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Abstract 

Noise sensitivity, defined as an individual’s unique response to noise, is a critical concept 

for exploring the effects of noise pollution on human health and well-being. The Noise 

Sensitivity Scale – Short Form (NSS-SF) was developed as a parsimonious way to measure 

people’s unique responses to noise. Since its development, the NSS-SF was confirmed as 

psychometrically valid in several independent studies. This included confirming the scale in 

cultures different from the original study that developed the NSS-SF. However, no study has 

used configural and metric invariance testing to examine if the NSS-SF is invariant in a cross-

cultural context. This research examines the configural and metric invariance properties of the 

NSS-SF in two cross-cultural independent samples from the US and China. Results suggest that 

the NSS-SF is invariant across the two samples. The findings from this study add further rigor to 

the NSS-SF as a tool for measuring noise-sensitivity in a variety of cultural contexts. 
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 Human-caused sound, often interpreted as noise, is one of the most widespread 

environmental pollutants (Buxton et al., 2017). Similar to other environmental pollutants, this 

noise has a variety of costs to society. For instance, noise impacts mood states (Benfield et al., 

2014a), recreational experiences (Miller, Taff, and Newman, 2018; Pilcher et al., 2009), and 

cognitive restoration (Abbott et al., 2016). Health impacts such as increased cardiovascular risk 

and sleep disturbance are also associated with increased noise exposure (Frei, Mohler, & Röösli, 

2014; Sobatova, Jurkovicova, Stefanikova, & Aghova, 2010). Collectively, this body of research 

shows that noise interferes with human health and well-being. 

 Although noise levels themselves may serve as a measure for understanding related 

human costs, they fail to account for the variation among individuals regarding their sensitivity 

to noise (Tao, Pak-kwong, & Jing Dong, 2018).  This variation, called noise sensitivity, is 

incredibly important for understanding annoyance among individuals, as it often predicts 

responses to noise exposure levels (Weinstein, 1978; 1980). Furthermore, noise sensitivity 

uniquely predicts a variety of negative outcomes related to noise exposure, such as annoyance, 

health degradation, quality of life, and mental performance (Belojevic, Ohmstrom, & Rylander, 

1992; Shepherd et al., 2010; Smith, 2003; Tao et al., 2018).  

 To measure the concept of noise sensitivity, Weinstein developed a Noise Sensitivity 

Scale (NSS) (Weinstein, 1978). This scale has been widely used and translated into a variety of 

languages, such as Swedish (Ekehammar & Dornic, 1990), German (Zimmer & Ellermeier, 

1999), Persian (Alimohammadi et al., 2006), and Italian (Senese et al., 2012).  However, the 

original NSS was viewed as too burdensome for many studies, and a short form of the NSS 

(called NSS-SF) was developed in a US sample (Benfield et al., 2014b). Like the original NSS, 



the NSS-SF was also validated in Bulgarian (Dzhambov & Dimitrova, 2014) and Chinese 

samples (Tao et al., 2018).  

 However, a major limitation of noise sensitivity research is a lack of cross-validation 

studies using the NSS-SF (Tao et al., 2018). For instance, although many studies show sufficient 

psychometric properties within a single sample (i.e. within a cultural context), they do not show 

how the scale functions across samples. One exception to this is research that showed configural 

and metric invariance among gender in a Chinese sample (Tao et al., 2018). However, this 

research still lacks a comparison of how the NSS-SF functions across samples from different 

cultures. The purpose of this manuscript is to examine the psychometric properties of the NSS-

SF in a cross-culutral context. To do so, confirmatory factor analysis (CFA) is used to assess 

metric and configural invariance among a sample of Chinese and US visitors to urban parks.   

Methods 

Sampling 

 Visitors to two similar urban parks were sampled for this study. In China, visitors to an 

ecological park near the Tourism College of Jinan University in Shenzhen were intercepted 

(Jinan sample).  In the US, visitors to the arboretum near The Pennsylvania State University in 

University Park were intercepted (UP sample). In both locations, trained university researchers 

intercepted visitors using a systematic nth technique (i.e., every fourth visitor intercepted). If a 

group of visitors was intercepted, the person in the group with the most recent birthday (not date 

of birth) was asked to participate in the research to randomize the selection and avoid self-

selection bias. The Jinan sample yielded 323 responses, and the UP sample yielded 414 

responses. 

Data instrument 



 A self-administered questionnaire was presented to respondents via a paper survey. The 

NSS-SF was measured by five items (Table 1). Responses were recorded on a 6-point Likert-

scale. The only anchor numbers that were labeled were 1 (strongly disagree) and 6 (strongly 

agree). The scale items were translated into Chinese (Mandarin) for administration to the Jinan 

sample. For Chinese translations, please contact the corresponding author.  

Analysis 

 We used AMOS and SPSS to analyze the data. Data cleaning found that some cases 

contained missing data points. An MCAR test showed there was no pattern to the missing data 

(χ2= 7.755, df=8, p=0.458). Because maximum likelihood estimation commonly used in CFA 

procedures requires no missing data in AMOS, we deleted listwise any cases with missing data. 

This left a final sample size of n=312 for the Jinan sample and n=397 for the UP sample.  

 CFA with maximum likelihood estimation was used to exam the data. CFA is designed to 

confirm an explicitly specified measurement model (Vezeau et al., 2015). To assess how well the 

data fits the specified model, several fit statistics are used. These included both relative and 

absolute fit statistics. Although χ2 is reported, it is likely to be significant even with a good fitting 

model. Therefore, other fit statistics were more relied on. These include the CFI, TLI, RMSEA 

(and the associated p-close test), and the SRMR. For CFI and TLI, values >.90 indicate a good 

fit, with values >.95 indicating an excellent fit (Hu & Bentler, 1998). For RMSEA, values should 

be <.10, with <.05 considered an excellent fit (Browne & Cudeck, 1993; Kline, 2011). Along 

with the RMSEA is an associated p-close test, where p-close>.05 indicates a close-fitting model 

(Kline, 2011). The SRMR value should also be <.08.  

CFA analyses began with specifying and testing a model with the UP data. After 

confirming this initial base model, configural invariance was tested using a multi-group model. 



Configural invariance tests if the structure of the model is the same among multiple groups, in 

this case the samples from UP and Jinan. If configural invariance is confirmed through 

satisfactory fit indices, the next step is conducting metric invariance tests. Metric invariance is a 

multi-step process that examines the congruency of the measures among the groups (Byrne, 

2006). First, an unconstrained model is compared to a model where the factor loadings are 

constrained to be equal among the groups. If there is no significant χ2 difference, then the scale 

shows factor loading invariance among the two samples (i.e. the factor loadings are equal 

between the groups). If factor loading invariance is confirmed, additional constraints, such as 

covariance constraints, are placed on the model. If there is no significant χ2 difference with these 

additional constraints, it can be said that the scale is invariant between the two populations. 

Lastly, reliability is assessed by Cronbach’s α, which should be >.65 (Vaske, 2008).  

(INSERT TABLE 1 ABOUT HERE) 

Results 

The descriptive statistics for items used in all CFA procedures are in Table 1. An initial 

CFA model was built and tested using the UP data (Figure 1). The fit statistics indicated that this 

initial model could be improved (χ2=60.656, df=5, p<.001; CFI=.898; TLI=.796; RMSEA=.168, 

p-close<.001; SRMR=.054). The modification indices suggested that covarying the disturbance 

terms of two measures (NOISE_SENS_3: I get mad at people who make noise that keeps me 

from falling asleep or getting work done, NOISE_SENS_4: I get annoyed when my neighbors 

are noise) could improve the model fit. When looking at the two items, they both directly relate 

to a home environment. From this, we considered this covariance theoretically sound and 

respecified the model with the covaried error terms (Figure 2). Fit statistics for this model, called 

University Park unconstrained, indicated an excellent fit (Table 2). We then ran the same model 



using only the data from the Jinan sample. This model, called Jinan unconstrained, also indicated 

excellent fit. Cronbach’s α was also sufficient (Jinan α=.73; UP α=.77). 

(INSERT FIGURES 1 AND 2 ABOUT HERE) 

 To test configural invariance, a multi-group CFA was specified (Table 2; Multi-group 

unconstrained) using both Jinan and UP data. This model simultaneously compares the two 

groups (Vezeau et al., 2015). The excellent fit statistics from this model indicated configural 

invariance between the two samples (Table 2). 

 Metric invariance was assessed in two additional multi-group models. The first model 

compares an unconstrained multi-group model (Table 2; Multi-group unconstrained) to one 

where the factor loadings are constrained to be equal across the Jinan and UP models (Table 2; 

Multi-group constrained factor loadings). A χ2 difference test showed no significant differences 

between the constrained and unconstrained models (χ2=5.72, df=4, p<.221). Therefore, we can 

say that factor loadings are invariant between Jinan and UP samples. We also compared a model 

that constrained the covariance to be equal in addition to the equality of factor loadings 

constraint (Table 2; Multi-group constrained covariances) against the unconstrained multi-group 

model (Table 2; Multi-group unconstrained). A χ2 difference test showed no significant 

differences between these models (χ2=5.72, df=5, p<.334). The interpretation of this is that there 

are no differences in factor loadings or covariances between the Jinan and UP samples.  

(INSERT TABLE 2) 

Discussion 

 Noise sensitivity, an individual’s unique response to noise, is a critical aspect for 

understanding the effects of sound pollution on human health and well-being. The NSS emerged 

as a way to capture this individual variance, and the scale was psychometrically validated in 



numerous contexts and cultures (Alimohammadi et al., 2006; Ekehammar & Dornic, 1990; 

Senese et al., 2012; Zimmer & Ellemeir, 1999). The NSS-SF recently appeared as a way to 

reduce participant burden when measuring noise sensitivity (Benfield et al., 2014b). This scale 

was also validated in several samples, including samples from the US (Benfield et al., 2014b), 

Bulgaria (Dzhambov & Dimitrova, 2014), and China (Tao et al., 2018).  

Recent research identified that no NSS nor NSS-SF used configural and metric invariance 

testing to assess the rigor of the scales (Tao et al., 2018). In this research, Tao et al. (2018) used 

gender to test configural and metric invariance of the NSS-SF for the first time in a Chinese 

sample. This research added much needed rigor to our understanding of the rigor of the NSS-SF. 

However, a major gap in the literature still existed; no cross-cultural comparisons of configural 

and metric invariance had even been conducted for NSS-SF. The results from this current 

research provides further evidence that the NSS-SF is a robust, cross-culturally valid scale in that 

it showed both configural and metrical invariance across samples from the US and China.  

This is only the second study to use configural and metric invariance testing for the NSS-

SF. We encourage future use of these methods. For instance, most research using the NSS-SF 

has been conducted in the lab, yet this current research was conducted in the field. Examining if 

NSS-SF functions the same across lab and field samples is of critical importance. Evidence from 

this study indicates there may be some differences between field and lab samples. For instance, 

the covariance of the two error terms associated more directly with a home environment was 

unique. This indicates that perhaps there may be contextual differences for noise sensitivity as 

measured by the NSS-SF. As very few studies have examined configural and metric invariance 

in the NSS-SF, any new insights are welcomed. 

Conclusion 



 This is the first study to use configural and metric invariance testing to assess how the 

NSS-SF functions across cultures. The research found that the NSS-SF showed configural and 

metric invariance across a sample of Chinese and US visitors to urban parks. This adds to a 

greater body of evidence that the NSS-SF is a rigorous instrument for measuring noise 

sensitivity. Researchers should continue to use similar methods when exploring NSS-SF in a 

cross-cultural context. 
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Table 1. Descriptive statistics for the NSS-SF 

Item 

Jinan Ecological Park 
(N=312) 

University Park Arboretum 
(N=397) 

Mean1 SD Mean1 SD 

NOISE_SENS_1: I am sensitive to 
noise 4.41 1.39 4.11 1.45 

NOISE_SENS_2: I find it hard to 
relax in places that are noisy 4.50 1.37 4.67 1.24 

NOISE_SENS_3: I get mad at people 
who make noise that keeps me from 
falling asleep or getting work done 

4.42 1.35 4.61 1.34 

NOISE_SENS_4: I get annoyed 
when my neighbors are noise 3.91 1.37 4.30 1.32 

NOISE_SENS_5_RECO: I get used 
to most noises without difficulty* 4.43 1.34 3.74 1.20 
1Measured on a Likert-type scale where 1=strongly disagree and 6=strongly agree 
*Item is reverse coded 

 
 
 
 
 
 
Table 2. Model fit and measurement invariance testing across groups 

Model χ2 df p-
value CFI TLI RMSEA p-

close SRMR 

1: University Park 
unconstrained 7.34 4 .119 .994 .985 .046 .476 .025 

2: Jinan 
unconstrained 7.55 4 .108 .991 .977 .053 .385 .032 

3: Multi-group 
unconstrained 14.90 8 .061 .993 .981 .035 .796 .032 

4: Multi-group 
constrained factor 
loadings 

20.62 12 .056 .991 .985 .032 .899 .039 

5: Multi-group  
constrained 
covariances 

20.62 13 .081 .992 .987 .029 .939 .039 

 
 
 



 

 
Figure 1. Initial CFA model for the noise sensitivity scale 

 
 
 
 
 

 
Figure 2. Respecified CFA model for the noise sensitivity scale 
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