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Met Office climate dataset

https://www.metoffice.gov.uk/research/climate/maps-and-data/historic-station-data

Monthly readings from 37 weather stations around the country. Let’s look at Cambridge, from 1990.

station YYVy mm t af rain sun tmin tmax temp

Cambridge 1990 1 1990.00 0 43.8 64.7 4.0 9.8 6.90

Cambridge 1990 2 1990.08 1 71.1 102.0 47 114 8.05

Cambridge 1990 3 1990.16 3 23.2 153.2 4.7 129 8.80
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What model / formula would you suggest, to fit this dataset?

def temp model(t, ..):
return ..




A PHYSICAL SCIENTIST’S DETERMINISTIC MODEL

def temp model(t, a, ¢, c, Vy):

2000 2005 2010 2015 2020 2025

return ¢ + a * sin(2*m*(t+d)) + y*t

1995

A DATA SCIENTIST’S PROBABILITY MODEL

def rtemp(t, o, ¢, c, vy, 0):

pred = ¢ + a * sin(2*n*(t+d)) + y*t
return random.normal(loc=pred, scale=0)
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1. Write out a probability model
2. Fit the model from data
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= Slides for each lecture are on the website
and most slides say which section they’re for

= What’s examinable?
Everything in the lecture schedule,
except for sections marked *
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Course pages 2026-27

Data Science
SVIEIVEN Course materials Information for supervisors

Lecture notes — [datasci2026.pdf]. If you spot a mistake in these notes,
please let me know.

Announcements, timetable — Moodle

Lecture schedule

This is the planned lecture schedule. It will be updated as and when actual
lectures deviate from schedule. Material marked * is non-examinable. Slides are
uploaded the night before a lecture, and re-uploaded after the lecture with
annotations made during the lecture.

Prerequisites

Example sheet 0 and solutions
NumPy tutorial

1-84. Learning with probability models
Cectureny 1. Learning with probability models
[slides] 1.1 Specifying probability models
Lectiure”? 1.2 Standard random variables

1.3 Maximum likelihood estimation

1.4 Numerical optimization with scipy
Lecture 3 1.5 Likelihood notation

1.6 Types of model




= |’[l be in the cafe area
1-1.30pm today
for office hours.



> ampln sheet 0 = Example sheet 0 is to remind you
IB Data Science—DJW—2026/2027 about IA Probability, and Maths
for NST

" |t’s not for supervision;
solutions are provided

on about probabilities o

and laws ...

Conditional probability, or equivalently the chain rule:

if P(B)

) P(A| B) (chain rule)



What is data science? What’s the difference between
data science and machine learning?

MACHINE LEARNING
Building systems
that learn

from data.

DATA SCIENCE
Finding
patternsin a
dataset.




What is data science? What’s the difference between
data science and machine learning?

MACHINE LEARNING
#erTTB syst
arn

) .

Building models sys.te-ms
and applying building

them.

£

C(/isualization,

! ommunicatio

DATA SCIENCE

=,

Building
models to
learn about
the dataset.



In Data Science, we fit probability models.

Whereas in IA MLRD, you learnt to fit deterministic models:
1. Invent a predictor / classifier, which gives a deterministic answer
2. Fitit, to get high predictive accuracy

If you don’t get this elementary,
but mildly unnatural, mathematics
of elementary probability into your
repertoire, then you go through a
long life like a one-legged man in
an ass kicking contest.

Charles Munger, business partner of Warren Buffett
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ANSWER 1

Any piece of code whose output is random is a probability model.
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11, y=0.035, 0=2):

C=

-9.25,

def rtemp(t, o0=10, ¢

C + a * np.sin(2*m*(t+d)) + y*t

return np.random.normal(loc=pred, scale=0)

pred



Three views of a probability model

for intuition and
ANS 3

simulation random an intermediary;,

variable best for reasoning
ANS 1 % notation

code

' A.st for learning
likelihood from data



Three views of a probability model

Temp; ~ a sin(2r(t; + ¢)) + ¢ + yt; + Normal(0, 02),

1 €{1,..,n}
ANS 3
random
variable
ANS 1 % notation

code

def rtemp(t, o,d,c,y,0):
pred = ¢ + a * np.sin(2*m*(t+d)) + y*t
return np.random.normal(loc=pred, scale=0)

ANS 2

likelihood



def ry(): X ~U|[0,1]

X = random.random() Y = X?
y = x ** 2
return y

def ri(a,b): X ~U[0,1]
X = random.random() I =|aX + b]
i = math.floor(a*x+b)
return 1

X = random.random() X ~U[0,1]

y = X **2 Y = X2




def rz(): X1,X, ~U[0,1]
X, = random.random() Z = X;logX,
X, = random.random()
return x; * math.log(x,)

def rmyrandpair(): (Y,Z) ~ Myrandpair
X, = random.random()
X, = random.random()
Y,Z = (X+Xp, X1%X;)
return (y,z)

QUESTION.
Are X; and X, independent?
A =3 X1, X, ~ U[0,A]
Xl = random. Uni'FOI"m(@, }\) When we say ”X1 and XZ are
X, = random.uniform(@,A) independent”, we implicitly mean

“assuming the parameters are known”.




random.random() X ~U[0,1]
1 - x Y=1-X

X

O NO! THE ROBOTS ARE KILLING USHIL JIBUT WHY2? WE
: = NEVER PROGRAMMED
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static bool isCrazyMurderingRobot = false;

void interact_with_humans (void){

if(isCrazyMurderingRobot = true)
killlhumans);

else

be_nice_to(humans);




X

random.random()
np.random.normal(
loc=x, scale=0.1)

X ~U[0,1]
Y ~ N(X,0.1%)




def rtemp(t, o=10, ¢$=-0.25, c=11, y=0.035, 0=2):
pred = a*np.sin(2*n*(t+d)) + c + y*t
return np.random.normal(loc=pred, scale=0)

df

= pandas.read _csv(...)
Temp =

rtemp(df.t)

Temp; ~ a sin(2m(t; + ¢)) + ¢ + yt; + Normal(0, 02), i €{1,..,n}
Temp; = « sin(Zn(ti + @) +c+yt; + E E; ~ Normal(0, %), i €{1,..,n}

QUESTION.
What are the random variables?
What are the parameters?



All of machine learning is based on a single idea:

1. Write out a probability model
2. Fit the model from data

This is behind

= A-level statistics formulae
= our climate model

= ChatGPT training

Next lecture: fitting models, i.e. “learning”

But we can only fit once we’ve got the right
model. How do we get the right model?

"‘All models are wrong
but some are useful”

... So don’t be shy when building your own.
There is no “correct model”.

A core skill is being able to invent useful
probability models. During this course you
will pick up this skill, through examples.
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  x


    Temp i   ~   𝛼  sin ⁡   ( 2 𝜋  (  t i + 𝜑 ) ) + c + 𝛾  t i + Normal  ( 0 ,  𝜎 2 ) ,    


  i ∈ { 1 , … , n }


  X ∼ U  [ 0 , 1 ]


  Y =  X 2


  X ∼ U  [ 0 , 1 ]


  I =  ⌊ a X + b ⌋


  X ∼ U  [ 0 , 1 ]


  Y =  X 2


   X 1 ,  X 2 ∼ U  [ 0 , 1 ]


  Z =  X 1  log ⁡   X 2


   ( Y , Z ) ∼ Myrandpair


   X 1 ,  X 2 ∼ U  [ 0 , λ ]


   X 1


   X 2


   X 1


   X 2


  X ∼ U  [ 0 , 1 ]


  Y = 1 − X


  X ∼ U  [ 0 , 1 ]


  Y ∼ N ( X ,   0 . 1 2 )


  n


    Temp i   ~   𝛼  sin ⁡   ( 2 𝜋  (  t i + 𝜑 ) ) + c + 𝛾  t i + Normal  ( 0 ,  𝜎 2 ) ,     i ∈ { 1 , … , n }


    Temp i = 𝛼  sin ⁡   ( 2 𝜋  (  t i + 𝜑 ) ) + c + 𝛾  t i +  E i ,      E i ∼ Normal  ( 0 ,  𝜎 2 ) ,     i ∈ { 1 , … , n }

