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ABSTRACT

Two dimensional quantitative structure activity relationship (2D QSAR) study was performed on
5p-methylprolyl-2-cyanopyrrolidine derivatives as dipeptidyl peptidase IV (DPP IV) inhibitors
using molecular design suite software (VLifeMDS). This study was performed with 30
compounds (data set) using sphere exclusion (SE) algorithm, random and manual selection
methods for the division of the data set into training and test set. Partial least square (PLS)
linear regression analysis coupled with stepwise variable selection method was applied to derive
QSAR models which were further validated for statistical significance by internal and external
validation. The most significant model has squared correlation coefficient (r2), cross validated
correlation coefficient (g2) and predictive correlation coefficient (pred_r2) 0.6231, 0.5109 and
0.3862 respectively. The QSAR model indicates that the descriptors T_C_O_4 [This s the count
of number of Carbon atoms (single, double or triple bonded) separated from Oxygen atom
(single or double bonded) by 4 bond distance in a molecule], SdssCE-index [ El ectrotopol ogical
state indices for number of carbon atom connected with two single bonds] and XlogP [This
descriptor signifies ratio of solute concentration in octanol & water and generally termed as
octanol water partition coefficient] contributing 48.19%, 28.93% and 22.88 % respectively.
Negative coefficient value of T_C_O 4 and XlogP indicated that lower value leads to better
dipeptidyl peptidase inhibitory activity whereas higher value leads to decrease activity whereas
positive coefficient value of SdssCE-index indicated that higher value leads to good dipeptidyl
peptidase inhibitory activity while lower value leads to reduced activity.

Keywords: 2D-QSAR, PLSR, DPP IV inhibitors, p&methylprolyl-2-cyanopyrrolidine
derivatives.
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INTRODUCTION

Diabetes mellitus is a metabolic disorder, which imajor public health issue all over the world.
In the year 2025, it is expected that about 333ianilpeople will suffer from the disease, with
type 2 diabetes mellitus (T2DM) [1Type 2 diabetes mellitus (T2DM) is a persistenedse,
which is characterized by insulin resistance, exdepatic glucose production and progressive
pancreaticf cell dysfunction [2]. Among the various promisitgrgets, the development of
dipeptidyl peptidase IV inhibitors appears to be ohthe most attractive, rational agents for the
treatment of T2DM [3].

Dipeptidyl peptidase-IV inhibitors (DPP-1V inhibit®) inhibit the enzyme dipeptidyl peptidase-
IV and having usefulness in the treatment of tymkabetes. Inhibition of the DPP- IV prolongs
and enhances the activity of incretins that playnaportant role in insulin secretion and blood
glucose control regulation. Dipeptidyl peptidasealgo known as T-cell antigen CD26 [4,5] is a
member of serine protease family that selectivedgwes dipeptide from polypeptides, including
proline or alanine at the N-terminal penultimatsipon [6,7]. DPP- IV acting as a peptidase that
implicated in the degradation of two insulin-segsiormones, glucagon-like peptide 1 (GLP-1)
and glucose-dependent insulinotropic polypeptid&}G8,9]. GLP-1 is an incretin hormone,
secreted by intestinal L-cells in response to nmgggstion. It stimulates the secretion of insulin,
inhibits glucagon release, slows gastric emptyind anduces satiety, helps in the control of
glucose homeostasis in patients with type-2 diabfi@]. Thus inhibition of DPP-1V extends the
half-life of endogenously secreted GLP-1, whichum enhances insulin secretion and improves
the glucose tolerance.

Quantitative structure activity relationship (QSAR) an accepted means for establishing
guantitative relationship between biological adsivi and descriptors representing

physicochemical properties of the compounds inr@seising statistical methods and it helps to
predict the biological activities of newly designadalogues contributing to the drug discovery
processes [11].

The main aim of the present QSAR study is to esfabdjuantitative relationship between
physiochemical properties and biological activitdshe compounds in order to search for novel
2-cyanopyrrolidine derivatives that would show arpise to become useful DPP-IV inhibitors.
A series of B-methylprolyl-2-cyanopyrrolidine derivatives [12]hich were reported as DPP-IV
inhibitors selected for QSAR study using VlifeMD&tsvare [13].

MATERIALSAND METHODS

Data Set: In the present study a data set pfrbethylprolyl-2-cyanopyrrolidine derivatives (30
molecules) [12] has been taken from the literaforeQSAR studies reported in Table-1. The
reported IG, values (nM), have been changed to the logarithssale [plCso (Moles), for
QSAR study.
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Table-1: General structure of the compounds of 5g-methylprolyl 2-cyanopyrrolidine derivatives and their
biological activities (data set of 30 molecules)

1-9

0 ol
R
CN CN CN
N o N0 HC™ N o
H H H

10-22 23-30
S. No. | Compound R 1Cgs (nNM) | log(1/I Csp)
1 4 -H 20 8.69
2 6 -Allyl 35 8.45
3 7 -n-propyl 3.4 8.46
4 ) -CH,OH 6.3 8.2
5 9 -CH,CH,OH 3.8 8.42
6 10 -CHCOOH 16 7.79
7 11 -CONMg 1.8 8.74
8 12 - CHCONMe, 45 8.34
9 13 -CHCH,CONMe; 2.4 8.61
10 14 -NH 7.7 8.11
11 15 -NHMe 35 8.45
12 16 -NHEt 4.4 8.35
13 17 -NHPr 5.7 8.24
14 18 -N(Me)Et 4.9 8.30
15 19 -NE$ 6.0 8.22
V4
16 20 [ll\l 4.0 8.39
17 21 § - 5.6 8.25
N/
18 22 4.9 8.30
N/
19 23 8.3 8.08
N/
20 24 11 7.95
e
N
21 25 f 4.3 8.36
e
22 26 hN 4.8 8.31
s )

23 27 -NMe 10 9
24 28 -N(Me)Et 15 7.82
/

25 29 EII\I 13 7.88
26 30 ¢ N7 6.5 8.18
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N/
27 31 Q 13 7.88

28 32 20 7.69
o

29 33 6.2 8.20
s

30 34 —N\/:Ej 5.6 8.25

0Compounds having | Cs, >316 (nM) in the selected series were excluded and the resulting total data set of 30
molecul es wer e used for the present study.

Molecular modeling: Molecular modeling and PLS studies were performedH&L computer
having genuine Intel Pentium Dual Core Processdr\mdows XP operating system using the
software Molecular Design Suite (VLifeMDS).

Structures were drawn using the 2D draw applicadioth converted to 3D structures. Structures
were optimized by energy minimization and geomeipyimization was done using Universal
Force Field methodufr) with 10000 as maximum number of cycles, 0.01 asvemence
criteria (root mean square gradient) and 1.0 asteoh (medium’s dielectric constant which is 1
for in vacuo) in dielectric properties. The defatdtues of 20.0 and 10.0 Kcal/mol were used for
electrostatic and steric energy cutoff.

Descriptors used in the QSAR analysis: Number of physicochemical, alignment and atom type
independent descriptors was calculated using Mdedesign Suite software after optimization
or minimization of the energy of the data set moles.

Physicochemical descriptors:

Individual —( H-Acceptor count, H-Donor count , &gl p, smr, polarisablity)

Chi — (Chi0-05)

ChiV — (ChiV 0-05)

Path count - (Opathcount-O5pathcount)

Chi chain — (Chi3chain — Chi6chain)

Chi v chain — (Chi3chain — Chi6chain)

Chain path count — 3chain path count, 6¢chain paiimt}

Cluster — (Chi3 cluster, ChiV6 cluster, 3clusteuct

Path cluster — (Chi4path cluster ChiV4 path clystpath cluster count)

10. Kapa — (Kapal,2,3), ( k1 alpha — k3 alpha)

11. Element count—(H, N, C, S, O, ClI)

12. Estate numbers — (SsCH3 Count, SACH2 Count, Ss&taid@t, StCH count etc.)
13. Estate contribution — (SSCH3-index., SACH2- ind&ssCH2 — index , StCH — index_
14. Polar surface area — Polar surface area exclugolgy surface including.

©CoNoORr~WNE
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Alignment independent descriptors. More than200 descriptors are calculated using the
following attributes. A few examplesare T 2 O 72TN. 5, T 2 2 6, T C O 1, T O CI 5
etc.

Structural descriptors Selected Attributes
*Topological 2
Range 3
Min -0 T (any)
Max. - 7 C
N
(@]
F
S
Cl

Atom Type Count Descriptors:  The atom type count descriptors are based orFMigtom
types and their count in each molecule. In MMFFer¢hare 99 atom types and hence 99
descriptors indicating number of times that atom decurred in a given molecule are generate.

Generation of training and test set of compounds: In order to evaluate the QSAR model, data
set was divided into training and test set usinge®p Exclusion, random and manual data
selection methods. Training set is used to deville@QSAR model for which biological activity
data are known. Test set is used to challenge 8®RQmodel developed based on the training
set to assess the predictive power of the modeatiwikinot included in model generation.

Data selection: Biological activity taken as dependent variable dedcriptors as independent
variable. Following methods were for creation afriing and test set.

* Sphere Exclusion method
 Random selection method
 Manual data selection

Sphere Exclusion method: In this method initially data set were divided inttaining and test
set using sphere exclusion method. In this methssirdilarity value provides an idea to handle
training and test set size. It needs to be adjustettial and error until a desired division of
training and test set is achieved. Increase inmdiksity value results in increase in number of
molecules in the test set.

Random selection: In order to construct and validate the QSAR maqdeetgh internally and
externally, the data sets were divided into tragBb% of total data spand test sets (15%) in a
random manner. Ten trials were run.

Manual data selection: Whole range of activities was sorted on the bakigsults obtained in
sphere exclusion and random methods.

After the creation of training and test set, Mirdadlax value of the test and training set is
checked, using the QSAR tool, if the values arefolttwing the Min — Max, then the training /

test set is again set and procedure is repeatée Iin — Max is following, then Partial Least
Squares Regression (PLSR) used for model building.
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These methods were run using the following criteria

Step wise variable selection method F test
* Forward -back ward In — 4.00
Cross correlation Limit — < 0.5 Out —3.99

No. of variables — 1/50f total training set
Term selection —r

Model building criteria — Cross validation

Partial least square regression (PLSR): PLSR was used for model generation. PLSR is an
expansion of the multiple linear regression (MLR)its simplest form, a linear model specifies
the (linear) relationship between a dependent blriand a set of predictor variables. In PLSR,
prediction functions are represented by factorsaei¢d from the Y’XX'Y matrix. The number

of such prediction functions that can be extradigucally will exceed the maximum of the
number of Y and X variables. PLSR is probably tast restrictive of the various multivariate
extensions of the multiple linear regression madelsSR can be used as an exploratory analysis
tool to select suitable predictor variables and identify outliers before classical linear
regression. All the calculated descriptors weresaered as independent variable and biological
activity as dependent variable.

RESULTSAND DISCUSSION

Selected data setpfnethylprolyl-2-cyanopyrrolidine derivativesas subjected to partial least

square regression analysis method for model bgldiResult of PLSR analysis using sphere
exclusion, random and manual data selection metisoslsown in Table-3, 4 and 5 respectively.
The statistically significant model obtained is winan Table-6.

Different training and test set of &nethylprolyl-2-cyanopyrrolidine derivativesvere
constructed using sphere exclusion (dissimilargyel 1.0 to 2.3), random and manual data
selection methods. Training and test set were t&ela€ they follow the Unicolumn statistics
(Table-2). This result shows that the test is puéative i.e., derived from the min-max range of
training set. The mean and standard deviation efrdining and test set provides insight to the
relative difference of mean and point density dsttion of the two sets.

Partial least squares regression analysis (PLSR)munction with stepwise (SW) forward-
backward was applied for building QSAR models.

Table-2: Uni-Column Statisticsfor Model 1 for training and test set activity.

Column Name | Average M ax Min StdDev Sum
Training set 8.2378 8.7400 7.7900 0.2412 189.470(
Test set 8.3486 9.0000 7.6900 0.4319 58.4400
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Table-3: Result of PL SR study using sphere exclusion selection method

. Dissimilarity PLSR
Trial value Test Set r’ q®> |pred r?| r’se | o°se | pred r’se
1 1 28111016 04805 03398 04507 02097 0.4360.2794
2 11 28.11.10,24.16 04706 03140 05189 0.2102400] 0.2553
3 12 18.102815.17.24 | 05212 03102 -0.8543 ®218.2576]  0.3603
4 14 11.18.10,28.20.24.16 0.4807 0.1667 -0.11581707| 0.27571  0.3196
5 1.42 %}1'12’19'28’20’21' 0.4901| 0.166] -0.1646 02210 02826  0.3024
6 1.45 ;}1'12’;2’28’20’21'2"0.6004 028171 -0.7500 0.2057 02757  0.3299
11.18.19,28,20,21.22 i
’ 1 1 1 1 b 1 - c
7 156 | pa1eoeon 0.6443| 03248 -1.1115 0.1995 02749  0.3447
11.18.10,28,20.21.22, ]
8 169 | 55 1e 1695 90 0.6396| 0.2887 -0.9557 0.2037 02879  0.3287
11.18.19,28,20.21.22, I ]
9 193 | 53 1eTeo0asg  10.6389| 03171 -10876 02126 02924 03287
11.18.19,28,20.21.22, X 1
10 23 P3 e te e o hae 1'0.7770) 02608 -18896 0.1770 02608  0.3931

Table-4: Result of PL SR study using Random data selection method (85% training set)

Trial | Test Set PLSR
re q pred r? | r’se g’se | pred rise

1 19,20,26,4,9 0.3536 0.2469 0.7701 0.2497 0.2693248
2 10,14,33,8,9 0.4536 0.3585 -0.0643 0.2270 0.2462881
3 19,23,29,32,9 0.3230 0.2134 0.6028 0.2856 0.253.@500
4 14,20,26,32,9 0.3801 0.2819 0.4714 0.2858 0.23%m2325
5 25,30,32,7,9 0.3649 0.2529 0.5455 0.2882 0.2582164
6 13,28,29,6,9 0.39056 0.2769 0.3853 0.2268 0.2472840
7 14,17,29,32,9 0.5976 0.5249 -0.3932 0.1865 0.2024606
8 14,28,29,33,9 0.643p 0.52%4 -0.8956 0.1817 0.2004697
9 24,28,30,32,9 0.436p 0.22%9 0.1736 0.2069 0.2424042
10 19,28,30,33,9 0.5267 0.33%52 -1.1545 0.2138 @.2533702

Table-5: Result of PL SR study using Manual data selection method

Trial | Trial | Test Set PLSR

re q° pred r° [ r’se | g°se | pred r’se
1 1 49,32 0.283% 0.1770 0.7535 0.2353 0.2p19 0.256
7 2 4,9,32,15 0.2708 0.15Y8 0.7639 0.2399 0.2572124.
28. 3 4,9,32,8 0.6789 0.2016 0.6789 0.2354 0.2532403
29. 4 4,9,32,14,27 0.6291 0.53y8 0.3735 0.1p09 84.160.4211
36. 5 4,9,32,23,14,15,270.6231 | 0.5109 | 0.3862 | 0.1553 | 0.1769 | 0.3511
57. 6 4,9,27 0.7267 0.5738 0.1628 0.1401 0.1746086.6
82. 7 4,32,27 0.588p 0.4584 0.4164 0.1550 0.1j77561a.
91. 8 4,32,27,8,15 0.6211 | 0.4745 | 0.4106 | 0.1526| 0.1798 0.4092
101. | 9 4,32,27,8,24 0.6079 | 0.4512 | 0.4216 | 0.1527| 0.1806 0.4095
107. 10 4,32,27,8,31 0.6090 | 0.4724 | 0.4231 | 0.1496| 0.173§ 0.4171
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Table-6: Statistical significant models gener ated

Trial no. Test set

Model (Manual) molecules

Equation

plCso = -0.1277 T_C_O_4 + 0.3360 SdssCE-index - -0.28gP +
9.14873

Optimum Components = 2; n=23; Degree of foeed 20;
4,9,32,23, r2 = 0.6231; g2 = 0.5109; r2 se = 0.1553;

14,15,27 g2 se=0.1769; pred_r2 =0.3862; pred_r2se = 0.3511;

F test = 16.5340 Alpha Rari@ R 0.00004;

Alpha Rand Q*2 = 0.001; Alpha Rand Pred R"@.05

pICso = -0.1286 T_C_O_4 + 0.38427 SdssCE-index - 0.084@g§P
Optimum Components = 2; n=23; Degree of foped 20;

r2 =0.6079; g2 = 0.4512; r2 se = 0.1527;

g2 se =0.1806; pred_r2 =0.4216; pred_r2se = 0.4095;

F test = 17.0542 Alpha Rand R"2.00000;

Alpha Rand Q"2 = 0.001; Alpha Rand Pred R"2.05

4,32,27,8,
15

pICso = -0.1277 T_C_O_4 + 0.3360 SdssCE-index - -0.28gP +
9.14873
Optimum Components = 2; n=23; Degree of foped 20;
4,32,27,8, r2 = 0.6090; g2 =0.4724; r2 se = 0.1496;

31 g2 se =0.1738; pred_r2 =0.4231; pred_r2se = 0.4171;
F test =17.1356 Alpha Rari@ R 0.00001 ;
Alpha Rand Q"2 = 0.001; Alpha Rand Pred R"2.05

Data fitness plot for model 1 is shown in Figure Result of the observed and predicted

biological activity for the training and test comyls for the Model 1 is shown in Table 7.

Descriptors used in the Model 1 are shown in T8blEhe plot of observed vs. predicted activity

of training and test sets for model 1 is showniguFe 3.From the plot it can be seen that model

is able to predict the activity of training set tguwell (all points are close to regression ling) a

well as external. Sphere exclusion (SE) algoritremdom and manual selection methods were
used for constructing training and test sets. Piu@&R used for building the QSAR models. In the
present data set, sphere exclusion and randontisal@sethod does not result in any predictive

model.

Interpretation of the Model 01 (Most significant)

Among the three significant models generated (TFable model 1 is the most significant one as
it is having the highest cross validated correfatoefficient value. The equation explains 62%
(r2 = 0.6231) of the total variance in the training set and hasinternal (q2) and external
(pred_r2) predictive ability of ~51% and ~39% redpely. The F test shows the statistical
significance of 99.99 % of the model which mearat irobability of failure of the model is 1 in
10000. In addition, the randomization test showsidence of 95 (Alpha Rand Pred R"2 = 0.05)
that the generated model is not random and hengémahosen as the QSAR model.
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Table 7: Actual and predicted biological activity for model 1

Compound | Actual | Predicted
4* 8.69 8.52
6 8.45 8.45

8.46 8.39

8 8.20 8.47

9* 8.42 8.31
10 7.79 7.75
11 8.74 8.48
12 8.34 8.35
13 8.61 8.45
14* 8.11 8.40
15* 8.45 8.47
16 8.35 8.30
17 8.24 8.26
18 8.30 8.32
19 8.22 8.32
20 8.39 8.40
21 8.25 8.22
22 8.30 8.17
23* 8.08 7.93
24 7.95 7.88
25 8.36 8.18
26 8.31 8.32
27* 9.00 8.29
28 7.82 8.13
29 7.88 8.21
30 8.18 8.03
31 7.88 7.98
32* 7.69 7.99
33 8.20 8.13
34 8.25 8.26

* | ndicates that compounds are in the test set
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Table8: List of descriptorsused in thetraining set for model 1

Compound | T_C _O_4 | SdssCE-index | XlogP
6 5 0.11 0.78
7 5 0.15 1.44
8 6 0.03 -0.69
10 9 -0.88 -0.39
11 6 0.03 -0.77
12 7 0.12 -0.48
13 6 0.19 -0.03
16 7 -0.03 -0.49
17 7 -0.01 -0.04
18 7 0.07 -0.35
19 7 0.07 -0.35
20 7 0.17 -0.73
21 8 0.18 -0.28
22 8 0.19 0.17
24 9 0.2 1.57
25 9 0.09 -1.29
26 8 0.24 -0.94
28 8 0.06 0.15
29 8 0.17 -0.23
30 9 0.18 0.22
31 9 0.19 0.67
33 9 0.23 -0.43
34 10 1.14 0

In the QSAR model 1, the negative coefficient vabi@ _C_O_4 [This is the count of number of
Carbon atoms (single, double or triple bonded) s#pd from Oxygen atom (single or double bonded) by
4 bond distance in a moleculeh the biological activity indicated that lower walleads to better
dipeptidyl peptidase inhibitory activity (compouid11, 13 etc.) whereas higher value leads to
decrease activity (compound 8, 24, 30, 31, 33.eRo}itive coefficient value dddssCE-index
[Electrotopological state indices for number ofbear atom connected with two single bonds] the
biological activity indicated that higher valuesadis to good dipeptidyl peptidase inhibitory
activity (compound 7, 13, 20, 22 etc.) while lowatue leads to reduced activity (compound 8,
10, 17, 28 etc.). Negative coefficient valueXdbgP [This descriptor signifies ratio of solute
concentration in octanol & water and generally ®inmas octanol water partition coefficient]
indicated that lower values leads to better DPRnibitory activity (compound 11, 20, 25, 26
etc.) while higher value leads to reduced actiygtympound 24, 28, 30, 31 etc.). Contribution

167
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chart for model 1 reveals that the descriptor€ O_4 SdssCE-index and XlogBontributing
48.19%, 28.93% and 22.88 % respectively.

Figure 1. Contribution chart for model 1 showing contribution of different descriptors.

(T Ty T M | [ ¢ A | Pl It Tt | S T I T B ] ]

1

{
-8

|

|

|

i
L

LA

| IS 7 A a— S

Figure 2: Datafitnessplot for models 1
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Graph between actual and

Training set (Model 1)

predicted biological activity for

Graph between actual and
predicted biological activity for
Test set (Model 1)

y=0.326x+5.516

8.6 y=0.623x+3.104 8.7 SR
g4 | R=0623 ¢ g & o5 R 0;%8- . ¢
8.2 R Yoo 8.3 /o/¢
8 /./ \4 8.1 /
7.8 * ¢ 7.9 ¢ *
?.6 T ?,7 T T T T 1
75 8 85 9 7.5 8 8.5 9 9.5

Figure 3: Graph between actual and predicted biological activity for training and test set (M odel-1).

The observed vs. predicted activity provides am idleout how well the model was trained and
how well it predicts the activity of the externakt set. From the plot it can be seen that model is
able to predict the activity of training set guitell (all points are close to the regression liag)
well as external test set providing confidencehm predictive ability of the model.

CONCLUSION

Two dimensional quantitative structure activityatenship (2D QSAR) study by means of
partial least square regression (PLSR) method wd®nmed on a series opbnethylprolyl-2-
cyanopyrrolidine derivativesas dipeptidyl peptidase IV (DPP 1V) inhibitors ugimolecular
design suite (VLifeMDS). This study was performeidwB80 compounds (data set) using sphere
exclusion (SE) algorithm, random and manual selaatnethods for the division of the data set
into training and test set. PLSR methodology wittpwise (SW) forward-backward variable
selection method was used for building the QSAR et®d Statistically significant QSAR
models were generated. Among them most significasdel has squared correlation coefficient
(r2), cross validated correlation coefficient (g2)d predictive correlation coefficient (pred_r2)
0.6231 0.5109and0.3862respectively. The QSAR model indicates that thedg®rsT_C_O_4,
SdssCE-index and Xlogeontributing 48.19%, 28.93% and 22.88 % respelstite biological
activity. The negative coefficient value ©fC_O_4 and Xlog@n the biological activity indicated
that lower value leads to better dipeptidyl pemeddy (DPP V) inhibitory activity whereas
higher value leads to decrease activity. Positveffecient value ofSdssCE-indesindicates that
higher value leads to better dipeptidyl peptidas€DPP 1V) inhibitory activity whereas lower
value leads to decrease activity.
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