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CHAPTER 4: Unit IV — AI in Process Monitoring &
Production Systems (6 hours)

1. Learning Objectives
By the end of this chapter, the student will be able to:

1 Explain what multivariate analysis means and why it is important in pharmaceutical analytical
techniques.

2 Describe how digital data is collected (acquired) from pharmaceutical production lines using sensors.

3 Define Critical Quality Attributes (CQAs) and Critical Process Parameters (CPPs), and give examples of
each.

4 Explain correlation analysis and show how it helps identify process variability.

5 Explain how logistic regression models are used for batch pass/fail prediction.

6 Explain feature importance and describe the concept of predictive maintenance.

7 Discuss ethical and regulatory considerations in automated decision-making.

8 List and explain the limitations of predictive models in manufacturing environments.

2. Definitions Box
• Artificial Intelligence (AI): A computer program that can do a task needing "smart" thinking, such as

finding patterns or making predictions, in a way that looks similar to how a human thinks.

• Machine Learning (ML): A part of AI where the computer does not get fixed rules from a human;
instead, it learns rules by itself by studying many past examples (data).

• Model: The "learned recipe" that comes out of machine learning — it takes new input values and gives
an answer (for example, "this batch will pass").

• Multivariate analysis: Studying MANY measurements together at the same time to find patterns that
you cannot see by looking at one measurement alone.

• CQA (Critical Quality Attribute): A quality property of the final product that must be correct for the
medicine to be safe and effective — for example, tablet hardness.

• CPP (Critical Process Parameter): A setting or condition of the manufacturing machine or process
that strongly affects the quality of the product — for example, drying temperature.

• Correlation: A measure of how two things change together — when one goes up, does the other also
go up, go down, or change randomly?
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• Logistic regression: A machine-learning model used for yes/no type questions (for example, "Will this
batch pass?") — it draws a boundary line that separates the "yes" group from the "no" group.

• Feature importance: A way to find out which input measurement (feature) matters most for the
model's answer.

• Predictive maintenance: Using past machine data to predict when a machine will break down, so it
can be repaired BEFORE it actually breaks.

• Sensor: A small device on a machine that measures something (like temperature or pressure) and
converts it into numbers a computer can use.

• Data acquisition: The process of collecting numbers from sensors and storing them on a computer.

• Batch: One production run — a fixed quantity of medicine made in one cycle. A batch either passes
quality tests (pass) or fails them (fail).

• Classification: A task where the model puts things into groups, such as "pass" or "fail".

3. Terminology Table
Term Simple Meaning Small Example

Sensor A measuring device on a machine that
produces numbers

Temperature probe inside a drying oven

Data acquisition Collecting numbers from sensors into a
computer

Recording temperature every second
during drying

Dataset A table of past collected numbers, used
for learning

A table of 100 past batches with
temperature and pass/fail result

Feature One input column in the dataset "Drying temperature" is one feature

Label / Target The answer column the model must learn
to predict

"Pass" or "Fail" is the label

CQA Final product quality that must be right Tablet weight uniformity

CPP Machine setting that affects quality Tablet compression force

Correlation How two things change together As mixing time increases, weight
variation decreases

Decision boundary The line drawn by logistic regression
separating "pass" from "fail"

Temperature above 80°C = fail zone

Feature importance Which input matters most Moisture matters more than colour for
drying

Predictive maintenance Predicting machine breakdown before it
happens

"The mixer motor will fail in 3 days"

False alarm Model says a problem will occur, but
nothing happens

Model predicts batch fail; the batch
actually passes

Missed defect Model says all is fine, but a problem
actually occurs

Model predicts pass; the batch actually
fails

Human-in-the-loop A human always checks the AI's decision
before action

Pharmacist confirms the AI's batch-fail
warning
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4. Core Explanations (All 8 Syllabus Bullets)

4.1 Overview of Multivariate Analysis in Pharmaceutical Analytical Techniques — Models
and Their Applications
Technical concept: Multivariate analysis.

Simple explanation: "Multivariate" means "many variables". A "variable" is anything you can measure —
temperature, pressure, mixing time, moisture content, tablet weight. Traditional analysis looks at ONE
variable at a time. Multivariate analysis looks at ALL variables TOGETHER, at the same time. This matters
because in real production, things do not act alone — temperature, humidity and speed all act together to
decide tablet quality.

Example: A tablet's weight is affected by powder flow speed, compression force, and humidity in the
room. If you study only compression force, you may miss that humidity was the real problem on a
humid day. A multivariate model studies all three together.

Textual diagram — why "many together" beats "one by one":

OLD WAY (one by one):                 MULTIVARIATE WAY (all together):

Temperature?  → looks normal ✓        Temperature  ┐
Humidity?     → looks normal ✓        Humidity     ├─ studied TOGETHER → real cause found
Mixing time?  → looks normal ✓        Mixing time  ┘
   ↓ still, batch FAILED                    ↓
Problem missed!                       Humidity + short mixing time
                                      together caused the failure ✓

Key takeaway: Multivariate analysis = many measurements studied together. It finds hidden
combined effects that single-measurement analysis misses. It is the foundation of AI-based process
monitoring.

4.2 Digital Data Acquisition in Pharmaceutical Production
Technical concept: Digital data acquisition.

Simple explanation: Before AI can do anything, numbers must reach the computer. "Data acquisition"
means collecting measurement numbers from machines and storing them in digital form
(computer-readable). "Digital" simply means "as numbers in a computer" rather than handwritten on
paper.

Step-by-step concept:

1 Sense — A sensor on the machine measures something (e.g., a temperature probe in the drying oven).

2 Convert — The sensor's signal is converted into numbers (e.g., 65°C).

3 Collect — A computer records these numbers repeatedly (e.g., every second).
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4 Store — The numbers are saved in a table (dataset) with date and time.

5 Use — The stored table is later used to train ML models.

Example: During tablet coating, a sensor measures air temperature inside the coating pan every 10
seconds. Over one batch, this gives hundreds of temperature readings — all stored automatically.
Nobody writes anything by hand.

Textual flowchart:

[Machine] → [Sensor measures] → [Numbers every few seconds]
    → [Computer collects & stores] → [Dataset table] → [AI model training]

Key takeaway: Data acquisition = sensors measure � computer collects numbers � stored as a
dataset. Without good data acquisition, AI has nothing to learn from.

4.3 Critical Quality Attributes (CQAs) and Critical Process Parameters (CPPs)
Technical concept: CQAs and CPPs.

Simple explanation:

• CQA (Critical Quality Attribute): A quality property of the finished medicine that MUST be correct — if
it is wrong, the medicine may not work or may harm the patient. You measure CQAs on the product
itself.

• CPP (Critical Process Parameter): A machine setting or process condition that has a STRONG effect
on the CQA. You control CPPs on the machine.

Relationship: CPPs are the controls (what we set on the machine). CQAs are the results (what we must
achieve in the product). Controlling the CPPs correctly helps us get the CQAs right.

Example: In tablet compression:

• CPPs (controls on the machine): compression force, machine speed, feed-frame speed.

• CQAs (results in the tablet): tablet hardness, tablet weight uniformity, disintegration time, dissolution
(how fast the drug releases).

Textual diagram — the CPP � CQA chain:

CPP (what we CONTROL)                  CQA (what must be RIGHT)
Drying temperature ────────► Moisture content of granules
Compression force  ────────► Tablet hardness
Mixing time        ────────► Content uniformity
Coating spray rate ────────► Coating thickness
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Key takeaway: CPP = machine setting we control; CQA = product quality that must be correct. The
whole point of process monitoring is: control the CPPs well � CQAs come out right � patient gets a
safe, effective medicine.

4.4 Correlation Analysis for Identifying Process Variability
Technical concept: Correlation analysis.

Simple explanation: Correlation answers one question: "When measurement A changes, does
measurement B also change in a pattern?" Process variability means "the process does not stay exactly
the same from batch to batch". Correlation analysis finds WHICH measurements move together, so we
can find the cause of batch-to-batch variation.

Types of correlation:

• Positive correlation: When A goes up, B also goes up. (More drying time � higher temperature
readings.)

• Negative correlation: When A goes up, B goes down. (More mixing time � less weight variation.)

• No correlation: A and B change randomly, with no pattern.

Toy worked example — mixing time vs tablet weight variation (illustrative toy example, NOT
real data):

Suppose we record 5 batches:

Batch Mixing time (min) Tablet weight variation (%)

1 10 5.0

2 15 4.2

3 20 3.1

4 25 2.4

5 30 1.8

Step-by-step thinking:

1 Look at the "mixing time" column: 10 � 15 � 20 � 25 � 30 (going UP).

2 Look at the "weight variation" column: 5.0 � 4.2 � 3.1 � 2.4 � 1.8 (going DOWN).

3 Pattern: as mixing time goes UP, weight variation goes DOWN.

4 Conclusion: these two have a NEGATIVE correlation. Longer mixing gives more uniform tablets (less
variation).

Textual diagram — what correlation looks like:
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POSITIVE correlation          NEGATIVE correlation            NO correlation
(vary together UP)            (one UP, other DOWN)            (no pattern)

variation                     variation                       variation
  ↑  ●                          ↑ ●                             ↑  ●   ●
  │    ●                        │   ●                           │ ●     ●
  │      ●                      │     ●                         │    ●      ●
  │        ●                    │       ●                       │  ●   ●
  └──────────→ time             └──────────→ time               └──────────→ time

Key takeaway: Correlation analysis finds which measurements move together. It is the first tool for
finding the cause of process variability — which process change explains the quality change.

4.5 Logistic Regression Models for Batch Pass/Fail Prediction
Technical concept: Logistic regression.

Simple explanation: Logistic regression is a machine-learning model used for questions with only TWO
possible answers — like "pass" or "fail". It studies past batches (each with measurements and a pass/fail
label) and learns a boundary — a dividing line. New batches on one side of the line are predicted "pass";
batches on the other side are predicted "fail". Do not let the name "regression" confuse you: logistic
regression is used for CLASSIFICATION (putting things into groups), not for drawing trend lines.

Toy worked example — drying temperature and moisture � pass/fail (illustrative toy example,
NOT real data):

Suppose we have 6 past batches. Each batch has a drying temperature and a final moisture result, plus
whether the batch passed quality tests:

Batch Drying temp (°C) Moisture (%) Result

1 60 1.2 PASS

2 62 1.4 PASS

3 65 1.8 PASS

4 70 2.5 FAIL

5 72 2.8 FAIL

6 75 3.2 FAIL

Step-by-step thinking (how the model "learns"):

1 The model looks at the three PASS batches: their temperatures are 60, 62, 65 (all LOW) and moisture is
low.

2 It looks at the three FAIL batches: temperatures are 70, 72, 75 (all HIGH) and moisture is high.

3 It draws a boundary somewhere between 65 and 70 — say around 67–68°C.

4 Now a NEW batch comes with drying temp 63°C � it falls on the PASS side � model predicts PASS.

5 A new batch with temp 73°C � falls on the FAIL side � model predicts FAIL.
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Textual diagram — the decision boundary:

Moisture (%)                              ● = FAIL batch
  ↑                                       ○ = PASS batch
3.5│                                       ●
   │                                     ●
2.5│                                   ●
   │          DECISION BOUNDARY (~67°C)
1.5│ ─ ─ ─ ─ ─ ─ ─ ─ ─ ─ ─ ─ ─ ─ ─
   │                ○
   │      ○
   │   ○
   └────────────────────────────────→ Drying temp (°C)
      60   62   65      70   72   75
              PASS side      FAIL side

Key takeaway: Logistic regression learns from past pass/fail batches and draws a decision
boundary. New batches are classified by which side of the boundary they fall on. This lets a factory
predict pass/fail BEFORE the batch is finished, so problems can be caught early.

4.6 Feature Importance in Process Monitoring; Predictive Maintenance Concepts
Technical concept: Feature importance; predictive maintenance.

Simple explanation — feature importance: A model uses many input measurements (features) —
temperature, pressure, speed, humidity. But not all matter equally. Feature importance tells us which
feature the model depends on MOST for its answer. This is useful: if the model says "moisture matters
most for pass/fail", engineers know to watch the dryer carefully.

Toy example: A batch pass/fail model gives these importance scores (illustrative):

• Moisture content: 0.45 (most important)

• Drying temperature: 0.30

• Mixing time: 0.15

• Room humidity: 0.10 (least important)

Reading: moisture content is the biggest driver of the model's decision.

Simple explanation — predictive maintenance: Machines (mixers, tablet presses, pumps) slowly wear
out. Predictive maintenance means using sensor data (vibration, temperature, motor current, unusual
noise patterns in data) to predict a breakdown BEFORE it happens, so repair is done during planned
downtime instead of during an emergency stoppage in the middle of a batch.

Example: A vibration sensor on a tablet press motor records vibration every day. Over weeks,
vibration slowly increases. The AI model learns this pattern and warns: "Motor bearing will fail in
about 5 days." The maintenance team replaces the bearing on a Sunday (planned stop) instead of the
machine breaking down on Wednesday during a batch.

Textual diagram — predictive maintenance idea:
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Vibration level
  ↑
  │        gradual increase over weeks
  │            ╱─── AI detects the trend
  │          ╱╱
  │        ╱╱          "Warning: failure likely in 5 days"
  │      ╱╱            → repair planned on Sunday ✓
  │    ╱╱
  └────────────────────────────→ time
        normal operation      (no emergency breakdown)

Key takeaway: Feature importance = which measurement matters most for the prediction.
Predictive maintenance = predicting machine failure before it happens so repair is planned, not
emergency.

4.7 Ethical and Regulatory Considerations in Automated Decision-Making
Technical concept: Ethics and regulation of automated decisions.

Simple explanation: In a factory, an AI model can make or suggest decisions — "reject this batch", "stop
the line", "the machine will fail". But medicines affect patient health, so these decisions carry heavy
responsibility. Two groups of concerns apply:

Ethical considerations (what is right and fair):

1 Accountability: If the AI wrongly rejects a good batch (or wrongly passes a bad batch), WHO is
responsible — the software, the engineer, or the company? There must always be a named human
responsible.

2 Transparency: The people using the AI should understand, in simple terms, how it reaches its
decision. A "black box" that nobody understands is dangerous in medicine manufacturing.

3 Fairness of data: If the model was trained only on data from one factory or one season, it may behave
unfairly or wrongly in different conditions.

4 Patient safety first: No cost saving or speed gain can justify risking a bad batch reaching patients.

Regulatory considerations (what the law and quality rules require):

1 Human-in-the-loop: Regulatory thinking expects a qualified human (e.g., a pharmacist or QA person)
to review and approve important AI decisions. The AI advises; the human decides.

2 Validation: Any software used in manufacturing must be tested and proven to work correctly (called
"validation") before real use — same as any equipment.

3 Data integrity: The sensor data must be genuine, complete, and protected from tampering — fake or
altered data makes the AI's decisions worthless.

4 Documentation: Every AI decision affecting a batch must be recorded — what the model said, what
data it used, and who approved the final action.



BP604T · UNIT IV CHAPTER 4

Pills & Python · Pharmacy • Data • AI • Healthcare · Instagram @pillsandpython · pillsandpython.com · YouTube @PillsAndPython 10

Example: An AI model flags a batch as "likely to fail". The system does NOT destroy the batch
automatically. Instead, it alerts the QA pharmacist, who reviews the data, orders extra testing, and
makes the final decision. The AI's warning and the pharmacist's decision are both recorded.

Key takeaway: In pharma manufacturing, AI advises but humans decide. Accountability,
transparency, validation, data integrity, and full documentation are non-negotiable because patient
safety is at stake.

4.8 Limitations of Predictive Models in Manufacturing Environments
Technical concept: Limitations of predictive models.

Simple explanation: AI models are powerful but NOT perfect. Understanding their limits prevents
dangerous over-trust. Key limitations:

1 Models learn only from past data — the past may not repeat exactly. If a new raw material
supplier changes powder properties, the old model may give wrong predictions. (Called "data drift".)

1 Correlation is not causation. A model may find that batches made on Mondays fail more — but the
real cause might be a Monday maintenance activity, not the day itself. Acting on the wrong cause
wastes effort.

1 Bad data = bad predictions. Broken sensors, missing readings, or wrongly entered numbers make
the model learn wrong patterns. The model cannot know the sensor was faulty.

1 Rare events are hard to predict. Serious failures happen rarely, so the model sees very few examples
of them and may miss the next one.

1 Models cannot handle truly new situations. A model trained on tablet data cannot suddenly predict
capsule quality. Each model only works within the conditions it was trained on.

1 Overfitting — memorising instead of learning. Sometimes a model "memorises" the training
batches (including their random noise) instead of learning the real pattern. It then performs badly on
new batches. This is called overfitting.

1 False alarms and missed defects both have costs. A false alarm wastes time and good material; a
missed defect risks patient safety. No model is 100% correct.

1 Models need maintenance too. Sensors change, machines age, processes are updated — the model
must be regularly re-checked and re-trained, or it slowly becomes wrong.

Example of limitation in action: A pass/fail model trained during winter works well. In summer,
room humidity rises beyond anything seen in winter data. The model now sees "new" conditions it
never learned — its predictions become unreliable until it is re-trained with summer data.
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Key takeaway: Predictive models are assistants, not oracles. They fail when data changes, when
sensors lie, when events are rare, or when conditions are new. Human judgement, regular
re-training, and validation are always required.

5. Classifications

5.1 Types of Process Data

Type Meaning Example in a tablet plant

Process parameters (inputs/CPPs) Settings and conditions we control Compression force, drying temperature,
mixing speed

In-process measurements Readings taken DURING manufacturing Granule moisture during drying, tablet
weight during compression

Quality attributes (outputs/CQAs) Final product properties tested Hardness, dissolution, content uniformity

Equipment/machine data Readings about the machine's own health Motor vibration, motor temperature,
running hours

Environmental data Conditions of the room/facility Room temperature, room humidity

Batch records Written/electronic history of one batch Which operator, which raw material lot,
start/end times

5.2 CQA vs CPP — Examples Table (Tablet Manufacturing)

Stage CPP (what we control) CQA (what must be right)

Mixing Mixing time, mixer speed Content uniformity (drug evenly mixed)

Drying Drying temperature, drying time Moisture content of granules

Compression Compression force, press speed Tablet hardness, weight uniformity,
disintegration

Coating Spray rate, inlet air temperature Coating thickness, coating uniformity

Packaging Sealing temperature Seal integrity, moisture protection

6. Working Steps — From Sensor Data to Human Decision
Concept: How an AI batch pass/fail monitoring system works, end to end.
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STEP 1: SENSE
Sensors on machines measure temperature, pressure,
moisture, speed... every few seconds.
        │
        ▼
STEP 2: COLLECT & STORE (data acquisition)
Numbers are recorded automatically into a computer
table with date, time, and batch number.
        │
        ▼
STEP 3: BUILD DATASET
Past batches are organised: each row = one batch,
columns = measurements (features) + final result
(pass/fail label).
        │
        ▼
STEP 4: TRAIN MODEL
Logistic regression studies the past batches and
learns a decision boundary between pass and fail.
        │
        ▼
STEP 5: PREDICT (on a live batch)
While a new batch is running, live sensor numbers
are fed to the model → it predicts "PASS" or "FAIL".
        │
        ▼
STEP 6: FEATURE IMPORTANCE CHECK
The system shows WHICH measurement is driving the
warning (e.g., "moisture content is the main cause").
        │
        ▼
STEP 7: HUMAN DECISION (human-in-the-loop)
QA pharmacist reviews the warning and data →
orders extra testing or corrective action →
makes the FINAL decision. AI advises; human decides.

7. Infographic Concept Box
Title: "The Smart Factory Watchdog" (concept description for a visual infographic)

• Top panel — EYES (sensors): Little eye icons on a tablet press, dryer, and mixer, each sending number
streams to a computer. Caption: "Sensors watch the process every second."

• Middle panel — BRAIN (AI model): A brain/gears icon studying a table of past batches, drawing a line
between green "PASS" batches and red "FAIL" batches. Caption: "Logistic regression learns the
pass/fail boundary from history."

• Bottom-left panel — FINGER POINTING (feature importance): A magnifying glass over the
"moisture" column, highlighted in red. Caption: "Feature importance: moisture matters most."

• Bottom-right panel — HUMAN WITH A STAMP (human-in-the-loop): A pharmacist holding an
"APPROVED / REJECTED" stamp over the AI's warning. Caption: "AI advises — the pharmacist decides."

• Side strip — SHIELD (ethics): A shield labelled "Validation • Data integrity • Documentation". Caption:
"Patient safety first, always."

• Bottom strip — WARNING SIGN (limitations): A caution triangle: "Bad data = bad predictions • New
conditions confuse old models • Humans must stay in charge."
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8. Comparison Tables

8.1 CQA vs CPP

Point CQA (Critical Quality Attribute) CPP (Critical Process Parameter)

What it is A quality property of the final product A setting/condition of the process

Measured on The product (tablet, granule) The machine or process

Who controls it Nobody directly — it is the RESULT The operator/engineer sets it

Example Tablet hardness, dissolution Compression force, drying temperature

If wrong Patient may get unsafe/ineffective
medicine

Product quality (CQA) goes wrong

Role in AI monitoring The TARGET the model predicts The FEATURES the model watches

8.2 Correlation vs Causation

Point Correlation Causation

Meaning Two things change together in a pattern One thing actually CAUSES the other

Example Ice-cream sales and tablet coating
defects both rise in summer

High humidity causes coating defects

Proved by Observing data patterns Controlled experiments / scientific
mechanism

Danger Acting on correlation alone may fix the
wrong thing

Acting on the true cause fixes the
problem

Exam line "Correlation shows a pattern; it does not
prove one thing caused the other."

—

8.3 Human Decision vs Automated Decision

Point Human Decision Automated (AI) Decision

Speed Slower — needs time to review Very fast — instant warning

Consistency Can vary with mood, fatigue Same input � same output, every time

Understanding of new situations Can use judgement in new/rare cases Fails in conditions it never saw in training

Accountability A named person is responsible Software cannot be "responsible" — a
human must own the outcome

Best use Final approval, unusual cases,
patient-safety calls

Early warning, routine monitoring,
finding patterns in big data

Regulatory expectation Required as final authority
(human-in-the-loop)

Must be validated, documented, and
supervised

9. Examples (at least 3)
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Example 1 — Tablet compression and weight variation. During compression, sensors record
compression force and press speed for every batch, and tablet weight is checked. A correlation
analysis of 50 batches shows: as press speed increases, weight variation increases (positive
correlation). Feature importance from the model ranks press speed as the top driver. The team
reduces press speed slightly; weight uniformity improves. Concepts used: data acquisition, correlation
analysis, feature importance.

Example 2 — Drying temperature vs moisture content. A logistic regression model trained on
past batches predicts pass/fail from drying temperature and final moisture. One morning the model
flags a live batch as "likely FAIL" — moisture is rising because the dryer temperature dropped (a
heater fault). The QA pharmacist checks, confirms the fault, and the batch is held for extra testing
instead of being released blindly. Concepts used: logistic regression, decision boundary,
human-in-the-loop.

Example 3 — A sensor stopping the line (predictive maintenance). Vibration sensors on a
granulator motor show a slowly rising vibration trend over three weeks. The predictive maintenance
model warns of likely bearing failure within days. Maintenance replaces the bearing during a
planned Sunday shutdown. Without the warning, the motor could have failed mid-batch on a
working day, ruining the batch and stopping production for hours. Concepts used: predictive
maintenance, equipment data, planned vs emergency repair.

10. Analogies (at least 2)

Analogy 1 — The cricket coach watching many players at once. A cricket coach does not watch
only the batsman; he watches the bowler, the fielders, the pitch, and the weather — all together — to
understand why the team is losing. Multivariate analysis is that coach: it watches temperature,
humidity, speed, and pressure together to understand why a batch failed, instead of blaming one
measurement alone.

Analogy 2 — The pressure cooker whistle and the experienced cook. A pressure cooker whistles
when pressure is high (sensor + signal). An experienced cook hears the whistle pattern and knows
whether to lower the flame (human decision). A smart cooker that lowers the flame itself is
automation — but the cook still stays in the kitchen, because only the cook is responsible if dinner
burns. Similarly, AI gives the warning (whistle), may suggest action, but the qualified pharmacist
stays responsible for the final decision (the cook stays in the kitchen).

Analogy 3 — The school report card boundary. A school decides: students scoring above 40% pass,
below 40% fail. The 40% mark is a "decision boundary". Logistic regression does the same for
batches: it learns from past batches where to draw the pass/fail line, then places each new batch on
the correct side.
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11. Pharmacy Relevance
Why does this chapter matter to a future pharmacist?

1 You will work with these systems. Modern tablet, capsule, and sterile plants use sensors and
AI-assisted monitoring. Understanding the basics lets you work confidently with production and QA
teams.

2 You are the "human in the loop". As a pharmacist in QA or production, YOU will be the person
reviewing AI warnings and making final batch decisions. This chapter explains exactly that
responsibility.

3 CQAs and CPPs are your daily language. Batch manufacturing records, validation documents, and
regulatory inspections all speak in terms of CQAs and CPPs.

4 Patient safety depends on it. Every concept here — from catching a faulty dryer to questioning a
model's warning — ends at one point: a safe, effective medicine reaching the patient.

5 Regulatory careers need it. Drug inspectors and QA auditors increasingly ask how automated
systems are validated and documented. This chapter gives you the vocabulary.

12. India Context
• Growing adoption in Indian pharma hubs: Large formulation plants in industrial clusters such as

Hyderabad, Ahmedabad, and Baddi increasingly use sensor-based monitoring and data-driven batch
decisions, driven by export quality expectations and domestic regulatory strengthening.

• CDSCO and Schedule M: India's drug regulator (CDSCO) and the revised Schedule M of the Drugs and
Cosmetics Rules emphasise good manufacturing practices, proper documentation, and data integrity
— the same principles this chapter lists under regulatory considerations for automated systems.

• Cost pressure reality: Indian generic manufacturers work on thin margins, so predictive maintenance
is especially valuable — preventing one mid-batch machine failure can save lakhs of rupees in lost
material and downtime.

• Skill opportunity: Pharma companies in India increasingly value pharmacists who understand both
manufacturing AND data/AI basics — this chapter is a first step toward that combination.

13. Key Points (numbered)
1 Multivariate analysis studies many measurements together to find combined effects invisible to

one-by-one analysis.

2 Digital data acquisition = sensors measure � computer collects numbers � stored as a dataset for AI
training.

3 CQA = product quality that must be correct (e.g., tablet hardness); CPP = process setting we control
(e.g., compression force). CPPs drive CQAs.
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4 Correlation analysis finds which measurements change together, helping identify causes of
batch-to-batch variability.

5 Correlation does NOT prove causation — always verify the real cause before acting.

6 Logistic regression is a classification model for yes/no questions; it learns a decision boundary
separating pass batches from fail batches.

7 Feature importance ranks which input measurement matters most for the model's prediction.

8 Predictive maintenance uses machine sensor data to predict breakdowns before they happen,
allowing planned repair.

9 In automated decision-making, AI advises and humans decide — accountability, transparency,
validation, data integrity, and documentation are essential.

10 Predictive models have real limits: they fail with new conditions, bad sensor data, rare events, and data
drift; they need regular re-training and human oversight.

14. Common Confusions (at least 3, corrected)
Confusion 1: "Correlation means one thing caused the other." Correction: No. Correlation only shows
two things change together. High room humidity and more coating defects may correlate — but the cause
could be a third factor. Never say "correlated" when you mean "caused". Prove causation with
experiments or a known scientific mechanism.

Confusion 2: "Logistic regression is a type of regression, so it predicts numbers." Correction: Despite
its name, logistic regression is used for CLASSIFICATION — putting things into groups like pass/fail. It
does not predict a continuous number; it predicts which side of the decision boundary a batch falls on.

Confusion 3: "If the AI model is accurate, we can remove the human checker." Correction: No.
Accuracy on past data does not guarantee correct behaviour in new conditions, and regulations require a
qualified human to own batch decisions. The model is an advisor with limits; the pharmacist remains the
decision-maker (human-in-the-loop).

Confusion 4: "CQA and CPP are the same thing." Correction: No. CQA is the quality RESULT in the
product (tablet hardness). CPP is the process CONTROL on the machine (compression force). CPPs are
inputs we set; CQAs are outputs we must achieve.

15. Common Mistakes (at least 3)
1 Trusting a model trained on old data after the process changed. If a new raw material supplier or a

new machine is introduced, the old model's predictions may be wrong. Always re-validate and re-train
after process changes.

2 Ignoring sensor faults. A broken or drifting sensor feeds wrong numbers to the model, and the
model will confidently give wrong answers. Regular sensor calibration and data-quality checks are
mandatory.
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3 Acting on correlation without checking causation. Reducing press speed because "speed correlates
with defects" may be wrong if the real cause was humidity that day. Investigate the mechanism before
changing the process.

4 Treating the model's warning as a final verdict. An AI "fail" prediction is a warning to investigate —
not an automatic rejection. Skipping human review violates the human-in-the-loop principle and
regulatory expectations.

5 Forgetting documentation. An AI-assisted decision that is not recorded (what the model said, what
data it used, who approved the action) is as bad as no decision in a regulatory inspection.

16. Mnemonic(s)
For the 8 syllabus bullets — "My Data Can Create Logical Features, Preventing Errors & Loss":

• My � Multivariate analysis

• Data � Digital data acquisition

• Can � CQAs and CPPs

• Create � Correlation analysis

• Logical � Logistic regression (pass/fail)

• Features � Feature importance

• Preventing � Predictive maintenance

• Errors � Ethical & regulatory considerations

• & Loss � Limitations of predictive models

For CQA vs CPP — "Control the P, Protect the Q": You CONTROL the Parameter (CPP, on the machine) to
PROTECT the Quality attribute (CQA, in the product).

17. Exam Summary
Unit IV covers AI in process monitoring and production systems. Multivariate analysis studies many
process measurements together to reveal combined effects. Digital data acquisition collects sensor
numbers into datasets. CQAs are product qualities that must be correct; CPPs are machine settings that
drive them. Correlation analysis identifies which measurements change together, exposing process
variability (but correlation � causation). Logistic regression learns a decision boundary from past pass/fail
batches to predict new batches. Feature importance shows which measurement matters most; predictive
maintenance forecasts machine breakdowns before they occur. Automated decisions raise ethical issues
(accountability, transparency, patient safety) and regulatory requirements (human-in-the-loop, validation,
data integrity, documentation). Predictive models are limited by data drift, bad sensors, rare events,
overfitting, and new conditions — human judgement remains essential.
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18. One-Minute Revision
• Multivariate = many measurements together; finds hidden combined effects.

• Data acquisition: sensors � numbers � dataset.

• CPP (machine setting, we control) � drives � CQA (product quality, must be right).

• Correlation: things changing together; � causation.

• Logistic regression: learns pass/fail boundary from past batches; classifies new ones.

• Feature importance: which input matters most. Predictive maintenance: fix machines BEFORE they
break.

• Ethics: accountability, transparency, patient safety first. Regulation: human-in-the-loop, validation,
data integrity, documentation.

• Limits: new conditions, bad data, rare events, overfitting — humans stay in charge.

19. Exam Questions

Short-Answer Questions (5)
1 Define multivariate analysis in one or two sentences and state why it is more useful than

one-variable-at-a-time analysis in pharmaceutical production.

2 What is the difference between a CQA and a CPP? Give one example of each from tablet
manufacturing.

3 Explain the term "decision boundary" in logistic regression with reference to batch pass/fail prediction.

4 What is feature importance, and how does it help engineers in process monitoring?

5 State any three limitations of predictive models in a manufacturing environment.

Long-Answer Questions (3)
1 Describe the complete working flow of an AI-based batch pass/fail prediction system, from sensor data

acquisition to the final human decision. Include the roles of dataset, logistic regression, decision
boundary, feature importance, and human-in-the-loop.

2 Explain correlation analysis for identifying process variability. Use a small illustrative example to show
positive and negative correlation, and discuss why correlation must not be confused with causation in
manufacturing decisions.

3 Discuss the ethical and regulatory considerations in automated decision-making in pharmaceutical
production. In your answer, cover accountability, transparency, validation, data integrity,
documentation, and the human-in-the-loop principle.

MCQs (8) — with Answer Key
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Q1. Multivariate analysis means: a) Analysing one variable very carefully b) Analysing many variables
together at the same time c) Analysing data without any computer d) Analysing only failed batches
Answer: b

Q2. Which of the following is a CQA in tablet manufacturing? a) Compression force b) Drying temperature
c) Tablet hardness d) Mixer speed Answer: c

Q3. Which of the following is a CPP? a) Dissolution of the tablet b) Content uniformity c) Drying
temperature d) Coating thickness Answer: c

Q4. In a dataset of past batches used to train a pass/fail model, the "pass/fail" column is called the: a)
Feature b) Sensor c) Label (target) d) Correlation Answer: c

Q5. Logistic regression is mainly used for: a) Predicting exact numerical values like temperature b)
Classification into two groups such as pass/fail c) Repairing broken sensors d) Writing batch
manufacturing records Answer: b

Q6. Feature importance tells us: a) Which machine is the most expensive b) Which input measurement
matters most for the model's prediction c) How many batches were made last month d) Which operator
made an error Answer: b

Q7. Predictive maintenance means: a) Repairing a machine only after it breaks down b) Predicting
machine failure before it happens so repair can be planned c) Maintaining the AI software's computer d)
Predicting the number of batches per day Answer: b

Q8. Which statement about automated decision-making in pharma manufacturing is CORRECT? a) The AI
model alone should take final batch decisions b) A qualified human must review and own the final decision
(human-in-the-loop) c) Documentation of AI decisions is not needed d) Models never need re-training after
installation Answer: b

Viva Questions (4) — with one-line answers
1 What is data acquisition? — Collecting measurement numbers from sensors into a computer for

storage and later use.

2 Give one example each of positive and negative correlation in a pharma process. — Positive:
longer drying time, higher dryness; Negative: longer mixing time, lower weight variation.

3 What is a decision boundary? — The dividing line learned by logistic regression that separates
predicted "pass" batches from predicted "fail" batches.

4 Why can't AI alone take final batch decisions? — Because of accountability, regulatory
requirements, and model limitations; a qualified human must own patient-safety decisions.

Application-Based Questions (2) — with model answers
Q1. A tablet plant's AI model flags every batch made on night shift as "likely fail". The production manager
wants to reduce night-shift output. Using the concepts of correlation vs causation, what would you advise,
and what investigation would you recommend?

Model answer: The model has found a correlation (night shift � fail prediction), not a proven cause.
Reducing night-shift output based on correlation alone may be wrong and costly. I would advise: (1) do
NOT act on the correlation alone; (2) investigate possible true causes — e.g., lower supervision at night,
temperature/humidity differences at night, operator fatigue, or a machine behaviour specific to night
hours; (3) check feature importance to see which measurement drives the flag; (4) run controlled checks
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(extra sampling on night batches, sensor verification); (5) only after the real cause is confirmed, take
corrective action. The human-in-the-loop principle requires this review before any business decision.

Q2. A logistic regression batch pass/fail model was trained on winter data and works well. In summer, it
starts giving many false alarms. Explain what is likely happening and list the corrective steps.

Model answer: This is likely data drift — summer conditions (higher temperature and humidity) fall
outside the range of the winter training data, so the model's decision boundary no longer fits the real
process. Corrective steps: (1) verify sensors are working correctly (rule out faulty data); (2) confirm with QA
that the false alarms are truly false (extra testing of flagged batches); (3) collect summer batch data and
re-train/re-validate the model on data covering all seasons; (4) document the re-training as per validation
and data-integrity requirements; (5) set up periodic model performance review so drift is caught early in
future.
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