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Supplementary Table S1
Baseline Sample Characteristics by Group

SRT Sleep diary Difference between groups
n=76 n=71
Mean (SD) Mean (SD)
Age 48.51(13.91) 44.94(15.01) t(145) =-1.50, p =.137
Insomnia Severity Index (ISI) 18.58 (3.09) 18.44 (3.63) t(145)=-.26,p =.798
n (%) n (%)
Sex
Female 54 (71.1%) 58 (81.7%) X41)=1.74,p=.19
Male 22 (28.9%) 13(18.3%)
Other 0 0
Highest completed education
Lower secondary education 10 (13.2%) 16 (22.5%) X42)=2.24,p=.33
Upper secondary education 8 (10.5%) 8(11.3%)
Tertiary education 57 (75.0%) 47 (66.2%)
Unknown 1(1.3%) 0
Employment status
Employee 44 (57.9%) 47 (66.2%) X¥(2)=1.82,p=.40
Self-employed 9(11.8%) 10 (14.1%)
No employment 22 (28.9%) 14 (19.7%)
Unknown 1(1.3%) 0
Duration of sleep complaints
<1lyear 2 (2.6%) 1(1.4%) Fisher’s exacttest, p=.74
1-5years 25 (32.9%) 20 (28.2%)
5-10 years 19 (25%) 16 (22.5%)
> 10years 29 (38.2%) 33 (46.5%)
Unknown 1(1.3%) 1(1.4%)

Note. Between-group differences were assessed with Chi-square tests, or Fisher’s exact tests for

cells < five observations. In these analyses, the category ‘unknown’ was omitted.

Adapted from Looman MI, Blanken TF, Schoenmakers TM, et al. Telephone-guided sleep restriction for
insomnia: Arandomized sleep diary-controlled trial. Psychother Psychosom. 2025;94(3):147-161.

doi:10.1159/000545138



Supplementary Figure S2. Process networks with TST instead of TIB
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S5. Week 2 Symptom Network Edge Weight Bootstraps
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S6. Week 3 Symptom Network Edge Weight Bootstraps
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S8. Week 5 Symptom Network Edge Weight Bootstraps
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S10. Week 0 Process Network Edge Weight Bootstraps
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S11. Week 1 Process Network Edge Weight Bootstraps
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S12. Week 2 Process Network Edge Weight Bootstraps
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S13. Week 3 Process Network Edge Weight Bootstraps
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S14. Week 4 Process Network Edge Weight Bootstraps
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S15. Week 5 Process Network Edge Weight Bootstraps
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S16. Week 6 Process Network Edge Weight Bootstraps
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S$17. R code symptom networks

B o #
# 1.Load data and packages #
o #
# Libraries

require(mgm)

require(qgraph)

# Load data
setwd(dirname(rstudioapi::getSourceEditorContext()$path))

source("1-data-symptomnetworks.R")

B e e e #
# 2. Estimation #
B e e e #

# Parameters consistent throughout code

nNodes <- 7 # number of nodes included in the network (excluding treatment)

# Baseline

set.seed(1) # reproducability: make sure folds used for cross-validation are
the same

t0_mgm <- mgm(data = dat_t0, # dataset of baseline

type =c(rep("c", 1), # conditionisincluded as categorical "c"
rep("g", nNodes)), # all symptoms included as continuous "g"
level = ¢(2, # condition variable has two levels "2"

rep(1, nNodes)), # all symptoms included as continuous "1"



lambdaSel ="CV", # we used cross validation to select optimal tuning
parameter

lambdaFolds = 10, # using 10 folds
k=2, # we only include second order interactions
binarySign = TRUE,

pbar = FALSE, signinfo = FALSE)

round(t0_mgm$pairwise$wadj, 2)

t0_graph <- gqgraph(t0_mgm$pairwise$wadj, layout = "spring", DoNotPlot = TRUE)

#Week 1

set.seed(1) # reproducability: make sure folds used for cross-validation are
the same

tl_mgm <- mgm(data = dat_t1, # dataset of week 1

type =c(rep("c", 1), # conditionisincluded as categorical "c"
rep("g", nNodes)), # all symptoms included as continuous "g"
level = ¢(2, # condition variable has two levels "2"
rep(1, nNodes)), # all symptoms included as continuous "1"

lambdaSel ="CV", # we used cross validation to select optimal tuning
parameter

lambdaFolds = 10, # using 10 folds
k=2, # we only include second order interactions
binarySign = TRUE,

pbar = FALSE, signinfo = FALSE)

round(t1_mgm$pairwise$wadj, 2)

t1_graph <- ggraph(t1_mgm$pairwise$wadj, layout = "spring", DoNotPlot = TRUE)



# Week 2

set.seed(1) # reproducability: make sure folds used for cross-validation are
the same
t2_mgm <- mgm(data = dat_t2, # dataset of week 2

type =c(rep("c", 1), # conditionisincluded as categorical "c"
rep("g", nNodes)), # all symptoms included as continuous "g"
level = ¢(2, # condition variable has two levels "2"
rep(1, nNodes)), # all symptoms included as continuous "1"

lambdaSel ="CV", # we used cross validation to select optimal tuning
parameter

lambdaFolds = 10, # using 10 folds

k=2, # we only include second order interactions
binarySign = TRUE,

pbar = FALSE, signinfo = FALSE)

round(t2_mgm$pairwise$wadj, 2)

t2_graph <- gqgraph(t2_mgm$pairwise$wadj, layout = "spring", DoNotPlot = TRUE)

# Week 3

set.seed(1) # reproducability: make sure folds used for cross-validation are
the same

t3_mgm <- mgm(data = dat_t3, # dataset of week 3

type =c(rep("c", 1), # conditionisincluded as categorical "c"
rep("g", nNodes)), # all symptoms included as continuous "g"
level = ¢(2, # condition variable has two levels "2"
rep(1, nNodes)), # all symptoms included as continuous "1"

lambdaSel ="CV", # we used cross validation to select optimal tuning
parameter

lambdaFolds = 10, # using 10 folds

k=2, # we only include second order interactions



binarySign = TRUE,

pbar = FALSE, signinfo = FALSE)

round(t3_mgm$pairwise$wadj, 2)

t3_graph <- gqgraph(t3_mgm$pairwise$wadj, layout = "spring", DoNotPlot = TRUE)

# Week 4

set.seed(1) # reproducability: make sure folds used for cross-validation are
the same

t4_mgm <- mgm(data = dat_t4, # dataset of week 4

type =c(rep("c", 1), # conditionisincluded as categorical "c"
rep("g", nNodes)), # all symptoms included as continuous "g"
level =c(2, # condition variable has two levels "2"
rep(1, nNodes)), # all symptoms included as continuous "1"

lambdaSel ="CV", # we used cross validation to select optimal tuning
parameter

lambdaFolds = 10, # using 10 folds
k=2, # we only include second order interactions
binarySign = TRUE,

pbar = FALSE, signinfo = FALSE)

round(t4_mgm$pairwise$wadj, 2)

t4_graph <- gqgraph(t4_mgm$pairwise$wadj, layout = "spring", DoNotPlot = TRUE)

# Week 5

set.seed(1) # reproducability: make sure folds used for cross-validation are
the same

t5_mgm <- mgm(data = dat_t5, # dataset of week 5

type =c(rep("c", 1), # conditionisincluded as categorical "c"

rep("g", nNodes)), # all symptoms included as continuous "g"



level =c(2, # condition variable has two levels "2"
rep(1, nNodes)), # all symptoms included as continuous "1"

lambdaSel ="CV", # we used cross validation to select optimal tuning
parameter

lambdaFolds = 10, # using 10 folds

k=2, # we only include second order interactions
binarySign = TRUE,

pbar = FALSE, signinfo = FALSE)

round(t5_mgm$pairwise$wadj, 2)

t5_graph <- gqgraph(t5_mgm$pairwise$wadj, layout = "spring", DoNotPlot = TRUE)

# Week 6, post treatment

set.seed(1) # reproducability: make sure folds used for cross-validation are
the same
t6_mgm <- mgm(data = dat_t6, # dataset of week 6 post-test

type =c(rep("c", 1), # conditionisincluded as categorical "c"
rep("g", nNodes)), # all symptoms included as continuous "g"
level =c(2, # condition variable has two levels "2"
rep(1, nNodes)), # all symptoms included as continuous "1"

lambdaSel ="CV", # we used cross validation to select optimal tuning
parameter

lambdaFolds = 10, # using 10 folds

k=2, # we only include second order interactions
binarySign = TRUE,

pbar = FALSE, signinfo = FALSE)

round(t6_mgm$pairwise$wadj, 2)

t6_graph <- gqgraph(t6_mgm$pairwise$wadj, layout = "spring", DoNotPlot = TRUE)



S — #

# 3. Set-up plotting #
# labels & #
# layout #
B o e #

varNamesAll <-c¢("T",

"ISI-1", "ISI-2", "ISI-3", "ISI-4", "ISI-5", "ISI-6", "ISI-7")

Lay <-qggraph::averagelLayout(t0_graph, t1_graph, t2_graph, t3_graph, t4_graph, t5_graph,
t6_graph)

Lay[1,1]<- 1.4 #T
Lay[1,2]<-0 #T
Lay[2,1] <- -0.5 #1SI-1
Lay[2,2] <- -0.9 #1SI-1
Lay[3,1] <- -0.8 #1SI-2
Lay[3,2] <- -0.2 #1SI-2
Lay[4,1] <--0.1 #1SI-3
Lay[4,2] <- -0.7 #1SI-3
Lay[5,1]<- 0 #ISI-4
Lay[5,2] <- 0 #ISI-4
Lay[6,1] <- -0.64 #ISI-5
Lay[6,2] <- 0.6 #ISI-5
Lay[7,1]<- 0.3 #1SI-6
Lay[7,2]<- 0.5 #1SI-6
Lay[8,1] <--0.11 #ISI-7

Lay[8,2] <- 1.0 #ISI-7

write.csv(Lay, file = "Layout-symptomnetworks.csv")



B e

# 4. Plotting

B e

# Baseline, week 0, TO

edge_col_t0 =t0_mgm$pairwise$edgecolor
edge_col_tO[edge_col_t0 == "darkgreen"] <- "darkblue"

edge_col_tO[edge_col_t0=="red"] <-"darkred"

t0_plot <- ggraph(t0_mgm$pairwise$wadj, layout = Lay,
shape = c("square", rep("circle", nNodes)),
edge.color = edge_col_t0,
labels = varNamesAll,
title = "Week O (pre)",
title.cex= 1,
vsize =11,
maximum = 0.6,

details = F) # maximum = 0.37

#Week 1,T1

edge_col_t1=t1_mgm$pairwise$edgecolor

edge_col_t1[edge_col_t1 == "darkgreen"] <- "darkblue"

edge_col_tl[edge_col_t1=="red"] <-"darkred"

t1_plot <- ggraph(t1_mgm$pairwise$wadj, layout = Lay,

shape = c("square", rep("circle", nNodes)),



edge.color = edge_col_t1,
labels = varNamesAll,
title = "Week 1",
title.cex= 1,

vsize =11,

maximum = 0.6,

details = F) # maximum = 0.44

#Week 2, T2
edge_col_t2 =t2_mgm$pairwise$edgecolor
edge_col_t2[edge_col_t2 == "darkgreen"] <- "darkblue"

edge_col_t2[edge_col_t2=="red"] <-"darkred"

t2_plot <- ggraph(t2_mgm$pairwise$wadj, layout = Lay,
shape = c("square", rep("circle", nNodes)),
edge.color = edge_col_t2,
labels = varNamesAll,
title = "Week 2",
title.cex= 1,
vsize =11,
maximum = 0.6,

details = F) # maximum = 0.54

#Week 3, T3
edge_col_t3 =t3_mgm$pairwise$edgecolor
edge_col_t3[edge_col_t3 == "darkgreen"] <- "darkblue"

edge_col_t3[edge_col_t3=="red"] <-"darkred"



t3_plot <- ggraph(t3_mgm$pairwise$wadj, layout = Lay,
shape = c("square", rep("circle", nNodes)),
edge.color = edge_col_t3,
labels = varNamesAll,
title = "Week 3",
title.cex= 1,
vsize =11,
maximum = 0.6,

details = F) # maximum = 0.5

#Week4,T4
edge_col_t4 =t4_mgm$pairwise$edgecolor
edge_col_t4[edge_col_t4 == "darkgreen"] <- "darkblue"

edge_col_t4[edge_col_t4=="red"] <-"darkred"

t4_plot <- ggraph(t4_mgm$pairwise$wadj, layout = Lay,
shape = c("square", rep("circle", nNodes)),
edge.color = edge_col_t4,
labels = varNamesAll,
title = "Week 4",
title.cex= 1,
vsize =11,
maximum = 0.6,

details = F) # maximum = 0.5



#Week 5, T5
edge_col_t5 =t5_mgm$pairwise$edgecolor
edge_col_t5[edge_col_t5 == "darkgreen"] <- "darkblue"

edge_col_t5[edge_col_t5=="red"] <-"darkred"

t5_plot <- ggraph(t5_mgm$pairwise$wadj, layout = Lay,
shape = c("square", rep("circle", nNodes)),
edge.color = edge_col_t5,
labels = varNamesAll,
title = "Week 5",
title.cex= 1,
vsize =11,
maximum = 0.6,

details = F) # maximum = 0.6

# Post treatment, Week 6, T6
edge_col_t6 = t6_mgm$pairwise$edgecolor
edge_col_t6[edge_col_t6 == "darkgreen"] <- "darkblue"

edge_col_t6[edge_col_t6=="red"] <-"darkred"

t6_plot <- ggraph(t6_mgm$pairwise$wadj, layout = Lay,
shape = c("square", rep("circle", nNodes)),
edge.color = edge_col_t6,
labels = varNamesAll,
title = "Week 6 (post)",
title.cex= 1,

vsize =11,



maximum = 0.6,

details = F) # maximum = 0.51

B o e #
# b5.Saving #
A #

pdf(file = "SRT symptom networks.pdf", paper = "a4", width = 11.69, height = 8.27)
par(mfrow=c(4,2))

plot(t0_plot)

plot(t1_plot)

plot(t2_plot)

plot(t3_plot)

plot(t4_plot)

plot(t5_plot)

plot(t6_plot)

dev.off()

B o #
# 6.Resample #
A o e #
# Baseline

t0_bs <- resample(object = t0_mgm,
data = dat_t0,

nB = 1000, pbar = TRUE)

#1l

t1_bs <-resample(object =t1_mgm,



data = dat_t1,

nB = 1000, pbar = TRUE)

#12
t2_bs <- resample(object = t2_mgm,
data = dat_t2,

nB = 1000, pbar = TRUE)

#13
t3_bs <- resample(object = t3_mgm,
data = dat_t3,

nB = 1000, pbar = TRUE)

#t4
t4_bs <- resample(object = t4_mgm,
data = dat_t4,

nB =1000, pbar = TRUE)

#15
t5_bs <- resample(object = t5_mgm,
data = dat_t5,

nB =1000, pbar = TRUE)

# Post
t6_bs <- resample(object = t6_mgm,
data = dat_t6,

nB = 1000, pbar = TRUE)

setwd("bootstraps")



saveRDS(object =10_bs, file = "t0_bs_symptoms.RDS")
saveRDS(object =t1_bs, file = "t1_bs_symptoms.RDS")
saveRDS(object =12_bs, file = "t2_bs_symptoms.RDS")
saveRDS(object =13_bs, file = "t3_bs_symptoms.RDS")
saveRDS(object =t4_bs, file = "t4_bs_symptoms.RDS")
saveRDS(object =15_bs, file = "t5_bs_symptoms.RDS")

saveRDS(object =16_bs, file = "t6_bs_symptoms.RDS")

S — #

# 7.Plot bootstrapped sampling distribution

# of edge weights

B e e

# Week O

pdf(file = "Figure S3.pdf", height = 10, width = 6.5)

par(cex.axis =0.7)

plotRes(
object =10_bs,
quantiles = c¢(.05, .95),
labels = varNamesaAll,
decreasing = TRUE,
cut = NULL,

axis.ticks = ¢(-0.75, -0.5, -0.25, 0, 0.25, 0.5, 0.75, 1)

title(

main = "Week 0 Symptom Network Edge Weight Bootstraps",



cex.main=0.8,
font.main =2,

line=2.1

dev.off()

#Week 1

pdf(file = "Figure S4.pdf", height = 10, width = 6.5)

par(cex.axis = 0.7)

plotRes(
object=11_bs,
quantiles = c¢(.05, .95),
labels = varNamesaAll,
decreasing = TRUE,
cut=NULL,

axis.ticks = ¢(-0.75, -0.5, -0.25, 0, 0.25, 0.5, 0.75, 1)

title(
main = "Week 1 Symptom Network Edge Weight Bootstraps",
cex.main=0.8,
font.main =2,

line=2.1

dev.off()



# Week 2

pdf(file = "Figure S5.pdf", height = 10, width = 6.5)

par(cex.axis = 0.7)

plotRes(

object=12_bs,

quantiles = c¢(.05, .95),

labels = varNamesAll,

decreasing = TRUE,

cut=NULL,

axis.ticks = ¢(-0.75, -0.5, -0.25, 0, 0.25, 0.5, 0.75, 1)
)

title(
main = "Week 2 Symptom Network Edge Weight Bootstraps",
cex.main =0.8,
font.main =2,

line=2.1

dev.off()

# Week 3

pdf(file = "Figure S6.pdf", height = 10, width = 6.5)

par(cex.axis =0.7)



plotRes(
object =13_bs,
quantiles = c¢(.05, .95),
labels = varNamesaAll,
decreasing = TRUE,
cut=NULL,

axis.ticks = ¢(-0.75, -0.5,-0.25, 0, 0.25, 0.5, 0.75, 1)

title(
main = "Week 3 Symptom Network Edge Weight Bootstraps",
cex.main = 0.8,
font.main =2,

line=2.1

dev.off()

# Week 4

pdf(file = "Figure S7.pdf", height = 10, width = 6.5)

par(cex.axis =0.7)

plotRes(
object=14_bs,
quantiles = c¢(.05, .95),
labels = varNamesAll,
decreasing = TRUE,
cut = NULL,



axis.ticks = c(-0.75, -0.5,-0.25, 0, 0.25, 0.5, 0.75, 1)

)

title(
main = "Week 4 Symptom Network Edge Weight Bootstraps",
cex.main = 0.8,
font.main = 2,

line=2.1

dev.off()

# Week 5

pdf(file = "Figure S8.pdf", height = 10, width = 6.5)

par(cex.axis =0.7)

plotRes(

object =15_bs,

quantiles = c¢(.05, .95),

labels = varNamesaAll,

decreasing = TRUE,

cut=NULL,

axis.ticks = ¢(-0.75, -0.5,-0.25, 0, 0.25, 0.5, 0.75, 1)

)

title(
main = "Week 5 Symptom Network Edge Weight Bootstraps",

cex.main=0.8,



font.main =2,

line=2.1

dev.off()

# Week 6

pdf(file = "Figure S9.pdf", height = 10, width = 6.5)

par(cex.axis = 0.7)

plotRes(

object =16_bs,

quantiles = c(.05, .95),

labels = varNamesaAll,

decreasing = TRUE,

cut = NULL,

axis.ticks = ¢(-0.75, -0.5, -0.25, 0, 0.25, 0.5, 0.75, 1)
)

title(
main = "Week 6 Symptom Network Edge Weight Bootstraps",
cex.main =0.8,
font.main =2,

line=2.1

dev.off()



$18. R code of process networks

B o #
# 1.Load data and packages #
o #
# Libraries

require(mgm)

require(qgraph)

# Load data
setwd(dirname(rstudioapi::getSourceEditorContext()$path))

source("1-data-processnetworks.R")

B e e e #
# 2. Estimation #
B e e e #

# Parameters consistent throughout code

nNodes <- 7 # number of nodes included in the network (excluding treatment)

# Baseline

set.seed(1) # reproducability: make sure folds used for cross-validation are
the same

t0_mgm <- mgm(data = dat_t0, # dataset of baseline

type =c(rep("c", 1), # conditionisincluded as categorical "c"
rep("g", nNodes)), # all symptoms included as continuous "g"
level = ¢(2, # condition variable has two levels "2"

rep(1, nNodes)), # all symptoms included as continuous "1"



lambdaSel ="CV", # we used cross validation to select optimal tuning
parameter

lambdaFolds = 10, # using 10 folds
k=2, # we only include second order interactions
binarySign = TRUE,

pbar = FALSE, signinfo = FALSE)

round(t0_mgm$pairwise$wadj, 2)

t0_graph <- gqgraph(t0_mgm$pairwise$wadj, layout = "spring", DoNotPlot = TRUE)

#Week 1

set.seed(1) # reproducability: make sure folds used for cross-validation are
the same

tl_mgm <- mgm(data = dat_t1, # dataset of week 1

type =c(rep("c", 1), # conditionisincluded as categorical "c"
rep("g", nNodes)), # all symptoms included as continuous "g"
level = ¢(2, # condition variable has two levels "2"
rep(1, nNodes)), # all symptoms included as continuous "1"

lambdaSel ="CV", # we used cross validation to select optimal tuning
parameter

lambdaFolds = 10, # using 10 folds

k=2, # we only include second order interactions
binarySign = TRUE,

pbar = FALSE, signinfo = FALSE)

round(t1_mgm$pairwise$wadj, 2)

t1_graph <- gqgraph(t1_mgm$pairwise$wadj, layout = "spring", DoNotPlot = TRUE)

# Week 2



set.seed(1) # reproducability: make sure folds used for cross-validation are
the same

t2_mgm <- mgm(data = dat_t2, # dataset of week 2
type =c(rep("c", 1), # conditionisincluded as categorical "c"
rep("g", nNodes)), # all symptoms included as continuous "g"
level =c(2, # condition variable has two levels "2"
rep(1, nNodes)), # all symptoms included as continuous "1"

lambdaSel ="CV", # we used cross validation to select optimal tuning
parameter

lambdaFolds = 10, # using 10 folds
k=2, # we only include second order interactions
binarySign = TRUE,

pbar = FALSE, signinfo = FALSE)

round(t2_mgm$pairwise$wadj, 2)

t2_graph <- gqgraph(t2_mgm$pairwise$wadj, layout = "spring", DoNotPlot = TRUE)

# Week 3

set.seed(1) # reproducability: make sure folds used for cross-validation are
the same

t3_mgm <- mgm(data = dat_t3, # dataset of week 3

type =c(rep("c", 1), #conditionisincluded as categorical "c"
rep("g", nNodes)), # all symptoms included as continuous "g"
level = ¢(2, # condition variable has two levels "2"
rep(1, nNodes)), # all symptoms included as continuous "1"

lambdaSel ="CV", # we used cross validation to select optimal tuning
parameter

lambdaFolds = 10, # using 10 folds
k=2, # we only include second order interactions

binarySign = TRUE,



pbar = FALSE, signinfo = FALSE)

round(t3_mgm$pairwise$wadj, 2)

t3_graph <- gqgraph(t3_mgm$pairwise$wadj, layout = "spring", DoNotPlot = TRUE)

# Week 4

set.seed(1) # reproducability: make sure folds used for cross-validation are
the same

t4_mgm <- mgm(data = dat_t4, # dataset of week 4

type =c(rep("c", 1), # conditionisincluded as categorical "c"
rep("g", nNodes)), # all symptoms included as continuous "g"
level = ¢(2, # condition variable has two levels "2"
rep(1, nNodes)), # all symptoms included as continuous "1"

lambdaSel ="CV", # we used cross validation to select optimal tuning
parameter

lambdaFolds = 10, # using 10 folds

k=2, # we only include second order interactions
binarySign = TRUE,

pbar = FALSE, signinfo = FALSE)

round(t4_mgm$pairwise$wadj, 2)

t4_graph <- gqgraph(t4_mgm$pairwise$wadj, layout = "spring", DoNotPlot = TRUE)

# Week 5

set.seed(1) # reproducability: make sure folds used for cross-validation are
the same

t5_mgm <- mgm(data = dat_t5, # dataset of week 5

type =c(rep("c", 1), # conditionisincluded as categorical "c"
rep("g", nNodes)), # all symptoms included as continuous "g"

level = ¢(2, # condition variable has two levels "2"



rep(1, nNodes)), # all symptoms included as continuous "1"

lambdaSel ="CV", # we used cross validation to select optimal tuning
parameter

lambdaFolds = 10, # using 10 folds
k=2, # we only include second order interactions
binarySign = TRUE,

pbar = FALSE, signinfo = FALSE)

round(t5_mgm$pairwise$wadj, 2)

t5_graph <- ggraph(t5_mgm$pairwise$wadj, layout = "spring", DoNotPlot = TRUE)

# Week 6, post-treatment

set.seed(1) # reproducability: make sure folds used for cross-validation are
the same
t6_mgm <- mgm(data = dat_t6, # dataset of week 6 post-test

type =c(rep("c", 1), #conditionisincluded as categorical "c"
rep("g", nNodes)), # all symptoms included as continuous "g"
level =c(2, # condition variable has two levels "2"
rep(1, nNodes)), # all symptoms included as continuous "1"

lambdaSel ="CV", # we used cross validation to select optimal tuning
parameter

lambdaFolds = 10, # using 10 folds

k=2, # we only include second order interactions
binarySign = TRUE,

pbar = FALSE, signinfo = FALSE)

round(t6_mgm$pairwise$wadj, 2)

t6_graph <- gqgraph(t6_mgm$pairwise$wadj, layout = "spring", DoNotPlot = TRUE)



S — #

# 3. Set-up plotting #
# labels & #
# layout #
B o e #

varNamesAll <-c¢("T",
IITIBII’ ||SOLII, "RTV"’ “BTV",

”ESS“, "PSAS“, "SRBQ")

Lay <-qggraph::averagelLayout(t0_graph, t1_graph, t2_graph, t3_graph, t4_graph, t5_graph,
t6_graph)

Lay[1,1] <- -1 #T
Lay[1,2] <-0.2 #T
Lay[2,1] <--0.2 #TIB
Lay[2,2] <- 0.3 #TIB
Lay[3,1] <-0.2 #SOL
Lay[3,2] <- 1 #SOL
Lay[4,1] <--0.1 #RTv
Lay[4,2] <--0.9 #RTv
Lay[5,1] <--0.55 #BTv
Lay[5,2] <--0.7 #BTv
Lay[6,1] <- 0.7 #ESS
Lay[6,2] <- 0.4 #ESS
Lay[7,1] <- 0.1 #PSAS
Lay[7,2] <- -0.2 #PSAS
Lay[8,1] <- 0.5 #SRBQ

Lay[8,2] <--0.4 #SRBQ



e e e
# 4. Plotting

B e

# Baseline, week 0, TO

edge_col_t0 =t0_mgm$pairwise$edgecolor
edge_col_tO[edge_col_t0 == "darkgreen"] <- "darkblue"

edge_col_tO[edge_col_t0=="red"] <-"darkred"

t0_plot <- ggraph(t0_mgm$pairwise$wadj, layout = Lay,
shape = c("square", rep("circle", nNodes)),
edge.color = edge_col_t0,
labels = varNamesAll,
title = "Week O (pre)",
title.cex= 1,
vsize =11,
maximum = 0.9,

details = F) # maximum = 0.43

#Week 1,T1

edge_col_t1 =t1_mgm$pairwise$edgecolor

edge_col_t1[edge_col_t1 == "darkgreen"] <- "darkblue"

edge_col_tl[edge_col_t1=="red"] <-"darkred"

t1_plot <- ggraph(t1_mgm$pairwise$wadj, layout = Lay,



shape = c("square", rep("circle", nNodes)),
edge.color = edge_col_t1,

labels = varNamesAll,

title = "Week 1",

title.cex= 1,

vsize =11,

maximum = 0.9,

details = F) # maximum = 0.81

#Week 2,T2
edge_col_t2 =t2_mgm$pairwise$edgecolor
edge_col_t2[edge_col_t2 == "darkgreen"] <- "darkblue"

edge_col_t2[edge_col_t2=="red"] <-"darkred"

t2_plot <- ggraph(t2_mgm$pairwise$wadj, layout = Lay,
shape = c("square", rep("circle", nNodes)),
edge.color = edge_col_t2,
labels = varNamesAll,
title = "Week 2",
title.cex= 1,
vsize =11,
maximum = 0.9,

details = F) # maximum = 0.9

#Week 3, T3
edge_col_t3 =t3_mgm$pairwise$edgecolor
edge_col_t3[edge_col_t3 == "darkgreen"] <- "darkblue"

edge_col_t3[edge_col_t3=="red"] <-"darkred"



t3_plot <- ggraph(t3_mgm$pairwise$wadj, layout = Lay,
shape = c("square", rep("circle", nNodes)),
edge.color = edge_col_t3,
labels = varNamesAll,
title = "Week 3",
title.cex= 1,
vsize =11,
maximum = 0.9,

details = F) # maximum = 0.82

#Week 4, T4
edge_col_t4 =t4_mgm$pairwise$edgecolor
edge_col_t4[edge_col_t4 == "darkgreen"] <- "darkblue"

edge_col_t4[edge_col_t4=="red"] <-"darkred"

t4_plot <- ggraph(t4_mgm$pairwise$wadj, layout = Lay,
shape = c("square", rep("circle", nNodes)),
edge.color = edge_col_t4,
labels = varNamesAll,
title = "Week 4",
title.cex= 1,
vsize =11,
maximum = 0.9,

details = F) # maximum = 0.79



#Week 5, T5
edge_col_t5 =t5_mgm$pairwise$edgecolor
edge_col_t5[edge_col_t5 == "darkgreen"] <- "darkblue"

edge_col_t5[edge_col_t5=="red"] <-"darkred"

t5_plot <- ggraph(t5_mgm$pairwise$wadj, layout = Lay,
shape = c("square", rep("circle", nNodes)),
edge.color = edge_col_t5,
labels = varNamesAll,
title = "Week 5",
title.cex= 1,
vsize =11,
maximum = 0.9,

details = F) # maximum = 0.88

# Post treatment, Week 6, T6
edge_col_t6 = t6_mgm$pairwise$edgecolor
edge_col_t6[edge_col_t6 == "darkgreen"] <- "darkblue"

edge_col_t6[edge_col_t6=="red"] <-"darkred"

t6_plot <- qgraph(t6_mgm$pairwise$wadj, layout = Lay,
shape = c("square", rep("circle", nNodes)),
edge.color = edge_col_t6,
labels = varNamesAll,
title = "Week 6 (post)",

title.cex= 1,



vsize = 11,
maximum = 0.9,

details = F) # maximum = 0.81

A #
# b5.Saving #
B o e #

pdf(file = "SRT Process networks.pdf", paper = "a4", width = 11.69, height = 8.27)
par(mfrow=c(4,2))

plot(t0_plot)

plot(t1_plot)

plot(t2_plot)

plot(t3_plot)

plot(t4_plot)

plot(t5_plot)

plot(t6_plot)

dev.off()

A o e #
# 6.Resample #
B o #
# Baseline

t0_bs <- resample(object = t0_mgm,
data = dat_t0,

nB=1000, pbar =TRUE)



#11
t1_bs <- resample(object =t1_mgm,
data = dat_t1,

nB =1000, pbar = TRUE)

#12
t2_bs <- resample(object = t2_mgm,
data = dat_t2,

nB =1000, pbar = TRUE)

#13
t3_bs <- resample(object = t3_mgm,
data = dat_t3,

nB = 1000, pbar = TRUE)

#t4
t4_bs <- resample(object = t4_mgm,
data = dat_t4,

nB = 1000, pbar = TRUE)

#15
t5_bs <- resample(object = t5_mgm,
data = dat_t5,

nB =1000, pbar = TRUE)

# Post
t6_bs <- resample(object = t6_mgm,
data = dat_t6,

nB =1000, pbar = TRUE)



setwd("bootstraps")

saveRDS(object =10_bs, file = "t0_bs_processes.RDS")
saveRDS(object =t1_bs, file = "t1_bs_processes.RDS")
saveRDS(object =12_bs, file = "t2_bs_processes.RDS")
saveRDS(object =13_bs, file = "t3_bs_processes.RDS")
saveRDS(object =t4_bs, file = "t4_bs_processes.RDS")
saveRDS(object =15_bs, file = "t5_bs_processes.RDS")

saveRDS(object =16_bs, file = "t6_bs_processes.RDS")

e #

# 7.Plotbootstrapped sampling distribution
# of edge weights

B e e

# Baseline

pdf(file = "Figure S10.pdf", height = 10, width = 6.5)

par(cex.axis = 0.7)

plotRes(object = t0_bs,
guantiles = c¢(.05, .95),
labels = varNamesAll,
decreasing = TRUE,
cut = NULL,

axis.ticks = ¢(-0.75, -0.5, -0.25, 0, 0.25, 0.5, 0.75, 1))

title(

main = "Week 0 Process Network Edge Weight Bootstraps",



cex.main=0.8,
font.main =2,

line=2.1

dev.off()

#Week 1

pdf(file = "Figure S11.pdf", height = 10, width = 6.5)

par(cex.axis = 0.7)

plotRes(object =t1_bs,
quantiles = ¢(.05, .95),
labels = varNamesAll,
decreasing = TRUE,
cut = NULL,

axis.ticks = ¢(-0.75, -0.5, -0.25, 0, 0.25, 0.5, 0.75, 1))

title(
main = "Week 1 Process Network Edge Weight Bootstraps",
cex.main=0.8,
font.main =2,
line=2.1
)
dev.off()

# Week 2

pdf(file = "Figure S12.pdf", height = 10, width = 6.5)



par(cex.axis = 0.7)

plotRes(object = t2_bs,
quantiles = ¢(.05, .95),
labels = varNamesAll,
decreasing = TRUE,
cut = NULL,

axis.ticks = ¢(-0.75, -0.5, -0.25, 0, 0.25, 0.5, 0.75, 1))

title(
main = "Week 2 Process Network Edge Weight Bootstraps",
cex.main =0.8,
font.main = 2,

line=2.1

dev.off()

#Week 3

pdf(file = "Figure S13.pdf", height = 10, width = 6.5)

par(cex.axis = 0.7)

plotRes(object =t3_bs,
quantiles = ¢(.05, .95),
labels = varNamesAll,
decreasing = TRUE,

cut = NULL,



axis.ticks = ¢(-0.75, -0.5, -0.25, 0, 0.25, 0.5, 0.75, 1))

title(
main = "Week 3 Process Network Edge Weight Bootstraps",
cex.main =0.8,
font.main =2,

line=2.1

dev.off()

# Week 4

pdf(file = "Figure S14.pdf", height = 10, width = 6.5)

par(cex.axis =0.7)

plotRes(object = t4_bs,
quantiles = ¢(.05, .95),
labels = varNamesAll,
decreasing = TRUE,
cut = NULL,

axis.ticks = ¢(-0.75, -0.5, -0.25, 0, 0.25, 0.5, 0.75, 1))

title(
main = "Week 4 Process Network Edge Weight Bootstraps",
cex.main = 0.8,
font.main =2,

line=2.1



dev.off()

#Week 5

pdf(file = "Figure S15.pdf", height = 10, width = 6.5)

par(cex.axis = 0.7)

plotRes(object = t5_bs,
quantiles = ¢(.05, .95),
labels = varNamesAll,
decreasing = TRUE,
cut = NULL,

axis.ticks = ¢(-0.75, -0.5, -0.25, 0, 0.25, 0.5, 0.75, 1))

title(
main = "Week 5 Process Network Edge Weight Bootstraps",
cex.main =0.8,
font.main =2,

line=2.1

dev.off()

# Week 6

pdf(file = "Figure S16.pdf", height = 10, width = 6.5)

par(cex.axis =0.7)



plotRes(object = t6_bs,
quantiles = ¢(.05, .95),
labels = varNamesAll,
decreasing = TRUE,
cut = NULL,

axis.ticks = ¢(-0.75, -0.5, -0.25, 0, 0.25, 0.5, 0.75, 1))

title(
main = "Week 6 Process Network Edge Weight Bootstraps",
cex.main =0.8,
font.main = 2,

line=2.1

dev.off()
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