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Abstract | Depressive disorders are among the leading causes of global disease
burden, but there has been limited progress in understanding the causes of and
treatments for these disorders. In this Perspective, we suggest that such progress
depends crucially on our ability to measure depression. We review the many
problems with depression measurement, including the limited evidence of validity
and reliability. These issues raise grave concerns about common uses of depression
measures, such as for diagnosis or tracking treatment progress. We argue that
shortcomings arise because the measurement of depression rests on shaky
methodological and theoretical foundations. Moving forward, we need to break
with the field’s tradition, which has, for decades, divorced theories about
depression from how we measure it. Instead, we suggest that epistemic iteration,
an iterative exchange between theory and measurement, provides a crucial
avenue for progressing how we measure depression.
Major depressive disorder (MDD) — a
prevalent, debilitating and often recurrent
mental disorder of an episodic nature —
is one of the most frequently measured
constructs in the scientific literature. More
than 280 measures of this mental health
condition have appeared in the literature in
the past century1. These include three scales
which are among the 100 most cited papers
across all fields of science2: the Hamilton
Rating Scale for Depression (HRSD)3, the
Beck Depression Inventory (BDI)4 and
the Centre for Epidemiological Studies
Depression Scale (CES-D)5. These papers
have a combined total of 81,000 citations
since 1960 (see Supplementary Figure 1 and
Supplementary Note 1); according to Web
of Science, each has been cited in more than
140 distinct disciplines. Papers introducing
abbreviated, translated and adapted versions
of these scales contribute thousands more
citations.
With so much empirical research
on depression, one would expect there
to have been considerable advances in
understanding depression and the ability
to treat it. Unfortunately, progress has been
limited. The prevalence and global disease

burden of MDD have not decreased over the
past three decades6. Despite sizeable efforts,
researchers have been unable to identify
actionable biomarkers for MDD that explain
sufficient variance in diagnosis to be useful
in clinical settings7,8. Further, the efficacies
of both psychological and pharmacological
treatments remain limited9,10.
In this Perspective, we take the position
that progress in understanding, predicting
and treating depression depends crucially
on the ability to measure it. We first provide
a brief history of depression measurement.
Next, we describe the many problems
with depression measurement, including
limited evidence of validity and reliability.
We argue that these problems arise because
the measurement of depression rests on
shaky methodological and theoretical
foundations. We conclude by offering ideas
for moving methodological and theoretical
aspects of depression measurement into the
twenty-first century.

A brief history
In the middle of the twentieth century,
psychoanalytic theory and practice
dominated psychiatry11,12. Diagnoses were
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defined by narrative descriptions and
assessed by unstructured interviews,
leaving considerable room for subjectivity13.
Perhaps not surprisingly, the agreement of
two psychiatrists on whether a patient had
a given mental disorder was barely above
chance14,15.
During the 1960s and 1970s, there was
a concerted effort to increase diagnostic
reliability by developing diagnostic criteria
sets: lists of readily observable or reportable
experiences with explicit algorithms for
determining the presence or absence
of a disorder on the basis of these signs
and symptoms16. This effort culminated
in 1980 with the third edition of the
Diagnostic and Statistical Manual of Mental
Disorders (DSM-III), American psychiatry’s
authoritative publication on the diagnosis of
mental disorders17. DSM-III leaned heavily
on recently developed criteria sets and
aimed to be theoretically agnostic, focusing
on symptoms rather than aetiology or
underlying mechanisms.
In this context, the most commonly used
depression scales such as the HRSD, BDI
and CES-D were developed and began to
take hold in the field. Diagnostic interviews
(for example, based on DSM criteria)
aim to determine the presence or absence
of MDD. By contrast, scales such as the
HRSD, BDI and CES-D were developed
to assess the severity of current depressive
symptoms, with scores above a certain
threshold indicating potential MDD. The
various depression scales that arose during
this era differ in several ways, including the
number and nature of assessed symptoms
and mode of assessment; for example, the
BDI and CES-D are self-rated, whereas
the HRSD is observer-rated. However, they
share a common approach: measuring the
severity of depression by adding together
the symptoms of depression, such as
depressed mood, sleep problems and suicidal
ideation. This approach based on symptoms
and sum scores is identical in virtually
all of the depression instruments that
have appeared in the literature, including
self-report and observer-rated scales as well
as clinician-rated diagnostic criteria1,18.
In the decades since this shift towards
diagnostic criteria and standardized scales,
depression research has thrived, but the
measurement of depression has remained
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strikingly unchanged. Since the HRSD
was published over half a century ago, we
have put a man on the Moon, invented the
Internet and created powerful computers
small enough to fit in people’s pockets.

Yet the HRSD remains the gold-standard
scale for depression, used in more than
90% of antidepressant trials19. Given
the enormous amount of depression
research and the substantial gains made

Box 1 | Key terms and definitions
Alpha (coefficient alpha, cronbach’s alpha)
Internal consistency is often summarized with coefficient alpha. Alpha ranges from 0 to 1, with higher
numbers indicating more consistency. Alpha does not provide information about scale validity, and is
often not appropriate for depression instruments owing to strict assumptions that are rarely met147.
Depression instrument
A depression instrument is a measure of depression. Common instruments include self-rated and
observer-rated scales typically used to assess depression severity, and structured or semi-structured
clinical interviews typically used to assess the presence of major depressive disorder (MDD).
Depression scale
A depression scale is a particular type of instrument to measure the severity of depression.
Depression scales can be self-rated or observer-rated. These scales typically include a list
of depression symptoms rated on a brief ordinal scale indicating frequency (how common is
a symptom), intensity (how severe is a symptom), relativity (compared with usual, what is the
symptom expression) or a mix of the above.
Diagnostic interview
A diagnostic interview is a particular type of instrument to measure the presence of MDD.
Diagnostic interviews are usually structured or semi-structured. They typically include a list of
depression symptoms coded as present or absent, and a question about impairment of functioning.
A specific algorithm determines presence of the disorder.
Dimensionality
A unidimensional instrument is one that can aptly describe or summarize the relations among
items of a construct with only one score (that is, one dimension, factor or component). In such
instruments, it is defensible to add up all items to one total score, which reflects the single
dimension. Depression instruments are often multidimensional, meaning that more than one score
is required to describe the relations among items adequately.
Inter-rater reliability
In the context of depression measurement, inter-rater reliability is the degree to which independent
observers (usually two) agree on whether a person should receive a diagnosis of MDD or not.
Internal consistency
Internal consistency quantifies how consistent responses to items on a scale are. A scale is internally
consistent if all of its items produce similar scores.
Measurement invariance
If an instrument measures the same construct in the same way across populations or time, it has
the psychometric property of measurement invariance. This property is necessary to accurately
compare scores across populations or time.
Kappa coefficient
Inter-rater reliability is commonly assessed using the kappa coefficient, which ranges from 0 to 1.
Higher numbers indicate more agreement.
Reliability
Reliability or precision denotes the consistency of scores across instances of the testing procedure,
such as raters, time, items and context. Reliability is necessary but not sufficient for validity.
Response process
The response process denotes the cognitive processes engaged in by people using an instrument.
In depression research, these people can be the participants filling out self-rated instruments or
being interviewed, observers scoring observer-rated scales or clinicians administering an interview.
Test score
The test score is the resulting score from depression instruments, usually a continuous sum score
indicating depression severity, or a categorical score with two groups, healthy and depressed.
Validity
As defined by the Standards for Educational and Psychological Testing25, validity “… refers to the
degree to which evidence and theory support the interpretations of test scores for proposed uses
of tests […]. The process of validation involves accumulating relevant evidence to provide a sound
scientific basis for the proposed score interpretations.”

in psychological measurement practices in
the past few decades, it is worth taking stock
of depression measurement. We focus our
investigation on the most important aspects
of validity and reliability. These and other
key terms are defined in Box 1.

Validity and reliability
The most fundamental question for any
measure concerns its validity: whether it
measures what it purports to measure20.
This question turns out to be difficult to
answer, and there are many theoretical and
methodological frameworks for evaluating
validity16,21–24. Here, we adopt the perspective
taken by the Standards for Educational and
Psychological Testing and consider validity
to be the degree to which the evidence
supports the interpretation and use of a test
score for a specific purpose25. Examples of
such purposes include using DSM-5 criteria
to diagnose a person with an episode of
MDD or using the BDI to track treatment
progress over time. Validation entails
accumulating evidence to form a sound
scientific basis for using instruments for
these purposes.
We will consider three sources of
evidence for validity — content, response
processes and internal structure — and will
evaluate whether the evidence supports
common uses of depression instruments.
These three sources do not represent distinct
types of validity; instead, they together
support the intended interpretation of scores
for a given use25. We also discuss reliability
— the consistency of instruments across
raters, contexts and time. Reliability does
not provide evidence of validity, given that
a score can be consistent but not hold
the intended interpretation. Reliability is
therefore necessary, but not sufficient, for
validity.
Content
One source of evidence for the valid use
of depression instruments is measure
content. A valid score must reflect all of
the content needed to describe a construct,
avoiding construct under-representation
(omitting important content) and
construct contamination (including
construct-irrelevant content)26. Evidence
of adequate content is critical for many
uses of depression instruments, such as
communication: if a patient who has been
diagnosed is referred from one therapist to
another, the diagnosis is useful to the new
therapist only if the instrument used for
diagnosis actually captures content relevant
to depression. Appropriate content coverage
is also required for many other purposes,
www.nature.com/NatRevPsychol
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such as accurately determining whether
treatment is needed or progressing well.
The development of diagnostic criteria
sets and scales in the middle of the
twentieth century provided substantial
clarity about the content being assessed
relative to earlier, unstructured, interviews.
Accordingly, these instruments supported
clearer communication and provided
standard criteria for determining the need
for treatment. However, there is a surprising
level of disagreement about the content
that depression measures ought to assess.
A review of 7 commonly used scales for
depression18,27, including the CES-D, BDI
and HRSD, found that they contain 52
disparate symptoms, 40% of which appear
in only 1 of the scales. The CES-D — the
most used depression scale in history (see
Supplementary Fig. 1) — has the lowest
mean overlap with other scales (Jaccard
similarity index of 31%), with half of all
CES-D items not appearing in any of the
six other scales. Content overlap between
common scales and the DSM-5 criteria for
MDD is only moderate (Fig. 1).
If the 52 distinct symptoms are considered
to reflect the full breadth of the depression
construct for diagnosing, monitoring and
studying depression, no single scale can be
said to have adequate content converage25.
Also, the 7 scales mentioned above are just a
small minority: more than 280 instruments
have been developed to assess depression1,
and a recent review of 30 clinical trials in
adolescents found 19 different primary
outcome measures for depression28.
Additionally, there is evidence that none
of these scales assesses important features of
depression. In a recent study of more than
3,000 patients, informal caregivers and
healthcare professionals from 52 countries,
mental pain was commonly mentioned as
an important feature of depression29; but
common depression scales do not include
this experience18.
Scales therefore seem to measure
different ‘depressions’. This conclusion is
supported by their different content and
the fact that correlations among scales are
often only around 0.5 (and regularly much
lower)30–33. Small-to-moderate correlations

among scales are not surprising, as
depression instruments were constructed
absent a unifying theory and by scholars
working in distinct settings and towards
distinct goals. The HRSD was developed for
inpatients with severe depression who had
already been diagnosed and relies heavily
on clinical, observable signs such as weight
loss and slowing of speech rather than
self-reported symptoms. The BDI focuses
on cognitive and affective symptoms, such
as worthlessness and pessimism, which
are central to Beck’s theory of depression34.
The CES-D was developed for depression
screening in general population settings
and captures problems such as feeling
bothered or lonely that are more common
in non-clinical settings than BDI or HRSD
symptoms. Items on the Montgomery–
Åsberg Depression Rating Scale (MADRS)35
were selected because they were found to
change during treatment, providing a scale
sensitive to change35.
Despite these key differences in
content, scales such as the BDI, HRSD
and MADRS are used interchangeably to,
for example, track treatment progress in
clinical trials. Clinical trials usually report
how many patients respond to and remit
during treatment. However, there are
systematic differences in the measurement
of pharmacological interventions (mostly
observer-rated; the HRSD and MADRS most
common) versus behavioural interventions
(mostly self-rated; the Patient Health
Questionnaire (PHQ-9) most common)36.
Comparing treatments based on different
measures is problematic owing to content
differences and because observer-rated
scales result in larger pre–post treatment
effect sizes than self-report scales36. Different
treatments are therefore confounded with
different types of measurement, biasing their
comparison.
Another problem of interchangeable
use is when scales are used to diagnose
participants. The PHQ-9 developers, for
instance, encourage doing so37, despite
evidence that scales such as the PHQ-9
produce substantially higher rates of MDD
prevalence than clinical interviews36,38.
Important decisions about whether people
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Fig. 1 | co-occurrence of 52 depression symptoms across 7 depression rating scales. Coloured
circles for a symptom indicate that a scale directly assesses that symptom, whereas empty circles
indicate that a scale indirectly measures a symptom. For instance, IDS assesses ‘hypersomnia’ directly;
BDI measures ‘hypersomnia’ indirectly via a general question on sleep problems; and SDS does not
capture ‘hypersomnia’ at all. Note that the nine QIDS items analysed correspond to DSM-5 criterion
symptoms for MDD. BDI, Beck Depression Inventory119; CES-D, Centre of Epidemiological Studies
Depression Scale5; DSM-5, Diagnostic and Statistical Manual of Mental Disorders fifth edition; HRSD,
Hamilton Rating Scale for Depression3; IDS, Inventory of Depressive Symptoms80; MADRS,
Montgomery–Åsberg Depression Rating Scale35; QIDS, Quick Inventory of Depressive Symptoms81;
SDS, Zung Self-Rating Depression Scale145. Figure adapted with permission from ref.18, Elsevier.
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Scale contains compound symptoms
Scale contains specific symptoms

are diagnosed with MDD, enrolled into a
clinical trial or considered remitted after
treatment depend to a considerable degree
on the instruments used by researchers and
clinicians. This state of affairs leaves much to
be desired.
Response processes
A second important source of validity
evidence is the response processes involved
when people complete a measure. A score is
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valid when people respond to an instrument
in a way that corresponds to the construct
being assessed39. For example, when
developing a test of mathematical reasoning,
questions should not be so rote as to render
the test a measure of one’s memory for facts,
or so verbose as to render the test a measure
of reading comprehension.
There is very little research on the
processes engaged when people score
self-rated or observer-rated depression
a
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Fig. 2 | Expected and empirical distributions of
depressive symptoms. a | Expected distribution
if a disorder is categorical, featuring a ‘zone of
rarity’ between cases and controls. Such distributions are not observed in empirical depression
data. b | Empirical distribution of depressive
symptoms in an online sample, n = 12,613, based
on 14-item depression subscale of Depression
Anxiety Stress Scale (DASS-42)146; owing to the
nature of an online convenience dataset, depression scores are considerably higher than those in
representative samples. c | Empirical distribution
of depressive symptoms from an individual participant data meta-analysis consisting of 54 datasets with n = 12,613, based on Patient Health
Questionnaire (PHQ-9)37. See Supplementary
Note 2 for further details and for a link to code
and data for reproducing the figure.

instruments, but there is reason to think
they influence depression measurement.
Generally, scores on self-reported
depression scales tend to differ from
those on observer-rated instruments:
studies based on observer ratings find
greater efficacy of depression treatments
than studies relying on self-report31,36,
and self-reported symptoms tend to be
more severe than observer ratings38,40.
These differences may be due to different
response processes. Clinicians may
not score some symptoms endorsed in
self-report scales if these symptoms can be
attributed to external causes. For example,
a single parent getting little sleep due to a
newborn may endorse sleep problems in
a self-report scale, but a clinician may not
score that as a depression symptom in a
diagnostic interview, leading to differences
in scores. Alternatively, it might be that
participants report more honestly in
self-rated instruments and are less candid
in clinical interviews41,42. Or differences
might arise because observers are vulnerable
to certain kinds of cognitive bias, including
overconfidence bias (overestimating one’s
knowledge and therefore acting without
sufficient information), confirmation bias
(selectively engaging with confirming
rather than refuting evidence), attribution
error (when a medical condition is
misdiagnosed as a psychiatric condition)
or diagnosis momentum (even if a diagnosis
is erroneously attached to a patient, it tends
to stick)43.
Although the DSM-5 is explicitly
atheoretical, clinical judgements are made
within the context of implicit and explicit
conceptual frameworks, which influence
response and measurement processes44.
A 2007 survey showed that clinicians
are acutely aware that these frameworks
contribute to clinical decision-making:
86% of participating clinicians stated
that psychiatric diagnoses are unreliable.
When asked about the reasons for this
lack of reliability, clinician-related factors
such as differences in training, biases and
interview style were the most common
explanations for discrepancies between
raters (63.5%), rather than patient
characteristics (21.6%) or nosological
issues (14.9%)45.
Overall, we know very little about how
participants or observers interpret items or
select responses on depression instruments.
Differences in response processes could
explain consistent differences between scale
types (such as self-report versus observer
report), but this is an area that urgently
needs more research.

Internal structure
The third source of validity evidence comes
from an instrument’s internal structure: the
extent to which the relationships among
test items are consistent with one’s theory
about the construct being assessed39.
Unfortunately, efforts to evaluate whether
the relationships among depression
symptoms are consistent with theoretical
expectations face an immediate challenge:
such expectations are often unclear. The
measurement of depression has developed
largely independently from theories.
The DSM, which is explicitly atheoretical,
is one of many examples.
However, many tacit theoretical
assumptions about the nature of depression
are evident in clinical and research practices.
Accordingly, whether an instrument’s
internal structure conforms to expectations
can be evaluated on the basis of assumptions
that underlie how this instrument is used.
We discuss assumptions of taxonicity,
dimensionality, measurement invariance
and inter-rater reliability.
Taxonicity. Researchers and clinicians use
instruments to separate people with MDD
from people without MDD, implying a
belief that depression is taxonic (that is,
categorical) in nature. In the DSM-5, MDD
is diagnosed if participants meet five of nine
symptom criteria, for 2 weeks, along with
significant impairment of functioning46.
Similarly, on the HRSD, BDI and CES-D,
researchers commonly sum all items and
use thresholds to determine the presence
of MDD36. However, there is considerable
evidence that depression is not categorical
but, rather, exists on a continuum from
healthy to severely depressed47–50. If MDD
was categorical, one would expect an area
of the distribution of depression severity
with relatively few individuals — a zone of
rarity — that divides those with and without
MDD (Fig. 2a). However, such a zone of rarity
is not present in observed data (Fig. 2b,c).
The data shown in Fig. 2 explain why
many different MDD thresholds exist for
each of the most commonly used scales. It is
much more difficult to clearly demarcate
healthy from sick in the real data presented
in Fig. 2b,c, compared with the common
conceptualization of depression as a
taxon in Fig. 2a that is not supported by
evidence. An analysis of 350 clinical trials
for depression using the MADRS identified
that 28 different thresholds were used to
determine whether patients have MDD
and should therefore be included in a given
trial; thresholds ranged from total scores
of 5 to 34 points36. Similarly, a review of
www.nature.com/NatRevPsychol
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29 trials for adolescent MDD identified 47
unique definitions of remission, with only
a minority of trials providing a rationale for
their cut-offs51. Overall, this illustrates that
the internal structure of the most commonly
used depression instruments does not
support the use of cut-offs to identify the
presence or absence of MDD.
Dimensionality. Another common use
for depression scales is adding up equally
weighted symptoms to derive a single score
that represents depression severity. This
practice is valid if all items measure one
construct (rather than three or five) and if
items are interchangeable — that is, if they
contribute roughly equally to depression
severity52,53. If these assumptions are met,
data from depression instruments will be
best described by a unidimensional factor
model in which item loadings are roughly
equal. However, statistical analyses often do
not produce this result. Many depression
scales are multidimensional, measuring
more than one construct. In fact, one to
seven factors have been extracted for the
BDI, HRSD and CES-D33,54,55. Notably,
replication of factor structures is poor across
instruments56, poor within instruments
across samples33,54–61 and poor even within
the same instrument in different subsets
of the same sample62. Thus, not only do
depression sum scores often fail to measure
a single construct, but the number and
nature of those constructs shift across
context, time and people. The assumption
that items are interchangeable is similarly
untenable given a broad set of empirical
studies showing that individual symptoms
differ in their relations to risk factors63,64,
impact on functioning65–67 and biological
markers68–74, and are differentially predicted
by life events75–79. Together, these findings
severely limit the use of sum scores to denote
one underlying construct52.
Further evidence against the validity
of sum scores comes from the internal
consistency of depression instruments: the
extent to which people respond similarly
across all instrument items. For depression
scales, there is a wide range of internal
consistency estimates, with reported alpha
coefficients from as low as 0.4 to as high
as 0.9 (refs31,33,80,81). Acceptable internal
consistency (alpha > 0.7) is usually observed
in general population samples, whereas
alpha is often substantially lower in clinical
populations31,33,80,81. This phenomenon
is particularly visible in clinical trials for
depression where, using the same scale
in the same sample, alpha often increases
considerably within a few weeks as the

sample gets healthier (for the HRSD, often
from 0.4 to 0.8)80,81.
Issues of multidimensionality and
inadequate internal consistency might be
related to the heterogeneity of the MDD
phenotype. An analysis of depression
symptoms of 3,703 patients with MDD
identified more than 1,000 unique empirical
symptom profiles; around half of these
profiles were endorsed by only a single
individual82 (see ref.83 for similar findings).
There have been attempts to tackle the
massive heterogeneity of MDD by proposing
more homogeneous depression subtypes
or specifiers, such as melancholic or
atypical depression, that come with specific
symptoms84–86. However, subtyping efforts
have largely failed to result in categories that
support clear demarcation of patients, higher
treatment specificity or higher temporal
stability84–96. Seasonal affective disorder is a
possible exception97–99.
Some of the limits of total scores were
understood a long time ago. Hamilton
referred to the sum of symptoms assessed
by the HRSD as the ‘total crude score’
and focused his analysis on four subscales
assessing narrower phenotypes, such as
‘anxiety’ and ‘agitated depression’.3 Yet, today,
the total crude score is used in nearly all
studies that use the HRSD. As reviewed here,
the six decades since Hamilton developed
his scale have provided ample psychometric
evidence regarding the dimensionality
and internal consistency of depression
instruments, raising questions about the
common practice of adding depression
symptoms to a single score.
Measurement invariance. Researchers
use depression scales to compare scores
for different groups of people, implying
a belief that depression is invariant across
contexts. Accordingly, the measurement
of depression should be similarly invariant.
Measurement invariance is necessary
for common research questions, such as
whether depression rates are similar in
women and men. If an instrument does not
measure the same construct in two groups, it
cannot be used to compare groups regarding
this construct. Measurement invariance
across groups has several levels, including
invariance at the structural level (the same
number of factors can be extracted in
different groups) and invariance of factor
loadings (factor loadings of items in one
group are similar to those in another group).
The more the psychometric properties of
an instrument (such as factor loadings)
remain consistent across groups, the more
the instrument can be said to exhibit
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measurement invariance100, that is, to
measure the same construct across groups.
Some level of measurement invariance
has been established for certain depression
instruments across certain groups; for
example, the nine DSM-IV depression
symptoms exhibit measurement invariance
in women assessed across samples
collected in the United States, Europe
and China101, as do PHQ-9 scores across
women and men in a community sample in
Hong Kong102. However, in other situations
and data, depression instruments do not
meet the level of measurement invariance
required to compare groups on depression
scores. Significant differences in the
psychometric properties of depression
instruments have been observed across
groups defined by socio-economic status103,
ethnicity104, sex105 and age106, among
others. Thus, common uses of depression
instruments, such as comparing depression
scores across groups, might not be valid,
depending on the instrument and situation.
The same issue applies to measurement
invariance across time: some studies found
that so-called temporal measurement
invariance of depression scales held, which
means that a score in a sample at time 1
holds the same meaning as a score in the
same sample at time 2 because the same
construct is measured107. But many other
studies have demonstrated a lack of temporal
invariance33,58,108. This raises serious
concerns about using depression scales
to track treatment progress. If temporal
measurement invariance is violated, a BDI
score of 20 points for a sample at treatment
entry and 10 points for the same sample
8 weeks later does not measure the same
construct, limiting the ability to assess
treatment efficacy33.
Inter-rater reliability. Finally, diagnoses in
clinical or research settings are usually given
by one rater, implying a belief that diagnoses
are sufficiently reliable that multiple
assessors are unnecessary. Indeed, much of
the motivation to move towards diagnostic
criteria and standardized scales was to
enhance reliability: the consistency of scores
obtained in depression instruments across
raters, contexts and time25. Here, we focus
on inter-rater reliability (the extent to which
independent raters produce similar scores),
which is required to support the common
clinical and research practice of using one
rater to assign a depression diagnosis.
Inter-rater reliability is important because
prevalence rates derived from diagnoses
inform mental health policy, and because
both overdiagnosis and under-diagnosis of
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MDD can have dramatic consequences for
a person’s life. There are three broad sets of
findings related to inter-rater reliability.
Some studies for DSM diagnoses and
observer-rated scales have noted very
high agreement among raters, at times
exceeding 0.90 (refs109,110). However, such
high agreement is usually obtained when
interviews are not conducted independently
(for example, both raters watch the same
interview tape), which inflates agreement
among raters. To properly assess inter-rater
reliability, different clinicians must conduct
their interviews separately.
Studies using separate, structured clinical
interviews show moderate agreement
between raters. For example, a study in
which different clinicians conducted
structured interviews reported a kappa
coefficient of 0.62 (ref.111). Although
MDD had the lowest inter-rater reliability
of the 20 assessed diagnoses, the result
suggests that such interviews can produce
substantial agreement. Unfortunately, only
an estimated 15% of clinical psychologists
and psychiatrists make use of structured
interviews112.
Finally, studies examining how diagnostic
criteria perform in routine clinical practice
paint a troubling picture; the DSM-5 field
trials are a prominent example. Such
field trials are conducted when new versions
of official psychiatric nosologies such as
the International Classification of Diseases
(ICD) or DSM are released, with the goal

of assessing the reliability of psychiatric
diagnoses in clinical practice. In the DSM-5
field trials, interviewers had a minimum of
2 years of psychiatric postgraduate training,
and for each participant, independent
psychiatric assessments were conducted by
two interviewers within 4–48 h of each other;
interviews relied on usual clinical interview
procedures to “mirror the circumstances
in which most diagnosing takes place”113.
Strikingly, despite using criteria designed
explicitly to promote reliability114, inter-rater
reliability for a diagnosis of MDD was just
0.28, placing it among the least reliable
diagnoses in the DSM. We illustrate the
severe impact of this level of inter-rater
reliability on diagnostic outcomes (both
false positives and false negatives) in
Fig. 3. For comparison, kappa values for
bipolar disorder and post-traumatic stress
disorder were 0.56 and 0.67, respectively111.
Reliability for MDD is even lower (κ = 0.16)
when interviews are carried out by general
practitioners115, who are responsible for a
substantial proportion of MDD diagnoses
worldwide116.
In summary, the historical shift of
DSM-III towards more objective criteria
improved reliability, especially when
structured interviews are used to assess signs
and symptoms. However, the results from
studies attempting to approximate typical
measurement of MDD in clinical contexts
are discouraging, to the degree that the head
of the DSM-5 task force had to concede
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Both raters are correct
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Fig. 3 | simulated impact of low inter-rater reliability on diagnostic outcomes. On the basis of the
inter-rater reliability (kappa coefficient) of 0.28 for major depressive disorder (MDD) reported in
Diagnostic and Statistical Manual of Mental Disorders fifth edition (DSM-5) field trials, we simulated
data for 2 clinicians and 100 people, 30 of whom have depression. The left column shows accurate
agreement (green) between clinicians in 71% of 70 non-depressed cases, 26% disagreement (blue) and
3% inaccurate agreement (orange). For 30 depressed participants (right column), diagnostic performance was particularly poor, with only 43% accurate agreement (green), 40% disagreement (blue) and
17% inaccurate agreement (orange). See Supplementary Note 3 for a complete description of the
simulation underlying this figure.

that the “relatively low reliability of major
depressive disorder […] is a concern for
clinical decision-making”113.

Shaky foundations
By the standards commonly applied in
psychological research, the evidence
does not support many of the common
uses of depression instruments. Next, we
discuss two potential explanations of these
shortcomings rooted in the foundations of
depression measurement.
Methodological foundations
One explanation for the validity and
reliability problems of common depression
instruments is that they were not developed
following modern best practices. Today, the
development and validation of psychometric
instruments is a thorough process that
occurs in three phases117. In phase one, the
substance of the construct is explored (for
example, clarifying its nature, breadth and
depth). In phase two, the structure of the
instrument is investigated (for example,
using item analyses and factor analysis).
Finally, in phase three, the relation between
the instrument and external constructs is
researched (for example, by testing its ability
to discriminate between groups known to
be distinct). Critically, each phase includes
iterative revisions until the instrument
meets the desired criteria118. These practices
were not widely established when common
depression instruments were developed.
Although much individual validation
research has been published, for example
regarding the factor structure of depression
instruments33,54,55,107, it remains a cause
for concern that the majority of studies
focused on phases two and three rather
than the foundational phase one, and that
findings have not led to substantial iterative
development of depression measurement
(the BDI is one of the few scales that have
been updated over the years119).
Rather than a rigorous exploration
of the construct to be measured via item
development, expert reviews or focus
groups, scale developers often developed
depression instruments on the basis of their
clinical experiences and personal views. For
example, Hamilton developed the HRSD on
the basis of his experiences and knowledge
working with inpatients, not from an
explicated theory that defined depression3.
Other scale developers sidestepped
theoretical considerations altogether, often
via statistical procedures. For example, to
obtain an “empirically founded scale,”35 the
MADRS items were chosen by dropping
items from a prior scale on which 64 patients
www.nature.com/NatRevPsychol
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did not improve significantly after receiving
antidepressant drugs. This procedure raises
questions about what the scale measures.
As a recent historical analysis notes, the
MADRS is really a measure of emotions that
change over a few weeks in drug trials, rather
than a measure of depression120.
Furthermore, the content of depression
instruments was often shaped not by theory
or to support valid scores but by what
Lilienfeld called “centrifugal antiscientific
forces,”121 including practical constraints
such as ease of clinical use as well as
continuity (for example, with previous
DSM editions). The former emphasizes
brief instruments, and thereby presents a
considerable obstacle towards adequate
content representation, whereas the latter
severely constrains opportunities for
iterative development.
Overall, given these various shortcomings
and constraints, it should not be surprising
that validity evidence does not support
many of the common uses of depression
measurement.
Theoretical foundations
A second, related explanation for problems
with validity and reliability of common
depression instruments is that most
depression instruments were developed
without clear and explicit theories about
the nature of depression. Without a clear
theory of depression, it is unclear what
researchers aim to measure, and how we can
evaluate whether they have succeeded122–124.
However, the absence of explicit theories
does not mean depression measurement
is atheoretical: many implicit beliefs about
depression, such as taxonicity, are embedded
in measures. Unfortunately, these latent
theories125 do not align well with decades
of empirical research, and one of the most
fundamental latent theories is the notion
that depression symptoms arise from a
common cause.
Mental health research leans heavily on
medicine and psychology in its approach
to measurement. Medicine has symptom
checklists that indicate diseases, and
psychologists measure constructs such as
mathematical ability or personality via tests
and questionnaires. Critically, using items to
indicate underlying diseases or constructs
works only under the assumption that
constructs cause item responses. Medical
symptoms can indicate an underlying
disorder because symptoms are caused
by the disorder (for example, measles
causes Koplik’s spots). Similarly, tests for
mathematical ability use items such as
‘17 × 39’ because an individual’s performance

on this item is thought to be caused by their
mathematical ability.
The common cause theory — all
symptoms have a shared origin — implicitly
underlies the scoring and use of nearly
all psychiatric assessments, including
depression instruments, and justifies
practices such as summing items126,127.
The field uses the term ‘symptom’ to refer to
items of depression instruments, implying
(by definition of the word symptom) an
independent disease entity that gives rise to
the symptoms128. The common cause theory
presupposes a homogeneous, categorical,
unitary construct with interchangeable
symptoms. The common cause theory also
explains common statistical practices in
psychiatric research, including the notion
that ‘good’ scales should be unidimensional
(they measure one construct) and have high
internal consistency (items measure the
same construct)125.
In contrast to the common cause
framework, there is increasingly widespread
recognition that depression is a highly
heterogeneous, multifactorial and complex
phenotype129,130. Depression has fuzzy
boundaries, and features both multi-finality
(the same constellation of variables can
lead to different outcomes) and equifinality
(different constellations can lead to the
same outcome)131. Depression also shows
pronounced inter-individual differences,
such that two people diagnosed with MDD
may not share a single symptom82,83, and the
disorder may be categorical for some but
continuous for others132. Indeed, the lack
of validity evidence for commonly used
instruments for measuring depression can
be interpreted as evidence that there is a
mismatch between the nature of depression
and the common cause theory implicit
in these instruments. Importantly, if the
common cause theory had been explicit
when these instruments were developed, the
failure to observe evidence for validity would
have immediately signalled that something
was wrong, either with the instrument or
with the theory of depression. However,
because theories about depression have
largely remained latent and are only implied
through research and clinical practices,
these discrepancies were less salient, and
opportunities to improve depression
instruments were missed.

Improving depression measurement
The state of depression measurement today
resembles that of thermometry in the
seventeenth century. Although objective
measures of temperature are now taken for
granted, just a few centuries ago there were
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many different thermometers developed
by many different scientists, all claiming to
measure temperature, with “standards kept
by each workman, without any agreement
or reference to one another” (Halley,
1693, referenced elsewhere133). Everyone
could agree that these thermometers were
assessing something, but the precise nature
of the thing was unclear.
Progress in thermometry was
made possible by epistemic iteration,
a series of successive approximations
in which advances in thermometry
afforded advances in understanding
temperature that, in turn, allowed further
improvements in thermometry133. Central
to this framework is the notion that fallible
measures, despite their imperfections, can
provide enough advance in knowledge that
there is an opportunity for further advances
in measurement.
Despite the obvious differences between
depression and temperature, the idea of
an ongoing exchange between advances
in knowledge and improvements in
measurement provides a crucial framework
for considering how the measurement of
depression can move forward. We provide
a list of concrete suggestions for improving
depression measurement (Box 2), based on
two fundamental principles.
First, we cannot divorce our measures
of depression from our theories about
what depression is. In contrast to current
practices, where measures are often expressly
atheoretical but infused with implicit theories
(such as that MDD is categorical), it will be
essential to ground measurement in strong
theories that explicate core assumptions
about the nature of depression. Grounding
measurement in clearly explicated theories
will enable researchers to identify the limits
of existing measures and take steps to
improve them123. Developing such theories
will be challenging given the complex,
dynamic and heterogeneous nature of MDD.
But doing so is crucial, owing to the central
role of theory development in advancing
scientific knowledge. To this end, clinical
sciences can draw on tools and frameworks
from fields with rigorous approaches to
modelling processes of interest123,125,134.
Second, improving depression
measurement requires iterative
development. Despite evidence of the
shortcomings of common instruments that
have been in use for many decades, there has
been minimal effort to move beyond these
measures. Evidence of shortcomings is not
a criticism of original scale developers; we
doubt that Hamilton would have wanted
his scale used uncritically and without any
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Box 2 | Towards better depression measurement
We suggest several steps for iterative improvement of depression
measurement.

Development and iteration
Develop explicit theories of depression. Without a clear theory, it is
unclear what we ought to measure, and how to evaluate whether
we have succeeded in doing so. Explicit theories spell out core beliefs
or assumptions about the nature of depression in detail and, in the best
case, do so in formalized ways123,125,148.
Epistemic iteration. Progress in depression measurement comes from
successive approximations in which each stage moves us closer to our
epistemic goals133. Fallible depression instruments, such as the Hamilton
Rating Scale for Depression (HRSD) or Beck Depression Inventory (BDI),
can provide advances in knowledge which, in turn, enable advances in
measurement. This iterative exchange between theory and measurement
provides an avenue for science to progress, but critically relies on having
explicated theories in the first place.
Experience experts and cross-cultural aspects. Common depression
instruments were predominantly designed by WEIRD (western, educated,
industrialized, rich and democratic) clinicians, and validated in WEIRD
samples. It is crucial to involve people with lived experiences and their
caregivers, and people from non-WEIRD cultures and countries, in this
process29.
Response processes. There is a lack of research on how self-rated
and observer-rated scales are scored. Response processes should be
investigated when developing new (or improving existing) instruments
via tools such as the response process evaluation method, a type of
cognitive interview that elucidates how participants interpret items
and select responses149–153.

Use
Use scales for appropriate purposes. Not all instruments are appropriate
for all purposes154. Hamilton wrote in 1960 that his scale ought to be used
only in patients already diagnosed as a measure of severity3, but the HRSD
is commonly used today to distinguish participants with MDD from
healthy participants. Researchers and clinicians should use instruments
for the purposes for which they were developed and validated, and justify
their choice of depression instrument. In the immediate future, this might

revisions for more than 60 years. Moreover,
reluctance to move beyond these measures
is not unfounded. There is clear value
in having consistency of measurement
across time and contexts for an applied
field such as psychiatry. Nonetheless,
whatever advantages there are to be gained
by adherence to precedent, these are
outweighed by the gains to be made by
genuine progress in our ability to measure
and, therefore, understand, diagnose,
prevent and treat depression. Given the
shortcomings reviewed here, we should
develop better depression measures, but
these must be rooted in what we have
learned from existing instruments133.
To illustrate these core principles,
consider the theory that depression
syndrome emerges from a complex
system of causal interactions among the
physiological, cognitive, emotional and
behavioural experiences we commonly
refer to as symptoms135–138. This theory
emerged because data gathered from

mean developing and using different instruments for different uses,
for example, one for determining whether treatment is warranted and
another for tracking progress. We note that this suggestion is opposed
to recent initiatives by the National Institutes of Health (NIH) and the
Wellcome Trust to mandate the Patient Health Questionnaire (PHQ-9)
as a universal depression measure for all contexts and uses154.
Robustness. Especially for data-driven research, researchers should
consider using multiple depression instruments and investigating
whether they lead to robust results, or whether results depend on the
use of one particular instrument52,154.
Symptomics. Depression severity and MDD are highly heterogeneous
phenotypes, such that it can be unclear what scores on these phenotypes
represent. Individual symptoms on depression scales, such as insomnia or
suicidal ideation, might represent more valid and reliable phenotypes
than symptom sum scores or categorical diagnoses52,127,129.
Continuous analyses. Consistent with psychometric evidence that
depression data are best described as continuous47–50 (Fig. 2), researchers
should avoid arbitrary cut-offs whenever not strictly necessary, and
conceptualize and analyse depression as a continuum rather than a
taxon.

Reporting
Increase transparency of measure use. The 12 versions of the HRSD differ
in the number of items (from 6 to 36)155,156, and some have dozens of
translations. Although these versions differ in crucial aspects such as
content and psychometric properties, approximately half of the studies
using the HRSD provide no information about the version used155.
In intervention trials published in clinical psychology journals, only
one in seven studies preregister their measures157, leaving these studies
vulnerable to selecting which measures to report post hoc, a practice
especially prevalent in studies with industry funding158. Similarly, only 18
of 32 reviewed randomized controlled trials of adolescent depression
featured an identifiable, single, primary outcome159. This lack of
transparency when administering instruments creates fertile ground for
questionable measurement practices, and muddies the inferences that
can be drawn. We recommend answering the six questions to promote
transparent reporting of measurement listed in ref.122.

existing measures were inconsistent with
the common cause theory on which they
are implicitly based. Now, to measure
depression as a complex system we need
new measures, which will require at least
two innovations.
First, each component in the system
must be measured rigorously, which is not
the case in current depression measures,
which typically provide only very rough
assessments of individual elements52.
Common depression symptoms such as
guilt, suicidal ideation and sleep problems
are themselves complex phenotypes, but are
usually assessed with only a single item each.
In addition, measures could encompass a
broader set of elements than symptoms
alone, including variables conceptualized
as risk factors, maintenance factors
and outcomes, such as stress, adversity,
impairment and quality of life139–142. It will be
critical to engage scientific and experiential
experts in characterizing the system of
elements that drive depression29,143.

Second, according to this systems
theory, symptoms (such as sad mood) do
not merely indicate depression; they are
active causal agents that influence other
symptoms (such as sleep, concentration or
suicidal ideation). Thus, individual system
elements and their relationships must be
measured, necessitating a move away from
static, retrospective assessments and towards
instruments that can assess the dynamic
unfolding of depression within individuals
over time. For example, smartphone
apps and other digital tools that utilize
ecological momentary assessment to query
people multiple times per day regarding
their thoughts, feelings, behaviours and
experiences144 have the potential to reveal
dynamic information about depression,
including the development of individual
system elements and relationships
among them.
Importantly, establishing the components
of a system and their relations can promote
new insights into depression. From a systems
www.nature.com/NatRevPsychol

0123456789();:

Perspectives
perspective, someone is at risk for depression
if the system, once sufficiently perturbed, is
likely to fall into a self-sustaining depressed
state. The key to this determination is in the
system’s attractor states. An attractor state
can be thought of as a valley in a landscape,
with a ball representing the system’s current
state resting on the surface. If an individual
is healthy, the landscape is flat and only has a
single valley, which is their healthy attractor
state where elements of depression are
absent. Perturbations (such as life stress) may
push the ball up the slope of this valley, but
will always return to this healthy attractor
state. By contrast, if an individual is at risk for
depression, the landscape features a second
valley in which many elements of depression
are active. In this landscape, a perturbation
can push the ball up the slope, out of the
healthy valley and into the depressed one.
Critically, system elements and their causal
relationships determine the shape of a
person’s stability landscape (and, thus, the
presence of attractor states). Accordingly,
accurately measuring elements and
relationships can identify the presence of a
harmful attractor, providing a novel measure
of depression. From this perspective,
depression is determined by the presence
of a harmful attractor state, as well as
the shape of the stability landscape (for
example, how steep the valleys are), rather
than just the number of symptoms. This
shift has substantial implications for how
we think about measuring depression risk,
depression severity and depression recovery.
Identifying people vulnerable to depression
means measuring the system thoroughly
to determine whether a depressed attractor
is present before the person ever falls into
it; measuring depression severity means to
assess the shape of the stability landscape
in detail; and assessing treatment efficacy
might involve measuring the flattening
or elimination of the harmful attractor,
changing the stability landscape into one that
has a single healthy valley. Working from a
theory that clearly specifies the nature of the
phenomenon we are assessing affords clear
new paths for how to measure it.
Our example is not meant to show
that the systems approach is the one
right theoretical path forward but,
rather, that grounding measurement in
theories can provide insight into how to
advance depression measurement. Measuring
depression from a systems perspective would
initially exhibit substantial shortcomings,
but advances in the theory would enable
improvements in measurement, which, in
turn, may equip us to interrogate further and
advance the theory. Through this iterative

exchange we can improve the measurement
of depression133, and in doing so, improve our
ability to study, diagnose, treat and prevent it.

Data availability
Data underlying Figs 1,2 and 3 can be found
at https://osf.io/7dp5s/.
Code availability
Code to reproduce Figs 1 and 2 (minus graphical edits performed by the journal art editor),
and run the simulation underlying Fig. 3, can
be found at https://osf.io/7dp5s/.
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