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Abstract: This study intended to find out a mathematical model that best describes the relationship a) between teaching performance and
metacognitive self-regulation, b) between teaching performance and peer learning, and c¢) among interns’ mathematics teaching
performance, metacognitive self-regulation and peer learning. Primary data from 32 randomly selected student interns were gathered using a
15-item 7-point Likert-type questionnaire adapted from the metacognitive self-regulation and peer learning subscales of the Motivated
Strategies for Learning Questionnaire (MSLQ) by Garcia and Pintrich [3] with Cronbach alphas of 0.79 and 0.76, respectively. These data
were analyzed using artificial intelligence using a free trial version of a symbolic regression software. Results showed that at varying levels
of metacognitive self-regulation or peer learning, teaching performance also varies. But, for maximum teaching performance, a high level
of metacognitive self-regulation strategy coupled with a low peer learning skill level is needed. Thus, teaching performance in mathematics
is greatly affected by metacognitive self-regulation. The development of metacognitive self-regulation strategies prior to entering the
internship phase will definitely help an intern improve his/her teaching performance in math.
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1. Introduction

Among teaching interns, it is an obvious reality that some
perform better over others in the teaching of Mathematics. A
lot of factors can contribute to teaching performance and
their differences — general academic ability and intelligence,
subject matter knowledge, knowledge of teaching and
learning [4], teaching anxiety and self-efficacy beliefs [10].
It is not sufficient to learn how to teach because teachers also
need to learn how to learn [1]. Thus, the learning strategies
of teaching interns as factors of their teaching performance
are being considered in this study. Learning strategies
include rehearsal, elaboration, organization, critical thinking,
metacognitive self-regulation, time and study environment
management, effort regulation, peer learning and help-
seeking [3]. Of these learning strategies, this study focuses
on the interns’ metacognitive self-regulation and peer
learning strategies that can be predictive of their teaching
performance. Metacognition, according to Cleary and
Zimmerman [3], entails a student’s ability to choose, modify
and reflect on the effectiveness of their learning strategies. It
is but one aspect of self-regulated learning. As to how
metacognitive self-regulation ability can be translated in
their teaching performance has yet to be ascertained. On the
other hand, peer learning involves the interns in explaining
their ideas to others and participating in activities in which
they can learn from their peers [2]. In this study, the “peers”
refer to the other teaching interns who share the similar
situation. Furthermore, metacognition, considered as a
deeper processing strategy, was found out to improve
academic achievement [6]. Results from a previous study
however show that peer learning does not have significant
impact on the academic performance of interns [6]. Butin a
much recent study, it has been found out that interns who
engage in peer learning actually perform better academically
[9]. Thus, this study takes on a new stance as it seeks to
know how these two learning strategies can influence the
teaching performance of interns. While researches abound on
exploring the impact of 1Q, content and pedagogical content
knowledge, self-efficacy and even mathematics anxiety in
the teaching of Mathematics among interns, this study aims
to discover how metacognitive self-regulation and peer

learning as their learning strategies can foretell their teaching
performance as interns. Specifically, this study intends to
answer the question: What mathematical model best
describes the relationship a) between teaching performance
and metacognitive self-regulation, b) between teaching
performance and peer learning, and c¢) among interns’
mathematics teaching performance, metacognitive self-
regulation and peer learning?

2. Conceptual Framework

Metacognition, in educational literature and as one facet of
self-regulated learning, means “thinking about one’s
thinking”. That is, every time a learner thinks or speaks
about something, he/she thinks first about the possible
implications and/or effects of these. Tzohar-Rozen and
Kramarski [11] posits that metacognition enables learners to
plan and allocate resources, monitor their own knowledge
and skill levels, and evaluate their own learning levels at
different points during learning acquisition. This means that
a learner who has developed metacognitive skills is able to
monitor and evaluate his/her learning level at different stages
during learning acquisition. Researches have investigated
pre-service teachers’ metacognitive strategies in terms of
epistemological beliefs and metacognitive strategy use [7],
and understanding of metacognitive reading strategies [8].
However, these researches have focused on the pre-service
teachers’ learning experience prior to the internship phase.
The internship program however poses a different challenge
to pre-service teachers as it involves a continuous learning
process where a teaching intern can learn, re-learn, and
unlearn certain concepts from previous and current courses.
In the internship phase, the intern is expected to apply all the
knowledge and skills learned in previous courses. Peer
learning, as a self-regulatory strategy, has been defined as
the use of study groups or friends to help an individual learn
[6]. This self-regulatory strategy is considered as a subscale
of Resource Management strategies. Ergen and Kanadli [5]
found out that self-regulation learning strategies collectively
have a big effect on the mathematics achievement of interns.
However, there meta-analysis did not mention of a
subscale’s effect on achievement in the same subject area or
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any either course that was considered in their analysis. As
shown in Figure 1, interns’ metacognitive self-regulation
affects their teaching performance as they are in control of
how they learn and use this learning in their demonstration.
Moreover, as they self-regulate, their ability to learn through
others either by peer learning is affected i.e. their knowledge
of what they need in order to have a good teaching
performance dictates whether they will seek help or learn
from others.

Metacognitiv

Feerlearning |

Figure 1. Conceptual Framework of the Study

3. Methodology

This quantitative study utilized symbolic regression analysis
and viewed the internship phase as a complex adaptive
system. Fifty randomly selected teaching interns from a state
university were asked to fill-out a 15-item 7—point Likert-
type questionnaire adapted from the metacognitive self-
regulation and peer learning subscales of the Motivated
Strategies for Learning Questionnaire by Garcia and Pintrich
[6] with Cronbach alphas of 0.79 and 0.76, respectively. This
indicates a fairly reliable instrument for gathering student’s
metacognitive self-recognition as well as peer learning self-
regulation strategies level. However, only 32 out of the 50
questionnaires were completely filled-out and thus were
considered as part of the dataset. Moreover, the average
performance rating of each intern was calculated. Using
complex adaptive system as a framework, the retrieved data
were then analyzed using artificial intelligence through a free
trial symbolic regression software. This tool uses a recent
innovation in machine learning to unravel the intrinsic
relationships in data and explain them as simple
mathematical functions of the variables under study. It can
create incredibly accurate predictions that are easily
explained and shared with others. It uses symbolic regression
to find an analytical solution to explain experimental data.
Symbolic regression creates an initial population of
functional forms from user-specified building blocks, which
are stored as the operator and terminal sets. These building
blocks can consist of a range of operators, including
arithmetic, trigonometric, exponential, etc. This study views
teaching performance in mathematics as a function of
metacognitive self-regulation and peer learning. Teaching
performance is denoted by “w” while metacognitive self-
regulation and peer learning are denoted by “x” and “y”
respectively. The average teaching performances of the
teaching interns were plugged under “w” while the
corresponding means for metacognitive self-regulation and
peer learning were placed under “x” and “y” respectively.
Before the dataset was searched for patterns outliers from
each set were removed using the software’s “remove
outliers” function. This allows the software to find patterns
using considerably nearer data points. Since the dataset

NF 1JARP

consisted of 32 entries only for each variable, the researchers
set the software to search up to 90% convergence. Once the
software reaches 90% convergence, the researchers stopped
the search and the software shows results shown in Figure 2.
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Figure 2. Results page of the symbolic regression software
showing best solutions (top left), solution details (bottom
left), solution fit plot or graph (top right), and Pareto chart
(bottom right)

As shown in Figure 2, the software shows a range of
solutions or models with “Fit” (accuracy of model) and
“Size” (complexity of model) indices on the top left portion.
This allowed researchers to choose an appropriate solution
and compare it with the R?* Goodness-of-Fit and correlation
coefficient. The higher the R® value, the closer is the
predicted model to the actual data points. Although the
software showed correlation coefficients for each model,
these coefficients though cannot be used to interpret the
model whose graph shows a non-linear relation among the
variables. Hence, in the case of this research, the mean
absolute error was considered in the selection of the “most”
appropriate mathematical model. The upper right corner of
the screen shows the plot of the predicted model and the data
points. Below it is a Pareto chart showing the
error/complexity ratio and the model, the higher the ratio, the
higher the error of the chosen model. However, if the ratio is
closer to 0, then the model becomes more complex. Thus, in
choosing a model, a balance between error and complexity
must be considered.

4. Results and Discussion

Teaching Performance and Metacognitive Self-regulation
Interns’ teaching performance w and metacognitive self-
regulation x, can be modeled by the following equation:

w(x) =8.14 + 0.40cosx — sin(1.16 +
0.12x"*3sin(x))  (Equation 1)
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Figure 3. Teaching performance and metacognitive self-
regulation: (a) observed vs. predicted plot, (b) solution fit
plot, and (c) error/complexity or Pareto chart
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Equation 1, w(x)=28.14+ 0.40cosx — sin(1.16 +
0.12x7*5sin(x)), was chosen among others since it has a
mean absolute error of 0.57. This means that at each point of
the model, the actual data is 0.57 units away. The Pareto
chart in Figure 3c shows that the chosen model is right in the
middle of all the models generated by the program. Thus, the
chosen model is a balance between complexity and accuracy.
This indicates how close the model describes the actual data.
The variable sensitivity, that can be accessed in the report
and analysis tools of the software, of 45% expresses how
sensitive one variable is affected when the other variable
changes. In this case, as the level of metacognitive self-
regulation changes, the teaching performance of the interns
is sensitive to change by just 45%. The resulting equation
yields the sine and cosine functions which by nature are
represented by sinusoidal curves. This goes to show that at
some values of x, the value of w may correspond to a low or
high point in the graph. This implies that at different levels
of metacognitive self-regulation of the teaching interns, their
teaching performances also vary.  Metacognitive self-
regulation strategies, as reflected in the research instrument,
include making questions for focused-reading, focus on
reading, changing the way he/she thinks, skimming, and
changing the way he/she studies. This is attributable to the
fact that there are many other factors that affect teaching
performance such as academic performance, 1Q, subject
matter knowledge, knowledge of teaching and learning [4],
teaching anxiety and self-efficacy beliefs [10]. It must be
noted that the graph provided by the software graphs interns’
average performance with respect to the score obtained by a
participant. Thus, the horizontal axis refers to the participant
in this study. Suppose the given function w(x) is
decomposed into  functions g(x) =8.14, f(x) =
0.40cosx, and h(x) = —sin(1.16 + 0.12x7*5 sin x).
Figure 4 shows the graph of f(x) and h(x) using GeoGebra.
Purposely, the researchers did not graph g(x) as its effect on
the overall equation is a vertical shift going up. As the
constant in the equation, g(x) is the performance rating of
the student when the factors f(x) and h(x) tend to zero i.e.
the performance rating of the student assuming the absence
of metacognitive self-regulation. However, metacognitive
self-regulation will never be zero as interns are aware of how
they think no matter how little. Metacognitive self-regulation
skills such as skimming before actual reading, changing of
study habits to improve learning, focusing on reading, and
change of thinking processes are always present whether
fully shown or in traces. Shown in figure 4 is the oscillating
behavior of h(x) that starts when x > 3, this means that at a
metacognitive self-regulation greater than or equal to 3, the
performance rating of the student begins to oscillate with a
cycle between 0.5 to 0.7.
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Figure 4. Graph of f(x) = 0.40 cos x and h(x) =
—sin(1.16 + 0.12x745 sin x)
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The cycle shown in the previous figure means that the
performance rating of interns repeats every 0.5 to 0.7 change
in metacognitive self-regulation level.

Teaching Performance and Peer Learning
Interns’ teaching performance w, and peer learning y can be
modeled by the following equation:
w = 8.35 — cos(2.33 — 24.09cos(—1.13y))
(Equation 2)
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Figure 5. Teaching performance and peer learning: (a)
observed vs. predicted plot, (b) solution fit plot, and (c)
error/complexity or Pareto chart

With mean absolute error of 0.65, equation 2 w = 8.35 —
c0s(2.33 — 24.09cos(—1.13y)), models the relationship
between teaching performance and peer learning. The Pareto
chart in figure 5¢ shows that the chosen model is somewhere
in the middle of all the models generated by the software.
Thus, the model is a balance between accuracy and
complexity. As the level of peer learning changes, the
teaching performance of the interns is sensitive to change by
55%. The resulting equation is a cosine function which is a

sinusoidal function with period = %n. This means that

one cycle of observations involving peer learning and
performance rating is completed from x = 0 to x = 5.56.
Thus, performance rating of a group of students lie between
peer learning levels of 0 to 5.56. Like in the previous graph,
at some values of y, the value of w may be a point anywhere
in the graph. Hence, at varying levels of peer learning, the
interns’ teaching performances also differ. This is due to
other factors to be considered as far as teaching performance
is concerned. Shown in Figure 6 is the graph of w = 8.35 —
cos(2.33 — 24.09cos(—1.13y)) showing the recurring
pattern every 5.56 peer learning score. Moreover, the graph
shows that no matter how high the peer learning score of an
intern, the highest performance rating he/she can get is 9.35
or a grade of 1.5 that is described as “Outstanding”. This
implies that even if the intern tries to seek help from another
intern or from the instructor, his/her rating is still dependent
on actual performance. The lowest rating that an intern can
get is 7.35 or a grade of 2.1 that is “Satisfactory”.

Figure 6. Graph of w(y) = 8.35 — cos(2.33 —
24.09 cos(—1.13y))
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Teaching Performance, Metacognitive Self-regulation,
and Peer Learning

Interns’ teaching performance w, metacognitive self-
regulation x, and peer learning y can be modeled by the

following equation: w=10.0+ % + (0.08y —
0.37)csc (xy) (Equation 3) With a mean
absolute error of 0.60, the model closely represents actual
data from the questionnaire. Each point in the model is 0.60
units away from the actual data points. This means that much
of the variance from the dataset can be explained by this
model. Moreover, the Pareto chart shown in Figure 7¢ shows
that the chosen model is just right in the middle of all
solutions created by the software. This means that the model
is close to the actual values but not as complex as the other
models.
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Figure 7.Teaching performance and metacognition: (a)
observed vs. predicted plot, (b) solution fit plot, and (c)
error/complexity or Pareto chart

The observed versus predicted plot shown in Figure 5a are
slightly close to each other except for a point between 6 and
6.5. This means that the model can predict with certain
accuracy an interns’ teaching performance based on his/her
metacognitive self-regulation and peer learning levels.
Figure 5b shows the solution plot of the chosen model. A
sharp drop in data value can be observed after the 20"
observation although most of the data values are close to the
model. Using the software’s variable sensitivity report tool,
any change in the x variable, i.e. metacognitive self-
regulation level, will result in a 50% chance of increase or
decrease in the teaching performance of interns. Knowledge
of one’s thinking gives the intern an awareness of whether
he/she is on the right track in terms of performance in math.
The intern’s response is solely up to him/her. The same tool
also shows that an increase in the y variable or peer learning
strategies level will result in an 82% likelihood of a decrease
in the intern’s teaching performance in math. Equation 3 also

shows that in the absence of correction factors —~=¥ and

X
(0.08y — 0.37)csc (xy), the performance rating of the intern
would be a perfect 10 or a grade of 1.0. However, student
interns’ performance is rarely perfect thus the correction
factors are taken into consideration in terms of metacognitive
self-regulation skills and peer learning. This is validated in
table 1.
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Table 1

Validation of Performance Rating w(x, y) in terms of
Metacognitive Self-regulation skill x and Peer Learning y

—1.91y

w=10.0+ < + (0.08y — 0.37)csc (xy) X y
7.75747 1 1
8.38116 2 2
7.77259 3 3
8.30391 4 4

7.962 5 5

8.00487 6 6
7.92048 7 7
-3.03204 1 7
412516 2 6
6.86304 3 5
8.30391 4 4
8.65247 5 3
9.76229 6 2
0.28887 7 1

Values for x and y are based on the possible scores that an
intern can get from the research instrument. This shows that
a low metacognitive self-regulation skill level (x = 1) and a
high peer learning level (y = 7) will yield a negative
performance rating. This means that a high peer learning
level, which equates to too much interaction and dependence
on peers, is not a good way to get a considerably high-
performance rating. Moreover, metacognitive self-regulation
skills can contribute greatly to the attainment of a high-
performance rating. The mathematical models suggest that
there is a relationship among interns’ teaching performance,
metacognitive self-regulation strategies and peer learning.
Between teaching performance and metacognitive self-
regulation strategies and between teaching performance and
peer learning, the trigonometric functions show that at
varying levels of the variables under study, teaching
performance also varies. Two teaching interns may have
different levels of metacognitive self-regulation or peer
learning strategies but have the same teaching performance.
On the other hand, when the three variables come into play,
the mathematical model reveals that at a high level of
metacognitive self-regulation strategy and coupled with low
peer learning strategy, teaching performance is high. This
happens because when a teaching intern has high
metacognitive self-regulation strategy, he is able to direct his
attention towards study skills that would enable him to
achieve targeted learning goals. Moreover, the intern is able
to focus more on the task at hand rather than engage other
people in helping him achieve the task. There is less
engagement with fellow interns or persons of authority when
an intern is able to metacognitively self-regulate. With less
engagement comes more time to do what he is tasked to do.
When both metacognitive self-regulation and peer learning
strategies are low, teaching performance is also low.
Performance in mathematics teaching require a degree of
metacognitive self-regulation strategy as it requires time for
the intern to think about what he is thinking. In other words,
he needs to think and reflect while solving a math problem in
the preparation of a lesson and at the same time a certain
degree of metacognitive self-regulation strategy while
delivering a lesson in class. The intern, while doing a
demonstration, is faced with varying answers from students
that would require him constant changes in mindset in order
to fully achieve targeted learning goals. Thus, for maximum
teaching performance, a high level of metacognitive self-
regulation strategy coupled with a low peer learning skill
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level is needed. More time to think about one’s thinking and
re-focusing on a particular task is much needed before and
during teaching demonstration. While peer learning helps, its
effects can be seen during the preparatory phase of teaching
demonstration.

5. Conclusion

Teaching performance is affected both by metacognitive
self-regulation and peer learning. However, it is greatly
affected by metacognitive self-regulation. As Vukman and
Licardo [12] points out, “metacognitive self-regulation
persists as an important predictor of school achievement at
all developmental levels. As teaching interns have more
control over how they learn, what they learn, their emotions,
motivations, and attitudes toward learning which are all parts
of metacognitive self-regulation, then their teaching
performance in math increases. Hence, the development of
metacognitive self-regulation strategies prior to entering the
internship phase helps teaching interns perform better in
teaching mathematics.

References

[1] Bembenutty et.al. (2015). Self-regulated Learning and
Development in  Teacher Preparation Training.
Retrieved from

http://www.springer.com/gp/book/9789401799492
[2] Boud, D., Cohen, R. & Sampson, J. (Eds) (2001) Peer
learning in higher education: learning from andwith each
other (London, Kogan Page)
[3] Cleary, T. J., & Zimmerman, B. J. (2012). A cyclical
self-regulatory account of student engagement:
Theoretical foundations and applications. In Handbook
of research on student engagement (pp. 237-257).
Springer US.
[4] Darling-Hammond, Linda. (2000). Teacher Quality and
Student Achievement: A Review of State Policy
Evidence. Education Policy Analysis Archives, Vol.
8(1)
[5] Ergen, B. & kanadli, S. (2017). The Effect of Self-
Regulated  Learning  Strategies on  Academic
Achievement: A Meta-Analysis Study. Eurasian Journal
of Educational Research. 17. 55-74.
10.14689/ejer.2017.69.4.
[6] Garcia, T., & Pintrich, P. R. (1996). Assessing students'
motivation and learning strategies in the classroom
context: The Motivated Strategies for Learning
Questionnaire. In M. Birenbaum & F. J. R. C. Dochy
(Eds.), Evaluation in education and human services.
Alternatives in assessment of achievements, learning
processes and prior knowledge (pp. 319-339). New
York, NY, US: Kluwer Academic/Plenum Publishers.
http://dx.doi.org/10.1007/978-94-011-0657-3_12
[71 Guven, M. (2012). Epistemological Beliefs and
Metacognitive Strategies of ELT Pre-Service Teachers
in Distance and Formal Education. Turkish Online
Journal of Distance Education, Vol. 13(2): 346-369.
[8] Iwai, Y. (2016). Promoting Strategis Readers: Insights
of Preservice Teachers’ Understanding of Metacognitive

NF 1JARP

the

2456-9992

Reading Strategies. International Journal for
Scholarship of Teaching and Learning, Vol. 10(1).

[9] Landis, R.B. (2000). ‘Academic Success Strategies’. In
Studying Engineering: A Road Map to a Rewarding
Career (2nd ed.). Los Angeles: Discovery Press.

[10] Peker, M. (2016). Mathematics teaching anxiety and
self-efficacy beliefs toward mathematics teaching: A
path analysis. Academic Journals, Vol. 11(3): 97-104,
10

[11] Tzohar-Rozen, M. & Kramarski, B. (2014).
Metacognition, Motivation, and Emotions: Contribution
of Self-regulated Learning to Solving Mathematical
Problems. Global Education Review, Vol. 1(4): 76-95.

[12] Vukman, K.B. & Licardo, M. (2010). How cognitive,
metacognitive, motivational, and emotional self-
regulation influence school performance in adolescence
and early adulthood. Educational Studies, 36:3, 259
268, DOI: 10.1080/03055690903180376

Author Profile

Mrs. Jo Ann M. Petancio is a graduate of Bachelor of
¢ Secondary  Education  major in
. Mathematics in Cebu Normal University.
: She topped the Licensure Examination
for Teachers in 2005. In the same
university, she has completed her
Master’s Degree in Education major in
Mathematics. Currently, she is pursuing
M her Doctorate Degree in Research and
Evaluatlon Mrs. Petancio is a student teaching mentor in the
Integrated Laboratory School of Cebu Normal University.

Ms. Noremay B. Perez is a graduate of Bachelor of
Elementary Education in Cebu Normal
University. She topped the Licensure
Examination for Teachers in 2011. In
the same university, she has obtained
her Master’s Degree in Education
major in English Language Teaching
and has completed the academic
requirements for Master of Arts in
Educatlon major in Early Childhood Education. Currently,
she is pursuing her Doctorate Degree in Early Childhood
Education in Cebu Technological University. Ms. Perez is a
student teaching mentor in the Integrated Laboratory School
of Cebu Normal University handling graduating students of
Bachelor in Elementary Education.

Nigel Glenn Javier is currently a Faculty member of the
College of Teacher Education in Cebu
Normal University (CNU). He has
been a teacher in different levels in the
Junior High School program of a
private school in Cebu before
becoming a full-time faculty in CNU.
His research interests include student
interests and psychological constructs
related to mathematics education, cultural relevance of
mathematics education, and the psychology of math in
graduate education.

Volume 3 Issue 6, June 2019

Www.ijarp.org



http://www.springer.com/gp/book/9789401799492
https://psycnet.apa.org/doi/10.1007/978-94-011-0657-3_12
https://doi.org/10.1080/03055690903180376

