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Appendix A: Proofs and other Technical Results
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Proof of Proposition 4. Recall from (2) that yt,s = yt−s,0 −
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Proof of Proposition 5. The reformulation follows from the fact that pt,s − yt−1,s−1 =−yt,s.
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via a change in the order of summation and letting τ̄ = s+ τ . The first summation follows because

s∈ {0, . . . , t−1} and τ ∈ {0, . . . , t−s−1}. We do not need to consider the term where s= t because

it equals to zero. The smallest possible value for τ̄ is 0, which happens when s = 0 and τ = 0.

Similarly, the largest value for τ̄ is t− 1, which happens when s ∈ {0, . . . , t− 1} and τ = t− s− 1.
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which evaluates to give the expression in the statement of the Proposition. □

Proof of Proposition 9. First, state variables zj are independent over j = 1, . . . ,3. Therefore,
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where the last equation follows from the independence of patients in different cohorts. The most

inner summation is a summation of dependent random variables (e.g., this summation cannot be

greater than z t̄,0j ). Then, similar to the proof of Proposition 7, we can write
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The final reformulation is affine. □
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Proof of Proposition 10. This follows from Proposition 6, and the proof of Proposition 3. □
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where δt,s2 are constants that can be calculated from data for all t∈ [T ], s= 0, . . . , t:
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2 + ĥt,s
2 exp

/
1

k

00
.

Proof of Proposition 12. The result follows from the proof of Proposition 3. □
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Proof of Proposition 13. This follows from the proof of Proposition 11.
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Proof of Proposition 14. This follows directly from the proof of Proposition 7.
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Proof of Proposition 15. The proof follows directly from the proof of Proposition 3. □

Appendix B: Omitted Result Tables for Experiments 2–5

Table 6 Performance comparison (Experiment 2): varying probability γ

Metrics (mins)

Total waiting Overtime Max. instantaneous waiting

γ = 0.90 Equal-interval 168.6 (10.1%) 28.3 (10.6%) 79.9 (15.1%)

SAA 157.6 (2.9%) 26.6 (0.4%) 72.0 (3.7%)

Ours (± s.d.) 153.1 (± 0.62) 26.5 (± 0.11) 69.4 (± 0.29)

γ = 0.85 Equal-interval 149.8 (11.5%) 25.5 (7.1%) 77.8 (14.4%)

SAA 139.0 (3.4%) 24.0 (0.8%) 70.6 (3.8%)

Ours (± s.d.) 134.4 (± 0.56) 23.8 (± 0.1) 68.0 (± 0.28)

γ = 0.80 Equal-interval 128.4 (14.2%) 22.5 (6.1%) 74.8 (14.2%)

SAA 118.4 (5.3%) 21.3 (0.5%) 68.7 (4.9%)

Ours (± s.d.) 112.4 (± 0.51) 21.2 (± 0.1) 65.5 (± 0.27)
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Table 7 Performance comparison (Experiment 3): varying rate α and probability γ

Metrics (mins)

Total waiting Overtime Max. instantaneous waiting

α= 0.70 Equal-interval 149.5 (12.2%) 22.9 (7.5%) 75.3 (14.8%)

γ = 0.85 SAA 137.5 (3.2%) 21.5 (0.9%) 68.2 (4.0%)

Ours (± s.d.) 133.2 (± 0.58) 21.3 (± 0.09) 65.6 (± 0.27)

α= 0.80 Equal-interval 158.4 (12.5%) 23.7 (7.7%) 79.4 (15.1%)

γ = 0.85 SAA 145.5 (3.3%) 22.2 (0.9%) 71.9 (4.2%)

Ours (± s.d.) 140.8 (± 0.60) 22.0 (± 0.1) 69.0 (± 0.28)

α= 0.85 Equal-interval 139.0 (13.5%) 21.2 (7.6%) 76.9 (13.6%)

γ = 0.8 SAA 127.0 (3.7%) 19.8 (0.5%) 70.2 (3.7%)

Ours (± s.d.) 122.5 (± 0.55) 19.7 (± 0.09) 67.7 (± 0.27)

Table 8 Performance comparison (Experiment 4): varying number of Type A nA and
X-ray probability q

Metrics (mins)

Total waiting Overtime Max. instantaneous waiting

nA = 4 Equal-interval 168.6 (13.9%) 22.3 (3.2%) 66.9 (20.8%)

q= 0.7 SAA 152.2 (2.8%) 21.5 (-0.5%) 57.5 (3.8%)

Ours (± s.d.) 148.0 (± 0.56) 21.6 (± 0.09) 55.4 (± 0.23)

nA = 4 Equal-interval 184.1 (18.6%) 23.7 (4.4%) 73.4 (25.9%)

q= 0.9 SAA 166.6 (7.3%) 22.9 (0.9%) 63.3 (8.6%)

Ours (± s.d.) 155.2 (± 0.57) 22.7 (± 0.10) 58.3 (± 0.24)

nA = 3 Equal-interval 169.4 (13.4%) 21.7 (4.8%) 66.5 (19.4%)

q= 0.9 SAA 155.5 (4.1%) 21.4 (3.4%) 58.6 (5.2%)

Ours (± s.d.) 149.4 (± 0.58) 20.7 (± 0.09) 55.7 (± 0.24)

nA = 3 Equal-interval 175.8 (15.6%) 22.3 (4.2%) 69.0 (20.4%)

q= 1.0 SAA 159.9 (5.1%) 21.6 (0.9%) 60.0 (4.7%)

Ours (± s.d.) 152.1 (± 0.58) 21.4 (± 0.09) 57.3 (± 0.25)

Table 9 Performance comparison (Experiment 5): varying maximum earliness D

Metrics (mins)

Total waiting Overtime Max. instantaneous waiting

D= 2 Equal-interval 173.7 (16.0%) 22.1 (4.2%) 67.8 (22.4%)

SAA 158.5 (5.8%) 21.2 (0%) 59.5 (7.4%)

Ours (± s.d.) 149.8 (± 0.58) 21.2 (± 0.09) 55.4 (± 0.24)

D= 3 Equal-interval 172.5 (14.8%) 21.9 (3.8%) 67.2 (21.1%)

SAA 158.6 (5.5%) 21.1 (0%) 59.4 (7.0%)

Ours (± s.d.) 150.3 (± 0.58) 21.1 (± 0.09) 55.5 (± 0.24)

D= 5 Equal-interval 170.2 (14.6%) 21.7 (1.8%) 66.2 (19.7%)

SAA 159.1 (7.1%) 21.1 (-0.9%) 59.2 (7.1%)

Ours (± s.d.) 148.5 (± 0.56) 21.3 (± 0.09) 55.3 (± 0.24)


