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Subarachnoid Hemorrhage: Vasospasm Screening
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Motivation

(Wait, Full Scan) ⇒ (Wait, Partial Scan, Full Scan).

Full-scans are expensive but valuable.

Develop a data-driven policy to decide when to use partial scan.

Subarachnoid hemorrhage (Hoh et al., 2023).

Requires standardized scanning guidelines.
Physicians do not exactly know when to perform a partial scan.

POMDP is very suitable!
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Literature Review

POMDP Applications in Sequential Medical Scanning:

Chhatwal et al. (2010), Ayer et al. (2012), Zhang et al. (2012), Ayer
et al. (2016)

Emphasis on binary action sets: Wait or Full Scan.

Methodological Papers:

Lovejoy (1987), Johnston and Krishnamurthy (2006), Krishnamurthy
and Wahlberg (2009), Saghafian (2018)

Emphasis on single-threshold approximation algorithms.
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Contributions

First paper to look at SAH modeling using data from a real hospital
system (∼ 700 patients).

Characterizes the optimal policy structure with a partial scan option.

Study the impact of predictive power of partial-scan option on
thresholds.
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POMDP Model

Horizon: Finite.

State: • No, ◦ Mild, △ Moderate, ▲ Severe

Action: Wait, Partial Scan, Full Scan

Observation: Discrete probability distribution over states.

Transition:

Full Scan ⇒ scan reveals the actual state → Belief Update.
Wait ⇒ carries on the previous signal → Belief Update.
Partial Scan ⇒

AI/ML Model
Partial Data Belief Update

Belief Update: Bayesian.

Reward: Depends on action and state.
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Theoretical Results

1 How does the partial scan action work under a myopic policy?

⇒
Partial Scan Action is Infeasible in Myopic Policy

2 What happens to threshold values as the predictive power of the
partial scan increases? ⇒ They expand
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Theoretical Results

3 What is the structure of the non-myopic optimal policy under three
actions?

⇒ Monotone Two-Threshold Policy

4 How can we approximate the optimal policy? ⇒ Policy Gradient
Algorithm
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Thank You! Any Questions?

Ali Kaan Kurbanzade
PhD Candidate

Kelley School of Business
Indiana University Bloomington

akurban@iu.edu
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Motivation and Research Question

• Maternity units frequently operate under congestion

• Congestion may alter clinical decision-making, not just 

outcomes

• Emergency c-sections are risky and costly interventions

• Research question: Does delivery unit congestion increase 

emergency c-sections?

2Advances in Quantitative Medical Care: The Institute for Mathematical and Statistical Innovation Workshop, February 2-6, 2026



Clinical Setting, Data, and Variables

• Setting and data:

• NHS maternity services

• Data: NHS Maternity Service Data Set (MSDS)

• 2021-2025 population-level coverage

• Key variables:

• Dependent variable: emergency c-sections

• Independent variable: delivery unit congestion

• Control variables: maternal characteristics, clinical history / comorbidities, 

obstetric and infant factors, previous obstetric history, temporal factors, hospital 

characteristics

3Advances in Quantitative Medical Care: The Institute for Mathematical and Statistical Innovation Workshop, February 2-6, 2026



Model-Free Evidence

4

Figure 1: Effect of congestion during one week before labour on emergency c-sections
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Method

Hypotheses:
• Hypothesis 1 (Congestion effect). Higher pre-labour congestion is associated with a higher probability of emergency 

caesarean section interventions.

• Hypothesis 2 (Saturation point). There will be a saturation point at moderately high congestion levels where the effect of 
additional congestion on emergency caesarean section interventions diminishes. 

Main model estimation: Baseline estimate of the effect of Delivery Unit Congestion (DUC) on the 

occurrence of emergency c-sections

𝑌𝑖 =  𝛽0 + 𝛽1
1

7
σ𝑘=1

7 𝐷𝑈𝐶𝑖,𝑡𝑖−𝑘 + 𝑿𝒊𝜷 + 𝜏𝑡𝑖
+ 𝜇ℎ + 𝜀𝑖

Where: 

• 𝑿𝒊: the 1 ×  n vector of control variables for birth 𝑖

• 𝜏𝑡𝑖
: time fixed effects

• 𝜇ℎ: hospital fixed effects

5Advances in Quantitative Medical Care: The Institute for Mathematical and Statistical Innovation Workshop, February 2-6, 2026



Main Results

Emergency c-section

Quintile 0 0.967**

Quintile 1 0.992

Quintile 2 (Reference) NA

Quintile 3 1.020**

Quintile 4 1.014**

6

Notes: *p<.05, **p<.01, ***p<.001.
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Results: Interpretation and Discussion

• 𝐻1is supported in our empirical setting, suggesting that 

under periods of high congestion, clinicians lower their 

threshold for performing emergency c-sections

• 𝐻2is supported in our empirical setting, suggesting that 

there is a point of saturation above which clinicians cannot 

further increase caesarean deliveries

7Advances in Quantitative Medical Care: The Institute for Mathematical and Statistical Innovation Workshop, February 2-6, 2026



Robustness Checks

• Robustness checks already carried out:
• Average congestion up to two weeks before labour (𝑡𝑖 − 1 to 𝑡𝑖 − 15 )

• Average congestion up to three weeks before labour (𝑡𝑖 − 1 to 𝑡𝑖 − 22)

• Average congestion up to four weeks before labour (𝑡𝑖 − 1 to 𝑡𝑖 − 29)

• Congestion on the admission day

• Congestion on the discharge day

• Average congestion during the length of stay

• The shape and directionality stay the same across checks

• As expected, the effect size diminishes when moving from one week 

prior delivery to larger time windows

8Advances in Quantitative Medical Care: The Institute for Mathematical and Statistical Innovation Workshop, February 2-6, 2026



Further Findings

9

Notes: *p<.05, **p<.01, ***p<.001.

Emergency c-
section

Low
APGAR

Stillbirth Readmission Neonatal critical incident NICU L&D Log
LOS 

(Linear)

Quintile 0 0.967** 0.984 0.985 1.004 0.999 1.024 -0.052**

Quintile 1 0.992 0.998 0.984 1.000 0.953 1.005 -0.012**

Quintile 2 

(Reference)
NA NA NA NA NA NA NA

Quintile 3 1.020** 1.017 0.999 1.002 1.019 1.029 -0.003

Quintile 4 1.014** 1.016 1.029 0.991 1.076* 0.963 0.015**

Advances in Quantitative Medical Care: The Institute for Mathematical and Statistical Innovation Workshop, February 2-6, 2026

We find no evidence that congestion in the delivery unit affects pregnancy 

outcomes, such as low APGAR score, stillbirth, readmission, neonatal critical 

incidents, and NICU admission



Future Work

• Strengthen causal identification

• Explore mechanisms (e.g., staffing and operational 

pressure)

Thank you!

Email: Pinelopi.Stamou@gtc.ox.ac.uk
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Assumptions and Limitations

Assumptions:

• Although we control for a rich set of variables, some factors that may jointly 

influence delivery unit congestion and outcomes are not directly observed in 

the data

Data limitations:

• Not enough granularity in the MSDS to predict the outcome in case of no 

emergency c-section intervention

• No direct staffing data and other proxies that could shed light into the 

underlying mechanisms that drive the results

11Advances in Quantitative Medical Care: The Institute for Mathematical and Statistical Innovation Workshop, February 2-6, 2026
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ACEP Sounds the Alarm on 
Emergency Department (ED) 
Boarding as a Public Health 
Emergency
Boarding (in the ED) refers to holding admitted patients in the 
ED while awaiting an inpatient bed.
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Emergency Department Boarding Crisis

RISING WORKPLACE
VIOLENCE

OVERCROWDING
EMERGENCY
DEPARTMENT

RISING BURNOUT 
IN CARE TEAMS

RISING DEATHS AND
WORSENING OUTCOMES

PATIENT AND
FAMILY STRESS

INCREASED AVOIDABLE
SYSTEM COSTS

(Lokes et al 2023) (Joseph et al 2024) (Canellas et al 2024) (Berlyand et al 2022)
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ED
Overcrowding

Inpatient Ward
Limited Beds

Discharge

DischargeAdmittedNon-transfer

Transfer Elective
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Estimation Model
Measuring heterogenous causal effect of ED boarding on inpatient LOS 

𝒀𝒊 = 𝜽 𝑿𝒊 𝑻𝒊 + 𝒈(𝑿𝒊,𝑾𝒊) + 𝜺𝒊 
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𝒀𝒊 = 𝜽 𝑿𝒊 𝑻𝒊 + 𝒈(𝑿𝒊,𝑾𝒊) + 𝜺𝒊 

Outcome (𝒀)
Log Inpatient LOS 
(ED departure to hospital discharge)

Treatment (𝑻)
Boarding time 
(Inpatient bed request to ED departure)

Mean: 21.80 hours
Median: 19.77 hours

Mean: 7.38 days
Median: 4.94 days



Estimation Model
Measuring heterogenous causal effect of ED boarding on inpatient LOS 

𝒀𝒊 = 𝜽 𝑿𝒊 𝑻𝒊 + 𝒈(𝑿𝒊,𝑾𝒊) + 𝜺𝒊 

Control Variables 

Features (𝑿)

• Age≥65
• Sex
• Race/Ethnicity
• CCI ≥5 (Charlson Comorbidity Index)
• Comorbidities (diabetes, dementia, 

hypertension, history of cancer, …)
• Insurance
• Source of admission
• Brought in by EMS
• Long ED duration

Features (𝑾)

Patient visit level: infection status, ED 
observation, off-service, number of transfers, 
number of surgical procedures, discharge 
disposition, etc.
Inpatient unit level (the inpatient unit the 
patient is admitted to): average occupancy 
during the stay, squared average occupancy
Time: year, month, day of the week, time of 
the day



Estimation Model

𝒀𝒊 = 𝜽 𝑿𝒊 𝑻𝒊 + 𝒈(𝑿𝒊,𝑾𝒊) + 𝜺𝒊 

Double Machine Learning with Instrumental Variables

ML
Models

𝒀
𝑿,𝑾

𝑻
𝑿,𝑾

𝒁
𝑿,𝑾

'𝒀
'𝑻, '𝒁, 𝑿

ML
Model 𝜽(𝑿)

1st – stage 2nd – stage

(Chernozhukov et al 2018)

Measuring heterogenous causal effect of ED boarding on inpatient LOS 



Estimation Result

25th %ile median 75th %ile 
-0.0452 0.0008 0.0420

Measuring heterogenous causal effect of ED boarding on log inpatient LOS      +𝜽(𝑿)



Estimation Interpretation
Measuring heterogenous causal effect of ED boarding on inpatient LOS – Tree Interpreter 
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Clinical 
Collaboration

Data
ED Boarding

Inpatient LOS
Pragmatic Opinion

Estimation
Heterogeneous Effect
Econometric Method
Interpretation
Robustness Check

Policy
Inpatient Bed Assignment
Queueing Insight
Trace-Driven Simulation
Efficiency and Fairness



Policy Learning
Develop inpatient bed assignment policies leveraging the heterogeneous estimations
 

Classic setting:

Static
One-shot resource allocation

Our setting:

Dynamic, stochastic system
New bed requests arrive over time
Assign the bed may increase others’ wait(Athey and Wager 2021, Sun et al 2024, Kallus and Zhou 2021, Wang et al 2018)
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𝜽 𝒙𝟏𝜽 𝒙𝟐𝜽 𝒙𝟑…

Boarding

Inpatient

Hospital 
Discharge

Classic setting:

Static
One-shot resource allocation

Our setting:

Dynamic, stochastic system
New bed requests arrive over time
Assign the bed may increase others’ wait(Athey and Wager 2021, Sun et al 2024, Kallus and Zhou 2021, Wang et al 2018)
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Develop inpatient bed assignment policies 𝝅 𝑿  while ensuring fairness 

HTE2,=:     sup
"
𝔼 ,𝜃 𝑋 𝜋 𝑋 	 s. t. 𝔼 𝜋 𝑋 |𝐺! − 𝔼 𝜋 𝑋 |𝐺& ≤ 𝛿

High-Fidelity Trace-Driven Simulation
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Mean Boarding 20.29 5.36 4.62
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Develop inpatient bed assignment policies 𝝅 𝑿  while ensuring fairness 



Primary Contribution
Combine heterogeneous treatment effect estimation, queueing theory, and 
policy learning to design efficient inpatient bed assignment policies that 
reduce boarding time while promoting fairness.



Email xl2500@stern.nyu.edu
URL https://liualyssa.github.io
NYU Stern
Department of Technology, Operations, & Statistics

Thank You
Q&A

2026.02.02
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Policy Performance
Develop inpatient bed assignment policies 𝝅 𝑿

FCFS HTEI HTE2

Mean Boarding 20.29 5.36 4.62

Median Inpatient LOS 4.76 3.96 3.98 0.8 days ↓

16%

75% ↓



Policy Performance
Develop inpatient bed assignment policies 𝝅 𝑿  while ensuring individual fairness 

-𝜽(𝑿) + 𝜶/𝑾



Policy Learning
Interpretability and implementation

HTE2,Xsub: sup
!
𝐸[ *𝜃 𝑋 𝜋 𝑋"#$ ]



Policy Learning
Develop inpatient bed assignment policies – Queueing insight M/M(W)/n/K
 

𝜃 ̅𝑆 exp 𝜃 '𝑊 '(

𝜃 ̅𝑆'(

𝜽

𝜃 ̅𝑆 exp 𝜃 '𝑊 	
since ̅𝑆 exp 𝜃( '𝑊 + 𝑑𝑡) − ̅𝑆 exp 𝜃 '𝑊 ≈ 𝜃 ̅𝑆 exp 𝜃 '𝑊 𝑑𝑡
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• From 2022 report: GDP per capita = $532

• Child mortality rate is 3.11% (0.56% in the US)

• Maternal mortality: 510 deaths per 100,000 live 

births (22.3 per 100,000 in the US)

Context in Sierra Leone
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Context in Sierra Leone

• Lead time: ~3 months

• Centralized push system

• Allocate around 70~100 free

healthcare products   

• Unstable & limited supply: 70~80% 

comes from donation

• Instability of demand

• Limited data
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Problem & Challenges

• Problem: one supplier multilocation problem [Clark and Scarf, 1960; Federgruen and Zipkin, 

1984; Chen and Zheng, 1994; Cachon, 1999…]
 

• Challenges 

• Demand prediction with small data and unstable demand 

• Mis-alignment of prediction and optimization objective  

→ 42% unfulfilled needs
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High level preview

Visit & discuss at Sierra Leone National 

Medical Supplies Agency’s Office

• Solution: a scalable decision-aware learning framework.

• Nationwide deployment: 1,058 facilities (all public-owned facilities)

• Results: 19% increase of consumption to medicines for 2 million women & children under 

5
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Predict-then-Optimize? (decision-blind)

Problem: 

• The prediction model did not account for the downstream optimization problem 
(primary interest) 

Step 2: Optimize based on predictionsStep 1: Train demand prediction model for every 
product across all facilities for every quarters

• Combine ML + OR: from predictive to prescriptive analytics [Bertsimas and Kallus, 2019]
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Learning and optimization

• Objective: 
 𝑎∗ 𝑦∗ = argmin

 𝑎
ℓ(𝑎; 𝑦∗)
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Learning and optimization

• Objective: 
 𝑎∗ 𝑦∗ = argmin

 𝑎
ℓ(𝑎; 𝑦∗)

• Problem: 𝑦∗ are unknown

ො𝑦 = 𝑓෡𝜃 𝑥  

መ𝜃 = arg min
𝜃

෍

𝑖

෨ℓ 𝑓𝜃 𝑥𝑖 ; 𝑦𝑖
∗

 𝑎∗ ො𝑦 = argmin
 𝑎

ℓ(𝑎; ො𝑦)

28

optimal

allocation
demand

known decision loss

(unmet demand)

Step 1 Predict 

Step 2 Optimize

Historical data

Prediction loss

(unknown)
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Learning and optimization
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෨ℓMSE ො𝑦; 𝑦∗ = ො𝑦 − 𝑦∗ 2

Key question: 

What prediction loss ෨ℓ ො𝑦; 𝑦∗  to use in training?

• Common approach: Use standard loss such as mean-squared 
error (MSE)

• Problem: MSE loss does not account for downstream objective!

• Ideal: Use downstream decision loss

෨ℓ ො𝑦; 𝑦∗ : = ℓ 𝑎∗ ො𝑦 ; 𝑦∗ = ℓ arg min𝑎 ℓ 𝑎; ො𝑦 ; 𝑦∗



Our strategy – Taylor expansion to derive weights

•  Taylor expand y around ො𝑦:

ℓ 𝑎∗ ො𝑦 ; 𝑦∗ ≈ ℓ 𝑎∗ ො𝑦 ; 𝑦∗ + ∇𝑎ℓ 𝑎∗ ො𝑦 ; 𝑦∗ ⊤∇𝑦𝑎∗ ො𝑦 𝑦 − ො𝑦

•  Can compute gradient through OPT objective and OPT decision

•  Can be computed numerically efficiently for general class of convex programs [Agrawal-Amos-

Barratt-Boyd-Diamond-Kolter, 2018]

ො𝑦 = 𝑓෡𝜃 𝑥

importance of improving ො𝑦 on improving the loss

33



Decision-Aware training objective 

• Use gradients to obtain approximated predictive model objective:

arg min
𝜃

1

𝐾
෍

𝑘=1

𝐾

෍

𝑛=1

𝑁

𝕀 𝜉𝑛
𝑘 ≥ 𝑠𝑛 + 𝑎𝑛 + 𝑐𝑜𝑛𝑠𝑡 ⋅ 𝑓𝜃 𝑥𝑛 − 𝜉𝑛

(𝑘)

• Up-weight training examples with unmet demand: instead of treating all observations 
equally, the model focus on facilities which are more relevant to our decision loss 
(minimizing unmet demand)

34

demand

inventory allocation



Our Decision-Aware approach

• Step 1: Train demand prediction model 𝑓෡𝜃(𝑥)

• Step 2: run optimization to obtain the weight 
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Our Decision-Aware approach

• Step 1: Train demand prediction model 𝑓෡𝜃(𝑥)

• Step 2: run optimization to obtain the weight 

• Step 3: re-train model with weighted training data (up-weight unmet demand)

• Step 4: run optimization problem to get decision-aware result
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→ Computationally tractable & light touch 



• Dhis2 forms (District Health Information Software) from Feb 2020 to Jan 2023

• Consumption, # received, opening/closing balance, stockout (binary)…

Data
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• Dhis2 forms (District Health Information Software) from Feb 2020 to Jan 2023

• Consumption, # received, opening/closing balance, stockout (binary)…

• Feature engineering

• Lagged consumptions for each product in that facility for last 10 months

• Month, year fixed effects

• Rolling average of last 2/3/4/5/6/8/10 months + variance of last 3/6 months

• Facility region & type

• Use multi-task learning to train the prediction model using random forest (RF)

• RF outperform historical average, ARIMA, NN, LASSO regression

Data

41

MSE comparison

MSE comparison 
Multi-task learning

Multi-task learning 



• 2023 Q2: 5 out of 16 districts 

• Picked randomly by the government

• 36 treated products

• 24 control products

Deployment

Yellow: treated facilities; Purple: control facilities
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• 2023 Q2: 5 out of 16 districts 

• Picked randomly by the government

• 36 treated products

• 24 control products

• 89~100% compliance

• Expand to all 16 districts in 2023 Q3

Deployment

Yellow: treated facilities; Purple: control facilities
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• Dependent variable: Consumption

• Synthetic Difference-in-differences (Arkhangelsky, Athey, Hirshberg, Imbens, and Wager, 2021)

• On average, consumption significantly increased around 19% compared with controls

Evaluation: Q2 all treated districts

45



• All robustness analysis shows consistent significant impact.

• Intention to Treat (ITT)

• Alternative ITT: use treated and control products

• Local Average Treatment Effect (LATE): average treatment effect on highly compliant districts

Robustness checks

46

Method Analysis 95% CI P-value Increase %

Instrument Variable 

(Angrist and Imbens, 1995)
LATE (0.15, 0.37) <0.05 26%

SynthDiD

ITT (0.08, 0.26) <0.00 19%

Alternative 

ITT
(0.05, 0.14) <0.00 18%

Differences-in-differences ITT (0.09,0.16) <0.01 21%



Field work

47

Discuss the work to various stakeholders 

(WHO, MoHS, US Presidential Malaria 

Initiative)

Visit the warehouseTravel from airport to capital city



• Empower the government officials and local staff to use our tool easily in the future. 

Sustainable impact

48



• We propose a novel decision-aware learning framework that could address the challenges in a 

resource-constrained setting.

• We successfully deployed on the ground at national level and shows a significant real impact 

→ 19% increase of access to medicines for 2 million of women and children under five.

Conclusion

49

Thank You! 
angelchg@wharton.upenn.edu

https://angel-chung.github.io



• Significantly large impact on facilities with historical stockouts. 

Distributional impact & fairness

50

Note: ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001. SE in parentheses. 



All robustness checks results
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Balanced table
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• Treatment compliance: the absolute difference between actual allocation and our 

deployed suggestion 

• 89~100% compliance

Evaluation: compliance

53



Baselines comparison
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• Learn across facilities & products [Bastani (2021), Bastani, Simchi-Levi & Zhu (2022), Xu & Bastani 

(2022)]

• Use random forest 

Multi-task learning

Limited data for training

~ 28 time series

55



Addressing potential data equity issue

•  Impute missing values [Agarwal et.al, 2021; Athey et.al, 2020]  -> doesn’t work

•  Catalytic prior [Huang et.al, 2020] 

•  regularize the complex model towards the simple model

 

•  Simple model: 

•  Use at-risk population (Census, UN)

•  Ignore temporal & seasonal variation 

 

•  Complex model: 

•  Random forest with dhis2 data

•  Issue of missing not at random (MNAR)

•  We combine the model and train the random forest on this augmented dataset with the synthetic data. 

Missing Completely at 

Random (MCAR)

Missing Not at Random 

(MNAR)

56



• Difference-in-differences:

• SynthDiD:

• Unit weights: let average outcome for the treated units is approximately parallel to the weighted average 

for control units. 

• Time weights: let average post-treatment outcome for each of the control units differ by a constant from 

the weighted average of the pre-treatment outcomes for the same control units.

• Our Y= consumption

• Minimize unmet demand is equivalent to maximize consumption when demand is censored.

Empirical strategy

57
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