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A Comparison of Analytic Models for the Costs of
the Hospitalized Diabetic Patients
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Abstract

OBJECTIVE: To compare some survival models as applied t@gtienation of
the costs of hospitalization as a function of several cavasi in diabetic patients.
The application of the Aalen regression model (Aalen, 1989%nedical costs is
stressed. DESIGN: Retrospective observational studyaingl hospitalizations in a
cohort of diabetic patients with a follow up of 4.5 years. SINUPOPULATION: A
total of 2550 patients have been included in the cohort, ralaog to clinical-based
enrollment standards. The patients with at least one talgaition have been con-
sidered in this analysis. METHODS: Costs have been modeBed five different
regression model: the ordinary least square regressiorelmtbe logistic regres-
sion model using the median and the third quartile of thescdistribution as cut-off
points, the parametric survival model assuming Weibuliriistion, the Cox pro-
portional hazard model and the Aalen additive regressiodandONCLUSIONS:
The Aalen additive regression model applied to the costsHeabest performances
in estimating the mean hospitalization costs for specifiiadl profiles.

1 Introduction

Type 2 diabetes is a common disorder, affecting approxima@d million people world-
wide. An increase of prevalence of about 50% is also expectélde next years for
Europe (Henriksson, 2000). This increase may be attribeitabseveral factors such as
longer survival and also changes in life style such as lowspaay activity, obesity, high
caloric in-take and smoking.

Diabetes is characterized by the appearance of acute aadiclomplications, that
determine an elevated risk of hospitalization. The mostroomdiabetes complications
are foot ulcers, eye and limb disease, heart disease, patimg neuropathy and nephropa-
thy (Leese, 1992; Reiber, 1992; Shobhana, 2002; Vijan, 2A00as been reported that
diabetic patients are more than twice as likely to be hokpée as the population as a
whole. The average length of hospital stays for diabetieeptt are significantly greater
than non-diabetics patients (Carral et al., 2002), andaiwsously has considerable con-
sequences on the total cost of care and thereafter on theipagian of public services.
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Costs related to diabetes and diabetic complications apeotwthree times higher
than those for patients not affected by diabetes (Rubin.e1@94). The reason for this
may be associated whit co-morbidities, more frequent igglpatients, disease evolution,
poor compliances with diet, and pharmacological treatmBme direct economic costs of
diabetes are for the most part medical charges (hospitiaisa home visits, laboratory
tests, pharmaceutical expenditure, and other medical aradhedical services), whereas
the indirect costs encompass loss of working days and a @ngféects on the patient’s
quality of life (Triomphe, 1991).

The estimation of the total direct cost is not an easy taskamicular when the goal
of the analysis is to relate costs to specific pattern of ¢ates. Most studies focus on es-
timating the costs of care over a pre-specified time periedlidg with the early deaths as
censored observations. Indeed, accurate cost estimafwoblematic when cost records
are incomplete, because censoring could lead to biasedates of costs unless it is ap-
propriately accounted in the analysis (Dudley et al., 1$&31n et al., 1995, 1996). With
reference to these characteristics and particularly tgptleeence of censoring, several
works in literature (Dudley et al., 1983) have proposed @the survival models as the
Kaplan Meyer and the Cox regression model. It is possiblehsasurvival models, be-
cause, from a mathematical point of view, accumulated dostsve pretty much like
times, being a continuous non-decreasing variable (r;_;). However, assumptions
behind the survival model are often violated in cost estiomat

The problems of cost analysis regard:

¢ the possible large mass of observations with zero cost;

e the asymmetry of the distribution, given that there is a mtg®f individuals with
high medical cost compared to the rest of the population;

¢ the censoring must be independent or non informative. Tomglition is needed
because the individuals still under observation must beesgmtative of the popu-
lation at risk in each group, otherwise the observed faitate in each group will
be biased and it is hardly satisfied in a cost analysis;

¢ the assumption of proportional hazards may be violated bymkdical costs; in
general, the proportionality will not be satisfied when s@st accumulated at dif-
ferent rates (Etzioni et al., 1999)

The aim of this study is modelling the hospitalizations sagt to 4.5 years from the
enrollment in the cohort. In this case, deaths have to baderesl as censored data, since
non surviving patients would likely have had higher costthdy had survived longer.
An analysis that does not account for this possibility magshihe assessment of the
importance of the severity of illness on the final costs. Mweeg, the second goal is
to describe the behavior of costs for diabetic patients asetion of demographic and
clinical covariates, chosen among those considered asicdsisk factors for diabetes
(Brandle et al., 2003).

We compared the performances in accomplishing this taskwsral statistical mod-
els, all used in the medical literature routinely in thistisgt the ordinary least square
(OLS) regression model, the logistic regression modelgudie median and the third
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guartile of the cost distribution as cut-off points, thegmaetric survival model assuming
Weibull distribution, the Cox proportional hazard (PH) nrebdn addition, we introduce
the use of the Aalen additive regression model for modelosgsc(Aalen, 1989; Aalen,
1993).

2 Methodology

2.1 Thedata

This cost analysis is based on the data arising from a redobisp observational study
analyzing the repeated hospitalizations in a cohort ofetialpatients.

A cohort of 3892 subjects, including all type 2 diabetic pats, resident in region
Piedmont, attending the Diabetic Clinic of the San Giovaatiista Hospital of the city
of Torino (region Piedmont, Italy) during 1995 and alive at January 1996 was iden-
tified. A mortality and hospitalization follow-up was cad over up to 30th June 2000.
The patients were included in the study if they had at leastrmspitalization in the sub-
sequent years of follow-up (selecting only more severeeptiis aimed at reducing the
sample selection bias and making the cases more homog¢reewlaccording to clini-
cal based enrollment standards: age at diagnosis, theyppyand glucagon test. These
criteria lead to the definition of the final dataset for thelgsia, based on 2550 patients.
A total of 4816 ordinary hospitalizations and 2183 daily pitaizations have been ob-
served during the 4.5 years follow-up and about 13% of theptau@42 patients) died
during the follow-up. Demographic data (age, sex) and @dihidata relative to the year
1995 ( duration of disease or years of diabetes and numbehef co-morbidities) were
utilized for the present analysis. The costs (in euros)Herdaily and the ordinary hos-
pitalizations have been calculated referring to the iteldRG (diagnosis related groups)
system.

2.2 Themodes

Several models were considered and contrasted for thesasalost of them are relying
on very diverse hypotheses and tend to have a differensstalimotivation.

Ordinary Regression The OLS model assumes the following form for the costs

h
¢ = Zﬁo + B i (2.1)

Jj=1

wherec; (i = 1, ..k) are the(k = 2550) sums of the hospitalizations costs calculated for
every patient, and;; are thej (j = 1,..h) covariates/, is the intercept an@; are the

j corresponding regression coefficients estimated witheéhstlsquare method. In this
model the censored costs are treated like the complete costs

Logistic Regression The logistic model has been utilized to model the probabdit
having costs in excess of a given threshold. In our settirgused two different cut-off
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points in the costs distribution: the medigrand the third quartilgs (the choice of these
cut-off points is only for illustrative purposes).

1
1+ exp(— 2?21 Bo + Bj wij)
Thus, we estimated the probability to have a cost greatertttamedian and the third

guartile in the logistic regression model, as a functionhef tovariates (considering the
censored observations as complete observations).

p(ci > q3) = (2.2)

Survival models Using the survival models in the cost analysis, we define tst c
function asS(c) = p(c¢; > ¢), wherecy, ..c;, are the costs for every subject, that is the
probability that the dependent variable cost is greater ¢heertain cost; the hazard rate
function \(c) is defined as\(c¢) = f(c¢)/(1 — F(c)) whereF(c) = 1 — S(c) and f(c) is
the p.d.fand(c) is the c.d.f.

The parametric survival model assuming Weibull distribotand the Cox PH regres-
sion model relate the hazard at each cumulative ¢dstthe covariates:

h
Alei] Xp) = Ao(c) %P(Z Bj xij) (2.3)

where(¢;| x;,) is the hazard rate of a costfor an individuali with a covariates vector
X, and\y(c) is the base line risk function. In the Weibull regression eidte base line
Ao(c) is assumed distributed in according to the Weibull distidiuand in the Cox model
no assumption are made about the base line function.

Aalen model The Aalen model (Aalen, 1989; Aalen, 1993) assumes theblaganter-
act in an additive manner on the risk function, and estinthescrease of risk associated
with the covariates in absolute terms. The Aalen model caaxpeessed in the following
fashion:

h
M| Xp) = Ao + Z a;(c) z4(c) (2.4)
j=1

where the hazard rat€c;| x;,) is a linear combination of the variables(c) anda;(c) are
h functions estimated from the data. The slope of ithkmimulative regression functions
demonstrates the weight of each covariate on the hazartidanehile the costs are on
the x-axis, and in the case in which the covariate has noteffiecfunction should be a
straight line near 0. The Aalen model can also be re-writteather terms considering
the observations censored:

Ae) = Y(c)a(c) (2.5)

where)(c) is ak hazard vectorg(c) is ah functions vector and ) is a matrix withk
rows corresponding to the individuals ahdcolumns corresponding to thiecovariates
including the constant. This matrix is constructed in suevag that if the i-th individual
is still in the risk set, then the i-th row will be formed by tkiector of their covariates,
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while if the individual is no longer in the risk set the copesading row will count only
0. In the case of a censored observation, the i-th row will @olynt zeros.

Starting from this expression of the model the estimatiothef. cumulative regres-
sion functions vectow(c) is obtained with the last square method using the genedalize
inverse of the matrix Yc) .

2.3 Themean costs

Five clinical profiles have been considered, with differealues for the variables Age,
Sex, Years of diabetes and Number of co-morbidities. Thdipied mean costs have
been calculated for each model except for the logistic maaéhis case, the probabilities
to have costs greater than the cut-off points have beena&stihfior the logistic model.

For the PH and the Aalen model the mean costs have been ¢attutansidering the
area (calculated with numeric integration) under the esti@h survival curve; the median
value is the cost corresponding to the valugin the estimated survival curve.

3 Results

The total hospitalizations costs after 4.5 years of foligware characterized by an asym-
metric distribution (Figure 1); there is a considerablespree of censored data, due to
the patients’ deaths (342 patients, about 13%).

Table 1: Cost distribution in Euro (mean and quartiles).

Mean| Min lg | llg(Median)| Illg | Max
7278 | 99.42| 1938 3913 9014 | 89650

The costs (First quartile, Median, Third quartile) for ederel of the considered
variables are reported in Table 2. Classes for the covariétars of diabetes and Age
have been constructed according to their quartiles.

Several crucial assumptions are not met for several modetsnormality assumption
about the residuals for the OLS model is not satisfied (Sbhapfitk test p< 0.001). The
assumption of proportional hazard is not satisfied, as proyethe Grambsch-Therneau
(Grambsch et al., 1994)? equal to 40.88, g 0.001. The five regression models ap-
plied to the diabetic data using Age (as continuous var)aldex, number of Years of
diabetes (as continuous variable) and number of Co-mansdjas continuous variable)
give significant effects for all the covariates except Yedrdiabetes in both the Logistic
models (Table 3). The cumulative regression functionsreged for the Aalen model are
presented in the Figure 2.

An index for the explained variation has been calculatedefioh model. The Dxy
rank correlation (Schemper et al., 1996) is used for all tloelets but for the OLS re-
gression model, where th@* was used. The logistic model with median (Dxy=0.268)
and third quartile (Dxy=0.263) as cut-off points, the Wdilonodel (Dxy=0.236) and the
Cox model (Dxy=-0.231) did not perform well in terms of explked variation; the same
occurs for the OLS regression modé?( = 0.033). The Aalen model on the contrary
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Figure 1. Histogram of total costs in Euro at 4.5 years of follow-up.

gave a reasonable performance (Dxy=-0.978). The negagweo$ the index is due to
the increment in the estimated survival corresponding te@aiment in the area under
the curve (costs). The overall mean (with a 95% confidenasvat) and the overall me-
dian costs estimated for each model are presented in Talthe4nean and the median
probabilities are presented for the logistic models )

The comparison of the estimated costs for different climpcafiles allows us to have a
specific measure of the estimation bias (difference betweeobserved and the estimated
cost) for each model. The estimated mean costs for five difteclinical profiles are
presented in Table 5. The observed costs in the table retbetmean of the costs for
the patients respectively in the age classes [35, 45), 5 [F5, 65), [60, 70) and in the
classes [0,4), [8,12), [18,22) [13,17) for the variablergeaf diabetes.

The Logistic regression model predicts a probability eqoal,, = 0.2667 to have
a cost greater than the median (3913 euros) and equa)l, te- 0.1355 to have a cost
greater than the third quartile (9014 euros) for a fortyrya@d female diabetic for 2 years,
pm = 0.3961, p3, = 0.2452 for a forty-year-old female diabetic for 10 years with aresth
co-morbidity,p,, = 0.6891, p3qg = 0.4234 for a seventy-year-old men diabetic for 20
years with another co-morbidity,, = 0.5371, ps, = 0.3218 for a sixty-year-old female
diabetic for 15 years with another co-morbidity apg = 0.5457, ps, = 0.2646 for a
sixty five-year-old men diabetic for 30 years.

4 Discussion

The data about the costs are not normally distributed becausinority of individuals
accumulates disproportionately high medical care costgpened to the rest of the popu-
lation; in addition, there is the problem of the incompletenof the follow-up data due to
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Table 2: Distribution of costs (I quartile, Median, Il quartile) emrding to the covariates.

N (Ig, Me, lliq)
Sex Female 1270| (1872, 3617, 8424)
Male 1280| (2047, 4290, 9700)
Co-morbidities> 1 | No 2187| (1850, 3704, 8386)
Yes 363 | (2765, 5943, 12950
Years of Diabetes | [0, 4) 480 | (1641, 3552, 8452)
[4, 10) 594 | (1922, 3728, 8009)

[10,18) | 691 | (1886, 4007, 9363)
[18,48] | 785 | (2142, 4307, 9671)
Age [22.1,59.2)] 638 | (1425, 2891, 7261)
[59.2, 66.2)] 638 | (1872, 3684, 8121)
[66.2, 72.6)] 637 | (2395, 4844, 10940
[72.6,90.8]| 637 | (23334517, 9411)
Overall 2550 (1938, 3913, 9014)

Table 3: Coefficients estimated in the models with standard errors
(significant coefficients in cursive).

Models 061 B 03 084 Years 05 N. co-
Intercept Age Sex Diabetes | morbidities
OoLS 2155.15 53.70 829.80 59.02 2946.98
(SE=1220.02) (SE=18.50)| (SE=360.65)| (SE=21.36)| (SE=474.93)
Logistic -2.102 0.026 0.346 0.006 0.539
(median) (SE=0.283) | (SE=0.004)| (SE=0.081) | (SE=0.004)| (SE=0.110)
Logistic -2.565 0.017 0.233 0.005 0.682
(I quartile) | (SE=0.330) | (SE=0.004)| (SE=0.093)| (SE=0.005)| (SE=0.111)
Weibull 3.0683 0.0577 0.2032 0.0439 1.3073
(SE=0.348) | (SE=0.005)| (SE=0.107) | (SE=0.006)| (SE=0.160)
Cox - -0.0196 -0.0938 -0.0149 -0.4829
- (SE=0.001)| (SE=0.03) | (SE=0.001)| (SE=0.051)
Aalen 4.611 0.023 0.873 -0.078 -1.504
(SE=5.744) | (SE=0.067)| (SE=1.503)| (SE=0.118)| (SE=0.576)

the early deaths. Taking in consideration such charatitarisf the costs, several works
in the literature have been recently proposed (Bang andi3,s#®00; Lin et al., 1997) to
deal with these issues. However, most of these methodsaetgrative procedures for
median regression, which are still presenting difficultresbtaining stable and easy-to-
converge estimates (Bang and Tsiatis, 2000). Standardssign procedures, basically
based on Cox proportional hazard model has been heavilgized, due to severe lacks
regarding underlying assumptions of such models. Amongssalles, the major point
raised, is the effect of a non-constant accumulation ofscogér time, which induces a
non proportionality of hazards in the Cox model (Etzioniletl®99).

To overcome such problems, we proposed to use the Aalersgggnemodel (Aalen,
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Figure 2: Plot of Aalen coefficients as a function of costs. Negativeahna implies an increment
in costs for the specific covariate.

1989) which is robust for the non proportionality in hazardi also for the change in

number and measurement units of the covariates. One disdysaof such model is of

computational nature, because for the more extreme oligersdhe number of covariates
that can be used is limited, to avoid that the Y matrix losefull rank. To overcome this

computational issue for the highest costs, it may be needlddie a large number of
observations also for the more extreme costs, which is génelifficult.

In this analysis we compared the results in the costs estnsafor five different
regression models. The aim was to find out what is the regnessodel, which provides
the best estimations of the overall mean and median costaslsndhe predicted costs for
patients with specific clinical profiles. The comparisontod tmodels was based on the
differences between the real observed costs and the estimasts.

We found an increase in the risk of high hospitalization saltectly connected to
the considered variables: age, sex, duration of diseasprasdnce of other pathologies.
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Table 4: Median and mean costs estimated for each model.

Models Median Cost| Mean cost (95% C.1.)

OLS 7013 7278 (7222.88 7333.12)
Logistic (Median) P=0.4962 | P=0.500 (0.480 0.519)

Logistic (Il quartile) | P=0.2352 | P=0.2502 (0.2334 0.2670)
Weibull 7678 8269 (8154.698 8383.302
Cox 4344 8717.984 (7881.01 9554.95)
Aalen 4879 8077.735 (7493.737 8661.73B)

Table 5. Mean costs estimated for specific clinical profiles. Numlie 3 are referring to 95%
confidence interval.

Observed oLS Weibull Cox Aalen
costs (95% C.1.) (95% C.1.) (95% C.1.) (95% C.1.)
Age=40 Years of Diabetes=2 Sex=F Co-morbidities=0
3388 4421 236.40 1517.058 3936.722
(4365.88 4476.12) (102.3689 370.4311) (1229.894 1804.2223272.815 4600.629
Age=40 Years of Diabetes=10 Sex=F Co-morbidities 51
7894 7840 1242 4594.555 5108.192
(7784.88 7895.12) (1107.969 1376.031) (3521.434 5667.6764043.500 6172.884
Age=70 Years of Diabetes=20 Sex=M Co-morbidities =[L
8077.704 10870 13347 16401.33 7637.626
(10814.88 10925.12)  (13212.97 13481.03) (13488.79 188)3. (6401.272 8873.980
Age=60 Years of Daibetes=15 Sex=F Co-morbidities=[L
5724.294 9209 4909 9806.214 6411.435
(9153.88 9264.12)  (4774.969 5043.031)  (8006.951 116G%.47(5374.243 7448.626
Age=65 Years of Diabetes=30 Sex=M Co-morbidities=0
5527.482 8246 4199 8835.986 5377.089
(8190.88 8301.12) (4064.969 4333.031) (7363.122 10308.85(4574.917 6179.260

There is agreement in all the models about the effects ofdhsidered covariates, (ex-
cept the variable duration of disease in the Logistic mgddts particular the presence
of co-morbidities has the biggest effect on the costs, whiesex is not a very important
discrimination factor in the cost expenditure. The logiséigression is not very informa-
tive in this analysis, but the estimated probabilities teeha cost greater than the median
(estimated probability p=0.50) or the third quartile (estted probability=0.2502) are ac-
curate. The odds ratios in the logistic models confirm thekvedfect of the variable sex:
OR = 1.41 (median as cut-off point) an@ R = 1.26 (third quartile as cut-off point), and
the considerable effect of the variable Number of co-matieist O R = 2.94 (median as
cut-off point) andOR = 3.92 (third quartile as cut-off point). The probability to aceru
high hospitalization costs (costs greater than 3913 eis@dnost three times and almost
four times (for total costs greater than 9014 euros) for tgepts, that present another
co-morbidity with the diabetes respect the patients ordyeiic.

The Aalen model gives the best overall mean value (after tiimased estimation
of the OLS model) with a difference af99.235 euros with respect to the mean value
(11%). Nevertheless it overestimates the overall mean costhii&eonsidered Cox model
(a difference 0f1439.984 euros accounting for abo@0%) and the Weibull model (a
difference of 991 euros, aboit%).

In the Cox model there is a tendency to overestimation fohigke risk profiles (third,
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fourth and fifth clinical profile), while there is a tendenoyunderestimate the costs for
the low risk profiles (first and second). In the Weibull modielre is a general tendency to
underestimate the costs for the considered clinical peodifel particularly for the low risk
profiles (first and second profile), while the highest riskfiedthe third: a seventy-year-
old men, diabetic foR0 years and with another co-morbidity) is strongly overeatied
(observed cost: 8077.7904 euros, estimated mean cost7 E28d4s). The Aalen model
gives the best estimations of the mean costs in all the ceresicprofiles (except for the
second profile, where the OLS gives the best estimation).bldin the estimations is
included between the 2.72% (for the fifth profile) and the &BoXfor the first profile).

In view of our results the Aalen model shows to be a realistid mformative way
to characterize the effect of covariates on costs at a preHsgd time (in our case, 4.5
years). However, a key assumption of this model remainsskemaption of independent
or non informative censoring, which means that censoredighgals cannot constitute a
particularly high or low risk subgroup; rather they shouklrepresentative in terms of
their risk of hospitalization cost. We consider in this stulde deaths as censored data,
because the aim is the estimation of the total costs at a fireel of 4.5 years (total
follow up time). The censoring data constitutes about 13%h@sample in this study and
the high-risk individuals tend to be censored (they die)eriiely than those remaining
and thus they will constitute a selective, low-risk sample] the estimated hazard could
possibly lead to an underestimation of the true cost haz#nds to be noticed however
that such effect is common for the vaste majority of the costlaels presented in the
literature (Lin et al., 1997) and thus it remains a majorést&u forthcoming research.
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