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Abstract  
Predictive analytics combines the capabilities of statistical 
analysis, machine learning and data mining. Vast amount of 
unstructured data produced by various public and private 
sectors such as government, health insurance, social media 
and academics gave the way for text analytics to make an 
insight into finding risk. Predictive analytics can forecast 
trends, determines statistical probabilities and to act upon 
fraud and security threats for big data applications such as 
business trading, fraud detection, crime investigation, 
banking, insurance, enterprise security, government, 
healthcare, e-commerce, and telecommunications. 

Predictive analytics as a service (PAaaS) framework is 
proposed in our earlier works. This paper gives solution to 
one of the application fraud detection in income tax data. The 
solution is based upon ensemble model that uses Gaussian 
process with varying hyper parameters. Performance 
measures NRMSE and COD are used to analyse the model. 
Test results proved that the third hyper-parameter values 
yielded a good result with less error rate and more variance 
which is reliable for a predictive model.   
 
Keywords—Predictive Analytics, Gaussian process, Data 
Transformation , Statistical Computing, Tax Administration 

 
I. INTRODUCTION  

Data analytics uncover hidden patterns and correlations from 

large volumes of data by using techniques from statistics, 

machine learning, artificial intelligence and data mining. 

Predictive analytics (PA) refers to predictions such as 

customer relationship management, cross sell, healthcare 

insurance, risk management in banking, 

telecommunications, fraud detection about the future 

through analysis of data.  Data analytics can be categorized 

into descriptive, predictive and prescriptive models. 

Descriptive models uses data aggregation to conclude upon 

what has happened, like mentioning the relationship between 

the data and describes past, predictive analytics that uses 

statistical models to forecast the future like what may happen 

and prescriptive analytics uses optimization techniques to 

suggest the ways of outcomes and their possible effects. 

Further predictive models can be categorized into 

classification models and regression models. Classification 

models determine class labels (categorical) where as 

regression models help in predicting a numeric value. Many 

techniques have been developed for  

 

 

 

 

 

 

predictive modeling such as SVM, Bayesian methods, neural 

networks, regression models, k-NN, uplift models and 

decision trees. But ensemble models proved to be achieving 

good accuracy when compared to others, reason being, they 

train several similar models and combines results so that a 

best model can be derived to predict new data. As explained 

in [1], predictive models can find relationship between 

outcome and dependent variables.Similarly descriptive 

models are used to form clusters of objects with similar 

characteristics. There are six phases for predictive analytic 

process. In the initial phase project is defined with outcomes, 

objectives, scope and the deliverables from the project. In the 

next phase data is collected from various sources and is 

analyzed. This analysis requires strategies for preprocessing 

such as data cleaning, transformation and data modeling so 

that useful data is extracted for further processing. 

Subsequently validate the initial hypothesis using statistical 

models. The next phase is predictive modeling for 

forecasting the future. Results after implementation can be 

deployed for using it in the day to day decision making.  The 

last phase is monitoring the model in order to ensure that it is 

providing the expected results. 

 Fraud detection is necessary for any financial system. 

Nowadays, some people are deceiving government by not 

paying the taxes correctly. A huge loss is being reported by 

the government. Government has no proper estimate of how 

much tax is to be collected from the people. If it has a proper 

observation of the taxes received from previous years, 

government can make decisions regarding, amount of taxes 

that should be collected. A proper estimate of these amounts 

can make the task of fraud detection easier. If we can reduce 

the fraud that is associated with the tax collection, there will 

be an increase in the income for the government, which can 

be used for development activities. So the fraud can be 

detected by extracting the insights from the data which is 

discussed in this paper. This paper focus on the computing 

layer of our framework described in [2], that applies 

predictive analytic algorithm Gaussian process on income tax 

data set to identify fraud in projected tax values. The paper is 

organized as follows: section 2 presents literature survey on 

various predictive analytic algorithms and various existing 

web services. Section 3 outlines the proposed framework. 

Conclusions and future work is given in section 4. 
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II. MATERIALS & METHODS 

Work reported in [3] explores the compliance and revenue 

consequences of the use of predictive analytics in an agent-

based model that draws upon the behavioral approach to tax 

compliance. The belief and social custom feed into the 

occupational choice between employment and two forms of 

self-employment. It is shown that the use of predictive 

analytics yields a significant increase in revenue over a 

random audit strategy by affecting the subjective belief and 

enhancing the social custom. Agent-based modeling for tax 

evasion is discussed in [4].  Credit scoring and econometric 

analysis methods from predictive analytics are used. Their 

analysis compared the outcome of predictive analytics based 

on tax return data with that of random audits. Decision Trees 

are used for identifying behavior patterns and census data 

allows for the classification of those likely to commit fraud. 

Forecasting analysis such as Predict tax collection revenues 

to detect anomalies or errors during a particular time period 

is made. Predictive analytics and predictive risk modeling 

(PRM) models are reviewed such as Deloitte Consulting, the 

Public Consulting Group, the Case Commons Casebook 

model, and cutting edge work in New Zealand as reported in 

[5]. In an article published by economic times stated that 

Indian Government wants to use big data analytics tools in 

income tax department so as to differentiate black money 

holders from genuine tax-payers[6]. In another article [7], 

reported that predictive analytics can search vast amount of 

tax data for detecting tax evasion. Authors of [8] explained 

how Predictive data analytics saves lives and taxpayer 

dollars in New York City. In the work reported by [9] 

concluded that predictive analytics as a service should be 

dynamic and self improving so that it will provide right data 

to the right person at the right time and place. Authors of [10] 

discussed about feature engineering strategies for credit card 

fraud detection. Periodic behavior of the time of a transaction 

is analyzed using the Von Mises distribution.  For the 

experiments they used three cost-insensitive classification 

algorithms: decision tree (DT), logistic regression (LR) and 

a random forest (RF), with and without the Bayes minimum 

risk threshold (BMR), and the cost-sensitive algorithms - 

cost-sensitive logistic regression (CSLR) and cost-sensitive 

decision tree (CSDT).  Authors did not mention about 

features creation and their individual impact.  A method is 

proposed in [11] to minimize the investment risk in stock 

market by predicting the returns of a stock using ensemble 

learning random forest algorithm. A case study on tax 

collection per month of the Federal Patrimony Department 

(SPU) is presented in [12]. In this authors analyzed Rule-

Based Systems and Neural Networks classifiers for fraud 

detection and finally Neural Networks predictors for 

detecting fraud in time series data of the SPU.  But their 

method works for small samples only. ANN along with 

Genetic algorithm is used to find credit card fraud detection 

in [13]. Deep learning, advanced machine learning 

algorithms are used for fraudulent detection in [14], Authors 

of [15] has used regression for predicting behavior of stock 

market analysis.   

 

PROPOSED FRAMEWORK: 

2.1 Pre-Processing Using Z-Score Normalization 

Fig.1. presents flowchart of the proposed system. Data 

collected from variety of sources may have incomplete, noisy 

and in-consistent data. Preprocessing helps for data 

smoothing and normalization. Our framework uses Z-Score 

normalization for normalizing the data. When there are 

outliers, Z-Score proves to be better when compared to Min-

Max Normalization. Z-score normalization is calculated 

using Eq (1) and Eq (2) 

                                V' = (V - Mean) / StDev             (1) 

                              
 /)(  xZ

            (2) 

 Where Z is Z-Score, X is the data element, µ is the mean and 

σ is the standard deviation. 

 

 
Fig.1.Flow chart of the proposed system 

 

2.2 Gaussian Process (GP) 

Gaussian process can be defined as given in Eq (3): 

 

)),(),((~)( 0xxkxmGPxf
 (3) 

Where m(x) is the mean function which is calculated using 

Eq (4) and k(x,x0) is the covariance function (kernel function 

of the Gaussian process).   

  
)]([)( xfExm 

 (4) 

Generally mean function is assumed to be zero, but authors 

of [16] states that a Gaussian process can have a zero mean 

function. More information about the non-zero mean 
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functions could be found in [16]. For our implementation, we 

used zero value.  Covariance between the two random 

variables f(x) and f(x0) is calculated using Eq (5). 

))]()())(()([(),( 000 xmxfxmxfExxk 
 (5) 

 

2.3 Gaussian Process Regression 

 Covariance function should be selected so as to produce a 

distribution of random functions. For efficient forecasting, 

GP requires good number of training samples and targets. 

Squared Exponential covariance function is  used to 

calculate covariance function as given in Eq(6). 

  
 )(xfy

     (6) 
 

Where Gaussian noise Ɛ is defined as  
),0(~

2

n 
.  

Sometimes Squared Exponential covariance function as 

given in Eq(7) and Eq(8) is used for covariance function  

                     
)),(,0(~)( 0xxkGPxf

                   (7) 

 where       

        
]2/)exp[(),( 22

0

2

0 lxxxxk f 
      (8) 

 Covariance function related to the target values y, denoted 

as
),cov( 0xx

, 

And is defined using Eq(9): 

   

 
),(),(),cov( 0

2

00 xxxxkxx n 
  (9) 

Where 
),( 0xx

 is the Kronecker delta function which is 

equal to 1 if 0xx 
 and 0 otherwise. 

 
 2.4 Selection Of Hyper-Parameters 

     The noise variance and the parameters in the kernel 

function are taken as the free hyper-parameters in Gaussian 

process [16]. This is represented by the vector θ in Eq (10): 

},,{
22

nfl  
      (10) 

Where l is the characteristic length scale, 

2

f
 is the signal 

variance and 

2

n
 is the noise variance. In Gaussian Process 

Regression (GPR), these three parameters are obtained by 

learning the data. Bayesian model is used to infer these 

parameters (marginal likelihood maximization method). 

According to the Bayes rule, we can represent the posterior 

probability of the parameters as given in Eq (11): 

)|(/)(),|(),|( xyppxypyxp  
 

(11) 

 

),|( xyp
 is the marginal likelihood which is to be 

maximized, and p(θ) is the prior probability of the 

parameters. 

The marginal likelihood can be calculated using Eq (12). 

  dfxfpxfypxyp )|(),|(),|( 
 (12) 

The log value of the marginal likelihood gives the 

parameters which has been given in Eq (13)  [16]:       

 2log)2/(||log)2/1()2/1(),|(log)( 11 nkykyxypL T  

(13) 

 

Final step is to find best set of features for creating a 

predictive model because some features are better for 

predicting the target than others. Also, some features have a 

strong correlation with other features, so they will not add 

much new information to the model, and thus can be 

removed. 

 

III Results and Discussion 

3.1 Dataset used 
Input dataset is State Government Tax Collections historical 

data available at 

https://www.census.gov/govs/statetax/historical_data.html. 

Fig.2. presents attribute list. Data from the Annual Survey of 

State Government Tax Collections are available online for 

each year from 1992 to the present. A historical dataset for 

years 1951 to present is available in Excel format. This paper 

presents the results of the analysis for the subset of dataset 

that comprises data of all the states and for the years 1994 to 

2014. Also we considered property tax as the target variable 

for all the states over the last 20 years. R Studio software that 

provides a platform for statistical computing and handling 

large data sets is used for implementing the algorithm. 

 

 
Fig.2. Attribute list 

 

3.2 Perforance Measures 

Normalized Root Mean Square Error (NRMSE can be 

calculated using Eq (14). 

  

 (14) 
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Coefficient of determination (COD) can be calculated using 

Eq (15) 

 

(15)  

 

 

 

The training data sets are taken into xtrain and ytrain vectors 

as shown in Fig 3 and Fig 4. xtrain vector contains the year 

column values of training data set and ytrainvector contains 

the property tax data of training data set. The testing data set 

also have been into xtest and ytest vectors. A sequence of 

points are generated, at which Gaussian functions will be 

applied. v1, v2, v3 are the lines generated in the graph by 

applying Gaussian function at the points defined by sequence 

as shown in the Fig.5.  

 
Fig.3. Training Vector: xtrain 

 
 

Fig.4. Training Vector: ytrain 

 

 

 
Fig.5. Sample Gaussian Functions plot 

Now, after selecting the hyper-parameters values 

}004225.0,1,1{  and passing these values to Gaussian 

function, the covariance matrices are calculated. These 

covariance matrices are used to determine Gaussian function 

values for the corresponding input sequence of random 

numbers that are equally distributed using sequence 

function. The predicted value for the testing value will be the 

actual mean of the posterior Gaussian distribution. So, to find 

the prediction value for the testing value, the testing values 

is passed to x.star vector in the implementation code. After 

calculating the prediction values for all the states, the 

performance of model is calculated using NRMSE. The 

parameter y containing the predicted values and x containing 

the observed values are passed to NRMSE function. This 

function gives the error rate in the prediction process. 

Coefficient of determination describes how much of the 

variance between the two variables is described by the linear 

fit. Considering the prediction value, the calculated COD is : 

COD = 0.90, for hyper parameters l=0.5, f =1, n =0.080 

COD= 0.99, for hyper parameters l=1, f =1, n =0.065 

The graph generated by taking the hyper-parameters l=0.5, 

f =1, n =0.080is as shown in Fig.6. The three variables 

v1, v2, v3 represent the Gaussian Functions. 

 

 
Fig.6. Training data graph plot with more error rate 

On calculating the performance measure, the error rate that is 

obtained is high. Hence on changing the hyper-parameters to 

l=1, f =1, n =0.065, the graph plot generated after actual 

prediction is shown in Fig.7.  

 
Fig.7. Training data graph plot 
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3.3 Analysis of performance measures:  

Table 1 compares the performance of the model by varying 

the Hyper-parameters values.  

Table 1: NRMSE and COD values with varying Hyper-

parameters  

S.NO Hyper-

parameters(

nfl  ,, ) 

NRMSE COD 

1 0.5, 1, 0.80 54.4 0.90 

2 1, 1, 0.1 14.3 0.98 

3 1, 1, 0.065 3.8 0.99 

By observing the table 1, it is obvious that different hyper-

parameters produced different NRMSE and COD values. 

Considering the first Hyper-parameter values, the length-

scale 

is taken as 0.5, it means the function values change quickly 

and the noise variance is taken as 0.080 which means more 

noise is added to functions. So this generated   more error 

rate and less variance. Now considering the second hyper-

parameter values, the length-scale and noise variance are 

changed in such a way that it decreased the error rate and 

increased variance when compared to previous values. As 

more noise variance is added to the function in the previous 

two hyper-parameter values, the noise variance is decreased, 

that is less than the previous values. So the third hyper-

parameter values yielded a good result with less error rate 

and more variance which is reliable for a predictive model. 

  

IV Conclusion 

This paper presented one of the case studies, where we build 

a predictive model that forecast the tax values. Regression 

has been used successfully in building the predictive model 

by selecting suitable hyper-parameters that are used in 

defining Gaussian functions. The performance of the 

predictive model has been measured by using Normalized 

Root Mean Square Error (NRMSE) and Coefficient of 

Determination (COD) performance measures of different 

hyper-parameter values such as }004225.0,1,1{ , 

}0064.0,1,5.0{  and }001.0,1,1{ . It was 

observed that when the value is }004225.0,1,1{

performance is good when compared to
}0064.0,1,5.0{ . 

     The field of Artificial Neural Networks, Gaussian 

process, Linear Regression model has diverse opportunities 

for future research in the predictive analytics. This paper 

presented results of Gaussian Process prediction technique to 

build the predictive model. In future, work can be extended 

by implementing various other techniques such as Artificial 

Neural Networks and Linear Regression Model techniques. 

By implementing all these techniques, we can determine 

which technique is more reliable by using performance 

measures such as NRMSE and COD. 
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