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Estimating Internal Consistency: Did We 
Choose the Right Coefficient?  

 İç Tutarlılığın Tahmini: Doğru Katsayıyı Seçtik mi?  

ABSTRACT 

Internal consistency is a concept extensively used in academic discourse, yet its definition 
remains debated. In the context of validation studies, it is noteworthy that, although internal 
consistency is commonly assessed, some studies could benefit from employing more 
accurate estimators that are better suited to the underlying factorial structure. These 
editorial addresses the various recommended estimators for calculating internal consistency 
based on the characteristics of the studied model. We explore one-dimensional measures, 
identifying when estimators such as α are suitable, particularly for tau-equivalent models. 
For congeneric measurement models, coefficient ω is recommended. We also discuss 
complex models incorporating multidimensional structures, including essential 
unidimensionality, scales with multiple correlated or uncorrelated factors, and higher-order 
models. Researchers should avoid reporting the total internal consistency of the instrument 
unless unidimensionality or a higher-order factor structure has been demonstrated. When 
data are approximately unidimensional, measures are congeneric with moderate factor 
loadings, and sample sizes are large, it is reasonable to report both α and ω.   
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ÖZ 

İç tutarlılık, akademik yazında yaygın olarak kullanılan bir kavram olmasına rağmen, tanımı 
hâlâ tartışmalıdır. Geçerlilik çalışmaları bağlamında, iç tutarlılığın sıklıkla değerlendirildiği 
fakat bazı çalışmaların altta yatan faktör yapısına daha uygun ve daha doğru kestiricileri 
kullanmaktan fayda görebileceği dikkate değerdir. Bu editoryal, çalışılan modelin özelliklerine 
göre iç tutarlılığın hesaplanmasında önerilen çeşitli kestiricileri ele almaktadır. Tek boyutlu 
ölçümleri inceliyor, α gibi kestiricilerin özellikle tau-eşdeğer modellerde ne zaman uygun 
olduğunu belirtiyoruz. Konjenerik ölçüm modelleri için ω katsayısı önerilmektedir. Ayrıca, 
zorunlu tek boyutluluk, birden fazla ilişkili veya ilişkisiz faktöre sahip ölçekler ve üst düzey 
modeller dahil olmak üzere çok boyutlu yapıları içeren karmaşık modelleri de tartışıyoruz. 
Araştırmacılar, tek boyutluluk veya üst düzey faktör yapısı gösterilmeden aracın toplam iç 
tutarlılığını raporlamaktan kaçınmalıdır. Veriler yaklaşık olarak tek boyutlu olduğunda, 
ölçümler orta düzey faktör yüklerine sahip konjenerik ise ve örneklem büyüklüğü büyükse, 
hem α hem de ω’nın raporlanması makuldür. 
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Introduction 

The concept of internal consistency has been extensively 
utilised in academic discourse, yet its definition remains a 
subject of considerable debate (Sijtsma, 2008; Tang et al., 
2014). Cronbach (1951) initially employed the terms 
"internal consistency" and "homogeneity" interchangeably, 
asserting that "an internally consistent or homogeneous 
test should be independent of test length". In contrast, 
Revelle (1979) conceptualised the term as “the degree to 
which all items in a test measure the same construct, or the 
general factor saturation”. Other scholars applied the term 
to denote the interrelatedness of items, distinguishing it 
from homogeneity, which they posited refers to the 
unidimensionality of a set of test items (Green et al., 1977; 
McDonald, 1981; Miller, 1995; Mokkink et al., 2010; 
Viladrich et al., 2017). This multiplicity of meanings 
underscores the need for greater clarity and consensus in 
the conceptualisation of internal consistency within the 
academic community (Tang et al., 2014). 

Internal consistency is commonly expressed through 
reliability coefficients such as alpha (α) or omega (ω), 
among others, within the framework of Classical Test 
Theory (CTT) (Doval et al., 2023; Viladrich et al., 2017). In 
this context, the calculation of internal consistency is 
applicable only to measures grounded in a reflective 
measurement model, wherein all items are manifestations 
of the same underlying construct. Such items, known as 
effect indicators, are characterised by their anticipated high 
correlation and interchangeability (Jarvis et al., 2003; 
Mokkink et al., 2024). Consequently, it is widely 
recommended to consistently fit a measurement model 
and derive reliability coefficients from the different 
parameter estimates (Crutzen & Peters, 2015; Graham, 
2006; Viladrich et al., 2017). 

Depending on the dimensionality and measurement model, 
different estimators can either understate or overstate the 
true reliability of the scores (Doval et al., 2023; Gu et al., 
2012; Sijtsma, 2008; Viladrich et al., 2017). In fact, 
misapplication of internal consistency coefficients is not 
merely a technical concern but can have substantive and 
clinical consequences. When a single α or ω is reported for 
a clearly multidimensional measure, a high coefficient can 
create unwarranted confidence in total scores and 
encourage their use for comparing groups or evaluating 
treatment effects, even though they do not represent a 
single construct (Doval et al., 2023; Viladrich et al., 2017). 
Conversely, failing to recognise essential unidimensionality 
and discarding a reliable total score may lead researchers 

to work with fragmented constructs and to lose 
unnecessary statistical power, with potential repercussions 
for patient classification, screening decisions and the 
monitoring of change over time (Crutzen & Peters, 2015; 
Doval et al., 2023; Prinsen et al., 2018; Viladrich et al., 
2017). 

Internal consistency, as defined by COSMIN (COnsensus-
based Standards for the selection of health Measurement 
INstruments), is a concept within one of the measurement 
properties (reliability) (Mokkink et al., 2010) and can be 
operationalised using various statistical parameters, with 
numerical values ranging from 0 to 1. The scientific field 
generally concur that when developing novel measures, 
coefficients exceeding 0.70 are deemed satisfactory. 
However, in scenarios involving high-stakes individual 
decision-making processes, a more stringent threshold of 
0.90 or higher is necessitated to ensure robust reliability 
(Nunnally & Bernstein, 1994; Thorndike, 1995). 
Nevertheless, it is also important to emphasise that when 
there is high internal consistency, scientific evidence 
suggests that there may be redundant items (Streiner, 
2003). In this discussion, we aim to present a range of 
recommended estimators for calculating internal 
consistency. These recommendations are based on the 
characteristics of the studied model and are aligned with 
the latest advances in psychometrics. 

Internal Consistency Coefficient for One-dimensional 
Measures 

A one-dimensional measure represents a methodological 
tool aimed at consolidating several related items into a 
single numerical value, which captures a singular 
underlying construct (Lord & Novick, 1968; Thorndike, 
1995). 

In this sense, researchers can identify essentially tau-
equivalent models and models that fulfil tau-equivalent 
criteria. Tau-equivalent models are those in which all items 
exhibit the same factor loadings. Additionally, we can 
consider models that fulfil tau-equivalent criteria, 
specifically, when factor loadings average approximately 
0.70 and their variability remains within ±0.20 (Berge, 2014; 
Viladrich et al., 2017). 

When these criteria are met, the recommended estimator 
would be α (see Table 1), as it has been demonstrated to be 
an unbiased estimator of internal consistency reliability 
(Viladrich et al., 2017). Under these circumstances, α 
remains a viable point estimator of internal consistency 
reliability, potentially preferred for its computational 
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simplicity compared with ω (Doval et al., 2023; Viladrich et 
al., 2017). 

 

Table 1 
Criteria for using the two types of α 

Criterion Cronbach’s α Ordinal α 

Type of 
response 
scale* 

Continuous, 
interval/ratio 
scales 

Ordinal (e.g. Likert), 
categorical 

Correlation 
matrix⸸ 

Pearson Polychoric 

Model 
assumption 

Normality, 
linearity, tau-
equivalence 

Ordinal latent 
variables, non-lineear 
relationships 

Note. Based on the scientific evidence provided by Cho and 
Béland (2025), Doval et al. (2023), Gadermann et al. (2012), 
Sijtsma and Pfadt (2021), Sijtsma (2008), Viladrich et al. (2017), 
and Zumbo and Kroc (2019) 
* According to Doval et al. (2023), a scale with five or more 
response categories can be considered as a continuous item, 
⸸ Using an inappropriate matrix can lead to incorrect factor 
solutions, poor model fit, and invalid interpretations. For 
example, Pearson correlations applied to ordinal data might fail 
to capture the true associations, while polychoric correlations 
applied to continuous data could overfit the model. 

 

On the other hand, congeneric measurement models 
operationalise the premise that item factor loadings 
inherently exhibit variability rather than uniformity (Berge, 
2014; Jöreskog, 1971). Unlike restrictive tau-equivalent 
assumptions, congeneric models acknowledge the 
empirically observed heterogeneity in items, which is often 
more frequently encountered in the real-world context of 
measurement instruments (Viladrich et al., 2017). When 
the congeneric measurement model provides a good fit to 
the data, but the more stringent essentially tau-equivalent 
model does not, it is recommended to estimate the internal 
consistency of the total or mean score of the items using 
coefficient ω (see Table 2) (Doval et al., 2023; Viladrich et 
al., 2017). Notably, research has demonstrated that α tends 
to yield lower values compared to ω (Doval et al., 2023; 
Raykov, 1997; Viladrich et al., 2017). This suggests that α 
can be considered the lower limit of reliability (Raykov, 
1997). 

 

 

 

 

Table 2 
Criteria for Using α and ω 

Criterion α ω 

Model 
Assumptions 

Tau-equivalence 
criteria 

Congeneric 

Factor Loadings Homogeneous 
(±0.20) 

Heterogeneous 

Error Structure Uncorrelated Uncorrelated or 
correlated* 

Recommended 
When 

Factor loadings 
~0.70 ±0.20 

Significant factor 
loading differences or 
model misfit 

Note. Based on the scientific evidence provided by Doval et al. 
(2023) and Viladrich et al. (2017); 
* ω remains vulnerable to correlated errors, taking into account  
the Structural Equation Model (SEM); Gu et al. (2012) found that 
α remains largely unbiased regardless of the number of non-tau-
equivalent items or the variability in factor loadings, the presence 
of correlated errors degrades the performance of coefficient 
alpha; package in R, documented by Zhang and Yuan (2015), 
estimates α and ω coefficients and their confidence intervals, 
handling missing data and outliers. 

 

Advancing this discussion, we find the correlated errors 
models. Correlated errors models refer to systematic 
relationships between measurement errors across 
different items, challenging the fundamental assumption 
that errors are random and uncorrelated (Viladrich et al., 
2017). Correlated errors can significantly impact reliability 
estimates, potentially leading to under- or overestimation 
of reliability coefficients. These correlations may arise from 
various sources, including measurement methods, shared 
environmental factors, or response biases in surveys (Doval 
et al., 2023; Green & Hershberger, 2000; Viladrich et al., 
2017). 

When models with correlated errors are identified, it is 
recommended to estimate internal consistency using 
coefficient ωcorrected for correlated errors (Doval et al., 
2023; Green & Hershberger, 2000; Viladrich et al., 2017). 
However, to address the bias in correlated errors models, it 
is essential to incorporate the covariance between errors in 
both the model parameter estimation and the ω formula 
(Doval et al., 2023; Raykov, 2004; Viladrich et al., 2017). This 
approach builds upon Bollen's (1980) original 
unstandardised factor formulation. By implementing these 
modifications, researchers can enhance the accuracy of 
their analyses and mitigate potential distortions in their 
results (see also Table 2) (Doval et al., 2023; Viladrich et al., 
2017). 
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Internal Consistency Coefficient for Multi-dimensional 
Measures 

This section discusses complex models that incorporate 
multidimensional structures, including the concept of 
essential unidimensionality. It also examines scales with 
multiple factors, which may be either correlated or 
uncorrelated (Reise et al., 2012a; Viladrich et al., 2017), as 
well as higher-order models (Flora, 2020; Reise, 2012b; 
Viladrich et al., 2017). 

Essential unidimensionality measures refer to whether a 
scale functions predominantly as a single construct despite 
potential multidimensionality arising from minor secondary 
factors. A pivotal methodological framework for evaluating 
this concept involves bifactor measurement models (Reise, 
2012b). In such models, the correlations between items can 
be explained by a general factor that represents the shared 
variance among all items and/or a set of group factors in 
which the variance, beyond that accounted for by the 
general factor, is shared among subsets of items presumed 
to be highly similar in content (Doval et al., 2023; Reise, 
2012b; Rodriguez et al., 2015; Viladrich et al., 2017). These 
group factors, which may reflect spurious associations (e.g., 
method effects or item wording artefacts), are explicitly 
modelled to disentangle their influence from the general 
factor (Reise, 2012b; Rodriguez et al., 2015). 

In this sense, is recommended ωhierarchical, as 
conceptualised by Zinbarg et al. (2005), quantifies reliability 
by exclusively attributing true score variance to a general 
factor while relegating variance from specific factors—such 
as method effects or item-specific variance—to the error 
term in the denominator. This formulation deliberately 
excludes spurious variance sources (e.g., response biases or 
measurement artifacts) from the numerator, ensuring 
reliability estimates reflect only systematic variance 
attributable to the target construct (Doval et al., 2023; 
Reise, 2012b; Rodriguez et al., 2015; Viladrich et al., 2017).  
Green and Yang (2015) advocate for concurrently reporting 
ωhierarchical and ωtotal. Whereas ωhierarchical isolates 
the general factor’s contribution, ωtotal incorporates 
variance from both general and specific factors, providing 
complementary perspectives on scale performance. The 
degree of congruence between these coefficients offers 
empirical insight into unidimensionality (Doval et al., 2023; 
Reise, 2012b; Rodriguez et al., 2015; Viladrich et al., 2017). 
Also, the scientific literature recommends calculating 
ωhierarchical subscale (an index reflecting the reliability of 
a subscale score after controlling for the variance due to the 
general factor). This can be consulted in more detail in Reise 
et al. (2012a; 2012b) and Rodriguez et al. (2015). 

Correlated factors measures represent structures in which 
latent variables (factors) within a measurement model are 
interrelated (Bentler, 1990). In this context, the coefficients 
αtotal and ωtotal are not suitable for multidimensional 
tests measuring different constructs that do not share one 
general factor (Doval et al., 2023). Nevertheless, once the 
different factors have been identified, these coefficients 
can be calculated for each subscale separately (Bentler, 
2021; Doval et al., 2023; Prinsen et al., 2018; Sijtsma & 
Pfadt, 2021). Therefore, it is recommended to calculate the 
internal consistency for each subscale following the 
recommendations previously outlined in Table 2. 
Researchers should avoid reporting the total internal 
consistency of the instrument unless unidimensionality or a 
higher-order factor structure has been demonstrated 
(Doval et al., 2023; Prinsen et al., 2018). 

Higher-order models represent a hierarchical structure of 
latent variables in factor analysis, comprising lower-order 
factors that directly influence observed variables and a 
higher-order factor that affects these lower-order factors 
(Flora, 2020; Stout, 1987; Viladrich et al., 2017). 

In such models, the reliability measure omega-higher-order 
(ωho) becomes relevant. ωho quantifies the proportion of 
total-score variance attributable to the higher-order factor, 
calculated using parameter estimates from the model. The 
significance of ωho lies in its ability to represent the 
reliability of a total score in measuring a single construct 
that influences all items, despite the test's 
multidimensional nature (Flora, 2020; Yung et al., 1999). 

Conclusion and Recommendations 

The choice of internal consistency coefficient should be 
explicitly guided by the dimensionality and the type of 
measurement model. For tau equivalent scales (i.e. 
homogeneous factor loadings around 0.70 ± 0.20), α is an 
appropriate and computationally simple estimator (Doval 
et al., 2023; Viladrich et al., 2017). When the scale is clearly 
congeneric (heterogeneous loadings), ω is preferable 
because it incorporates the actual loading pattern and 
usually provides less biased estimates than α (Doval et al., 
2023; Viladrich et al., 2017). For essentially unidimensional 
instruments modelled with bifactor structures, 
ωhierarchical and ωtotal are recommended to quantify 
internal consistency (Doval et al., 2023; Green & Yang, 
2015; Reise, 2012b; Rodriguez et al., 2015; Viladrich et al., 
2017; Zinbarg et al., 2005). Also, it is recommended to 
calculate ωhierarchical subscale, an index that reflects the 
internal consistency of a subscale score after controlling for 
the variance attributable to the general factor. Finally, in 
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higher order models with several first order factors and a 
second order factor, ωho can be used to evaluate how 
much of the total score variance is attributable to that 
higher order construct, whereas internal consistency for 
each first order dimension should be reported separately 
(Flora, 2020; Yung et al., 1999). 

Although all these coefficients are intended to estimate the 
ratio of true score variance to observed score variance, they 
rest on different assumptions and can therefore yield 
different values (Doval et al., 2023; Viladrich et al., 2017). 
Using an inappropriate coefficient may lead to 
overestimating precision and to misleading substantive or 
clinical decisions; conversely, failing to recognise essential 
unidimensionality and reporting only subscale indices can 
underestimate the internal consistency of a well defined 
general construct (Doval et al., 2023; Sijtsma, 2008; 
Viladrich et al., 2017). 

Nevertheless, considering the findings of Doval et al. 
(2023), it is equally reasonable to use α or ω when data are 
approximately unidimensional, measures are congeneric 
with moderate factor loadings, and sample sizes are large, 
as both coefficients perform similarly under these 
conditions. A conservative approach, as recommended by 
Doval et al. (2023) and Revelle and Condon (2019), involves 
reporting both α and ω based on these criteria. Reporting α 
allows comparison across studies, given its widespread use, 
while ω provides a model based reliability estimate. If there 
is a notable discrepancy between α and ω, it is important to 
explore potential causes. 

Finally, although this discussion offers a necessarily concise 
and technical overview, readers interested in more 
extensive mathematical details and formal formulations are 
encouraged to consult the cited sources. 
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