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SEARCH PROCESS FOR THE LITERATURE OVERVIEW
To provide insights into a conceptual range of applications of PR RSM on groups, we employed relatively broad keywords to identify our targeted studies. We conducted our search with Web of Science on 6/6/2022 using the extensive key word combinations (1) *response surface*team (2) *response surface*group (3) *polynomial*team (4) *polynomial*group. Our key words returned 1106 articles in relevant areas such as psychology, management, and social sciences in total. Since the inception and seminal articles of individual-level PR RSM by Edwards and colleagues were published around 1990-2010, our search spanned from 2002 until 2022 (20 years) but it only addressed articles that dealt specifically with multilevel data.
To confirm the application of PR to multilevel data, we reviewed the retained articles in two steps: (1) abstracts screening, and (2) full-text screening. In the first step, our inclusion criteria consisted of (1) multilevel data for groups, and (2) employed polynomial regression. In the second step, we re-checked if the inclusion criteria for abstract screening are indeed present in the full texts. In the second step, we agreed to exclude further articles based on two exclusion criteria. While doing so, we agreed to exclude further articles based on the following two exclusion criteria. Firstly, in some articles researchers aggregated individual responses to group-level and conducted analyses without considering the multilevel data structure (e.g., Carter & Mossholder, 2015; Cole et al., 2013). Secondly, some other articles used Jansen and Kristof-Brown (2005) cross-level approach to model multilevel PR. In this approach, one of the predictors composing PR terms is modelled at the first level and the other is modelled at the second level of multilevel PR.
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Tables 1-3 show the results of 23 empirical journal articles in a total of 14 different journals from diverse psychological research areas that investigated group research. The first empirical study to apply multilevel PR RSM appeared in 2013, and 43,5% of the articles were published from 2013 to 2019. The rest (56,5%) were published from 2020 until the present, indicating an increasing interest in multilevel PR RSM over the last two years.

	Table S1
Literature overview of studies (N=13) utilized PR RSM on multilevel data to investigate individual member-group-(in)congruence

	Author
	Topic
	Conceptual base
	Framing
	Analysis
	Reporting 
	Inter
pretation

	Benish‐Weisman et al.2 (2020)
	Adolescents’ 
value endorsement and classroom peers’ value endorsement on self-esteem. 
	Theory of basic human values (Schwartz, 1992)
	Congruence
	Ind. nested within 92 classrooms.
Level 1 and Level 2 predictors were scale-centered. 
	b̂0, b̂1 - b̂5
â2, â3
RS plot
	1

	Boele et al.2 (2017)
	Adolescents’ personality variables and class personality variables on peer victimization.
	Big five (McCrae & Costa, 1987), dark triad model (Paulhus & Williams, 2002) 
	(In)congruence, similarity 
	Ind. nested within classrooms.
Level 1 and Level 2 predictors were grand-mean-centered.
	b̂0, b̂1 - b̂5
â1 - â4
RS plot
	1

	Coo et al.1 (2021)
	Employee and team members’ organizational constraints on engagement.
	Job-demands-control- support theory (Karasek, 1979) and shared reality theory (Echterhoff et al. 2009)
	(In)congruence
	Ind. nested within work units.
Level 1 and Level 2 predictors were scale-centered.
	b̂0, b̂1 - b̂5
â1 - â4
RS plot
	1

	Hsu et al.3 (2014)
	Members’ perceptions of engaged group climate and other members’ perceptions of engagement on self-disclosure.
	Similarity-attraction model (Byrne, 1971)
	(Dis)agreement
	Ind. nested within group members. 
Level 1 and Level 2 predictors were scale-centered.
	b̂0, b̂1 - b̂5
â1 - â4
RS plot
	1

	Junker et al.1 (2022)
	Team member identification and Team-as-a-whole identification on exhaustion.
	Social identity theory (Ashforth & Mael, 1989), person–environment fit theory (Edwards et al., 1998)
	(In)congruence
	Ind. nested within teams. 
ML latent PR RSM. 
Level 1 predictor was group-mean-centered. Level 2 predictor was grand-mean-centered.
	b̂0, b̂1 - b̂5
RS plot 
	2 


	Keum et al.3 (2018)
	Students’ self-stigma change throughout a semester on psychological help-seeking attitudes. 
	Theory of planned behavior (Ajzen, 1985)
	Discrepancy, agreement, congruence
	Ind. nested within different (20) sections of course. 
No report on centering.
	b̂0, b̂1 - b̂5
â1, â4
RS plot
	1

	Kim et al.1 (2022)
	Individuals’ and team members’ Ingratiation on employee social exchange quality.
	Social exchange theory (Blau, 1964)
	(In)congruence and discordance 
	Ind. nested within work teams. 
Level 1 predictors were grand-mean-centered. No Level 2 predictors.
	b̂0, b̂1 - b̂5
â1 – â5
RS plot
	1

	Kivlighan III et al.3 (2020)
	Group members’ positive and negative feedback on group cohesion and improvement in group therapy.
	Group cohesion, positive bonding relationship (Yalom & Leszcz 2005)
	Congruence, balanced, discrepancy 
	Ind. nested within groups. 
Predictors were scale-centered. 
	b̂0, b̂1 - b̂5
â1 - â4
RS plot
	1

	Kivlighan et al.3 (2015)
	Within-group and between-group perceptions of engagement on group climate at a university.
	Person-environment fit theory (Lewin, 1935)
	(Mis)fit, (dis)agreement
	Sessions nested within people, people within groups (three level). 
No report on centering.
	b̂0, b̂1 - b̂5
â1 - â4
RS plot
	1

	Litrico & Choi1 (2013)
	Individuals’ self-efficacy and team efficacy on work collaboration and process hindrance.
	Social cognitive theory (Bandura, 1997) 
	Fit, (in)congruence, alignment
	Ind. within teams.
Predictors were scale-centered.
	b̂0, b̂1 - b̂5
RS plot
	1

	Meeussen et al.1 (2014)
	Personal and other class members’ achievement values on group identification.  
	Social identity theory (Tajfel, & Turner, 1986), Theory of basic human values (Schwartz, 1992)
	Fit, similarity
	Ind. nested within groups. 
Predictors were centered.
	b̂0, b̂1 - b̂5

	1

	Zhao et al.1 (2021)
	Individuals’ conscientiousness and team members’ conscientiousness   on knowledge sharing.
	Person-team fit theory (Edwards et al., 1998),
team-member-exchange theory (Seers, 1989)
	(Mis)fit, (dis)similarity, (in)congruence 
	Ind. nested within teams. 
Predictors were pooled-grand-mean centered. 
	b̂0, b̂1 - b̂5
â1 - â4
RS plot 
	1

	Zyphur et al.1 (2016)
	Manager and non-managers’ perceptions of organizational culture on quality improvement in organizations. 

	Competing values framework (Cameron & Quinn, 2006)

	Congruence
	Ind. (managers and non-managers) nested within hospitals.
ML latent PR RSM. 
Predictors were scale-mean-centered. 
	b̂0, b̂1 - b̂5
â1 - â4
RS plot
	2








Note.Author1,2,3 = publication relates to either 1organizational psychology, 2personality/social psychology, 3clinical psychology. 
Reporting = estimated regression coefficients:  b̂0m, b̂1m - b̂5m. RS (average) surface test parameters: â1 - â4, â 5.

Interpretation = 1: RS parameters are interpreted in isolation from each other (Shanock et al., 2010). 2: RS parameters are not interpreted in isolation from each other but not all conditions depicted in Nestler et al. (2019) for an (in)congruence hypothesis were met.
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	Table S2
Literature overview of studies (N=8) utilized PR RSM on multilevel data to investigate leader-group-(in)congruence

	Author
	Topic
	Conceptual base
	Framing
	Analysis
	Reporting 
	Inter
pretation

	Aramovich and Blankenship1 (2020)
	Other-reported participative and decisive behavior on Leader effectiveness.  

	“Both-and”-leadership approach (Denison et al., 1995; Smith & Lewis, 2011)
	Relative importance; 
(mis)fit; 
(in)congruence 
	Leaders are rated by members; responses nested within leaders.
Level 1 predictors were group-mean-centered. No report on Level 2.
	b̂0, b̂1 - b̂5
â1 - â4
RS plot
	1

	Chaudhry et al.1 (2021)
	Leader and group LMX quality on employee affective commitment, innovative performance and voluntary turnover. 
	Social exchange theory (Blau, 1964; Emerson, 1976) 
	(Mis)alignment
	Ind. nested within managers. 
All Level predictors were scale centered.
	b̂0, b̂1 - b̂5
â1, â4
RS plot
	1

	

	Grimes & Kivlighan3 (2022)
	Groups’ and leaders’ multicultural orientation on improvement in group therapy. 
	Relational humility theory (Funder, 1995)

	Additive and complementary 
	Indi. nested within therapy groups.
No report on centering.
	b̂0, b̂1 - b̂5
â1 - â4
RS plot
	1

	Gullo et al.3 (2021)
	Group members’ and groups’ bonds on intimate behaviors. 

	Work alliance, positive bonding relationships (Yalom & Leszcz 2005)
	Discrepancy
	Ind. nested within groups and sessions (three level; groups, sessions, group-as-a-whole)
No report on centering.
	b̂0, b̂1 - b̂5
â3
RS plot
	1

	Kivlighan et al.3 (2017)
	Individuals’ positive bonding relationships to the leader, members and the group-as-a-whole on post-treatment distress. 
	Positive bonding relationship (Yalom & Leszcz 2005) 
	Congruence and discrepancy
	Ind. nested within groups. 
No report on centering.
	b̂0, b̂1 - b̂5
â1 - â4
RS plot
	1

	Kivlighan et al.3 (2019)
	Student’ reported working alliance between advisor and advisee on group cohesion. 
	Group cohesion, positive bonding relationship (Yalom & Leszcz 2005)
	Additive and Complementary 
	Ind. nested within nested within advisors.
Predictors were scale-centered.
	b̂0, b̂1 - b̂5
â1 - â4
RS plot
	1

	Lan et al.2 (2020)
	LMX and team MX on feedback seeking behavior.
	Balance theory (Heider, 1958)
	(In)congruence
	Ind. nested in their respective groups and under their respective supervisors.    
Predictors were scale-centered.
	b̂0, b̂1 - b̂5
â3, â4
RS plot
	1

	Zeng et al.1 (2022)
	In-degree and out degree centrality in friendship networks on informal leadership emergence. 
	Balance theory (Heider, 1958), self-perception theory (Bem, 1972)
	(In)congruence
	Ind. nested within same classes. 
Predictors were scale-centered.
	b̂0, b̂1 - b̂5
â1 - â4
RS plot 
	1















Note. Author1,2,3 = publication relates to either 1organizational psychology, 2personality/social psychology, 3clinical psychology. 
Reporting = estimated regression coefficients:  b̂0m, b̂1m - b̂5m. RS (average) surface test parameters: â1 - â4, â 5.

Interpretation = 1: RS parameters are interpreted in isolation from each other (Shanock et al., 2010). 2: RS parameters are not interpreted in isolation from each other but not all conditions depicted in Nestler et al. (2019) for an (in)congruence hypothesis were met.
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	Table S3
Literature overview of studies (N=2)1 utilized multilevel PR RSM to investigate on group-as-a-whole.

	Author
	Topic
	Conceptual base
	Framing
	Analysis
	Reporting 
	Inter
pretation

	An et al.1 (2022)
	Within-client anxiety change and consistency across time-points.
	Attachment theory (Bowlby, 1988)
	Consistency and change
	Longitudinal data with time (T1-T9) nested within individuals. 
Level 1 and Level 2 predictors were grand-mean-centered.
	b̂0, b̂1 - b̂5
â1 - â4
RS plot

	1 

	King et al.1 (2017)
	Organizational ethnic group representation and community ethnic group representation on job satisfaction, experienced respect and turnover intentions.
	 Social identity theory (Ashforth & Mael, 1989), Relational demography theory (Tsui & O’Reilly, 1989)
	Alignment, (dis)agreement, congruence
	Ind. nested within hospitals.
No report on centering.
	b̂0, b̂1 - b̂5
RS plot 
	1














Note. Author1,2,3 = publication relates to either 1organizational psychology, 2personality/social psychology, 3clinical psychology. 
Reporting = estimated regression coefficients:  b̂0m, b̂1m - b̂5m. RS (average) surface test parameters: â1 - â4, â 5.
Interpretation = 1: RS parameters are interpreted in isolation from each other (Shanock et al., 2010). 2: RS parameters are not interpreted in isolation from each other but not all conditions depicted in Nestler et al. (2019) for an (in)congruence hypothesis were met.
1Group-as-a-whole constellation also include Coo et al., 2021, Gullo et al., 2021, and Zyphur et al., 2016.
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SUPPLEMENTAL MATERIAL B
SYNTAX FOR THE ILLUSTRATED EXAMPLE 

#' In this syntax, we will demonstrate how to conduct multilevel polynomial regression with response surface methodology. 
#' We will use couple of packages for doing so. We will also use data from real research. 
#' Most importantly, we will depend on scripts and codes developed by Nestler et al. (2019) for conducting the 
#' multilevel PR RSM. We will also demonstrate two cases: one where the both predictors and outcome variable
#' are measured at the individual level (Level-1), the other where one of the predictors is measured
#' at the individual level and the other one measured at the team level (Level-2). An example for the second 
#' scenario could be that we use leaders' reports on one of the predictor variable as a team level variable.
#' We will comment on every detail we do below. 

# The below are necessary libraries we will need. If you do not have them on your device, 
# you will have to install them on your device. To install, use this function: e.g.: 
# install.packages('RSA'). Once the packages installed on your device, you have to make them ready to be used. 
# TO DO SO, you have to load the packages using the following commands

# load the libraries needed
library(lme4)
library(lmerTest)
library(plyr)
library(apaTables)

# as we rely on codes developed by Nestler et al. (2019) to conduct multilevel PR RSM, we have to 
# also have the codes created by them on our working directory, where the data and this R code is located. You may download 
# the R codes Nestler et al. (2019) created on: https://osf.io/jhyu9/files/osfstorage
# download the codes with titles: MultilevelRSA_24052021.r

# just like loading packages, we have to import the functions written in these r codes 
# we do so by source() function in R
# Here we load the functions included in the R files
source("MultilevelRSA_24052021.r")

# Read the data 
data <- read.csv('Data_PR_RSM.csv', header = T, sep = ',', encoding = 'latin1')
# (if the data does not load with the line of code up, do what follow next)

# ------------------------------------------------------
# In case the code to read the data up does not work, you can uncomment the code below until line 54 and run these

# data <- read.csv('Data_PR_RSM.csv', sep = ',', check.names = F, quote = '')
# 
# # delete the "" around column names
# colnames(data) <- gsub("[ [:punct:]]", "" , colnames(data))
# 
# # exclude the first column
# data <- data[, -1]
# 
# # exclude the " from the data 
# data$TCMean <- gsub('"',"", data$TCMean)
# data$Team <- gsub('"',"", data$Team)
# 
# # make the last variable as numeric
# data$TCMean <- as.numeric(data$TCMean)
# 
# # change the column names
# colnames(data)[24:26] <- c('TKI_Mean', 'tv_Mean', 'TC_Mean')
# ----------------------------------------------------

#' before conducting any analyses, we will investigate the reliabilities of the scales, the descriptive statistics 
#' of our variables. We will start with some descriptive statistics such as age, gender and team members. 

# Get number descriptive statistics
# gender distribution
table(data$Gender) #  1 (females)   2  (males)
# 186 128

# mean and sd age
round(mean(data$Age, na.rm=T),2) # 30.5
round(sd(data$Age, na.rm=T),2) #6.09

# number of teams 
length(unique(data$Team)) # 54 teams

# mean and sd for team members
mean(data$TeamMembers, na.rm=T)
sd(data$TeamMembers, na.rm=T)

# now we wil conduct reliability analyses for the scales. We use alpha() function in psych package 
# to get the Cronbach's alpha reliabilities

# get reliabilities for perceived team climate for innovation
psych::alpha(data[, c("TeamClimate1", "TeamClimate2", "TeamClimate4", "TeamClimate3", "TeamClimate5", "TeamClimate6"
                      , "TeamClimate7", "TeamClimate8")])

# get reliabilities for perceived team change management
psych::alpha(data[, c("ChangeManagement1", "ChangeManagement2", "ChangeManagement3",
                      "ChangeManagement4", "ChangeManagement5")])

# # get reliabilities for perceived team commitment
psych::alpha(data[, c("TeamCommitment1", "TeamCommitment2", "TeamCommitment3", "TeamCommitment4", 
                      "TeamCommitment5", "TeamCommitment6" )])


# we also report correlation table in our manuscript. In the following, we will use apaTables 
# package to create a correlation table on our working directory 

# Create correlation table from the variables for the study
apa.cor.table(data[, c('TKI_Mean', "tv_Mean",'TC_Mean')], filename = 'Correlation.doc')

#' Now following Shanock et al (2010), we will compare the two predictors to each other 
#' to investigate if they are meaningfully discrepant from each other. This is a step done 
#' before conducting the main analyses.  Without this information one does not know if the 
#' discrepancies in your data even exist. To do so, we will standardize the two predictors
#' then, we will subtract the two predictors from each other (for each individual) and 
#' finally, we will check how many participants' score differences on the standardized two
# predictors are significantly higher than 0.5 or lower than -0.5.

# standardize the two predictors
data$TKIMean_S <- (data$TKI_Mean -mean(data$TKI_Mean))/sd(data$TKI_Mean)
data$tvMean_S <- (data$tv_Mean -mean(data$tv_Mean))/sd(data$tv_Mean)

# check the differences
data$Difference <- data$TKIMean_S - data$tvMean_S

# check the percentage of discrepancies in two ways (i.e. TKI_Mean > tv_Mean and TKI_Mean < tv_Mean)
sum(data$Difference > 0.5)/316 + sum(data$Difference < -0.5)/316


#' next, we will test if we actually need to conduct any PR RSM based on the 
#' results by adding the predictors' interaction and squared terms. The rationale here:
#' is to investigate if adding interaction between the two predictors, and their 
#' squared terms significantly improves our model as compared to the model with 
#' centered predictors only. To do so, we will create two models: in the first model 
#' we will predict team commitment with centered team climate for innovation ('TKI_Mean') and 
#' team change management ('tv_Mean') only. In the second model, we will predict team commitment
#' by centered team climate for innovation ('TKI_Mean'), team change management ('tv_Mean')
#' their interaction and sqared terms. Finally we will compare the two to each other to see if adding the 
#' extra variables significantly improves the model fit and thus, justifies PR RSM.
# However, we will first of all center our predictors by using Center function we created based Nestler et al. (2019)
# As code created takes X and Y variables as predictors as its argument, 
# we will have to change the predictor names as such. Let us do it 

# rename the predictors as x and y as the function uses them that way
data$x  <- data$TKI_Mean
data$y  <- data$tv_Mean

# create the center function
Center <- function(dfs) {
  
  # center x and y on group mean
  dfs$x.c <- dfs$x-mean(dfs$x, na.rm=T)
  dfs$y.c <- dfs$y-mean(dfs$y, na.rm=T)
  # 
  # # compute higher order terms based on the centered predictors
  dfs$x2.c <- dfs$x.c^2
  dfs$xy.c <- dfs$x.c*dfs$y.c
  dfs$y2.c <- dfs$y.c^2
  
  # save means and compute their higher order terms
  dfs$x.mean  <- mean( dfs$x, na.rm = TRUE )
  dfs$y.mean  <- mean( dfs$y, na.rm = TRUE )
  dfs$x2.mean <- dfs$x.mean^2
  dfs$xy.mean <- dfs$x.mean*dfs$y.mean  
  dfs$y2.mean <- dfs$y.mean^2
  
  dfs
  
}


# now center the predictors at their group means
data <- ddply(data,.var="Team",.fun=Center)

# now create two regular regression models. The first one with the centered predictors only and the second
# with the centered predictors, their interaction and squared terms

# Model 1: predict team commitment with centered predictors (x.c and y.c) only
model1 <- lm(TC_Mean ~  x.c+y.c, data = data)

# Model 2: predict team commitment with centered predictors, their interaction (xy.c) and squared terms (x2.c and x2.c)
model2 <- lm(TC_Mean ~  x.c+y.c + x2.c+xy.c+y2.c, data = data)

# now compare the models in terms of their model fit
anova(model1, model2)

# this comparison results in the following conclusion:
#'We first of all, built a regression model with centered predictor variables and then
#'built another model by adding the interaction between the predictor variables and 
#'squared terms of predictor variables. We then compared the two to investigate if 
#'adding squared terms and the interaction significantly improves the model fit. We found that 
#'the model with intreatcions and squared terms is significantly better than the 
#'model with centered predictors only (deltaR-Squared = .03, deltaF(310) = 3.48, p < .05)
#


# Another important step to do before conducting multilevel PR RSM is
# computing intraclass correlation. In simple words, intraclass correlation 
# indicates the amount of variance in the outcome variable that can be attributed to the 
# group membership. This is an pre-condition to conduct multilevel models in general. 
# to compute intraclass correlation, we will predict the team commitment variable 
# with only the intercept only: meaning with no predictors.

# build a multilevel model for icc
ml <- lmer(TC_Mean ~  1 + (1|Team),data=data,REML=F,
           control=lmerControl(optimizer="bobyqa", check.nobs.vs.nRE = "ignore"))

# check how much icc we have based on the performance package. If you do not have this package
# you have to install it by : install.packages('performance')
performance::icc(ml)



#---------------------------------------------------------------------------
#Scenario 1: Multilevel Polynomial Regression with Response Surface Analysis
#---------------------------------------------------------------------------

#' As we described above, data could have different structures. For example, the predictors 
#' and the outcome variable could be measured at individual level or at the group level 
#' or one predictor could be measured at individual level and one at the group level. All of these
#' different scenarios require different centering techniques. We will demonstrate how to conduct the analyses, 
#' for two scenarios: 1) when the data is collected at the individual level and 2) when one predictor data
#' are collected at individual level and the other predictor data at group level. 
# here firstly we will demonstrate conducting the multilevel PR RSM for the first scenario.  



#' we start building a multilevel model where team commitment is predecited by 
#' the centered variables, their interaction adn squared terms. We also control for the effect 
#' of predictor means, the mean of their squared and interaction terms. Please refer to the manuscript 
#' to check why this is necessary.  In this multilevel model, we let the centered predictors, 
#' their interaction and squared terms to vary across different team by including (1 + x.c+y.c + x2.c+xy.c+y2.c |Team)
#

# conduct the multilevel model
ml1 <- lmer(TC_Mean ~  x.c+y.c + x2.c+xy.c+y2.c + x.mean+y.mean+x2.mean+xy.mean+y2.mean+
              (1 + x.c+y.c + x2.c+xy.c+y2.c |Team),data=data,REML=F,
           control=lmerControl(optimizer="bobyqa", check.nobs.vs.nRE = "ignore"))

# print the results
summary(ml1)

#' after conducting the multilevel model, it is time that we check the response surface 
#' based on this created multilevel. We will use MLRSA_AverageSurface() function created
#' by Nestler et al. (2019) to check the surface paramters. We have to indicate, which variables 
#' are the variables to be included to compute surface parameters and which ones are the ones 
#' to be let to vary across teams. Remember, we want to check the surface parameters based on 
#' centered predictors, their interactions and squared terms. And also remember that above 
#' we let these variables to be vary across teams. That is what we have to specify in 
#' name_vars and random_vars arguments in MLRSA_AverageSurface() function
#


# Compute the surface values
MLRSA_AverageSurface(ml1,name_vars=c("x.c","y.c","x2.c","xy.c","y2.c"),random_vars=c("x.c","y.c","x2.c","xy.c","y2.c")) 


#' Finally, we will plot the model based on the three-dimensional plot. Here, we will have 
#' to again name our variables, the outcome variable, data. However, the xlab, ylab and zlab
#' arguments are not necessary. If you want to publish the resulting plot, it makes sense that 
#' you name them according to your variables. For example, we know that our X variable is 
#' team climate for innovation, y variable if Team change management and finally, 
#' the outcome variable (Z) is team commitment. We plot the results by using the function
#' MLRSA_AverageSurfacePlot() developed by Nestler et al. (2019) 

# Plot the results
MLRSA_AverageSurfacePlot(ml1,name_vars=c("x.c","y.c","x2.c","xy.c","y2.c"),
                         outcome="TC_Mean",data=data,
                         xlab="Team Climate forInnovation",ylab="Change Management",zlab="Team Commitment")

#---------------------------------------------------------------------------
#Scenario 2: Multilevel Polynomial Regression with Response Surface Analysis
#---------------------------------------------------------------------------

#' Remember when we introduced the first scenario, we mentioned that the data for the first predictor might 
#' be collected at the individual level and for the second predictor might be collected at the group level
#' As there are different data structures, different centering options are required. For the scenario 1, 
#' we needed to center the predictors at their group mean. Here for the second scenario, level-1 predictor
#' should be centered at the group mean and the level-2 predictor centered at the grand mean. For the sake of 
#' simplicity, we will create a function to center these respectively. Let us say first predcitor (X) is 
#' measured at the individual level and second predictor (Y) is measured at the group level. However, as we do not 
#' have any level-2 variables in our dataset, we will create a fake one based on the change management variable. 
#' We will first do that


# take the means of tv_Mean for each group to create a level-2 measured variable
GRPmeans <- ddply(data, .(Team), summarize, tv_Group=mean(tv_Mean))
# merge that with the actual dataset to create a variable in the dataset called tv_Group measured at group level
data <- merge(data, GRPmeans, by='Team')


# now create the function to group mean center the the x variable and grand mean center the y variable
GroupGrandCenter <- function(dfs) {
  
  # center x on group mean
  dfs$x.c <- dfs$x-mean(dfs$x, na.rm=T)
  
  # center x and y on grand mean across both variables
  grand.M <- mean( c(dfs$x, dfs$y), na.rm = TRUE )
  dfs$y.c <- dfs$y-grand.M

  # compute higher order terms based on the centered predictors
  dfs$x2.c <- dfs$x.c^2
  dfs$xy.c <- dfs$x.c*dfs$y.c
  dfs$y2.c <- dfs$y.c^2

  # return data
  dfs
  
}


# now using this function group-mean center the x and grand mean center the y variable. 
# but before doing so, we have to rename our predictors as x and y

# rename the predictors as x and y as the function uses them that way
data$x  <- data$TKI_Mean
data$y  <- data$tv_Group

# now center the predictors respectively witgh the fun equals to the function we created
data <- ddply(data,.var="Team",.fun=GroupGrandCenter)


# here we will follow the same steps as we followed when conducting the analyses for the first scenario
# we will conduct a multilevel model. however, here we will not use any variables to vary among teams

# now specify and estimate the model
m.c <- lmer(TC_Mean ~ x.c + y.c + x2.c + xy.c + y2.c + (1 | Team), data = data)
summary(m.c)


# as we did not set any of the variables to be different across teams 
# we should specify which ones are random variables in random_vars = argument. 
# by setting all of them to NA we say that none is set to vary. 
MLRSA_AverageSurface(m.c, 
                     name_vars=c("x.c","y.c","x2.c","xy.c","y2.c"),
                     random_vars=c(NA,NA,NA,NA,NA)) 


# Plot the average surface using MLRSA_AverageSurfacePlot function created by Nestler et al. (2019)
# we have to set the variable names and outcome variable.

MLRSA_AverageSurfacePlot(m.c, 
                         name_vars=c("x.c","y.c","x2.c","xy.c","y2.c"),
                         outcome="TC_Mean",
                         data=data,
                         xlab="Team Climate forInnovation (L-1 variable)",ylab="Change Management (L-2 variable)",zlab="Team Commitment") 
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