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Introduction

Course-based undergraduate research experiences have attracted a lot of interest from instructors
recently because of their association with higher completion rates of Science, Technology,
Engineering, and Mathematics (STEM) degrees (Rodenbusch et al., 2016) and evidence that these
experiences can encourage interest in higher education, especially for students in underrepresented
groups in STEM (Bangera & Brownell, 2014). Students that participate are exposed to many
important aspects of scientific research: generation of new knowledge, with several of its associated
tasks, such as replication, verification, communication, summarizing, graphing, interpreting, and
making conclusions (Dolan, 2016). Course-based research allows an instructor to include a greater
number of students in authentic research than they would be able to accommodate in their research
lab (Bopegedera, 2021; Shortlidge et al., 2017). In addition, students take pride in being part of a
collaborative research effort (Jones & Lerner, 2019), or being engaged in research that is relevant to
their own communities (Adkins-Jablonsky et al., 2020). The data collected from these course-based
research activities are sometimes published in scientific journals (Dubansky et al., 2013; Porter et
al., 2017), or used as pilot data for grant applications (Bakshi et al., 2016; Shortlidge et al., 2016),
which is an added benefit for both the students and instructors.

However, if data collected by students as part of course-based research are to be published, the
data must be reliable. Students involved in evaluating a hypothesis may be motivated to find the
“correct” answer that supports the hypothesis they are testing, which is an example of “confirmation
bias” (Nickerson, 1998), rather than finding the answer that supports the data. It has been
suggested that hypothesis testing would be less likely to result in confirmation bias than
interpretations of behavior from observational studies, but Balph & Balph (1983) provided several
counterexamples from the literature and concluded that hypothesis testing does not by itself provide
protection against confirmation bias. Inexperienced undergraduates were found to exhibit
confirmation bias more frequently than more experienced researchers (Beattie & Baron, 1988),
although this was not evaluated for course-based research. Confirmation bias has been evaluated in
a number of scholarly disciplines (Hergovich et al., 2010; van Wilgenburg & Elgar, 2013), but to our
knowledge has rarely been evaluated in the context of course-based student research (for an
example see Marsh & Hanlon, 2007).

We evaluated whether students tend to collect data that support a hypothesis, whether consciously
or subconsciously, by developing a simple course-based research project in which we provided the
students with different hypotheses for testing. If the collected data show such a bias, this suggests
that mentorship of students should include a discussion of confirmation bias and how bias can be
minimized. The course was an online laboratory on image analysis in biological research. Early in the
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course, students had learned about the challenges of interpretation of sizes of three-dimensional
objects from two-dimensional image representations. They learned that the apparent length of an
object would be affected by its orientation with respect to the camera/sensor collecting the image.
For example, a pole would appear longer when viewed at a right angle than when tilted with respect
to the camera. For the research project, the students needed to use their skill of making
measurements on digital images and their conceptual understanding of geometric projections.

The research project involved measurement from images of a sensory structure responding to a
mechanical stimulus. If a long sensory structure such as an insect antenna or mammalian whisker
bends in three dimensions during tactile sensing, this changes the way in which information is
collected by that sensory structure (e.g., Yu et al., 2019). The task for the students involved in this
research project was to trace a long insect antenna before and during bending (a set of static
images). Students were randomly divided into small groups; half of the groups were told that they
were evaluating whether an antenna appeared to change in length during bending (unspecified
whether the change in length was to shorten or lengthen), and half of the groups were told that they
were evaluating whether an antenna appeared shorter during bending. To evaluate accuracy, we
compared the student measurements of length with our measurements. In order to estimate
possible bias caused by expectations, we compared the student measurements of length between
the two sets of groups (given the two different hypotheses to test). This research project included
many of the components expected in course-based research experiences, such as analyzing data,
making interpretations, communicating results, and collaborating (Auchincloss et al., 2014; Dolan,
2016) but did not include opportunities for students to generate their own hypotheses or design the
project. Giving the students that option in this project would have prevented us from evaluating
confirmation bias, which we hoped would provide useful knowledge in informing mentorship
practices.

Methods and Materials

The course-based research project was one set of assignments given over a couple of weeks within
one course. A total of 113 students in three different sections of the same course (i.e., “Image
Analysis in Biological Research Laboratory”) participated in this study. The three different sections
were offered during three different quarters, all during the time of the pandemic (Winter 2020 -
Winter 2021). The course had already been developed and approved as an online course prior to the
pandemic, and therefore the mode of instructional delivery of this course was not impacted by the
pandemic. Most of the students were seniors, and the most common major was biology.

Students were randomly assigned to groups of three or four. There were 10-12 groups in a section
of the course. Each group of students within a course section was given a different set of eight
images depicting the same insect with its antenna in different configurations (straight or bent)
(Figure 1). The same sets of images were used in each of the three sections, so each image set was
measured by a total of 9-12 students (combining the three sections). Prior to taking the
measurements, half of the groups were given the hypothesis to test that the antenna would be
shorter when bent, and the other half were given the hypothesis to test that the antenna may appear
to change length when bent without specifying whether shorter or longer). The instructions and
background information given to the two sets of groups were otherwise identical, including a null
hypothesis of no change in length during bending. Each student independently measured the length
of the antenna for each of the eight images using the segmented line selection tool in Imagel/Fiji
and reported the lengths by uploading their data in their own table (template supplied to students)
using units of pixels (1 mm real world unit = 11.67 pixels for these images). Students had prior
training in the use of this ImageJ tool for taking measurements in images during the course as part
of previous assignments. After all the students in a group had taken their measurements, their data
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were summarized and graphed by the instructor and the students had an opportunity to compare
their data with their peers.

Figure 1. Example of images provided to students (left: straight antenna; right: bent antenna;
bottom: examples of tracings done by students for determination of antennal length)
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During the final section (Winter 2021), a survey was conducted to evaluate student expectations.
The survey was conducted after students had read the instructions but prior to viewing the image
sets or taking any data. The survey had a single free response question, in which students were
asked to briefly describe their expected outcome with regard to the hypothesis they were given. The
qguestion prompt assured students that they would receive full credit for completion of the survey,
regardless of whether the results matched their expectations. Responses were categorized into three
expected outcomes: 1) shorter when bending, 2) no change in length, or 3) unspecified change in
length (e.g., “the antenna will appear to change length”). For analysis, the responses were grouped
into “shorter when bending” and “other response.”

All statistical analyses were performed in SAS 9.4. Mixed models were performed using Proc Mixed,
with the hypothesis as the fixed effect. A single student measured multiple images, and therefore a
student identifier was included in a random statement as a term to be included in the mixed model.
Although individual student had a significant random effect (p < 0.05), its removal from the model
had a negligible effect on the significance of the model. A single outlier was removed from the
analyses because it was an error (i.e., the number recorded for length was off by a factor of 2 for a
single image by a single student). Normally the complete range in values measured was +3% of the
mean. Outliers were identified in Proc Boxplot using the default criterion: being more than 1.5 times
the interquartile range below the lower quartile or above the upper quartile. Fisher’'s Exact test was
performed using Proc Freq (with option chisq).

This study was performed with approval from the University of California, Irvine Institutional Review

Board (HS#2018-4211). As this was treated as exempt research, all students were automatically
enrolled in the study, and no written consent was obtained. A study information sheet describing the
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purpose of the research in broad terms without identifying the research question was provided to all
students and posted on the course website. All students were given the option to have their data
removed from analysis. No students chose to opt out of the study.

Results

Survey Responses

Students' responses were affected by the hypothesis that they were given to test. When students
were given the hypothesis that the antennae would be shorter when bent, students were more likely
to respond that they expected the antenna to be shorter than the students given the alternative
hypothesis (p = 0.008, Fisher’s exact test, n = 47) (Figure 2). This result by itself is not an indication
of confirmation bias, because it demonstrates expectations prior to taking data. But it does show
that the students are primed for possible confirmation bias, simply by the wording of the hypothesis
being tested.

Figure 2. Student responses to a survey asking for their expected outcome (n = 47)

20 Response:

- Shorter when
16- . bending

- |:| Other
121

Frequency of -
response 8

Hypothesis: Unspecified ! Hypothesis: Shorter when l
change in length bending

Notes: Students took this survey after reading the instructions which included the hypothesis that
was being tested, but before taking data. “Other” responses include expectations other than
shortening, such as not changing or lengthening.

Length Measurements

Student length measurements showed good precision. The average range in the length
measurements for a single image was 22 pixels (n = 80 images), which is about 6% of the
corresponding length. Any single image was measured independently by 9-12 students (3-4
students in each of three course sections). These numbers do not include the one extreme outlier
discussed in Methods and Materials. Student data were more variable than length measurements
made by the two instructors. The average difference in the two length measurements made by the
instructors for a single image was 1 pixel (with a maximum difference of 10 pixels).

Confirmation bias in measurements would result in an inflated (i.e., more positive) value for the
decrease in length at bending (i.e., length before-length bent) for the students testing the
hypothesis that the antennae shorten during bending. The data were consistent with a hypothesis-
driven confirmation bias. The decrease in length measured by the students, normalized to the
instructors’ measurements for the same images, was 4 pixels larger on average for the students
testing the hypothesis that antennae shorten during bending. This small difference between groups
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was significant in the mixed model with hypothesis as fixed effect (p = 0.029 including student as a
significant random effect; p = 0.001 without student as a random effect).

Outliers

Some of the lengths reported by students were sufficiently different from the average or expected
values for that same image that they could be considered outliers (Figure 3). Forty-one outliers were
identified out of the 451 measurements (see Methods and Materials section for details of outlier
identification). We reasoned that outliers might provide the strongest evidence of bias, and therefore
did not remove them from analysis except for one extreme outlier that appeared to be a mistake that
is discussed earlier in this manuscript.

Figure 3. Box plots of the length differences measured by one example group of students
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Notes: Each group measured length differences for one set of four image pairs. The decrease in
length when bending was calculated by subtracting the bent length from the straight length, and
then normalized by subtracting the average of the instructors’ measurements. Therefore, a
normalized decrease in length of zero would indicate a match between the student’s and instructors’
measurements. A normalized decrease in length greater than zero indicates a larger decrease in
length than measured by the instructors. Outliers are indicated by blue arrows.

However, the outliers were not significantly different in the two hypothesis groups (mixed model p =
0.94). In fact, the trend in the outliers was not in the direction that would support bias and was very
trivial in magnitude, given that the average difference in the change in length was smaller than 1
pixel between the two groups. Therefore, the outliers by themselves are not evidence of bias
between the two hypothesis groups.

Discussion

The data collected and reported by the students were influenced by the hypothesis that they were
testing and therefore provide direct evidence of bias during data collection. This result suggests that
educating students about confirmation bias should be part of the mentoring that occurs in the
classroom, and that instructors should be very cautious about using course-based research data in
publications. While statistically significant, the magnitude of the bias was fairly small, which is
consistent with results reported by Marsh & Hanlon (2007).

Variability and Reliability of Student Data

The student data were somewhat variable, with 10% of the measurements identified as outliers,
notwithstanding the simplicity of the measurements. However, despite this sizable number of
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outliers, the overall average coefficient of variation in length measurements was only 2% (averaging
the coefficients of variation for 80 different images, each of which had 10-12 student replicates),
which suggests a high degree of precision. The outliers did not appear to be examples of
confirmation bias, because the direction of the outlier deviations was not in concordance with the
hypothesis-driven expectations. Therefore, the outliers appeared to result from ordinary error:
inaccuracy or imprecision, either at the level of tracing or reporting.

The most obvious way in which a biased length could be generated consciously or subconsciously
when tracing length in an image is by selection of the starting and ending points of the trace while
using the tracing tool. While measuring length might seem unambiguous and unlikely to be
susceptible to bias, Kozlov and Zvereva (2015) documented confirmation bias in measuring lengths
of leaves (i.e., half-widths on either side of the midrib to estimate asymmetry) by experienced
scientists. They attributed the source of the length bias to the positioning of the line segment used
for the length measurement (e.g., not completely perpendicular to the midrib), or to subconsciously
rounding the measurements in the expected direction. Rounding direction as a source of bias is
discussed by Craig (1992).

While there are relatively few publications evaluating the reliability of student data, one published
study found that the data taken by high school students were quite close to measurements made by
the instructor. For example, the means for measured water temperature differed by no more than
0.7°C (Fogleman & Curran, 2008). In this latter case, confirmation bias is less likely to be an issue
because these students were collecting data in the absence of prior expectations, although other
sources of error could still occur.

The focus of much of the literature on course-based research experiences is on best practices for
developing course-based research or evidence for how course-based research can benefit students
(e.g., Bell et al., 2017), leaving the accuracy in student data largely undiscussed. However, Dolan
(2016) does recommend that course-based research experiences should include checks for data
guality. Price et al. (2020) provided training for the students to ensure that they were taking data
accurately. And Wiley & Stover (2014) found that students engaged in course-based research were
more motivated to spend more time and did a better job on their reports if they had the opportunity
to publish their data online, although they did not assess the accuracy of the student-collected data.
We suggest that accuracy in data collection should be a central topic covered in mentoring of
students as part of course-based research.

Using Student Data in Publications

One of the main motivating factors for faculty developing course-based research experiences for
their courses is the ability to publish or use the data as pilot data for grants (Shortlidge et al., 2016).
However, if the students’ data collection is biased, then the data would not be suitable for
publication, or sharing outside the classroom. Students typically do not have a stake in the
publication of the data, so they are unlikely to be motivated to knowingly alter data for purposes of
publication. However, they may feel there is one “correct” answer and subconsciously take or include
measurements that fit that answer. This concern is supported by the results of our survey, which
demonstrated that students' expectations for their data were significantly affected by the hypothesis
that they were given to test. In addition, students' data were significantly more likely to support their
given hypothesis. If students have a preconceived idea of what the outcome should be, they are
likely to assume their data collection is accurate if it meets their expectations without doing any
critical assessment of their result (Alaimo et al., 2014). For this reason, particular caution should be
taken for course-based research activities in which the student is asked to collect data for a
hypothesis or question with an implied expectation (e.g., “Are antennae shorter when bending?”)
which are likely to be more susceptible to confirmation bias than projects in which the question
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addressed does not imply an expected outcome (e.g., “How long are these antennae?”). Null results
are generally harder to publish (Fanelli, 2012; Merrill, 2014), which provides additional incentive to
collect data that reject the null hypothesis if publication is an intended goal. Instructors are aware of
this publication bias which may subconsciously influence what they imply about the study outcome
to the students.

How to Minimize Confirmation Bias

While confirmation bias has rarely been addressed explicitly in the context of course-based research,
the topic of confirmation bias and its causes has been discussed in many scientific and social
science studies (e.g., Hergovich et al., 2010; Marsh & Hanlon, 2007; van Wilgenburg & Elgar, 2013).
Factors that contribute to confirmation bias include non-blind experimental design, prior
expectations formed by the researcher, or reluctance to contradict previous studies (Marsh &
Hanlon, 2007). In course-based research, the studies are typically not blind, and while the students
may not have formed their own prior expectations, the instructor’s experimental design, grading
method, or how the hypothesis is presented may bias the student.

With respect to course-based research activities, bias may be avoided or minimized by several
approaches, although not all approaches are suitable for all projects.
1. Use blind studies as appropriate (e.g., the students are unaware of which sample is which).
2. Avoid giving students the sense that they will be penalized if they get the “wrong” answer.
3. Verify results by having different students work independently to make the same
measurements.
4. Discuss confirmation bias with the students as an important phenomenon that must be
avoided to protect the integrity of scientific research.
5. Use a hypothesis that is not “leading,” or otherwise guide the students in data collection
without “leading” them to a particular result.

Addressing Confirmation Bias During Mentoring

Professional development is an important part of effective mentoring in undergraduate research
(Shanahan et al., 2015). Part of professional development for undergraduate students in research
should include discussion of the importance of generating and sharing reliable and accurate data.
Students might be unaware of the potential for unexpected biases to creep in. Informing them about
bias makes it more likely to avoid. In addition, learning about how different experimental designs
may be used to minimize or avoid bias and other forms of error is an important part of scientific
education. Including these topics will benefit both the instructor and the student because it
encourages the student to think critically about how data are collected and analyzed and makes it
more likely that data would meet the standard for publication. In large research universities,
undergraduate students may receive more face-to-face instruction during course-based research
from their graduate teaching assistants than faculty members (Heim & Holt, 2019). Under these
circumstances, it would be helpful to incorporate a plan for addressing confirmation bias directly into
the course structure for consistency.

The intent of this study was to evaluate whether confirmation bias occurred in the context of a short
research project embedded in an undergraduate course. Now that we have documented
confirmation bias, this provides rationale for its inclusion in a mentoring plan. Based on our results,
we have specific recommendations for mentoring. There are different approaches that could be used
to mentor students about confirmation bias. One approach is to discuss a paper that documents
confirmation bias with the students. Possible papers include Kozlov and Zvereva (2015), Marsh and
Hanlon (2007), or van Wilgenburg and Elgar (2013). Questions to ask students during discussion
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1. Would you be surprised if the data you collected was influenced by the hypothesis that you
were testing?

2. How do you decide which data to include and which to discard (e.g., outliers)? Could this bias
your results?

3. What are ways to reduce bias?

A second approach is to allow students to experience their own confirmation bias collectively, by
explicitly sharing their results after data collection (as was done in our course). A direct experience
like this can be particularly impactful, as it is easy to persuade oneself that collecting data is
objective and therefore not susceptible to bias, and evidence of confirmation bias is likely to be a
surprise to the students. When students share their data, it is important to avoid shaming or
embarrassing. Students should be mentored to understand that there is variation in data (e.g.,
hence the need for replicates), that everybody occasionally makes mistakes, and that confirmation
bias can occur, even to experienced scientists. In addition, students should be taught that if their
data are very different from that collected by others, this could be a learning opportunity as they
examine the possible cause of this difference. For example, perhaps there is nothing wrong with their
data and their sample was merely different. Students should not feel that they will be penalized for
getting a “wrong” answer (Dolan, 2016). A group discussion with the students along the lines of what
was discussed above is very helpful for developing their understanding. How effective these different
approaches will be in educating students about confirmation bias needs to be determined rigorously
in a classroom setting with proper controls.

It is likely that some kinds of course-based research projects are more susceptible to confirmation
bias than others, and those are the projects that are particularly in need of mentoring on this issue.
Course-based research projects can consist of a single laboratory exercise or take an entire
quarter/semester or more (Auchincloss et al., 2014; Dolan, 2016), but the duration of the activity is
probably less likely to matter in terms of confirmation bias than other factors. As discussed earlier,
the type of hypothesis is probably the most impactful, because some hypotheses lend themselves to
drive an answer in a particular direction. The type of hypothesis is more likely to matter than the
source of the hypothesis (e.g., provided by the instructor, or generated by the student). For student-
generated hypotheses, part of the mentoring could include a discussion with the student on whether
the hypothesis might lend itself to confirmation bias or not. Mentorship in the topic of confirmation
bias will also be beneficial to students as it adds to a student’s critical thinking skillset, which can be
used when interpreting the research done in the literature or in planning their own future
experiments.

Conclusion

While course-based research provides many benefits to both students and instructors, we have
shown evidence of confirmation bias, in that the student-generated data were affected by the
hypothesis being tested. Instructors should be aware of the possibility of bias, design course-based
research activities in ways that reduce this risk, and mentor the students about this topic.

Acknowledgements

Statistical consulting for the project described was supported by the National Center for Research
Resources and the National Center for Advancing Translational Sciences, National Institutes of
Health, through Grant UL1 TROO0153. The content is solely the responsibility of the authors and
does not necessarily represent the official views of the NIH.

References

Adkins-Jablonsky, S. J., Akscyn, R., Bennett, B. C., Roberts, Q., & Morris, J. J. (2020). Is community
relevance enough? Civic and science identity impact of microbiology CURESs focused on

PURM G 10.1



community environmental justice. Frontiers in Microbiology, 11.
https://www.frontiersin.org/articles/10.3389/fmicb.2020.578520/full

Alaimo, P. J., Langenhan, J. M., & Suydam, |. T. (2014). Aligning the undergraduate organic laboratory
experience with professional work: The centrality of reliable and meaningful data. Journal of
Chemical Education, 91(12), 2093-2098.

Auchincloss, L. C., Laursen, S. L., Branchaw, J. L., Eagan, K., Graham, M., Hanauer, D. I., Lawrie, G.,
McLinn, C. M., Pelaez, N., Rowland, S., Towns, M., Trautmann, N. M., Varma-Nelson, P.,
Weston, T. J., & Dolan, E. L. (2014). Assessment of course-based undergraduate research
experiences: A meeting report. CBE-Life Sciences Education, 13(1), 29-40.

Bakshi, A., Patrick, L. E., & Wischusen, E. W. (2016). A framework for implementing course-based
undergraduate research experiences (CUREs) in freshman biology labs. American Biology
Teacher, 78(6), 448-455.

Balph, D. F., & Balph, M. H. (1983). On the psychology of watching birds: The problem of observer-
expectancy bias. The Auk, 100(3), 755-757.

Bangera, G., & Brownell, S. E. (2014). Course-based undergraduate research experiences can make
scientific research more inclusive. CBE-Life Sciences Education, 13(4), 602-606.

Beattie, J., & Baron, J. (1988). Confirmation and matching biases in hypothesis testing. The Quarterly
Journal of Experimental Psychology, 40A, 269-297.

Bell, J. K., Eckdahl, T. T., Hecht, D. A,, Killion, P. J., Latzer, J., Mans, T. L., Provost, J. J., Rakus, J. F.,
Siebrasse, E. A., & Bell, J. E. (2017). CUREs in biochemistry - where we are and where we
should go. Biochemistry and Molecular Biology Education, 45(1), 7-12.

Bopegedera, A. M. R. P. (2021). Student-driven, curriculum-embedded undergraduate research
experiences (SD-CURES) in the senior chemistry curriculum and its impact on students.
Journal of Chemical Education, 98, 2549-2558.

Craig, T. (1992). Round-off bias in earnings-per-share calculations. Journal of Applied Business
Research, 8(4), 106-113.

Dolan, E. L. (2016). Course-based undergraduate research experiences: Current knowledge and
future directions. National Research Council.

Dubansky, B., Whitehead, A., Miller, J. T., Rice, C. D., & Galvez, F. (2013). Multitissue molecular,
genomic, and developmental effects of the Deepwater Horizon oil spill on resident Gulf
killifish (Fundulus grandis). Environmental Science & Technology, 47, 5074-5082.

Fanelli, D. (2012). Negative results are disappearing from most disciplines and countries.
Scientometrics, 90(3), 891-904.

Fogleman, S., & Curran, M. C. (2008). How accurate are student-collected data? Determining

whether water-quality data collected by students are comparable to data collected by
scientists. The Science Teacher, 75(4), 30-35.

PURM ’ 10.1


https://www.frontiersin.org/articles/10.3389/fmicb.2020.578520/full

Heim, A. B., & Holt, E. A. (2019). Benefits and challenges of instructing introductory biology course-
based undergraduate research experiences (cures) as perceived by graduate teaching
assistants. CBE-Life Sciences Education, 18(3), 1-12.

Hergovich, A., Schott, R., & Burger, C. (2010). Biased evaluation of abstracts depending on topic and
conclusion: Further evidence of a confirmation bias within scientific psychology. Current
Psychology, 29(3), 188-209.

Jones, C. K., & Lerner, A. B. (2019). Implementing a course-based undergraduate research
experience to grow the quantity and quality of undergraduate research in an animal science
curriculum. Journal of Animal Science, 97(11), 4691-4697.

Kozlov, M. V., & Zvereva, E. L. (2015). Confirmation bias in studies of fluctuating asymmetry.
Ecological Indicators, 57, 293-297.

Marsh, D. M., & Hanlon, T. J. (2007). Seeing what we want to see: Confirmation bias in animal
behavior research. Ethology, 113(11), 1089-1098.

Merrill, E. (2014). Should we be publishing more null results? Journal of Wildlife Management, 78(4),
569-570.

Nickerson, R. S. (1998). Confirmation bias: a ubiquitous phenomenon in many guises. Review of
General Psychology, 2(2), 175-220.

Porter, D. T., Roberts, D. A., & Maruska, K. P. (2017). Distribution and female reproductive state
differences in orexigenic and anorexigenic neurons in the brain of the mouth brooding
African cichlid fish, Astatotilapia burtoni. The Journal of Comparative Neurology, 525, 3126-
3157.

Price, S. A,, Larouche, O., Friedman, S. T., Corn, K. A., Wainwright, P. C., & Martinez, C. M. (2020). A
CURE for a major challenge in phenomics: A practical guide to implementing a quantitative
specimen-based undergraduate research experience. Integrative Organismal Biology, 2(1),
obaa004.

Rodenbusch, S. E., Hernandez, P. R., Simmons, S. L., & Dolan, E. L. (2016). Early engagement in
course-based research increases graduation rates and completion of science, engineering,
and mathematics degrees. CBE-Life Sciences Education, 15(2), ar20.
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4909342/

Shanahan, J. O., Ackley-Holbrook, E., Hall, E., Stewart, K., & Walkington, H. (2015). Ten salient
practices of undergraduate research mentors: A review of the literature. Mentoring &
Tutoring, 23(5), 359-376.

Shortlidge, E. E., Bangera, G., & Brownell, S. E. (2016). Faculty perspectives on developing and
teaching course-based undergraduate research experiences. Bioscience, 66(1), 54-62.

Shortlidge, E. E., Bangera, G., & Brownell, S. E. (2017). Each to their own CURE: Faculty who teach
course-based undergraduate research experiences report why you too should teach a CURE.
Journal of Microbiology & Biology Education, 18(2).
https://journals.asm.org/doi/pdf/10.1128/jmbe.v18i2.1260

PURM ° 10.1



https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4909342/
https://journals.asm.org/doi/pdf/10.1128/jmbe.v18i2.1260

van Wilgenburg, E., & Elgar, M. A. (2013). Confirmation bias in studies of nestmate recognition: A
cautionary note for research into the behaviour of animals. PLoS ONE, 8(1), e53548.

Wiley, E. A., & Stover, N. A. (2014). Immediate dissemination of student discoveries to a model
organism database enhances classroom-based research experiences. CBE-Life Sciences
Education, 13(1), 131-138.

Yu, Y. S. W,, Bush, N. E., & Hartmann, M. J. Z. (2019). Whisker vibrations and the activity of
trigeminal primary afferents in response to airflow. Journal of Neuroscience, 39(30), 5881-
5896.




