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Natural History Models

Natural history models can be used to simulate the 

natural course of chronic diseases.

ÁRandomized controlled trial (RCT) data is the gold 

standard but:

ÁRCTs are expensive and time consuming and may 

not always be possible

ÁCan test a very limited number of treatment 

options over short time periods

ÁObservational data is abundant but there are 

challenges to unlocking knowledge due to various 

sources of bias and confounding



Examples

Á Breast Cancer: Maillart, L.M., Ivy, J.S., Ransom, S., Diehl, K. Assessing 

dynamic breast cancer screening policies. Operations Research, 

56(6):1411ï1427, 2008.

Á Liver Disease: Alagoz, L.M. Maillart, A.J. Schaefer, and M.S. Roberts. 

Choosing among living-donor and cadaveric livers. Management Science, 

53(11):1702ï1715, 2007

ÁProstate Cancer: Zhang, J, Denton, B.T., Balasubramanian, H, Shah, N., 

Inman, B., Optimization of prostate biopsy referral decisions. M&SOM, 

14(4):529ï547, 2012.

Á Lung Cancer de Koning, Harry J., Rafael Meza, Sylvia K. Plevritis, Kevin 

Ten Haaf, Vidit N. Munshi, Jihyoun Jeon, Saadet Ayca Erdogan et al. 

"Benefits and harms of computed tomography lung cancer screening 

strategies: a comparative modeling study for the US Preventive Services 

Task Force." Annals of internal medicine 160, no. 5 (2014): 311-320.



Agenda

ÁEstimating Markov decision process model 

parameters

ÁExamples:

ÁComplete Observability: Type 2 diabetes 

ÁPartial Observability: Prostate cancer

ÁConclusions



Markov Decision Processes 

ÁStages: Ὕ ρȟȣȟὔ

ÁStates:  Ὓ ίȟȣȟίȟί ȟȣȟί ȟὈ

ÁActions: ὃί

ÁTransition probabilities: ὴ ίίȟὥȟᶅ ὸɴ כ

ÁRewards: ὶίȟὥ

ÁOptimality Equations:
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Health state 

before an event 

has occurred. 

State Transition Diagram
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Defining Health States

L / L L / M L / H L / V M / L V / V. . .  

Total Cholesterol 

Level High-density 

Lipoprotein Level

TC and HDL have four possible levels each, so there 

are 16 states in total.

L M H V

TC <160 160-200 200-240 >240

HDL < 40 40-50 50-60 >60



Example: Total Cholesterol

Mason, J.E. et al. 2014. ñOptimizing the Simultaneous Management of Blood pressure and Cholesterol 

for Type 2 Diabetes Patients.ò European Journal of Operational Research; 233(3) 727-738.



Computing Treatment Effects

ÁPublished randomized trials
ÁAdherence bias

ÁPatients are carefully followed over short time 
periods

ÁElectronic medical record data
ÁSelection bias: patients who are treated are 
ǘȅǇƛŎŀƭƭȅ άǎƛŎƪŜǊέ

ÁUsing a high risk population may over estimate 
treatment effects



Computing Treatment Effects

Treatment options:

ÁStatins

ÁFibrates

ÁAce Inhibitors

ÁARBs

ÁCalcium Channel 
Blockers

ÁThiazide Time
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Addressing Confounding

ÁLinear Random-Effects Model: 
Åassumes ŜŀŎƘ ƛƴŘƛǾƛŘǳŀƭ ǇŀǘƛŜƴǘΩǎ ƭƻƴƎƛǘǳŘƛƴŀƭ 

measurements are correlated

Åindividual effect is represented by adding a 
random intercept in our model

Propensity Score Matching:
ÅReduces bias in the context of observational 

data by accounting for covariates that 
influence treatment



Estimating Treatment Effects

Step 1:Fit a generalized linear random effects model to 
estimate the probability of taking medication (propensity 
score) using other confounding variables:

Example:

Propensity Score (Statins) ~ Age + Gender +BMI+ Other 
Treatments + Individual effect

Step 2: Estimate the treatment effect by fitting a second 
regression model: 

Example:

Cholesterol ~ Propensity Score (Statins)+  Use of Statins

Part of Cholesterol 
explained by 
confounding variables

Part of the Cholesterol 
explained by 
treatment effect



Uncertainty Set
A combination of laboratory data and pharmacy claims data can be use 
to estimate transition probabilities between states 
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ρ ‌confidence intervals for row ίof the TPM:
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Gold, Ruth Z. "Tests auxiliary to ɢ 2 tests in a Markov chain." The Annals of Mathematical 

Statistics 34, no. 1 (1963): 56-74.



Event Probabilities

ÁType 2 diabetes complications:

ÅFramingham model

ÅUKPDS model

ÅArchimedes

ÁOther cause mortality:

ÅLife tables (e.g. U.S. Centers for Disease 
Control and Prevention)



Reward Data

ÁPatient
ïMaximize expected quality adjusted life years 

(QALYs)

ÁThird-party Payer
ïMinimize expected costs of treatment and health 

services

ÁSociety
ïMaximize a weighted combination of expected 

patient rewards for QALYs minus costs of 
treatment and health services



Societal Perspective

ÅObjective function includes rewards for quality 
adjusted life years (QALYs) and costs 

Weighted 
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Weighted Annual Benefit to the 

Patient

Stroke Decrement 

Factor

Medication 

Decrement Factor
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Reward Parameters

Sources

Á Systematic review of the literature via Pubmed

Á Insurance claims data

Á Pharmacy Redbook drug costs

Á Cost Effectiveness Registry: https://research.tufts-nemc.org/cear4/Home.aspx

https://research.tufts-nemc.org/cear4/Home.aspx


Model Validation

ÁExpert opinion

ÁStatistical methods:

ÁCross-validation

ÁBoot-strapping

ÁComparison to independent estimates of 
long-term outcomes (e.g. lifespan, time to 
event, prevalence)



TPM Sampling Method

Basic idea:

ÅRandom-direction algorithm1 for sampling random vectors 
over convex region

ÅSample each row of the TPM independently from intersection 
of uncertainty set, Ὗ, and standard simplex, ɝ

1: Smith, R.L, Efficient Monte Carlo procedures for generating points uniformly distributed over bounded regions, Operations Research, 32(6) p 1296-

1308, 1984



Algorithm

ὅὬέέίὩὭὲὭὸὭὥὰὴέὭὲὸ╧ ὭὲὸὬὩόὲὧὩὶὸὥὭὲὸώίὩὸ, ל
ὊέὶὮ ρȟȣȟὡ ὓίὥάὴὰὩί

3ὥάὴὰὩ▀ίόὧὬὸὬὥὸ╧▒ ‗▀ᶰɝ

ὊὭὲὨ‗ὥὲὨӶ‗ίόὧὬὸὬὥὸ╧▒ ‗▀ᶰל
SὥάὴὰὩ‗όὲὭὪέὶάὰώὭὲὭὲὸὩὶὺὥὰ‗ȟӶ‗

ὡὬὭὰὩ╧▒ ‗▀ᶱל

ὭὪ‗ πὸὬὩὲӶ‗N ‗

ὩὰίὩ‗N ‗

3ὥάὴὰὩ‗όὲὭὪέὶάὰώὭὲὭὲὸὩὶὺὥὰ‗ȟӶ‗
%ὲὨὡὬὭὰὩ

╧▒N ╧▒ ‗▀ȠὮN Ὦ ρ

ὉὲὨὊέὶ

Zhang, Y., Mason, J.E., Wu, H., Wilson, J., Denton, B.T., ñConducting Probabilistic 

Sensitivity Analysis for Markov Decision Processes,ò Working Paper (under review), 2016.

http://btdenton.engin.umich.edu/wp-content/uploads/sites/138/2016/12/Zhang-2016.pdf


Are Newer Drugs Better?

Men Women

Zhang, Y., McCoy, R.G., Mason, J., Smith, S.A., Shah, N., Denton, B.T., ñSecond-Line 

Agents for Glycemic Control for Type 2 Diabetes: Are Newer Agents Better?,ò Diabetes 

Care 37:5 1338-1345, 2014.



Example: Sensitivity Analysis for 

Glycemic Control 
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Zhang, Y., McCoy, R.G., Mason, J., Smith, S.A., Shah, N., Denton, B.T., ñComparative 

Analysis of Treatment Regimens for Glycemic Control in Diabetes Patients,ò Diabetes 

Care 37:5 1338-1345, 2014.

https://btdenton.engin.umich.edu/wp-content/uploads/sites/138/2015/08/Zhang-2014.pdf
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Partially Observable Problems

For some diseases the true disease status 

cannot be measured without invasive diagnostic 

tests



Example: Prostate Cancer

Active surveillance of prostate cancer involved regular 

biopsies to monitor disease severity

Biopsies are imperfect and sometimes ñmissò the cancer



Baum-Welch Algorithm

Rabiner, Lawrence R. "A tutorial on hidden Markov models and selected applications in 

speech recognition." Proceedings of the IEEE 77, no. 2 (1989): 257-286.



Baum-Welch Algorithm



Results

Results from a 10-year study of patients on 

active surveillance at Johns Hopkins University 



Eliminating 6 biopsies would only increase the average 
time to detection by 11.4 months relative to an annual 
biopsy schedule

Results



Takeaway Messages

Á Markov decision processes (MDPs) are 

increasingly used to study medical decisions

Á Natural history models are the fundamental 

foundation for MDPs

Á Little is know about the best ways to 

estimate MDP model parameters and 

mitigate bias from observational data
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