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Abstract. Several studies show that log data analysis can lead to ef-
fective redesign of intelligent tutoring systems (ITSs). However, teachers
are seldom included in the data-driven redesign of ITS, despite their ped-
agogical content knowledge. Examining teachers’ possible contributions
is valuable. To investigate what contributions teachers might make and
whether (and how) data would be useful, we first built an interactive
prototype tool for visualizing student log data, SolutionVis, based on
needs identified in interviews with tutor authors. SolutionVis presents
students’ problem-solving processes with an intelligent tutor, includ-
ing meta-cognitive aspects (e.g., hint requests). We then conducted a
within-subjects user study with eight teachers to compare teachers’ re-
design suggestions obtained in three conditions: a baseline “no data”
condition (where teachers examined just the tutor itself) and two “with
data” conditions in which teachers worked with SolutionVis and with a
list representation of student solutions, respectively. The results showed
that teachers generated useful redesign ideas in all three conditions, that
they viewed the availability of data (in both formats) as helpful and en-
abled them to generate a wider range of redesign suggestions, specifically
with respect to hint design and feedback on gaming-the-system behav-
iors and struggle. The current work suggests potential benefits and ways
of involving teachers in the data-driven improvement of ITSs.

Keywords: Intelligent tutoring system · Data-driven redesign · Stu-
dents’ log visualization.

1 Introduction

Data-driven optimization of intelligent tutoring systems (ITSs) using design in-
sights derived from student learning data and log data can substantially im-
prove student learning outcomes [14]. Existing work has largely consisted of re-
searchers’ analyzing and refining the system’s knowledge component model and
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then redesigning the system to optimize the learning of the revised knowledge
components [9].

In this paper, we present a first exploration of whether and how teachers
might be involved in the data-driven redesign of tutoring systems. Teachers
have often been involved in the initial design and development of tutors [11,17]
as well as analytics dashboards for use with ITSs [8,7]. However, we are not
aware of any projects in which teachers were involved in data-driven redesign
of tutors, although in one instance they successfully used data-driven methods
to adapt the text of course materials for teaching English to non-native speak-
ers [10]. In another project, teachers redesigned hints for an ITS, but without
using data [25]. Beyond teachers’ proven role on tutor design teams, there is rea-
son to think that teachers could make valuable contributions to the data-driven
refinement of tutoring systems. Teachers’ rich pedagogical content knowledge
and practical experience in giving effective feedback might put them in a great
position to suggest improvements to an intelligent tutor. In particular, data from
student problem solving with the given ITS might jog teachers’ memory of what
happened in the classroom, and reveal trends or events that they were not aware
of. It is worth investigating what contributions teachers might make to the data-
driven redesign process, given their unique sources of knowledge, and what tools
would be useful in this regard, given their unique sources of knowledge.

Visual analytics have shown potential in summarizing and presenting problem-
solving processes to enhance understanding of domain competencies or demands.
The CTAT Behavior Graph visualizes pre-defined solutions within a given prob-
lem [19]. DataShop’s widely used “learning curves” are line charts depicting
students’ mastery of targeted knowledge components over time. [13]. Later stud-
ies [16,20,23,24] visualized the problem-solving behaviors of groups of students to
find common and distinct strategies. For example, Xia et al. [23] proposed QLens,
a glyph-based Sankey diagram, to show how a group of students solve drag-
and-drop problems step by step, allowing question designers to easily identify
common difficult situations encountered. However, existing work misses detail in
the visualization of student actions (e.g., hint requests) and has not investigated
how to help teachers generate ideas for improving a tutoring system.

To this end, we first conducted a needs-finding study through semi-structured
interviews with five intelligent tutor researchers and two school math teachers.
From these interviews, we derived initial design requirements for how to present
students’ multi-step problem-solving processes to teachers in a way that might
spur ideas for redesign. From these requirements, we then developed an interac-
tive visualization interface prototype, SolutionVis. The tool presents students’
problem-solving processes, including meta-cognitive aspects (e.g., hint requests).
Finally, we conducted a within-subjects user study with another eight math
teachers to explore the following research questions: RQ1. What kinds of re-
design suggestions do teachers generate? RQ2. Does giving them a representation
of students’ interaction data help them generate redesign ideas? RQ3. To help
teachers generate redesign suggestions, how does an interactive visualization of
the data compare to presenting it in a standard list format?
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Fig. 1. (a) An example problem x+3=5 of the intelligent tutor. (b) The node-link
diagram of students’ log data from the intelligent tutor with the problem: x+3=5.

2 Needs-finding Study

We conducted semi-structured interviews with five ITS researchers and two
school math teachers, with more than 10 years of research or teaching expe-
rience on average. The purpose was to derive initial design requirements for how
to visualize the data of a tutoring system in a way that would help teachers
understand students’ interactions with that tutoring system and generate ideas
for improvements of that tutoring system. Having a mix of experienced authors
and teachers gives us a wide variety of perspectives.

Data Used and Procedure. We selected Lynnette, a linear-equation-
solving tutor [15] for our investigation because it had key features that are char-
acteristic of an ITS [4,21] and a reasonable level of complexity. Specifically, it
supports problems with multiple steps, multiple solution paths within each prob-
lem, and step-level guidance in the form of hints and feedback. Its design was
based on instructional design research [12], but this unit had not been data-
tuned. As shown in Figure 1 (a), we used the problem x + 3 = 5 as an example
for the interview. We used 27 students’ log data (records of individual student in-
teractions with the tutoring software) from DataShop [13]. Each record includes
the timestamp, the action (e.g., button pressed, text filled), and the evaluation
results (e.g., correct or incorrect) from the intelligent tutor.

The interview lasted one hour for each participant. We presented a visualiza-
tion of students’ log data in the form of a lo-fi node-link diagram, derived from
existing work [16], to learn how we could improve from that. See Figure 1 (b)
above. The graph shows the solution paths (including errors and hint requrests
of all 27 students. Each node in the graph represents a state in the problem-
solving process; and each link represents a student’s action. The number in the
node shows the index of the transactions in the log data. Wider links indicate
more students taking that action. The link label “solve1-updateText-2” means
that the student answered “2” at the first step (indicated by 1 in solve1). We
asked questions such as “What information can you �nd from the visualization
that can be used to improve the tutor design?”

Initial Design requirements. After the interviews, three authors analyzed
the interview transcripts. The author who conducted the interviews extracted
all suggestions for improving the visualization to gain insights for the tutor
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redesign from the transcripts, and all three authors worked together to derive
the following initial design requirements using an affinity diagram [6].
{ R1: Make long paths easier to follow. Participants mentioned that the initial

radial layout makes it hard to identify long sequences and align different paths.
They preferred a horizontal layout like a train station map.

{ R2: Make it easier to identify paths that capture similar problem-solving strate-
gies by merging steps of paths. Participants mentioned different ways to merge,
such as, merging the same steps in different paths and collapsing steps from
paths into stages (e.g., performing distribution of “()”).

{ R3: Make it easier to identify common problematic steps using visual cues.
Participants did not find it easy to distinguish correct and incorrect steps.
They mentioned it might be important to pay attention to common incorrect
steps for diagnosing problems in the tutor and suggested using different colors
to encode the edges and highlight the problematic steps.

{ R4: Make it easier to understand students’ metacognition by showing hint
request behaviors. Participants emphasized that students’ hint requests could
reflect hint quality and students’ metacognition.

{ R5: Make it easier to understand the problem-solving context by showing the
tutor and a list of steps in a solution path. Participants wanted to know what
problems the students are solving and also a detailed list of steps, perhaps
vertically, could contribute to a better understanding.

3 SolutionVis

To address all the requirements, we developed a visualization interface proto-
type, SolutionVis, to present students’ log data for teachers to explore. We used
Python to process the log data and save each problem’s data as a JSON file.
We then used Cytoscape.js [2] to visualize the node-link digram of the selected
problem. SolutionVis consists of three views: Tutor View, Student Path View,
and Sequence View.

The Tutor View, shown in Figure 2(A), displays the “ live” tutor so that
teachers can interact with it and understand the problem-solving context (see
requirement R5, above).

The Student Path View, shown in Figure 2(B), is designed for teachers
to understand how all the students (as a group) proceeded step by step. The
steps in the paths are positioned from left to right for easy reading-of long paths
especially (R1). This view supports zooming and panning. By default, it shows
a fully-zoomed-out overview as shown in Figure 3 below. The user zooms in to
show details, as in Figure 2(B). The nodes represent states on students’ paths
to a solution; the links represent students’ actions. Links: The color of a link is
determined by the evaluation of the student’s action—green for correct input,
red for incorrect input, and yellow for hint requests. We merged duplicate actions
and used the thickness of the link to represent how many times students repeated
the step (R2, R3). Nodes: The nodes in the graph represent the intermediate
states on students’ solution paths. The number in the node represents how many
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Fig. 2. SolutionVis: The Tutor View (A) shows the original intelligent tutor for teachers
to interact with; The Student Path View (B) shows students’ aggregated problem-
solving paths, and the Sequence View (C) lists, at the user’s request, a solution path
or hints. Specifically, when the user clicks a step node is clicked (e.g., B2), the detailed
steps will be listed (C1). When the user clicks a hint node (e.g., B1), apart from the
steps, the details of the hint node will be shown (C).

students performed the same previous actions while the first node shows the
total number of students. We use a pie chart to represent the ratio of students
who asked for the bottom-out hint at that stage (R4). For example, as shown in
Figure 2(B1), the pie chart shows that 4 out of 10 students asked for the bottom-
out hint at the first step. By clicking the pie chart, the user can see the text shown
at each hint level and the number of students asking for that level. Layout: The
x-axis position of the node represents which stage the student is in, in an effort
to address R2. Solving basic linear equations includes four stages: removing
parentheses, adding/subtracting terms, combining like terms, and dividing both
sides of the equation by the coefficient of the variable term. As shown in Figure 3,
SolutionVis classified each node (state) along a solution path into different stages
according to students’ attempts. (The example omits the first stage, removing
parentheses, since there are no parentheses in this problem.) Moreover, when
students do not follow the given order of the four stages, SolutionVis shifts the
node a fixed distance down along the y-axis (see the inset in Figure 3).

The Sequence View shows detailed information about a selected path that
one or more students took. When the user clicks on a node in the graph, the
sequence view will display the steps from the start up to the selected node. For
example, if the user clicks Figure 2(B2), the path will be shown as Figure 2(C1).
In addition, if the node clicked is a hint request (e.g., Figure 2(B1)), the levels
of hints requested will be listed in the Sequence View (e.g., Figure 2(C)).
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