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Announcements
All class discussion on Piazza. Please be respectful and community-oriented.

TAs and faculty will not answer questions by email. Available via Piazza/Labs/Office hours.

Enrollment cap of 250 is firm. Instructors cannot change anything about that.

There is no course textbook, and lectures are of particular importance.  (Watch them twice!)

Email ds-enrollments@berkeley.edu for enrollment related questions.



Data Science: A Personal Perspective
• It arose both in science and in technology, over many decades

– in science as the “fourth paradigm” or “data-intensive science”
– in technology as new business models based on data flows and data analysis
– in my view, it’s the latter which is the more strikingly era-defining phenomenon

• Historical points of reference: the development of chemical 
engineering, civil engineering, and electrical engineering 

– in each case, real-world use cases combined with basic capabilities led to general 
principles and eventually to academic disciplines 

– we’re currently in the early days of the development of a new, human-centric form 
of engineering

• Engineering means “real-world systems that work and deliver value 
to humans”

– we have a lot of work to do to realize that promise in this new emerging field
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Still Further Perspective

• How does “Data Science” relate to “Machine Learning” and 
to “Artificial Intelligence”?

• The phrase “Machine Learning” arose in the early 1980’s
– the idea was that instead of programming computers, we would let them 

learn from experience, somewhat like humans and animals
– the actual methods and concepts developed in the field are clearly 

related to, if not identical to, those of statistical inference and decision 
theory 

• I think of Machine Learning as the engineering side of 
Statistics (treating “engineering” with reverence)

– on the next slide, see my industry-centric history of Machine Learning
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Machine Learning in Industry

• First Generation (‘90-’00): the backend
– e.g., fraud detection, search, supply-chain management

• Second Generation (‘00-’10): the human side
– e.g., recommendation systems, commerce, social media

• Third Generation (‘10-now): pattern recognition
– e.g., speech recognition, computer vision, translation
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Machine Learning in Industry

• First Generation (‘90-’00): the backend
– e.g., fraud detection, search, supply-chain management

• Second Generation (‘00-’10): the human side
– e.g., recommendation systems, commerce, social media

• Third Generation (‘10-now): pattern recognition
– e.g., speech recognition, computer vision, translation

• Fourth Generation (emerging): markets
– not just one agent making a decision or sequence of decisions
– but a huge interconnected web of data, agents, decisions
– many new challenges!

• What about “AI”?
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Perspectives on AI*

• The classical “human-imitative” aspiration

*M. I. Jordan, Artificial Intelligence: The Revolution Hasn’t 
Happened Yet, Medium, 2019
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Perspectives on AI*

• The classical “human-imitative” aspiration

• The “intelligence augmentation” (IA) perspective

• The “intelligent infrastructure” (II) perspective

*M. I. Jordan, Artificial Intelligence: The Revolution Hasn’t 
Happened Yet, Medium, 2019



Pattern Recognition

• The third generation of Machine Learning has focused on 
supervised learning (aka, classification and regression)

– labeled training data are used to train huge neural networks, via some 
form of gradient descent

– this has traditionally been called pattern recognition
• This has been a major success, yielding human-level 

performance in speech recognition and computer vision
– and has yielded super-human-level performance in some tasks

• Pattern recognition has become a commodity
– companies are springing up worldwide to hire humans to provide 

labels for all kinds of data, transferring some aspects of human pattern 
recognition skill to computers



Decision Making

• Is pattern recognition (or classification/regression) all there 
is?

• The overall goal of a learning system is generally to make 
a decision of some kind

• Is decision making merely a matter of setting an 
appropriate threshold on the output of a neural network, if 
the training data is good enough?

• Let’s do a thought experiment



A Visit to the Doctor’s Office

• Consider a medical checkup in the not-too-distant future, 
where the doctor measures thousands of physiological 
variables and even obtains your genome

• This massive data vector is then input to a massive neural 
network, which has been trained to predict disease

• Suppose that one of the outputs has been trained to 
predict kidney failure, with a value over 0.7 suggesting an 
imminent failure

• Your value is 0.701
• The neural network has “decided” that you’re in trouble-–

what do you actually do?



A Visit to the Doctor’s Office

• You will probably want to engage in a dialog, hopefully with 
a human but perhaps with the machine

• You will want to know:
– what are the error bars on that 0.701?
– what kind of uncertainty is being captured by those error bars?  
– what is the provenance of the data; i.e., what subset of humans was it 

taken from, on what measuring devices, how long ago, and under what 
conditions?

– given this provenance, how relevant is that prediction of 0.701 to me?
• You will want to ask things like:

– are you aware of certain facts about my history, my family, etc?
– what if I were to exercise more, eat better, etc?
– what are my treatment options, what are their costs, etc?
– can I get a second opinion?



Decisions and Context

• Real-world decisions with consequences
– counterfactuals, provenance, relevance, causal inference, dialog

• Sets of decisions across a network
– false-discovery rate (instead of sensitivity/specificity/accuracy)

• Sets of decisions across a network over time
– streaming, asynchronous decisions

• Decisions when there is scarcity and competition
– need for an economic perspective

• Decisions which affect future data and future decisions
– need for a dynamical-systems, control-theoretic perspective

• Decisions when there are consequences for others
– need for an ethical perspective



“[T]echnologies are developed and 
used within a particular social, 
economic, and political context. 
They arise out of a social structure, 
they are grafted on to it, and they 
may reinforce it or destroy it, often 
in ways that are neither foreseen 
nor foreseeable.” 

Ursula Franklin, 1989



“[C]ontext is not a passive medium 
but a dynamic counterpart. The 
responses of people, individually, 
and collectively, and the responses 
of nature are often underrated in 
the formulation of plans and 
predictions.” 

Ursula Franklin, 1989



Data 102

• Unusually, this course will focus more on decision 
making and less on pattern recognition

• Decision-oriented topics that we’ll cover include false-
discovery rate control, bandit algorithms, causal 
inference, experimental design, matching markets, and 
reinforcement learning

• This set of topics spills over from statistics into 
economics, game theory, and control theory

• It will include discussion of incentives and unwanted 
outcomes



Early example of dynamics in decision making

In 1696, England's King William III seeks to tax 
wealth, but how to know one’s wealth?

Introduces tax based on number of windows

Idea spreads to France, Spain, Scotland



People adapt

One row of houses in Edinburgh 
featured no bedroom windows at all. 

Tax revenues fell



“Any observed statistical regularity will tend to 
collapse once pressure is placed upon it for control 
purposes.” - Charles Goodhart, 1975

Related: 
Lucas critique 1976 in macroeconomics 
Campbell’s law 1979 in social sciences

Goodhart’s law



● Correlation is all you need for prediction

● Typically lots of features

● Features often easy to change

Learning invites gaming

Features

Number of outgoing calls

Text response rate

Average airtime balance

Entropy of GPS coordinates



What behavior do our decisions incentivize?

https://www.hioscar.com/faq/five-ways-to-have-your-
healthiest-year-yet



But there are two ways of going about it



Basics of Decision Making

• We’ll start by considering the most simple of decision-
making formulations

• Let’s suppose that Reality is in one of two states, which 
we denote as 0 or 1

• We don’t observe this state, but we do obtain Data that is 
drawn from a distribution that depends whether the state 
is 0 or 1

• We make a Decision based on the Data, which we 
denote as 0 or 1

• We can think of the Decision as our best guess as to the 
state of Reality or, more generally, as an action we think 
is best given our guess of the state of Reality

• Example:  COVID-19 testing

University of California, Berkeley



The Basic Two-by-Two Table
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Rough goal:  lots of green outcomes, few red outcomes!



Examples: How Serious are FP and FN (and 
How Desirable are TP and TN)?

• Medical:  0 = no disease, 1 = disease
• Commerce: 0 = no fraud, 1 = fraud
• Physics: 0 = no Higgs boson, 1 = Higgs boson
• Social network: 0 = no link, 1 = link
• Self-driving car: 0 = no pedestrian, 1 = pedestrian
• Search: 0 = not relevant, 1 = relevant
• Oil-Well Drilling: 0 = no oil, 1 = oil
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Examples: How Serious are FP and FN (and 
How Desirable are TP and TN)?

• Medical:  0 = no disease, 1 = disease
• Commerce: 0 = no fraud, 1 = fraud
• Physics: 0 = no Higgs boson, 1 = Higgs boson
• Social network: 0 = no link, 1 = link
• Self-driving car: 0 = no pedestrian, 1 = pedestrian
• Search: 0 = not relevant, 1 = relevant
• Oil-Well Drilling: 0 = no oil, 1 = oil

• In real-world domains, there are many, many 
complications that arise
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Towards a Statistical Framework

• Although the two-by-two table is useful conceptually, it’s 
not clear how to make use of it in a real problem, 
because we don’t know Reality

• We need to move towards a statistical framework, 
where we consider not just one decision, but a set of 
related decisions

University of California, Berkeley



Towards a Statistical Framework

• Let’s now imagine that we not only make a decision, 
but we build a decision-making algorithm

• We want to evaluate the algorithm not just on one 
problem, but on a set of related problems
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Towards a Statistical Framework

• Let’s now imagine that we not only make a decision, 
but we build a decision-making algorithm

• We want to evaluate the algorithm not just on one 
problem, but on a set of related problems

• Concretely, we may have a collection of hypothesis-
testing problems, where we repeatedly decide whether 
to accept the null or accept the alternative

• Or we may have a set of classification decisions, where 
we repeatedly classify data points into one of two 
classes

University of California, Berkeley



Towards a Statistical Framework
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Towards a Statistical Framework

• Our language will start to involve rates and probabilities

• Indeed, the variables        ,       ,       , and        are 
random variables

• In just what sense they are random will need to be 
made clear (e.g., is the state of Reality random, is the 
Decision random, is     random?) 

University of California, Berkeley

n00
<latexit sha1_base64="YfOjmk4CWkbZAeYGQh+dsaNFZxI=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsotCTaWGIiHwYuZG/Zgw27e5fdPRNy4VfYWGiMrT/Hzn/jHlyh4EsmeXlvJjPzgpgzbVz32ylsbG5t7xR3S3v7B4dH5eOTjo4SRWibRDxSvQBrypmkbcMMp71YUSwCTrvB9Dbzu09UaRbJBzOLqS/wWLKQEWys9FiVw9R159XSsFxxa+4CaJ14OalAjtaw/DUYRSQRVBrCsdZ9z42Nn2JlGOF0XhokmsaYTPGY9i2VWFDtp4uD5+jCKiMURsqWNGih/p5IsdB6JgLbKbCZ6FUvE//z+okJr/2UyTgxVJLlojDhyEQo+x6NmKLE8JklmChmb0VkghUmxmaUheCtvrxOOvWa16jV7+uV5k0eRxHO4BwuwYMraMIdtKANBAQ8wyu8Ocp5cd6dj2VrwclnTuEPnM8fIDePTQ==</latexit>

n01
<latexit sha1_base64="Bvg8oahgQk1cgte3XAm835vAuT4=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsotCTaWGIiHwYuZG/Zgw27e5fdPRNy4VfYWGiMrT/Hzn/jHlyh4EsmeXlvJjPzgpgzbVz32ylsbG5t7xR3S3v7B4dH5eOTjo4SRWibRDxSvQBrypmkbcMMp71YUSwCTrvB9Dbzu09UaRbJBzOLqS/wWLKQEWys9FiVw9T15tXSsFxxa+4CaJ14OalAjtaw/DUYRSQRVBrCsdZ9z42Nn2JlGOF0XhokmsaYTPGY9i2VWFDtp4uD5+jCKiMURsqWNGih/p5IsdB6JgLbKbCZ6FUvE//z+okJr/2UyTgxVJLlojDhyEQo+x6NmKLE8JklmChmb0VkghUmxmaUheCtvrxOOvWa16jV7+uV5k0eRxHO4BwuwYMraMIdtKANBAQ8wyu8Ocp5cd6dj2VrwclnTuEPnM8fIb6PTg==</latexit>

n10
<latexit sha1_base64="xxaIs+orISnrCzTjxfjAVfpN0+Y=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsotCTaWGIiHwYuZG/Zgw27e5fdPRNy4VfYWGiMrT/Hzn/jHlyh4EsmeXlvJjPzgpgzbVz32ylsbG5t7xR3S3v7B4dH5eOTjo4SRWibRDxSvQBrypmkbcMMp71YUSwCTrvB9Dbzu09UaRbJBzOLqS/wWLKQEWys9FiVw9Rz59XSsFxxa+4CaJ14OalAjtaw/DUYRSQRVBrCsdZ9z42Nn2JlGOF0XhokmsaYTPGY9i2VWFDtp4uD5+jCKiMURsqWNGih/p5IsdB6JgLbKbCZ6FUvE//z+okJr/2UyTgxVJLlojDhyEQo+x6NmKLE8JklmChmb0VkghUmxmaUheCtvrxOOvWa16jV7+uV5k0eRxHO4BwuwYMraMIdtKANBAQ8wyu8Ocp5cd6dj2VrwclnTuEPnM8fIb+PTg==</latexit>

n11
<latexit sha1_base64="Y3pyblK034Q3rFh9qvQdDyn2RuI=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsotCTaWGIiHwYuZG/Zgw27e5fdPRNy4VfYWGiMrT/Hzn/jHlyh4EsmeXlvJjPzgpgzbVz32ylsbG5t7xR3S3v7B4dH5eOTjo4SRWibRDxSvQBrypmkbcMMp71YUSwCTrvB9Dbzu09UaRbJBzOLqS/wWLKQEWys9FiVw9Tz5tXSsFxxa+4CaJ14OalAjtaw/DUYRSQRVBrCsdZ9z42Nn2JlGOF0XhokmsaYTPGY9i2VWFDtp4uD5+jCKiMURsqWNGih/p5IsdB6JgLbKbCZ6FUvE//z+okJr/2UyTgxVJLlojDhyEQo+x6NmKLE8JklmChmb0VkghUmxmaUheCtvrxOOvWa16jV7+uV5k0eRxHO4BwuwYMraMIdtKANBAQ8wyu8Ocp5cd6dj2VrwclnTuEPnM8fI0aPTw==</latexit>

N<latexit sha1_base64="2ZaoYMmYzDsqHj3K7GrxSsNIO3M=">AAAB63icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsstCTaWBlMBEngQvaWPdiwu3fZnTMhhL9gY6Extv4hO/+Nd3CFgi+Z5OW9mczMC2IpLLrut1NYW9/Y3Cpul3Z29/YPyodHbRslhvEWi2RkOgG1XArNWyhQ8k5sOFWB5I/B+CbzH5+4sSLSDziJua/oUItQMIqZVL2rlvrliltz5yCrxMtJBXI0++Wv3iBiieIamaTWdj03Rn9KDQom+azUSyyPKRvTIe+mVFPFrT+d3zojZ6kyIGFk0tJI5urviSlV1k5UkHYqiiO77GXif143wfDKnwodJ8g1WywKE0kwItnjZCAMZygnKaHMiPRWwkbUUIZpPFkI3vLLq6Rdr3kXtfp9vdK4zuMowgmcwjl4cAkNuIUmtIDBCJ7hFd4c5bw4787HorXg5DPH8AfO5w+TdI1E</latexit>



Some Row-Wise Rates
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n11
<latexit sha1_base64="Y3pyblK034Q3rFh9qvQdDyn2RuI=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsotCTaWGIiHwYuZG/Zgw27e5fdPRNy4VfYWGiMrT/Hzn/jHlyh4EsmeXlvJjPzgpgzbVz32ylsbG5t7xR3S3v7B4dH5eOTjo4SRWibRDxSvQBrypmkbcMMp71YUSwCTrvB9Dbzu09UaRbJBzOLqS/wWLKQEWys9FiVw9Tz5tXSsFxxa+4CaJ14OalAjtaw/DUYRSQRVBrCsdZ9z42Nn2JlGOF0XhokmsaYTPGY9i2VWFDtp4uD5+jCKiMURsqWNGih/p5IsdB6JgLbKbCZ6FUvE//z+okJr/2UyTgxVJLlojDhyEQo+x6NmKLE8JklmChmb0VkghUmxmaUheCtvrxOOvWa16jV7+uV5k0eRxHO4BwuwYMraMIdtKANBAQ8wyu8Ocp5cd6dj2VrwclnTuEPnM8fI0aPTw==</latexit>

n10
<latexit sha1_base64="xxaIs+orISnrCzTjxfjAVfpN0+Y=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsotCTaWGIiHwYuZG/Zgw27e5fdPRNy4VfYWGiMrT/Hzn/jHlyh4EsmeXlvJjPzgpgzbVz32ylsbG5t7xR3S3v7B4dH5eOTjo4SRWibRDxSvQBrypmkbcMMp71YUSwCTrvB9Dbzu09UaRbJBzOLqS/wWLKQEWys9FiVw9Rz59XSsFxxa+4CaJ14OalAjtaw/DUYRSQRVBrCsdZ9z42Nn2JlGOF0XhokmsaYTPGY9i2VWFDtp4uD5+jCKiMURsqWNGih/p5IsdB6JgLbKbCZ6FUvE//z+okJr/2UyTgxVJLlojDhyEQo+x6NmKLE8JklmChmb0VkghUmxmaUheCtvrxOOvWa16jV7+uV5k0eRxHO4BwuwYMraMIdtKANBAQ8wyu8Ocp5cd6dj2VrwclnTuEPnM8fIb+PTg==</latexit>

sensitivity = n11
n10+n11

<latexit sha1_base64="k/8Y/o97oKSJT9xikKA45jkXM/w=">AAACDXicbVDLSsNAFL2pr1pfUZduBltBEEpSF7oRim5cVrAPaEOZTCft0MkkzEyEEvIDbvwVNy4UcevenX/jtM1CWw9c7uGce5m5x485U9pxvq3Cyura+kZxs7S1vbO7Z+8ftFSUSEKbJOKR7PhYUc4EbWqmOe3EkuLQ57Ttj2+mfvuBSsUica8nMfVCPBQsYARrI/XtSgVdoV4gMUlFP3XdLJt1J0NnKBcqpb5ddqrODGiZuDkpQ45G3/7qDSKShFRowrFSXdeJtZdiqRnhNCv1EkVjTMZ4SLuGChxS5aWzazJ0YpQBCiJpSmg0U39vpDhUahL6ZjLEeqQWvan4n9dNdHDppUzEiaaCzB8KEo50hKbRoAGTlGg+MQQTycxfERlhE402AU5DcBdPXiatWtU9r9buauX6dR5HEY7gGE7BhQuowy00oAkEHuEZXuHNerJerHfrYz5asPKdQ/gD6/MHGeKZqw==</latexit>
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<latexit sha1_base64="YfOjmk4CWkbZAeYGQh+dsaNFZxI=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsotCTaWGIiHwYuZG/Zgw27e5fdPRNy4VfYWGiMrT/Hzn/jHlyh4EsmeXlvJjPzgpgzbVz32ylsbG5t7xR3S3v7B4dH5eOTjo4SRWibRDxSvQBrypmkbcMMp71YUSwCTrvB9Dbzu09UaRbJBzOLqS/wWLKQEWys9FiVw9R159XSsFxxa+4CaJ14OalAjtaw/DUYRSQRVBrCsdZ9z42Nn2JlGOF0XhokmsaYTPGY9i2VWFDtp4uD5+jCKiMURsqWNGih/p5IsdB6JgLbKbCZ6FUvE//z+okJr/2UyTgxVJLlojDhyEQo+x6NmKLE8JklmChmb0VkghUmxmaUheCtvrxOOvWa16jV7+uV5k0eRxHO4BwuwYMraMIdtKANBAQ8wyu8Ocp5cd6dj2VrwclnTuEPnM8fIDePTQ==</latexit>

n01
<latexit sha1_base64="Bvg8oahgQk1cgte3XAm835vAuT4=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsotCTaWGIiHwYuZG/Zgw27e5fdPRNy4VfYWGiMrT/Hzn/jHlyh4EsmeXlvJjPzgpgzbVz32ylsbG5t7xR3S3v7B4dH5eOTjo4SRWibRDxSvQBrypmkbcMMp71YUSwCTrvB9Dbzu09UaRbJBzOLqS/wWLKQEWys9FiVw9T15tXSsFxxa+4CaJ14OalAjtaw/DUYRSQRVBrCsdZ9z42Nn2JlGOF0XhokmsaYTPGY9i2VWFDtp4uD5+jCKiMURsqWNGih/p5IsdB6JgLbKbCZ6FUvE//z+okJr/2UyTgxVJLlojDhyEQo+x6NmKLE8JklmChmb0VkghUmxmaUheCtvrxOOvWa16jV7+uV5k0eRxHO4BwuwYMraMIdtKANBAQ8wyu8Ocp5cd6dj2VrwclnTuEPnM8fIb6PTg==</latexit>

n11
<latexit sha1_base64="Y3pyblK034Q3rFh9qvQdDyn2RuI=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsotCTaWGIiHwYuZG/Zgw27e5fdPRNy4VfYWGiMrT/Hzn/jHlyh4EsmeXlvJjPzgpgzbVz32ylsbG5t7xR3S3v7B4dH5eOTjo4SRWibRDxSvQBrypmkbcMMp71YUSwCTrvB9Dbzu09UaRbJBzOLqS/wWLKQEWys9FiVw9Tz5tXSsFxxa+4CaJ14OalAjtaw/DUYRSQRVBrCsdZ9z42Nn2JlGOF0XhokmsaYTPGY9i2VWFDtp4uD5+jCKiMURsqWNGih/p5IsdB6JgLbKbCZ6FUvE//z+okJr/2UyTgxVJLlojDhyEQo+x6NmKLE8JklmChmb0VkghUmxmaUheCtvrxOOvWa16jV7+uV5k0eRxHO4BwuwYMraMIdtKANBAQ8wyu8Ocp5cd6dj2VrwclnTuEPnM8fI0aPTw==</latexit>

n10
<latexit sha1_base64="xxaIs+orISnrCzTjxfjAVfpN0+Y=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsotCTaWGIiHwYuZG/Zgw27e5fdPRNy4VfYWGiMrT/Hzn/jHlyh4EsmeXlvJjPzgpgzbVz32ylsbG5t7xR3S3v7B4dH5eOTjo4SRWibRDxSvQBrypmkbcMMp71YUSwCTrvB9Dbzu09UaRbJBzOLqS/wWLKQEWys9FiVw9Rz59XSsFxxa+4CaJ14OalAjtaw/DUYRSQRVBrCsdZ9z42Nn2JlGOF0XhokmsaYTPGY9i2VWFDtp4uD5+jCKiMURsqWNGih/p5IsdB6JgLbKbCZ6FUvE//z+okJr/2UyTgxVJLlojDhyEQo+x6NmKLE8JklmChmb0VkghUmxmaUheCtvrxOOvWa16jV7+uV5k0eRxHO4BwuwYMraMIdtKANBAQ8wyu8Ocp5cd6dj2VrwclnTuEPnM8fIb+PTg==</latexit>

sensitivity = n11
n10+n11

<latexit sha1_base64="k/8Y/o97oKSJT9xikKA45jkXM/w=">AAACDXicbVDLSsNAFL2pr1pfUZduBltBEEpSF7oRim5cVrAPaEOZTCft0MkkzEyEEvIDbvwVNy4UcevenX/jtM1CWw9c7uGce5m5x485U9pxvq3Cyura+kZxs7S1vbO7Z+8ftFSUSEKbJOKR7PhYUc4EbWqmOe3EkuLQ57Ttj2+mfvuBSsUica8nMfVCPBQsYARrI/XtSgVdoV4gMUlFP3XdLJt1J0NnKBcqpb5ddqrODGiZuDkpQ45G3/7qDSKShFRowrFSXdeJtZdiqRnhNCv1EkVjTMZ4SLuGChxS5aWzazJ0YpQBCiJpSmg0U39vpDhUahL6ZjLEeqQWvan4n9dNdHDppUzEiaaCzB8KEo50hKbRoAGTlGg+MQQTycxfERlhE402AU5DcBdPXiatWtU9r9buauX6dR5HEY7gGE7BhQuowy00oAkEHuEZXuHNerJerHfrYz5asPKdQ/gD6/MHGeKZqw==</latexit> or “recall” or “power”
aka, “true positive rate”
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<latexit sha1_base64="YfOjmk4CWkbZAeYGQh+dsaNFZxI=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsotCTaWGIiHwYuZG/Zgw27e5fdPRNy4VfYWGiMrT/Hzn/jHlyh4EsmeXlvJjPzgpgzbVz32ylsbG5t7xR3S3v7B4dH5eOTjo4SRWibRDxSvQBrypmkbcMMp71YUSwCTrvB9Dbzu09UaRbJBzOLqS/wWLKQEWys9FiVw9R159XSsFxxa+4CaJ14OalAjtaw/DUYRSQRVBrCsdZ9z42Nn2JlGOF0XhokmsaYTPGY9i2VWFDtp4uD5+jCKiMURsqWNGih/p5IsdB6JgLbKbCZ6FUvE//z+okJr/2UyTgxVJLlojDhyEQo+x6NmKLE8JklmChmb0VkghUmxmaUheCtvrxOOvWa16jV7+uV5k0eRxHO4BwuwYMraMIdtKANBAQ8wyu8Ocp5cd6dj2VrwclnTuEPnM8fIDePTQ==</latexit>

n01
<latexit sha1_base64="Bvg8oahgQk1cgte3XAm835vAuT4=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsotCTaWGIiHwYuZG/Zgw27e5fdPRNy4VfYWGiMrT/Hzn/jHlyh4EsmeXlvJjPzgpgzbVz32ylsbG5t7xR3S3v7B4dH5eOTjo4SRWibRDxSvQBrypmkbcMMp71YUSwCTrvB9Dbzu09UaRbJBzOLqS/wWLKQEWys9FiVw9T15tXSsFxxa+4CaJ14OalAjtaw/DUYRSQRVBrCsdZ9z42Nn2JlGOF0XhokmsaYTPGY9i2VWFDtp4uD5+jCKiMURsqWNGih/p5IsdB6JgLbKbCZ6FUvE//z+okJr/2UyTgxVJLlojDhyEQo+x6NmKLE8JklmChmb0VkghUmxmaUheCtvrxOOvWa16jV7+uV5k0eRxHO4BwuwYMraMIdtKANBAQ8wyu8Ocp5cd6dj2VrwclnTuEPnM8fIb6PTg==</latexit>

n11
<latexit sha1_base64="Y3pyblK034Q3rFh9qvQdDyn2RuI=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsotCTaWGIiHwYuZG/Zgw27e5fdPRNy4VfYWGiMrT/Hzn/jHlyh4EsmeXlvJjPzgpgzbVz32ylsbG5t7xR3S3v7B4dH5eOTjo4SRWibRDxSvQBrypmkbcMMp71YUSwCTrvB9Dbzu09UaRbJBzOLqS/wWLKQEWys9FiVw9Tz5tXSsFxxa+4CaJ14OalAjtaw/DUYRSQRVBrCsdZ9z42Nn2JlGOF0XhokmsaYTPGY9i2VWFDtp4uD5+jCKiMURsqWNGih/p5IsdB6JgLbKbCZ6FUvE//z+okJr/2UyTgxVJLlojDhyEQo+x6NmKLE8JklmChmb0VkghUmxmaUheCtvrxOOvWa16jV7+uV5k0eRxHO4BwuwYMraMIdtKANBAQ8wyu8Ocp5cd6dj2VrwclnTuEPnM8fI0aPTw==</latexit>

n10
<latexit sha1_base64="xxaIs+orISnrCzTjxfjAVfpN0+Y=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsotCTaWGIiHwYuZG/Zgw27e5fdPRNy4VfYWGiMrT/Hzn/jHlyh4EsmeXlvJjPzgpgzbVz32ylsbG5t7xR3S3v7B4dH5eOTjo4SRWibRDxSvQBrypmkbcMMp71YUSwCTrvB9Dbzu09UaRbJBzOLqS/wWLKQEWys9FiVw9Rz59XSsFxxa+4CaJ14OalAjtaw/DUYRSQRVBrCsdZ9z42Nn2JlGOF0XhokmsaYTPGY9i2VWFDtp4uD5+jCKiMURsqWNGih/p5IsdB6JgLbKbCZ6FUvE//z+okJr/2UyTgxVJLlojDhyEQo+x6NmKLE8JklmChmb0VkghUmxmaUheCtvrxOOvWa16jV7+uV5k0eRxHO4BwuwYMraMIdtKANBAQ8wyu8Ocp5cd6dj2VrwclnTuEPnM8fIb+PTg==</latexit>

specificity = n00
n00+n01

<latexit sha1_base64="6GtYf3J6UOWWVf8TZ4XWUUOxcXo=">AAACDXicbZDLSgMxFIbP1Futt1GXboKtIAhlpi50IxTduKxgL9CWkkkzbWgmMyQZoQzzAm58FTcuFHHr3p1vY6adhbYeCPn4/3NIzu9FnCntON9WYWV1bX2juFna2t7Z3bP3D1oqjCWhTRLyUHY8rChngjY105x2Iklx4HHa9iY3md9+oFKxUNzraUT7AR4J5jOCtZEGdqWCrlDPl5gkYpA4TprmNzpDGbhpWikN7LJTdWaFlsHNoQx5NQb2V28YkjigQhOOleq6TqT7CZaaEU7TUi9WNMJkgke0a1DggKp+MtsmRSdGGSI/lOYIjWbq74kEB0pNA890BliP1aKXif953Vj7l/2EiSjWVJD5Q37MkQ5RFg0aMkmJ5lMDmEhm/orIGJtotAkwC8FdXHkZWrWqe16t3dXK9es8jiIcwTGcggsXUIdbaEATCDzCM7zCm/VkvVjv1se8tWDlM4fwp6zPHxOUmac=</latexit>
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<latexit sha1_base64="YfOjmk4CWkbZAeYGQh+dsaNFZxI=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsotCTaWGIiHwYuZG/Zgw27e5fdPRNy4VfYWGiMrT/Hzn/jHlyh4EsmeXlvJjPzgpgzbVz32ylsbG5t7xR3S3v7B4dH5eOTjo4SRWibRDxSvQBrypmkbcMMp71YUSwCTrvB9Dbzu09UaRbJBzOLqS/wWLKQEWys9FiVw9R159XSsFxxa+4CaJ14OalAjtaw/DUYRSQRVBrCsdZ9z42Nn2JlGOF0XhokmsaYTPGY9i2VWFDtp4uD5+jCKiMURsqWNGih/p5IsdB6JgLbKbCZ6FUvE//z+okJr/2UyTgxVJLlojDhyEQo+x6NmKLE8JklmChmb0VkghUmxmaUheCtvrxOOvWa16jV7+uV5k0eRxHO4BwuwYMraMIdtKANBAQ8wyu8Ocp5cd6dj2VrwclnTuEPnM8fIDePTQ==</latexit>

n01
<latexit sha1_base64="Bvg8oahgQk1cgte3XAm835vAuT4=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsotCTaWGIiHwYuZG/Zgw27e5fdPRNy4VfYWGiMrT/Hzn/jHlyh4EsmeXlvJjPzgpgzbVz32ylsbG5t7xR3S3v7B4dH5eOTjo4SRWibRDxSvQBrypmkbcMMp71YUSwCTrvB9Dbzu09UaRbJBzOLqS/wWLKQEWys9FiVw9T15tXSsFxxa+4CaJ14OalAjtaw/DUYRSQRVBrCsdZ9z42Nn2JlGOF0XhokmsaYTPGY9i2VWFDtp4uD5+jCKiMURsqWNGih/p5IsdB6JgLbKbCZ6FUvE//z+okJr/2UyTgxVJLlojDhyEQo+x6NmKLE8JklmChmb0VkghUmxmaUheCtvrxOOvWa16jV7+uV5k0eRxHO4BwuwYMraMIdtKANBAQ8wyu8Ocp5cd6dj2VrwclnTuEPnM8fIb6PTg==</latexit>

n11
<latexit sha1_base64="Y3pyblK034Q3rFh9qvQdDyn2RuI=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsotCTaWGIiHwYuZG/Zgw27e5fdPRNy4VfYWGiMrT/Hzn/jHlyh4EsmeXlvJjPzgpgzbVz32ylsbG5t7xR3S3v7B4dH5eOTjo4SRWibRDxSvQBrypmkbcMMp71YUSwCTrvB9Dbzu09UaRbJBzOLqS/wWLKQEWys9FiVw9Tz5tXSsFxxa+4CaJ14OalAjtaw/DUYRSQRVBrCsdZ9z42Nn2JlGOF0XhokmsaYTPGY9i2VWFDtp4uD5+jCKiMURsqWNGih/p5IsdB6JgLbKbCZ6FUvE//z+okJr/2UyTgxVJLlojDhyEQo+x6NmKLE8JklmChmb0VkghUmxmaUheCtvrxOOvWa16jV7+uV5k0eRxHO4BwuwYMraMIdtKANBAQ8wyu8Ocp5cd6dj2VrwclnTuEPnM8fI0aPTw==</latexit>

n10
<latexit sha1_base64="xxaIs+orISnrCzTjxfjAVfpN0+Y=">AAAB8HicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsotCTaWGIiHwYuZG/Zgw27e5fdPRNy4VfYWGiMrT/Hzn/jHlyh4EsmeXlvJjPzgpgzbVz32ylsbG5t7xR3S3v7B4dH5eOTjo4SRWibRDxSvQBrypmkbcMMp71YUSwCTrvB9Dbzu09UaRbJBzOLqS/wWLKQEWys9FiVw9Rz59XSsFxxa+4CaJ14OalAjtaw/DUYRSQRVBrCsdZ9z42Nn2JlGOF0XhokmsaYTPGY9i2VWFDtp4uD5+jCKiMURsqWNGih/p5IsdB6JgLbKbCZ6FUvE//z+okJr/2UyTgxVJLlojDhyEQo+x6NmKLE8JklmChmb0VkghUmxmaUheCtvrxOOvWa16jV7+uV5k0eRxHO4BwuwYMraMIdtKANBAQ8wyu8Ocp5cd6dj2VrwclnTuEPnM8fIb+PTg==</latexit>

specificity
or “selectivity”

aka, “true negative rate”= n00
n00+n01

<latexit sha1_base64="6GtYf3J6UOWWVf8TZ4XWUUOxcXo=">AAACDXicbZDLSgMxFIbP1Futt1GXboKtIAhlpi50IxTduKxgL9CWkkkzbWgmMyQZoQzzAm58FTcuFHHr3p1vY6adhbYeCPn4/3NIzu9FnCntON9WYWV1bX2juFna2t7Z3bP3D1oqjCWhTRLyUHY8rChngjY105x2Iklx4HHa9iY3md9+oFKxUNzraUT7AR4J5jOCtZEGdqWCrlDPl5gkYpA4TprmNzpDGbhpWikN7LJTdWaFlsHNoQx5NQb2V28YkjigQhOOleq6TqT7CZaaEU7TUi9WNMJkgke0a1DggKp+MtsmRSdGGSI/lOYIjWbq74kEB0pNA890BliP1aKXif953Vj7l/2EiSjWVJD5Q37MkQ5RFg0aMkmJ5lMDmEhm/orIGJtotAkwC8FdXHkZWrWqe16t3dXK9es8jiIcwTGcggsXUIdbaEATCDzCM7zCm/VkvVjv1se8tWDlM4fwp6zPHxOUmac=</latexit>



Comments on the Row-Wise Rates

• They can be thought of as estimates of conditional 
probabilities

– e.g., sensitivity approximates 

University of California, Berkeley
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<latexit sha1_base64="rTZzA2/etUzH9DgQeeXdOzm3l0Y=">AAACHHicbVC7SgNBFJ2Nrxhfq5Y2g4kQQcJuUmgjBLWwjGIekA1hdnKTDJl9MDMrLms+xMZfsbFQxMZC8G+cTVJo9MCFwznnMnOPG3ImlWV9GZmFxaXllexqbm19Y3PL3N5pyCASFOo04IFouUQCZz7UFVMcWqEA4rkcmu7oPPWbtyAkC/wbFYfQ8cjAZ31GidJS16wUakXHc4O75AIoS2NjfIpt7Bzd68FT6xoIZyqeOIeFXNfMWyVrAvyX2DOSRzPUuuaH0wto5IGvKCdStm0rVJ2ECMUoh3HOiSSEhI7IANqa+sQD2Ukmx43xgVZ6uB8IPb7CE/XnRkI8KWPP1UmPqKGc91LxP68dqf5JJ2F+GCnw6fShfsSxCnDaFO4xAVTxWBNCBdN/xXRIBKFK95mWYM+f/Jc0yiW7UipflfPVs1kdWbSH9lER2egYVdElqqE6ougBPaEX9Go8Gs/Gm/E+jWaM2c4u+gXj8xtcrZ8C</latexit>



Comments on the Row-Wise Rates

• They can be thought of as estimates of conditional 
probabilities

– e.g., sensitivity approximates 
• As such, they are not dependent on the prevalence

(i.e., the probabilities of the two states of Reality in the 
population)

University of California, Berkeley

P (Decision = 1 |Reality = 1)
<latexit sha1_base64="rTZzA2/etUzH9DgQeeXdOzm3l0Y=">AAACHHicbVC7SgNBFJ2Nrxhfq5Y2g4kQQcJuUmgjBLWwjGIekA1hdnKTDJl9MDMrLms+xMZfsbFQxMZC8G+cTVJo9MCFwznnMnOPG3ImlWV9GZmFxaXllexqbm19Y3PL3N5pyCASFOo04IFouUQCZz7UFVMcWqEA4rkcmu7oPPWbtyAkC/wbFYfQ8cjAZ31GidJS16wUakXHc4O75AIoS2NjfIpt7Bzd68FT6xoIZyqeOIeFXNfMWyVrAvyX2DOSRzPUuuaH0wto5IGvKCdStm0rVJ2ECMUoh3HOiSSEhI7IANqa+sQD2Ukmx43xgVZ6uB8IPb7CE/XnRkI8KWPP1UmPqKGc91LxP68dqf5JJ2F+GCnw6fShfsSxCnDaFO4xAVTxWBNCBdN/xXRIBKFK95mWYM+f/Jc0yiW7UipflfPVs1kdWbSH9lER2egYVdElqqE6ougBPaEX9Go8Gs/Gm/E+jWaM2c4u+gXj8xtcrZ8C</latexit>



Comments on the Row-Wise Rates

• They can be thought of as estimates of conditional 
probabilities

– e.g., sensitivity approximates 
• As such, they are not dependent on the prevalence

(i.e., the probabilities of the two states of Reality in the 
population)

• They are the kinds of quantities that are the focus of 
Neyman-Pearson inferential theory, which we’ll review 
in a moment

– specificity = 1 – Type I error rate
– sensitivity = 1 – Type II error rate = power
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Towards Inference

• We’d like to have have high sensitivity and high 
specificity

– but in general there is a tradeoff (see whiteboard drawings)
– we have to figure out how to manage the tradeoff
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Towards Inference

• We’d like to have have high sensitivity and high 
specificity

– but in general there is a tradeoff (see whiteboard drawings)
– we have to figure out how to manage the tradeoff

• Neyman and Pearson (1932) formulated this problem 
as a constrained optimization problem:

– maximize the sensitivity while constraining the specificity to be 
more than some fixed number (e.g., .95)

– i.e., maximize the power while constraining the false-positive rate 
to be less than some fixed number (e.g., .05)

– we’re neglecting the distinction between rates and probabilities 
here; we’ll be more clear on this later
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A Tradeoff Curve (the “ROC curve”)
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The Neyman-Pearson Formulation (1932)

• Turn the problem into a constrained optimization 
problem:

– maximize the power while constraining the false-positive rate to be 
under some fixed number (e.g., .05)

• A very fruitful idea, and sometimes the right idea, but 
not to be viewed as written in stone
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Some Column-Wise Rates
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Some Column-Wise Rates
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Comments on the Column-Wise Rates

• They can be thought of as estimates of conditional 
probabilities

– e.g., false discovery rate approximates 
• They are dependent on the prevalence (i.e., the 

probabilities of the two states of Reality in the 
population), via Bayes’ Theorem

– as such, they are more Bayesian
• This is arguably a good thing, as we’ll see on the next 

slide
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Run 10,000 
different,

independent
A/B tests

9,900 true
nulls

100 non-
nulls

Type I error rate (per test) = 0.05

495 false 
discoveries

80 true 
discoveries

“false discovery
rate” = 495/575

Power (per test) = 0.80



Run 10,000 
different,

independent
A/B tests

9,900 true
nulls

100 non-
nulls

Type I error rate (per test) = 0.05

495 false 
discoveries

80 true 
discoveries

“false discovery
rate” = 495/575

Power (per test) = 0.80

(NB: We’re again not being rigorous at this point; FDR is 
actually an expectation of this proportion.  We’ll do it right 
anon.)



Back to Inference

• Can we develop general frameworks that allow us to 
control column-wise quantities like the false-discovery 
rate (FDR)?

– in a similar way as Neyman-Pearson controls the false-positive 
rate

• To be continued…
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