ISSN: 1309 - 6575

]
=. ) EPODDER! Egitimde ve Psikolojide Olgme ve Degerlendirme Dergisi
Tl Journal of Measurement and Evaluation in Education and Psychology
O Research Article; 2022; 13(3); 232-243

Comparison of Methods of Affect Transition Analysis: An
Example of SimInClass Dataset

Seyma CAGLAR OZHAN* Arif ALTUN**

Abstract

Studies of emotional-cognitive sequences are the growing body of research area in educational context. These
studies focus on how emotions change during the learning-teaching process due to their dynamic nature. In affect
transition studies, the change of emotion, depending on the event and time, is usually analyzed by using (a) lag
sequential analysis (LSA), (b) L metric, (¢) L* metric, and (d) Yule's Q metric. Yet, various methodological
criticisms exist in the literature while utilizing these sequential analysis methods. In this study, it is aimed to
comparatively examine lag analysis, L metric, L* metric, and Yule’s Q in terms of proportion of invalid values,
maximum transition metrics, minimum transition metrics, and analysis results. For this reason, the emotional states
of the fifteen prospective teachers were collected and their emotions were labeled every 0.5 seconds with EEG
(Electroencephalogram), GSR (Galvanic Skin Response), and Microsoft Kinect in a teacher training simulator
(SimInClass). The dataset contained 17570 emotions, and the data were analyzed by utilizing lag analysis, L, L*
and Yule's Q. The results showed that LSA had yielded the most proportion of invalid results. In addition, it was
observed that the number of invalid values increased as the segment length became shorter in all analysis methods.
When the maximum and minimum transition metric values were examined, it was found that as the sequence
length increased in L and L* analyses, the value of the metrics approached 1, which is the largest value they can
reach. However, it was noted that the lag analysis maximum-minimum transition metrics fluctuate independently
from the sequence length. It was concluded that there were differences in the analysis results produced by the four
sequential analysis methods with the same functions. It was thought that this situation might be due to the different
invalid results produced by the analyses. When the results were compared with the studies in the literature, it was
thought that it would be beneficial to pay attention to the nature of the data (emotional or behavioral), the data type
(singe modality or multimodal modality), the amount of data (short sequences or long sequences), the environment
in which the dataset was created (computer-based or not), and the sampling rate (automated data collection tool or
observation) when choosing sequential analysis methods.
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Introduction

Emotion is an intensely conscious mental response to a specific goal, subjectively experienced and
lasting from minutes to hours, causing physiological and behavioral changes (Kleinginna & Kleinginna,
1981). The concept of emotion is sometimes referred to interchangeably with the terms “feeling,”
“mood,” and “arousal” in the literature. The term “affect” is also used in a comparable way as emotion;
it is known as a meta concept that covers emotion (Juslin & Slobada, 2013).

Emotions experienced by individuals in an educational context are the product of a cognitive evaluation
structured by individuals' goals, teaching requirements, and competencies (Frenzel et al., 2009).
According to appraisal theory, by updating any of the elements that construct emotions, individuals
initiate the cognitive reappraisal process, and an affect transition occurs (transition from one emotion
state to another) (Scherer,1993). In some studies, such as in Han et al., (2021) and Rebolledo-Mendez
et al. (2022), affect transitions are examined to understand the effectiveness of intervention methods and
the change of emotion in the learning-teaching process.
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Instead of using simple ways to examine the affect transition, researchers apply sequential and
conditional methods, among which are lag sequential analysis (LSA; Bakemann & Gottman, 1997), L
metric (D’Mello & Graesser, 2012), L* metric (Matayoshi & Karumbaiah, 2020), and Yule's Q (Yule,
1900). In these methods, various measures such as likelihood or probability are used regarding the
frequency of transition from one state to another (Bosch & Paquette, 2021). These methods are not only
used for affect but also used in the discovery of patterns in computer-assisted environments, like
exploring the behavioral patterns of learners at different success levels in a mobile learning environment
(i.e. Sun et al., 2021), examining discussion orientations in online discussion environments according
to cognitive styles (i.e. Wu & Hou, 2015), and examining development trajectories of learners’ cognitive
behaviors in small private online courses (i.e. Liu et al., 2021).

In studies where affect transition is explored, there are some methodological differences in examining
sequential states. While in some studies self-transitions (temporal sequential repetition of an emotional
state) are counted in the analysis, in others they are not. Some studies prefer Lag analysis when
examining affect transition, while others prefer the L metric, L*, or Yule's Q.

For example, Lajoie et al. (2021) examined the emotional states of individuals according to their
performance in a learning process that requires self-regulation. In each step of the self-regulated learning
process, data on the mood of individuals and the temporal change of emotion were collected using a
camera, and emotions were defined categorically by the software. For six states—happy, surprised,
angry, scared, sad, and disgusted—analyses were conducted with 1786 emotional codes for the high-
performance groups and 846 emotional codes for the low-performance group. The patterns in the
sequences were examined with lag sequence analysis. Sequences do not include self-transitions in states.
Lajoie et al.’s (2021) results showed that low-performing individuals set higher goals, experienced more
negative emotions, and experienced more emotional transitions than high-performing individuals.

Baker et al. (2010) aimed to examine the persistence and occurrence rate of six emotional states, namely
boredom, delight, confusion, concentration, frustration, and surprise, in three computer-assisted learning
environments. Since the persistence of the emotion is also examined, self-transitions are included in the
sequences. Analyses were performed on sequences of 706 and 3640 emotional codes using the L metric
for two different implementations. They found that boredom had persistence in all three environments
and was associated with poorer learning, while the affect state with the least persistence was frustration.

Botelho et al. (2018) aimed to explore the dynamics of students' affect in a computer-based learning
environment. The affect states of the students were determined as sensor-free by using the behaviors in
the system, and the dataset with 48276 observations was evaluated with the L metric analysis. Five
different states, namely concentration, boredom, confusion, frustration, and neutral, took part in the
participants' sequences. The results showed that the transitions from engagement to boredom and from
confusion to engagement were significant.

Karumbaiah et al. (2021) aimed to examine methodological differences in the use of L metrics in affect
transition studies. They emphasized that the number of affect states was a minimum of five (See. Botelho
et al., 2018) and a maximum of thirteen (See. Bosch & D’Mello, 2017). The studies were carried out in
computer-based tutoring systems and game-based learning environments, and in some of them, self-
transition was excluded, while in others, it was included. In order to see the results of these differences,
they examined ten different datasets used in previous studies and provided a corrected method for the
use of L metrics. These investigations yielded that excluding the self-transition violated the assumption
of independence causing more patterns to appear while providing no information on the persistence of
affect states. They concluded that it is possible to obtain information about the permanence of the states
even though the emotional transitions were diluted with the inclusion of self-transitions.

Bosch and Paquette (2021) examined different transition analyses from a methodological perspective.
They compared the findings of sequential analysis methods by using two simulation datasets obtained
in a computer-based environment. For this purpose, it was tested using simulated datasets containing
10,000 data. The comparisons were made by performing analyses with two and four variables using the
dataset obtained from the simulation. They also analyzed another dataset with three variables: self-
transitions were removed entirely, and the states showed a balanced distribution. They sequentially
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examined 99 students' participation in practice and learning activities in a computer-based learning
environment to compare the data produced by the simulation with data obtained from the natural
environment. The sequence lengths of the participants ranged from 87 to 1087. In addition, analyses
were applied to sequences with sequence lengths ranging from 5 to 50 extracted from these long
sequences. The results showed that invalid values were higher for all sequential analysis metrics in short
sequences than in the long sequences. In addition, invalid values increased as the number of variables
increased in all sequential analyses. The maximum average transition value was calculated to determine
whether all metrics deviated from zero. The results showed that short sequences produced artificially
meaningful results in other transition metrics except for Yule's Q metric. To keep the invalid metrics
under control, it has been stated that sequential analyses can be performed in sequences with at least ten
observations for sequences with two variables; at least 20 for sequences with four variables; and, at least
35 observations for sequences with seven variables. Long sequences should be used to avoid false
positive results.

In summary, transition metrics and related analysis methods are frequently preferred in studies exploring
cognitive, behavioral, and affective patterns. However, differences in the applications of these analytical
methods cause methodological concerns. In re-examining studies using L-metric analyses, Karumbaiah
et al. (2021) found that excluding the states of repeating states in sequences and self-transition will result
in discovering false patterns. Bosch and Paquette (2021), who examined the transition metrics and
analyzed them comparatively, found that transition analysis methods produced different results
according to the sequence length and number of affective states. However, Karumbaiah et al. (2021)
focused only on the L metric, and Bosch and Paquette (2021) compared the analysis methods on the
simulated data.

However, as Bosch and Paquette (2021) state, when examining behavior in online environments, there
is no such thing as pressing a button many times in succession, so there is no repetitive data. When it
comes to affect, the persistence state is high, and at the same time, the sampling rate is very high because
of automatic emotion-recognition systems. These situations cause the formation of datasets with long
sequences and repetitive data. In addition, due to the ever-changing and multidimensional nature of
emotion, the number of states may be high in the data collected in natural environments; however, it
may not be possible to distribute them in a certain balance. In this study, based on the findings and
limitations in the literature, the goal is to perform and compare an analysis of transition metrics in data
collected in the natural environment, where the seven affective states are included; the states are not
evenly distributed, and self-transitions are included in the sequences. It is questionable, though, which
sequential analysis method will work in the datasets with this feature and whether they will produce
similar results.

From this point of view, the first aim of this study is to comparatively examine invalid values and
maximum-minimum transition values produced by different methods, according to sequence length, by
applying sequential analysis methods to the affect datasets formed by making sense of physical and
physiological data in a virtual classroom simulation (SiminClass). The second aim is to compare the
subsequent results by using the sequential analysis method.

As can be seen in the equations presented in the Methods section, the ratio is calculated with transition
metrics. For this reason, when the denominator is equal to 0, the affected transition metrics cannot be
calculated, and they produce an invalid value. That value is not calculated in all metrics for a sequence
because their formulas are different. In this study, the proportion of invalid values in all values was
examined among the analysis methods. Because the excess of invalid values in a sequence will reduce
the probability of the occurrence of an expected value, the excess of these values reduces the statistical
power (Bosch & Paquette, 2021). For this reason, it is important for the accuracy of the analysis to
examine the status of invalid values according to the sequence length.

Another situation to be examined is the maximum-minimum values reached by the metrics. As
mentioned in the Methods section, there are values in a certain range that each metric can tolerate. These
values were also examined in order to understand how the trends of the metrics changed according to
the sequence length. Each metric produced for each student's emotional transitions was evaluated within
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itself, and maximum and minimum values were determined. In this context, the details of participants,
the dataset, data collection tools, and data analysis are presented in the Methods section.

Method

Participants

Fifteen prospective teachers who took classroom management and teaching practice courses participated
in the study. Prospective teachers were healthy individuals between the ages of 20-22, using their right
hand dominantly. Before the application, the participants were informed through a consent form. Ethical
permission for this study was obtained from the university.

Preparation of Dataset

The dataset in this study includes the emotional states of fifteen prospective teachers who teach in a
virtual classroom simulation (SimInClass) during this process. In SimInClass, the participants plan the
lesson, arrange the classroom seating, perform the teaching activities, and review the teaching report.
Each session lasted approximately 6 to 10 minutes for each participant in the simulation. Simultaneously
with the teaching process, physical and physiological data were collected from the participants. The
participants' facial expressions were collected via Microsoft Kinect as physical data. As physiological
data, the brain signals of the participants were obtained by EEG (Electroencephalogram), and galvanic
skin responses were received by GSR. The data received from multiple modalities were interpreted by
an emotion recognition system and labeled by the system to reflect a single dominantly experienced
emotional state. Null values were observed when the physical and physiological sensors could not
collect data. These values are not included in the dataset. A total of 17570 emotion codes were included
in the dataset, in which labels were made according to seven basic emotional states. The minimum
sequence length among the participants was 516, and the maximum sequence length was 1708. Details
on data collection tools and emotion recognition are presented in the sub-headings.

Data Sources

In the study, physiological data were collected with GSR and EEG, and physical data were collected
with Microsoft Kinect. With GSR, temperature and electrical changes in the skin with sweat and nerves
are measured. Galvanic skin response occurs due to the difference in the electrical properties of the skin,
which occurs in the interaction of individuals with stimuli (phasic) and the absence of any stimulation
(tonic). This measure does not give a direct idea of emotions. It is related to the level of arousal of the
sympathetic nervous system. It causes an activation similar to excitement, fear, anger, and surprise.

Electrical activation of the brain can be measured with EEG. It is a non-invasive measurement method
that can obtain information about cognitive, affective, and motor functions by examining the activation
created by the brain regarding a stimulus on time-base and frequency-base (Bayazit, 2018). Microsoft
Kinect makes sense of facial expressions with the facial mapping library.

Since it is essential to use multiple modalities in emotion recognition (Sebe et al., 2005) GSR, EEG, and
facial expression data were interpreted with an emotion recognition module. The sampling rate of this
module was approximately 0.5 sec. In the module, the data produced from GSR was combined with the
data from facial expression by determining the arousal dimension of emotion, and the data produced
from EEG determined the positive-negative dimension of emotion. As a result, the dominant one out of
seven emotional states was determined by the value created. Three different (CNNA, CNNV, CNNF)
InceptionResnetV2 Convolutional Neural Network (CNN) models were used to construct the
multimodal emotion recognition model.

The model was tested on public datasets such as SEED and LUMED-LUMED? datasets created by the
developers of the emotion recognition module. Certain emotion categories were found to be confused
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with others when the emotion recognition module identified emotions using only facial expressions.
Emotions were determined with an accuracy rate of 74.2% when facial expression, EEG, and GSR were
used together (see. Cimtay et al., 2020).

Data Analysis Method

The dataset was analyzed with four different sequential analysis methods and the findings were
compared. The statistical significance of the sequential relationships between each emotion was
examined via the L metric (D’Mello et al., 2007), L* metric (Matayoshi & Karumbaiah, 2020), lag
sequential analysis-LSA (Bakeman & Gottman, 1997), and Yule’s Q.

L metric is a transition likelihood metric that is used to determine affect transition and affect-behavior
transition (D’Mello et al., 2007). The L metric indicates the probability and direction of the transition
from the base frequency to the destination state. “Values above 0 signify that the transition is more likely
than it could be expected to be given only the base frequency of the destination state, and values under
0 signify that the transition is less likely than it could be expected to be given only the base frequency
of the destination state” (Baker et al., 2007). In this study, as suggested in the literature (D’Mello et al.,
2007), D’Mello’s L metric was calculated separately for each participant. One-sample t-test was applied
to each participant’s L metrics to test the transitions' significance. Benjamini and Yekutieli's (2001)
post-hoc control method was applied to control false discoveries, as Matayoshi and Karumbaiah (2021)
suggested. Transitions with an adjusted p-value less than .05 are considered statistically significant. The
L metric formula is as follows:

L - P(Ynext|Xprev) — P(Ynext)
- 1 — P(Ynext)

L* is a transition metric modified from D'Mello’s L metric. L* is a method of shifting the chance value
of D'Mello's L from zero to a positive value to eliminate the undesirable effects of excluding self-
transition (Matayoshi & Karumbaiah, 2020). L* is calculated using the formula for D'Mello's L metric.
The only difference between the two methods is that when calculating the transition from A to B in L*,
all transitions where A is the destination state are removed from the transition frequency matrix.

Lag Sequential Analysis (LSA) is an analysis method that is frequently used in the computer-based
environment to examine the behavioral and affective interaction of users according to sequential and
conditional probabilities (i.e Sun et al., 2017; Yang et al., 2018; Yang et al., 2018). In this study, as
Bakeman and Gottman (1997) suggested, a coding scheme listing the emotions of prospective teachers
in chronological order was prepared. Then, a transitional frequency matrix was created by calculating
the frequency of each emotion category following another emotion category. In order to test the
significance between the transitions, Z value was calculated using the transitional frequency. Z value
represents the deviation of the probabilities of each transition from the expected values. It is accepted
that Z values greater than +1.96 reach a significant level (p <.05). The Z value formula is as follows:

— fre—frPc

VIrpc(1=-p)(1-Dyr)

Yule’s Q is defined as a simple transformation of the odd ratio (OR) (Yule, 1900). Like the Pearson
correlation coefficient, it takes a value between -1 and 1. Values between 0.3 and 0.7 indicate a moderate
correlation between transitions, and values greater than 0.7 indicate a high correlation. In sequential
analysis studies, it is mostly given with the Z value (i.e. Pohl et al., 2016). The Q metric formula is as
follows:

__OR-1

T OR+1

Q
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Results

1. Invalid Values and Maximum-Minimum Transition Values

In order to compare the results produced by the transition metrics in the real environment, the invalid
values (i.e. “not a number values”) and maximum-minimum transition values produced by the analyses
were examined.

Figure 1 shows the proportion of invalid values for L, L*, and Z. In an affect dataset with sequence
lengths ranging from 516 to 1708, it is seen that the proportion of invalid values decreases as the number
of observations increases. In addition, the proportion of invalid values is higher in LSA (Z values) than
in the L and L* metrics.

Figure 1
Invalid Values of Transition Metrics
0,06
4]
=
L 0,04
T
©
g 0 infl En II II II II II IR ucll ucl 0I0E DB OB
£ 516 687 953 960 1029 1040 1075 1124 1160 1374 1400 1402 1418 1557 1708
g Sequence Length
a

M Invalid L Values ® Invalid L* Values Invalid Z Values

Figure 2a
Maximum Transition Values for L, L* and Z values
C
S 35
2 30
s
= 25
[0}
E 20
> 15
g
E 10
&
> e —

516 | 687 953 960 1029 1040 1075 1124 11601374 1400 1402 1418 1557 1708

MaxZ 11,969,052 18,49 12,66 7,303 15,34 21,66 15,67 27,33/13,61 24,08 24,13 26,48 31,61 21,11

e MaxL* 1 0,505 1 0,666 1 1 0339 1 1 1 1 1 0,37 0,4380,886
e [V]ax L 1 051 1 0,666 1 1 068 1 1 1 1 1 0,74 0,8260,888

Sequence Length

e \|aXL  e— MaxL* MaxZ

In order to see how the trends of the metrics differ in an affect dataset collected in the real environment,
maximum transition values (Figure 2a) and minimum transition values (Figure 2b) obtained from the
analyses were examined. The results show that L and L* get closer to the maximum value of 1 as the
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sequence length increases. In addition, it was observed that the minimum value of L and L* approached
0 for almost all transitions (except for one transition). Since the Z value in LSA can be between —oo and
oo, it can reach no absolute maximum value. However, it was not observed that the maximum and
minimum Z values produced from LSA increased proportionally with the sequence length. It is
noteworthy that the maximum and minimum values of the Z value fluctuate independently of the
sequence length.

Figure 2b
Minimum Transition Values for L, L* and Z values
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2. Comparison of Affect Transition Analysis Results

In order to examine whether the affect transition analyses produce similar results in the SiminClass
dataset, all analyses were applied to the dataset separately, and the results were examined comparatively.
As seen in Table 1, the cyclical transition for happiness was statistically significant according to the L
metric (Mean L = 0.64, SE = 0.03, t=19.6, p=0.00), LSA (ptr=0.89, z=103.53, p<.05) and Yule's Q
(Q=0.97). Cyclical transition of sadness was also statistically significant according to the L metric
(Mean L = 0.4, SE = 0.06, t=5.63, p=0.00), LSA (ptr=0.76, z=90.33, p<.05), and Yule's Q (Q=0.96).
Cyclical transition for neutral was statistically significant according to the L metric (Mean L = 0.45, SE
=0.04, t=10.22, p=0.00), LSA (ptr =0.79, z=87.05, p<.05) and Yule's Q (Q=0.93). In addition, cyclical
transition of disgust was statistically significant according to the L metric (Mean L = 0.29, SE = 0.07,
t=4.2, p=0.001), LSA (ptr =0.55, z=67.81, p<.05) and Yule's Q (Q=0.96).

As seen in Table 1, the cyclical transition for anger was statistically significant according to LSA (ptr
=0.17, z=15.9, p<.05) and Yule's Q (Q=0.99). According to LSA and Yule's Q, cyclical transition for
surprise (ptr =0.33, z=39.81, p<.05; Q=0.97) and for fear (ptr =0.36, z=44.87, p<.05; Q=0.95) were
statistically significant. In addition to cyclical transitions, the transition from fear to surprise (ptr =0.03;
2=3.88, p<.05; Q=0.49), from surprise to fear (ptr =0.086; z=5.55, p<.05; Q=0.64), and from disgust to
anger (ptr =0.004; z=2.85, p<.05; Q=0.61) are statistically significant for LSA and Yule's Q analyses.

Since self-transition is not included in L*, these findings would not inherently be common to L* as with
other analyses. According to this analysis, the transition from happiness to disgust (Mean L*=0.22, SE
=0.07, t=3.11, p<0.05) and from happiness to fear were meaningful (Mean L*=0.26, SE = 0.08, t=3.12,
p<0.05). Also, the transition from neutral to sadness (Mean L*= 0.18, SE = 0.05, t=3.15, p<0.05) and
from neutral to disgust were also statistically significant (Mean L*= 0.18, SE = 0.64, t=2.85, p<0.05).
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Table 1

Comparasion of Affect Transition Analysis
Happiness Sadness Neutral ~Anger Disgust Surprise Fear

D'Mello L. 0.64* 019 072 0.24 0.27
(0.03) (0.06) (0.9) i (0.07) ) (0.08)
Happiness L= - 0.17* 308 013 022 ] 0.26*
(0.06) (324)  (0.09)  (0.07) (0.08)
LSA 0.89* 0007 007 000 002 0003 0012
Yule’s Q 097* 095 087 07  -049 0.51 033
D'Mello L. 0.02 04 082 0.06 0.11
(0.01) 0.06)  (0.91) - (0.02) ; (0.06)
Sadness L= 0.02 ] 2099 005 006 ] 0.11
(0.01) (L08)  (0.04)  (0.02) (0.06)
LSA 0.02 076~ 018 0001 003 0001 0.08
Yule’s Q 20.94 096  -043 0009  -03 073 043
0.11 02 045 095 018 0.16
D’MelloL 103y (005)  (004) (0.07)  (0.06) ; (0.06)
Neutral . 0.02 0.18* ] 009 0.18* ] 0.16
(0.08) (0.05) 0.07)  (0.64) (0.06)
LSA 0.07 009 079 0001 002 0.01 0.011
Yule’s Q -0.88 045 093*  -0009  -055 01 03
20,002 003 093 009 002 20,0001
D’MelloL 5003 (002) (0.9 (0.07) (0.016) ; (0.0001)
Anger . -0.002 003 -0.99 ] 0.02 ] -0.0001
0.003)  (0.02) (0.9 (0.01) (0.0001)
LSA 0.09 0.09 045 027~  0.09 0.00 0.00
Yule’s Q 031 0009  -014  099* 01 1 1
0.17 002 091 015  020* 0.03
D’Mello L 0.01 0.008 091  (0.09)  (0.07) ) (0.02)
Disqust . 0.01 0019 097 015 ] ] 0.03
001)  (0.009)  (L0OO)  (0.009) (0.02)
LSA 0.18 0.09 0.13 0004~ 055 0004 0024
Yule’s Q 051 031 053 06l 096~ 022 0.06
20.00 0007 -092 0.002 0.018
D'MelloL 000y (0.007)  (0.92) T (0.002) - (0.009)
suprise . 200003 0007 092 000 0002 000 0018
(0.004)  (0.008) (0.94) (0.00) (0.002)  (0.00)  (0.009)
LSA 0.15 0.02 040 000 00l  033* 009"
Yule’s Q 047 08 008 1 073 097*  064*
0.006 0057  -091  -0003 022 0.16
D’MelloL 1 005)  (0.032) (0.91) (0.000) (0.01) ) (0.05)
Cor . 0.004 0057  -094  -0003 022 ] ]
(0.005)  (0.033) (0.97) (0.000) (0.01)
LSA 0.29 0.07 020 000 005  003* 036"
Yule’s Q 031 036 033 1 003 049~ 095

* Statistically significant transitions are shown in bold.
**Mean L and Mean Standard Error for D'Mello L method, Mean L* and Mean Standard Error for L* method, and Z value for
LSA are given in the table.

Discussion and Conclusion

In this study, it was aimed to comparatively examine the invalid values and maximum-minimum
transition values produced by different sequential analysis methods in the affect dataset, which was
formed by making sense of physical and physiological data in a virtual classroom simulation. In
addition, the results produced by the sequential analysis methods were examined comparatively and
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based on the theoretical framework. In this context, an implementation was carried out with fifteen
prospective teachers in a classroom simulation (SiminClass) to create a dataset. Participants' affect states
were recognized every 0.5 seconds using EEG, GSR, and facial expressions to include seven basic
emotional states. The sequential analysis methods L, L*, LSA, and Yule's Q were applied to the created
dataset.

After applying the sequential analysis methods, the invalid values produced by L, L*, and LSA were
compared. The results showed that the proportion of invalid values of LSA is higher than L and L*.
Moreover, as the sequences get shorter, invalid values increase in all analysis methods. As a matter of
fact, in the study of Bosch and Paquette (2021), it was found that LSA produced more invalid values in
the log dataset containing behavioral data compared to other sequential analysis methods, and short
sequences produced more invalid values than long sequences. Due to invalid values, the number of
transitions that show a meaningful pattern in a dataset may decrease, and the transition parameters may
be found less than they should be. This issue increases the chance of finding outliers (Bosch & Paquette,
2021). This may lead to type 1 or type 2 error. Therefore, analysis can be made using L or L* methods
in data collected in the real environment, where there are seven states and the distribution ratio of the
states is random. In addition, it is predicted that the sequences being as long as possible will increase
the statistical power of the results obtained from the sequential analysis method to be used.

When the maximum and minimum values obtained from the analyses were examined, considering the
limits of L and L* [—0,1], it was seen that the maximum value could be approached as the sequence
length reaches a certain saturation in both analyses. It has been observed that the minimum value curve
converges at zero for L and L*. This indicates that at least one transition between states never occurred.
Since it was a dataset created in the real environment, the transitions between the states were random;
therefore, this result was expected (Matayoshi & Karumbaiah, 2020). There is no maximum or minimum
value that the Z value produced with LSA can take. However, the findings show that the maximum and
minimum values of LSA fluctuate independently of the number of observations.

On the contrary, Bosch and Paquette (2021) found that as the number of observations increased, the
maximum value of LSA increased, and the minimum value decreased. This difference may be due to
the characteristics of the datasets. Bosch and Paquette (2021) performed LSA with sequence lengths
ranging from 5 to 50 and log data in a computer-based environment. This finding could not be reached
in the dataset with seven affect states and a sampling rate of 0.5 seconds. This shows that the nature of
the data (emotional or behavioral), the data type (singe modality or multimodal modality), the amount
of data (short sequences or long sequences), the environment in which the dataset was created
(computer-based or not), and the sampling rate due to the characteristics of the data collection tool
(automated data collection tool or observation) are essential. In sequential analyses, the analysis method
to be used can be decided by paying attention to these dataset features.

When the analysis results are examined, the cyclical transition of happiness, sadness, neutral, and disgust
is statistically significant according to the results of L, LSA, and Yule's Q. However, anger, surprise,
and fear's cyclical transition were statistically significant only according to LSA and Yule's Q metric
(cyclical transitions were not calculated since self-transitions were not examined in L*). When the
results produced by the analyses are examined, the cyclical transition of happiness, sadness, neutral, and
disgust is statistically significant according to the results of L, LSA, and Yule's Q. However, anger,
surprise, and fear's cyclical transition were statistically significant only according to LSA and Yule's Q
metric (cyclical transitions were not calculated since self-transitions were not examined in L*).

When these results were evaluated in the theoretical framework, it was an expected result that the
cyclical transition of more intense and long-lasting emotions such as sadness would be found to be
statistically significant. The statistical significance of the surprise cyclical transition did not match the
theoretical framework. As surprise is the shortest of all emotions, it lasts for a few seconds and
disappears (Ekman, 2021). For this reason, the statistical significance of the surprise cyclical transition
did not match the theoretical framework.

The statistical significance of transitions between different emotions differed between analysis methods.
According to LSA, the mutual pattern between fear and surprise is statistically significant, and there is
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a moderate relationship between these transitions according to Yule's Q. According to LSA, the pattern
of transition from disgust to anger was also statistically significant, and the Yule's Q metric shows a
moderate relationship between these two states. However, there was no statistically significant transition
between these states according to D'Mello's L and L*. This situation among the results of the analysis
may have caused these contradictory results in the dataset, as more invalid values were produced in the
LSA and the rare occurrence of emotions such as anger and fear.

Since state persistence is ignored in L* sequences, the results it naturally produces are different from
the others. This metric can be used in studies that focus only on transitions between states where state
persistence is not essential (Karumbaiah et al., 2019).

Studies examining emotional-cognitive sequences in educational contexts are a growing body of
research area. However, it has been observed that different results were obtained for the same dataset in
different methods of affect transition analysis serving the same purpose. To increase statistical power in
studies examining affect transition, it is important to carefully examine the structure of the dataset and
the purpose of the research. In this way, the appropriate affect transition analysis method can be selected.
The data type, amount of data, the environment in which the data was created, and the characteristics of
the data collection tool can be the determinants of this decision process. Also, in similar studies, it would
be helpful to have the sequences as long as possible to avoid potential errors. On the other hand, should
a transition frequency, which is very rare in long sequences, be excluded? Should the number of
observations be determined according to the number of states in such studies? It is one of the topics
recommended to be examined in future studies. In addition, this study was conducted in a classroom
simulation with a limited number of participants and an automatic emotion identification system with
little margin of error. The research can be conducted with more participants in different contexts and
data collection tools in future studies.
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