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Diagnostic tests must be evaluated in a clinically relevant popu-
lation. However, test performance often varies across population
subgroups. Spectrum bias, a term commonly used to describe this
heterogeneity, is typically thought to occur when diagnostic test
performance varies across patient subgroups and a study of that
test’s performance does not adequately represent all subgroups.
Yet subgroup variation is not a bias if appropriate analyses are
conducted. Failure to recognize and address heterogeneity will
lead to estimates of test performance that are not generalizable to
the relevant clinical populations. Heterogeneity can be addressed
with relatively simple stratification procedures, limited primarily

by the sample size and the precision of the estimates. This paper
proposes the use of the term spectrum effect, rather than spec-
trum bias, and outlines strategies for using stratified sensitivity
and specificity estimates, likelihood ratios, and receiver-operating
characteristic curves. Investigators of diagnostic tests should con-
sider the potential for spectrum effect seriously and should ad-
dress heterogeneity in their analyses. Furthermore, clinicians
should consider study samples carefully to determine whether
results are generalizable to their specific patient population.
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When considering a new diagnostic test, clinicians
must decide whether an evaluation of a new test is

valid and whether the results are generalizable to their own
patient population. An optimal study of a new diagnostic
test includes a broad spectrum of persons who would nor-
mally undergo the test in a clinical setting. This broad
spectrum is necessary to produce valid, precise, and gener-
alizable estimates of test performance (1–3). However, test
performance often varies with patient characteristics. For
example, the sensitivity (the probability of positive test re-
sults given disease) (P[T�  D�]) and specificity (the
probability of negative test results given no disease)
(P[T�  D�]) of a diagnostic test may be higher or lower
in certain patient subgroups (4, 5). Evaluations of diagnos-
tic tests must attempt to achieve valid, precise, and gener-
alizable measurements of test accuracy, despite this hetero-
geneity. In this paper, we reexamine the issue of patient
spectrum first described by Ransohoff and Feinstein (6).
We provide guidance for clinicians interpreting reports of
diagnostic test evaluations as well as suggestions for data
analysis and presentation.

ORIGINS OF THE CONCEPT OF SPECTRUM BIAS

Ransohoff and Feinstein introduced the concept of pa-
tient spectrum in a landmark article in 1978 (6). They
observed that the performance of a test in practice may be
misrepresented by clinical studies that include too narrow a
range of diseased case-patients or too narrow a range of
nondiseased controls. They highlighted characteristics to
consider when designing a study that examines the efficacy
of a test, including pathologic, clinical, and comorbid fea-
tures of the case-patient and control groups. Their concern
that the relationship between disease state and test perfor-
mance may change according to characteristics of the pa-
tient sample has profoundly influenced diagnostic test eval-
uation.

Although Ransohoff and Feinstein did not use the

term spectrum bias explicitly, their discussion of patient
spectrum in a paper examining biases affecting diagnostic
test research fostered the use of the term to describe sub-
group variation (5, 7–11). The term spectrum bias implies
that patient spectrum is a problem requiring correction.
Consequently, a wide variety of remedies has been pro-
posed, including reporting the average sensitivity and spec-
ificity of the sample tested (3, 7, 8, 12), using covariate
adjustment (13), reporting results of subgroup analyses
(2–4, 7, 8, 10, 12, 14, 15), and reporting study population
characteristics as a minimum (2, 3, 7, 8, 14). Others have
argued that many estimates of sensitivity and specificity are
useless because study samples are too dissimilar to actual
patient populations (11, 16, 17).

SPECTRUM EFFECT: AN ALTERNATIVE TERM FOR

SUBGROUP VARIATION IN TEST PERFORMANCE

The term spectrum bias is commonly applied when the
disease–test relationship is heterogeneous across patient
subgroups and the study draws preferentially from a lim-
ited portion of the patient spectrum. Including a broad
spectrum of patients has been the most common approach
to addressing subgroup heterogeneity (7, 8, 14, 16, 18).
However, spectrum bias is a misnomer because it falsely
suggests a systematic error in study design, data collection,
or analysis that compromises the validity of the results.

We suggest that the term spectrum bias be replaced
with the term spectrum effect, which reflects the inherent
variation in test performance among population sub-
groups. Subgroup variation is not a bias but is clinically
relevant information to be identified and reported with
appropriate analyses. If a spectrum effect is possible, heter-
ogeneity should be assessed by subgroup analyses of test
performance. The stability and validity of the subgroup
estimates will be limited by the sample size of each cate-
gory.

The most common approach for addressing patient
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spectrum—including a variety of participants and report-
ing a single estimate of test performance—may actually
produce an estimate with limited clinical utility. When
heterogeneity is present, the overall population estimate is
not generalizable to any specific patient population. Ignor-
ing the spectrum effect will lead to a population estimate
that is a weighted average of test performances across sub-
groups (7, 12, 13, 19, 20). This estimate will vary with the
proportion of patients in each subgroup included in the
weighted average.

The primary issue for the spectrum effect is generaliz-
ability. If test performance varies substantially by sex, there
is little clinical value in using the population estimate of
test performance that combines men and women to deter-
mine post-test probability for any individual patient. In-
stead, the subgroup estimates for men should be applied in
men and the subgroup estimates for women should be used
in women. Furthermore, estimating test performance in a
clearly defined, narrow spectrum of patients is not biased
but is instead a valid estimate for a specific patient sub-
group. However, such estimates should not be generalized
to other patient subgroups.

A simple example illustrates the spectrum effect (Table
1). Consider a new diagnostic test that performs heteroge-
neously across age. Among persons younger than 50 years
of age, the test performs with a sensitivity and specificity of
95% and 75%, respectively. Among persons at least 50
years of age, the test performs with a sensitivity of 75% and
a specificity of 95%. In an investigation of this test, the
study sample is drawn preferentially from the source pop-
ulation so that 75% of persons younger than 50 years of
age are included in the study and only 25% of persons 50
years of age or older are included. The sensitivity and spec-
ificity of the test in this study sample are found to be 90%
and 80%, respectively. In a second study, only 25% of

persons younger than 50 years of age are included and 75%
of persons 50 years of age or older are included. The sen-
sitivity and specificity are determined to be 80% and 90%,
respectively. Comparing these two studies, we find that
both have included a reasonable spectrum of participants
but provide differing population-average estimates of sen-
sitivity and specificity. However, estimates of sensitivity
and specificity within strata of age are unbiased, that is,
identical to those in the source population.

ASSESSING THE SPECTRUM EFFECT

Stratified Analysis of Sensitivity, Specificity, Likelihood
Ratios, and Receiver-Operating Characteristic Curves

Sensitivity, specificity, likelihood ratios, and receiver-
operating characteristic (ROC) curves are commonly used
indicators of test accuracy. Each of these measures can be
evaluated for spectrum effect with stratified analyses of pa-
tient subgroups. Subgroup variation in sensitivity and spec-
ificity estimates can be examined analytically by stratifying
on the characteristic defining the subgroup and by employ-
ing a simple chi-square test of association. An association
between a patient characteristic and the result of a diagnos-
tic test may indicate the need to report estimates for sub-
groups of the sample. The clinical significance of the dif-
ference in sensitivity or specificity must also be considered
when the P value of the chi-square test is being examined.
Small cell sizes may cause the test to miss a clinically mean-
ingful difference. Conversely, very large cell sizes may re-
sult in a statistically significant association that is not clin-
ically meaningful, as often occurs with specificity estimates
arising from cross-sectional studies of populations with a
low prevalence of disease.

The positive (P[T�  D�]/P[T�  D�]) and negative
(P[T�  D�]/P[T�  D�]) likelihood ratios provide an

Table 1. Performance of a Hypothetical Diagnostic Test under Different Spectrums of Age

Examination of New Diagnostic
Test

True-Positive
Results

True-Negative
Results

False-Positive
Results

False-Negative
Results

Sensitivity Specificity

4OOOOOOOOOOOOOOOOOnOOOOOOOOOOOOOOOOO3 %

Hypothetical test performance in
source sample

Overall 850 850 150 150 85 85
Participants �50 y of age 475 375 125 25 95 75
Participants �50 y of age 375 475 25 125 75 95

First examination with
preferentially recruited
younger participants*

Overall 450 400 100 50 90 80
Participants �50 y of age 356 281 94 19 95 75
Participants �50 y of age 94 119 6 31 75 95

Second examination with
preferentially recruited older
participants†

Overall 400 450 50 100 80 90
Participants �50 y of age 119 94 31 6 95 75
Participants �50 y of age 281 356 19 94 75 95

* Includes 75% of persons �50 years of age and 25% of persons �50 years of age.
† Includes 25% of persons �50 years of age and 75% of persons �50 years of age.
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estimate of the change in the odds for disease given a par-
ticular test result. Because the algebraic construction of
likelihood ratios is analogous to risk ratios (21), the spec-
trum effect can be evaluated in likelihood ratios by using a
test of homogeneity, available in many software programs.
Statistical tests of homogeneity have low power to detect
an effect; therefore, � values are often less conservative for
these tests (for example, � � 0.10) (22).

Receiver-operating characteristic curves plot the false-
positive rate (1 � specificity) against the true-positive rate
(sensitivity). The area under this curve indicates how accu-
rately a test discriminates between true-positive and true-
negative results, independent of the positive test threshold
(23). Subgroup-specific ROC curves can be constructed

and compared. The curve that lies farther toward the upper
left quadrant has better discriminatory accuracy. Calculat-
ing the critical ratio and comparing it with a normal dis-
tribution can provide a quantitative comparison of these
uncorrelated ROC curves (24).

Stratified Analysis of Enzyme Immunoassay for
Chlamydia trachomatis

As an example of addressing spectrum effect, we as-
sessed the performance of an enzyme immunoassay for
Chlamydia trachomatis (25). We examined age and clinic
type as two representative factors with the potential for
subgroup variation. Compared with a reference standard of
ligase chain-reaction assay, the overall sensitivity and spec-
ificity for enzyme immunoassay were 73.4% and 99.4%,
respectively (Table 2). When stratified by age, sensitivity
and specificity varied significantly between older and
younger patients; the test performed better in the younger
subgroup (P � 0.001) (Table 2). Positive and negative
likelihood ratios also differed significantly after stratifica-
tion by age. The enzyme immunoassay ROC curves and
their areas revealed considerable heterogeneity after strati-
fication by age (Figure). The enzyme immunoassay seemed
to have the highest discriminatory accuracy among partic-
ipants who were 24 years of age or younger. This finding
was confirmed by formal comparison of the areas under the
curve (critical ratio, 3.18; P � 0.001), verifying our visual
assessment.

In contrast, when clinic type was considered, only the
specificity of enzyme immunoassay varied significantly
(P � 0.003) (Table 2). However, the qualitative differ-
ences in specificity were small for both age and clinic type;
therefore, these differences in specificity may not be clini-
cally meaningful. Sensitivity, positive and negative likeli-
hood ratios, and ROC areas did not differ by clinic type.

DISCUSSION

New diagnostic tests should be evaluated in a clinically
relevant sample (12). However, even in such a sample, test
performance is likely to vary across patient subgroups. The

Figure. Receiver-operating characteristic curve for performance
of an enzyme immunoassay for Chlamydia trachomatis,
stratified by age.

The discriminatory accuracy for enzyme immunoassay is better for par-
ticipants 24 years of age or younger (area under the curve [�SE],
0.927 � 0.009) than for those older than 24 years of age (area under the
curve [�SE], 0.819 � 0.033). The areas under the stratified curves were
significantly different (P � 0.001).

Table 2. Sensitivity, Specificity, and Likelihood Ratios for Performance of an Enzyme Immunoassay for Chlamydia trachomatis,
Stratified by Selected Patient Characteristics*

Factor Sensitivity, % P Value† Specificity, % P Value‡ Positive Likelihood
Ratio

P Value§ Negative Likelihood
Ratio

P Value§

Overall 73.4 (69.9–76.9) 99.4 (99.2–99.6) 116.0 (84.1–160.0) 0.27 (0.23–0.31)
Age �0.001 �0.001 0.02 �0.001

�24 y 75.9 (72.1–79.7) 99.5 (99.3–99.7) 147.0 (92.5–233.7) 0.24 (0.21–0.28)
�24 y 58.3 (47.7–68.9) 99.2 (98.8–99.6) 73.6 (45.9–118.0) 0.42 (0.33–0.54)

Clinic type �0.2 0.003 0.17 �0.2
Family planning 72.1 (66.4–77.8) 99.2 (98.8–99.6) 137.7 (90.4–209.9) 0.28 (0.23–0.35)
Sexually transmitted

disease
74.3 (69.6–79.0) 99.5 (99.3–99.7) 87.0 (53.0–142.5) 0.26 (0.22–0.31)

* Values in parentheses are 95% CIs.
† P value for comparison of sensitivities in the two strata.
‡ P value for comparison of specificities in the two strata.
§ P value for the homogeneity test.
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term spectrum bias has been used to describe this heteroge-
neity and also has been applied when the study sample
included only a clinically relevant subgroup. We believe
the term spectrum bias falsely implies an error in study
design and wrongly challenges the validity of study results.
We suggest that spectrum effect, which reflects the different
accuracies across subgroups of a sample, may be a better
term. Subgroup variation is not a bias but must be evalu-
ated by using appropriate methods and must be reported.

When reviewing a study of a diagnostic test, clinicians
should examine the relevance of the study sample to their
own clinical population. Clinicians should also consider
whether spectrum effect has been evaluated. Furthermore,
results in a narrow spectrum of patients should not be
dismissed but rather generalized cautiously to an appropri-
ately narrow clinical population.

One limitation of subcategorizing study samples is
that the sample tested has to be large enough to support
reasonably precise subgroup estimates. Diagnostic test eval-
uations are often performed with relatively small sample
sizes, leading to imprecise estimates, particularly for sensi-
tivity. Analysis of subgroups will be less precise than the
overall population estimates. If possible, the impact of po-
tentially modifying patient characteristics should be con-
sidered when power estimates are initially calculated. Over-
sampling characteristics that occur infrequently in clinical
practice may help mediate the additional complexities in-
troduced by considering the spectrum effect in the study-
design phase. In the publication of diagnostic test evalua-
tions, estimates of subgroup variables that seem to be
meaningfully different should be presented even if they do
not attain statistical significance. Inclusion of such results
would greatly facilitate appropriate meta-analyses of diag-
nostic test performance.

In cases in which several characteristics of a clinical
sample simultaneously modify the performance of a diag-
nostic test, categorical analysis of subpopulations may be
impossible because of small cell sizes. In such circum-
stances, the spectrum effect can be assessed by modeling
test performance with logistic regression (26). The logistic
model can produce estimates of test performance when
small cell sizes prohibit obtaining such estimates nonpara-
metrically. Modeling also facilitates investigation of patient
characteristics that are multicategorical or continuous and
allows the investigator to model separately factors that af-
fect sensitivity and specificity (4).

Subgroups of a clinically relevant sample should be
carefully defined to provide relatively homogeneous esti-
mates and to facilitate comparisons with other evaluations
of diagnostic tests. However, patient characteristics are not
necessarily dichotomous in nature and decisions to group
similar patients together must be balanced against the need
to maintain sufficiently large subgroups to estimate reason-
ably precise effects. If large subgroups are required to main-
tain precision, residual heterogeneity will persist. Reporting
the characteristics of the sample tested, providing subgroup

estimates of test performance, and carefully avoiding spec-
ulation beyond the range of the data should be integral in
every study of diagnostic tests (4, 12). Average effects will
change based on the distribution of key modifiers in the
study sample.

In summary, correct diagnosis is nearly as important as
correct treatment. Therefore, the scientific rigor applied to
the design and analysis of clinical trials should be mirrored
in evaluations of diagnostic tests. We have outlined simple
methods that can be easily executed to that end.
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