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1. ABSTRACT 

 
A challenge we face regularly in DIS is primarily to make prediction based on input data. Even through the article will 

not resolve issue of ambiguity in adopting some internal parameters of the predictor depending on context, the same 

expressions are introduced as Mathematical concepts like data, models, and its study. Assuming we are given dataset, a 

suitable model uses the data to optimize some parameters of that model with respect to a utility function. Thinking of an 

approach Analogues to climb a hill in reaching its peak, MLAs discussed in this paper defines a plotform on different 

types of data forming a Basis for all Business systems. This paper covers a few necessary bits and pieces of Mathematics 

and Statistical language that are commonly used to talk about on different aspects, which depends on domain expertize. 

We often consider data to be noises observation of some true hidden effects, and hope by applying MLAs we can identify 

and quantify a model that describes part of Business uncertainty. Many of these following aspects depend on domain 

expertise and require careful Engineering put under umbrella data [Dr.M.Madhavilata 2021], [Anjali Nair, Ambika 

Biradar, Dr. Radhika Menon| July - 2021 ]. Key role of Data Information systems is to ensure that appropriate data is 

collected from valid sources from different fields, processing it, and parts it to needy destinations in every Business area. 

Applying MLA’S in new era AI modelling systems and attaining operational Control, a strategic implementation is so 

required. In this paper, we present a comprehensive view of Mathematical reasoning in analyzing the data made up of 

following functions.  

1. Data capture 2. Process 3. Store 4. Retrieve 5. Dissemination forecast. For any Kind of data analysis a specific type to 

logic is added to basic Concepts of linear Algebra, Probability, Statics, Calculus, Graphs which leads to excellent 

understanding of real world situations. Hence every individual requirement landed as MLA in the form of coding frame 

work. In any industry, 5 skill sets of data in line with ML Algorithms [Dr.  Suresh  Dara*1,  Subham  Surmara*2,  Sai  

Kiran  Reddy*3,  Kamala  Vani*4,  Aditya  Sai  Varma*5, 2021], [Dr. Suresh  Dara*1,  Subham  Surmara*2,  Sai  Kiran  

Reddy*3,  Kamala  Vani*4,  Aditya  Sai  Varma*5, 2021], [ Dr.M.Madhavilata, 2021] develop optimistic business 

system. Modern data science methods have strong Mathematical techniques to increase intelligence and capabilities of 

its application. This paper reviews as reference text for Industry. Academic Professionals in all decision-making 

environments in domains of DIS. It in depth drives towards growth, efficiency and innovation subject to every 

Mathematical limitations including Optimization. 
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optimization, Decision making, CRM tools customer relationship management tools, Intelligent Applications [Anjali 

Nair, Ambika Biradar, Dr. Radhika Menon, July – 2021], [Adnan N, Nordin Shahrina Md, Rahman I, Noor A, 2018].  

2. INTRODUCTION 

 

A predictor is a function that when given a particular input (in our case, a set of features) produces an output can be 

written as f:RD→R. Instead of considering a predictor as a single function, goal of our learning, better starts in three 
phases of MLAs 1. Prediction/Interface, 2. Training or parameter estimation, 3. Hyper parameter tuning / model 
selection. Prediction phase is to use a Predictor on unseen data training or parameter estimation phase is when we adjust 
our predictive model on training data. The choice of number of components and when this choice is an example of hyper 
parameters. Based on mode of data our work covers answers on all questions 1. What sort of functions we allow the 
predictor to take. 2. How well input function performs well on training data. 3. Comparison of various training data 
functions. 4. For searching over the space of models what best can be fit. 

For example given n=1,……..N data points we often consider objective functions which are sum of losses Ln incurred 

by each variable n [Agrawal R, Gehrke J, Gunopulos D, Raghavan P, 1994], [Ardabili SF, Mosavi A, Ghamisi P, 

Ferdinand F, Varkonyi-Koczy AR, Reuter U, Rabczuk T, Atkinson PM.2020] 

. Hence form l(∅)=∑ Ln(∅)N
n=1   

 

We often relay on operations that preserve conversity to check when a particular function or set is convex. With concrete 

knowledge of Mathematics behind algorithms in in-lined Mathematics best algorithm can be selected for available Data 

Information. Also high variance, issues and in best fitting areas in business can be regularized. More Complex 

relationships among Data features are identified with knowledge of graphs. Data represents a variables model from 

multiple educations, designed by a proper cost function to optimize. Every Mathematical Language Aphorism (MLA) 

identifies pattern by significantly inter pretating a specific concept of its development. We do not even have to limit 

ourselves to our old business formats. We discuss minimum depth levels required for improving strength in ML domain. 

AI enhances Business functions offering Comparisons, automated alerts, where stock is going low, allow contractors to 

effectively rely on AI management and major administrative part of job is done. In market analysis, financial planning, 

leveraging predictive and advanced modeling makes risk assessment easier. It manages crucial real world situations 

where market conditions are volatile and randomly change Customer Relationship (CRMS) tools work out on Customer 

data. It includes past interactions, preferences and priorities of customer satisfaction in buying behavior to build 

communication blocks.  Loyal marketers can track customer decision-making policy employing AI in Data Information 

system that meets unique needs formulating a function and expanding business with un parallelized transform tools.[ Das 

A, Ng W-K, 2001], [Guerrero-Ibáñez J, Zeadally S, Contreras-Castillo J, 2018] 

3. ROLE OF MLA’S IN DIS 

 
We start with discussing actual role of Mathematics Language Aphorism (MLA) Informing any algorithm to operate or 
control it in DIS. 
 
3.1 Linear Algebra: Its Very Special In Its Role As [Blum, Arvim, and Hardt, Moritz. 2015], [Boyd, Stephen, and 

Vandenberghe, Lieven. 2018] 
 

 A branch of Mathematics deals with all ML Algorithms like Regression, SVM, KNN, RF 

 In dimensional vectors having large number of samples for every feature may be  present in data set 

 To observe Similarities between two numerous features of the data set Euclidean distance is followed. 
 

a. ||A-B||= √(x1 − x2)2 + (y1 − y2)2 Manhattan distance 

b. ||A-B| = |x1 − x2| + |y1 − y2| 
c. Chebyshev distance ||A-B|| = max {(x1 − x2), (y1 − y2)} 

 

 In SVM blog concept of projection onto a plane, it is essential passing input data in the form of a Matrix, 
multiply it by a weight Matrix, finally add it to Bias matrix and observe the transformation of input features 
to maximize the output. 

 Concept of Eigen values and Eigen vector in PCA contributes more information to data. [Boyd, Stephen, and 
Vandenberghe, Lieven. 2018] 
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3.2 Probability, Statistics: Having Its Own Criteria, Has More 

 

 Chances of occurrence in all ML classification problems based on given input data to soft max activation 
function in ANNS 

 Naive Bayes classifier Algorithms likely hood hints how input features affect predictions in ML  
 

p(label/feature) = 
p(feature/label)∗p(label)

p(feature)
 

 
 
 
 
 

 
 

 Classification and Regression of lossor cost function is nothing but probability distribution of Discrete 
Density function. 

 Logestic Regression Algorithm is a Cost function used in Maximum likelihood Estimation. 

L(y/x, β) = −πi=1
n  yp

y(i)
(1 − yp)

1−yi
 

 

 Popularly known as pdfs, data distribution takes place the form of input data from Gaessian Distribution 

 To estimate and actual values Summarization techniques like mean, median, mode are introduced in DIS. 
[Katz, Victor J. 2004], [Pearson, Karl. 1895] 
 
 
 

3.3 Calculus : Its Study Of Continuous Rate Of Changes [Griewank, Andreas, and Walther, Andrea. 2003], [Bickel, 

Peter J., and Doksum, Kjell, 2006] 
 

 Mapping a function between input and output data and fitting polynomials as per mentioned degree. 

 GDS (Gradient Decent Algorithms) are derivatives of cost function to sense the direction (+ ve or – ve) for 
updating parameters. 

 For any activation function in ANN (Artificial Neural Networks) to check its continuity and 
differentiability. 

 To update all parameters of a composite function. 

 There happens direct use of Fourier series in data analysis and plotting Andres Curve etc. 

 
3.4 Graphs : A Method Of Easier Representation 

 

 From data to extract more meaningful information. 

 Plot curves to check whether loss minimizes or not. 

 Error estimations when identified Productivity graph designed in parabolic form. 

 Functions like Tanh, Sigmoid, Custom graphical forms plays important role. [Parzen, Emanuel. 1962], 
[Tucker, Ledyard R. 1966]. 

 
4. CLASSIFICATION AREAS OF DATA 

 
Centering on typical business process and transaction in every event every individual deals with different types of data 
as under. 
 
4.1 Structured data  

 

Is a well-defined data and its confirming data model is highly organized, easily accessed through a computer programme 

such as names, dates, addresses, credit card numbers, stock information are also cited with input → out put function, A 

set, of training samples receives this function and supervise through classification task structured data dealing with high 

dimensional data sets, logistic function assumed to be linear between dependent and independent variables, auto fits the 

data Log (Z)=
1

1+e−z .To over come draw back of overlapping classification regression problems introduced predicting a 

Pride 

probability 

Posterior probability 
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continuous variable y based on one or more variables x1, x2, x3,…..xn. In this Regression technique every output variable 

is continuous irrespective of independent variable is continuous or discrete.[ Anjali Nair, Ambika Biradar, Dr. Radhika 

Menon, July – 2021]  

An MLA known as Regression line y=a+bx+δ  
              y= a+b1x1+b2x2+…..bnxn+δ 
 

Where a is intercept, b is inclination of output towards input δ is error term is introduced newly. 
This linear relationship technically “classification veres regression” estimates Economic harmony between of expected 
amount of supply to a given price in demand domain. 
There are two modes 1. Graphic 2. Algebraic 
 
 
4.1.1 Structured data In Graphic mode [Datta, Biswa N. 2010] 

 

 
 Example: 
 
 
 
 

 
 
 
 
 

 

 

 

 

 

 

4.1.2 Structured data In Algebraic mode [Jimenez Rezende, Danilo, Mohamed, Shakir, and Wierstra, Daan. 2014], 
[Parzen, Emanuel. 1962] 

 
  Propored Normal equations to best for the data 

   For y = a+bx are Σy = Na + bΣx 
    Σxy = aΣx + bΣx2 

a. In case of y is a predicted target output with b0,b1,…….,bn regression coefficients then regression is a 
polynomial of nth degree defined by y = b0+b1x+…..bnxn+e 

b. Also best fitted polynomial curve has normal mathematical equations. 
Regression c on X2 on X1 & X3 is X2= a2.13+b21.3X1+b23.1X3 

Having  ΣX2=Na2.13+b21.3ΣX1+b23.1X3 

ΣX1X2=a2.13ΣX1+b21.3ΣX1
2+b23.1ΣX1X3 

ΣX2X3=a2.13ΣX3+b21.3ΣX1X3+b23.1ΣX3
2 

c. Regression con of X3 on X1,X2 
X3=a3.12+b31.2X1+b32.1X2 

Normal elements ΣX3=Na3.12+b31.2ΣX1+b32.1ΣX2 

   ΣX1X3=a3.12X1+b31.2ΣX1
2+b32.1ΣX1X2 

    ΣX2X3=a3.12ΣX2+b31.2ΣX1X2+b32.1X2
2 

Generalizing Regression equations for more than three variables 
X1=a1.234+b12.34X2+b13.24X3+b14.23X4……… for determine value of a1.234, b13.24, b14.23 etc. normal equations are 

obtained by multiplying above equation both sides by X1, X2, X3, X4 etc. and solved for multiple 
regression coefficient of the data. 
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4.2 Semi Structured Data 

 

It provides better out come operated dealing with reward and or penalty. SSD play with [Witten IH, Frank E. Data 

Mining,2005] MLAs like equation classifiers, symbolic reward, extracted form Semi Structured Data organizes 

information in a nested Maths concepts like  decision tree or graph [Freund Y, Schapire RE, et al, 1996] structure 

Complex relationship between customer and JSON object have orders. Each order can further include details of items 

purchased, dates, amounts. The uncertainty of semi structured data causes inconsistency in records resulting difficulty to 

analyze [Graepel, Thore, Candela, Joaquin Quinonero-Candela, Borchert, Thomas, and Her-  ̃brich, Ralf. 2010] and 

make it fit hence. 

 
Solution 

 

1. A scheme – on – real approach using Apache Hive, Hadoop and AWS Athena can be suggested 
2. Also modern software like snowflake, Data Lake and data where-house capabilities allows scalable storage to 

handle diversed data sets. 
3. Mongo DB also provides own power index for optimal querying. 
4. Defining automated validation in the form homogenous equations that monitor data quality matrices ensure 

consistent unique solutions between two variables input, output.  
 

In view customer facing business, being able to analyze semi structured data can help to understand customer trends and 

behavior by searching purchase histories, rentiment analysis, are comments and reviews of information.[ Mohammed M, 

Khan MB, Bashier Mohammed BE.2016] 

4.3 Unstructured Data 

 

When there is no presumed format in bulk, mostly having text and multimedia materials like sensor data, emails, blog 
entries, audio files, images, many business documents falls under human interference. i.e. data driven process. Widely 
extracting generative features identity business trends in density estimation, associates Mathematics rule functions in the 
form of features learning and its dimensionality Reductions. Dimensionality reductions is features selection of attributes 
in a subset of unique features set. Feature selection effecting efficiency increase accuracy in business model in two ways 
1. Variance threshold 2. Eliminate all zero variance characters by default and selection algorithm looks into inputs(x) 

not on outputs(y) 
Defining correlation coefficients in data sets.[ Agrawal R, Gehrke J, Gunopulos D, Raghavan P, 1998], [Boukerche A, 

Wang J, 2020]. 

a. rxy = 
𝚺(𝐱𝐢−𝐱̅)(𝐲𝐢−𝐲)

√𝚺(𝐱𝐢−𝐱)𝟐∗√𝚺(𝐲𝐢−𝐲)𝟐
 

b. To successfully omit certain features Annona of feature selection knows F value is considered. 
c. Relationship between observed frequencies, expected frequencies of data sets, a good test of fit χ2 static 

χ2=∑
(oi−ei)2

ei

n
i=1  is most efficient 

4.4 Meta Data 

 

Meta data refers to descriptive DIS about data points like document or file that helps users to find and organize it 

effectively by providing relevant attributes eg, label or tags allows easier searching and filtering the system.[ Marchand 

A, Marx P,. 2020] 

Also in obtaining actual answers to a question un specified intervals, Metadata in its own importance accesses various 
resources provide and preserve digital identification. In meta language describing data relationship and transformation 
automatically improve users experience and provide information where ever any customer work appears on the disc. In 
many countries has routinely store meta data about emails, telephone calls, webpages, video traffic IP connections and 
cell phone locations, etc. 
 

5.  MATHEMATICAL LIMITATIONS 

 
i. Explains step by approach the scope of our study in various types of learning techniques to enhance data drive 

applications. 
ii. Discuss application oriented ML domains using mathematical approach 
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iii. To highlight and adopt possible MLA without limitations.[ Quinlan JR. C4.5, 1993] 
 
All MLAs used in ML Algorithms throughout DIS are to identify a use case, solve it and optimize it. Finding out how 

some business model works and explaining why one model is superior, Mathematics has its own limitations and if 
improved in computational techniques has no boundaries. Task of MLAs is to modify as per needs of industry to excel 
in every domain. 
 
6. CHALLENGES AND RESEARCH DIRECTIONS 

 
The efficiency of MLA depends on characteristics of its features present in the data. Even though it is not straightforward 

collecting useful data and its management is important. In depth, investigation and proposing new data preparation 

technologies that can constantly predict good online networking systems. Cyber security is most essential area of industry 

to identify bad neighbours to uncover suspicious activity. Security policy rules generated by association rule allowing 

them to transmit data needs human interaction. To estimate total usage of manpower and make context aware and timely 

decisions for people are some challenging tasks to meet with current needs. Many more expansions in creating future 

behavior of ML models every e-commerce customizes product suggestions for their next purchase based on their 

behavior preferences of e-companies. The feature of sales and marketing is ability to capture, evaluate and use consumer 

data to provide a customized shopping exposure.[ Holte RC, 1993] 

7. CONCLUSION 

 

In this paper conducted a comprehensive view for intelligent data analysis. The suggested algorithms need to be digged 
thoroughly to collecte data and wise decision-making choice of MLA can be chosen. Potential research opportunities are 
addressed and future directions are suggested with effective solutions we believe in or study, the discussed MLAs open 

up a promising direction of future challenges. 
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