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Abstract

Precision and accuracy are the two primary measures of the performance of a quantitative analytical test method or
assay. Imprecision in concentration is rarely constant, and the precision profile, first described by Roger Ekins, isa
convenient way to describe the precision of an assay throughout its working range. Other useful metrics, such asthe
upper and lower limits of quantification, are derived from the precision profile. While precision profiles have been
used to characterize assay methods in routine use in clinical [aboratories, they have rarely been applied in other
settings, or during assay development. This is because published methods for calculating precision profiles generaly
require substantial amounts of data, or give unreliable estimates at the extremes of the assay range.

Developing a successful assay generaly involves varying assay conditions (reagent concentrations, reaction times,
measurement conditions, etc.); searching for the sets of conditions where the precision is adequate (optimal) over a
suitable calibration range; and verifying that accuracy is maintained, even for "problematic’ samples. Applying
response-surface DOE techniques to assay devel opment has been hampered by the difficulty in obtaining sufficient
datafor reliable estimates of precision, particularly since precision is a complex function of the concentration of the
analytein the sample. Some experimenters have tried optimizing on surrogate measures of performance, such asthe
separation in response between calibrators, with limited success. The precision profile would be the ideal tool for
using DOE in optimizing assay conditions, provided that a useful profile could be obtained with reasonably small
data sets.

A new approach is presented here, which efficiently utilizes data from calibrators, controls, (and unknowns, if
present) to characterize atest method suitably for optimization. The precision profileis calculated, based on the
pooled imprecision of the response replicates, and the dope of the dose-response curve throughout the calibration
range. This calculation provides the relative standard deviation or %CV as a function of analyte concentration.
Also provided are the upper and lower limits of quantification, based on the user-selected threshold for minimum
acceptable precision. Accuracy can be directly estimated by including control samples with known target
concentrations in the run. These direct measures of precision, accuracy, and range of quantification can be used for
rapid assay characterization and optimization.

The power of the technique comes from pooling the variance in response units from all replicate groups in the run.
Thisis based on the observation that, in many assay systems, the assumption of uniform variance in response units
isvalid. The software includes tests for the validity of the uniform variance assumption, and makes response
transformation available should the assumption fail. Finaly, the software provides confidence interval calculations
for al reported values, thereby reducing the tendency for over-interpretation of the data.

Introduction

Before addressing the accuracy of an analytical method, it isfirst necessary to achieve adequate precision and
understand its impact on estimates of bias. Keller and Passing describe the growing redlization in the 1960s and
1970s that assay imprecision israrely constant, but usually varies with the analyte concentration. This relationship
between imprecision and analyte concentration is typically represented graphically as a precision profile, introduced



by Roger Ekins over twenty years ago.. The precision profile plots analyte relative standard deviation or %CV
against analyte concentration. Most commonly, it is generated in atwo step process: estimating the relationship
between response variation and response level (the Response Error Relationship or RER); and subsequently dividing
the estimated standard deviation in response units by the slope of the dose response curve.

Sadler, et al observed problems with the RER/slope approach, particularly with the four-parameter logistic function
typically used for calibration curves. They modified the approach by proposing a three-parameter equation to model
the imprecision relationship directly in concentration units, and therefore obtain a continuous numerical estimate of
imprecision throughout the calibration range. Subsequently, Sadler described the issues with estimating precision
profiles from limited data sets, and discussed the importance of reporting precision profiles with confidence
intervals.

The problem with previously described methods for estimating precision profilesis their data intensiveness. Thisis
in part due to nature of the sampling uncertainty for estimating a standard deviation: the 95% confidence interval
width for a standard deviation with 10 degrees of freedom is larger than the observed standard deviation itself.
Fitting the response-error relationship, or directly estimating the precision profile according to the method of Sadler,
requires large numbers of replicates at points throughout the calibration range. Sadler describes precision profiles
based on 95 to 13,381 degrees of freedom, and still reports difficulty in getting stable estimates of the precision
profile at higher concentrations. Given these limitations, precision profiles have been used primarily to characterize
completed assays in routine use, rather than characterizing assays during method development.

At Syva Company, | saw many experts successfully optimize and develop immunoassays for precision and dynamic
range by visually reviewing dose-response curvesin duplicate or triplicate. They were intuitively evaluating the
precision of the replicates and the dope of the dose-response curve at the low and high concentration ranges and
making decisions about how to adjust reagent concentrations to improve precision over the calibration range of the
assay. | began looking for ways to make this approach more systematic, and to apply response-surface DOE
(design of experiments) techniques to general immunoassay devel opment.

In one of the outstanding summary texts for experimental design, Box et a describe concepts and tools well
established among DOE practitioners that can be brought to bear on this problem. Thefirst concept isthat itis
frequently helpful to pool estimates of standard deviation in response units across multiple replicate groups. The
second is to test the validity of the pooling by using atest for uniformity of variance, such as Bartlett's test. The
third is to use variance stabilizing Box-Cox transformations if variance is not uniform. Finally, they emphasize the
importance of understanding and reporting 95% confidence limits for estimated parameters. This paper describes the
application of these concepts to the challenge of characterizing assay precision and accuracy suitably for assay
optimization, using relatively small data sets.

Conceptual Approach

In many automated immunoassay systems, such asthe EMIT® products, the range of response units spans less than
an order of magnitude (frequently less than a factor of two) over the calibration range of the assay, and it was
reasonabl e to assume uniform variance over such asmall range. When tested, the assumption of uniform variance
was usualy found to be valid. Thisalowsfor arobust, single estimate of the pooled standard deviation in response
units to be generated from all the replicated calibrators, controls, and unknown samples, if present. This pooled
standard deviation, which has degrees of freedom equal to the total number of points minus the number of separate
samples, efficiently utilizes all the precision information in the run.

A dose-response curve isfitted to the calibrators, using a modified 4- or 5-parameter logistic curve. The equation
has the flexibility to accommodate dose-response curves ranging from straight lines through asymmetric sigmoids.
The pooled standard deviation in response units is converted to standard deviation in concentration units at each
concentration x by dividing by the slope of the dose-response curve at x. Dividing the result by x givesthe relative
standard deviation (%CV) at concentration x. Limits of quantification are determined as the concentration range
where precision is better than a user-defined threshold (e.g., 20%CV).



The uncertainty in the precision profile is driven primarily by the uncertainty in the estimate of the pooled standard
deviation in response units, particularly with small data sets. We estimate the 95% confidence interval for the
pooled standard deviation in response units, and calculate the precision profiles at these upper and lower limits.
These confidence limit precision profiles aso provide upper and lower limits for the limits of quantification.

Confidence intervals for estimated concentrations can be made using the confidence interval range for the mean in
response units for a given sample, using the t-distribution and the pooled standard deviation in response units. These
limit values are converted to concentrations from the dose-response curve. Taking advantage of the larger number of
degrees of freedom for the pooled standard deviation reduces the size of the t constant, and thereby provides
narrower estimates than could be provided from the single replicate group. Thisimproves the resolution of the
analysis for detecting biasin control samples.

In some assay systems, the assumption of uniform variance in response unitsis not justified. These cases can be
identified using Bartlett's test for uniformity of variance, or by examining a Box-Cox plot of log(standard deviation)
vs. log(mean response). The dope of such a plot gives an indication of which response transformation will be
effective at achieving uniform variance (see Numerical Methods Appendix for details). There are two advantagesin
using a response transformation that achieves uniform variance. Firgt, the fitting of the dose-response curveis
improved, because the residuals become independent of response level and concentration. The second is that it
allows us to use a single pooled s with more degrees of freedom, thereby reducing the width of the confidence
intervals.

A software program has been devel oped utilizing these techniques, which calcul ates dose response curves and reports
the precision profile, analytical sengitivity, upper and lower limits of quantification, and quantified concentrations

for calibrators, controls, and unknowns. Additionally, 95% confidence intervals are reported and displayed
graphically for each of these values.

Results

Exanpl e 1: | nnmunoassay Precision Data

Data from an enzyme immunoassay were used to compare the estimated precision profiles using the ProQuant
methodology with the within-run variance component analysis collected in the typical manner.

Over afive-day period, five calibration curves were run in duplicate, along with 4 control samplesin 5 replicates
each per run, one run per day. Control sample concentrations were quantified from the first day's calibration curve.
The within-run component of variance for the quantified samples was calculated using ANOVA, and the results
shown in Table 1.

Table 1: Within-Run Precision Component of Variance Estimated From Quantified Control Samples, with 95%
confidence intervals (df = 20 throughourt).

Control Mean Within-Fun Within-Fun Lower limit Upper Limit
Variance CY
& 4.63 0.2084 0. 84% T.53% 14.21%
B 0.7 0.3624 6. 458% 4 96% 0.36%
C 1605 0.3219 3.E3% 2.94% 5.56%
D 2424 1.3340 4.77% 3.65% 6.88%

The within-run precision profile was calculated using ProQuant and only the calibration curve data for each day. The
results are summarized in Table 2.

Table 2: Within-Run Precision Component of Variance Estimated From Duplicate Cdibration Curve Using
ProQuant (df = 6 throughout).



Concentration Day peia Lower Limit Upper Limit
4.63 1 8.33% 5.38% 18 37%
4.63 2 13.27% 2.55% 29 21%
4.63 3 6.17% 3.97% 13.57%
4.63 4 10.15% 6. 54% 2233%
4.63 5 T.07% 4 56% 15.57%
0.7 1 5.40% 3.54% 12.09%
0.7 2 2.41% 5.42% 18 52%
0.7 3 3.63% 2.34% 2.00%
0.7 4 6.30% 4 06% 13 87%
0.27 5 4.32% 2.78% D.50%
1605 1 4.74% 3.06% 10.43%
1605 2 T.11% 4 58% 15 64%
1605 3 3.08% 1.99%, 6.78%
1605 4 5.13% 3.30% 11 28%
1605 5 3.55% 2.20% TE2%
2424 1 4.91% 317% 10.21%
2424 2 T.35% 4.74% 16.17%
2424 3 3.43% 2.21% T 56%
2424 4 5.00% 3.28% 11.19%
2424 5 3.66% 2.36% 2.06%

The 95% confidence interval range for the precision estimated from the duplicate standard curve data includes the
observed value for the within-run precision component calculated from the quantified samples (Table 1) in all but one
case (day 2 at concentration 16.05).

The ProQuant methodology provides estimates of the within-run imprecision over the entire range of the dose
response curve. Thisis represented graphicaly in Figure 1 for day 1 of the immunoassay data.
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Figure 1 The blue curve represents the precision profile, and the green curves surrounding it represent the 95%
confidence limits for the precision profile. The data points represent the observed mean and %CV of the quantified
values for each replicated calibrator, with error bars showing the 95% confidence interval in the calculated %CV (the
error bars are so wide, because each standard deviation is based on n=2, so has only 1 degree of freedom).

Exanple 2: Sinmulated Linear Data with Response Transformation
To further challenge the approach, data were simulated with alinear calibration relationship (y = 20x+10) with

non-uniform response variance coming from two sources. a constant variance source with a standard deviation of 3,
and a constant CV source with CV=5%. The response standard deviation s at any responsey is therefore given by



o, =3 +(0.05)°

Random data were generated for a calibration curve at concentrations 0, 2, 4, 6, 8, and 10, to give 10 replicates at
each concentration with mean response and standard deviation of response from the two equations above.

When the data are analyzed using ProQuant, the results indicate non-uniformity of variance (Bartlett's p-value
0.005). The slope of the Box-Cox plot is 0.38, suggesting a square root (y"0.5) transformation. After
transformation, the data passed the uniformity of variance test (Bartlett's p-value 0.232). The resulting precision
profileis shown in figure 2.
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Figure 2. Precision profile for simulated linear data. Details of simulation are in text. The red line represents the true
precision profile. The blue line represents the precision profile estimated using the ProQuantdamethodology from the
calibration curve replicates after square root transformation. The green lines represent the upper and lower 95%
confidence limits for the estimated precision profile.

The results for the other key metrics are shown in Table 3:

Metric True Value Estimated Value Lower Limit Upper Limit
Sensitivity f LOD | 0.45 0.44 0.37 0.55
LLOO 0.82 0.84 0.69 1.08

Di scussi on

This new tool provides estimation of the primary measures of quantitative assay performance: precision, accuracy,
and upper and lower limits of quantification, using as little data as 5 calibrators in duplicate. 1t also provides 95%
confidence limits for all measures, which allows understanding the limitations of the estimates for small data sets,

and demonstrates the narrower confidence intervals with additional data

Thistool, which efficiently generates quantitative measures of assay performance, isideal for use with DOE in
assay optimization. We recommend optimizing to simultaneoudy achieve smallest %CV at both the lowest positive
and the highest calibrator, with verification that accuracy for controlsis not systematically affected.

Although this paper has focused on within run imprecision, total imprecision can be estimated by running (or
analyzing) singleton calibration data across multiple days. Alternatively, variance components in response units can



be used, in combination with the dope of the dose-response curve, to generate variance components in concentration
units at any point within the calibration range.

The response transformation feature allows almost any data sets to be used effectively. The required transformation
provides information regarding the response-error relationship. Fitting of a dose-response curve after transformation
should also improve calibration performance. The software tests for uniformity of variance, allowing the user to
verify that the transformation has been successful in achieving uniform variance. If no transformation achieves
uniform variance, the Box-Cox plot can be evaluated to determine if extreme outliers are present in one or more of
the replicate groups.

This approach is limited to monotonic dose-response curves (e.g., no high-dose hook effect).

These techniques are available in a software package, which may be downloaded for afreetrial period at
http://lwww.givx.com/ProQuant

Appendi x:  Nunerical Methods

The source data are response measurements for calibrators and (optionally) controls or unknowns. To estimate a
4-parameter dose-response curve, we recommend at least 5 calibrator levels. Up to 20 different calibrators or
controls can be included, each replicated up to 60 times.

A pooled estimate of the variance in response units is calculated from all replicate groups, according to the standard
formula

(= Dai + (a2y — Dz + .+ (n, — Dsf
Sp::aie'cz‘ =
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Where there are N total data points among k groups, with n; replicates in the ith group. Variance uniformity among
the groups is evaluated using Bartlett's test.

A dose-response curve is generated by non-linear regression to the calibrator data. We have selected a calibration
curve eguation that adapts well to both immunoassay data and linear data types:
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wherey is response at concentration x, and Co, Cy, C;, Cg, and C, are curve fit parameters. We typicaly assign
parameter C, the value of 0.5 and fit the remaining 4 parameters. When C,= 0, thisis equivalent to a 4-parameter
logistic dose response curve.

The dope of the dose response curve at any concentration x can be calculated by differentiation:
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The standard deviation in concentration units at any concentration x is estimated by dividing Syooled Dy the slope of
the dose response curve at that concentration. Dividing the result by concentration x gives the imprecision of the
method, as %CV or relative standard deviation in concentration units. Confidence intervals can be calculated for the
estimated imprecision based on the uncertainty in the estimate of Syoied ased on N-k degrees of freedom. In
relatively small data sets, the contribution from uncertainty in the slope of the dose response curve was found to be
negligible.

Accuracy is estimated by comparing the known concentration for calibrators and target concentration for controls



with those estimated from the calibration curve based on the mean response ( Y), using the equation:

x= CEEI:ME—1+C.:"EJ'—G Nac -0y

Upper and lower confidence intervals for the estimated concentration are calculated for each replicate group by first
calculating the upper and lower confidence intervals for the mean response for the group according to the expression

785 yal 7

where n isthe number of replicates in the group, and the value of t is based on the desired confidence level and the
number of degrees of freedom in the estimate of Syoed (FN-K). These boundary values for the response are
subsequently converted into concentration units.

Centra to this approach isthat a single pooled estimate of sisvalid. Thisistested using Bartlett's test for
uniformity of variance’. If the variance is found to be non-uniform we use the response-transformation approach
taught by DOE practitioners. We examine the dope of a plot of log(s) vs. log(ybar); we calculate the Box-Cox
parameter lambda as 1-slope. The Box-Cox transformation applied is

»y'= }"A for A not equal to zero;
r=lagly for 1 equal zera.

If response transformation is indicated, a new dose-response curve is calculated, relating the transformed responses
to the concentration, and precision estimates are cal culated using the pooled s in transformed response units.

Lower limit of detection is calculated as the concentration corresponding to the predicted response at zero dose plus 3
times spooled.

Upper and lower limits of quantification are calculated as the concentrations where the precision profile crosses the
user-specified precision threshold, typically 20% CV.
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