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Prepare data: variable names

# Recode variables - creating data set per interest-related construct
# Student ID: fullid, Gender: STO04DO1T
dataDemo <- data.frame(ID = LSAY2006$STUDENID,

Gen = as.numeric(

as.character(revalue(LSAY2006$5T04Q01,
c("2 Male" = "0", "1 Female" =

"1", "9 Missing" = NA)))),

SES = LSAY2006$ESCS,

Age = as.numeric(as.character(LSAY2006%$AGE)),

School W3 =
as.numeric(as.character(revalue(LSAY2006%$LCAOO1,

c("1 still
going to school" = "1",
"2 Left
school” = "0")))),
SY W1 =
as.numeric(as.character(revalue(LSAY2006$5T01Q01,
c("8
Year 8" = "1",
"9
Year 9" = "1",
"10
Year 10" = "2",
"11
Year 11" = "3",
"12
Year 12" = "4")))),

SY W3 =
as.numeric(as.character(revalue(LSAY2006%$LCAQQ6,
c("1l Year 9 or

belowll = "1",

"2 Year 10"
= ll2ll,

"3 Year 11"
= Il3ll“

"4 Year 12"



= ll4ll,

5D

as.numeric(as.

llellJ
lllll,

= NA)))),

as.numeric(as.

llell,

1))

llell,

"5 Year 13"
IB W1 =
character(revalue(LSAY2006$ST60NO1,
c(ll@ NOII =
II1 Yes" =
"9 Missing"
IB W2 =
character(revalue(LSAY2006$LBA011,
c(ll@ NOII =
ll1 Yesll =
IB_W3 =
as.numeric(as.character(revalue(LSAY2006$LCAQ11,
c(ll@ NOII =
ll1 Yesll =

“17)))))

# Science enjoyment: ST16Q01-ST16Q05
dataEnj <- data.frame(Efu

(as.

Elr

(as.

Esp

(as.

Enk

(as.

Els

(as.

= as.numeric
character(revalue(LSAY2006$ST16Q01,

c("4 Strongly disagree"

"3 Disagree" = "2",

"2 Agree" = "3",

"1l Strongly agree" =
= as.numeric
character(revalue(LSAY2006$ST16Q02,

c("4 Strongly disagree"

"3 Disagree" = "2",

"2 Agree" = "3",

"1 Strongly agree" =
= as.numeric
character(revalue(LSAY2006$ST16Q03,

c("4 Strongly disagree"

"3 Disagree" = "2",

"2 Agree" = "3",

"1l Strongly agree" =
= as.numeric
character(revalue(LSAY2006$ST16Q04,

c("4 Strongly disagree"

"3 Disagree" = "2",

"2 Agree" = "3",

"1l Strongly agree" =
= as.numeric
character(revalue(LSAY2006$ST16Q05,

= lllll,

470D

= lllll,

470D

= lllll,

470D

= lllll,

470D



c("4 Strongly disagree" = "1",
"3 Disagree" = "2",
"2 Agree" = "3",
"1 Strongly agree" = "4")))))
# interest items: ST21Q01-ST21Q06
dataInt <- data.frame(Iph = as.numeric(as.character(revalue(LSAY2006$5T721Q01,
c("4 No Interest"

= "1",
"3 Low
Interest" = "2",
"2 Medium
Interest" = "3",
"1 High
Interest" = "4")))),
Ich = as.numeric(as.character(revalue(LSAY2006$ST21Q02,
c("4 No Interest"
= "1",
"3 Low
Interest" = "2",
"2 Medium
Interest" = "3",
"1 High
Interest" = "4")))),
Ipb = as.numeric(as.character(revalue(LSAY2006$ST21Q03,
c("4 No Interest"
= "1",
"3 Low
Interest" = "2",
"2 Medium
Interest" = "3",
"1 High
Interest" = "4")))),
Ihb = as.numeric(as.character(revalue(LSAY2006$ST21Q04,
c("4 No Interest"
= "1",
"3 Low
Interest" = "2",
"2 Medium
Interest" = "3",
"1 High
Interest” = "4")))))

# personal value items: ST18Q03,ST18Q05,5T18Q07,ST18Q08,ST18Q10
dataVp <- data.frame(Vpr = as.numeric(as.character(revalue(LSAY2006$ST18Q03,
c("4 Strongly

disagree" = "1",
"3 Disagree" =
nyn
"2 Agree" = "3",
"1 Strongly

agree” = "4")))),



disagree"

"2"_,

agree" =

disagree"

"2"_,

agree" =

disagree"

llzll,

agree" =

disagree"

"2"_,

agree" =

||1I|,

"47)))) s
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"47)))) s

Illll,

"47))))s
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Vpa

Vpm

Vpu
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as.

as.

as

as.

numeric(as.

numeric(as.

.humeric(as.

numeric(as.

# behavior items: ST19Q01-ST19Q06
as.numeric(as.character(revalue(LSAY2006$ST19Q01,

dataBeh <- data.frame(Btv

I

N
N
N
N
N

Bsb = as

character(revalue(LSAY2006$ST18Q05,
c("4 Strongly

"3 Disagree" =

II2 Agr\eell = II3II,
"1 Strongly

character(revalue(LSAY2006$ST18Q07,
c("4 Strongly

"3 Disagree" =

ll2 Agr‘ee" = Il3ll’
"1 Strongly

character(revalue(LSAY2006$ST18Q08,
c("4 Strongly

"3 Disagree" =

II2 Agr‘ee" = II3II’
"1 Strongly

character(revalue(LSAY2006$5T18Q10,
c("4 Strongly

"3 Disagree" =

II2 Agr\eell = II3II,
"1 Strongly

c("4 Hardly ever"

"3 Sometimes™

"2 Regularly"

"1l Very often"

.numeric(as.character(revalue(LSAY2006$5T19Q02,

c("4 Hardly ever"

"3 Sometimes™

"2 Regularly"

"1l Very often"
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= "4")))))

Bwc = as.numeric(as.character(revalue(LSAY2006$ST19Q03,
c("4 Hardly ever"

"3 Sometimes™

"2 Regularly"

"1 Very often"

Bsr = as.numeric(as.character(revalue(LSAY2006$5ST19Q04,
c("4 Hardly ever"

"3 Sometimes™

"2 Regularly"

"1 Very often"

Bsm = as.numeric(as.character(revalue(LSAY2006$ST19Q05,
c("4 Hardly ever"

"3 Sometimes™

"2 Regularly"
"1 Very often"

Bsc = as.numeric(as.character(revalue(LSAY2006$ST19Q06,
c("4 Hardly ever"

"3 Sometimes™

"2 Regularly"

"1 Very often"

# science Self-concept items: ST37Q01- ST17Q06
dataSC <- data.frame(Sce = as.numeric(as.character(revalue(LSAY2006%$ST37Q01,

disagree" = "1")))),

agl"ee" = ll4ll’
"2"_,
agr‘ee" = Il4ll,

c("1 Strongly

II2 Agr\eell = II3II,
"3 Disagree" =

"4 Strongly

Scg = as.numeric(as.character(revalue(LSAY2006$ST37Q02,

c("1 Strongly

II2 Agl"ee" = Il3ll’



"2"_,

disagree"

“1")))),
Scl

as.numeric(as.

agr‘ee" Il4ll,

"2"_,

disagree"

1),
Sct

as.numeric(as.

agr\een ll4ll,

llzll,

disagree"

1)

Scu

as.numeric(as.

agl"ee" ll4ll’

"2"_,

disagree"

1)

Sci

as.numeric(as.

agr‘ee" Il4ll,

"2"_,

disagree" "1")))))
# Data Future intention: ST29Q01-Q04
FutMot <- data.frame(Fmc = as.numeric(as.

agr‘ee" Il4ll,

"2"_,

disagree"

1)

Fms

as.numeric(as.

agr\een = ll4ll,

"3 Disagree"
"4 Strongly

character(revalue(LSAY2006$ST37Q03,
c("1 Strongly

II2 Agr‘ee" Il3ll’
"3 Disagree" =

"4 Strongly

character(revalue(LSAY2006$ST37Q04,
c("1 Strongly

II2 Agr‘ee" II3II’
"3 Disagree" =

"4 Strongly

character(revalue(LSAY2006%$ST37Q05,
c("1 Strongly

II2 Agr\eell II3II’
"3 Disagree" =

"4 Strongly

character(revalue(LSAY2006$ST37Q06,
c("1 Strongly

II2 Agr‘ee" Il3ll’
"3 Disagree" =
"4 Strongly

character(revalue(LSAY2006$5T29Q01,
c("1 Strongly

II2 Agr‘ee" Il3ll’
"3 Disagree" =

"4 Strongly

character(revalue(LSAY2006$5T29Q02,
c("1 Strongly

II2 Agr‘ee" II3II’
"3 Disagree" =



"2"_,

disagree"

1)

||4

Strongly

Fmd = as.numeric(as.character(revalue(LSAY2006$5ST29Q03,

agr\eell = ll4ll,

llzll)

disagree"

1)

Fmw

agr‘een - ||4||,

"2"_,

disagree" = "1")))))
# kRnowledge: 1 PV per subscale

datakno <- data.frame(Ksc = as.numeric(LSAY2006$PV1SCIE),
Kex = as.numeric(LSAY2006%$PV1EPS),
Kis = as.numeric(LSAY2006$PV1ISI),
Kue = as.numeric(LSAY2006%$PV1USE))

# PV2 for NCT test

datakno2 <- data.frame(Ksc2 = as.numeric(LSAY2006$PV2SCIE),
Kex2 = as.numeric(LSAY2006%$PV2EPS),
Kis2 = as.numeric(LSAY2006$PV2ISI),
Kue2 = as.numeric(LSAY2006$PV2USE))

### data on courses taken
dataCour <- data.frame(CourselW3 =
as.numeric(as.character(revalue(LSAY2006$LCAO22D,

llellJ

1)),
CourselW3 1 =
as.numeric(as.character(revalue(LSAY2006$LCAG22D1,

Chemistry" = "1",
Physics" = "2",
Biology" = "3")))),

CourseW3 2 =
as.numeric(as.character(revalue(LSAY2006$LCAQ22D2,

Chemistry" = "1",

Physics" = "2",

c("1

Strongly

||2 Agr‘ee" = ||3||,

||3

||4

c("1

Disagree" =

Strongly

as.numeric(as.character(revalue(LSAY2006$ST29Q04,

Strongly

||2 Agr\een = ||3||,

||3

||4

Disagree" =

Strongly

C(IIO Non =

||1 Yesll -

c("3

||17

c("3

||17



Biology" = "3")))),
CourseW3_3 =
as.numeric(as.character(revalue(LSAY2006$LCAQ22D3,
c("3
Chemistry" = "1",
"17
Physics" = "2",
"2
Biology" = "3")))),
CourselW3 4 =
as.numeric(as.character(revalue(LSAY2006%$LCA022D4,
c("3
Chemistry" = "1",
"17
Physics" = "2",
"2
Biology" = "3")))))

data_raw <- data.frame(dataDemo, dataEnj, dataInt, dataVp, dataBeh,
dataSC, FutMot, datakno, dataCour)
save(data_raw, file = "data raw.Rda")
data_raw_PV <- data.frame(dataDemo, dataEnj, dataInt, dataVp, dataBeh,
datasC, FutMot,
datakKno, datakno2, dataCour) # for NCT PV1 vs PV2
save(data_raw PV, file = "data_raw_PV.Rda")

Clean data -> exclude participants based on exclusion criteria

# Only 1include participants who were in grade 10 in 2006 and grade 12 in 2008
load("data_raw.Rda")

# Descriptives full sample
table(data_raw$Gen)

#it
H#H# 0 1
## 7192 6978

mean(data_raw$Age)

## [1] 15.77793

sd(data_raw$Age)

## [1] 0.2871081

table(data_raw$School W3) # How many are still in school

##
## 0 1
## 1938 5423



# 1. Exclude individuals who are not in school in 2008
data_raw[is.na(data_raw$School W3), ]$School W3 <- 3 # enable subsetting
LSAY2008 <- data_raw[data_raw$School W3==1,] # remove those who are not in
school 2008 -> N = 5432

# Descriptives LSAY Y3 sample
table(LSAY2008%$Gen) # N = 2529 (male), N = 2894 (female)

##
## 0 1
## 2529 2894

mean (LSAY2008%Age) # 15.72
## [1] 15.71967
sd(LSAY2008%Age) # 0.28
## [1] 0.2784903

# make subset based on IB -> remove IB'er because they have to follow a
science course

LSAY2008[is.na(LSAY2008%$IB_W3), J$IB_W3 <- 3

noIB <- LSAY2008[!LSAY2008$IB W3==1, ]

nrow(LSAY2008)-nrow(noIB) # number of ppn excluded: N = 54

## [1] 54

# Remove people who were not in the right school year per wave

schoolY <- noIB[noIB$SY_W1==2&noIB$SY W3==4,] # year 10 in 2006 and year 12
in 2008

nrow(noIB)-nrow(schoolY) # number of ppn excluded: N = 611

## [1] 611

# Only include ppn who follow chem or physics or biology or NO COURSE
course <- schoolY
table(course$CourseW3) # N = 2282 (no course) vs. N = 2476 (course)

#it
#H# 0 1
## 2282 2476

# Make variable per science course: yes = 1; no = 0

course[is.na(course$CourseW3 1), ]$CourseW3_1 <- 99 # for subsetting
course[is.na(course$CourseW3 2),]$CourseW3 2 <- 99 # for subsetting
course[is.na(course$CourseW3 3), ]$CourseW3 3 <- 99 # for subsetting
course[is.na(course$CourseW3 4), ]$CourseW3 4 <- 99 # for subsetting

course$Chem <- NA
course[ (course$CourseW3_1==1|course$CourseW3_2==1|course$CourseW3 3==1|course
$CourseW3_4==1),]$Chem <- 1



course[is.na(course$Chem), J$Chem <- ©
table(course$Chem) # N = 3881 (no Chem), N = 877 (Chem)

#it
H#H# 0 1
## 3881 877

course$Phys <- NA

course[course$CourseW3 1==2|course$CourseW3 2==2|course$CourseW3 3==2|course$
CourseW3 4==2,]%$Phys <- 1

course[is.na(course$Phys), ]$Phys <- ©

table(course$Phys) # N = 4100 (no phys), N = 658 (Physics)

H#H#
## 0 1
## 4100 658

course$Bio <- NA

course[course$CourseW3 1==3|course$CourseW3 2==3|course$CourseW3 3==3|course$
CourseW3 4==3,]%$Bio <- 1

course[is.na(course$Bio), ]$Bio <- ©

table(course$Bio) # N = 3677 (no Bio), N = 1081 (Biology)

##
## 0 1
## 3677 1081

# Save
data_complete <- course
table(data_complete$CourseW3)

H#H#
## 0 1
## 2282 2476

save(data_complete, file = "data_complete.Rda")

Test if data is normally distributes & if missingness completely at random

load("data_complete.Rda")
baseline_Mcar <- data_complete[c(11:19,20:44)]

TestMCARNormality(baseline_ Mcar )

## Call:

## TestMCARNormality(data = baseline Mcar)

#it

## Number of Patterns: 4

#it

## Total number of cases used in the analysis: 4627
HH#

## Pattern(s) used:



H#it Efu Elr Esp Enk Els Iph Ich Ipb Ihb Vpr Vpa

Vpm

## group.1 1 1 1 1 1 1 1 1 1 1 1
1

## group.2 1 1 1 1 1 1 1 1 1 1 1
1

## group.3 1 1 1 1 1 1 1 1 1 1 1
1

## group.4 1 1 1 1 1 1 1 1 1 1 1
1

# Vpu Vpo Btv Bsb Bwc Bsr Bsm Bsc Sce Scg Scl
Sct

## group.1l 1 1 1 1 1 1 1 1 1 1 1
1

## group.2 1 1 1 1 1 1 1 1 NA NA NA
NA

## group.3 1 1 1 1 1 1 1 1 1 1 1
1

## group.4 1 1 1 1 1 1 1 1 1 1 1
1

#it Scu  Sci Fmc Fms Fmd Fmw  Ksc Kex Kis  Kue

## group.l 1 1 1 1 1 1 1 1 1 1

## group.2 NA NA 1 1 1 1 1 1 1 1

## group.3 1 1 NA NA NA NA 1 1 1 1

## group.4 NA 1 1 1 1 1 1 1 1 1

#it Number of cases

## group.1 4180

## group.2 432

## group.3 8

## group.4 7

#H

it

Hit Test of normality and Homoscedasticity:

i} o—cooccooocoooococoosocossorosoesooneoonosaas

it

## Hawkins Test:

H#H

# P-value for the Hawkins test of normality and homoscedasticity:
1.050557e-57

H#H

# Either the test of multivariate normality or homoscedasticity (or
both) is rejected.

H#t Provided that normality can be assumed, the hypothesis of MCAR is

H# rejected at 0.05 significance level.

#it

## Non-Parametric Test:

it

Hit P-value for the non-parametric test of homoscedasticity: ©.2339177
H#H

#it Reject Normality at 0.05 significance level.



H## There is not sufficient evidence to reject MCAR at 0.05 significance
level.

Binarize data

# first: binarize data

data_binary <- na.omit(data_complete[c(11:44)]) # remove cases that have
missingness -> N = 41860

# Enjoyment

data_binary$Efu[data_binary$Efu<3] <- @
data_binary$Efu[data_binary$Efu>2] <- 1
data_binary$Elr[data_binary$Elr<3] <- 0
data_binary$Elr[data_binary$Elr>2] <- 1
data_binary$Esp[data_binary$Esp<3] <- ©
data_binary$Esp[data_binary$Esp>2] <- 1
data_binary$Enk[data_binary$Enk<3] <- @
data_binary$Enk[data_binary$Enk>2] <- 1
data_binary$Els[data_binary$Els<3] <- @
data_binary$Els[data_binary$Els>2] <- 1
# Interest
data_binary$Iph[data_binary$Iph<3] <- ©
data_binary$Iph[data_binary$Iph>2] <- 1
data_binary$Ich[data_binary$Ich<3] <- @
data_binary$Ich[data_binary$Ich>2] <- 1
data_binary$Ipb[data_binary$Ipb<3] <- ©
data_binary$Ipb[data_binary$Ipb>2] <- 1
data_binary$Ihb[data_binary$Ihb<3] <- @
data_binary$Ihb[data_binary$Ihb>2] <- 1
# Value
data_binary$Vpr[data_binary$Vpr<3] <- o
data_binary$Vpr[data_binary$vpr>2] <- 1
data_binary$Vpa[data_binary$Vpa<3] <- @
data_binary$Vpa[data_binary$Vpa>2] <- 1
data_binary$Vpm[data_binary$Vpm<3] <- @
data_binary$Vpm[data_binary$vpm>2] <- 1
data_binary$Vpu[data_binary$Vpu<3] <- @
data_binary$Vpu[data_binary$vpu>2] <- 1
data_binary$Vpo[data_binary$Vpo<3] <- @

data_binary$Vpo[data_binary$Vpo>2] <- 1

# Behavior: NO vs some behavior, because the mean is lLow (between 1-2)
data_binary$Btv[data_binary$Btv<2] <- @

data_binary$Btv[data_binary$Btv>1] <-
data_binary$Bsb[data_binary$Bsb<2] <-
data_binary$Bsb[data_binary$Bsb>1] <-
data_binary$Bwc[data_binary$Bwc<2] <-
data_binary$Bwc[data_binary$Bwc>1] <-
data_binary$Bsr[data_binary$Bsr<2] <-
data_binary$Bsr[data_binary$Bsr>1] <-
data_binary$Bsm[data_binary$Bsm<2] <-
data_binary$Bsm[data_binary$Bsm>1] <-

RPOROROROR



data_binary$Bsc[data_binary$Bsc<2] <- @
data_binary$Bsc[data_binary$Bsc>1] <- 1
# Self-concept
data_binary$Sce[data_binary$Sce<3] <- @
data_binary$Sce[data_binary$Sce>2] <- 1
data_binary$Scg[data_binary$Scg<3] <- ©
data_binary$Scg[data_binary$Scg>2] <- 1
data_binary$Scl[data_binary$Scl<3] <- @
data_binary$Scl[data_binary$Scl>2] <- 1
data_binary$Sct[data_binary$Sct<3] <- @
data_binary$Sct[data_binary$Sct>2] <- 1
data_binary$Scu[data_binary$Scu<3] <- @
data_binary$Scu[data_binary$Scu>2] <- 1
data_binary$Sci[data_binary$Sci<3] <- @
data_binary$Sci[data_binary$Sci>2] <- 1
# Future Motivation
data_binary$Fmc[data_binary$Fmc<3] <- @
data_binary$Fmc[data_binary$Fmc>2] <- 1
data_binary$Fms[data_binary$Fms<3] <- @
data_binary$Fms[data_binary$Fms>2] <- 1
data_binary$Fmd[data_binary$Fmd<3] <- ©
data_binary$Fmd[data_binary$Fmd>2] <- 1
data_binary$Fmw[data_binary$Fmw<3] <- @
data_binary$Fmw[data_binary$Fmw>2] <- 1

# Knowledge -> using the median

data_binary$Ksc[data_binary$Ksc <= median(data_binary$Ksc)] <- ©
data_binary$Ksc[data_binary$Ksc > median(data_binary$Ksc)] <- 1
data_binary$Kex[data binary$Kex <= median(data_binary$Kex)] <- ©
data_binary$Kex[data binary$Kex > median(data_binary$Kex)] <- 1
data_binary$Kis[data_binary$Kis <= median(data_binary$Kis)] <- ©
data_binary$Kis[data_binary$Kis > median(data_binary$Kis)] <- 1
data_binary$Kue[data_binary$Kue <= median(data_binary$Kue)] <- ©
data_binary$Kue[data_binary$Kue > median(data_binary$Kue)] <- 1

# make dataset per course

Chem_binary <- data_binary[c(1:5,7,10:34)]
Phys binary <- data_binary[c(1:6,10:34)]
Bio_binary <- data_binary[c(1:5,8:9,10:34)]

save(data_binary, Chem _binary, Phys binary, Bio binary, file =
"data_binary.Rda")

Network estimation using IsingFit The covariance matrices per course can be found in the
Supplementary Materials, but as the LSAY data is not publicly available, the Forecast
analysis cannot be replicated.

load("data_binary.Rda")

# Check whether there 1is topological overlap using Goldbricker function
## Additional: TOPOGRAPHIC similarity -> goldbricker function (function



compares correlations # in a psychometric network in order to identify nodes
which most Likely measure the same # underlying construct)
gb_Chem <- goldbricker(Chem_binary) # none
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gb_Phys <- goldbricker(Phys_binary) # none
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# Run IsingFit per course network
# Estimate models
fit Chem_Ising <- estimateNetwork(data = Chem_binary,
default = "IsingFit", missing =
"listwise")
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fit_Phys_Ising <- estimateNetwork(data = Phys_binary,
default = "IsingFit", missing =
"listwise")
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fit Bio Ising <- estimateNetwork(data = Bio binary,
default = "IsingFit", missing =
"listwise")
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save(fit_Chem_Ising, fit Phys Ising, fit Bio_Ising,file =
"fit course Ising.RData")

Figure 2: Network visualization and centrality plots

load("fit_course_Ising.RData")

### Plotting

groups_type Chem <- list("Enjoyment"=c(1,2,3,4,5),
"Interest" = c(6),
"Value"=c(7,8,9,10,11),
"Behavior"=c(12,13,14,15,16,17),
"Self-Concept" = c(18, 19,20,21,22,23),
"Future Mot" = c(24:27),
"Knowledge"=c(28:31))

groups_type Phys <- list("Enjoyment"=c(1,2,3,4,5),
"Interest" = c(6),
"Value"=c(7,8,9,10,11),
"Behavior"=c(12,13,14,15,16,17),
"Self-Concept"” = c(18, 19,20,21,22,23),
"Future Mot" = c(24:27),
"Knowledge"=c(28:31))

groups_type Bio <- list("Enjoyment"=c(1,2,3,4,5),
"Interest" = c(6,7),
"Value"=c(8:12),
"Behavior"=c(13:18),
"Self-Concept"” = c(19:24),
"Future Mot" = c(25:28),
"Knowledge"=c(29:32))

# pick some nice colors
group_col <- c("#53BOCF", "#FFBO26" ,"#ED3939","#cf5372", "#b@53cf",
"springgreen4", "#5372cf")



#jpeg(filename = "Fig2a.jpeg")
plot(fit_Chem_Ising, layout = "spring", title = "Chemistry",
color = group_col, groups = groups_type Chem, legend = FALSE)

Chemistry

#dev.off()
#ipeg(filename = "Fig2b.jpeg")

centralityPlot(fit_Chem Ising$graph, include = c("Strength", "Closeness"),
labels = names(fit_Chem_Ising$data))
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#dev.off()
#jpeg(filename = "Fig2c.jpeg")
plot(fit_Phys_Ising, layout = "spring", title = "Physics",
color = group_col, groups = groups_type Phys, legend = FALSE)



Physics

iii: 1
#dev.off()

#jpeg(filename = "Fig2d.jpeg")
centralityPlot(fit_Phys_Ising$graph, include = c("Strength", "Closeness"),
labels = names(fit_Phys Ising$data))
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#dev.off()
#jpeg(filename = "Fig2e.jpeg")
plot(fit_Bio_Ising, layout = "spring", title = "Biology",
color = group_col, groups = groups_type Bio, legend = FALSE)



Biology

#dev.off()

#jpeg(filename = "Fig2f.jpeg")

centralityPlot(fit_Bio_Ising$graph, include = c("Strength", "Closeness"),
labels = names(fit Bio Ising$data))
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#dev.off()

Forecast analysis

# Forecast analysis

load("data_complete.Rda")

load("fit_course_Ising.RData")

baseline_C <- na.omit(data_complete[c(11:44,50:52)])

baseline Chem C <- cbind(fit_Chem Ising$data,baseline C[,c(35)])
colnames(baseline_Chem_C) <- c(names(fit_Chem_Ising$data), "Chem")
baseline_Phys C <- cbind(fit_Phys_Ising$data,baseline_C[,c(36)])
colnames(baseline Phys C) <- c(names(fit Phys Ising$data), "Phys")
baseline Bio C <- cbind(fit_Bio_Ising$data,baseline C[,c(37)])
colnames(baseline_Bio_C) <- c(names(fit_Bio_Ising$data),"Bio")

s <- round(fit_Chem Ising$graph,2)

### Chemistry

# node correlation with outcome (chemistry course)

Chem_Cor <-

cor_auto(na.omit(baseline_Chem C))[1:(length(na.omit(baseline_Chem C))-
1)*1length(na.omit(baseline_Chem_C))]

## Strength

# (1) Forecast correlation:

# Strength centralities * Node impact



Chem_Strength <- centrality(fit_Chem_Ising$graph)$OutDegree
round(sort(Chem _Strength, decreasing = TRUE),2) # Strength from highest to
Lowest

## Fmd Fmc Fms Els Vpm Elr Sct Fmw Bsb Enk Esp Scl Sce Kex Scu
Kue
##t 8.97 8.43 8.39 7.61 7.46 7.20 6.98 6.71 6.68 6.55 6.52 6.39 6.39 6.29 5.76
5.71
## Efu Vpa Sci Btv Scg Bsm Vpo Ksc Bsr Kis Vpu Bwc Ich Bsc Vpr
## 5.67 5.42 5.21 5.11 5.09 5.04 4.99 4.95 4.78 4.63 4.54 4.46 4.28 2.76 2.39

cor.test(Chem_Cor, Chem_Strength)

#it

## Pearson's product-moment correlation

HH#

## data: Chem_Cor and Chem_Strength

## t = 5.9614, df = 29, p-value = 1.771e-06
## alternative hypothesis: true correlation is not equal to ©
## 95 percent confidence interval:

## ©0.5260348 0.8681314

## sample estimates:

H#H# cor

## 0.7420587

# (2) regression: mean and variance as predictors

# dataframe for regression

Chem_var <- apply(baseline Chem C[c(1:31)],2, var, na.rm = TRUE)
Chem_mean <- apply(baseline Chem C[c(1:31)],2, mean, na.rm = TRUE)
Chem _conf <- as.data.frame(cbind(Chem_var, Chem _mean, Chem_Cor,
Chem_Strength))

Chem_conf

H## Chem_var Chem_mean Chem_Cor Chem_Strength
## Efu 0.21913366 0.67583732 0.5943450 5.665553
## Elr 0.24948735 0.52392344 0.5501239 7.202885
## Esp 0.24170614 ©.59138756 0.5697245 6.519928
## Enk 0.17566186 0.77272727 0.5931248 6.547641
## Els 0.20275787 0.71746411 0.6250829 7.606335
## Ich 0.24348096 0.58110048 0.6863812 4.275284
## Vpr 0.22319819 0.66387560 0.1511491 2.394406
## Vpa 0.21024146 0.69952153 0.4939864 5.421175
## Vpm 0.22972484 0.64258373 0.5548738 7.459115
## Vpu 0.15494303 0.80837321 0.4258310 4.537556
## Vpo 0.21785849 0.67942584 0.5252125 4.,990467
## Btv 0.19752075 0.72918660 0.3353198 5.108323
## Bsb 0.24076242 0.40358852 0.3917748 6.679742
## Bwc 0.23986508 0.60095694 0.3692492 4.461706
## Bsr 0.19608518 0.26770335 0.2406625 4.780184
## Bsm 0.24982534 0.48468900 0.4113656 5.035092
## Bsc 0.03748356 0.03899522 0.2491729 2.764810



## Sce 0.24755922 0.45000000 0.5877204 6.392673
## Scg 0.19315597 0.73851675 0.5240647 5.093496
## Scl 0.23736013 0.61267943 0.5237594 6.393906
## Sct 0.24941660 0.52535885 0.5085909 6.978103
## Scu 0.22624372 0.65430622 0.5155973 5.764132
## Sci 0.22896729 0.64521531 0.4401997 5.213021
## Fmc 0.24994390 0.48923445 0.6622175 8.425667
## Fms 0.24736413 0.44808612 0.6844397 8.385961
## Fmd ©.16175294 0.20287081 0.6541464 8.973540
## Fmw 0.19936885 0.27488038 0.5540859 6.707081
## Ksc 0.25005959 0.49952153 0.4937430 4.945829
## Kex 0.25005959 0.49952153 0.4937430 6.289242
## Kis 0.25005959 0.49952153 0.4473085 4.632518
## Kue 0.25005982 0.50000000 0.5036005 5.708672

# regressiom:

fitl Chem <- 1lm(Chem_Cor ~ Chem_mean + Chem_var
Chem_conf)

summary(fitl Chem)

+ Chem_Strength, data

H#H#

## Call:

## Im(formula = Chem _Cor ~ Chem_mean + Chem_var + Chem_Strength,
it data = Chem_conf)

HH#

## Residuals:

H## Min 1Q Median 3Q Max

## -0.144221 -0.030762 0.007179 ©0.039575 0.284177

##

## Coefficients:

#H# Estimate Std. Error t value Pr(>|t]|)

## (Intercept) 0.02215 0.09667 0.229 0.820

## Chem_mean 0.14413 0.09776 1.474 0.152

## Chem_var 0.09380 0.41073 0.228 0.821

## Chem_Strength ©0.06396 0.01119 5.714 4.51e-06 ***

## ---

## Signif. codes: © "***' @.,001 '**' @9.01 '*' @.05 '.' 0.1 ' ' 1
##

## Residual standard error: 0.08697 on 27 degrees of freedom
## Multiple R-squared: ©.5933, Adjusted R-squared: ©0.5481
## F-statistic: 13.13 on 3 and 27 DF, p-value: 1.782e-05

## (3) Test fit:

step_Chem_var <- stepAIC(fitl Chem, direction = "both")

## Start: AIC=-147.7

## Chem_Cor ~ Chem_mean + Chem_var + Chem_Strength

H#H#

H## Df Sum of Sq RSS AIC

## - Chem_var 1 0.000394 0.20461 -149.64

## <none> 0.20422 -147.70



## - Chem_mean 1 ©0.016441 0.22066 -147.30
## - Chem_Strength 1 0.246956 0.45117 -125.13
H#it

## Step: AIC=-149.64

## Chem_Cor ~ Chem_mean + Chem_Strength

#it

H#it Df Sum of Sq RSS AIC
## <none> 0.20461 -149.64
## - Chem_mean 1 0.021031 0.22564 -148.61
## + Chem_var 1 0.000394 0.20422 -147.70

## - Chem_Strength 1 0.287726 0.49234 -124.42
step_Chem_var$anova

## Stepwise Model Path

## Analysis of Deviance Table

it

## Initial Model:

## Chem_Cor ~ Chem_mean + Chem_var + Chem_Strength
it

## Final Model:

## Chem_Cor ~ Chem_mean + Chem_Strength

it
#it
H#it Step Df Deviance Resid. Df Resid. Dev AIC
## 1 27 0.2042182 -147.6992
## 2 - Chem_var 1 0.0003944506 28 0.2046126 -149.6393

summary(step_Chem_var) # final model

#it

## Call:

## 1m(formula = Chem_Cor ~ Chem_mean + Chem_Strength, data = Chem_conf)
#it

## Residuals:

H## Min 1Q Median 3Q Max
## -0.143148 -0.029435 0.008301 ©0.038594 0.287627
#H#

## Coefficients:

#Hit Estimate Std. Error t value Pr(>|t]|)
## (Intercept) 0.03313 0.08245 0.402 0.691
## Chem_mean 0.15214 0.08968 1.696 0.101

## Chem_Strength 0.06484 0.01033 6.275 8.76e-07 ***

## ---

## Signif. codes: @ '***' 9,001 '**' @.01 '*' ©0.05 '.' 0.1 ' ' 1
H#H

## Residual standard error: 0.08548 on 28 degrees of freedom

## Multiple R-squared: ©.5925, Adjusted R-squared: ©.5634

## F-statistic: 20.36 on 2 and 28 DF, p-value: 3.478e-06



# standardized regression weight
Im.beta(fitl Chem) # original model

H## Chem_mean Chem_var Chem_Strength
## 0.19459532 0.03145235 0.74950249

Im.beta(step_Chem var) # final model

#it Chem_mean Chem_Strength
HH# 0.2054169 0.7597910

## Closeness
# (1) Forecast correlation:
# Closeness centralities * Node impact

Chem_Close <- centrality(fit_Chem_Ising$graph)$Closeness

round(sort(Chem Close, decreasing = TRUE),4) #

Lowest

it Fmd Fmc Fms Sce Enk Fmw
Esp

closeness from highest to

Els Elr Efu Scg

## 0.0108 0.0100 0.0100 0.0098 0.0097 0.0095 0.0094 0.0093 0.0091 0.0089

0.0087
## Ich Sct Vpu Vpm Btv Bsb
Vpo

Scu Bsc Vpa Bsm

## 0.0086 0.0085 0.0080 0.0079 0.0079 0.0079 0.0078 0.0077 0.0076 0.0075

0.0072
#it Bwc Scl Bsr Sci Ksc Vpr

Kex Kue Kis

## 0.0072 0.0070 0.0070 0.0070 0.0064 0.0063 0.0061 0.0056 0.0055

cor.test(Chem _Cor, Chem Close)

##

## Pearson's product-moment correlation

HH#

## data: Chem_Cor and Chem_Close

## t = 4.2977, df = 29, p-value = 0.0001773

## alternative hypothesis: true correlation is not equal to ©

## 95 percent confidence interval:
## 0.3458766 0.8010548

## sample estimates:

H#H# cor

## 0.6237689

# (2) regression: mean and variance as predictors

# dataframe for regression

Chem _confl <- as.data.frame(cbind(Chem_var, Chem_mean, Chem_Cor, Chem _Close))

Chem_confl

H## Chem_var Chem_mean Chem_Cor Chem Close
## Efu 0.21913366 0.67583732 0.5943450 0.009059617
## Elr 0.24948735 0.52392344 0.5501239 0.009283762
## Esp 0.24170614 ©.59138756 0.5697245 0.008701355



## Enk 0.17566186 0.77272727 0.5931248 0.009662799
## Els 0.20275787 0.71746411 0.6250829 0.009443318
## Ich 0.24348096 0.58110048 0.6863812 0.008634776
## Vpr 0.22319819 0.66387560 0.1511491 0.006348928
## Vpa 0.21024146 0.69952153 0.4939864 0.007562813
## Vpm 0.22972484 0.64258373 0.5548738 0.007906966
## Vpu 0.15494303 0.80837321 0.4258310 0.007990704
## Vpo 0.21785849 0.67942584 0.5252125 0.007236728
## Btv 0.19752075 0.72918660 0.3353198 0.007903303
## Bsb 0.24076242 0.40358852 0.3917748 0.007864062
## Bwc 0.23986508 0.60095694 0.3692492 0.007155692
## Bsr 0.19608518 0.26770335 0.2406625 0.007016193
## Bsm 0.24982534 0.48468900 0.4113656 0.007467727
## Bsc 0.03748356 0.03899522 0.2491729 0.007665165
## Sce 0.24755922 0.45000000 0.5877204 0.009814929
## Scg 0.19315597 0.73851675 0.5240647 0.008918240
## Scl 0.23736013 0.61267943 0.5237594 0.007022560
## Sct 0.24941660 0.52535885 0.5085909 0.008455259
## Scu 0.22624372 0.65430622 0.5155973 0.007759166
## Sci 0.22896729 0.64521531 0.4401997 0.006964095
## Fmc 0.24994390 0.48923445 0.6622175 0.010020610
## Fms 0.24736413 0.44808612 0.6844397 0.010017214
## Fmd 0.16175294 0.20287081 0.6541464 0.010828832
## Fmw 0.19936885 0.27488038 0.5540859 0.009542024
## Ksc 0.25005959 0.49952153 0.4937430 0.006400870
## Kex 0.25005959 0.49952153 0.4937430 0.006074717
## Kis ©0.25005959 0.49952153 0.4473085 0.005542602
## Kue 0.25005982 0.50000000 0.5036005 0.005589582

# regressiom:

fit2 Chem <- 1lm(Chem_Cor ~ Chem_mean + Chem_var + Chem Close, data =
Chem_confl)

summary(fit2_Chem)

it

## Call:

## Im(formula = Chem Cor ~ Chem_mean + Chem_var + Chem Close, data =
Chem_confl)

##

## Residuals:

H## Min 1Q Median 3Q Max

## -0.24464 -0.05118 0.02421 0©.05779 0.13402

##

## Coefficients:

i Estimate Std. Error t value Pr(>|t])

## (Intercept) -0.32923 0.14132 -2.330 0.02755 *
## Chem_mean 0.05588 0.09798 0.570 0.57315

## Chem_var 1.21792 0.39838 3.057 0.00499 **
## Chem _Close 65.53548 11.93833 5.489 8.2e-06 ***
## ---



## Signif. codes: © '***' @9.,001 '**' 9,01 '*' ©0.05 '.' 0.1 ' ' 1
#it

## Residual standard error: 0.08886 on 27 degrees of freedom

## Multiple R-squared: ©0.5754, Adjusted R-squared: ©.5282

## F-statistic: 12.2 on 3 and 27 DF, p-value: 3.145e-05

##t (3) Test fit:
step_Chem_varl <- stepAIC(fit2_Chem, direction = "both")

## Start: AIC=-146.36
## Chem_Cor ~ Chem_mean + Chem_var + Chem_Close

#H#

H## Df Sum of Sq RSS AIC
## - Chem_mean 1 0.002569 0.21578 -147.99
## <none> 0.21321 -146.36

## - Chem_var 1 ©0.073807 0.28702 -139.15
## - Chem_Close 1 ©.237963 0.45117 -125.13
H#H#

## Step: AIC=-147.99

## Chem_Cor ~ Chem_var + Chem_Close

H#H#
H## Df Sum of Sq RSS AIC
## <none> 0.21578 -147.99

## + Chem_mean 1 0.002569 0.21321 -146.36
## - Chem_var 1 0.090995 0.30677 -139.09
## - Chem_Close 1 0.236291 0.45207 -127.06

step_Chem_varl$anova

## Stepwise Model Path

## Analysis of Deviance Table

##

## Initial Model:

## Chem_Cor ~ Chem_mean + Chem_var + Chem_Close
##

## Final Model:

## Chem_Cor ~ Chem_var + Chem_Close

##
H#H#
H## Step Df Deviance Resid. Df Resid. Dev AIC
## 1 27 0.2132105 -146.3633
## 2 - Chem_mean 1 0.00256893 28 0.2157795 -147.9921

summary(step_Chem_varl) # final model

#it

## Call:

## Im(formula = Chem Cor ~ Chem_var + Chem Close, data = Chem _confl)
#it

## Residuals:

H## Min 1Q Median 3Q Max



## -0.23887 -0.05621 0.01656 0.05714 0.12854

#it

## Coefficients:

#H# Estimate Std. Error t value Pr(>|t]|)

## (Intercept) -0.3116 0.1362 -2.287 ©0.02993 *

## Chem_var 1.2874 0.3747 3.436 0.00186 **

## Chem_Close 65.2455 11.7829 5.537 6.4e-06 ***

## ---

## Signif. codes: @ '***' 9,001 '**' @.01 '*' ©.05 '.' 0.1 ' ' 1
#it

## Residual standard error: 0.08779 on 28 degrees of freedom
## Multiple R-squared: ©0.5703, Adjusted R-squared: ©.5396
## F-statistic: 18.58 on 2 and 28 DF, p-value: 7.318e-06

# standardized regression weight
Im.beta(fit2 Chem) # original model

## Chem_mean Chem_var Chem_Close
## 0.07545151 0.40840301 0.69878078

Im.beta(step_Chem_varl) # final model

##  Chem_var Chem_Close
## 0.4317175 0.6956888

### Physics

# node correlation with outcome (physics course)

Phys Cor <- cor_auto(baseline Phys C)[1:(length(baseline_Phys C)-
1)*1length(baseline_Phys C)]

## Strength

# (1) Forecast correlation:

# Strength centralities * Node impact

Phys_Strength <- centrality(fit_Phys_Ising$graph)$OutDegree

round(sort(Phys Strength, decreasing = TRUE), 2) # strength from highest to
Lowest

## Fmd Fmc Fms Els Vpm Elr Sct Fmw Bsb Esp Sce Enk Scl Kex Scu
Efu

## 8.85 8.51 8.38 7.77 7.45 7.06 6.99 6.88 6.66 6.65 6.46 6.41 6.32 6.25 5.83
5.68

## Vpa Kue Vpo Scg Sci Btv Bsm Ksc Bsr Kis Bwc Vpu Iph Bsc Vpr
## 5.44 5.43 5.40 5.29 5.17 5.09 5.00 4.91 4.78 4.59 4.57 4.55 2.90 2.79 2.39

cor.test(Phys_Cor, Phys Strength)

HH#

## Pearson's product-moment correlation

H#H#

## data: Phys Cor and Phys Strength

## t = 3.5535, df = 29, p-value = 0.001324

## alternative hypothesis: true correlation is not equal to ©
## 95 percent confidence interval:



## 0.2440485 0.7573074
## sample estimates:

Hit cor

## 0.5507609

# (2) regression: mean and variance as predictors

# dataframe for regression

Phys var <- apply(baseline Phys C[c(1:31)],2, var, na.rm = TRUE)
Phys_mean <- apply(baseline_Phys C[c(1:31)],2, mean, na.rm = TRUE)
Phys conf <- as.data.frame(cbind(Phys var, Phys mean, Phys Cor,
Phys Strength))

Phys_conf

## Phys var Phys mean Phys Cor Phys Strength
## Efu 0.21913366 0.67583732 0.51041161 5.678798
## Elr ©.24948735 0.52392344 0.44892501 7.058621
## Esp 0.24170614 0.59138756 0.53496512 6.648239
## Enk ©.17566186 0.77272727 ©0.52193162 6.409307
## Els 0.20275787 0.71746411 ©.55948787 7.769117
## Iph 0.24866666 0.53732057 0.72290105 2.901854
## Vpr 0.22319819 0.66387560 0.09644877 2.385687
## Vpa 0.21024146 0.69952153 0.47574203 5.444515
## Vpm ©.22972484 0.64258373 0.49471093 7.450967
## Vpu 0.15494303 0.80837321 0.31681639 4.550422
## Vpo 0.21785849 0.67942584 0.45929118 5.398298
## Btv 0.19752075 0.72918660 0.30511446 5.087956
## Bsb 0.24076242 0.40358852 0.35905715 6.664032
## Bwc 0.23986508 0.60095694 0.29497110 4.567377
## Bsr 0.19608518 0.26770335 0.22088354 4.782006
## Bsm ©.24982534 0.48468900 0.32232256 5.002561
## Bsc 0.03748356 0.03899522 0.21653304 2.787040
## Sce 0.24755922 0.45000000 0.54471683 6.455800
## Scg 0.19315597 0.73851675 0.46152868 5.287859
## Scl 0.23736013 0.61267943 0.49889867 6.324837
## Sct 0.24941660 0.52535885 0.50057297 6.988504
## Scu 0.22624372 0.65430622 0.49960286 5.834498
## Sci 0.22896729 0.64521531 0.38319548 5.166854
## Fmc 0.24994390 0.48923445 0.55620389 8.509547
## Fms 0.24736413 0.44808612 0.53960602 8.379808
## Fmd 0.16175294 0.20287081 0.52738140 8.849238
## Fmw ©.19936885 0.27488038 0.49077742 6.878886
## Ksc 0.25005959 0.49952153 0.48639907 4.911959
## Kex ©0.25005959 0.49952153 0.48639907 6.252050
## Kis ©.25005959 0.49952153 0.37416554 4.589788
## Kue 0.25005982 0.50000000 0.44806871 5.434582

# regressiom:

fitl _Phys <- 1lm(Phys_Cor ~ Phys _mean + Phys_var

Phys conf)

summary(fitl Phys)

+ Phys_Strength, data



#t

## Call:

## lm(formula = Phys_Cor ~ Phys_mean + Phys_var + Phys_Strength,
it data = Phys_conf)

#it

## Residuals:

## Min 1Q Median 3Q Max

## -0.21605 -0.04966 0.01366 ©0.04338 0.38418

#it

## Coefficients:

Hit Estimate Std. Error t value Pr(>|t]|)
## (Intercept) 0.03982 0.11739 0.339 0.73710
## Phys mean 0.07312 0.11829 0.618 0.54164
## Phys_var 0.57035 0.49009 1.164 0.25470

## Phys Strength ©0.04059 0.01288 3.152 ©0.00395 **

H# ---

## Signif. codes: © "***' @9.001 '**' ©9.01 '*' @.05 '.' 0.1 ' ' 1
#it

## Residual standard error: 0.1063 on 27 degrees of freedom

## Multiple R-squared: ©0.3626, Adjusted R-squared: ©0.2917

## F-statistic: 5.119 on 3 and 27 DF, p-value: 0.006214

## (3) Test fit:
step_Phys_var <- stepAIC(fitl_Phys, direction = "both")

## Start: AIC=-135.28
## Phys_Cor ~ Phys_mean + Phys_var + Phys_Strength
#t

#it Df Sum of Sq RSS AIC
## - Phys_mean 1 ©.004314 0.30913 -136.85
## - Phys_var 1 ©.015290 0.32010 -135.77
## <none> 9.30481 -135.28
## - Phys_Strength 1 ©.112134 0.41694 -127.57
##t

## Step: AIC=-136.85
## Phys_Cor ~ Phys_var + Phys_Strength

##t
#it Df Sum of Sq RSS AIC
## <none> 9.30913 -136.85
## - Phys_var 1 ©.024005 0.33313 -136.53
## + Phys_mean 1 0.004314 0.30481 -135.28

## - Phys_Strength 1 0.108035 0.41716 -129.56
step_Phys_var$anova

## Stepwise Model Path

## Analysis of Deviance Table

#it

## Initial Model:

## Phys Cor ~ Phys mean + Phys var + Phys Strength
#it



## Final Model:
## Phys Cor ~ Phys_var + Phys_Strength

H#H#
HH#
## Step Df Deviance Resid. Df Resid. Dev AIC
## 1 27 0.3048111 -135.2836
## 2 - Phys_mean 1 0.004314151 28 0.3091252 -136.8479

summary(step_Phys_var) # final model

#it

## Call:

## Im(formula = Phys Cor ~ Phys var + Phys_Strength, data = Phys_conf)
#it

## Residuals:

## Min 1Q Median 3Q Max

## -0.21197 -0.03886 ©0.00580 0.05310 0.37703

##

## Coefficients:

i Estimate Std. Error t value Pr(>|t])
## (Intercept) 0.06434 0.10926 0.589 0.56064
## Phys var 0.67266 0.45618 1.475 0.15149

## Phys Strength ©.03937 0.01259 3.128 0.00408 **

## ---

## Signif. codes: © '***' @9.,001 '**' 9,01 '*' ©0.05 '.' 0.1 ' ' 1
#it

## Residual standard error: 0.1051 on 28 degrees of freedom

## Multiple R-squared: ©0.3535, Adjusted R-squared: ©0.3074

## F-statistic: 7.656 on 2 and 28 DF, p-value: 0.002226

# standardized regression weight
Im.beta(fitl Phys) # original model

H## Phys mean Phys var Phys Strength
## 0.1011024 0.1964853 0.5067973

Im.beta(step_Phys var) # final model

#it Phys_var Phys_Strength
#H# 0.2317310 0.4916079

## Closeness

# (1) Forecast correlation:

# Strength centralities * Node impact

Phys _Close <- centrality(fit_Phys_Ising$graph)$Closeness

round(sort(Phys Close, decreasing = TRUE), 4) # closeness from highest to
Lowest

H## Fmd Fms Fmc Els Sce Enk Fmw Elr Efu Scg
Esp

## 0.0106 0.0101 0.0100 0.0100 ©.0098 0.0098 0.0094 0.0093 0.0092 0.0090
0.0090



H## Sct Vpu Vpm Bsb Bsm Btv Iph Bsc Scu Vpa
Bwc

## 0.0084 0.0080 0.0079 0.0077 ©0.0076 0.0076 ©.0075 0.0073 0.0073 0.0073
0.0072

## Scl Vpo Bsr Sci Ksc Vpr Kex Kue Kis

## 0.0072 0.0072 0.0070 0.0070 0.0064 0.0063 0.0059 0.0055 0.0054

cor.test(Phys_Cor, Phys Close)

HH#

## Pearson's product-moment correlation
H#H#

## data: Phys Cor and Phys Close

## t = 2.8071, df = 29, p-value = 0.008844
## alternative hypothesis: true correlation is not equal to ©
## 95 percent confidence interval:

## 0.1290322 0.7016546

## sample estimates:

#it cor

## 0.4622382

# (2) regression: mean and variance as predictors
# dataframe for regression

Phys_confl <- as.data.frame(cbind(Phys_var, Phys_mean, Phys Cor, Phys_Close))

Phys confl

H## Phys_var
## Efu 0.21913366
## Elr 0.24948735
## Esp 0.24170614
## Enk 0.17566186
## Els ©.20275787
## Iph 0.24866666
## Vpr 0.22319819
## Vpa 0.21024146
## Vpm 0.22972484
## Vpu 0.15494303
## Vpo ©.21785849
## Btv 0.19752075
## Bsb 0.24076242
## Bwc ©.23986508
## Bsr 0.19608518
## Bsm ©.24982534
## Bsc 0.03748356
## Sce 0.24755922
## Scg 0.19315597
## Scl 0.23736013
## Sct 0.24941660
## Scu 0.22624372
## Sci 0.22896729
## Fmc 0.24994390

OO OO OODTITOODITOOODOOOOOO®

Phys_mean
.67583732
.52392344
.59138756
.77272727
.71746411
.53732057
.66387560
.69952153
.64258373
.80837321
.67942584
.72918660
.40358852
.60095694
.26770335
.48468900
.03899522
.45000000
.73851675
.61267943
.52535885
.65430622
.64521531
.48923445

OO OO OPDIODDIOOPTDIIFODTITOOFOOTOPOOOOOO®

Phys_Cor

.51041161
.44892501
.53496512
.52193162
.55948787
.72290105
.09644877
.47574203
.49471093
.31681639
.45929118
.30511446
.35905715
.29497110
.22088354
.32232256
.21653304
.54471683
.46152868
.49889867
.50057297
.49960286
.38319548
.55620389

OO OO0

Phys_Close
.009246294
.009303512
.009008962
.009774291
.010005149
.007516057
.006268025
.007286913
.007856788
.007951935
.007183640
.007601735
.007749781
.007218553
.007008878
.007606647
.007345658
.009833777
.009030159
.007208379
.008448757
.007321235
.006993350
.010017866



## Fms 0.24736413 0.44808612 0.53960602 0.010103996
## Fmd 0.16175294 0.20287081 0.52738140 0.010596110
## Fmw ©.19936885 0.27488038 0.49077742 0.009429159
## Ksc 0.25005959 0.49952153 0.48639907 0.006392644
## Kex 0.25005959 0.49952153 0.48639907 0.005911150
## Kis ©.25005959 0.49952153 0.37416554 0.005405991
## Kue 0.25005982 0.50000000 0.44806871 0.005452605

# regressiom:

fit2 Phys <- 1lm(Phys Cor ~ Phys _mean + Phys var
Phys confl)

summary(fit2_Phys)

+ Phys Close, data =

#it

## Call:

## Im(formula =
Phys confl)

Phys Cor ~ Phys mean + Phys var + Phys Close, data =

H#H#

## Residuals:

## Min 1Q Median 3Q Max

## -0.27271 -0.03944 0.01354 0.05162 0.26784

HH#

## Coefficients:

H# Estimate Std. Error t value Pr(>|t])

## (Intercept) -0.20317 0.15674 -1.296 0.20587

## Phys_mean 0.01859 ©9.11383 0.163 0.87150

## Phys var 1.22522 0.46081 2.659 0.01302 *

## Phys Close 45.71233  13.22263 3.457 0.00182 **
## ---

## Signif. codes: @ '***' 9,001 '**' @.01 '*' ©0.05 '.' 0.1 ' ' 1
HH#

## Residual standard error: 0.1035 on 27 degrees of freedom
## Multiple R-squared: ©0.3956, Adjusted R-squared: ©.3284
## F-statistic: 5.891 on 3 and 27 DF, p-value: 0.003142
## (3) Test fit:

step Phys varl <- stepAIC(fit2 Phys, direction = "both")
## Start: AIC=-136.93

## Phys Cor ~ Phys mean + Phys var + Phys Close

##

## Df Sum of Sq RSS AIC

## - Phys mean 1 ©.000285 0.28930 -138.90

## <none> 0.28901 -136.93

## - Phys_var 1 0.075673 0.36469 -131.72

## - Phys Close 1 0.127933 0.41694 -127.57

##

## Step: AIC=-138.9

## Phys Cor ~ Phys var + Phys Close

##

#i# Df Sum of Sq RSS AIC



## <none> 0.28930 -138.90
## + Phys mean 1 ©.000285 0.28901 -136.93
## - Phys_var 1 0.086713 0.37601 -132.78
## - Phys Close 1 0.127863 0.41716 -129.56

step_Phys_varl$anova

## Stepwise Model Path

## Analysis of Deviance Table

HH#

## Initial Model:

## Phys_Cor ~ Phys_mean + Phys_var + Phys_Close
HH#

## Final Model:

## Phys_Cor ~ Phys_var + Phys_Close

#it
#H#
# Step Df Deviance Resid. Df Resid. Dev AIC
## 1 27 0.2890119 -136.9335
## 2 - Phys mean 1 0.0002854266 28 0.2892973 -138.9029

summary(step Phys varl) # final model

H#H#

## Call:

## Ilm(formula = Phys Cor ~ Phys var + Phys Close, data = Phys_confl)
H#H#

## Residuals:

## Min 1Q Median 3Q Max

## -0.27062 -0.03747 0.01231 0.05551 0.26701

#it

## Coefficients:

H# Estimate Std. Error t value Pr(>|t])

## (Intercept) -0.1980 0.1508 -1.313 0.19988
## Phys var 1.2483 0.4309 2.897 0.00724 **

## Phys Close 45.6990 12.9905 3.518 ©0.00150 **

H# ---

## Signif. codes: © "***' @9.001 '**' ©9.01 '*' @.05 '.' 0.1 ' ' 1
H#H#

## Residual standard error: 0.1016 on 28 degrees of freedom

## Multiple R-squared: ©0.395, Adjusted R-squared: ©.3518

## F-statistic: 9.141 on 2 and 28 DF, p-value: 0.0008801

# standardized regression weight
Im.beta(fit2_Phys) # Original model

## Phys_mean Phys var Phys Close
## 0.02570035 0.42208819 0.52235764

Im.beta(step_Phys varl) # final model



##  Phys var Phys Close
## 0.4300408 0.5222053

### Biology

# node correlation with outcome (biology course)

Bio_Cor <- cor_auto(baseline_Bio_C)[1:(length(baseline Bio C)-
1)*1length(baseline Bio C)]

## Strength

# (1) Forecast correlation:

# Strength centralities * Node impact

Bio_Strength <- centrality(fit Bio_Ising$graph)$OutDegree
round(sort(Bio_Strength, decreasing = TRUE), 2) # strength from highest to
Lowest

## Fmd Fmc Fms Els Elr Vpm Sct Enk Bsb Esp Fmw Sce Kex Scl Scu
§;e8.87 8.60 8.45 7.81 7.58 7.46 7.02 6.61 6.52 6.51 6.33 6.25 6.23 6.21 5.84
:#74Efu Vpa Sci Scg Btv Ksc Bsm Vpo Bsr Vpu Kis Bwc Ipb 1Ihb Bsc
er5.46 5.28 5.20 5.15 5.02 4.97 4.94 4.88 4.71 4.64 4.63 4.56 4.01 2.77 2.62
2.35

cor.test(Bio_Cor, Bio_Strength)

HH
##
##
## data:
## t =
##
HH
##
##
HH
##

Pearson's product-moment correlation

Bio Cor and Bio_Strength
2.0898, df = 30, p-value = 0.04522
alternative hypothesis: true correlation is not equal to ©
95 percent confidence interval:
0.008882473 0.627204904
sample estimates:
cor
0.3564724

# (2) regression: mean and variance as predictors

# dataframe for regression

Bio var <- apply(baseline Bio C[c(1:32)],2, var, na.rm =
Bio _mean <- apply(baseline Bio C[c(1:32)],2, mean, na.rm =

TRUE)
TRUE)

Bio_conf <- as.data.frame(cbind(Bio_var, Bio_mean, Bio_Cor, Bio_Strength))
Bio_conf

Hit Bio_var Bio_mean Bio_Cor Bio_Strength

## Efu 0.21913366 0.67583732 0.353653557 5.455639

## Elr 0.24948735 0.52392344 0.274796119 7.579158

## Esp 0.24170614 0.59138756 0.296986092 6.509896

## Enk ©.17566186 0.77272727 ©.352229898 6.610374

## Els 0.20275787 0.71746411 ©0.405962310 7.812091

## Ipb ©.24949875 0.47631579 0.466104748 4.008666



#t
H#
##
#t
H#
##
#t
H#
##
#t
H#
##
#t
H#
##
#t
H#
##
#t
H#
##
#t
H#
##
##t
H#

Ihb
Vpr
Vpa
Vpm
Vpu
Vpo
Btv
Bsb
Bwc
Bsr
Bsm
Bsc
Sce
Scg
Scl
Sct
Scu
Sci
Fmc
Fms
Fmd
Fmw
Ksc
Kex
Kis
Kue

OO0

.19969155
.22319819
.21024146
.22972484
.15494303
.21785849
.19752075
.24076242
.23986508
.19608518
.24982534
.03748356
.24755922
.19315597
.23736013
.24941660
.22624372
.22896729
.24994390
.24736413
.16175294
.19936885
.25005959
.25005959
.25005959
.25005982

# regressiom:

fitl Bio <- 1m(Bio_Cor ~ Bio_mean + Bio_var

summary(fitl Bio)

H#
##
#t
H#
##
#t
H#
##
#t
H#
##
#t
H#
##
#t
H#
##
#t

OO0 OO OODTINOOTODIOODLIOODODOIEOOOOOOGOO®

.72440191
.66387560
.69952153
.64258373
.80837321
.67942584
.72918660
.40358852
.60095694
.26770335
.48468900
.03899522
.45000000
.73851675
.61267943
.52535885
.65430622
.64521531
.48923445
.44808612
.20287081
.27488038
.49952153
.49952153
.49952153
.50000000

OO0 OPDDIDIOOPNDITOOPEDTITOOTITOPTOOTIEOOTOO®OPOOOOO®

.525802043
.141823083
.346585445
.373210903
.290263680
.391896289
.222109961
.194448448
.200562118
.097421268
.186564174
.002710253
.207964898
.239900865
.212205747
.207801792
.189524032
.163160699
.463290057
.466367106
.332853255
.253359097
.205143059
.166435612
.170312218
.173290310

.768708
.350485
.280376
.461938
.643857
.879485
.024553
.523293
.562583
.713603
.936371
.615212
.249523
.145453
.210472
.018192
.841925
.200938
.602773
.446717
.865974
.329249
.969489
.226306
.627618
.738532

VT RARODOOWOKLWOKLOUIUINOUION APRAPMNOCUDADNUNNDN

+ Bio_Strength, data

Bio Cor ~ Bio mean + Bio var + Bio_Strength, data

Max

Error t value Pr(>|t])

0.6771
0.0165 *
0.8710
0.0240 *

Call:
Im(formula =
Residuals:

Min 1Q Median 3Q
-0.11668 -0.06142 -0.03758 0.04668 0.29317
Coefficients:

Estimate Std.
(Intercept) -0.04815 0.11441 -0.421
Bio _mean 0.29528 0.11575 2.551
Bio_var -0.08097 0.49400 -0.164
Bio_Strength ©.03000 0.01257 2.387
Signif. codes: '*kxx' 9,001 '**' 0.01

Residual standard error: 0.1063 on 28 degrees of freedom

Tkt

0.05 '.

Bio conf)

Bio conf)



##
H#H#

#i#

Multiple R-squared: ©.3017, Adjusted R-squared: ©.2269

F-statistic: 4.033 on 3 and 28 DF, p-value: 0.01673

(3) Test fit:

step Bio var <- stepAIC(fitl Bio, direction = "both")

#it
H#H#
##
#it
H#H#
##
#it
H#H#
##
#it
H#H#
##
#it
H#H#
##
#it
H#H#

Start: AIC=-139.73
Bio Cor ~ Bio _mean + Bio_var + Bio_Strength
Df Sum of Sq RSS AIC
- Bio_var 1 0.000304 0.31670 -141.70
<none> 0.31640 -139.73
- Bio Strength 1 ©0.064369 0.38077 -135.80
- Bio_mean 1 0.073541 0.38994 -135.04
Step: AIC=-141.7
Bio Cor ~ Bio_mean + Bio_Strength
Df Sum of Sq RSS AIC
<none> 0.31670 -141.70
+ Bio_var 1 0.000304 0.31640 -139.73
- Bio_Strength 1 0.069733 0.38644 -137.33
- Bio_mean 1 0.078830 0.39553 -136.58

step Bio var$anova

##
#it
H#H#
##
#it
H#H#
##
#it
H#H#
##
#it
H#H#
##

Stepwise Model Path
Analysis of Deviance Table

Initial Model:
Bio Cor ~ Bio mean + Bio var + Bio_Strength

Final Model:
Bio Cor ~ Bio mean + Bio_ Strength

Step Df Deviance Resid. Df Resid. Dev

AIC

1 28 0.3164009 -139.7274

2 - Bio_var 1 0.0003035978

summary(step Bio var) # final model

#it
H#H#
##
#it
H#H#
##
#it
H#H#
##

Call:
Im(formula = Bio_Cor ~ Bio_mean + Bio_Strength, data
Residuals:

Min 1Q Median 3Q Max
-0.11734 -0.06194 -0.03601 ©0.04718 0.29363
Coefficients:

29 0.3167045 -141.6967

Bio_conf)



#H# Estimate Std. Error t value Pr(>|t]|)
## (Intercept) -0.05833 0.09445 -0.618

## Bio_mean

## Bio_Strength
## ---

## Signif. codes:
HH#

0.5417
0.28911 0.10761 2.687 0.0118 *
0.02928 0.01159 2.527 0.0172 *
@ '"¥**' 9,001 '**' 9.01 '*' @.05 '.' 0.1 ' ' 1

## Residual standard error: 0.1045 on 29 degrees of freedom
## Multiple R-squared: ©0.301, Adjusted R-squared: 0.2528

## F-statistic: 6.245 on 2 and 29 DF,

# standardized regression weight
Im.beta(fitl Bio) # original model

#H# Bio mean
#it 0.42770841

Im.beta(step Bio

Bio_var Bio_Strength
-0.02875634  0.40348785

var) # final model

## Bio _mean Bio_Strength

## 0.4187759

## Closeness

0.3938726

# (1) Forecast correlation:

# Strength centralities * Node impact
Bio Close <- centrality(fit Bio Ising$graph)$Closeness
round(sort(Bio_Close, decreasing = TRUE), 4) # closeness from highest to

Lowest

#H# Fmd Fms
Scg

## 0.0102 0.0096
0.0083

#it Sct Vpu
Vpo

## 0.0081 0.0077
0.0070

## Scl Bwc
## 0.0068 0.0068

cor.test(Bio_Cor,

#it

Fmc Sce Enk Els
0.0095 0.0094 0.0093 0.0093
Bsb Vpm Btv Vpa
0.0076 0.0076 0.0076 0.0073

Bsr Ipb Vpr Ksc
0.0067 0.0063 0.0060 0.0060

Bio Close)

## Pearson's product-moment correlation

##

## data: Bio_Cor and Bio Close

## t = 2.2434, df = 30, p-value = 0.03241
## alternative hypothesis: true correlation is not equal to ©
## 95 percent confidence interval:

## 0.03494775 0.

64276689

## sample estimates:

p-value: 0.005553

Elr Fmw Efu Esp
0.0091 0.0090 0.0087 0.0084
Bsm Sci Scu Bsc
0.0071 0.0071 0.0071 0.0070

Ihb Kex Kue Kis
0.0058 0.0055 0.0052 0.0051



## cor
## 0.3790229

# (2) regression: mean and variance as predictors

# dataframe for regression

Bio conf2 <- as.data.frame(cbind(Bio_var, Bio mean, Bio_Cor, Bio Close))

# regressiom:

fit2 Bio <- 1m(Bio Cor ~ Bio_mean + Bio var + Bio_Close , data = Bio_conf2)
summary(fit2_Bio)

##

## Call:

## Im(formula = Bio Cor ~ Bio mean + Bio _var + Bio Close, data = Bio_conf2)
##

## Residuals:

## Min 1Q Median 3Q Max

## -0.11776 -0.06219 -0.02124 0.04248 0.28825

##

## Coefficients:

i Estimate Std. Error t value Pr(>|t]|)

## (Intercept) -0.2570 0.1540 -1.669 0.10632

## Bio_mean 0.2525 0.1105 2.285 0.03008 *
## Bio_var 0.4856 0.4540 1.070 0.29394
## Bio Close 37.1051 13.4121 2.767 0.00992 **
## ---

## Signif. codes: © '***' @9.,001 '**' 9,01 '*' ©0.05 '.' 0.1 ' ' 1
##

## Residual standard error: 0.1033 on 28 degrees of freedom
## Multiple R-squared: ©0.3401, Adjusted R-squared: ©0.2693
## F-statistic: 4.809 on 3 and 28 DF, p-value: 0.007973

## Test fit:
step2_Bio_var <- stepAIC(fit2_Bio, direction = "both")

## Start: AIC=-141.53
## Bio_Cor ~ Bio_mean + Bio_var + Bio_Close

##

## Df Sum of Sq RSS AIC
## - Bio var 1 ©0.012217 0.31125 -142.25
## <none> 0.29903 -141.53

## - Bio_mean 1 0.055768 0.35480 -138.06
## - Bio Close 1 ©0.081740 0.38077 -135.80
HH#

## Step: AIC=-142.25

## Bio_Cor ~ Bio_mean + Bio_Close

##
i Df Sum of Sq RSS AIC
## <none> 0.31125 -142.25

## + Bio_var 1 0.012217 0.29903 -141.53
## - Bio_Close 1 0.075191 0.38644 -137.33
## - Bio_mean 1 0.076772 ©.38802 -137.20



step2 Bio var$anova

##
#it
H#H#
##
#it
H#H#
##
#it
H#H#
##
#it
H#H#
##

Stepwise Model Path
Analysis of Deviance Table

Initial Model:
Bio Cor ~ Bio mean + Bio var + Bio_Close

Final Model:
Bio Cor ~ Bio mean + Bio Close

Step Df Deviance Resid. Df Resid. Dev AIC
1 28 0.2990298 -141.5343
2 - Bio var 1 0.01221746 29 0.3112473 -142.2529

summary(step2 Bio var) # final model

#it
H#H#
##
#it
H#H#
##
#it
H#H#
##
#it
H#H#
##
#it
H#H#
##
#it
H#H#
##
#it

Call:
Im(formula = Bio_Cor ~ Bio_mean + Bio_Close, data = Bio_conf2)

Residuals:
Min 1Q Median 3Q Max
-0.11521 -0.06419 -0.02405 ©0.03285 0.27044

Coefficients:

Estimate Std. Error t value Pr(>|t]|)
(Intercept) -0.1553 0.1215 -1.279 0.2111
Bio_mean 0.2849 0.1065 2.675 0.0122 *
Bio Close 35.3069 13.3393 2.647 0.0130 *

Signif. codes: © '***' 9,001 '**' 9.01 '*' ©.05 '.' 0.1 ' ' 1

Residual standard error: 0.1036 on 29 degrees of freedom
Multiple R-squared: ©0.3131, Adjusted R-squared: 0.2657
F-statistic: 6.609 on 2 and 29 DF, p-value: 0.004316

# standardized regression weight

Im

##
#it

Im

H#H#
#H#

.beta(fit2 Bio) # original model

Bio mean Bio var Bio Close
0.3657321 0.1724472 0.4291957

.beta(step2 Bio var) # final model

Bio_mean Bio_Close
0.4126685 0.4083958

Figure 3: Forecast analysis correlation plots



# Chemistry: Correlation * Strength -> Fig 3a
#### Make data frame per course, including component and colour
df_Chem <- data.frame(Cor = Chem_Cor, Close = scale(Chem_Close), Str =
scale(Chem_Strength), group = numeric(length(Chem_Cor)))
names_type Chem <- names(groups_type Chem)
for (i in seq_along(groups_type_Chem)) {

for (j in groups_type_Chem[[i]]) {

df _Chem$group[j] <- names_type Chem[i]

}

¥

df Chem$Col.Codes <- NA
df_Chem[df_Chem$group=="Enjoyment", ]$Col.Codes <- "#53BOCF"
df_Chem[df_Chem$group=="Interest"”,]$Col.Codes <- "#FFBO26"

df _Chem[df_Chem$group=="Value", ]$Col.Codes <- "#ED3939"
df_Chem[df_Chem$group=="Self-Concept",]$Col.Codes <- "#cf5372"
df_Chem[df_Chem$group=="Behavior", ]$Col.Codes <- "#b@53cf"

df _Chem[df_Chem$group=="Future Mot", ]$Col.Codes <- "springgreen4"
df_Chem[df_Chem$group=="Knowledge", ]$Col.Codes <- "#5372cf"

Fig3a <-ggplot(data=df_Chem, aes(x=Str, y=Cor, colour = group)) +
geom_smooth(aes(group = 123),method ="1m", size = 0.6,
show.legend = FALSE) +
geom_point(show.legend = FALSE, size = 3) +
scale_colour_manual(values=setNames(df_Chem$Col.Codes,
df_Chem$group)) +
theme_classic() +
labs(x = "Strength Centrality",
y = "Node Association With Chemistry Course
Uptake",tag = "A") +
theme(axis.text = element_text(size = 12),
axis.title=element_text(size=14)) +
theme(plot.tag = element_text(size = 20, face =
"bold")) +
labs(title = "Central Nodes Predict Chemistry Course
Uptake"~italic("(r")~"= .74)") +
theme(plot.title = element_text(hjust = 0.5, size =
17, face = "bold"))
#ggsave(filename = "Fig3a.jpeg")
Fig3a
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Fig3b <-ggplot(data=df_Chem, aes(x=Close, y=Cor, colour = group)) +
geom_smooth(aes(group = 123),method ="1m", size = 0.6,
show.legend = FALSE) +
geom_point( show.legend = FALSE, size = 3) +
scale_colour_manual(values=setNames(df_Chem$Col.Codes,
df_Chem$group)) +
theme_classic() +
labs(x = "Closeness Centrality",
y = "Node Association With Chemistry Course
Uptake",tag = "B") +
theme(axis.text = element_text(size = 12),
axis.title=element_text(size=14)) +
theme(plot.tag = element_text(size = 20, face =
"bold")) +
labs(title = "Central Nodes Predict Chemistry Course
Uptake"~italic("(r")~"= .62)") +
theme(plot.title = element_text(hjust = 0.5, size =
17, face = "bold"))
#ggsave(filename = "Fig3b.jpeg")
Fig3b
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# Physics: Correlation * Strength -> Fig 3b
#### Make data frame per course, including component and colour
df_Phys <- data.frame(Cor = Phys_Cor, Close = scale(Phys_Close), Str =
scale(Phys_Strength), group = numeric(length(Phys Cor)))
names_type Phys <- names(groups_type Phys)
for (i in seq_along(groups_type_Phys)) {

for (j in groups_type Phys[[i]]) {

df_Phys$group[j] <- names_type Phys[i]

}

}

df_Phys$Col.Codes <- NA
df_Phys[df_Phys$group=="Enjoyment", ]J$Col.Codes <- "#53BOCF"
df_Phys[df Phys$group=="Interest",]$Col.Codes <- "#FFBO26"
df_Phys[df_Phys$group=="Value", ]$Col.Codes <- "#ED3939"
df_Phys[df_Phys$group=="Self-Concept"”,]$Col.Codes <- "#cf5372"
df_Phys[df Phys$group=="Behavior",]$Col.Codes <- "#bo53cf"
df_Phys[df_Phys$group=="Future Mot",]$Col.Codes <- "springgreen4"
df_Phys[df_Phys$group=="Knowledge", ]$Col.Codes <- "#5372cf"

Fig3c <-ggplot(data=df_Phys, aes(x=Str, y=Cor, colour = group)) +
geom_smooth(aes(group = 123),method ="1m", size = 0.6,
show.legend = FALSE) +
geom_point( show.legend = FALSE, size = 3) +



scale_colour_manual(values=setNames(df_Phys$Col.Codes,
df_Phys$group)) +
theme_classic() +
labs(x = "Strength Centrality",
y = "Node Association With Physics Course Uptake",tag

="C") +
theme(axis.text = element_text(size = 12),
axis.title=element_text(size=14)) +
theme(plot.tag = element_text(size = 20, face =
"bold")) +

labs(title = "Central Nodes Predict Physics Course
Uptake"~italic("(r")~"= .55)") +
theme(plot.title = element_text(hjust = 0.5, size =
17, face = "bold"))
#ggsave(filename = "Fig3c.jpeg")
Fig3c
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Fig3d <-ggplot(data=df_Phys, aes(x=Close, y=Cor, colour = group)) +
geom_smooth(aes(group = 123),method ="1m", size = 0.6,
show.legend = FALSE) +
geom_point(show.legend = FALSE, size = 3) +
scale_colour_manual(values=setNames(df Phys$Col.Codes,
df_Phys$group)) +



theme_classic() +
labs(x = "Closeness Centrality",
y = "Node Association With Physics Course Uptake",tag

= "D") +
theme(axis.text = element_text(size = 12),
axis.title=element_text(size=14)) +
theme(plot.tag = element_text(size = 20, face =
"bold")) +

labs(title = "Central Nodes Predict Physics Course
Uptake"~italic("(r")~"= .46)") +
theme(plot.title = element_text(hjust = 0.5, size =
17, face = "bold"))
#ggsave(filename = "Fig3d.jpeg")
Fig3d
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# Biology: Correlation * Strength -> Fig 3c
#### Make data frame per course, including component and colour
df_Bio <- data.frame(Cor = Bio_Cor,Close = scale(Bio_Close), Str =
scale(Bio_Strength), group = numeric(length(Bio Cor)))
names_type Bio <- names(groups_type Bio)
for (i in seq_along(groups_type Bio)) {

for (j in groups_type Bio[[i]]) {

df_Bio$group[j] <- names_type Bio[i]



}
¥
df_Bio$Col.Codes <- NA
df_Bio[df_Bio$group=="Enjoyment",]$Col.Codes <- "#53BOCF"
df Bio[df_Bio$group=="Interest",]$Col.Codes <- "#FFB026"
df_Bio[df_Bio$group=="Value", ]$Col.Codes <- "#ED3939"
df_Bio[df_Bio$group=="Self-Concept",]$Col.Codes <- "#cf5372"
df Bio[df_Bio$group=="Behavior",]$Col.Codes <- "#b@53cf"
df_Bio[df_Bio$group=="Future Mot",]$Col.Codes <- "springgreen4"
df_Bio[df_Bio$group=="Knowledge",]$Col.Codes <- "#5372cf"

Fig3e <-ggplot(data=df_Bio, aes(x=Str, y=Cor, colour = group)) +

geom_smooth(aes(group = 123),method ="1m", size = 0.6,
show.legend = FALSE) +

geom_point( show.legend = FALSE, size = 3) +

scale_colour_manual(values=setNames (df_Bio$Col.Codes,
df_Bio$group)) +

theme_classic() +

labs(x = "Strength Centrality",
y = "Node Association With Biology Course Uptake",tag

= "E") +
theme(axis.text = element_text(size = 12),
axis.title=element_text(size=14)) +
theme(plot.tag = element_text(size = 20, face =
"pbold")) +

labs(title = "Central Nodes Predict Biology Course
Uptake"~italic("(r")~"= .36)") +
theme(plot.title = element_text(hjust = 0.5, size =
17, face = "bold"))
#ggsave(filename = "Fig3e.jpeg")
Fig3e
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# Biology: Correlation * Closeness -> Fig 3d
#### Make data frame per course, including component and colour
Fig3f <-ggplot(data=df_Bio, aes(x=Close, y=Cor, colour = group)) +

geom_smooth(aes(group = 123),method ="1m", size = 0.6,
show.legend = FALSE) +

geom_point( show.legend = FALSE, size = 3) +

scale_colour_manual(values=setNames(df Bio$Col.Codes,
df_Bio$group)) +

theme_classic() +

labs(x = "Closeness Centrality",
y = "Node Association With Biology Course Uptake",tag

= "F") +
theme(axis.text = element_text(size = 12),
axis.title=element_text(size=14)) +
theme(plot.tag = element_text(size = 20, face =
"bold")) +

labs(title = "Central Nodes Predict Biology Course
Uptake"~italic("(r")~"= .38)") +
theme(plot.title = element_text(hjust = 0.5, size =
17, face = "bold"))
#ggsave(filename = "Fig3f.jpeg")
Fig3f
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Figure
1: Example network based on subset of indicators
Example <- Chem_binary[c(1,6,7,17,22,26,30)]
fit Example <- estimateNetwork(data = Example,
default = "IsingFit")
# |
I | o%
I
I
I
I
I
I
|=====================================================:======= | 86%



groups_type <- list("Enjoyment"=c(1),
"Interest" = c(2),
"Value"=c(3),
"Behavior"=c(4),
"Self-Concept" = c(5),
"Future Mot" = c(6),
"Knowledge"=c(7))

# pick some nice colors
group_col <- c("#53BOCF", "#FFB026" ,"#ED3939", "#b@53cf","#cf5372",
"springgreen4", "#5372cf")

#jpeg(filename = "Figure 1_Example.jpeg",

# width = 3200, height = 3200, units = "px", res = 800,
# bg = "white",

# type = c("quartz"))

plot(fit Example, layout = "spring", maximum = .3,

color = group_col,groups = groups_type,legend = FALSE)

#dev.off()

Descriptive statistics of the interest components



load("data_complete.Rda")

descriptives <- na.omit(data_complete[c(11:44)])
boys <- na.omit(data complete[data_complete$Gen=="0",c(11:44)])
girls <- na.omit(data_complete[data_complete$Gen=="1",c(11:44)])

# Enjoyment
meanEnj <- apply(descriptives[c(1:5)], 2, mean)
mean(meanEnj)

## [1] 2.750383

sdEnj <- apply(descriptives[c(1:5)], 2, sd)
mean(sdEnj)

## [1] ©.7933554

boysénj_m <- apply(boys[c(1:5)],2, mean)
mean(boysEnj m)

## [1] 2.831379

boystnj_s <- apply(boys[c(1:5)],2, sd)
mean(boysEnj_s)

## [1] 0.7894194

girlsénj m <- apply(girls[c(1:5)],2, mean)
mean(girlsEnj_m)

## [1] 2.683341

girlsenj_s <- apply(girls[c(1:5)],2, sd)
mean(girlsEnj_s)

## [1] 0.7902934

# Interest
meanInt <- apply(descriptives[c(6:9)], 2, mean)
mean(meanInt)

## [1] 2.704366

sdInt <- apply(descriptives[c(6:9)], 2, sd)
mean(sdInt)

## [1] 0.9400492

boysInt m <- apply(boys[c(6:9)],2, mean)
mean(boysInt_m)

## [1] 2.714871



boysInt s <- apply(boys[c(6:9)],2, sd)
mean(boysInt_s)

## [1] 0.9360677

girlsInt_m <- apply(girls[c(6:9)],2, mean)
mean(girlsInt m)

## [1] 2.695671

girlsInt_s <- apply(girls[c(6:9)],2, sd)
mean(girlsInt_s)

## [1] 0.919349

# Value
meanVal <- apply(descriptives[c(10:14)], 2, mean)
mean(meanVal)

## [1] 2.873828

sdval <- apply(descriptives[c(10:14)], 2, sd)
mean(sdVal)

## [1] 0.7988471

boysvVal_m <- apply(boys[c(10:14)],2, mean)
mean(boysVal m)

## [1] 2.937771

boysVal s <- apply(boys[c(10:14)],2, sd)
mean(boysVal_s)

## [1] 0.7915344

girlsval m <- apply(girls[c(10:14)],2, mean)
mean(girlsVal m)

## [1] 2.820901

girlsVal s <- apply(girls[c(10:14)],2, sd)
mean(girlsVal s)

## [1] ©.8009806

# Behavior
meanBeh <- apply(descriptives[c(15:20)], 2, mean)
mean(meanBeh)

## [1] 1.534928

sdBeh <- apply(descriptives[c(15:20)], 2, sd)
mean(sdBeh)



## [1] 0.6322236

boysBeh_m <- apply(boys[c(15:20)],2, mean)
mean(boysBeh_m)

## [1] 1.602835

boysBeh s <- apply(boys[c(15:20)],2, sd)
mean(boysBeh_s)

## [1] 0.6678921

girlsBeh_m <- apply(girls[c(15:20)],2, mean)
mean(girlsBeh_m)

## [1] 1.47872

girlsBeh_s <- apply(girls[c(15:20)],2, sd)
mean(girlsBeh_s)

## [1] ©.593813

# Self-concept
meanSel <- apply(descriptives[c(21:26)], 2, mean)
mean(meanSel)

## [1] 2.651834

sdSel <- apply(descriptives[c(21:26)], 2, sd)
mean(sdSel)

## [1] 0.746674

boysSel m <- apply(boys[c(21:26)],2, mean)
mean(boysSel m)

## [1] 2.77408

boysSel_s <- apply(boys[c(21:26)],2, sd)
mean(boysSel s)

## [1] 0.7406214

girlsSel m <- apply(girls[c(21:26)],2, mean)
mean(girlsSel m)

## [1] 2.550649

girlsSel s <- apply(girls[c(21:26)],2, sd)
mean(girlsSel s)

## [1] 0.7365039



# Future intention
meanFut <- apply(descriptives[c(27:30)], 2, mean)
mean(meanFut)

## [1] 2.207656

sdFut <- apply(descriptives[c(27:30)], 2, sd)
mean(sdFut)

## [1] 0.9416822

boysFut_m <- apply(boys[c(27:30)],2, mean)
mean(boysFut_m)

## [1] 2.288695

boysFut_s <- apply(boys[c(27:30)],2, sd)
mean(boysFut_s)

## [1] 0.9365423

girlsFut m <- apply(girls[c(27:30)],2, mean)
mean(girlsFut_m)

## [1] 2.140577

girlsFut_s <- apply(girls[c(27:30)],2, sd)
mean(girlsFut_s)

## [1] ©.9398061

# Knowledge
meankno <- apply(descriptives[c(31:34)], 2, mean)
mean(meankno)

## [1] 563.5297

sdkno <- apply(descriptives[c(31:34)], 2, sd)
mean (sdKno)

## [1] 90.28641

boyskKno m <- apply(boys[c(31:34)],2, mean)
mean(boyskno_m)

## [1] 570.2027

boyskno_s <- apply(boys[c(31:34)],2, sd)
mean(boyskno_s)

## [1] 89.96313

girlskno_m <- apply(girls[c(31:34)],2, mean)
mean(girlsKno_m)



## [1] 558.0064

girlskno_s <- apply(girls[c(31:34)],2, sd)
mean(girlsKno_s)

## [1] 89.82312

Additional analyses: 1. Stability and accuracy of the edges and the centrality indices Figure
S1: Edge weight stability Figure S2: Subsetting bootstrap results for centrality indices

# BOOTSTRAPPING - for edge stability & centrality difference test
#tboot Chem Ising <- bootnet(Chem binary, nBoots = 2000, default = "IsingFit",

# nCores = 8, statistics = c("edge",
"strength"”,

# "closeness"),

# computeCentrality = TRUE)

#boot Phys Ising <- bootnet(Phys binary, nBoots = 2000, default = "IsingFit",
# nCores = 8, statistics = c("edge",
"strength”,

# "closeness"),
# computeCentrality = TRUE)
#boot Bio Ising <- bootnet(Bio binary, nBoots = 2000, default = "IsingFit",
# nCores = 8, statistics = c("edge",
"strength"”,

#

"closeness"”),

# computeCentrality = TRUE)

#ave(boot_Chem_Ising, boot Phys Ising, boot Bio_Ising, file =

"boot results Ising.RData")

load("boot_results Ising.RData")

# SUBSETTING Bootstrap - for centrality stability

#boot Chem cen_Ising <- bootnet(Chem binary, nBoots = 1000, default =
"IsingFit",

# nCores = 8, type = "person",

# statistics = c("strength"”, "closeness",
"betweenness"))

#boot_Phys cen_Ising <- bootnet(Phys _binary, nBoots = 1000, default =
"IsingFit",

# nCores = 8, type = "person",

# statistics = c("strength", "closeness",
"betweenness"))

#boot Bio cen Ising <- bootnet(Bio_binary, nBoots = 1000, default =
"IsingFit",

# nCores = 8, type = "person",

# statistics = c("strength”, "closeness",
"betweenness"))

#save(boot_Chem_cen_Ising, boot Phys cen Ising, boot Bio_cen Ising, file =
"boot_cen_Ising results.RData")



load("boot cen Ising results.RData")

# CS scores:
corStability(boot Chem cen_Ising)

0.7 in

9.128,

9.594,

.75 (CS-coefficient is highest level tested)

9.672,

9.672,

## === Correlation Stability Analysis ===

HH#

## Sampling levels tested:

# nPerson Drop% n

## 1 1045 75.0 106

## 2 1370 67.2 107

## 3 1695 59.4 90

## 4 2020 51.7 94

## 5 2345 43.9 113

## 6 2671 36.1 108

## 7 2996 28.3 88

## 8 3321 20.6 94

## 9 3646 12.8 106

##t 10 3971 5.0 94

##

## Maximum drop proportions to retain correlation of
the samples:

##

## betweenness: 0.206

## - For more accuracy, run bootnet(..., caseMin
##

## closeness: 0.672

## - For more accuracy, run bootnet(..., caseMin
##

## intercept: ©

## - For more accuracy, run bootnet(..., caseMin
##

## strength: 0.75 (CS-coefficient is highest level tested)
## - For more accuracy, run bootnet(..., caseMin
##

H#H#

at least 95% of

caseMax

caseMax

caseMax

caseMax

0.283)

0.75)

1)

1)

Accuracy can also be increased by increasing both 'nBoots' and 'caseN'.

corStability(boot_Phys cen_Ising)

#it
#H#
##
#it
H#H#
##
#it
H#H#
##
#it
#H#

=== Correlation Stability Analysis ===

Sampling levels tested:
nPerson Drop%

1045
1370
1695
2020
2345
2671
2996

NoOouphwNER

75.
67.
59.
51.
43,
36.
28.

(%}
2
4
7
9
1
3

n
100
109
105

92
91
99
122



## 8 3321 20.6 86

## 9 3646 12.8 103
## 10 3971 5.0 93
#

## Maximum drop proportions to retain correlation of
the samples:

0.7 in

0.128,

0.594,

9.672,

9.672,

#it

## betweenness: 0.206

## - For more accuracy, run bootnet(..., caseMin =

#it

## closeness: 0.672

## - For more accuracy, run bootnet(..., caseMin =

#it

## intercept: 0.75 (CS-coefficient is highest level tested)
## - For more accuracy, run bootnet(..., caseMin =

#it

## strength: 0.75 (CS-coefficient is highest level tested)
## - For more accuracy, run bootnet(..., caseMin =

#it

at least 95% of

caseMax = 0.283)
caseMax = 0.75)
caseMax = 1)
caseMax = 1)

## Accuracy can also be increased by increasing both 'nBoots' and 'caseN'.

corStability(boot Bio cen Ising)

## === Correlation Stability Analysis ===
H#H

## Sampling levels tested:
#it nPerson Drop% n
## 1 1045 75.0 109
#it 2 1370 67.2 114
## 3 1695 59.4 97
## 4 2020 51.7 106
##t 5 2345 43.9 81
## 6 2671 36.1 97
#t 7 2996 28.3 87
#t 8 3321 20.6 111
## 9 3646 12.8 100
##t 10 3971 5.0 098
#t

## Maximum drop proportions to retain correlation of
the samples:

it

## betweenness: 0.283

H#it - For more accuracy, run bootnet(..., caseMin =
it

## closeness: 0.672

H#it - For more accuracy, run bootnet(..., caseMin =
it

0.7 in

9.206,

9.594,

## intercept: 0.75 (CS-coefficient is highest level tested)

H#it - For more accuracy, run bootnet(..., caseMin =
it

9.672,

at least 95% of

caseMax = 0.361)
caseMax = 0.75)
caseMax = 1)



## strength: 0.75 (CS-coefficient is highest level tested)

#it - For more accuracy, run bootnet(..., caseMin = 0.672, caseMax = 1)
#it

## Accuracy can also be increased by increasing both 'nBoots' and 'caseN'.

H#it##### Edge Stability plots -> Figure S1

# Plot - edge stability

#ijpeg(filename = "FigSla.jpeg")

plot(boot_Chem_Ising, order = "sample", labels =FALSE)

® Bootstrap mean ® Sample

edge
‘ |r'I""'IllF-PIIII'Fﬂrui-i-nluqu-lhl
0 1 2 3
#dev.off()
#ijpeg(filename = "FigS1b.jpeg")

plot(boot Phys Ising, order = "sample", labels =FALSE)



® Bootstrap mean ® Sample

edge

#dev.off()
#jpeg(filename = "FigSlic.jpeg")
plot(boot Bio Ising, order = "sample", labels =FALSE)




® Bootstrap mean ® Sample

edge

#dev.off()

###### Centrality Stability Plots -> Figure S2

#jpeg(filename = "FigS2a.jpeg")

plot(boot_Chem_cen_Ising, statistics = c("strength", "closeness"
"betweenness"))
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#dev.off()
#jpeg(filename = "FigS2b.jpeg")

plot(boot_Phys cen_Ising, statistics
"betweenness"))

c("strength",

type
=8~ hetweenness
=8= C|osEness

=#= strength

"closeness"”,



=
(%3]
i

=2
(=

Average correlation with original sample
&
tn

-1.0
Ed% Ed% ?d% Ed% ﬁd% 46% Sd% Ed% 15%
Sampled people
#dev.off()
#jpeg(filename = "FigS2c.jpeg")

plot(boot_Bio_cen_Ising, statistics = c("strength",

"betweenness"))
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#dev.off()

2. Figure S3: Difference test plots of the centrality indices

#HHH# Difference test plot -> Figure S3

#jpeg(filename = "FigS3a.jpeg")

plot(boot_Chem_Ising, statistics = c("strength"), plot = "difference")
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#dev.off()
#jpeg(filename = "FigS3b.jpeg")
plot(boot Chem Ising, statistics = c("closeness"), plot = "difference")
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#dev.off()
#jpeg(filename = "FigS3c.jpeg")
plot(boot Phys Ising, statistics = c("strength"), plot = "difference")



stremgth

#dev.off()
#jpeg(filename = "FigS3d.jpeg")
plot(boot Phys Ising, statistics = c("closeness"), plot = "difference")
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#dev.off()
#jpeg(filename = "FigS3e.jpeg")
plot(boot Bio Ising, statistics = c("strength"), plot = "difference")



stremgth

#dev.off()
#jpeg(filename = "FigS3f.jpeg")
plot(boot Bio Ising, statistics = c("closeness"), plot = "difference")
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#dev.off()

3. Test whether networks are invariant when using different PVs
load("data_raw_PV.Rda")

#H##### clean data

# 1. Exclude individuals who are not in school in 2008
data_raw_PV[is.na(data_raw_PV$School W3),]$School W3 <- 3 # enable subsetting
LSAY2008 PV <- data_raw PV[data_raw_PV$School W3==1,] # remove those who are
not in school 2008 -> N = 5432

# make subset based on IB -> remove IB'er because they have to follow a
science course

LSAY2008 PV[is.na(LSAY2008 PV$IB W3),]$IB_W3 <- 3

noIB PV <- LSAY2008 PV[!LSAY2008 PV$IB W3==1, ]

nrow(LSAY2008 PV)-nrow(noIB PV) # number of ppn excluded: N = 54

## [1] 54

# Remove people who were not in the right school year per wave

schoolY PV <- noIB_PV[noIB_PV$SY_W1==2&noIB_PV$SY W3==4,] # year 10 in 2006
and year 12 in 2008

nrow(noIB _PV)-nrow(schoolY PV) # number of ppn excluded: N = 611

## [1] 611



# Only include ppn who follow chem or physics or biology or NO COURSE
course_ PV <- schoolY PV
table(course_PV$CourseW3) # N = 2282 (no course_PV) vs. N = 2476 (course_PV)

H#H#
## 0 1
## 2282 2476

# Make variable per science course: yes = 1; no = @
course_PV[is.na(course PV$CourseW3 1), ]$CourseW3 1 <- 99 # for subsetting
course_PV[is.na(course PV$CourseW3 2),]$CourseW3 2 <- 99 # for subsetting
course PV[is.na(course PV$CourseW3 3), ]$CourseW3 3 <- 99 # for subsetting
course_PV[is.na(course PV$CourseW3 4),]$CourseW3 4 <- 99 # for subsetting
course_PV$Chem <- NA

course PV[(course PV$CourseW3 1==1|course_PV$CourseW3 2==1|course_PV$CourseW3
_3==1|course_PV$CourseW3 4==1),]$Chem <- 1
course_PV[is.na(course_PV$Chem), ]$Chem <- ©

table(course_PV$Chem) # N = 3881 (no Chem), N = 877 (Chem)

H#H#
## 0 1
## 3881 877

course_PV$Phys <- NA

course_PV[course PV$CourseW3 1==2|course PV$CourseW3 2==2|course PV$CourseW3
3==2|course_PV$CourseW3 4==2,]$Phys <- 1
course_PV[is.na(course_PV$Phys), J$Phys <- ©

table(course PV$Phys) # N = 4100 (no phys), N = 658 (Physics)

##
## 0 1
## 4100 658

course_PV$Bio <- NA

course_PV[course_PV$CourseW3 1==3|course_PV$CourseW3 2==3|course_ PV$CourseW3
3==3|course_PV$CourseW3 4==3,]$Bio <- 1

course_PV[is.na(course PV$Bio), ]$Bio <- ©

table(course PV$Bio) # N = 3677 (no Bio), N = 10881 (Biology)

#it
H#H# 0 1
## 3677 1081

# Save
data_complete PV <- course PV
table(data_complete PV$CourseW3)

##
## 0 1
##t 2282 2476



save(data_complete PV, file = "data_complete PV.Rda")

#### binarize

# first: binarize data

data_binary PV <- na.omit(data_complete PV[c(11:48,54:56)]) # remove cases
that have missingness -> N = 4186

# Enjoyment

data_binary PV$Efu[data_binary PV$Efu<3] <- ©
data_binary_ PV$Efu[data_binary PV$Efu>2] <- 1
data_binary PV$Elr[data_binary PV$Elr<3] <- @
data_binary PV$Elr[data_binary PV$Elr>2] <- 1
data_binary_ PV$Esp[data_binary PV$Esp<3] <- ©
data_binary PV$Esp[data_binary PV$Esp>2] <- 1
data_binary PV$Enk[data_binary PV$Enk<3] <- ©
data_binary_PV$Enk[data_binary PV$Enk>2] <- 1
data_binary PV$Els[data_binary PV$Els<3] <- @
data_binary PV$Els[data_binary PV$Els>2] <- 1
# Interest

data_binary PV$Iph[data_binary PV$Iph<3] <- @
data_binary_ PV$Iph[data_binary PV$Iph>2] <- 1
data_binary_ PV$Ich[data_binary PV$Ich<3] <- ©
data_binary PV$Ich[data_binary PV$Ich>2] <- 1
data_binary PV$Ipb[data_binary PV$Ipb<3] <- ©
data_binary_PV$Ipb[data_binary PV$Ipb>2] <- 1
data_binary PV$Ihb[data_binary PV$Ihb<3] <- @
data_binary_ PV$Ihb[data_binary PV$Ihb>2] <- 1
# Value

data_binary_ PV$Vpr[data_binary PV$Vpr<3] <- @
data_binary_ PV$Vpr[data_binary PV$Vpr>2] <- 1
data_binary_PV$Vpa[data_binary PV$Vpa<3] <- ©
data_binary PV$Vpa[data_binary PV$Vpa>2] <- 1
data_binary PV$Vpm[data_binary PV$Vpm<3] <- ©
data_binary_PV$Vpm[data_binary PV$Vpm>2] <- 1
data_binary_ PV$Vpu[data_binary PV$Vpu<3] <- @
data_binary_ PV$Vpu[data_binary PV$Vpu>2] <- 1
data_binary_PV$Vpo[data_binary PV$Vpo<3] <- ©

data_binary PV$Vpo[data_ binary PV$Vpo>2] <- 1

# Behavior: NO vs some behavior, because the mean is lLow (between 1-2)
data_binary_ PV$Btv[data_binary PV$Btv<2] <- ©

data_binary PV$Btv[data_binary PV$Btv>1] <-
data_binary PV$Bsb[data_binary PV$Bsb<2] <-
data_binary_ PV$Bsb[data_binary PV$Bsb>1] <-
data_binary PV$Bwc[data_ binary PV$Bwc<2] <-
data_binary PV$Bwc[data_binary PV$Bwc>1] <-
data_binary_ PV$Bsr[data_binary PV$Bsr<2] <-
data_binary PV$Bsr[data_binary PV$Bsr>1] <-
data_binary PV$Bsm[data_binary PV$Bsm<2] <-
data_binary_ PV$Bsm[data_binary PV$Bsm>1] <-
data_binary PV$Bsc[data_binary PV$Bsc<2] <-
data_binary PV$Bsc[data_binary PV$Bsc>1] <-

RPOROROROROR



# Self-concept

data_binary PV$Sce[data_binary PV$Sce<3]
data_binary_PV$Sce[data_binary PV$Sce>2]
data_binary PV$Scg[data_binary PV$Scg<3]
data_binary PV$Scg[data_binary PV$Scg>2]
data_binary_PV$Scl[data_binary PV$Scl<3]
data_binary PV$Scl[data_binary PV$Scl>2]
data_binary PV$Sct[data_binary PV$Sct<3]
data_binary_PV$Sct[data_binary PV$Sct>2]
data_binary PV$Scu[data_binary PV$Scu<3]
data_binary PV$Scu[data_binary PV$Scu>2]
data_binary_PV$Sci[data_binary PV$Sci<3]
data_binary PV$Sci[data_binary PV$Sci>2]
# Future Motivation
data_binary_PV$Fmc[data_binary PV$Fmc<3]
data_binary PV$Fmc[data_binary PV$Fmc>2]
data_binary PV$Fms[data_binary PV$Fms<3]
data_binary_PV$Fms[data_binary PV$Fms>2]
data_binary PV$Fmd[data_binary PV$Fmd<3]
data_binary PV$Fmd[data_binary PV$Fmd>2]
data_binary_ PV$Fmw[data_binary PV$Fmw<3]
data_binary PV$Fmw[data_binary PV$Fmw>2]
# Knowledge -> using the median

<- 0
<- 1
<- 0
<- 1
<- 0
<- 1
<- 0
<- 1
<- 0
<- 1
<- 0
<- 1
<- 0
<- 1
<- 0
<- 1
<- 0
<- 1
<- 0
<- 1

data_binary_PV$Ksc[data_binary PV$Ksc <= median(data_binary PV$Ksc)] <- ©

data_binary PV$Ksc[data_binary PV$Ksc >

median(data_binary PV$Ksc)] <- 1

data_binary PV$Kex[data_binary PV$Kex <= median(data_binary PV$Kex)] <- ©

data_binary_PV$Kex[data_binary_ PV$Kex >

median(data_binary PV$Kex)] <- 1

data_binary PV$Kis[data_ binary PV$Kis <= median(data_binary PV$Kis)] <- ©

data_binary PV$Kis[data_binary PV$Kis >

median(data_binary PV$Kis)] <- 1

data_binary_PV$Kue[data_binary PV$Kue <= median(data_binary PV$Kue)] <- ©

data_binary PV$Kue[data_binary_ PV$Kue >
# Knowledge PV2 -> using the median

data_binary_ PV$Ksc2[data_binary PV$Ksc2
data_binary PV$Ksc2[data_binary PV$Ksc2
data_binary PV$Kex2[data_binary PV$Kex2
data_binary_PV$Kex2[data_binary_ PV$Kex2
data_binary PV$Kis2[data_binary PV$Kis2
data_binary PV$Kis2[data_binary PV$Kis2
data_binary_PV$Kue2[data_binary_ PV$Kue2
data_binary PV$Kue2[data_binary_ PV$Kue2

median(data_binary PV$Kue)] <- 1

<= median(data_binary_ PV$Ksc2)] <- ©
> median(data_binary PV$Ksc2)] <- 1
<= median(data_binary PV$Kex2)] <- ©
> median(data_binary PV$Kex2)] <- 1
<= median(data_binary PV$Kis2)] <- ©
> median(data_binary PV$Kis2)] <- 1
<= median(data_binary_ PV$Kue2)] <- ©
> median(data_binary PV$Kue2)] <- 1

save(data_binary PV, file = "data binary PV.Rda")

##t#### network estimation per course
Chem_binary PV1 <- data_binary PV[c(1:5,
Phys_binary PV1 <- data_binary PV[c(1:6,
Bio binary PV1 <- data _binary PV[c(1:5,
# PV 2:

Chem_binary PV2 <- data_binary PV[c(1:5,

7,10:34) ]
10:34)]
8:9,10:34)]

7,10:30,35:38) ]

names (Chem_binary PV2) <- names(Chem_binary PV1)

Phys _binary PV2 <- data_binary PV[c(1:6,

10:30,35:38) ]



names (Phys_binary PV2) <- names(Phys binary PV1)
Bio binary PV2 <- data _binary PV[c(1:5,8:9,10:30,35:38)]
names(Bio_binary_PV2) <- names(Bio_binary_ PV1)

fit Chem_Ising PV1 <- estimateNetwork(data = Chem_binary PV1,
default = "IsingFit")
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fit Phys Ising PV1 <- estimateNetwork(data = Phys binary PV1,
default = "IsingFit", missing = "listwise")
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fit_Bio_Ising PV1 <- estimateNetwork(data = Bio_binary_PV1,
default = "IsingFit", missing = "listwise")
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fit Chem_Ising PV2 <- estimateNetwork(data = Chem_binary PV2,
default = "IsingFit")
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fit_Phys_Ising PV2 <- estimateNetwork(data = Phys_binary_ PV2,

default = "IsingFit", missing =
"listwise")
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fit_Bio_Ising PV2 <- estimateNetwork(data = Bio_binary_PV2,
default = "IsingFit", missing =
"listwise")



0%

3%

6%

12%

16%

19%

22%

25%

28%

31%

34%

38%

41%

44%

47%

50%

53%

56%

59%

62%

66%

69%

72%

75%



|===========cs=cocsscmcsssccsssscssoocsscocsscoossomoeas | 78%
S | 81%
|=mmmsmmmmmmmscccmccemccemcecceecceeccemcceccceccemcceecees | 8a%
|m=====ssmcmcssscocssmcccssmcocssmcocssmcccssmcccssscscssmoces | 88%

### actual NCTs

#NCT _Chem PV <- NCT(fit _Chem Ising PV1, fit Chem Ising PV2,
test.edges = TRUE,

edges = "all",

it = 1000,

p.adjust.methods = "bonferroni”,
test.centrality = TRUE,

centrality = c("strength", "closeness"),
nodes = "all")

#NCT_Phys_PV <- NCT(fit_Phys Ising PV1, fit Phys Ising PV2,
test.edges = TRUE,

edges = "all",

it = 1000,

p.adjust.methods = "bonferroni”,
test.centrality = TRUE,

centrality = c("strength", "closeness"),
nodes = "all")

#NCT_Bio PV <- NCT(fit _Bio _Ising PV1, fit Bio Ising PV2,
test.edges = TRUE,

edges = "all",

it = 1000,

p.adjust.methods = "bonferroni",
test.centrality = TRUE,

centrality = c("strength"”, "closeness"),
nodes = "all")
#save(NCT_Chem PV,NCT_Phys PV,NCT Bio PV,file = "NCT course PVs.Rda")
load("NCT_course_PVs.Rda")

HHHFHHRRIFHR H R R B R HH

HHHFHIRHRHR

## Chemistry
# structure
NCT_Chem_PV$nwinv.real

## [1] 0.2410607



NCT_Chem_PV$nwinv.pval
# [1] 1

# global strength
NCT_Chem_PV$glstrinv.real

## [1] 1.748524
NCT_Chem PV$glstrinv.pval
## [1] 0.395

# centrality
round(NCT_Chem PV$diffcen

## strength closeness
## Efu 0.02 0
## Elr 0.12 0
## Esp 0.08 0
## Enk -0.01 0
## Els 0.12 0
## Ich 0.07 0
## Vpr -0.01 %]
## Vpa 0.01 (%]
## Vpm 0.04 0
## Vpu 0.08 0
## Vpo 0.01 (%]
## Btv 0.20 0
## Bsb -0.10 0
## Bwc -0.01 0
## Bsr 0.00 0
## Bsm -0.11 0
## Bsc 0.21 (%]
## Sce 0.06 0
## Scg 0.07 0
## Scl 0.05 0
## Sct 0.07 0
## Scu 0.85 0
## Sci 0.73 0
## Fmc 0.02 0
## Fms 0.11 (%]
## Fmd 0.21 0
## Fmw 0.25 0
## Ksc 0.16 0
## Kex 0.53 0
## Kis -0.05 0
## Kue -0.26 0

NCT_Chem_ PV$diffcen.pval

.real,?2)



H## strength closeness
## Efu 1
## Elr
## Esp
## Enk
## Els
## Ich
## Vpr
## Vpa
## Vpm
## Vpu
## Vpo
## Btv
## Bsb
## Bwc
## Bsr
## Bsm
## Bsc
## Sce
## Scg
## Scl
## Sct
## Scu
## Sci
## Fmc
## Fms
## Fmd
## Fmw
## Ksc
## Kex
## Kis
## Kue

RPRRRRRRPRRPRRRRPRRPRPRRRPRRRRRRPRRPBRRPBRRARRR
R R R R R RRRRRRRARRRBRRRERRRBRRBERRRRRRRRRRR

## Physics
# structure
NCT_Phys_PV$nwinv.real

## [1] 0.250867
NCT_Phys PV$nwinv.pval
# [1] 1

# global strength
NCT_Phys_PV$glstrinv.real

## [1] 0.4812932
NCT_Phys PV$glstrinv.pval

## [1] 0.818



# centrality
round (NCT_Phys_ PV$diffcen.real,2)

H## strength closeness
## Efu 0.02 0
## Elr 0.33 %]
## Esp 0.19 (%]
## Enk 0.03 0
## Els -0.05 %]
## Iph -0.45 0
## Vpr 0.00 0
## Vpa -0.03 %]
## Vpm 0.03 (%]
## Vpu 0.02 0
## Vpo 0.00 0
## Btv -0.04 0
## Bsb -0.13 0
## Bwc -0.26 0
## Bsr -0.07 (%]
## Bsm -0.07 0
## Bsc 0.16 %]
## Sce 0.04 (%]
## Scg 0.06 0
## Scl -0.18 0
## Sct -0.06 0
## Scu 0.77 0
## Sci 0.70 0
## Fmc 0.01 (%]
## Fms 0.08 0
## Fmd 0.11 0
## Fmw 0.09 0
## Ksc 0.12 0
## Kex 0.14 0
## Kis -0.29 0
## Kue -0.33 0

NCT_Phys PV$diffcen.pval

#it strength closeness
## Efu 1
## Elr
## Esp
## Enk
## Els
## Iph
## Vpr
## Vpa
## Vpm
## Vpu
## Vpo

RR R R RRRRRR
RR R R R RRRRRR



## Btv 1 1
## Bsb 1 1
## Bwc 1 1
## Bsr 1 1
## Bsm 1 1
## Bsc 1 1
## Sce 1 1
## Scg 1 1
## Scl 1 1
## Sct 1 1
## Scu 1 1
## Sci 1 1
## Fmc 1 1
## Fms 1 1
## Fmd 1 1
## Fmw 1 1
## Ksc 1 1
## Kex 1 1
## Kis 1 1
## Kue 1 1
## Biology

# structure
NCT_Bio_PV$nwinv.real

## [1] 0.2410607
NCT_Bio PV$nwinv.pval
# [1] 1

# global strength
NCT_Bio_PV$glstrinv.real

## [1] 0.5780425
NCT_Bio PV$glstrinv.pval
## [1] ©.776

# centrality
round(NCT_Bio PV$diffcen.real,2)

## strength closeness
## Efu 0.01 0
## Elr 0.92 0
## Esp 0.05 0
## Enk 0.08 0
## Els -0.08 0
## Ipb -0.18 0
## Ihb -0.07 0
## Vpr 0.06 (%]



## Vpa -0.03 (%]
## Vpm -0.01 (%]
## Vpu -0.03 0
## Vpo -0.40 (%]
## Btv 0.14 (%]
## Bsb -0.32 (%]
## Bwc -0.10 (%]
## Bsr 0.00 0
## Bsm -0.04 (%]
## Bsc 0.15 0
## Sce 0.00 0
## Scg 0.10 (%]
## Scl -0.07 (%]
## Sct 0.02 0
## Scu 0.23 (%]
## Sci 0.64 (%]
## Fmc -0.02 (%]
## Fms -0.05 0
## Fmd 0.04 (%]
## Fmw -0.11 (%]
## Ksc 0.28 (%]
## Kex 0.42 (%]
## Kis -0.21 (%]
## Kue -0.29 0

NCT_Bio PV$diffcen.pval

H#it strength closeness
## Efu 1
## Elr
## Esp
## Enk
## Els
## Ipb
## Ihb
## Vpr
## Vpa
## Vpm
## Vpu
## Vpo
## Btv
## Bsb
## Bwc
## Bsr
## Bsm
## Bsc
## Sce
## Scg
## Scl
## Sct

RPRRRPRRRRPRRPRRRPRRPRRRRRPRRRRRR
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## Scu 1 1
## Sci 1 1
## Fmc 1 1
## Fms 1 1
## Fmd 1 1
## Fmw 1 1
## Ksc 1 1
## Kex 1 1
## Kis 1 1
## Kue 1 1

4. Forecast correlation for other estimation methods
### using original variables (not binarized):
load("data_complete.Rda")

baseline <- na.omit(data_complete[c(11:19,20:44)])
baseline_Chem <- baseline[c(1:5,7,10:34)]
baseline_Phys <- baseline[c(1:6,10:34)]
baseline Bio <- baseline[c(1:5,8:9,10:34)]

# topological overlap analysis:
#gb_Chem <- goldbricker(na.omit(baseline_Chem)) # none
#gb_Phys <- goldbricker(na.omit(baseline_Phys)) # one
#ireduced_Phys <- net_reduce(data = na.omit(baseline Phys), badpairs =
gb_Phys,
# method = "best_goldbricker")
#gb_Bio <- goldbricker(na.omit(baseline _Bio)) # one
#reduced Bio <- net_reduce(data = baseline Bio, badpairs = gb_Bio,
# method = "best _goldbricker")
load("topoGraphic_baseline.Rdata")
#Hit#H 1. ggmModSelect with "cor" (Pearson correlation)
ggmMod_fit Chem_cor <- estimateNetwork(data = baseline_Chem,
default = "ggmModSelect",
stepwise = TRUE,
corMethod = "cor"
ggmMod_fit_Phys_cor <- estimateNetwork(data = reduced_Phys,
default = "ggmModSelect",
stepwise = TRUE,
corMethod = "cor"
ggmMod_fit Bio_cor <- estimateNetwork(data = reduced_Bio,
default = "ggmModSelect",
stepwise = TRUE,
corMethod = "cor"
save(ggmMod_fit_Chem_cor,ggmMod_fit_Phys cor,ggmMod_fit_Bio cor,file =
"ggmMod_results cor.RData")
load("ggmMod_results cor.RData")

# combine with course data

data <- na.omit(data_complete[c(11:19,20:44,50:52)])

baseline_Chem_C_cor <- cbind(ggmMod_fit_Chem_cor$data,na.omit(data[,c(35)]))
colnames(baseline_Chem_C_cor) <- c(names(ggmMod_fit_Chem_cor$data), "Chem")



baseline Phys C cor <- cbind(ggmMod fit Phys cor$data,data[,c(36)])
colnames(baseline Phys C cor) <- c(names(ggmMod fit Phys cor$data),"Phys")
baseline_Bio C_cor <- cbind(ggmMod_fit_Bio_cor$data,datal,c(37)])
colnames(baseline Bio C cor) <- c(names(ggmMod fit Bio cor$data),"Bio")

### Chemistry

# node correlation with outcome (chemistry course)

Chem_Cor <-
cor_auto(na.omit(baseline_Chem_C_cor))[1:(length(na.omit(baseline_Chem_C_cor)
)-1)*1length(na.omit(baseline_Chem C cor))]

## Strength

# (1) Forecast correlation:

# Strength centralities * Node impact

Chem_Strength <- centrality(ggmMod fit Chem_cor$graph)$0OutDegree
cor.test(Chem_Cor, Chem_Strength) # r(29) = .52, p = 0.003

#it

## Pearson's product-moment correlation
HH#

## data: Chem_Cor and Chem_Strength

## t = 3.2572, df = 29, p-value = 0.002866
## alternative hypothesis: true correlation is not equal to ©
## 95 percent confidence interval:

## ©.1998590 0.7367724

## sample estimates:

H#H# cor

## 0.5175474

## Closeness

# (1) Forecast correlation:

# Closeness centralities * Node impact

Chem_Close <- centrality(ggmMod fit_Chem_cor$graph)$Closeness
cor.test(Chem_Cor, Chem _Close) # r(29) = .40, p = 0.027

#it

## Pearson's product-moment correlation
HH#

## data: Chem_Cor and Chem_Close

## t = 2.333, df = 29, p-value = 0.02679
## alternative hypothesis: true correlation is not equal to ©
## 95 percent confidence interval:

## 0.05027256 0.65903837

## sample estimates:

H#H# cor

## 0.3975312

### Physics

# node correlation with outcome (physics course)

Phys Cor <- cor_auto(baseline Phys C cor)[1l:(length(baseline Phys C cor)-
1)*1length(baseline_Phys C_cor)]

## Strength



# (1) Forecast correlation:

# Strength centralities * Node impact

Phys_Strength <- centrality(ggmMod_fit_ Phys cor$graph)$0utDegree
cor.test(Phys_Cor, Phys Strength) # r(28) = .39, p = 0.034

H#H#

## Pearson's product-moment correlation
##

## data: Phys_Cor and Phys_Strength

## t = 2.2271, df = 28, p-value = 0.03416
## alternative hypothesis: true correlation is not equal to ©
## 95 percent confidence interval:

## 0.03214706 0.65644940

## sample estimates:

## cor

## 0.3879235

## Closeness

# (1) Forecast correlation:

# Strength centralities * Node impact

Phys Close <- centrality(ggmMod fit_Phys_cor$graph)$Closeness
cor.test(Phys _Cor, Phys Close) # r(28) = .23, p = 0.220

H#H#

## Pearson's product-moment correlation
##

## data: Phys_Cor and Phys _Close

## t = 1.2545, df = 28, p-value = 0.22
## alternative hypothesis: true correlation is not equal to ©
## 95 percent confidence interval:

## -0.1413243 0.5456134

## sample estimates:

## cor

## 0.2306905

### Biology

# node correlation with outcome (biology course)

Bio Cor <- cor_auto(baseline Bio C cor)[1l:(length(baseline Bio C cor)-
1)*length(baseline_Bio_C_cor)]

## Strength

# (1) Forecast correlation:

# Strength centralities * Node impact

Bio Strength <- centrality(ggmMod fit Bio cor$graph)$OutDegree
cor.test(Bio_Cor, Bio Strength) # r(29) = .39, p = 0.032

HH#

## Pearson's product-moment correlation

H#H#

## data: Bio _Cor and Bio_Strength

## t = 2.2493, df = 29, p-value = 0.03225

## alternative hypothesis: true correlation is not equal to @



## 95 percent confidence interval:
## ©.03599889 0.65087261

## sample estimates:

#it cor

## 0.3854226

## Closeness

# (1) Forecast correlation:

# Strength centralities * Node impact

Bio Close <- centrality(ggmMod fit Bio cor$graph)$Closeness
cor.test(Bio_Cor, Bio Close) # r(29) = .29, p = 0.118

HH#

## Pearson's product-moment correlation
H#H#

## data: Bio_Cor and Bio _Close

## t = 1.61, df = 29, p-value = 0.1182
## alternative hypothesis: true correlation is not equal to ©
## 95 percent confidence interval:

## -0.07556079 0.58174192

## sample estimates:

#it cor

## 0.2864488

ittt 2. ggmModSelect with "cor _auto" (polychoric)
ggmMod_fit Chem_red corA <- estimateNetwork(data = na.omit(baseline_Chem),
default = "ggmModSelect",
stepwise = TRUE,
corMethod "cor_auto")
ggmMod_fit_Phys_red_corA <- estimateNetwork(data = na.omit(reduced_Phys),
default = "ggmModSelect",
stepwise = TRUE,
corMethod = "cor_auto")
ggmMod_fit Bio red corA <- estimateNetwork(data = na.omit(reduced Bio),
default = "ggmModSelect",
stepwise = TRUE,
corMethod = "cor_auto")
save(ggmMod_fit Chem_red corA,ggmMod fit Phys red corA,ggmMod fit Bio red cor
A,file = "ggmMod_results corA.RData")
load("ggmMod_results corA.RData")

# combine with course data

load("data_complete.Rda")

baseline_C <- na.omit(data_complete[c(11:44,50:52)])
baseline_Chem_C_corA <-
cbind(ggmMod_fit Chem_red corA$data,baseline C[,c(35)])
colnames(baseline_Chem_C_corA) <-
c(names(ggmMod_fit_Chem_red_corA$data), "Chem")
baseline Phys C corA <-

cbind(ggmMod_fit_Phys_red _corA$data,baseline C[,c(36)])



colnames(baseline Phys C corA) <-
c(names(ggmMod_fit Phys red corA$data), "Phys")

baseline_Bio C_corA <- cbind(ggmMod_fit_ Bio_red_corA$data,baseline_C[,c(37)])
colnames(baseline Bio C corA) <- c(names(ggmMod fit Bio red corA$data),"Bio")

### Chemistry

# node correlation with outcome (chemistry course)

Chem_Cor <- cor_auto(baseline Chem_C_corA)[1:(length(baseline_Chem_C_corA)-
1)*1length(baseline_Chem_C_corA)]

## Strength

# (1) Forecast correlation:

# Strength centralities * Node impact

Chem_Strength <- centrality(ggmMod fit Chem red_corA$graph)$0OutDegree
cor.test(Chem_Cor, Chem_Strength) # r(29) = .24, p = .196

HH#

## Pearson's product-moment correlation
H#H#

## data: Chem_Cor and Chem_Strength

## t = 1.3238, df = 29, p-value = 0.1959
## alternative hypothesis: true correlation is not equal to ©
## 95 percent confidence interval:

## -0.1262995 0.5468100

## sample estimates:

#it cor

## 0.2387243

## Closeness

# (1) Forecast correlation:

# Closeness centralities * Node impact

Chem _Close <- centrality(ggmMod fit Chem_red_corA$graph)$Closeness

cor.test(Chem_Cor, Chem Close) # r(29) = -.05, p = .773
HH#

## Pearson's product-moment correlation

H#H#

## data: Chem_Cor and Chem_Close

## t = -0.29175, df = 29, p-value = 0.7726

## alternative hypothesis: true correlation is not equal to ©
## 95 percent confidence interval:

## -0.4007556 0.3061104

## sample estimates:

#it cor

## -0.05409756

### Physics

# node correlation with outcome (physics course)

Phys_Cor <- cor_auto(baseline_Phys C_corA)[1:(length(baseline_Phys_C_corA)-
1)*1length(baseline Phys C corA)]

## Strength

# (1) Forecast correlation:



# Strength centralities * Node impact
Phys Strength <- centrality(ggmMod fit Phys red corA$graph)$OutDegree
cor.test(Phys_Cor, Phys_Strength) # r(28) = .05, p = .797

#it

## Pearson's product-moment correlation
HH#

## data: Phys_Cor and Phys Strength

## t = 0.2604, df = 28, p-value = 0.7965
## alternative hypothesis: true correlation is not equal to ©
## 95 percent confidence interval:

## -0.3167256 ©0.4022975

## sample estimates:

H#H# cor

## 0.0491522

## Closeness

# (1) Forecast correlation:

# Strength centralities * Node impact

Phys Close <- centrality(ggmMod fit Phys red corA$graph)$Closeness

cor.test(Phys_Cor, Phys Close) # r(28) = -.15, p = .423
it

## Pearson's product-moment correlation

#it

## data: Phys_Cor and Phys Close

## t = -0.81343, df = 28, p-value = 0.4228

## alternative hypothesis: true correlation is not equal to ©
## 95 percent confidence interval:

## -0.4856252 0.2203949

## sample estimates:

H#H# cor

## -0.1519385

### Biology

# node correlation with outcome (biology course)

Bio Cor <- cor_auto(baseline Bio C corA)[1l:(length(baseline Bio C corA)-
1)*1length(baseline_Bio C_corA)]

## Strength

# (1) Forecast correlation:

# Strength centralities * Node impact

Bio_Strength <- centrality(ggmMod_fit_Bio_red_corA$graph)$0utDegree
cor.test(Bio_Cor, Bio Strength) # r(29) = .05, p = .795

H#H#

## Pearson's product-moment correlation

##

## data: Bio_Cor and Bio_Strength

## t = 0.2618, df = 29, p-value = 0.7953

## alternative hypothesis: true correlation is not equal to ©
## 95 percent confidence interval:



## -0.3111356 ©0.3960830
## sample estimates:

Hit cor

## 0.0485579

## Closeness

# (1) Forecast correlation:

# Strength centralities * Node impact

Bio_Close <- centrality(ggmMod_fit_Bio_red_corA$graph)$Closeness

cor.test(Bio Cor, Bio Close) # r(27) = -.09, p = .647
H#H#

## Pearson's product-moment correlation

##

## data: Bio_Cor and Bio_Close

## t = -0.46352, df = 29, p-value = 0.6465

## alternative hypothesis: true correlation is not equal to ©
## 95 percent confidence interval:

## -0.4271180 0.2770007

## sample estimates:

## cor

## -0.08575669

#HH##R####H##HH 3. mgm with behavior as binary variable

# prepare data: behavior binary, rest normal

load("data_binary.Rda")

Chem_mix <-
cbind(na.omit(baseline_Chem[c(1:11,18:31)]),data_binary[c(15:20)])

Phys mix <-
cbind(na.omit(baseline_Phys[c(1:11,18:31)]),data_binary[c(15:20)])

Bio_mix <- cbind(na.omit(baseline_Bio[c(1:12,19:32)]),data_binary[c(15:20)])

### Reduce 1items based on goldbricker function -> best item chosen
#gb_Chem <- goldbricker(Chem _mix) # none
#gb_Phys <- goldbricker(Phys mix) # one
#reduced_Phys mix <- net_reduce(data = Phys_mix, badpairs = gb_Phys, method =
"best goldbricker")
#gb_Bio <- goldbricker(Bio_mix) # one
#reduced _Bio_mix <- net_reduce(data = Bio_mix, badpairs = gb_Bio, method =
"best goldbricker")
#save(Chem_mix, reduced_Phys mix, reduced Bio_mix, file =
“topoGraphic_mix.Rdata")
load("topoGraphic_mix.Rdata")
### mgm
type_C <- c(rep("g",25),rep("c",6))
level C <- c(rep(1,25),rep(2,6))
fit _Chem_red_mgm <- estimateNetwork(data = Chem_mix,
default = "mgm", type = type_C,
level = level C)
type_P <- c(rep("g",23),rep("c",6),"g")



level P <- c(rep(1,23),rep(2,6),1)
fit Phys _red mgm <- estimateNetwork(data = reduced Phys mix, default =
"mgm",type = type_P,

level = level P)
type_B <- c(rep("g",24),rep("c",6),"g")
level B <- c(rep(1,24),rep(2,6),1)
fit Bio red mgm <- estimateNetwork(data = reduced Bio mix, default = "mgm",
type = type_B,

level = level B)
save(fit _Chem red_mgm,fit Phys red mgm,fit Bio red mgm,file =
"fit _mgm_results.RData")
load("fit_mgm_results.RData")
# combine with course data
data <- na.omit(data_complete[c(11:19,20:44,50:52)])
baseline_Chem_C_mgm <- cbind(fit_Chem_red_mgm$data,na.omit(data[,c(35)]))
colnames(baseline Chem C mgm) <- c(names(fit_Chem_red mgm$data),"Chem")
baseline Phys C mgm <- cbind(fit_Phys red mgm$data,data[,c(36)])
colnames(baseline_Phys_C_mgm) <- c(names(fit_Phys_red_mgm$data), "Phys")
baseline Bio C mgm <- cbind(fit_Bio_red mgm$data,datal,c(37)])
colnames(baseline Bio C _mgm) <- c(names(fit_Bio_red_mgm$data),"Bio")

### Chemistry

# node correlation with outcome (chemistry course)

Chem_Cor <-
cor_auto(na.omit(baseline Chem C _mgm))[1l:(length(na.omit(baseline Chem C_mgm)
)-1)*1length(na.omit(baseline_Chem_C_mgm))]

## Strength

# (1) Forecast correlation:

# Strength centralities * Node impact

Chem_Strength <- centrality(fit_Chem_red_mgm$graph)$OutDegree

cor.test(Chem_Cor, Chem_Strength) # r(29) = -.35, p = .056
H#H#

## Pearson's product-moment correlation

#it

## data: Chem_Cor and Chem_Strength

## t = -1.9905, df = 29, p-value = 0.05604

## alternative hypothesis: true correlation is not equal to ©
## 95 percent confidence interval:

## -0.624337537 ©0.008714381

## sample estimates:

## cor

## -0.3466963

## Closeness

# (1) Forecast correlation:

# Closeness centralities * Node impact

Chem_Close <- centrality(fit_Chem_red_mgm$graph)$Closeness
cor.test(Chem _Cor, Chem Close) # r(29) = .16, p = .402



HH#

## Pearson's product-moment correlation
H#H#

## data: Chem_Cor and Chem_Close

## t = 0.85148, df = 29, p-value = 0.4015
## alternative hypothesis: true correlation is not equal to ©
## 95 percent confidence interval:

## -0.2097725 0.4837462

## sample estimates:

#it cor

## 0.1561764

### Physics

# node correlation with outcome (physics course)

Phys_Cor <- cor_auto(baseline_Phys C _mgm)[1:(length(baseline_Phys_C_mgm)-
1)*1length(baseline_Phys C_mgm) ]

## Strength

# (1) Forecast correlation:

# Strength centralities * Node impact

Phys_Strength <- centrality(fit_Phys red mgm$graph)$OutDegree

cor.test(Phys_Cor, Phys_Strength) # r(28) = -.38, p = .038
it

## Pearson's product-moment correlation

#it

## data: Phys_Cor and Phys_ Strength

## t = -2.1792, df = 28, p-value = 0.03789

## alternative hypothesis: true correlation is not equal to ©
## 95 percent confidence interval:

## -0.65166531 -0.02379281

## sample estimates:

H#H# cor

## -0.3807979

## Closeness

# (1) Forecast correlation:

# Strength centralities * Node impact

Phys Close <- centrality(fit Phys_red_mgm$graph)$Closeness

cor.test(Phys_Cor, Phys _Close) # r(28) = -.03, p = .856
it

## Pearson's product-moment correlation

#it

## data: Phys_Cor and Phys Close

## t = -0.1828, df = 28, p-value = 0.8563

## alternative hypothesis: true correlation is not equal to ©
## 95 percent confidence interval:

## -0.3899446 0.3298463

## sample estimates:

H#H# cor

## -0.03452578



### Biology

# node correlation with outcome (biology course)

Bio_Cor <- cor_auto(baseline_Bio_C_mgm)[1l:(length(baseline_Bio_C_mgm)-
1)*1length(baseline Bio C_mgm) ]

## Strength

# (1) Forecast correlation:

# Strength centralities * Node impact

Bio_Strength <- centrality(fit Bio_red _mgm$graph)$OutDegree

cor.test(Bio_Cor, Bio_Strength) # r(29) = -.29, p = .120
it

## Pearson's product-moment correlation

#it

## data: Bio_Cor and Bio_Strength

## t = -1.6014, df = 29, p-value = 0.1201

## alternative hypothesis: true correlation is not equal to ©
## 95 percent confidence interval:

## -0.58072293 0.07709069

## sample estimates:

H#H# cor

## -0.2850356

## Closeness

# (1) Forecast correlation:

# Strength centralities * Node impact

Bio Close <- centrality(fit Bio_red_mgm$graph)$Closeness

cor.test(Bio_Cor, Bio_Close) # r(29) = -.08, p = .666
it

## Pearson's product-moment correlation

#it

## data: Bio_Cor and Bio_Close

## t = -0.43672, df = 29, p-value = 0.6655

## alternative hypothesis: true correlation is not equal to ©
## 95 percent confidence interval:

## -0.4230548 0.2815732

## sample estimates:

H#H# cor

## -0.08083174



