Comparison of Methods Used to Measure Parallelism

BRENDAN
TECHNOLOGIES

Powerful Analysis. True Results.

John R. Dunn I, Ph.D. Chief Technical Officer, Brendan Technologies Inc., Carlsbad, CA, email: jdunn@brendan.com

Parallelism Analysis Results Comparison

Parallelism Test Outcome

. o Assay Sample Material Tested Expected 5PL. Lin Regr, 4PL,
1 ! O O/ D E Ij C D Ij D O : E I,.] Result x2 Test F Test Equiv. Test
O y r O Cy O I I ro SO O rI I I I I I p u rI y egra e Ccep e aCCI l Ie a C Uk-1 Reference standard
ABD-12
Receptor-ligand binding Uk-2 Reference standard
e
r ( P h o . ( P h o . h . . ( P h . . (5 P L C h ° S . DTN assay Uk-3 Reference standard
Introduction 5PL, Chi-Square Relative Potency: 1.599 5PL, Chi-Square Relative Potency: 1.041 " 5PL, Chi-Square Relative Potency: 1.356 5PL, Chi-Square Relative Potency: 1.612 , Chi-Square Relative Potency: 60.8
ABD-21
Receptor-ligand binding Uk-2 Structural isoform impurity
inhibition assay . _ _
There are three methods currently in use to measure the similarity of the dose response curves of two k3 Structural isoform impunity
ofe . . 14000 3
samples. Two of these methods utilize the extra sum of squares test to compute the difference in the 00 o ABD.TS Ukl | Reference standard
residuals between the constrained regression (same shape for both samples) and their unconstrained o000 12000 - 12000 4 1600000 . ’ Rﬁt_:;gtor-ligand binding Uk-2 Structural isoform impurity
. . N . INNIDITION assay ] ] ]
regressions. One method uses an accurately weighted full curve regression and chi-square test, and o o0 oo y Uk-3 Structural isoform impurity
the other uses a parallel line regression and F test. The third method uses an equivalence approach 8000 ,s Unconstrained Residuals . - Residual o 2] Unconstrained Residuals Uk-1 Reference standard
o . . o o o . . J 120 1
that compares the confidence limits of the regression parameters. Data from samples with identical 20 1 000 1 ,. Unconstrained Residuals 8000 25 ;onconstrained Residuals 12 ] ’éBl‘f'“S?f . Uk-2 UV degraded
. . . 6000 ] ] . 1.0 1 ell proliferation assay
material to the reference standards and samples that have been stressed or have impurities are L5 00 | 201 5000 1 j: 1000000 .. Unconstrained Residuals + 08 Uk-3 UV degraded
. . 1.0 1 1.5 1 2] ) 0.6 4
examined using all three methods. 4000 05 1 10 4 ] 10 4 800000 1 o 11 04 4 ) Uk-1 Reference standard
- 4000 1 4000 3.0 0.2 ABB-181
o % Uesh  Ukdg  Ukr  Ukse  Uksd | U Uk Uk > ] _ oo == —om B = 000 ] - 00 — ] = Cell proliferation assay Uk-5 UV degraded
_ E — = ) 0.0 = 10 Uk-3f Uk-3 Uk-3d Uk-3 Uk-3b Uk-3
2000 Std1 Std2 Std3  Std4 Stds Std6 Std7 Stds 2000 1 @ . Ukih  Uklg  UKIf Ukle  Ukid  Ukic  Ukib  Ukia 2000 0 Uk2h  Uk2g  Uk2f  Uk2e  Uk2d  Uk2c  Uk2b  Uk-2a o0 ] 00 = - S E—— St 52 Std3 stds Stds s Uk-1 Reference standard
- Std1 Std2 Std3 Std4 Stds Std6 Std7 Stds o Std1 Std2 Std3 Std4 std5 Stdé Std7 Std8 4 1000 Uk-55 Uks5i  Uk-5h  Uk-5g Uk-5f UkS5e Uk-5d Uk-5c  Uk-5b  Uk-5a RN3-10
o 0 '1/ 0 '1/ 100000 ] - 100 Stdl  Std2  Std3  Std4  Std5  Std6  Std7  Std8  Std9  Std10 Vaccine antigen assay Uk-3 Rejected vaccine batch
12000 T 140001 ) RN3-16 Uk-1 Reference standard

Rejected vaccine batch

Reference standard

Accepted vaccine batch

Accepted vaccine batch

OCORrFPNNMNWWAERO
ocouuouiouIocuUIouUIo

Parallelism of Residuals (Extra Sum of Squares) TS0 sw sE se se sw sw s
2000

Std1 Std2 Std3 Std4 Std5 Stdé Std7 Std8 Std1  Std2  Std3  Std4  Std5  Std6  Std7  Std8  Std9  Std10 std1 Std2 Std3 Std4 Stds Std6
000

00 - Std1 Std2 Std3 Std4 Std5 Stdé Std7 Stds8 2000 - - Std1 Std2 Std3 Std4 Std5 Std6 Std7 Stds 600

0 40 (Constrained -Unconstrained) Residuals

(Constrained -Unconstrained) Residuals

(Constrained -Unconstrained) Residuals

10
05 1
/ /
0 0.1 (
0.01
14000 0 1 31
. 000 1 o Vaccine antigen assay
] ] 12 . . Uk-3
100007 3 ; ; 12000 . . o 7T 4 | 14l _ , 251 Constrained Residuals
,s .Constrained Residuals , Constrained Residuals o001 , .Constrained Residuals - ,constrained Residuals 2] Uk-1
1 ] 10000 1 ' 000 : 04
8000 2.0 2.0 | 2.0 1 100 j = = 2 3’2 | RN3-18 Uk-2
15 4 001 15 8000 e 00000 | E o | Vaccine antigen assay
6000 1.0 1 1.0 5000 1 10 1 200 : = 18] 0.4 1 Uk-3
( 0 1 5% ] 05 05 | o 51 ] 8(2) —_—_————J
40 0.0 - 0.0 ] 000 : ] ’
4000 0.0 4 800
1 10
10 0.5 1 1
0.1
o
o1

0 o (Constrained -Unconstrained) Residuals 40

1 . 1 1

0.
3.0 1
2.0 1

., (Constrained -Unconstrained) Residuals

: Unconstrained esponse Constrained o o , : . s .
cesponce , I 5 I_ Why is Weighting Significant?
14000 . 2 M M _ 0.0 - —— B e e 2 1 1 — 0.0 1 2 . ° _ 0.0 - 201 2 1 1 — 0.0 | — == ]
o000k )6 Statistic = ] X Statistic 10 )6 Statistic = 2 Statistic = 101 X Statistic = ] © Weighting the responses with the inverse of their variance is required for all regression fits to produce the
12000 L0 10 1 X tatistic = 00 1 Lo - : 01 : :
L0000 20 W Uae  Uer Uae  Ucs oo oo Uen a0 o 20 Maximum Likelihood Estimate of the underlying curve.
WO oW W W W W WowEow W ow oW oW W wowowW W oW W
8000 8000f Stdl  Std2  Std3  Std4  Std5  Std6  Std7  Std8  Std9  Std10 2 Allows each point to contribute equally to the fitted curve and prevents the curve being fitted predominantly
5000 6000} to the high response data points. Bioassay and immunoassay data are very heteroscedastic, usually 2-4 orders
_ 2 Statistic: 5.296 Parallelism Score: 0.258 ﬁ--- 2 Statistic: 5.206 Parallelism Score: 0.267 ﬁ-- 2 Statistic: 46.9 i . 0 || o . 2 PP . . of magnitude, and the variance profiles vary substantially between test methods.
4000 4000 X 1 0.1 001 0001  0.0001 X L 0.1 0.01 0001  0.0001 x { - Para”ellsm SCOre.<0.0001 1 0.1 001 0001  0.0001 Xz Stat|5t|C: 778 Para”ehsm Score: <0.0001 . X’ StatISt|C° 0905 Para”ellsm Score° 0924 Hj-aﬂom 0.0001
o Determining the Variance Model
100 1000 10000 100000. pose 100 1000 10000 100000. i

The underlying variance profile of the responses for a test method can be determined with pooled assays.
The pooled assays will also incorporate the variation in precision observed between assays. The number of
assays needed for a reliable estimate of the variance profile is dependent upon the precision of the responses.

Fit the two curves to the same set of parameters
(with an additional parameter r for the unknown
relative potency) and add the RSSEs.

Fit the two curves to separate sets
of parameters, and add their RSSEs.

-Dilution Replicates. The replicate variance of each dilution is obtained from pooled assays using the
within-assay mean sum of squares from ANOVA, and these variances are fit to the variance model.
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- The equivalence method falsely flagged this reference material as being nonparallel.

- The Chi-Square method is capable of detecting nonparallelism in the region spanning
the 3 lowest concentration standards.

- The 3 lowest concentration standards are not part of the analyzed region thus the
impurities escape detection when using parallel lines .

- The Chi-Square method is capable of detecting significant nonparallelism in the low
concentration region.
- The Equivalence method failed to detect the UV degradation.

- The Parallel Lines method could not find a linear region.
- The Equivalence method falsely flagged this reference material.
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