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Objectives. To simulate physician-driven dynamics of delivery mode decisions
(scheduled cesarean delivery [CD] vs. vaginal delivery [VD] vs. unplanned CD after
labor), and to evaluate a behavioral theory of how experiential learning leads to emerg-
ing bias towardmore CD and practice variation across obstetricians.
Data Sources/Study Setting. Hospital discharge data on deliveries performed by
300 randomly selected obstetricians in Florida who finished obstetrics residency and
started practice after 1991.
Study Design. We develop a system dynamics simulation model of obstetricians’
delivery mode decision based on the literature of experiential learning. We calibrate
the model and investigate the extent to which the model replicates the data.
Principal Findings. Our learning-based simulation model replicates the empirical
data, showing that physicians are more likely to schedule CD as they practice longer.
Variation in CD rates is related to the way that physicians learn from outcomes of past
decisions and accumulate experience.
Conclusions. The repetitive nature of medical decision making, learning from past
practice, and accumulating experience can account for increases in CD decisions and
practice variation across physicians. Policies aimed at improving medical decision
making should account for providers’ feedback-based learning mechanisms.
Key Words. Cesarean delivery, practice variation, experiential learning, simulation,
systemdynamics

Decision making regarding cesarean delivery (CD) versus vaginal delivery
(VD) in the United States is suboptimal. First, there has been a bias toward
more CD. Experts contend that CD is overperformed in the United States. In
2010, 32 percent of birth cases in United States were CDs (Hamilton, Martin,
and Ventura 2011), whereas the World Health Organization’s standard for
developed countries is 10–15 percent (World Health Organization 1985).
Second, there has been considerable practice variation in delivery mode
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decisions, after controlling for patients’ health status and risk. Epstein and
Nicholson (2009) found substantial variation across both regions and physi-
cians within regions, suggesting that physicians make different decisions for
medically similar patients. Overperforming CD is undesirable for many
reasons, including long-term side effects and increased costs (Hall and Bewley
1999;Wagner 2000; Villar et al. 2006).

There are many potential determinants of practice variation. Regional
factors include culture, norms, standards, regulations, and the organization of
health services (Fisher, Bynum, and Skinner 2009). Physicians’ characteristics,
such as age and training (Grytten and Sorensen 2003; Rebitzer, Rege, and
Shepard 2007; Epstein and Nicholson 2009) and financial incentives also
influence decisions (Bodenheimer and Grumbach 2005). Patients’ characteris-
tics such as health status, preferences, race, and socioeconomic status may
influence physicians’ decision making (Institute OfMedicine 2003). However,
these factors cannot completely account for all practice variation and bias
(Fisher, Bynum, and Skinner 2009). Accordingly, other relevant factors need
to be considered.

Although the existing candidate explanations for practice variation
come from a static “snapshot in time” framework, dynamic decision-
making processes may be important. Delivery mode decisions are not one-
time events. One obstetrician might perform thousands of deliveries in her
career. One might expect that the repetitive nature of making decisions
and observing outcomes (experiential learning) could influence practice
style and lead to learning and correcting decisions. For example, obstetri-
cians with similar training, background, and patient pools may by random
chance perform different numbers of CD versus VD early in their careers.
Those early initial experiences (including poor experiences such as emer-
gency CD after initial labor) might change their tendencies to conduct CD
versus VD, in turn affecting their skills and future performance of CD
versus VD. This process of feedback and learning may lead to practice
divergence despite identical initial states and patient populations. Such pos-
sible effects of experiential learning on practice styles are underexplored in
the literature.
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This study aims at this direction and examines the contribution of expe-
riential learning to practice variation. We develop a system dynamics model
of delivery mode decision making (scheduled and unscheduled CD and VD)
and explore dynamic changes in physicians’ decisions as they accumulate
experience. By imposing theory-based structures, a system dynamics simula-
tion can use real-world data to test explanations that manifest endogenously,
such as experiential learning.We calibrate our model with empirical data from
deliveries performed by obstetricians in Florida and examine the extent to
which simulation results replicate the data. We then analyze the simulation
results and discuss policy implications.

PRIOR LITERATURE

Experiential Learning and Suboptimal Medical Decisions

Experiential learning studies focus on how people learn from outcomes of
prior decisions. This theory may account for some physician practice varia-
tion and bias. Delivery is an example of a repetitive decision-making task.
Physicians frequently make decisions, such as selecting scheduled or unsched-
uled CD or VD, enact decisions, and receive outcome feedback (such as
maternal and child outcomes). Theoretically, experiential learning should
improve decision making (Cyert and March 1963; Nelson and Winter 1982;
Levitt and March 1988). However, information gathering and analysis are
subjective, and learning from noisy, delayed, and conditional feedback is com-
plicated (Sterman 1989; Huber 1991; Lant 1992; Levinthal and March 1993;
Miner and Mezias 1996; Rahmandad 2008). A physician knows only about
outcomes conditional on the chosen treatment; it is impossible to observe
what the outcome would have been under an alternate treatment (Elwin et al.
2007; Stewart, Mumpower, and Holzworth 2012). There is an information
asymmetry in delivery decisions because obstetricians can convert a VD into
a CD during labor but not the reverse.

Although repetitive decision making has been studied in psychology,
most studies have not examined effects of learning from outcome feedback on
bias and variation in medicine. One exception is Ghaffarzadegan’s (2011) the-
oretical model of suboptimal decisions in skill-sensitive tasks. The model
shows that disagreement and bias can emerge endogenously through daily
actions and outcome learning, even completely independently of external
factors like financial incentives. When applied to the medical context,
Ghaffarzadegan’s (2011) theoretical model predicts that if patient outcomes
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depend on physicians’ skills, physicians will be more likely to select the proce-
dures for which they have the highest skill. These decisions further improve
their skills with the procedure, thereby increasing the future likelihood of
selecting that procedure. However, that study does not use empirical data. This
study refines the original theoretical model to control environmental factors,
such as patients’ and physicians’ characteristics, health risks, and the secular
trend, besides experiential learning, and uses a rich dataset to empirically test
effects of learning on practice variation and bias in the context of obstetrics.

System Dynamics Modeling

System dynamics is a simulation approach to analyzing dynamic problems
arising in complex social systems (Forrester 1961; Sterman 2000). These
systems are characterized by causal interdependence and circular causality in
the form of feedback loops.1 Model boundaries are large enough to endoge-
nously capture a social system’s behavior and identify system characteristics
that generate observed behavior through feedback loops (Richardson 2011).
This holistic approach results in models that are small enough to describe
easily, while containing feedback loops that can replicate complex counterin-
tuitive behaviors (Ghaffarzadegan, Lyneis, and Richardson 2011). Health-
related examples of system dynamics approaches include models of polio
eradication (Thompson and Duintjer Tebbens 2008; Rahmandad et al. 2011),
chronic illness (Homer et al. 2010), U.S. health care reform (Milstein, Homer,
and Hirsch 2010), tobacco use (Tobias, Cavana, and Bloomfield 2010), and the
pharmaceutical market (Paich, Peck, and Valant 2011).

System dynamics can offer novel insights into the underlying processes of
practice variation. Bias and practice variation are complex problems with
different, but interconnected causal factors. Such complexity requires a dynamic
feedback-based approach, which existing “snapshot in time” studies do not
include. By incorporating a feedback-based structure, system dynamics models
can test endogenous explanations for practice variation and bias. In addition,
system dynamicsmodels can predict potential effects of different policies.

METHODS

Overview

Our approach to evaluating obstetricians’ delivery mode decisions involves
two primary components, a system dynamics model and an empirical data
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analysis. We formulate the system dynamics model by specifying theoretically
based causal relationships in the delivery mode decisions. We calibrate the
system dynamics model by analyzing Florida hospital discharge data on deliv-
eries performed by 100 randomly selected obstetricians to estimate model
parameters. We simulate the system dynamics model and generate a synthetic
dataset based on how simulated physicians chose scheduled CD versus
unscheduled CD versus VD throughout their careers. We validate the model
by comparing the synthetic data to real-world data from two 100-physician
samples not used in the model estimation. Finally we perform scenario
analyses.

Data Source

We used data from Florida all-payer hospital discharge databases from 1992
through 2008, covering all deliveries at nonfederal acute care hospitals.
Florida data were selected because they contain physician identifiers in addition
to patient characteristics and diagnosis and procedure codes. Cesarean deliver-
ies were identified with an International Classification of Diseases, Ninth Revision,
Clinical Modification (ICD-9-CM) procedure code of 74 in any procedure field.
Vaginal deliveries were identified with ICD-9-CM diagnosis codes of 650 or
640.0x through 676.9x (where x is 1 or 2) in the principal diagnosis field and no
indication of a cesarean delivery. The discharge data were augmented with
information on each physician’s medical training from the American Medical
Association’s PhysicianMasterfile.We identified “new” physicians as those who
(1) completed their obstetrics residency training after 1991, (2) initially appeared
in the discharge data in the same year as their residency completion, and (3)
continued to perform deliveries in Florida through 2008.

Physician-level variables include the date they started practicing, gen-
der, and medical school site (United States and Canada versus international).
Time is reported in quarters of years. Delivery-level variables for patients
include indicators for non-Hispanic white, Medicaid or no insurance cover-
age, previous CD, one or more of the 12 primary risk factors for CD identified
by Gregory et al. (2002) (malpresentation, antepartum bleeding, herpes,
eclampsia, uterine scarring, multiple gestation, macrosomia, unengaged fetal
head, uterine abnormalities, other hypertension, preterm gestation, and con-
genital fetal anomalies), delivery mode (VD or CD), whether the patient
labored, and major delivery complications, including laceration, hemorrhage,
and infection (Srinivas et al. 2010). We apply a method developed by Henry
et al. (1995) and Gregory et al. (2002) for using hospital discharge data to
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determine whether a woman went into labor. The study was exempted from
IRB review. The Appendix contains a descriptive summary of these variables.

We constructed three mutually exclusive samples of 100 randomly
selected new obstetricians and their delivery decisions (VD, scheduled CD,
and unplanned CD). Physicians in the first two samples finished their obstet-
rics residency and started practice between 1992 and 2000, whereas those in
the third sample completed residency and started practice between 2001 and
2005. The first sample is used to calibrate the model and estimate parameters,
whereas the other two samples are for out-of-sample comparisons of simula-
tion results with data not used during calibration. In the first sample, 12 obste-
tricians are international medical graduates (compared to 8 and 18 in the
second and third samples, respectively), 34 of obstetricians are female
(compared to 43 and 68), and the average time of starting practice is 12 quar-
ters after 1992 (compared to 26 and 47). In the first sample, 57 percent of
patients are non-Hispanic white (compared to 57 and 45 percent), 45 percent
were on Medicaid or had no insurance coverage (compared to 45 and 52 per-
cent), 27 percent had a primary risk factor (compared to 27 and 32 percent),
and 14 percent had a previous CD (compared to 14 and 14 percent).

Simulation Model Description

The system dynamics model simulates obstetricians’ delivery mode decision
making. Our unit of analysis is the physician, with discrete time units; in each
time period, physicians meet patients, make delivery decisions, and learn
from delivery outcomes. Our primary output is physicians’ dynamic trend of
CD and VD decisions. Figure 1 presents the model overview for physician x
visiting patient y.

The model has three components. The left side is the main component,
which includes physician decision making and learning. The final outcome is
the delivery decision (scheduled CD vs. unplanned CD after labor vs. VD).
The patient component is on the top right. This component’s outcome is the
stimulus to perform CD (S), which is a combination of all information cues about
patients’ health risks and preferences. The bottom right represents other envi-
ronmental factors that might influence physicians’ decisions and patients’ pref-
erences, including colleagues and secular trends (specified as a linear time
function).

Physicians select from three possible delivery modes: scheduled CD,
unplanned CD after labor, and VD. Physicians first choose between schedul-
ing a CD or labor; then for patients in labor they decide whether to revise the
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decision to CD. The model assumes that physicians have unique thresholds,
CD threshold (C), representing their decision models for scheduling CD versus
labor. Tomake delivery decisions, physicians compare their internal threshold
with the information received from their patients, the stimulus to schedule CD
(S). If the stimulus is higher than the threshold, physicians schedule a CD.
Over time, physicians accumulate experience and information about their
past decisions (past outcome feedback). Physicians’ thresholds can be affected
by the initial CD threshold (C0), a combination of their characteristics and back-
ground, and by past outcome feedback, shown by effect of Fi on C.

Experience i (Expi) 0

. 0
.

past outcome
feedback (F1-F3)

probability of
labor (p)

initial CD
threshold (C0)

stimulus to
schedule CD (S)decision to labor

vs. CD (d)

CD threshold (C)

effect of patient
preferences (P)

effect of health
risk (R)

poorpayer (P1)

minority (P2)

previous CD (R2)

international medical
graduate (Int)

female physician
(Fem)

health risk
indicator (R1)

feedback
incident (f1-f3)

experience
gaining Ei

effect of experience
on f1-f3 (gi)

decay of Ei

effect of Fi on C
(e1-e3) secular trend (P3)

<Time>

lagged CD ratio of
colleagues (F4)

effect of F4 on
C (e4)

time to decay

probability of
feedback incident (pi)

<CD after labor
(f1)>

CD ratio of
colleagues

(τ)

(ECD, EVD)

Physician x Environment including other physicians

Patient y

Figure 1: A Simplified Conceptual Representation of the System Dynamics
SimulationModel for Physician x Treating Patient y.

Note: The model has three components. The main component (feedback
based) is the physician component. Arrows show the direction of causality.
Variables in boxes represent stock variables, which are items that accumulate
over time. Flows into and out of stock variables represent inflow and outflow
variables, where in each time period ΔStock = Inflow-Outflow. The model
includes 100 physicians and 251,800 simulated patients
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We consider four types of feedback that might change physicians’ CD
thresholds. First, if the clinical risks increase while the patient is laboring,
physicians can revise their initial decisions and perform unplanned nonelec-
tive CD. Observing the need to revise initial decisions is one feedback (f1).
Second, physicians might observe major complications. A complication
during VD (which might not result in a revised decision) is another form of
negative feedback (f2). Third, physicians may observe major complications
during scheduled CD (f3), although it is not clear whether these major
complications would be interpreted by physicians as negative feedback (CD
complications are due to poor CD performance) or positive feedback (CD
was necessary due to the patient’s high-risk conditions, and outcomes would
have been worse if VD were performed). These feedback incidents accumu-
late over time (past outcome feedback, F1–F3), representing lessons learned,
and affect physicians’ decision models. We construct F1–F3 by counting the
total cumulative number of related incidents each physician faced over time
since starting practice (Fi = ∑fi). Finally, feedback can exist across col-
leagues, with physicians learning from each other. We have quarterly data
on current and past delivery decisions from the same hospital where each
physician works. The model randomly assigns physicians to different groups
and formulates F4 as a lagged average of CD percentage across simulated
physicians within groups. We arbitrarily assume a group size of 5 physicians,
based on group decision making studies that assume groups of 3–7 members
(e.g., Hackman and Vidmar 1970; Cummings, Huber, and Arendt 1974),
supplemented with informal conversations about our study with local physi-
cians.2 Physicians are influenced by the past decisions of their colleagues,
and their decisions influence their colleagues’ subsequent decisions. The
effect size of these four types of feedback on CD threshold is estimated in
the model calibration.3

The model also tracks CD and VD experience (ECD and EVD). After a
CD (elective or after labor), a physician gains one unit of CD experience, and
after each labor, the physician receives one unit of VD experience. Experience
decays with a delay (Huesch 2009). The feedback loops are closed by formu-
lating each internal feedback incident (f1–f3), whose probability is expressed as
a function of physician experience and patient health risk. For example, the
probability of major complication during VD decreases as a physician’s expe-
rience with VD relative to CD increases, and as the patient’s health risk
decreases.

The model in Vensim is available from the first author’s website (NG).
Consistent with Minimum Model Documentation Guidelines (Rahmandad
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and Sterman 2012), Table 1 and Appendix SA5 contain all formulations and
parameter estimates.

As Table 1 depicts, the probability of labor is a logistic function of CD
threshold (C)minus stimulus to schedule CD (S). S is operationalized as a function
of patient health risk (whether the patient had a previous CD and at least one of
the 12 indicators of risk) and preferences (whether the patient is a minority and
has a poor payer insurance status, and time to control for environmental factors
and the secular increase in CD demand). The CD threshold is operationalized
as the net force of all past feedback: more negative feedbacks about VD will
decrease the threshold, and more negative feedbacks about CD will increase
the threshold.4

Model Calibration

Parameter estimation was conducted via partial model calibration, whereby
different pieces of the model are calibrated separately (Homer 2012). Partial
model calibration is possible when there is an empirical dataset that allows
focus on different parts of the model. It is particularly effective andmathemati-
cally efficient when the model formulation consists of additive functions.
Partial calibration, in contrast to calibrating the whole model in one step, can
identify how well different parts of the model replicate reality (Oliva 2003).

The model calibration is performed via four logistic regressions. The
first regression is based on equations 1–9 in Table 1; the decision to labor is
predicted by R1, R2, P1, P2, Fem, Int, F1, F2, F3, and F4 in addition to square of
F1, F2, and F3. In addition, we controlled for the secular trend (P3) as a linear
function of time. This regression estimates the parameters from past outcome
feedback to decision. The next three logistic regressions are based on equations
23–30 in Table 1 and predict the path from decision to feedback incident (f1–f3).
The dependent variables in these regressions are f1, f2, and f3 and the indepen-
dent variables are ECD, EVD, R1, and R2 in addition to the squares of ECD and
EVD.

Simulation Runs

After calibration, the base case and scenarios were run to explore (1) the aver-
age CD trend over time, (2) the extent to which our model replicates empirical
data on CD trends, and (3) the conditions that change practice variation and
bias. The first item was assessed by simulating the base run and analyzing the
average of CD trends of the 100 simulated physicians. The second was
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Table 1: Variables in the SystemDynamics Model and Formulation

Notation Description Formulation

1: p Probability of labor, p(dVD = 1) 1/(1 + exp (S�C))
2: S Stimulus to schedule CD R + P
3: R Effect of health risk a1R1 + a2R2
4: P Effect of patient preferences a3P1 + a4P2 + a5P3
5: P3 Secular trend Time in quarter
6: C CD threshold C0 + e(F1, F2, F3, F4)
7: C0 Initial CD threshold a0 + a6 Fem + a7 Int
8: e Effect of feedback on C e1(F1) + e2(F2) + e3(F3) + e4(F4)
9: ei Effect of Fi on C a8, iFi + a9, iFi

2

10: P1 If patient hasMedicaid
or no insurance

pr(P1 = 1) = 0.45 (test 1 & 2), 0.52 (test 3)

11: P2 If patient is a minority pr(P2 = 1) = 0.57(test 1 & 2), 0.45 (test 3)
12: R1 One of 12 health risk indicators pr(R1 = 1) = 0.27 (test 1 & 2), 0.32 (test 3)
13: R2 Previous CD pr(R2 = 1) = 0.14 (test 1–3)
14: Fem Female physician pr(Fem = 1) = 0.34 (test 1), 0.43 (test 2),

0.68 (test 3)
15: Int International medical

graduate physician
pr(Int = 1) = 0.12(test 1),
0.08 (test 2), 0.18 (test 3)

16: F1 All past unplannedCD incidents ∑f1
17: F2 All past major complications

during labor
∑f2

18: F3 All past major complications
during CD

∑f3

19: f1 An unplannedCD incident pr(f1 = 1) = p1
20: f2 Amajor complication incident

during labor
pr(f2 = 1) = p2

21: f3 Amajor complication incident
during CD

pr(f3 = 1) = p3

22: F4 Lagged CD ratio of colleagues CDa þ CDb þCDc þCDd þCDeÞ=5
23: p1 Probability of f1 = 1, if d = VD 1/(1 + exp(�g1 (R1, R2, ECD, EvD))
24: p2 Probability of f2 = 1, if d = VD 1/(1 + exp (�g2(R1, R2, ECD, EVD))
25: p3 Probability of f3 = 1, if d = CD 1/(1 + exp (�g3(R1, R2, ECD, EVD))

26: gi Effect of experience and
health on fi

b0;i þ b1;iR1 þ b2;iR2 þ b3;iECD þ b4;iE
2
CD

þ b5;iEVD þ b6;iE
2
VD

27: CDx CD ratio of physician
ðCDx : laggedCDx

Average of CD decisions in a quarter

28: ECD CD experience
Pn¼t

n¼1
ðdCD;n�ECD;n�1=sÞ; n represents time periods

29: EVD VD experience
Pn¼t

n¼1
ðdVD;n�EVD;n�1=sÞ; n represents time periods

30: dCD CD decision (scheduled or
unplanned)

(1�dVD) + f1

31: τ Average number of decisions
in a quarter

47

Note. In equations 10–15, test 1 is the base run to replicate the calibration dataset, and tests 2 and 3
are two out-of-sample tests. The values come from the datasets. Parameters (exogenous values that
are constant across all agents and during the simulation) are presented by Greek letters (a, b, and τ).
The values of parameters shown as a and b are estimated in calibration and are listed in the Appen-
dix SA5. The value of τ is estimated based on Huesch (2009, p. 1974). Variables that vary across
time (such as CDThreshold) or agent (such as Female) are represented by English letters.
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assessed by conducting one in-sample comparison (comparing simulation
results with the empirical data used in the calibration exercise) and two
out-of-sample comparisons (comparing simulation results with two samples
not used in model calibration). One set of out-of-sample replications used data
from younger physicians who started practicing after 2000, to better assess
external validity. The third was addressed by three counterfactual scenarios
(Zagonel et al. 2004). We examined the extent to which bias and variation
appeared to result from experiential learning by turning off various feedback
loops and analyzing simulated physicians’ decisions in the absence of experi-
ential learning. In all simulation tests, we ran our model of 100 physicians
1,000 times to reduce noise and enhance precision.

RESULTS

Calibration Results

The Appendix contains parameter estimates from the four logistic regres-
sions used in the partial model calibration. The regressions showed statisti-
cally significant effects of past feedback (F1–F4) on decisions (p), and effects
of experience (EVD and ECD) on feedback incidents (f1–f3). In our first regres-
sion (dependent variable: decision to labor), the negative direction of the
effects of F1, F3, and F4 on decisions (p < .01) is consistent with what the theo-
ries suggest. The coefficients of the quadratic terms of F1–F3 are in the oppo-
site direction of the coefficients of F1–F3, indicating a declining marginal
effect of feedback as people receive more feedback (learning curve). The
negative coefficient for F4 shows that physicians are more likely to select CD
if their colleagues recently performed more CD. We also checked whether
experienced physicians treat more patients with a previous CD. The
effect was minor; after 1,000 deliveries, the average probability increases by
1 percent.

In the other logistic regressions (dependent variables: nonelective CD,
labor with complication, and CD with complication), we found statistically
significant effects of experience on feedback incidents (p < .01). The effect of
experience on f1 and f3 is consistent with our expectation. On average, more
VD experience (compared with CD experience) results in fewer nonelective
CD (f1), more major complication during VD (f2), and more major complica-
tion during CD (f3). The effect of VD experience on f2 is negative at the begin-
ning of practice, suggesting that when physicians are new, less VD experience
results in more labor complications.
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Estimated parameters were entered into the simulation model. First, we
compared the average of CD tendency in 100 simulated physicians (a single
simulation run, and average of multiple runs) with 100 real-world physicians
in the calibration dataset (Figure 2). The average values from the simulations
follow the average values of empirical data closely, with a correlation of
0.98. Physicians with more years of practice have an increased tendency to
performCD.5

Model Validation

Table 2 compares the simulation results with the empirical data for the
percentage of scheduled CD and total CD. The first two columns (labeled
“in-sample comparison”) compare the results of simulation and calibration
dataset. Between the first and fifth years of practice, simulated scheduled CD
increases from 11 to 23 percent (in data, from 9 to 25 percent), and total CD
increases from 22 to 32 percent (in data, from 22 to 35 percent). The next two
sets of columns (labeled “out-of-sample comparison 1” and “out-of-sample
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0 10 20 30 40 50

Data
Single Simula on
Average of Mul ple Simula ons
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Figure 2: Simulation Base Run

Note: The graph shows the average probability of scheduling CD and perform-
ing CD (scheduled and unscheduled) over time. For each of these two vari-
ables, graphs present the probabilities from data (among 100 real physicians),
single simulation run (100 simulated physicians), and average of multiple
simulation runs (simulation of 100 physicians over 1,000 different runs).
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comparison 2”) report our out-of-sample tests, validating the model by
comparing the model behavior with datasets not used during calibration. The
first out-of-sample comparison uses a random sample of physicians from the
same generation, and the second out-of-sample test uses physicians who gradu-
ated more recently. Demographic characteristics of the first out-of-sample com-
parison group differ slightly from those of the calibration group due to sampling.
The model can reasonably replicate the behavior of physicians not included in
the calibration, including younger physicians. Themodel has a particularly close
prediction in the first three time periods (year 1, years 2–3, years 4–5).

Counterfactual Analysis of Learning Effects among Physicians

Finally, we tested effects of defined experiential learning mechanisms on CD
decisions and compared them with the base test, in which all physicians start
practice from the same initial conditions. Figure 3 reports the results of the
simulation runs under three counterfactual situations for one cohort in their
10th year of practice if: (1) there was no learning from own decision outcome

Table 2: Comparison of Results of the Simulation Model with Data for Per-
centage of CD Decisions

In-Sample Comparison
Out-of-Sample
Comparison 1

Out-of-Sample
Comparison 2

Simulation Data Simulation Data Simulation Data

During 1st year of practice
Sch. CD 11% (5) 9% (8) 13%+ (5) 14%(14) 19%+ (6) 20%(11)
All CD 22%+ (7) 22% (13) 25%+ (7) 24% (16) 30%+ (7) 31% (14)

During 2nd and 3rd years of practice
Sch. CD 13% (5) 10% (7) 16%+ (6) 15% (15) 23%+ (7) 24% (8)
All CD 23%+ (7) 22% (11) 26%+ (7) 26% (8) 34%+ (8) 35% (11)

During 4th and 5th years of practice
Sch. CD 15%+ (5) 14% (9) 19%+ (6) 20% (8) 28%+ (7) 27% (9)
All CD 26%+ (7) 25% (11) 29%+ (7) 30% (10) 38%+ (8) 38% (12)

After 5th year of practice
Sch. CD 23%+ (8) 25% (13) 28%+ (8) 26% (10) 32%+ (7) 30% (15)
All CD 32%+ (8) 35% (14) 37%+ (9) 36% (12) 42%+ (8) 40% (15)

Note. Sch. CD stands for scheduled cesarean delivery, and All CD includes scheduled cesarean
deliveries as well as unplanned cesarean deliveries after labor. Standard deviations in parentheses
are in percentage points, and the ones under simulation columns show estimation of standard
deviation across a population of 100 physicians. Simulation estimates with a plus sign show that
there is no statistical difference between the model’s prediction and the data (p > .05). The first
out-of-sample comparison uses physicians who are drawn from a similar sample as those used in
the model calibration and in-sample comparison with slightly different physician characteristics.
The second out-of-sample comparison uses physicians who graduatedmore recently.
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(excluding effects F1–F3 in the model), (2) there was no effect from CD trend
in hospital (excluding effect F4 in the model), and (3) there were no learning
mechanisms (excluding effects F1–F4 in the model). Results are shown for both
scheduled CD and all CD (scheduled and emergency). The first two bars show
the percentage of deliveries that occur through CD in the base case, and the
other sets of bars display outcomes under the three scenarios. The extent to
which learning-based mechanisms explain bias can be assessed by comparing
the first two and last two bars (Base Test vs. No F1–F4). By turning off the learn-
ing mechanisms, the scheduled CD rate changes from 25 to 12 percent (the
total CD rate changes from 35 to 23 percent). The model’s estimation of
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Figure 3: What-If Counterfactual Analysis to Assess How the Percentage of
CDWould Change under Three Scenarios of Reduced Learning

Note: The bar graphs show average results from 1,000 simulation runs for the
population of 100 physicians with error bars showing the 95 percent confi-
dence intervals of estimations. Population variation is measured as the average
of the cohort-specific standard deviation across 1,000 runs. Base test is the case
of 100 physicians starting from the same initial condition. In scenario (1) we
turn off feedback loops that include the effect of F1–F3 in the model to exam-
ine what if there were no effects from one’s past decision outcomes to decision
model. In scenario (2) we turn off the effect of F4 to examinewhat if there were
no feedbacks from others’ decisions. In scenario (3) we investigatewhat if none
of the four feedbackmechanisms (F1–F4) work.
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within-cohort variation, measured as the standard deviation across physicians
in a cohort, is reported at the bottom of the figure (population variation). By
turning off the learning mechanisms, the variation across physicians in their
scheduled CD rate decreases from 6.5 to 4.7 percent (interphysician variation
in use of total CD decreases from 7.5 to 6.5 percent).

DISCUSSION

Our simulation results suggest that experiential learning contributes to
observed overuse (bias) and variation in scheduled CD decisions. The base
run simulations show an increasing trend in the CD rate as physicians start
practicing. Themodel controls for patient characteristics, health risks, whether
patients had previous c-section, and the secular trend, and does not make any
assumptions about physicians’ financial incentives to perform CD. In the
model, physicians’ decision models may change as they accumulate experi-
ence and observe the results of their previous delivery decisions. These learn-
ing-based mechanisms partially replicate variation within a cohort, variation
across different levels of experience, and the increasing trend of CD. The
results provide evidence for the hypothesis that practice variation in and bias
toward CD stem in part from the way that physicians learn from delivery
outcomes.

Contributions

This study demonstrates how experiential learning can contribute to practice
variation and bias in medicine. Despite extensive research on the potential
causes of practice variation, it cannot be explained entirely by measurable
characteristics such as physicians’ traits, financial incentives, region, and
patient preferences. By connecting the problem of suboptimal medical deci-
sions to the processes of skill development and learning from outcome feed-
back, our study differentiates itself from others that focus on financial
systems and incentives (Bodenheimer and Grumbach 2005), patients’ charac-
teristics (Institute Of Medicine 2003), physicians’ observable characteristics
(Phelps 2000; Grytten and Sorensen 2003; Rebitzer, Rege, and Shepard
2007), and regional factors (Fisher, Bynum, and Skinner 2009) as main driv-
ers of suboptimal decisions. Our approach to modeling delivery decisions
allows for current decisions to affect subsequent ones dynamically and shows
how similar obstetricians with similar patients could make different delivery
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decisions after a few years. These findings suggest that even if policies to
address the traditionally described causes of practice variation were imple-
mented perfectly, variation would continue to occur as a result of these
dynamic feedback processes.

This study makes several methodological contributions to both system
dynamics and health services research. The study differs from snapshot-
in-time studies of medical decision making (e.g., Way et al. 1998; Sorum et al.
2002). Our dynamic approach to study decision making shows how circular
feedback processes can contribute to practice variation. In addition, we
advance a prior theoretical model of medical practice (Ghaffarzadegan 2011)
by using empirical data. Because health services data are so rich, future data-
based system dynamics modeling could contribute to methodological devel-
opments in system dynamics, particularly around model calibration and
testing.

Limitations

This study has several limitations. Measurement error is unavoidable in
administrative data. Our data are incomplete in measuring potentially impor-
tant characteristics that influence delivery decisions, which is also reflected in
our simulation model. For example, our data do not distinguish between
induced versus unscheduled labor.

Some study limitations suggest avenues of future research. Our model
captures dynamic mechanisms around the supply side of health services and
for the specific case of delivery. This is a relatively simple decision (scheduled
CD vs. unplanned CD vs. VD), and future work could evaluate more complex
contexts and medical decisions. For example, additional feedback loops could
capture the importance of patients’ social networks in choosing physicians or
preferred procedures and patients’ decisions to see the same physicians for
subsequent deliveries. Former patients may recommend specific physicians to
their peers (Hoerger and Howard 1995), and physician groups may sort
patients to specific physicians based on preferences or clinical needs (Epstein,
Ketcham, and Nicholson 2010). Building on the literature of physicians’ repu-
tation formation (e.g., Navathe and David 2009), future work could examine
the interactive effects of provider selection, reputation formation, and experi-
ential learning. Finally, at the physician level more psychological theories can
be incorporated. For example, the model can be developed to consider effects
of depletion of past feedback, information overload, personal stress and
emotions, and practice guidelines.
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Other health conditions may require more sophisticated models to
capture their more complex decision processes. For example, managing
chronic mental illness includes decisions about the appropriate diagnosis, the
selection of pharmaceuticals (including the offer of multiple psychotropic
therapies), and drug dosing. Other chronic conditions such as HIV disease
may require infectious disease clinicians to interact with other specialists for
comorbid conditions such as substance use disorders or cancer, which may
further complicate the decision-making process. We refrain from estimating
the potential effects of specific interventions, such as checklists or training
programs, due to inherent limitations in our data and modeling assumptions.
We focus instead on insights into what interventions might work in the real
world, and why. Future work could combine empirical data from actual
interventions with simulation modeling to predict short- and long-term
effects on practice variation.

Policy Implications

We show that even if all determinants of practice variation that are typically
discussed in the health services literature were addressed, some practice varia-
tion and bias would occur due to experiential learning. By demonstrating the
effects of causal feedback loops, our study offers guidance to interventions to
reduce practice variation. One implication from the strong effect of early-
career experiences is that intervening during residency programs may have
lasting effects, which is consistent with other work emphasizing the impor-
tance of residency training (Asch et al. 2009; Legnini 2011). However, our
finding that CD rates increase with physicians’ years of experience suggests
that one-time interventions may not be as effective as repeated interventions.

Our findings about the effects of conditional feedback suggest that learn-
ing may differ if clinicians were provided with follow-up information on all
patients. Having full information would increase the accuracy of physicians’
perceptions of whether specific practices lead to better outcomes. Data sharing
already exists in some clinical settings, including the Society for Thoracic
Surgeons National Database, and the National Cancer Data Base. In addition,
the strong effect of colleagues’ feedback provides impetus for programs that
match clinicians with outside practices for shared learning. For example, New
York has organized quality improvement learning networks that allow HIV
primary care providers to share clinical experiences and disseminate informa-
tion. Similarly, there has been a recent interest in physician coaching services
to help clinicians maintain their skills (Gawande 2011).
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More broadly, this study illustrates how system dynamics modeling can
be used by health services researchers to develop a deeper understanding of
dynamic processes and provide guidance on the types of policies and inter-
ventions that are likely to have a positive impact. The emphasis on using feed-
back loops to generate behavior endogenously can yield important insights
into how and why outcomes may change under different circumstances. In
addition, the dynamic perspective makes system dynamics models naturally
suitable for evaluating how short- and long-run effects differ. Combining
system dynamics tools with rich public health datasets has the potential to
make methodological contributions to system dynamics and health services
research, in addition to improving program and policy design.
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NOTES

1. The word causal has different meanings across audiences and perspectives. System
dynamics models are designed to allow variables to directly influence each other
through feedback loops. System dynamicists focus on the physics of the relation-
ships and deliberately introduce feedback loops. For example, a higher birth rate in
an otherwise stable population would increase the population size, thereby generat-
ing more annual births. One explicit goal of system dynamics is to develop a deeper
understanding of the potential effects of dynamic relationships.

2. In reality, physicians’ selection of their colleagues is endogenous to the system, and
network theories explain network formation. We simplify the process to focus on
learning from outcomes.

3. Another type of feedback might exist that is arguably rare: physicians might judge
their decisions to schedule for a CD unnecessary after follow-up visits.

4. Another approach is to define CD threshold as a stock variable, and change in CD
threshold will be a function of each single feedback incidents. Although mathemati-
cally similar (ultimately, CD threshold = initial CD threshold + effect of all past
feedbacks), our approach allows us to test a quadratic effect of past feedback on the
threshold.

5. The simulation model is time discrete (Time step = 1 workday). However, we also
checked simulation results with smaller time steps (0.5 and 0.25; compared with the
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base case of 1). The overall results remain unchanged, indicating that the core
modes of behavior are insensitive to the time step.
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