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Why This Matters Now

When machines begin doing what once looked uniquely human, psychology is forced to ask a foundational
question: what, exactly, was the psychologist's job — and which parts of it can now be shared with a machine?

"Before we ask what Al can do, ask what part of the psychological process it is doing." Is it gathering
information? Detecting patterns? Forming a formulation? Relating to a person? Each step carries different
stakes.

Part I — Before AI: The Four Buckets

Before Al psychologists carried every task themselves — searching literature, scoring tests, holding space for
clients, and designing every lesson by hand. Four domains held the core work of the profession:

Research

Search — Question — Collect — Analyse — Interpret — Write
Assessment

Interview — Test — Score — Integrate — Interpret — Formulate
Clinical Work

Listen — Observe — Understand — Formulate — Intervene — Monitor
Education

Teach — Explain — Question — Assign — Evaluate — Feedback

Each bucket holds the core tasks psychologists once carried entirely themselves. Every search, every score, every
session note, and every lecture was powered by human effort alone.

Part Il — And Then Al Entered: Four Stages

Research. Assessment. Clinical work. Education. Each domain transformed as artificial intelligence began taking
on tasks once carried entirely by the psychologist — moving through four distinct stages.




Stage 1 — Computers & Calculation

Before automation, psychologists ran regressions by hand or by slide rule. The Mayo Clinic's use of the MMPI in
the 1960s pioneered batch computer scoring, and SPSS (1968) enabled statistical analysis at scale — yet a trained
psychologist still interpreted every result.

Data — Compute — Human Interpretation.

Computers gave psychology statistical power, faster calculations, data processing, and computational analysis.
Key idea: the psychologist remained firmly in control of interpretation.

Stage 2 — Digital Psychology: The Participation Era

Psychologists began using computers not just to calculate, but to deliver and extend psychological services.
Computerised assessments, online cognitive tasks, and telepsychology expanded reach. Programs like MoodGYM
and Beating the Blues brought CBT-based interventions directly to users online — psychology participating
through digital platforms.

Shift: technology as a tool — technology as a participant.
Case Note — ELIZA (1966)

Created by Joseph Weizenbaum at MIT, ELIZA mimicked a Rogerian therapist by reflecting user statements back
as questions. It revealed a striking phenomenon: people attributed understanding and empathy to a program
following simple pattern-matching rules — no genuine comprehension involved. ELIZA is considered the first
conversational Al simulation.

Stage 3 — Machine Learning: Pattern-Finding from Behavioural Data

Algorithms detect patterns in movement, typing rhythms, sleep cycles, and digital traces — without a clinician's
narrative. Unlike traditional assessment, machine learning finds statistical regularities across thousands of data
points, surfacing signals that human observation alone cannot detect. Examples include smartphone behavioural
data, self-report data, social-media language, cognitive and personality variables, and brain, environmental and
genetic data.

Human Story vs Data Streams

Way of Knowing What It Offers

Human Story Contextual narrative, lived experience, therapeutic meaning, clinical formulation,
and nuanced interpretation.

Data Streams Large-scale behavioural patterns — movement, typing, sleep, digital traces —
detected without individual context or meaning.

Stage 4 — Generative Al: From Tool to Interactive Collaborator



Generative Al can produce text, summarise research, explain concepts, simulate therapeutic dialogue, analyse
responses, and adapt in real time. Unlike earlier stages, it does not just calculate or retrieve — it generates. This
marks a qualitative shift: Al moves from passive tool to active participant in psychological processes, raising new
questions about role, responsibility, and the boundaries of human expertise.

Case Note — Woebot (2017)
Woebot launched in 2017 as a CBT-based chatbot. A 2017 randomised controlled trial (Fitzpatrick et al.) showed
reduced depression symptoms in students over two weeks. Fact: it is rule-based, not generative Al. Interpretation:

it signals the shift toward interactive, dialogue-driven mental health tools.

Al Across the Four Buckets

Domain Opportunities & Human Responsibilities

Research Al accelerates literature review and pattern detection — psychologists ensure ethical
design.

Assessment Al scores and flags risk — psychologists interpret meaning.

Clinical Al supports documentation and monitoring — psychologists hold the therapeutic
relationship.

Education Al personalises learning — psychologists safeguard critical thinking.

Part III — So... Should Psychologists Be Worried?

Maybe. But the more useful question is: worried about what, exactly? The scenarios below unpack five specific
ways Al can go wrong in psychological contexts.

Scenario I — The Confident Wrong Answer: Fluency # Accuracy

"Cognitive dissonance occurs when a person holds two conflicting beliefs simultaneously. To resolve the
discomfort, people typically change the belief that is least important to them, choosing whichever option requires
the least effort. This is why people often abandon deeply held values when faced with contradictory evidence."”
(Al-generated explanation)

The error: Festinger's theory does not state that people simply abandon deeply held values. People rationalise,
minimise, or add new beliefs to reduce dissonance — not necessarily change what matters most.

Al systems generate text that sounds correct because it is statistically coherent — not because it has been verified.
The more confident the tone, the harder the error is to detect. This is precisely why psychological expertise in
evaluating Al output is essential.

Who catches the error? The person who understands the subject. Al literacy is the new essential skill for
psychologists — not simply "knowing how to use ChatGPT," but the ability to Question — Verify —
Evaluate — Correct. Psychologists don't need to avoid AlL. They need to be able to audit it.



Scenario II — The Context Problem
"I don't feel like talking to anyone anymore."

Is that enough information to understand this person? What don't we know: How long has this been going on?
Why? What about their relationships, functioning, risk, culture, history, or meaning?

Al sees only the information given. A psychologist understands the person behind the information.

Scenario III — The Empathy Problem

Does sounding empathic mean experiencing empathy? Compare two structurally similar responses — one Al-
generated, one human — that both say: "That sounds really hard. I hear you, and your feelings are completely
valid."

Simulating empathy # experiencing empathy. Two distinct components are worth separating:

Type Definition

Cognitive Empathy Understanding or recognising another person's emotional state.

Affective Empathy Actually experiencing an emotional response.

Does simulating understanding constitute genuine empathy?

Scenario IV — The Over-Reliance Problem: When-Al Agrees Too Much

"Am I doing this correctly?" — "Yes. You're doing great." (repeated)
Is reassurance always helpful — or can Al agreement become a problem?

The Sycophancy Trap: a user believes they are completely right and everyone else is wrong — and Al agrees. Al
systems are optimised to generate responses users find satisfying, not responses that are accurate. This creates a
feedback loop where confidence is rewarded, and challenge is absent.

Validation vs. Reinforcement: What happens when validation becomes reinforcement? If Al consistently validates
distorted thinking, it can reinforce cognitive biases, entrench false beliefs, and erode a person's capacity to engage
with alternative perspectives — a critical concern for psychological well-being.

Scenario V— The Bias Problem

If Al learns from historical data, what happens when history is biased? The system can learn the pattern even
when nobody explicitly programmed the bias. Bias in — bias out — no malicious intent required.

Case Study — Amazon's Recruitment AI (2014-2018)

Amazon built an Al tool to screen job applicants, trained on historical hiring data that reflected a predominantly
male workforce in tech over the previous decade. The system learned patterns that systematically disadvantaged



women — including downgrading CVs containing words like "women's" and penalising graduates of all-female
colleges. Amazon abandoned the tool.

The question remains: was the algorithm sexist — or did it simply learn a sexist history?

Why Psychology Matters Here

Al bias is not only a technology problem — it is a psychological one. Psychology has spent decades studying
prejudice, stereotypes, social cognition, decision-making, and group behaviour. Psychologists are uniquely

equipped to identify, analyse, and address Al bias because they understand the human patterns that created it in
the first place.

When Al Becomes an Ethical Question

If an Al gives incorrect psychological advice and something goes wrong — who is responsible? The AI? The
developer? The company? The psychologist who recommended it? The user who followed it?

Psychology already has the answers — the question is whether we apply them. Five core ethical principles
provide a ready-made framework:

Principle Meaning

Beneficence Do good.

Non-Maleficence Do no harm.

Autonomy Respect the client's right to self-determination.
Confidentiality Protect private information.

Professional Responsibility Remain accountable for your practice.

Part IV — The Big Realisation

Is Al actually the biggest threat to psychology? Or is the bigger threat a psychologist who doesn't understand AI?
The tools are changing. The question is whether the people using them are keeping up.

The Psychologist's Role Is Changing
Yesterday: User of psychological knowledge
Today: User + Evaluator of technology

Tomorrow: User + Evaluator + Researcher + Designer + Ethical Decision-Maker

Six Emerging Roles



Role Description

01 — AI User Uses Al effectively.

02 — AI Evaluator Tests whether Al outputs are trustworthy.

03 — AI Researcher Studies Al and human behaviour.

04 — AI Ethics Specialist Protects fairness, autonomy and safety.

05 — AI Designer Brings psychological science into Al design.
06 — Human—Al Interaction Specialist | Studies how people trust, use and relate to Al

Problem — New Role

Every Al challenge in psychology creates a new professional opportunity.

What AI Changes What Psychology Contributes

Al misunderstands context Psychological contextualisation
Al produces misinformation Al output evaluation

Al reproduces bias Al ethics & fairness

Al imitates therapeutic communication Human-centred practice

Al analyses massive datasets Al-assisted research

Al changes human behaviour Human—Al interaction research
Al enters mental-health technology Digital mental-health design
Al enters organisations Psychology-informed Al

What Becomes More Valuable About Being Human?

If Al becomes better at certain cognitive tasks, what becomes more valuable about being human?

Empathy - Judgement - Creativity - Ethics - Context - Relationships - Communication - Critical Thinking -
Responsibility - Meaning-Making

Part V— Pop the Hood: Understanding Generative Al

You can drive without knowing the engine — you use your phone, your camera, your GPS, without knowing the
code behind them. So why does understanding Al matter? When you asked an Al a question this week, did you
know what was actually happening?

Zoom 01 — Artificial Intelligence



The widest view — the whole universe. Al is any system that performs tasks requiring human-like intelligence: it
perceives, reasons, decides, and acts. It spans rule-based systems, through learning systems, to today's models.
Everything else in this section lives inside this boundary.

Zoom 02 — Machine Learning

One level deeper inside Al. Machine learning learns from examples rather than hand-coded rules — show it
thousands of X-rays and it learns to spot patterns; no programmer writes "if shadow, then tumour." The model
discovers the rule itself. Key idea: experience replaces explicit instruction. (Machine Learning is a subset of Al.)

Zoom 03 — Deep Learning

A subset of Machine Learning, inspired by the structure of the human brain. Key idea: artificial neural networks
with many layers, each learning increasingly abstract features. "Deep" means many hidden layers. Structure: Input
— Hidden Layers — Output.

Zoom 04 — Large Language Models

Deep learning systems trained on vast amounts of text data, predicting the next word at massive scale. Imagine a
friend who has read basically everything ever written — every book, every article, every conversation on the
internet — but has never lived any of it. They haven't seen a sunset or felt rain. They simply have an almost
supernatural sense of "when someone says X, the next words are usually Y." So when you say, "I'm feeling really
anxious about my exam tomorrow, what should [—", they don't understand anxiety the way a therapist does —
but they've read millions of sentences that start like that.

GPT = Generative Pre-trained Transformer. Examples: ChatGPT, Claude, Gemini. In short: language in, language
out.

Zoom 05 — Generative Al

"Generative" means creating new content — not just analysing what already exists. Generative Al produces
brand-new content across modalities:

» Text — essays, summaries, dialogue (e.g. ChatGPT)

+ Images — photos, illustrations, art (e.g. Midjourney, DALL-E)
» Audio — music, voice, sound design

* Video — scenes, animations, clips (e.g. Sora, Runway)

+ Code — scripts, apps, functions (e.g. GitHub Copilot)

One model. Many modalities. All generated — not retrieved.

Zooming Back Out

Al — Machine Learning — Deep Learning — Large Language Models — Generative Al. The throughline:
pattern, scale, prediction.



What Happens When You Press Enter?

The message doesn't simply travel from You — ChatGPT — Answer. Instead, it moves through a five-step
journey: Your Text — Tokenization — Embedding — Attention — Prediction — Output.

Step 1 — Tokenization

Before any processing begins, your text is broken into tokens — small chunks of characters, not necessarily whole
words. "Psychology is fascinating” becomes something like Psychology | is | fascinating | . — but tokens aren't
always whole words: "tokenization" splits into "Token" + "ization," and "Psychology" becomes ["Psych",

”OlOgy”] X

Mental model: one token is roughly 0.75 English words — a useful approximation, not a universal rule. It varies
for code and non-English languages. Models use Byte Pair Encoding (BPE), merging frequent character pairs into
subword units, which handles rare words, code snippets, and non-English text, where one word may become
many tokens.

Character counting is tricky: tokens are not letters, which is why asking an Al to count letters can produce
surprising errors.

Step 2 — Embedding

Tokens become numbers. Each token is mapped to a vector — a list of hundreds of numbers that captures its
meaning. Words with similar meanings end up close together in this high-dimensional space.

Think: Words — Coordinates — Relationships. Example: "King" minus "man" plus "woman" = "Queen."
Semantic similarity becomes measurable distance.

Step 3 — Self-Attention

The model weighs how tokens relate to each other. Example: "The trophy didn't fit in the suitcase because it was
too big." What does "it" refer to — the trophy, or the suitcase? Self-attention lets the model connect "it" back to
the correct noun across the sentence, capturing long-range dependencies across the entire sentence at once.

The Cinema Usher Analogy: imagine a cinema usher shining a torch — each token "looks around" at all other
tokens and decides which ones matter most. This mechanism underlies the Transformer architecture introduced in
the paper Attention Is All You Need.

Step 4 — Prediction

The model predicts what comes next. Not "What is the correct answer stored inside me?" but approximately
"Given everything so far, what token is most likely to come next?"

After self-attention processes all tokens, the model calculates a probability distribution over its entire vocabulary
— tens of thousands of words. The response is not generated all at once: each token is predicted, added to the
context, and then used to predict the next — a step-by-step chain reaction from the first word to the final full
answer. This is why longer responses take more time to generate.



Token — Token — Token — Token, until the response is complete.

Step 5 — Variation

The model samples from a probability distribution, not a fixed lookup table — that's why outputs vary. Same
prompt, different answer, every time. It's a feature, not a flaw.

Ask the same question twice and you may get different wording, different examples, different structure — but
often similar overall meaning. This variation is a consequence of probabilistic sampling, and comparing repeated
outputs is a lightweight way to check reliability.

Put It All Together

Enter — Tokens — Vectors — Attention — Probabilities — Response.

The Big Misconception: ""AI Knows the Answer"

Not quite. A language model generates output based on learned patterns and the context available to it. So: fluent
# factual, confident # correct, detailed # reliable.

Takeaway: Fluent # Certain. Fluent # Factual. Confident # Correct. Detailed # Reliable.

Al responses should always be checked, never blindly accepted. Running the same prompt twice and comparing
the outputs is one simple check.

Part VI — Prompt Engineering

The Prompt Problem: Same Al, Very Different Results
Prompt A: "Write something about psychology."
Prompt B: "You are a clinical psychology educator teaching undergraduate students..."

Which output would you rather receive?

Prompt Engineering vs Context Engineering

Prompt Engineering: the art of crafting a useful instruction — it's about how you ask. The phrasing, structure, and
clarity of your request shape the output.

Context Engineering: the broader skill — what the model knows when it answers. Identity, world, examples, and
constraints all feed into the model's context window.

Prompt engineering = how you ask. Context engineering = what the model knows.



The Magic Prompt: Five Layers of Context

Layer Question It Answers

01 — Identity

Who should AI be?

02 — World What situation is it operating in?
03 — Task What exactly should it do?
04 — Example What does "good" look like?

05 — Constraint

What boundaries must it follow?

Think: Who + Where + What + Example + Boundaries.

Instead of: "Write an article about renting vs buying."

Try adding all five layers of context: Identity — personal-finance educator. World — Indian young professionals.

Task — compare renting vs buying. Example — conversational explainer. Constraint — 800 words, simple

language, balanced.

More context — fewer guesses — better output.

Your Prompting Toolbox

Prompting techniques fall into six broad categories.

A. Formatting & Structure Techniques — "How You Lay the Prompt Out"

Technique What It Is Notes

Markdown prompting Using headers, bullet lists, and bold text to | Widely recommended as the most broadly
visually separate sections of a prompt (Task, | compatible structuring method across
Context, Format, etc.). providers.

XML tag prompting Wrapping sections in tags such as <role>, A first-class best practice for Claude

<context>, <instructions>, <examples>.

specifically — Claude was trained with
heavy exposure to XML-tagged data and
parses tag-delimited prompts with
unusually high reliability.

Delimiters generally (triple
quotes, ###, code fences)

Any consistent marker that separates
instructions from data, examples, and user
input.

Structured, delimited prompts are
reported to improve section adherence
and reduce the model mixing up
instruction text with data text, and
improve output-parsing reliability when
the model is asked to wrap output in a
specific tag.




B. Example-Based Techniques — "How Many Examples You Give It"

Technique What It Is

Zero-shot prompting No examples given — you rely on the model's pretrained knowledge plus a
clear task description. Good default for straightforward tasks.

Few-shot prompting (in-context You give 2—-5 example input/output pairs before the real task, so the model
learning) infers the pattern you want rather than being told it explicitly.

Zero-shot: instruction only — "Write a professional email." Few-shot: instruction plus examples — "Here are 3
examples of the tone I want..."

Use few-shot when format, tone, or consistency matters, or when the task is unusual.

C. Reasoning Techniques — '""How the Model Thinks Before Answering"

Technique What It Is

Chain-of-Thought (CoT) Explicitly asking the model to show intermediate reasoning steps before the
final answer (e.g. a worked-out marble-counting problem, step by step).

Zero-shot CoT The single-phrase version— appending "Let's think step by step" to a
prompt, with no worked examples needed.

Self-consistency Generating several independent reasoning paths for the same question and
taking the majority / most common answer, rather than trusting one pass.

Tree-of-Thought / Least-to-Most Breaking a hard problem into a tree of sub-decisions, or into a sequence of

prompting progressively harder sub-questions, instead of one long chain.
Simple task example: "Convert 5 feet into centimetres." — straightforward, one step, no ambiguity; a fast model
is enough.

Complex task example: "Compare these three research methodologies and recommend one for this research
question." — multi-step, nuanced, needs real reasoning.

Principle: if you would need to think hard, let AI think harder too. But more thinking isn't always better —
for simple retrieval, straightforward rewriting, or basic formatting, a fast model may be enough.



D. Persona & Style Techniques

Technique What It Is

Role / persona prompting Assigning the Al a specific identity (e.g. "act as a seasoned personal-finance
editor™).

Style prompting Directly specifying tone, register, or genre without necessarily naming a
persona.

Expert prompting A more structured variant where the model first generates what kind of expert
would be best suited, then answers as that expert.

Role prompting example: "Act as a clinical psychology professor teaching first-year students." This single
instruction shapes knowledge level (how deep or technical the response is), tone (formal, friendly, academic, or
conversational), perspective (the lens through which ideas are framed), and communication style (how concepts
are explained).

Important reminder: a role prompt doesn't magically make the model an expert. It shapes how the model
communicates, not what it actually knows. Always verify outputs on high-stakes topics. Used well, role prompting
is one of the fastest ways to get responses that feel right for your audience.

E. Self-Checking Techniques

Technique What It Is

Self-reflection / self-critique Asking the model to review and critique its own prior output before
finalizing.
Chain-of-Verification (CoVe) The model generates an answer, then generates independent verification

questions about its own claims, answers those separately, and revises.

Generated Knowledge prompting | The model first generates relevant background facts, then uses that self-
generated knowledge as additional context to answer the real question.

F. Other Named Techniques Worth Knowing Exist

* Meta-prompting
* EmotionPrompt
+ ReAct (Reason + Act)

+ Negative / constraint prompting

Toolbox Summary

Category Techniques

01 — Structure Markdown - XML - Delimiters

02 — Examples Zero-shot - Few-shot prompting

03 — Reasoning Chain-of-thought - Self-consistency




Category Techniques

04 — Persona Role - Style - Expert framing
05 — Verification Self-check - Chain-of-Verification
06 — Advanced Meta-prompting - ReAct - Negative constraints

The Memorable Formula: RCTF

A durable framework that works across all models and providers.

Element Question It Answers

Role Who should Al be?

Context What does it need to know?

Task What exactly should it do?
Format What should the answer look like?

Role — Context — Task — Format.

Closing Reflection

1 can extend our capacity to notice, to reach, and to support — but it will never replace the hand on a shoulder,
the listening ear, or the simple act of showing up for someone.

The technology is powerful. The psychologist remains responsible for the human meaning behind the data.
As Al continues to evolve, our ethical clarity, clinical judgment, and human connection define the practice.
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	Deep learning systems trained on vast amounts of text data, predicting the next word at massive scale. Imagine a friend who has read basically everything ever written — every book, every article, every conversation on the internet — but has never lived any of it. They haven't seen a sunset or felt rain. They simply have an almost supernatural sense of "when someone says X, the next words are usually Y." So when you say, "I'm feeling really anxious about my exam tomorrow, what should I—", they don't understand anxiety the way a therapist does — but they've read millions of sentences that start like that.
	GPT = Generative Pre-trained Transformer. Examples: ChatGPT, Claude, Gemini. In short: language in, language out.
	Zoom 05 — Generative AI
	"Generative" means creating new content — not just analysing what already exists. Generative AI produces brand-new content across modalities:
	Zooming Back Out
	AI → Machine Learning → Deep Learning → Large Language Models → Generative AI. The throughline: pattern, scale, prediction.

	What Happens When You Press Enter?
	The message doesn't simply travel from You → ChatGPT → Answer. Instead, it moves through a five-step journey: Your Text → Tokenization → Embedding → Attention → Prediction → Output.
	Step 1 — Tokenization
	Before any processing begins, your text is broken into tokens — small chunks of characters, not necessarily whole words. "Psychology is fascinating" becomes something like Psychology | is | fascinating | . — but tokens aren't always whole words: "tokenization" splits into "Token" + "ization," and "Psychology" becomes ["Psych", "ology"].
	Mental model: one token is roughly 0.75 English words — a useful approximation, not a universal rule. It varies for code and non-English languages. Models use Byte Pair Encoding (BPE), merging frequent character pairs into subword units, which handles rare words, code snippets, and non-English text, where one word may become many tokens.
	Character counting is tricky: tokens are not letters, which is why asking an AI to count letters can produce surprising errors.
	Step 2 — Embedding
	Tokens become numbers. Each token is mapped to a vector — a list of hundreds of numbers that captures its meaning. Words with similar meanings end up close together in this high-dimensional space.
	Think: Words → Coordinates → Relationships. Example: "King" minus "man" plus "woman" ≈ "Queen." Semantic similarity becomes measurable distance.
	Step 3 — Self-Attention
	The model weighs how tokens relate to each other. Example: "The trophy didn't fit in the suitcase because it was too big." What does "it" refer to — the trophy, or the suitcase? Self-attention lets the model connect "it" back to the correct noun across the sentence, capturing long-range dependencies across the entire sentence at once.
	The Cinema Usher Analogy: imagine a cinema usher shining a torch — each token "looks around" at all other tokens and decides which ones matter most. This mechanism underlies the Transformer architecture introduced in the paper Attention Is All You Need.
	Step 4 — Prediction
	The model predicts what comes next. Not "What is the correct answer stored inside me?" but approximately "Given everything so far, what token is most likely to come next?"
	After self-attention processes all tokens, the model calculates a probability distribution over its entire vocabulary — tens of thousands of words. The response is not generated all at once: each token is predicted, added to the context, and then used to predict the next — a step-by-step chain reaction from the first word to the final full answer. This is why longer responses take more time to generate.
	Token → Token → Token → Token, until the response is complete.
	Step 5 — Variation
	The model samples from a probability distribution, not a fixed lookup table — that's why outputs vary. Same prompt, different answer, every time. It's a feature, not a flaw.
	Ask the same question twice and you may get different wording, different examples, different structure — but often similar overall meaning. This variation is a consequence of probabilistic sampling, and comparing repeated outputs is a lightweight way to check reliability.
	Put It All Together
	Enter → Tokens → Vectors → Attention → Probabilities → Response.
	The Big Misconception: "AI Knows the Answer"
	Not quite. A language model generates output based on learned patterns and the context available to it. So: fluent ≠ factual, confident ≠ correct, detailed ≠ reliable.
	Takeaway: Fluent ≠ Certain. Fluent ≠ Factual. Confident ≠ Correct. Detailed ≠ Reliable.
	AI responses should always be checked, never blindly accepted. Running the same prompt twice and comparing the outputs is one simple check.

	Part VI — Prompt Engineering
	The Prompt Problem: Same AI, Very Different Results
	Prompt A: "Write something about psychology."
	Prompt B: "You are a clinical psychology educator teaching undergraduate students..."
	Which output would you rather receive?
	Prompt Engineering vs Context Engineering
	Prompt Engineering: the art of crafting a useful instruction — it's about how you ask. The phrasing, structure, and clarity of your request shape the output.
	Context Engineering: the broader skill — what the model knows when it answers. Identity, world, examples, and constraints all feed into the model's context window.
	Prompt engineering = how you ask. Context engineering = what the model knows.
	The Magic Prompt: Five Layers of Context
	Think: Who + Where + What + Example + Boundaries.
	Instead of: "Write an article about renting vs buying."
	Try adding all five layers of context: Identity — personal-finance educator. World — Indian young professionals. Task — compare renting vs buying. Example — conversational explainer. Constraint — 800 words, simple language, balanced.
	More context → fewer guesses → better output.

	Your Prompting Toolbox
	Prompting techniques fall into six broad categories.
	A. Formatting & Structure Techniques — "How You Lay the Prompt Out"
	B. Example-Based Techniques — "How Many Examples You Give It"
	Zero-shot: instruction only — "Write a professional email." Few-shot: instruction plus examples — "Here are 3 examples of the tone I want..."
	Use few-shot when format, tone, or consistency matters, or when the task is unusual.
	C. Reasoning Techniques — "How the Model Thinks Before Answering"
	Simple task example: "Convert 5 feet into centimetres." — straightforward, one step, no ambiguity; a fast model is enough.
	Complex task example: "Compare these three research methodologies and recommend one for this research question." — multi-step, nuanced, needs real reasoning.
	Principle: if you would need to think hard, let AI think harder too. But more thinking isn't always better — for simple retrieval, straightforward rewriting, or basic formatting, a fast model may be enough.
	D. Persona & Style Techniques
	Role prompting example: "Act as a clinical psychology professor teaching first-year students." This single instruction shapes knowledge level (how deep or technical the response is), tone (formal, friendly, academic, or conversational), perspective (the lens through which ideas are framed), and communication style (how concepts are explained).
	Important reminder: a role prompt doesn't magically make the model an expert. It shapes how the model communicates, not what it actually knows. Always verify outputs on high-stakes topics. Used well, role prompting is one of the fastest ways to get responses that feel right for your audience.
	E. Self-Checking Techniques
	F. Other Named Techniques Worth Knowing Exist
	Toolbox Summary

	The Memorable Formula: RCTF
	A durable framework that works across all models and providers.
	Role → Context → Task → Format.
	Closing Reflection
	I can extend our capacity to notice, to reach, and to support — but it will never replace the hand on a shoulder, the listening ear, or the simple act of showing up for someone.
	The technology is powerful. The psychologist remains responsible for the human meaning behind the data. As AI continues to evolve, our ethical clarity, clinical judgment, and human connection define the practice.


