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Abstract 

In this paper I used the frequency and cumulative distribution functions to make a best model of the receptors 

of the survival proteins i.e. Epidermal Growth Factor Receptor (EGFR) and Insulin Receptor (IRS) using ten 

concentrations combination of TNF, EGF and Insulin. It has been revealed that survival and apoptosis signals 

induced by the receptors of EGF and insulin are temporarily separated and this is reflected in my model by the 

differences between the values of the parameters used. I conducted the analysis using KS-d, KS, AD stat, AD 

p-value, chi square, chi square p-value and chi square df for different distribution functions for EGFR and IRS. 

The frequency and cumulative distribution curves for different distribution techniques like exponential, 

log-normal, normal, gamma, chi-square etc are plotted using chi- square tests.  
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1 Introduction 

The programmed cell death ( Jain, 2012; Suzzane, 2005; Weiss, 2001), Tumor Necrosis Factor α (TNF-α) 

(Brockhaus, 1990; Janes, 2005; Jain, 2011a, 2011b; Thoma, 1990), functions as apoptosis cues, whereas 

growth factors such as EGF (Arteaga, 2003; Libermann, 1984; Normano, 2006; Ullirich, 1990) and insulin 

(Lizcano, 2002; White, 2003; Jain, 2009, 2010, 2011a, 2010c, 2015a, 2015b) exert survival effects. These 

factors in single or in combination activate various key players in the network pertaining to cell survival/ 

apoptosis. Many proteins involved in this process that interact systematically regulating a specific pathway or 

cross talk with other proteins of different pathways. As a result many pathways activated simultaneously 

leading to many biochemical and physiological changes inside the cell. The final outcome of whether a cell 

dies or survives depends in the concentrations of key players among the pathways. 

The epidermal growth factor (EGF) binds with its receptor to form EGF receptor (EGFR) which further 

binds with Src homology 2 (SH2) (Jain, 2015a; Toma, 1990) leading to the activation of RAS/extracellular 

signal regulated kinase (ERK) pathway (Kyriakis, 1996), the phosphatidylinositol 3 kinase(PI3K) pathway 

(Jain, 2014, 2015c, 2015d, 2016a, 2016b), and the activator of transcription (JAK/ STAT) pathway. 
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Insulin is a hormone that binds to its receptor (the insulin receptor) on cell membranes and initiates signal 

transduction leading to cell survival/ apoptosis. Binding of insulin to its receptor induces phosphorylation of 

tyrosine residue on the inner part of the receptor (White, 2003; Jain, 2015b). The phosphorylated tyrosine 

residues allow other intracellular proteins to bind to the intracellular domain of the receptor, and become 

phosphorylated.  

In this paper I calculated KS, AD stat, AD p-value, chi square, chi square p-value and chi square df for 

different survival proteins. Later I plotted frequency distribution and cumulative distribution function curves 

for different distribution functions for EGFR and IRS. 

 

2 Material and Methods 

For mathematical modeling we have used frequency and cumulative distribution functions for cell survival/ 

cell death. Different parameters are calculated with the different concentrations of the TNF, EGF and Insulin 

(Jain, 2011b, 2012). 

Cumulative distribution function specifies the distance of multivariate random variables X. The real valued 

random variables X with a given probability distance will found to have a value less than or equal to x. There 

are different test performed on different distribution functions: Anderson darling test, Kolmogorov–Smirnov 

test and chi- square test (Jain, 2016b).  

a) The Kolmogorov–Smirnov (K-S/ KS) test is an equality test using nonparametric. It can also be used 

as a goodness of fit test. One sample/one dimensional K-S test is used to compare a sample with a 

probability function while two sample/ 2-D test is used to compare two samples. The K–S statistic for 

a given cumulative distribution function F(x) is 

   supn n
x

D F x F x 
           ..(1)  

where sup x is the supremum value of the distances.  

b) The Anderson Darling (AD) test/ Shapiro Wilk test is a statistical test and is based on the distance 
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c) A chi-squared test (
2 ) test are used to determine the difference between observed and expected 

frequency in one or more categories.  

 

3 Results 

Table 1, Table 2 and Table 3 shows the KS-d, KS, AD stat, AD p-value, chi square, chi square p-value and chi 

square df values for different tests (KS test, chi square test, AD test) for different distribution functions for 

EGFR. The frequency distribution curves and cumulative distribution curves for different distribution 

techniques are shown in Fig. 1 and Fig. 2 respectively. 
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Table 1 Different distribution function values using Kolmogorov-Smirnov Test for EGFR. 

 
K-S d K-S AD Stat AD p-value Chi-sq Chi-sq  

 p-value 

Chi-sq 

 df 

Gaussian 

Mixture(Mixing.Coef.1,Mean 1, 

Std.Dev 1, Mixing Coef.2,...) 

0 026799 0 978501 0 1503 0 998562 6 067 0 108415 3 

Normal (location,scale) 0 183078 0 000000 18 5049 0 000000 193 533 0 000000 7 

Log Normal (scale,shape) 0 231571 0 000000 22 6154 0 000000 266 733 0 000000 7 

Half Normal (scale) 0 236718 0 000000 23 2578 0 000000 279 467 0 000000 7 

Rayleigh (scale) 0 210974 0 000000 25 5090 0 000000 232 733 0 000000 6 

Weibull (scale,shape) 0 568500 0 000000 117 2716 0 000000 1424 267 0 000000 8 

General Pareto (scale,shape) 0 640743 0 000000 144 1607 0 000000 1907 267 0 000000 8 

Triangular(min,max,mode) 0 867025 0 000000 532 6983 0 000000 1555 267 0 000000 7 

 

 

Table 2 Different distribution function values using chi square test for EGFR. 

 
K-S d K-S AD Stat AD p-value Chi-sq Chi-sq 

 p-value 

Chi-sq  

 df 

Gaussian Mixture  0 026799 0 978501 0 1503 0 998562 6 067 0 108415 3 

Normal (location,scale) 0 231571 0 000000 22 6154 0 000000 266 733 0 000000 7 

Log Normal (scale,shape) 0 236718 0 000000 23 2578 0 000000 279 467 0 000000 7 

Half Normal (scale) 0 640743 0 000000 144 1607 0 000000 1907 267 0 000000 8 

Rayleigh (scale) 0 568500 0 000000 117 2716 0 000000 1424 267 0 000000 8 

Weibull (scale,shape) 0 183078 0 000000 18 5049 0 000000 193 533 0 000000 7 

General Pareto (scale,shape) 0 867025 0 000000 532 6983 0 000000 1555 267 0 000000 7 

Triangular(min,max,mode) 0 210974 0 000000 25 5090 0 000000 232 733 0 000000 6 

 

 

Table 3 Different distribution function values using Anderson darling test for EGFR. 

 

K-S d K-S AD Stat AD p-value Chi-sq Chi-sq  

 p-value 

Chi-sq 

 df 

 

Gaussian Mixture 0 026799 0 978501 0 1503 0 998562 6 067 0 108415 3 

Weibull (scale,shape) 0 183078 0 000000 18 5049 0 000000 193 533 0 000000 7 

Normal (location,scale) 0 231571 0 000000 22 6154 0 000000 266 733 0 000000 7 

Log Normal (scale,shape) 0 236718 0 000000 23 2578 0 000000 279 467 0 000000 7 

Triangular(min,max,mode) 0 210974 0 000000 25 5090 0 000000 232 733 0 000000 6 

Rayleigh (scale) 0 568500 0 000000 117 2716 0 000000 1424 267 0 000000 8 

Half Normal (scale) 0 640743 0 000000 144 1607 0 000000 1907 267 0 000000 8 

General Pareto (scale,shape) 0 867025 0 000000 532 6983 0 000000 1555 267 0 000000 7 
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Variable  EGFR, Distribution  Normal

Chi-Square test  276.04040, df  6 (adjusted) , p  0.00000

0.45 0.46 0.47 0.48 0.49 0.50 0.51 0.52 0.53 0.54 0.55

Category (upper l imits)

0

10

20

30

40

50

60

70

80

90

100

110

N
o

. 
o

f 
o

b
se

rv
a

tio
n

s

  

Variable  EGFR, Distribution  Rectangular

Chi-Square test  192.34185, df  5 (adjusted) , p  0.00000
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 (a) (b) 

Variable: EGFR, Distribution: Exponential

Chi-Square test = 2933.08575, df = 2 (adjusted) , p = 0.00000
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Variable  EGFR, Distribution  Gamma

Chi-Square test  280.55484, df  6 (adjusted) , p  0.00000
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      (c)  (d) 
Variable: EGFR, Distribution: Log-normal

Chi-Square test = 282.89861, df = 6 (adjusted) , p = 0.00000

0.45 0.46 0.47 0.48 0.49 0.50 0.51 0.52 0.53 0.54 0.55

Category (upper limits)

0

10

20

30

40

50

60

70

80

90

100

110

N
o

. 
o

f 
o

b
se

rv
a

tio
n

s

      

Variable  EGFR, Distribution  Chi-Square

Chi-Square test  7353.54642, df  1 (adjusted) , p  0.00000
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 (e) (f) 

 

Fig. 1 Frequency Distribution curves for EGFR using different distribution techniques (a) Normal, (b) Rectangular, (c) 

Exponential, (d) Gamma, (e) Log-normal, (f) Chi-square. 
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Variable: EGFR, Distribution: Normal

Chi-Square test = 276.04040, df = 6 (adjusted) , p = 0.00000
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Variable: EGFR, Distribution: Rectangular

Chi-Square test = 192.34185, df = 5 (adjusted) , p = 0.00000
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 (a) (b) 

  

Variable: EGFR, Distribution: Exponential

Chi-Square test = 2933.08575, df = 2 (adjusted) , p = 0.00000

0.45 0.46 0.47 0.48 0.49 0.50 0.51 0.52 0.53 0.54 0.55

Category (upper limits)

0

50

100

150

200

250

300

350

N
o

. 
o

f 
o

b
se

rv
a

tio
n

s

 

Variable: EGFR, Distribution: Gamma

Chi-Square:  ------ , df =  0 , p = ---
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 (c) (d) 

Variable: EGFR, Distribution: Log-normal

Chi-Square test = 282.89861, df = 6 (adjusted) , p = 0.00000
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Variable: EGFR, Distribution: Chi-Square

Chi-Square test = 7353.54642, df = 1 (adjusted) , p = 0.00000
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 (e) (f) 

Fig. 2 Cumulative Distribution curves for EGFR using different distribution techniques (a) Normal, (b) Rectangular, (c) 

Exponential, (d) Gamma, (e) Log-normal, (f) Chi-square. 
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Table 4, Table 5 and Table 6 shows the KS-d, KS, AD stat, AD p-value, chi square, chi square p-value and 

chi square df for different distribution functions for IRS. The frequency distribution curves and cumulative 

distribution curves for different distribution techniques are shown in Fig. 3 and Fig. 4 respectively. 

 

Table 4 Different distribution function values using Kolmogorov-Smirnov Test for IRS. 

 
K-S d K-S AD Stat AD p-value Chi-sq Chi-sq  

 p-value 

Chi-sq  

 df 

Gaussian 

Mixture(Mixing.Coef.1,Mean 1, 

Std.Dev 1, Mixing Coef.2,...) 

0 026799 0 978501 0 1503 0 998562 6 067 0 108415 3 

Normal (location,scale) 0 183078 0 000000 18 5049 0 000000 193 533 0 000000 7 

Log Normal (scale,shape) 0 210974 0 000000 25 5090 0 000000 232 733 0 000000 6 

Half Normal (scale) 0 231571 0 000000 22 6154 0 000000 266 733 0 000000 7 

Rayleigh (scale) 0 236718 0 000000 23 2578 0 000000 279 467 0 000000 7 

Weibull (scale,shape) 0 568500 0 000000 117 2716 0 000000 1424 267 0 000000 8 

General Pareto (scale,shape) 0 640743 0 000000 144 1607 0 000000 1907 267 0 000000 8 

Triangular(min,max,mode) 0 867025 0 000000 532 6983 0 000000 1555 267 0 000000 7 

 

Table 5 Different distribution function values using chi square test for IRS. 

 
K-S d K-S AD Stat AD p-value Chi-sq Chi-sq  

 p-value 

Chi-sq 

 df 

Gaussian Mixture 0 026799 0 978501 0 1503 0 998562 6 067 0 108415 3 

Normal (location,scale) 0 231571 0 000000 22 6154 0 000000 266 733 0 000000 7 

Log Normal (scale,shape) 0 236718 0 000000 23 2578 0 000000 279 467 0 000000 7 

Half Normal (scale) 0 640743 0 000000 144 1607 0 000000 1907 267 0 000000 8 

Rayleigh (scale) 0 568500 0 000000 117 2716 0 000000 1424 267 0 000000 8 

Weibull (scale,shape) 0 183078 0 000000 18 5049 0 000000 193 533 0 000000 7 

General Pareto (scale,shape) 0 867025 0 000000 532 6983 0 000000 1555 267 0 000000 7 

Triangular(min,max,mode) 0 210974 0 000000 25 5090 0 000000 232 733 0 000000 6 

 

Table 6 Different distribution function values using Anderson darling test for IRS. 

 
K-S d K-S AD Stat AD p-value Chi-sq Chi-sq 

 p-value 

Chi-sq  

 df 

Gaussian Mixture 0 026799 0 978501 0 1503 0 998562 6 067 0 108415 3 

Weibull (scale,shape) 0 183078 0 000000 18 5049 0 000000 193 533 0 000000 7 

Normal (location,scale) 0 231571 0 000000 22 6154 0 000000 266 733 0 000000 7 

Log Normal (scale,shape) 0 236718 0 000000 23 2578 0 000000 279 467 0 000000 7 

Triangular(min,max,mode) 0 210974 0 000000 25 5090 0 000000 232 733 0 000000 6 

Rayleigh (scale) 0 568500 0 000000 117 2716 0 000000 1424 267 0 000000 8 

Half Normal (scale) 0 640743 0 000000 144 1607 0 000000 1907 267 0 000000 8 

General Pareto (scale,shape) 0 867025 0 000000 532 6983 0 000000 1555 267 0 000000 7 
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Variable: IRS, Distribution: Normal

Chi-Square test = 276.04040, df = 6 (adjusted) , p = 0.00000
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Variable: IRS, Distribution: Rectangular

Chi-Square test = 192.34185, df = 5 (adjusted) , p = 0.00000
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       (a)    (b) 

Variable: IRS, Distribution: Exponential

Chi-Square test = 2933.08575, df = 2 (adjusted) , p = 0.00000
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Variable: IRS, Distribution: Gamma

Chi-Square test = 280.55484, df = 6 (adjusted) , p = 0.00000
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       (c)    (d) 

Variable: IRS, Distribution: Log-normal

Chi-Square test = 282.89861, df = 6 (adjusted) , p = 0.00000
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Variable: IRS, Distribution: Chi-Square

Chi-Square test = 7353.54642, df = 1 (adjusted) , p = 0.00000
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(e) (f) 

  

Fig. 3 Frequency Distribution curves for IRS using different distribution techniques (a) Normal, (b) Rectangular, (c) Exponential, 

(d) Gamma, (e) Log-normal, (f) Chi-square. 
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Variable: IRS, Distribution: Normal

Chi-Square test = 276.04040, df = 6 (adjusted) , p = 0.00000
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Variable: IRS, Distribution: Rectangular

Chi-Square test = 192.34185, df = 5 (adjusted) , p = 0.00000
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 (a)  (b) 
Variable: IRS, Distribution: Exponential

Chi-Square test = 2933.08575, df = 2 (adjusted) , p = 0.00000
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Variable: IRS, Distribution: Gamma

Chi-Square:  ------ , df =  0 , p = ---
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        (c)  (d) 

 
Variable  IRS, Distribution  Log-normal

Chi-Square test = 282.89861, df = 6 (adjusted) , p = 0.00000
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      (e)  (f) 

 

Fig 4 Cummulative Distribution curves for IRS using different distribution techniques (a) Normal, (b) Rectangular, (c) 

Exponential, (d) Gamma, (e) Log-normal, (f) Chi-square. 
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4 Conclusion 

In this paper we have find the KS-d, KS, AD stat, AD p-value, chi square, chi square p-value and chi square df 

for different distribution functions for EGFR and IRS. The frequency and cumulative distribution curves for 

different distribution techniques like exponential, log-normal, normal, gamma, chi-square etc are plotted. More 

generally, these models are flexible, able to incorporate qualitative and noisy data, and powerful enough to 

produce quantitative predictions and new biological insights about the operation of signaling networks. In 

future we will design a CAD system that will help radiologists using wavelet transforms. 
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