Proactive Inpatient Bed Requests for Emergency Department Admissions
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Per-period cost: C(s,a)= _a°

variability penalty
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+cpmax(0, k) + ce max(0, —k) o Agent interacts with the Python simulator to learn Q(s, a), the expected total discounted cost of

action a followed by optimal behavior:
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Partial Interchangeability (70% eligible):

Idling Time vs. LoS (Excluding Extreme) Idling Time vs. Boarding Time (Excluding Extreme)

Minimize expected total discounted cost over an infinite horizon. Tuning (cp, c.) lets

a*(s) = argmin Q(s, a)
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Benchmark policies:

o Current Practice (CP): Request a bed only after the admission decision. Zero
idling, maximum boarding.

5. Simulation Framework

Key Takeaways & Future Work

valuation
Results

o Greedy Policy (GP): Request a number of beds equal to the difference between
the expected number of current ED patients who will be admitted and the number of
beds already requested and outstanding. No tuning parameter.

Aggregate early bed requests cut boarding by 30—70% and ED LoS by 6-16%
(compared to Current Policy) with modest bed idling.

NHP is most interpretable and best on the LoS/idling frontier.

MHP achieves the largest LoS reductions at aggressive parameter settings, nearly
matching the theoretical lower bound.

——Approximation

o Extreme Policy (EP): Every patient treated as a certain admit. Theoretical lower
bound on LoS.

Python
Simulator

DQN produces the smoothest request patterns ensuring a stable downstream.

Simulator

——Approximation

Results are robust to partial bed interchangeability and pandemic-level arrival surges.

3. Benchmark Policy Performance
Framework is tunable to management priorities via (cp, ce).

Simulation results under Standard Operating Conditions: N p
LoS (min) Idle (min)
406.6 0.0

GP 349.0 95.8 34.6
EP 342.2 6.7 356.7

o CP eliminates bed idling entirely but incurs maximum boarding time.

o GP reduces LoS by =~ 58 min (14%) and boarding by ~ 152 min (61%) relative to
CP with no tuning parameter; a strong simple baseline.

Decision Tree

Policy
C D

Boarding (min)
248.3

Future work:

o Controlled pilot study at a partner hospital

o Extensions to multiple bed types (ICU, step-down, surgical)
e Online learning to adapt to seasonal and structural shifts

A Python simulator (low granularity, fast) is used to train and tune the heuristics.

An Arena simulator (high granularity, uses 2019 ED data) serves as the evaluation testbed.

MHP and DQN policies are approximated by pruned decision trees (=~ 300 nodes) for
interpretable deployment in Arena.

e EP sets the theoretical lower bound on achievable LoS, but at the cost of
operationally infeasible bed idling (/~ 357 min).

State-action pairs (1.2 million per heuristic) are collected under each tuned policy and used to train

pruned decision trees via cost-complexity pruning. Scan for paper
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