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Graduation tests
Data Csv = Graduation.csv

Q1} Calculating Crude rates
#Mortalitydata$CRUDE<-Crude_rate











Q2} Using Gompertz law for Graduated rates
Since, μx = B*C^x
Taking log of both sides
Log(μx) = logB+x*logC ,which is a linear equation for x
Using lm() function to put Gompertz law on data and coef() & as.numeric() for coefficients value
coef() to get the coefficients out of the model and as.numeric to remove headings
 





Now calculating Graduated rates:
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Q3} Applying Third Difference to check Smoothness
Given: diff1 = function(x)x[-1]-x[-length(x)]
The values obtained were multiplied 10^6 to make them easy to compare


















Comment:-
The Crude rates are much higher in magnitude as compared to Graduated rates and are very irregular because they are directly calculated from DEATHS and ETR, however the max value to Graduated went till 50 because a parametric formula is used with two parameters and the slight irregularity is because of rounding.





Q4} Calculating Values in EXPECTED AND ZX
Expected:-
Mortalitydata$EXPECTED<-round(Mortalitydata$GRADUATED*Mortalitydata$ETR,2)
ZX:-
Mortalitydata$ZX<-(Mortalitydata$DEATHS-Mortalitydata$EXPECTED)/sqrt(Mortalitydata$EXPECTED)
[image: ]



[image: ]Using Chi-square test to check Goodness of fit of DEATHS & EXPECTED




degrees of freedom = 50 
H0: EXPECTED and DEATHS are a good fit of one another
Since p-value is less than 0.05 we accept null Hypothesis.












Q5}
A] Standardized Deviation Test
	
	(-inf,-3)
	(-3,-2)
	(-2,-1)
	(-1,0)
	(0,1)
	(1,2)
	(2,3)
	(3,inf)

	Obs
	10
	4
	2
	4
	1
	4
	6
	20

	expected
	0.0501
	1.07
	6.936
	17.391
	17.391
	6.936
	1.07
	0.0501



· Overall Shape : the values are positively skewed, so it doesn’t follow normal distribution
· Absolute Deviations : lots of values concentrated towards the tails
· Outliers : there a lot of outliers in the data












· [image: ]Symmetry : No symmetry, positively skewed data
· Final conclusion about Null hypothesis: Reject the null hypothesis that the data is a good representation of the underlying mortality rates. We reject our null hypothesis at 5%. 






[image: ]B] Sign Test







p value = 0.954, Binomial(51,0.5)
We accept the Null Hypothesis : No bias is present in data

C] Cumulative Deviation Test

H0:No overall bias present
The observed value of test statistic is 18.83024
For a test at 5% level of significance level we compare the value of test statistic with lower and upper 2.5% points, i.e. with +-1.96. Since 18.83 is greater than 1.96 we reject the Null Hpothesis and conclude the graduated rates are too low.

[image: ]D] Serial Correlation test
[image: ]

H0: No grouping of signs
The value of test statistic is 1.055235
As we are testing only for positive correlation, we compare the value of test statistic with 1.6449, the upper point of 5%. We find there is insufficient evidence to reject the null hypothesis, there is no grouping of signs
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> Gompertz<-Im(log(Mortalitydata$CRUDE)~MortalitydatasaGe)
> Gompertz

call:
Im(formula = Tog(MortalitydatasCRUDE) ~ MortalitydaraSace)

coefficients:
(Intercept) mortalitydatasace
-11.0009 0.1063

> coef (Gompertz)
(ntercept) Mortalitydatasace
-11.0008645 0.1062976
exp(as. numer1 c (coef (Gompert2))) [1]
exp(as. numeri c (coef (Gompert2))) [2]

.6687272-05

2YeY Yy
Ealane

1.112153
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> diff_crude<-round(diffl(diffi(diffi(mortalitydatascrRUDE)))*1046,0)
> diff_graduated<-round(diFf1(diff1(diff1(vortalitydarasGRADUATED)))*1046,0)
> cbind(vortalitydatasace,diff_crude,diff_graduated)

diff_crude diff_graduated

,]2s -2 [
[2,] 26 568 0
[3.] 27 -1414 0
[4,] 28 1973 0
[5.1 29 -3099 1
6,1 30 3648 1
[7.]1 31 -2233 1
[8,] 32 17 1
[9,] 33 1342 1
[10,] 34 -1322 1
[11,] 35 2241 1
[12,] 36 -3676 1
[13,] 37 3676 1
[14,] 38 -3183 1
[1s,] 39 947 1
[16,] 40 1004 2
7,1 41 -1142 2
[18,] 42 3333 2
[19,] 43 -3124 2
[20,] 24 -1295 3
[21,] 45 398 3
[22,] 46 3528 3
[23,] 47 -274 3
[24,] 48 -4533 4
[25,] 49 4447 rs
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> data<-data.frame(MortalitydatasSDEATHS MortalitydataSExPECTED)
> chisq. test(data)

pearson’s Chi-squared test

data: data
X-squared = 905.27, df = 50, p-value < 2.2e-16
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data: 31 and 51
nunber of successes = 31, number of trials = 51, p-value = 0.954
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0.6078431
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> cl_dv_test = (sum(Mortalitydata$DEATHS)-sum(Mortalitydata$SEXPECTED))/sqrt(sum(MortalitydataSEXPECTED))
> c1_dv_test
[1] 18.83024
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> correlationn
[1] 0.1477625
> test_statistic:
> test_statistic
[1] 1.055235

qre(51)*correlationn
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