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Abstract 

 

Despite the last 40 years of research showing that computer-aided diagramming tools 
improve learning, little research reveal the cognitive processes that explain how diagramming 
tools and specific features of the tools affect learning. This study developed a tool that 
students used to diagram and analyze arguments as it mined students’ actions. The mined 
data was used to develop algorithms to measure the use of backward, forward, breadth, 
depth-first reasoning. Regression models were compared to identify which algorithm 
produced measures that best predicted diagram scores, and to determine the relative impact 
of each reasoning process on diagram scores. The findings show that observing the 
placement the first five nodes moved on screen in relation to the location of the previously 
moved node provides sufficient data to generate backward/forward and breadth/depth-first 
ratio scores that predict scores, while individual frequency counts of each process do not 
predict scores. The best-fit regression model using the ratio scores show that students using 
more backward and depth-first processing construct diagrams with higher scores and greater 
depth of analysis. This study presents new tools, methods, and new lines of inquiry to 
advance research on ways to integrate analytics into diagramming tools. 

  

Introduction 
 

 The ability to evaluate arguments is a critical skill for decision-making and problem 
solving (Larson, Britt, & Kurby, 2009). Furthermore, the ability to combine arguments and 
counter-arguments are also essential for constructing coherent and persuasive claims and 
propositions (Mateos et al., 2018). To develop these abilities, students can be taught the skills 
of argument analysis and apply them across domains and disciplines (Cottrell, 2017; 
Davies, 2006; Moore, 2004). Argument analysis is the study of logical relationships 
between propositions presented in an argument (which can be mutually supporting or 
opposing claims) for building and evaluating premises used to support a conclusion 
(Toulmin, 1958). In argument analysis, students identify the functional roles of each 
proposition (i.e., conclusion, major premise, co-premise, minor premises, counterarguments), 
analyze the hierarchical relationships among propositions (i.e., levels of premise), and 
evaluate the quality and line of reasoning represented in a chain of premises linked to each 
major premise. Argumentation can serve as a means to test uncertainties, extract meaning, 
achieve understanding, and examine complex ill-structured problems and issues (Jonassen & 
Kim, 2010; Kuhn, 1993). Identifying and evaluating the reasons to support a conclusion is a 
fundamental part of human reasoning and decision-making (Mercier & Sperber, 2011).  
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 Given that arguments are difficult to analyze, computer-aided argument mapping 
(CAAM) tools have been developed (Davies, Barnett, & van Gelder, 2019) to provide a 
visual method of identifying inferential relationships and evaluating the structural soundness 
of arguments (Braak, 2006; Davies, 2011b). Diagrams reduce cognitive load, make 
relationships more concrete, and facilitates the analysis and interpretation of complex ideas 
(Kirschner, Shum, & Carr, 2003; Novak & Cañas, 2007). Argument Mapper (Wright et al., 
2017), GAIL (Green, 2017), and Rationale (van Gelder, 2007) are just a few examples of 
these tools. Some tools like REASON (ThinkReliability, 2007) prescribes specific logic rules 
such as backward reasoning and the goal-driven approach to guide users through the 
argument diagramming process (Sharma, 2012). Research on the efficacy of diagramming 
tools shows that they improve learning with moderate to large effect sizes (Schroeder et al., 
2017) and helps students achieve significant gains in critical thinking skills measured with 
standardized instruments (Eftekhari at al., 2016; van Gelder, 2015). However, the majority of 
the studies compare CAAM with traditional treatments where features of the treatment are 
often unspecified, thus pose as possible confounding variables (Schroeder et al., 2017). Very 
little of the research reveals the cognitive processes students perform while constructing 
diagrams and how specific features of the tools affect the cognitive process and resulting 
learning outcomes. Identifying the cognitive processes used to construct better diagrams is 
necessary to determine how diagramming tools can be improved to increase learning.  
 One reason as to why little research has been done on the cognitive processes used to 
construct diagrams is that coding video recordings of such behaviors is highly complex. Few 
if any CAAM applications chronologically log each action performed on a diagram. The few 
studies that examined specific processes are qualitative case studies. Kim (2016) found that 
all five experts (persons with prior training on analyzing arguments) and four novices used 
more breadth-first than depth-first process, with one novice using both processes. A depth-
first process (Figure 1) is performed, for example, when premise 2 is linked to premise 1, 
followed immediately by linking 3 to 2. In contrast, a breadth-first process takes place when 
premise 2 is linked to premise 1 followed immediately by linking premise 4 to premise 1 
(premises 2 and 4 being at the same level). The study also found that four of the five experts 
used a backward process to construct the diagram, while one novice used the backward 
process and four novices used both processes. The backward process is used when premise 2 
is linked to premise 1, followed immediately by linking premise 3 to premise 2. Performing 
two backward or two forward processes in succession produces one depth-first process.  
 

 
 

Figure 1. Illustration of the depth-first and breadth-first process 
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 Some studies examined how these processes are used to create causal diagrams for 
identifying the root causes of a problem and identifying the chain of events that linking root 
causes to outcomes. Video analysis of students individually working on causal diagrams 
reveals that the most accurate causal diagrams are produced using a backward process and a 
breadth-first process when positioning events in the causal diagram (Shin, 2016). Working in 
two student groups, Lee (2012) found that the most accurate causal diagram produced among 
three groups used the backward approach to link together the events that contribute to the 
outcome, while the other two groups show no tendency to use any one specific approach. In 
addition to these findings, Jeong & Lee (2012) found that placing the outcome node closest 
to the right edge of the screen and placing causal links that primarily and sequentially flow 
(or point) from left to right produces the most accurate causal diagrams.  
 These prior studies show that using the backward and breadth-first process to identify 
relationships between the claim and premises can be more effective than using the forward 
and depth-first process. However, these prior findings relied on manual observation and 
coding of video recordings to identify diagramming processes, which is prone to error and 
requires the use of complex coding schemes and rigorous training between coders to achieve 
inter-rater reliability (Shin, 2016). Furthermore, the prior studies (Kim, 2015; Lee, 2012; 
Shin 2016) focused on identifying overall behavioral tendencies by categorically determining 
which process is used by each student when most students do not use any one process 
exclusively. As a result, prior studies did not analyze the number of times students use the 
backward process relative to the number of times they use the forward process, and hence, 
did not compare the relative impact of backward/forward versus breath/depth-first processes. 
 To develop diagramming tools that can assess and guide students through the reasoning 
processes, this study developed the jMAP tool to mine and log behaviors performed while 
constructing diagrams and created algorithms using log data to operationalize and measure 
the number of times each student performs a backward, forward, breadth-first, and depth-first 
process. Using the frequency counts to compute ratios on the number of times each student 
uses backward vs. forward (B/F ratio) and breadth- vs. depth-first process (BR/D ratio), this 
study analyzes the ratios using linear regression to address the following research questions: 
 

1. Which algorithms produce ratio scores that best predict students’ diagram scores?  
2. Does the use of backward and breadth-first processing produce higher quality 

diagrams as shown in prior studies? 
3. Which of the processes (backward vs. breadth-first) has a greater impact on scores? 

Method 
Participants 
 The participants in this study were 17 Masters students in an online course on computer-
supported collaborative learning at a large Southeastern university (7 male, 10 female, ages 
ranging from 22 to 55 years), majoring in learning technology and instructional design. 
 

Procedures and Materials 
 The participants reviewed arguments produced by students in another prior course that 
participated in an online debate to support and oppose the claim “One’s choice of media 
significantly affects learning”. The students in this study were instructed to create an 
argument diagram that links the major premises to the claim (a claim that was familiar to all 
the students in the course and master’s program) and to identify and link together the chain of 
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premises supporting the claim. Students viewed a 43-second video on how to position a 
claim and a premise in jMAP (Figure 2) and how to insert a link to connect the premise to the 
claim. In jMAP, students can move and position the nodes containing a premise or claim by 
dragging and dropping and can manually insert links to connect related nodes at any time of 
their choosing. Making the insertion of links manual (as opposed to automated, as is the case 
in many diagramming applications) gives students the option to add links later so that they 
can easily re-arrange nodes to explore their possible inter-relationships without being 
restricted with nodes inter-linked and anchored to one together. 
 At no time are students presented with instructions to suggest when and in what order to 
move and insert links between the claim and premises. Students download the jMAP 
application to diagram the supporting arguments consisting of 15 nodes. Once students 
complete the diagram, the students downloaded a second jMAP file to diagram the opposing 
arguments consisting of 14 nodes. Students are instructed to spend no more than 45 minutes 
working on each argument diagram. The mean number of minutes students worked on each 
diagram was 36 minutes (STD = 27, Max = 103, Min = 5). Once the diagrams are completed, 
students submit their diagrams to receive 20 participation points for completing the activity. 
The student receiving the highest score on the diagram for the supporting arguments and/or 
opposing arguments received 10 bonus participation points. The participation points students 
accumulated across all activities in the course comprised of 25% of the course grade.  
 

Data Analysis 
 Scoring the diagrams. One student did not submit the second diagram, so the researcher 
omitted the one submitted by the student to control for practice effect. The 32 diagrams 
submitted from the remaining 16 students were imported into jMAP containing the criterion 
diagram created by the course instructor (Figure 3) to score each diagram across the 
following criteria: a) Percentage of links within the student’s diagram that match those in the 
instructor’s map x 100 (as opposed to the number of links, which students can use to inflate 
their score by merely linking all nodes to one another); b) the number of nodes correctly 
identified as a root premise (a node with only outward pointing arrows and no incoming 
arrows) x 10; c) the number of 1st order premises correctly linked from each correctly 
identified root premise x 10 (AB); d) number of 2nd order premises correctly linked from 
each 1st order premise x 10 (ABC); and e) number of 3rd order premises correctly linked 
from each 2nd order premise x 10 (ABCD). No points were awarded by jMAP for 2nd 
and 3rd order links if any of the downstream links are missing. This criteria measures 
students’ depth of analysis, as used in prior studies (Kim, 2015; Lee, 2012, Shin, 2016). The 
maximum possible score was 280 points.  
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Figure 2.  Initial screen with premises (but not claim) randomly arranged on the left screen. 
 

 
Note: Green/gray arrows = links present/missing in student x’s diagram; Green halos = correctly identified root 
premises; bottom left are navigation tools to select which diagrams to compare with criterion map; bottom right 
displays diagram scores across scoring criteria; bottom row are buttons used to add links to their diagrams. 
 
Figure 3. Visual and quantitative comparison of instructor to student’s diagram in jMAP. 
 

 Coding and counting type of process with algorithms. The data from the log files 
recorded 27 mapping actions (e.g., move node, insert link, delete a link, re-route head or tail 
of link to a different node, change density or direction of link) performed by each student 
(including each node’s coordinates before and after each node movement) and were used to 
test various algorithms for measuring the number of times each of the four processes were 
used when placing each node in the diagram. Each log also contained an adjacency matrix 
that stores information on which nodes are linked to one another (Figure 4). With no prior 
instructions on how and where to move the nodes and when to manually insert links to 
connect related nodes, the students constructed the diagrams using four different formats - 
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top-down hierarchy (n = 8), left-to-right structure with claim position near right edge of the 
screen (n = 10), a right-to-left structure (n = 7), and network/spoke structure (n = 7). Eight of 
the students used the same format to produce both of their diagrams. The other eight used 
one format to produce one diagram and then used another format to produce their second 
diagram. A computer algorithm was used to identify each diagram’s format based on: 1) 
Where the claim node is positioned within three node lengths or width from the top, left, or 
right edge of the screen; and 2) whether the claim node is at least the third closest node to the 
corresponding edge of the screen. This algorithm was iteratively revised until the algorithm’s 
classifications corresponded 100% with the manual classification of all 32 diagrams.  
 Using Microsoft Excel’s VBA, two algorithms were formulated (post-hoc versus 
directional) and tested to find the one that can generate backward/forward and breadth/depth 
ratio scores to produce a best-fit regression model for predicting diagram scores. The post-
hoc algorithm crawls through the log of one completed diagram to determine the 
chronological order in which the nodes are moved for the first time (e.g., N1 N5 N7 N10). To 
count the number of times a student performs a backward and forward process, the algorithm 
combs through all the linked nodes in the final diagram recorded in its adjacency matrix. 
Upon finding each pair of linked nodes (e.g., N7N1 claim) in the matrix, the algorithm 
checks to see if N7 immediately follows N1 in the node-move-sequence or vice versa. If the 
N7 follows N1, the N7 move is scored as a backward process. If N7 precedes N1, the N7 
move is scored as a forward process. To assign a breadth or depth-first process to a moved 
node B, the algorithm identifies the previously moved node A from the node-move-sequence. 
If B appears on A’s row (indicating AB) or A appears in B’s row (indicating BA), B’s 
move is scored as depth-first. The B move is scored as breadth-first if the column of B’s 
parent node in the matrix contains the previously moved and sibling node A. 
 The other algorithm tested in this study, the directional algorithm, is simpler in form and 
execution. Based on each diagram’s identified format (top-down, left-to-right, right-to-left), 
this algorithm uses the specific move and placement of a node relative to the position of the 
most recently moved node to identify a backward, forward, breadth-first, depth-first process. 
For example, moving premise A into position followed by positioning the claim above 
(midpoint of node A at >=  -45° and < +45°) premise A in a top-down diagram indicates 
forward processing. Conversely, moving the claim into a position followed by moving 
premise A directly below the claim in the top-down diagram counts as backward processing. 
Moving premise B to the immediate right of premise A (at >= +45° and < +135°) and below 
the claim indicates breadth-first processing. If premise B were moved below premise A 
(instead of the immediate right or left of premise A), this action indicates depth-first 
processing. This algorithm is also tested using different minimum required distances (from 2 
to 11 node lengths) between a moved node and previously moved node (Taricani & Clariana, 
2006). Because network diagrams are essentially composed of individual segments that are 
top-down, left-to-right, and right-to-left in format (making any directional analysis 
problematic), data from the seven network diagrams were not used to test the algorithms.  
 

 Testing Algorithms with Regression Analysis. Which segment of a log file used to 
predict scores can affect the accuracy of the algorithms because the mean number of times 
nodes were moved to complete each diagram was 80.6 (STD = 63.4, Max = 257, Min =17, N 
= 25), averaging five or more moves per node. Students moved nodes multiple times to make 
structural changes that correct for errors, and to perform cosmetic changes. For example, the 
sequential analysis (Jeong, 2005) of all diagramming actions examined collectively produced 
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the state diagram (Figure 5) that reveals that 86% vs. 11% of actions immediately following 
the placement of a node is the placement of another node versus linking two nodes. Inserting 
a link most often triggers a series of ensuing actions involving relinking, deleting, and 
commenting on the links, which then triggers more movement of nodes.  
 To determine if B/F and BR/D ratios are more accurate using only the initial movements 
of nodes, the algorithms generated ratios using all node movements versus the initial 
movements of the first 15 versus 10 versus 5 nodes. For each algorithm, results from the 
regression analysis on the ratio scores generated with each of these four sets of data 
determine which data set produces the best-fit model for predicting scores. For example, the 
initial movements of the first 15 nodes performed in the construction of each diagram are 
used to generate the B/F and BR/D ratios. These two ratios and the associated diagram scores 
for each of the 25 diagrams are entered into the regression model Diagram Score = B0 + 
B1*(B/F) + B2*(BR/D). A one-tailed p-value at .10 is used to test the eight regression models 
because prior studies report the positive impact of backward and breadth-first processing on 
diagram scores and because the algorithms developed in this study are exploratory. 
 

 
Note:  The - indicates a negative relationship with parent node. First digit conveys impact on scale of 1 = low to 
3 = high. The second digit conveys level of contingency on a scale of 1 = low to 3 = high.  
 

Figure 4. A matrix that records how each node is linked to other nodes in a diagram. 
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Note: Dark arrows identify transitional probabilities between two actions that are significantly greater than 
expected based on z-score tests at p < .05 (Jeong, 2005). The first and second numerical values in each node 
identify the number of times the action was executed and the number of events that followed the action. The 
size of the glow around each node conveys the relative number of times the action was performed. 
 

Figure 5. Action sequences observed in the diagramming actions across all students. 
 

Results and Discussion 
 

Research question 1 - Comparing the algorithms 
 The findings in Table 1 show that the directional algorithm using only the first 5 moves 
produced the best-fit model. The post-hoc and directional algorithms were run to compile the 
frequencies of backward, forward, breadth, and depth-first processes across all node 
movements and only the initial movements of the first 15, 10, and 5 nodes. Each set of data 
was then put into separate regression models to produce the p-values, R2, beta weights for 
B/F, and the beta weights for BR/D (Table 1). With the post-hoc method, the mean B/F ratio 
was .596 (STD = .26), and the mean BR/D ratio was .228 (STD = .19). With the directional 
algorithm, the mean B/F ratio was .427 (STD = .42) and the mean BR/D ratio was .679 (STD 
= .28). The directional algorithm using only the first five node movements with no minimum 
required distance from the previously moved node (all varying limits on node distances 
severely suppressed backward and forward process counts to produce non-significant 
regression models) produced the B/F and BR/D ratios with the best-fit regression model. 
With the diagram scores ranging from 10 to 97.8 (M = 39.4, STD = 22.43, n = 25), a 
significant regression equation was found (F(2, 22) = 3.01, p = .069), with a R2 of .215. 
 

Table 1 
Results from the Regression Analysis across All Algorithms 
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 A comparison of the two algorithms (post-hoc vs. directional) and their regression 
models reveals that node placements at the beginning of the diagramming process provide 
the best indication of what processes students are using to analyze arguments. In contrast, 
movements occurring later in the diagramming process provide poor indicators of students’ 
reasoning process. The explanation for this finding is that students move many of the nodes 
to their desired location before moving the nodes again (each node was moved an average of 
5 or more times) simply to space them properly to make room to insert node-linking arrows 
into their diagrams, re-positioning nodes to revise and correct for errors in the diagram, and 
making other cosmetic changes (as explained earlier). These behaviors also explain why the 
directional algorithm performed better than the post-hoc algorithm (where B/D and BR/D 
ratios are determined by crawling through each pair of linked nodes in the completed final 
diagram and determining which of the paired nodes was moved after the placement of the 
other node). For example, Figure 5 shows that the students moved or re-positioned a node 
immediately after they re-linked the tail of an arrow to a different node (Relink Cause) at 
52% of the time, re-linked the head of an arrow to a different node (Relink Effect) at 69% of 
the time, and after deleting a link (Delete Link) at 32% of the time. Moving nodes in the 
process of making revisions are isolated events that don’t follow a sequence that conforms to 
or reflect the systematic use of backward and depth-first processing. 
 Overall, the findings suggest that diagramming tools can identify students’ reasoning 
processes by simply observing the first five node placements. The other alternative is to 
analyze the first five moves immediately following the first time placement of the claim node 
(which was placed during the first or second move on average). A regression model revealed 
that the chronological order in which the claim node is placed approached statistical 
significance at p = .110, (F(3, 21) = 2.59, p = .079), with an R2 of .270. The later the claim 
node is placed, the lower the score. This suggests that students can create better diagrams if 
the claim node is placed at a default location from the start so that the directional algorithm 
can immediately implemented after the fifth node placement to assess a student’s reasoning 
process. In contrast, the post-hoc method produces not only inaccurate assessments of 
students’ reasoning processes, it can only assess students’ reasoning processes (and deliver 
corresponding feedback) after the completion of the diagram. 
 
Research question 2 – Breadth-first and backward processing 
 The best fit model using the B/F and BR/D ratio scores produced with the directional 
algorithm using only the first five moves revealed that greater use of backward processing 
over forward processing and the greater use of depth-first processing over breadth-first 
processing was associated with higher diagram scores. The best-fit model was diagram score 
= 46.4 + 20.6*(B/F) -24.6*BR/D. Both B/F and BR/D were significant predictors of diagram 
scores, with p = .038 and p = .059, respectively. The findings from the best-fit regression 
model show that a higher B/D ratio (or increasing the use of backward processing) increases 
scores. This finding is consistent with prior categorical findings on the use of backward 
processing to construct causal diagrams (Lee, 2012; Shin, 2016) and argument diagrams 
(Kim, 2016). This finding also validates the argument diagramming tool, REASON 
(ThinkReliability, 2007), that explicitly prescribes the use of backward processing. However, 
this study found that increases in the ratio of BR/D processing were associated with 
decreases in scores, which suggests that increasing the use of depth-first processing increases 
scores. This finding is not consistent with prior studies that found some but limited evidence 
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that breadth-first processes produced more accurate diagrams (Kim, 2016) and causal 
diagrams (Shin, 2016) than depth-first processing. In these prior studies and in the current 
student, all nodes were specified in advance on screen and were not generated by students. 
 One of the four possible explanations as to why breadth-first had a negative (not positive) 
effect on scores is that the algorithms do not account for other behaviors associated with 
breadth-first processing. Another possible explanation is that the arguments analyzed in this 
study may be more complex than arguments analyzed in prior studies given that the scores in 
this study were very low in relation to the maximum possible score. To compensate for the 
increased difficulty, students may be more likely to use the depth-first process because depth-
first processing places lesser demands on memory than breadth-first (Al-Ajlan, 2015). 
Furthermore, students are more likely to use depth-first processing when a clear outcome or 
conclusion is given from the start (Sharma, 2012). In this study, a clear claim or conclusion 
was presented to the students. The correlation between the sum frequency of backward + 
forward processing and frequency of depth-first processing was significant, r(23) = .788, p = 
.001. No significant correlations were found between any of the four individual processes.  
 A fourth explanation is that the use of breadth versus depth-first may not be a zero-sum 
game and that there may be times when performance can improve by increasing the use of 
both processes. However, the regression analysis using the observed frequencies of 
backward, forward, breadth-first, and depth-first (as four independent variables) was not 
significant (F(4,20) = 1.33, p = .291). Also, the regression analysis using the sum of 
backward + forward and sum of breadth + depth-first processes also was not significant 
(F(2,22) = 1.40, p = .266). One more possible explanation is that depth-first may be more 
effective when used to identify root premises and the 1st, 2nd, and 3rd order nodes linked 
upstream from root premises - a measure that was not used in prior studies that found 
breadth-first processing to be more effective. The correlational data suggests that this might 
be the case because the regression analysis of scores without the above scoring criteria was 
not significant (F(2,22) = 1.34, p = .281, R2 = .109) but was significant with this criteria 
(F(2, 22) = 3.01, p = .069, R2 = .215). However, no cause-effect relationships can be 
determined at this time from these correlational findings. 
 

Research question 3 – Relative impact of backward vs. breadth-first processing 
 The best-fit model with diagram score = 46.4 + 20.6*(B/F) -24.6*BR/D shows the use of 
backward and breadth-first processing have nearly equal but opposite impact on diagram 
scores. Inversely, this finding suggests that the use of backward processing and depth-first 
processing has a nearly equivalent impact on scores and that both processes can play a 
necessary role in diagramming complex arguments. However, the inherent structure of the 
given argument (from few to many branches, from short to long branches) and the criterion 
used to assess the quality of an argument diagram could determine whether using one process 
has a greater impact than using the other. Furthermore, students’ expectations on what 
hierarchical structures might or might not exist in arguments can also determine which 
process they use to complete a diagram. Another possible explanation is that students may 
choose to use a specific process to perform a specific step in the diagramming task (scan 
claims, identify the goal, move nodes, link nodes, review and revise links) – particularly 
steps that are used to create good diagrams (Aguiar & Correia, 2017). For example, breadth-
first processing may be more effective when students attempt to move and sort nodes 
according to their resemblance in the level of generality and to simplify the problem space 
(Kim, 2015). This behavior is similar to the way high performers sort and group pieces of a 
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jigsaw puzzle based on their similarities before attaching the puzzle pieces (Antle, 2013). 
 

Implications for Designing Diagramming Tools 
 The findings in this study suggest that algorithms can be used in diagramming tools to 
identify, assess, and scaffold the use of backward processing and depth-first processing to 
help students analyze complex arguments with greater accuracy and efficiency. Overall, 
designing diagramming tools to facilitate the use of backward and depth-first processing can 
be given equal emphasis because the use of both processes was found in this study to have an 
equal impact on diagram scores. To help students use both of these processes more 
effectively, diagramming tools should prompt students at the start of the diagramming task to 
identify and place the conclusion first before they are allowed to move and position other 
nodes. By doing so, diagramming tools can identify which map orientation (top-down, 
bottom-up, left-right, right-left) a student is using to construct the map so that the tool can 
identify mapping processes accordingly. Once the conclusion is placed, students are then able 
to use backward and depth-first processing to work from conclusions to root premises. The 
alternative is to create diagramming tools that require students to place the conclusion at a 
default location on-screen so that students use the desired map orientation. 
 To create diagramming tools that can identify the processes students are using, 
diagramming tools can record where students position the first five nodes that students move. 
The tools can then determine which process is used by noting where each node is spatially 
placed in relation to the most recently moved node. Once the processes used to move the first 
five nodes are identified, diagramming tools can identify each students’ primary or preferred 
mapping process by computing the ratio of backward to forward processes and the ratio of 
breadth-  to depth-first processes performed by each student because: 1) Students tended to 
use all four processes to some extent during the first five moves; and 2) the simple frequency 
counts of each process alone (forward, backward, depth-first, breadth-first) did not predict 
students’ diagram scores. Diagramming tools may be able to identify mapping processes with 
greater accuracy if the tool automatically and by default inserts link(s) whenever students 
place a node within a certain area and distance from another node or between two nodes. 
 To help students use more backward processing, re-design diagramming tools so that two 
nodes can be linked together only by moving and positioning a node directly below another 
node. To prescribe greater use of depth-first processing to help students better identify root 
premises and chain together premises that link root premises to main claims, diagramming 
tools can prompt students to identify the next node down the chain immediately after linking 
two nodes. To achieve the benefits of using depth-first processing, diagramming tools must 
apply criteria (like those used in this study) that measures the depth of analysis and not just 
the number of correctly identified links. These types of constraints and system prompts can 
be faded out gradually as students master the mapping skills. 
 

 
Directions for Future Research 
 In summary, this study used a constraint-free diagramming tool (integrated with data 
mining) to explore possible approaches to operationalizing the measurement and 
identification of strategies used to predict and better analyze arguments. The baseline 
findings and the noted limitations provide a framework for conducting future research. The 
methods developed in this study will hopefully: 1) open the door to new lines of research to 
achieve a more fine-grained understanding of the underlying processes behind argument 
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analysis; 2) provide future guidance on how to develop diagramming tools that can verify 
and gauge students’ use of target processes, provide real-time performance feedback, and 
provide opportunities for more extensive and more efficient practice; and 3) help us to 
identify how to design diagramming tools that can guide students through the process of 
analyzing and achieving a deeper understanding of domain knowledge embedded in complex 
real-world problems. 
 
 Future research can build on this study’s findings by: 1) validating the mined data and 
algorithms by analyzing video and think-aloud protocols while using diagramming tools that 
can playback the log data to closely examine the diagram construction process; 2) using 
larger sample sizes to test for cause-effect relationships between process and outcome; 3) 
comparing the effects of diagram format; 4) comparing the use of B/F and BR/D processes 
between more versus less complex arguments; 5) determining what effects specific 
diagramming actions (e.g., automated versus manual linking) have on the use of B/F and 
BR/D processes; and 6) creating diagramming tools that can  measure and control for 
individual differences in mapping skills so that the tools can be used to conduct large-scale 
assessment of students’ understanding of domain content independent of their mastery of 
mapping skills.  
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