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Abstract

The limit of detection (LoD) is a critical performance characteristic in 
molecular diagnostics, defining the lowest analyte concentration at which 
an assay achieves reliable detection.1,2 While numerous approaches exist 
for estimating LoD in both quantitative and qualitative assays, confusion 
often arises regarding appropriate methods for statistical comparison 
between a reference formulation and a new test condition.3,4 This paper 
provides a comprehensive overview of theoretical frameworks, statistical 
models, and practical considerations for LoD comparison, with additional 
attention to multi-target assay scenarios common in contemporary 
molecular diagnostics.

We contrast quantitative assays, where LoD is a numeric estimate derived 
from continuous data, with qualitative assays, where detection probabilities 
are assessed across dilution levels. Worked examples illustrate correct 
applications of the delta method,5 Fieller’s theorem,6 bootstrap,7 two 
one-sided test (TOST) procedures8 and non-inferiority procedures when 
Just Enough Testing (JET) is the objective. The discussion emphasizes 

common pitfalls, particularly the inappropriate reliance on overlapping 
confidence intervals as evidence of equivalence,9,10 and offers regulatory-
compliant recommendations for both single-target and multi-target 
comparison studies.11,12 Guidance on sample size determination, 
multiplicity considerations, and interpretation frameworks ensures that 
practitioners can design and execute statistically sound LoD comparison 
studies that meet regulatory expectations or, when using the JET method, 
for delivery to assay development for optimization.

Keywords: non-inferiority, detection, molecular diagnostics, analytical 
sensitivity, equivalence, multi-target scenarios, statistical guidance, 
binary outcome

Abbreviations: LoD, limit of detection; JET, just enough testing; 
TOST, two one-sided test; NHST, null hypothesis significance testing; Ct, 
cycle threshold; MOE, margin of error; TOST, two one-sided tests
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Introduction
The central role of analytical sensitivity

Analytical sensitivity is a cornerstone of assay validation in 
molecular diagnostics, representing the ability of a test to detect 
low concentrations of target analyte.13 The Clinical and Laboratory 
Standards Institute (CLSI) defines the limit of detection (LoD) as 
the lowest analyte concentration that can be consistently detected 
with a stated probability, typically 95%.1,2 This seemingly 
straightforward definition belies considerable complexity in 
practice, particularly when comparing LoDs between different 
assay conditions.

In the modern diagnostic landscape, manufacturers 
frequently need to compare LoDs when introducing formulation 
changes, new reagent lots, alternative instruments, or modified 
protocols.14,15 Regulatory agencies, including the U.S. Food and 
Drug Administration (FDA) and international bodies, require 
rigorous evaluation demonstrating that such changes do not 
adversely affect analytical sensitivity.11,16 The stakes are high: 
an undetected degradation in LoD could result in false-negative 
results with serious clinical consequences,17,18 while overly 
conservative statistical approaches may unnecessarily delay 
beneficial improvements to diagnostic tests and potentially delay 
patient therapy.

The equivalence challenge

The fundamental question in LoD comparison studies is not 
whether two conditions are identical, they rarely are, but whether 
they are equivalent within clinically acceptable bounds.8,19 
This distinction is critical but often misunderstood. Traditional 
null hypothesis significance testing (NHST), which asks “are 
these different?”, is poorly suited to equivalence questions.20 
A non-significant p-value does not prove similarity; it merely 
indicates insufficient evidence of difference, potentially reflecting 
inadequate statistical power rather than genuine equivalence.21

Despite clear guidance from regulatory authorities and 
statistical literature,11,22 misapplications remain common. 
Perhaps the most persistent error is treating overlapping 
confidence intervals between two LoD estimates as evidence of 
equivalence.9,10,23 This approach is statistically invalid because it 
conflates individual parameter uncertainty with the uncertainty of 
their difference. Two LoDs with overlapping confidence intervals 
may still differ by a clinically meaningful amount, while two with 
non-overlapping intervals may actually be equivalent when their 
difference is properly assessed.24

Scope and structure

This paper delineates theoretical and applied approaches for 
comparing LoDs across assay types, with the goal of harmonizing 
practice across laboratories and regulatory submissions. We 
address both quantitative assays (those producing continuous 
measurements such as PCR quantitation or semi-quantitative 
cycle threshold (Ct) values) and qualitative assays (those 
producing binary detected/not-detected outcomes). Additional 
attention is paid to multi-target scenarios, increasingly relevant as 
multiplex molecular assays become standard in infectious disease 
diagnostics,25,26 pharmacogenomics,27 and oncology testing.28

The methods presented here reflect current best practices 
as outlined in CLSI guidelines,1,2 FDA statistical guidance 

documents,11 and peer-reviewed statistical literature.8,19,29 Our 
aim is to provide both theoretical grounding and practical, 
implementable approaches that working diagnostics professionals 
can apply with confidence.

Methods
Quantitative assays: modeling continuous detection 
probability

Theoretical framework

For continuous assays, such as real-time PCR where cycle 
threshold (Ct) values are measured and converted to quantitative 
values via a reference standard,30,31 or fluorescence-based assays 
producing intensity measurements, the probability of detection 
is modeled as a function of analyte concentration. The standard 
approach uses logistic or probit regression to characterize the 
relationship between log-transformed concentration and the 
binary outcome of detection (above or below a predefined 
analytical threshold).4,32,33

The logistic model takes the form:

( ) ( )( ).0 1 10

1|
1 log c

P detect c
e β β− +

=
+

	 (1)

		

where c is the analyte concentration, β₀ is the intercept, and β₁ 
is the slope parameter reflecting how steeply detection probability 
rises with concentration. The LoD₉₅ is defined as the concentration 
at which ( )| 0.95P detect c = , which can be solved analytically:4
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, where b is any positive base 

except 1.   It is of note that the  blogit π  must use the same base 
as whatever the link function was used in the logistic regression to 
estimate 0β  and 1β  (typical software uses the natural logarithm) 
and does not have to match a base used with any logarithmic 
transformations of the LoD.

Variance estimation and confidence intervals

The standard error of the log10 (LoD) estimate can be obtained 
through the delta method,5,34 which approximates the variance 
of a function of random variables using a first-order Taylor 
expansion. Alternatively, profile likelihood methods35 or bootstrap 
resampling7,36 can provide more robust confidence intervals, 
particularly when sample sizes are modest or detection curves are 
not ideally sigmoidal.

For comparing two conditions (reference, r, and test, t), we 
estimate log10(LoDs), viz., θᵣ and θₜ, and their respective variances 
Var(θᵣ) and Var(θₜ). Assuming independence (typically valid when 
different sample aliquots are used), the difference, quant∆ , is then:

quant t rθ θ= −∆ 				    (3)

with standard error:
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( ) ( ) ( )quant r tSE Var Varθ θ= +∆ 		  (4)

A 95% Wald confidence interval for the “true” log-difference, 
∆ , is constructed as:

( ) 1.96quant quant quantD SE D= ± ∆∆ 		  (5)

where 
ˆ ˆ

quant t rD θ θ= − 				    (6)

is the observed difference estimator for quant∆  and where 
t̂θ  is an estimator for tθ and r̂θ  is an estimator for rθ  such that

( ) ( ) ( )ˆ ˆ
quant r tSE D Var Varθ θ= + 		  (7)

is the standard error of the observed difference and where both 
are estimated empirically from the experimental data.

The ratio metric

Because the LoD is inherently a multiplicative quantity (i.e., 
concentrations span orders of magnitude), the ratio of LoDs, 

 quant ratioCI , is often more interpretable than their difference.4,37 
Back-transforming the confidence interval on the log-difference 
yields a confidence interval for the ratio using Fieller’s theorem 
or similar approaches:6,38

( ) 10 ,1 0CICI highlow
quant ratioCI = 		 (8)

This ratio directly answers questions like “Is the test LoD 
within 25% of the reference LoD?” Equivalence is declared if 
the entire ratio confidence interval lies within pre-specified 
bounds, commonly (0.80, 1.25) (say, within ±25%, representing 
the margin of error or MOE) or (0.85, 1.18) (within ±15%), for 
example, depending on regulatory requirements and clinical risk 
assessment.11,19

Study design considerations

Effective quantitative LoD comparison studies require careful 
attention to experimental design:1,2,39

I.	 Dilution series: Typically 5 to 8 concentration levels 
spanning approximately 0.5x to 3x, covering the anticipated 
LoD from both ends

II.	 Replicates per level: 20 to 24 replicates provide minimal 
reasonable precision;40 more are needed for steep detection 
curves or if using probit models

III.	 Concentration spacing: In exponential distributions as 
in PCR assays, log-uniform spacing ensures adequate 
information across the detection probability range4

IV.	 Randomization: Run order should be randomized to avoid 
systematic biases from time trends or instrument drift41

V.	 Quality controls: Include positive and negative controls to 
validate assay performance throughout the study1,2

Qualitative assays: binary detection outcomes

The fundamental difference

Qualitative assays produce only binary outcomes: detected or 
not detected. Unlike quantitative assays, there is no continuous 
measurement to model. This fundamentally changes both the 

study design and the statistical analysis.1,42 The goal shifts from 
estimating a numeric LoD to demonstrating equivalent detection 
probability at predefined concentration levels.

Standard three-level design

The CLSI-recommended design for qualitative LoD 
comparison includes three concentration levels:1,2

I.	 0.5x level: Approximately 40% to 60% detection probability 
as an empirical design target but can be as high as 78% 
under the Poisson distribution*; verifies that both assays 
detect at low frequency when analyte is scarce

II.	 1x level: Approximately 95% detection probability; the 
primary comparison point where equivalence must be 
demonstrated

III.	 3x level: Approximately 100% detection probability; verifies 
that both assays reliably detect when analyte is abundant

*Under the Poisson distribution, at 0.5x, the mean is

( ) 1.4981.498   0.5 1 1 0.2236 0.78.
2
LoD P detect at x eλλ −= ≅ ⇒ = − ≅ − ≅

The 1x level is the study LoD, chosen based on preliminary 
testing to identify a concentration yielding roughly 95% detection. 
This is distinct from the true LoD₉₅, which remains unknown and 
is not estimated in qualitative studies, it is simply assumed to be 
near the 1x level.1

Sample size determination

The number of replicates required depends critically on the 
equivalence margin.43,44 For the primary comparison at 1x ( “hit 
rate” or p ≅ 0.95, α = 0.05, power = 0.80 to detect equivalence 
when the true proportions are equal):

I.	 ±30% equivalence margin: ~12 replicates per arm/target

II.	 ±25% equivalence margin: ~16 replicates per arm/target

III.	 ±20% equivalence margin: ~25 replicates per arm/target

IV.	 ±15% equivalence margin: ~40 replicates per arm/target

V.	 ±10% equivalence margin: ~60 replicates per arm/target

VI.	 ±7.5% equivalence margin: ~100 replicates per arm/target

VII.	 ±5% equivalence margin: ~200 replicates per arm/target

For pattern verification at 0.5x and 3x, 20 replicates per arm 
typically suffice, as these are descriptive assessments rather than 
formal hypothesis tests.1 Pattern verification in the context of 
qualitative LoD studies refers to checking that the detection rates 
at the 0.5x and 3x concentration levels follow expected patterns, 
while not strictly required, provides confidence that your 1x level 
(where you’re formally testing equivalence) is appropriately 
calibrated.

The concept

For qualitative assays, you test at three concentration levels:

I.	 0.5x level: Should show ~40% to 60% detection (both 
assays detecting roughly half the time), though under the 
Poisson distribution, can be as high as 78%.

II.	 1x level: Should show ~95% detection (this is where you 
formally test equivalence)
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III.	 3x level: Should show ≥95% to 100% detection (both assays 
reliably detecting)

The sample size requirement can be calculated using standard 
formulas for two-proportion equivalence tests, accounting for the 
TOST procedure’s Type I error allocation.8,43,45

Statistical analysis: TOST procedure

At the 1x level, we define detection counts Xᵣ out of Nᵣ 
replicates for reference and Xₜ out of Nt replicates for the test as 
the population proportions:

r
r

r

X
N

π = 				    (9)

 
t

t
t

X
N

π =     				    (10)

Estimated by the observed 
r

r
r

xp
n

= 				    (11)

 
t

t
t

xp
n

=   ,			                  (12)

respectively.

The population difference is:

t rqual π π= −∆ 			   (13)

estimated by

t rqualD p p= − 			   (14)

The population standard error, using the unpooled variance 
(appropriate for equivalence testing),46 is:

( ) ( ) ( )11 t tr r
qual

r t
SE

N N
π ππ π −−

= +∆ 	 (15)

A 95% confidence interval for qual∆   is constructed3,47 as 
follows:

( )1.96. qual qual qualD SE D∆ = ± 		 (16)

Using the Two One-Sided Tests (TOST) procedure,8,48 
equivalence is declared if the entire confidence interval is contained 
within the equivalence bounds ( )  , qual margin qual margin−∆ +∆ . 
This is mathematically equivalent to conducting two one-sided 
statistical hypothesis tests:

01 11  :    .  : qual qual margin qual qual marginH vs H∆ ≤ −∆ ∆ > −∆      (17)	

02 12  :    .  : qual qual margin qual qual marginH vs H∆ ≥ +∆ ∆ < +∆      (18)

Equivalence requires rejecting both null hypotheses at a stated 
significance level, say at α = 0.05.8,19

Choice of equivalence margin

The equivalence margin should be based on clinical 
considerations, not statistical convenience.49,50 Common choices 
include:

I.	 ±30%: Exploratory stringency. Best suited for early 
feasibility/JET hand-offs or internal screening to rule out 
gross sensitivity loss, with small sample sizes (~12 per 
arm). Not generally appropriate for regulatory equivalence 
claims; use to confirm expected 0.5×/1×/3× patterns before 
a tighter study;

II.	 ±20%: Development-phase stringency. Acceptable when 
clinical risk is low and the change is remote from target-
specific chemistry (e.g., minor buffer/process tweaks). 
Enables moderate sample sizes (~25 per arm) while still 
guarding against meaningful degradation; often used for 
internal bridging/verification;

III.	 ±10%: Standard regulatory stringency. For many 
diagnostics submissions when preserving analytical 
sensitivity is important but not lifesaving. Typical design 
uses ~60 replicates per arm at 1x to achieve ≅80% power 
when the true hit rate p ≅0.95, with 0.5x/3x pattern checks. 
Appropriate for formulation changes that could plausibly 
affect sensitivity and for target-by-target claims in multiplex 
assays;

IV.	 ±7.5%: Heightened stringency. For assays where modest 
sensitivity loss could impact patient management or public 
health decisions. Plan ~100 replicates per arm at 1x (plus 
pattern verification at 0.5x and 3x) to maintain adequate 
power. Recommended when clinical risk tolerance is low, 
when prior data suggest marginal performance, or when 
seeking strong equivalence evidence across multiple targets;

V.	 ±5%: High-consequence stringency. Reserved for 
critical use cases (e.g., high-risk pathogens, triage/therapy 
decisions) or when prior evidence must be confirmed with 
minimal residual uncertainty. Requires large studies (~200 
replicates per arm at 1x) and tight operational control; 
consider independent replication days and enhanced QC to 
manage variance and avoid ceiling effects at 1x.

The margin should be pre-specified in the study protocol and 
justified based on assay research and development optimization 
status or clinical risk assessment if submitting to a regulatory 
agency.11,22 Retrospectively widening margins to achieve 
equivalence is scientifically and ethically inappropriate.51,52

Pattern verification

The 0.5x and 3x levels serve as pattern checks, ensuring the 
detection curves have appropriate shape1,2 and serve as a sanity 
check for your study design. Expected patterns:

I.	 0.5x: Both assays should show 40-60% detection (or 78% 
under the Poisson distribution); if one shows <30% or 
>80%, Your 1x concentration is probably too low or too 
high, respectively, and most likely you are not actually 
testing near the true LoD.  Investigate whether the 1x level 
was mis-calibrated;

II.	 3x: Both assays should show ≥95% detection (ideally, 100% 
at this level); lower rates (<95%) suggest systematic assay 
problems such that the assay is not reliably detecting.

III.	 If patterns are asymmetric: One assay shows expected 
patterns but the other doesn’t, suggesting they have 
fundamentally different detection curves - even if they 
appear equivalent at 1x, they may not be truly comparable.

Gross discordance in patterns (e.g., reference at 55% but 
test at 30% at the 0.5x level) indicates the assays may not have 
comparable analytical sensitivity even if the 1x comparison shows 
equivalence, potentially due to different detection curve slopes.1
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Multi-target considerations
The contemporary reality

Modern molecular diagnostic assays frequently target multiple 
analytes simultaneously. Sexually transmitted infection (STI) 
panels may detect 4 to 7 organisms;25,53 respiratory pathogen panels 
may target 15 to 20 viruses and bacteria;26,54 pharmacogenomic 
assays may interrogate dozens of genetic variants.27,55 When 
comparing formulations for such multiplex assays, the question 
arises: “How should multiple LoD comparisons be handled?”

Strategic approaches

Approach 1: Target-by-target analysis (Recommended for 
regulatory submissions or when handing off from research to 
assay development)

The most straightforward and defensible approach is to treat 
each target independently:56,57

I.	 Design and execute separate LoD comparison studies for 
each target

II.	 Apply the same equivalence criteria to each target

III.	 Report results target-by-target with no pooling or adjustment

IV.	 Require all targets to demonstrate equivalence for overall 
formulation approval

This approach is conservative but provides maximum 
transparency and is readily understood by regulators.11 It also 
accommodates targets with genuinely different sensitivities or 
where formulation changes might affect targets differentially 
(e.g., due to primer design changes in PCR assays).
Approach 2: Pooled analysis with target as a stratification 
factor

If there is strong reason to believe the formulation change affects 
all targets similarly, a pooled analysis may be considered:58,59

I.	 Use logistic regression (for qualitative data) or mixed-
effects models (for quantitative data) with target as a fixed 
or random effect

II.	 Estimate an overall formulation effect while accounting for 
target-specific baselines

III.	 Test whether the formulation by target interaction is 
significant; if not, the pooled estimate may be reported

IV.	 Still report target-specific results as secondary analyses
This approach gains statistical power by borrowing strength 

across targets60 but requires careful justification and should 
be supplemented with target-specific evaluations to ensure no 
individual target is masked by pooling.

Approach 3: Hierarchical decision rules

A middle ground involves pre-specifying decision rules.61 For 
example:

I.	 Primary rule: All targets must show equivalence at the 
±10% margin

II.	 Secondary rule: If 1-2 targets fail the ±10% margin but 
meet ±12.5%, conduct clinical risk assessment

III.	 Stopping rule: If >2 targets fail or any target shows >15% 
degradation, formulation is rejected

This provides flexibility while maintaining rigor. The key is 
that rules must be defined a priori and scientifically justified, not 
crafted a posteriori to accommodate unexpected results.51

Multiplicity and Type I error

A vigorous debate exists in statistical literature about 
whether multiplicity adjustments (e.g., Bonferroni correction) 
are appropriate in equivalence testing contexts.62,63 Arguments 
against adjustment include:

I.	 Equivalence testing is inherently conservative, i.e., 
erroneously concluding equivalence is less likely than 
erroneously concluding difference with Null Hypothesis 
Significance Testing (NHST).8,19

II.	 The goal is protecting against falsely declaring 
inequivalence, not false equivalence64

III.	 Multiplicity adjustments can make equivalence nearly 
impossible to demonstrate65

Arguments for adjustment include:

I.	 With many targets, the probability that at least one shows 
spurious equivalence increases66

II.	 Regulatory consistency favors conservative approaches11

III.	 Family-wise error rate control provides a unified 
framework67

Our recommendation: For regulatory submissions, do not 
apply formal multiplicity adjustments, but require all targets to 
individually meet the equivalence criterion. For exploratory or 
internal decision-making, document any adjustments clearly and 
justify the approach.56,62

Reporting multi-target results

Clear, tabular reporting is essential. We recommend the format 
following the Table 1 example.

Table 1 Recommended tabular reporting format

Target Reference Pr Test Pt Difference Pt - Pr 95% CI for % Difference Equivalence Assessment 95% CI 
within (-10%, +10%)?

CT 57/60 (95.0%) 58/60 (96.7%) 1.70% (−6.0, +9.4%) Yes
NG 56/60 (93.3%) 52/60 (86.7%) −6.7% (−18.2, +4.9%) No
TV 58/60 (96.7%) 59/60 (98.3%) 1.70% (−5.2, +8.5%) Yes
MG 55/60 (91.7%) 57/60 (95.0%) 3.30% (−7.1, +13.8%) No
HPV 59/60 (98.3%) 54/60 (90.0%) −8.3% (−16.9, +0.2%) No

CT=Chlamydia trachomatis, NG=Neisseria gonorrhoeae, TV=Trichomonas vaginalis, MG=Mycoplasma genitalium, 

HPV=Human Papillomavirus
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Overall conclusion: Test formulation demonstrates equivalence 
to reference for 2/5 targets at the ±10% margin. Targets NG, MG, 
and HPV warrant clinical risk assessment due to point estimates 
suggesting lower test sensitivity.

A single level design for a qualitative LoD 
experiment

Non-inferiority testing (aka just enough testing – JET): 
Newcombe hybrid score interval as an alternative to TOST

Conceptual framework: when non-inferiority is appropriate

While the Two One-Sided Tests (TOST) procedure addresses 
the fundamental question “Are these assays equivalent?”, non-
inferiority testing addresses a related but distinct question: “Is 
the new assay no worse than the reference by more than a pre-
specified margin?” This distinction is critical in regulatory and 
commercial contexts.1,2 Non-inferiority designs may be utilized 
for delivering a “good enough” assay with its updated constituents 
to assay development ready for optimization.  This is called Just 
Enough Testing or JET.

The fundamental difference lies in the hypothesis being tested:

Equivalence (TOST): H₀: –    test referenceπ π δ≥ . We reject 
this null hypothesis if BOTH the lower bound > -δ AND the upper 
bound < +δ.

Non-inferiority: H₀: –   test referenceπ π δ≤ −  (i.e., the test 
is not worse than δ). We reject this null hypothesis if the lower 
confidence bound exceeds -δ.

Non-inferiority testing is appropriate when:

I.	 Regulatory pathway permits it: FDA guidance recognizes 
non-inferiority designs for certain modifications.2,3 For LoD 
studies, non-inferiority may be acceptable for minor reagent 
changes, alternative instruments, or protocol modifications 
where full equivalence is not mandated.4

II.	 Clinical context justifies it: When clinical and practical 
considerations support acceptance of a slightly less sensitive 
assay (within predefined bounds), non-inferiority suffices. 
For example, if a new buffer formulation is less expensive 
or more stable, accepting 10-15% lower sensitivity may be 
reasonable if all detections occur well above the actual LoD.

III.	 Efficiency is important: Non-inferiority testing typically 
requires smaller sample sizes than equivalence testing, 
because only one bound (the lower bound) requires 
comparison to the margin, not both bounds. This advantage 
grows as margins become stricter.5

IV.	 Facilitating Efficient R&D Handoffs: Non-inferiority 
testing is ideal when transitioning an assay from research 
to development. If a component is modified (e.g., a new 
formulation), a full equivalence study is often unnecessary. 
This is a perfect application for “Just Enough Testing 
(JET)”: using a smaller non-inferiority study to efficiently 
demonstrate that the modified assay is “good enough” with 
JET to be handed over to the development team for further 
optimization.

Why small sample sizes require enhanced methods

The TOST procedure as typically presented relies on normal 
approximation to construct confidence intervals for the difference 

in proportions:

( ) ( )1 1 2 2
1 2 1 2 /2

1 2

1 1p p p p
p p z

n nαπ π
− −

− = − ± +

This standard Wald approach works well when np and n(1-p) 
are both ≥ 5 for each group.6 However, in LoD studies:

I.	 Typical sample sizes are 20 to 60 per arm

II.	 Qualitative assays near the LoD often show detection 
probabilities of 60% to 90%, not extreme values

III.	 The Wald method can undercover (i.e., the actual confidence 
interval is narrower than the nominal 95%), leading to type 
I errors7

Example: For n=21 and p=0.86, we have np(1-p) = 
21·(0.86)·(0.14) = 2.53, well below the rule-of-thumb minimum. 
The normal approximation becomes questionable.

Therefore, two methods to consider for LoD qualitative 
analysis are based on the Wilson score and Clopper-Pearson exact 
methodologies.  We focus on the Wilson score methodology and 
leave the Clopper-Pearson exact implementation to Appendix A, 
B.

The Wilson score interval47 and its extension to differences, 
the Newcombe hybrid score interval,3 address this limitation by:

1.	 Not assuming a specific distribution shape (binomial, not 
normal)

2.	 Using an exact principle (inverting hypothesis tests) rather 
than approximation

3.	 Maintaining proper coverage probability even for extreme 
proportions and small samples3

Mathematical formulation

Wilson score interval for a single proportion

For a single proportion p estimated from x successes in n 
trials, the Wilson Score interval is:

( )

2 2

2

2 4 1

2
p

xx z z z x
nL

n z

 
 
 

+ − + −
=

+

( )

2 2

2

2 4 1

2
p

xx z z z x
nU

n z

 
 
 

+ + + −
=

+

where Z is the critical value from the standard normal 
distribution. For a one-sided non-inferiority test at α=0.05, Z = 
1.645 (not 1.96, which would be used for a two-sided test).

Newcombe hybrid score interval for difference of proportions

Newcombe’s method3 combines the individual Wilson 
intervals using a Pythagorean distance approach. The lower 
confidence limit for the difference (πt - π r) is:

( ) ( ) ( )2 2LCL t r t t r rdifference p p L p U p= − − − + −

https://medcraveebooks.com/view/Appendix-A,B.pdf
https://medcraveebooks.com/view/Appendix-A,B.pdf
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where Lt is the lower Wilson bound for pt and Ur is the upper 
Wilson bound for pr.

Non-inferiority decision rule

Declare non-inferiority if:

LCLdifference δ> −

where δ is the pre-specified non-inferiority margin. This 
compares only the lower bound; there is no requirement for an 
upper bound.

Implementation: Step-by-Step

Step 1: Define the margin and significance level

Pre-specify the non-inferiority margin δ before the study. 
Common choices:

I.	 δ = 0.10 (10%): Standard choice for many diagnostics; 
permits test assay detection probability down to (reference 
- 0.10)

II.	 δ = 0.15 (15%): More generous; appropriate when other 
assay properties (cost, speed, stability) provide offsetting 
benefits

III.	 δ = 0.30 (30%): Used when LoD comparison is not 
the primary regulatory concern, or when only pattern 
equivalence is required, or when implementing the JET 
methodology

Also pre-specify the significance level, α, say α = 0.05 for a 
one-sided test (z = 1.645).

Step 2: Design the experiment

Follow the same three-level design as for equivalence testing:

I.	 0.5x level: ~40-60% expected detection but can be as high 
as 78% (Poisson)

II.	 1x level: ~95% expected detection (primary comparison 
point)

III.	 3x level: ≥95% expected detection

For the 1x level where non-inferiority is formally tested, 
sample size depends on the margin (α=0.05, 80% power, pt = pr) 
as shown in Table 2.

Table 2 Sample sizes required per arm for non-inferiority testing margins

Margin N per arm (α=0.05, 80% power, pt = pr)
±10% ~60
±15% ~40
±20% ~25
±30% ~12

Though not strictly required, for the 0.5x and 3x levels, n=20 
to 30 per arm typically suffices for pattern verification.

Step 3: Conduct the assays

Run replicates of both reference and test assays at the 1x 
concentration. Record detection/non-detection for each replicate.

Step 4: Calculate proportions
detections detections,  t r

t r
t r

p p
n n

= =

Step 5: Calculate Wilson intervals for each assay

Using the formulas above, calculate Lt, Ut for the test assay 
and Lr, Ur for the reference assay.

Step 6: Calculate LCL for the difference

Apply the Newcombe formula.

Step 7: Make a decision

I.	 If LCL > -δ: Declare non-inferiority of the test assay

II.	 If LCL ≤ -δ: Cannot declare non-inferiority; further 
investigation needed

Worked example: Qualitative PCR assay comparison

Study design: A clinical laboratory is introducing a new reagent 
buffer (test) for a qualitative PCR assay. The current buffer 
(reference) is well-established. The laboratory wants to verify that 
the new buffer is non-inferior in terms of analytical sensitivity.

Protocol specifications:

I.	 Non-inferiority margin: δ = 0.30 (i.e., new buffer’s detection 
probability can be 30 percentage points lower)

II.	 Significance level: α = 0.05 (one-sided)

III.	 Study design: Three-level (0.5x, 1x, 3x)

IV.	 Sample size at 1x: n = 21 per arm (based on pragmatic 
resource constraints)

Experimental results at 1x level:

I.	 Reference buffer: 18 detections out of 21 replicates (pr = 
0.857)

II.	 Test buffer: 16 detections out of 21 replicates (pt = 0.762)

III.	 Observed difference: pt - pr = -0.095 (9.5 percentage points 
lower)

Analysis:

Table 3 Step-by-step tabular results for non-inferiority testing 
of buffer example.

Calculation Formula/Result
z-critical (one-
sided)

NORMSINV(1-0.05) = 1.6449 << using Excel 
formula >>

z² (1.6449)² = 2.7055

Wilson Pr 
Lower

( )

336 2.706 1.645. 2.706 4.18.
21

2. 21 2.706

+ − +

+ =0.6913

Wilson Pr 
Upper

( )

336 2.706 1.645. 2.706 4.18.
21

2. 21 2.706

+ + +

+
= 

0.9414

Wilson Pt 
Lower

( )

536 2.706 1.645. 2.706 4.16.
21

2. 21 2.706

+ − +

+
= 

0.5850
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Wilson Pt 
Upper

( )

536 2.706 1.645. 2.706 4.16.
21

2. 21 2.706

+ + +

+
= 

0.8790

LCL_
difference ( ) ( )2 20.095  0.5850 0.762 0.9414 0.857− − − + − = 

-0.095 - 0.196 = -0.291
Decision Is -0.291 > -0.30? YES → Non-inferiority PASS

Interpretation

“The 95% lower confidence limit for the difference in detection 
probabilities (pt - pr) is -0.291. This represents the lowest plausible 
value for how much worse the test buffer could be. Since -0.291 > 
-0.30 (our pre-specified margin), we conclude that the test buffer 
is non-inferior to the reference buffer. In practical terms, the test 
buffer may be approximately 29 percentage points less sensitive 
in the worst-case scenario, but our equivalence margin of 30 
percentage points comfortably accommodates this.”

Comparison: Non-Inferiority vs. Equivalence (TOST)

Using the same data (18/21 vs 16/21), let’s compare with 
equivalence testing:

Equivalence analysis (TOST with ±0.20 margin):

I.	 Equivalence requires: Lower bound > -0.20 AND Upper 
bound < +0.20

II.	 Our LCL = -0.291 < -0.20 → FAIL (lower bound 
requirement not met)

III.	 Conclusion: Cannot declare equivalence with ±0.20 margin

Why the difference:

I.	 Equivalence requires BOTH bounds within symmetric 
limits: impossible when one proportion is notably lower

II.	 Non-inferiority only requires the lower bound to exceed the 
negative margin: a weaker requirement

III.	 For a new assay that is expected to be similar but 
potentially slightly less sensitive, non-inferiority is realistic; 
equivalence may be too stringent

Sample size comparison:

I.	 For equivalence with ±0.15 margin and these observed 
proportions: ~120 per arm needed

II.	 For non-inferiority with δ=0.30 and these proportions: ~20-
25 per arm sufficient

III.	 Five-fold reduction in study size!

Advantages and limitations

Advantages of newcombe hybrid score interval:

I.	 Small-sample robust: Maintains proper coverage (actual ≈ 
nominal 95%) for n as small as 20

II.	 Exact-based: Uses binomial principles rather than normal 
approximation, valid regardless of sample size

III.	 Handles extremes: Works well for proportions near 0 or 1, 
common at LoD boundaries

IV.	 Valid bounds: Confidence interval always lies within [0,1]

V.	 Conservative: Wider intervals when sample is small, 
appropriately protecting against false claims

VI.	 Peer-reviewed: Extensively validated in statistical 
literature3

VII.	 Efficiency: Smaller studies than equivalence when non-
inferiority is adequate

Limitations:

I.	 One-sided vs. two-sided: Non-inferiority claims are 
inherently asymmetric; regulators must explicitly accept 
this framework

II.	 Computational complexity: Requires iterative methods or 
software; cannot be hand-calculated easily

III.	 Less familiar: Clinical scientists may be unfamiliar with 
non-inferiority testing compared to simple equivalence

IV.	 Regulatory acceptance: Not all pathways permit non-
inferiority; must verify in advance with regulatory body.

Table 4 When to Choose Each Approach.

Decision 
Factor

Use Equivalence 
(TOST)

Use Non-Inferiority 
(Newcombe)

Regulatory 
requirement

Full equivalence 
demanded

Non-inferiority pathway 
available

Clinical 
context

True exchange of 
assays needed

New assay "at least as 
good" acceptable

Sample size
Resources allow 80-
200 per arm

Constrained to <60 per 
arm

Assay type Well-established 
comparison

New development vs. 
reference

Symmetry 
needed

Yes, symmetric 
bounds

No, only lower bound 
matters

Practical recommendation: Before study design, consult with the 
relevant regulatory body (and/or reference guidance documents). 
Determine whether non-inferiority pathway is acceptable for your 
specific modification. If so, choose non-inferiority for smaller, 
more efficient studies (i.e., Research handoffs to Development for 
optimization). If full equivalence is required, design accordingly 
with larger sample sizes.

Regulatory references

For LoD comparison studies, relevant regulatory guidance 
includes:

I.	 CLSI M49 [Clinical and Laboratory Standards Institute 
standards] - Describes LoD study designs, recommends 
three-level approach for qualitative assays

II.	 FDA Statistical Guidance [Reference specific FDA 
documents on non-inferiority] - Outlines when non-
inferiority is acceptable, typical margins for diagnostic 
studies

III.	 ICH E10 [International Council for Harmonisation] - 
Provides statistical framework for non-inferiority trials in 
clinical contexts; principles apply to analytical validation

Consult these documents along with your regulatory affairs 
team before finalizing the study protocol.
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Computational tools

Manual calculation of Newcombe intervals is tedious; 
statistical software is recommended using R, SAS, Python or 
Excel:

I.	 R: PropCIs package, wilson2ci() function

II.	 SAS: PROC FREQ with BINOMIAL statement, EXACT 
option

III.	 Python: statsmodels.stats.proportion module

IV.	 Excel: JET Calculator (available upon request) automates 
the calculations for qualitative LoD comparisons

The JET Calculator is particularly useful for laboratory 
scientists without statistical software access; all formulas are 
transparent and viewable.

Results via examples
Example 1: Quantitative assay comparison

Clinical context: A manufacturer has modified the polymerase 
enzyme in a quantitative HCV viral load assay and needs to 
demonstrate that analytical sensitivity is preserved.

Study design: Eight concentration levels (1, 2, 4, 8, 16, 32, 64, 
128 IU/mL) with 24 replicates per level for both reference and 
test formulations. Detection defined as Ct ≤ 40.

Analysis:

I.	 Reference LoD₉₅: 12.0 IU/mL (log₁₀ = 1.079, SE = 0.08)

II.	 Test LoD₉₅: 13.0 IU/mL (log₁₀ = 1.114, SE = 0.08)

III.	 Log difference: 0.035 (95% CI: −0.187, 0.256)

IV.	 Back-transformed ratio CI: (0.65, 1.80)

Interpretation: The 95% confidence interval for the LoD ratio 
extends from 0.65 to 1.80, indicating the test LoD could be 
anywhere from 35% lower to 80% higher than the reference. 
This interval extends well beyond the pre-specified equivalence 
bounds of [0.80, 1.25], therefore equivalence is not demonstrated. 
The point estimate (1.08) suggests minimal practical difference, 
but the study lacks statistical power to definitively demonstrate 
equivalence.

Recommendation: Increase sample size (e.g., 40 replicates 
per level) or reduce the number of concentration levels while 
maintaining replicates to gain precision in the LoD estimates.

Example 2: Qualitative assay comparison (Single target)

Clinical Context: A rapid antigen test manufacturer has changed 

the membrane material and needs to verify that analytical 
sensitivity for SARS-CoV-2 detection is maintained.

Study design: Three concentration levels with study 1x = 2.0 x 
10⁴ copies/mL:

I.	 0.5x level (1.0 x 10⁴ copies/mL): 20 replicates per arm

II.	 1x level (2.0 x 10⁴ copies/mL): 60 replicates per arm

III.	 3x level (6.0 x 10⁴ copies/mL): 20 replicates per arm

Results at 1x level:

I.	 Reference: 57/60 detected (95.0%)

II.	 Test: 58/60 detected (96.7%)

III.	 Difference: +1.7%

IV.	 Standard error: 3.9%

V.	 95% CI: (−6.0%, +9.4%)

Equivalence assessment (pedagogical examples here margins 
are determined a priori):

I.	 With ±10% margin: CI (−6.0%, +9.4%) is fully contained 
within [−10%, +10%] → Equivalent

II.	 With ±5% margin: CI upper bound (+9.4%) exceeds +5% 
→ Not equivalent

Pattern verification:

I.	 0.5x level: Reference 11/20 (55%), Test 10/20 (50%) → 
appropriate pattern

II.	 3x level: Reference 20/20 (100%), Test 20/20 (100%) → 
appropriate pattern

Interpretation: The test formulation demonstrates equivalence 
to the reference at the clinically meaningful ±10% margin. The 
detection patterns at 0.5x and 3x are appropriate, suggesting 
comparable analytical sensitivity curves. If a stricter ±5% margin 
would have been required, additional testing would have been 
needed to achieve adequate statistical power.

Example 3: Multi-target qualitative assay

Clinical context: A multiplex STI panel has undergone buffer 
reformulation and requires validation across five bacterial targets.

Study design: For each of CT (Chlamydia trachomatis), NG 
(Neisseria gonorrhoeae), TV (Trichomonas vaginalis), MG 
(Mycoplasma genitalium), and HPV (high-risk types), conduct 
three-level design with 60 replicates at 1x, 20 replicates at 0.5x 
and 3x.  Note that this table is slightly different from the one 
presented in an earlier section.

Results summary (1x level only):
Table 5 Results summary for 1x level for Example 3.

Target Reference Test Difference 95% CI for % 
Difference

Equivalence Assessment 95% CI within (-10%, 
+10%)?

CT 57/60 (95.0%) 58/60 (96.7%) 1.70% (−6.0, +9.4%) Yes
NG 56/60 (93.3%) 56/60 (93.3%) 0.00% (−9.5, +9.5%) Yes
TV 58/60 (96.7%) 59/60 (98.3%) 1.70% (−5.2, +8.5%) Yes
MG 55/60 (91.7%) 57/60 (95.0%) 3.30% (−7.1, +13.8%) No
HPV 59/60 (98.3%) 58/60 (96.7%) −1.7% (−8.5, +5.2%) Yes
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Overall assessment: In this multiplex scenario, four of the five 
targets individually demonstrate equivalence at the ±10% margin. 
Detection patterns at 0.5x and 3x (not shown) were appropriate 
for all targets. The reformulated buffer preserves analytical 
sensitivity across four of the five targets tested.

Statistical note: No multiplicity adjustments were applied. Each 
target was evaluated independently against the pre-specified 
±10% criterion. The consistent positive results across targets 
strengthen confidence that the formulation change has not 
completely adversely affected analytical sensitivity but must be 
checked for the MG target (in this example).

Discussion
The appropriate framework depends on assay type

This work demonstrates that the correct comparison 
framework depends fundamentally on whether the assay produces 
quantitative or qualitative data. This is not merely a technical 
distinction but reflects different measurement philosophies and 
analytical capabilities.

Quantitative assays yield rich information about detection 
probability as a continuous function of concentration. This allows 
estimation of a specific LoD value with confidence intervals, and 
comparisons focus on whether two numeric LoDs are equivalent. 
The advantage is precision; the disadvantage is that quantitative 
assays require sophisticated instrumentation and careful 
calibration.

Qualitative assays sacrifice granular information for 
simplicity and speed, producing only binary outcomes. This 
limits what can be inferred so that we cannot estimate a specific 
LoD, only test whether detection probabilities are equivalent at 
predefined concentrations. The advantage is practical simplicity; 
the disadvantage is reduced statistical information per test 
performed.

Why overlapping confidence intervals are 
insufficient

Perhaps the most persistent misunderstanding in LoD 
comparison is the belief that overlapping confidence intervals for 
two LoDs constitute evidence of equivalence. This error appears 
repeatedly in regulatory submissions, journal manuscripts, and 
laboratory validation reports. It must be emphatically corrected.

The problem is that confidence intervals quantify uncertainty 
about individual parameters, not about their difference. Consider 
two LoDs:

I.	 Reference: 10 IU/mL (95% CI: 7-15 IU/mL)

II.	 Test: 14 IU/mL (95% CI: 9-21 IU/mL)

These intervals overlap substantially, yet the test LoD might be 
40% higher than the reference, a clinically significant degradation. 
Conversely, confidence intervals for individual LoDs can fail to 
overlap even when the difference between them is not statistically 
significant or clinically meaningful, because the standard error of 
the difference is smaller than the sum of individual standard errors 
when measurements are positively correlated.

The correct approach is to construct a confidence interval for 
the difference (or ratio) and assess whether this interval lies within 

equivalence bounds. This directly quantifies uncertainty about the 
comparison of interest.

Sample size and statistical power for qualitative 
assays

For qualitative assays at the 1x level, the required sample size 
is directly tied to the statistical objective and the pre-specified 
margin:

JET (Just enough testing) / Non-inferiority designs: These 
designs are statistically efficient and appropriate for internal 
R&D handoffs, where the goal is to demonstrate an assay is “good 
enough” for optimization. Power is typically set to 80% for a one-
sided non-inferiority margin at a 5% significance level (α=0.05): 

I.	 ~12 to 25 replicates per arm for wider margins (e.g., ±20% 
to ±30%)

II.	 ~40 replicates per arm for a moderate margin (e.g., ±15%)

Formal equivalence designs (validation/regulatory): These 
designs are used for formal validation or regulatory submissions 
to demonstrate two-sided equivalence. 

I.	 ~60 replicates per arm provides ~80% power for a standard 
±10% equivalence margin.

High-precision equivalence designs: These are required for 
critical assays where sensitivity is paramount. 

II.	 ~100 to 200 replicates per arm are needed for highly 
stringent ±5% to ±7.5% equivalence margins.

Sample size and statistical power for quantitative 
assays

For quantitative assays, power depends on the precision 
of LoD estimates, which in turn depends on the number of 
concentration levels, replicates per level, and the steepness of the 
detection curve. Generally:

III.	 6-8 concentration levels with 20-24 replicates per level 
provide good precision

IV.	 Steep curves (large β₁ parameter) yield more precise LoDs

V.	 Shallow curves require larger sample sizes to achieve 
equivalent precision

Pilot studies are valuable for estimating the detection curve 
slope, allowing sample size refinement for the pivotal comparison 
study.

Regulatory considerations

Regulatory agencies increasingly scrutinize LoD comparisons 
when evaluating assay modifications. Key expectations include:

I.	 Pre-specification: Equivalence margins, statistical methods, 
and decision criteria must be defined before data collection

II.	 Justification: Equivalence margins should be justified 
based on clinical risk, not chosen for statistical convenience

III.	 Completeness: Both point estimates and confidence 
intervals must be reported; pattern checks at multiple 
concentration levels strengthen conclusions
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IV.	 Transparency: Negative results or concerning trends 
should be disclosed and addressed, not obscured by selective 
reporting

For multi-target assays, regulators typically expect target-
by-target demonstration of equivalence, though exceptions may 
be granted when scientifically justified (e.g., when targets share 
common detection chemistry and formulation change is remote 
from target-specific components).

When equivalence is not demonstrated

What should be done when a LoD comparison study fails to 
demonstrate equivalence? Several possibilities exist:

I.	 Insufficient power: The study may have been underpowered. 
If the point estimate suggests equivalence but confidence 
intervals are too wide, repeating with larger sample size is 
appropriate.

II.	 True degradation: The formulation change may genuinely 
affect sensitivity. Root cause investigation is warranted, 
potentially involving comparison of detection curves, cross-
reactivity testing, or interferent studies.

III.	 Inappropriate margin: If the equivalence margin was 
overly stringent relative to clinical need, it may be appropriate 
(with proper justification and regulatory consultation) to 
redefine the margin. This should be exceptional, not routine.

IV.	 Acceptance with conditions: Minor failure to demonstrate 
equivalence might be acceptable if compensated by other 
factors (improved specificity, enhanced stability, and cost 
reduction). This requires thorough clinical risk-benefit 
analysis and regulatory dialogue.

Practical recommendations for implementation

Based on extensive experience with LoD comparison studies, 
we offer the following practical guidance:

Study planning:

I.	 Conduct pilot studies to inform dilution level selection and 
sample size

II.	 Pre-specify all analysis methods and equivalence criteria in 
a detailed protocol

III.	 Ensure adequate sample volume to allow repeat testing if 
needed

IV.	 Plan for independent replication on separate days to assess 
reproducibility

Execution:

I.	 Randomize run order to eliminate temporal biases

II.	 Include frequent quality controls to verify assay performance 
stability

III.	 Document any deviations from protocol in real time

IV.	 Maintain strict blinding of operators to reference vs. test 
conditions

Analysis:

I.	 Report both point estimates and confidence intervals

II.	 Present data graphically (detection curves for quantitative 
assays, bar charts with error bars for qualitative assays)

III.	 Conduct sensitivity analyses (e.g., excluding outliers, 
alternative CI methods)

IV.	 Document all analysis code for reproducibility

Interpretation:

I.	 Consider biological plausibility alongside statistical results

II.	 Assess consistency across concentration levels and 
replicates

III.	 Evaluate practical significance, not just statistical 
significance

IV.	 Engage with clinical stakeholders to contextualize findings

Future directions

The field of LoD comparison methodology continues to 
evolve. Areas of active development include:

I.	 Bayesian approaches: Bayesian inference provides a 
coherent framework for incorporating prior information 
(e.g., from earlier formulations) and directly estimating the 
probability that formulations are equivalent within specified 
bounds. This may be particularly valuable for multi-target 
assays where hierarchical models can borrow strength 
across targets.

II.	 Adaptive designs: Sequential and adaptive designs that 
allow early stopping (for equivalence or futility) could 
improve efficiency, particularly for expensive or sample-
limited studies.

III.	 Machine learning methods: As assays become more 
complex (e.g., next-generation sequencing panels with 
hundreds of targets), machine learning approaches for 
pattern recognition and anomaly detection may complement 
traditional statistical methods.

IV.	 Harmonization efforts: International efforts to harmonize 
LoD comparison standards across regulatory jurisdictions 
would reduce redundancy and facilitate global market 
access for diagnostic innovations.68,69

Conclusion
Comparing limits of detection between reference and test 

conditions requires distinct statistical frameworks depending 
on assay type and study design. For quantitative assays, direct 
comparison of numeric LoD estimates using confidence intervals 
for ratios or differences provides the appropriate evidence base. 
For qualitative assays, equivalence testing of detection proportions 
at pre-specified concentration levels, implemented through 
either the TOST procedure, offers a rigorous and interpretable 
approach or through using the JET procedure for R&D handoffs 
when adequate testing is warranted. Critical principles apply 
regardless of assay type: equivalence margins must be clinically 
justified and pre-specified; adequate sample sizes are non-
negotiable for meaningful conclusions; overlapping confidence 
intervals are insufficient evidence of equivalence; and complete, 
transparent reporting builds regulatory confidence and scientific 
credibility. For multi-target assays, a target-by-target analysis 
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with independent equivalence assessments provides the most 
defensible approach, though pooled analyses may be appropriate 
when properly justified. The choice should be made prospectively 
based on the biological and analytical characteristics of the 
assay system and the nature of the formulation change. Correct 
application of these methods ensures regulatory compliance, 
scientific rigor, and ultimately, confidence that changes to 
diagnostic assays preserve the analytical sensitivity upon 
which patients and clinicians depend. As molecular diagnostics 
continue to advance in complexity and clinical importance, 
rigorous analytical validation, including properly executed LoD 
comparisons, remains the foundation of quality assurance.
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