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Abstract. This paper describes two types of Conceptually Grounded Learning
Activities designed to foster more robust learning in the Genetics Cognitive Tutor: interleaved worked examples and genetic-process reasoning scaffolds. We
report three empirical studies that evaluate the impact of these learning activities on three diverse genetics problem-solving topics in the tutor. We found that
interleaved worked examples yielded less basic-skill learning than conventional
problem solving, unlike many prior ITS studies of worked examples. We also
found preliminary evidence that scaffolded reasoning tasks in conjunction with
conventional problem solving leads to more robust understanding than conventional problem solving alone. Implications for the use of contextually grounded
learning activities are discussed.

1

Introduction

Problem solving is an essential learning activity across STEM courses. Successful
problem solving results in “robust” understanding, grounded in conceptual domain
knowledge, that transfers more readily to related problem situations, that is wellretained by students, and that affords more efficient or effective future learning [1].
One of the well-documented risks in problem solving, across STEM domains, is that
students can develop superficial knowledge that fails these tests of robust learning. In
particular, when students are not well-prepared for problem solving, they can develop
problem solving knowledge which focuses on surface elements in problem situations,
formal representations, and features of the learning environment itself [2].
This paper describes two types of Conceptually Grounded Learning Activities
(CGLAs) we have developed to support more robust learning in an intelligent tutoring
system for genetics problem solving, and we report the results of three studies that
evaluate the impact of these new CGLAs across three problem-solving topics. These
two activities are interleaved worked examples, and reasoning scaffolds that link underlying genetics processes with problem solving logic.
Worked Examples. It is well-documented that integrating worked examples with
problem solving serves to decrease total learning time and yields improved learning
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outcomes.[3], [4]. Recently, several studies have examined the benefits of incorporating worked examples into intelligent tutoring systems (ITSs) for problem solving
across a variety of STEM domains [5-10]. In these ITS studies, the chief benefit of
incorporating worked examples has been to reduce learning time for a fixed set of
activities compared to problem solving, but unlike the classic worked-example literature, these ITS studies generally do not find that the use of worked examples leads to
more accurate posttest performance than problem solving alone. Similarly, the evidence that students learn more deeply when worked examples are integrated into ITSs
is mixed at best, although [9] found some evidence of greater conceptual transfer in
one of two studies. This paper examines the impact of interleaved worked examples in
an ITS for genetics problem solving.
Reasoning Scaffolds. Genetics problem solving is characterized by abductive reasoning. In contrast with deductive hypothesis testing, abductive reasoning starts with a set
of observations and reasons backwards to infer processes that produced the data (e.g.,
whether a crossover has occurred between two genes during meiosis). This reasoning
task is challenging and there is a risk of shallow learning, since students can learn to
solve these types of problems algorithmically, based on the formal properties of the
problem representations, without reference to the underlying genetics. As a result, we
have developed process modeling tasks and solution construction tasks that are designed to precede standard genetics problem-solving tasks and to ground students’
problem-solving knowledge in the underlying genetics prior to problem solving.
These two types of CGLAs have been developed for three topics in an existing
Cognitive Tutor for genetics problem solving [11], which has been successfully piloted in both high school and college classrooms. In the following sections we describe these three problem-solving tasks and the new CGLAs, and report results
across three studies that examine the impact of these CGLAs on learning.
1.1

The Domain and Learning Activities

Because of its foundational place in the biological sciences, genetics is a large and
growing component of high school biology courses, but it is also viewed as one of the
hardest topics in biology by both students and instructors, at the secondary and the
post-secondary level. We developed and evaluated CGLAs for three types of genetics
problems that represent a diverse range of reasoning tasks: Three-factor crosses, gene
interaction, and basic pedigree analysis.
Three-Factor Cross (3FC) Problems. Fig. 1 displays the GCT interface near the
end of a three-factor cross problem. In these gene-mapping problems, students reason
about how crossovers in meiosis reveal the relative positions of genes on a single pair
of chromosomes. In each problem, two organisms are crossed, e.g., two fruit flies, and
students analyze the relative frequencies of three phenotypic traits among the offspring (displayed in the table on the left of Fig. 1). Each trait is controlled by a single
gene and the three genes are located on the same pair of chromosomes. Based on relative frequencies, students infer the order of the three genes on the chromosomes and
the relative distance between the three genes.

The basic problem-solving procedure is constant in these problems. The offspring
phenotypes fall into four groups and students identify the largest group and smallest
group, then identify the middle gene by finding the gene the has switched over relative to the other two, between the two groups. Then students calculate three arithmetic
expressions to find the map distances among the pairs of genes.

Fig1. The GCT interface near the conclusion of a 3FC problem.
Gene Interaction and Epistasis (GIE) Problems. These problems extend basic
principles of Mendelian transmission to traits controlled by two genes. Fig. 2 displays
the GCT interface at the end of a problem. Each problem presents three true-breeding
strains of an organism and in each of the three columns across the screen, students
cross pairs of strains and intercross the resulting offspring. Based on the ratios of the
observed offspring phenotypes, students infer the genotypes of the true-breeding
strains and infer the genotype of each of the offspring groups in each of the crosses.
Four distinct phenotypes are possible for traits with two genes, but given the different ways two genes can interact, only two or three phenoyptes may be observed. In
these problems students reason about both the number of phenotypes, and their relative frequencies, to determine the alleles of each gene that underlie each phenotype.

Fig2. The GCT interface at the conclusion of a GIE problem.

Basic Pedigree Analysis (BPA) Problems. Fig. 3 displays a GCT pedigree analysis
problem. Each problem displays a family tree, including some individuals who are
affected by a rare trait. Females are represented as circles and males as squares. In this
family, a single male is affected by the rare trait, as represented by the dark square.
The student’s task is to determine whether this genetic trait is dominant or recessive,
and whether it is X-linked, or transmitted on one of the autosomal chromosomes. The
main challenge is to identify the pedigree configurations that identify different transmission modes. Six different conclusions are possible since sometimes the linkage,
and/or dominance cannot be determined, and each problem consists of just 2 steps.

Fig. 3. The GCT Interface for Basic Pedigree Analysis at the end of a problem.

Worked Examples.
There is a substantial risk of shallow learning in genetics problem solving. In pedigree analysis, for example, students can memorize that when two unaffected parents
have an affected child, the trait must be recessive, without any understanding of how
the properties of the underlying genetics processes support that conclusion. In this
project we developed worked example learning activities to explicitly ground students’ understanding of problem solutions in the underlying genetic processes. In each
case, the worked example interface is constructed around the original problem-solving
interface, but includes menus in which students explain the solution steps. As in all
Cognitive Tutor activities, students receive accuracy feedback on each menu selection
and can ask for help as needed for each menu.
In the 3FC and GIE worked examples, students use two menus to explain each
problem-solving step. In the first menu, students describe the features of the empirical
evidence that warrant the conclusion, and in the second, they describe why that evidence supports the conclusion based on the underlying genetic processes. The BPA
worked examples interface is slightly different, since complex reasoning is packed
into just two total steps. In BPA, two menus are used to describe the key pattern in the
pedigree that supports both transmission conclusions, and three menus explain how
the evidence supports the conclusions based on the underlying genetics. Screenshots
of these WE activities, and the SR activities described in the following section, can be
viewed at www.cs.cmu.edu/~genetics/CGLA.html.

Scaffolded Reasoning. We also developed activities to directly engage students in
reasoning about the genetic processes underlying the three types of problem solving
tasks. As in all Cognitive Tutor activities, students receive accuracy feedback on each
step and can ask for help on each step in these activities.
For the 3FC and GIE topics we developed separate Forward Modeling and Solution Contruction CGLAs. In abductive reasoning students are given empirical evidence and asked to infer the genetic process that generated the data. In the Forward
Modeling tasks, students are given the initial state of a genetic process, and model
how the process unfolds to generate empirical data. For example, in 3FC, students are
given the ordering and distances among the alleles on the parental chromosomes and
model how recombination in meiosis gives rise to offspring phenotypes.
These Forward Modeling activities were coupled with Solution Construction in
which students are given both the empirical evidence in a typical problem and the
initial state of the underlying process that generated the evidence, and reason through
the abductive logic that connects the evidence to the known underlying genetics.
The scaffolded reasoning task was again different for the PA analysis problems. Pilot research showed that students understand the basic transmission genetics that underlie pedigree analysis, so we developed a single Solution Construction activity that
scaffolds students’ use of that knowledge in solving PA problems. Each problem in
this task presents the phenotypes of three family members, two parents and a child.
For each of the four possible modes of transmission (autosomal recessive or dominant, X-linked recessive or dominant), the students indicate what the underlying genotype of each family member would have to be, given their phenotypes, and whether
the observed pattern of phenotypes is possible under each of the four modes of transmission (i.e., whether the parents have the alleles the child must inherit). Finally, the
student summarizes which modes of transmission are possible for the observed phenotype pattern and what final conclusion can be drawn.

2

The Studies

Each study included three conditions defined by the activities described above: a
standard problem solving baseline condition (PS), an interleaved worked example
condition (WE), and a scaffolded reasoning (SR) condition. Each of the studies included a fourth condition, but these conditions varied across the three studies and are
not reported here. A more complete report of all four conditions in the BPA study
appears in [12].
The three study procedures varied in specifics, but shared this general structure:
• High school students enrolled in biology courses were recruited through newspaper
ads and classroom handouts to participate in the studies.
• The studies were conducted in CMU computer labs and students participated in
sessions on two successive days, with each session lasting 2 or 2.5 hours.
• Prior to working with the GCT, students completed a conceptual knowledge pretest
and a problem solving pretest.

• After using the GCT, students completed a problem solving posttest and two measures of robust learning: a transfer posttest and a preparation for future (PFL) learning posttest.
Across the three studies, a total of 163 high school students participated in the three
treatment conditions reported here. Forty-two students participated in the three-factor
cross study; seventy-four students participated in the gene interaction study and fortyseven students participated in the pedigree analysis study. The students participating
in each study were randomly assigned to a treatment group.
2.1

Design

The three conditions in each study were defined by students’ Cognitive Tutor learning
activities in the first study session.
• Basic Problem Solving (PS): Students in all three studies only completed standard
GCT problems during the first session.
• Interleaved Worked Examples (WE): Students completed a problem set in which
worked example problems were interleaved with standard problems to solve.
• Scaffolded Reasoning (SR): Students completed a block of scaffolded reasoning
problems in each study, to prepare them for more robust problem solving. (Students in the 3FC study spent all their time on SR activities in the first session. Students in the GIE and BPA studies spent about 2/3 of their Cognitive Tutor time on
SR activities in the first session, followed by standard problem solving)
Students in all conditions within each study concluded their activities with the same
block of standard GCT problems to solve.
Students in the 3FC and GIE conditions completed their condition-specific Cognitive Tutor learning activities in the first session. In the second session, students completed a common set of standard Cognitive Tutor problems, followed by the three
posttests. The PA problems are intrinsically shorter and students completed all their
PA learning activities, including the common block of standard PA problems during
the first session. They completed the basic problem solving and transfer posttest the
first day and completed their PFL posttest at the beginning of the second session,
(followed by additional unrelated Cognitive Tutor activities and tests).
2.2

Tests We developed four types of paper-and-pencil tests for each study:

• Problem Solving Tests: Three forms of a basic problem-solving test were developed for each study. Each student received different forms as the pretest and posttest, with each form serving as the pretest for 1/3 of the students and a posttest for a
different 1/3 of the students in each condition.
• Conceptual Knowledge Tests: A conceptual knowledge pretest was developed for
each study to assess students’ understanding of the genetic processes that underlie
the problem-solving task.

• Transfer Tests: A transfer test was developed for each study, challenging students
to extend their understanding to novel, related problem situations without further
instruction.
• Preparation for Future Learning (PFL): A PFL test was developed for each
study. Each test presented 2-3 pages of instruction on a new, but related problemsolving task that builds on the genetics knowledge students were acquiring, then
asked students to solve problems.
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Results

Table 1 displays mean accuracy (probability correct) for the tests administered in the
three studies. Students’ pretest scores are displayed in the two left columns. Average
scores on the conceptual knowledge pretest (CK) varied across studies, but varied
little across conditions overall. In an ANOVA with study and condition as factors, the
main effect of study was significant, F(2,154) = 168.51, p < .01, but the main effect of
condition, and interaction of condition and study were not significant.
Table 1. Student test accuracy (probability correct).
Pretests p(C)
CK
PS1

PS2

Posttests p(C)
PS gain
Transfer

Overall
SR
WE
PS

0.60
0.58
0.61

0.32
0.26
0.27

0.53
0.51
0.60

0.21
0.25
0.33

0.51
0.45
0.46

0.56
0.47
0.54

3FC
SR
WE
PS

0.49
0.47
0.54

0.14
0.15
0.17

0.43
0.53
0.65

0.29
0.38
0.48

0.54
0.55
0.51

0.67
0.58
0.75

GIE
SR
WE
PS

0.40
0.35
0.37

0.35
0.15
0.21

0.68
0.43
0.67

0.33
0.28
0.46

0.46
0.35
0.38

0.65
0.51
0.55

PA
SR
WE
PS

0.92
0.92
0.91

0.47
0.49
0.43

0.47
0.56
0.48

0.00
0.07
0.05

0.54
0.46
0.47

0.36
0.31
0.34

PFL

Average scores on the Problem Solving pretest (PS1) were much lower overall and
again varied across studiess. In an ANOVA, the main effect of study was again significant, F(2,154) = 44.50, p < .01. The main effect of condition was not significant
but the interaction of study and condition was significant, F(4,154) = 3.04, p < .05, so
we treat problem solving pretest score as a covariate in all subsequent ANCOVAs.

Posttest Scores. Students’ scores on the basic problem solving posttest, pretest-toposttest learning gains, and two robust learning posttests are displayed in the four data
columns at the right of Table1. As can be seen at the top of the table, students in the
conventional problem solving condition are performing about 15% better overall on
the basic problem-solving test than the other two groups (0.60 vs. 0.52) and the learning gains in the PS group are about 43% larger than in the other two groups (0.33 vs
0.23). However, students in the SR condition score about 13% better on the transfer
tests than students in the other two groups (0.51 vs. 0.45), while on the PFL tests the
WE group performs about 14% worse than the other two groups (47% vs 55%).
We performed an ANCOVA on the posttest results, with the three tests as a repeated measure, and study and condition as factors. The most important finding is that
the interaction of test type (PS2, transfer & PFL) and condition is significant F(4, 306)
= 3.11, p < .05. The main effect of study is also significant, F(2,153) = 34.94, p < .01;
scores in the pedigree analysis study were substantially lower than in the other two
studies. (The main effect of study is significant in all subsequent ANCOVAs at the
.01 level; and is not reported separately for subsequent ANCOVAS.) The interaction
of study and condition is not significant, while the interaction of test type and study is
significant, F(4,306) = 12.16, p < .01 Finally, the three way interaction of test type,
study and treatment condition is significant, F(8,306) = 2.21, p < .05.
Basic Problem Solving Posttests. Further analyses confirm that the PS condition generally led to better acquisition of basic skill than the other conditions. We performed
an ANCOVA on the problem-solving posttest alone, and the main effect of condition
is significant, F(2,153) – 4.01, p < .05. The advantage of PS condition is strongest in
the 3FC study and weakest in the BPA study, and this interaction of study and condition is marginal, F(4,153) = 2.14, p < .08.
We also performed an ANCOVA on basic problem solving scores for each pairwise comparison. For the PS and WE conditions, the main effect of condition is significant F(1,103) = 4.44, p < .05, while the interaction of condition and study is again
marginal, F(2,103), 2.38, p < .10. For the PS and SR conditions, the main effect of
condition is again significant, F(1,101) = 7.25, p < .01, while the interaction of study
and condition is not significant. Finally, comparing the WE and SR conditions, the
main effect of condition is not significant, while the interaction of study and condition
is marginal, F(2,101) = 2.41, p < .10.
Robust Learning Posttests. Finally, we performed an ANCOVA with the two robust
learning measures as a repeated measure and the main effect of condition was not
significant in this analysis. The only significant result in this ANCOVA was the interaction of test type and study, F(2,152) = 17.52, p < .01,
However, an inspection of the scores in the individual studies in Table 1 show that
in five of six robust learning comparisons, performance in the SR group is higher than
in the PS group. Performance in the SR condition is also higher than in the WE condition in five of six comparisons. Both of these patterns are marginally significant in a
binomial test, p = .094.

Session 1 Total Time. Table 2 displays the average time spent on Session 1 GCT
learning activities. As can be seen, students completed the GCT tasks more quickly in
the PA study than in the other studies. Within each study, however, the session-1
GCT learning activities were designed to hold time on task constant. Across the three
studies, students in the PS and WE conditions spent similar amounts of time on the
tutor activities, and students in the SR condition spent about 5% more time.
Table 2. Total time for Session 1 GCT learning activities (min.) .

3FC
PS
51

4

WE
58

GIE
SR
53

PS
52

WE
50

BPA
SR
55

PS
26

WE
23

SR
27

Discussion and Conclusions

In this paper, we present three studies on the use of Cognitively Grounded Learning
Activities (CGLAs) in a Cognitive Tutor for Genetics, comparing two CGLAs to a
baseline problem-solving condition. While the baseline problem-solving condition led
to better acquisition of problem-solving skills than the worked examples or scaffolded
reasoning conditions, these studies provide preliminary evidence that reasoning scaffolds that explicitly ground students’ problem-solving knowledge in the underlying
genetic processes lead to more robust understanding. The benefits in these studies are
relatively small; the reasoning scaffolds led to roughly 15% better performance on
robust learning measures for GIE and BPA while having little impact for 3FC. Genetic process scaffolding may be less useful in 3FC cross problems because the underlying process in that task is itself relatively simple and the problem-solving procedure
is constant across 3FC problems. The underlying genetics processes in the other two
domains are more complex and student reasoning varies more across those problems.
Therefore grounding student reasoning in the underlying genetic processes may only
be helpful when such variation is present
Perhaps the most surprising result across these studies is that interleaved worked
examples led to smaller learning gains for basic problem solving than standard problem-solving activities, in contrast with earlier studies of integrated worked examples
in intelligent tutoring environments. This may be because the purpose of the explanations in the present studies are somewhat different than in earlier ITS studies. In these
genetics studies, the purpose of the explanations is not just to help students refine
their understanding of the problem solving steps, but also to ground the problemsolving steps in an underlying causal process model. It may be that this objective is
too ambitious to graft onto the problem solving process with explanations; doing so
may instead interfere with refining basic problem-solving skills. Hence, the preliminary conclusion from these studies is that students may be more likely to benefit from
reasoning about underlying causal models when that experience takes the form of
explicit scaffolded-reasoning learning activities that precede problem solving.
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