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Abstract
This study outlines the statistical methods and practical steps for designing and
developing valid and reliable questionnaires in the field of primary health care.
It reviews a series of studies on questionnaire development and scale design,
and establishes a standard procedure for scale design within the primary care
domain. This procedure involves key practical steps and statistical methods in
the scale design process, and is illustrated through relevant research cases from
this field. We propose a seven-step development method for primary health
care questionnaires as follows: (1) Define the construct to be measured; (2)
Generate an item pool; (3) Select the scoring system and response format; (4)
Pretest (assessing content validity and face validity, etc.); (5) Eliminate items
through item analysis; (6) Initial evaluation of the scale, including assessment
of the scale’s reliability and validity, as well as factor analysis or Rasch analysis;
(7) Re-evaluation of the scale, re-examining the scale’s properties, including test-
retest reliability and construct validity. In summary, scale design research should
strictly follow the standard procedures of scale development, and the integrated
use of Rasch models and factor analysis methods will render measurement results
more objective.
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Abstract

This study outlines statistical methods and practical steps for designing and
developing valid and reliable questionnaires within the primary health care do-
main. We reviewed a series of studies on questionnaire development and scale
design to establish a standardized process for scale design in primary care. This
process addresses key practical steps and statistical methods in scale develop-
ment, illustrated with examples from relevant previous research. We propose
a seven-step approach for developing primary health care questionnaires: (1)
define the construct to be measured; (2) generate an item pool; (3) select the
scoring system and response format; (4) conduct pre-testing (assessing content
validity, face validity, etc.); (5) eliminate items through item analysis; (6) con-
duct initial scale evaluation, including reliability and validity assessment, as
well as factor analysis or Rasch analysis; and (7) re-evaluate the scale to re-
examine its properties, including test-retest reliability and construct validity.
Overall, scale design studies should strictly follow standard development pro-
cedures, and the integrated use of Rasch models and factor analysis will yield
more objective measurement results.

Keywords: primary care; scale development; factor analysis; Rasch model

1 Introduction
The World Health Organization (WHO) proposed the ambitious goal of“Health
for All”at the 30th World Health Assembly in 1977, identifying primary health
care as the fundamental pathway and key to achieving this objective [?]. As
primary providers of primary care services, general practitioners must make
accurate assessments of patients’characteristics to offer appropriate recommen-
dations. Scales, as tools for measuring specific traits, have been widely used in
social sciences and medicine. Designing and developing scales within the pri-
mary care domain can help researchers and general practitioners measure the
degree of specific traits in subjects.

However, scale design and development involve multiple complex and time-
consuming steps that can be daunting and are often partially neglected [?].
This has led to problems in scale design, such as a study assessing athletes’and
coaches’nutritional attitudes and knowledge finding that approximately 70%
of included studies used tools with unknown validity and reliability, and 67%
used unvalidated instruments [?]. In Chen Wenxiong’s autism screening scale,
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some items with poor reliability and validity were retained in the final version
[?]. Such scales without proper validation or with poor psychometric properties
severely limit the conclusions that can be drawn and may even have negative
effects.

Therefore, there is an urgent need for standardized procedures to guide scale
design research in primary care. Additionally, we observe that most scale de-
sign studies in primary care are conducted within the framework of Classical
Test Theory (CTT). While this approach is crucial for validating psychometric
properties, its inherent limitations often fail to ensure measurement objectivity.
The emergence of Rasch models provides an excellent solution to this problem.
Rasch models use objective measurement in natural sciences as a benchmark to
establish objective standards for measurement in social sciences, ensuring more
objective and reliable information [?].

Based on this, our study summarizes current domestic and international ques-
tionnaire development and scale design methods in primary care from both CTT
and Rasch model perspectives, helping researchers in this field conduct better
studies through detailed explanations of specific steps and statistical methods.

2.1 Defining the Construct to be Measured
The most critical step in scale development within primary care is providing an
accurate and comprehensive definition of the construct to be measured. The
definition should explain both the connotation and extension of the construct,
as well as its structure. Such definitions are typically derived from classic text-
books, guidelines, or authoritative experts in the field, or can be summarized
based on extensive literature and surveys. The former is commonly used in clin-
ical practice. To further expand the application of relevant methodologies, we
use an example based on extensive surveys and expert interviews to establish a
definition.

In Wang et al.’s study [?], the researchers used the definition established by
Weiss-Laxer et al. based on extensive surveys and expert interviews: (1) re-
searchers first contacted renowned researchers in family health to form an expert
panel, together with an executive leadership team, to clarify the final objectives
of expert interviews; (2) through the first round of expert consultation, the
panel proposed and jointly revised the concept of “family health,”which the
leadership team divided into six distinct domains; (3) experts further confirmed
the content and concepts included in each domain, ranking them by importance
and feasibility. The final definition of family health was:“a resource at the fam-
ily unit level, developed from the intersection of each family member’s health,
their interactions and capabilities, and the family’s physical, social, emotional,
economic, and medical resources”[?]. During scale development, four important
factors were selected: family/social/emotional health processes, family healthy
lifestyle, family health resources, and external family social support.

Weiss-Laxer et al. defined the construct before the study began, including the
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exact topics of family health to be measured and its relevant dimensions, laying
a foundation for smooth research progress. Their methodology is worthy of
emulation. Researchers can also determine the initial dimensions and intended
purpose of the questionnaire based on the definition, making the initial test as
comprehensive as possible.

2.2 Generating the Item Pool
After completing the definition of the measured construct, researchers begin
developing the initial dimensional item pool. The item pool representing the
same dimension should be as redundant as possible to ensure it meets expected
requirements and avoids insufficient items after later data processing. Generally,
the number of items in the developed scale should be at least twice that of the
final retained version.

Item pool generation typically uses classic textbooks, guidelines, literature, and
theory as guidance, combined with previous research on clinical problems or
existing questionnaires. Through evaluation of existing materials, questions
measuring each dimensional characteristic are developed. Therefore, before de-
veloping scale items, it is essential to clearly define each dimension and develop
questions that align with their meanings based on these definitions. For exam-
ple, when Gao Zhiqiang et al. developed the Fear of Success Questionnaire, they
reviewed existing research and summarized six structural dimensions of fear of
success: quality of life, family happiness, physical health, mental health, inter-
personal relationships, and romantic partner selection. They then developed the
initial item pool around these six dimensions and conducted initial structured
interviews and semi-open questionnaires for the target population [?].

Scale design language should also follow certain principles. The language used
in item development should be as simple and clear as possible, avoiding profes-
sional jargon and double negatives, as these often confuse respondents. Item
language should avoid social taboos and personal privacy to prevent respondent
resistance that could interfere with the study. Additionally, language use must
conform to the cultural norms of the respondents’region, with adjustments made
when necessary. In the initial development of the Fear of Success Questionnaire,
after completing content development, Chinese language experts were invited
to evaluate the scale language, eliminating items with semantic repetition and
ambiguity to obtain the initial scale.

2.3.1 Response Format
Response format selection typically proceeds concurrently with item pool gen-
eration. Researchers need to choose appropriate scoring systems and response
formats based on actual circumstances and specific research purposes.

First, researchers must determine the response format for each question in the
item pool—whether to use open-ended or closed-ended questions. Open-ended
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questions require respondents to provide answers for each question, which is
more difficult for both respondents and researchers, and the answers are often
diverse, making coding and scoring challenging. The advantage of open-ended
questions is that they can provide more ideas for researchers and are generally
more suitable for initial surveys, but they are rarely used in finalized scales.
Therefore, closed-ended questions are more commonly used in primary care
research. Closed-ended questions provide specific options that are easier for re-
spondents to answer, but this also creates other issues, such as whether answers
should be single-choice or multiple-choice, and whether different answer options
affect measurement results—these are all non-negligible issues in scale design
research.

Single-choice questions are used in most scale design studies, but multiple-choice
questions remain valuable because many questions do not have only one an-
swer, and multiple-choice questions often provide more information about the
issue. Sun Xinying et al. (2022) used item response theory to develop a dia-
betes functional health literacy scale containing 30 questions, three of which
were multiple-choice, providing more information related to diabetes functional
health literacy [?]. For scoring, Sun et al. assigned corresponding points for
each correct option in multiple-choice questions, with“don’t know”scored as 0
[?]. However, this scoring method is relatively complex and can be affected by
option settings. Generally, “select all correct options”questions may be diffi-
cult to“code”and score and should be avoided when possible [?]. Additionally,
researchers should be cautious when setting options for closed-ended questions.
For example, whether to include an“uncertain”option in scale options—Alsaffar
used this option when translating a nutrition knowledge questionnaire [?]—but
Folasire et al. questioned this practice [?], arguing that the “uncertain”option
could lead those who understand the options well to avoid answering or choose
to escape due to low confidence or laziness. Furthermore, researchers should
avoid using “other”as an option category, though the decision to not provide
an “other”option should only be made after carefully identifying almost all
potential categories.

2.3.2 Scoring System
In a scale, the choice of scoring system often needs to be set in conjunction with
specific items. Generally, when questions have clear right or wrong answers, cor-
rect choices are simply scored as 1 and incorrect choices as 0. However, in most
cases, respondents cannot achieve absolute dichotomy, so the most commonly
used scoring system in actual research is the Likert-type scoring system, such
as 5-point, 7-point, or 9-point Likert scales. For example, Hu Haili et al. used
a five-point scoring method when developing the Middle School Students’Psy-
chological Resilience Scale, with five levels of “never,”“occasionally,”“some-
times,”“often,”and“always”scored as 1, 2, 3, 4, and 5 respectively [?]. In attitude
research, researchers prefer to use five levels of “strongly disagree,”“somewhat
disagree,”“neutral,”“somewhat agree,”and“strongly agree,”with scores still rang-
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ing from 1 to 5. Both belong to the five-point Likert scale, while seven-point and
nine-point scales further subdivide the options based on the five-point scale. So
how should researchers choose the number of Likert scale points (e.g., 5-point,
7-point, 9-point) in research?

Berdie (1986) argued that when survey subjects have more knowledge and higher
interest, the scale requires more attitude scale points, making seven-point or
nine-point scales more appropriate than five-point scales because fewer atti-
tude scale points result in greater skewness [?]. Additionally, even after data
collection, different Likert scale point systems can still be converted. This con-
version is achieved through Rasch models, which can systematically analyze the
measurement characteristics of each option. By plotting Category Probability
Curves (CPC), one can determine whether there is abuse or absence of option
levels [?]. Using the French Tobacco Dependence Assessment Scale (FTND)
from the 2021 China Family Health Index as an example, FTND item 1 reads:
“How long after waking do you smoke your first cigarette? 60 minutes (Category
0), 31-60 minutes (Category 1), 6-30 minutes (Category 2), $�$5 minutes (Cate-
gory 3).”Figure 1 [Figure 1: see original paper] shows the category probability
curve for item 1, where each curve corresponds to an option, the horizontal axis
represents the degree of tobacco dependence (increasing from left to right), and
the vertical axis represents the probability of selection. For a subject with to-
bacco dependence of -4, the probability of selecting“Category 0”is about 95%,
“Category 1”about 5%, and other options close to 0. Therefore, this subject is
most likely to select “Category 0.”Similarly, to the left of the intersection of
Category 0 and Category 2, “Category 0”has the highest probability; between
the intersection of Category 0 and Category 2 and the intersection of Category
2 and Category 3, “Category 2”has the highest probability; to the right of
the intersection of Category 2 and Category 3, “Category 3”has the highest
probability. We find that during measurement, the “Category 1”option has
low usage, indicating Likert scale level abuse. According to Linacre’s recom-
mendation, when Likert scale level abuse occurs, corresponding options should
be considered for merging with adjacent options [?]. Therefore, Category 1 and
Category 2 could be merged into 6-60 minutes. However, the scale after merging
options still requires re-testing.

2.4 Pre-testing
Qualitative pre-testing is a critical stage in the development, translation, or revi-
sion of any questionnaire or psychometric tool. A small sample of respondents is
selected for small-scale pre-testing to verify whether the target audience under-
stands the items and options, and to evaluate from the respondents’perspective
whether item wording is ambiguous. If issues such as semantic comprehension
difficulties or unclear frameworks arise, items are modified and a new round
of pre-testing is conducted until all respondents understand the item meanings
and find the content acceptable [?].

Pre-testing mainly uses convenience sampling, selecting 30 or more samples
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whenever possible to ensure stability and reliability of data analysis [?], and
surveys the target population on questionnaire completion experience and com-
prehension. For example, Cheng Yanru et al. used convenience sampling to
select 102 caregivers of disabled elderly individuals from three communities as
pre-testing subjects when developing the Home Care Behavior Scale for Disabled
Elderly Caregivers.

In the pre-testing phase, face validity assessment of the scale is required. Face
validity examines whether the content of the assessment tool is consistent with
its purpose from the respondents’perspective, though it is not a true validity
indicator. In practical application, if the questionnaire’s measurement intent
is obvious upon direct reading of the items, the questionnaire has high face va-
lidity. For example, a questionnaire measuring hand-washing conditions among
nursing staff involving frequency, duration, and methods has face validity [?].
In primary care, researchers examining patient behaviors in health care domains
or inquiring about specific conditions should increase scale face validity to en-
sure“what is answered is what is asked.”However, in issues involving personal
privacy or social image, excessively high face validity may lead to deception and
concealment, so face validity settings should be determined based on specific
research purposes.

2.5 Eliminating Items Through Item Analysis
In scale development within primary care, item analysis should be conducted
after pre-testing. This step provides a basis for further scale revision and is a
prerequisite for subsequent proper scale evaluation. The essence of item analysis
is to explore differences in each item, test its quality, and revise or eliminate
items based on certain criteria to ensure inter-item homogeneity and scale relia-
bility. Researchers can examine items from three main aspects: item difficulty,
item discrimination, and differential item functioning.

2.5.1 Item Difficulty

Item difficulty refers to the degree of difficulty encountered when completing
test items, an indicator for evaluating respondents’performance. Higher correct
response rates indicate lower difficulty. The purpose of setting test difficulty
levels is to differentiate respondents as much as possible through the developed
scale, maximizing the manifestation of respondent differences and demonstrat-
ing the scale’s discriminative power. As mentioned in Step 3, different scale
types require different scoring systems. For non-dichotomous scoring items, dif-
ficulty can be calculated as the ratio of the average score of all respondents on an
item to the item’s full score. For example, in a study on college students’health
literacy, researchers recoded responses to multiple-choice questions into another
proportion, re-evaluating items with correct values less than 0.2 or greater than
0.8 and considering deletion [?]. Overly high or low difficulty values affect score
distribution and score dispersion. In practice, researchers should consider the
scale’s nature and purpose to scientifically set reasonable difficulty thresholds.
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Rasch models differ from CTT methods, emphasizing measurement objectivity
and comparability. Therefore, for the difficulty indicator, the model states that
item difficulty must be independent of the sample distribution—that is, the sam-
pled population’s option selection is not influenced by item difficulty, while
individual ability should also be independent of the difficulty distribution of
test items. In other words, item difficulty does not change with sample vari-
ation and is not affected by respondents’ability levels. Consequently, Rasch
measurement can provide interval-level scores for individual ability and item
difficulty, placing individual ability levels and item difficulty levels on the same
Logit scale for comparison, depicting a Person-Item Map (see Figure 2 [Figure
2: see original paper]). Figure 2 shows the Person-Item Map for the Life Sat-
isfaction Scale. The black dots are mainly located between 0-2, meaning that
the Life Satisfaction Scale items provide the most information for subjects with
medium to high life satisfaction levels but are not suitable for assessing subjects
with low life satisfaction levels. Different respondents and items are distributed
on such a chart, providing researchers with more information. If calculated
difficulty thresholds and means cluster around 0, this indicates moderate item
difficulty. For example, in Hui Jianrong et al.’s quality analysis of a quality of
life scale for stroke patients, statistical results showed all items’difficulty thresh-
olds ranged from -0.32 to 0.67 (M=0.00, SD=0.34) [?], meaning all items had
moderate acceptance levels and were relatively good. If item difficulty levels are
too high or too low during scale development, this indicates that the behavior or
dimension represented by the item does not occur frequently or is too difficult
for respondents. Such scales often have higher accuracy only when targeting
specific populations (with very high or very low levels).

2.5.2 Item Discrimination

The purpose of examining discrimination is to test whether the designed scale
can truly distinguish between two different types of people as intended by the re-
searcher. Methods mainly include the discrimination index method, correlation
method, and CITC method.

The discrimination index calculation method is not complex. After calculating
all respondents’total scores and ranking them by score, measurement theory
generally divides the top and bottom 27% into high and low groups. Inde-
pendent samples t-tests are conducted on each item’s scores between the two
groups. Items showing no significant differences are considered separately and
can be eliminated if necessary to ensure scale accuracy. Alternatively, the cor-
relation coefficient between item scores and total test scores (PT-measure) can
be used as a discrimination index. Larger correlation coefficients indicate higher
discrimination, and items with poor correlation are considered for elimination.
Corrected Item-Total Correlation (CITC) can also examine correlations between
items within scale dimensions. Values greater than 0.5 indicate high correlation
between the item and other items, while values below 0.5 may lead to consider-
ation of deletion or revision after observing changes in Cronbach’s 𝛼 coefficient.
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For example, Hua Jing et al. used the discrimination index method to mea-
sure score differences between high and low groups across items in a study on
children’s motor development, finding significant differences on 71 items and
retaining all items at this stage [?]. Yang Zhen et al., when testing the reliability
and validity of an elderly health promotion scale, found correlation coefficients
between items and total scale scores ranged from 0.406 to 0.752 [?], showing
moderate correlation (critical value 0.3), followed by further examination of
each item combined with reliability coefficients.

In the Rasch model based on Item Response Theory, difficulty and discrimina-
tion are inseparable. At moderate difficulty levels, item discrimination is often
highest. Therefore, item difficulty can also be seen in the Person-Item Map. In
Figure 2, the bottom shows the Rasch scale, with measurement values increas-
ing from left to right. For each respondent, the more rightward the position,
the higher the life satisfaction. The bar height represents the number of respon-
dents at that position. More concentrated respondent distribution indicates
smaller scale discrimination, while more dispersed distribution indicates greater
discrimination. In the figure, we can see that on five items, respondents’mastery
levels are basically skewed and concentrated between 0 logit and 2 logit. This
indicates poor scale discrimination on these five items, making it difficult to
distinguish respondents with low life satisfaction. For example, Zhao Fuguo et
al., when developing the Olweus Bullying Scale using Rasch models, found that
difficulty distribution was very concentrated, resulting in poor differentiation
of subjects with different bullying/victimization levels, especially difficulty in
distinguishing high bullying/victimization groups [?].

2.5.3 Differential Item Functioning

Differential Item Functioning (DIF) refers to performance differences between
two groups of respondents on an item, representing that the item has different
statistical properties for different respondents. If the probability of correct re-
sponse differs on the same item and reaches a certain threshold, the item is
biased and requires further investigation of the source of difference [?]. Rasch
models based on Item Response Theory tend to use statistical testing methods
to calculate DIF. As the theoretical model’s influence has expanded, differ-
ent scholars have proposed different calculation methods. The Mantel-Haenszel
(M-H) test can be used to examine DIF caused by respondent characteristic
variables, with differences greater than 0.5 and p<0.05 considered indicative of
DIF [?]. For example, Du Haiyan and Li Fupeng found items 9, 39, and 58
showed moderate or severe DIF when applying the M-H method [?]. Lord’s
chi-square test can also be used, employing R software for DIF testing, where X2

is the DIF indicator, and X2 > 13 with p>0.05 indicates DIF [?]. For example,
Gao Shuang and Zhang Xiangkui used Lord’s chi-square test when applying
Rasch models to analyze the Rosenberg Self-Esteem Scale, finding items 1 and
5 showed functional differences—that is, on these two items, gender differences
led to different self-esteem levels [?]. For multi-level scoring items, ANOVA can

chinarxiv.org/items/chinaxiv-202211.00296 Machine Translation

https://chinarxiv.org/items/chinaxiv-202211.00296


also be used for testing. For instance, in the development of the WHO Disability
Assessment Schedule, researchers found different difficulty levels between gender
groups and used ANOVA to compare gender and other potential DIF-producing
items to identify inappropriate items for modification [?].

It is worth noting that the three major aspects of item analysis are not re-
quired to be used entirely in scale development but should be selected based
on scale characteristics—whether the scale is single-choice or multiple-choice, di-
chotomous or multi-level scoring, and what the nature of the developed scale
is. Whether problematic items found during item analysis should be eliminated
cannot be generalized. Simply deleting items with excessive difficulty, poor dis-
crimination, or poor fit is not advisable, as overly perfect models are difficult to
exist in reality. They are only ideal assumptions and guidance, and decisions
should be made based on comprehensive consideration of multiple indicators.

2.6.1 Initial Evaluation Based on Classical Test Theory
Classical Test Theory (CTT), also known as true score theory, became well-
established in the 1950s. This theory holds that test scores X consist of true
scores T and random error E, i.e., X=T+E, where the mean of error E is zero
and the correlation between T and E is zero. Based on this, measurement
indicators for test items were established, such as reliability, validity, difficulty,
and discrimination, to screen test items, build item banks, and construct tests
[?]. Previous sections have detailed how to use difficulty and discrimination to
screen test items. This section introduces how to use CTT to complete initial
test evaluation, namely conducting exploratory factor analysis and reliability
and validity analysis.

2.6.1.1 Exploratory Factor Analysis

Exploratory Factor Analysis (EFA), as a CTT technique, has been widely used
in scale design and development within primary care. EFA mainly uses math-
ematical methods to explore variables or factors in scales to determine specific
dimensions and which items belong to which dimension. Next, we detail the
EFA process. We believe EFA should include the following four key steps (see
Figure 3 [Figure 3: see original paper]).

(1) Determine Variables and Sample
Determining variables and sample is preparatory work before data analysis, cru-
cial for the entire study. This stage requires researchers to compile or collect
as many items related to their research topic as possible based on previous re-
search and theory, sometimes even including some items unrelated to the topic,
because after EFA screening, remaining items are often much fewer than origi-
nal items. How to decide which items to retain is also a concern for researchers.
Common criteria include factor loading, item communality, and cross-factor
loading. Generally, factor loading >0.71 in the component matrix is considered
excellent, >0.63 very good, >0.55 good, >0.45 fair, and >0.32 poor [?]. Item
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communality should not be too low, generally considered not less than 0.30 [?].
The same item should not have high loadings on two factors. For example, Chen
Gui et al. eliminated items with similar loadings on different factors that were
difficult to interpret [?]. Before factor analysis, sample size must also be consid-
ered. Factor analysis sample size should not be too low, otherwise results lack
persuasiveness. Corsuch recommends a sample-to-variable ratio of 5:1, with a
minimum sample size of 100. Nunnally recommends a sample-to-variable ratio
of 10:1 [?].

(2) Determine Whether EFA Can Be Conducted
The purpose of EFA is to simplify data or identify the basic data structure of the
scale. Researchers currently widely use principal component analysis for EFA.
Before conducting EFA, it is necessary to ensure that theoretical and statistical
assumptions for factor analysis are met. Factor analysis theoretical assumptions
hold that a latent structure indeed exists in the variable set, while statistical
assumptions require strong correlations between observed variables. Therefore,
before EFA, the following conditions must be met: inter-item correlation >0.3,
significant Bartlett’s test of sphericity (p<0.05), and Kaiser-Meyer-Olkin (KMO)
measure of sampling adequacy (MSA) of at least 0.6 [?]. Inter-item correlation
>0.3 requires researchers to calculate correlations for all items; if all or most
correlations are <0.3, EFA is not suitable. The same applies to sphericity and
sampling adequacy tests. For example, Guo Jing conducted KMO and Bartlett’
s tests when revising the Chinese version of the Psychological Vulnerability
Questionnaire, showing KMO=0.89 and Bartlett’s test �2/df=25.31, p<0.001 [?].
Note that these parameters only indicate that factor analysis can be conducted,
not that results are good.

(3) Determine Number of Factors
Determining the factor structure of selected variables and how many factors to
retain is a critical step in EFA. Retaining too few or too many factors causes
problems, but empirical research tends to retain more factors because over-
extraction yields more accurate factor loading estimates than under-extraction.
Researchers have proposed various testing methods to aid decision-making,
mainly including: � Eigenvalue >1, also known as the K1 rule, one of the most
commonly used standards; � Total variance explained, also developed based on
principal component analysis. There is no unified standard for how much total
variance factors should explain, with some researchers arguing it should not be
less than 50% [?]. For example, Table 1 shows factor analysis results for the
8-item General Self-Efficacy Scale, where only one eigenvalue >1 (5.753>1),
leading researchers to conclude the scale is unidimensional with only one factor.
The table also shows the factor’s variance explanation (71.91%>50%), meaning
this factor can explain 71.91% of variance in general self-efficacy and well
reflects the construct; � Scree plot, which provides a graphical representation of
factor number and eigenvalue magnitude. Researchers simply select the factor
number corresponding to the inflection point in the scree plot provided by EFA.
This method is simple, convenient, and more intuitive. Figure 4 [Figure 4: see
original paper] shows the scree plot for general self-efficacy. The figure shows
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a huge turning point starting from the first component, so the first component
can be considered the inflection point, indicating the scale contains only one
factor.

(4) Factor Rotation
After determining the number of factors, the next step is to determine the factor
rotation method. Factor rotation methods can be divided into two categories:
oblique rotation and orthogonal rotation. Unlike oblique rotation, orthogonal
rotation assumes no correlation between factors, while oblique rotation does
not have this assumption. In empirical research within primary care, factors
often have greater or lesser correlations, so oblique rotation is more objective.
However, most published studies use orthogonal rotation, whose results are more
conducive to researchers’interpretation of factor structure but can also mislead
research conclusions. Therefore, we believe future researchers should first use
oblique rotation, only considering orthogonal rotation if correlations between
factors are found to be small or nonexistent. Table 2 shows results using the
promax oblique rotation method, indicating the scale contains two factors, with
J1, J2, J3, J4, J5, J7, J8 belonging to factor 1, and J6, J9, J10 belonging to
factor 2.

2.6.1.2 Reliability Analysis

After eliminating items through EFA, the formal scale is finalized. At this
point, the data should be used to test the formal scale’s reliability. Reliability
refers to the stability of measurement results. If a person’s same trait can
be measured repeatedly with the same measurement tool, the degree of agree-
ment among various measurements is called reliability, sometimes also referred
to as measurement reliability. In CTT, reliability methods typically include
alternate-forms reliability, test-retest reliability, homogeneity reliability, split-
half reliability, and inter-rater reliability. In clinical research, alternate-forms
reliability is difficult to obtain and thus rarely used. Researchers prefer test-
retest reliability, split-half reliability, and homogeneity reliability.

(1) Test-Retest Reliability
In scale design research, cross-time consistency of the scale is an important indi-
cator for measuring tool reliability. Therefore, when developing and designing
scales in primary care, it is necessary to report the consistency of results ob-
tained from administering the scale twice to the same group of subjects, which
can be expressed using the Pearson product-moment correlation coefficient be-
tween the two tests. For example, Liu Lei et al. reported a test-retest reliability
of 0.883 for the Chinese version of the Exercise Psychological Needs Satisfaction
Scale for the Elderly they developed, with three-dimensional test-retest reliabil-
ity coefficients between 0.829 and 0.876 [?]. For test-retest reliability, generally
accepted evaluation standards are: 0.65-0.70, minimum acceptable value; 0.70-
0.80, quite good; 0.80-0.90, very good [?]. Therefore, the test-retest reliability
of the scale developed by Liu Lei et al. is good. However, Liu Lei et al. did not
report the interval between the two administrations, which is also an important
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factor affecting test-retest reliability and should be noted in future research,
as test-retest reliability can vary with different time intervals for the second
measurement.

(2) Alternate-Forms Reliability
Designing two parallel tests to measure the same group of subjects yields
alternate-forms reliability, which can be expressed using the Pearson product-
moment correlation coefficient between the two parallel tests for the same
group. Alternate-forms reliability is also an indicator of scale reliability, but
due to the time and effort required to design parallel tests and the difficulty
ensuring consistency in content and structure between the two tests, it is not
widely used in measurement. Liu Aimei and Liu Yuanbin used this reliability
when developing a health knowledge, attitude, and practice questionnaire
for sudden deafness patients, using questionnaires with similar content and
response format as parallel tests, finding alternate-forms reliability of 0.88 for
the health knowledge section [?]. Evaluation standards for alternate-forms
reliability are basically consistent with test-retest reliability [?], so this scale
has good alternate-forms reliability.

(3) Split-Half Reliability
Also called internal consistency coefficient, researchers need to divide a complete
test into equivalent halves and compare the consistency of test scores for sub-
jects on the two newly obtained halves. Split-half reliability is one of the most
commonly used reliabilities in current research, requiring only simple operations
in SPSS statistical software to calculate.

(4) Homogeneity Reliability
Researchers can obtain homogeneity reliability by measuring the consistency
among all items within the test, i.e., the internal consistency coefficient. Re-
searchers generally use Cronbach’s alpha coefficient to measure a test’s in-
ternal consistency. Alpha coefficient is currently the most used reliability in
research. Like split-half reliability, researchers only need simple operations in
SPSS to calculate the alpha coefficient. Wu Minglong points out that alpha
coefficient should preferably be above 0.80, with 0.70-0.80 being acceptable;
subscales should preferably be above 0.70, with 0.60-0.70 being acceptable [?].

(5) Inter-Rater Reliability
When multiple raters score the same batch of answer sheets, the consistency of
scores yields inter-rater reliability. Its magnitude equals Kendall’s coefficient of
concordance between one rater’s set of scores and another rater’s set. Kendall’
s coefficient of concordance is a measure of correlation for multi-column rank
data, commonly used to evaluate consistency among multiple raters.

2.6.1.3 Validity Analysis

When conducting scale design research in primary care, the validity of the de-
veloped test should also be examined. Validity is the degree to which a test
or scale can measure what it intends to measure. The theoretical definition of

chinarxiv.org/items/chinaxiv-202211.00296 Machine Translation

https://chinarxiv.org/items/chinaxiv-202211.00296


validity is the ratio of true variation (effective variation caused by measured
changes) to total variation (true variation) in a series of measurements related
to the measurement purpose. Test validity can be divided into content validity,
construct validity, and empirical validity.

(1) Content Validity
Content validity involves detailed, systematic judgment by relevant experts on
the 吻合度 between the assessment tool’s items and content scope. The qualifi-
cations and professional scope of participating experts are basic guarantees for
content validity assessment quality. For example, Cui Chuyun et al. selected
six nursing experts (nursing professors from schools and hospitals, nursing de-
partment directors, and clinical nursing experts) to evaluate scale content va-
lidity, as selecting professors or clinical experts in the research field is the most
common choice for content validity evaluation [?]. Additionally, quantitative
assessment of content validity in item screening includes various indicator cal-
culations, among which the Content Validity Index (CVI) is widely used due to
its simple calculation, ease of understanding and communication, and ability to
correct for random consistency: Item-level CVI (I-CVI) can evaluate each item’
s content validity; Scale-level CVI (S-CVI) measures the entire scale’s content
validity. For example, after preliminary development of a coronary heart disease
patient secondary prevention medication adherence questionnaire, researchers
prepared an expert rating form based on a Likert 4-point scale, with options set
as irrelevant, relevant only if modified, very relevant but needs modification, and
highly relevant, scored 1-4 respectively, distributed to experts for completion.
After collection, I-CVI and S-CVI were both calculated as 1.00 [?], indicating
good content validity.

(2) Construct Validity
The degree to which a test actually measures the intended theory and trait is
the scale’s construct validity, representing how well a scale can explain some
structure or trait of test theory. In empirical research, researchers can generally
measure a scale’s construct validity through item analysis, exploratory factor
analysis, and Confirmatory Factor Analysis (CFA). Item analysis examines cor-
relations between scale items and their dimensions and between dimensions to
test associations and independence among scale dimensions. For example, Yang
Li et al. used item analysis to measure construct validity in a cognitive style ques-
tionnaire, showing correlations between items and their dimensions above 0.55,
mainly distributed between 0.56 and 0.75, indicating good item discrimination.
The four dimensions of the cognitive style questionnaire had moderate corre-
lations, showing they were related yet relatively independent [?]. Exploratory
factor analysis is basically as described in the previous section, except no items
are deleted this time. Generally, questionnaires formed through EFA should
collect new data to measure construct validity using EFA or CFA. For example,
Wu Yibo et al. used AMOS software for CFA to test model fit when examining
reliability and validity of the Chinese version of the Duke Anticoagulation Sat-
isfaction Scale (DASS), finding all indicators showed good fit for the four-factor
DASS model (CMIN/DF = 1.825 < 5, GFI = 0.854 > 0.85, CFI = 0.938 > 0.9,
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RMSEA = 0.066 < 0.08, NFI = 0.875 < 0.9, TLI = 0.921 > 0.9), indicating
good construct validity [?].

(3) Empirical Validity
If a test can effectively estimate subjects’behavior in specific situations, the
test has good empirical validity or criterion-related validity. Criterion validity
can be measured through correlation methods, differentiation methods, and
hit rate methods, with correlation methods still being most commonly used
in primary care scale design research. The correlation method measures the
correlation between test scores and validity variables. The calculated correlation
coefficient is the validity coefficient, whose square is validity. For example, You
Yongheng et al. selected the General Well-Being Scale (GWB) as a criterion to
test concurrent validity of the Beck Depression Inventory, requiring completion
of the criterion scale when distributing the depression scale. Results showed
significant correlations between all dimensions and total scores of general well-
being and depression total scores (P<0.001), indicating good criterion validity
for the BDI scale [?].

2.6.2 Initial Evaluation Based on Rasch Model
The Rasch model is a fundamental measurement model that measures latent
traits through individual performance on items. The basic principle of the
Rasch model is that an individual’s specific performance on a specific item is
measured by the person’s ability and the item’s difficulty, so response quality
depends entirely on individual ability and item difficulty. The Rasch model is
an idealized mathematical model that proposes two requirements for objective
measurement: (1) for any item, individuals with higher ability should have a
greater probability of correct response than those with lower ability; (2) any
individual should perform better on easy items and worse on difficult items
[?]. Although Rasch models have been developed for decades, they still have
not received sufficient attention, especially in primary care. Searching “Rasch”
as a theme in CNKI (1915-2022) found only 160 core journal articles, with
research from the past five years (2017-2021) accounting for as high as 46.25%.
This means Rasch models have gradually attracted more researchers’attention
in recent years, but these studies remain mainly concentrated in psychology
and education, with only a few articles related to primary care. Therefore,
conducting Rasch model research in primary care is very necessary.

2.6.2.1 Unidimensionality Test

Item Response Theory (IRT) is a mathematical formulation about the relation-
ship between individuals’probability of answering questions and latent traits,
another classic theory in measurement distinct from CTT. Common IRT models
include one-parameter, two-parameter, and three-parameter models [?]. As a
special case of the IRT one-parameter model, Rasch model usage has a prerequi-
site: the scale must be unidimensional. Unidimensionality means that only one
latent trait influences respondents’answers during measurement. It is important
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to note that one latent trait does not mean the scale can only have one dimen-
sion, as long as all dimensions in the scale point to the same trait. For example,
Chen Yuanyuan et al., when translating a nutrition literacy assessment tool,
found the tool contained six subscales, but items in the subscales all pointed
to the nutrition literacy trait, so they conducted Rasch analysis on both sub-
scales and the full scale [?]. Rasch model residual principal component analysis
(PCA) is generally used to test scale unidimensionality. According to Raiche’s
recommendation, if the first factor’s residual standardized eigenvalue is between
1.4 and 2.1, the data can be considered to meet unidimensionality requirements
and be suitable for Rasch models [?]. For example, Chen Yuanyuan et al. found
during unidimensionality testing that the first component residual eigenvalues
for subscales 1-6 ranged between 1.6-1.8, and the total scale’s first component
residual eigenvalue was 3.1, meaning the scale was suitable for Rasch analysis
[?].

2.6.2.2 Model Fit

From the Wright map, we learn that Rasch models can estimate item difficulty
and respondent ability levels. By comparing actual observed scores with the the-
oretical probability of each respondent answering correctly on each item, Rasch
model fit can be evaluated. Rasch models typically require calculating two fit
statistics: Weighted Mean Square Fit Statistic (Infit MNSQ) and Unweighted
Mean Square Fit Statistic (Outfit MNSQ). Infit MNSQ and Outfit MNSQ close
to 1 indicate good model fit. Generally, when data fit well, Outfit and Infit
MNSQ are between 0.5 and 1.5 [?]. Using the Life Satisfaction Scale as an ex-
ample, we collected 569 data points and used R for model fit testing, with results
shown in Table 3 . The table shows all item parameters are basically within ac-
ceptable ranges, indicating good data-model fit. Item 5 (“If I could live my life
over, there is almost nothing I would want to change,”1=disagree, 2=somewhat
disagree, 3=neutral, 4=somewhat agree, 5=agree) has Outfit MNSQ and Infit
MNSQ values of 1.52 and 1.40 respectively, both greater than 1.0. This means
respondents with high life satisfaction chose low scores (disagree and somewhat
disagree), while those with low life satisfaction chose high scores (agree and
somewhat agree). Therefore, item 5 has large error in distinguishing respon-
dents’life satisfaction and requires further consideration of whether to retain
it.

Additionally, good items or scales should provide more information for testing
and reduce errors in estimating subjects’trait levels. IRT holds that scales
provide the most precise measurement results when testing subjects whose trait
levels match the scale. In research, test information curves are generally used
for measurement, reflecting the degree of accurate evaluation the entire scale
can provide when subjects with different characteristic levels complete all items.
Item difficulty can be seen on the horizontal axis, representing subjects’trait lev-
els, with each scale representing one logit unit, and the vertical axis representing
information amount, i.e., the Fisher information function [?]. Figure 5 [Figure
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5: see original paper] shows the test information curve for the Life Satisfaction
Scale, with the upper half showing each item’s test information curve and the
lower half showing the total scale’s test information curve. Overall, the scale has
highest accuracy when life satisfaction estimates are between 0 and 2, providing
maximum information for subjects with medium and high life satisfaction. For
example, Gao Shuang and Zhang Xiangkui found after calculating the Fisher
information function that self-esteem estimates between 0 and -2 can provide
the highest measurement precision, offering the most information for medium
and low self-esteem subjects [?].

2.6.2.3 Reliability

Rasch models use Person Separation Reliability (PSR) to measure scale relia-
bility. Separation reliability can be obtained by calculating the ratio of “true”
variation produced by individuals to total variation, typically used to examine
the reliability of subjects’ratings on items [?]. Rasch model overall reliability is
obtained by calculating explanatory power at the individual level, with values
from 0 to 1. Generally, reliability indicators above 0.7 are acceptable, and above
0.8 are good [?]. The calculated reliability value for the Life Satisfaction Scale
is 0.80, indicating good reliability.

2.7 Re-evaluation of the Scale
From Step 1 to Step 6, a scale is basically finalized. However, since scale item
screening and reliability and validity testing all use the same sample, whether the
scale has cross-sample and cross-time consistency remains unknown. Therefore,
researchers should use the formal scale to collect a new sample and test the scale’
s reliability and validity on the new sample. Note that if researchers need to
test the scale’s test-retest reliability, the second batch of scale subjects should
include some of the first batch. Since reliability and validity analysis content
has been elaborated in the previous section, researchers only need to use the
same methods for re-testing, so we will not elaborate further. Here, we only
elaborate on using Confirmatory Factor Analysis (CFA) to test scale construct
validity under CTT.

CFA refers to hypothesis testing conducted under the premise of clear 隶属 rela-
tionships between observed indicators and latent factors, and is theory-driven
analysis. After EFA, we have clarified the formal scale’s factor structure. There-
fore, new data can be used to construct a CFA model to test scale construct
validity. Based on the output results’fit, consideration can be given to whether
model modification is needed. Main fit indices include chi-square/degrees of free-
dom ratio (�2/df), Goodness-of-Fit Index (GFI) and Adjusted Goodness-of-Fit
Index (AGFI), Root Mean Square Error of Approximation (RMSEA), Normed
Fit Index (NFI), Incremental Fit Index (IFI), Relative Fit Index (RFI), Compar-
ative Fit Index (CFI), and Tucker-Lewis Index (TLI). Parameter fit standards
are: �2/df<2 (some researchers consider �2/df<3) indicates good model fit [?];
RMSEA<0.08 means the model is acceptable [?]; AGFI and GFI should both
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be >0.90, indicating good match between model and data [?]; NFI, RFI, IFI,
TLI, CFI should all be >0.90 [?]. If these fit values do not meet good standards,
researchers should consider model modification, specifically using MI values pre-
sented in AMOS reports to release relationships between two test error variables,
i.e., establishing covariance relationships between them [?], thereby optimizing
the model.

3 Discussion
Scale design methods have been fully applied in primary care, mainly reflected in
the breadth of scale design research usage. Currently, most studies involve scale
usage, so whether a scale’s design and development are reasonable determines
whether the research is reliable. However, many non-standard aspects remain
in scale design research, such as poor reliability and validity, lack of key steps,
and statistical errors. Overall, conducting scale design research in primary care
requires strict adherence to the above standard procedures, which can to some
extent solve non-standard usage of steps and statistical methods during research.
Of course, certain essential skills are also needed to better master this method.

Essential skills for scale design research mainly include theoretical guidance and
statistical testing. Theoretical guidance is a top-down process driven by theory.
It requires researchers to read extensive relevant literature before and during
scale development to understand the structure of the trait to be measured and
existing theories and scales. Only on the basis of these mature previous expe-
riences can the validity of the developed scale be ensured as much as possible.
Statistical testing is a bottom-up process driven by data. It can help researchers
better discover problems in item development and is also an important reference
for screening poor items. Researchers use statistics to test scale reliability and
validity to ensure the objectivity and effectiveness of the measurement tool. In
summary, theoretical guidance and statistical testing are two essential skills
in scale design research. Only by combining these two well and considering
them from both bottom-up and top-down perspectives can the reliability of the
developed measurement tool be maximally ensured.

This study systematically elaborates on how to conduct scale design in primary
care, but due to space and professionalism limitations, some clinicians may find
it difficult to understand professional terminology in the text. Moreover, for
most general practitioners, selecting an appropriate scale may be more directly
effective than designing one. To this end, we provide explanations for some
professional vocabulary in the text and relevant suggestions on how general
practitioners should select scales in the appendix. Additionally, this study pro-
vides researchers with a list of learning resources for further in-depth study of
scale design methods, see Table 4 . Overall, researchers should strictly follow
standard procedures when conducting scale design, referring to relevant materi-
als in the list for specific steps to ensure the objectivity and effectiveness of the
designed scale.
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4 Conclusion
In summary, we have outlined practical steps and statistical methods for re-
searchers interested in developing or designing scales in primary care. We recom-
mend that all scale design in primary care should consider the methods described
in this review. Researchers should strictly follow standard scale development
procedures and comprehensively use Rasch models and factor analysis methods
to make measurement results more objective.
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