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demand uncertainty into account. In this paper we argue that both demand uncertainty 
and expense preference behaviour may affect public hospital costs and excess 
capacity and that ignoring either of these effects may lead to biased parameter 
estimates and misleading inference. To show this, we extend the analysis of 
Rodríguez-Álvarez and Lovell (2004) by incorporating demand uncertainty into the 
technology to account for the hospital activity of providing standby capacity or 
insurance against unexpected demand. We find that demand uncertainty in Spanish 
public hospitals affects hospital production decisions and increases costs. Our results 
also show that overcapitalization in these hospitals can be explained by hospitals 
providing insurance demand when faced with demand uncertainty. We also find 
evidence of expense preference behaviour. We conclude that both stochastic demand 
and expense preference behaviour should be taken into account when analysing 
hospital costs and production. 
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1. Introduction 

 

One of the characteristics of hospitals is that they face uncertain demand for the 

services that they offer. Faced with the possibility of upsurges in demand, a large part 

of which is unpredictable, hospital administrators will maintain a reservation capacity. 

This decision to reserve capacity may be motivated for a variety of reasons. Carey 

(1998), for example, points out that the public place a high value on health care 

availability and hospitals thus wish to prevent queuing or turning patients away. This 

reserve capacity will also ensure that there are additional staff available to serve 

patients and thus may be considered as a provision of quality. Whatever the precise 

reason for the decision to maintain reserve capacity, this decision will affect the 

structure of hospital production and costs. Gaynor and Anderson (1995) note that the 

standard theory of cost and production requires that production be technically efficient 

in the sense that the firm should be operating on the boundary of the production 

possibilities set or production “frontier”. However, this property will not hold for hospitals 

who wish to provide something close to a universal provision of service.  

 

The recognition that reservation capacity decisions affect the cost structure of hospitals 

has led a number of researchers to incorporate stochastic demand into their 

specifications of hospital costs. Friedman and Pauly (1981; 1983) were the first authors 

to incorporate stochastic demand into hospital cost functions, proposing a “latent 

penalty” model where hospitals minimize costs which include a deterioration of quality 

during periods of unexpectedly high demand. In particular, forecasted output is 

included in their specification of the cost function in addition to actual output using the 

argument that if a bed is forecast to be occupied then it will be staffed and thus add to 

costs. Gaynor and Anderson (1995), modifying a model by Duncan (1990), assume 

that hospitals maintain capacity in order not to deny care to patients and thus try to 

keep the “turn-away probability” below some target level. Carey (1998) combines 

considerations of costs and benefits of empty beds, deriving an equilibrium condition 

for the optimal number of “excess” beds and estimating a cost function which 

incorporates forecasted demand in accordance with the theoretical framework of 

Gaynor and Anderson (1995). Hughes and McGuire (2003) distinguish between 

elective admissions (predictable) and emergency admissions (unpredictable) to 

address the issue of production responses to demand uncertainty. Unpredictable 

demand is specified as the difference between actual and forecast emergency demand 
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and this variable is introduced into the specification of the cost function. Baker et al. 

(2004) estimate a cost function along the lines of Gaynor and Anderson (1995) using 

data on daily occupancy to investigate whether day-to-day variation in utilization has an 

impact on hospital costs. They find that increases in variance are associated with 

increases in hospital costs but that the effects are relatively modest. Smet (2004) 

estimates a generalized translog multi-product cost function with data on Belgian 

general care hospitals using a queuing theory indicator to capture standby capacity. 

His results show that providing standy capacity has a significant impact on total costs. 

 

These studies share the common feature that they all specify empirical cost functions 

which differ from conventional cost functions in that they incorporate variables which 

capture demand uncertainty. The results show that demand uncertainty has an impact 

on hospital costs. Underlying these analyses is the fact that the hospitals are assumed 

to be operating off their production frontier, i.e. they are not producing in a technically 

efficient manner due to the fact that they maintain reserve capacity. However, the use 

of short-run cost functions implies the assumption of cost minimization with respect to 

variable inputs, and in public hospitals, which have a bureaucratic structure and a lack 

of incentives on the part of agents to introduce cost minimization criteria (see 

Rodríguez-Álvarez and Lovell, 2004), this assumption may be questionable. 

 

An issue ignored in these papers, therefore, is the fact that excess capacity may also 

be due to other factors such as expense preference behaviour on the part of public 

hospital administrators. Expense preference behaviour occurs when managers use the 

budget to acquire inputs that provide both visible output and personal utility in the form 

of prestige, status, job security, etc (see Williamson, 1963; Migué and Bélanger ,1974; 

Lindsay and Buchanan, 1970; Lee, 1971; and Evans, 1971). Rodríguez-Alvarez and 

Lovell (2004) modelled public hospitals in a bureaucratic expense preference setting 

and found evidence of systematic allocative inefficiency in variable inputs and 

overcapitalisation. Given the absence of cost-minimisation behaviour, Rodríguez-

Álvarez and Lovell (henceforth RL) used an input distance function to model hospital 

technology, exploiting the duality of this function with the shadow cost function in order 

to analyse the effect of expense preference on costs. RL ignored, however, the 

potential effect of stochastic hospital demand on excess capacity.  

 



 4 

In this paper we pull together these two strands of literature by arguing that public 

hospital production and costs may be affected by both demand uncertainty and 

bureaucratic expense preference behaviour. To do so, we extend the RL model by 

introducing the effect of demand variability. We observe, as in RL, systematic allocative 

inefficiency. We also find that hospitals are overcapitalised but that this is explained by 

both expense preference behaviour and the desire of hospitals to maintain additional 

capacity to insure against demand uncertainty.  

 

Two main implications arise from our research. On the one hand, we show that care 

must be taken to incorporate demand uncertainty and risk averse behaviour into 

studies dealing with systematic inefficiency in public hospitals, as there is a danger of 

unjustly labelling input usage which provides insurance against demand uncertainty as 

inefficiency. On the other hand, studies on the effects of demand uncertainty on 

hospital costs and production should also take account of the possibility of the 

existence of systematic inefficiency due to expense preference behaviour, as ignoring 

this may lead to an overestimation of the effect of demand uncertainty on input usage. 

In general, ignoring either of these two effects if both are present will lead to biased 

parameter estimates and misleading inference.  

 

 

2. The effect of demand uncertainty on hospital pro duction behaviour and 

cost 

 

The theoretical model we use is a variation of that proposed by RL. In their model, 

hospital managers choose inputs in order to maximise their utility. Utility, in turn, is a 

function of hospital outputs, and given that inputs influence outputs, inputs will be 

choice variables in the utility function. Hospital demand is, however, stochastic, and the 

uncertainty associated with this demand will constrain behaviour. In particular, 

managers face social pressure to satisfy a large percentage of demand and must 

therefore ensure that they can provide health care to any given patient with the 

maximum feasible probability. Thus, we assume that managers are risk averse and 

produce in order to ensure a provision of service which minimises the probability of 

turning away patients (Duncan, 1990; Gaynor and Anderson, 1995). Given a 

manager’s level of risk aversion, input choices will therefore depend on the level of 

demand uncertainty.  
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Introducing stochastic demand into the RL model, the utility maximization problem of 

the bureaucratic hospital manager can be expressed as follows: 

                      max U = U(y, yz, x, K)       

s.t. ∑
=

n

1i
iixw  ≤ P              (1) 

                         DI (y, yz, x, K) ≥ 1        

      yMAX – y ≥ yz (σy)  , yz‘(σy) > 0         

where the utility function depends on (exogenous) outputs (y and yz),  the choice of 

(endogenous) variable inputs, x, and quasi-fixed inputs K. P represents the exogenous 

budget, and w is an exogenous variable input price vector. DI, the input distance 

function, captures the technology.  

 

The difference with the Rodríguez-Álvarez and Lovell (2004) model is found in the 

definition of what the hospital produces, that is, in the output. As Smet (2004) neatly 

summarises, “hospitals should in addition to predicted patient care also provide 

sufficient standby capacity to service unexpected care. This option of insurance 

demand should be treated as a service provided by the hospital.”  

 

We assume that the hospital target includes, apart from the provision of the observed 

level of demand (y), an additional output, insurance demand (yz) where we assume 

∂U(y,z,x,K)/∂yz  > 0 because greater insurance output increases the probability of 

satisfying the risk averse manager’s minimum provision of service. Insurance demand 

also appears in the distance function representation of the technology. The larger the 

variability of the demand faced by the hospital, the more resources that are needed to 

maintain this insurance output. Thus, yz = yz (σy) where σy is the standard deviation of 

demand (Gaynor and Anderson, 1995; Baker et al., 2004). The final constraint in (1) 

says that the sum of insurance output (yz) and observed output (y) do not exceed the 

maximum possible output that could be produced if capacity were used to the full 

(yMAX), with yz‘(σy) > 0 implying that the greater demand variability, the more insurance 

output the risk averse manager will produce.  
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Moreover, the hospital outputs (y and yz) are different in that they consume different 

inputs and have different costs. Following Carey (1998) and Baker et al. (2004), in our 

short-run model we take fixed (or “quasi-fixed”) inputs as given. The decision faced by 

hospital managers is: a) to contract in advance (i.e. before demand is realized) those 

inputs which are not perfectably adjustable taking into account the two objectives of the 

hospital, namely to face expected demand and provide “insurance” for unexpected 

demand; and b) contract perfectly adjustable inputs in response to actual demand. It is 

important to point out that while observed admissions (y) consume both types of 

variable inputs (imperfectly and perfectly adjustable), insurance demand (yz) can be 

provided by contracting only imperfectly adjustable inputs. Thus, the two activities of 

the hospital consume different inputs and will therefore have different costs.  

 

The technology is approximated by an input distance function which is illustrated in 

Figure 1 for the case where two variable inputs (x1, x2) are used to produce output level 

y. With the observed input combination given by the point P and the observed output 

level equal to y0, the distance function is represented by the ratio OP/OA which is the 

reciprocal of the Farrell (1957) index of technical efficiency. It is the maximum radial 

contraction of the input vector that can be made while still permitting the firm to 

produce output level y0. Note that the hospital is inefficient because it could reduce its 

input vector and still provide the two hospital outputs. At the existing input prices, the 

cost of producing y0 is CA. 

 

Figure 1. The cost of demand uncertainty 
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Figure 1 also illustrates the effect of demand uncertainty on hospital costs and 

efficiency measurement. Assume that the variable inputs in Figure 1 are not perfectly 

adjustable. Given the existence of demand uncertainty, the risk averse hospital 

manager will wish to keep the provision of service probability up to a level β and will 

thus contract in advance more of these inputs in order to cover this insurance demand. 

To guarantee this insurance demand output in a technically efficient way, the firm 

should choose the input combination represented by the point B. The new value of the 

distance function is OP/OB, and we see that the β-taking hospital is inefficient but less 

so than when we consider the hospital to be producing only the observed output.  

 

The result of this is that the Farrell measure of technical efficiency increases from 

OA/OP to OB/OP. The lesson here is that if we consider only observed output we will 

overestimate the technical inefficiency of the hospital. To further illustrate this point, 

suppose the β-taking hospital contracts the input vector represented by point B and 

thus provides insurance output in an efficient way. If we do not take the insurance 

demand of the hospital into account and only consider actual output, as represented by 

actual discharges, we will label the hospital as inefficient - the distance function will 

take the value OB/OA > 1 instead of the correct value of OA/OA = 1. Finally, note that 

the minimum cost of producing when we take into account the insurance demand 

output is Cβ > CA. Moreover, it can be seen that Cβ - CA represents the cost of 

producing the insurance output. 

 

 

3. Estimating the cost of demand uncertainty 

 

The question then arises as to how to calculate the effect of demand uncertainty on 

hospital costs. This can be done using the distance function by exploiting the duality 

between the input distance function and the (shadow) cost function defined by 

Shephard (1953). In the short-run case, this duality is represented as:  

D(y, z, x,,K) = minW
s {Wsx : C(y, yz, W

s, K) = 1}    (2) 
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C(y, yz,w
s, K) = minx {ws x : D(y, yz, x, K)= 1}   (3) 

where:  

- ws is the vector of input prices which minimises the cost of producing y and yz, given x 

and K. This vector is known as the shadow price vector and coincides with the market 

price vector, w, when the choice of inputs, x, is optimum given y, yz and K.  

- C(y, yz, ws, K) is the (shadow) short-run cost function and represents the minimum 

cost of producing y and yz given x and K. 

- Ws =
K),w,yC(y,

w
s

z

s

 is the normalised shadow price vector.  

 

It can be shown (see Appendix I) that  

 
z

z
s

z

z

s
z

y
K)x,,yD(y,

K),w,yC(y,
y

K),w,yC(y,

∂
∂

−=
∂

∂

       (4) 

That is, in absolute terms the value of ∂D(y, yz, x,K)/∂yz is equal to the (normalized) 

marginal cost of uncertainty. Given that C(y, yz, w
s, K) is always positive, and given that 

a risk averse manager choses inputs to provide service to guarantee insurance 

demand (∂U(y, yz, x, K)/∂yz >0) and therefore, ∂C(y, yz, w
s, K)/∂yz >0, the expected sign 

of the distance function with respect to z is negative, indicating that an increase in 

uncertainty increases costs. This is a testable hypothesis but there still remains the 

problem that the shadow short-run cost function C(y, yz, w
s, K) is unobservable so that 

(4) cannot be used to test the hypothesis. To resolve this problem, redefine the 

distance in logarithmic terms so that  

ln D(y, yz, x, K ) ≥ ln 1                  (5) 

By definition, 

zz

z

z

z

y
D

yln
K)x,,ylnD(y,

y
K)x,,yD(y,

∂
∂

=
∂

∂
            (6) 
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Also by definition, the normalized shadow cost function is that which makes the cost 

associated with a point on the isoquant optimum, given the input combination utilized. 

Thus: 

D
C

K),w,yC(y, s
z =      (7) 

where 
D
C

 is the observed cost evaluated at a point on the isoquant. 

 

Using (4), (6) and (7), we obtain: 

zz

z

z

z
z y

C
lny

K) x,,ylnD(y,
y

K)x,,yC(y,
MC

∂
∂

−=
∂

∂
=                   (8) 

Equation (8) indicates how the marginal cost of uncertainty, MCz, can be estimated in 

monetary terms once a short-run input distance function has been estimated. The 

empirical specification of the distance function is the focus of the next section. 

 
 

 

4. Empirical specification 

 

In order to capture the effect of demand uncertainty we need an estimate of the 

variability of demand. Of course, this is unobservable but the mean and variance of 

demand conditional on past realizations can be used to estimate it. For a given level of 

risk aversion, desired insurance demand output is increasing in the mean or variance 

of the distribution of demand assuming a normal distribution (see Gaynor and 

Anderson, 1995). Therefore, we need to estimate a demand equation. We follow 

Freidman and Pauly (1983) and Hughes and McGuire (2003) by modelling a simple 

autoregressive (AR1) process where demand expectations are related to prior demand 

realizations. We also include bed size in the regression to control for hospital size. The 

demand equation to be estimated is thus specified as: 

( )[ ]11 −− +−++= thttht baBED BEDDDEMρbDDEM a   (9) 

where DEM represents demand, Dh are hospital dummy variables, and BED is the 

number of beds. The forecast demand from equation (9) is used to approximate the 
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expected demand and we use absolute value of the residual from (9) to approximate 

demand variability. 

 

Once the expected demand and variability of demand are obtained, we then estimate 

the distance function in order to measure the effect of demand uncertainty on costs. To 

do so, we follow Rodríguez-Álvarez and Lovell (2004) by estimating a translog short-

run input distance function jointly with the cost share equations, where the latter are 

obtained by differentiating the distance function (in logarithmic terms) with respect to 

each input. In a panel data setting the empirical model is specified as:  

∑∑∑∑
== ==

++++=
n

1i
ihtishtrht

m

1r

m

1s
rsrht

m

1r
r0 xlnβylnylnα

2
1

ylnαB1ln

∑∑∑∑
= == =

++
m

1r

n

1i
rhtihtri

n

1i

n

1j
jhtihtij ylnxlnω

2
1

xlnxlnβ
2
1

++ 2
htffhtf )K(ln

2
1

ξKlnξ  

++ ∑∑
==

m

1r
rhthtfr

n

1i
ihthtfi ylnKlnξxlnKlnξ +

htzhtfα ylnKlnξ  

++ 2
zααtzα )y(ln

2
1

πylnπ
hth

∑∑
==

+
m

1r
rhtzrα

n

1i
ihtziα ylnylnπxlnylnπ

htht
+ ∑

−

=

1T

1t
TtDγ + η h t + δ h          (10) 

ht

ihtiht

C

wx
∑∑
==

+++=
m

1r
rhtri

n

1j
jhtijii ylnωxlnβ)aβ( + )aA(Klnξylnπ iihtziα fiht

−++ + ηiht       (11) 

where y = (y1,…, ym) is a vector of observed outputs, x = (x1,…, xn) is a vector of 

variable inputs, yz is the variable capturing the degree of demand uncertainty 

represented by the absolute value of the residual from the demand equation (9), K is a 

quasi-fixed input, DT are a set of time dummy variables, ηiht and ηht are random 

disturbance terms which are distributed as i.i.d. (0, σ2). The δh represents individual 

hospital-specific fixed effects which permit technical inefficiency as well as unobserved, 

time-invariant differences between hospitals to be captured. Homogeneity of degree 

one in inputs is imposed by the following restrictions on the parameters:  ∑βi = 1; ∑βij  = 

0; ∑ωri = 0;  ∑ παi = 0; and ∑ξfi=0.  The possibility of systematic allocative inefficiency is 

allowed for through the Ai terms, where E(Ai) =ai. Finally, as there are endogenous 

inputs, estimation of the model is carried out using the same instrumental variable 

techniques as in RL. 
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5. Data and results 

 

We use the same data as RL and we include a summary in Appendix I. We use three 

outputs: MED, which is the weighted sum (using weighted care units, or UPAs) of 

discharges in general medicine, surgery, obstetrics, paediatrics and intensive care; AM, 

which is the weighted sum outpatient visits and emergencies; and yz, which is 

insurance demand and which is approximated by the residual of the demand equation 

(3) in the previous section). There are four variable inputs: care graduates, G; technical 

personnel, T; other personnel, RES; and supplies, S. The quasi-fixed input is the 

number of beds, BED. To capture the complexity of the hospitals we include the 

number of students, TEACH. We also include time dummies, DT. 

 

The results of the estimation of equation (9) are shown in Table 1.  

 

Table 1. Demand estimation 
Parameter Estimate t-statistic 

RHO 0.6133 17.0268 ** 
BED 42.4744 16.4390 ** 
 
Adjusted R2  0.9674   
Durbin-Watson 1.9021   
** statistically significant at 5% 

 

The high R2 indicates a good performance by the demand equation. Moreover, the 

autocorrelation between periods appears to be adequately captured, with the value of 

the parameter ρ being very similar to previous estimates in the literature.1 From this 

estimation it is possible to obtain the difference between actual demand and predicted 

demand and we use this difference (in absolute values) as a measure of demand 

uncertainty.  

 

The system of equations (10-11) was estimated, dropping one of the share equations, 

by iterative SURE and the results of the estimation are shown in Table 2.  

 

 
 
 
 

                                                
1 Our value of ρ = 0.61 is close to the value found by Hughes and McGuire of 0.66. Friedman 
and Pauly (1983) estimated average values of 0.62.  
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Table 2. Estimation of system of equations  
Variable Coefficients  

(a) 
t-statistic 

 
Variable Coefficients  

(a) 
t-statistic 

 
L(MED) -0.2643 -7.5120 ** L(G) L(G) 0.1139 6.1217 ** 
L(yz) -0.0104 -3.5057 ** L(MED) L(G) 0.0027 0.2120  
L(AM) -0.0531 -2.8940 ** L(yz) L(G) -0.0002 -0.1957  
L(G) 0.1631 4.1491 ** L(AM) L(RES) 0.0199 1.8281 * 
L(T) 0.3422 6.8653 ** L(AM) L(T) 0.0170 2.3922 ** 
L(RES) 0.3739 6.6251 ** L(G) L(T) -0.0644  -4.7876 ** 
L(S) 0.1206 3.9608 ** L(G) L(RES) -0.0474 -2.4783 ** 
L(BED) 0.1310 2.5888 ** L(AM) L(S) -0.0262 -2.9885 ** 
L(TEACH) -0.0050 -1.0444  L(AM) L(BED) 0.2721 4.2430 ** 
L(MED).L(MED) 0.8858 8.6321 ** L(T) L(BED) -0.0168 -1.5151  
L(yz)·L(yz) -0.0050 -2.4425 ** L(RES) L(BED) -0.0094 -0.5635  
L(AM)·L(AM) 0.1232 2.1736 ** L(S) L(BED) 0.0295 2.1036 ** 
L(T).L(T) 0.0821 3.7136 ** L(G) L(S) -0.0020 -0.1803  
L(T) L(RES) -0.0016 -0.0799  L(TEACH) L(TEACH) 0.0082 1.9971 ** 
L(T).L(S) -0.0160 -1.5381  L(MED) L(TEACH) -0.0491 -2.8650 ** 
L(RES).L(S) -0.0696 -4.8560 ** L(yz) L(TEACH) 0.0037 1.6213  
L(RES).L(RES) 0.1187 3.8249 ** L(AM) L(TEACH) -0.0247 -2.1146 ** 
L(S)·L(S) 0.0876 6.2934 ** L(T) L(TEACH) -0.0040 -2.1809 ** 
L(BED)·L(BED) 0.1266 0.8673  L(RES) L(TEACH) -0.0009 -0.3362  
L(MED).L(yz) -0.0034 -0.2359  L(S) L(TEACH) 0.0069 2.9385 ** 
L(MED) L(AM) -0.3108 -4.6483 ** L(BED) L(TEACH) 0.0498 3.0168 ** 
L(MED) L(T) -0.0002 -0.0181  agraduates 0.0565 1.4360  
L(MED) L(RES) -0.0008 -0.0509  atechnicians -0.1173 -2.3513 ** 
L(MED) L(S) -0.0017 -0.1252  asupplies -0.1101 -1.9485 ** 
L(MED) L(BED) -0.4408 -4.0232 ** aother personnel 0.1709 5.4494 ** 
L(yz) L(AM) 0.0056 0.6775  γ89 -0.0561 -4.7559 ** 
L(yz) L(T) -0.0002 -0.2866  γ90 -0.1276 -9.8942 ** 
L(yz) L(RES) -0.0009 -0.7463  γ91 -0.2078 -14.7001 ** 
L(yz) L(S) 0.0013 1.2719  γ92 -0.2227 -13.9153 ** 
L(yz) L(BED) -0.0032 -0.2144  γ93 -0.2245 -12.8239 ** 
L(G) L(BED) -0.0033 -0.2475  γ94 -0.2162 -11.3647 ** 
L(AM) L(G) -0.0108 -1.2649      
        
        
(a)Evaluated at the means of the data using parameter estimates of (4)-(5). 

 
 

The variables are expressed in terms of deviations from their means. Thus, the function 

estimated is a Taylor series approximation to the true, but unobservable, distance 

function at the mean of the data and the first order coefficients can be interpreted as 

elasticities at the distance frontier for the mean hospital of the sample. At the sample 

mean, we have checked that the estimated distance function satisfies the properties 

required by theory: it is decreasing in outputs and non-increasing and concave in 

variable inputs.  

 

The coefficient on the variable capturing demand uncertainty (yz) is negative and 

significant. Thus, and in accordance with equation (2), our hypothesis that desired 

insurance demand increases hospital costs is confirmed as the sign of this coefficient 
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shows that more inputs are needed to insure against unexpected demand. More 

precisely, the marginal cost of uncertainty at the sample mean, interpreted as a one-

unit increase in the standard deviation of hospital demand, is 412.51 euro -euro of the 

year 2006- (standard error=0.035**). The marginal cost of the other hospital output can 

be expressed as (see Section 2): 

y
C

yln
)Kx,,yy,(Dln

y
)Kx,,yy,(C

MC zz
y ∂

∂−=
∂

∂=     (12) 

Applying equation (12) to the results obtained from our estimation, we find that the 

marginal cost of a medical stay is 768.89 euro (standard error=0.003**). In keeping with 

the discussion in Section 2, this cost is higher than the cost of insurance demand due 

to the fact that observed patients also consume perfectly adjustable inputs whereas 

demand uncertainty only affects imperfectly adjustable inputs. Finally, the cost of an 

external consultancy is 92.28 euro (standard error=0.018**). 

 

Systematic allocative inefficiency can be calculated by analysing the parameters ai. 

The results confirm, as in RL, the presence of systematic allocative inefficiency, 

thereby reaffirming the validity of the bureaucratic model. Moreover by comparing our 

results with those in RL we find that hospital demand uncertainty does not significantly 

influence the proportion in which inputs are used. It appears that hospitals scale up 

imperfectly variable inputs to service unexpected care.  

 

 

6. Comparison of models 

 

As our model takes into account the effect of both demand uncertainty and expense 

preference behaviour on hospital production and costs, it nests the RL model, which 

accounts for expense preference but not stochastic demand. It also nests a Gaynor 

and Anderson type model (in the sense of a model which accounts for stochastic 

demand, but not expense preference). That is, under the appropriate set of parameter 

restrictions, our model collapses to either the RL model (setting the coefficients on all 

the terms involving “yz” equal to zero), the stochastic demand (Gaynor and Anderson 

type) model (setting the “ai” parameters equal to zero), or to a base model which 

accounts for neither stochastic demand nor expense preference (setting both the “ai” 

parameters and “yz” coefficients equal to zero). This provides a convenient basis for 



 14 

checking the validity of our model against the latter restricted models. On the basis of 

likelihood ratio tests, all three restricted models were rejected and our model was thus 

found to be a better representation of the technology for our sample of hospitals (see 

Table 3).  

 

Table 3. Model selection tests 
Hypothesis with regard to the general model Value o f test 

statistic 
Number of 
restrictions  

 
Demand uncertainty effects but no expense preference behaviour 
 

 
30.62** 

 
3 

 
Expense preference behaviour but no demand uncertainty effects 
 

 
19.58** 

 
9 

 
No demand uncertainty effects and no expense preference behaviour 
 

 
49.06** 

 
12 

** Rejected at 5% level of level of significance. The critical value is a chi-square statistic with 
degrees of freedom equal to the number of restrictions.  
 

The immediate implication is that a model which does not account for expense 

preference behaviour would, for our data set, be misspecified and therefore provide 

biased parameter estimates and misleading inference. Moreover, if demand uncertainty 

is not included, then excess capacity will be overestimated. To see this, following RL 

we can calculate the marginal cost or shadow price (rs) of the capital input (BED), in the 

same way we calculate the marginal cost of uncertainty in (2), to obtain an index of 

overcapitalisation by comparing the shadow price and market price (r) of capital. A 

value less than 1 of the index q = rs/r shows overcapitalisation or excess capacity.  

 

The values for the q index for our model and the restricted models are presented in 

Table 4. As the calculation of the q index involves parameters which have standard 

errors attached, we also check the significance of overcapitalisation by testing whether 

q is significantly lower than 1. Starting with a model in which both expense preference 

and demand uncertainty are ignored we find q = 0.57 and that this is less than 1 at the 

5% level of significance, which would provide strong evidence that hospitals are 

overcapitalised. When expense preference and demand uncertainty are introduced, the 

degree of overcapitalisation falls: q rises to 0.77 and the hypothesis that this is lower 

than 1 would be soundly rejected even at the 10% level of significance, which shows 

that these expense preference behaviour and reactions to demand uncertainty explain 

overcapitalisation.  
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Table 4. Estimated overcapitalisation index 
Model Value of 

coefficient q 
p-value for 
H0: q < 1 

 
Demand uncertainty effects and expense preference behaviour 

 
0.77 

 
0.19 

 
Demand uncertainty effects but no expense preference behaviour 

 
0.72 

 
0.15 

 
Expense preference behaviour but no demand uncertainty effects 

  
0.64* 

 
0.09 

 
No demand uncertainty effects and no expense preference behaviour 

 
0.57** 

 
0.05 

Note: We have tested the significance of the indices using the Wald test. 
 

Thus, our calculations indicate that there is significant overcapitalisation in the short run 

in a model with neither expense preference behaviour nor stochastic demand effects. 

Our model shows that taking account of these effects provides an explanation for 

excess capacity.  

 

 

 

7. Conclusions 

 

Our research shows that the roles of both stochastic demand and expense preference 

behaviour should be considered when studying hospital production and costs. Ignoring 

either of these effects if they are present will lead to biased parameter estimates and 

misleading inference and if applied researchers have reason to suspect that these 

effects may be present they should test for them. We find evidence of both effects 

using data from Spanish general hospitals and it would interesting to see if the same 

applies for other datasets. Note, finally, that the issues involved here are not limited to 

hospitals and that our analysis could easily be applied to other sectors such as, for 

example, electricity distribution and transportation.  
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APPENDIX I 

The Lagrangian associated with equation (3) is: 

L = ws x  + λ (1 - D(y, zy , x, K))      (A.1) 

where λ is the Lagrange multiplier. From the envelope theorem: 
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To gain further insight into the parameter λ, we begin with the first order conditions for 

a minimum associated with (A.1): 
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Multiplying equation (A.3) by x we obtain: 
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Given that D is homogeneous of degree 1 in x, by Euler’s theorem and (A.4) we have:  
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Moreover, taking into account that ws is the vector of shadow prices which minimizes 

costs given (y, yz, x, K), solving for λ in (A.5) we have that: 
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Finally, equation (A.2) can be expressed as follows: 
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APPENDIX II 

The data have been obtained from the statistics of the Spanish Ministry of Health and 

Consumption (Instituto Nacional de Gestión Sanitaria) and the Instituto Nacional de Estadística 

(INE). The sample is an unbalanced panel consisting of 385 observations on 67 general 

hospitals of the INSALUD gestión-directa over the period 1987-94 (with an AR1 model, we drop 

the first observation in each hospital). We have not been able to extend the sample as the 

EESRI has been modified starting form 1994, the change having involved the elimination of 

variables which form part of our study. The variables used are defined in Table A.1.(1) For more 

details see Rodríguez-Álvarez and Lovell, 2004. 

 
Table A.1. Definition of variables 

VARIABLE                TYPE DESCRIPTION 
MED Output Discharges (weighted sum by UPAS) in the following 

categories: general medical, psychiatric, 
tuberculosis, long stay, and others. 

yz Output Insurance demand, approximated by the residual of 
the demand equation (3) 

AM 
 

Output Weighted sum by UPAS of outpatient visits (first and 
successive) and emergencies. 

G Input Care graduate (doctors, pharmacists and others). 
T Input Technicians (nurses, matrons, physiotherapists and 

other qualified personnel). 
RES Input Other personnel. 

S Input Expenditure on supplies (deflated).  
BED Quasi-fixed input  Number of beds. 

TEACH Variable capturing 
complexity 

Number of medical students. 

DT Time variable Dummy variable for each year. 
 
(1) As the input variables are endogenous, we estimated the system using an instrumental 

variable approach. As instruments, we employ the exogenous variables of the model and the 

following three variables that we also consider to be exogenous: childbirths, childbirths where 

the child weighs less than 2.5 kilograms, and the endowment of X-ray rooms of each hospital. 

To test the validity of using IV estimation, we have applied the Hausman (1978) test of 

exogeneity. The test statistic is asymptotically chi squared with r degrees of freedom (r = 24 

being the number of parameters that are being tested). We find a value of 47.628, which is the 

highest that would correspond to the critical value corresponding to the conventional levels of 

confidence. The result of this test shows us, therefore, the aptness of using an instrumental 

variables approach. 

 

 


