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Fig. 1. Our Design Concept consists of three components: (a) Data Extraction & Preparation, (b) Data Summary & Aggregation, and
(c) Data Integration & Interpretation. In Data Extraction & Preparation, users can forage the raw data to gain initial insights. In Data
Summary & Aggregation, users can create and investigate aggregated results such as visualizations in a computational notebook
setting. Then, Data Integration & Interpretation provides a canvas-like view, allowing users to harmonize and synthesize their findings.
Users can create blocks in Data Integration & Interpretation by drag-and-dropping data and results from the other components (1).
Users can also link blocks (2) or chains of blocks (3) together to highlight the underlying relationship between them.

Data exploration is an important aspect of the workflow of mixed-methods researchers, who conduct both qualitative and quantitative
analysis. However, there currently exists few tools that adequately support both types of analysis simultaneously, forcing researchers
to context-switch between different tools and increasing their mental burden when integrating the results. To address this gap, we
propose a unified environment that facilitates mixed-methods analysis in a computational notebook-based settings. We conduct a
scenario study with three HCI mixed-methods researchers to gather feedback on our design concept and to understand our users’
needs and requirements.
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1 INTRODUCTION AND BACKGROUND

In Human-Computer Interaction (HCI) research, researchers often collect and analyze a variety of data, including
quantitative ones like Likert-scale items or task completion times, and qualitative ones like interview responses or
diaries. This act of combining quantitative and qualitative analysis is called mixed-methods analysis, and is beneficial as
it provides triangulation and allows research questions to be studied from different perspectives [4]. One crucial step in
mixed-methods analysis is Data Exploration, or the act of trying to make sense of the data without a clear, predefined
goal [7]. The data exploration process is inherently messy and challenging due to its vague and exploratory nature [3],
and it requires researchers to go back-and-forth from different portions of the data, when trying to extract holistic
patterns and connections.

Existing research has explored how to support the exploration of quantitative data. In particular, computational
notebooks such as Jupyter Notebook and RStudio are deemed the most widely-used and useful tools due to their ability
to integrate code, outputs, and documentation together [5, 7, 10]. However, computational notebooks are not optimized
for mixed-methods analysis because they do not provide support for analyzing qualitative data. On the other hand,
while commercial softwares such as NVivo and Google Docs [1, 2] do provide excellent support for qualitative analysis,
they cannot be used for quantitative analysis and is not sufficient for mixed-methods research either. Thus, currently
there exist few tools that adequately integrate both quantitative and qualitative analysis, and researchers are forced to
switch between different tools during mixed-methods research, suffering from constant context-switching.

In this work, we aim to propose a tool that streamlines data exploration in mixed-methods research, by integrating
both capabilities for quantitative and qualitative analysis in the same environment. We first propose a design concept
that consists of Data Extraction & Preparation (Figure 1a), Data Summary & Aggregation (Figure 1b), Data Integration
& Interpretation ((Figure 1c) components, guided by Picolli and Card’s sensemaking process [9]. Our design is also
inspired by works in computational notebook, such as fluid move interactions to facilitate direct manipulation [6] and
visual dashboards to enhance interactivity [11]. The proposed design allows users to examine and manipulate raw data
(Data Extraction & Preparation), produce and study overviews such as visualizations (Data Summary & Aggregation)
and investigate the high-level semantics of the data (Data Integration & Interpretation), in an augmented computational
notebook environment. We then conducted a scenario study where we walk 3 HCI researchers through our interactive
mock-up, to gain feedback on our prototype and to understand their experience with mixed-methods tools.

In summary, we will make two main contributions in this project: 1) a design for a integrated notebook-based
environment that integrates quantitative and qualitative data exploration into the same environment, and 2) a
walkthrough of our mock-up with 3 HCI researchers providing empirical understanding of the current workflows and
pain points of mixed-methods researchers during data analysis, and the tools they may want in the future.

2 DESIGN CONCEPT

We design a design concept (Figure 1) that integrates support for both quantitative and qualitative analysis to streamline
mixed-methods data exploration. The design concept consists of three widgets: Data Extraction & Preparation (Figure
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1a), Data Summary & Aggregation (Figure 1b), and Data Integration & Interpretation (Figure 1c). Our design was guided
by Pirolli and Card’s sensemaking process [9], since the main goal of data exploration is to understand, or make sense

of the data. Data Extraction & Preparation is related to the foraging loop, where users search, filter, and extract the raw
data to garner initial insights and evidence. In Data Summary & Aggregation, users examine overviews and aggregated
results such as data visualizations, further working towards schematization. Finally, Data Integration & Interpretation

roughly supports the sensemaking loop, where users evaluate the data and analysis findings to derive hypotheses and
conclusions. Each component is implemented as a widget occupying one tab. The components appear side-by-side in
the environment and share the same variable space.

2.1 Data Extraction & Preparation (Figure 1a)

The Data Extraction & Preparation component allows researchers to examine raw data. This widget can be seen as file
viewer that supports two file types: text for qualitative and table for quantitative data. Users can freely switch between
different files to examine different data. Textual data are displayed in a scrollable document reader as shown in Figure
1a right. Users can annotate by selecting the relevant text and adding notes. This is to enable coding of the data, which
is crucial in qualitative analysis methods such as content analysis. When annotating, users can either quickly select
from existing annotations (i.e. codes) or create new ones. Tabular data can also be viewed, as Figure 1a left shows. In
the tabular view, users can filter or sort tables depending on their immediate goals, for example by choosing to only
view the responses of one participant.

2.2 Data Summary & Aggregation (Figure 1b)

In addition to exploring raw data, users can also look at higher-level summaries and overviews through the Data
Summary & Aggregation component. Overviews sit at a higher abstraction level than raw data, and helps users uncover
deeper patterns and develop a more profound understanding of the data. This widget is implemented as a computational
notebook, due to their versatility and integration of code, outputs and documentation [7]. Since both qualitative and
quantitative data are stored in the same space in our environment, users can aggregate both types of data. For example,
users can use this widget to generate visualizations such as word clouds or scatterplots, run statistical tests, or conduct
frequency analysis, using code cells in the computational notebook.

2.3 Data Integration & Interpretation (Figure 1c)

The Data Integration & Interpretation component is central to the sensemaking loop [9]. In this component, information
at all abstraction levels co-exist to assist users in piecing together a comprehensive picture of the data, and to synthesize
holistic findings.

This widget provides a canvas-like area that helps users organize analysis results. Users can drag-and-drop content
from Data Extraction & Preparation and Data Summary & Aggregation to become blocks in this widget (Figure 1.1).
Blocks can be representative raw data, such as key quotes, or insightful aggregations, such as useful visualizations.
Users can freely move and arrange these blocks on the canvas. For example, the user may choose to group the blocks
based on the research question they are related, by putting related ones in proximity to each other.

In addition to organization, this widget also supports the linking of blocks to reveal the relationship between various
parts of the data and the analysis. Users can link connected blocks (Figure 1.2) or chains of blocks (Figure 1.3) together.
If applicable, the links can also act on a part of the block (e.g. portions of a quote, elements of a visualization), rather
than the entire thing. For example, in Figure 1.2, the user links a relevant quote to the outlier on the scatter plot to
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contextualize that data point. As another example, in Figure 1.3, the user links a chain of connected blocks. Each bar in
the median bar plot represents the median participant response for one question in one condition. They first link a bar
in the median bar plot to a histogram that displays the distribution of the data points contributing to that median. This
allows the user to more accurately interpret the median by going one level down the abstraction ladder and providing
details about how the data points led to the observed median. Then, the user further links a bar in the histogram to a
quote. The quote goes down one more abstraction level and allows users to see the underlying reason why participants
picked that particular response. In essence, this type of chaining process unwinds aggregations level-by-level, helping
users to navigate between low-level raw data and high-level overviews.

3 SCENARIO STUDY

As a part of the iterative design process, we conducted walk-through evaluations and semi-structured interviews to
collect feedback on our design concept and extract insights for possible future improvements.

3.1 Participants

We recruited 3 participants (2 women, 1 man; aged 29.3 ± 4.0) through convenience sampling. All participants are HCI
researchers with experience in mixed-methods research, who have used computational notebooks for data analysis.
They were able to participate the study in two ways: first as HCI researchers with expertise in designing user-friendly
systems, they evaluated our design based on several heuristics criteria; and second as potential target users of this
system, they provided feedback on the strengths and limitations of the system from a user’s perspective. The study was
approved by University of Waterloo’s ethics review board.

3.2 Study Design and Procedure

The study was conducted in-person or online, depending on the participant’s preference, with an approximate duration
of 1 hour. The study starts with a demographic survey where participants report their previous experience and confidence
level in quantitative and qualitative analysis, and proficiency with analysis tools including computational notebooks.
Following the survey, participants were asked several warm-up interview questions regarding their experience with
mixed-methods analysis, such as their current workflow, the tools they use, and challenges they faced. In particular,
participants were asked to recall one research project in which they analyzed both qualitative and quantitative data to
guide their responses. This puts them in the context of an authentic mixed-methods analysis project and helps elicit
more concrete feedback.

Next, we presented the design concept to the participants as a Figma mock-up prototype. We introduced our design
goals, the main widgets and features supported by each widget, and the connection between the widgets. Based on
this prototype walk-through, the participants were asked about their feedback. We first asked them to evaluate the
prototype’s usability based on an adapted version of Nielsen’s usability heuristics [8], where items on error prevention
and recovery, and documentation are removed since they are hard to gauge with a non-working design concept
prototype and less relevant to the goals of our current design phase. The participants were told to evaluate the design
as HCI researchers and to leverage their expertise in design to provide feedback on the heuristics criteria. In addition to
providing Likert-scale ratings, they had the option of either writing their feedback in the text box provided in an online
form or verbally communicating their feedback with us. After the heuristics evaluation, participants were instructed to
examine the prototype’s utility as potential users. Participants evaluated whether the prototype sufficiently supports
each of qualitative and quantitative analysis, whether it meaningfully integrates both, and whether it helps them make
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sense of the data as a whole. Participants were also encouraged to imagine using this system in an authentic data
analysis project that they may encounter in their research, and provide feedback on how they may use our prototype to
address the challenges they encounter. They were asked to fill out a questionnaire with Likert-scale items to collect
their ratings, which was followed by a semi-structured interview for more elaborate responses.

3.3 Results

From the walk-through , we were able to gather feedback from expert users on their perception of the current system
design. In general, the participants believe the system can positively help the mixed-methods analysis process. Based
on their experience as HCI researchers and as users of qualitative and quantitative analysis tools, they also provided
feedback to support future iterations of our system design.

3.3.1 Support Various Granularities. Participants commented on the granularity of the data that could be segmented
and presented in the Data Integration & Interpretation widget. To support flexibility in presenting qualitative data, the
system should support different sizes of qualitative data to be selected from the dataset, from as small as one specific
quotes from one participant, to general overviews like word clouds. This flexibility is also needed for quantitative data.
Participants believed that the system should allow users to visualize and manipulate single data points, in addition to
high-level visualizations.

3.3.2 Indicating Origin of Data. Participants also cared about the ability to see the source of each element presented in
Data Integration & Interpretation. In mixed-methods research, data can be collected from a variety of different sources,
such as interviews, focus groups, or controlled studies. Participants believed that awareness of the origin of the different
data is helpful as it establishes context for properly interpreting the data. For example, participants thought that adding
small textual descriptions or icons to indicate the source of the data can assist them in the sensemaking process.

3.3.3 Synergy across Components. Participants also wondered the extent to which the components are synchronized.
In particular, they were curious about whether blocks in Data Integration & Interpretation changed as their original
analysis in Data Extraction & Preparation or Data Summary & Aggregation updated. Real-time syncing would ensure
consistency and that Data Integration & Interpretation would always be an up-to-date summary view of the current
analysis. However, history would be lost in this case, which may be undesirable as users could want to refer back to
previous analysis results. Whether and how to implement synchronization remains an important design choice to
investigate for future iterations.

3.3.4 Scalability. Ability to adapt to large datasets and analyses was important to the participants. If datasets get large
and complex, the canvas-like view of Data Integration & Interpretation could become cluttered and hard to navigate. One
of the solutions could be to segment the canvas to create smaller chunks for smaller sub-problems. Another solution
could be to use design to encourage users to only include contents necessary to their sensemaking process on the
canvas, and to update, and clean the canvas frequently to ensure important information is always present.

3.3.5 Generalizability. Participants wondered about the flexibility and adaptability of the proposed tool. Qualitative
and quantitative data might be very different across different scenarios and data analysis tasks, and the user needs for
analyzing those data also vary as a result. If the system cannot exhaustively consider all potential use cases, it should
allow users to customize the system based on their own preferences, and to expand the system features leveraging
notebook’s flexible environment.
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4 CONCLUSION

Overall, we proposed a design concept that integrates quantitative and qualitative analysis in the same computational
notebook-based environment. Based on a preliminary user walkthrough with 3 expert users, participants seemed to face
the problem of context switching and liked the idea of an unified tool. However, they also sawand provided feedback
for future design iterations.

Currently, the design concept we proposed is not yet implemented. For future work, we plan on implementing a
working system, and conducting additional user studies to fully understand the implications and potential utility of our
proposed design. It may also be interesting to investigate how we could make the proposed tool more intelligent, by
automating the workflow and providing suggested actions where possible. For example, instead of forcing users to
manually drag everything to the Data Integration & Interpretation widget, we could instead automatically add certain
elements based on the context. Similarly, automatically suggesting the next relevant block when chaining can also be
useful.
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