Supplementary Materials for DPSCREEN: Dynamic
Personalized Screening

Kartik Ahuja William R. Zame
Electrical and Computer Engineering Department Economics Department
University of California, Los Angeles University of California, Los Angeles
ahujak@ucla.edu zame@econ.ucla.edu

Mihaela van der Schaar
Engineering Science Department, University of Oxford
Electrical and Computer Engineering Department, University of California, Los Angeles
mihaela.vanderschaar@oxford-man.ox.ac.uk

1 Appendix

1.1 Appendix A

In this section, we define the belief update expressions that are required in Algorithm 1. Compute the
belief updates V5,1 € S x {0,1}

Ob, 2)[7.1] = Pr(3,1,z|lx) Z[Pr(é',l,z,ﬂx) B > ib(5, 1) Pr(z \é’)Pr(l|l 2,1)
T Pr(z|z) S Pr(E ) Yees Sorb(5 D) Pr(2|5 x) Pr(l|l, 2, x)
(D
(b 7_ 7 t)[S l] PT(galaya7~—|T7fa'r) _ Pr(§7l5y77-|7—7tax) _ b(§7l)Pr(1 77-|§7 T7t7'r)
v S Pr& Ly, Amte) g, Pr& Ly, fir,ta) | S5, b(5, D) Pry, 715.7,1,2)
(2
For all 7 < 7 we have
Pr(y, 7|5, 7, t,x) = Pr({Y(s) < §; Vs <t +7},Y(t + 7) = y|5,7,t, 1) 3)
For all 7 > 7 we have
Pr(y,7|s,7,t,x) =0 4)
max [ b(5,1)Pr(z|9)[C s,f,z )]+0 Z maXZb 5, 0)al3, | Pr(2|5,2)Pr(|l, z,2) Pr(y, 7|5, 7|2, x)
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Algorithm 1 Constructing the Belief Sets

r = Or a T dimensional zero vector, B is the array to store the belief vectors that can be achieved
at the 7' time instances ~

Sample K iid samples of the trajectory Pr(8]z) to form the set S

Foreachse€ S N

BIL,0)(5,1 = 0) = Pr(3)/Pr(S)

End .
Foreachse S
Fort=1:T

Sample a ~ Bernoulli(p) (if the patient arrives in that time slot @ = 1 or not a = 0)
Sample z ~ Pr(z|3,z,a), If a = 0 (patient does not arrive), then z = ()
B[j,t] = ©(Blj,t — 1], 2, t) (See equation (I)))
Sample 7 ~ Multi[1,...,T — t — 1]
Sample y, 7 ~ Pr(y,7|3,t, 7, z) (See equation (3] and equation (@)
B = ®(BJj,t],y,7,7,t) (See equation (2))
Blj+K+r(t+7),t+7 =B
rt+7)=r@t+7)+1
End
j=7+1
End
Copy belief vectors at time ¢ to the belief at £ 4 1.




Algorithm 2 Approximate Policy Computation Part

Function: TPBVI
FUNCTION INPUT: Sets I'(q), Vg > t,
Foreachr € {1,..,T —t—1}
Foreachz € Z
Foreach (7,y) e {t +1,.,t +7} x Y
Foreacha € T'(t 4 7)
Foreach 5,1 € S x {0,1}
0[5,1] = > ;a5 Pr(l|l, z) Pr(y, 7|5, 7, )
0[5,1] = 0[s,1]Pr(z|s;x)
End
L(t 271, 7,y) =T(t,277y) U{0}
End

End
End
End ~
For each belief point b € B, t|
Foreachz € Z
Foreachr € {1,..,T —t—1}

C=>,2 ;a8 maxaer(

L(t,z,7) =T(t,z,7)U¢
End

)[a]/b

62,775y

End

End B

For each belief point b € B, t]

Foreach z € Z
{a (1)} =arg MaXr ael(t,z,7) Zs:z -
D(t,z) =T(tz2)Ua’
A(t,2) = A(t, ) U (1)

(5,t,2,0) + a5, 1})] b(3, 1)

End

I't)=T0)+T(t2)

End

FUNCTION OUTPUT: T'(¢), {T'(t, 2), ¥z}, {A(t, z),Vz}

I'(t, z) is set of alpha vectors and each one of them is optimal for one of the beliefs in the set
B(,t), A(t, z) is the set of optimal actions corresponding to the alpha vectors in I'(¢, z)

For any belief b, z find the nearest point in B, t] and use the corresponding alpha vector in T'(¢, z)
and the corresponding action A(t, z)

End

I(T+1)={0}

Foreacht=0to 7 —1

F(T — t) = TPBVI({F(T — 7“)},1§»,‘§t,1)

End




Algorithm 3 Exact Policy Computation Part
NOTATION: & is the Cartesian sum
FUNCTION EVI
FUNCTION INPUT: Sets T'(q), Vg > t,, T'(T + 1) = {0},
Foreachz € Z
Foreach7 € {1,....,T —t — 1}
Foreach (7,y) e {t +1,.,t+7} x Y
Foreacha € I'(t + 7)
For each s, [
0[5l = WTI_MC’(QIS, z2,0) + 6 jals |Pr(l|l, z,x)Pr(y, 7|5, 7,x)
0[5,1] = 0[5,1)Pr(z|3,x)
End
F(t, 2,7, %,y) = F(t, zn-,%,y) u{e}
End

I'(t,z,7) = prune <F(t, 2,T) ® I‘(t, 2,7, T, y))
End
Ezc(lt, z) = prune (F(t, z) ® (¢, z, 7'))
I'(t) = prune (I‘(t) oI, z)>

End

OUTPUT: I'(¢),{T'(t, 2),Vz € Z},

For optimal action at belief b at time ¢ following observation z choose the optimal alpha vector
from I'(¢, z) and choose the action corresponding to the alpha vector selected

NT+1)={0}

Foreacht=0to71 —1

D(T — t) = EVI({T(T — 1)} _1<r<e-1)

End

In Algorithm 3, the prune function is taken from [21].



§(t) State trajectory through time t
Y(t) External information through time t
Z(t) Test outcome at time t

l'l(t) Policy recommendation at time ¢
L(t) Diagnosis label at time t

V(t) Visit indicator at time ¢

Figure 1: Graphical model for the screening setting

1.2 Appendix B
Graphical Model.

We define a random variable V' (¢), where V' (t) = 1 indicates that the patient visits the clinician in time
slot ¢ and is zero otherwise. We define the realization of the visit trajectory as ¥ = [v(1), ..., v(T")].
Let the screening policy be 7. Next, we define the joint distribution of all the random variables that
appear in the model.

The joint distribution of the state trajectory 3, the external information process trajectory ¥, the visit
trajectory ¥, the test outcome trajectory z'is given as
g, )Pr (17 75.7.2)

Pr(§,g’,17,z‘ ) =Pr(3 ‘ )Pr(7 7,
Pr(8e)ePr (y(0)|510). )1 Pr (w10

5’) as Pr(ﬁ’é’) = HtPr<y(t)

3, az) is the probability of Y (¢) = y(¢) conditional on the entire state trajectory. We

3,

7t — 1), (t—1)737,§,7T>Pr(z(t)‘v(t),§)
(7

We simplify Pr (gj

Pr (y (t)
assumed that the observations y(t) conditional on state trajectory through 5(t) is independent of other

ac) = Pr(y(t)’é’(t),x).
We simplify Pr(ﬁ, Z’E’, 37,33) as Pr(ﬁ,z 3,9, ) = HtPr<v(t) ot — 1),Z(t —
1),7,3, ﬂ')Pr(Z(t) v(t),§) where Pr(v(t) 3t — 1), 2t — 1),g,§,7r) is the probability of

visit in time ¢ conditional on visit indicator in time ¢ — 1, the test outcomes through time ¢ — 1,
the entire external information process trajectory, the state trajectory S and the policy 7 and

S, x) where II is the product operator and

random variables in the model. Therefore, Pr (y(t) g,

Pr (z(t) ‘v(t), §(t)) is the probability of test outcome conditional on visit and the state trajectory.
Note that z(¢)’s value when there is a visit depends only on the state trajectory through time ¢. If there
is no visit, then z(¢) = (. It is easy to simplify Pr (v(t) ‘ﬁ(t —-1),2(t—1),%,5 7r> Based on all the
observations until time ¢ — 1 the policy m would have recommended a next screening time. If the
3t — 1), 5(t — 1),g,§,7r) - Pr(Y(t) j §x)

If the screening time is ¢, then Pr( = 1‘ (t—1),2(t—-1),9,8, 71') =1

next screening time is not ¢, then Pr( (t) =




1.3 Appendix C

Sufficient statistic for the history: In this section, our aim is to show that instead of considering the
entire history the clinician can only use the belief that we constructed in Section 3.

The history through time ¢ when the patient arrives can be written as h(t) = [z(t), y(t),{y(r) <

Gy L F (-7, h(tf%)} , where z(t) is the test outcome at time ¢, y(¢) is the external observation

at time ¢, and 7(t — 7) was the prescribed arrival time in the last arrival which occurred at time ¢ — 7.
Write the probability that the patient’s state trajectory is S, the diagnosis state [ (the diagnosis state

corresponds to the state after the observation z(t) in time slot ¢), conditioned on the history h(t) as
Pr(8,1h(t)). Next, we describe how to compute Pr(3,|h(t)) in terms of the probability distribution

Pr(3, |t — 7).

®)

In the above equation, Pr (l\[ , z(t)) is the probability of the new diagnosis state conditional on the

existing diagnosis state. If the existing diagnosis state is 1, then the new diagnosis state has to be 1. If
the existing diagnosis state is 0, then the new diagnosis state is 1 if z € Z* and 0 otherwise.

By definition the belief at time ¢ is Pr(3,|h(t)), which we write as b and we write Pr(5,1|h(t — 7))
as b.

S DPr(y0). () < BV [sr 7)) Pr(=(0)]8) Pr(1fl. ()
b(s,1) = )
Pr(=(0),y(t) bt - 7))

From the above equation, we can conclude that keeping a track of beliefs is sufficient as the previous
belief can be used to compute the new belief (combined with the distributions over the observations).




1.4 Appendix D

Proof of Lemma 1.

We re-write the value function defined for time slot ¢, which is also a decision epoch (the patient
arrives in this slot and test is done) in equation (3) in the main text below.

V(b,t):mfux[ stlPrz|sx)[ (8,t,2,1) +ZP7°zy,

3,1,z 2,7,y

@)V (b,t+7)| (10)

where b(5,1) = Pr(5,1|b,T,y, 2,7, SU) = %. Note that [ in the above equation is the

diagnosis state before the test outcome z is observed.

Pr(s,l,y,z,7|b, ) is the probability that the patient’s trajectory is 3, the test outcome in time slot ¢
is z, the external information on patient’s next arrival, which occurs 7 time slots later is y conditioned
on the recommendation plan 7. We simplify Pr(3,l,y, z,7|b, T, t) as

51, t)

Pr(é’,l,y,z,? , ) = ZPT(E’, Ly, 2,7 ,t) = Zb(é’7 i)Pr(l,y,zﬁ'
r [

We simplify Pr(l,y, z, 7|5, l,T, t) as

Pr(l,y, z,7|5, ZN,T,t) = Pr(z]s, Z,T,t)P’f‘(”Z,Z,T,t, §')Pr(y,%|z,§,7',l7l~,t)

- (11D
= Pr(z|5)Pr(l|l, z)Pr(y, 7|z, 5, 7,1)

where Pr(l |l~ , z) is the transition probability from current diagnosis label [ to the new label / following
the observation z. If the patient is diagnosed to be unhealthy, then the diagnosis label continues to
be one. If the patient is not diagnosed, then the label turns to one from zero as soon as the patient

is diagnosed. Formally stated, Pr(l = 0l =0,2) =0,Vz € Zt, Pr(l=0|l = 0,2) = 1,Vz €

[Z2F]¢, Pr(l = 0]l = 1,2) = 0,¥z € Z. In the above equation (TT)), we wrote Pr(z|5,1,7,t) =
Pr(z|§') this is true because the test outcome is independent of whether the patient has been diagnosed

or not, the recommendation plan and the time. We also state Pr(I|l, z, T,t,5) = Pr(l|l, z) where we

use the condition that [ is independent of 7, ¢, § conditional on [, z (this follows from the definition of
1). Also, if the state trajectory, the recommended time of next arrival, and the current time are known,
then the distribution of external information at next arrival time and next arrival time is completely
specified by Pr(y, 7|z, §, T,t) and whether the patient has been diagnosed or not does not enter

the external information process Pr(y, 7|z, 5, 7,1,1,t) = Pr(y, 7|z, 8, ,t) (this follows from the
definition of external information process).

For all 7 < 7(z) we have
Pr(y, 7z, 5,7,1) = Pr({Y(s) <Git<Vs<t+ %},Y(t L F) = y‘é’) (12)
For 7 > 7(2)
Pr(y,7|z,8,7,t) =0 (13)
Thus we can write the updated belief as
- Pr(g Ly, zFbr) S, bENPr(y, 2, 75T, t) S b3 ) Pr(z]8)Pr(i|l, z) Pr(y, 7|z, 5,T,t)

b(5.1) = — —
&0 = =276, 7) Pr(y, 2, 7J6,7) Prlv= )

In this proof uptil now we have computed the expression for b.

We will use principle of induction to prove the above result. The claim in the Lemma holds for the
value function in time slot 7' + 1 as it is defined to be identically zero. Next, we assume that the
condition in the Lemma holds for all » > ¢. Therefore, we can write

(5.0)Pr(z )Pr(l\l z)Pr(y,7
Pr(y,z,7|b,7')
15)

7)

V(b t+7) = 5,1b(5, 1 5,1
Geth) = gpe 3 ol lED = e > 51)°




Suppose that each o € T'(t + 1) is indexed. Henceforth, we also write the index of c in superscript
as well, i.e. a*. Define a function E:AXT xT x Y x T — Z as follows.

I;:(bn'?ﬁy,t?z):argm}iLXZak[§,ﬂb(§}l)Pr(z|§')Pr(l~, )Pr(y,%!z,é’n:t—l—%) (16)

gLl

Substituting (T3)) and (T6) into (T0) we obtain

V(b,t) = max Zb(é’,l)Pr(z‘s)[ §,t,2,1)] Z Z (5.1)Pr(z|5)P r(1)1,

L3,z

)Pr (y,

~>}

max | 30 b(5.0) Pr(z[5)|C (5.t 2,0) + Y o [5.] Pr(ilL, ) Pr(y, 7

S,z Fu,l

- . 5 - 1 ]:: . N _ . B
mgx_ Z ~b(sJ)Pr(z‘s) [C(s,t,z,l);—i—a [S,Z]Pr( , )Pr(y,ﬂz,sn’,t—i—ﬂ”

Sz, 7yl

a7)

where w is the total possible combinations of 7, y and [. In the above (17D, we only use k instead of
the entire function k(b, 7,7, y, t, z) for clearer notation.

Observe that the function INc(b7 T,7,9,t, z) can take finitely many values. Therefore, for a fixed combi-
nation of values z, 7, y the space 13 is thus partitioned into regions where k(b, T, 7, y, t, z) takes a fixed

value. Hence, the term [C’(g, t,2,1) %—f—oz’~C 5,1] Pr (|, 2) Pr (y, 7|z, 87, t+7~')} takes a fixed value
in each partition as well and this is true of V5 [. Finally, we can create a common refinement of the
partitions such that the 3 __ - Pr(z|3) [C(s t,z,) +a [s [] Pr(l|l z)Pr(y, Flz, &7t + 7')}

is fixed for each partition. Therefore, we have so far that the term inside (17) is piecewise linear. The
first term inside is convex (since it is linear). The second term inside is convex because of
the definition of (16). Thus, the term inside the max operator is piecewise linear and convex.
The maximum of piecewise linear and convex functions is also piecewise linear and convex. This
proves the result.




1.5 Appendix E
Proof of Proposition 1. We first re-write the expression for the cost incurred in a time slot below

i wC(t —tp;tp)+ (1 —w)dtI(z#0) t<T,l=0,z€ Z*
C(s_’,t,z,l): wC(TftD;tD) t:T,ZZO (18)
(1 —w)6tI(z #0) otherwise

We substitute C'(t — tp;tp) = c(t — tp)dtP to obtain

we(t —tp)dte + (1 —w)d'I(z # 0) t<T,l=0,z€ 2"
C(5,t,2,1) = { we(t —tp)ste t=T,1=0 (19)
(1—w)d'I(z#0) otherwise

Define another function C' as follows.

we(t —tp)dt + (1 —w)dtI(z # 0) t<T,l=0,z€ 2"
C(8,t,2,1) = { we(t —tp)dt t=T,1=0 (20)
(1—w)d'I(z #0) otherwise

Next, we derive an upper bound on time to detection ¢4 in terms of the time of incidence ¢ . Disease
starts at tp and the next screening has to occur at time at most tp + W. Since there are no false
positives and false negatives the patient is detected in the next screening. Therefore, we have
tp <tg <tp+W.

We derive an upper bound on the difference between C and C as
C(5,t,2,0) — C(5,t,2,1) < (6™ — §')(c(ty — tp))
< 5™ (1= 6")(e(W)) (21)
< (1-0")(e(W))

We require that C'(5,t, z,1) — C’(é’, t, z,1) < k. Itis sufficient to bound (1 — §W)(c(W)) < k =

§>(1— C(’;V))l/w. Henceforth, we assume that § > §* = (1 — c(%))l/w- Therefore, we have

C(5,t,2,1) < C(5,t,2,1) < C(5 t,2,1) + K (22)

V3, t, z,l. It can be shown that the solutions to (??) with C instead of C' only differ by  (at most).

Let the optimal policy and the corresponding optimal value when cost is C be given as 71 and C (1)
(Cy(m2)). From we have

Cy(m) < Ci(m) < Co(m) + K

(23)
Cy(my) < Ci(me) < Ca(me) + K
From the definition of C; and C5 the following can be derived
CQ(’]TQ) écl(ﬂ—l) SCQ(W1)+I€§CQ(7T2)+I€ 24)
Next, we will use €' instead of C. Define a function C(5,t, z, s) = é(gétt’z’l) .

We write the value function for the modified objective as

V(b,1) = max [Z b(3,1) Pr(z[8)[C(5.t,2.0)] +8 Y Pr(z,y.7

s,z 2,7y

b, )V (b,t + %)} 25)

If T is sufficiently large, then the difference between the value function of the finite horizon and the
infinite horizon version of the problem can be made as small as desired.



The maximum difference between the value function computed upto the infinite horizon versus one

that is truncated at time 7" is 67 (1/(1 — &) + ¢(W)). Suppose we want to bound the difference by 7.
lo,

67 (1/(1 = 8) +e(W)) <5 = 67 <1l —8) +e(W)y. 1T > max{“ars) o)y

then the difference is bounded by 7. Let us consider the infinite horizon for V' above. We will

construct the proof for the infinite horizon version of the problem and then use the above observation

to extend the proof to finite horizon.

From equation (23], we can define an operator given as ®; defined as follows.

@(V) = max [ b(5, 1) Pr(z[9)[C(5,t,2,0)] +6 Y Pr(z,y,7|b, )V (v(b,y, 2, ﬂ)} (26)
§l,z Z,7,Y

where 7 is the belief update operator that can be defined based on the equation in the proof

of Lemma 1. Based on standard arguments used to show that a Bellman operator is a contraction

mapping [21], we can show that the above operator is a contraction mapping as well with a contraction

factor 4.

Similarly, we define an operator ®; associated with our algorithm. Our algorithm takes alpha vectors
as input and generates a new set of alpha vectors. Since the set of alpha vectors define the value
function (see Lemma 1), we can view the proposed procedure to be an operator that maps a value
function to another value function. Define the error introduced by one iteration of the approximate

backup &,V B(:,t) as e = maxpen |,V (b) — &,V B (b)|. Note that the backup at time ¢ will use
B[;t] as the input vector of beliefs. Define the density d g, of a set of points B[t] to be the maximum

distance from any belief in the simplex A to a belief in the set Bt].

dpp = max min |[b— b )1 27
b’ €A bEBJY]

We now compute the maximum value €. Let b € A be the point where proposed procedure makes

the largest error and let b € B[t] be the closest 1-norm sampled belief to b . Let o be the vector
maximal at b (this vector is generated by the backup at b because we assume that the value function in
the future time slot computed b is known thus there is no error at b) and let ¢ be the vector maximal

at b,. Therefore,

€ <[la]b —[a]b
=[a]b —[ofb +[a]b-[a]
a6 —[alb +[a)b—[a]b
)

In the last equation above, we use Holder’s inequality. Note that ||[(a” — )]'||~o represents the
maximum difference in the costs that are achieved starting from a certain state and is given as (. Note
that ¢ < oo because the total number of time slots is finite and the costs in each decision epoch are
bounded. Thus we can write the above inequality as

€ < (0ppy (28)
We now proceed to the overall error introduced by the Algorithm.
a =V -V, t>||oo
= [|@ VIt 4 1) — @V ()]
= |, V(1 4 1) — @, VBB 1) + @, VI 1 4 1) — BV ()]
<@ VB (4 1) — @ VB (4 1|0 + || @, VI (Lt 4+ 1) — @V (1)
< (Oppy + €t

= (Oppy + 0C0pp41) + 0%€rra

_ 1
= CQ(B)m

10



The above result can be extended to the finite horizon case. If T' is sufficiently large, then the value

function achieved by the proposed policy and the exact policy will be close to VBI( ) and V (, )
respectively. If § 5 is sufficiently small, then the proposed and the exact optimal policy will achieve
very similar value function.

If the approximation error goes to zero, then the value function of the proposed and the exact optimal
policy are the same. Based on the assumption that there is a unique optimal solution to (3), we can
see that the proposed and the exact optimal policies will also be identical.

11



1.6 Appendix F

Proof for Theorem 1.

In Lemma 1 we showed that V' (b, t) can be written as max,, a*b. Since we are considering the space
of models in this Theorem, we will define the value function on the space L. Following Lemma 1 we
can write

V((b,m),t) = m}iixa(k,m)*b (29)

where (b, m) € L and a(k, m) is the k*" alpha vector for model m. We can assume that the same
indexing is used for the alpha vectors across all the models. (Also, based on the definition of alpha
vectors the total number of alpha vectors is the same across all the models.)

Consider a fixed belief b and a fixed model m. a*((b, m), t) is the unique maximizer (except for
a set of measure zero of models m; this is based on the assumption). Let k*(m, b) corresponds
to the index of the corresponding optimal alpha vector. (Here we have assumed that the index
k*(m, b) is unique, but this assumption can be relaxed.) Based on the assumption that for a fixed
m b, a*((b,m), t) is a unique maximizer (except for a set of measure zero of models m), we can
conclude that the a(k* (m, b), m)*b is strictly better than other [a(k, m)*b, ; Vk # k*(m, b). Note
that there may exist m, b for which the maximizer £*(m, b) is not unique. The measure of such a
set is zero (as it will amount to finding m, b such that a(k*(m, b), m)*b = a(k, m)*b for some
k # k*(m, b)), thus we can exclude these points.

If all the probability distributions defined in the model are continuous in m, then a(k, m) is a
continuous vector valued function of m for all k as well. Therefore, the condition a(k, ™ )*b has
to be strictly better than «(k, m)*b, Yk # k*(m,b) in a neighborhood of m. In fact, due to the
continuity of a(k, m)*b in b, this has to hold true for a neighborhood in the joint space L. This
implies that the optimal action a* stays fixed in the neighborhood as well. This proves the result.

12



Table 1: Comparison of the proposed policy with biennial policy.

Risk Metrics DPSCREEN with | Proposed w/o self- | Biennial

Group self-detection detection

Low E|N|R|, E[A|R], E|A|R,D] | 0.21,0.29,12.36 | 0.42,0.29, 12.36 | 0.5,0.29, 12.36
High E|NI|R|, EIA|R|, EIA|R, D] | 0.22,0.90, 12.13 | 0.38,0.90,12.13 0.5,0.88,11.8

1.7 Appendix G

Further details on illustrative experiments:

Mammogram output: The outcome of a mammogram is given in the form of a BIRADS (Breast
Imaging Report and Data System) score {1,2,3,4,4A,4B,4C, 5,6}, The outcome was considered
positive if the BIRADS scores is 4 or above, in which case a biopsy was performed.

Model Estimation: We use independent normal priors for the parameters of the functions p;;, ()
and py,-(x). We compute the posterior (up to a constant) of the parameters in terms of the likelihood
of the observed data (described above). We estimate the posterior distribution using the Metropolis
Hastings method with a Gaussian random walk as the proposal distribution.

Comparisons with Biennial Policies In Table 3 we compare the performance of DPSCREEN (with
and without self-examination) for Low and High risk groups against the current clinical policy of
biennial screening. For both risk groups, the proposed policy achieves approximately the same
expected delay as the benchmark policy while doing many fewer tests (in expectation). With self-
examinations, the expected reduction in number of screens is 56-58% (depending on risk group); even
without self-detection, the expected reduction in number of screens is 16-24% percent (depending on
risk group).

References

[1] Siu, A. L. (2016). Screening for breast cancer: US Preventive Services Task Force recommenda-
tion statement. Annals of internal medicine, 164(4).

[2] Canto, M. et.al. (2013). International Cancer of the Pancreas Screening (CAPS) Consortium
summit on the management of patients with increased risk for familial pancreatic cancer. Gut.

[3] Wilson, J. et.al.., & WHO. (1968). Principles and practice of screening for disease.
[4] Jemal, A. et.al. (2010). Cancer statistics, 2010. CA: a cancer journal for clinicians.

[5] Rulyak, S. J. et.al. (2003). Cost-effectiveness of pancreatic cancer screening in familial pancreatic
cancer kindreds. Gastrointestinal endoscopy.

[6] Pace, L. E., & Keating, N. L. (2014). A systematic assessment of benefits and risks to guide breast
cancer screening decisions. Jama, 311(13), 1327-1335. Chicago

[7] Ayer, T. et.al. (2012). OR forum—a POMDP approach to personalize mammography screening
decisions. Operations Research.

[8] Maillart, L. M. et.al. (2008). Assessing dynamic breast cancer screening policies. Operations
Research.

[9] Erenay, F. S. et.al. (2014). Optimizing colonoscopy screening for colorectal cancer prevention
and surveillance. Manufacturing & Service Operations Management.

[10] Rizopoulos, D. et.al. (2015). Personalized screening intervals for biomarkers using joint models
for longitudinal and survival data. Biostatistics.

[11] Cox, D. R. (1992). Regression models and life-tables. In Breakthroughs in statistics. Springer
New York.

[12] Miller Jr, R. G. (2011). Survival analysis (Vol. 66). John Wiley & Sons.
[13] Crowder, M. J. (2001). Classical competing risks. CRC Press.
[14] Lee, M. L. T. et.al. (2003). First hitting time models for lifetime data. Handbook of statistics.

13



[15]Cox, D. R. (1992). Regression models and life-tables. In Breakthroughs in statistics. Springer
New York.

[16] Si, X. S., Wang, W., Hu, C. H., & Zhou, D. H. (2011). Remaining useful life estimation—A
review on the statistical data driven approaches. European journal of operational research.

[17] Lee, M. L. T., & Whitmore, G. A. (2006). Threshold regression for survival analysis: modeling
event times by a stochastic process reaching a boundary. Statistical Science.

[18] Pineau, J., Gordon, G., & Thrun, S. (2003, August). Point-based value iteration: An anytime
algorithm for POMDPs. In IJCAI. Chicago

[19] Kim, D., Lee, J., Kim, K. E., & Poupart, P. (2011, June). Point-based value iteration for
constrained POMDPs. In Twenty-Second International Joint Conference on Artificial Intelligence.

[20] Yu, H. (2006). Approximate solution methods for partially observable Markov and semi-Markov
decision processes (Doctoral dissertation, Massachusetts Institute of Technology).

[21] Krishnamurthy, V. (2016). Partially Observed Markov Decision Processes. Cambridge University
Press.

[22] Elson, S. L. et.al. (2013). The Athena Breast Health Network: developing a rapid learning system
in breast cancer prevention, screening, treatment, and care. Breast cancer research and treatment.

[23] Guiot, C., Degiorgis, P. G., Delsanto, P. P., Gabriele, P., & Deisboeck, T. S. (2003). Does tumor
growth follow a “universal law”?. Journal of theoretical biology.

[24] Gail, M. H. et.al. (1989). Projecting individualized probabilities of developing breast cancer for
white females who are being examined annually. Journal of the National Cancer Institute, 81(24),
1879-1886.

[25] Baxter, N. (2002). Breast self-examination. Canadian Medical Association Journal. Chicago

[26] Thomas, D. B. et.al.(2002). Randomized trial of breast self-examination in Shanghai: final
results. Journal of the National Cancer Institute, 94(19), 1445-1457.

[27] Oeffinger, K. C. et.al. (2015). Breast cancer screening for women at average risk: 2015 guideline
update from the American Cancer Society. Jama, 314(15), 1599-1614.

[28] Nelson, H. D. et.al. (2009). Screening for breast cancer: an update for the US Preventive
Services Task Force. Annals of internal medicine, 151(10), 727-737.

[29] Klabunde, C. N. et.al., & International Breast Cancer Screening Network. (2007). Evaluating
population-based screening mammography programs internationally. In Seminars in breast disease.
WB Saunders.

[30] Sener, S. F. et.al. (1999). Pancreatic cancer: a report of treatment and survival trends for 100,313
patients diagnosed from 1985-1995, using the National Cancer Database. Journal of the American
College of Surgeons.

[31] Shiryayev, A. N. (1978). Optimal Stopping Rules, volume 8 of Applications of Mathematics.

[32] Krishnamurthy, V. (2016). Partially Observed Markov Decision Processes. Cambridge University
Press.

[33] Raghavan, V., & Veeravalli, V. V. (2009, June). Bayesian quickest change process detection. In
Information Theory, 2009. ISIT 2009. IEEE International Symposium on (pp. 644-648). IEEE.

[34] Poor, H. V., & Hadjiliadis, O. (2009). Quickest detection (Vol. 40). Cambridge: Cambridge
University Press.

[35] Alaa, A. M., & Van Der Schaar, M. (2016). Balancing suspense and surprise: Timely decision
making with endogenous information acquisition. In Advances in Neural Information Processing
Systems (pp. 2910-2918).

[36] Schulam, P., & Arora, R. (2016). Disease Trajectory Maps. In Advances In Neural Information
Processing Systems (pp. 4709-4717).

[37] Rizopoulos, D. (2011). Dynamic Predictions and Prospective Accuracy in Joint Models for
Longitudinal and Time to Event Data. Biometrics, 67(3), 819-829.

14



[38] Meira-Machado, L., de Uiia-Alvarez, J., & Cadarso-Sudrez, C. (2006). Nonparametric estimation
of transition probabilities in a non-Markov illness—death model. Lifetime Data Analysis, 12(3), 325-

344.

[39] Krishnamurthy, V. (2017). POMDP Structural Results for Controlled Sensing. arXiv preprint
arXiv:1701.00179.

[40] Smallwood, R. D., & Sondik, E. J. (1973). The optimal control of partially observable Markov
processes over a finite horizon. Operations research, 21(5), 1071-1088.

15



	Appendix
	Appendix A
	Appendix B
	Appendix C
	Appendix D
	Appendix E
	Appendix F
	Appendix G


