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Abstract
Studies of educational games often treat them as “black boxes” (Black and Wiliam in Phi 
Delta Kappan 80: 139–48, 1998; Buckley et  al. in Int J LearnTechnol 5:166–190, 2010; 
Buckley et  al. in J Sci Educ Technol 13: 23–41, 2010) and measure their effectiveness 
by exposing a treatment group of students to the game and comparing their performance 
on an external assessment to that of a control group taught the same material by some 
other method. This precludes the possibility of monitoring, evaluating, and reacting to the 
actions of individual students as they progress through the game. To do that, however, one 
must know what to look for because superficial measures of success are unlikely to identify 
unproductive behaviors such as “gaming the system.” (Baker in Philipp Comput J, 2011; 
Downs et  al. in Proceedings of the SIGCHI Conference on Human Factors in Comput-
ing Systems, USA, 2010) The research reported here advances the ultimate goal of creat-
ing educational games that can provide real time, meaningful feedback on the progress 
of their users, enabling teachers or the game itself to intervene in a timely manner. We 
present the results of an in-depth analysis of students’ actions in Geniventure, an interac-
tive digital game designed to teach genetics to middle and high school students. Geniven-
ture offers a sequence of challenges of increasing difficulty and records students’ actions as 
they progress. We analyzed the resulting log files, taking into account not only whether a 
student achieved a certain goal, but also the quality of the student’s performance on each 
attempt. Using this information, we quantified students’ performance and correlated it to 
their learning gain as estimated by scores on identical multiple-choice tests administered 
before and after exposure to Geniventure. This analysis was performed in classes taught 
by teachers who had participated in professional development as part of a research pro-
ject. A two-tailed paired-sample t-test of mean pre-test and post-test scores in these classes 
indicates a significant positive difference with a large effect size. Multivariate regression 
analysis of log data finds no correlation between students’ post-test scores and their perfor-
mance on “practice” challenges that invite experimentation, but a highly significant posi-
tive correlation with performance on “assessment” challenges, presented immediately fol-
lowing the practice challenges, that required students to invoke relevant mental models. We 
repeated this analysis with similar results using a second group of classes led by teachers 
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who implemented Geniventure on their own after the conclusion of, and with no support 
from, the research project.

Keywords Modeling · Science education · Logging · Assessment

1  Introduction and Theoretical Framework

A voluminous body of science education research has demonstrated the importance of sup-
porting students in the formation of mental models of target concepts (Bransford et  al., 
2000; Fishwick et  al., 2014; Harrison & Treagust, 1996; Hestenes, 2015; White, 1993; 
Wright, 2012). Simulations of relevant phenomena and processes have proven effective in 
achieving this goal (Bossel, 2018; Fishwick et  al., 2014; Horwitz, 1995; Perkins, 2020), 
particularly when coupled to appropriately scaffolded sequences of challenges (Franklin 
et al., 2009; Mayer, 2016; White, 1993) in which case they are often referred to as “seri-
ous games.” (de Freitas, 2018; Noemí & Máximo, 2014; Riopel et  al., 2019). Properly 
designed, such games can engage students in authentic STEM practices such as problem 
solving and model formation. Moreover, by logging and analyzing students’ actions we can 
adapt games for “stealth” assessment (Gobert et al., 2013; Pellegrino & Quellmalz, 2010; 
Shute, 2011; Shute & Ventura, 2013, 2015) of students’ learning.

However, merely analyzing a student’s success or failure within the structure of a game 
intended to teach certain concepts cannot necessarily be considered a valid measure of 
understanding those concepts. Students can succeed at a game that is intended to teach a 
certain set of concepts without actually learning them (Annetta et al., 2009; Baker et al., 
2009, 2013; Horwitz & Christie, 2000), a process sometimes referred to as “gaming the 
system.” The term implies purposeful actions by a student seemingly designed to avoid 
learning the target content, but the behavior needn’t be intentional. There is evidence that 
students can succeed at a game without really understanding why they have succeeded 
(Aleven et al., 2010; Horwitz & Christie, 2000). When this happens the knowledge they 
acquire is superficial and narrowly contextualized within the parameters of the game. Thus, 
it fails to transfer and does not contribute to success on other forms of assessment of con-
tent knowledge.

There is a pressing need, therefore, to distinguish between in-game performance that 
implies content mastery and that which is attributable to the acquisition of contextualized 
skills that convey success in achieving the objectives of the game but do not correlate with 
conceptual understanding of the STEM concepts underlying the game. In this paper we 
demonstrate that this goal can be achieved by designing game challenges wherein success 
requires that students form mental models of the target concepts. We compare two types of 
superficially similar challenges. The practice challenges enable students to become famil-
iar with the user interface and to improve their in-game skills. These challenges offer stu-
dents the opportunity to develop a mental model of an underlying STEM concept, but do 
not require such a step for success. Immediately following each practice challenge, how-
ever, we present a corresponding assessment challenge designed to test students’ access to 
just such a mental model.

We measure students’ learning gain by comparing their scores on identical assessments 
of STEM content delivered before and after exposure to the game (Pellegrino, 2014). This 
assessment parallels the Geniventure curriculum but introduces novel species and traits. It 
contains some items that relate to the practice and assessment challenges as well as others 
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taught by the game but only indirectly related to those particular challenges. Notwithstand-
ing the presence of these far transfer items we hypothesized that students’ performance 
on the assessment challenges should correlate with their learning gain because success on 
those challenges is an indication of model building, which has been shown to correlate 
with content mastery. In contrast, we expected to find a significantly weaker correlation, or 
none at all, with performance on the practice challenges, which prioritize highly contextu-
alized in-game skills.

Our target domain is genetics, specifically transmission genetics: the study of how a sex-
ually reproducing organism’s physical traits are related to the traits of its parent organisms, 
and the mechanism by which those traits are inherited. Geniventure addresses this subject 
matter in general. In contrast, the key construct addressed in this paper is the mapping 
between an organism’s genes—its genotype—and the collection of its observable traits—
its phenotype. This mapping is not one-to-one in that pairs of genes act in concert to affect 
phenotype, nor is it unique: different traits have different mappings. Geniventure addresses 
this issue by providing students with a sequence of similar challenges, described below, 
involving traits with increasingly complex modes of inheritance. Performance on this set of 
challenges, and ultimately their performance on a post-test, forms the focus of the research 
presented here.

2  Description of the Intervention

Geniventure introduces students to genetics principles and requires problem solving in 
concert with a growing understanding of genetics (McElroy-Brown & Reichsman, 2019; 
Mutch-Jones et al., 2021; Rachmatullah et al., 2021). The game involves a narrative about 
dragons and their model species, drakes, in which a war has broken out between kingdoms, 
endangering the dragon population. The goal is for each player to breed drakes to learn 
about the genetics of certain dragon traits that would be useful during the war. A diverse 
cast of characters in a scientific Guild present a total of 65 challenges organized into mis-
sions of three to eight related challenges (Fig. 1).

As students progress through the game, each of their actions generates an array of 
parameters that are saved in a log file. For example, an action that alters a gene will report 
the specific gene that was changed and the initial and final alleles (variants) of that gene. 
Since all the actions are time-stamped, the information contained in each log file is suffi-
cient to enable the complete reconstruction of the session.

We employ a correlational research design (Asamoah, 2014; Steinkamp & Maehr, 1983; 
Thompson et al., 2005) based on two delayed cohorts both of which used identical versions 
of the game and assessments. The research cohort (Rachmatullah et  al., 2021) consists 
of six high school teachers and their students who implemented the intervention during 
the spring of 2019. The teachers had all participated in the National Science Foundation-
funded project that created Geniventure and had had experience with similar earlier ver-
sions of the genetics game. All of them had attended a three-day workshop held during the 
summer of 2018 that included sessions on genetics, guidance on implementation strategies, 
and an introduction to supplementary materials such as worksheets and student handouts. 
The teachers in this group were observed by research staff on multiple occasions during the 
implementation (Mutch-Jones et al., 2021; Wu et al., 2019) and were asked to complete an 
online survey after each implementation day. They could submit help requests as needed 
and these were addressed by project staff, generally within 24 h.
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In addition to the teachers who participated in the research and were supported as 
described, an extended cohort of teachers used Geniventure on their own during the 
2019–2020 school year, after the research phase of the project had ended. These teach-
ers received no professional development or other services from us, and we had no com-
munication with them other than answering occasional requests for technical assistance. 
They had access to the same worksheets and discussion guides that had been provided 
to the research teachers, and also to an online course created late in the project cycle 
and thus not available to teachers in the research cohort. The teachers in this extended 
cohort represented over 400 schools and taught almost 20,000 students (though, as 
described below, we limited our data analysis to just 433 of them). These teachers were 
not requested to provide information concerning the nature of the school they taught in 
or the level of their classes. Although extended cohort teachers were by definition self-
selected, their experience with the intervention and that of their students offers the best 
evidence we have regarding the long-range impact of the research project.

All of the teachers in the research cohort were required to administer identical 
assessments to their students before and after their engagement with Geniventure. The 
extended cohort teachers were under no such constraint but twenty-two of them chose 
to do so anyway. We limited our analysis to those teachers. The 2019–2020 school year 
was cut short by the appearance of the COVID-19 virus, which necessitated the shut-
ting down of schools across the country. Consequently, we limited our analysis of the 
extended cohort data to students who completed the intervention prior to April 2020. 
For both cohorts we excluded from our analysis any students who had not completed 
all the relevant challenges in the game or had not answered at least 95% of the items on 
both the pre-test and the post-test. Consequently, the length of time that students spent 
with the game was comparable across cohorts. After filtering with these criteria, we 
ended up with 338 students from the research cohort and 433 from the extended cohort.

Fig. 1  The Geniventure narrative unfolds as the students level up through the challenges. A cast of scien-
tists guide students through the game with instructions and hints
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3  Research Design

3.1  Research Questions

By nalysing log files and pre- and post-test scores, we sought answers to the following 
research questions:

1. Is there evidence that both the research cohort and the extended cohort learned the target 
content?

2. Is there a significant difference between the practice challenges and the assessment 
challenges with respect to how well they predict the post-test score?

3. Are there significant differences between the research cohort and the extended cohort 
with respect to how well the target match challenges predict the post-test score?

3.2  Methodology

Geniventure presents students with 65 challenges, each requiring multiple steps to solve. At 
any given time the student is faced with a choice of actions to initiate. Some are productive 
in that they move the student closer to the goal, some are counterproductive, and some are 
simply redundant. Students’ ability to discriminate between these possibilities, informed by 
their understanding of the underlying genetics, can be estimated by abelled their actions. 
We applied this strategy to a subset of challenge types: the target match challenges. Both 
types focus on a specific aspect of genetics: the mapping between genotype and phenotype, 
which is the target construct for this research.

The 22 target match challenges share a common goal: to change a given drake’s genes 
from one allele to another in order to make it look like a target drake, randomly generated 
at the start of the challenge. When the student thinks she has achieved the goal, she submits 
her drake for inspection. The genotypes of the two drakes need not match – indeed, the 
target drake’s genotype is not revealed to the student. All that is required is that the pheno-
types and sexes of the submitted and target drakes be identical.

The challenges also set a subsidiary goal—to achieve a match with as few actions, 
called “moves” in the game, as possible, where a move is defined as either an allele change 
or a sex chromosome change (e.g. from two X chromosomes to an X and a Y). The mini-
mum number of moves required to change the given drake to match the target drake is 
calculated by the game, based on the phenotype of the target drake and the initial genotype 
of the given drake. If the student produces the target drake using no more than two moves 
over the theoretical minimum, she is rewarded with a crystal, the color of which denotes 
how successful she was. Achieving a match with the minimum number of moves results 
in a blue crystal—the most prized of all. One excess move results in a yellow crystal, two 
excess moves and the crystal is red. Matching the target drake with more than two moves 
over the minimum is counted as a completion but produces no crystal at all. If the drakes 
do not match, students continue the challenge with the same target drake; if they do match, 
the students are offered an opportunity to try to achieve a better crystal color by revisiting 
the challenge with a different target drake.

The target match challenges occur in four clusters throughout the game, separated 
by challenges of other types. Each cluster starts with the given drake continuously vis-
ible to the student, changing its appearance (or not) after a move, in accordance with a 
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scientifically realistic inheritance pattern that is not explicitly presented to the student. 
In this practice “visible drake” condition students can make as many moves as they like, 
observing the effect and only submitting their drake when it looks exactly like the tar-
get drake. After two or more challenges with a visible drake, the immediately follow-
ing challenges change to a “hidden drake” condition: the given drake is now contained 
inside an egg and only becomes visible when the drake is submitted and the egg hatches 

Fig. 2  Top: visible drake target match challenge. “Your Drake” is the given drake with alleles that can be 
changed by the student. Students see the effect, if any, of an allele change (called a “move” in the game) 
immediately, and can visually compare the given drake to the target drake before submitting it as a match 
(“Check Drake” button). Bottom: hidden drake target match. The given drake is encased in its egg and stu-
dents must apply a correct mental model of the genotype-to-phenotype mapping in order to avoid making 
redundant or unproductive moves. Students can view the outcome only after “hatching” the drake, which 
submits the alleles they have chosen. Student performance is scored using colored “crystals”
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(see Fig.  2). Thus, in the assessment condition students cannot observe the effect of 
their actions but must apply their knowledge of the mapping between genotype and 
phenotype. The transition from the practice (visible) to the assessment (hidden) condi-
tion repeats in each of the four clusters of challenges throughout the game, each recur-
rence involving a different set of traits and a more complex mapping from genotype to 
phenotype.

The outcomes of the target match challenges are not limited to “correct” or “incor-
rect.” On each correct submission, the color of a crystal received is an indication of how 
well the student succeeded, that is, how efficiently they made their moves to match the 
target. The crystal color, therefor, is not an arbitrary measure; it is an indicator of the 
student’s understanding of the genetics involved in each challenge.

We illustrate this point by a simple example. The presence or absence of wings is a 
trait controlled by a single gene that occurs in two different forms, or alleles, abelled, 
respectively, “Wings” and “Wingless.” But wings are a dominant trait, meaning that it 
only takes one “Wings” allele to give the drake wings. So if the target drake has wings 
and the manipulable drake has two “Wingless” alleles, the student can match the target 
by altering one or both genes, but only needs to alter one. Altering both genes, which 
entails an unnecessary move, is evidence of an incomplete understanding of the geno-
type-to-phenotype mapping for the wings gene, and will result in an inferior crystal. In 
the alternative situation, if the target drake is wingless and the manipulable drake starts 
with two “Wings” alleles, the student must change both genes to “Wingless” in order to 
achieve a match. Although students can of course make lucky guesses or careless mis-
takes, the minimum move requirement for multiple challenges serves as a measure of 
their grasp of this classic Mendelian inheritance pattern.

3.3  Data Analysis

To support the analysis of students’ actions, we developed a rubric that assigns a sin-
gle numerical score, ranging from zero to five, to each target match challenge. The 
rubric takes into account the best crystal color awarded to the student and the number 
of attempts the student made to receive that crystal. (In the rare event that a student 
attempted the challenge again after receiving a blue crystal, the “extra” attempts were 
not counted in computing the score.) The scoring rubric is summarized in Table 1.

Table 1  Challenge scores as a 
function of attempts and best 
outcome

a Outcomes key. Blue crystal: minimum number of moves. Yellow 
crystal: one excess move. Red crystal: two excess moves. None: more 
than two moves over the minimum results in no crystal. Incorrect: no 
correct drake was submitted and no crystal was received

Outcomea 1 attempt 2 attempts 3 attempts > 3 attempts

Blue 5 3 1 0
Yellow 4 2 0 0
Red 3 1 0 0
None 2 0 0 0
Incorrect 0 0 0 0
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3.4  Research Question 1: Is There Evidence that both the Research 
and the Extended Cohort Learned the Target Content?

To answer our first research question we performed a two-tailed, paired-sample t-test on the 
means of the pre- and post-test, which consisted of 27 identical items. The results of this test 
are summarized in Table 2.

There is a significant difference between the means of the pre-test and post-test scores, and 
thus evidence of learning, in the research cohort. The Cohen’s d statistic of 0.832 is generally 
considered to represent a large effect size (Thalheimer & Cook, 2002).

An identical analysis of the extended cohort data yields similar results, as reported in 
Table 3.

There is a significant difference between the means of the pre-test and post-test scores, and 
thus evidence of learning, in the extended cohort. The Cohen’s d statistic of 0.574 is generally 
considered to represent a medium effect size (Thalheimer & Cook, 2002).

Table 2  Results of a t-test of the 
pre- and post-test means of the 
research cohort

Mean Standard 
devia-
tion

Pre-test 10.5 0.067
Post-test 14.9 0.076
n 338
Pearson correlation 0.619
t statistic 19.1
t critical two-tailed 1.97
P (two-tailed) < .001
Cohen’s d 0.832

Table 3  Results of a t-test of the 
pre- and post-test means of the 
extended cohort

Mean Standard 
devia-
tion

Pre-test 12.3 0.051
Post-test 14.9 0.045
n 433
Pearson correlation 0.663
t statistic 14.3
T critical two-tailed 1.97
P (two-tailed) < .001
Cohen’s d 0.574
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3.5  Research Question 2: Is There a Significant Difference Between the Practice 
Challenges and the Assessment Challenges with Respect to How Well They 
Predict the Post‑test Score?

We evaluated the predictive power of the target match challenge scores in both practice (vis-
ible drake) and assessment (hidden drake) conditions. Having established the absence of col-
linearity as well as the normality of the residuals, the criteria for the validity of ordinary least 
squares estimation (Hutcheson, 2011), we performed a multiple regression with the students’ 
post-test scores as the dependent variable and their pretest scores and their mean challenge 
scores (across the four challenges) in the two conditions as independent variables. These 
results are reported in Table 4 for the research cohort (n = 338) and Table 5 (n = 433) for the 
extended cohort.

As seen in Tables 4 and 5, the post-test score is significantly correlated with the pre-test 
score (as expected) in both cohorts. In addition, the post-test score for both cohorts is also 
significantly correlated with the mean assessment (hidden drake) challenge score but not with 
the practice (visible drake) challenge score. F tests for both cohorts were highly significant 
(F = 89.8, p < 0.001 for the research cohort, F = 165, p < 0.001 for the extended cohort), indi-
cating that the model with these three independent variables fits the data significantly better 
than the mean alone. Moreover, for both cohorts the regression coefficient of the mean assess-
ment challenge score is highly significant, whereas the correlation coefficient for the mean of 
the practice challenge scores is not. In other words, controlling for pretest score, the assess-
ment challenge score predicts the post-test score but the practice score does not.

Table 4  Results of a multiple regression of data from the research cohort using post-test score as the 
dependent variable

Independent variable Regression coef-
ficient

Standard error t statistic P value

Pre-test score 0.523 0.0483 10.8 < 0.001
Mean practice challenge score 0.336 0.506 0.662 0.508
Mean assessment challenge score 1.73 0.334 5.19 < 0.001

Table 5  Results of a multiple regression of data from the extended cohort using post-test score as the 
dependent variable

Independent variable Regression coef-
ficient

Standard error t statistic P value

Pre-test score 0.495 0.0333 14.9 < 0.001
Mean practice challenge score 0.529 0.313 1.69 0.092
Mean assessment challenge score 1.37 0.203 6.77 < 0.001
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3.6  Research question 3: Are There Significant Differences Between the Research 
Cohort and the Extended Cohort with Respect to How Well the Target Match 
Challenges Predict the Post‑test Score?

To answer this question we conducted an analysis of variance (ANOVA), including the 
cohort as a fourth independent variable. The results of that analysis are reported in Table 6.

As expected, the regression coefficients of the pre-test score and mean assessment chal-
lenge score differ significantly from zero and that of the mean practice challenge score 
does not. Moreover, we found no significant difference between the cohorts with respect 
to the prediction of post-test score. The coefficient of the cohort variable is slightly nega-
tive, meaning that the extended cohort scored a little lower, on average, on the post-test 
than the research cohort, but the value of that coefficient is not statistically different from 
zero. As measured by their performance on the post-test, the two cohorts are statistically 
indistinguishable.

4  Discussion

The first two research questions are answered affirmatively, the third negatively. Specifi-
cally, our analysis indicates that:

Both cohorts learned the target concepts during the intervention, as indicated by the dif-
ferences in their mean scores on identical pre- and post-tests. The effect size was large 
for the research cohort and medium for the extended cohort.
In both cohorts, students’ performance on the target match challenges was significantly 
and positively predictive of their post-test scores in the assessment condition but not in 
the practice condition.
There is no significant difference in post-test scores between the two cohorts.

4.1  Implications for Game Design

Educational games aimed at the sciences are often designed to induce students to form 
mental models involving unseen entities in order to explain observable phenomena (Mayer, 
2016; Buckley et al., 2010; Pedro et al., 2014; Schwarz et al., 2017). A common strategy 
for accomplishing this goal is to create simulations in which the relevant components of the 
target model are visible and/or manipulable, whether or not they would be in the real world 
(Horwitz, 1995; McElroy-Brown & Reichsman, 2019; White, 1993). Another important 

Table 6  Results of a comparison of data from both cohorts using post-test score as the dependent variable 
and including the cohort as a categorical independent variable

Independent variable Regression coef-
ficient

Standard error t statistic P value

Pre-test score 0.510 0.0280 18.2 < 0.001
Mean practice challenge score 0.433 0.276 1.57 0.117
Mean assessment challenge score 1.51 0.189 8.36 < 0.001
Cohort − 0.362 0.261 − 1.39 0.165
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goal for the designers of educational games is to distinguish between the students whose 
improved performance is an indication that they are learning the target content and those 
who are simply getting “good at the game” (Baker et al., 2009, 2013; Downs et al., 2010).

The choice of what information to make visible and what to hide from students suggests 
a simple strategy for addressing both goals. The two different types of Geniventure tar-
get drake challenges are an example of such a strategy. By alternating between the visible 
and the hidden drake conditions, Geniventure presents two modes of game play, roughly 
equivalent to a practice phase followed by an assessment phase. In both, the goal is to 
match a manipulable drake to a fixed target. However, success at the practice challenges 
can be achieved simply by observing one’s incremental progress toward the goal. Students 
who succeed at this task are evincing evidence of learning how to play the game, but are 
not necessarily learning the target construct (the mapping from genotype to phenotype). It 
is striking that students’ within-game scores on these challenges correlate with post-test 
scores of content knowledge only in the assessment condition. This strongly suggests that 
Geniventure is able to distinguish between achieving superficial facility at a game (i.e., rec-
ognizing when two drakes look the same) and learning its underlying content (i.e., under-
standing how a drake’s genotype determines its phenotype). This feature of Geniventure 
is an essential first step toward providing valuable feedback in real time to students and 
teachers.

4.2  Replicability in the Absence of Project Support

We find that the effectiveness of our intervention was not significantly impacted by the 
absence of teacher support typical of a research project. The results indicate that the 
Geniventure materials that were made available online (and continue to be available) after 
the project ended are sufficient to yield learning of transmission genetics commensurate 
with that produced in classrooms where teachers had received additional support from the 
research team. This bears on the broader impact of educational research projects beyond 
their termination date.

Scalability and sustainability are important goals for education research projects 
(Roesken-Winter et al., 2015; Blumenfeld et al., 2000) but are difficult to achieve because 
the constraints imposed for carrying out reliable research often conflict with those pre-
sented by the real world (Buzhardt et al., 2006; Carpenter et al., 2004; Dede, 2006). Con-
sequently, findings from educational research projects may fail to offer a direct benefit to 
teachers and students who did not participate in the original research (Looi & Teh, 2015; 
Ross & Morrison, 2021). Interventions that develop interactive educational software in the 
service of research have the potential to address this problem (Morrison et al., 2009). If 
the technology and supporting materials can be made available beyond the termination of 
the project that produced them, they may be adopted by teachers who did not participate in 
their creation. If the software is instrumented and the necessary backend technology exists, 
then log files produced by those students can be analyzed and the educational effect of the 
software evaluated.

Geniventure fits into that category. During the school year subsequent to the end of the 
funding period, 19,524 students used the game, forming a potential comparison group, the 
“extended cohort.” The analysis of data obtained from the research cohort compared stu-
dents’ actions in Geniventure to their scores on a pre- and post-test external to the game. 
Therefore, our analysis of the extended cohort was limited to those students who had com-
pleted both tests. As one might expect, a small fraction—just 2.6%—of the students who 
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were not part of the research cohort took both tests, but that was a large enough group to 
demonstrate that the students’ performance in Geniventure was predictive of their scores 
on those summative tests. Once such a correlation has been established with a subset of 
students, the in-game scores themselves can be validated and used as reliable predictors of 
learning outcomes. Our study suggests that such serendipitous, uncontrolled interventions 
can be effective in achieving educational goals.

4.3  Limitations of the Study

The fact that the two cohorts in our study performed so similarly suggests that the com-
bination of online teacher support materials and the Geniventure software itself enabled 
at least the students of the subset of teachers who administered the pre- and post-tests to 
achieve results similar to those obtained by students of teachers who participated in the 
research project. That subset, however, is small and arguably not representative of the tar-
get population. This is a limitation of the present study and begs the question: what hap-
pened in those other classes? This is a pressing subject for further research.

Since our research design did not include a control group, we cannot argue that learning 
genetics through a game is superior to any other mechanism, nor do we make such a claim. 
Rather, our purpose is to demonstrate that a fine-grained analysis of log data acquired 
through students’ use of a game can distinguish between behavior likely to reflect learning 
of target content and that which merely correlates with getting better at achieving in-game 
objectives.

5  Directions for Future Research

Educational games can easily detect the students who struggle to achieve within-game 
goals; it is more challenging to identify those who are succeeding at the game without 
learning what the game is intended to teach. All too often, the existence of such students 
becomes apparent only when their superficial and contextualized knowledge fails to trans-
fer to performance on an assessment that, for example, introduces a new species with novel 
traits but genetics identical to that exposed in the game. The challenge, then, is to instru-
ment educational games with appropriate and validated diagnostic challenges, and to use 
these to inform teachers in a timely manner.

We expect that the research we have reported on here will be a useful milestone in the 
quest to equip teachers with the information they need to assist students who appear to be 
winning the game without learning the content.
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