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Abstract. Recent research has extended student modeling to infer not just whether a
student knows a skill or set of skills, but also whether the student has achieved robust
learning — learning that leads the student to be able to transfer their knowledge and
prepares them for future learning (PFL). However, a student may fail to have robust
learning in two fashions: they may have no learning, or they may have shallow
learning (learning that applies only to the current skill, and does not support transfer
or PFL). Within this paper, we present an automated detector which is able to identify
shallow learners, who are likely to need different intervention than students who have
not yet learned at all. This detector is developed using a step regression approach,
with data from college students learning introductory genetics from an intelligent
tutoring system.
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1 Introduction

Over the last two decades, student models have become effective at predicting which
skills a student knows at a given time [cf. 16, 21, 22]. Recent research has gone
beyond this to also assess the robustness of student learning [20] — whether students
will be able to transfer their knowledge, whether they will be prepared for future
learning, and whether they will retain their knowledge over the long-term. [8] presents
a model that infers whether a student will perform well on a transfer test after using
the tutor software — where the student must succeed at a related skill not taught in the
tutor. Similarly, [9] presents a model that infers whether a student will be able to learn
a new but related skill from an instructional text, after using the tutor. These types of
models represent a step towards intelligent tutoring systems that can respond not just
to whether a student has learned a skill, but to whether the student has achieved robust
learning that will help them apply the knowledge broadly, in novel situations going
forward.
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However, while this work is a step towards modeling and remediation of robust
learning, it is not sufficient to enable sophisticated differential intervention for
shallow and robust learners. The robust learning detectors in [8, 9] only measure the
extent to which a student has acquired robust learning. If the student has not acquired
robust learning, these detectors cannot differentiate between a student who has
acquired shallow knowledge (where the student knows the skills taught in the tutor,
but cannot transfer those skills and is not prepared for future learning) and a student
who has not learned at all. A student who has not learned at all may simply need more
tutor practice [cf. 15], whereas a student who has shallow learning may need support
in building from their procedural skill to deeper conceptual understanding. There are
now interventions which have been shown to help students acquire robust learning
[cf. 11, 13, 23, 24, 27], but not all students may need such interventions. A detector
which can identify a student who has shallow learning, when combined with such
interventions, may have the potential to enable richer intervention and better learner
support than is currently possible.

As a step towards this vision, this paper presents a model designed to identify
shallow learners, within a Cognitive Tutor for Genetics problem-solving [17]. This
model is generated using a combination of feature engineering and step regression,
and is cross-validated at the student level (e.g. repeatedly trained on one group of
students and tested on other students). We report this detector’s effectiveness at
identifying shallow learners, and analyze its internal features, comparing them to
features previously used to predict transfer and preparation for future learning (PFL).

2 Data Set

The data analyzed in this study come from 71 undergraduates using the Genetics
Cognitive Tutor [17]. The Genetics Cognitive Tutor consists of 19 modules that
support problem solving across a wide range of topics in genetics. Various subsets of
the 19 modules have been piloted at 15 universities in North America. This study
focuses on the data from a tutor module that employs a gene mapping technique
called three-factor cross, in which students infer the order of three genes on a
chromosome based on offspring phenotypes, as described in [5]. The data used in this
analysis, first published in [8], were produced by students who were enrolled in
genetics or introductory biology classes at Carnegie Mellon University.

These students used Cognitive Tutor-supported activities in two one-hour
laboratory sessions, on successive days. In each session, students completed standard
three-factor cross problems. During the first lab session, some students piloted
cognitive-tutor activities designed to support deeper understanding; however, no
differences were found between conditions for any robust learning measure, so in this
analysis we collapse across the conditions and focus solely on student behavior and
learning within the standard problem-solving activities.



The 71 students completed a total of 22,885 problem-solving actions across 10,966
problem steps in the tutor. Four paper-and-pencil post-tests followed the tutor
activities [cf. 5]. Three tests were given immediately after tutor usage: a
straightforward problem-solving post-test, a transfer test, and a test of preparation for
future learning. A retention test was administered one week later.

Within this paper we focus analysis on the immediate problem-solving post-test,
and the transfer test of robust learning. The problem-solving post-test consisted of two
problems, and had two test forms, counterbalanced with the pre-test. Each of the two
problems on each test form consisted of 11 steps involving 7 of the 8 skills in the
three-factor cross tutor lesson, with two skills applied twice in each problem and one
skill applied three times. The transfer test included two problems intended to tap
students’ understanding of the underlying processes of three-factor cross. The first
was a three-factor cross problem that could not be solved with the standard solution
method and required students to improvise an alternative method. The second
problem asked students to extend their reasoning to four genes. It provided a sequence
of four genes on a chromosome and asked students to reason about the crossovers that
must have occurred in different offspring groups.

Students demonstrated successful learning in this tutor, with an average pre-test
performance of 0.31 (SD=0.19), and an average post-test performance of 0.81
(SD=0.18). Students were also successful on the transfer test, with an average score of
0.85 (SD=0.18). The correlation between the problem-solving post-test and the
transfer test was 0.59, suggesting that, although problem-solving skill and transfer
skill were related, transfer may be predicted by more than just simply skill at
problem-solving within this domain.

3 Shallowness Detector
3.1 Label Generation

The first step towards developing a data-mined model to predict which students have
shallow learning is to create an operational definition of shallow learning that can be
used as a training label (e.g. a “ground truth” label of the construct being predicted)
for our shallowness detector. We employed data from the post-test of problem-solving
skill and the transfer test posttest to do this. We operationalized shallow learning as
the difference between a student’s problem-solving test score and their transfer test
score. Better performance on the problem-solving test than the transfer test indicates
the student has acquired basic problem-solving knowledge, but in a shallow fashion,
without the deep understanding that enables the application of that knowledge in
novel situations.

Given the approximately equal average performance on the two tests, we can take
simple percent correct on each test to assess whether a student is a shallow learner or
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not (if the tests had radically different average performance, it might be better to use
percentile rank on each test, or Z scores). As such, the present analysis treats students
who achieve higher scores on the problem-solving post-test than on the transfer test as
having shallow learning.

According to this operational definition, 24 of the 71 students in this study are
labeled as shallow learners. Of the remaining 47 students, treated as not having
shallow learning, 17 had perfect scores on both the transfer test and post-test. No
other students had the same score on the two tests. The other 30 students had higher
scores on the transfer test than the post-test. Among the 24 students labeled as shallow
learners, there was an average of a 0.14 point difference between performance on the
two tests (standard deviation = 0.10), with an average score of 0.87 on the problem-
solving post-test, and an average score of 0.73 on the transfer test.

3.2 Data Features

The next step in our process of developing a model that could automatically identify
shallow learning was to identify properties of students’ problem-solving actions in the
Cognitive Tutor that may be hallmarks of shallow learning. Towards this end, we
selected a set of action-level features based on a combination of theory and prior work
to model and detect related constructs. In particular, prior research on detectors of
transfer [8] and PFL [9] influenced our design of features. As in that work, we can
infer which students had shallow learning, using the method discussed in the previous
section; but we do not know exactly what actions are associated with the shallow
learning in advance. Hence, we take features calculated at the level of actions, and
aggregate them across actions. We do so using two kinds of computations: the
proportion of time specific behaviors occurred, and average quantitative values across
actions. The 24 features used in this analysis included two categories of basic
features, and two categories of complex features.

The first category of basic features focused on overall response time and time
spent processing tutor-provided assistance, including: (1) average response time, (2)
the average unitized response time (in standard deviations above or below the mean
for students on the current skill), (3) the proportion of actions that involved a fast
response after the student received a bug message (bug messages indicate why the
system thinks the student made an error), (4) the proportion of slow responses after a
bug message, (5) the proportion of fast responses after requesting a hint, (6) the
proportion of slow responses after requesting a hint, (7) the proportion of slow actions
after receiving a hint and entering a correct answer [cf. 25], and (8) the proportion of
fast actions after receiving a hint and entering a correct answer.

The second category of basic features focused on the content of a student action:
(9) the proportion of correct answers, (10) the proportion of help requests, and (11)
the proportion of answers that were incorrect and received bug messages.



The first category of complex features involved Bayesian Knowledge Tracing
estimates of the student’s knowledge of relevant skills and performance probabilities
[16]: (12) the average probability the student knew the skill, (13) the average
probability the student would give a correct answer according to the model, (14) fast
actions on well-known skills, and (15) slow actions on well-known skills.

The second category of complex features focused on features derived from
previous research on meta-cognition and disengagement: (16) help avoidance, the
proportion of actions where the skill was not known and help was not sought [cf. 2],
(17) the proportion of actions where the skill was known and help was not sought,
(18) fast actions not involving gaming the system [using the detector from 6], (19)
slow actions not involving off-task behavior [using the detector from 3], (20) the
average contextual probability that an error was due to slipping [cf. 4], (21) the
average contextual probability of slip among actions with over 50% probability of
being a slip (called “certainty of slip”) [cf. 5], (22) the average contextual probability
that a correct response was a guess [cf. 4], (23) the “certainty of guess”
(corresponding to certainty of slip), and (24) the average moment-by-moment
learning [cf. 7].

Some of these features relied upon cut-offs; in these cases, an optimized cut-off
was chosen using a procedure discussed in the next section.

3.3 Detector Development

We fit detectors of shallowness using step regression models. (Note that step
regression is not the same as step-wise regression.) Step regression involves fitting a
linear regression model to predict the labels of shallowness using the features of
student behavior in the tutor, and then thresholding that model’s predictions with a
pre-chosen cut-off, in this case 0.5. Within this statistical framework, all students for
whom the linear regression predicted values of 0.5 or higher are assessed to have non-
shallow learning, whereas all students for whom the linear regression predicted values
below 0.5 are assessed to have shallow learning. The choice of 0.5 is an arbitrary
standard convention (0.5 is halfway between 0 and 1); so long as the step cut-off is
chosen prior to model fitting, equal performance can be achieved for any step cut-off
(different step cut-offs are adjusted for by the constant term of the equation). Hence,
this framework takes numerical predictions of shallowness and transforms them into a
binary prediction of whether the student’s learning is shallow or not, which can be
compared to the labels initially derived from the two tests.

These detectors of shallowness are assessed using 10-fold student-level cross-
validation [18]. In 10-fold cross-validation, the data points are divided into ten groups
(in this case divided by students), each of which serves successively as a test set. That
is, for each of the ten groups, the other nine groups are used to produce a model, and
then the tenth group is used to test that model. Hence, each model’s goodness is never
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tested on the same students it was trained on, but each model is tested on every
student. Because this process does not exclude any data points (or students) from the
modeling process, cross-validation is typically preferred to holding out a test set that
is entirely excluded from model development. Cross-validated performance assesses
the model’s predictive performance when applied to new data, an indicator of the
model’s ability to generalize.

Two metrics were used as the assessment of goodness for each model: (1) A' (also
called AUC, for “Area Under [the ROC] Curve”) [19], and (2) Cohen’s [14] Kappa,
or k. A' is the probability that if the detector is comparing two students, one labeled as
having shallow learning and the other one not labeled as having shallow learning, it
will correctly identify which clip is which. A" is mathematically equivalent to W, the
Wilcoxon statistic [19]. A model with an A" of 0.5 performs at chance, and a model
with an A’ of 1.0 performs perfectly. In these analyses, A" was computed using the
AUC (area under the curve) method. Cohen’s Kappa (k) assesses whether the detector
is better than chance at identifying the correct action sequences as involving the
category of interest. A Kappa of 0 indicates that the detector performs at chance, and a
Kappa of 1 indicates that the detector performs perfectly. A’ and Kappa both
compensate for the possibility that successful classifications can occur by chance [cf.
10]. A’ can be more sensitive to uncertainty in classification than Kappa, because
Kappa looks only at the final label whereas A' looks at the classifier’s degree of
confidence in classifying an instance.

We fit two detectors. The first detector uses only the individual features discussed
above in section 3.2. Some of the features, involving proportions of specific types of
actions, depend on a threshold parameter (such as how many seconds differentiates a
“long pause” from a “short pause”); these parameters were optimized by computing
the single-feature step regression model for a range of potential thresholds (see [8] for
more details) and selecting the threshold with the best A" value. The second detector
also includes multiplicative interactions between the individual features. In order to
reduce the potential for over-fitting (where a set of features does not generalize well
to data from new students), we reduce the parameter space of both models prior to
fitting full models. The individual feature model is limited to considering features for
which a single-feature step regression model has a better value for the Akaike
information criterion (AIC [1]) than the empty model, reducing the data space from
24 features to 11 features. The multiplicative interaction model only considers the 66
interactions of those 11 features, and furthermore discards features that fail the same
Akaike test, resulting in a set of 35 multiplicative interaction features, plus 11
individual features, for a total data space of 46 features.

We used Forward Selection to find the best model for each one of the two feature
sets. In Forward Selection, the best single-parameter model is chosen, and then the
parameter that most improves the model is repeatedly added until no more parameters
can be added which improve the model. In this case, the goodness criterion for model



selection was cross-validated Kappa.
4 Results

The best-fitting models for each feature set are as follows:

Table 1: Step regression models with student-level cross-validated A' and Kappa
(higher values of model coefficients correspond to non-shallow learners)

Model
Type Model A Kappa
Multiplicative- | 2221 * SlowResponseAfterBugMsg 0.758 0.389
Interactions - 0.22 * AverageCertaintyOfSlip * AvgTime ’ ’
+1.03
34.74 * SlowResponseAfterBugMsg
No- - 1232 * AvgTimeSD 0.767 0.346
Interactions +0.6726

As can be seen in Table 1, the multiplicative-interactions model achieves moderately
better cross-validated Kappa than the no-interactions model, and slightly worse cross-
validated A'. The model with multiplicative interactions achieved an acceptable cross-
validated kappa of 0.389 (39% better than chance according to the baseline [cf. 14]).
It is worth noting that kappa values typically achieved in data mining are usually
lower than kappa values achieved in inter-rater reliability checks among human
coders; the standards are different because the goals are different. The agreement
between a data-mined model and a construct which is itself noisy will inherently be
lower than human agreement on a tightly-defined construct. The A' value for the
multiplicative-interactions model is 0.758, which indicates that the model can
differentiate a student who performs better on the problem-solving test than the
transfer test from a student who does not perform better on the problem-solving test
than the transfer test, 75.8% of the time. This level of performance on the A" metric is
typically considered to be sufficient to enable fail-soft intervention. This level of
performance is significantly better than chance, Z=-3.56, p<0.001, using the test from
[19].

The features that constitute the two models are similar, and both models are quite
simple. In both models, the first feature is slow responses after bug messages. The
positive coefficient for this feature indicates that students who pause when receiving
bug messages are less likely to be shallow learners. Bug messages in this tutor lesson
tell students about what order to complete steps in, and which information is
necessary to draw valid conclusions. As such, reflective pauses upon receiving these
messages may indicate a student trying to understand why certain information is
necessary at specific steps in the reasoning process. It seems reasonable that these
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reflective pauses would be associated with more robust learning. This feature is also
associated with a greater probability of transfer, in the same tutor lesson [8].

The second feature in both models involves average response time. This feature
has a negative coefficient in both models, indicating that in general slow response
times are associated with shallow learning. Shallow learners are not characterized by
fast guesses (which may lead to no learning at all), but just the opposite — they seem
rather to be struggling compared to students achieving robust learning. More
specifically, average response speed relative to all students enters into the individual
feature model. In the multiplicative-interactions model, response speed enters the
model as an interaction with the average certainty of slip (the probability of slip
among actions that are likely to be slips, an error despite knowing the skill). The
average certainty of slip has been previously shown to predict final tutor knowledge,
even after controlling for predictions from Bayesian Knowledge Tracing [5]; as such,
it makes sense that this feature may be related to the depth of learning. While the
more common interpretation of a slip is carelessness, an alternative interpretation is
that a slip indicates imperfect acquisition of skill, where a student’s skill knowledge
works on some problems but not on others [cf. 4]. Such lack of transfer within even
basic problem solving would be consistent with shallow learning.

5 Discussion and Conclusions

Within this paper, we have presented models that can distinguish with reasonable
accuracy whether a student has acquired shallow learning, operationally defined as
performing better on a test of the material learned in the tutor, than on a test of the
ability to transfer that skill to related problems. These models are developed in the
context of a Cognitive Tutor for Genetics, and cross-validated at the student level;
exploring this model’s generality to other learning domains and types of educational
software is an important area of future work.

The better of these models can distinguish a shallow learner from a non-shallow
learner 76% of the time, performing 39% better than chance. These models are based
on three features of the student’s interactions with the learning software, including
two found in both models: the speed of student actions, and the speed of student
responses after receiving bug messages. A third feature, probable slips during
performance, is only found in the multiplicative-interactions model. As with the
previous model of transfer [cf. 8], how students respond to evidence that they do not
understand the skill (bug messages) appears to be particularly important for modeling
shallow learning. This result is in line with theory that suggests a key role for meta-
cognition in robust learning [20]; it also suggests that student responses to bug
messages — not currently a key aspect of theoretical models of meta-cognition in
intelligent tutoring systems [cf. 2] — deserves a more prominent place in future
theoretical models.



Shallowness detectors have considerable potential usefulness for intelligent
remediation. Students who have learned the exact skills taught in the tutor but who
have not achieved robust learning are a group especially in need of remediation.
Traditional student modeling methods are likely to fail to provide them any
remediation, as they have learned the skills being taught by the tutor and can
demonstrate that skill. A detector of shallow learning can identify these students and
offer them remediation specific to their needs, helping a student to build on his or her
procedural knowledge to achieve the conceptual understanding necessary for future
use of their knowledge. Thus, we view this detector as a second step — building on
the first step of transfer and PFL detectors — towards educational software that can
predict and respond automatically to differences in the robustness of student learning,
an important complement to ongoing research on designing educational software that
promotes robust learning [cf. 11, 13, 23, 24, 26].
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