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Abstract 
 

When the government changes Medicare policy, reimbursement rates often change, which 
raises the question of what effect different reimbursement rates will have on patient care. Using 
data sets from the Center for Medicare and Medicaid Services, I examine the diagnosis of major 
replacement or reattachment of the lower extremity and how the length of stay for patients 
responds to changing reimbursement rates.  I also investigate price incentives to monitor 
fraudulent coding by hospitals, or “upcoding”.  In a sample of over 470,000 patients in 2,696 
hospitals for fiscal year 2012, I find that a 1% increase in reimbursement leads to a .007% 
increase in length of stay for Diagnosis Related Group (DRG) 470 (without complications) 
patients and a .057% percent increase for DRG 469 (with complications) patients.  I then find 
that a change in the gap between DRG 470 and DRG 469 per patient reimbursements correlates 
with a change in the fraction of DRG 469 patients in a hospital.  Lastly, I comment on these 
results, which point to the evidence of price incentives in quantity of care and the possibility of 
“upcoding”. 
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I. Introduction 
The healthcare market constitutes a large portion of the United States’ economy; in 2012, the 

healthcare market comprised 17.2% of the United States’ GDP (National Expenditures, 2012).  

In addition, it represents a large draw from tax revenues.  According to the Office of 

Management and Budget, total healthcare spending represented 23% of federal outlays in 2012, a 

larger percentage than national defense spending, and Medicare alone covered 13% of federal 

spending, using over half of healthcare’s total allocation (Budget of the United States 

Government).   Due to its large percentage of federal tax dollars, programs such as Medicare 

perpetually endure considerations of restructuring and reduction in determination of the 

country’s fiscal policy.  In the case of the Balanced Budget Act (BBA) of 1997, “cuts in 

Medicare were an essential component of fiscal policy” (p.2, Cutler, 1998).  As the most recent 

manifestation of healthcare policy, the course of the Patient Protection and Affordable Care Act 

(PPACA), passed by the Obama administration during a time of continued deficit spending, 

warrants research into how and to what extent systematic changes in hospital compensations 

from Medicare enrollees affect their overall treatment.  In light of conclusions drawn from past 

research and the imminent possibility of universal healthcare coverage, this paper explores how 

provision of care (measured by length of stay) varies across hospitals that receive different 

amounts of Medicare payments for the same diagnosis.  After examining the relationship 

between quantity and price of care, this paper investigates the hospital’s behavior under the 

payment system through detection of  “upcoding”, a phenomenon in which hospitals falsely code 

a patient’s diagnosis on the bill to receive higher remuneration (Dafny, 2005).  First, I regress 

through both Ordinary Least Squares (OLS) and Instrumental Variable (IV)2 estimations the 

natural log of the patient’s length of stay against the natural log of reimbursement rate to 

establish if and by what percent quantity of care, marked by length of stay, changes in relation to 

percent changes in the reimbursement rate. Then, I use an OLS regression to estimate the impact 

that the size of disparity between payments for two different codes has on the relative frequency 

of patients in the code with higher remuneration; this regression implicates the possibility of 

fraudulent coding as a response to changing reimbursement rates. 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
2	  Brief	  explanations	  of	  OLS	  and	  IV	  estimations	  for	  non-‐economists	  can	  be	  found	  in	  section	  v	  
of	  the	  appendix.	  	  
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In 1982, Congress implemented the Prospective Payment System (PPS) in response to 

increasing healthcare costs, which resulted from the growth of interim payments issued to 

hospitals by Medicare based on hospital cost reports.  Congress implemented the PPS with the 

goal of ensuring “fair compensation for services rendered” without compromising the care 

provided to Medicare beneficiaries (Gottlober, 2001, p.3).  Medicare moved from a 

Retrospective Payment System (RPS), where “each hospital submitted a ‘cost report’ which 

itemized expenditures incurred in the hospital’s prior accounting period or ‘fiscal year’” to a 

Prospective Payment System (PPS) (Gottlober, 2001, p.2).  Under the PPS, hospitals received a 

fixed payment for a diagnosis instead of payments for each service provided (known as the fee 

for service system under the RPS (Gottlober, 2001, p.2).  From a microeconomic standpoint, this 

change in payment systems eliminated marginal reimbursements for services, leaving hospitals 

to bear all marginal treatment costs (Cutler, 1993).  Thus, the calculation of payment to the 

hospital should adequately capture the costs of all necessary treatments and services for a given 

diagnosis to ensure optimal yet not excessive care.  My research establishes a correlation 

between the calculated reimbursement rate and patient care (length of stay) by examining cross-

sectional differences to determine the presence of price incentives, and it highlights a 

consequential behavior of these price incentives in the form “upcoding”, in which hospitals 

receive more revenue from Medicare.  Analyzing both of these aspects contributes to research 

determining the competency of the Center for Medicare and Medicaid Services’ (CMS) payment 

system and the consequences of price differences or price changes for patient care and hospital 

behavior.  

Through my research and analysis, I examine how Medicare payments affect the quantity of 

care through measuring fluctuations in length of stay in response to percent changes in the 

reimbursement rate.  Specifically, I investigate this relationship for patients under the 

classifications of DRG 469 (major joint replacement or reattachment of lower extremity with 

major complication or comorbidity) and DRG 470 (major joint replacement or reattachment of 

lower extremity); generally, a patient scheduled for a hip, knee, or ankle replacement as well as 

reattachment of any portion of the leg near a joint would fall under one of these DRGs.  A focus 

on this pair of DRGs eliminates the variation and potential for biased results due to endogenous 

factors that would accompany an examination of all DRGs.  Furthermore, according to Dobson 

et al. “…major joint replacement or reattachment of lower extremity…is the most prevalent 
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condition in the Medicare population (4.7 percent of episodes) and accounts for the highest total 

Medicare episode payments...” (2012, p.ES-4).  Finally, treatment of a major joint replacement 

or reattachment of the lower extremity yields sufficient variation in length of stay to examine its 

changes in response to reimbursement.  By establishing a coefficient through regressing the 

natural log of length of stay against the natural log of reimbursement, I infer the percent change 

in quantity of care that results from a percent change in reimbursement.  I find that patients 

without complications increase length of stay by .007% for every 1% change in reimbursement 

and that patients with complications increase length of stay by .057%. These statistics show that 

DRG 469 patients, who have a mean length of stay equal to 6.856 days, could gain as much as 

half a day in the hospital with a 100% increase in reimbursement, a change in payment 

equivalent to one and a third standard deviations.  A treatment of the relationship between length 

of stay and reimbursement can contribute to an analysis of how a shock in Medicare 

reimbursement rates from the PPACA may affect the dynamic between the program’s 

beneficiaries and the hospitals that admit them.  As one extension of how payment to hospitals 

affects behavior, I create a similar estimation to the test that Dafny (2005) conducts to indicate 

the existence of “upcoding”, or fraudulent miscoding of a hospital bill to Medicare for the 

purpose of increased remuneration.  The miscoding, if undetected, results in a .0011 increase in 

the fraction of patients under DRG469 (mean .0593) with either a 10% decrease in DRG470 

payment or 10% increase in DRG469 payment, ceteris paribus.  This project focuses on data for 

hospitals in the United States during the fiscal year 2012 to capture the effects of healthcare 

policy that may indicate projections for the effects of the healthcare reforms enacted by the 

Obama administration.   

In this paper, I (1) give a brief introduction to the history of Medicare, (2) explain the 

calculations performed to determine Medicare reimbursement rates, (3) present a literature 

review on the relevant studies that motivate my research, (4) discuss the theoretical framework 

that informs my analysis, (5) describe the data used, (6) elaborate on my empirical methodology 

and predictions of these methods, and (7) conclude by providing an explanation of the results 

from my empirical work, its limitations, and implications for healthcare policy and research in 

the future. 
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I.1. A Brief History of Medicare 
Medicare, Title XVIII of the Social Security Act passed in 1965, is a federal program that 

provides health insurance for U.S. citizens of age 65 or older, people with certain disabilities, 

and patients suffering from End-Stage Renal Disease (Medicare, a Primer).  Before the advent of 

Medicare, almost half of all seniors lacked medical insurance; now, Medicare covers nearly all 

senior citizens as well as 7 million people with permanent disabilities as of 2009 (Medicare, a 

Primer).   

In 1983, Medicare moved from an RPS to a PPS and created the Center for Medicare and 

Medicaid Services, henceforth CMS (Gottlober, 2001).  Dramatic increases in Medicare costs 

due to the RPS led to this change.  The PPS entails the payment to hospitals based on a patient’s 

diagnosis as well as hospital demographics and characteristics; an organization known as the 

Prospective Payment Assessment Commission (ProPAC) advises the CMS on its calculations for 

sets of patients that fall under the same particular diagnosis, known as a Diagnosis Related 

Group (DRG) (Gottlober, 2001).  An explanation of this calculation will follow this brief history.  

The Social Security Act mandates that the CMS adjust DRG codes and weights that factor 

into the reimbursement rate on an annual basis (Gottlober, 2001).  The updates serve to reclassify 

DRGs, create new DRGs, and make any necessary changes to any of the payment weights.  

According to the guide Medicare Hospital Prospective Payment System: How DRG Rates Are 

Calculated and Updated, the three most important considerations for the CMS when deciding 

updates are: hospital productivity, resource consumption, and changing treatment patterns 

(Gottlober, 2001, p. 11).  Each year, the CMS first publishes updates in May as “proposed 

updates” for examination on the Federal Register, then “final updates” in August, which 

eventually incorporate into the payment system in October3 of that year (Gottlober, 2001, p.11).  

The difficulty for the ProPAC and CMS in avoiding both overpayments and underpayments 

to hospitals manifests through the several legislative measures, such as the Balanced Budget Act 

of 1997 and the Balanced Budget Refined Act of 1999 (Wu & Shen, 2011). Consequently, state 

and federal governments have devised additional acts in an attempt to solve this perpetual 

dilemma.  However the most relevant act, the Patient Protection and Affordable Care Act 

(PPACA)(2012) that will attempt to provide universal healthcare in the United States, remains in 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
3	  October marks the beginning of the fiscal year.  Thus, the values and measurements for the data sets in this 
research paper span from October 1st 2011-September 30th 2012	  
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its preliminary phases and cannot yet be properly examined through economic research.   Thus, a 

treatment of data during the year of its inception, 2012, will be examined to understand better 

how Medicare reimbursements and beneficiary care functioned before the national overhaul of 

United States’ healthcare. 

I. 2. An Explanation of DRG Rate Calculations 

Dafny (2005) presents a simplified version of the reimbursement rate calculation that the 

CMS undergoes for each case that a hospital undertakes, which is shown below as equation (1): 

𝑃!! = 𝑃!×(1 + 𝐼𝑀𝐸!)×(1 + 𝐷𝑆𝐻!)×𝐷𝑅𝐺𝑤𝑒𝑖𝑔ℎ𝑡!        (1)   

𝑃! ∶ ℎ𝑜𝑠𝑝𝑖𝑡𝑎𝑙  𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐  𝑓𝑎𝑐𝑡𝑜𝑟, 
𝐼𝑀𝐸! ∶ 𝑖𝑛𝑑𝑖𝑟𝑐𝑒𝑡  𝑀𝑒𝑑𝑖𝑐𝑎𝑙  𝐸𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛  𝑓𝑎𝑐𝑡𝑜𝑟  𝑓𝑜𝑟  ℎ𝑜𝑠𝑝𝑖𝑡𝑎𝑙  ℎ, 
𝐷𝑆𝐻!: 𝑝𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛  𝑜𝑓  𝐼𝑛𝑑𝑖𝑔𝑒𝑛𝑡  𝑃𝑎𝑡𝑖𝑒𝑛𝑡𝑠  𝑓𝑜𝑟  ℎ𝑜𝑠𝑝𝑖𝑡𝑎𝑙  ℎ,   
𝐷𝑅𝐺𝑤𝑒𝑖𝑔ℎ𝑡! = 𝑝𝑟𝑖𝑐𝑒  𝑤𝑒𝑖𝑔ℎ𝑡  𝑓𝑜𝑟  𝐷𝑅𝐺  𝑑 
 
However, on the CMS website, Gottlober (2001) outlines a slightly different equation that I 

derived through examination of the document’s “Payment Case Study” (p.8).  The case study 

details a step-by-step process through which the CMS calculates payment to the hospital: 

𝑃!! = 𝑙𝑎𝑏𝑜𝑟! 𝑤! + 𝑛𝑜𝑛𝑙𝑎𝑏𝑜𝑟! 𝐷𝑅𝐺𝑤𝑒𝑖𝑔ℎ𝑡! 1 + 𝐼𝑀𝐸! + 𝐷𝑆𝐻! + 𝑜𝑢𝑡𝑙𝑖𝑒𝑟    (2) 

𝑙𝑎𝑏𝑜𝑟! + 𝑛𝑜𝑛𝑙𝑎𝑏𝑜𝑟!: Standard Federal Rate for hospital classification r, 
𝑤!:𝑤𝑎𝑔𝑒  𝑖𝑛𝑑𝑒𝑥  𝑓𝑜𝑟  𝑟𝑒𝑔𝑖𝑜𝑛  𝑟, 
𝐼𝑀𝐸! ∶ 𝑖𝑛𝑑𝑖𝑟𝑐𝑒𝑡  𝑀𝑒𝑑𝑖𝑐𝑎𝑙  𝐸𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛  𝑓𝑎𝑐𝑡𝑜𝑟  𝑓𝑜𝑟  ℎ𝑜𝑠𝑝𝑖𝑡𝑎𝑙  ℎ, 
𝐷𝑆𝐻!: 𝑝𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛  𝑜𝑓  𝐼𝑛𝑑𝑖𝑔𝑒𝑛𝑡  𝑃𝑎𝑡𝑖𝑒𝑛𝑡𝑠  𝑓𝑜𝑟  ℎ𝑜𝑠𝑝𝑖𝑡𝑎𝑙  ℎ,   
𝐷𝑅𝐺𝑤𝑒𝑖𝑔ℎ𝑡! = 𝑝𝑟𝑖𝑐𝑒  𝑤𝑒𝑖𝑔ℎ𝑡  𝑓𝑜𝑟  𝐷𝑅𝐺  𝑑, 
𝑜𝑢𝑡𝑙𝑖𝑒𝑟: 𝑎𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙  𝑝𝑎𝑦𝑚𝑒𝑛𝑡𝑠  𝑚𝑎𝑑𝑒  𝑖𝑛  𝑒𝑥𝑐𝑒𝑝𝑡𝑖𝑜𝑛𝑎𝑙  𝑐𝑎𝑠𝑒𝑠   

The equation above more accurately details the inpatient PPS and depicts how each weight 

factors into the reimbursement for an inpatient with a particular diagnosis.  The 𝑙𝑎𝑏𝑜𝑟! +

𝑛𝑜𝑛𝑙𝑎𝑏𝑜𝑟!   component comprises the base payment (Standard Federal Rate), which varies among 

hospitals with large urban, other urban, and rural classifications.  From this point, a wage index 

𝑤! that adjusts to the regional location of the hospital serves as a multiplier for the base labor 

component.  This weight and 𝑙𝑎𝑏𝑜𝑟! + 𝑛𝑜𝑛𝑙𝑎𝑏𝑜𝑟!   component as well as the 𝐼𝑀𝐸 and  𝐷𝑆𝐻! 

weights serve as the primary point of variation I exploit to explore the relationship between 

length of stay and reimbursement rate.  The term 𝐷𝑅𝐺𝑤𝑒𝑖𝑔ℎ𝑡! accounts for the price weight for 

a particular DRG that will be used as one of the multipliers for the generic base rate pay to a 

hospital (Gottlober, 2001).  Hospitals can influence this factor in the short term through the 

practice of upcoding, a term that describes fraudulent categorization of a patient to a DRG with a 
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higher reimbursement weight; Dafny (2005) shows that hospitals tended to "upcode" to DRGs 

with increased reimbursement rates following a restructuring of DRG categorizations and 

payments in 1988.  I monitor the presence of this phenomenon through my empirical analysis.   

𝐼𝑀𝐸! (Indirect Medical Education) indicates the teaching status of the hospital and is an 

added payment “based on the number of full-time equivalent residents, number of hospital beds, 

and number of discharges” (Gottlober, 2001, p.9).  Given these characteristics, one can see how 

this weight remains constant in the short term but can be influenced more by hospitals in the long 

run if they choose to take on more residents, hospital beds, and discharges.  Similarly, the 

coefficient 𝐷𝑆𝐻! can be affected by a hospital’s production decisions in the long run yet not in 

the short run, for 𝐷𝑆𝐻! is an adjustment to the payment based on “a disproportionate percentage 

of care to Medicare or Medicaid eligible patients who are not eligible for Medicare Part A” 

(Gottlober, 2001, p.9).  The last adjustment, 𝑜𝑢𝑡𝑙𝑖𝑒𝑟, only affects unique cases; the payment 

specifies to the particular patient.   

II. Literature Review 
The Office of Inspector General that prepared the white paper Medicare Hospital Prospective 

Payment System: How DRG Rates Are Calculated and Updated promotes the PPS as a way to 

mitigate excessive services rendered under the fee-for-service cost-based system, claiming that it 

rewards hospitals for efficiency while incentivizing inefficient hospitals to improve their 

efficiency (Gottlober, 2001). However, some economists, including Cutler (1993), highlight that 

the burden of marginal cost pertaining to increased levels of treatment falls entirely on hospitals, 

which could lead to an undesirably low amount of care translating to adverse outcomes (Cutler, 

1993).  Thus, a debate has ensued amongst analysts concerning the efficacy of the PPS.  

Furthermore, since each reimbursement has a relatively fixed value per patient based on his or 

her diagnosis under the PPS (compared to a flexible amount based on rendered services), 

healthcare economists have also approached the topic from the angle of whether or not the CMS 

properly compensates hospitals with these fixed, DRG-specific payments.  Some economists, 

such as Dafny (2005) contribute to this debate by finding indications of “upcoding” to increase 

hospital revenue, albeit fraudulently.  Lastly, economists argue over whether hospitals operate on 

the “flat of the curve” and provide excessive, possibly detrimental care or abstain from providing 

optimal care to lower expenditures (Wu & Shen, 2011; Jacobson, Chang, Newhouse & Earle, 

2013). 
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Wu & Shen (2011) examine Medicare reimbursements with the latter approach; they seek to 

determine if the BBA of 1997 leads to insufficient or sufficient payments for hospitals through 

the PPS.  To determine the sufficiency of payments, they perform a linear regression of Acute 

Myocardial Infarction (AMI) Mortality Rate against dummy variables denoting pre and post 

BBA mortality rates among hospitals that received large cuts in revenue and moderate cuts in 

revenue (Wu & Shen, 2011).  The value of zero for all large cut and moderate cut dummy 

variables denotes a small cut hospital; small cut hospitals served as “the reference hospital 

group” (Wu & Shen, 2011, p.13).  The status of hospitals as large or moderate cut depends on an 

equation Wu & Shen use to determine the change in total revenue per discharge (2011).  They 

control for factors that affect the productive efficiency of hospitals and quality of care, such as a 

designation of teaching, public, or for-profit status and bed sizes, in order to focus only on the 

effect price reductions have on mortality rates (Wu & Shen, 2011, p.2).  Through their 

regression, they conclude that in the long-term, large cut hospitals do indeed suffer from higher 

mortality rates in congruence with payment reductions from the BBA (Wu & Shen, 2011).  

Large cut hospitals in some cases go from a position of lower mortality rate to that of a higher 

one in comparison to small cut hospitals, and in all cases the gap between mortality rates in large 

cut and small cut hospitals increases (Wu & Shen, 2011).   

Cutler (1993) also analyzes differences in mortality rates as well as readmission rates, but he 

examines the period transitioning from the cost-based RPS to the diagnosis-based PPS in an 

attempt to answer the question of whether or not the PPS is a better system for the patient.  

Cutler (1993) performs his research on a sample of hospitals in New England; he focuses on 

Massachusetts, since the state implemented the PPS later than its surrounding states.  He 

employs a linear probability model relating the chances of an “adverse event” (i.e. death or 

readmission) occurring with the effect that the introduction of the PPS has on marginal and 

average reimbursement rates, holding constant a set of state and time-specific identifiers (Cutler, 

1993, p. 10).  Through his research, Cutler (1993) concludes that the change in average 

reimbursement under PPS affects the timing of deaths (more deaths closer to or before discharge 

under the PPS), but no difference in mortality rates holds after two years.  The disappearance of 

marginal reimbursement correlates with an increase in readmission rates, though the author 

claims that this difference could have resulted from accounting errors instead of an actual decline 

in health (Cutler, 1993).  Although he finds a difference between pre and post PPS mortality 
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rates and readmission rates, he cannot definitively conclude the difference’s effects on the 

welfare of patients (Cutler, 1993).  Like Cutler, I establish how reimbursement rate can affect 

care, albeit through quantity of care (length of stay) rather than outcome (probability of an 

“adverse event”) (Cutler, 1993, p. 10). 

In their paper entitled Area Differences in Utilization of Medical Care and Mortality Among 

U.S. Elderly, Fuchs, McClellan, & Skinner (2001) seek to determine the relationship between 

utilization of care (measured as an index of resources devoted to patient care) and mortality.   

They regress an indexed measurement of mortality against an index of utilization of care, 

holding several regional socioeconomic characteristics fixed, including obesity and race.  The 

sample that Fuchs, McClellan, & Skinner use consists of Caucasian patients from age 65-84 in 

the year 1990 to minimize race interaction effects and to focus on the proportion of the 

population that accounts for about three quarters of deaths (2001).  Rather than exclusively use 

people of a certain race and age group, I control for these factors.  Using their data, the authors 

find a positive correlation between mortality and utilization; mortality had an “elasticity of .515 

(.084) in response to changes in total utilization after controlling for region, population size of 

area, education, and real income (Fuchs, McClellan, & Skinner, p. 29).  However, they note that 

the relationship between mortality and utilization could be negative if the effect of sicker patients 

requiring more care is outweighed by the effect that increased care has on improving a patient’s 

chance of survival (Fuchs, McClellan, & Skinner, 2001).  In addition, they note that the state of 

interest, Florida, contrasted with the correlation coefficient; the state had the lowest mortality 

index but highest utilization index.  Through my own regression, I control for demographic 

factors that relate to a patient’s health in order to minimize this confounding effect of prior health 

conditions in determining length of stay, a form of care utilization. 

In her paper entitled How Do Hospitals Respond To Price Changes?, Dafny (2005) studies 

how hospitals reacted to large pricing changes through a 1988 policy reform that altered the 

coding descriptions and payments for DRGs.  The reform eliminated age descriptions on 

diagnosis codes, altering the phrasing such that “‘with complications or age over 69’” truncated 

to “‘with complications’”; this alteration led to less structure to the classification of patients 

(Dafny, 2005, p.1526).  With more ambiguity in the system giving more discretion to hospitals in 

coding, the author hypothesizes that a higher increase in payment for a certain DRG leads to an 

incentive to diagnose more patients under that specific DRG.  To test this hypothesis, Dafny 
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creates a fractionpt variable that denotes the share of admissions assigned to the higher paying 

DRG reimbursement within a pair of codes.  In addition, she creates an explanatory variable 

Δspreadpt that represents the year-to-year change in disparity between the weights of two codes 

within a pair.  She controls for the large average increase in spread that happened between 1987 

and 1988 through DRG fixed effects, year dummies, a variable incorporating the underlying 

complication rate of each DRG pair, and separations of populations into young and old.  The 

positive coefficient that Dafny (2005) finds relating fractionpt to Δspreadpt indicates that 

“upcoding” in hospitals does occur.  As the difference between the higher weight and lower 

weight increases, the relative number of diagnoses yielding higher reimbursements from this 

higher weight difference increases; these results yield evidence of “upcoding”.  Like Dafny, I 

regress the fraction of admissions against the spread in payments between the two diagnoses of 

focus to demonstrate similar signs of “upcoding”; unlike Dafny, I focus on one pair of DRGs and 

use the spread between the total reimbursements instead of the weights due to data limitations 

(2005). 

From the previous literature examined, results show that reductions in Medicare payments 

can lead to lower total reimbursement and higher mortality rates (e.g. AMI) (Wu & Shen, 2011).  

Similarly, lower reimbursement rates can result in more in-hospital deaths and earlier deaths; this 

phenomenon reveals itself through Cutler’s analysis, showing that although two-year mortality 

does not vary significantly, short-term mortality rates do change (1993). Also, depending on the 

factors controlled by the regression, lower utilization of care can correlate to lower mortality 

(Fuchs, McClellan, & Skinner, 2001).  Finally, Dafny (2005) determines that “upcoding” takes 

place when Medicare policy creates financial incentives through changing the payment weights 

of DRGs.  I augment this foundation of past literature by finding a positive relationship between 

length of stay and reimbursement rate as well as supporting Dafny’s hypothesis of “upcoding” in 

the presence of altering payment differences. 

III. Theoretical Framework 
In my research I present original regressions informed by the relevant economic theories 

concerning reimbursements, patient care, and the incentives created through different 

reimbursement amounts.  Prior literature guides my choice of variables to control the right 

factors, provides inspiration for my creation of models, and influences my expectations for the 

results of my empirical analysis.  Due to the characteristics of my data as cross-sectional instead 
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of longitudinal, I adapt my model by deriving components from the work of Wu & Shen (2011), 

Fuchs, McClellan, & Skinner (2001), and Dafny (2005).  I gather explanatory variables used to 

mitigate variation in hospitals and patient mix; subsequently, I create a model similar to that of 

Dafny (2005) for estimating the impact of reimbursement disparity on the prevalence of 

“upcoding”. 

III.1. Quantity of Care and Prices  
Fuchs, McClellan, & Skinner (2001) note that compared with time-series analysis, cross-

sectional (regional) analysis has less agreement concerning explanatory factors that lead to 

improved utilization of healthcare and outcome.  The authors find explanatory power in obesity 

and smoking measures for predicting utilization; they also control for age and race but do so by 

removing nonwhite races from the sample and only choosing a select age range (65-84) (Fuchs, 

McClellan, & Skinner, 2001).  Instead of examining regional influence on length of stay in the 

way that Fuchs, McClellan, & Skinner (2001) conduct their study, I assume regional differences, 

supported by their results, and use these differences to regress how length of stay changes in 

response to changes in reimbursement across patients and hospitals.  Thus, instead of 

determining differences in utilization by region, which Fuchs, McClellan, & Skinner (2001) 

establish, I make regional differences endogenous to reimbursement differences and incorporate 

patient effects as described in their paper along with additional fixed effects found in other 

papers. 

As mentioned in the literature review, Wu & Shen (2011) determine a relationship between 

Medicare payments and length of stay.  In their analysis, they incorporate hospital fixed effects, 

such as staffed beds and hospital ownership type; given my data set, I use similar variables that 

control for number of beds and government ownership status.  Therefore, I provide further 

analysis of the relationship between Medicare payments and length of stay through a novel, 

regional lens that derives motivation and control variables from papers that indicate regional 

differences in care and a correlation between Medicare funding and length of stay. 

Given the influence of past theory, I compose my model to incorporate patient and hospital 

controls to better isolate the effect of reimbursement on length of stay.  I execute the following 

model through this framework as both OLS and IV estimations:  
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𝐿𝑂𝑆 = 𝛼 + 𝛽! 𝐿𝑛(𝑅𝑎𝑡𝑒) + 𝛽!(𝐿𝑛 𝑅𝑎𝑡𝑒 ∗ 𝐷𝑅𝐺469) + 𝛽! 𝑃𝑎𝑡𝑖𝑒𝑛𝑡 + 𝛽! 𝐻𝑜𝑠𝑝𝑖𝑡𝑎𝑙 + 𝜀  (3) 

LOS: Length of Stay (Measured in days) 
Ln(Rate): Natural Log of Reimbursement Rate  
Ln(Rate): Interaction term of Ln(Rate) and DRG469 
Patient: Patient control variables  
Hospital: Hospital control variables 

With equation (3), I try to control the patient mix and hospital traits that most affect length of 

stay outside of price changes.  This equations serves as my point of analysis to show how 

reimbursement rate affects length of stay; I elaborate on further details of the model’s 

specifications in section V.1. 

III.2. “Upcoding” and Prices 
In addition to providing analysis of length of stay in relation to hospital remunerations, I 

execute a modified version of the regression Dafny (2005) uses to supply evidence for 

“upcoding” among hospitals.  Dafny (2005) constructed her analysis to analyze the impact of the 

1988 Medicare policy that created “large price changes for 43 percent of Medicare admissions” 

(p.1525).  Essentially, the bill created more ambiguity in the coding system by taking away age 

classifications, which allows “upcoding” to occur with less risk.  Grouping DRG designations 

into pairs like the DRG pair of 469 (with complication or comorbidity or the top code) and 470 

(without, or the bottom code), Dafny creates two variables for his regression: 

 𝑠𝑝𝑟𝑒𝑎𝑑!" = 𝐷𝑅𝐺  𝑤𝑒𝑖𝑔ℎ𝑡  𝑖𝑛  𝑡𝑜𝑝  𝑐𝑜𝑑𝑒!" − 𝐷𝑅𝐺  𝑤𝑒𝑖𝑔ℎ𝑡  𝑖𝑛  𝑏𝑜𝑡𝑡𝑜𝑚  𝑐𝑜𝑑𝑒!"    (4) 

 𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛!" = 𝛼 + 𝜍𝑝𝑎𝑖𝑟! + 𝛿𝑦𝑒𝑎𝑟! + 𝜓Δ𝑠𝑝𝑟𝑒𝑎𝑑!,!!!!" ∗ 𝑝𝑜𝑠𝑡 + 𝜀!"      (5) 

The second variable created above, fractionpt shows the actual regression of the dependent 

variable against Δ𝑠𝑝𝑟𝑒𝑎𝑑!" , which is the year-to-year change in the variable spreadpt described 

in equation (4).  Spreadpt measures the difference in payment weights within the DRG pair, such 

as the difference in payment weights between 469 and 470.  Through these equations, she finds 

that the year-to-year coefficient of the variable  Δ𝑠𝑝𝑟𝑒𝑎𝑑!,!!!!"  for 1985-1986, 1986-1987, and 

1987-1988 is equal to .002, -.017, and .084 respectively, indicating that the change in policy 

leading to the change in spread explains some of the increase in patients characterized by DRGs 

in the top code relative to ones characterized by DRGs in the bottom code.  Due to the cross-

sectional qualities of my analysis and specific focus on one DRG, I modify this regression and 

maintain the same control variables as the regression for length of stay. 
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With my model, I employ an OLS regression with the same control variables to estimate 

the effects of upcoding, specifically the effect of spread, a hospital’s difference in the average 

reimbursements of DRG 469 and DRG 470, on fraction, the number of DRG 469 patients 

divided by the total number of DRG 469 and DRG 470 patients.  Equation (6) illustrates the 

calculation of spread, while equation (7) illustrates fraction: 

 𝑠𝑝𝑟𝑒𝑎𝑑 = ln 𝑚𝑒𝑎𝑛  𝑟𝑒𝑖𝑚𝑏𝑢𝑟𝑠𝑒𝑚𝑒𝑛𝑡  𝑓𝑜𝑟  𝐷𝑅𝐺469!" − ln  (𝑚𝑒𝑎𝑛  𝑟𝑒𝑖𝑚𝑏𝑢𝑟𝑠𝑒𝑚𝑒𝑛𝑡  𝑓𝑜𝑟  𝐷𝑅𝐺470  !") (6) 

𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛 = (𝐷𝑅𝐺469!"/(𝐷𝑅𝐺469!" + 𝐷𝑅𝐺470!")       (7) 

The letter i designates hospital, and j designates patient; since spread is computed with means 

and fraction with counts at the hospital level, j does not alter the value of the variable within the 

specificity of each hospital.  Each j in a particular hospital i will give the same value.  Although 

only 2,437 hospitals are regressed in this estimation, 469,935 observations are shown; each 

observation of a patient is kept in order to weight hospitals with more admissions as greater in 

explanatory power than hospitals with fewer admissions.  As with all regressions in this paper, I 

cluster standard error by hospital to control for the fact that reimbursement does not vary greatly 

within patients with similar characteristics at a given hospital.  

In conclusion, I establish a similar relationship for reimbursement rate and length of stay that 

Wu & Shen (2011) find for Medicare reductions and metrics representing care and outcome.  I 

focus on how the quantity of the reimbursement to hospitals affects the quantity of care supplied.   

I then build on this relationship by examining any possible “upcoding” in hospitals under the 

2012 PPS structure.  

IV. Data 

I draw my data primarily from sources within the CMS website.  These sources include a 

data set detailing the payment factors for 3,501 hospitals (excluding individual DRG factors), a 

file listing the addresses, latitudes, and longitudes of 4861 hospitals, and the Medicare Provider 

Analysis and Review Limited Data Set (MEDPAR LDS), which contains data for numerous 

patient characteristics of more than 600,000 cases coded as 469 or 470, such as demographics 

and diagnoses as well as financial information for their diagnoses and types of admission.  These 

three data sets provide information for the fiscal year 2012, which will serve as the year of my 

analysis.  The year 2012 marks the upholding of the PPACA by the Supreme Court, so this year 

can provide a baseline from which to measure the impact of the legislation on reimbursement 
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rates in the future.  Furthermore, due to preliminary limitations in obtaining substantial data to 

perform an analysis, 2012 was originally believed the most recent year available for collection of 

data.  By choosing the year 2012, the results from my research can provide a point of comparison 

for future research into the relationship between reimbursement rate and the provision of care; 

the more recent the data, the more relevant to future comparisons, especially in the healthcare 

market where technology rapidly increases and consequently changes costs.  Lastly, I gather 

information on county demographics such as county obesity and smoking percentages to use as 

controlled effects for my regressions; I obtain these demographics through the 2012 County 

Health Rankings4.   

The CMS holds many public use files, including the PPS Impact File for fiscal year (FY) 

2012 that details the information from the aforementioned 3,501 hospitals.  The PPS will provide 

PPS weights that influence pricing for reimbursement rates at the provider level, meaning 

individual hospitals.  The second public use file, entitled the Hospital General Information file, 

comprises geographic information that will allow me to merge the different data sets into one 

comprehensive data set.  The Hospital General Information file has the locations of all 4861 

hospitals registered with Medicare, and the two data sets have 3,345 hospitals that overlap, 

which were found with ArcGIS software through the matching of six digit provider codes that 

uniquely identify each hospital.  Figure (1) below displays the continental portion of these 3345 

hospitals: 
Figure 1: Map of Medicare Hospitals in the US 

 

 The table below displays information regarding the payment factors of these 3,345 

hospitals from which I will construct my sample data set.  The other hospitals were eliminated 

from the data set due to incomplete information concerning either their locations or payment 

factors.  Some of these 3345 hospitals are eliminated from the regression due to missing values 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
4	  2012	  County	  Health	  Rankings	  are	  gathered	  from	  www.countyhealthrankings.org,	  a	  Robert	  Wood	  Johnson	  
Foundation	  program.	  
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for control variables, but their inclusion in this table helps depict the characteristics of these 

payment weights.  These hospitals span all fifty states as well as Puerto Rico, D.C. and US 

territories: 
Table 1: Summary Statistics for Reimbursement Calculation Weights 

  Wage Index IMEOP IMECP DSHPCT DSHOPG DSHCPG 
Count 3345 3345 3345 3345 3345 3345 
Mean 0.978 0.029 0.027 0.279 0.117 0.035 
Median 0.940 0 0 0.252 0.100 0.022 
Min 0.391 0 0 0 0 0 
Max 1.934 0.685 0.527 1.237 0.849 0.264 
       St. Dev. 0.190 0.072 0.071 0.176 0.122 0.044 

Notes: This table describes the payment weights for reimbursement calculation.  
Wage Index: Factor used as a multiplier for the labor component of reimbursements 
IMEOP: The weight used to increase reimbursement for operating costs of teaching hospitals 
IMECP: The weigh used to increase reimbursement for capital costs of teaching hospitals 
DSHPCT: Percent of low economic status patients in the hospital 
DSHOPG: The weight used to increase reimbursement for DSH operating costs 
DSHCPG: The weight used to increase reimbursement for DSH capital costs 
 
These factors comprise all of the weights outside of outlier and DRGweightd, which specifies to 

the patient, and the DRGweight specifies to the diagnosis.  The IME, DSH specify to the hospital, 

and the wage index specifies to the regional area (county, metropolitan area, or metropolitan area 

as defined by the Bureau of Labor Statistics’ labor market areas (LMAs)).  Based on information 

from the Association of American Medical Colleges (AAMC) and equation (2), which I 

extracted from the CMS’ document “Medicare Hospital Prospective Payment System: How 

DRG Rates Are Calculated and Updated”, the IMEOP and IMECP sum to an aggregate IME, as 

do the DSHOPG and DSHCPG to an aggregate DSH.  The wage index factor presents the region-

specific variation in reimbursement rate calculation as a representation of cost variations across 

regions. 

I use the MEDPAR LDS for the independent variable (reimbursement rate) and dependent 

variable that measure patient care (length of stay) as well as the race, age, sex, type of admission, 

and DRG code control variables, with DRG_469 denoting the patient’s designation for a major 

joint replacement or reattachment of lower extremity with major complication or comorbidity if 

equal to 1.  The importance of distinguishing between patients of DRG 469 and patients of DRG 

470 can be seen through simple scatter plot linear fits that show the relationship between length 

of stay and reimbursement for each DRG: 
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Figure 2a and 2b: Linear Fit of ln(reimburse) vs. length of stay for DRG 469 (left, a) and DRG 470 (right, b) 

 

The linear fit has a greater slope for DRG 469 with a smaller sample size, whereas the linear fit 

for DRG 470 has a more gradual slope and larger sample size.  A pooled regression of the two 

populations in the appendix shows a difference between the slope coefficient for patients under 

DRG 470 (.021) and that of patients under DRG 469 (.388), tested at the one percent significance 

level.  The table below displays the count, mean, standard deviation, and range of the 

independent and dependent variables for both DRG 469 and DRG 470: 

Table 2: Summary Statistics for Dependent and Independent Variables 
Variable Observations Mean SD Min Max 
DRG 469      

length of stay 28455 6.856 3.926 1 67 
ln(reimbursement) 28455 9.335 1.336 0 14.084 
reimbursement 28455 16829 13156.77 1 1308577 

DRG 470      
length of stay 451409 3.366 1.439 1 51 
ln(reimbursement) 451409 8.859 1.370 0 10.792 
reimbursement 451409 10496.07 4846.797 1 48624 

Notes: This table displays the dependent and independent variable of interest for the regression of length of stay 
against ln(reimbursement), including the logarithmic transformation of reimbursement. 
 
To obtain this final sample size for the data set, I removed all observations indicated as not under 

the PPS as well as outliers in both cost and length of stay in days based on the CMS’s 

specifications; the MEDPAR LDS includes variables indicating which beneficiaries do not 

adhere to the PPS, the payment system which I analyze, or were outliers.  Furthermore, initial 

residual plots of the regressions I ran displayed a cluster of outliers in terms of the relative size of 

their standard errors compared to the rest of the data set; all of these outliers represented eight of 

the nine newborn admissions, so I removed all observations classified as newborn. Observations	  

that	  had	  a	  negative	  reimbursement	  were	  also	  removed	  due	  to	  the	  complications	  they	  
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would	  cause	  with	  the	  log	  transformation	  of	  reimbursement,	  and	  observations	  were	  also	  

removed	  if	  they	  were	  missing	  values	  in	  key	  explanatory	  variables.	  	  

Detailed	  descriptions	  and	  tables	  of	  control	  variables	  can	  be	  seen	  in	  the	  appendix.	  	  My	  

aim	  with	  the	  control	  variables	  is	  to	  hold	  patient	  health	  conditions	  relatively	  constant	  so	  as	  

to	  limit	  the	  interaction	  between	  the	  patient’s	  prior	  condition	  and	  how	  much	  care	  they	  

would	  receive.	  	  Furthermore,	  I	  try	  to	  control	  for	  other	  factors	  that	  would	  affect	  a	  patient’s	  

length	  of	  stay,	  such	  as	  his	  or	  her	  health	  conditions	  and	  habits.	  	  Previous	  literature	  indicates	  

that	  the	  two	  most	  significant	  factors	  for	  patient	  health	  in	  relation	  to	  care	  received	  come	  in	  

the	  form	  of	  obesity	  and	  smoking	  habits,	  which	  both	  influence	  overall	  health	  and	  could	  lead	  

to	  complications	  and	  comorbidities;	  these	  two	  statistics	  display	  high	  collinearity.	  	  Thus,	  I	  

use	  the	  variable	  with	  a	  coefficient	  displaying	  a	  higher	  significance,	  county	  smoking	  

prevalence	  as	  a	  percentage,	  to	  predict	  prior	  health	  conditions.	  	  The	  next	  section	  describes	  

the	  proposed	  regressions,	  their	  rationale	  and	  intuition,	  and	  results.	  	  

V. Empirical Specifications and Results of Regressions 

 V.1. Specification and Results (Length of Stay and Reimbursement)  

The next step of my analysis involves a regression equation that quantifies the difference 

in length of stay in response to changes in reimbursement, holding several patient and hospital 

characteristic effects constant.  The equation below, also shown in section III, displays the OLS 

regression for length of stay against reimbursement rate, holding patient and hospital 

characteristics fixed: 
𝐿𝑂𝑆 = 𝛼 + 𝛽! 𝐿𝑛(𝑅𝑎𝑡𝑒) + 𝛽!(𝐿𝑛 𝑅𝑎𝑡𝑒 ∗ 𝐷𝑅𝐺469) + 𝛽! 𝑃𝑎𝑡𝑖𝑒𝑛𝑡 + 𝛽! 𝐻𝑜𝑠𝑝𝑖𝑡𝑎𝑙 + 𝜀  (5) 

LOS: Length of Stay (Measured in days) 
Ln(Rate): Natural Log of Reimbursement Rate  
Ln(Rate): Interaction term of Ln(Rate) and DRG469 
Patient: Patient control variables  
Hospital: Hospital control variables 

The Patient control variables include age brackets, a dummy for the male sex, dummies for the 

races black, Hispanic, Asian, North American Native, and other non-white, county smoking 

percentages, and type of admission dummies for urgent and elective admissions.  A marital status 

dummy, and a dummy differentiating patients with and without children were originally 

proposed but were not incorporated into the model due to difficulty in data mining and lack of 

specificity for each patient. Hospital control variables include number of hospital beds, and a 
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dummy for government-owned hospitals.  Other variables, such as patient volume and a 

nonprofit dummy, were removed due to high variable inflation factors or multicollinearity 

problems.  In addition to the OLS model, I construct a two stage least squares instrumental 

variable (IV) regression, which maintains the same control variables, with Ln(Rate) instrumented 

by the area’s wage index, a weight in the calculation of the reimbursement rate.  The IV 

estimation also separates DRGs 469 and 470 due to the lack of instrumentation for the 

interaction term.  This model instruments the key explanatory variables in an attempt to mitigate 

unknown endogenous variation; it provides a complimentary perspective to my OLS equation.   

The Hospital control variables, such as hospital beds, patient volume, and hospital 

designation align with the control variables of the regression shown in the working paper by Wu 

& Shen (2011).  The patient characteristics such as age, race, obesity, and smoking habits come 

from a working paper by Fuchs, McClellan, & Skinner (2001) that examines Medicare utilization 

and mortality across regions.  These variables as well as the sex variable and DRG designation 

serve to compensate for a lack of proprietary knowledge on patients’ more specific conditions 

and history as indicators of each patient’s general health and ability to undergo procedural care.  

To account for heteroskedasticity I cluster the observations by hospital. 

Table (3) displays the OLS regression of the pooled data set of both DRG 470 (major joint 

replacement or reattachment of lower extremity without major complications or comorbidities) 

and DRG 469 (major joint replacement or reattachment of lower extremity with major 

complications or comorbidities); the OLS establishes a correlation between the natural log of 

reimbursement (measured in 2012 US dollars) and the natural log of length of stay for patients 

measured in days.  The interaction term of lnreimbursement*DRG469 represents the additional 

percent change in length of stay that a patient with DRG469 would receive if the reimbursement 

increases by 1%.  Thus, this estimation indicates that a 1% change in reimbursement for patients 

in DRG 470 correlates with a less than .01% (0. 0072241) change in length of stay, while a 

patient grouped in DRG 469 would experience an additional .05 % change in length of stay.  Due 

to the large standard deviations in reimbursement for both DRG 469 and DRG 470 patients 

(standard deviations of 13,156.77 and 4,846.797, respectively) in comparison with their means 

(16,829.16 and 10,496.07), a percent change in reimbursement rate can surpass 100% and greater 

than 90% within two standard deviations of the mean for DRGs 469 and 470, respectively. 

  



	   	   	  

	   	   21	  

 Table 3: Ordinary Least Squares and Instrumental Variable Estimations for DRGs 469 and 470 
Dependent Variable: ln(length of stay)    Variable   Coefficient (OLS) Coefficient (IV)  
Constant  1.36*** .668 

  (.035) (1.21) 
ln(reimbursement)  0.007*** .080 

  (0.002) (.136) 
ln(reimbursement)*DRG469  0.050*** .048*** 

  (.0005) (.006) 
Male  -0.041*** -.0404*** 

  (.002) (.002) 
Hospital Characteristics:   

Government Hospital  0.022* .007 

  (.011) (.028) 
Beds  0.00004** .00006 

  (0.00002) (.00004) 
Types of Admission:    Elective  -.383*** -.375***  

  (0.009) (.015)   
Urgent  -.199*** -.201***  

  (.015) (.017)  
Patient Age Brackets:    65-69  -.043*** -.038***  

  (.003) (.008)  
70-74  -.011*** -.003  

  (.003) (.012)  
75-79  .031*** .036***  

  (.003) (.009)  
80-84  .075*** .078***  

  (.003) (.005)  
85-89  .108*** .107***  

  (.004) (.006)  
90+  .126*** .121***  

  (.007) (.012)  
Race Categories    

Black  .072*** .079***  

  (.005) (.017)  
Hispanic  .0858*** .100***  

 
Asian  

(.0086) 
.0592*** 

(.024) 
.063**  

Native American and Alaska  

 (.0091) 
.0372* 
(.0209) 

(.011) 
.019 
(.039) 

 

Other Non-White 
   

.030*** 
(.007)  .042*** 

(.019)  

Smoking 
 

Obesity 
 

 

.005*** 
(.001) 

-.003** 
(.001) 

.003* 
(.002) 

- 
- 

 

F(19, 2695); Wald chi^2   862.10 15844.22  

Clusters  2696 2696  
Observations  476765 476765  
R2   0.294 0.234  
 Notes: This table relates the natural log of reimbursement to the natural log of the length of stay to show the 
 length of stay to capture the relationship between changes in reimbursement and length of stay as an elasticity.  The variable 

lnreimbursement*DRG469 is an interaction term between the reimbursement and diagnosis of 469.  Other variables include 
type of admission, sex, age, race,  a hospital dummy and  beds in each hospital. Obesity was omitted from the IV regression 
due to suspected correlation with the instrument.  Robust Standard Errors given in parenthesis ***p<.01 **p<.05 *p<.10. 
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Thus, the predicted change in length of stay could reach over 5% (over a third of a day) for DRG 

469 patients and .6% (less than a tenth of a day) for DRG 470 patients.   

Table (3) also shows a two-stage least squares instrumental variable (IV) estimation for 

DRG470 (no major complications or comorbidities), displaying how the IV matches with the 

OLS in this type of scenario.  In the first stage, the instrumental variables Wage and an 

interaction between Wage and DRG 469 are used to instrument ln(reimbursement)  and 

ln(reimbursement)*DRG469, respectively.  Wage plays a significant role in the variation of the 

reimbursement rate in the calculation by the CMS of reimbursement.  Table (4) displays the first 

stage estimations to show the relationships between the instrumental and instrumented variables:  
Table 4: First Stage of Two-Stage Least Squares IV Estimation 

Dependent:   ln(reimbursement) ln(reimbursement)*DRG469 
Variable   Coefficient Coefficient 
Constant  8.821*** 0.016*** 

  (.193) 0.0008 
Wage; Wage*DRG469  0.066 9.04*** 

  (0.200) (0.051) 
F(1, 2753)   0.11 31087.01 
Clusters  2754 2754 
Observations  479864 479864 
R2   0.0001 0.9513 
Note: This table shows  the first stage of the two-stage least squares IV estimation.  The first column displays 
coefficients for Wage instrumenting ln(reimbursement); the second column displays coefficients for 
Wage*DRG469 instrumenting ln(reimbursement)*DRG469.  Robust Standard Errors given in parenthesis 
***p<.01 **p<.05 *p<.10.   
 

The instrumented variables ln(reimbursement) and ln(reimbursement)*DRG469 show 

different levels of significance in their relationships with the instrumental variables; although 

Wage does not correlate with ln(reimbursement) with great significance, Wage does in fact 

correlate with reimbursement_amount with an F-stat of 64.09 and p-value<.01.  However, a 

regression using the natural log of Wage omits the interaction term between DRG469 and 

ln(reimbursement) while still maintaining a significance level of p>.1 for the explanatory 

variable of interest.  Thus, an IV estimation with lnWage as the instrument would display similar 

trends and interpretations as the IV estimation shown in table (4), and this table can be used for 

the purposes of this paper.  Furthermore, although the IV estimation shows insignificant results 

fort the variable of interest, it follows a similar pattern as the OLS, at least with its explanatory 

variables, while controlling for the same factors where possible.  The IV estimation’s 

explanatory variable ln(reimbursement) shows significant interaction with Obesity percentage, so 
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Obesity is omitted from that model.  In this estimation, the dependent variable ln(length of stay) 

is regressed against the natural log of reimbursement.  A percentage change here has a more 

significant impact on the length of stay for the patient, but since results do not display significant 

p-values, they remain inconclusive. 

For examination of the control variables, table (5) displays results from separate OLS 

regressions for patients under DRG 469 and DRG 470: 
Table 5: Relevant Coefficients from OLS Regressions for DRG 469 and 470 

Variable   DRG 469 DRG 470 
Male  -.046*** -.088*** 

  (.023) (.006) 
Hospital Characteristics:    Government Hospital  .103 .087** 

  (0.117) (.037) 
Beds  .001*** .0001** 

  (.0002) (.00006) 
Types of Admission:    Elective  -2.18*** -1.71*** 

  (.062) (.045) 
Urgent  -.715*** -.988*** 

  (.102) (.070) 
Patient Age Brackets:        65-69  .121 -.145*** 

  (.091) (.010) 
70-74  .660*** -.058*** 

  (.100) (.010) 
75-79  .771*** .070*** 

  (.094) (.010) 
80-84  .887*** .225*** 

  (.097) (.012) 
85-89  .972*** .376*** 

  (.010) (.018) 
90+  .707*** .546*** 

  (.107) (.033) 
Race Categories    Black  .607*** .276*** 

  (.110) (.019) 
Hispanic  .275 .311*** 

  (.224) (.035) 
Asian  -.240 .240*** 

  (.204) (.038) 
Native American and Alaska Native 0.037 .129 

  (.322) (.089) 
Other Non-White  .264 .119*** 

   (.311) 
 

(.024) 
 

Notes: This table shows the coefficients of the control variables for the separate regressions of the length of stay 
against the natural log of reimbursement for both DRG 469 and DRG 470.  This table mainly serves to compare 
and describe the relationship between the control variables and the dependent variable. Robust Standard Errors 
given in parenthesis ***p<.01 **p<.05 *p<.10. 
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The coefficient for the dummy variable male not only differs in magnitude but also in 

size between the diagnoses.  Men may develop more complications and comorbidities due to 

riskier behavior and subsequently poorer health habits of traumatic injury but are more robust to 

the procedures when no complications or comorbidities are present and thus do not stay a the 

hospital as long when no complications exist.  In the pooled regression, the coefficient for males 

is closer to that of the coefficient in the DRG 470 OLS regression, albeit opposite in sign.  

Although insignificant in the OLS regression for DRG 469, the coefficient for a government 

hospital designation dummy is opposite in sign between the IV and the OLS for DRG 470; this 

contrast brings an intriguing result that prompts the necessity for further research into the role of 

government hospitals in patient care.  The Type of Admission variables display similar signs and 

behaviors among all regressions; the Elective coefficient is larger in magnitude in the DRG 469 

regression, indicating a longer stay when the admission is not elective.  In addition, the 

coefficient for Urgent in the DRG 469 raises curiosity, as it represents a variable estimation 

larger than that of the other regressions; it is possible that the distinction between Urgent and 

Elective are not large.  General trends for the ages can also be observed; for DRG 470, there 

seems to be a critical age range, 75-79 in which the patient loses resistance to the exhaustion of 

the operation and must have a longer time to recuperate.  For DRG 469, it appears that the 

coefficient for age always results in a longer length of stay, perhaps due to the severity of 

complications and comorbidities.  The coefficient increases as age increases until above the age 

of ninety, an age when some beneficiaries may die from the injury and its complications.  The 

stark difference between the black coefficient for DRGs 469 and 470 remains without concrete 

explanation but may prove an interesting subject for further research.  The other race variables 

either failed to produce significant results or followed a predictable pattern in tune with the 

coefficients for the instrumental analysis. 

 V.2. Specification and Results (“Upcoding” and Reimbursements) 
The OLS model I use for my analysis of upcoding is depicted below: 

𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛 = 𝛼 + 𝛽!𝑠𝑝𝑟𝑒𝑎𝑑 + 𝛽! 𝑃𝑎𝑡𝑖𝑒𝑛𝑡 + 𝛽! 𝐻𝑜𝑠𝑝𝑖𝑡𝑎𝑙 + 𝜀     (3) 

𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛 = (𝐷𝑅𝐺469!"/(𝐷𝑅𝐺469!" + 𝐷𝑅𝐺470!")       (7) 
𝑠𝑝𝑟𝑒𝑎𝑑 = ln 𝑚𝑒𝑎𝑛  𝑟𝑒𝑖𝑚𝑏𝑢𝑟𝑠𝑒𝑚𝑒𝑛𝑡  𝑓𝑜𝑟  𝐷𝑅𝐺469!" − ln 𝑚𝑒𝑎𝑛  𝑟𝑒𝑖𝑚𝑏𝑢𝑟𝑠𝑒𝑚𝑒𝑛𝑡  𝑓𝑜𝑟  𝐷𝑅𝐺470  !"  (6) 
Patient: Patient control variables  
Hospital: Hospital control variables 
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I keep the majority of patient and hospital control variables but remove county smoking and 

obesity percentage effects due to omission by statistical software or low explanatory power 

(p>.9).  The low explanatory power most likely resulted from the fact that the observations, 

unlike the length of stay analysis, generalize to hospital means instead of individual patients.  I 

tested to see if separating the analysis into young and old strata like Dafny’s regression delivered 

significantly different results, but due to their similarity I pool young and old populations for my 

regression (2005). 

Table (6) below depicts a regression that attempts to indicate upcoding, a phenomenon 

discussed by Dafny (2005) in which hospitals have incentive to falsely categorize a patient in a 

DRG with a higher reimbursement.  As the difference in the natural log reimbursements between 

DRG 469 and 470 increases, the fraction of DRG 469 patients in the population increases; a one 

percent increase in the reimbursement of DRG 469 over the reimbursement of DRG 470 leads to 

an increase in the fraction of DRG 469 patients by .0110364 with a p value less than .01.  

Considering the standard deviation in fraction of DRG 469 patients of .0367 and the mean of 

.0602, the magnitude of this change is fairly significant considering the standard deviation of 

spread(.2510).  For example, an increase in spread by one standard deviation increases the 

fraction by .0028, approximately a 4.6% increase in fraction, centered at the mean.  It is 

interesting that only the age brackets of 75-79 and 80-84 display a positive increase in fraction, 

yet the fact that the two variables represent adjacent age groups matches the intuition that people 

near the same age would affect the fraction in a similar way.  Furthermore, all but North 

American Native show an increase to the fraction from the baseline race of white, indicating that 

other races show a greater tendency for admission to a hospital with a greater fraction of patients 

with major complications or comorbidities.  Although not always the case, hospitals tend to 

receive a higher reimbursement for patients given a DRG of 469 than ones given a DRG of 470 

(ceteris paribus), implying a price incentive to code more patients, possibly falsely, under the 

DRG 469.  As seen in table (6), a 10% decrease in DRG 470 payments or 10% increase in DRG 

469 patients (an upward movement of spread) translates to a .0011 increase in the fraction of 

DRG 469 patients.  Difference between mean reimbursements for a given hospital is $6,048, 

increase in the mean fraction from .059 to .06; given this average difference in reimbursements 

and the small change in fraction of DRG 469 patients, which results in less than on code-
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switched patient for a 10% change in the spread, “upcoding” does not appear to create significant 

economic inefficiencies in the policy. 
Table 5: Ordinary Least Squares Regression for the Presence of Upcoding 

Dependent: Fraction   Variable   Coefficient 
Constant  .051*** 

  (.004) 
Spread  .011*** 

  (0.003) 
Male  -.0002 

  (.0001) 
Hospital Characteristics:   Government Hospital  .005* 

  (.003) 
Beds  0.00001** 

  (.000004) 
Types of Admission:   
   Elective  -.014*** 

  (0.001) 
Urgent  -.007*** 

  (.002) 
Patient Age Brackets:   
   65-69  -.005*** 

  (.0004) 
70-74  -.005*** 

  0.0004 
75-79  .004*** 

  (.0004) 
80-84  .003*** 

  (.0005) 
85-89  -.002*** 

  (.0006) 
90+  -.002*** 

  (.0008) 
Race Categories   
   Black  .003*** 

  (.001) 
Hispanic  .005** 

  (.002) 
Asian  .009*** 

  (.002) 
Native American and Alaska Native -.004 

  (.003) 
Other Non-White  .002** 

  (.001) 
F(18, 2436)   24.27 
Clusters  2437 
Observations  469935 
R2   0.0542 
Notes: This table shows the regression of the fraction of DRG 469 patients over DRG 469 
and 470 patients against the difference between the natural logarhythms of reimbursement rate between DRG 469 
and 470.  As the difference between DRG 469 reimbursements, which I expect to usually be larger, and DRG 470 
reimbursements widens, the fraction of patients under the code of DRG 469 increases.  This phenomenon introduces 
tentative evidence that hospitals are upcoding to increase revenue.  Robust Standard Errors given in parenthesis 
***p<.01 **p<.05 *p<.10. 
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VI.	  Conclusion	  
This paper shows that a 1% increase in reimbursement results in a .057% increase in length 

of stay for patients under DRG 469 and .007% change for patients under DRG 470.  The paper 

then shows that a 10% increase in DRG 469 reimbursement or 10% decrease in DRG 470 

reimbursement increases the fraction of DRG 469 patients by .0011.  The change in length of 

stay for the average patient amounts to less than half a day lost or gained in response to a 100% 

reduction or growth in the reimbursement rate, respectively, and the increase in revenue for a 

hospital exercising a typical amount of “upcoding” for this particular diagnosis pair is on average 

less than $6,048.  Although they only implicate small changes in length of stay and small-scale 

“upcoding” practices, these results point to specific trends that happen significantly as a result of 

Medicare policy, and they should receive due consideration when policymakers enact reforms 

that would deliver payment shocks to hospitals.  Furthermore, the CMS should scrutinize the 

current payment structure for the PPS to see if they can adjust their calculations in 

reimbursement to reduce variation in length of stay for a patient based on his or her hospital of 

admission.   

Looking forward, these results point to the necessity for future research both in examining 

the impact of the Patient Protection and Affordable Care Act (PPACA) longitudinally and in 

examining how length of stay relates to outcome, including a look into what length of stay either 

maximizes the probability of an optimal outcome or displays diminishing marginal returns in 

regards to outcomes.  In addition, further exploration into the prevalence of “upcoding” could 

reveal the cost of preventing the practice to see if an economic advantage does in fact exist after 

consideration of the costs.  The PPACA most likely has shocked or will shock the dollar value 

assigned to hospital payments, and, with more funding and time, research would reveal how 

these shocks truly impact both Medicare and Medicaid beneficiaries as well as people insured 

from entities outside of these two government programs.  Lastly, continued research would shed 

more light on how these kinds of policies directly and indirectly affect the sustainability and 

behavior of current system of hospitals and their ability to provide modern, quality care to even 

the most rural and destitute counties of the United States. 
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Appendix 

i. Beneficiary Characteristics 
 

Table A1: Sex Distribution in Data Set 
Variable Observations Percent 

DRG 469  
 Male 10617 37.31 

Female 17838 62.69 

Total 28455 100 

DRG 470   
Male 156211 34.61 

Female 295198 65.39 

Total 451409 100 

Total 479864 - 
   Notes: Distribution of sex by count and percent for both DRGs. 
   Interestingly, about one third of the patients are males, while  
   the remaining 65.2 percent are males.  There is not much  
   variation in the relative frequencies across DRGs. 

 
Table A2: Race Distribution in Data Set 

Variable Observations Percent 
DRG 469   Unknown 99 0.35 

White 25263 88.78 
Black 2083 7.32 
Other 254 0.89 
Asian 270 0.95 
Hispanic 362 1.27 
NA Native 124 0.44 
Total 28455 100 

DRG 470   Unknown 2131 0.47 
White 404490 89.61 
Black 28981 6.42 
Other 5231 1.16 
Asian 3404 0.75 
Hispanic 5346 1.18 
NA Native 1826 0.4 
Total 451409 100 

Total 479864 - 
Notes: Distribution of race by count and percent for both 
DRGs. The vast majority of cases are white, with the next 
largest demographic correspons to black. 
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Table A3: Age Distribution in Data Set 
Variable Observations Percent 
DRG 469   Under 25 10 0.04 

25-44 203 0.71 
45-64 2226 7.82 
65-69 4227 14.86 
70-74 3619 12.71 
75-79 4243 14.91 
80-84 5018 17.63 
85-89 4972 17.47 
90+ 3937 13.84 
Total 28455 100 

DRG 470   Under 25 38 0.01 
25-44 2472 0.55 
45-64 39379 8.72 
65-69 101028 22.38 
70-74 105325 23.33 
75-79 88085 19.51 
80-84 63993 14.18 
85-89 35055 7.77 
90+ 16034 3.55 
Total 451409 100 

Total 479864 - 
Notes: Distribution of age by count and percent for both 
DRGs.  Both DRGs exhibit a slightly left skewed 
distribution, but the fact that Medicare is a program 
primarily for elderly citizens over the age of 65 justifies 
this skewness. 

 
Table A4: Summary Statistics for County Smoking Percentages 

  Observations Mean St. Dev. Min Max 

DRG 469 28268 19.22253 4.330739 3.5 36.7 

DRG 470 448497 18.94365 4.27392 3.5 36.7 

Combined 476765 18.96019 4.277812 3.5 36.7 

Notes: County percentages of people who smoke by DRG and combined. 
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ii. Hospital Characteristics 
Table A5: Government Hospital 

Variable Observations Percent 

DRG 469  
 Non Government 24985 87.81 

Government 3470 12.19 
Total 28455 100 

DRG 470   
Non Government 401560 34.61 
Government 49849 65.39 
Total 451409 100 

Total 479864 - 
Notes: This table is a count of the government and 
non-government hospitals by DRG. 

    
iii. Pooled Regression to Show Variance in DRG 469 and 470 Patients 

 
Table A6: Ordinary Least Squares Pooled Regression of DRG 469 and 470 

Dependent: length of stay   
Variable   Coefficient 

Constant  3.185 

  (0.059) 
ln(reimbursement)  0.021 

  (0.006) 

ln(reimbursement)*DRG469  0.367 

  (.0038) 

F(19, 2695)   4735.53 
Clusters  2754 
Observations  479864 

R2   0.1906 

Note: This table shows a pooled regression of the explanatory variable of interest. 
Robust Standard Errors given in parenthesis ***p<.01 **p<.05 *p<.10. 
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iv. “Upcoding” Regression Summary Statistics 
	  

Table 2: Fraction and Spread Summary Statistics 
Variable Observations Mean St. Dev. Min Max 
Fraction 479864 0.059 0.037 0 1 
Spread 472624 0.437 4.330739 -3.15 2.48 
Notes: This table shows the variables of interest for the "upcoding" analysis, with Fraction being the fraction of 
DRG 469 patients over DRG 469 and 470 patients and Spread being the difference between the natural logs of DRG 
469 and DRG 470 payments. 
	  

v. Brief	  Explanations	  of	  OLS	  and	  IV	  Estimations	  for	  Non-‐Economists	  
a) OLS	  Estimation:	  An	  OLS	  estimation	  is	  analogous	  to	  a	  line	  of	  best	  fit	  but	  is	  

applied	  to	  multi-‐dimensional	  functions	  in	  ways	  that	  a	  line	  of	  best	  fit	  
cannot	  be	  applied.	  This	  method	  involves	  minimizing	  the	  distance	  
between	  the	  predicted	  value	  and	  the	  actual	  value	  such	  that	  the	  sum	  of	  the	  
square	  of	  all	  these	  distances	  is	  smaller	  than	  any	  other	  alternative	  
estimation	  (Woolridge,	  2012).	  

b) IV	  Estimation:	  An	  IV	  estimation	  is	  used	  when	  there	  is	  reason	  to	  believe	  
that	  a	  factor	  unaccounted	  for	  in	  the	  estimating	  equation,	  or	  variable	  
omitted	  from	  the	  function,	  is	  causing	  the	  error	  term	  (the	  difference	  
between	  the	  predicted	  and	  observed	  value)	  to	  be	  correlated	  with	  the	  
dependent	  variable.	  For	  example,	  certain	  unquantifiable	  or	  unobservable	  
effects	  in	  patient	  care	  can	  affect	  the	  length	  of	  stay	  for	  that	  patient.	  An	  IV	  
estimation	  helps	  mitigate	  the	  bias	  from	  this	  omission	  (the	  correlation	  
between	  error	  and	  dependent	  variable)	  by	  instrumenting	  one	  variable,	  
such	  as	  reimbursement	  rate,	  with	  another	  variable,	  such	  as	  wage	  rate.	  
The	  instrument	  must	  be	  correlated	  with	  the	  instrumented	  variable	  but	  
cannot	  be	  correlated	  with	  the	  error	  term	  (Woolridge,	  2012). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 


