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~ Generally there has been concern over high

health care costs in developed countries

~ Politicians tend to think that there is fat to be

cut in the HC system and that costs are easily

controlled by cutting fat.

~ Problem: often “gain ing efficiencies” actually

means cutting costs by reducing output (i.e.

amount of delivered care)
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~ There is a difference between moving onto the

production or cost function and moving along

it.

[image: image4.png]What does efficiency mean?




~ To an economist it means producing the most

with the resources you’ve got at minimum cost

~ At minimum cost means that we aren’t wasting

resources that cou ld allocated toward providing

more care

~ Need objective way of assessing efficiency to

ensure that we are indeed cutting fat and not

muscle.
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~ In a market system we assume that inefficient

firms will go out of business.

~ In the public sector, these pressures are much

weakened

~ Some analysts take the view that, because of this,

public sector entities are inherently inefficient.

~ No reason for this to be the case, so long as

there is a well-defined objective function. Cost

functions apply as much to NFPs like hospitals as they

do to FP firms—it’s a question again of allocating

resources efficiently regard less of your objective

fu nction.
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~ We still need ways of investigating productive

and cost efficiency in non-market settings.

~ Policy makers are increasingly looking to

league tables – believe there is a single

sufficient statistic for efficiency scoring.

~ Role of policy economists is to analyze the
different approaches which have been

proposed and evaluate their strengths and

weaknesses.

~ Protect the system from policy makers

looking for a quick fix.
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~ Even in a system where many or most units are

efficient, we need a method of identifying a

handful of systematically inefficient ones.

~ We will talk about approaches to direct

measurement of inefficiency: how far a
production unit is from the cost or production
function.

~ Controversy in the literature regarding measurement of

efficiency both in terms of its validity and in terms of

which method to use –most commonly Data

Envelopment Analysis (DEA) or Stochastic Frontier

Estimation (SFA)
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~ Shows the minimum cost way of producing

different levels of output

~ People also get notion that cost efficiency

means working resources (staff and capital)

harder but for health care institutions, that
tend to take a long run view, that may

simply mean increasing costs in the future

(because depreciating resources faster)
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[image: image49.png]How is cost efficiency measured?




[image: image50.png]


[image: image51.png]



[image: image52.png]


[image: image53.png]Methods in Brief—-DEA
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[image: image55.png]DEA, OLS and the TRUE with
inefficiency
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[image: image79.png]SFA and OLS inefficiency, sorted by increasing patient days




[image: image80.png]OLS and Median regression inefficiency scores, sorted by
increasing patient days




[image: image81.png]Inefficiency scores, SFA and 20™ percentile, sorted in order of
increasing patient days




[image: image82.png]Alternate view: median and OLS inefficiency sorted in decreasing order of median
inefficiency
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[image: image83.png]Median and SFA inefficiency sorted in order of decreasing median inefficiency
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[image: image84.png]SFA and 20" percentile inefficiency scores sorted in decreasing order of 20"
percentile inefficiency
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Empirical dataset with random noise and

inefficiency
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~ With random noise present in the data, there will

be a mix of hospitals for example, that are just

randomly observed to be above the cost frontier

and some that are above because they are

inefficient

~ The empirical issue is how to distinguish
between random noise and inefficiency?

~ In particular, how do we estimate the fully efficient

cost function using a data set in which an unknown

number of units may be inefficient to an unknown

degree.
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~ Takes the assumption that the cost function is a

minimum value function a little too literally and

doesn’t allow for the possibility that random

noise may cause costs to be distributed around

the cost function

~ It may mean that DEA actually forms an envelope
around observations that contain large negative

disturbance elements.

~ IOW, there is the possibility that depending on

the degree of noise in the data, DEA may

overestimate the degree of inefficiency
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[image: image16.png]SFA—Cost function
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~ MLE approach that tries to fit the cost function and

allocate deviations from it between random noise and

inefficiency

~ It is fully parametric in that one must assume a functional

form for the cost function (usually Cobb-Doug las or

Translog), a distribution for the random error term

2
(usually N~(0, σ )) as well as a parametric specification
for the distribution of the inefficiency term (e.g.
truncated normal, 1/2 Normal, exponential).

~ Assumes that there is random noise and that there will

be a scatter of observations around the cost function.

~ Criticism: In the real world we don’t know the true

distribution of the inefficiency term 22Risk that a mis‑
specification in one element may well affect the
estimation as a whole.


[image: image18.png]What is Quantile regression?




~ Related to OLS which fits the conditional expectation of the

dataset and there is always a distribution around that

conditional expectation

~ Q simply fits eqns for the conditional quantiles of the

distribution

~ Whereas OLS fits the conditional mean, the 20th percentile

(which we use here) fits an equation for the 20th percentile of
the distribution of the dependent variable—total cost

~ While OLS curve may be pulled up by the presence of a few very

inefficient hospitals, the advantage of using a low quantile is

that it downweights the influence of such hospitals but allows

for noise in the data

~ The price of this is that it may underestimate the efficiency of

some hospitals because the 20th percentile line is likely to lie

below the true.

[image: image19.png]Quantile-continued




~ Semi-parametric: so like SFA specify a functional form for

the cost function but DON’T specify a functional form for

the inefficiency term.

~ Similar to DEA in that DEA can be thought of as fitting a

0th percentile equation.

~ Here we compare SFA and Quantile—we like Q because

its less restrictive than SFA

~ If the methods end up telling us the same story then we

can have confidence in that story- if not—we need to

know why and Q is preferable because it provides more

detail about the distribution of inefficiency
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~ We are estimating conditional quantiles of

cost.

~ i.e. we are looking at high and low cost

hospitals at different values of the

explanatory variables

~ High cost is not necessarily a large unit – we

are explaining the distribution of costs

conditional on explanatory variables like size

and case mix.
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[image: image23.png]Interpreting Quantile coefficients




~ If we have correctly specified the cost

function and there is no inefficiency, so the

only source of deviation from expected cost

is random error, the slope coefficients

should be the same at all quantiles.

~ In this case, only the intercept differs across
the quantiles.

~ When patient days increases, the entire

distribution of cost should shift up along

with the mean of cost so the distribution

around the mean doesn’t change.


[image: image24.png]Interpreting QR cont’d




~ QR is a robust estimation method. As in

descriptive statistics, where the median is

less sensitive to outliers than is the mean, the

estimated equation for the conditional

median will be less sensitive to outliers than

is the equation for the conditional mean,
which is the OLS equation.

~ The same applies to other quantiles – e.g. the

20th percentile of the distribution.
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[image: image26.png]QR and inefficiency




~ A low quantile, like the 20th percentile, is

unlikely to be pulled up by the presence of a

few inefficient units.

~ In a case where we don’t want to specify a

distribution for inefficiency, could use (say)

the 20th percentile to approximate the cost

function in generating inefficiency scores.
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[image: image28.png]RECAP:Pros and Cons of using QR




~ Benefit – don’t have to specify a distribution

for inefficiency scores.

~ Cost – some efficient units will be marked as

inefficient – must choose a level of
inefficiency which is small enough to ignore.
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~ 1 25 Ontario hospitals (excluded those

specializing in pediatric care, LTC, rehab)

~ All publicly funded hospitals in Ontario are

private not-for-profit

~ Hospital inpatient costs, inpatient days by
department, average length of stay derived

from Ontario Hospital Reporting System

(OHRS) for fiscal 2006/07

~ RIW derived from Hospital Discharge

Database provided by CIHI.
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[image: image33.png]Cobb-Douglas Cost Function




~ Dep. variable: log of total ope rating

expen ses excluding ambulatory care, ER

visits and day surgery costs.

~ Explanatory variables:

° Output: log of total inpatient costs (med, surg,

ICU, LTC, rehab, OB/GYN etc)

° Service mix: % of service by category

° Patient turnover: Log of average length of stay

° Case-m ix: Log of RIW

° Quality (or perhaps case-mix also if not fully
convinced by RIW) : Represented by standardized

mortality rate

° No teaching dummy b/c correlated with RIW

° No rural dummy b/c all but 2 small hospitals were

rural

° No factor prices-unionized labour bound by

single contract-little variation across hospitals

Table 1: Cost Function Regression Results Dependent Variable: Log (total expenses)
	Variable
	SFA Regression
	20th percentile
	50th percentile

	
	Coefficient

Estimate
	P> │ z │
	Coefficient Estimate
	P> │ z │
	Coefficient
Estimate
	P> │ z

	Intercept
	13.14
	0
	11.66
	0
	13.53
	0

	Ln_total_inpatient days
	0.21
	0.35
	0.44
	0.13
	0.06
	0.84

	Ln_total_inpatient days2
	0.03
	0.001
	0.02
	0.07
	0.04
	0.005

	%_surgery**
	0.16
	0.62
	20.18
	0.64
	0.47
	0.26


	%_icu
	1.39*
	0.003
	1.71*
	0.02
	1.83
	0.02

	%_rehab
	20.64
	0.16
	20.39
	0.54
	20.80
	0.24

	%_ltc
	20.58*
	0
	20.57*
	0
	20.67
	0

	mortality
	0.21*
	0.001
	0.20*
	0.06
	0.08
	.52

	Ln_riw
	0.98*
	0
	0.92*
	0
	0.60
	0.01

	Ln_als
	21.09*
	0
	20.95*
	0
	20.77
	0

	σv (random error)
	0.104
	
	
	
	

	σu (inefficiency)
	0.145
	**reference case is % medical

days

	Log Likelihood
45.82
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~ Overall Ontario hospitals seem to be performing well in

relative terms

~ Suggests that further investigation is needed to

understand the circumstances of some particular

hospitals-and to identify learning opportunities from the

very efficient hospitals for their similar peers.

~ Efficiency analysis approach highlights particular

characteristics that may relate to inefficiency and g ives
an idea as to the size of penalty in terms of ↑ inefficiency

associated with each.

~ No measure is perfect but we need more than assertions

that there is waste in the system

~ In our view the semi-parametric nature of Quantile

regression makes it the most promising of all the

methods
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[image: image40.png]So what’s the value of Quantile regression?




~ First, QR tells us something about SFA – in this case that the SFA

cost function lies very close to the 20th percentile of the conditional

distribution of costs.

~ And, our results indicate that SFA and QR are in this case, telling the

same story about marginal costs.

~ It is also the case that SFA (EXP or HN) is not indicating any fully

efficient hospitals so if one prefers SFA then one has to accept that
result; if not, then one has to make a judgment about how much

inefficiency they are willing to accept

~ This would seem to put SFA on the same footing as QR in this regard

~ However, if you’re reluctant to specify a functional form for

inefficiency (e.g. maybe b/c don’t think that there are too many

inefficient units—then it seems that QR represents a perfectly

acceptable approach to investigating inefficiency in its own right
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~ Why does SFA not mark any hospitals as fully

efficient – are they all inefficient to some

degree or is it a consequence of the SFA

technique?

~ Panel Quantile compared to panel SFA
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