhibit hall content in ways that are relevant for museum evaluation?

Background and related work

Understanding museum visitors’ behaviors and motivations is a crucial concern in museum 
evaluation and is critical for maintaining high-quality visitor experiences and learning. 
Efforts to study museum visitors have adopted multiple forms over the years, with Bit-
good and Shettel (1996) noting five major areas of study in their overview: (1) Audience 
Research and Development, (2) Exhibit Design and Development, (3) Program Design 
and Development, (4) General Facility Design, and (5) Visitor Services. Taken together, 
these areas point to the importance of a holistic view regarding museum evaluation. An 
important (see Bitgood, 2006) and longstanding (e.g., Porter, 1938) component in this 
holistic view of museum evaluation is the timely and accessible insight into visitor behav-
iors because these help evaluators directly infer the effects of any changes to the museum 
contexts. The increasing availability of diverse and innovative digital technologies has 
expanded the opportunities to attain such access to visitor behaviors in museums. Some 
recent efforts include that of Ch’ng et al. (2019) who have explored how users interact with 
different technologies across multiple museum contexts in China; De Angeli et al. (2020) 
who have explored how the emoji can help document visitors’ emotional experiences that 
go beyond the happy-or-not dichotomy; and Emerson et  al. (2020) who have deployed 
computational models and multimodal learning analytics of museum visitor behaviors to 
better understand their engagement. Taken together, these studies help illustrate that the 
opportunity to use innovative digital technologies for visitor behavior-based evaluation is 
greater than ever before.
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Due, in part, to these technology-based opportunities, larger museums such as the 
American Museum of Natural History (n.d.), can regularly conduct evaluation of educa-
tional programs and exhibitions, including temporary exhibits. Unfortunately, at under-
resourced museums, there is rarely staff available for carrying out extensive evaluations 
nor funds for hiring external evaluators. Despite evaluation being perceived as a core 
of change in institutions by museum educators (Adams, 2012), the Smithsonian Institu-
tion (2004) found that only 13% of museums reported having staff that spends all or 
part of their time on evaluations. This is because, as Adams indicates, “evaluation is 
often seen as a nice thing to do but not a necessary activity, especially in, but not always 
dependent upon, tighter economic times” (p. 28). To increase affordable evaluation and 
improve visitor learning, many museums have adopted mobile experiences to enhance 
and extend their on-site and off-site presence, with the goal of “improving the ability to 
measure impact using new digital technologies” (Johnson et al., 2011, p. 6).

Cellphone and smartphone ownership have both experienced consistent growth. Data 
from the Pew Research Center reports that 97% of Americans owned a cellphone of 
some kind in 2021, which has increased from 62% cellphone ownership in 2002. Simi-
larly, Pew reports that 85% of Americans owned a smartphone specifically in 2021, an 
increase from 35% smartphone ownership in 2011 (Pew, 2021). Furthermore, data from 
our study suggests that smartphone ownership among museum visitors may be greater 
still. During the data collection period for this study (2016–2017), Pew reported that 
77% of Americans owned a smartphone, which contrasts with the 97% of the roughly 
2300 museum visitors who participated in our study that reported owning a smartphone.

Determining how digital technologies can be employed to improve museum goals, 
such as enhancing visitor experiences, is a necessity at all levels of museum educa-
tion (Freeman, et al., 2016). For decades, museums have attempted to improve, bringing 
more interest and engagement to their exhibits and displays (Anderson, 2012; Black, 
2012). These attempts have ranged from purposely designing heuristic tools such as the 
Ideas-People-Objects-Physical (IPOP) framework (Beghetto, 2014; Pekarik et al., 2014) 
to providing free admission opportunities (Bowman et al., 2019). Due, in part, to their 
early promise (Economou & Meintani, 2011), another popular attempt has been the 
design of digital apps that leverage the growing presence of portable devices across the 
U.S.

Ever since the Pew Research Center began tracking smartphone ownership in 2011, mobile 
apps have been deemed as “the most relevant features of mobiles for museums” (Johnson 
et al., 2011, p. 7). As a result, there is a growing number of mobile apps developed for var-
ied uses within museums. A non-exhaustive list of these includes the American Museum of 
Natural History’s Explorer, the Brooklyn Museum’s Ask, the Cleveland Museum’s ArtLens; 
the Children’s Museum of Houston’s More; the Smithsonian’s Infinity of Nations, and the 
Museum of Natural History’s Skin & Bones. Each of these apps represents a distinct attempt 
to improve upon the museum visitor’s experience employing mobile technology and has been 
explored by scholars and researchers (e.g., Bickmore et al., 2013; Katz et al., 2011; Lane et al., 
2013; Proctor, 2015; Røtne et al., 2013; Valente-Marques, 2017). The push to infuse museum 
experiences with some form of mobile technology is so prevalent that, for over a decade, few 
museums have been without some degree of the interactional mobile-based app (Marty & 
Jones, 2012). Often, these mobile-based apps employ some combination of animation, music, 
and sound effects that are communicated through touch screens and delivered via interactive 
experiences such as games (Gilbert, 2016; Lohr, 2014). These uses of mobile apps in muse-
ums not only serve to further demonstrate the ubiquity of mobile devices, but also reflect the 
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current situation that “the issue is no longer whether to use media to enhance museum exhibi-
tions, but how to use it” (Stogner, 2009, p. 285, emphasis added).

Practitioners and researchers have leveraged the multiple tools made available through 
mobile technologies. These include Quick Response (QR) codes (Chivarov et  al., 2013), 
Wi-Fi (Ruíz et al., 2011), Radio-frequency Identification (RFID) (Hsu & Liao, 2011; Huang 
et  al., 2011), Near Field Communication (NFC) (Blöckner et  al., 2009), augmented reality 
(AR) (Carci et  al., 2019; Hammady et  al., 2018), databases (Cameron & Robinson, 2007), 
museum websites (Chong & Smith, 2017), digital signage systems (Braehmer et al., 2019), 
and digital interactive exhibits (Stratton et  al., 2017) among others. Each has been used to 
meet varied goals associated with research, documentation, learning, communication, out-
reach, and evaluation.

For the specific purpose of museum evaluation, much research has focused on the ability 
to accurately and consistently track visitor movements. This is because museums are appeal-
ing and challenging environments for indoor positioning research (Kuflik et al., 2011) and, as 
Lanir et al. (2017) noted, “tracking of visitors can provide objective information about the way 
visitors interact with the museum space and content, providing valuable information about 
exhibition placements and design” (p. 313). To this end, a popular approach has focused on 
Indoor Positioning Systems (IPS) that use beacon-based technology’s wireless signals (e.g. 
Wi-Fi, RFID, Bluetooth) to track museum visitors (e.g., Handojo et al., 2018, 2020; Rubino 
et al., 2013; Spachos & Platniotis, 2020).

However, technologies such as GPS, RFID, and NFC all have their unique set of advan-
tages and disadvantages for analyzing visitor circulation. For example, GPS is a widely avail-
able feature of smartphones, but it may not function properly in indoor locations, while RFID 
and NFC function well indoors but they can only cover short ranges (Ng, 2015). The employ-
ment of advanced sensing technologies such as GPS or NFC might present greater accuracy 
when visualizing and understanding visitor movement patterns, but they also present increases 
in costs and higher demands on maintenance, as well as practical concerns such as having reli-
able signals and potentially ensuing privacy issues.

Our project app, Dr. Discovery, was designed to collect and visualize data from museum 
visitors to help museum staff engage in evaluation without the need for highly specialized 
positioning software or technical knowledge. Using log files has long been identified as a 
powerful research tool in e-learning, virtual environments, and computerized agent research 
(e.g., Cockburn & McKenzie, 2001; Ingram & Northcote, 1999). The growing proliferation of 
smartphones (Pew, 2021) and similar portable devices allows informal learning settings such 
as museums to leverage the data made available with these devices to glean their visitors’ 
understanding and their experiences during the visit. Log files from mobile apps can provide 
snapshots and longitudinal data on visitors’ thinking, use, and engagement with displays in 
museum exhibit halls. Flexible and affordable apps providing such data could be useful to 
museums of all sizes and resources. Such apps could be used to supplement museum evalua-
tion efforts in instances where they are unable to engage evaluation staff. Our Dr. Discovery 
app makes this needed evaluation data available via log files that contain records of visitor 
interactions and inquiries as well as the path and evolution of those inquiries.
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Methods

App description

Our project used a mobile app called Dr. Discovery with two parts: (1) a front-end Question 
and Answer (Q&A) interface through which visitors can ask—by either typing or speak-
ing—their questions and receive vetted answers about museum content and (2) a back-end 
analytics portal that visualizes recorded visitor interactions. As part of the umbrella pro-
ject, we developed two modes of the app: Ask and Game (see Fig. 1). The baseline treat-
ment for Dr. Discovery is Ask Mode. It presents a Q&A interface through which museum 
visitors can input questions about displays in a museum exhibit hall (or any science-related 
topic). Game Mode incorporates game elements such as challenges (e.g., “Help the doctor 
return to base”), points, levels, and badges by adding them to the baseline Q&A mechanic 
to create a gamified question-asking experience for users. The app is connected to a curated 
database of more than 13,500 verified questions and 5000 answers (many questions have 
the same answer) developed and related to the museum content by our project’s under-
graduate students and museum partners.

Data sources

Our project app recorded a range of visitor information but in this study, we focus on 
visitors’ question-asking data as gleaned through keyword content, frequency, and times-
tamped records with their logged entry time into the museum’s exhibit hall. We exam-
ine data collected from June 2016 to January 2017 at both of our partner museum sites 

Fig. 1   Dr. Discovery’s Ask Mode [left] and Game Mode [right]
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in the American Southwest: a natural history museum (Museum A) and a science center 
(Museum B). Both museums were partners of the larger NSF study this paper reports on, 
with staff members and volunteers forming part of the iterative development cycles by pro-
viding feedback and ideas on prototypes of our project app so that it best functioned as 
a platform for STEM evaluation, research, and data-driven decision-making by museum 
staff (Nelson et al., 2017). Both museums were chosen as partners, in part, because they 
serve large and diverse populations. For example, Museum A has served over 2 million 
visitors since 2000, including thousands of students from hundreds of schools annually and 
Museum B serves 500,000 guests per year, including nearly 140,000 students.

Across both partner sites, 1296 visitor groups participated during the study’s 7-month 
time period. A visitor group consisted of at least one adult, aged 18 or older. We assigned 
these visitor groups across three conditions, Ask (387), Game (408), and Control (501). 
In our current analyses, however, we focus on the combined data from the two treatment 
groups (Ask and Game) and exclude the control groups from our analyses because these 
did not use the Dr. Discovery app and thus did not generate question data. After accounting 
for this exclusion of control participants, our total was 795 visitor groups, distributed as 
follows: Museum A = 332 and Museum B = 463. These groups generated 5656 individual 
queries. It is also important to note that we have analyzed distinctions between the use of 
the two app modes (Game and Ask) elsewhere (Nelson et al., 2020). For this reason, we do 
not focus on drawing comparisons between these conditions in this paper and instead focus 
on our question-asking data across both modes.

Data collection

At both museums, we conducted implementations using Ask Mode, Game Mode, and a 
Control condition on an alternating schedule such that, on a given day, all participants were 
assigned to one of the three conditions. On days when Ask or Game Mode were used, the 
research team explained our project app’s purpose and invited participants to use the app 
while exploring a specifically targeted exhibit hall at either museum site. On control days, 
the research team explained that the museum was seeking feedback about the particular 
exhibit hall and invited visitors to complete surveys about their visit. In all conditions, par-
ticipants explored the exhibit hall at a pace and order of their choosing. In the treatment 
conditions, participants decided when and where to use the project app while in the exhibit 
hall. Their in-app interactions were recorded in the online database. All groups completed 
a time- and device-stamped demographic and background survey before participation as 
well as completing a time- and device-stamped feedback survey after participation, which 
allowed the two surveys to be matched. For all groups, the surveys were identical except 
for the omission of app-related questions in the surveys for the control participants.

Data analysis

We analyzed the total exhibit hall-related questions asked by visitors and explored the 
extent to which the content of these questions, coupled with timestamps for when they 
were asked during the visit, allows us to interpret visitor behavior given our knowledge 
of the exhibit halls’ layouts. The intent was to determine whether we could intuit visitors’ 
movement patterns through the exhibit hall as well as make inferences about their engage-
ment with displays in the exhibit. To make these interpretations, we first conducted a com-
puter-assisted word count analysis in which we identified the frequency of words and short 
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phrases that appeared in questions asked to our project app. We then identified those that 
were relevant to the exhibit hall’s content. For example, at Museum A the word “is” was 
the most common word of all, but “earth” was the most common word that is relevant to 
the exhibit’s content. Using the generated word list, we identified a set of keywords that 
frequently appeared in questions asked; these words were associated with specific topics 
and content located at different dedicated sections of each exhibit hall. We plotted how 
often visitors asked questions related to these keywords and correlated that data to their 
time-in-exhibit on a normalized scale (i.e., rescaling the time to be between 0 and 1).

Results

Visitor demographics

Our pre-survey asked users to self-report a range of demographic information about their 
visitor groups. In this section, we offer the results of this pre-survey.

General group composition

Across both museum sites, the average group contained nearly four people, with more 
women than men, and the most frequent underage member of a group was in the “child” 
age range (5 to 12 years old).

Age and gender distributions

Across both sites, nearly two-thirds of those who answered the survey were female (see 
Table 1).

Similarly, nearly two-thirds of the primary participants reported their age range between 
26 and 45 (see Table 2).

Table 1   Gender distribution of 
primary participants

Gender Museum A (%) Museum B

Female 61 63%
Male 35 37%
Gender not disclosed 4 n/a

Table 2   Age distribution of 
primary participants

Age range Museum A (%) Museum B (%)

18–25 12 14
26–35 31 32
36–45 33 33
46–55 11 11
56+ 10 7
Did not report age 3 3
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Race/ethnicity

Across both sites, nearly two-thirds of primary participants identified as White. The second 
largest group was Hispanic/Latinx and the rest of the racial and ethnic denominations lin-
gered around five percent or less each (see Table 3).

Question data

We collected and analyzed data about the questions asked while using the Dr. Discovery 
app. In this section, we offer the results of the question data.

Number of questions asked and time in exhibit

A total of 5656 questions were asked across both of our project app’s treatment modes, 
averaging 6.8 questions amongst all visitor groups. At Museum A, there were 1693 ques-
tions asked, averaging 5.1 questions per group. At Museum B, there were 3963 questions 
asked, averaging 8.6 questions per group. Across both sites, Game Mode participants asked 
significantly more questions on average than Ask Mode participants, a finding we discuss 
elsewhere (Nelson et al., 2020).

At Museum A, visitors spent an average of 10 min in the exhibit hall, where the min-
imum amount of time spent was 1  min and the maximum was 38  min. At Museum B, 
visitors spent an average of 17 min in the exhibit hall, where the minimum amount of time 
spent was 2 min and the maximum was 64 min.

Question keywords content

We identified 34 total keywords in the questions asked at Museum A and 17 total keywords 
at Museum B (see Table 4). These are listed in alphabetical order, with keywords found at 
both sites listed in bold print.

We took the number of questions containing the keywords and compared them to their 
timestamp data, plotting them on a normalized scale of visitors’ time-in-exhibit. Based 
on in-app data alone, we were able to interpret visitor movement through an exhibit hall 
with varying consistency by the site. We show 3 of the 34 topics identified for Museum 
A (“Snowball Earth”, “Meteors”, and “Quartz”) as an illustrative, rather than exhaustive, 

Table 3   Race/ethnicity of 
primary participants

Race/ethnicity Museum A (%) Museum B (%)

White 66.0 62.0
Hispanic/Latinx 16.7 16.1
Black 1.9 4.7
Asian 4.1 6.4
Native American 2.3 1.7
Pacific Islander 0.4 0.3
Two or more races 5.1 5.5
Did not report race 2.9 3.3
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example of how we leveraged the data collected by our project app to intuit visitor’s gen-
eral movement patterns through the exhibit (see Fig. 2).

Plotted keywords on a normalized time scale

By looking at question content and related timestamp data, we can observe that visitors 
in Museum A engaged with exhibit displays related to “Snowball Earth” mainly during 

Table 4   Keywords at each 
museum site

Museum A Museum B

Ape Meteor Crater Arizona
Ardi Million Carbon
Arizona Minerals Clouds
Astronomy Moon Dam
Cave Painted Desert Earthquake
Comet Planets Erosion
Copper Pyrite Grand Canyon
Crater Quartz Planets
Desert Rock Season
Dinosaur Rushmore Size
Galaxy Selenite Temperature
Geode Size Time
Gold Snowball Volcano
Grand Canyon Temperature Vortex
Iron Time Water
Life Trex Waves
Meteor Weather Weather

Fig. 2   Three illustrative topics and normalized time at Museum A
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the first half of their visit while engaging with displays with content related to “Quartz” 
mainly during the last half of their visit. Additionally, visitors asked about “Meteors” 
throughout their entire time (and movement) through the exhibit hall. We arrived at this 
inference by observing that questions containing keywords associated with topics of 
Snowball Earth and Quartz were almost exclusively asked during their respective halves 
of normalized time.

At Museum A, we implemented our project app in an exhibit hall called “Origins” 
that occupies a long hallway that visitors predominantly travel through in one direction. 
The exhibit’s displays consist mainly of photos and physical objects of various topics 
related to the geological history of the Earth, space, planets, minerals, and rocks. The 
steady progression in the questions’ keyword content, relative frequency, and time-in-
exhibit illustrated in Fig. 2 similarly occurred across the rest of the topics we identified 
through an analysis of word frequency and topic-display content matching. To illustrate 
this point further, we plotted when visitors asked questions on normalized time and 
compared it to normalized question number scales (0–1) at Museum A (see Fig. 3). A 
non-normalized figure would display larger and smaller “peaks” for each topic.

At Museum B, our project app data yielded question-asking patterns that were less 
clearly emphasized at specific timestamps than was evident at Museum A. For example, 
although the topics of “vortex” and “dam” had particular spikes (moments when par-
ticipants engaged most with them), on average, visitors consistently engaged with these 
topics throughout their entire normalized time in the exhibit. This comparably steadier 
pattern is observable across the 17 topics we identified for the exhibit hall of Museum B 
(see Fig. 4).

Fig. 3   Normalized question number and time at Museum A
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Discussion and implications for practice

We leverage our results to develop two main points of discussion and implications for prac-
tice: (1) the varying degree to which we can intuit visitor paths and (2) inferring an exhibit 
hall’s “success”. We also discuss our findings in relation to the literature we reviewed and 
affordable technology-supported museum evaluation.

Intuiting visitor paths

By examining the back-end portal of Dr. Discovery, we were able to extract keyword con-
tent of questions asked, normalize question number and time in exhibit, and display this 
information in graphical format. Doing so revealed that our app data could help intuit visi-
tor behaviors through an exhibit hall. However, we were able to intuit visitor’s movements 
at each museum with differing levels of consistency by using the app data in isolation, as 
is evident when comparing Fig. 3 with Fig. 4, which show a more clearly defined tendency 
for a path at Museum A than at Museum B.

Although there could be multiple combinations of factors that explain the variations 
in our ability to intuit visitor paths across museums, such as group interaction effects (Ha 
et al., 2021) or instrumental factors such as whether participants were in the Game or Ask 

Fig. 4   Normalized question number and time at Museum B
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condition (Nelson et al., 2020), we focus here on the differences in the exhibit halls’ physi-
cal layouts as a way to draw more immediate implications for practice. There is a compa-
rably more uniform progression from one keyword topic to another in the question-asking 
data throughout visitors’ time in Museum A (Fig. 3) as opposed to Museum B (Fig. 4). 
This may reflect differences in linearity of the physical layouts between each museum’s 
exhibits.

Museum A

We implemented our project app at Museum A in a linear exhibit hall called “Origins” that 
occupies a long corridor and slopes downward from the museum’s entrance (see Fig. 5).

Near the entry to the exhibit hallway that is closest to the front of the museum (which 
is near the check-in table for tablets containing our project app), there is an eye-catching 
three-dimensional picture on the wall of “Snowball Earth” accompanied by scarce interpre-
tive text. As visitors move down the hallway, they learn more about the planets and Earth, 
encounter physical meteorite specimens, and then end in a series of cases containing rocks 
and minerals. Consequently, the shift from asking questions about “Snowball Earth” early 
in the record of data to questions about “Quartz” later in the data matches the physical 
location of those objects in the exhibit hall, revealing both the general direction of visitor 
movement through the exhibit hall, and the general duration of time spent at a given loca-
tion within the exhibit. In other words, Museum A’s pattern of question keywords (Fig. 3) 
maps to the nominal flow of its linear exhibit hall (Fig. 5). This suggests that it is possible 
to use keyword matching from log files to provide accurate insights into visitor actions in a 
linear space. Further, it also suggests that similar processes can provide insights into visitor 
pathways even in less linear museum spaces. The exhibit at Museum B represents one such 
less linear space.

Museum B

At Museum B, we implemented our app in an open-room exhibit hall called “Forces of 
Nature” that occupies a large and semi-circular space (see Fig. 6).

This exhibit is positioned at one corner of the building and invites visitors to engage 
with hands-on displays on water, air, and land that are located throughout the open room. 
Alternatively, visitors could also engage with the display at the center of the hall, which is 
an interactive stage that visitors can choose to walk on to; this stage simulates effects of 

Fig. 5   Linear exhibit hall at Museum A—origins
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harsh weather or natural disasters such as hurricanes by sprinkling water on visitors and 
volcanic eruptions by blowing warm air on visitors. The aggregated keyword data from 
visitors in this exhibit does not show strong peaks by normalized time-in-exhibit, which 
suggests that visitors explored the open room layout in varied orders. Given the open lay-
out of Museum B’s exhibit hall, it is perhaps unsurprising that the pattern of question key-
words had less-pronounced peaks per normalized time-in-exhibit (Fig. 4). However, if the 
exhibit hall’s design was intended for visitors to explore in a specific order, such visualiza-
tion from keyword matching from log files could provide actionable insights into visitor 
pathways even in this less linear museum space.

Comparing the app’s question data between Museum A and Museum B suggests that 
the spaces are utilized differently. On one hand, Museum A’s exhibit hall has one entrance 
from which visitors progress in the same general direction, encountering the displays in a 
predetermined order. On the other hand, there is one, albeit large, entrance to Museum B’s 
exhibit hall, but from that point on, visitors can choose to walk left, right, or straight to the 
center stage without an obvious sense of progression from one display to the next. Even 
though visitors at both museums were free to explore, skip ahead, or backtrack as they 
wished, their paths—as demonstrated by the app data and supported by the differing physi-
cal layouts of each exhibit hall—were comparatively less linear at Museum B than they 
were at Museum A. Though relatively simple, this type of data has important implications 
for museum staff conducting museum evaluation. For example, it demonstrates that app-
based data collection methods can provide a relatively affordable and unobtrusive means 
for collecting valuable data on visitor paths through a museum. Such data illustrates that 
museum layouts carry with them important affordances and constraints on the paths that 
visitors tend to take to explore an exhibit hall.

While museums may have designed (or intended) paths for visitors to follow, visitors 
may or may not follow these paths. Having access to unobtrusive and unfiltered app data 
such as questions’ keywords content and time-in-exhibit offers the potential to chart the 
actual paths (deviations from a museum’s designed paths) that museum visitors follow 
through an exhibit hall. The ability to track such keyword and time data may prove to be 
important because museums possess designed layouts for educational and/or practical rea-
sons, such as facilitating logical transitions from one topic to the next or attempting to 
avoid pile-ups of visitors at certain stations. However, if visitors follow their own paths in 
an exhibit, a potential consequence might be that visitors unintentionally follow a visitor-
made “path of confusion” leading to eventual disengagement with the museum experience. 
Additionally, the museum’s designed exhibit layout itself may contain points at which visi-
tors tend to disengage with the exhibit for a variety of reasons. These issues could remain 

Fig. 6   Open-room exhibit hall at Museum B—forces of nature
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unaddressed if not for unobtrusively collected data of visitor movement. By unobtrusively 
tracking the sheer number of questions asked and mapping them to time-in-exhibit, pat-
terns revealed can act as a proxy for visitor interest or confusion and may help identify 
when and where changes need to be made to the exhibit materials. The same technique 
may be applied, after exhibit changes have been made, to help evaluators assess an exhib-
it’s “success” in directing visitor pathways or engaging visitors with content.

Assessing exhibit “success”

The number of questions asked by visitors about a particular exhibit display, and any 
noticeable changes (increases or decreases alike) over time, can serve as an indicator of 
exhibit success in helping visitors learn something from the display or signal a need for 
adjustment.

Increase of questions

If museum visitors log increased numbers of questions into our app at particular parts of 
an exhibit hall, this may indicate that: (a) visitors are confused either by a museum display 
or by the app’s provided answer, or they are not satisfied with a provided answer from the 
app, leading visitors to repeatedly input a similarly worded question; or that (b) they are 
interested in the museum display or received answers to their initial question from the app 
that then intrigued them to ask other probing or follow-up questions. In both cases, the 
museum staff is made aware of a particular display in an exhibit that may need closer scru-
tiny to include more information (i.e., higher quantity) or more detailed information (i.e., 
higher quality). Following up with in-person techniques, such as observations or visitor 
interviews, could provide greater detail for such museums evaluation while maintaining an 
affordable approach to doing so. As a response, museums might either clarify the display’s 
content that is already provided (e.g., interpretive text) to address confusion or adjust how 
the exhibit delivers the content of its display by including additional opportunities (e.g., 
expert speakers, special docent engagement) to meet the heightened interest and improve 
museum visitor learning of a topic.

Decrease of questions

Similarly, if the data shows decreases in questions asked at particular displays, this may 
indicate that: (a) the visitors are uninterested or (b) the visitors are satisfied with their 
understanding of—and learning from—the display. This could point to a display that is 
either in potential need of revisions to heighten visitor interest or to a display’s informa-
tional features that can serve as an exemplar to be emulated with other displays in the 
museum. Again, additional attention by museum staff through, for example, visitor inter-
views, could explore the characteristics of that display that make it effective. In all these 
cases, the Dr. Discovery app and the information we have gleaned from it illustrate that 
unobtrusive insight into the question-asking behaviors of museum visitors can provide 
timely, actionable information about specific displays and identify targets for more exten-
sive museum evaluation.
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Affordable technology‑supported museum evaluation

In addition to the practical implications discussed above, these findings and points of 
discussion contribute to the literature surveyed in this paper. For instance, this work 
aligns with what Bitgood and Shettel (1996) called the General Facility Design area 
of research on museum visitor studies, which explores the type of information people 
require to reduce visitor confusion or feeling lost. More broadly, the work described 
here contributes to the holistic view of museum evaluation. In this view, the timely and 
accessible insight into visitor behavior helps evaluators directly infer the effects of any 
changes to the museum contexts, which is an important and a longstanding component 
of museum evaluation research (see Bitgood, 2006; Porter, 1938).

In service of such insight into museum visitor behaviors, promising and increas-
ingly available (Economou & Meintani, 2011; Pew Research Center, 2021) technologi-
cal means have been widely explored by ongoing research (e.g., Ch’ng et al., 2019; De 
Angeli et al., 2020; Emerson et al., 2020). Our work with the Dr. Discovery mobile app 
herein described (i.e., a front-end Q&A interface and a back-end analytics portal that 
visualizes recorded visitor interactions) aligns with such ongoing technology supported 
efforts to attain direct and data-based insight into museum visitor behaviors through 
approaches that use mobile technologies in museums (e.g., Chivarov et  al., 2013; 
Damala et al., 2008; Tesoriero et al., 2014). Among other purposes, a popular goal of 
incorporating such mobile technologies is to conduct museum evaluation that is based 
on the objective information on visitor interactions with exhibits (Lanir et al., 2017) that 
indoor positioning technologies such as barcodes, RFID, Wi-Fi, Bluetooth, and infra-
red technologies may provide (Handojo et al., 2020; Handojo, et al., 2018; Hsi & Fait, 
2005; Kuflik et al., 2011; Naismith & Paul Smith, 2009; Rubino et al., 2013; Spachos 
& Platniotis, 2020). Unfortunately, high-quality museum evaluation that can sustainably 
use such location-based technologies can be prohibitively expensive and present their 
own set of limitations and security risks such as GPS not functioning properly in indoor 
locations, or RFID and NFC covering only short ranges (Ng, 2015), and security or pri-
vacy concerns with using public Wi-Fi connections.

The use of apps in museum learning spaces for diverse purposes is hardly a novel 
endeavor. For instance, shortly after the popularization and wider availability of smart-
phones that could run such apps, researchers were remarking on their early promise 
in museum settings (Economou & Meintani, 2011; Johnson et  al., 2011). Since then, 
diverse advancements have been made, with some example including the use of social 
media (Charitonos et  al., 2012), documentation and sharing practices after a museum 
visit (Hillman et  al., 2012), building, curating, and sharing nature photo collections 
(Kawas et al., 2019), and the use of various mixed reality technologies (Sylaiou et al., 
2018). However, although mobile technologies can indeed provide diversified ways of 
interacting with and learning from museum content in addition to richer, more nuanced 
data that can, in turn, lead to increasingly informative multipurpose analyses on the 
part of museum staff, the issues tied to the affordability of museum evaluation must 
still guide and temper the use of such technologies. To this effect, the present work has 
shown that even while using relatively simple data that does not rely on more costly 
and resource-intensive technologies for location tracking, museums that differ both in 
layout and content can still glean timely and actionable information about specific dis-
plays based on visitor data. This information can thus provide data-driven justifications 
not only for what a museum should consider changing, but also why and how. Such 
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information can be gleaned from intuiting visitors’ locations and interpreting their rela-
tive levels of confusion or interest in that particular exhibit, as we discussed earlier.

Additionally, the approach described in this paper has the advantage of providing rela-
tively unobtrusive insight and unfiltered responses when compared to naturalistic evalua-
tions (Leinhardt & Knutson, 2004) where the evaluator is the instrument (Bonner, 1990) 
while providing data-driven insight that is accessible and affordable both for museums and 
their visitors. Flexible and affordable apps providing such data could be useful to museums 
of all sizes and resources, but it is of special concern in the case of museums that are not 
privileged with resources to install and maintain sophisticated technologies or have dedi-
cated staff on hand for museum evaluation. Understanding visitor engagement in museums 
to then make informed decisions about those displays is imperative for maintaining the 
productive convergence of visitor interest with the curated knowledge and learning experi-
ences available in these spaces. Our app makes this needed evaluation data available via 
log files that contain records of visitor interactions and inquiries as well as the path and 
evolution of those inquiries.

We offer these previous explanations as examples of the practical uses of our app-based 
approach for museum evaluation. However, we also note that there may be other, more 
app-focused, reasons for changes not only in the number of questions but also in question 
levels. For instance, we found that Game Mode elicited a higher number of questions asked 
by museum visitors instead of Ask Mode (Nelson et al., 2020). And in follow-up work (Ha 
et al., 2021; Su et al., 2022), we found that the Game Mode of our app encouraged visitors 
at Museum A (with linear exhibits) to ask higher-level questions compared to those using 
the Ask Mode at the same museum. This might indicate a case of app-specific aspects that 
help foster visitors’ changes in quantity and quality of their questions.

Limitations

Our study represents an initial step toward intuiting visitor behaviors from question-asking 
data. Due to the nature of the study and available data, our inferences on visitor movement, 
behavior, and perceptions were not tested nor validated through traditional techniques such 
as observations, post-visit questionnaires, or interviews. As such, under our current iter-
ation of the app, we cannot confidently determine, for example, the reason why visitors 
asked a particular question or what prompted an increase or decrease in the total number of 
questions asked. We can only hypothesize about such causal relationships based on which 
condition participants were assigned to (Game or Ask Modes) and their resulting question 
data, as we have done in this study and other work. We recognize that such causal informa-
tion would be beneficial for museums to make more informed decisions based on question 
data.

Additionally, it is clear that visitors could ask any question at any place in the museum, 
so intuiting visitor paths by analyzing questions is a limited way of accomplishing such a 
task. This means that our inferences carry the constraints of app-based tablet technologies 
that did not include features associated with location-tracking or instant positioning such as 
GPS, RFID, and NFC, which might enhance the utility of a question-asking app for evalu-
ation and tracking of visitor movements. In other words, museum staff would be unlikely 
to conclusively “pinpoint” users based on their question data alone unless such data would 
be accompanied by, for instance, observational data or location tracking devices/technol-
ogy. However, such technologies also have their unique set of disadvantages that include 
increases in costs and maintenance as well as practical concerns such as having reliable 
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signals for such technologies and privacy concerns. It is precisely these disadvantages that 
the current work is responding to and is applicable for. Therefore, our app data and analy-
sis show that informative inferences can be made even without these more complicated or 
costly additions.

Future directions

Future work should consider including several augmentations such as creating a network of 
museums that would contribute to curated sets of in-app questions and answers. Having an 
expanded and diverse network of museums using the same app to curate and develop ques-
tions and answers would help to iteratively improve its design for diverse populations that 
visit museum sites. Doing so would also maintain an expert-informed and verified set of 
answers to questions that avoids the potential for misinformation that is possible on already 
existing services such as search engines (Krutka et al., 2021).

Another augmentation would be designing an option that allows participants to quickly 
identify the reason for their questions. Participants could specify why they are asking a 
question by quickly selecting from multiple-choice options such as “I don’t understand the 
display” or “I am interested in finding out more”. This could help museum staff deter-
mine more appropriate ways forward when assessing or changing specific displays while 
decreasing the need to implement more hands-on and time-consuming approaches such as 
observations or interviews.

Another direction for future work includes employing a more sophisticated semantic 
and pragmatic analysis of keyword data. For instance, one alternative would be to include 
text-mining functions such as those found in specific packages of R—a language and envi-
ronment for statistical computing within which statistical techniques are implemented for a 
variety of functions such as data mining. Doing so would allow us to conduct more nuanced 
and informative models for analyzing our current and other potentially new keywords.

Additionally, apps can be designed so that they identify keywords that are associ-
ated with exhibit displays and automatically tag them with timestamps. Doing so could, 
for example, help illustrate visitors’ movement and routes in real-time based on the key-
word content of their questions, creating a type of keyword “heat map”. Future work could 
also include keywords that were related to each other in a relational matrix. For example, 
“meteors” is related to “meteorites” while “selenite” is an example or subset of “mineral”.

Conclusion

Our project aimed to address the need for affordable, ongoing, and scalable museum evalu-
ation through unobtrusively collecting data useful for understanding museum visitors’ 
behaviors and interactions with museum content. By utilizing unobtrusive and data-driven 
approaches, we can provide multimodal evidence to support museums in their efforts to 
respond to the learning needs and expectations of their visitors. Museum staff may use this 
data on visitor behavior for multiple purposes, such as informing potential redesigns of 
exhibit halls and gaining a deeper understanding of visitor trends. Specifically, by exam-
ining the content and number of in-app questions asked, relative interest or confusion in 
certain topics can be approximated, helping identify points in an exhibit hall where visitors 
tend to engage or disengage. This data can be used to inform museum personnel’s deci-
sions to change an exhibit’s displays to address visitor curiosity or confusion and justify 
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the need for further in-person evaluations. Executing changes to museum content based 
on visitor actions reflects a focus on what Bitgood (2006) referred to as an exhibit/visitor 
interaction view that assumes that both visitor factors (such as visitor interests) and exhibit 
factors (such as designing of exhibit elements) must be considered jointly. Additionally, by 
coupling question content with question timestamps, museums may leverage visitor behav-
ior to intuit their preferred exploration paths and make adjustments as necessary based on 
time spent at specific displays in an exhibit or on question content.

This project provides evidence that relatively simple data, collected through widely 
available and unobtrusive means, can provide museums with a functional, cost-effective, 
and versatile way to conduct museum evaluation by leveraging insight from visitors’ 
behavior. This, in turn, suggests that there may still be more innovative ways in which visi-
tor data can be constructed, interpreted, explored, and leveraged for multiple purposes to 
improve museum visitor learning experiences. In the same vein, we believe that museums 
can come to make improved uses of their own museum spaces if they are informed by the 
insights that are efficiently gleaned from unobtrusive data collection methods such as those 
afforded by mobile apps such as Dr. Discovery.
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