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Preface

In the previous volume, Practical Data Modeling and Machine Learning with
Python, the focus was on building and evaluating models. We explored how to
transform data into features, apply statistical and machine learning methods,
and assess model performance using principled validation strategies.

Those steps form the foundation of data science. However, in practice, they
are only the beginning.

Real-world modeling problems rarely conform to the assumptions of standard
workflows. Data may evolve over time, exhibit hidden structure, or suffer from
imbalance and noise. Models that perform well in controlled settings often
degrade when exposed to dynamic environments. Deploying a model introduces
additional challenges, including integration, monitoring, and continuous
adaptation.

This book addresses these realities.

Purpose of This Book

The aim of this volume is to extend the modeling process beyond isolated
techniques and toward complete, real-world systems.

Rather than focusing on individual algorithms, the book emphasizes:

• modeling under temporal dependence
• discovering structure in unlabeled data
• handling imperfect and imbalanced datasets
• combining methods into hybrid approaches
• deploying models into operational environments
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• applying modeling techniques to real-world domains

In this sense, the transition from the first volume to this one is a shift in
perspective:

From building models to designing modeling systems.

What This Book Covers

This book is organized into eight parts, each addressing a key extension of the
modeling framework.

Part I — From Models to Systems introduces the broader perspective
required for advanced data science. It examines the limitations of standard
modeling assumptions and outlines how modeling fits into larger, dynamic
systems.

Part II — Time Series and Forecasting focuses on data with temporal
structure. It covers foundational concepts, classical models such as ARIMA
and SARIMA, and modern machine learning approaches to forecasting.

Part III — Unsupervised Learning and Representation explores
techniques for discovering structure without labeled data, including clustering,
dimensionality reduction, and representation learning methods such as
autoencoders.

Part IV — Handling Real-World Data Challenges addresses practical
issues that frequently arise in applied settings, with particular emphasis on
imbalanced data and its impact on evaluation and model performance.

Part V — Advanced and Hybrid Modeling examines strategies for
combining models and integrating statistical and machine learning approaches
to achieve improved performance and flexibility.

Part VI — Deployment and Production Systems moves beyond model
development to operational considerations, including model packaging, API
construction, deployment pipelines, monitoring, and model maintenance.
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Part VII — Business Applications demonstrates how modeling techniques
are applied in practice, with examples in business decision-making, financial
forecasting, and customer segmentation.

Part VIII — End-to-End Framework synthesizes the material into a
unified perspective, providing a practical reference for designing, evaluating,
and maintaining complete data science systems.

Approach and Philosophy

This book maintains a practical orientation, but extends it to more complex
settings. The focus is not only on how to apply methods, but on how to adapt
them to realistic conditions.

Throughout the book, emphasis is placed on:

• choosing methods appropriate to the structure of the data
• designing validation strategies that reflect real-world conditions
• understanding the limitations of models and metrics
• maintaining clarity and interpretability in increasingly complex systems

The goal is to develop judgment as much as technique.

Prerequisites

This volume assumes familiarity with the material covered in the previous
books, including:

• data preparation and feature engineering
• basic statistical modeling
• core machine learning methods
• model evaluation and validation techniques

Readers should also be comfortable working with Python and common data
science libraries. The focus here is not on introducing tools, but on applying
them in more advanced contexts.
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Final Remarks

As models become more sophisticated, the challenges shift from implementation
to design, evaluation, and integration.

The central idea of this book is simple:

effective data science requires not only good models, but well-designed
systems.

By extending the modeling framework into more realistic and demanding
settings, this book aims to provide the tools and perspective needed to move
from isolated models to reliable, real-world solutions.

Shouke Wei, PhD
Deepsim Intelligent Technology Inc.
Deepsim Academy
Abbotsford, Canada
April 28, 2026
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Notation and Abbreviations

Symbol / Abbreviation Meaning

Supervised learning
fundamentals
x Input feature vector for a single observation
𝑦 Target (response) variable for a single observation

̂𝑦 Predicted value of the target produced by a model
𝑃(𝑦 ∣ x) Conditional distribution of the target given

features
X Feature matrix of shape 𝑛 × 𝑝 (rows: observations,

columns: features)
𝑛 Number of observations (sample size)
𝑝 Number of input features
Distributional shift
𝑃train(x) Feature distribution during model training
𝑃prod(x) Feature distribution observed in production
𝑃train(𝑦) Target distribution during model training
𝑃prod(𝑦) Target distribution observed in production
Model evaluation
ℒ(⋅) Loss function used during training (e.g.,

cross-entropy, MSE)
𝑀∗(𝑓) Optimal evaluation metric for model 𝑓:

𝑀∗(𝑓) = 𝔼𝒟test
[𝐿(𝑦, 𝑓(x))]; the metric should

approximate the expected business loss 𝐿
𝐿(𝑦, 𝑓(x)) Business loss function: the actual cost incurred

when the model predicts 𝑓(x) and the true value
is 𝑦
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Symbol / Abbreviation Meaning

Acc Classification accuracy: fraction of correctly
classified observations

AUROC Area under the receiver operating characteristic
curve

F1 Harmonic mean of precision and recall
Data and indices
𝑡 Index over time steps
𝑇 Total number of observations in the series
ℎ Forecast horizon (number of steps ahead)
𝐻 Maximum forecast horizon
𝑚 Seasonal period (e.g., 𝑚 = 12 for monthly annual

seasonality)
𝑦𝑡 Observed value of the time series at time 𝑡

̂𝑦𝑇 +ℎ Point forecast for horizon ℎ steps ahead of time 𝑇
𝜀𝑡 White-noise innovation at time 𝑡: 𝜀𝑡 ∼ WN(0, 𝜎2)
𝜎2 Innovation variance
Time series
components
𝑇𝑡 Trend component at time 𝑡
𝑆𝑡 Seasonal component at time 𝑡
𝑅𝑡 Residual (irregular) component at time 𝑡
Differencing and
integration
∇ First-difference operator: ∇𝑦𝑡 = 𝑦𝑡 − 𝑦𝑡−1
∇𝑚 Seasonal difference operator: ∇𝑚𝑦𝑡 = 𝑦𝑡 − 𝑦𝑡−𝑚
𝑑 Order of regular differencing in ARIMA/SARIMA
𝐷 Order of seasonal differencing in SARIMA
𝐵 Backshift (lag) operator: 𝐵𝑦𝑡 = 𝑦𝑡−1, 𝐵𝑘𝑦𝑡 = 𝑦𝑡−𝑘
ARIMA model
components
𝑝 Order of the autoregressive (AR) polynomial
𝑞 Order of the moving average (MA) polynomial
𝜙𝑗 AR coefficient at lag 𝑗 (𝑗 = 1, … , 𝑝)
𝜃𝑗 MA coefficient at lag 𝑗 (𝑗 = 1, … , 𝑞)
𝜙(𝐵) AR polynomial: 𝜙(𝐵) = 1 − 𝜙1𝐵 − ⋯ − 𝜙𝑝𝐵𝑝
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Symbol / Abbreviation Meaning

𝜃(𝐵) MA polynomial: 𝜃(𝐵) = 1 + 𝜃1𝐵 + ⋯ + 𝜃𝑞𝐵𝑞

𝑐 Constant / intercept term in ARIMA
ℓ Maximised log-likelihood of a fitted model; used in

AIC and BIC (note: also used as look-back
window length in the LSTM context — see below)

SARIMA seasonal
extensions
𝑃 Order of the seasonal AR polynomial
𝑄 Order of the seasonal MA polynomial
Φ𝑃(𝐵𝑚) Seasonal AR polynomial:

1 − Φ1𝐵𝑚 − ⋯ − Φ𝑃𝐵𝑃𝑚

Θ𝑄(𝐵𝑚) Seasonal MA polynomial:
1 + Θ1𝐵𝑚 + ⋯ + Θ𝑄𝐵𝑄𝑚

Φ𝑗 Seasonal AR coefficient at lag 𝑗𝑚
Θ𝑗 Seasonal MA coefficient at lag 𝑗𝑚
Stationarity
𝜇 (Constant) mean of a stationary process
𝛾𝑘 Autocovariance at lag 𝑘: 𝛾𝑘 = Cov(𝑦𝑡, 𝑦𝑡−𝑘)
𝛾0 Variance of the process: 𝛾0 = Var(𝑦𝑡)
𝜌𝑘 Autocorrelation at lag 𝑘: 𝜌𝑘 = 𝛾𝑘/𝛾0
𝜙𝑘𝑘 Partial autocorrelation at lag 𝑘 (coefficient in

AR(𝑘) regression)
Δ𝑦𝑡 First difference of 𝑦𝑡: Δ𝑦𝑡 = 𝑦𝑡 − 𝑦𝑡−1; dependent

variable in the ADF regression
Forecast evaluation
𝑒𝑇 +ℎ Forecast error at horizon ℎ: 𝑒𝑇 +ℎ = 𝑦𝑇 +ℎ − ̂𝑦𝑇 +ℎ
MAE Mean absolute error: 𝐻−1 ∑𝐻

ℎ=1|𝑒𝑇 +ℎ|
RMSE Root mean squared error: √𝐻−1 ∑𝐻

ℎ=1 𝑒2
𝑇 +ℎ

MAPE Mean absolute percentage error:
100𝐻−1 ∑𝐻

ℎ=1|𝑒𝑇 +ℎ/𝑦𝑇 +ℎ|
Machine learning for
time series
𝐿 Maximum lag order for lag-feature construction
𝑤 Rolling-window size for rolling statistics
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Symbol / Abbreviation Meaning

𝑋𝑡 Feature vector at time 𝑡 (lags, rolling stats,
calendar variables)

𝑓(⋅) Trained regression model (e.g., LightGBM or
LSTM)

𝐾 Number of folds in walk-forward cross-validation
hour_sin𝑡 Cyclic sine encoding of the hour-of-day:

sin(2𝜋 ⋅ hour𝑡/24)
hour_cos𝑡 Cyclic cosine encoding of the hour-of-day:

cos(2𝜋 ⋅ hour𝑡/24)
dow_sin𝑡 Cyclic sine encoding of the day-of-week:

sin(2𝜋 ⋅ dow𝑡/7)
dow_cos𝑡 Cyclic cosine encoding of the day-of-week:

cos(2𝜋 ⋅ dow𝑡/7)
LSTM architecture
ℓ Look-back window length (sequence length fed to

the LSTM)
𝐻hidden LSTM hidden state size
h𝑡 Hidden state of the LSTM at time step 𝑡
c𝑡 Cell state of the LSTM at time step 𝑡
Clustering
𝑘 Number of clusters
𝐶𝑐 Cluster 𝑐 (𝑐 = 1, … , 𝑘)
𝝁𝑐 Centroid of cluster 𝑐: 𝝁𝑐 = 1

|𝐶𝑐| ∑x𝑖∈𝐶𝑐
x𝑖

WCSS(𝑘) Total within-cluster sum of squares:
∑𝑘

𝑐=1 ∑x𝑖∈𝐶𝑐
‖x𝑖 − 𝝁𝑐‖2

SS𝐵 Between-cluster sum of squares
SS𝑊 Within-cluster sum of squares
𝑠(𝑖) Silhouette score for observation 𝑖:

(𝑏(𝑖) − 𝑎(𝑖))/ max{𝑎(𝑖), 𝑏(𝑖)}
𝑎(𝑖) Mean intra-cluster distance for observation 𝑖
𝑏(𝑖) Mean distance from observation 𝑖 to its nearest

neighbouring cluster
̄𝑠 Mean silhouette score over all observations

CH(𝑘) Calinski-Harabász index:
[SS𝐵/(𝑘 − 1)]/[SS𝑊/(𝑛 − 𝑘)]
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Symbol / Abbreviation Meaning

DB(𝑘) Davies-Bouldin index: 1
𝑘 ∑𝑘

𝑐=1 max𝑐′≠𝑐
̄𝑑𝑐+ ̄𝑑𝑐′

𝑑(𝝁𝑐,𝝁𝑐′)
̄𝑑𝑐 Mean intra-cluster distance for cluster 𝑐

Hierarchical
clustering linkage
𝑑(𝐴, 𝐵)single Single-linkage distance: min𝑖∈𝐴, 𝑗∈𝐵 ‖x𝑖 − x𝑗‖
𝑑(𝐴, 𝐵)complete Complete-linkage distance: max𝑖∈𝐴, 𝑗∈𝐵 ‖x𝑖 − x𝑗‖
𝑑(𝐴, 𝐵)average Average-linkage (UPGMA) distance:

1
|𝐴||𝐵| ∑𝑖∈𝐴 ∑𝑗∈𝐵 ‖x𝑖 − x𝑗‖

Consensus clustering
𝑀𝑖𝑗 Co-occurrence (consensus) matrix entry:

proportion of bootstrap runs in which observations
𝑖 and 𝑗 are assigned to the same cluster

Dimensionality
reduction
S Sample covariance matrix: S = 1

𝑛−1X⊤X
V Matrix of principal component directions

(eigenvectors of S)
V𝑑 First 𝑑 eigenvectors (columns of V)
𝚲 Diagonal matrix of eigenvalues:

𝚲 = diag(𝜆1, … , 𝜆𝑝)
𝜆𝑗 𝑗-th eigenvalue of the covariance matrix

(𝜆1 ≥ 𝜆2 ≥ ⋯ ≥ 𝜆𝑝 ≥ 0)
Z PCA score matrix (projected data): Z = XV𝑑
𝜆𝑗/ ∑𝑗′ 𝜆𝑗′ Proportion of Variance Explained (PVE) by the

𝑗-th principal component
𝑝𝑖𝑗 Symmetric joint neighbourhood probability in

high-dimensional space (t-SNE):
𝑝𝑖𝑗 = (𝑝𝑗∣𝑖 + 𝑝𝑖∣𝑗)/(2𝑛)

𝑞𝑖𝑗 Neighbourhood probability in the low-dimensional
embedding (t-SNE)

𝜎𝑖 Bandwidth of the Gaussian kernel centred on
observation 𝑖 (t-SNE)

ℒt-SNE t-SNE objective: KL(𝑃 ‖𝑄) = ∑𝑖≠𝑗 𝑝𝑖𝑗 log(𝑝𝑖𝑗/𝑞𝑖𝑗)
𝑤𝑖𝑗 High-dimensional graph edge weight between

observations 𝑖 and 𝑗 (UMAP)
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Symbol / Abbreviation Meaning

𝑣𝑖𝑗 Low-dimensional graph edge weight between
observations 𝑖 and 𝑗 (UMAP)

ℒUMAP UMAP cross-entropy loss:
∑(𝑖,𝑗)∈𝐸 [𝑤𝑖𝑗 log 𝑤𝑖𝑗

𝑣𝑖𝑗
+ (1 − 𝑤𝑖𝑗) log 1−𝑤𝑖𝑗

1−𝑣𝑖𝑗
]

Autoencoders and
anomaly detection
𝑓𝜃 Encoder function mapping input to latent code:

𝑓𝜃 ∶ ℝ𝑝 → ℝ𝑑

𝑔𝜙 Decoder function mapping latent code to
reconstruction: 𝑔𝜙 ∶ ℝ𝑑 → ℝ𝑝

𝜃 Learnable parameters of the encoder
𝜙 Learnable parameters of the decoder
z Latent code (bottleneck representation):

z = 𝑓𝜃(x)
𝜎(⋅) Non-linear activation function; ReLU in hidden

layers (𝜎(𝑥) = max(0, 𝑥)) and sigmoid in the
output layer (𝜎(𝑥) = 1/(1 + 𝑒−𝑥))

ℒ(𝜃, 𝜙) Autoencoder reconstruction loss:
1
𝑛 ∑𝑛

𝑖=1 ‖x𝑖 − 𝑔𝜙(𝑓𝜃(x𝑖))‖2

𝑟𝑖 Per-observation reconstruction error:
𝑟𝑖 = ‖x𝑖 − x̂𝑖‖2; used as a continuous anomaly
score

𝑠(𝑖, 𝑛) Isolation Forest anomaly score: 2−𝔼[ℎ(𝑖)]/𝑐(𝑛)

lrd𝑘(𝑖) Local reachability density of observation 𝑖 with
respect to its 𝑘 nearest neighbours (LOF)

LOF𝑘(𝑖) Local Outlier Factor score for observation 𝑖
𝑁𝑘(𝑖) Set of 𝑘 nearest neighbours of observation 𝑖
Imbalanced
classification
𝜋1 Minority class proportion: 𝜋1 = 𝑛minority/𝑛
Precision Positive predictive value: TP/(TP + FP)
Recall Sensitivity / true positive rate: TP/(TP + FN)
𝐹𝛽 Weighted harmonic mean of precision and recall:

(1 + 𝛽2) ⋅ Precision⋅Recall
𝛽2⋅Precision+Recall
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Symbol / Abbreviation Meaning

𝛽 Relative weight of recall over precision in 𝐹𝛽;
𝛽 = 1 gives 𝐹1, 𝛽 = 2 weights recall twice as
heavily

MCC Matthews Correlation Coefficient:
TP⋅TN−FP⋅FN

√(TP+FP)(TP+FN)(TN+FP)(TN+FN)

AP Average Precision (area under the precision-recall
curve); equals 𝜋1 for the no-skill baseline

𝜏 Decision threshold applied to predicted
probabilities: ̂𝑦 = 𝟙[ ̂𝑝 ≥ 𝜏]

𝜏∗ Optimal decision threshold maximising a target
metric (e.g., 𝐹1 or 𝐹𝛽)

̂𝑝 Predicted probability of the positive class:
̂𝑝 = 𝑃(𝑦 = 1 ∣ x)

𝑤𝑐 Class weight for class 𝑐; under balanced weighting:
𝑤𝑐 = 𝑛/(𝑛𝑐 ⋅ 𝐶)

𝐶 Number of classes
SMOTE and
resampling
xsyn Synthetic minority observation generated by

SMOTE: xsyn = x𝑖 + 𝜆(x𝑖′ − x𝑖)
𝜆 Interpolation coefficient in SMOTE:

𝜆 ∼ Uniform(0, 1)
Hybrid forecasting

̂𝑇𝑇 +ℎ STL trend forecast extrapolated ℎ steps ahead
̂𝑆𝑇 +ℎ STL seasonal forecast extrapolated ℎ steps ahead

𝑅̂GB
𝑇 +ℎ Gradient boosting prediction of the STL residual

component ℎ steps ahead
Stacking ensembles
𝑀 Number of base learners in a stacking ensemble
𝑓𝑚 Base model 𝑚 in the stacking ensemble

(𝑚 = 1, … , 𝑀)
̃𝑦(𝑚)
𝑖 Out-of-fold prediction for observation 𝑖 from base

model 𝑚
𝒟 Full training dataset
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𝒟test Held-out test dataset used for a single,
unrepeatable final evaluation of out-of-sample
performance

Wavelet transform
𝜓(𝑡) Mother wavelet function: a short oscillatory

function with zero mean
𝑐𝐴𝑗 Approximation coefficients at level 𝑗: output of

the low-pass filter capturing coarse-scale behaviour
𝑐𝐷𝑗 Detail coefficients at level 𝑗: output of the

high-pass filter capturing fine-scale fluctuations
Drift detection
PSI Population Stability Index:

∑𝐵
𝑏=1(𝑝prod

𝑏 − 𝑝ref
𝑏 ) ln(𝑝prod

𝑏 /𝑝ref
𝑏 ); values < 0.1

negligible, ≥ 0.2 significant
𝐷𝑛 Kolmogorov-Smirnov statistic:

sup𝑥|𝐹 ref(𝑥) − 𝐹 prod(𝑥)|, where 𝐹 denotes an
empirical CDF

𝑊 Rolling window size (number of requests) used to
compute rolling accuracy, F1, and ECE

ECE Expected Calibration Error: ∑𝐵
𝑏=1

|𝐵𝑏|
𝑛 |𝑝𝑏 − 𝑦𝑏|

CLV prediction and
business regression
𝜙𝑖𝑗 SHAP value of feature 𝑗 for observation 𝑖: the

average marginal contribution of feature 𝑗 to the
prediction, averaged over all feature orderings

𝔼[𝑓(x)] Global mean prediction of the model across the
training set; baseline (intercept) in the SHAP
decomposition

𝑅2 Coefficient of determination: proportion of target
variance explained by the model;
𝑅2 = 1 − SSres/SStot

sMAPE Symmetric MAPE: 200
𝑛 ∑𝑛

𝑖=1
|𝑦𝑖− ̂𝑦𝑖|
|𝑦𝑖|+| ̂𝑦𝑖|

Financial time series
and GARCH
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Symbol / Abbreviation Meaning

𝑟𝑡 Daily log-return at time 𝑡: 𝑟𝑡 = log(𝑃𝑡/𝑃𝑡−1),
where 𝑃𝑡 is the closing price

𝜎2
𝑡 Conditional variance (GARCH) at time 𝑡: the

model’s estimate of return variance given
information up to 𝑡 − 1

𝜎𝑡 Conditional volatility (standard deviation) at time
𝑡; annualised by multiplying by

√
252

𝜔 Long-run variance intercept in GARCH: 𝜔 > 0;
determines the unconditional variance floor

𝛼 ARCH coefficient in GARCH(1,1): weight on the
lagged squared innovation 𝜀2

𝑡−1
𝛽 GARCH coefficient in GARCH(1,1): weight on

the lagged conditional variance 𝜎2
𝑡−1

𝑆 Sharpe ratio of a trading strategy:
𝑆 = ̄𝑟strategy/𝜎strategy; annualised by multiplying
by

√
252 for daily data

CVWF(𝑓) Walk-forward cross-validation loss:
1

𝑇 −𝑡0
∑𝑇 −1

𝑡=𝑡0
𝐿(𝑦𝑡+1, 𝑓𝑡(x𝑡+1))

Gap statistic (cluster
count selection)
𝑊𝑘 Total within-cluster dispersion for a 𝑘-cluster

solution: 𝑊𝑘 = ∑𝑘
𝑐=1

1
2|𝐶𝑐| ∑𝑖,𝑖′∈𝐶𝑐

‖x𝑖 − x𝑖′‖2

Gap(𝑘) Gap statistic: 𝔼∗[log 𝑊𝑘] − log 𝑊𝑘; optimal 𝑘 is
the smallest satisfying
Gap(𝑘) ≥ Gap(𝑘 + 1) − 𝑠𝑘+1

𝑠𝑘+1 Standard error of 𝔼∗[log 𝑊𝑘+1] across Monte Carlo
replicates

Segmentation
validation
𝐻(𝐶𝑐) Shannon entropy of cluster 𝑐 with respect to an

external categorical variable:
𝐻(𝐶𝑐) = − ∑𝑣 𝑝𝑐𝑣 log 𝑝𝑐𝑣

NMI Normalised Mutual Information:
2 ⋅ 𝐼(clusters; labels)/[𝐻(clusters) + 𝐻(labels)];
ranges from 0 to 1
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Abbreviations
ACF Autocorrelation function
ADF Augmented Dickey-Fuller (unit-root test)
ADASYN Adaptive Synthetic Sampling (density-weighted

minority oversampling)
AE Autoencoder
AIC Akaike Information Criterion: −2ℓ + 2𝑘
AR Autoregressive (model)
ARI Adjusted Rand Index (measure of agreement

between two clusterings, corrected for chance)
ARIMA Autoregressive Integrated Moving Average
API Application Programming Interface
AUROC Area Under the Receiver Operating Characteristic

curve
BIC Bayesian Information Criterion: −2ℓ + 𝑘 log 𝑇
CI / CD Continuous Integration / Continuous Deployment
CLV Customer Lifetime Value: total revenue attributed

to a customer over a defined future window
CV Cross-Validation
DBSCAN Density-Based Spatial Clustering of Applications

with Noise
DWT Discrete Wavelet Transform
ECE Expected Calibration Error
ENN Edited Nearest Neighbours (majority-class

boundary cleaning)
GARCH Generalised Autoregressive Conditional

Heteroscedasticity: 𝜎2
𝑡 = 𝜔 + 𝛼𝜀2

𝑡−1 + 𝛽𝜎2
𝑡−1

GAN Generative Adversarial Network
GJR-GARCH Glosten-Jagannathan-Runkle GARCH: extends

GARCH with an asymmetric leverage term
GMM Gaussian Mixture Model
i.i.d. Independent and identically distributed
KNN K-Nearest Neighbours
KS Kolmogorov-Smirnov (two-sample distributional

test)
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LGBM LightGBM (gradient-boosted decision trees)
LOF Local Outlier Factor (neighbourhood-based

anomaly detection)
LR Logistic Regression
LSTM Long Short-Term Memory (recurrent neural

network)
MA Moving Average (model)
MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
MASE Mean Absolute Scaled Error: MAE of the model

divided by MAE of the naïve seasonal benchmark
MCC Matthews Correlation Coefficient
MLP Multilayer Perceptron
MLOps Machine Learning Operations
MSE Mean Squared Error
NMI Normalised Mutual Information
OLS Ordinary Least Squares
OOF Out-of-Fold (predictions generated on held-out

folds to train a meta-learner)
PACF Partial autocorrelation function
PCA Principal Component Analysis
PR-AUC Area under the Precision-Recall curve (synonym:

Average Precision)
PSI Population Stability Index
PVE Proportion of Variance Explained (by a principal

component)
RF Random Forest
RFM Recency, Frequency, Monetary: a compact

customer behaviour representation derived from
transaction history

RMSE Root Mean Squared Error
ROC Receiver Operating Characteristic curve
SARIMA Seasonal Autoregressive Integrated Moving

Average
SHAP SHapley Additive exPlanations
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sMAPE Symmetric Mean Absolute Percentage Error
SMOTE Synthetic Minority Oversampling Technique
SMOTEENN SMOTE oversampling followed by Edited Nearest

Neighbours cleaning
STL Seasonal and Trend decomposition using Loess
t-SNE t-distributed Stochastic Neighbour Embedding
UMAP Uniform Manifold Approximation and Projection
VAE Variational Autoencoder
VaR Value at Risk: the loss threshold not exceeded

with probability 1 − 𝛼 over a given horizon
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Part I

Introduction and Perspective
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1 From Models to Real-World Systems

In many practical settings, building a model is not the most difficult step.
Fitting a logistic regression, training a gradient-boosted tree, or fine-tuning a
neural network has become a routine activity, supported by mature libraries
and abundant tutorials. The real challenge lies elsewhere: ensuring that the
model remains reliable when applied to data that is evolving, incomplete, or
structurally different from the data used during development.

A model that achieves 96% accuracy on a held-out test set, but was validated
with random splitting on time-ordered data, may perform far worse in
production. A classifier trained on a balanced benchmark dataset may fail
catastrophically when the true positive rate in deployment is one in a thousand.
A pipeline that runs perfectly in a Jupyter notebook may produce silent errors
when serialised, reloaded, and served six months later by a different team.

These failures are not caused by choosing the wrong algorithm. They arise
from a mismatch between the assumptions embedded in the modeling
workflow and the conditions that hold in practice. Recognising and
resolving that mismatch is what distinguishes applied data science from
academic benchmarking.

This chapter introduces the perspective required to move from individual
models to complete modeling systems — the conceptual foundation on
which every chapter in this book builds.

1.1 Chapter Overview

This chapter covers the following topics:
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• When Standard Assumptions Break Down
• Modeling as a System
• Extending the Workflow
• Scope of This Book
• Companion Resources and Project Configuration

By the end of this chapter, you will be able to:

• Identify the three core assumptions of classical supervised learning and
articulate the conditions under which each is violated in practice

• Describe the five-component modeling system — data pipelines, training,
validation, evaluation, and deployment — and explain how failures in
one component propagate to others

• Map the chapter topics of this book to the specific workflow extensions
they address

• Set up the shared project configuration and reproduce the environment
used throughout all examples

1.2 When Standard Assumptions Break Down

Much of classical supervised modeling rests on three simplifying assumptions
that are rarely stated explicitly but underpin nearly every standard result:

1. Independence and identical distribution (i.i.d.): observations are
drawn independently from the same fixed distribution. This assumption
justifies random train-test splitting, cross-validation, and the use of
standard error estimates.

2. Distributional stationarity: the distribution that generates training
data is the same distribution that generates test and production data.
This assumption justifies evaluating a model on a held-out set and
trusting that performance will generalise.

3. Metric alignment: the evaluation metric used during model selection
captures the quantity that actually matters to the business or application.
This assumption justifies using aggregate metrics like accuracy or AUROC
as proxies for real-world value.
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In controlled settings — academic benchmarks, well-defined competitions,
stable experimental data — these assumptions hold well enough to be useful.
In real-world applications, each of them is routinely violated.

1.2.1 Temporal Dependence and the i.i.d. Assumption

When data is collected over time, consecutive observations are rarely
independent. Stock prices exhibit autocorrelation. Patient outcomes are
correlated within hospitals and within time periods. Sensor readings from
industrial equipment follow seasonal and cyclical patterns. In each case,
randomly shuffling the data before splitting into train and test sets produces an
evaluation that is optimistically biased: the model has effectively seen future
information during training, making its test performance unrepresentative of
its performance on truly unseen data.

The correct approach — time-ordered splitting, or walk-forward validation
— is conceptually straightforward but has practical consequences throughout
the pipeline: feature engineering must respect the temporal boundary,
preprocessing transformers must be fitted only on training data, and
performance metrics must be computed on data that was genuinely held
out. Chapters 2–4 develop these ideas in depth for time series data.

1.2.2 Distributional Shift

The assumption that training and production data follow the same distribution
is violated in three distinct ways, each requiring a different response:

• Covariate shift: the distribution of input features 𝑃(x) changes, while
the conditional 𝑃(𝑦 ∣ x) remains stable. A fraud detection model trained
on 2022 transactions may encounter systematically different feature
distributions in 2024 as payment behaviours evolve.

• Label shift: the marginal distribution of the target 𝑃(𝑦) changes without
a corresponding change in features. A clinical model may encounter
a higher proportion of severe cases post-pandemic than it saw during
training.
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• Concept drift: the relationship 𝑃(𝑦 ∣ x) itself changes. The features
that predicted default risk in a low-interest-rate environment may no
longer be predictive when rates rise sharply.

Each type of shift degrades model performance in a different way and requires a
different monitoring and retraining strategy. Chapter 14 develops the statistical
tools — the Population Stability Index, the Kolmogorov-Smirnov test, and
rolling performance tracking — for detecting and responding to each type.

1.2.3 Metric Misalignment and Class Imbalance

Accuracy is an appropriate metric when classes are balanced and all errors
have equal cost. In many real applications, neither condition holds. A model
that predicts “no fraud” on every transaction will achieve 99.8% accuracy on a
dataset where fraud represents 0.2% of cases, while being completely useless for
its intended purpose. The correct metrics — precision-recall curves, F1 score
at a given threshold, cost-sensitive evaluation — depend on the application
and must be chosen before model selection, not after.

Class imbalance compounds this problem by distorting the learning process
itself: models trained on imbalanced data tend to be biased toward the
majority class, not because they are poorly specified but because the loss
function implicitly weights majority-class errors more heavily. Chapters 8 and
9 address oversampling, undersampling, cost-sensitive learning, and threshold
calibration for imbalanced settings.

1.3 Modeling as a System

A model should not be viewed in isolation. It is a component of a broader
system, and its behaviour depends on the behaviour of every other component.
The five elements of a complete modeling system are illustrated in Figure 1.1.

# ── Visualise the modeling system ─────────────────────────────────────────
import matplotlib.pyplot as plt
import matplotlib.patches as mpatches
from matplotlib.patches import FancyArrowPatch
import warnings
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warnings.filterwarnings("ignore")

fig, ax = plt.subplots(figsize=(13, 5))
ax.set_xlim(0, 13)
ax.set_ylim(0, 5)
ax.axis("off")

components = [
(1.2, 2.5, "Data\nPipelines", "#DBEAFE", "#1E40AF"),
(3.7, 2.5, "Training &\nValidation", "#D1FAE5", "#065F46"),
(6.2, 2.5, "Evaluation &\nDiagnostics", "#FEF3C7", "#92400E"),
(8.7, 2.5, "Deployment\n& Serving", "#FCE7F3", "#9D174D"),
(11.2, 2.5, "Monitoring\n& Maintenance", "#F3E8FF", "#5B21B6"),

]

box_w, box_h = 2.0, 1.6
for x, y, label, fc, ec in components:

rect = mpatches.FancyBboxPatch(
(x - box_w / 2, y - box_h / 2), box_w, box_h,
boxstyle="round,pad=0.1", facecolor=fc, edgecolor=ec, linewidth=2

)
ax.add_patch(rect)
ax.text(x, y, label, ha="center", va="center", fontsize=9.5,

fontweight="bold", color=ec, multialignment="center")

for i in range(len(components) - 1):
x0 = components[i][0] + box_w / 2
x1 = components[i+1][0] - box_w / 2
y = 2.5
ax.annotate("", xy=(x1, y), xytext=(x0, y),

arrowprops=dict(arrowstyle="->", lw=1.8, color="#374151"))

# Feedback arrow: Monitoring → Training
ax.annotate(

"", xy=(3.7, 2.5 - box_h / 2 - 0.05),
xytext=(11.2, 2.5 - box_h / 2 - 0.05),
arrowprops=dict(arrowstyle="->", lw=1.5, color="#6B7280",

connectionstyle="arc3,rad=-0.3")
)
ax.text(7.45, 0.5, "Feedback: drift detection triggers retraining",

ha="center", va="center", fontsize=8, color="#6B7280", style="italic")
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ax.set_title("The Five-Component Modeling System", fontsize=12,
fontweight="bold", pad=10)

plt.tight_layout()

from pathlib import Path
FIGURES = Path("images")
FIGURES.mkdir(exist_ok=True)
plt.savefig(FIGURES / "ch01_modeling_system.png", dpi=150,
bbox_inches="tight")
plt.show()

Output:

Figure 1.1: The five-component modeling system. Data pipelines transform
raw inputs into model-ready features. Training and validation procedures fit
and evaluate model candidates. Evaluation and diagnostics confirm that the
chosen model meets performance requirements. Deployment and serving
expose the model to real-world inputs via an API or batch job. Monitoring
and maintenance track model behaviour over time and close the loop by
triggering retraining when drift or degradation is detected.

These components interact with each other in ways that are not always
obvious:

• A change in data preprocessing — rescaling a feature differently,
imputing missing values by a new strategy — alters the feature space
that the model was trained on and can degrade performance without
any change to the model itself.

• A flawed validation strategy — random splitting of time-ordered data,
target leakage through a preprocessing step applied before the split —
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can produce evaluation metrics that overstate real-world performance by
a wide margin.

• An unmonitored deployment accumulates silent prediction errors as
the input distribution drifts away from the training distribution, with
no alert triggered until a downstream business metric deteriorates.

Effective modeling requires managing this system as a whole. A change to any
one component must be evaluated for its effect on every other.

1.4 Extending the Workflow

The standard supervised learning workflow — collect data, split, fit, evaluate
— remains the foundation. But it must be extended to handle the conditions
that arise in practice. This book focuses on five key extensions:

Temporal structure introduces ordering and time dependence that violates
i.i.d. assumptions. Features must be engineered from lagged values and rolling
statistics without lookahead. Train-test splits must respect temporal ordering.
Forecasting models must quantify uncertainty over future horizons. Chapters
2–4 develop the full time series toolkit: foundations and decomposition
(Chapter 2), classical ARIMA and SARIMA models (Chapter 3), and machine
learning approaches to forecasting including LSTM networks and walk-forward
validation (Chapter 4).

Unsupervised learning addresses settings where no labeled outcomes are
available. Patterns — customer segments, anomalous observations, compact
feature representations — must be discovered from the structure of the
data alone. Because there is no ground truth, evaluation requires different
tools: silhouette scores, elbow analysis, reconstruction error, and qualitative
inspection. Chapters 5–7 cover clustering methods and evaluation (Chapter
5), dimensionality reduction and feature learning with PCA (Chapter 6), and
autoencoders for representation learning and anomaly detection (Chapter 7).

Data imbalance and noise distort both the learning process and standard
evaluation metrics. Oversampling with SMOTE, undersampling, cost-sensitive
loss functions, and calibrated threshold selection are not special-case corrections

— they are standard components of production pipelines for fraud detection,
medical diagnosis, predictive maintenance, and any application where the
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positive class is rare and costly to miss. Chapter 8 develops the diagnostic
framework for understanding and evaluating imbalanced data; Chapter 9 covers
resampling and algorithmic solutions.

Hybrid modeling approaches combine the interpretability and uncertainty
quantification of statistical models with the flexibility and scalability of machine
learning. Stacking, blending, and residual correction pipelines can outperform
either approach alone while remaining auditable. Chapter 10 covers hybrid
modeling strategies and Chapter 11 covers advanced techniques for model
combination, including stacking architectures and ensemble methods.

Deployment and monitoring close the loop between model development
and real-world use. A model that is never deployed provides no value; a
model that is deployed but never monitored will silently degrade. Chapters
12–14 develop the complete operational stack: serialisation and packaging
(Chapter 12), FastAPI serving and deployment pipelines (Chapter 13), and
drift detection with the Population Stability Index and rolling performance
tracking (Chapter 14).

1.5 Scope of This Book

The chapters that follow develop these ideas in a structured way:

• time series analysis and forecasting
• clustering and representation learning
• techniques for handling imbalanced data
• advanced and hybrid modeling strategies
• deployment and production systems
• real-world applications and case studies

The final chapter integrates all components into a unified framework for end-to-
end data science, revisiting a single real-world problem from raw data collection
through deployment and monitoring.

1.5.1 Perspective

As modeling problems become more complex, the emphasis shifts from applying
individual methods to making informed decisions about how and when to
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use them.

This includes:

• selecting methods that match the structure of the data
• designing validation strategies that reflect real-world conditions
• interpreting results with an awareness of limitations

In this context, advanced modeling is not defined by complexity alone, but by
clarity, discipline, and the ability to adapt methods to practical constraints.

1.5.2 Prerequisite Knowledge

This book assumes familiarity with Python and the core supervised learning
workflow covered in the companion volume. Readers should be comfortable with
pandas and scikit-learn at an intermediate level — loading and cleaning tabular
data, fitting and evaluating classifiers and regressors, and interpreting confusion
matrices and ROC curves. All code examples can be run independently using
the resources provided in Section 1.6.

1.6 Companion Resources and Project Configuration

1.6.1 Official Resources

All datasets, notebooks, scripts, and environment configuration files used in
this book are available online.

Official resource hub: https://press.deepsim.ca/advanced-model

GitHub repository (code and reproducible workflows): https://github
.com/shoukewei/advanced-model

The repository contains:

• all datasets used throughout the chapters
• complete, runnable notebooks and scripts with expected outputs
• environment configuration files (requirements.txt, pyproject.toml,

uv.lock)
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• a shared configuration module (config.py) that manages file paths and
global settings across all chapters

1.6.2 Project Structure and Configuration

Every chapter in this book imports a shared config.py module that defines the
directory structure, random seed, and figure settings used consistently across
all examples:

# Standard imports used at the top of every chapter ────────────────────────
import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
import seaborn as sns
from pathlib import Path
import sys, warnings
warnings.filterwarnings("ignore")

sys.path.insert(0, str(Path().resolve().parent))
from config import DATA_RAW, DATA_PROCESSED, FIGURES, RANDOM_SEED, MODELS

# Consistent visual style
sns.set_theme(style="whitegrid", palette="muted")
rng = np.random.default_rng(RANDOM_SEED)

print(f"DATA_RAW : {DATA_RAW}")
print(f"DATA_PROCESSED : {DATA_PROCESSED}")
print(f"FIGURES : {FIGURES}")
print(f"MODELS : {MODELS}")
print(f"RANDOM_SEED : {RANDOM_SEED}")

Output:

DATA_RAW : /path/to/project/data/raw
DATA_PROCESSED : /path/to/project/data/processed
FIGURES : /path/to/project/images
MODELS : /path/to/project/models
RANDOM_SEED : 42
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The config.py file ensures that every example produces the same results
regardless of the reader’s local directory structure. Readers who prefer to run
examples without the repository can substitute absolute paths directly, or set
DATA_RAW = Path(".") and place data files in the working directory.

1.6.3 Reproducing the Environment

All examples in this book were developed and tested with the package
versions specified in pyproject.toml. The recommended setup uses uv for
fast, reproducible environment creation (Wei 2026b, 2026a). To reproduce the
environment and run the notebooks, follow these steps:

Download companion resources from the official resource hub (Section 1.6), or
clone the GitHub repository, then run in the terminal:

# Clone the repository
git clone https:^//github.com/shoukewei/advanced-model
cd advanced-model

# Create and activate the environment
uv sync

# Launch Jupyter
uv run jupyter lab

Alternatively, using pip:

pip install -r requirements.txt

The key dependencies are scikit-learn, lightgbm, torch, fastapi, pydantic,
statsmodels, prophet, and scipy. Specific version pins are provided in the lock
file.

1.7 Summary

The transition from individual models to complete modeling systems requires
a broader perspective — one that considers not only how models are built, but
how they are evaluated, deployed, and maintained over time.
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This chapter established the conceptual foundation for the topics that follow:

• Standard assumptions break down in real applications through
temporal dependence (violating i.i.d.), distributional shift (violating
stationarity), and metric misalignment (violating the assumption that
accuracy reflects value). Recognising which assumption is violated in a
given setting is the prerequisite for choosing the right corrective technique.

• Modeling is a system (Section 1.3): data pipelines, training and
validation, evaluation and diagnostics, deployment and serving, and
monitoring and maintenance interact with each other. A failure in any
component can propagate to degrade the others in ways that are not
immediately visible.

• Five workflow extensions (Section 1.4) address the most common
departures from idealised conditions: temporal structure (Chapters
2–4), unsupervised learning (Chapters 5–7), class imbalance and noise
(Chapters 8–9), hybrid modeling (Chapters 10–11), and deployment with
monitoring (Chapters 12–14). Each extension is developed in depth
across the subsequent parts.

• The companion repository (Section 1.6) provides all datasets, code,
and environment configuration needed to reproduce every example. The
shared config.py module ensures consistent file paths and random seeds
across all chapters.

The chapter topics that follow develop each of these extensions systematically,
building toward a unified framework for end-to-end applied data science.

1.8 Exercises

Exercise 1: Consider a model trained to predict whether a loan applicant will
default within 12 months, using historical application data from 2019–2021.
Identify which of the three core assumptions (i.i.d., distributional stationarity,
metric alignment) is most likely violated for each of the following deployment
scenarios: (a) the model is deployed in 2022 during a period of rising interest
rates; (b) the bank’s portfolio has shifted toward small-business loans, which
were rare in the training data; (c) the model is evaluated using accuracy on a
dataset where 98% of applicants did not default. For each scenario, suggest
the part of this book (Part II–VI) that addresses the violation.
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Exercise 2: Clone the companion repository and run the environment setup
commands. Confirm that the config.py paths resolve correctly on your machine
by running the configuration import block from Section 1.6 and verifying that
the output directories exist. Then navigate to the Chapter 2 notebook and
run the first code cell to confirm that the dataset loads without error.

Exercise 3: For each of the five workflow extensions described in Section 1.4
— temporal structure (Part II), unsupervised learning (Part III), imbalance and
noise (Part IV), hybrid modeling (Part V), and deployment (Part VI) — identify
one real-world domain where that extension is the primary challenge (not one
of the examples already given in the chapter). For each domain, describe
the specific mechanism by which the standard assumption breaks down, and
explain why ignoring it would lead to a misleading model evaluation.

Exercise 4: Draw the five-component modeling system diagram (Figure 1.1)
for a specific application of your choice — for example, a churn prediction
model for a subscription service, a predictive maintenance system for wind
turbines, or a medical image classifier. For each component, identify the
concrete implementation (e.g., “Data Pipelines: hourly sensor readings from
500 turbines, preprocessed with a rolling 24-hour window”) and one specific
failure mode that could arise at that component without propagating an
obvious error.

1.9 Quiz

1. The i.i.d. assumption in supervised learning is violated most directly by:
A. A dataset with a 99:1 class imbalance between negative and positive
examples B. A time series dataset where consecutive observations are
autocorrelated and random train-test splitting leaks future information
into training C. A dataset where the evaluation metric (accuracy) does
not reflect the cost of false negatives D. A regression problem where the
target variable has a skewed distribution that is not corrected by a log
transform

2. Covariate shift refers specifically to: A. A change in the conditional
𝑃(𝑦 ∣ x) caused by a new relationship between features and the target
B. A change in the marginal distribution of the target 𝑃(𝑦) without a
corresponding change in features C. A change in the distribution of input
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features 𝑃(x) while the conditional 𝑃(𝑦 ∣ x) remains stable D. A change
in both 𝑃(x) and 𝑃(𝑦 ∣ x) simultaneously, requiring full model retraining

3. A model that predicts “no fraud” on every transaction achieves 99.8%
accuracy on a dataset where fraud occurs in 0.2% of cases. This failure
illustrates which breakdown of standard assumptions? A. Temporal
dependence — the fraud patterns have evolved since the training data
was collected B. Metric misalignment — accuracy is an inappropriate
metric when classes are imbalanced and error costs are asymmetric C.
Distributional shift — the test set was drawn from a different population
than the training set D. Feature leakage — a preprocessing step has
introduced information about the target into the feature set

4. In the five-component modeling system, which component is responsible
for detecting that a model’s predictions are degrading due to distribu-
tional shift — and triggering the retraining feedback loop? A. Data
Pipelines B. Training and Validation C. Evaluation and Diagnostics D.
Monitoring and Maintenance

5. Which of the following best explains why a flawed validation strategy
is more dangerous than a poorly chosen model? A. A flawed validation
strategy requires more compute to fix, whereas a poorly chosen model can
be swapped without reprocessing the data B. A flawed validation strategy
produces misleading performance estimates that make an unreliable
model appear trustworthy, whereas a poorly chosen model will typically
show clearly lower performance in a correctly implemented evaluation
C. A flawed validation strategy affects only the training set, whereas a
poorly chosen model affects both training and test performance D. A
flawed validation strategy is specific to tree-based models and does not
affect linear models or neural networks

Answers: 1-B, 2-C, 3-B, 4-D, 5-B
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