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Agenda

§ Overview of some of my empirical 
research projects

§ Quick mention of some empirical methods 
in healthcare operations research

§ Getting your research published
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An empirical study of system improvement by frontline employees in hospital
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Ethnography, Interviews, 
Survey of nurses
Diff-in-Diff (Kaiser P.)

Experiments (Nursing 
conventions
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Spline (State of CA data) 

Logistic Regression 
(Rhode Island) 

Instrumental Variables 
(BIDMC)

Why Use Empirical Methods?
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Picture Source: Mckinsey.com

4. Test Effectiveness of Solution
3. Quantify Effects
2. Test theory
1. Observe PhenomenonPr
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Different Types of Empirical Methods

4. Experiments
3. (Secondary) Data Analysis 
2. Survey Research
1. Ethnographic studies
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§ Overview of some of my empirical 
research projects

§ Quick mention of some empirical methods 
in healthcare operations research

§ Getting your research published
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1. Ethnography

§ Gather data embedded in context
§ Observations, interviews, artifacts

§ Deepen understanding of context 
§ Need for rigor in methods used

§ Collecting, analyzing and presenting data

7

Example of Data Collection

8A.L. Tucker, Edmondson, A.C. 2003. Why hospitals don't learn from failures: Organizational and 
psychological dynamics that inhibit system change. California Management Review. 45(2) 1-18.
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Example of Deepen Understanding

9A.L. Tucker, Edmondson, A.C., Spear, S. 2002. When problem solving prevents organizational 
learning. Journal of Organizational Change Management. 15(2) 122-137.

What I mean by rigor

10
A.L. Tucker. 2004. The impact of operational failures on hospital nurses and their patients. Journal of Operations 
Management. 22(2) 151-169.

2. Data Analysis

11

• Continuous Outcome Variable
• Ordinary Least Squares (OLS) Regression (Song et al., 2015)

• Fixed effects, robust, and clustered standard errors

• Models for Binary or Count Outcomes
• Logistic regression (Berry Jaeker and Tucker, 2017)

• Inconsistent Relationship between Y and X variables
• Splines (Berry Jaeker and Tucker, 2016
• Mediation Analysis (Berry Jaeker and Tucker 2017)

• Endogeneity Concerns
• Difference-in-differences (Song et al. 2015)
• Instrumental Variables (Song et al. 2018)

OLS Regression
• Linear regression; the “workhorse” 

of econometric models
• Minimizes the squares of the 

errors with a linear equation
• Includes:

• An outcome variable, y
• Intercept, β0

• Explanatory and control variables, xi, 
effect size given by βi

• Error term (includes unobservable and 
omitted variables), ε

• Error term must have mean=0 and 
be uncorrelated with x’s

12
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OLS
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ln 𝐿𝑂𝑆 						 = 			𝛽)			+					𝛽+𝐗					 + 					𝛽-𝑀𝐷	𝑃𝑅𝑖𝑜𝑟	𝑃𝑇𝑠					 + 					𝜀

• If variable of interest is cumulative experience (e.g., number of 
patients treated by a physician prior to patient i) becomes a 
learning curve model

• Generally robust to model specifications (assuming no 
endogeneity), but can be made more so with
• Robust standard errors that control for heteroskedacity
• Clustered standard errors if there are observations that are likely to be correlated 

(e.g., all students in a classroom) – often used with fixed effects

Outcome variable
Log transformed 
to be normally 
distributed

Control variables with
X being a vector of 
Controls, e.g., sex, age
Month, year

Variable of interest

Just in case you wonder what is heteroskedasticity

14

Logistic Regression

§ But, if dependent variable can only be a >0 or <1
§ Linear regression would predict values outside of this range
§ Instead, we need to use a sigmoid function to force predicted 

values of y to fall between 0 and 1

§ Then solving for “y” gives us

15

𝑃 𝑦 =	
1

1 + 𝑒;<

𝑦 = 𝛽) + 𝛽+𝑋+ + 𝛽-𝑋-+…e

ln
𝑝 𝑦

1 − 𝑝 𝑦 = 𝛽) + 𝛽+𝑋+ + 𝛽-𝑋-+…e

Log Odds, also 
called “logit”

Logistic Regression

16

ln
𝑝(𝑢𝑙𝑡𝑟𝑎𝑠𝑜𝑢𝑛𝑑)

1 − 𝑝(𝑢𝑙𝑡𝑟𝑎𝑠𝑜𝑢𝑛𝑑) 						

= 			𝛽)			+					𝛽+𝐗					 + 					𝛽-𝐽𝑢𝑠𝑡𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 +⋯					+ 					𝜀

Outcome variable
1 if ultrasound; 0 if not 

Coefficient is the “log odds”, but is easier to interpret if you exponentiate the 
coefficient (eB2) to get the impact on the “odds ratio” of increasing independent 
variable of interest by 1 unit

J. Berry Jaeker, Tucker, A.L. 2017. The value of process friction: An empirical 
investigation of justification to reduce medical costs.
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Survival Analysis

17

• Probability that a person will “fail” (e.g., be discharged, readmitted, die) given 
that they have “survived” up until that point; end point is usually censored

• Based on a hazard function, and allow variables to change over time
• Often used in public policy (e.g., long term medical studies on survival), as 

well as LOS in hospitals
• Continuous and discrete with parametric and non-parametric time functions
• Survival Analysis in Medical Papers

• Kuntz et al. 2015 (Continuous w/spline, use Maximum Likelihood to estimate spline locations)
• Berry Jaeker and Tucker, 2016 (Discrete w/spline)

Excellent Resource: https://www.iser.essex.ac.uk/resources/survival-
analysis-with-stata

A Tipping Point Model

L. Kuntz, Mennicken, R., Scholtes, S. 2015. Stress on the Ward: Evidence of 
Safety Tipping Points in Hospitals. Management Science. 61(4) 754-771.

18

Spline Model

19J. Berry Jaeker, Tucker, A.L. 2016. Past the point of speeding up: The negative effects of workload saturation on efficiency and 
quality. Management Science. 63(4) 1042-1062.

Mediation
§ Updated Methods

§ K.J. Preacher, Hayes, A.F. 2004. SPSS and SAS procedures for 
estimating indirect effects in simple mediation models. Behavior 
Research Methods, Instruments, & Computers. 36(4) 717-731.

§ X. Zhao, Lynch, J., John G., Chen, Q. 2010. Reconsidering 
Baron and Kenny: Myths and Truths about Mediation Analysis. 
Journal of Consumer Research. 37(2) 197-206.

20
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Difference-in-Differences

§ Include a control organization(s) to 
account endogeneity concern
§ Effect of time on the efficacy of a treatment

21

Diff-in-diff

LO
S

Date

H. Song, Tucker, A.L., Murrell, K.L., Vinson, D.R. 2018. Closing the Productivity Gap: Improving Worker 
Productivity Through Public Relative Performance Feedback and Validation of Best Practices. 
Management Science. 64(6) 2628-2649.

Instrumental Variables
§ Used to address endogeneity concern

§ A missing variable impacts both the independent and dependent 
variable

§ Approach: Predict the independent variable with another 
variable(s) correlated with the independent variable, but 
not the dependent variable. Use the predicted values in 
your regression

22

23

Pharmacy

No PharmacyEasy & Low Access Condition 1

Difficult & High Access Condition 4

Experimenter in this Cell

Experimenter NOT in 
this Cell

3. Experiments
Lab or Field
I did a lab experiment
- Impact of Difficulty in working around 
a problem on the likelihood of 
suggesting improvement ideas

Contribute Improvement Ideas (n=137)

24

Independent 
Var.

Coefficient 
(Std error)

% 
Increase

Difficult 0.80* 
(0.37)

21%

Access -0.43 (0.44) -11%

Difficult X Access 0.28 (0.56) 8%
^ p<.10: * p<.05; ** p<.01;  *** 
p<.001. 
Control variables, constants not 
shown

CONCLUSION: Difficulty of working around has a large, positive effect on the 
contribution of improvement ideas about operational failures
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§ Overview of some of my empirical 
research projects

§ Quick mention of some empirical methods 
in healthcare operations research

§ Getting your research published

25

Editorial Statement Management Science - Healthcare 
Management Department (DE: Stefan Scholtes)

The department invites submissions that advance knowledge of how to better organize and manage the 
delivery of healthcare services in developed, emerging or developing economies. Papers will offer (2) 
rigorously evaluated insights that are of (3) significant practical relevance for 
healthcare leaders (senior managers, clinicians, policy makers).
Papers should be context-specific and problem-oriented, focusing on (1) significant challenges 
of healthcare management, including improving patient access, improving outcomes and 
patient experience, reducing costs, reducing errors, managing demand, optimizing patient flow, 
measuring and improving population health, optimizing public health programs, leveraging technology, 
engaging the workforce, developing new business models, improving alignment and coordination 
between organizations, or improving organizational learning and innovation capabilities.
The department encourages submissions that engage with current industry trends and their managerial 
challenges, such as the digitization of patient records, genomics and precision medicine, value-based 
healthcare, integrated care, patient empowerment, behavior and choice.
Papers may draw on theory across disciplines, as appropriate for the problem addressed, and use 
statistical, modelling or experimental methodologies. The department particularly 
welcomes papers that exploit large, granular datasets and leverage the emerging 
field of data analytics.  Criteria for publication are (i) the paper's potential for practical impact, (ii) 
the strength of its analysis and evidence, (iii) the originality of its main insight. The department prefers 
short and focused papers. The submission cover letter must include a brief non-technical executive 
summary for senior healthcare leaders, explaining the paper’s main insight and its practical implication 
(max 200 words).

2
6

1. Significant Challenge facing 
Healthcare Management
§ Off-Service Placement of Patients Due to High Occupancy 

§ Study done in collaboration with the Medicine Department Leadership 
at Beth Israel Deaconess Hospital in Boston, MA

§ Hospitals face capacity pressures (Best et al. 2015; Kuntz et al. 2015)

§ Exacerbated by variability in patient demand and fixed supply of 
hospital beds, at both hospital and service levels (McManus et al. 2003)

§ Periods of time when there’s limited available space for new patients
(Green 2002)

§ Patients are placed in any available bed, even if its “off service” (Armony 
et al. 2015;  Bai et al. 2018; Best et al. 2015; Dai and Shi 2017; McManus et al. 2003; Shi et al. 2013; Stretch 
et al. 2017; Xie et al. 2014)

2
7

2. Rigorously Evaluated
Data Sources (Oct 1, 2015 - Sep 30, 2016)

§ Encounter (patient-visit level), N = 52,630
§ LOS, patient characteristics, DRG, disposition, readmission, etc.

§ Census (bed-day level), N = 240,763
§ Service, on-service v. off-service indicator

§ Capacity dashboard (bed-hour level), N = 6,276,607
§ Bed status (open, occupied, reserved, closed)

§ Transfer (patient-transfer level), N = 157,807
§ Transfer time, bed ID, length of stay in bed

§ Triggers (clinical trigger event level), N = 5,088
§ Clinical trigger events include heart rate <40 or >130, respiratory rate <8 

or >30, SaO2 <90% in spite of oxygen, acute change in conscious state, 
etc.

§ Patient satisfaction (patient-visit level), N = 4,025
§ HCAHPS survey measures 28
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Instrumental Variable Approach

29

§ Relevance condition

§ and                       are each associated with                   at 
the 0.1% level.

§ Off-service placement more likely when service is busy (46% increase 
in likelihood) and when service is more congested than hospital (p < 
0.01).

§ Exogeneity condition

§ Pre-admission measures of utilization (Kim et al. 2015)

§ Unit-level utilization during hospitalization separately accounted for (Kim 
et al. 2015, Stretch et al. 2017)

(3) Practical Relevance (What will 
managers do differently as a result?)

30

Notes. Controls not shown include age, sex, DRG cost weight, complications or comorbidities, number 
of transfers, unit-level utilization and its squared term, and admission time of day. ***p<0.001, 
**p<0.01, *p<0.05

Challenges & Suggestions
§ Getting data can take a long time
§ BIDMC took 2 years just to settle on the research topic, then another year 

to get the dataset!
§ Don’t rush to ask the hospital “Will you give me data?” 

§ Answer can be “NO” if you ask too quickly, “YES” after they trust you
§ Hospitals increasingly want the researcher to pay for the time required to 

extract the data from the EHR (~$1.5K)
§ Helpful to have a physician partner. They understand and appreciate the 

value of research. Will want to be a co-author.
§ Can help to get a research grant to pay for physician’s time. (I have not 

yet done this)
§ Get something unique: Because of EHR and public datasets, there seem 

to be a lot of papers on same topic, can be challenging to convince 
review team that your paper makes a contribution beyond what has 
already been published

31

Challenges & Suggestions
§ Writing up your results
§ Start with (appropriate) most simple, most straightforward story and 

analysis
§ Often times this is OLS
§ Make sure you include descriptive statistics and be critical of them 

yourself (any red flags? Anything unusual or unexpected?)
§ Interpret the effects of your significant results in the body of the paper 

(“A x% increase in the independent variable is associated with a z% 
increase in the dependent variable”)

§ Anticipate objections and include robustness checks to convince reader 
that your results will hold

§ Explicitly address endogeneity concerns from the beginning
§ Answer the question in the discussion section: What would a manager do 

differently as a result of your study? 

32
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Thank you!

33


