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INTRODUCTION: Free-Wilson Analysisftl (FWA) can be used to help decide if a complete library of combinations of a scaffold and R-groups is required to be synthesised and
B . N . . . N N Number of | Percentage
tested, or if we can cherry pick the (potentially) most desirable compound(s) based on whether the R-groups are shown to be additive (have an independent contribution to the Possible of
property under investigation, regardless of the other R-groups present) or not. Eight data sets, with up to six properties each, were provided by Janssen for this study (right). Number | Number | Compounds | Complete | Minimum | Maximum
of R~ of R~ (Complete Data Set | Property | Property
Data Set | Enzyme or Property Type | Groups Groups Data Set) Available Value Value
CLASSIFYING DATA SETS *4R 1_136 Potassium Channel 7 11 7 70.1 5.05 7.17
% models with pred-r? > x % models with g2 > x *4R 1_56 Sodium Channel 6 16 96 75.0 5.06 7.07
—4 ] T T = ) L. . . ¥ - * 3 : 3
e v Using pred-r2 (left): The data sets can be divided into three categories: e };Fi i—;i g::zz ﬁ 2:2 174 g 22 Zi; zg‘l‘ ?zi
"\ 3 | Add!tlve [A] (rggmn C): > 59% of models with pred-r2 >= 0.7 . .. . ‘D11 64 Class A GPCR 1 15 210 ans 16 809
E l 5T c Partially additive [PA] (region B): > 20% of models with pred-r2 >= 0.4 and < 50% with = D21 62 Class A GPCR ) Ty 108 30,6 5.30 7.86
2 1 ! ! E pred-r2 >= 0.6 ) . o ‘'D21_64 Class A GPCR 9 12 108 80.6 552 8.99
g . | i } Non-additive [NA] (region A): < 20% of models with pred-r2 >= 0.4 E 4 D258 7 Class A GPCR 9 12 108 80.6 5.01 7901
B 3 4 H ; . *D31_73 Class A GPCR 22 5 110 89.1 5.46 8.98
" 1 AN Using g2 (right): When the data sets are classified using g2 as opposed to pred-r2 the - d 'D3221 5 | Cellular Metabolism Assay 22 5 110 745 12.00 100.00
v o N o 1 distinction between the data set types is not as well defined — some of the additive (red) ! " ‘D4 100_152 lon Channel 13 7 91 75.8 5.03 7.98
Y T T and one of the NA (blue) data sets appear to be ( ). Although the classifications — i 'D5100_193 Class A GPCR 7 1 7 701 5.07 8.79
. pred-r2 > are not as well defined as when using pred-r2, the results show that using g2 can still be g D6 76_97 Ser/Thr Kinase 19 6 114 84.2 6.79 8.90
beneficial. ‘D7221 5 Class A GPCR 12 5 60 70.0 0.00 915
*D7 339_3 P450 12 5 60 66.7 12.01 85.26
*D7 339_5 P450 12 5 60 66.7 16.81 110.79
*D7 339_6 P450 12 5 60 66.7 11.35 54.23
pred-r? vs. property range of the training set TRAINING SET ATTRIBUTES ‘D7 33977 P450 12 5 60 66.7 3.03 102.75
t -; ll (USIng D1 1—64) *D7 76_97 P450 12 5 60 70.0 7.18 8.87
i : 1] Property Range: There is no correlation with the property range and the predictive Data sets: The data sets have the following property types: *hiological activity,
Ter - Y+ 77 ability of a model. FWA assumes the R-groups have an independent contribution to *metabolic stability, -signal transduction, *enzymatic screening. o
5... . - - | the property. It is possible that different combinations of R-groups can lead to the Each data set was divided into multiple training gnd test sets in WhIF:h the distributions
* same property value. If the data set is additive, FWA should be able to deduce the of R-groups, numbers of compounds and properties ranges were varied.
| a contribution of each R-group, as long as there are enough occurrences of the R-group
Jooo ==t | inthetraining set, regardless of the property range of the training set. USING COEFFICIENTS Analysis of Coefficients (left): The additive data sets have a higher number of good correlations
*oroperty range of the training set v 3 between the coefficients of various models compared to those for the PA and NA data sets. Can we
, pred-r? vs. size of the training set use this information to deduce which R-groups are non-additive? First unstable R-groups (those
Training Set Size: | dditi that 30% of lete dat | " s % . who's rank varied wildly if the R-groups were ranked according to their coefficients for the models of
riulnmg eh fIze. nan af I| IIZVV?IXaSIeY t‘?]’e c?ndseet at S0% 2 a.tﬁolrg%; € f ;aha us | «; . | b CC"leF’f‘g:‘S:;S"rfel;:zse’;‘f’:g';"f’r';;gﬁgr']": the various training sets) were identified. Next, compounds with these R-groups were omitted from
setis enodug' orta SUC(.:SISS u . nd 'Shs u ﬁa raining SZ fW' th do ? e; o wha '{i w” P - v n prede . predictions. Improvements are seen in the predictive ability of the models for a NA and a PA when
compounds IS not possible as compounds have been removed from the data se ] 2 2 the same training sets are used to create the models but non-additive R-groups are omitted.
to form the test sets. 5al 3 3o
£2 - N . N
il gé R-Group Profiling (below): The profiles show that R,; should be least active with target 58_7. The
.‘ T fopetelit | table (right) shows this to be true. R,; and R,,, according to the profile, should give a compound with
F e — g 1 an order of activity of 58_7 >1_64 >1_62. This compound does have a low activity with 1_62 and a
u % of complete data set used in training set L e T high activity with 58_7, but also has a high activity with 1_64. This could be because the R, group
et pred-r2 (all compounds) has more influence on activity in reality; it has a higher contribution than R, but only for target 1_64.
.- Distribution of R-groups (measured by the Scaled Shannon Entropy The qualitative analysis provigle:d by this study may also be complemented with a quantitative
. [SSE]): Al the data sets which show signs of additivity show a trend for assessment based on the coefficients for each R-group.
R, SSE ) o R, SSE prEd'rz_ t_o increase as the S_SE increases for the Rx/Ry'group dlstrlbupon in average rankings of R,-groups (left) and R-groups (right) for a data set with
the training set. The trends in the top left of the three plots can be attributed three different properties . )
i . N - - ~ : - " = activity values for a selection of compounds of data set D2
to the relationship of the SSE of the R-groups with the number of compounds " W — —
w in the training set (bottom of the three plots). If we look at just the small E’ | 5‘” - Group | Group | 162 164|587 | Grup | aroup [ 1-6% | 264587
@ training sets (top right of the three), we can see there is no correlation g g XL | YL |674]806|564|| X1 | Y8 |679 806|659
x H H H i~ il o X1 Y2 6.68 | 8.94 | 5.98 X1 Y10 |7.77 | 8.84 | 5.10
o : between the distribution of R-groups and the predictive ability of a model. :@'f’ . ?3'3’ i T ve TerelToorToorl a1 vir Toss TessTerr
I Q , g | X1 Y7 |6.96|7.69 | 6.06 X1 Y12 |6.81|7.78 | 5.23
. B | . | . '. X1 Yo |6.81]7.77 577 X7 Yo _l6:88[842] 701
R, SSE ' ﬁz;grou‘p ' h ' ) Ry»'groupl
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