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[bookmark: _Toc100945564]Introduction
This report critically analysis and visually represents these data. A local software company is in search to develop an application for mathematical innovation. For the accurate assumption result, they provided the app in a local school and run the test among 40, 5 years old students. The data of the result is provided in the task which is analysed and evaluated using different hypotheses at several significance levels. By completing the report the company can easily assume the result and the survey outcome. Overall the report visually represents the presented data by descriptive statistics and calculates the probability of success by the null hypothesis.



[bookmark: _Toc100945565]Data description by descriptive statistics
The table provides data from different students of age 5, this provides a comparison of their marks in math tests before using the application and after using the calculation. The graph visually represents these data, the yellow row is the number before using the application and the green row shows the score in the exam after using the application. Generally, this is showing a positive impact of using the application. Here providing some descriptive statistics of data:
	Student
	Score before using the App
	Score after using the app

	1
	12
	14

	2
	9
	9

	3
	8
	10

	4
	9
	11

	5
	12
	15

	6
	14
	15

	7
	15
	15

	8
	17
	10

	9
	18
	20

	10
	15
	20

	11
	14
	18

	12
	14
	16

	13
	14
	17

	14
	12
	14

	15
	10
	20

	16
	11
	15

	17
	8
	4

	18
	7
	10

	19
	6
	11

	20
	6
	19

	21
	5
	16

	22
	17
	17

	23
	19
	19

	24
	20
	18

	25
	17
	20

	26
	16
	19

	27
	17
	20

	28
	12
	14

	29
	13
	14

	30
	11
	13

	31
	12
	12

	32
	6
	9

	33
	8
	20

	34
	10
	17

	35
	15
	17

	36
	17
	17

	37
	17
	19

	38
	18
	20

	39
	12
	13

	40
	17
	15


Figure 01: Given Data
Source: Assessment brief


Figure 02: Data presentation by graph
Source: Self-made
[bookmark: _Toc100945566]Mean
The mean, sometimes known as the average value, is arguably the most widely used means of expressing central tendency. To calculate the mean, you just sum up all of the values and divide the total number of values by the total number of values (Mendez et al., 2019). Take, for example, the following test score values:
Mean of the data before using the application:
  Mean = total sum of data/total number of data
	= 508/40
= 12.7
 Mean of the data after using the application:
Mean = total sum of data/total number of data
	= 614/40
= 15.35
[bookmark: _Toc100945567]Median
The Median score is the score that is located exactly in the centre of a collection of values. The simple way to calculate the mean is to list all the data in increasing order and then find the exact middle data, which is the mean (Coyle and Nguyen, 2019). There are a total of 40 pieces of data included in this table. Because this data must be organized in ascending order to get the median, an excel sheet may be used to organize them into an expanding range.
Median before using the app:
In here the 20th and 21st are 12 and 13.
So, the median is (12+13)/2 = 12.5
Median after using the app:
And the the 20th and 21th value is (16+16) / 2 = 16
[bookmark: _Toc100945568]The shape of data
Here presents the data shape according to the provided data. The blue bar shows the data before using the application and the orange bar show data after using the application. From the graph, the ups and downs of the data and the data variation are presented (Azhir et al., 2019).

Figure 03: Data presentation by graph
Source: Self-made
[bookmark: _Toc100945569]Testable hypotheses for the experiment.
For the data analysis of the survey different hypotheses can be effect fully. The most common hypotheses are the null hypothesis and alternative hypothesis. Here describe the two types of hypotheses.
Null hypothesis (H0)
An example of a null hypothesis claims that a population parameter is equal to a hypothesised value. When it comes to hypothesis testing, the null hypothesis is often an initial assertion that is supported by research or specialized knowledge (Dincă et al., 2019).
Alternative Hypothesis (H1)
When compared to the null hypothesis, then the alternative hypothesis asserts that the population parameter is less, higher, or otherwise different from the calculated hypothesized value (Haahtela, 2019). You might think of an alternative hypothesis as something you believe to be true or something you hope will prove to be true in the future.
Two-sided and one-sided alternative hypotheses
Assuming a researcher has obtained the findings of a sample of high school pupils who participated in a nationwide test. The researcher is interested in whether or not the results at that school the average value of national result which is 850 (Mashour et al., 2020). He is finding that if the result is less than or larger than the national average value, a two-sided alternative hypothesis is an ideal choice. (H0: μ = 850 vs. H1: μ≠ 850)
The researcher is interested in knowing whether pupils who have received training outperform the national average of 850. It is possible to utilize a one-sided alternative hypothesis (which is known as a directed hypothesis) when a researcher is particularly hypothesizing the score of a trained student is higher than the national average (Aquino et al., 2020). The difference between (H0: μ = 850 vs. H1: μ > 850)
For the survey purpose, the null hypothesis will be the most suitable option. A null hypothesis is a form of a statistical hypothesis that claims that there is no statistical significance in a collection of data that has been provided to you. Hypothesis testing is a technique for determining the believability of a hypothesis based on the validity of sample data (Knight et al., 2020). The null hypothesis, also known as the conjecture, is a statistical test used in quantitative analysis to determine if a theory regarding markets, investment techniques, or economies is correct or incorrect.
Testing of hypotheses to various significant level t-test: Two – samples Assuming Unequal Variances.

a)  p = 0.10 

	t-Test: Two-Sample Assuming Unequal Variances
	

	
	
	

	 
	Score before using the App
	Score after using the app

	Mean
	12,75
	15,3

	Variance
	16,80769231
	15,29230769

	Observations
	40
	40

	Hypothesized Mean Difference
	0
	

	df
	78
	

	t Stat
	-2,846542418
	

	P(T<=t) one-tail
	0,002822714
	

	t Critical one-tail
	1,292499597
	

	P(T<=t) two-tail
	0,005645427
	

	t Critical two-tail
	1,664624645
	 




b) p = 0.05 

	t-Test: Two-Sample Assuming Unequal Variances
	

	
	
	

	 
	Score before using the App
	Score after using the app

	Mean
	12,75
	15,3

	Variance
	16,80769231
	15,29230769

	Observations
	40
	40

	Hypothesized Mean Difference
	0
	

	df
	78
	

	t Stat
	-2,846542418
	

	P(T<=t) one-tail
	0,002822714
	

	t Critical one-tail
	0
	

	P(T<=t) two-tail
	0,005645427
	

	t Critical two-tail
	0,677648124
	 




c) p = 0.01 
 
	t-Test: Two-Sample Assuming Unequal Variances
	

	
	
	

	 
	Score before using the App
	Score after using the app

	Mean
	12,75
	15,3

	Variance
	16,80769231
	15,29230769

	Observations
	40
	40

	Hypothesized Mean Difference
	0
	

	df
	78
	

	t Stat
	-2,846542418
	

	P(T<=t) one-tail
	0,002822714
	

	t Critical one-tail
	2,375110958
	

	P(T<=t) two-tail
	0,005645427
	

	t Critical two-tail
	2,640340015
	 



Testing of hypotheses to various significance level t-test: Two – samples Assuming equal Variances. 

a) p = 0.10 

	t-Test: Two-Sample Assuming Equal Variances
	

	
	
	

	 
	Variable 1
	Variable 2

	Mean
	12,75
	15,3

	Variance
	16,80769231
	15,29230769

	Observations
	40
	40

	Pooled Variance
	16,05
	

	Hypothesized Mean Difference
	0
	

	df
	78
	

	t Stat
	-2,846542418
	

	P(T<=t) one-tail
	0,002822714
	

	t Critical one-tail
	1,292499597
	

	P(T<=t) two-tail
	0,005645427
	

	t Critical two-tail
	1,664624645
	 




b) p = 0.05 

	t-Test: Two-Sample Assuming Equal Variances
	

	
	
	

	 
	Variable 1
	Variable 2

	Mean
	12,75
	15,3

	Variance
	16,80769231
	15,2923077

	Observations
	40
	40

	Pooled Variance
	16,05
	

	Hypothesized Mean Difference
	0
	

	df
	78
	

	t Stat
	-2,846542418
	

	P(T<=t) one-tail
	0,002822714
	

	t Critical one-tail
	1,664624645
	

	P(T<=t) two-tail
	0,005645427
	

	t Critical two-tail
	1,990847069
	 




c) p = 0.01 

	t-Test: Two-Sample Assuming Equal Variances
	

	
	
	

	 
	Variable 1
	Variable 2

	Mean
	12,75
	15,3

	Variance
	16,80769231
	15,29230769

	Observations
	40
	40

	Pooled Variance
	16,05
	

	Hypothesized Mean Difference
	0
	

	df
	78
	

	t Stat
	-2,846542418
	

	P(T<=t) one-tail
	0,002822714
	

	t Critical one-tail
	2,375110958
	

	P(T<=t) two-tail
	0,005645427
	

	t Critical two-tail
	2,640340015
	 



Statistical Significance and Type I Errors
Statistical judgments are generally taken to reduce the risk of Type I mistakes occurring 
-this may result in a large number of Type II errors occurring.
Statistical findings are often stated as "statistically significant at the 0.05 level"
-this signifies that there is a 5 per cent probability of making a Type I error – a mistake in the data collection or analysis (Kelter, 2020).
That mistake will occur 5 times out of every 100 occasions. To raise the likelihood of committing a Type II mistake, you must increase the level to one per cent.
-You are reluctant to reject a theory even though the evidence supporting its rejection is rather compelling.
[bookmark: _Toc100945570]Null hypothesis testing 
The null hypothesis for a paired t-test is Ho: μ1 = μ2.
The three alternate hypothesis become:
μ1 ≥ μ2
μ1 ≤ μ2
μ1 ≠ μ2
We are assuming that the standard deviations of the two populations are the same. To verify this assumption, you might utilize the F-test hypothesis test (Aczel et al., 2018).
We calculate the test statistic using:

where sp is the pooled standard deviation and calculated from the samples by

The degrees of freedom used to determine the critical value is df = n1 + n2 – 2.
The critical value (or rejection region) for the three tests given a (1-α)100% confidence level becomes:
Reject Ho if t > tα,df
Reject Ho if t < tα,df
Reject Ho if |t| > tα/2,df
We have data from two different views of 40 pupils in this section. One set of data contains the results of a math test taken before using the program, while the other set of data contains the results of a math examination taken after using the application (Harrison et al., 2020). The information has already been mentioned.
The means are as follows: X-bar1 = 12.7 and X-bar2 = 15.35; s1 = 4.0585 and s2 = 3.9193; s1 = 4.0585 and s2 = 3.9193. Df = 40 + 40 – 2 = 78 degrees of freedom are obtained from the forty samples obtained from each procedure. 
The critical value is
· t1(.05, 78) = 1.990, given an α = 0.05 or a 95% confidence level
· t2 (.01, 78) = 2.639, given an α = 0.01 or a 99% confidence level 
· t3 (.1, 78) = 1.664, given an α = 0.1 or a 90% confidence level
Calculation for t1:

				= 3.989
			

					= 2.970
In this case, since the 2.970 value is more than every portion of the test, the null hypothesis has been rejected, which is stated as follows: This suggests that there is compelling evidence that the two procedures do not have the same influence on the final output as one another. This indicates that the app's engagement in the educational process has the potential to improve the educational system and provide better results (Tijmstra, 2018).



[bookmark: _Toc100945571]Outliers in data
As these data are strict examination marks so there is no scope to have outliers of these data. But there may be outliers in the time of examination result. As the result depends on the judgemental power of the examinee so they need to be specific or judge perfectly to avoid any kinds of outliers in the data. If there are some outliners in these data then these outliers can be easily removed in some ways these are:
Shorting method:
Sorting can help to easily remove any kinds of unnecessary value from the list. as the list shows the values from different portions (Kelter, 2020). Shorting can help to set data from the lowest value to the extreme values. Which can help examine data.
Using visualizations
You may use software to show your data using a box plot, or a box-and-whisker plot, so you can view the data distribution at a glance. This style of graphic illustrates the lowest and maximum values (the range), the median, and the interquartile range for your data (Kelter, 2020). Many computer applications indicate an outlier on a chart with an asterisk, and they will be outside the borders of the graph.


[bookmark: _Toc100945572]Factors that might have affected the results
In my hypothesis the data range was limited to there was no option of effects the result from data. The result may be affected by the result standard deviation. Here describing different factors which affect the overall result.
Sample Size
The greater the sample size, the greater the statistical power. Because the sample size is often within the control of the investigator, increasing the sample size is one method of enhancing power. Using a high sample size, on the other hand, might be difficult and/or costly in certain cases (Haahtela, 2019).
Standard Deviation
When the standard deviation is small, the power is greater than when the standard deviation is big. Concerning all values of N, power is greater for the standard deviation of 10 than it is for the standard deviation of 15 (except for the course of N = 0). By selecting participants from a homogenous group of people, decreasing the amount of random measurement error, and/or ensuring that experimental protocols are followed with extreme consistency, experimenters may occasionally control the standard deviation.
Difference between Hypothesized and True Mean
The impact size is relative to the probability that a significant impact would be found in an investigation, which is normal to accept (Tijmstra, 2018). Expanding the contrast between the mean given by the invalid theory and the mean determined by the populace implies impacts on the populace mean for standard deviations of 10 and 15.


[bookmark: _Toc100945573]Conclusion
A software-based company is developing an application for learning mathematics. They are doing several tests of their application. For the accurate result, they completed a survey among 40, 5 years old students. For the survey, they do the same test for 40 students without application and the same test after providing them with the application. The table shows the clear positive outcome from the result. But the detailed analysis and the hypothesis can provide an exact assumption and risk-free probability. The report analysed the data and show results from different significance levels.
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