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1 Note

The original 10 December 2022 file contained an error with regard to comparison of Human-ASA
Interaction between different cultural backgrounds. For each second construct/dimension, the means
were swapped between Chinese and English data in the output tables, and consequently, the plus and

minus signs for the delta and CI values were also wrong. That has been corrected in this document.



2 Introduction

This document presents statistical analyses of correlation and variation between English and Chinese
ASA questionnaires for item level, construct/dimension level, and short versions of the ASA ques-
tionnaire, as well as a comparison of human-ASA interaction between different cultural backgrounds,
i.e., mixed international English-speaking group and bilingual group with Chinese mother tongue as

reported in the paper:

Mandarin Chinese translation of Artificial-Social-Agent questionnaire instrument for evaluating human-

agent interaction

Authored by Fengxiang Li, Siska Fitrianie, Merijn Bruijnes, Amal Abdulrahman, Fu Guo, Willem-Paul

Brinkman.

We use the following packages:

library(foreign) # Open various data files
library(nlme) # Run multilevel linear models
library(car) # Package linear regression

# devtools::install_github("rasmusab/bayesian_first_aid")
library(BayesianFirstAid) # Run Bayestian t-test

# devtools::install_github("rmcelreath/rethinking")
library(rethinking) # Run ulam

library(haven) # Use read_sav fuction
library(dplyr) # Use select function

library(knitr) # Get markdown file

library(tinytex) # Use TeX environment
library(rticles) # Use CTeX documents template
library(pander) # For pandering tables
panderOptions("table.alignment.default","left")

Note: Knitting this document requires installing Stan and JAGS on your computer. Stan can be
downloaded from https://mc-stan.org/ and JAGS from https://meme-jags.sourcef orge.io/. It also
requires installing rticles to use Mandarin Chinese template by creating R markdown file from template

‘CTeX documents’ Moreover, it requires zelatex as latex _engine and header.tex.

3 Data files

The input data used in the analysis were transformed from seven raw data files ‘ASA_ 1.sav’,
‘ASA_1.1.sav’, ‘ASA_1.2.sav’, ‘ASA_ 2.sav’, ‘ASA_ 2.1.sav’, ‘ASA_ 2.2.sav’ and ‘result_ all.csv’. As a


https://mc-stan.org/
https://mcmc-jags.sourcef

result, three data files were used as input data for the analysis reported in this paper, i.e., data0l.sav,
data02.sav and data_ culture.sav. The detailed transformation from raw data to these input data files

was explained in the markdown file ‘Transformation from raw data to the input data files’.

3.1 File dataOl.sav

We divided the 90 ASA items and participants into two groups to control fatigue effects. In the
first group, human-ASA interaction evaluation data of the first 44 items (Construct 1-8: the first 12
constructs/dimensions) were collected from 121 bilingual participants with Chinese mother tongue who
are native Chinese and fluent English speakers. Bilingual participants rated human-ASA interaction
on 44 English items and corresponding Chinese translations plus 15 attention control questions. All
participants’ evaluation data were included as they failed no more than 2 out of the 15 attention control
questions. We removed irrelevant data, e.g., attention control questions, just retaining scores of English
items and corresponding Chinese translations, also with ‘AgentID’ and ‘agentName’. We also converted
the data from the range [1,7] into the range [-3,3], and reversed scores of reverse-scoring questionnaire
items and Chinese translations. The steps above were conducted and explained in the markdown file
‘Transformation from raw data to the input data files’, resulting in a single data file ‘data0l.sav’. Up
to this step, rating scores of 44 English items and corresponding Chinese translations were ready for

further analysis.

data0l <- read.spss('"dataOl.sav", use.value.labels=TRUE, to.data.frame=TRUE)
print_table_fields(dataO1l, "dataOl.sav") # Print all column names in the file

Table 1: Fields and label from SPSS file data0l.sav

variable label

HLA1 [Field-agentName]’s appearance is human

HLA2 [Field-agentName] has the appearance of a human

HLA3 [Field-agentName] has a human-like outside

HLA4 [Field-agentName]’s appearance makes me think of a human

HLB1 A human would behave like [Field-agentName]

HLB2 [Field-agentName]’s manners is consistent with that of people

HLB3 [Field-agentName] behavior makes me think of human behavior

HLB4 [Field-agentName] behaves like a real person

HLB5 [Field-agentName| has a human-like manner

NA1 [Field-agentName] appears like something that could exist in
nature

NA2 [Field-agentName] has a natural physique

NA3 [Field-agentName]’s resemblance has an organic origin



variable label

NA4 [Field-agentName] seems natural from the outward appearance
NA5 How [Field-agentName] is represented is realistic

NB1 [Field-agentName] is alive

NB2 [Field-agentName] acts naturally

NB3 [Field-agentName] reacts like a living organism

AAS1 [Field-agentName] ’s appearance is appropriate

AAS2 [Field-agentName]’s physique is suitable for its role

AAS3 [Field-agentName|” appearance was suitable

AU1 [Field-agentName] is easy to use

AU2 Learning to work with [Field-agentName] is easy

AU3 Learning how to communicate with [Field-agentName] is quick
PF1 [Field-agentName] does its task well

PF2 [Field-agentName] does not hinder the user

PF3 The user is capable of succeeding with [Field-agentName]
ALl [Field-agentName]’s appearance is pleasing

AL2 I like [Field-agentName]

R AL3 I dislike [Field-agentName]

AL4 [Field-agentName] is cooperative

AL5 I want to hang out with [Field-agentName]

AS1 [Field-agentName] can easily mix socially

AS2 It is easy to mingle with [Field-agentName]

AS3 [Field-agentName] interacts socially with the user

APP1 [Field-agentName] has a distinctive character

R _APP2 [Field-agentName] is characterless

APP3 [Field-agentName] is an individual

UAA1 The user will use [Field-agentName] again in future

UAA2 The user can see themselves using [Field-agentName] in the future
R _UAA3 The user oppose further interaction with [Field-agentName]
R _AE1 [Field-agentName] is boring

AE2 It is interesting to interact with [Field-agentName]

AE3 The user enjoys interacting with [Field-agentName]

R _AE4 Field-agentName] is unpleasant to deal with

HLA1_CH Field-agentName] [{J5MRATAZE—FE

[
[
HLA2 CH [Field-agentName] H A AFEATIMH
[
[

HLA3 CH Field-agentName] EAFIA LTSN
HLA4 CH Field-agentName] f7NULEFRIRAR S Ak
HLB1_CH NESHH A [Field-agentName] —FRERIFTH
HLB2_ CH [Field-agentName] [1925 15 N —%



variable label

HLB3_CH [Field-agentName] ({7 i - HBAIE] A2
HLB4 CH [Field-agentName] 1917 M5 —TE A
HLB5_ CH [Field-agentName| H 528 A28 11

NA1 CH [Field-agentName| &% H IR F A GEGFAE PR
NA2 CH [Field-agentName| H A& HAMATE

NA3 CH [Field-agentName] [/MNEA H SRR IR
NA4 CH [Field-agentName] MAIMISKFE 2 H SR
NA5 CH [Field-agentName] F5MILEAT B E L
NB1 CH [Field-agentName] 2 1HE 1

NB2 CH [Field-agentName] 173/ 544

NB3 CH [Field-agentName| 7] M4 H)—FEMCH [
AAS1_CH [Field-agentName] (M2 G 1E

AAS2 CH [Field-agentName] [/ E S HA M
AAS3 CH [Field-agentName] [15MLiEH

AUl CH [Field-agentName| 5T

AU2_CH =5 ] [Field-agentName] fR%55)
AU3_CH 2225 [Field-agentName] 2837 KU
PF1_CH [Field-agentName] {458 1% 7 B HIMES
PF2 CH [Field-agentName] AWiHeHH F

PF3 CH H P RENE H D [Field-agentName]

AL1 CH [Field-agentName] [17M4A i

AL2 CH F=K [Field-agentName]

R _AL3 CH FAEWR [Field-agentName]

AL4 CH [Field-agentName| (IR &

AL5 CH FJEE S [Field-agentName] BpH
AS1_CH [Field-agentName] 1] IMRZ 52 5458
AS2 CH R [Field-agentName] 15—
AS3 CH Field-agentName| 5 H gt 74t 5 H 5l
APP1_CH Field-agentName] H A MRS

[
[

R _APP2 CH [Field-agentName] 274 MER
[

APP3 CH Field-agentName| & — MK

UAA1 CH SRR [Field-agentName]
UAA2 CH H A LUEEH E ke diH [Field-agentName]
R UAA3 CH H S [Field-agentName] it H.5)

R _AE1 CH [Field-agentName] 24 AR

AE2 CH fl [Field-agentName] H 5l & A #h1)

AE3 CH F BN [Field-agentName| H#)

R AE4 CH [Field-agentName] ANUf-FHAL



variable label

agentName iCAT, DEEPBLUE, AMY, FURBY, POPPIE, SIRI, HAL 9000,
SIM SENSEIL CHAPPIE, AIBO, SARAH, NAO, MARCUS, DOG
AgentID 1=iCAT, 2=DEEPBLUE, 3=AMY, 4=FURBY, 5=POPPIE,

6=SIRI, 7=HAL 9000, 8=SIM SENSEI, 9=CHAPPIE, 10=AIBO,
11=SARAH, 12=NAO, 13=MARCUS, 14=DOG

data01 <- data.frame(read_sav('"dataOl.sav"))

dl <- select(dataOl, HLA1:R_AE4_CH) # Select 44 item scores and Chinese translation scores

3.2 File data02.sav

In the second group, evaluation scores of the remaining 46 English items and corresponding Chinese
translations were collected from another 121 bilingual participants and transformed following the same
procedure as explained in the section ‘File dataOl.sav’. We obtained the input data file ‘data02.sav’

from the markdown file ‘Transformation from raw data to the input data files’.

data02 <- read.spss('"data02.sav", use.value.labels=TRUE, to.data.frame=TRUE)
print_table_fields(data02, "data02.sav")

Table 2: Fields and label from SPSS file data02.sav

variable label

UE1 The user was concentrated during the interaction with [Field-agentName]
UE2 The interaction captured the user’s attention

UE3 The user was alert during the interaction with [Field-agentName]

UT1 [Field-agentName| always gives good advice

UT2 [Field-agentName] acts truthfully

UT3 The user can rely on [Field-agentName]

UAL1 [Field-agentName] and the user have a strategic alliance

UAL2 Collaborating with [Field-agentName] is like a joint venture

UAL3 [Field-agentName] joins the user for mutual benefit

UAL4 [Field-agentName] can collaborate in a productive way

UAL5 [Field-agentName] and the user are in sync with each other

UALG6 [Field-agentName] understands the user

AAl [Field-agentName] remains focused on the user throughout the interaction
AA2 [Field-agentName] is attentive

AA3 The user receives [Field-agentName]|’s full attention throughout the interaction



variable label

R AC1 [Field-agentName]’s behavior does not make sense

R_AC2 [Field-agentName]’s behavior is irrational

R_AC3 [Field-agentName] is inconsistent

R _AC4 [Field-agentName| appears confused

ATl [Field-agentName] acts intentionally

AT2 [Field-agentName] knows what it is doing

R_AI3 [Field-agentName] has no clue of what it is doing

Al4 [Field-agentName] can make its own decision

AT1 The user sees the interaction with [Field-agentName] as something positive

AT2 The user views the interaction as something favorable

R_AT3 The user thinks negatively of the interaction with [Field-agentName]

SP1 [Field-agentName] has a social presence

SP2 [Field-agentName] is a social entity

SP3 The user has the same social presence as [Field-agentName]

1IS1 The user’s friends would recommend them to use [Field-agentName]

1152 Others would encourage the user to use [Field-agentName]

1S3 [Field-agentName] makes the user look good

1154 People would look favorably at the user because of their interaction with
[Field-agentName]

AEIl [Field-agentName] is emotional

AEI2 [Field-agentName] experiences emotions

R AEI3 [Field-agentName] is emotionless

AEI4 [Field-agentName] can express its feelings

R_AEI5 [Field-agentName] cannot experience emotions

UEP1 [Field-agentName]’s attitudes influences how the user feels]

UEP2 The user is influenced by [Field-agentName]’s moods

UEP3 The emotions the user feels during the interaction are caused by
[Field-agentName]

UEP4 The user’s Interaction with [Field-agentName]| gives them an emotional
sensation

UAIl1 The user’s emotions influence the mood of the interaction

UAI2 [Field-agentName] reciprocates the user’s actions

UAI3 [Field-agentName]’s and the user’s behaviors are in direct response to each
other’s behavior

UAI4 [Field-agentName]’s and the user’s emotions change to what they do to each
other

UE1_CH Fi P15 [Field-agentName] T3 R g

UE2_CH SEWF] T PR



variable label

UE3_CH FI P45 5 [Field-agentName] 3¢ B i) (4555
UT1_CH [Field-agentName] jo 22 LU A 2L

UT2 CH [Field-agentName| {l152475

UT3 CH [Field-agentName] &R FE [

UAL1 CH 5 [Field-agentName] £5 0% B 4

UAL2 CH 5 [Field-agentName] SR A %

UAL3 CH [Field-agentName] il X\ P 52 5 F

UAL4_CH HIj1 5 [Field-agentName] AJ LLg5kcbifE

UAL5 CH [Field-agentName] F1HH FHH H.[5] 25

UAL6_CH [Field-agentName] Fifig

AAl1 CH [Field-agentName] 7E#& 38 Bt FE ia & e H
AA2 CH [Field-agentName] &% 1EMH

AA3_CH EHHFH 5T [Field-agentName] F4#561F
R_AC1 _CH [Field-agentName| (917 ApFANE

R _AC2 CH [Field-agentName] [1f ijT AR

R_AC3 _CH [Field-agentName] [T 8 A%

R AC4 CH [Field-agentName] [174 ﬂ?%‘cﬁﬁ{thi?[,

AIl CH [Field-agentName] (1782 A EER

AI2 CH [Field-agentName] 13 & £E# 1 4

R_AI3_CH [Field-agentName] A HIE & EMAT 24

Al4 CH [Field-agentName] 7] LA H 20k E

AT1_CH AN Y [Field-agentName] f52 H 2 B Y
AT2 CH MRS E AR

R_AT3 CH FH Pt [Field-agentName] (1978 B 45 418 F i
SP1_CH [Field-agentName| HAG+2> 17/

SP2 CH [Field-agentName] f&—M 250k

SP3_CH P BA Y [Field-agentName] # [ 19 #E2x 117
I1IS1_CH PR EEMA A [Field-agentName]
11S2_CH HA N =5l 8 [Field-agentName]

1IS3 CH [Field-agentName] {# H /7 & AR 4T

11S4_CH 5 [Field-agentName] [32 Hik A0 F A IFEIS
AEIl1 CH [Field-agentName] &1 2501

AEI2_CH [Field-agentName] AJ LA 2%

R AEI3 CH [Field-agentName] J& 754 15241

AEI4 CH [Field-agentName] 1] PAZEE T 1917 &

R_AEI5 CH [Field-agentName] JCiEARL 124

UEP1_CH [Field-agentName] [175 5520 H 7 1 8z

UEP2 CH H 5% [Field-agentName| 11 285201



variable label

UEP3_CH M PAEAS HII R BRI T 45 2 1 [Field-agentName] 5[5EH]

UEP4_CH M rY [Field-agentName] [ 5 g5 T—FiE R B EGE

UAIl_CH PP B 15 4 2 S M 52 B 5]

UAI2 CH [Field-agentName] Z3[0 5 FH P 9474

UAI3_CH [Field-agentName] F1H /B4 T4 2RI AT A B B4 S B

UAI4 CH [Field-agentName] F1FH 7 F 1% 25 R4 A0 D05 I AT o0 T Ac s

agentName iCAT, DEEPBLUE, AMY, FURBY, POPPIE, SIRI, HAL 9000, SIM SENSEI,
CHAPPIE, AIBO, SARAH, NAO, MARCUS, DOG

AgentID 1=iCAT, 2=DEEPBLUE, 3=AMY, 4=FURBY, 5=POPPIE, 6=SIRI, 7=HAL

9000, 8=SIM SENSEI, 9=CHAPPIE, 10=AIBO, 11=SARAH, 12=NAO,
13=MARCUS, 14=DOG

data02 <- data.frame(read_sav("data02.sav"))
d2 <- select(data02, UE1:UAI4_CH) # Select 46 item scores and Chinese translation scores

3.3 File data_ culture.sav

Based on human-ASA interaction evaluation scores of 532 mixed international English-speaking par-
ticipants in our previous study (accessible at https://osf.io/hxpsg) and 242 bilingual participants in
this study (dataOl.sav and data02.sav), data culture.sav was integrated (see ‘Transformation from raw
data to the input data files’). It consists of human-ASA evaluation on 24 English constructs and related
dimensions for 14 ASAs by the participants from two cultural backgrounds. The analysis is helpful for
exploring the differences in English questionnaire scores between these two cultural backgrounds. For
clarity, irrelevant data, i.e., attention control question scores were removed from the file. All scores
have been converted into the range [-3,3], and scores have been reversed for the items and translations
that need reversion. Moreover, the description of all columns in the ‘data_ culture.sav’ can be found
in Table 3.

data_culture <- read.spss("data_culture.sav", use.value.labels=TRUE, to.data.frame=TRUE)

print_table_fields(data_culture, "data_culture.sav")


https://osf.io/hxpsg

Table 3: Fields and label from SPSS file data_ culture.sav

variable label

agentName iCAT, DEEPBLUE, AMY, FURBY,
POPPIE, SIRI, HAL 9000, SIM SENSEI,
CHAPPIE, AIBO, SARAH, NAO,
MARCUS, DOG

AgentID 1=iCAT, 2=DEEPBLUE, 3=AMY,
4=FURBY, 5=POPPIE, 6=SIRI, 7=HAL
9000, 8=SIM SENSEI, 9=CHAPPIE,
10=AIBO, 11=SARAH, 12=NAO,
13=MARCUS, 14=DOG

Rating Rating scores of 24 constructs/dimensions by
242 bilingual participants and 532 mixed
international English-speaking participants

Culture O=bilingual cultural background, 1=mixed
international English-speaking cultural
backgroup

ConstructID 1=HLA, 2=HLB, 3=NA, 4=NB, 5=AAS,
6=AU, 7=PF, 8=AL. 9=AS, 10=APP,
11=UAA, 12=AE, 13=UE, 14=UT,
15=UAL, 16=AA, 17=AC, 18=AI, 19=AT,
20=SP, 21=I1S, 22=AEI, 23=UEP, 24=UAI

data_culture <- data.frame(read_sav('"data_culture.sav"))

4 Analyses results reported in Section Results

4.1 Correlation between English and Chinese ASA Questionnaire

We combined the scores of 44 items and 46 items as well as their corresponding translations in data
frames ‘d1’ and ‘d2’. Then we calculated ICC values for the 90 items. The multilevel model that we fit
on the data set is a random intercept model. This model includes a fixed intercept (~1) and participant
as a random intercept, indicated by random = ~1|id. Here, ‘id’ indicates the participant code for 121

bilingual participants whose scores were used to calculate ICC values.
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4.1.1 ICC values for 90 items

We combined the scores of 44 items and 46 items as well as their corresponding translations in data
frames ‘d1’ and ‘d2. Then we calculated ICC values for the 90 items. The multilevel model that
we fit on the data set is a random intercept model. This model includes a fixed intercept (~1) and
participant as a random intercept, indicated by random = ~1|id. Here, ‘id’ indicates the participant
code for 121 bilingual participants whose scores were used to calculate ICC values. We calculated ICC
as: py = #20_2 whereby 72 is the variance between participants, and o2 is the variance within the score
of individual (Finch, Bolin, and Kelley 2019). For the ICC calculation we defined the getICC function.

getICC <-function(model)
# Function for ICC wvalue calculation using multilevel linear model
{
vc.model <- VarCorr(model)
# Estimated wvariances and correlations between the random—effects terms
sigma_var <-as.numeric(vc.model[2,1])
# Variance within the groups
tau_var <- as.numeric(vc.model[1,1])
# Variance between the groups
icc <- tau_var/(tau_var + sigma_var)
# Calculate ICC walue

return(icc)

Data frames ‘d1’ and ‘d2’ both have 121 data points, which we combined in single data frame.

d_total <- cbind(select(dl,HLA1:R_AE4), select(d2,UE1:UAI4),
select(dl,HLA1 CH:R_AE4 CH), select(d2,UE1 CH:UAI4 CH))

# Combine evaluation scores of 44 items and 46 items

Next, we defined a function to run a multilevel model and obtain the associated ICC value for that
model. As input, this function accepts the scores in both languages and the participant ID number.

Before the model can be fitted this input data is transformed into a long format. The function returns
ICC in value.

getLME <-function(s_1,s_2)
# Function for a linear mized-effects model
{
id<-rownames(s_2)
# Row names that represent the ID number of each participant

Score_Chinese<- data.frame(id, s_1, language= 1)

11



# Transform Chinese scores from wide format to long format and label as 1
Score_English<- data.frame(id, s_2, language= 2)

# Transform English scores from wide format to long format and label as 2
Score_total <- rbind(Score_Chinese, Score_English)

# Combine Chinese and English scores in the long format

m0 <- lme(score ~ 1, data = Score_total, random = ~1|id, method = "ML")

# Linear mized-effects model with a fized intercept and

# a random intercept of participant's ID number

return(getICC(m0))

With the get LM E function defined, the next step is to use this function to calculate the ICC value
for each of the 90 ASA questionnaire items, and in addition, calculate the grand mean of these 90 ICC
values. When going to the list of ASAQ items, we use the fact that in the data frame the first 90
columns present the results of the English ASAQ version and the last 90 columns present the results
of the Chinese ASAQ version.

1_ICC <- data.frame(ItemID = double(), Item = character(), icc = double())
# Initialize output of ICC wvalues of 90 items

n <- ncol(d_total)

# Numbers of columns in d_total

Chinese_column_offset <- ncol(d_total) /2

# Offset, the first column with scores of the Chinese wversion of ASAQ item

for (i in 1:90)
# Go step by step to 90 items of the ASA questionnaire, whereby i is the ASA questionnaire item nu
{

score_Chinese <- data.frame(score=d_total[,i + Chinese_column_offset])

# Select scores of Chinese wersion of ASAQ item <

score_English <- data.frame(score=d_totall[,i])

# Select scores of English version of ASAQ ttems 1%

1_ICC <- rbind(1_ICC, data.frame (i, icc = getLME(score_Chinese, score_English)))
# Calculated ICC and add it to the list of ICC walues,
# with ID number of the ASA questionnaire item
Ir
1_ICC$Item = colnames(select(d_total,HLA1:UAI4)) # Add name code for each item
pander (1_ICC, caption = "ICC values for 90 items")
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Table 4: ICC values for 90 items

i icc Ttem

1 0.8431 HLA1
2 0.8983 HLA2
3 0.8983 HLA3
4 0.7955 HLA4
) 0.6746 HLB1
6 0.532 HLB2
7 0.7866 HLB3
8 0.7705 HLB4
9 0.759 HLB5
10 0.6353 NA1
11 0.7622 NA2
12 0.7003 NA3
13 0.7443 NA4
14 0.547 NA5
15 0.8283 NB1
16 0.7354 NB2
17 0.6436 NB3
18 0.7867 AAS1
19 0.6014 AAS2
20 0.5717 AAS3
21 0.7246 AU1
22 0.6083 AU2
23 0.712 AU3
24 0.6994 PF1
25 0.4936 PF2
26 0.3662 PF3
27 0.7347 AL1
28 0.9165 AL2
29 0.8461 R_AL3
30 0.5472 AL4
31 0.666 AL5
32 0.701 AS1
33 0.6198 AS2
34 0.6557 AS3
35 0.7133 APP1
36 0.614 R_APP2
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icc

Item

37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
39
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74

0.694

0.6934
0.5807
0.1873
0.4327
0.6258
0.6297
0.5861
0.5989
0.5425
0.4036
0.5258
0.4216
0.5664
0.5522
0.3784
0.543

0.495

0.578

0.5398
0.5395
0.4139
0.6662
0.6477
0.5697
0.274

0.3903
0.4654
0.7185
0.6783
0.6878
0.5589
0.5176
0.5908
0.621

0.5668
0.439

0.6937

14

APP3
UAA1
UAA2
R_UAAS3
R_AE1
AE2
AE3
R_AE4
UE1
UE2
UE3
UT1
UT2
UT3
UAL1
UAL2
UAL3
UAL4
UAL5
UALG6
AA1
AA2
AA3
R_AC1
R_AC2
R _AC3
R_AC4
All

Al2
R_AI3
Al4
AT1
AT2
R_ATS3
SP1
SP2
SP3
1IS1



i icc Item

75 0.6794 1152

76 0.5384 11S3

7 0.6133 1154

78 0.6821 AEIl

79 0.6971 AEI2

80 0.7329 R__AEI3
81 0.7031 AEl4

82 0.7407 R_AEI5
33 0.6793 UEP1

84 0.5017 UEP2

85 0.5815 UEP3
86 0.5344 UEP4
87 0.6137 UAI1

88 0.289 UAI2

89 0.4207 UAI3

90 0.5811 UAI4

Variable <- c("Grand_mean","SD","Minimum","Maximum")
# Define the names of the statistics
Value <- c(round(mean(1l_ICC$icc),digits=4),round(sd(1_ICC$icc),digits=4),
round (min(1_ICC$icc) ,digits=4) ,round(max(1l_ICC$icc) ,digits=4))
# Calculate the grand mean, standard deviation, minimum and maximum values of ICC values of 90 ite

description <- cbind(Variable, Value) # Descriptive statistics of ICC values of 90 items

# Print results

pander (description, caption = "Descriptive statistics of ICC values of 90 items")

Table 5: Descriptive statistics of ICC values of 90 items

Variable Value
Grand__mean 0.6148
SD 0.139
Minimum 0.1873
Maximum 0.9165

For the assessment of the correlation between the English and Chinese ASA Questionnaire, we fol-
lowed Cicchetti’s classification of ICC categories (Cicchetti 1994). Then we get the categories of ICC
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classifications and number of ICC values in classification category.

Classification <- c("Excellent","Good","Fair","Poor")

ICC_Range <- c("0.75-1.00","0.60-0.74","0.40-0.59","0-0.39")

# Categories of ICC classifications by Cicchettt (1994)

n_item <- length(1_ICC$icc) # Number of ICC walues

round_ICC <- round(l_ICC$icc, digits=2) # Round ICC wvalues

Number <- c(length(1l_ICC[which(round_ICC>=0.75&round_ICC<=1),]$icc),
length(1_ICC[which(round_ICC>=0.60&round_ICC<=0.74),]$icc),
length(1_ICC[which(round_ICC>=0.40&round_ICC<=0.59),]$icc),
length(1_ICC[which(round_ICC>=0.00&round_ICC<=0.39),]$icc))

# Calculate number of ICC walues in classtification category

Percentage <- c(round(Number[1]/n_item,digits=4)*100, round(Number[2]/n_item,digits=4)*100,

round (Number [3] /n_item,digits=4)*100, round(Number[4]/n_item,digits=4)*100)
# Calculate percentage of ICC walues in classification category

ICC_category <- cbind(Classification,ICC_Range,Number,Percentage)

# Print results
pander (ICC_category, caption = "Categories of ICC classifications and

number of ICC values in classification category for 90 items")

Table 6: Categories of ICC classifications and number of ICC

values in classification category for 90 items

Classification ICC_Range Number Percentage
Excellent 0.75-1.00 12 13.33
Good 0.60-0.74 39 43.33

Fair 0.40-0.59 33 36.67
Poor 0-0.39 6 6.67

4.1.2 ICC values for 24 constructs and related dimensions

We combined the scores of Constructl-8 (data0Ol.sav) and Construct 9-19 (data02.sav), as the input
data for the correlation analysis for 24 constructs/dimensions. Then we called the function getLME

to calculate ICC values for each construct/dimension.

i <- which(names(d_total)%in’c("HLA1","HLB1","NA1","NB1",6"AAS1","AUL" ,"PF1" ,"AL1",
"ASl","APPl","UAAl",”R_AEl","UEl","UTl","UALi","AAl“,”R_ACl","AIl","ATl",
"SPl","IISl","AEIl”,”UEpln,"UAlln))
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# 't' is a vector with the column number of the first English

# version of item of the construct/dimension

k1 <- c(ncol(select(d_total, HLA1:HLA4)) ,ncol(select(d_total, HLB1:HLB5)),
ncol(select(d_total, NA1:NA5)),ncol(select(d_total, NB1:NB3)),
ncol(select(d_total, AAS1:AAS3)),ncol(select(d_total, AU1:AU3)),
ncol(select(d_total, PF1:PF3)),ncol(select(d_total, AL1:AL5)),
ncol(select(d_total, AS1:AS3)),ncol(select(d_total, APP1:APP3)),
ncol(select(d_total, UAA1:R_UAA3)),ncol(select(d_total, R_AE1:R_AE4)))

# 'kl1' is a vector with the number of questionnaire items of each

# construct/dimension for Construct 1-8

# Note that we assume here that construct/dimension items are

# adjacent columns in the data frame

k2 <- c(ncol(select(d_total, UE1:UE3)),ncol(select(d_total, UT1:UT3)),
ncol(select(d_total, UAL1:UAL6)),ncol(select(d_total, AA1:AA3)),
ncol(select(d_total, R_AC1:R_AC4)),ncol(select(d_total, AI1:AI4)),
ncol(select(d_total, AT1:R_AT3)),ncol(select(d_total, SP1:SP3)),
ncol(select(d_total, IIS1:IIS4)),ncol(select(d_total, AEI1:R_AEI5)),
ncol(select(d_total, UEP1:UEP4)),ncol(select(d_total, UAI1:UAI4)))
# 'k2' is a wvector with the number of questionnatire items of each

# construct/dimension for Construct 9-19

= c(k1,k2)

Combine k1 and k2 into a single vector with the number of questionnaire
items of each construct/dimension of the entire ASAQ

<- cbind.data.frame(i,k)

Combine 7 and k into a data frame, whereby % indicates the column number

of the first English item of a construct and k the total number of adjacent

H R R P O® ow N

questionnaire items associated with the construct

1_ICC <- data.frame(ConstructID=double(), Construct=character(), icc=double())

# Initialize output of ICC walues of 24 constructs/dimensions

for( p in 1:24 )
# Go step by step to 24 constructs/dimensions of the ASA questionnaire

{
i <= hlp,1]
# Column number of the first ASAQ item in English of the construct/dimension
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j <- i+ Chinese_column_offset
# The column number of the first ASAQ item in the
# Chinese version of the construct/dimension
k <- h[p,2]
# The number of ASAQ items associate to the construct/dimension
s_Chinese <- data.frame(d_totall,j: (j+k-1)1)
# Select the scores of all the ASAQ items in Chinese
# associated with the construct/dimension
s_English <- data.frame(d_totall[,i:(i+k-1)]1)
# Select the score of all the ASAQ items in English associated
# with the construct/dimension
average_s_Chinese <- data.frame(rowMeans(s_Chinese))
# Calculate the mean score of ASAQ items in Chinese assoctated
# with the construct/dimension per participant
average_s_English <- data.frame(rowMeans(s_English))
# Doing the same but now for English wversion of the items
colnames(average_s_Chinese) <- c("score") # Rename Chinese mean column
colnames(average_s_English) <- c("score") # Rename English mean column
1_ICC <- rbind(1_ICC, data.frame (p, icc = getLME(average_s_Chinese, average_s_English)))
# Call function 'getLME' for ICC wvalue calculation
}
1_ICC$Construct = c('HLA','HLB','NA','NB','AAS','AU','PF','AL','AS','APP',
'"UAA','AE','UE','UT','UAL','AA','AC','AI','AT','SP','IIS','AEI', 'UEP', 'UAI")
# Add construct/dimension name code

pander (1_ICC, caption = "ICC values for 24 constructs/dimensions")

Table 7: ICC values for 24 constructs/dimensions

p icc Construct
1 0.9514 HLA
2 0.9067 HLB
3 0.8829 NA
4 0.8407 NB

5 0.8286 AAS
6 0.8105 AU
7 0.7271 PF

8 0.9146 AL

9 0.7953 AS
10 0.8071 APP
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p icc Construct

11 0.6107 UAA
12 0.8174 AE
13 0.6525 UE
14 0.6665 UT
15 0.7781 UAL
16 0.7295 AA
17 0.715 AC
18 0.7921 Al
19 0.7227 AT
20 0.721 SpP
21 0.774 I1S
22 0.8909 AEI
23 0.8202 UEP
24 0.7344 UAI

Variable <- c("Grand_mean","SD","Minimum","Maximum")

# Define the names of the statistics

Value <- c(round(mean(l_ICC$icc),digits=4),round(sd(1_ICC$icc),digits=4),
round(min(1l_ICC$icc) ,digits=4) ,round(max(1l_ICC$icc),digits=4))

# Calculate the grand mean, standard deviation, minimum and

# maximum values of ICC wvalues of 24 constructs/dimensions

description <- cbind(Variable, Value)

# Descriptive statistics of ICC wvalues of 24 constructs/dimensions
# Print results

pander (description, caption = "Descriptive statistics of ICC values

of 24 constructs/dimensions")

Table 8: Descriptive statistics of ICC values of 24 con-

structs/dimensions
Variable Value
Grand mean 0.7871
SD 0.0866
Minimum 0.6107
Maximum 0.9514
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Classification <- c("Excellent","Good","Fair","Poor")

ICC_Range <- c("0.75-1.00","0.60-0.74","0.40-0.59","0-0.39")

# Categories of ICC classifications by Cicchettt (1994)

n_item <- length(1l_ICC$icc) # Number of ICC values

round_ICC <- round(1l_ICC$icc, digits=2) # Round ICC wvalues

Number <- c(length(1_ICC[which(round_ICC>=0.75&round_ICC<=1),]$icc),
length(1_ICC[which(round_ICC>=0.60&round_ICC<=0.74),]%icc),
length(1_ICC[which(round_ICC>=0.40&round_ICC<=0.59),]$icc),
length(1_ICC[which(round_ICC>=0.00&round_ICC<=0.39),]$icc))

# Calculate number of ICC values in classification category

Percentage <- c(round(Number[1]/n_item,digits=4)+*100, round(Number[2]/n_item,digits=4)*100,

round (Number [3] /n_item,digits=4)*100, round(Number[4]/n_item,digits=4)*100)
# Calculate percentage of ICC walues in classification category

ICC_category <- cbind(Classification,ICC_Range,Number,Percentage)

# Print results
pander (ICC_category, caption = "Categories of ICC classifications and number

of ICC values in classification category for 24 constructs/dimensions")

Table 9: Categories of ICC classifications and number of ICC

values in classification category for 24 constructs/dimensions

Classification ICC_Range Number Percentage
Excellent 0.75-1.00 15 62.5

Good 0.60-0.74 9 37.5

Fair 0.40-0.59 0 0

Poor 0-0.39 0 0

4.1.3 ICC values between English and Chinese scores for the short version of ASA ques-

tionnaire

The last ICC calculation is for the ASAQ items of the short version of the ASAQ. The procedure is

similar to ICC calculation of the 90 items, only this time, we select only the relevant 24 items first.

s_Chinese <- select(d_total,HLA2_CH,HLB5_CH,NA4_CH,NB3_CH,AAS1_CH,AUl1_CH,PF1_CH,
AL2_CH,AS1_CH,APP1_CH,UAA1_CH,R_AE1_CH,UE2_CH,UT3_CH,UAL1_CH,
AA2 CH,R_AC1_CH,R_AI3_CH,AT1_CH,SP2_CH,IIS2_CH,R_AEI3_CH,UEP3_CH,UAI4_CH)
# Select Chinese wversions of the 24 representative ASAQ items

s_English <- select(d_total,HLA2,HLB5,NA4,NB3,AAS1,AU1,PF1,AL2,AS1,APP1,UAAL,
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R_AE1,UE2,UT3,UAL1,AA2,R_AC1,R_AI3,AT1,SP2,IIS2,R_AEI3,UEP3,UAI4)
# Select English wversions of the 24 representative ASAQ items

ss <- cbind(s_Chinese,s_English)

# Combine Chinese and English scores

n <- ncol(ss) # Numbers of all columns in ss

English_column_offset

<-n /2

1_ICC <- data.frame(ID=double(), Item=character(), icc=double())

# Inttialize output of ICC values of 24 representative items

for (i in 1:24)

# Go step by step to 24 representative items of the ASA questionnaire

{

score_Chinese <- data.frame(score=ssl[,i])
# Select Chinese scores of the ASAQ ttem

score_English <- data.frame(score=ss[,i+ English_column_offset])
# Select English scores of the ASAQ item

1_ICC <- rbind(1_ICC, data.frame (i, icc =
# Call function 'getLME' for ICC wvalue calculation

}

getLME(score_Chinese, score_English)))

1_ICC$Item <- colnames(s_English) # Add item name code

pander(1_ICC, caption

= "ICC values for 24 representative items")

Table 10: ICC values for 24 representative items

i icc Ttem
1 0.8983 HLA2
2 0.759 HLB5
3 0.7443 NA4
4 0.6436 NB3

5 0.7867 AAS1
6 0.7246 AU1

7 0.6994 PF1
8 0.9165 AL2

9 0.701 AS1
10 0.7133 APP1
11 0.6934 UAA1
12 0.4327 R_AE1
13 0.5425 UE2
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i icc Item

14 0.5664 UT3

15 0.5522 UAL1
16 0.4139 AA2

17 0.6477 R_AC1
18 0.6783 R_AI3
19 0.5589 AT1

20 0.5668 SP2

21 0.6794 1152

22 0.7329 R_AEI3
23 0.5815 UEP3
24 0.5811 UAI4

Variable <- c¢("Grand_mean","SD","Minimum","Maximum")

# Define the names of the statistics

Value <- c(round(mean(l_ICC$icc),digits=4),round(sd(1_ICC$icc),digits=4),
round(min(1l_ICC$icc) ,digits=4) ,round(max(1l_ICC$icc),digits=4))

# Calculate the grand mean, standard deviation, minimum

# and mazimum values of ICC wvalues of 24 representative items

description <- cbind(Variable, Value)

# Descriptive statistics of ICC wvalues of 24 representative ttems

# Print results
pander(description, caption = "Descriptive statistics of ICC values

of 24 representative items")

Table 11: Descriptive statistics of ICC values of 24 representa-

tive items

Variable Value

Grand _mean 0.6589
SD 0.1235
Minimum 0.4139
Maximum 0.9165

Classification <- c("Excellent","Good","Fair","Poor")
ICC_Range <- c("0.75-1.00","0.60-0.74","0.40-0.59","0-0.39")
# Categories of ICC classifications by Cicchettt (1994)
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n_item <- length(1l_ICC$icc) # Number of ICC wvalues

round_ICC <- round(l_ICC$icc, digits=2) # Round ICC wvalues

Number <- c(length(l_ICC[which(round_ICC>=0.75&round_ICC<=1),]$icc),
length(1_ICC[which(round_ICC>=0.60&round_ICC<=0.74),]$icc),
length(1_ICC[which(round_ICC>=0.40&round_ICC<=0.59),]$icc),
length(1_ICC[which(round_ICC>=0.00&round_ICC<=0.39),]$icc))

# Calculate number of ICC values in classification category

Percentage <- c(round(Number[1]/n_item,digits=4)+*100, round(Number[2]/n_item,digits=4)#*100,

round (Number [3] /n_item,digits=4)*100, round(Number[4]/n_item,digits=4)*100)
# Calculate percentage of ICC walues in classification category

ICC_category <- cbind(Classification,ICC_Range,Number,Percentage)

# Print results
pander (ICC_category, caption = "Categories of ICC classifications and number

of ICC values in classification category for 24 representative items")

Table 12: Categories of ICC classifications and number of ICC

values in classification category for 24 representative items

Classification ICC_Range Number Percentage
Excellent 0.75-1.00 4 16.67
Good 0.60-0.74 11 45.83

Fair 0.40-0.59 9 37.5

Poor 0-0.39 0 0

4.2 Variation Between English and Chinese ASA Questionnaire

The results were reported in the subsection of Variation Between English and Chinese ASA Ques-
tionnaire. The mean score differences between the English and Chinese questionnaires are estimates
for absolute accuracy in score equivalence between the two languages. 95% credible interval of mean
paired difference was calculated by Bayesian paired t-test, for item level, construct and dimension level,
and the short version of the ASA questionnaire. We used the combined input data of data0l.sav and
data02.sav.

4.2.1 Mean score differences for 90 items

We used the Bayesian pairwise t-test to estimate the difference in ASAQ items score between the English
and the Chinese version. First we define function establish sample means and standard deviation, next

relevant information is extracted from output date produced by Bayesian t-test.
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getBAYES <-function(ID, ss_1, ss_2, B_output)

# Function to obtain mean, and sd values of ss_1 (Chinese)

# and ss_2 (English), and relevant information from

# Bayesian t-test output stored in B_output,

# this is take from the 1 line for Bayes output

# which relates to the estimation of the means and mean difference

# ID is the tdentification number added in the return data

# frame row to identify an item or construct

{ 1 <- data.frame(ID,
mean_Chinese = mean(ss_1), # Mean of Chinese translation
sd_Chinese = sd(ss_1), # Standard deviation of Chinese translation
mean_English = mean(ss_2), # Mean of English item
sd_English = sd(ss_2), # Standard deviation of English item
mean_diff = as.numeric(B_output[["stats"]1]1[1,1]), # Mean of mu difference
sd_diff = as.numeric(B_output[["stats"]]1[1,2]), # Standard deviation
HDIlo as.numeric(B_output[["stats"]]1[1,5]), # HDIlo
HDIup = as.numeric(B_output[["stats"]]1[1,6]), # HDIup

ess_bulk = as.numeric(B_output[["stats"]][1,16]),# ess_bulk
Rhat = as.numeric(B_output[["stats"]][1,15]), # Rhat
P_posterior = max(B_output[["stats"]][1,8], # Ji<comp
B_output [["stats"]]1[1,7]), # Z>comp
zero_excl = ifelse((as.numeric(B_output[["stats"]1[1,5]1)>0) # HDIlo
| (as.numeric(B_output[["stats"]][1,61)<0),# HDIup
kL)
#add “*  marker if the low bound of HDI is large than zero,
# or the upper bound <s smaller than zero
)
return(l) # Line 1 in the bayes.t.test output of mu_diff
}

With the function getBAY ES defined, we now go examine for ASAQ item the difference between

Chinese and English scores.

item_list <- data.frame(Item=character(),ID=double(),mean_Chinese=double(),
sd_Chinese=double() ,mean_English=double(),sd_English=double(),
mean_diff=double(),sd_diff=double() ,HDIlo=double(),
HDIup=double() ,zero_excl=character())

# Inttialize output of Items with credible bias indication

set.seed(1) # Make sure that estimations of Bayestan analyses remain the same
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n <- ncol(d_total)
# Numbers of all columns in d_total, 7.e. English and Chinese scores combined
Chinese_column_offset <- n /2

# Offset for the column position of the first Chinese ASAQ items

for (i in 1:90)

# Go step by step to 90 ASA questionnaire items

{
score_Chinese <- d_total[,i+ Chinese_column_offset] # Chinese scores
score_English <- d_totall,il # English item scores
fit <- bayes.t.test(score_Chinese, score_English, paired = TRUE)

# conduct a Bayesian paired t-test on the Chinese and English score of ASAQ item

item_list <- rbind(item_list, getBAYES(i, score_Chinese, score_English, fit))

# store results from Bayesian analysis in a list to print later

# Print results

item_list$Item = colnames(select(d_total,HLA1:UAI4))

# Add item mame code
pander(select(item_list,ID,mean_Chinese,sd_Chinese,mean_English,sd_English,Item),

caption = "Items with credible bias indication (Part 1)")

Table 13: Items with credible bias indication (Part 1)

1D mean_ Chinese sd_ Chinese mean_ English sd__English Ttem
1 -1.025 2.023 -0.843 2.145 HLA1
2 -0.7521 2.207 -0.7355 2.152 HLA2
3 -0.7273 2.156 -0.6942 2.089 HLA3
4 -0.4132 2.088 -0.5289 2.086 HLA4
5 0.07438 1.79 -0.3388 1.904 HLB1
6 -0.3058 1.774 0.1818 1.727 HLB2
7 -0.01653 2.021 0.01653 1.91 HLB3
8 -0.4545 1.862 -0.1322 1.789 HLB4
9 0.1818 1.889 0.3306 1.846 HLB5
10 -0.7355 2.048 -0.5207 2.013 NA1
11 -0.1983 2.015 -0.3223 1.972 NA2
12 -0.4628 1.95 -0.2893 1.899 NA3
13 -0.314 1.945 -0.3554 1.901 NA4
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1D mean_ Chinese sd_Chinese mean_ English sd__English Item

14 0.281 1.766 0.3802 1.582 NA5

15 -0.8264 2.171 -0.876 2.124 NB1

16 0.01653 1.807 0.08264 1.759 NB2

17 0.6116 1.823 0.2231 1.895 NB3

18 0.9421 1.604 1.008 1.48 AAS1
19 0.7521 1.545 1.008 1.497 AAS2
20 0.6777 1.757 0.9256 1.577 AAS3
21 1.149 1.289 1.008 1.345 AU1

22 1.008 1.307 0.9669 1.449 AU2

23 1.05 1.29 1.149 1.364 AU3

24 1.339 1.382 1.124 1.547 PF1

25 1.124 1.394 1 1.372 PF2

26 1.554 1.04 1.083 1.358 PF3

27 0.4959 1.664 0.3554 1.668 ALl

28 0.4628 1.798 0.5537 1.746 AL2

29 0.8512 1.838 1.017 1.793 R_AL3
30 1.322 1.343 1.339 1.229 Al4

31 0.4463 1.708 -0.1983 1.926 AL5

32 0.3471 1.601 0.1983 1.563 AS1

33 0.405 1.498 0.6529 1.407 AS2

34 0.8099 1.599 0.9421 1.392 AS3

35 0.2231 1.605 0.4132 1.504 APP1
36 0.2231 1.646 0.1405 1.665 R_APP2
37 0.3967 1.828 0.06612 1.847 APP3
38 0.9917 1.268 1.107 1.283 UAA1
39 0.9008 1.313 0.9421 1.439 UAA2
40 1.107 1.606 1.132 1.668 R_UAA3
41 1.157 1.39 0.4628 1.643 R_AE1
42 0.8017 1.503 0.9339 1.448 AE2

43 0.8926 1.401 1.041 1.502 AE3

44 1.231 1.296 1.347 1.407 R_AE4
45 1.818 1.111 1.719 1.26 UE1

46 1.57 1.251 1.727 1.133 UE2

47 0.8926 1.702 1.322 1.523 UE3

48 -0.08264 1.492 -0.2479 1.479 UT1

49 1.017 1.225 0.8595 1.293 UT2

50 0.6116 1.387 0.438 1.532 UT3

51 -0.02479 1.666 0.2727 1.571 UAL1
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1D mean_ Chinese sd_Chinese mean_ English sd__English Item

52 -0.06612 1.553 0.4298 1.334 UAL2
53 0.5372 1.291 0.314 1.517 UAL3
54 0.9174 1.275 1.017 1.39 UAL4
55 0.9835 1.218 0.8678 1.323 UAL5
56 0.8099 1.468 0.9339 1.459 UALG6
57 1.438 1.328 1.678 1.156 AAl

58 1.364 1.36 1.306 1.161 AA2

59 1.603 1.393 1.537 1.342 AA3

60 1.579 1.395 1.405 1.492 R_AC1
61 1.57 1.365 1.479 1.489 R_AC2
62 1.017 1.516 1.306 1.29 R_AC3
63 1.479 1.438 1.372 1.634 R_AC4
64 0.4876 1.679 0.6529 1.436 All

65 0.7025 1.6 0.843 1.597 Al2

66 1.14 1.635 1.05 1.731 R_AI3
67 0.09917 1.748 0.2479 1.753 Al4

68 0.9669 1.494 1.107 1.431 AT1

69 1.107 1.442 1.058 1.337 AT2

70 1.149 1.579 1.273 1.628 R_AT3
71 0.1488 1.631 0.3058 1.647 SP1

72 -0.5455 1.612 -0.1322 1.522 SP2

73 0.2562 1.552 -0.5124 1.761 SP3

74 0.3884 1.54 0.438 1.554 1IS1

75 0.5124 1.403 0.5455 1.565 11S2

76 0.3388 1.452 0.3802 1.556 1IS3

77 0.686 1.354 0.4215 1.448 1154

78 -0.843 1.683 -0.686 1.732 AEI1
79 -0.314 1.821 -0.5207 1.844 AEI2
80 -0.3306 2.031 -0.3884 1.859 R__AEI3
81 0.06612 1.759 -0.01653 1.817 AEI4
82 -0.3884 1.929 -0.5124 1.853 R_AEI5
83 1.314 1.304 1.083 1.525 UEP1
84 0.8182 1.576 0.4463 1.756 UEP2
85 0.9339 1.559 1.041 1.588 UEP3
86 0.6364 1.789 0.6777 1.561 UEP4
87 1.14 1.404 1.099 1.551 UAIL
88 1.818 1.19 1.091 1.396 UAI2
89 1.397 1.114 1.306 1.359 UAI3
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1D mean_ Chinese sd_Chinese mean_ English sd__English Item
90 0.7355 1.672 0.7025 1.406 UAI4
pander (select(item_list,ID,mean_diff,sd_diff,HDIlo,HDIup,Item),
caption = "Items with credible bias indication (Part 2)")
Table 14: Items with credible bias indication (Part 2)

ID mean__diff sd_ diff HDIlo HDIup Ttem
1 -7.188e-07 9.937e-05 -0.0001955 0.0001924 HLA1
2 3.67e-07 8.218e-05 -0.0001653 0.0001573 HLA2
3 4.401e-09 7.967e-05 -0.0001553 0.0001567 HLA3
4 -1.271e-06 0.0001988 -0.0003689 0.0003796 HLA4
5 0.2539 0.1141 0.04005 0.4834 HLB1
6 -0.4202 0.1528 -0.7245 -0.1284 HLB2
7 -0.03565 0.1018 -0.2396 0.1617 HLB3
8 -0.1784 0.1216 -0.405 0.03016 HLB4
9 -0.1249 0.1077 -0.3373 0.08507 HLB5
10 -0.08581 0.114 -0.3175 0.1327 NA1
11 0.1671 0.1066 -0.0386 0.3785 NA2
12 -0.1369 0.1383 -0.4033 0.1394 NA3
13 0.001093 0.01531 -0.03078 0.03403 NA4
14 -0.09682 0.1394 -0.3723 0.1779 NA5
15 1.471e-07 0.0001033 -0.0002013 0.000203 NB1
16 -0.02706 0.05939 -0.165 0.08089 NB2
17 0.2013 0.1126 -0.01095 0.4202 NB3
18 -2.532e-07 9.214e-05 -0.0001849 0.0001756 AAS1
19 -6.584e-05 0.001138 -0.002095 0.001959 AAS2
20 -0.1443 0.1024 -0.3431 0.05828 AAS3
21 -9.323e-07 9.369e-05 -0.0001824 0.0001849 AU1
22 0.004655 0.03196 -0.06187 0.07011 AU2
23 -2.613e-07 0.000159 -0.0002939 0.0002895 AU3
24 0.09081 0.08185 -0.04065 0.2515 PF1
25 0.09248 0.09531 -0.09291 0.2809 PF2
26 0.392 0.1087 0.1759 0.6051 PF3
27 0.08177 0.09641 -0.1071 0.2742 ALl
28 -5.536e-07 6.323e-05 -0.0001254 0.0001222 AL2
29 -6.155e-07 8.904e-05 -0.0001726 0.0001764 R_AL3
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1D mean__ diff sd_ diff HDIlo HDIup Item

30 0.04041 0.0851 -0.1252 0.2127 Al4

31 0.6105 0.1267 0.3575 0.8529 AL5

32 0.1047 0.1067 -0.1002 0.3193 AS1

33 -0.1921 0.1122 -0.4164 0.02279 AS2

34 -0.07396 0.1093 -0.2939 0.1336 AS3

35 -0.1894 0.1051 -0.399 0.01535 APP1
36 0.01919 0.1099 -0.1971 0.2369 R_APP2
37 0.01018 0.02504 -0.02594 0.05835 APP3
38 -2.276e-07 9.552e-05 -0.0001874 0.0001885 UAA1L
39 -0.03225 0.05357 -0.1625 0.04307 UAA2
40 -0.0468 0.1342 -0.3125 0.2156 R_UAA3
41 0.6811 0.1312 0.4244 0.9397 R_AE1
42 -0.1496 0.09065 -0.3277 0.01357 AE2

43 -0.09706 0.1023 -0.3022 0.1009 AE3

44 -0.1166 0.1017 -0.3205 0.08084 R_AFE4
45 -1.596e-08 9.835e-05 -0.0001918 0.0001934 UE1

46 -0.01851 0.04458 -0.1306 0.03728 UE2

47 -0.08769 0.07973 -0.2596 0.0448 UE3

48 -5.078e-07 0.0001796 -0.000339 0.0003163 UT1

49 0.125 0.1063 -0.07878 0.3345 UT2

50 0.1132 0.09759 -0.0741 0.3065 UT3

51 -0.01024 0.08947 -0.1951 0.1632 UAL1
52 -0.3377 0.1539 -0.6339 -0.04552 UAL2
53 0.1959 0.1172 -0.03197 0.4269 UAL3
54 -0.1006 0.12 -0.3314 0.1405 UAL4
55 0.1348 0.1018 -0.06713 0.3303 UAL5
56 -0.1814 0.1111 -0.3967 0.03888 UALG6
57 -0.007201 0.02541 -0.05543 0.03126 AAl

58 0.08272 0.1166 -0.1501 0.3092 AA2

59 -3.442e-07 0.0001106 -0.0002178 0.000218 AA3

60 0.09318 0.08796 -0.07185 0.2712 R_AC1
61 -0.04882 0.06895 -0.1988 0.07674 R_AC2
62 -0.2658 0.1524 -0.5665 0.03382 R_AC3
63 -0.04125 0.08572 -0.2109 0.1343 R_AC4
64 -0.06886 0.1319 -0.3364 0.18 All

65 6.113e-07 0.0001805 -0.000349 0.0003413 Al2

66 1.404e-05 0.001557 -0.002447 0.002436 R_AI3
67 -0.04672 0.06395 -0.1957 0.05222 Al4
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1D mean__ diff sd_ diff HDIlo HDIup Item
68 -0.1579 0.1102 -0.3763 0.05469 AT1
69 0.0956 0.1053 -0.1099 0.3027 AT2
70 -2.401e-07 0.0001691 -0.0003336 0.0003231 R_AT3
71 -0.04868 0.1129 -0.2819 0.1625 SP1
72 -0.3319 0.1194 -0.5713 -0.09939 SP2
73 0.7703 0.1476 0.4755 1.056 SP3
74 -6.38e-07 0.0001086 -0.0002109 0.0002127 1IS1
75 4.663e-07 0.0001121 -0.0002202 0.0002209 1IS2
76 -0.03015 0.1067 -0.2433 0.1783 1IS3
77 0.1769 0.09481 -0.002427 0.3622 1154
78 -0.06355 0.07865 -0.2394 0.06533 AEIl
79 0.1074 0.1212 -0.1289 0.3456 AEI2
80 0.01417 0.08331 -0.1525 0.1801 R_AEI3
81 -0.003044 0.05801 -0.1262 0.1198 AEI4
82 1.265e-06 0.0002116 -0.000411 0.0003941 R_AEI5
83 0.2038 0.1036 0.005842 0.4133 UEP1
84 0.3114 0.1557 0.009181 0.6192 UEP2
85 -0.001132 0.006757 -0.00804 0.00589 UEP3
86 0.09677 0.1406 -0.1778 0.3749 UEP4
87 0.0713 0.1008 -0.1241 0.2696 UAIl
88 0.6992 0.1307 0.4426 0.9548 UAI2
89 0.07676 0.1208 -0.1573 0.3141 UAI3
90 0.0706 0.1035 -0.1314 0.2796 UAI4
pander (select(item_list,ID,ess_bulk,Rhat,P_posterior,zero_excl,Item),
caption = "Items with credible bias indication (Part 3)")
Table 15: Ttems with credible bias indication (Part 3)

1D ess_bulk Rhat P_ posterior zero_excl Item

1 22554 1.001 0.504 HLA1

2 20787 1 0.5032 HLA2

3 20563 1 0.5013 HLA3

4 14866 1.007 0.5026 HLA4

5 7564 1.001 0.9904 HLB1

6 10415 1 0.9974 HLB2

7 17483 1.001 0.6412 HLB3
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1D ess_bulk Rhat P posterior zero_excl Ttem
877 1.025 0.943 HLB4
17814 1 0.8785 HLB5

10 11185 1 0.7775 NA1

11 17861 1 0.9435 NA2

12 14317 1 0.8394 NA3

13 11214 1.001 0.5219 NA4

14 17334 1 0.7614 NA5

15 19320 1 0.5009 NB1

16 3708 1.002 0.6726 NB2

17 5300 1.001 0.9768 NB3

18 20535 1.001 0.5011 AAS1

19 1874 1.004 0.5088 AAS2

20 15135 1.001 0.9249 AAS3

21 21193 1 0.5024 AU1

22 8353 1.004 0.5553 AU2

23 17655 1.001 0.5023 AU3

24 1078 1.003 0.8794 PF1

25 14426 1 0.8351 PEF2

26 17078 1 0.9998 * PF3

27 10368 1 0.806 ALl

28 22418 1 0.5042 AL2

29 21466 1 0.5046 R_AL3

30 17783 1 0.6875 Al4

31 14908 1.001 1 * AL5

32 14407 1.001 0.8399 AS1

33 10780 1 0.9598 AS2

34 12626 1 0.7501 AS3

35 18597 1 0.9628 APP1

36 16781 1.001 0.5651 R_APP2

37 3034 1.006 0.6683 APP3

38 22670 1 0.5006 UAA1

39 828 1.006 0.7457 UAA2

40 18697 1.001 0.6387 R_UAA3

41 18190 1 1 * R_AE1

42 4885 1 0.9637 AE2

43 16590 1 0.8297 AE3

44 17324 1 0.8773 R_AE4

45 18563 1 0.5001 UE1
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1D ess_bulk Rhat P posterior zero_excl Ttem

46 316 1.244 0.6527 UE2

47 3039 1.003 0.9042 UE3

48 14212 1.038 0.5003 UT1

49 16083 1 0.8831 UT2

50 10879 1 0.8824 UT3

51 11675 1 0.5288 UAL1
52 3181 1.001 0.9933 * UAL2
53 16403 1 0.9546 UAL3
54 18254 1 0.7981 UAL4
55 17877 1 0.9068 UAL5
56 16776 1 0.9489 UALG6
57 2300 1.096 0.6021 AAl

58 19628 1 0.7617 AA2

59 22227 1 0.5021 AA3

60 12702 1 0.8579 R_AC1
61 8211 1 0.7728 R_AC2
62 17197 1 0.9586 R_AC3
63 17227 1 0.6975 R_AC4
64 11837 1 0.6939 All

65 14989 1.008 0.5004 Al2

66 1543 1.04 0.5009 R_AI3
67 2286 1.001 0.7877 Al4

68 17451 1 0.9263 AT1

69 18483 1 0.8168 AT?2

70 19240 1 0.501 R_AT3
71 11015 1 0.6628 SP1

72 7766 1 0.9986 * SP2

73 19180 1 1 * SP3

74 19673 1 0.5038 I1S1

75 22010 1.001 0.5019 11S2

76 17411 1 0.6086 I1S3

7 4958 1.001 0.976 1154

78 2827 1.001 0.8041 AEIl
79 8076 1.002 0.8116 AEI2
80 16598 1 0.5679 R_AEI3
81 12723 1.001 0.5233 AEI4
82 15910 1.003 0.5046 R__AEI5
83 15779 1 0.9755 * UEP1
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1D ess_bulk Rhat P posterior zero_excl Ttem

84 11677 0.9999 0.9782 * UEP2
85 976 1.303 0.5323 UEP3
86 12116 1 0.7577 UEP4
87 18249 1 0.7604 UAI1
88 16332 1 1 * UAI2
89 18216 1 0.7364 UAI3
90 18613 1 0.7566 UAI4

# Calculate Grand mean information across the statistics obtained from 90 items

Variable <- c("mean_Chinese","sd_Chinese","mean_English","sd_English",
"mean_diff","sd_diff","minimum diff","maximum_diff",
"n_zero_excl","percent_zero_excl")

# Define the names of the statistics

Grand_mean <- c(mean(item_list$mean_Chinese),mean(item_list$sd_Chinese),
mean (item_list$mean English) ,mean(item_list$sd_English),
mean (abs(item_list$mean_diff)) ,mean(item_list$sd_diff),
min(item_list$mean_diff) ,max(item_list$mean_diff),
sum(item_list$zero_excl=="#"),round(sum(item_list$zero_excl=="*")
/length(item_list$ID),digits=4)*100)
# Calculate the grand means of mean_Chinese, sd_Chinese, mean_English, sd_English,
# sd_diff, grand mean of the absolute wvalue of mean differences, number of items

# with credible bias indication, and percentage of these items
# Print results

GrandMean <- cbind(Variable, Grand_mean)

pander (GrandMean, caption = "Grand mean of 90 items")

Table 16: Grand mean of 90 items

Variable Grand mean
mean_ Chinese 0.567217630853994
sd_ Chinese 1.58707052276564
mean_ English 0.555922865013774
sd__English 1.59449315576764
mean__diff 0.113213305038185
sd_ diff 0.0772717227688591
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Variable Grand mean

minimum_ diff -0.420182682686443
maximum__diff 0.770314335594873
n_zero_excl 11

percent_ zero__excl 12.22

4.2.2 Mean score differences for 24 constructs and related dimensions

Next, step is to repeat the Bayesian t-test analysis but this time on a construct level. 95% credible
interval of mean pairwise difference by Bayesian paired t-test was calculated for 24 constructs and
related dimensions. It would reveal the variation between 24 English ASA constructs/dimensions and
corresponding Chinese translations. Before the t-test can be performed, we first have to calculate the
construct score for each participant by taking the average score of the related ASAQ score. We have
to do this both for the English and the Chinese version of the ASAQ.

con_list<-data.frame(Construct=character(),ID=double() ,mean_Chinese=double(),
sd_Chinese=double() ,mean_English=double(),sd_English=double(),
mean_diff=double(),sd_diff=double() ,mean_diff=double(),
HDIlo=double () ,HDIup=double() ,zero_excl=character())

# Initialize output of Constructs/dimensions with credible bias indication

n <- ncol(d_total)

# Numbers of all columns in d_total, <.e. English and Chinese scores combined
Chinese_column_offset <- n /2

# Offset for the column position of the first Chinese ASA( items

for(p in 1:24)

# Go step by step to 24 constructs/dimensions

{
i = hip,1]
# The column with the first English ASAQ item of the construct/dimension
j = i+ Chinese_column_offset
# The column with the first Chinese ASAQ item of the construct/dimension
k = hlp,2] # The number of columns/items of the construct/dimension
s_Chinese <- data.frame(d_totall,j:(j+k-1)]1) # Select Chinese scores
s_English <- data.frame(d_totall[,i:(i+k-1)]) # Select English scores
average_s_Chinese <- data.frame(rowMeans(s_Chinese))
# Chinese score means for each construct/dimension per participant

average_s_English <- data.frame(rowMeans(s_English))
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# English score means for each construct/dimension per participant
colnames (average_s_Chinese) <- c("score")

# Rename Chinese mean column

colnames (average_s_English) <- c("score")

# Rename English mean column

score <- data.frame(cbind(average_s_Chinese,average_s_English))

# Combine averaged scores of Chinese and English constructs/dimensions
score_Chinese <- scorel[,1]

# Select averaged scores of each Chinese construct/dimension,

# make sure data format is suitable for Bayesian patired t-test
score_English <- scorel[,2]

# Select averaged scores of each English construct/dimension,

# make sure data format ts suitable for Bayesian paired t-test

fit <- bayes.t.test(score_Chinese,score_English, paired = TRUE)

# Conduct Bayesian t-test

con_list <- rbind(con_list,getBAYES(p,score_Chinese,score_English,fit))
# Call function 'getBAYES' to obtain relevant information

# from Bayestan t-test output and add result to output list

# Print results
con_list$Construct=c('HLA','HLB','NA','NB','AAS','AU','PF','AL',"'AS', " 'APP',
'"UAA','AE','UE','UT','UAL','AA','AC',"AI','AT','SP','IIS', 'AEI','UEP','UAI")

# Add construct/dimension mame code
pander(select(con_list,ID,mean_Chinese,sd_Chinese,mean_English,sd_English,Construct),

caption = "Constructs/dimensions with credible bias indication (Part 1)")

Table 17: Constructs/dimensions with credible bias indication

(Part 1)

1D mean_ Chinese sd Chinese mean_ English sd__English Construct
1 -0.7293 1.983 -0.7004 2.021 HLA

2 -0.1041 1.615 0.01157 1.613 HLB

3 -0.286 1.674 -0.2215 1.546 NA

4 -0.06612 1.607 -0.1901 1.648 NB

5 0.7906 1.423 0.9807 1.349 AAS

6 1.069 1.178 1.041 1.238 AU

7 1.339 0.9991 1.069 1.14 PF

8 0.7157 1.369 0.6132 1.35 AL
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1D mean_ Chinese sd_Chinese mean_ English sd__English Construct
9 0.5207 1.366 0.5978 1.238 AS
10 0.281 1.398 0.2066 1.378 APP
11 1 1.062 1.061 1.074 UAA
12 1.021 1.063 0.9463 1.175 AE
13 1.427 0.9381 1.59 1.037 UE
14 0.5152 1.077 0.3499 1.12 uT
15 0.5262 0.9806 0.6391 0.983 UAL
16 1.468 1.129 1.507 1.022 AA
17 1.411 1.243 1.39 1.152 AC
18 0.6074 1.227 0.6983 1.205 Al
19 1.074 1.23 1.146 1.263 AT
20 -0.04683 1.243 -0.1129 1.259 SP
21 0.4814 1.197 0.4463 1.236 1IS
22 -0.362 1.602 -0.4248 1.636 AEI
23 0.9256 1.237 0.812 1.308 UEP
24 1.273 0.9984 1.05 1.133 UAI

pander (select(con_list,ID,mean_diff,sd_diff,HDIlo,HDIup,Construct),

caption = "Constructs/dimensions with credible bias indication (Part 2)")

Table 18: Constructs/dimensions with credible bias indication

(Part 2)

ID mean__ diff sd_ diff HDIlo HDIup Construct
1 -0.005436 0.05393 -0.1105 0.1008 HLA
2 -0.104 0.06399 -0.234 0.01759 HLB
3 -0.04549 0.07177 -0.1871 0.0935 NA
4 0.1192 0.07419 -0.0248 0.2675 NB

5 -0.1629 0.06631 -0.2958 -0.0361 AAS
6 0.009714 0.05363 -0.09523 0.1166 AU

7 0.2429 0.05422 0.1304 0.3454 PF

8 0.08116 0.05003 -0.01799 0.1772 AL

9 -0.08111 0.07757 -0.2337 0.07075 AS
10 0.07656 0.07749 -0.07596 0.2262 APP
11 -0.04735 0.08356 -0.2126 0.1165 UAA
12 0.06353 0.06009 -0.0552 0.179 AE
13 -0.1555 0.07149 -0.2973 -0.0182 UE
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ID mean__diff sd_ diff HDIlo HDIup Construct

14 0.1855 0.07181 0.04631 0.328 UT
15 -0.1101 0.05783 -0.2239 0.004367 UAL
16 0.07303 0.05962 -0.04502 0.1888 AA
17 0.01912 0.08228 -0.1457 0.1771 AC
18 -0.09261 0.0669 -0.2223 0.03868 Al
19 -0.05003 0.07581 -0.1983 0.09672 AT
20 0.08395 0.08558 -0.08647 0.2466 Sp
21 0.02713 0.06243 -0.09636 0.1478 I1S
22 0.07648 0.06434 -0.05177 0.1999 AEI
23 0.1352 0.05996 0.01759 0.2517 UEP
24 0.2373 0.06289 0.1125 0.3587 UAI

pander (select(con_list,ID,ess_bulk,Rhat,P_posterior,zero_excl,Construct),

caption = "Constructs/dimensions with credible bias indication (Part 3)")

Table 19: Constructs/dimensions with credible bias indication

(Part 3)

ID ess_ bulk Rhat P_ posterior zero__excl Construct
1 13167 1.001 0.5323 HLA
2 17129 1 0.9479 HLB
3 17268 1 0.7361 NA

4 17549 1 0.9483 NB

5 15670 1 0.9926 * AAS
6 17726 0.9999 0.5699 AU
7 19330 1 1 * PF

8 15898 1.001 0.951 AL

9 17588 1 0.8525 AS
10 19443 0.9999 0.8406 APP
11 18699 1 0.7148 UAA
12 18525 1 0.8541 AE
13 17557 1 0.9863 * UE
14 17617 1 0.9948 * UuT
15 18274 0.9999 0.9712 UAL
16 13870 1 0.8907 AA
17 19537 1 0.5895 AC
18 19619 1 0.9164 Al
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1D ess_ bulk Rhat P_ posterior zero_excl Construct

19 16869 1 0.7436 AT
20 17838 1 0.8352 SP
21 17809 1 0.6721 1IS
22 18451 1 0.882 AEI
23 17515 1 0.9878 * UEP
24 18399 1 0.9998 * UAI

# Determine grand (abs) means
Variable <- c("mean_Chinese","sd_Chinese","mean_English","sd_English",
"mean diff","sd _diff","minimum diff","maximum_diff",
"n_zero_excl","percent_zero_excl")
Grand_mean <- c(mean(con_list$mean_Chinese) ,mean(con_list$sd_Chinese),
mean(con_list$mean_English) ,mean(con_list$sd_English),
mean (abs(con_list$mean_diff)) ,mean(con_list$sd_diff),
min(con_list$mean_diff) ,max(con_list$mean_diff),
sum(con_list$zero_excl=="*"),round(sum(con_list$zero_excl=="x")
/length(con_list$ID),digits=4)*100)
GrandMean <- cbind(Variable, Grand_mean)
# Calculate grand mean of mean_Chinese, sd_Chinese, mean_English, sd_English,
# sd_diff, grand mean of the absolute walue of mean differences, number of
# constructs/dimensions with credible bias indication, and percentage of these
# constructs/dimensions

pander (GrandMean, caption = "Grand mean of 24 constructs/dimensions")

Table 20: Grand mean of 24 constructs/dimensions

Variable Grand mean
mean_ Chinese 0.618807392102847
sd__ Chinese 1.28492749417871
mean_ English 0.604390495867769
sd__English 1.2968861102169
mean__diff 0.0952251753189493
sd_ diff 0.0669878839695093
minimum__diff -0.162861501604663
maximum  diff 0.242889677485211
n_zero_excl 6

percent_ zero__excl 25
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4.2.3 Mean score differences between English and Chinese short version of ASA ques-

tionnaire

As with ICC, we also conduct again difference analysis for representative ASAQ items in short version

of ASAQ.

rep_list<-data.frame(Item=character(),ID=double() ,mean_Chinese=double(),
sd_Chinese=double() ,mean_English=double(),sd_English=double(),
mean_diff=double(),sd_diff=double() ,HDIlo=double(),
HDIup=double(),zero_excl=character())

# Inttialize output of Representative items with credible bias indication

n <- ncol(ss) # Numbers of all columns in ss

English_column_offset <- n /2

for (i in 1:24)
# Go step by step to 24 representative items of the ASA questionnaire
{
score_Chinese <- as.numeric(ss[,i]) # Select Chinese scores
score_English <- as.numeric(ss[,i+ English_column_offset]) # Select English scores
fit<- bayes.t.test(score_Chinese, score_English, paired = TRUE)
rep_list <- rbind(rep_list, getBAYES(i, score_Chinese, score_English, fit))

# Print results

rep_list$Item <- c('HLA2','HLB5','NA4',6'NB3','AAS1','AU1','PF1','AL2",
"AS1',"APP1','UAA1','R_AE1','UE2','UT3','UAL1', "AA2"',
'R_AC1','R_AI3','AT1','SP2','IIS2','R_AEI3','UEP3','UAI4')

# Add item mame code

pander(select(rep_list,ID,mean_Chinese,sd_Chinese,mean_English,sd_English,Item),

caption = "Representative items with credible bias indication (Part 1)")

Table 21: Representative items with credible bias indication

(Part 1)
1D mean_Chinese sd Chinese mean__English sd_ English Ttem
1 -0.7521 2.207 -0.7355 2.152 HLA2
0.1818 1.889 0.3306 1.846 HLB5
3 -0.314 1.945 -0.3554 1.901 NA4
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1D mean_ Chinese sd_Chinese mean_ English sd__English Item

4 0.6116 1.823 0.2231 1.895 NB3

) 0.9421 1.604 1.008 1.48 AAS1

6 1.149 1.289 1.008 1.345 AU1

7 1.339 1.382 1.124 1.547 PF1

8 0.4628 1.798 0.5537 1.746 AL2

9 0.3471 1.601 0.1983 1.563 AS1

10 0.2231 1.605 0.4132 1.504 APP1
11 0.9917 1.268 1.107 1.283 UAA1
12 1.157 1.39 0.4628 1.643 R_AE1
13 1.57 1.251 1.727 1.133 UE2

14 0.6116 1.387 0.438 1.532 UT3

15 -0.02479 1.666 0.2727 1.571 UAL1
16 1.364 1.36 1.306 1.161 AA2

17 1.579 1.395 1.405 1.492 R_AC1
18 1.14 1.635 1.05 1.731 R__AI3
19 0.9669 1.494 1.107 1.431 AT1

20 -0.5455 1.612 -0.1322 1.522 SP2

21 0.5124 1.403 0.5455 1.565 1152

22 -0.3306 2.031 -0.3884 1.859 R_AEI3
23 0.9339 1.559 1.041 1.588 UEP3
24 0.7355 1.672 0.7025 1.406 UAI4

pander (select(rep_list,ID,mean_diff,sd_diff,HDIlo,HDIup,Item),

caption = "Representative items with credible bias indication (Part 2)")

Table 22: Representative items with credible bias indication

(Part 2)
1D mean_ diff sd_ diff HDIlo HDIup Item
1 -1.333e-06 8.067e-05 -0.0001592 0.0001561 HLA2
2 -0.125 0.1071 -0.336 0.08432 HLB5
3 0.001278 0.01736 -0.03425 0.03748 NA4
4 0.2018 0.1106 -0.004103 0.419 NB3
5 -1.492e-06 9.2e-05 -0.0001806 0.0001791 AAS1
6 3.308e-07 9.433e-05 -0.0001897 0.0001808 AU1
7 0.09154 0.08085 -0.03165 0.2561 PF1
8 -2.498e-07 6.282e-05 -0.0001241 0.0001221 AL2
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1D mean__ diff sd_ diff HDIlo HDIup Item
9 0.1043 0.1055 -0.09469 0.3203 AS1
10 -0.1902 0.1048 -0.3937 0.01876 APP1
11 -3.723e-07 9.671e-05 -0.0001847 0.0001965 UAA1
12 0.6802 0.1308 0.4277 0.9385 R_AE1
13 -0.01213 0.03636 -0.09696 0.03702 UE2
14 0.1114 0.09715 -0.06646 0.3124 UT3
15 -0.009434 0.08932 -0.1961 0.1604 UAL1
16 0.08243 0.1179 -0.1425 0.3218 AA2
17 0.09383 0.08875 -0.07474 0.2712 R_AC1
18 -2.844e-05 0.001495 -0.002333 0.002382 R_AI3
19 -0.1589 0.1086 -0.3774 0.04651 AT1
20 -0.3302 0.1203 -0.5659 -0.09343 SP2
21 -1.386e-06 0.0001131 -0.0002286 0.0002184 11S2
22 0.01443 0.0823 -0.1461 0.1809 R_AEI3
23 -0.0001736 0.002868 -0.004169 0.004159 UEP3
24 0.06997 0.1052 -0.1349 0.2765 UAI4
pander (select(rep_list,ID,ess_bulk,Rhat,P_posterior,zero_excl,Item),
caption = "Representative items with credible bias indication (Part 3)")
Table 23: Representative items with credible bias indication
(Part 3)

1D ess_ bulk Rhat P posterior zero__excl Item

1 21034 0.9999 0.5071 HLA2

2 17621 0.9999 0.88 HLB5

3 7737 1.007 0.5245 NA4

4 5137 1 0.9793 NB3

) 22129 1.001 0.506 AAS1

6 24465 1 0.5009 AU1

7 878 1.008 0.8843 PF1

8 28906 1 0.5009 AL2

9 16494 1 0.8421 AS1

10 17671 1.001 0.9662 APP1

11 24490 1 0.503 UAA1

12 17394 1 1 R_AE1

13 011 1.051 0.625 UE2
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1D ess_bulk Rhat P posterior zero_excl Ttem

14 11409 1 0.8799 UT3

15 12000 1 0.5234 UAL1
16 17839 1 0.7579 AA2

17 13751 1 0.8583 R_AC1
18 3799 1.055 0.5067 R__AI3
19 18036 1.001 0.9284 AT1

20 8891 1 0.9982 * SpP2

21 24163 1 0.5027 1152

22 17100 1.001 0.5622 R__AEI3
23 802 1.028 0.5091 UEP3
24 17756 1 0.7445 UAI4

# Calculate grand (abs) mean results
Variable <- c("mean_Chinese","sd_Chinese","mean English","sd_English",
"mean_diff","sd_diff","minimum_ diff","maximum_diff",
"n_zero_excl","percent_zero_excl")
Grand_mean <- c(mean(rep_list$mean_Chinese) ,mean(rep_list$sd_Chinese),
mean(rep_list$mean_English) ,mean(rep_list$sd_English),
mean (abs (rep_list$mean_diff)) ,mean(rep_list$sd_diff),
min(rep_list$mean_diff) ,max(rep_list$mean_diff),
sum(rep_list$zero_excl=="*") ,round(sum(rep_list$zero_excl=="x*")
/length(rep_list$ID),digits=4)*100)
GrandMean <- cbind(Variable, Grand_mean)
# Calculate grand mean of mean_Chinese, sd_Chinese, mean_English, sd_English
# sd_diff, grand mean of the absolute wvalue of mean differences, number of
# representative ttems with credible bias indication, and percentage of these items

pander (GrandMean, caption = "Grand mean of 24 representative items")

Table 24: Grand mean of 24 representative items

Variable Grand__mean
mean_ Chinese 0.618801652892562
sd_ Chinese 1.59430948942655
mean_ English 0.600550964187328
sd_ English 1.5790269156525
mean__diff 0.0948916083507092
sd__ diff 0.0628215402716066
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Variable Grand mean

minimum_ diff -0.330201922224588
maximum__diff 0.680225911230241
n_zero_excl 2

percent_ zero__excl 8.33

4.3 Comparison of Human-ASA Interaction between Different Cultural Back-

grounds

The results were reported in the subsection of Comparison of Human-ASA Interaction between Different
Cultural Backgrounds. The analysis was based on human-ASA interaction evaluation of 532 mix
international English-speaking participants in our previous study and 242 bilingual participants with
Chinese mother tongue in this study, using the data file ‘data_ culture.sav’. We compared human-ASA
interaction between these two cultural background populations mentioned above. Two-level linear
regression model was implemented to explore construct and dimension score differences between two
sample groups, with agent as random intercept to control for dependency of agent assignment. For the

Bayesian analysis we used the rethinking package developed by Richard McElreath®.

cul_list <- data.frame(ConstructID=double() ,mean_Chi=double(),sd_Chi=double(),
mean_Eng=double(),sd_Eng=double() ,mean_diff=double(),
sd_diff=double(),l02_5=double(),
hi97_5=double(),ess_bulk=double() ,rhat=double(),
P_posterior=double(),zero_excl=character())

#Initialize output list of Construct/dimension differences between two cultural groups

data_culture$Culture <- (data_culture$Culture * -1) +1

# Change culture code for Chinese and English scores

# In the 10 December 2022 version this line was mistakenly placed within the for—loop
# below.

for(j in 1:24)
# Go step by step to 24 constructs/dimensions of the ASA questionnaire
{
d_c<-subset(data_culture, ConstructID==j, select=c(AgentID, Culture, Rating))

# select scores data for ASAQ construct j

# Define the model we fit on the data. This ts a multilevel model,

Lhttps://www.rdocumentation.org/packages/rethinking/versions/2.13
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# with agent as random intercept to control for
# dependency of agent assignment, and culture as fized effect

set.seed(1) # For reproducibility

m <- ulam(
alist(
#Likelihood

Rating ~ dnorm(mu, sigma),

#Linear model

mu <- a + a_Agent[AgentID] + c_cult*Culture,

#Adaptive prior
a_Agent [AgentID] ~ dnorm(0O, sigma_agent),

#Hyper prior
sigma_agent ~ dcauchy(0, 1),

#Fixed priors

a ~ dnorm(0, 2),

c_cult ~ dnorm(0, 1),

sigma ~ dcauchy(0, 1)
), data = d_c, iter = 50000, chains = 4, cores = 4, log_lik = TRUE,
control=1list(adapt_delta=.99)

# Calculate posterior probability

post_samples <- extract.samples(m, 1e5)

# Extract 100000 samples from the posterior distribution
c_cult <- as.numeric(post_samples$c_cult)

HO_post <- subset(c_cult, c_cult>0)

# Select samples with positive posterior values (positive bias)

HO_post_p <- length(HO_post)/length(c_cult)
# Calculate probability of a positive bias
H1_post_p <- 1 - HO_post_p

# Probability of a megative bias
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d_c_Chi <- subset(d_c, Culture == 1)

# Subset of only Chinese mother tongue sample

d_c_Eng <- subset(d_c, Culture == 0)

# Subset of only Mized international sample

o <- precis(m, depth=2, prob=.95)
1 <- data.frame(ConstructID = j,
mean_Chi = mean(d_c_Chi$Rating),
sd_Chi = sd(d_c_Chi$Rating),
mean_Eng = mean(d_c_Eng$Rating),
sd_Eng = sd(d_c_Eng$Rating),
mean_diff = as.numeric(o$mean[17]),
sd_diff = as.numeric(o$sd[17]),
lo2 5 = as.numeric(o0$°2.5% [17]1),
hi97_5 = as.numeric(o$°97.5% [17]),
ess_bulk = as.numeric(o$ess_bulk[17]),
rhat = as.numeric(o$rhat[17]),
P_posterior = max(HO_post_p,H1_post_p),
zero_excl = ifelse((as.numeric(o$°2.5% [17]1)>0)
| (as.numeric(o$°97.5%" [17]1)<0),
TR
)
# Line 17 in the prectis output, are the results related to c_cul coefficient
cul_list <- rbind(cul_list, 1)

# Store results in a list to print later on

The last step is the print the results of the model analysis.

# Print results
cul_list$Construct=c('HLA','HLB','NA','NB','AAS','AU','PF','AL',"'AS', " 'APP',
'"UAA','AE','UE','UT','UAL','AA','AC',"'AI','AT','SP','IIS', 'AEI','UEP','UAI")

# Add construct/dimension mame code
pander(select(cul_list,ConstructID,mean_Chi,sd_Chi,mean_Eng,sd_Eng,Construct),

caption="Construct/dimension differences between two cultural groups (Part

45

1) n)



Table 25: Construct/dimension differences between two cul-

tural groups (Part 1)

ConstructID mean_ Chi sd_Chi mean_ Eng sd__Eng Construct
1 -0.7004 2.021 -0.7533 2.013 HLA
2 0.01157 1.613 0.04398 1.602 HLB
3 -0.2215 1.546 -0.2429 1.487 NA
4 -0.1901 1.648 -0.2932 1.555 NB
5 0.9807 1.349 1.346 1.221 AAS
6 1.041 1.238 1.234 1.192 AU
7 1.069 1.14 1.306 1.121 PF
8 0.6132 1.35 0.7699 1.4 AL
9 0.5978 1.238 0.3164 1.488 AS
10 0.2066 1.378 0.1986 1.489 APP
11 1.061 1.074 1.311 1.183 UAA
12 0.9463 1.175 1.252 1.225 AE
13 1.59 1.037 1.812 1.009 UE
14 0.3499 1.12 0.4311 1.211 uT
15 0.6391 0.983 0.5125 1.146 UAL
16 1.507 1.022 1.654 1.156 AA
17 1.39 1.152 1.549 1.067 AC
18 0.6983 1.205 0.6852 1.349 Al
19 1.146 1.263 1.431 1.335 AT
20 -0.1129 1.259 -0.1629 1.508 SP
21 0.4463 1.236 0.648 1.145 IS
22 -0.4248 1.636 -0.6684 1.705 AFEI
23 0.812 1.308 0.6245 1.285 UEP
24 1.05 1.133 0.7946 1.202 UAI

pander (select(cul_list,ConstructID,mean_diff,sd_diff,lo2_5,hi97_5,Construct),

caption="Construct/dimension differences between two cultural groups (Part 2)")

Table 26: Construct/dimension differences between two cul-

tural groups (Part 2)

ConstructID mean__ diff sd_ diff lo2 5 hi97 5 Construct
1 -0.03025 0.1287 -0.2827 0.2232 HLA
2 -0.08146 0.1368 -0.3495 0.1861 HLB
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ConstructID mean_ diff sd_ diff lo2 5 hi97 5 Construct

3 -0.04438 0.1202 -0.2795 0.1937 NA
4 0.03386 0.128 -0.216 0.2844 NB
) -0.3726 0.1154 -0.5985 -0.1461 AAS
6 -0.168 0.1103 -0.3831 0.04906 AU
7 -0.239 0.1083 -0.4518 -0.02776 PF

8 -0.1842 0.122 -0.4233 0.05667 AL
9 0.2606 0.1294 0.007298 0.5153 AS
10 -0.0138 0.1257 -0.2602 0.2324 APP
11 -0.2605 0.1088 -0.4732 -0.04718 UAA
12 -0.3152 0.1093 -0.5282 -0.1011 AE
13 -0.2259 0.09799 -0.4178 -0.03346 UE
14 -0.0539 0.1109 -0.2731 0.1629 UT
15 0.1205 0.1065 -0.08755 0.3295 UAL
16 -0.154 0.1116 -0.3732 0.06377 AA
17 -0.1293 0.1033 -0.3328 0.07362 AC
18 0.02089 0.1177 -0.2094 0.2512 Al
19 -0.2508 0.1115 -0.4698 -0.03226 AT
20 0.008498 0.1376 -0.2602 0.2783 SP
21 -0.1876 0.1082 -0.3988 0.02421 IS
22 0.165 0.1398 -0.1093 0.4394 AEI
23 0.1272 0.1127 -0.09293 0.3488 UEP
24 0.2204 0.111 0.003133 0.4369 UAI

pander (select(cul_list,ConstructID,ess_bulk,rhat,P_posterior,zero_excl,Construct),

caption="Construct/dimension differences between two cultural groups (Part 3)")

Table 27: Construct/dimension differences between two cul-

tural groups (Part 3)

ConstructID ess_ bulk rhat P posterior zero__excl Construct
1 47895 1 0.5918 HLA

2 66728 1 0.7237 HLB

3 57506 1 0.6448 NA

4 59813 1 0.6043 NB

) 86365 1 0.9993 * AAS

6 84436 1 0.9351 AU

7 127247 1 0.9865 * PF
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ConstructID ess_ bulk rhat P posterior zero__excl Construct
8 68945 1 0.9343 AL
9 79251 1 0.9781 * AS
10 55089 1 0.5426 APP
11 73548 1 0.9918 * UAA
12 84882 1 0.9978 * AE
13 89774 1 0.9894 * UE
14 101009 1 0.6868 UuT
15 107538 1 0.871 UAL
16 112744 1 0.9158 AA
17 117413 1 0.8965 AC
18 98260 1 0.5705 Al
19 57105 1 0.9877 * AT
20 98071 1 0.524 SP
21 112187 1 0.9588 IS
22 55475 1 0.8808 AEI
23 77372 1 0.871 UEP
24 116607 1 0.9766 * UAI

# Print grand means
Variable <- c("mean_Chi","sd_Chi","mean_ Eng","sd_Eng",'"mean diff","sd_diff",
"minimum_diff","maximum_diff","n_zero_excl","percent_zero_excl")

Grand_mean <- c(mean(cul_list$mean_Chi) ,mean(cul_list$sd_Chi),
mean(cul_list$mean_Eng) ,mean(cul_list$sd_Eng),
mean(abs(cul_list$mean_diff)) ,mean(cul_list$sd_diff),
min(cul_list$mean diff) ,max(cul_list$mean diff),
sum(cul _list$zero_excl=="*") ,round(sum(cul_list$zero_excl=="*")
/length(cul_list$ConstructID) ,digits=4)*100)

GrandMean <- cbind(Variable, Grand_mean)

# Calculate grand mean of mean_Chi, sd_Chi, mean_Eng, sd_Eng

# sd_diff, grand mean of the absolute wvalue of mean differences, number of

# constructs/dimensions with credible bias indication,

# and percentage of these constructs/dimensions

pander (GrandMean, caption = "Grand mean of 24 constructs/dimensions between two cultural groups")
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