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Al-Driven Statistical Analytics
]
Credi IR T hrticali 2 Total: 4
Theory: 2 l’l_(luu._ﬂ_g_________‘ Total:4 S8R ..
T BT ‘“M-_I# ative Analysis &

Course Content

Unit - 1: Foundations of Quantit
Computational Environments
Theoretical Component
« Introduction to Modern
wansition from desktop sta
computational analytics frameworks. ]
e Core Statistical Principles Revisited: Types o]" variables '
(nominal, ordinal, interval, ratio). understanding population

parameters vs. sample statistics; the Law of Large Numbers
and Central Limit Theorem.

e Descriptive Measures and Distributions: Mathematical
formulations of central tendency (mean, median, mode), robust
dispersion metrics (variance, standard deviation, interquartile
range, skewness, kurtosis); probability density functions for
Gaussian, Binomial, and Poisson variations.

e The Computational Environment Setup: Architecture of
integrated development environments; standard script
execution models; understanding dependency tree structurcs
and workspace management.

Practical & Laboratory Component
e Workspace Engineering: Initializing terminal environments.

launching and navigating Jupyter Notebook systems and VS
Code local directories.

o Python Syntax Core Implementations: Declaring structural
data containers (Lists, Dictionaries, Tuples, Sets); building
iterative validation pipelines using loops (for, while) and
functional operations (if-clse).

e Functional Programming Design: Writing modular, cleanly
documented user-defined functions with parameterized
argument mapping and return pipelines.

e Mathematical Grid Operations: Utilizing the NumPy library to
initialize matrices, run multidimensional vector cIIIClII:lLinl';s.
and perform linear algebra translations. E

Analytics Data Pipelines: The
tistics 1o enterprise-scale automated

Unit = 2: Advanced Exploratory Data Analysis & Inference
Engines ;
Theoretieal Component
o Data !rlgcslitlll & Struetural Manngement Theory:
ll'_’lntmnul structures vs. unstruetured text frames; working
with spirse imatrices, missing row values, and unaligned i
column datatypes, 3
e Exploratory Daty Analysis (EDA) Paradigms: Principles
:;1 liu!;ulur structure analysis, tracking underlying
istributions; identifying shewnes i
. : ess, outlier
collection noise, : o

o Inferentinl Testing Frameworks: Formulation of Null (Hu)

and Alternative (H) hypotheses; understanding Type-] (1)
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4nd Type-11 (B) crrors; the mechanics of the p-value and |
statistical confidence fimits.

b Panametric Non-Parametric I'rameworks: | I’cm"“fﬂ!
Lonstraings, mathematical '.H'Slunptinns. and nm[her.n.mc;rl
humlnl'ru'ms. Loverning Student’s 1-1ests, Analysis of
_V.'lirmnc;.- (ANGVA) and Chi-Square tests of

- Practics ,II‘“":F"-'”ﬂuucn:.

| leal & |,nhrn':|lur}- Component

| *  Data T'i'a“-“n‘”“ﬁliOIJWorkllows[I’andas): Parsing external
#58€ts (.csv, xlsx, json): structural querying via boolean

| vector filters; row grouping, matrix indexing, and runiing

! Aggregate mutations,

| * Dot Cleaning Implementations: Automating systematic

"Mputation strategies for structural blanks: using statistical

/7scores and interquartile ranges (IQR) to detect and

I'I'I‘.I.llagc outliers, :
2 Vi?““i Slf‘rrybnarding Seripts: Writing customized scripts |
using Matplotlib and Seaborn (o display feature |
uun'cFa[inns(hcatrnaps, scatter plot grids, pairplots, i
boxplots). .

Compmational nference Modeling: Exccuting hypotliesis
estseripts via the SciPy and Statsmodels ccosystems.
processing ANOVA tables and parsing calculated test
_ slalistics against alpha parameters, |
Unit - 3: Superviged Machine Learning & Statistical |
Optimization |
Theoreticnl Component |
* Algorithmic Learning Principles: Supervised machine learning
. paradigms; mathematical formulation of optimization vectors;
‘ loss function minimizing protocols.
*  Linear and Curvilinear Regression Models: Ordinary Least |
’ Squares (OLS) optimization matrices; intercept and weight ]
derivations; multi-collinearity checks (Variance Inflation |
Factor): residual validation testing (homoscedasticity, auto-
| correlation).
. *  Probabilistic Classification Models: The Sigmoid function
| activation mechanics: odds ratio calculations; log-likelihood
' maximization functions in binary classification pipelines.
| ¢ Non-Parametric Structural Learning Madels: Recursive binary
| partitioning theory: Gini impurity minimization algorithms and
entropy reductions used to build Decision Tree topolagjes.
Practical & Laboratory Component

*  Pipeline Engineering via Scikit-Learn: Automated ,.f !
transformation steps for column data; converting eategorical
records into vector fields via One-Hot Encoding and ordinal
map transformations.

»  Regression Model Training: Setting up multi-variable linea [
regressions: extracting optimization parameters: evaluatin g |
prediction success through Mean Squared Error (MSE) and ‘
Adjusted R* scores.

o Classification Engine Implementation: Deploying Logistic ,
Regression classification models and tracking mode| |
hn;j-ndﬂriﬁs: adjusting binary threshold parameters [
dynamically. .

o Tree Architecture Evaluations: Building Decision Tree

regression and classifieation engines; conhguring tree '
parameters (max depth, min samples split) to control maolel

S _=_=“i7yg —= = @ ]
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P R | Unit - 4: Unsupervised Paradigms & Pattern Mining
/ Systems
f Theoretical Component .
| w7 F 1 Principles: Pattern discover
: e Unsupervised Framework Princ u_alu. ...] i i
) without label parameters, clustering mechanics vs, |
| i sonality reduction math.
dimensionality reductic ‘ .
e Centroid-Based Yrtitioning Algorithms: D:at.}ﬂu:-lt};llh
mechanics (Euelidean, Manhattan, Minkowski metric “.‘

; ; i e - 9 . L]
ilerative convergence math behind the K-Means clusterng
algorithm. _— |

e Cluster Validation Frameworks: Within-C Iuat;‘r :n‘nu ol B
Squares (WCSS) optimization curves, caleulating indis whua
- L ! LR Vi ; ;
silhouette coefficient values 10 measure ‘.\LP.I..I‘:IIH'H.\ quality ;
e Dimensionality Optimization Systems: Multi-collmearn ity

limitations in higl1-ti'r|1w||.-:inn;.|| feature spaces; P"f'l‘i"l‘-‘l

Component Analysis (PCA) l.jl_l_.il:l'l\&llult.‘ -.ir:u.‘-.mfpuut_lnn |
matrices; preserving total varanee w hile reducing data :
dimensions.

Practical & Laboratory Component -

e  Feature Scaling Preparations: Implementing .h,-;n}m_-

standardization (StandardScaler) and I\\'l"l?li'lllZ;].lli:‘ll'll
(MinMaxScaler) steps prior to distance-based training

Cluster Engine Implementations: Running K-Means

2 .
aluorithms on non-indexed target data; writing automated
Iu:\ps to chart Elbow Curves and track shifls in distortion
SCOres.

e Cluster Profiling Extractions: Merging generated cluster

vectors back into primary data frames; extracting statistical
centroids to build profiles for distinct data segments
e PCA Dimensionality Reductions: Decomposing multi-
feature spaces using PCA: charting Scree plots to check
cumulative explained variance rtios across primary axes.
Unit — 5: Business Intelligence, Dashboard Design &
Industrial Capstone
Theoretical Component
e Modern Business Intelligence Principles: Translating raw
data metrics into live key performance indicators (KPIs):
structural design choices for building scannable dashboard
VICWS.
e Data Modeling Architecture Foundations: Designing
database connection structures, multi-table schema layouts
(Star Schema, Snowflake Schema) and building standard
cross-table filters. ¥ g
e Data Analysis Expressions (DAX) Syntax Rules:
Understanding evaluation context rules; caleulating
| appregate vilues, percentages, and time-intelligence
caleulations dynamically. i
*  [Responsible Al Frameworks: Fvaluating bias within
atitommated decision systems, timess consilerations TN
demographic groups, mdividual data privacy standards and
COParale gavernmnee metris
Fractival & |ollllllf'lﬂl||"' """'t"“"""
i,
i ot
w8 it 1ial datos |':l'l" .h-l‘l:llllllﬂ}l Lranstormation
*  DAX Metnie Compu | ol l'“'l:v ol \\ul'.kspn'_te
columins and me 'I o o vyt custom funtiona)
S 0 Tandle cross-filterng caleulations

and compley bysi eSS evaluations,

-
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10.
. Montgomery, D. C., & Runger, G. C. (2023). Applied

. Murphy. K. P. (2012). Machine learning: A probabilistic
! i . " : -.",

. O'Neil. C.. & Schutt, R. (2013). Doing data seience:

Powell. B (2024). Mastering Microsoll Power B ( 3id

15.
16.

CRoss, S, M. (2021), Introduetion 1 probability and

—

Interactive Canvas Construction; Assembling ‘"f'”'

visual assels (dynamic cards, line tracking matrices.
correlation maps) into unified corporate report PIBEs
Industrinl Capsione System Execution: Building an end-to-
end analytics workflow using nn uncurated t.lu!nscl: ]
completing data preprocessing, machine leaming "i"::"'
Aggarwal, C-‘_-E'ﬁm.?]._])_lllﬂ mining: The textbook (144
ed.). Springer. _
Bishop. C. M. (2006), Pater recognition and maghine
learning (1st ed.). Springer, -
Downey, A, B. (2015). Think Pythan: How to think like @
computer scientist (2nd ed.). O'Reilly Media. .
Ferrari, A., & Russo, M. (2022). The definitive guide (0
DAX: Business intelligence for Microsoft Power BI.
SQL Server Analysis Services, and Excel (2nd ed.).
Microsoll Press,

Field, A. (2018). Discovering statistics using IBM SPSS
Statistics (Sth ed.), Sage Publications Ltd.

Géron, A. (2023), Hands-on machine learning witl:
Scikit-Learn, Keras. and TensorFlow: Concepts. tools.
and techniques to build intelligent systems (3rd ed ).
O'Reilly Media.

Grus, J. (2019). Data science [rom scratch: First
principles with Python (2nd ed.). O'Reilly Media.
Hastie. T., Tibshirani, R., & Friedman, [. (2021). The
elements of statistical learning: Data mining, inference.
and prediction (2nd ed., corrected 12th printing).
Springer,

James, G., Witten, D., Hastie, T., Tibshirani, R., &
Taylor, J. (2023). An introduction to statistical learning:
With applications in Python (1st ed.). Springer.
McKinney, W, (2022). Python for data analysis: Data
wrangling with pandas, NumPy. and Jupyter (3rd ed.).
O'Reilly Media.

statistics and probability for engineers (8th ed.). John
Wiley & Sons.

perspective (Isted.). MIT Press.
Straight talk from the frontline (Isted.). O'Reilly Media.

edl.). Packt Publishing.

Provost, I, & Fawceett, T, (2013), Data science for
business: What you need 1o know about data mining and |
data-analytic thinking (Isted.), O'Reilly Media, ;
Rad, 1. (2021). Pro Power BV arehitecture: Sharing,
seeurity. and deployment for Power BI implementations
(20l ed.). Apress

sttistics for engineers and scientists (7th ed ). Academie

. Press, e _ _ J
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18. Russo, M., & Ferrari. A. (2019). Analyzing data with |
‘Power Bl and Power Pivol for Excel (Ist ed.). Microsoft

Press.

Severance, C. R. (2016). Python for everybody:

Lxploring data using Python 3 (1st ed.). CreateSpace

Independent Publishing Platform.

VanderPlas, J. (2016). Python data science handbook:
Essential tools for working with data (1st ed.). O'Reilly
Media.

. Verzani, J. (2014). Using R for introductory statistics
(2nd ed.). Chapman & Hall/CRC. 4
. Witten, 1. H., Frank, E., Hall, M. A., & Pal, C. . (2017). |
Data mining: Practical machine learning tools and i
techniques (4th ed.). Morgan Kaufimann. ’
Zumel, N., & Mount, J. (2019). Practical d

19.

20.

I~
55

285

ala science "

with R (2nd ed.). Manning Publications i J

Teaching Class/Lab teaching. Discussion., presentation, assignments, |

Methodology | capstone project. mini projects, Case studies, Practical .

Ivaluation Internal Evaluation: 10 (Theory)+10(practical )+ 1 0( Project) [

Nethod External Evaluation : 20(Theaory) +30(I]raclical)+20(I’rojecl) e |
(/"”
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