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MIMIC-IV Data Access

SECTION ONE: DETERMINING THE TRAINING REQUIRED In order to determine
which course(s) you may need to take, please indicate which of the following
categories apply to you (check all that apply)

This question is required. Choose all that apply.

Tick only the
first box!

i | conduct human subjects research/Realizo investigaciones con sujetos humanos
| ____-OHRPP" [SECTION TWO]

| condut nimal esearc [SCION TRE]

| conduct research that involves using hazardous biological material or
recombinant or synthetic nucleic acids (IBC) [SECTION FOUR]

| conduct research involving human gene transfer/recombinant DNA [SECTION
FIVE]

| conduct research that meets the definition of Dual Use Research of Concern
(“DURC") [SECTION SIX]

| was instructed to take a course by Research Policy and Compliance in order to
meet the Responsible Conduct of Research training requirements of the agency
funding the research [SECTION SEVEN]

| have a special role (OHRPP Staff, IRB member, IACUC member, IBC member,
DURC committee member, Institutional Official) in the research enterprise at
UCLA that requires me to take training. [SECTION EIGHT]

| am looking to enroll in the UCLA HIPAA or Information Privacy & Security
(IPS) courses. [SECTION NINE]

| am required to take Research Security Training to meet the training
requirements of the agency funding the research [SECTION 10]

| am looking to enroll in a webinar. [SECTION 11]



3. SCM — Pearl’s Causal Hierarchy

Typical

) Examples
. ; .. Question = Pes
What is?
1 Is low blood
~ A Associational Seeing How would Seeing pressure
° 9 Py | x) (Associations) X change my belief @ssociated

ML: predictive analytics in ¥? with sepsis’



1st Layer of the Causal Hierarchy

— Associations
(What if | see X=x ?)



The Emergence of the First Layer

Data +— Joint — Ger?eallr?tin
ala | pistribution 9
Model
P(v) M

M induces a probability distribution P(vy, ..., v»,) over the set of
observable variables V. P(v) can be written as follows:

P(V) = ZP(VzV,Uzu)

= Z P <VVieV fipa,u) =v,U= u>

where pa; and u; are the (values of) the observed and unobserved

arguments of f; which are the parents of V; in the corresponding
causal diagram G.



The Emergence of the First Layer

In the previous example, U,
(f/}t\(ljl
X >Y

The joint distribution over the observables P(v) is equal to:

PX=xF=fY=y)= ) PX=x,F=£Y=yU,=u,U,=u,U =u)

Uy, Ul

For short,

P(x, f,y) = Z P(x, f,y, Uys Up, ;)

Uy, UpU;



The Emergence of the First Layer

In the second example,
Genotype (Uy)

Smoking (S) > Cancer (C)

The joint probability distribution over the observed variables (V),
Smoking and Cancer, IS given by

P(s,c) = Z P(S C, Ug, Uy, u)

l/tbtl/t

Recall, the I.h.s. distribution is called
Sometimes, it’s also called passive or non-experimental dlstrlbutlon



What the diagram encodes

e Since G is a directed acyclic graph, there exists a
topological order over V such that every variable goes
after its parents, i.e., Pa; < V;

Uy,
Up U;

AN

Genotype (Uy)

Smoking (S) » Cancer (C)




What the diagram encodes

e SCM M induces P(V):
P(YV) = ), P(v.u).

e Using the chain rule and following a topological order,
P(v) = ZP(u)HP vi| v, .., vi_,u )
V.ev

 An observed variable is fully determined by its observed and
unobserved parents;

P (vl- | Vis oo s Vil g u) =P <fVi(pal-, u;) = V| vy, ooy Vi u)
also {pai,ui} C {vi,...,vi,u} , then




What the diagram encodes

* The distribution P(¥V) decomposes as:

P(v) = ZP(u) HP v | vy, i_l,u)

V.ev
= ZP(u) 17 (v: 1 pasu)

Uy, v.ev
Up It U
i / \ l P(r,d,a) = Z P, wy, u)P(x | w,)P(f | x, u,)P(y | x, f, w)
X > Y Up,Up,U;

Ug
U om0 U
Re P(s,c) = Z P(ug, u,, u )P(s | u,, u)P(c|s, u,, u.)

K 4

Smoking (S) » Cancer (C)
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Probabilistic Invariance
Conditional Independences

* |f knowing that variable X = x doesn’t change the belief in
Y =y, then X and Y are said to be probabilistically
iIndependent. This is writtenas X 1L Y. PY=yX=x) =

e XuY=P(Y=y|X=x)=P(Y=y) PY =y) PX =X)

* More generally, once we know the value of a third variable
Z =z, if knowing that X = x doesn’t affect the belief of Y =,
X and Y are conditionally independent given Z, i.e., X L Y | Z.

e XuY|Z=P(Y=y|Z=2X=x)=P(Y=y|Z=2).

* These are properties of (constraints over) P(V).

[ack of functional dependence — probabilistic independence.
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G — Cond. Independences in P

* Recall that in any topological order:
P (vl- | Vs ee s Vi1, u) =P (vl- | pa., ui)

e What is the maximal set {V;,..., Vi1t In any topological
order?

e |t may include any variable W as long as
there iIs no chain

This includes all the non-descendants of V;, denote as Nd;
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Example: Non-Descendants

e Nd(V,) = &,
« Nd(Vy) = (V. Vy), 7N\

« Nd(Vy) = (V. V), ./
o Nd(V4) — {Vp V,, V3}



G — Cond. Independences in P

e Then, we have:
P (vi | Vs ee s Vi1, u) =P (vi pa, ui)
P (vl- | nd,, u) (;) P (vl- pa, ui)

* This is expressing an independence relation,

rewrite LHS (Vi’ nd\pa;, u\y; | pa; ui>
of () P (”di\l?aia u\u; | pa, ”i)

=P (vl- | pa,, ui)

P("ia nd;\pa;, u\y;| pa;, ul-) = P(vl-lpai, ul-)P(ndi\pai, u\y | pa,, ui)
e In other words, (V; 1L Nd; \ Pa; U\ U; | Pa;, U;)

e This, in turn, implies (V; 1L Nd; \ Pa; | Pai, U))
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Markovian Factorization

e |f no variable in U is a parent of more than one
variable in V (observables) (i.e., Vi; Ui N U; = @),
then the model is called Markovian. We have:

P(v) = ZP(u)HP | pa, u)

V.ev
_ZHP"“’” (14) Local
u Vev
Markovian
= P (
Zu: vHev % P ) Condition
V.ev u;

Bayesian Factorization is



Connecting Unobserved and
Observed Worlds

(or, Implications of the Markov Condition)



Causal Chains

diligence) ~ @void  (physiology - Are ¥ and Y independent?

sugar) factors)
Ux UZ Uy NO,
X > 7 > Y Knowing X=1 (insulin not taken) changes the
(forgot  (glucose  (neuropathy) neuropathy likelihood (Y=1).

insulin) high)

PX=1Y=1)=YPX=DP(z|X=1)P(Y=1|z) | PX=DPF =1
Z =PX=1DY P(Y=1]2P)
=PX=1)YP(z|X=1)P(Y=1]|z) :
- =P(U,=1)) PU,Az=1]2P@)

=PWU=DPW,=DPZ=1)
= P(U, = DP(U, = 1)2})(2 5 PICk P(UZ 0) ;é ]

=P(U, = DP(U,=1) ..

M: X U &
7 Xv —U. =P, = DP(U, = 1)(P(UZ = 0)P(U, = 0) + P(U, = 1))
Y —2ZAU Graphically, information “flows” from X to Y through Z.

P(U.,U.,U,) 17



Causal Chains

(physiology
factors)

Uy

> Y

(dilligence) (S&:J\;o;(r:;

U U.
X > 7

(forgot (glucose

insulin) high)

M.' X «— U,
Z <«— X\/ —|UZ
Y(— Z A Uy

P(U, U, U,)

(neuropathy)

Are X and Y independent given Z?

Yes,

e.g., knowing Z=1 (high glucose), the
probability of neuropathy (Y=17) does not
change if we know insulin wasn’t taken (X=1)

or was (X=0).

Pl )_P(x,z,y) _P(X)P(Z|X)P<)’|Z)
PV T T T P(2)

P(x,2)
P (y | _. Bayes Factorization

LP (x|z

Graphically, observing Z
“blocks” the influence from X to Y.
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(age
Y4
X
(hearing
impaired)
M: Z— U,
X(_ Z Vv Ux
Y(_ Z Vv Uy

P(U, U, U,)

Common Cause

)
Y

(osteoarthritis)

Are X and Y independent?

No,

e.d., seeing someone with osteoarthritis
(Y=1) raises the probability of older age
(Z=1), which increases the likelihood of
impaired hearing (X=1).

3, PX=xY=y)#PX=0PY =y try it out!

Graphically, information “flows" from Y going
through the common cause Z and down to X.
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(age
Y4
X
(hearing
impaired)
M: Z— U,
X(_ Z Vv Ux
Y(_ Z Vv Uy

P(U, U, U,)

Common Cause

)
Y

(osteoarthritis)

Are X and Y independent given Z?

Yes,
e.g., if we know the patient is old (Z=1),
observing osteoarthritis (Y=1) tell us nothing

about the impaired hearing (X).
Bayes Factorization

P(x,z,y) P@P(xlz) P(ylz)
PGz P(2)

P(x,yl|z) =

Graphically, observing Z “blocks” the
influence from X to Y.
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(genetics)

Ux

Common Effect

(dangerous driving) Are X and Y independent?
Uy

(prior hip issues) ’

X

(osteopom

U:

VA

y e.d., having osteoporosis X=1 is independent

/ of trauma Y=1.
(trauma)

(hip fracture) P(x,y) = ), POP)P(z]x.y)

M: X — U,
Y — U,

= PWP(y) ), P(z|x.y)

Graphically, influence from X reaches Z
but does not “go up” to Y.

Z—YAX VU

P(U, U, U,)

21



Common Effect

(genetics) (dangerous driving) Are X and Y independent given Z?
Us U,
(prior hip issues)
e U, v e.g., if we observe that a patient has a hip
\ / fracture (Z=1) but did not have trauma (Y=0),
(osteoporosis) ™ 747 (raUMA) 4 i more likely that they have osteoporosis
(hip fracture) (X=1). Somethings needs to “explain” the

observed fracture.

3, PX=xY=y|Z=2)#PX=x|Z=2)P(Y=y|Z=72)
try it out!

Graphically, influence from X reaching Z
M: X — U, (when Z is observed) bumps “back up” to Y.

Y — U,
Z—YAX vU)
P(Ux, UZ, Uy) 29



Common Effect

(genetics) (dangerous driving) Are X and Y independent given W?
U U,
(prior hip issues) ’
Y U- Y e.g., observing that a patient had a hip
\ A/(m umal replacement surgery (W=1) increases the
(osteoporosis) = 7 likelihood that they had a fracture (Z=1), and
(hip|fracture)

from before, this makes X and Y dependent.

U Graphically, influence from X reaching W
VVV (when W is observed) “bumps back up” to Z,
and then Y.

(hip replacement
surgery)
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==Y

XY

X——[—>Y

Normal

Abnormal

Summary

Marginal

Conditional

..................................................

24



==Y

XY

X——[—>Y

X /&Y

X VY

Normal

Abnormal

Summary

Marginal

Conditional (2)

25



Normal

Abnormal

Summary

Active Triplets Inactive Triplets
X— 7 —Y X—>»/—>Y
Xe—Z«—y (XkY) Xe—Zle—y XLY|Z)

X—>» [ «———Y X—> /[ «———Y
XxY|Z (X 1Y)
X—> We<——Y X—> We——Y
¥ \
7 /

20



Graph Separation (d-Separation)

e Consider the question of whether X and Y are
independent given Z.

1. Look at every path from X to Y in the graph.

2. A path is active if every triplet in it is active
(given 2).

3. If path Is active,
X and Y are iIndependent.

27



Graph Separation (d-Separation)

Cl1: (diab L ins. resist.) ;€S<
Clo: (diab 1 obesity | ins. resist.) insulin

hypertension

resistance
Cls: (HTN 1 neuropathy | diabetes) N\ /

diabetes

Cla: (obesity I diabetes | ins. resist., HTN) |
Cls: (ins. resist. 1L HTN | obesity, diab) neuropathy

28



Graph Separation (d-Separation)

Cli: (diabetes 1 ins. resist.)?

Path 1: — always active

V—_—

There exists a path that is active
(actually two), hence

and are not d-
separated.

29



Graph Separation (d-Separation)

Clo: (DM 1L Obesity | IR)*?

Path 1: IR —

——

There exists a path that is active,
hence and are not
d-separated given Insulin
resistance.

30



Graph Separation (d-Separation)

Cls: (HTN L NPT | DM)?

Path 1: HTNe@fﬂ NPT

There exists no path that is active
between Hypertension and Neuropathy
given Diabetes, hence they are d-
separated.

31



Graph Separation (d-Separation)

Cls: (IR IL. HTN | Ob, DM)"? /Ob\
Path 1: /R — Ob — 2
Nt
Path 2: y DM < becomes active
L. | gvenDM NjDT

There exists a path that is active
between and
given Obesity and
Diabetes, hence they are not d-
separated. .



Graph Separation (d-Separation)

. . . obesity
X Cli: (diab L ins. resist.) / \
X Clo: (diab 1 obesity | ins. resist.) VJZ‘;’;‘;;”CQ hypertension
v/ Cls: (HTN 1 neuropathy | diabetes) N
diabetes

v Cla: (obesity I diabetes | ins. resist., HTN) |
neuropath
X Cls: (ins. resist. . HTN | obesity, diab) o

33



Graph Separation (d-Separation)

Is there a set 4 such that the T R
separation statement / \ l
(W1 Z|A) holds? X —;I
Path1: IV T 1— S

Path 1 and 2 need to be

- blocked, Path 3 is naturally
Path 2: I — X — blocked:

A={T X} suffices.
Path 3: "—-X—Y.
= WX, Y —

34



Graph Separation (d-Separation)

Is there a set 4 such that the T

separation statement / \ l
(R, Z1 S| A) holds? W—X > —;I
Path 1: =S S

A={Y} suffices.
Path2: 7 4 /1 — S

Path 3: Z— X Y-S

Path 4: /—T WX LV S

35



Graph Separation (d-Separation)

Is there a set A such that the T R
separation statement / \ l
(W1 Y|A) holds? W—’X,,—’Z—;lY

Path1: "—X—Z— 7V Xorz or{wl s
Path 2: W—T—Z—-Y  {T}or{Z}or{T Z}l
Does A={1, Z} 55

Path 4: 1V T—Z— Xy {1 or Yor s or (1 2 or (1) |




Graph Separation (d-Separation)

Is there a set A such that the T R
separation statement / \ l
(W1 Y|A)holds? W—>XT>Z71V

Path 1: /- X—Z— Y | Yo Yor (D& I
Path2: W—_T—_/7Y {T}OF%OI’{M}I NgsuchAl

Don’t forget the

Path3: I/ . X .V “ not X I“ not 7 I descenglants of

, 7 the colliders!

Path 4: 1/ T—Z— Xy {1} or Yor s or B or (1Y |




Food for thought

* |[s A independent of D?

T, A
e |[s A independent of C? b « / 5

* |s A independent of C given D?

* |s D independent of C given B?
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