1. Full list of R packages that were used during the cleaning and analysis process
Data import and manipulation were facilitated by 'readxl' (Wickham et al., 2023) and data.table (Barrett et al., 2024). The 'tidyverse' package (Wickham et al., 2019) was used for data wrangling and visualization tasks. Statistical analyses were conducted using 'rstatix' (Kassambara, 2023a) and 'lme4' (Bates et al., 2015). Model summaries and visualizations were generated using 'apaTables' (Stanley, 2021), 'jtools' (Long, 2023), and 'sjPlot' (Lüdecke et al., 2023). Data visualization was enhanced using 'ggplot2' (Wickham et al., 2024), 'ggpubr' (Kassambara, 2023b), and 'ggrepel' (Slowikowski, 2024).
2. Step Position Analysis and Model Simplification
This analysis was performed on the combined IES (for preparation and execution). Differences were assessed using  with 0.1, 0.25, and 0.4 indicating small, medium, and large effects, respectively (Cohen, 1992).
[bookmark: _Hlk209012077]As hypothesized, performance in the last steps was better than in non-last steps, with large differences in Experiment 1 (MIES =10,735.9272, SE = 252.5128 & MIES =12,438.2524, SE = 333.7531, respectively; = 0.487, CI [0.29, 0.62]), and Experiment 2 (MIES =9,613.8821, SE = 206.0917 & MIES =10,961.1369, SE = 262.7921, respectively; = 0.427, CI [0.22, 0.57]). The interaction between step type and complexity combination exhibited small effects in Experiment 1 and Experiment 2, respectively ( =0.122, CI [0.04, 0.20], and = 0.065, CI [0.01, 0.11]).  
Consequently, all subsequent analyses were performed after excluding the last steps from instruction with intermediate and complex Sequences. This yet posed challenges to our subsequent analyses. Specifically, if only the three-step instruction contained two analyzable steps (Step 1 and Step 2, since Step 3 was the last and was thus excluded), we would have needed to consider Step in the analyses.  We thus examined possible differences between Step 1 and Step 2 only in three-step instruction events (where such a comparison was possible). This step difference was associated with very small effect sizes in Experiment 1 (= 0.089, CI [0, 0.25]), and Experiment 2 (= 0.010, CI [0, 0.11]). We additionally wanted to examine this effect in all complexity combinations. We thus examined the interaction between Step (first vs. second) and complexity combination. The interaction’s effect size was noticeably small both in Experiment 1 (= 0.025, CI [0, 0.10]) and in Experiment 2 
(= 0.090, CI [0.01, 0.18]), meaning that step size behaves similarly under the different complexity combinations. Thus, we ignored the distinction between the first and the second steps in the three-step instructions in our models. Additionally, regarding the Sequential complexity, in multiple-step instructions, each data point will represent preparation or execution in a single step within the instruction event.
3. Summary Tables for Complexity Dimensions analysis
Table 1S 
A summary of Model 2P. 
	 

	Predictors
	std. Beta
	standardized CI
	 p

	(Intercept)
	0.08
	-0.08 – 0.24
	0.342

	decision
	0.00
	-0.05 – 0.05
	0.961

	rule assembly
	0.01
	-0.03 – 0.05
	0.595

	sequence
	-0.01
	-0.05 – 0.03
	0.581

	domain [numeral]
	0.11
	0.07 – 0.15
	<0.001

	domain [verbal]
	0.09
	0.05 – 0.13
	<0.001

	experiment [B]
	-0.25
	-0.48 – -0.02
	0.036

	decision × domain [numeral]
	-0.03
	-0.07 – 0.01
	0.134

	decision × domain [verbal]
	-0.01
	-0.05 – 0.03
	0.787

	rule assembly × domain
[numeral]
	-0.09
	-0.13 – -0.05
	<0.001

	rule assembly × domain
[verbal]
	-0.07
	-0.11 – -0.03
	<0.001

	sequence × domain [numeral]
	0.01
	-0.03 – 0.05
	0.508

	sequence × domain [verbal]
	0.01
	-0.03 – 0.05
	0.783

	decision × experiment [B]
	0.01
	-0.07 – 0.08
	0.888

	rule assembly ×
experiment [B]
	0.05
	-0.01 – 0.11
	0.086

	sequence × experiment [B]
	0.07
	0.01 – 0.13
	0.018

	domain [numeral] ×
experiment [B]
	-0.03
	-0.09 – 0.02
	0.273

	domain [verbal] ×
experiment [B]
	0.02
	-0.04 – 0.07
	0.576

	(decision × domain
[numeral]) × experiment
[B]
	0.05
	-0.00 – 0.11
	0.069

	(decision × domain
[verbal]) × experiment
[B]
	0.05
	-0.01 – 0.11
	0.080

	(rule assembly × domain
[numeral]) × experiment
[B]
	0.04
	-0.02 – 0.09
	0.177

	(rule assembly × domain
[verbal]) × experiment
[B]
	0.05
	-0.00 – 0.11
	0.068

	(sequence × domain
[numeral]) × experiment
[B]
	0.00
	-0.05 – 0.06
	0.981

	(sequence × domain
[verbal]) × experiment
[B]
	0.02
	-0.03 – 0.08
	0.397

	σ2

	τ00 subject

	τ11 subject.decision

	τ11 subject.rule_assembly

	τ11 subject.sequence

	ρ01

	ρ01

	ICC

	N subject

	Observations

	Marginal R2 


Note. Significant factors are presented in bold. 
Table 2S 
A summary of Model 2E. 
	 
	IES

	Predictors
	std. Beta
	standardized CI
	std. p

	(Intercept)
	-0.18
	-0.29 – -0.07
	0.002

	decision
	0.23
	0.19 – 0.28
	<0.001

	rule assembly
	0.19
	0.16 – 0.23
	<0.001

	sequence
	0.11
	0.07 – 0.15
	<0.001

	domain [numeral]
	0.19
	0.15 – 0.23
	<0.001

	domain [verbal]
	0.21
	0.17 – 0.26
	<0.001

	experiment [B]
	0.07
	-0.09 – 0.23
	0.383

	decision × domain [numeral]
	0.11
	0.07 – 0.15
	<0.001

	decision × domain [verbal]
	0.05
	0.01 – 0.09
	0.017

	rule assembly × domain
	-0.04
	-0.09 – -0.00
	0.046

	[numeral]
	
	
	

	rule assembly × domain
	-0.02
	-0.07 – 0.02
	0.303

	[verbal]
	
	
	

	sequence × domain [numeral]
	0.02
	-0.03 – 0.06
	0.451

	sequence × domain [verbal]
	0.04
	-0.00 – 0.08
	0.075

	decision × experiment [B]
	-0.01
	-0.07 – 0.05
	0.823

	rule assembly ×
	0.03
	-0.03 – 0.08
	0.301

	experiment [B]
	
	
	

	sequence × experiment [B]
	0.1
	0.05 – 0.16
	<0.001

	domain [numeral] ×
	0.04
	-0.02 – 0.10
	0.172

	experiment [B]
	
	
	

	domain [verbal] ×
	0.03
	-0.03 – 0.09
	0.375

	experiment [B]
	
	
	

	(decision × domain
	-0.03
	-0.09 – 0.03
	0.295

	[numeral]) × experiment
	
	
	

	[B]
	
	
	

	(decision × domain
	0
	-0.06 – 0.06
	0.978

	[verbal]) × experiment
	
	
	

	[B]
	
	
	

	(rule assembly × domain
	-0.06
	-0.12 – -0.00
	0.034

	[numeral]) × experiment
	
	
	

	[B]
	
	
	

	(rule assembly × domain
	-0.05
	-0.11 – 0.01
	0.129

	[verbal]) × experiment
	
	
	

	[B]
	
	
	

	(sequence × domain
	-0.01
	-0.07 – 0.05
	0.792

	[numeral]) × experiment
	
	
	

	[B]
	
	
	

	(sequence × domain
	-0.04
	-0.10 – 0.02
	0.206

	[verbal]) × experiment
	
	
	

	[B]
	
	
	

	Random Effects

	σ2
	12939283.2

	τ00 subject
	1959261.5

	τ11 subject.decision
	1169647.35

	τ11 subject.rule_assembly
	603545.31

	τ11 subject.sequence
	225580.4

	ρ01
	

	ρ01
	

	ICC
	0.13

	N subject
	110

	Observations
	17875

	Marginal R2 
	0.165 


Note. In model components: D = Decision, R = Rule assembly, S = Sequence. Significant factors are presented in bold. 
4. Model description for Complexity Categorization analysis
4.1. Empty model
Level 1:
For participant i:


Level 2:
𝛽0𝑖 = 𝛾00 + 𝑈0𝑖

4.2. 12cat Model
Level 1:
For participant i:


Level 2:
𝛽0𝑖 = 𝛾00 + 𝑈0𝑖
[footnoteRef:1]𝛽1-11𝑖 = 𝛾[1-11] 0  [1:  since the complexity combination is categorial, each category has its own 𝛽 (i.e., 11 𝛽s). For simplicity, level 2 presents 𝛽s of all complexity combinations in a single line.] 

4.3. 7cat Model
Level 1:
For participant i:

Level 2:
𝛽0𝑖 = 𝛾00 + 𝑈0𝑖
4𝛽1-6𝑖 = 𝛾[1-6] 0
4.4. 7mon Model
Level 1:
For participant i:

Level 2:
𝛽0𝑖 = 𝛾00 + 𝑈0𝑖
𝛽1𝑖 = 𝛾10 + 𝑈1𝑖

5. Summary Tables for Complexity Categorization analysis
Table 3S
A summary of the 7mon model in preparation phase. 
	 
	IES

	Predictors
	Beta
	standardized CI
	std. p

	(Intercept)
	0.08
	-0.08 – 0.25
	0.319

	Complexity Category
	-0.02
	-0.08 – 0.04
	0.465

	Domain [numeral]
	0.09
	0.06 – 0.12
	<0.001

	Domain [verbal]
	0.09
	0.06 – 0.12
	<0.001

	Experiment [B]
	-0.25
	-0.48 – -0.02
	0.031

	Complexity Category × Domain [numeral]
	-0.04
	-0.07 – -0.01
	0.009

	Complexity Category × Domain [verbal]
	-0.01
	-0.03 – 0.02
	0.717

	Complexity Category × Experiment [B]
	0.11
	0.03 – 0.19
	0.005

	Random Effects

	σ2
	38490132.16

	τ00 subject
	7061662.31

	τ11 subject.Complexity Category
	976771.85

	ρ01 subject
	0.01

	ICC
	0.41

	N subject
	110

	Observations
	17591

	Marginal R2 
	0.022 


Table 4S
A summary of the 7cat model in execution phase. 
	 
	IES

	Predictors
	std. Beta
	standardized CI
	p

	(Intercept)
	-0.21
	-0.31 – -0.12
	<0.001

	complexity comb [linear]
	1.12
	0.97 – 1.28
	<0.001

	complexity comb
	0.14
	0.01 – 0.27
	0.029

	[quadratic]
	
	
	

	complexity comb [cubic]
	0.2
	0.09 – 0.31
	<0.001

	complexity comb [4th
	0.09
	-0.03 – 0.20
	0.133

	degree]
	
	
	

	complexity comb [5th
	0.15
	0.04 – 0.25
	0.007

	degree]
	
	
	

	complexity comb [6th
	0.09
	-0.02 – 0.20
	0.099

	degree]
	
	
	

	complexity comb [7th
	0.08
	-0.02 – 0.18
	0.134

	degree]
	
	
	

	complexity comb [8th
	-0.07
	-0.18 – 0.03
	0.155

	degree]
	
	
	

	complexity comb [9th
	-0.09
	-0.19 – 0.02
	0.105

	degree]
	
	
	

	complexity comb [10th
	-0.15
	-0.25 – -0.04
	0.008

	degree]
	
	
	

	complexity comb [11th
	0.01
	-0.10 – 0.12
	0.896

	degree]
	
	
	

	type [numeral]
	0.22
	0.19 – 0.24
	<0.001

	type [verbal]
	0.23
	0.20 – 0.26
	<0.001

	experiment [B]
	0.07
	-0.06 – 0.21
	0.297

	complexity comb [linear]
	0.14
	0.04 – 0.25
	0.005

	× type [numeral]
	
	
	

	complexity comb
	-0.29
	-0.40 – -0.19
	<0.001

	[quadratic] × type
	
	
	

	[numeral]
	
	
	

	complexity comb [cubic] ×
	0
	-0.10 – 0.09
	0.949

	type [numeral]
	
	
	

	complexity comb [4th
	0.07
	-0.03 – 0.17
	0.149

	degree] × type [numeral]
	
	
	

	complexity comb [5th
	-0.03
	-0.14 – 0.07
	0.527

	degree] × type [numeral]
	
	
	

	complexity comb [6th
	-0.19
	-0.30 – -0.08
	0.001

	degree] × type [numeral]
	
	
	

	complexity comb [7th
	0.06
	-0.04 – 0.16
	0.255

	degree] × type [numeral]
	
	
	

	complexity comb [8th
	0.13
	0.04 – 0.23
	0.007

	degree] × type [numeral]
	
	
	

	complexity comb [9th
	0.31
	0.21 – 0.41
	<0.001

	degree] × type [numeral]
	
	
	

	complexity comb [10th
	0.13
	0.03 – 0.23
	0.011

	degree] × type [numeral]
	
	
	

	complexity comb [11th
	-0.4
	-0.51 – -0.30
	<0.001

	degree] × type [numeral]
	
	
	

	complexity comb [linear]
	0.09
	-0.01 – 0.19
	0.074

	× type [verbal]
	
	
	

	complexity comb
	-0.31
	-0.42 – -0.21
	<0.001

	[quadratic] × type
	
	
	

	[verbal]
	
	
	

	complexity comb [cubic] ×
	-0.04
	-0.14 – 0.06
	0.404

	type [verbal]
	
	
	

	complexity comb [4th
	0.08
	-0.02 – 0.18
	0.104

	degree] × type [verbal]
	
	
	

	complexity comb [5th
	0.06
	-0.05 – 0.16
	0.306

	degree] × type [verbal]
	
	
	

	complexity comb [6th
	-0.05
	-0.16 – 0.06
	0.413

	degree] × type [verbal]
	
	
	

	complexity comb [7th
	0
	-0.10 – 0.10
	0.934

	degree] × type [verbal]
	
	
	

	complexity comb [8th
	0.16
	0.06 – 0.26
	0.001

	degree] × type [verbal]
	
	
	

	complexity comb [9th
	0.24
	0.13 – 0.34
	<0.001

	degree] × type [verbal]
	
	
	

	complexity comb [10th
	0.02
	-0.08 – 0.12
	0.686

	degree] × type [verbal]
	
	
	

	complexity comb [11th
	-0.24
	-0.35 – -0.14
	<0.001

	degree] × type [verbal]
	
	
	

	complexity comb [linear]
	0.06
	-0.14 – 0.25
	0.572

	× experiment [B]
	
	
	

	complexity comb
	0.17
	0.02 – 0.33
	0.029

	[quadratic] × experiment
	
	
	

	[B]
	
	
	

	complexity comb [cubic] ×
	0.03
	-0.10 – 0.16
	0.687

	experiment [B]
	
	
	

	complexity comb [4th
	-0.08
	-0.21 – 0.05
	0.23

	degree] × experiment [B]
	
	
	

	complexity comb [5th
	-0.05
	-0.17 – 0.07
	0.386

	degree] × experiment [B]
	
	
	

	complexity comb [6th
	-0.17
	-0.29 – -0.05
	0.006

	degree] × experiment [B]
	
	
	

	complexity comb [7th
	-0.11
	-0.23 – 0.01
	0.067

	degree] × experiment [B]
	
	
	

	complexity comb [8th
	0.13
	0.01 – 0.25
	0.03

	degree] × experiment [B]
	
	
	

	complexity comb [9th
	0.15
	0.03 – 0.27
	0.015

	degree] × experiment [B]
	
	
	

	complexity comb [10th
	0.19
	0.07 – 0.32
	0.003

	degree] × experiment [B]
	
	
	

	complexity comb [11th
	0.21
	0.09 – 0.34
	0.001

	degree] × experiment [B]
	
	
	

	Random Effects

	σ2
	11880905.33

	τ00 subject
	1213745.53

	τ11 subject.complexity_combE E E
	0

	τ11 subject.complexity_combE E M
	431397.74

	τ11 subject.complexity_combE E C
	433610.88

	τ11 subject.complexity_combE C E
	1159394.02

	τ11 subject.complexity_combC E E
	1377835.69

	τ11 subject.complexity_combE C M
	1453831.23

	τ11 subject.complexity_combC E M
	4531029.1

	τ11 subject.complexity_combE C C
	3950179.68

	τ11 subject.complexity_combC C E
	1945932.29

	τ11 subject.complexity_combC E C
	6824904.8

	τ11 subject.complexity_combC C M
	2364125.07

	τ11 subject.complexity_combC C C
	7525721.29

	N subject
	110

	Observations
	17875

	Marginal R2 
	0.219


Note.  Significant factors are presented in bold.
Table 6S
A summary of the 7mon model with TExecution as the dependent variable. 
	
	Experiment 1
	Experiment 2

	Predictors
	b
	CI
	p
	Estimates
	CI
	p

	(Intercept)
	2150.05
	1691.10 – 2609.00
	<0.001
	2285.62
	1950.68 – 2620.56
	<0.001

	stage
	643.68
	617.00 – 670.36
	<0.001
	681.6
	655.79 – 707.40
	<0.001

	Random Effects

	σ2
	4741832.25
	4664472.24

	τ00
	2801804.09 subject
	1407010.54 subject

	N
	55 subject
	55 subject

	Observations
	9706
	10032

	Marginal R2
	0.127
	0.17


Note.  Significant factors are presented in bold.


Table 7S
A summary of the 7mon model with PE as the dependent variable. 
	
	Experiment 1
	Experiment 2

	Predictors
	Estimates
	CI
	p
	Estimates
	CI
	p

	(Intercept)
	0.05
	0.02 – 0.07
	0.001
	0.02
	-0.00 – 0.03
	0.077

	stage
	0.02
	0.01 – 0.03
	<0.001
	0.02
	0.02 – 0.03
	<0.001

	Random Effects

	σ2
	0.1
	0.1

	τ00
	0.01 subject
	0.00 subject

	τ11
	0.00 subject.stage
	0.00 subject.stage

	ρ01
	-0.77 subject
	

	N
	55 subject
	55 subject

	Observations
	9706
	10032

	Marginal R2
	0.008
	0.016


Note.  Significant factors are presented in bold.
6. Examination of Hypothesis 6 (performance strategy)
As presented in the pre-registration, we wanted to investigate whether participants could be identified in two strategic groups, based on the Dual Mechanism of Control Framework (DMC; Braver, 2012). To do so, we examined whether the mean ratio scores of participants (representing a general tendency toward EOS or IOS) could be identified as two separate groups.   
A Hartigan's dip test for deviation from unimodality (HDS; Hartigan & Hartigan, 1985)and a bimodality coefficient (BC; Ellison, 1987) were calculated to examine if strategy creates two distinct populations. We chose to use these two measures since they produced relatively low rates of false positive detections of bimodality distributions and were successfully distinguished between unimodal and bimodal distributions (Freeman & Dale, 2013). In short, HDS examines the disparity level of the data from an unimodal distribution, while BC examines the proportion between the skewness and kurtosis of the distribution. The rationale behind BC is that bimodal distribution will have very low kurtosis. BC value ranges from 0 to 1, with a cutoff of 0.555 (a higher value indicates bimodal distribution and a lower value indicates unimodal distribution; Freeman & Dale, 2013). 
The results of these tests in both experiments indicated contradicting results. While the BC results indicated bimodality (BC = .694 and BC = .683, respectively), results from the dip test were non-significant (D = 0.031, p = .971 and D = 0.035, p = .911, respectively), which signified the inability to reject the assumption that the data are distributed unimodal. Nevertheless, observing the descriptive distribution from Experiment 1 (see Figure 2), it seems that the data does not behave bimodally; instead, it is very skewed, which could explain the relatively high BC.  Consequently, we concluded that participants could not be categorized into two strategy groups. Hence, we did not continue with the examination of hypothesis 7 in the pre-registration. 
Figure 1S
[image: A green line graph with white background

AI-generated content may be incorrect.]Probability density plot of mean score of Texecution/Tinstuction per participant. 
Note. Black vertical solid line: Texecution/TPreperation = 1, i.e., the point at which strategy tendency shifts from IOS to EOS.
7. Analyses of Performance Strategies 
Having established that instruction complexity primarily affects execution efficiency rather than preparation, we next explored how participants strategically adapt to the demands of instruction.  We therefore conducted exploratory analysןs examining whether participants read instructions fully during preparation by comparing observed preparation times against established reading speeds. Meta-analytic evidence suggests that people typically read at a rate of 175-300 words per minute across various languages (Brysbaert, 2019), corresponding to approximately 200-343 milliseconds per word. If participants thoroughly read instructions before execution, preparation times should be scaled with instruction length at rates within this range. This analysis deviated from our pre-registered plan and better examined our original purpose. 
7.1. Method 
7.1.1. Participants
The analyses utilized data from the same 110 participants (after exclusions) described in the main analyses.
7.1.2. Design 
7.1.2.1. Independent variable
In the exploratory analyses examining reading behaviors, the independent variable was the number of words in each instruction, as described in the Written Instructions section. 
7.1.2.2. Dependent variable
Dependent variables were Tpreparation and TExecution. 
7.1.2.3. Data Analysis
Data preprocessing followed the same five-step pipeline described for the main analyses, with identical exclusion criteria applied. Statistical analyses employed Multi-Level Models (MLM), maintaining the same structure as the primary analyses, with random intercepts and slopes by participant. For the reading behavior analysis, TPreparation and TExecution were predicted as functions of the number of words within the instruction. Analysis was performed separately for each experiment. 
7.2. Results
7.2.1. Preparation phase 
Results revealed no significant relationship between the number of words in the instruction and preparation time in either experiment. As shown in Figure S2, mean reading time deviated substantially from the expected reading time range, with the average slopes decreasing as instructions get longer. 
Figure 2S
Tpreparation as a function of the number of words in the instruction in A) Experiment 1 and B) Experiment 2. 
[image: A graph of numbers and words

AI-generated content may be incorrect.]Tpreparation

Note. The azure-colored field depicts the range of possible relations between the number of words (X-axis) and their reading time (Y-axis), based on expected reading time as assessed using Brysbaert’s (2019) results. The grey lines represent the individual reading times per word of the participants, and the dark blue line indicates the average reading time per word slope. 

7.2.2. Execution phase 
Despite these results, one could speculate that while participants did not read the instructions in the preparation phase, they may have fully read them in the Execution phase. To answer this question, the same analysis was performed, now with TExecution as the dependent variable. Results showed a significant increase in time spent in the execution phase as the number of words in the instruction increased (β = 0.39, 95% CI [0.35, 0.42], p < .001 for Experiment 1, and β = 0.44, 95% CI [0.41, 0.47], p < .001 for Experiment 2). In addition, BIC-based model comparison revealed that the model including the number of words provided the best fit compared to the empty model in both experiments (with both BF > 100,000). Despite that, examination of Figure 3S reveals that the increase is lower than expected based on reading time.  
Figure 3S
Texecution as a function of the number of words in the instruction in A) Experiment 1 and B) Experiment 2. 
[image: A graph of a number of words

AI-generated content may be incorrect.]

Note. The azure-colored field depicts the range of possible relations between the number of words (X-axis) and their reading time (Y-axis), based on expected reading time as assessed using Brysbaert’s (2019) results. The grey lines represent the individual reading times per word of the participants, and the dark blue line indicates the average reading time per word slope. 



References
Barrett, T., Dowle, M., Srinivasan, A., Gorecki, J., Chirico, M., Hocking, T., Stetsenko, P., Short, T., Lianoglou, S., Antonyan, E., Bonsch, M., Parsonage, H., Ritchie, S., Ren, K., Tan, X., Saporta, R., Seiskari, O., Dong, X., Lang, M., … Czekanski, M. (2024). data.table: Extension of “data.frame” (Version 1.15.0) [Computer software]. https://cran.r-project.org/web/packages/data.table/index.html
Bates, D., Mächler, M., Bolker, B., & Walker, S. (2015). Fitting linear mixed-effects models using lme4. Journal of Statistical Software, 67, 1–48. https://doi.org/10.18637/jss.v067.i01
Braver, T. S. (2012). The variable nature of cognitive control: A dual mechanisms framework. Trends in Cognitive Sciences, 16(2), 106–113. https://doi.org/10.1016/j.tics.2011.12.010
Cohen, J. (1992). Statistical power analysis. Current Directions in Psychological Science, 1(3), 98–101. https://doi.org/20182143
Ellison, A. M. (1987). Effect of Seed Dimorphism on the Density-Dependent Dynamics of Experimental Populations of Atriplex triangularis (Chenopodiaceae). American Journal of Botany, 74(8), 1280–1288. https://doi.org/10.2307/2444163
Freeman, J. B., & Dale, R. (2013). Assessing bimodality to detect the presence of a dual cognitive process. Behavior Research Methods, 45(1), 83–97. https://doi.org/10.3758/s13428-012-0225-x
Hartigan, J. A., & Hartigan, P. M. (1985). The Dip Test of Unimodality. The Annals of Statistics, 13(1), 70–84.
Kassambara, A. (2023a). rstatix: Pipe-friendly framework for basic statistical tests (Version 0.7.2) [Computer software]. https://cran.r-project.org/web/packages/rstatix/index.html
Kassambara, A. (2023b). ggpubr: “ggplot2” based publication ready plots (Version 0.6.0) [Computer software]. https://cran.r-project.org/web/packages/ggpubr/index.html
Long, J. A. (2023). jtools: Analysis and presentation of social scientific data (Version 2.2.2) [Computer software]. https://cran.r-project.org/web/packages/jtools/index.html
Lüdecke, D., Bartel, A., Schwemmer, C., Powell, C., Djalovski, A., & Titz, J. (2023). sjPlot: Data visualization for statistics in social science (Version 2.8.15) [Computer software]. https://cran.r-project.org/web/packages/sjPlot/index.html
Slowikowski, K. (2024). ggrepel: Automatically Position Non-Overlapping Text Labels with “ggplot2” (Version 0.9.5) [Computer software]. https://ggrepel.slowkow.com/, https://github.com/slowkow/ggrepel.
Stanley, D. (2021). apaTables: Create American Psychological Association (APA) Style Tables (Version 2.0.8) [Computer software]. https://cran.r-project.org/web/packages/apaTables/index.html
Wickham, H., Averick, M., Bryan, J., Chang, W., McGowan, L. D., François, R., Grolemund, G., Hayes, A., Henry, L., Hester, J., Kuhn, M., Pedersen, T. L., Miller, E., Bache, S. M., Müller, K., Ooms, J., Robinson, D., Seidel, D. P., Spinu, V., … Yutani, H. (2019). Welcome to the tidyverse. 4(43), 1686. https://doi.org/doi:10.21105/joss.01686
Wickham, H., Bryan, J., Kalicinski, M., Komarov, V., Leitienne, Colbert, B., Hoerl, D., & Miller, E. (2023). readxl: Read excel files (Version 1.4.3) [Computer software]. https://cran.r-project.org/web/packages/readxl/index.html
Wickham, H., Chang, W., Henry, L., Pedersen, T. L., Takahashi, K., Wilke, C., Woo, K., Yutani, H., Dunnington, D., & Brand, T. V. D. (2024). ggplot2: Create Elegant Data Visualisations Using the Grammar of Graphics (Version 3.5.0) [Computer software]. https://cran.r-project.org/web/packages/ggplot2/index.html


image1.png




image2.png
30000

20000

10000

2 40 60 2 40 60
Number of Words




image3.png
Number of Words





