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PERSPECTIVE

Unconsidered issues of measurement noninvariance in
biological psychiatry: A focus on biological phenotypes of
psychopathology
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There is increasing appreciation that certain biological processes may not be equally related to all psychiatric symptoms in a
given diagnostic category. Research on the biological phenotyping of psychopathology has begun examining the etiological
and treatment implications of identiﬁed biotypes; however, little attention has been paid to a critical methodological
implication of these results: measurement noninvariance. Measurement invariance is the ability of an instrument to measure
the same construct, the same way, across different people, or across different time points for the same individual. If what a
measure quantiﬁes differs across different people (e.g., those with or without a particular biotype) or time points, then it is
invalid to directly compare means on that measure. Using a running example of inﬂammatory phenotypes of depression, we
ﬁrst describe the biological phenotyping of psychopathology. Second, we discuss three types of measurement invariance.
Third, we demonstrate how differential biology-symptom associations invariably creates measurement noninvariance using a
theoretical example and simulated data (for which code is provided). We also show how this issue can lead to false conclusions
about the broader diagnostic construct. Finally, we provide several suggestions for addressing these important issues to help
advance the ﬁeld of biological psychiatry.
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INTRODUCTION
Many research questions in biological psychiatry use variables that
index processes such as inﬂammatory activity, grey matter
volume, and gene expression as predictors of an aggregate
measure of psychopathology. An underlying assumption of these
tests, as commonly performed, is that the psychopathology
measure used assesses the same construct the same way each
time it is administered, either across different people or across
different time points for the same individual. However, this
assumption might be untenable in light of growing evidence that
some biological risk factors have differential associations with
symptoms within a diagnostic construct (e.g., inﬂammatory
proteins being most robustly associated with neurovegetative
symptoms of depression [1]).
In this article, we ﬁrst brieﬂy describe the concept of
biological phenotypes. Second, we discuss the concept of
measurement invariance. Third, we use both a theoretical
example and statistical simulation to illustrate how the
presence of biological phenotypes of psychopathology induces
measurement noninvariance. We also discuss how this issue can
result in inappropriate conclusions about the relations between
biology and behavior. Finally, we provide some recommendations for moving forward.

BIOLOGICAL PHENOTYPES OF PSYCHOPATHOLOGY
There is accumulating evidence that different psychiatric symptoms
within some diagnostic categories (e.g., depression) may have
different risk factors [2]. These ﬁndings have prompted interest in the
symptom-level biological phenotyping of psychopathology (see
Fig. 1 for an example of a nine-item measure of depression for which
a risk factor is only related to three items). The thorough
characterization of which speciﬁc symptoms of a disorder are
associated with a given process may in turn help advance biological
psychiatry and, in addition, precision medicine. For example,
understanding that inﬂammation is associated primarily with
neurovegetative symptoms of depression [1] can help clinicians
identify patients who may possess an underlying atypical inﬂammatory phenotype, and this information can, in turn, guide decisions
about who might beneﬁt most from adjunctive anti-inﬂammatory
treatments [3]. Further, this level of speciﬁcity will improve insight
into whether biology—behavior associations are disorder speciﬁc or
transdiagnostic in nature. For example, does irritability as an indicator
of depression have the same biological correlates as irritability as an
indicator of bipolar disorder or borderline personality disorder, and
within non-clinical samples?
Studying biological phenotypes of psychopathology also
has the potential to improve the replicability of psychiatric
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Fig. 1 Visual representation of a risk factor associated with a subset of symptoms. The triangle represents a risk factor, rectangles indicate
individual depression symptoms, and the circle represents depression. Solid lines connect the individual items and depression. Dashed lines
represent relations between a risk factor and a subset of items.

research [4]. Again, using an immunologic example, consider that
the effect sizes between C-reactive protein (CRP) and depression
symptoms across published studies is highly variable across
studies [5]. Given evidence that CRP is not equally associated with
all depression symptoms [6–8], inconsistent results between CRP
and total depression symptoms are likely inﬂuenced by the
sampling variability of which symptoms are endorsed across
studies. Guided by phenotyping research, making psychiatric
outcomes more nuanced or speciﬁc (i.e., speciﬁc symptoms or
subtypes of depression) may increase replicability and shorten the
research-to-practice timeline for syndromes that are characterized
by high degrees of heterogeneity [9].
The implications of differential associations between a risk factor
and the symptoms of a disorder extend beyond etiology, nosology,
and treatment. Below, we examine an important methodological
concern that has been largely ignored in extant discourse on
phenotyping: measurement noninvariance. We will continue using
the example of inﬂammation and depression to contextualize the
issue of measurement noninvariance, discuss its consequences,
and describe potential solutions. However, the issue of measurement invariance is universally applicable to all risk factors that are
unequally associated with different symptoms on a measure.
MEASUREMENT INVARIANCE: A BRIEF OVERVIEW
In the context of psychological questionnaires, measurement
invariance is the ability of a questionnaire to measure the same
construct in the same way regardless of who takes it (e.g., people
from two different groups) or when it is completed (e.g., same
person at multiple points in a longitudinal study). Measurement
invariance also can exist as a function of continuous variables (e.g.,
age). To keep the language consistent, we will focus on
measurement invariance across groups.
Without measurement invariance, it is inappropriate to compare
means—the most common level of analysis in biological
psychiatry—because identical scores might not reﬂect the same
level of a construct for both groups. As an example, consider if
Person A steps on a scale on Earth and their weight is displayed in
pounds and Person B steps on the same scale and the weight is
displayed in pounds, but the scale is located on the moon. Despite
using the same exact measurement instrument, these two
numbers cannot be directly compared because the weight
registered by the scale is inﬂuenced by a third factor—in this
case, different levels of gravity.
The three most commonly discussed types of measurement
invariance are conﬁgural, metric (sometimes referred to as “weak”
invariance), and scalar invariance (sometimes referred to as
“strong” invariance). We will brieﬂy discuss conﬁgural and metric

invariance, but focus on scalar invariance, for reasons described
below. See Fig. 2 for visualization of the three kinds of
measurement invariance and [10] for a more thorough review of
measurement invariance and how to test it. Also, lest researchers
assume that because they do not model their psychopathology
variables in latent space and instead use sum scores, they are
immune from the challenges raised herein, we want to highlight
that sum scores actually are themselves latent variables (for an indepth explainer, see [11]). Quoting from the authors of that article,
“sum scoring corresponds to a statistical model and is not a
model-free arithmetic calculation”. Mathematically, a sum score
from a set of items is a latent variable model that ﬁxes all loadings
and error variances to equivalence across items (among other
assumptions). As such, all of the issues being discussed here are
just as applicable to differences in sum scores as they are to latent
variable means.
Conﬁgural invariance, the least strict form of measurement
invariance, refers to equivalence of model form. That is, which
variables (e.g., items) load onto which latent variables (e.g.,
depression) does not change as a function of a third variable (e.g.,
elevated inﬂammatory levels). An example of conﬁgural noninvariance is if all nine items on a depression questionnaire load
onto the depression latent factor in a sample with normative
inﬂammation, but only eight of the items load onto the
depression factor in a group with elevated inﬂammation. If
conﬁgural invariance is supported, the next form of invariance to
check is metric. Metric invariance, in turn, refers to the equivalence
of item loadings (how much an item is associated with a factor).
For example, suppose item #9 had a loading of .3 on the
depression factor in a sample with normative inﬂammation, but
had a loading of .6 in a group with elevated inﬂammation.
If both conﬁgural and metric invariance are supported, the next
step is to test for scalar invariance for the items with metric
invariance. Scalar invariance refers to equality of item intercepts/
thresholds (i.e., what level of endorsement of an item to expect if
the latent variable associated with the item is 0). For example,
consider a sample in which, when the true latent score of
depression is 0, none of the items are endorsed. An example of
scalar noninvariance would be if, in a different sample (e.g., one
with elevated inﬂammation), when the true latent score of
depression was 0, there would still be a couple of items likely to
be endorsed (because they are attributable to inﬂammation
instead of depression). If item intercepts differ between groups,
then observed mean differences in the construct (e.g., depression)
do not accurately capture true mean differences in the latent
variable (see below for an illustration). Therefore, if scalar
invariance is not met, any statistical test comparing mean
differences on the total number of depression symptoms would
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Fig. 2 Visual representations of measurement noninvariance. a The comparison model, b conﬁgural noninvariance, c metric noninvariance,
and d scalar noninvariance. Focal differences associated with the speciﬁed type of noninvariance are highlighted by a dashed circle.
Uppercase letters = factor loadings; lowercase letters = intercepts.

be confounded by the lack of scalar invariance, precluding
interpretable group-difference analyses. As illustrated below,
unequal associations between a variable and individual items on a
measure will always induce scalar noninvariance. In fact, it is
analogous to the deﬁnition of scalar noninvariance, highlighting a
potential limitation of much extant research in biological
psychiatry.
A THEORETICAL EXAMPLE AND SIMULATION OF
MEASUREMENT NONINVARIANCE
Imagine a scenario in which a researcher tests whether individuals
with atypically elevated CRP report more depression symptoms on
the Patient Health Questionnaire (PHQ)-9 [12] as compared to
individuals with normative levels of CRP. The ﬁndings suggest that
CRP levels are speciﬁcally related to changes in appetite and
increased fatigue and no other depression symptoms on the PHQ9 [7]. If the researcher simply summed the items on the PHQ-9 (or
used them to load onto a single, latent variable of depression) and
then tested group differences, it is possible that they would ﬁnd a
statistically signiﬁcant mean difference that could, at least in part,
be driven by actual differences in these two speciﬁc symptoms.
Further, because we would expect that the items measuring
changes in appetite and fatigue would have a systematically
higher rate of endorsement (i.e., higher intercepts/scalar noninvariance) in the elevated CRP group relative to the non-elevated
CRP group, identical scores across these groups likely reﬂect
different symptom proﬁles. Consequently, although there might
be a statistically signiﬁcant difference between the group means,
these means are reﬂective of different depression constructs (e.g.,
one where endorsement of all nine symptoms is approximately
equal, and one where changes in appetite and fatigue are
featured proportionally more than the other symptoms), confounding inferences about differences in total depression scores
between groups. It is important to reiterate that, although a
group-differences design is used in this example, measurement
noninvariance can exist as a function of a continuous variable (for
a description of moderated nonlinear factor analyses, see [13]). We
recommend using such approaches when there are not clinically/
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theoretically meaningful cut-offs for biological variables of
interest. Furthermore, although we have focused on scalar
noninvariance because it is invariably induced by unequal
associations between a risk factor of interest and mean levels of
individual symptoms on a measure, it is possible that certain
biological processes also are associated with other types of
noninvariance (e.g., conﬁgural or metric).
As a didactic resource, annotated R code that can be used to
simulate 100 versions each of two different datasets, each
consisting of two groups (representative of the theoretical elevated
and non-elevated CRP groups above) with 250 participants each, is
provided in the Supplemental Materials. The ﬁrst dataset has group
differences for only a subset of three variables (henceforth referred
to as “symptoms”); the second dataset has group differences for all
of the symptoms measured (i.e., the high-risk group only increased
risk for 3/9 symptoms in the ﬁrst dataset, but equally increased risk
for 9/9 symptoms in the second dataset). Tests of the three types of
measurement invariance described above also are provided. Only
the dataset that yields group differences in a subset of symptoms
consistently has scalar noninvariance (i.e., in 100% of the
simulations conducted, compared to only 2% of the simulations
when there was an equal group difference across all symptoms).
Notably, this is the only type of noninvariance that systematically
differs between the datasets.
As a follow-up to illustrate how scalar noninvariance can lead to
false conclusions about the broader construct that items measure,
group differences in the latent symptom total score were tested in
the datasets available in the Supplemental Materials with the
systematic group difference present for just a subset of symptoms.
Even though the simulated datasets were not simulated to have
differences at the latent factor level—and, therefore, we would
expect a false-positive group-difference for approximately 5% of
the samples given a conventional alpha of .05—a signiﬁcant
group-difference in the latent factor was observed in 63% of
simulations. Therefore, there was a greatly inﬂated risk of falsely
concluding group-differences in the latent factor when scalar
noninvariance was present. In addition to illustrating the issues
considered in this article, the code can be adapted to test for
measurement invariance in readers’ own data.
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MOVING FORWARD
We have used the example of inﬂammatory phenotypes of
depression [1, 14] to illustrate how unequal associations between
a given biological process and different symptoms on a measure
induces scalar noninvariance; however, this is a relevant concern
for several subﬁelds in psychiatry. For example, polygenetic risk
scores for schizophrenia are primarily associated with positive
psychotic symptoms [15]. Additionally, symptom-level endorsement of depression in women varies as a function of early vs. late
onset Major Depressive Disorder (MDD), presence/absence of a
family history of MDD, and exposure to adversity [16]. Several
reproductive biomarkers also have shown unequal associations
with perinatal depression symptoms [17]. Further, differences in
grey matter volume have domain-speciﬁc associations with
obsessive-compulsive traits (e.g., less right insula volume associated with higher “contamination/washing”; [18]), and symptomspeciﬁc associations with depression (e.g., hippocampal volume is
positively associated with loss of interest and irritability, but
negatively associated with changes in appetite and sadness; [19]).
Therefore, research on all of these topics might be affected by
unconsidered issues of measurement noninvariance.
Because there are many biological processes that have not yet
been investigated using symptom-speciﬁc approaches, the true
breadth of this problem is unknown. However, given increasing
evidence across psychopathologies and biological processes that
not all symptoms of a disorder have the same risk factors, it is
plausible that measurement noninvariance is pervasive in
biological psychiatry. Testing measurement invariance can provide
insight into which speciﬁc subﬁelds of psychiatry—or areas in
psychiatry and psychology more generally—may be missing
differential associations between biological processes and symptoms of speciﬁc disorders. To this end, it is imperative that
biological psychiatry tests units of measurement smaller than
diagnoses and total symptom scores [9]. By diversifying the level
of psychopathological measurement explored, it will be possible
to determine at what level biology-psychopathology associations
most consistently exist (i.e., diagnosis vs. subscale vs. symptom).
With these points in mind, we conclude with some recommendations to facilitate the exploration of measurement noninvariance as a function of biological measures and strategies to
navigate this issue should it be found: First, test for measurement
noninvariance of symptom measures as a function of biological
processes to identify subﬁelds for which this is a concern that
needs to be addressed. Second, when measurement noninvariance
is found, modify analytic strategy as appropriate. It is important to
emphasize that ideal choice of analytic adjustment is inﬂuenced
by a few considerations including: the type(s) of noninvariance
observed, sample size, diagnostic philosophy, and the speciﬁc
nuances of one’s research question. For example, it is possible to
adjust model constraints to create latent models with measurement invariance (for more details, see [10]). However, especially in
the case of scalar noninvariance, noninvariance is an indication to
select a more detailed analytic approach. Options include:
hierarchical models (e.g., within the HiTOP framework [20]) where
biology predicts multiple levels of measurement (e.g., total score,
subscales, speciﬁc symptoms), analyses taking a differential item
functioning approach (i.e., tests how the probability of endorsing
an item might change as a function of a biological variable), or
symptom-level analyses. Third, when analyzing heterogenous
psychopathological constructs, consider exploring multiple levels of
measurement (e.g., total score vs. subscale vs. speciﬁc items of a
symptom measure, as described above) as an a priori analytic
strategy [9]. This will help isolate at which level of measurement a
biological process is associated with a behavioral phenotype and
at what level it might be appropriate to aggregate similarly
associated components. Further, this level of inquiry protects
against problems with diagnostic heterogeneity [21] and

facilitates dimensional conceptualizations of mental illness consistent with RDoC [22].
At the same time, it is important to note that many extant
measures were explicitly created with unidimensional sum scores/
latent variables in mind and the psychometrics of the constituent
parts of the measures (subscales, individual items) must also be
considered. Additionally, many biological psychiatry studies have
small sample sizes that may preclude tests of measurement
invariance. Approximating the necessary sample size for tests
involves understanding of the underlying factor structure and
strength of the relation between the biological and psychological
variables of interest, and thus, is outside the scope of this paper. It
is also important to note that sample size inﬂuences ideal ﬁt
indices, a topic that is described in more detail in [10]. Further,
should a sample be underpowered for testing measurement
invariance, it is advisable to consider preliminary analyses in a
larger dataset, perhaps one with openly-available data (e.g.,
Midlife in the United States [23], UK Biobank [24], Adolescent Brain
Cognitive Development Study [25]).

CONCLUSION
In conclusion, growing evidence suggests that many biological
processes are unequally associated with symptoms in a given
diagnostic category. As demonstrated above, these biological
phenotypes of psychopathology can induce measurement noninvariance, which precludes valid comparison of unidimensional
sum scores/latent variables on a measure as a function of the
associated biological construct being assessed. Looking forward,
researchers should explicitly test for measurement noninvariance
before analyzing aggregate symptom measures and continue
investigating biological phenotypes of psychopathology using
more detailed analytic techniques.
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