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Chapter Objective 

Classical Machine Learning remains one of the most important tools in AI Engineering, even with the 

advancement of LLMs, foundation models, and agentic systems. Many business problems operate predominantly 

on structured data, have well-defined quantitative objectives, and can be solved more efficiently by models such 

as Logistic Regression, Decision Trees, Random Forest, and Gradient Boosting. 

For a Staff AI Engineer, technical maturity means choosing the lowest level of complexity capable of adequately 

solving the problem. Using GenAI for a task that can be solved by a classical model often adds cost and complexity 

without producing proportional benefit. 

Classical Machine Learning remains particularly relevant because it can provide important advantages: 

●​ Lower computational cost improves unit economics: Classical models often run on CPUs and require 

significantly fewer inference resources; 

●​ Lower latency enables synchronous decisions: Scores can be computed within a few milliseconds, 

enabling integration into transactional flows; 

●​ Greater predictability simplifies operations: Behavior tends to exhibit less variability than generative 

systems; 

●​ Greater explainability facilitates governance: Many models make it easier to understand which signals 

contributed to a prediction; 

●​ A smaller security surface reduces operational risk: Problems such as prompt injection or arbitrary 

content generation do not exist, although other Machine Learning-specific threats remain; 

●​ Simpler operations reduce maintenance burden: Serving, versioning, testing, and observability can be 

significantly simpler than in generative architectures. 

These characteristics make classical Machine Learning relevant for fraud, credit, churn, pricing, propensity, 

recommendation, ranking, anomaly detection, operational forecasting, and user or event classification. 

The objective of this chapter is to understand how to transform these problems into reliable, generalizable, 

observable, and economically sustainable Machine Learning systems. The focus is not only on algorithms, but also 

on the engineering decisions that determine whether a model will actually produce value in production. 

Several principles will recur throughout the chapter: 
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●​ The problem type determines the mathematical formulation: Classification, regression, ranking, 

clustering, and anomaly detection have different objectives and require different evaluation strategies; 

●​ Feature quality often matters more than algorithmic sophistication: A simple model fed with relevant 

signals can outperform a much more complex model trained on inadequate representations; 

●​ Generalization matters more than training performance: The objective is not to explain the past 

perfectly, but to perform well on future and previously unseen examples; 

●​ Metrics must represent the cost of errors: Accuracy or AUC alone can hide economically poor decisions; 

●​ Models must be operable: Latency, cost, explainability, serving, drift, retraining, security, and monitoring 

are part of the solution; 

●​ Prediction and decision must remain conceptually separate: The model produces probabilistic evidence; 

business policies determine how that evidence will be used; 

●​ Complexity must justify its own cost: Marginal performance gains may not compensate for additional 

infrastructure, latency, governance, and maintenance. 

The core principle is similar to the rest of AI Engineering: the best model is not necessarily the most sophisticated 

one. It is the model that produces the best economic and operational outcome on real data, within the system’s 

constraints for quality, cost, latency, risk, and governance. 

11.1. Machine Learning Problem Formulation 

Before choosing an algorithm, architecture, or infrastructure, the problem must be defined correctly. A significant 

portion of failures in Machine Learning projects begins when a business question is incorrectly transformed into a 

mathematical task. 

The starting point should not be "which algorithm should we use?", but rather "which decision or outcome do we 

want to improve?". Only after this definition does it make sense to choose a Machine Learning formulation. 

11.1.1. Classification and Regression 

Classification attempts to assign a category to an observation. In business applications, this may represent fraud 

versus non-fraud, risk versus no risk, churn versus retention, a document belonging to a specific category, or a user 

exhibiting a given propensity. 

An important point is that classifiers frequently do not produce a decision directly. They produce a score or 

probability that is subsequently interpreted by a policy. 

This creates two distinct responsibilities: 

●​ The model performs risk ranking: More likely cases should receive higher scores than less likely cases; 

●​ The decision layer applies thresholds: The business determines the score above which a particular action 

should occur; 

●​ Different products can use the same model with different policies: The same score can feed different 

thresholds depending on cost, risk, or operational capacity; 

●​ Policy changes do not necessarily require retraining: Adjusting a threshold can modify operational 

behavior without changing model parameters. 

Consider a fraud detection system. The same score can feed different action levels: 



●​ Low risk can result in automatic approval: The system prioritizes low friction when the estimated 

probability is small; 

●​ Intermediate risk can require additional authentication: The system increases the available evidence 

before making a more severe decision; 

●​ High risk can result in blocking or review: The expected cost of fraud justifies greater intervention. 

This architecture preserves flexibility. A more aggressive threshold can capture more fraud, but it can also increase 

false positives. The problem stops being only a classification problem and begins to involve a decision policy. 

Classification can also take more complex forms: 

●​ Binary classification distinguishes two classes: It is common in fraud, churn, propensity, and risk; 

●​ Multiclass classification selects one among multiple categories: It can be used to classify tickets, 

documents, fraud types, or operational routes; 

●​ Multilabel classification allows multiple labels simultaneously: A document can be legal, financial, and 

confidential at the same time. 

These variations have architectural consequences. In multiclass classification, an error can route an event to the 

wrong pipeline. In multilabel classification, a false negative on a label associated with personal data can produce 

an access-policy violation even when the remaining classifications are correct. 

For this reason, global performance averages may be insufficient. Critical classes or labels often require their own 

metrics and thresholds. Regression, in contrast, attempts to estimate continuous values such as price, revenue, 

demand, resolution time, consumed quantity, or Customer Lifetime Value. 

Average error provides an initial perspective, but rarely tells the entire story: 

●​ The error distribution shows where the model fails: Two models with the same average error can exhibit 

very different behaviors; 

●​ Segment-level analysis identifies asymmetries: Performance may vary across customers, regions, or 

products; 

●​ Errors at the extremes can have disproportionate impact: Underestimating high-LTV customers may be 

more serious than small errors distributed across the population; 

●​ Economic impact matters more than abstract magnitude: A $100 error may be irrelevant in one context 

and critical in another. 

The Staff perspective therefore requires separating model prediction from business decision: the score is not the 

final decision; it is evidence used by a broader decision system. 

11.1.2. Ranking, Clustering, and Anomaly Detection 

Some problems do not naturally fit into classification or regression. Ranking, clustering, and anomaly detection 

have different objectives and must be evaluated according to their specific nature. Ranking attempts to order 

candidates according to relevance, risk, or utility. It appears in search, recommendations, advertising, retrieval, 

and candidate selection. 

Position directly matters: 

●​ Items at the top have much greater value: The difference between appearing in position 2 and position 

200 can determine whether the user will ever see the result; 



●​ Accuracy does not capture positional quality: A relevant item found too far down the list may have little 

practical value; 

●​ Metrics must account for position: NDCG, MRR, Precision@K, and Recall@K are more appropriate for this 

type of task; 

●​ Operational capacity can transform classification into ranking: When a team can review only the Top-K 

cases, correctly ordering the highest-risk cases may be more important than classifying the entire 

population. 

Ranking has also become an important capability in RAG systems. Retrieval may find the correct document but 

place it below dozens of less relevant candidates. Reranking attempts to move relevant evidence to the top before 

the context is sent to the LLM. In this case, a classical Machine Learning task directly influences the groundedness 

of a generative system. 

Clustering operates without predefined labels and attempts to identify structures or groups in the data. It can 

support customer segmentation, document grouping, pattern discovery, and exploratory analysis. 

However, clusters should not be treated as natural truths: 

●​ Algorithms can always find some structure: This does not mean that the structure has business meaning; 

●​ Mathematical separation does not guarantee utility: A geometrically well-defined cluster may be 

commercially irrelevant; 

●​ Stability must be verified: Small changes in the data should not produce completely different segments 

without explanation; 

●​ Interpretability helps validate meaning: Experts must be able to relate groups to understandable 

patterns; 

●​ Business utility must be demonstrated: Segments create value only when they improve a decision, 

campaign, product, or process. 

Anomaly detection attempts to identify observations that deviate from expected behavior. It is particularly useful 

when important events are rare, such as fraud, attacks, industrial failures, or unusual operational behavior. 

The main difficulty is that an anomaly does not necessarily mean a problem. A transaction ten times larger than 

usual may represent fraud, an exceptional legitimate purchase, or a data-capture error. 

For this reason, anomaly detection often works best as a triage mechanism: 

●​ The detector identifies unusual events: It reduces the universe that needs to be analyzed; 

●​ Additional rules can validate context: Deterministic criteria can eliminate clearly legitimate anomalies; 

●​ Another model can refine the decision: A second stage can classify the selected cases; 

●​ Human review can handle ambiguous situations: Experts analyze only a prioritized subset of events. 

The primary trade-off often involves false positive rate. An excessively sensitive detector can generate so many 

alerts that operators stop trusting the system. 

In cybersecurity, the same principle can identify unexpected volumes, abnormal access patterns, suspicious agent 

behavior, or unusual API and token consumption. Again, system quality depends not only on detecting deviations, 

but on producing an operationally manageable volume of alerts. 

11.1.3. Supervised vs. Unsupervised Learning 



The distinction between supervised and unsupervised learning determines which information is available during 

training. Supervised learning uses examples with known answers. The dataset contains features and a target, and 

the objective is to learn a relationship capable of generalizing to new examples. 

This approach has important advantages: 

●​ The objective is explicitly defined: There is a known answer against which predictions can be compared; 

●​ Evaluation is more direct: Holdouts make it possible to estimate performance on data not used during 

training; 

●​ Many business problems have historical outcomes: Credit, churn, fraud, and propensity often have a 

subsequent event that can serve as the target. 

However, supervision does not eliminate quality problems. The model learns the definition represented by the 

labels, and labels can have biases, errors, and their own lineage. 

Consider fraud. A dataset may label as fraudulent only events that were historically confirmed. Fraud that was 

never detected remains recorded as negative. In this case, the model partially learns the behavior of the previous 

detection process, not necessarily the complete underlying reality. 

Unsupervised learning operates without explicit targets and can search for groups, structures, representations, or 

anomalies. This is useful when labels are expensive or unavailable, but it makes evaluation more difficult. 

Unsupervised results require additional validation: 

●​ Stability verifies robustness: Useful structures should not depend excessively on small perturbations; 

●​ Meaning must be analyzed: Experts should be able to relate patterns to real phenomena; 

●​ Utility must be demonstrated: The result should improve some analysis or decision; 

●​ Human validation may be necessary: There is not always an automatic metric capable of determining 

whether a discovered structure is useful. 

A Staff AI Engineer does not transform clusters into commercial segments merely because an algorithm found 

them. The mathematical result is only the beginning of the validation process. 

11.2. Generalization, Feature Engineering, and Leakage 

Machine Learning creates value only when the behavior learned from historical data remains valid on future data. 

This makes generalization, feature quality, and leakage prevention central engineering concerns. High training 

performance is not sufficient evidence that the model will be useful. In some cases, it can even indicate that there 

is a problem in the evaluation process. 

11.2.1. Bias, Variance, Underfitting, and Overfitting 

Underfitting occurs when the model lacks sufficient capacity or information to represent relevant patterns. 

Typically, both training and validation exhibit poor performance. 

The causes can exist at different layers: 

●​ Insufficient features limit the available information: Increasing algorithmic complexity does not create 

signals that do not exist; 



●​ An excessively simple model limits representational capacity: Nonlinear relationships may not be 

adequately captured by a linear function; 

●​ Excessive regularization constrains the model: Strong restrictions can prevent the learning of real 

patterns; 

●​ Inadequate training can produce an incorrect diagnosis: The algorithm may have sufficient capacity but 

be poorly configured. 

Before automatically migrating to Deep Learning, the cause must be investigated. A poor linear model does not 

demonstrate that neural networks are necessary; it may indicate incorrect features, a poorly defined objective, or 

missing relevant signals. 

Overfitting represents the opposite problem. The model adapts excessively to the examples observed during 

development and loses generalization capability. 

Several signals are recurrent: 

●​ Extremely high training performance and significantly lower validation performance indicate a 

generalization gap: The model learned peculiarities of the training data; 

●​ Spurious features can create fragile correlations: Historical relationships may disappear in production; 

●​ Too few examples increase variance: Small changes in the dataset can substantially modify the model; 

●​ Leakage can create artificial performance: The model may be using information that will not exist during 

serving; 

●​ Excessive tuning can overfit the evaluation process: The validation set increasingly influences 

development decisions indirectly. 

Overfitting creates a particularly dangerous problem: false confidence. Offline experiments appear excellent, 

investments and processes may be built around the model, and degradation becomes visible only after 

deployment. This risk is especially important in credit, fraud, and pricing, where errors can produce significant 

financial impact. 

Bias and variance help reason about this balance: 

●​ Simple models tend to increase bias: They may fail to capture relevant relationships; 

●​ Highly flexible models can increase variance: Small differences in the data can generate less stable 

behavior; 

●​ Sufficient complexity must be found empirically: The objective is not to maximize historical fit, but to 

minimize expected error on future data; 

●​ Stability is also a production property: A small average gain may not justify a large increase in variability. 

If Logistic Regression provides performance close to Gradient Boosting or Deep Learning, the simpler solution may 

be superior when the complete architecture is considered. It may offer greater explainability, lower cost, lower 

latency, and simpler maintenance. Generalization must be treated as a product requirement, not merely as a 

statistical property. 

11.2.2. Feature Engineering and Feature Selection 

Features represent the information the model receives to make a prediction. In structured-data problems, feature 

engineering often produces greater gains than replacing one algorithm with a more sophisticated one. 



Domain features translate knowledge about the problem into signals that the model can use. In fraud, for 

example, relevant information may involve transaction velocity, geographic distance, device history, amount 

patterns, and merchant behavior. 

These signals frequently do not exist directly in a single column. They must be constructed from events and 

relationships present in the data. 

An important rule before increasing model capacity is to ask: does the system contain the signals required to 

make this decision? 

An algorithm cannot infer information that is not represented in the data in some form. 

Aggregated features are particularly common in business systems: 

●​ Temporal windows summarize recent behavior: Number of purchases over seven days or attempts during 

the last few hours can reveal important changes; 

●​ Historical statistics provide context: Average monthly spending or login frequency may be more 

informative than an isolated event; 

●​ Recency can represent behavioral change: Time since the last event often has predictive power; 

●​ Signal combinations incorporate domain knowledge: Relationships may be more useful than raw values. 

However, aggregations also create engineering problems: 

●​ Freshness must be compatible with the SLA: A correct but stale feature can produce an inadequate 

prediction; 

●​ Online computation can increase latency: Complex aggregations during every request can make 

synchronous serving unviable; 

●​ Training-serving consistency must be guaranteed: The definition used offline must be equivalent to the 

definition used in production; 

●​ Point-in-time correctness must be preserved: Data that became available after the historical prediction 

time cannot contaminate training examples. 

Feature stores or shared pipelines can help manage these properties, but they also add infrastructure. Adoption 

must be justified by volume, reuse, and requirement complexity. 

Categorical variables introduce another set of decisions. Region, channel, product, or customer category must be 

represented in a form compatible with the algorithm being used. 

High cardinality makes the problem more difficult: 

●​ One-hot encoding can create enormous dimensionality: Millions of products or users can produce 

impractical representations; 

●​ Aggregations can reduce dimensionality: However, they remove some granularity; 

●​ Embeddings can represent categories densely: However, they make interpretation less direct; 

●​ Different algorithms handle categories differently: The strategy must consider the model, scale, and 

infrastructure. 

Missing values also require interpretation before any imputation is performed. A missing field may represent 

unknown data, a pipeline failure, an event that never occurred, or an attribute that does not apply. These 

situations are not equivalent. 



Absence of credit history, for example, may represent a new customer and constitute a legitimate predictive 

signal. Automatically replacing every missing value with the mean can destroy that information. 

Data quality and feature engineering are deeply connected. Before asking "how should this value be imputed?", 

the question should be "why is this data missing?". 

Feature selection complements this reasoning. More features do not necessarily mean a better system. 

Each new feature can introduce different costs: 

●​ More variables can increase overfitting: Especially when the number of examples is limited; 

●​ New dependencies can increase latency: A feature may require a synchronous query to another system; 

●​ Additional data pipelines increase operational cost: More sources need to be maintained, monitored, 

and governed; 

●​ More data expands the governance surface: Sensitive or regulated information may require additional 

controls; 

●​ Additional complexity increases the risk of inconsistency: Training and serving must remain 

synchronized. 

A feature that marginally improves AUC but adds hundreds of milliseconds and a critical dependency to the 

inference path may reduce the quality of the end-to-end system. A Staff AI Engineer must evaluate features across 

at least two dimensions: predictive gain and operational cost. 

11.2.3. Feature Leakage and Point-in-Time Correctness 

Leakage is one of the most dangerous failures in Machine Learning because it creates artificially high performance 

and, consequently, artificial confidence. The principle is simple: during training, the model cannot use any 

information that would not be available at the actual time of prediction. 

Target leakage occurs when a feature directly or indirectly contains information about the response. 

Imagine a model that predicts whether a loan will default. If a feature represents a collection status recorded after 

the default, the model appears extremely accurate because, in practice, it is observing the future. 

Unexpectedly high performance should trigger investigation: 

●​ The origin of every feature must be known: Data lineage helps identify information derived from 

subsequent events; 

●​ The availability timestamp must be explicit: Knowing when the data was stored is not enough; it is 

necessary to know when the data could have been used by the decision; 

●​ Indirect derivations of the target must be analyzed: A variable may not literally contain the target and 

may still encode it; 

●​ Results that are "too good" must be audited: Extraordinary performance may represent an evaluation 

bug. 

Train-test leakage occurs when information from the test set influences the development process. This can 

happen in different ways: 

●​ Normalization performed on the entire dataset contaminates statistics: Information from the test set 

influences transformations applied to training; 

●​ Feature selection using test data destroys independence: Decisions begin to reflect the reserved set; 



●​ Duplicates across sets make examples previously known: The test no longer represents real 

generalization; 

●​ Repeated tuning on the same benchmark creates benchmark overfitting: The team begins to optimize 

indirectly for that particular set. 

The same principle applies to GenAI evaluation. If prompts are continuously modified using the same evaluation 

set, that set gradually stops representing an independent test. 

Temporal leakage is particularly relevant in business datasets. When the objective is to predict future events, 

random splits can mix examples from different periods and introduce information that would not be available 

during actual deployment. 

In many cases, validation must respect chronology. Point-in-time correctness formalizes this requirement: a 

historical example must be reconstructed using only the information state that existed at the time of the 

decision. This principle is fundamental for aggregated features, credit systems, fraud detection, churn, and any 

context in which data accumulates information over time. 

The Staff-level question is not only "is the split statistically correct?". It is: does the evaluation design reproduce 

the real conditions under which the system will operate? 

11.3. Classical Models and Operational Complexity 

Algorithm selection should occur only after the problem, data, baseline, and evaluation strategy have been 

defined. Starting with the model often leads to premature optimization. 

Classical models form a spectrum of complexity. The objective is not to use the most powerful algorithm available, 

but to find the lowest level of complexity capable of satisfying product requirements. 

11.3.1. Baselines and Linear Models 

Every project needs a baseline. Without a reference, it is impossible to determine whether additional complexity 

creates value. Baselines can represent different levels of comparison: 

●​ A simple rule measures the minimum value of automation: Heuristics can solve a significant portion of 

the problem; 

●​ An average or historical statistic establishes a reference for regression: Models must outperform trivial 

predictions; 

●​ Logistic Regression provides a strong classification baseline: Many tabular problems are surprisingly well 

represented by linear models; 

●​ The model currently in production represents the real competitor: A new system creates value only if it 

improves something relevant; 

●​ Human decision-making can also serve as a baseline: Automation should be compared against the 

process it is intended to replace or assist. 

Baselines prevent overengineering and improve communication with the business. "We reduced losses by 18% 

compared with the current process" communicates value more directly than "we achieved an AUC of 0.91". Linear 

Regression remains relevant for continuous targets when approximately linear relationships provide sufficient 

representation. 



It has important operational advantages: 

●​ High interpretability facilitates analysis: The direction of certain relationships can be understood 

relatively directly; 

●​ Low computational cost reduces infrastructure requirements: Training and inference tend to be 

inexpensive; 

●​ Simplicity provides an excellent baseline: More sophisticated models must demonstrate real gains over 

this reference; 

●​ Few components increase operational stability: Serving, versioning, and explanation are relatively simple. 

It may present limitations in the presence of strong nonlinearity, complex interactions, or significant outliers. 

However, these limitations do not eliminate its value as a baseline and, in some domains, as the final model. 

Logistic Regression plays a similar role in classification. Despite its name, it models class probabilities and remains 

especially useful in environments where interpretability and low latency are important. 

Its properties make comparison against it mandatory in many problems: 

●​ Relatively high interpretability facilitates relationship analysis: This can be important in credit, risk, and 

governance; 

●​ Extremely fast inference favors transactional systems: The model can operate with low latency on CPU; 

●​ Efficient training reduces experimentation cost: Large numbers of configurations can be evaluated 

quickly; 

●​ Calibration can be appropriate in many scenarios: Depending on the dataset and modeling approach; 

●​ A strong baseline increases decision rigor: Greater complexity must demonstrate sufficiently meaningful 

improvement. 

When the problem contains strong nonlinearities or interactions, tree-based models can produce important gains. 

However, the gain must be measured, not assumed. 

11.3.2. Decision Trees, Random Forest, Gradient Boosting, and SVM 

Decision Trees partition the feature space through sequential rules. Their structure is intuitive and capable of 

representing nonlinear relationships and interactions without requiring extensive input transformations. 

Several characteristics explain their usefulness: 

●​ Nonlinear relationships are represented naturally: There is no linearity requirement; 

●​ Interactions can emerge within branches: The effect of one feature can depend on the value of another; 

●​ Less numerical preprocessing may be required: Many transformations required by linear models are no 

longer mandatory; 

●​ Individual paths can be inspected: This provides some degree of local interpretability. 

However, individual trees have high variance. Small changes in the dataset can produce significantly different 

trees, and excessive depth encourages overfitting. 

Ensembles attempt to reduce some of these limitations. Random Forest combines multiple trees trained on 

subsets of examples or features. This strategy reduces variance compared with a single tree. 

It provides an interesting set of properties: 



●​ Strong performance on tabular data: Complex relationships can be captured without deep architectures; 

●​ Greater robustness than a single tree: Aggregation reduces sensitivity to small variations; 

●​ Relatively forgiving tuning: Reasonable configurations can provide strong results; 

●​ Feature importance can provide signals for analysis: Although importance must be interpreted carefully. 

The main limitations involve ensemble size, higher inference cost than linear models, lower explainability, and the 

fact that Gradient Boosting frequently provides better performance on tabular problems. Random Forest 

nevertheless remains an excellent nonlinear baseline. 

Gradient Boosting builds models sequentially, with each stage attempting to correct errors accumulated by 

previous stages. This family has become particularly important for tabular data. 

In many business problems, boosting provides a highly favorable relationship between predictive capability and 

operational complexity: 

●​ High predictive capacity captures nonlinearities and interactions: Models can represent complex 

structures; 

●​ Tabular data is a particularly strong use case: Many business applications fall into this category; 

●​ Different objective functions support multiple tasks: Classification, regression, and ranking can be 

addressed by the same model family; 

●​ Modern implementations are highly optimized: Training and inference can remain efficient even on large 

datasets. 

This capability also introduces new trade-offs: 

●​ More hyperparameters increase the tuning space: Learning rate, depth, number of estimators, and 

regularization must be controlled; 

●​ Higher capacity increases overfitting risk: Especially on small datasets or datasets containing leakage; 

●​ Interpretability is lower than with linear models: Additional techniques may be necessary; 

●​ Training can become more expensive: Depending on data volume, number of trials, and configurations. 

When the data is tabular and the volume is compatible, Gradient Boosting should be considered before assuming 

that Deep Learning will produce a superior result. 

Support Vector Machines provide another approach. They attempt to identify boundaries with large margins and 

can use kernels to represent nonlinear relationships. 

SVMs can still be useful for small or medium-sized datasets, high-dimensional spaces, and problems with good 

separation. However, on very large datasets, training and scaling can become difficult, probabilities may require 

additional treatment, and tree-based models are often more practical in business environments. 

The objective is not to define a universal default. Each algorithm exists within a specific region of trade-offs. 

11.3.3. Model Complexity vs. Operational Complexity 

Algorithmic complexity produces operational consequences. An offline gain cannot be analyzed in isolation. 

Consider a Gradient Boosting model whose AUC is only slightly lower than that of a deep neural network. If the 

former runs on CPU with low latency while the latter requires GPU infrastructure, the decision must consider 

much more than the AUC difference. 



The comparison must include other dimensions: 

●​ Cost per inference changes economics at scale: Small differences multiply across millions of requests; 

●​ Hardware availability influences reliability: GPUs can introduce additional capacity, scheduling, and 

dependency requirements; 

●​ Deployment time affects the speed of evolution: Sophisticated infrastructure increases the number of 

components that must be delivered; 

●​ Maintenance grows with the number of dependencies: Complex pipelines increase operational load; 

●​ Explainability can require additional systems: Explanation techniques must also be implemented and 

governed; 

●​ Latency can determine product viability: A model that is superior offline may violate the actual SLA. 

The Staff perspective considers marginal performance and marginal cost simultaneously. A sophisticated model is 

better only when the additional gain produces enough value to pay for the additional technical, operational, and 

organizational complexity. 

11.4. Evaluation, Thresholds, and Decision Policies 

Evaluation must answer a broader question than "which model has the best metric?". The objective is to estimate 

how different models and policies will behave within the real system. This requires analyzing ranking, 

classification, probabilities, operational capacity, and the cost of errors. 

11.4.1. Class Imbalance, Resampling, and Metrics 

Many important business events are rare. Fraud may represent a small fraction of transactions, defects may be 

uncommon, and security incidents may correspond to a minimal portion of observed events. 

In datasets of this type, accuracy can be deeply misleading. A classifier that always predicts the majority class can 

exhibit high accuracy and nearly zero operational value. 

Class imbalance can be addressed in different ways: 

●​ Class weights increase the cost of errors on rare classes: The training process assigns greater importance 

to specific examples; 

●​ Oversampling increases exposure to the minority class: The model observes rare examples more 

frequently; 

●​ Undersampling reduces the predominance of the majority class: This can simplify training but discard 

information; 

●​ Threshold adjustment changes policy without modifying training: The system can increase operational 

sensitivity; 

●​ Specialized objectives incorporate asymmetry into learning: The optimization function can reflect 

differences in cost. 

Resampling also creates risks. Excessive oversampling can increase overfitting, undersampling can remove useful 

information, and synthetic sampling can create examples that poorly represent the real distribution. Regardless of 

the training strategy, evaluation must continue to reflect the actual production environment or use an explicitly 

documented methodology. 

Precision and recall provide complementary perspectives: 



●​ Precision measures the reliability of positive actions: It becomes important when every intervention has 

a cost or introduces friction; 

●​ Recall measures coverage of relevant events: It becomes important when failing to capture an event has 

high impact; 

●​ F1 combines both metrics: However, it implicitly assumes a form of balance that may not represent the 

economics; 

●​ Segment-level metrics reveal asymmetries: A global average can hide inadequate performance in 

important populations. 

In fraud, a false negative can cause significant financial loss, while a false positive can create friction or 

abandonment. There is no reason to automatically assume that these two errors have the same cost. 

ROC-AUC measures ranking capability across different thresholds. It is useful for comparing discriminative power 

independently of a specific policy, but it may be insufficient in highly imbalanced problems. A model can exhibit 

high ROC-AUC and still produce inadequate precision within the operational region being used.  

PR-AUC focuses evaluation on precision and recall and can provide a more useful perspective when the positive 

class is rare. Even so, no aggregate metric replaces analysis at the actual operating point. 

The relevant question is not merely "what is the AUC?", but: what happens to users, revenue, losses, and 

operations when we use the actual threshold? 

11.4.2. Thresholds, Calibration, and Business Cost 

Threshold optimization should be treated as an explicit part of the product. A model can remain exactly the same 

while different thresholds produce significantly different business outcomes. 

Consider a risk score again: 

●​ The auto-approval threshold determines how much risk is accepted without friction: A more permissive 

policy improves experience but can increase exposure; 

●​ The manual review range controls operational volume: The policy must respect the team’s actual 

capacity; 

●​ The auto-reject threshold determines intervention severity: An aggressive value can reduce losses and 

increase false positives; 

●​ Different segments can require different thresholds: Transaction value, product, or criticality can change 

the economics. 

In many systems, there is more value in optimizing thresholds and workflow than in seeking a few additional 

points of model performance. 

Calibration adds another dimension. A classifier can rank examples extremely well while still producing inadequate 

probabilities. When scores are used as probabilities in pricing, risk management, routing, or prioritization, this 

distinction becomes relevant. 

A well-calibrated model should exhibit a reasonable relationship between score and observed frequency. If many 

cases receive a probability of 0.8, approximately that proportion of similar cases is expected to exhibit the 

outcome, subject to the statistical limitations of the evaluation. Without calibration, treating a score as an 

economic probability can be dangerous. 



A confusion matrix helps translate performance into concrete effects. It separates true positives, true negatives, 

false positives, and false negatives. 

Each quadrant can be assigned its own cost: 

●​ True positives can represent avoided losses or captured opportunities: The benefit can be monetized; 

●​ False positives can represent friction or unnecessary human work: Their cost must be incorporated; 

●​ False negatives can represent undetected fraud, churn, or incidents: In some domains, they are the most 

expensive error; 

●​ True negatives preserve operational efficiency: Normal cases proceed without intervention. 

This perspective makes it possible to transform technical evaluation into economic analysis. Instead of presenting 

only AUC to executives, a Staff AI Engineer can show how many cases would be blocked, how much fraud would 

be prevented, how many legitimate customers would be affected, and what the expected financial effect would 

be. 

Cost-sensitive learning brings this logic into the modeling process. Different costs can be incorporated through 

sample weighting, class weighting, thresholds, or custom objectives. Even when training does not directly 

incorporate a business cost function, the decision layer can implement that logic. 

Operational capacity must also appear in the policy. A model may identify ten thousand relevant cases per day 

while the human team can review only five hundred. 

In this scenario, maximizing global recall may be irrelevant. The objective may instead become maximizing value 

within the Top-K by ranking the cases with the highest risk or greatest expected return. The operational constraint 

changes the effective objective function of the system. 

11.4.3. Validation and Hyperparameter Tuning 

The validation strategy must represent deployment. Training, validation, and test sets have different roles: 

●​ The training set learns model parameters: It can be used repeatedly during training; 

●​ The validation set guides model and hyperparameter choices: Development decisions can use this set; 

●​ The test set estimates final performance: Ideally, it remains isolated until the main decisions have been 

completed. 

When the test set is examined repeatedly and begins to influence decisions, it stops functioning as a test set and 

effectively becomes a validation set. In that case, another independent holdout may be necessary. 

Cross-validation uses multiple splits to estimate stability. It is particularly useful when the dataset is limited, but 

the split strategy must respect the structure of the problem: 

●​ Random cross-validation can work on IID data: When examples are approximately independent and 

drawn from the same distribution; 

●​ Temporal splits are required when the future must be predicted: Mixing time periods can create leakage; 

●​ Group-aware splits may be necessary when users appear repeatedly: The same individual appearing in 

training and validation can inflate performance; 

●​ Hierarchical structures may require specific separation strategies: Products, companies, or regions can 

create dependencies among examples. 

There is no single validation strategy appropriate for every dataset. 



Hyperparameter tuning must also be governed. Tree depth, regularization, learning rate, and number of 

estimators can substantially change performance. 

However, tuning has diminishing returns. Every trial consumes compute, time, and engineering effort. Hundreds of 

experiments producing minimal gains may not justify their cost. Furthermore, excessive tuning against the same 

validation set increases the risk of overfitting the experimentation process. 

A Staff AI Engineer must optimize the search process, not just the model: how much is each additional point of 

performance worth, and how much does it cost to find it? 

11.5. Production Architecture, Monitoring, and Evolution 

A trained model is only one component of a Machine Learning system. Value emerges when data is transformed 

into features, the model produces scores, decisions are applied, actions are executed, and outcomes are observed. 

The architecture must support this entire chain. 

11.5.1. Prediction, Decision, Serving, and Human-in-the-Loop 

A production architecture typically includes different capabilities: 

●​ Feature computation transforms data into signals used by the model: Definitions must remain consistent 

between training and serving; 

●​ Model serving executes inference within the SLA: Capacity, availability, and latency become 

requirements; 

●​ The decision layer transforms scores into actions: Thresholds, rules, limits, and policies remain separate 

from the model; 

●​ Logging records inputs, versions, and decisions: This information will be required for debugging and 

auditing; 

●​ Monitoring tracks technical and statistical behavior: Degradation must be detected before it becomes a 

prolonged incident; 

●​ Feedback connects future outcomes to the development cycle: Labels and real outcomes feed evaluation 

and retraining. 

Separating prediction from decision is particularly important. A model can continue producing the same score 

while the business changes thresholds, rules, or limits. This reduces the need for retraining for purely operational 

changes and allows probabilistic behavior to be combined with deterministic controls. 

The serving strategy also depends on the problem. Batch inference is appropriate when predictions can be 

computed in advance: 

●​ Weekly churn can be computed outside the critical path: Scores remain available for campaigns; 

●​ Daily propensity can be updated in batch: Many decisions do not require second-by-second data; 

●​ Segmentation can be executed periodically: Recomputing groups at every interaction would be wasteful; 

●​ Batching improves efficiency: Many examples can be processed together. 

Online inference becomes necessary when the decision depends on current information: 

●​ Fraud detection during payment requires a real-time score: The transaction cannot wait for a later job; 

●​ Recommendation during a session depends on current context: Recent behavior can modify candidates; 



●​ Online features must be available with low latency: Otherwise, the feature pipeline itself dominates the 

SLA; 

●​ High availability becomes a requirement: Failures can directly interrupt the user experience. 

Online inference should not be built when batch inference satisfies the business requirement. Synchronous paths 

create greater operational burden, higher cost, and more failure points. 

Human-in-the-Loop provides a third possibility. Machine Learning does not need to fully automate a decision to 

create value. 

In high-risk situations, the model can operate as a triage system: 

●​ Suspicious cases can be identified automatically: Humans no longer need to analyze the entire 

population; 

●​ Ranking can order priorities: Experts use their capacity where expected value is highest; 

●​ Critical decisions remain under human control: This can reduce risk in low-confidence regions; 

●​ Reviews produce new labels: The operational process also improves future data. 

Partial automation can create more value than attempting to obtain an almost perfect model before entering 

production. 

11.5.2. Drift, Retraining, and Champion-Challenger 

Models operate in environments that change. Even when code and parameters remain constant, the distribution 

of inputs and the relationship between inputs and outcomes can evolve. Data drift occurs when the distribution of 

features changes. 

This can be caused by different factors: 

●​ User behavior can change: New habits alter historical patterns; 

●​ Seasonality can modify distributions: Certain periods do not represent the rest of the year; 

●​ New products change the population: Features can assume new values; 

●​ Economic context changes behavior: Credit models may encounter profiles different from those used 

during training; 

●​ Pipelines can change: A seemingly technical modification can change the distribution without changing 

the underlying phenomenon. 

Data drift does not automatically demonstrate performance loss. It indicates that an assumption of stability has 

changed and should be investigated. 

Concept drift is more critical: the relationship between inputs and outcomes changes. 

A pattern previously associated with fraud, for example, may stop being useful because fraudsters changed their 

behavior. Inputs may look statistically similar while the predictive relationship deteriorates. 

The response may require different interventions: 

●​ Retraining updates parameters: It may be sufficient when the relationship can still be learned from the 

same features; 

●​ New features capture emerging phenomena: Behavioral changes may require new signals; 

●​ A new model may be necessary: The previous model family may no longer provide sufficient capacity; 



●​ The decision policy may also need to change: Economics or operational capacity may have changed. 

For this reason, monitoring only input drift is insufficient. Outcome performance must also be monitored as labels 

become available. 

Retraining should occur because there is a need, not merely because an arbitrary calendar says it should. Triggers 

can include performance degradation, meaningful drift, a sufficient number of new labels, business changes, or 

the introduction of important features. 

Frequent retraining increases adaptability but also increases compute, operational risk, and validation 

requirements. Infrequent retraining simplifies operations but allows models to become stale. The appropriate 

frequency depends on how quickly the domain changes.  

Champion-challenger provides a disciplined way to evolve models. The champion remains the production version 

while new alternatives are evaluated as challengers. 

Promotion should not depend on a single metric: 

●​ Quality must improve meaningfully: The gain should be statistically and operationally useful; 

●​ Latency cannot violate the SLA: A more accurate challenger may be unviable in production; 

●​ Cost must remain sustainable: Marginal gains may cost too much; 

●​ Fairness must be reevaluated: Changes can alter behavior across segments; 

●​ Stability also matters: A higher average with excessive variance may not represent an improvement. 

This pattern prevents replacing a model merely because a new version appears technically interesting. Evolution 

becomes evidence-based and easier to govern and audit. 

11.5.3. Model Monitoring and Feedback Loops 

Infrastructure observability does not replace Machine Learning observability. An endpoint can exhibit 99.99% 

availability, low latency, and no technical errors while the model produces progressively worse decisions. 

Model monitoring must observe different dimensions: 

●​ Input quality verifies feature integrity: Missing fields, impossible ranges, or pipeline failures must be 

detected; 

●​ Data drift tracks changes in distributions: Changes may indicate population shifts or bugs; 

●​ Prediction distribution tracks model behavior: Abrupt changes in scores can reveal degradation even 

before labels become available; 

●​ Latency and errors measure operational health: Serving remains part of the system; 

●​ Outcome performance measures actual quality: When labels become available, production metrics must 

be recalculated; 

●​ Business KPIs verify end-to-end value: A technically healthy model may stop producing economic impact. 

Without outcome monitoring, an organization can operate for months with a degraded model. 

Feedback loops introduce an additional difficulty: models can modify the very data that will later be used to train 

them. 



In credit, rejected customers do not receive loans. As a consequence, the organization never observes how they 

would have behaved if they had been approved. The future dataset begins to reflect decisions made by the 

previous model. 

In recommendation, displayed products receive more opportunities for clicks. The system observes more 

interactions with those products and can interpret that volume as additional evidence of quality, reinforcing its 

own exposure. 

These mechanisms can produce selection bias and reduce diversity. A Staff AI Engineer must identify when the 

model is not merely predicting the environment, but also changing the environment that will produce the next 

data. 

11.6. Interpretability, Governance, Fairness, and Security 

Model performance is only one dimension of quality. Systems used for important decisions must also be 

understandable, auditable, secure, and compatible with governance requirements. These requirements become 

particularly important when predictions affect people, money, or access to services. 

11.6.1. Interpretability and Feature Importance 

Interpretability helps explain why a model produces specific predictions. It can support debugging, governance, 

regulation, trust, and feature validation. 

There are at least two different perspectives: 

●​ Global interpretability attempts to understand aggregate behavior: Which features most influence the 

model and which general patterns were learned; 

●​ Local interpretability attempts to explain a specific prediction: Why a particular customer received a high 

score or why a particular transaction was considered suspicious. 

This distinction matters because a global explanation does not necessarily adequately explain an individual case. 

Feature importance can support these analyses, but it requires caution: 

●​ Importance helps identify signals used by the model: This can reveal unexpected dependencies; 

●​ Anomalous importance values can indicate leakage: An unexpectedly powerful feature deserves 

investigation; 

●​ Feature selection can use importance as one source of evidence: But not as the only criterion; 

●​ Governance may require knowledge of dominant variables: Especially in high-impact models. 

The main caution is that predictive importance does not imply causality. A variable can be extremely useful 

because it is correlated with another factor. Changing that variable does not imply that the outcome would 

change. 

ZIP code, for example, can be highly predictive in certain problems because it reflects income or other 

socioeconomic factors. This does not mean that ZIP code is a cause of the predicted behavior. Furthermore, this 

type of proxy can create fairness and governance implications. 

Approximate explanations should also not be confused with exact descriptions of the model’s internal mechanism. 

Explainability must be used as an analytical tool, not as causal proof. 



11.6.2. Governance, Fairness, and Explainability 

Model governance must cover the entire lifecycle. A high-impact model should have sufficient information 

available so that its existence and decisions can be understood later. 

This includes different types of evidence: 

●​ Purpose defines why the model exists: Use outside the original purpose can create risks; 

●​ An owner establishes accountability: Someone must be responsible for operations, quality, and 

evolution; 

●​ Training data documents the origin of learning: Lineage is essential for auditing; 

●​ Features define the information used in the decision: This also enables privacy and fairness analysis; 

●​ Metrics document known behavior: Limitations must be recorded alongside results; 

●​ Versioning makes it possible to reconstruct historical decisions: The organization must know which 

model was active; 

●​ Approvals record risk acceptance: Critical systems may require formal controls. 

It is also necessary to record where the model operates, which decisions it influences, and which thresholds were 

active. 

A score alone does not explain how the final decision was produced. An audit may need to reconstruct the model 

version, the features available at that moment, the policy applied, and the final outcome. 

Fairness adds another concern. Models can exhibit different behavior across groups due to historical data, unequal 

representation, proxies, or selection bias. An adequate global average can hide extremely poor performance for a 

specific population. 

The analysis must consider context: 

●​ Performance should be segmented when appropriate: Errors may be concentrated in particular groups; 

●​ Data representativeness must be analyzed: Some segments may contain too few examples; 

●​ Proxies can introduce indirect relationships: Apparently neutral features may reflect social attributes; 

●​ Different fairness definitions can produce different objectives: Some mathematical properties may even 

be mutually incompatible. 

For this reason, fairness should not be reduced to a single automatic metric. The appropriate definition depends 

on the domain, risk, legal requirements, and business policy. 

Explainability must also consider the audience: 

●​ Engineers need to diagnose features, interactions, and drift: Detailed technical explanations can be 

useful; 

●​ Analysts need to understand operational reasons: The language should support workflow decisions; 

●​ Customers may require simple and actionable explanations: Sophisticated mathematical explanations 

may be inappropriate. 

The same explanation technique does not necessarily serve every audience. Explainability is also a UX and 

governance problem. 

11.6.3. Cybersecurity in Classical Machine Learning 



AI Security is not limited to LLMs. Classical models also have attack surfaces. 

Several risks appear at different points in the lifecycle: 

●​ Data poisoning can compromise training data: Attackers can insert or modify examples to influence the 

model; 

●​ Feature manipulation can alter scores: Users may discover which inputs reduce risk and adapt their 

behavior; 

●​ Model extraction can approximate model behavior: Repeated queries can enable partial reconstruction 

of the function; 

●​ Membership inference can expose information about training data: Depending on the model and 

conditions, participation of specific examples may be inferred; 

●​ Adversarial behavior exploits known thresholds: Attackers adjust actions to remain below limits; 

●​ Pipeline compromise can alter behavior without modifying model weights: Changes in features or 

transformations are sufficient to degrade decisions. 

Fraud is a particularly important example because an adaptive adversary exists. 

Fraudsters observe which behaviors result in blocking. As they learn, they change their strategies. The model 

begins to operate in a non-stationary and adversarial environment. 

This characteristic requires continuous monitoring, feature evolution, model updates, and complementary 

controls. Features that are difficult to manipulate can be as important as increasing algorithmic complexity. 

11.7. Classical Machine Learning in Modern AI Engineering Architectures 

Classical Machine Learning does not need to compete with Deep Learning or LLMs as though only one technology 

could exist. The correct problem is determining which capability should solve each part of the system. Mature 

architectures often combine different paradigms. 

11.7.1. Classical Machine Learning vs. Deep Learning and LLMs 

Classical Machine Learning tends to provide an excellent cost-benefit ratio when the data is structured, volume is 

moderate, interpretability matters, latency must remain low, and simple infrastructure is desirable. Deep Learning 

begins to provide more value when data is highly unstructured, sufficient volume exists, and automatic 

representation learning is an important part of the problem. 

This creates several general patterns: 

●​ Tabular data often favors classical models: Gradient Boosting can produce excellent performance without 

deep-network infrastructure; 

●​ Images, audio, and raw text often favor Deep Learning: Representation learning reduces the need for 

manual feature engineering; 

●​ Interpretability can favor classical models: Depending on the domain and requirements; 

●​ Available infrastructure influences architecture: Marginal gains may not justify additional GPUs, 

pipelines, and operations. 

The choice should not be based on modernity. It should be based on the nature of the problem. The same 

principle applies to LLMs. 



LLMs are not universal substitutes for predictive models. If the objective is to estimate churn from one hundred 

numerical features, Gradient Boosting may provide greater consistency, lower latency, lower cost, better 

calibration, and simpler monitoring. Delegating this problem entirely to an LLM can add complexity without 

producing a relevant capability. 

However, the two approaches can be combined: 

●​ LLMs can extract information from unstructured text: Contracts, messages, or documents can be 

transformed into signals; 

●​ Classical models can use those signals for scoring: The decision remains within a controllable predictive 

component; 

●​ Deterministic rules can validate final actions: The architecture maintains separation of responsibilities; 

●​ Each component can be evaluated independently: This improves troubleshooting and governance. 

A hybrid architecture can be superior to delegating the entire decision to the generative model. The architectural 

principle is to use each model type in the region where its capabilities actually add value. 

11.7.2. Business KPIs and Economic Impact 

Model metrics create value only when connected to outcomes. 

Consider churn. Improving AUC does not automatically generate a return. The system must identify customers, 

select an intervention, and successfully change behavior. 

The value chain is broader: prediction → decision → action → outcome. If a model correctly identifies the 

highest-risk customers but the organization does not have an effective intervention to retain them, ROI may 

remain close to zero. 

The same reasoning applies to other domains: 

●​ Fraud must reduce net losses: Increased false positives also have a cost; 

●​ Propensity must increase incremental conversion: Merely predicting who would already purchase does 

not necessarily create value; 

●​ Recommendation must produce relevant behavior: Clicks without revenue, retention, or another 

outcome may have limited value; 

●​ Pricing must improve economic results: Lower statistical error matters only if it produces better 

commercial decisions; 

●​ Triage must increase productivity: Additional alerts without sufficient handling capacity can worsen 

operations. 

Classical Machine Learning has significant potential because it transforms structured data into repeatable and 

scalable decisions. When correctly integrated into the process, it can produce different forms of impact: 

●​ Reduced losses: Fraud and risk can be identified earlier; 

●​ Increased revenue: Propensity and recommendation can improve conversion; 

●​ Reduced churn: At-risk customers can be prioritized for retention; 

●​ Higher productivity: Cases can be automatically ranked for review; 

●​ Better pricing: Predictions can inform commercial decisions; 

●​ Lower operational cost: Models can automate or prioritize triage; 

●​ Greater consistency: Decisions no longer depend exclusively on manual assessments. 



However, impact does not come from the model in isolation. It depends on data, prediction, decision, action, and 

outcome. A mature organization measures success at the end of that chain. 

11.7.3. Staff-Level Trade-offs and Anti-Patterns 

Classical Machine Learning involves trade-offs that must be managed explicitly. Several appear repeatedly: 

●​ Model Complexity vs. Explainability: More flexible models can increase quality while making 

interpretation more difficult; 

●​ Precision vs. Recall: Reducing one type of error often increases another; 

●​ Accuracy vs. Business Cost: A better aggregate metric does not guarantee lower economic loss; 

●​ Feature Richness vs. Operational Cost: More features can increase predictive power as well as latency, 

dependencies, and governance requirements; 

●​ Online vs. Batch Inference: Online inference provides greater freshness, while batch inference reduces 

cost and operational burden; 

●​ Retraining Frequency vs. Operational Risk: Frequent updates increase adaptability but also increase the 

regression surface; 

●​ Automation vs. Human Review: Greater automation reduces cost but can increase risk in ambiguous 

cases; 

●​ Model Performance vs. Stability: A small average gain can be accompanied by higher variance; 

●​ Generic vs. Segment-Specific Models: Specialization can improve performance but increases the number 

of models and maintenance burden; 

●​ More Data vs. Better Data: Additional volume does not necessarily compensate for poor labels, leakage, 

or inadequate signals. 

There is no universal optimum. The correct operating point depends on the system and its economics. 

Several anti-patterns also appear repeatedly in design reviews: 

●​ Starting with the algorithm before defining the problem: Produces technology without a measurable 

business objective; 

●​ Using accuracy for a highly imbalanced problem: Can hide an operationally useless model; 

●​ Having no baseline: Makes it impossible to determine whether additional complexity actually creates 

value; 

●​ Ignoring feature leakage: Produces artificially high performance and false confidence; 

●​ Using a random split for a temporal problem: Can leak future information into development; 

●​ Adding every available feature: Increases cost, overfitting, governance requirements, and dependencies; 

●​ Selecting the threshold exclusively by F1: Ignores economic asymmetry between errors; 

●​ Training a complex model without evidence that it is needed: Increases operational complexity without 

proportional gain; 

●​ Evaluating only global averages: Can hide failures in critical segments; 

●​ Failing to monitor drift and outcomes: Allows silent degradation; 

●​ Running automatic retraining without quality gates: Can promote a version that is worse than the 

previous one; 

●​ Using the score directly as the decision: Mixes probabilistic evidence with business policy; 

●​ Allowing models to control critical actions without guardrails: Removes deterministic controls; 

●​ Interpreting feature importance as causality: Confuses prediction with causal mechanism; 

●​ Ignoring feedback loops: The model itself can distort the data used in the future. 



Recognizing these patterns quickly is an important Staff Engineering skill. The objective is not merely to build a 

model that works offline, but to prevent local decisions from creating systemic problems in production. 

Chapter Summary 

Classical Machine Learning remains one of the fundamental capabilities of AI Engineering. The advancement of 

GenAI has not eliminated its importance; instead, it has made it even more necessary to know when generative 

models are actually required and when a classical predictive solution provides better engineering. 

The core principles can be summarized in several ideas: 

●​ Define the task correctly before choosing the model: Classification, regression, ranking, clustering, and 

anomaly detection solve different problems; 

●​ Establish a baseline before increasing complexity: The gain must justify the additional investment; 

●​ Invest in relevant features: Information and representation often matter more than algorithmic 

sophistication; 

●​ Protect point-in-time correctness: Leakage produces impressive results that disappear in production; 

●​ Optimize for generalization, not training fit: The model must work on future data; 

●​ Choose algorithms according to the nature of the data: Gradient Boosting can outperform far more 

sophisticated solutions on tabular problems; 

●​ Use metrics compatible with the cost of errors: Accuracy alone rarely represents real systems adequately; 

●​ Treat the threshold as a product and business decision: The operating point determines a large portion of 

the final impact; 

●​ Separate prediction from decision: The model produces evidence; deterministic policies control actions; 

●​ Design serving proportionally to the SLA: Do not build online infrastructure when batch processing is 

sufficient; 

●​ Monitor inputs, drift, predictions, and outcomes: Healthy infrastructure does not mean a healthy model; 

●​ Use Human-in-the-Loop when the risk justifies it: Partial automation can create more value than 

excessive autonomy; 

●​ Consider explainability, fairness, governance, and security: Model performance is not the only relevant 

dimension; 

●​ Compare classical Machine Learning, Deep Learning, and LLMs rationally: Use each paradigm when its 

specific capabilities genuinely add value. 

The central lesson is that classical Machine Learning should not be interpreted as an outdated technology. For a 

large number of structured problems, it remains one of the most efficient, predictable, and economically robust 

ways to transform data into decisions. 

The Staff perspective shifts the question from "which algorithm has the best benchmark?" to a broader question: 

which combination of data, features, model, policy, architecture, and operations produces the best end-to-end 

outcome within the real constraints of the business? 

Practical Framework for Solving Machine Learning Problems 

When receiving a new problem, a Staff AI Engineer can use a mental sequence similar to the one used throughout 

the rest of AI Engineering. First, determine the business problem and expected value: 

●​ Decision: Identify exactly which decision needs to improve; 



●​ Outcome: Determine which real outcome needs to be predicted or influenced; 

●​ Baseline: Quantify how the process currently performs; 

●​ Business value: Estimate how much improving that decision is worth. 

This first step prevents Machine Learning from becoming an objective in itself. If there is no relevant decision or 

measurable outcome, building a model is probably not the correct next step. 

Next, choose the appropriate formulation: 

●​ Classification: Use when the objective is to assign classes or estimate category probabilities; 

●​ Regression: Use when the outcome is continuous; 

●​ Ranking: Use when relative ordering is more valuable than absolute classification; 

●​ Clustering: Use when the objective is to discover structures without known labels; 

●​ Anomaly detection: Use when rare events or deviations need to be prioritized. 

The formulation determines which algorithms and metrics will make sense later. Next, analyze the data and the 

feature-generation process: 

●​ Temporal availability: Verify which information exists at the actual time of the decision; 

●​ Labels: Evaluate quality, lineage, and possible biases; 

●​ Class imbalance: Determine whether relevant events are rare; 

●​ Missing values: Understand their meaning before imputing them; 

●​ Leakage: Check for target, train-test, and temporal leakage; 

●​ History: Determine whether volume and representativeness are sufficient. 

This step must occur before interpreting any benchmark as evidence of quality. Next, establish a simple baseline: 

●​ Deterministic rules may be sufficient: Do not introduce Machine Learning if a rule solves the problem; 

●​ Linear models provide a strong reference: Linear or Logistic Regression can reveal how much value exists 

in the simplest structure; 

●​ The existing model must be used for comparison: The new solution must improve some relevant 

dimension of the system. 

Only then should complexity be increased: 

●​ Decision Trees can represent nonlinear relationships: Evaluate whether this produces real gains; 

●​ Random Forest can increase robustness: Compare cost and stability; 

●​ Gradient Boosting can significantly improve tabular data: Verify whether the gain justifies additional 

tuning; 

●​ Deep Learning must solve a real limitation: It should not be selected merely because it is more 

sophisticated. 

Complexity must respond to observed evidence. Next, design evaluation in a way that is compatible with 

deployment: 

●​ Choose metrics aligned with the problem: Accuracy, Precision, Recall, F1, ROC-AUC, PR-AUC, and ranking 

metrics have different meanings; 

●​ Evaluate calibration when probabilities are used: Correct ranking does not guarantee correct absolute 

risk; 

●​ Analyze important segments separately: Averages can hide degradation; 

●​ Use splits that reproduce production: Time, users, and other dependencies must be respected; 



●​ Keep the test set genuinely independent: Otherwise, the final estimate loses validity. 

Evaluation should produce evidence about future behavior, not merely a convenient number. Next, define the 

decision policy: 

●​ Thresholds must reflect economics: The costs of false positives and false negatives are rarely equal; 

●​ Automatically handled cases must have acceptable risk: Not every region of the score requires the same 

treatment; 

●​ Human review can absorb uncertainty: Operational capacity must be considered; 

●​ Deterministic guardrails must control critical actions: Prediction should not have unrestricted authority; 

●​ Top-K can be more important than global recall: When human capacity is limited, ranking becomes part 

of the problem. 

The model produces a score; the system determines what to do with it. Next, design the production architecture: 

●​ Batch vs. online must be decided by the SLA: Use the simplest solution that satisfies freshness 

requirements; 

●​ Feature serving must preserve consistency: Training and production must compute the same definition; 

●​ Latency must have an explicit budget: The model is only one component of the critical path; 

●​ Versioning must enable traceability: Models, features, and policies must be identifiable; 

●​ Rollback must be possible: A regression cannot require complete reconstruction of the system. 

Next, design monitoring and evolution: 

●​ Input quality detects pipeline problems: Incorrect data can degrade the model without changing its 

weights; 

●​ Data drift identifies changes in distributions: Not every drift event means degradation, but every relevant 

drift event deserves analysis; 

●​ Concept drift tracks changes in relationships: Outcomes are essential for detecting it; 

●​ Prediction distribution provides an early signal: Score changes can reveal problems quickly; 

●​ Outcome monitoring confirms actual quality: It is the connection between prediction and reality; 

●​ Retraining must have triggers and quality gates: Automatic updates should not imply automatic 

promotions. 

Finally, connect the entire solution to the business outcome: 

●​ Quantify cost or loss reduction: Performance must be converted into value; 

●​ Quantify additional revenue or productivity: Technical improvements must produce an outcome; 

●​ Include the architecture’s operational cost: Compute, data, infrastructure, and teams are part of ROI; 

●​ Compare marginal complexity with marginal benefit: A better offline model may be economically worse; 

●​ Consider regulatory and reputational risks: Expected value must incorporate adverse consequences. 

This structure summarizes the mindset expected from a Staff AI Engineer: transform a business problem into 

Machine Learning only when doing so creates a clear advantage, use the simplest solution capable of achieving 

the objective, and measure success through end-to-end impact rather than only through the model metric. 

 


	How to become a Staff AI Engineer 
	Chapter 11: Classical Machine Learning for AI Engineering 
	Chapter Objective 
	11.1. Machine Learning Problem Formulation 
	11.1.1. Classification and Regression 
	11.1.2. Ranking, Clustering, and Anomaly Detection 
	11.1.3. Supervised vs. Unsupervised Learning 

	11.2. Generalization, Feature Engineering, and Leakage 
	11.2.1. Bias, Variance, Underfitting, and Overfitting 
	11.2.2. Feature Engineering and Feature Selection 
	11.2.3. Feature Leakage and Point-in-Time Correctness 

	11.3. Classical Models and Operational Complexity 
	11.3.1. Baselines and Linear Models 
	11.3.2. Decision Trees, Random Forest, Gradient Boosting, and SVM 
	11.3.3. Model Complexity vs. Operational Complexity 

	11.4. Evaluation, Thresholds, and Decision Policies 
	11.4.1. Class Imbalance, Resampling, and Metrics 
	11.4.2. Thresholds, Calibration, and Business Cost 
	11.4.3. Validation and Hyperparameter Tuning 

	11.5. Production Architecture, Monitoring, and Evolution 
	11.5.1. Prediction, Decision, Serving, and Human-in-the-Loop 
	11.5.2. Drift, Retraining, and Champion-Challenger 
	11.5.3. Model Monitoring and Feedback Loops 

	11.6. Interpretability, Governance, Fairness, and Security 
	11.6.1. Interpretability and Feature Importance 
	11.6.2. Governance, Fairness, and Explainability 
	11.6.3. Cybersecurity in Classical Machine Learning 

	11.7. Classical Machine Learning in Modern AI Engineering Architectures 
	11.7.1. Classical Machine Learning vs. Deep Learning and LLMs 
	11.7.2. Business KPIs and Economic Impact 
	11.7.3. Staff-Level Trade-offs and Anti-Patterns 

	Chapter Summary 
	Practical Framework for Solving Machine Learning Problems 


