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Objectives

Indirect Direct
Cancellations Waiting Waiting Overtime Idle Time
Time Time
Penalties associated to Delay in the beginning of the surgery Unused OR time
postponed surgeries w.r.t. scheduled time between surgeries
Days spent waiting for Exceding of the
the surgery scheduling OR block duration

Cardoen et al. (2009). Optimizing a multiple objective surgical case sequencing problem. Int. J. Prod. Econ 119(2) pp. 354-366.
Duma & Aringhieri (2019). The management of non-elective patients: shared vs. dedicated policies. Omega 83 pp 199-212.
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/*\ Emergency Surgeries: non-elective patients need to be inserted
1
I

within the daily elective schedule (flexible policy).

%?‘ No-shows: some patients do not showing up the day of surgery.
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Van Riet & Demeulemeester (2015). Trade-offs in operating room planning for electives and emergencies: A Review. ORHC pp. 52-69

Duma & Aringhieri (2019). The management of non-elective patients: shared vs. dedicated policies. Omega 83 pp. 199-212.
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Allocation Scheduling - BRKGA

Gongalves & Resende (2011). Biased random-key genetic algorithms for combinatorial optimization. J. Heuristics 17(5)

pp. 487-525.

EOTs

chromosome

sequencing and

starting times
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Data - Sykehuset Asker og Ba&rum HF

OR room Monday Tuesday Wednesday  Thursday Friday
1 GASTRO  GASTRO  GASTRO
2 GASTRO GASTRO  GASTRO
3 CARD CARD CARD
4 ORTH ORTH ORTH ORTH
5 ORTH MED
6 GYN GYN GYN GYN
7 GYN GYN GYN GYN
8 URO URO URO URO
9 CARD URO CARD
10 URO ORTH
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OR room Monday Tuesday Wednesday  Thursday Friday
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4 ORTH ORTH ORTH ORTH

5 ORTH MED

6 GYN GYN GYN GYN

7 GYN GYN GYN GYN

8 URO URO URO URO

9 CARD URO CARD
10 URO ORTH

Surgery type Mean STDEV

CARD 99 53]
GASTRO 132 76
GYN 78 52
MED 75 72
ORTH 142 58
URO 72 38
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Data - Sykehuset Asker og Ba&rum HF

OR room Monday Tuesday Wednesday  Thursday Friday

1 GASTRO GASTRO GASTRO

i N, g:;ERO G g::‘l[’)RO Patient distribution

4 ORTH ORTH ORTH ORTH URO

b) ORTH MED ORTH

6 GYN GYN GYN GYN

7 GYN GYN GYN GYN

8 URO URO URO URO MED
9 CARD URO CARD e A

10 URO ORTH

Surgery type Mean STDEV

CARD 99 53 CASTRO
GASTRO 132 76
GYN 78 52
MED 75 72
ORTH 142 58
URO 72 38
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Data - Sykehuset Asker og Ba&rum HF

OR room Monday Tuesday Wednesday  Thursday Friday

1 GASTRO  GASTRO  GASTRO
2 GASTRO GASTRO  GASTRO
3 CARD CARD CARD
4 ORTH ORTH ORTH ORTH
5 ORTH MED
6 GYN GYN GYN GYN
7 GYN GYN GYN GYN
8 URO URO URO URO
9 CARD URO CARD
10 URO ORTH

Surgery type Mean STDEV

CARD 99 53

GASTRO 132 76

GYN 78 52

MED 75 72

ORTH 142 58

URO 72 38

2 emergency surgeries per day.

ROTs ~ Lognormal(93, 60) min.

Patient distribution

URO

ORTH

MED
CARD

GASTRO

Mannino et al. (2010). SINTEF ICT: MSS adjusts surgery data. URL: https://www.sintef.no/Projectweb/Health-care-optimization/ Testbed /
Karmel S. Shehadeh and Luis F. Zuluaga (2022). "14th AIMMS-MOPTA Optimization Modeling Competition. Surgery Scheduling in Flexible Operating Rooms Under
Uncertainty”, Modeling and Optimization: Theory and Application (MOPTA)
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Instance Generation

Patients

@ Inpatients

@ Outpatients
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Instance Generation

Patients

@ Inpatients

@ Outpatients

CoV; = oi/pi € {0.1518,0.202}

Patients with Patients with
higher CoV lower CoV
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Instance Generation

O Outpatients . Inpatients

No-show rate
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0% 100%

e |

20



Instance Generation

O Outpatients . Inpatients

0%

2

0%

No-show rate

100%

|

100%

‘ 16%

|

Scheduling costs
10 100

10 100

20



Instance Generation

O Outpatients . Inpatients

No-show rate Scheduling costs

0% 100% 10 100
L | R
0% 100% 10 100
@ |
Cancellation costs
20 400
20 400

|

| ‘ 200

20



Instance Generation

O Outpatients . Inpatients

No-show rate Scheduling costs
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Instance Generation

O Outpatients . Inpatients

No-show rate Scheduling costs

0% 100% 10 100
I | E—
0% 100% 10 100
- |

Cancellation costs Waiting costs (per min)
20 400 1/360 1/18
O - |
20 400 1/360 1/18

|

| ‘ 200

Idle time cost = 1/6 per minute

Overtime cost = 1/9 per minute
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SAA vs SCI

Instances SSAy (600s) SSAy (60s) sci
o.f. r.time  robust. of. r.time  robust. short SAAN of. r.time  robust.

Spec. [w]| SMIP a value (sec) ratio value (sec) ratio o.f. value value (sec) ratio
A 01 0.0 33.0 0.903 0.000 24 0.905 0.000 0.000 03 0.984
. ORTH o3 0.000 331 0.909 0.000 225 0929 0.000 0.000 03 0.980
. 01 5.408 43.7 0.017 5.408 355 0913 5.408 5.408 21 0914
ORTH o3 5.408 40.7 0.904 5.408 TL 0913 5.408 5.408 18 0.895
01 = 46.5 - 8 313 - 0.000 0.000 16 0.956
100 AORTH g3 0.000 453 0.852 0.000 310 0.891 0.000 0.000 13 0.957
01 - 196.00 - 8 TL 8 RFF 20.035 39.2 0.998
BORTH o3 9.389 158.5 0.822 9389 TL 0.833 9.389 9.389 34 0878
A 01 B 76.8 - s 51.9 s RFF 310.000 418 0.984
150 ORTH o3 163.000 75.2 0.839 163.000 50.6 0831 163.000 163.000 11 0.855
01 B 282.2 s s TL s RFF 314.004 58.1 0.987
ORIH BorTH o3 166.021 245.1 0.85 166.021 TL 0.861 166.021 166.021 53 0.853
n 01 = 107.1 . = T = RFF 795.000 46.4 0.988
. ORTH o3 579.000 923 0.837 579.000 TL 0.869 579.000 579.000 0.9 0.853
. 01 B 205.2 s - TL B RFF 801.736 56.7 0.981
ORTH o3 585.463 127.4 0.807 585.463 TL 0.822 585.463 585.463 3.9 0873
01 - 157.9 - s TL - RFF  1316.000 39.0 0.983
AORTH o3 1151.000 146.3 0.816 1151.000 TL 0.793 1151.000  1151.000 21 0.829
200 01 - 324.7 - 8 TL - RFF  1321.326 57.8 0.988
BorTH o3 1155.714 280.6 0.830 1155.714 TL 0.822 1155.714 1155714 5.6 0.861
A 01 B 395.3 s s TL s RFF  2743.000 TL 0974
- e @8 2541.000 L 0.812 2541.000 TL 0.827 2541.000  2541.000 26 0.851
- 01 - L - s TL s RFF 2748111 L 0.959
ORTH 03 2543.992 TL 0.832 2544.031 TL 0.811 2544.452  2544.167 TL 0.827

For instances with higher level of robustness the SAA approach is not able to find a feasible solution
when the number of patients increases. SCl's solutions are very close to that of SAA, but it provides
always a feasible solution due to RFF.
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SAA vs BRKGA

Spec. # Pat.  af. SAA(10 min) SAAN (10 min) BRGKA
o.f. time #feas. /tot o.f. time #feas. /tot o.f. (10min) o.f. (1min)
o5 yes 115.30 8.27 24/24 99.83 0.49 24/24 97.41 97.41
ORTH no - - 0/20 155.17 4.76 20/20 159.26 161.78
6+ no = = 0/4 172.06 10 4/4 145.23 147.83
o5 yes 35.97 7.51 4/4 34.26 1.05 4/4 33.28 33.28
URO : no . . 0/9 40.28 6.71 9/9 67.41 70.49
6+ no - - 0/35 170.19 10 34/35 143.33 150.13
o5 yes 92.70 3.10 3/3 91.21 0.21 3/3 64.43 64.43
GYN no - - 0/15 102.26 8.97 15/15 89.18 89.18
6+ no = = 0/46 167.37 10 42/46 149.15 152.22
_— 2.5 no 2 = 0/2 78.25 10 2/2 76.71 76.71
6+ no - - 0/6 222.78 10 5/6 176.60 176.75
o5 yes 46.63 9.89 4/4 36.22 1.76 4/4 31.39 31.39
CARDIO no - - 0/20 157.08 6.53 20/20 191.53 199.38
6+ no = = 0/16 254.73 10 16/16 223.97 234.57
25 yes 139.60 6.84 13/13 108.74 1.87 13/13 109.40 111.01
GASTRO no - - 0/22 112.41 6.62 22/22 106.70 117.37
6+ no - - 0/13 223.15 10 13/13 182.55 182.55

BRGKA always finds a better solution as soon as the dimension of the problem becomes challenging
(6+ patients).
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Scenario Analysis: Inpatients vs Qutpatients

Mon 10

Mon 8

Frig
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Thu 8
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0.25
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[l Outpatients

0.75

Tue5

Tue 4

Thu 4

Wed 10

Mon 4

Fris

ORTH

I Inpatients [ Outpatients

0.25 0.5 0.75 1
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Scenario Analysis: Inpatients vs Qutpatients

Scheduled Start Times (min) Expected Direct Waiting Time (min)

O Outpatients . Inpatients
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Scheduling Examples

Best solution Other solution (Longest Processing Time without slack)
Schedule

Scen. 1
Scen. 2
Scen. 3
Scen. 4

Scen. N
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Scheduling Examples

Best solution Other solution (Longest Processing Time without slack)
Schedule

Scen. 1
Scen. 2
Scen. 3
Scen. 4

Scen. N

Testi et al. A three-phase approach for operating theatre schedules. Health Care Manage Sci 10, 163-172 (2007).
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User Interface

Video presentation - Ul

27



Conclusions




Final Remarks & Future Pe

Comprehensive approach to
deal with different types of
patients under uncertainty;

limitations of SAA methodology
as soon as the combinatorial and
stochastic complexities increase;

general insights: robustness vs.
average performance & non-trivial
best solutions.
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Final Remarks & Future Pe

Comprehensive approach to
deal with different types of
patients under uncertainty;

limitations of SAA methodology
as soon as the combinatorial and
stochastic complexities increase;

general insights: robustness vs.
average performance & non-trivial
best solutions.

Integrating SCI and BRKGA;
Alternative real-time policies:
stochastic optimization

+ online optimization;
impact of “robust

Sl

decisions” over time.
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(W’ wall Folks!

Any Questions?

You can also send me an e-mail at ’ ambrogiomaria.bernardelli01@universitadipavia.it
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