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Introduction
In an era of broad accountability and recent technological advances, more educational data is available now
than ever before; but the potential benefits of data usage have not been realized (Murray, 2014; Schildkamp,
Poortman, Luyten, & Ebbeler, 2016). As primary decision-makers for their schools, principals are expected to
analyze large amounts of educational data to inform everything from allocating resources to promoting instructional
strategies (Siemens et al., 2011). “Data use lives and dies in the principal’s office because principals are in contact
with so many aspects of data use—their own data use, their teachers’ data use, and their district’s data use”
(Wayman, Cho, & Johnston, 2007, p. 55). Educational leaders are investing in new data analytic tools (Murali,
2014), but research to understand the process, context, and consequences of these efforts is limited (Coburn &
Turner, 2011).
This mixed method study provided an overview of the experiences of principals and the challenges they
face in making sense of the vast amount of data available to them with the tools available to them. This study has
responded to the continued need to understand how principals use data in their weekly practices at schools (Spillane,
2012). The purpose of this study was to examine the experiences of principals using digital data analysis tools and
identify tensions that exist between theory and practice.
Theoretical Framework: Activity Theory
Introduced into the field of human‒computer interaction in the late 1980s, activity theory has been used to
understand the role of tools in everyday life and how they shape people’s interaction with information
(Clemmensen, Kaptelinin, & Nardi, 2016; Kuutti, 1996; Nardi, 1996). Building upon the work of other researchers
in the field of education and HCI (Allen, Karanasios, & Slavova, 2011), activity theory can be used to frame and
describe the mediated relationships among (a) a subject, the school leader; (b) the object, data; and (c) the school
community. The objective of engaging in such activity is to gain insight, which has been described as a discovery
resulting in new understanding (Dove & Jones, 2012). The ultimate outcome of analyzing data is to transform
insight into a decision that will be implemented in order to have an impact (Mandinach, Honey, & Light 2006) and
this outcome is what motivates the subject’s activity (Kuutti, 1996). The components of this framework, visualized
in Figure 1, were selected in alignment with the literature reviewed around motivation for data analysis, factors
influencing data use, and the intended outcome of data visualization tools.
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Figure 1. Principals’ data use as an activity system.
Research Methods
Activity theory served as the foundation for shaping the research questions and research design. The four
main research questions were: (1) What types of data and data analytic tools do principals use? (2) How do
principals use data analytic tools? (3) What factors influence principals’ use of data analytic tools? (4) How do
principals describe the impact of data analytic tools on their work? There were two distinct phases in the mixed
methods study. Figure 2 shows the explanatory sequential design of this study. During Phase 1 quantitative data was
collected from 70 participants through a 15-minute online survey sent to all 256 public school principals in the
Hawai‘i Department of Education resulting in a representation of 27% of the population. The survey instrument
consisted of subscales from two primary sources: (a) Factors Promoting and Hindering Data-Based Decision
Making in Schools Survey (Schildkamp et al., 2016), and (b) Teacher Data Use Survey: Administrator Version
(Wayman, Wilkerson, Cho, Mandinach, & Supovitz 2016). Descriptive statistics were applied to the information
gathered from the survey to identify trends and select interviewees for the qualitative data collection. Six
respondents who indicated a willingness to participate in Phase 2 and represented demographic variation to the
greatest extent possible were asked to participate in the think-aloud and semistructured interview. Principals in
Phase 2 participated in the 30-minute think-aloud protocol and observation in which they demonstrated how they
used various tools, followed by a 30-minute semistructured interview about their experiences. The data were
triangulated and coded for emerging themes in alignment with the research questions and theoretical framework.

Figure 2. Explanatory sequential design of this study
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Data Analysis
The researcher followed the major data analysis steps suggested for a mixed methods explanatory
sequential design: (a) collect the quantitative data; (b) analyze the quantitative data; (c) design the qualitative strand
based on the quantitative results; (d) collect qualitative data; (e) analyze qualitative data; and (f) interpret how the
connected results answer the quantitative, qualitative, and mixed methods questions (Creswell & Plano Clark, 2011).
During the qualitative phase, instead of waiting until the end of data collection, the researcher took an inductive
analysis approach to reflect on the meaning of what was heard in order to develop hunches (working hypotheses)
about what was meant throughout the study. In order to represent general trends, frequency data and descriptive
statistics were used, including measures of central tendency, such as the mean. The measures of variability, such as
the range and standard deviation, indicated the spread of scores (Creswell, 2008). Tables and charts were generated,
using both SPSS and Tableau. Based on the data analysis, the researcher decided which participants to invite to
Phase 2 and what results required further explanation (Creswell & Plano Clark, 2011). Major findings from the
Phase 1 quantitative data analysis were recorded into summary statements with implications for the Phase 2
qualitative data collection. The audio recordings from the think-aloud sessions were analyzed along with the
information from the semistructured interviews for common patterns of actions, unique behaviors, or actions that
seemed incongruent with the verbal descriptions. After reviewing the list of generated codes from each source, the
researcher clustered codes into larger categories and identified emerging themes (Creswell, 2008).
Findings
To answer the first research question, principals were asked on the survey how frequently they used various
types of data and various tools. As shown in Table 1, there were five types of data that at least 30% of principals
reported using at least weekly: teacher observation data (42.8%), student attendance data (34.3%), data about best
instructional practices (34.8%), resource management data (31.9%), and feedback from teachers (30%). Data that
provided information about resource allocations, accountability and performance, or anecdotal feedback was
typically used once a month or less followed by student demographic data which was used least.
Table 1. Frequency of Use by Types of Data (N=70)
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As seen in Table 2, four digital tools were used by the majority of principals on a weekly basis: Google
Suite, though not supported by the district, stood out at the top (80%), followed by Excel spreadsheets (58%),
Infinite Campus the student information system (51.5%), and tools generated at the school level (50.8%).
Table 2. Frequency of Use for Digital Data Tools (N=70)

In the interviews, many principals talked about the benefits of the Google Suite tools because they provided
the flexibility to collect various kinds of data, such as perceptual data, as discussed in the following example:
For other types of data, perspective data, like, we do use Google Survey a lot, or Google Forms rather, to
survey. Like, for example, we just did an evaluation of our kindergarten orientation with the parents, and so that was
through a Google Form. We’ll do an interest survey. And then we also use Messenger to push out the surveys. Our
Wellness Committee put together a Cooking Up the Rainbow Night. And so we just did the sign ups over Google
Forms, and then were able to see, you know, who signed up. Capture that data really easily. Every year we have
STEM Ho’ike. For the past two years we’ve been having kids showcase what they’re learning in STEM and their
engineering design. And so—this is just simple—and it wasn’t really doing a Likert scale or anything, but we just
asked two simple questions: What do you want to see repeated? What you want to see improved? And just capturing
that data there. (Principal 6)
Other staff members often factored into these activities because they shared the ability to use Google tools
collaboratively. The majority of digital data tools supported by the district were used for student learning and
demographic data analysis with limited school process and perception data. No common tools formally supported by
the district for principals integrated all of the data types.
To answer the second research question, principals that participated in the think-aloud were asked to
demonstrate how they used each tool. Principals used data analysis tools for various purposes including making
comparisons, planning, and reporting. Data was used to make comparisons between time intervals, schools, different
teachers, specific groups of students, and between programs. Trends emerged showing that were used for academic
planning, goal setting, budgeting, staffing decisions, and to make decisions about teacher support needs.
To answer the third research question, principals answered interview questions and survey questions in
alignment with the following subscales: (a) data use for school development, (b) school organization characteristics
(vision and norms, leadership, and support), (c) user characteristics (knowledge and skills, dispositions to use data),
(d) computer system characteristics (e) data characteristics (accessibility of timely data, usability, and quality)
(Schildkamp et al., 2016). Factors that negatively influenced principal use related to the tools included problems
with access (i.e. log in issues, privacy limits, etc.), lack of integration between systems, lack of desired functionality
(i.e. visualizations and dashboards), and difficulty with user interfaces. Data factors that negatively influenced use
included poor data quality (i.e. lagging, irrelevant, and unreliable data) as well as the overwhelming quantity to sift
through.
The nine items from the Data Use for School Development scale in Schildkamp’s Factors Affecting Data
Use Survey (personal communication, October 26, 2017) breaks down the ways that principals might use data in the
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context of school improvement. Principals responded to each statement on a Likert scale that included 1 (strongly
disagree), 2 (disagree), 3 (neutral), 4 (agree), and 5 (strongly agree). The results appear in Table 3. More than 90%
of principals agreed or strongly agreed that student results were used to determine yearly goals for school
improvement (97.1%) and that student results led to decisions about professional development (95.6%). More than
80% indicated that (a) they used data to show teachers the extent to which the school achieved goals (85.5%) and (b)
student achievement results were used to identify curricular gaps (84%). Three fourths or more of the principals
replied that detailed data analyses were essential in the improvement process (79.7%) and that data were used to
determine effective teaching (75%); about two thirds indicated using external evaluation for improvement (66.6%).
In two areas at least one third of principals were neutral or disagreed regarding data use: using external evaluations
for improvement (33.3%) and division of teaching time is based on learning needs (38.2%); furthermore, nearly
three fourths were neutral or negative in the use of student results to evaluate teachers (72.4%). The Data Use for
School Development scale provided some insight into the way principals made use of data, but the majority of
information collected to answer RQ2 came from the Phase 2 qualitative data collection.
Table 3. Data Use for School Development Scale (N=70)

Organizational characteristics that included vision, leadership, and support related to data use were
measured by 16 items on the School Organization Characteristics Scale. As shown in Table 4, this scale generated a
trend of positive agreement in responses but with greater variation than the previous two scales. Not a single
principal disagreed that they were strongly encouraged by the district to use data as a tool to support effective
practice. Principals responded to the top three statements with high agreement (rating of 4 or 5), indicating a shared
awareness of the need to develop data analysis skills (96%) and consistent encouragement from leadership to use
data. Notable for the focus of this study, only slightly more than half the principals (52%) agreed that someone
helped them change their practice based on data. Less than half agreed or strongly agreed that a specific time was set
aside for data use (44.9%).
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Table 4. School Organizational Characteristics Scale (N =70)

User characteristics of principals that influenced data use including dispositions toward data use and levels
of perceived knowledge and skill are shown in Table 5. More than 95% of principals agreed (rated 4 or 5) with all
three items involving the benefits or importance of data use, indicating they believed students benefit when
instruction is based on data (95.6%), that data is important in determining individual student needs (98.5%), and that
data is important in changing their own practice (95.5%).

74

Table 5. User Characteristics Scale (N=70)

Following User Characteristics, the next most positive responses were generated by the five items from the
Computer System Characteristics Scale. Table 6 shows that two of the five items yielded means above 4.0 and the
remaining three, above 3.5, indicating general agreement that the district’s computer systems met their needs.
Table 6. Computer System Characteristics Scale (N=70)

The Data Characteristics Scale consisted of 10 items measuring principals’ perceptions of data quality, such
as access to timely, relevant, and accurate data. This scale had the lowest overall mean of the four scales on the
survey (M = 3.33) and the most variation in responses as shown in Table 7. Most principals agreed or strongly
agreed (rating of 4 or 5) that they had access to relevant student data (85.5%), which tracked progress (81.6%).
Agreement surrounding descriptors of data accuracy (60%) and timeliness (63.8%) was slightly less with a third
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responding neutral (rating of 3) or disagreeing (rating of 1 or 2). When asked whether data was available within 3
weeks of the beginning of a school year, 20% disagreed and more when students started midyear (27.5%). The
majority of principals disagreed (rating 1 or 2) that they could find all the data in one system (67%).
Table 7. Data Characteristics Scale (N=70)

Finally, when principals were asked to describe the impact of data analytic tools on their work, a common
trend emerged around principals saying that they felt data was generally underutilized. Similar to principals around
the world (Schildkamp & Kuiper, 2010), the principals in this study talked about the use of data to inform decision
as one of their greatest challenges (Principal 3). As in other studies, the mere availability of data and tools has not
guarantee use or changes in practice (Wayman & Stringfield, 2006), and the factors impacting data use have
remained complex and numerous. The researcher observed several ways that the tools were not as useful and usable
as they could be. Large volumes of data were available, but the tools provided included mostly static and descriptive
reports that failed to harness the analytic power of contemporary data processing and predictive analytics as seen in
educational data mining trends. A gap was identified between the theory that educational leaders should be crossanalyzing different data types such as demographic, school process, perceptions, and student learning data
(Bernhardt, 2018) and what the tools actually supported them to do. There was an underrepresentation of tools to
measure and analyze perceptual and school process data and few tools integrated more than one type of data.
The qualitative data generated in Phase 2 confirmed many of the findings surrounding the factors
influencing data use. A summary of the factors influencing data use were summarized and situated in the conceptual
framework in Figure 3.
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Figure 3. Factors influencing use situated in the conceptual framework
Study’s Significance
The findings from this study can have implications for the development of theory as well as for
stakeholders such as district leaders and tool designers. This study reaffirms the tremendous importance of user
experience studies. A need exists for designers of data platforms to work with principals directly with an iterative
design mindset so that the tools continue to be refined as data sources change, user needs evolved, research expands,
and theories are updated. For each of the tensions identified in this study, designers can explore tool enhancements
to support solutions. For example, users stated that they lacked access to training, so perhaps designers can address
the need by embedding training modules in the tools. Principals often mentioned that they lacked dedicated time to
engage in data analysis activities, so designers could enhance time-saving features, such as push notifications that
would send principals data alerts when key thresholds are met instead of waiting for the principal to log in. One
interviewee expressed his desire to have natural language processing (NLP) capabilities which could have profound
implications. Novice data users often wish to explore data but are limited by their inability to formulate their
questions in terms of tool operations (Setlur, Battersby, Tory, Gossweiler, & Chang 2016). An example can be
found in the Tableau platform featured called Ask Data, which can interpret the intent behind vague questions to
produce visual results. An application of such tools in education might empower a principal to ask for the “top
students” or “highest performers” or “maximum score,” and the system could be flexible enough to interpret a wide
range of terms to query the data. The dream of having a natural conversation with data is being realized in other
industries and would certainly benefit school leaders who are not trained analysts. In summary, user-centered
products are enhanced by user research based on user narratives and observed experiences.
This study also contributed to theory by creating a pictorial representation of principals’ data analysis
conceptualized in activity theory to show the interplay of related factors while highlighting the important mediating
role of the tools themselves (Figure 1). Other frameworks, such as Schildkamp’s data use framework (2012), have
considered the enablers and barriers of data use to include organization, data, and users but have not emphasized
technology as a significant factor. The findings from this study confirmed technology as mediator influencing
educational data use. This study adds to the growing body of research that confirms the usefulness of activity theory
to guide the development of educational research questions, conceptualize relationships between factors, and
identify tensions in a school setting. By simultaneously drawing from the field of UX, the researcher was able to use
the activity theory framework in this study to organize factors that impacted users in a way that can be useful to
others interested in linking these fields of study.
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