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Abstract

Objective: Off-label prescribing of medications, polypharmacy, and other questionable prescribing practices have led investigators to
examine a large VA pharmacy database to determine if physician prescribing decisions appear reasonable.
Method: The current study addresses the question of physician prescribing of atypical antipsychotics in 34,925 veterans with schizo-
phrenia, using a series of signal detection analyses.
Results: These results suggest that only three factors (hospital size, age, and secondary diagnosis) allow classification of patients
prescribed atypicals into three groups with frequencies of use of atypicals ranging from 43% to 79%, and that these results are con-
sistent with reasonable clinical practice.
Conclusions: Results of two-stage signal detection analyses are readily interpretable by clinicians and administrators who are faced
with the task of evaluating how physicians prescribe medications in clinical practice. Physicians� decisions to prescribe atypical anti-
psychotics are based on both patient and fiscal considerations. This likely reflects a combination of clinical judgment and institu-
tional guidelines.
Published by Elsevier Ltd.
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1. Introduction

Examination of prescribing decisions by physicians
has become the focus of attention as drug costs con-
tinue to grow and this contributes to the increasing
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doi:10.1016/j.jpsychires.2005.06.004

q The software used in this analysis is in the public domain (http://
mirecc.stanford.edu).
* Corresponding author. Tel.: +1 650 852 3287; fax: +1 650 496

2504.
E-mail address: jhoblyn@stanford.edu (J. Hoblyn).
cost of healthcare in the US (Hoffman et al., 2004;
Reinhardt et al., 2004). ‘‘Off label’’ use of medications
is common in psychiatry because of the increased
availability of psychotropic medications for clinicians
to choose from and the lack of clinical trials that
adequately address important factors relating to pre-
scription choice (such as specific medication differ-
ences, dosing, side-effects, and compliance problems).
Indeed, ‘‘off label’’ use of drugs may lead to unneces-
sary costs and potentially poor or delayed patient
outcomes (Petersen, 2002).
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A variety of treatment guidelines have been devel-
oped to treat schizophrenia. These guidelines provide
expert advice on various treatment options that are pre-
sumed improve outcomes. Despite the existence of
guidelines, the factors that actually predict physician�s
decisions have not been explored. Is there a rationale
for their prescribing patterns? How can this be deter-
mined using available data? To answer this, we review
the methodological challenges in using available data,
the limitations of using traditional approaches, and fi-
nally, we propose a two-stage approach to identifying
clinically relevant factors in physician prescribing
decisions.

The Veterans Health Administration of the Depart-
ment of Veterans Affairs (VA) has information from
the tens of thousands of patients treated with antipsy-
chotics each year, which provides a valuable analytical
resource to address issues regarding prescribing pat-
terns. Using nationwide VA data for a three-month per-
iod in 1999, Leslie and Rosenheck (2001a) found that
over half the VA outpatients diagnosed with schizophre-
nia received an atypical antipsychotic and that most pre-
scribing was consistent with approved guidelines. In a
second article, the authors examined these data for evi-
dence that constriction of the VA budget had resulted in
a reduction of the prescription of relatively expensive
atypical neuroleptics (Leslie and Rosenheck, 2001b).
In the later work they found, that hospitals that ap-
peared to be under the most fiscal stress prescribed more
of the expensive new medications.

As relevant to the VA as these studies are, they do not
provide a comprehensive picture of prescribing patterns,
in part because of two methodological challenges: (1)
the difficulty integrating data that involve both individ-
ual-level and facility-level predictors of the physicians�
choice of medication, and (2) the limited availability of
analytical techniques that provide easily interpretable
and clinically relevant information. Consequently, there
continues to be a need to examine such data in a way
that can yield results relevant to decision-makers who
must determine if patterns of use are clinically and eco-
nomically reasonable or if they need to be altered.

A methodological challenge with the analysis of huge
datasets containing both individual-level and facility-
level data stems from the mixture of facility level factors,
such as those related to costs of care with individual-
level factors such as a patients� diagnoses, ages, and dura-
tions of hospitalization. When assessing correlations for
samples drawn from possibly different populations (or
different VA facilities), computing the correlation by
combining all the subjects together leads to statistical
anomalies, termed Simpson�s Paradox (Bickel et al.,
1975; Hand, 1979; Kraemer, 1978; Simpson, 1951; Wag-
ner, 1982). Briefly, even if a given factor were completely
uncorrelated with the outcome (prescription decisions)
at every facility, it might appear to be correlated in the
combined analysis, because those facilities with high
rates of the outcome were also high or low on those
factors (a across-facility correlation). Alternatively, if a
given factor were perfectly positively correlated within
each facility, it might appear to have no correlation
because the cross-facility correlation was negative and
cancelled it out. Thus, it is important to deal with
across-facility correlation and within-facility correlation
separately.

A second methodological challenge stems from the
emphasis on statistical rather than clinical significance.
Any non-random association will be found to be statis-
tically significant provided the sample size is large en-
ough. However, statistically significant results may not
carry any clinical or practical significance (Borenstein,
1997, 1998; Jacobson and Truax, 1991; Kraemer, 1993;
Wilkinson, 1999). Furthermore, the most commonly ap-
plied method to identify such associations, logistic
regression, has a number of additional limitations (Brei-
man et al., 1984; Kiernan et al., 2001; Kraemer, 1992;
Loh and Vanichsetakul, 1988). For example, assump-
tions of linearity must be made and such analyses are
weak in detecting interactions, able only to detect those
interactions the user already suspects and incorporates
into the model. Finally, the output of logistic regression
is at best a risk score that clinicians or administrators
cannot subsequently use easily clinically.

In this paper we shall use an alternative signal detec-
tion method called Receiver Operating Characteristic
(ROC) analyses (Kiernan et al., 2001; Kraemer, 1992).
ROC is distinguished from the other partitioning meth-
ods by the fact that: (1) it uses a measure of clinical, not
statistical, significance to determine splits and (2) it fo-
cuses on developing the most compact results.

This work makes use of the same VA pharmacy data-
base analyzed by Leslie and Rosenheck (2001a,b) to
compare and contrast results found in the original logis-
tic regression analyses. We shall be able to address ques-
tions such as which patient subgroups are prescribed
atypicals and whether these patterns are clinically
appropriate. The results from this study not only iden-
tify the most important variables for prediction, but also
develop classification rules so that each patient could be
assigned to one group with a specified probability of
having the outcome.

We provide a two-stage approach to identify clini-
cally relevant factors in physician prescribing decisions.
In Stage 1 of the analyses we shall analyze facility-level
data to identify which facilities are more or less likely to
recommend an atypical antipsychotic medication to
schizophrenics. These results are then used to stratify
the facilities into more homogeneous subgroups. In
Stage 2, we will use ROC analyses within each such sub-
group, to provide an easily interpretable set of results in
terms of patient subgroups associated with higher or
lower prescription of atypical antipsychotics.
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2. Methods

2.1. Database

The dataset used in these analyses was the same
dataset of 34,925 patient records used by Leslie and
Rosenheck in their 2001 study (Leslie and Rosenheck,
2001b) which originated in national VA administrative
databases. These data include all VA outpatients who
were diagnosed with schizophrenia during the 1999 fis-
cal year (from October 1, 1998 to September 30,
1999). Patients were identified as having a diagnosis
of schizophrenia if they had two or more outpatient
encounters in a mental-health outpatient clinic with
either a primary or secondary diagnosis of schizophre-
nia (ICD-9 codes 295.00–295.99). These data were
merged with information from the VA Drug Benefit
Management System for prescription drug records
from June 1 to September 30, 1999. Patient character-
istics such as ethnicity, age, other diagnoses, and other
relevant measures were derived from the outpatient
files. Finally, the National Mental Health Program
Performance Monitoring System was used to obtain
descriptors for the various facilities in which the pa-
tients were found. Table 1 presents a summary of
the predictor variables used in our analyses and their
summary statistics. Of note, 77% of subjects had no
days in the hospital; 85% of the subjects lived within
30 miles of a VA clinic and 96% of the subjects had
an annual income of $25,000 or less.
Table 1
VA Database variables used in ROC analyses as predictors and summary st

Variable

Age*

Number of days of psychiatric hospitalization (10/1/98 to 9/30/99)*

Distance to nearest VA clinic (miles)*

Income (in thousands of dollars)
Any service connected disability (0 = none, 1 = 0–50% or 2 = 50–100%)*

Months of outpatient care (10/98 to 4/99)
1995 Per capita mental health costs (in thousands of dollars)*

Z-score change in mental health costs*

Inpatient costs as fraction of MH costs
Research/education costs as fraction of MH costs

Variable

Female*

Hispanic
Black*

Additional dementia disorder diagnosis*

Additional PTSD diagnosis *

Additional personality disorder diagnosis
Additional psychosis diagnosis *

Additional substance abuse diagnosis*

Additional bipolar disorder diagnosis*

Additional mental health diagnosis

N = 34,925.
* All variables except hispanics and subjects with additional mental health

analysis reported by Leslie and Rosenheck (2001b).
2.2. Stage 1: Facility-level analysis

There are five facility-based variables listed in Table 1
(N = 141 facilities). They were: (1) continuity of care, (2)
inpatient costs as a fraction of mental health costs, (3)
fraction of mental health costs used for research and
education, (4) 1995 per capita mental health costs, and
(5) change in per capita mental health costs. In addition,
hospital size, based on the number of patients, was
included. A multiple linear regression analysis was
performed using the facility-level variables as predictor
variables, and the arcsine transformation of the percent-
age of atypical antipsychotic medication use at each
facility as the dependent measure. Only hospital size
was a significant facility-based predictor of atypical
use. We performed multiple linear regressions to obtain
the maximum power to detect site differences. To sim-
plify the next stage of analyses based on hospital size,
hospitals were stratified into three size-categories based
upon the number of individuals diagnosed with schizo-
phrenia in each hospital, ranging from greater than
400 in the ‘‘Big’’ category, 200–400 in the ‘‘Medium’’
category and less than 200 in the ‘‘Small’’ category.
The descriptive statistics for the facility-based variables
by hospital size are presented in Table 2.

2.3. Stage 2: ROC individual-based analyses

To obtain an indication of the relative importance of
the individual-based predictor variables, ROC analyses
atistics

Mean Standard deviation

52.0 11
8.5 31

15.8 19.6
14.7 17.2
1.03 0.93
4.52 2.3
3.57 2.78

�0.18 0.31
0.57 0.61
0.06 0.05

Frequency Percentage (%)

1746 5
1397 4
8382 24
2445 7
4191 12
2096 6
3143 9
7334 21

12,573 36
5937 17

diagnosis were significant at the p < 0.005 level in logistic regression



Table 2
Descriptive statistics of facility-based variables

Facility-based variable Big hospitals (N = 26) Medium hospitals
(N = 46)

Small hospitals (N = 69)

Mean SD Mean SD Mean SD

Continuity of care 4.57 1.46 4.46 0.96 4.22 0.61
Fraction of MH costs on IP care 0.58 0.19 0.61 0.21 0.41 0.29
Fraction of MH costs on R&E 0.059 0.048 0.065 0.051 0.034 0.047
1995 Per capita MH costs 3.76 1.99 3.87 2.43 2.60 2.17
Change in per capita MH costs �0.14 0.26 �0.19 0.24 �0.20 0.31
Hospital size 546 148 281 58 113 49
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were performed in each of the three facility size-catego-
ries. When conducting an ROC analysis, it is necessary
to first define a ‘‘gold standard’’ or other clinically rele-
vant binary outcome criterion of interest. Our criterion
was use of any atypical neuroleptic. The ROC software
then searches all the individual predictor variables, (for
example, the age of the patient at the time of their first
atypical neuroleptic use), and their associated cutoff
points (for example, those patients aged less than 55
years versus those 55 or older). Subsequently, the soft-
ware identifies those subjects who have the optimal sen-
sitivity and specificity for the identified outcome (i.e. the
Fig. 1. Decision tree for ‘‘Big
use of any atypical antipsychotic agent). In determining
optimal cut-points in this study, equal weight was here
given to false positives and negatives. Every predictor
variable and every candidate cut-point value for that
variable are tested by the ROC software.

Having identified the optimal predictor variable and
associated cut-point, the software tests the outcome of
interest with a ‘‘stopping rule’’. In this study, the stop-
ping rule requires: (1) that there be a minimal number
(here 10) with or without the outcome, positive and
negative on the dichotomization, and (2) that a 2 · 2
chi-square test evaluating that dichotomization against
’’ hospitals using ROC.
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the outcome be statistically significant at less than the
1% level. If the association being tested passes this crite-
rion, the sample is partitioned into two subsamples (of-
ten called ‘‘branches’’) according to the performance of
each subject on the optimal predictor variable and opti-
mal cut-point tests. If it does not pass the criterion, the
process stops with the total group under consideration.
If the process is not stopped, then it is repeated in each
of the two subsamples so formed and continues in this
manner until all the ‘‘branches’’ are stopped, forming
a decision tree (see Fig. 1).

The first box inFig. 1 indicates the 14,185 total patients
of whom 57% were prescribed an atypical neuroleptic. In
the next box is the variable that was the best cut-point for
identifying those receiving an atypical: the number of
days of inpatient psychiatric hospitalization (Hospital
Days). This is the first cut point labeled 1*. The total
group of 14,185 is then divided into two subgroups of
10,928 and 3257 patients. Of the subgroup of 3257 sub-
jects, 73%were prescribed an atypical. The next cut-point
in this subgroup is labeled 2*: the number of Hospital
Days greater or equal to 16. The 3257 patients are divided
into two more groups, one with 1252 patients and the
other with 2005 and so on to complete the tree.
3. Results

3.1. Stage 1: Facility-level analysis

As mentioned, only hospital size was a statistically
significant predictor of atypical use for the facility-level
analysis. Small hospitals (<200 patients) are more likely
to prescribe atypical neuroleptics (63%) than Medium
hospitals (58%) and Large hospitals (57%). These results
are presented in Table 3.
Table 3
Results of ROCs by hospital size category

Group Age Additional bipolar
diagnosis

A. Bipolar with P7 hospital days P50 Yes
<50 Yes

B. All remaining groups <50 No
P50 No
P50 Yes
P50 Yes
<50 Yes
<50 No
P50 No
<50 Yes
<50 No

C. No bipolar diagnosis, no hospital days P50 No

N = 34,925.
3.2. Stage 2: ROC Individual-based analyses

In Stage 2, ROC analyses were completed for each
of the three size categories of facility resulting in three
different ‘‘decision trees’’. Each decision tree (see
‘‘Big’’ hospitals in Fig. 1) has different patient-groups
identified by different predictors of atypical antipsy-
chotic medication use. However, only three different
individual-variables (age, additional bipolar diagnosis,
and days of hospitalization) were identified by all
three ROCs, although not necessarily with exactly
the same cut-points. Table 3 also presents 12 patient
groups corresponding to the subgroups identified in
the three decision trees. For simplification, these 12
patient groups were then reduced to underlying pa-
tient-groups with similar predictors and similar rates
of atypical use (high use, moderate use and lower
use). Finally, these results are also depicted in Fig. 2
where facility size is combined with the effects of indi-
vidual variables. Note that atypical use is nearly iden-
tical for ‘‘Big’’ and ‘‘Medium’’ hospitals across these
three underlying patient-groups.
4. Discussion

The result that patients who are younger (under 50
years) and more likely to require hospitalization as well
as bipolar diagnosis are more likely to be prescribed
atypical neuroleptics suggests that factors involving
choice of these medications appears reasonable clini-
cally. The fact that smaller hospitals are more likely to
use atypicals independently of these three other factors
is consistent with a lack of inpatient facilities at smaller
centers and the need to treat aggressively on an outpa-
tient basis.
Hosp. days Proportion of patients on atypical

Big hospitals Medium hospitals Small hospitals

P7 0.77 0.78 0.78
P7 0.76 0.76 0.81
Mean 0.77 0.77 0.79

P7 0.71 0.72 0.75
P7 0.69 0.71 0.72
1–6 0.68 0.65 0.71
0 0.66 0.68 0.75
1–6 0.65 0.71 0.77
1–6 0.61 0.53 0.64
1–6 0.60 0.66 0.76
0 0.57 0.58 0.63
0 0.57 0.57 0.63
Mean 0.61 0.62 0.68

0 0.43 0.43 0.48
Mean 0.43 0.43 0.48
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Fig. 2. Underlying patient-groups from Table 3 plotted by atypical use. A, B and C refer to groups defined in Table 3.
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The fact that in the two stage-analyses used in this
study we are able to sift through over 30,000 cases and
20 predictor variables and obtain results that are rela-
tively easily and make sense clinically suggest that such
methods may be usefully applied to other issues relating
to the prescription of similar medications. In a broad
sense, any outcome that can be coded as a binary or
yes/no decision is suited to signal detection processes
(ROC). For additional information on such signal-
detection techniques the reader is referred to several
other studies that provide useful clinical examples (Kra-
emer, 1992; O�Hara et al., 2002; Kiernan et al., 2001;
Killen et al., 1996; Winkleby et al., 1994). The method
has also been used for determining prognosis (Killen
et al., 1996; O�Hara et al., 2002) and for prediction of
treatment response (Winkleby et al., 1994).

A limitation of this study is the lack of physician fac-
tors that are included. Physician characteristics may be
as important as patient characteristics in determining pre-
scribing practices (Solomon et al., 2003). Organizational
factors such as local policies, geography, academic affilia-
tion, and policies regarding drug marketing can also be
important in determining prescribing practices. Nonethe-
less, we conclude that these results provide some evidence
that at the time of the study the selection of patients for the
use of atypical antipsychotics by VA physicians appears
to follow rationale clinical practice.
5. Results

In conclusion, people who are faced with the daunting
task of interpreting vast amounts of medical data, such
as the VA pharmacy and clinical data examined in this
study, now have a series of tools that when applied to
these data may result in more easily interpretable results
than one might initially assume. The current analyses
suggest that only three factors allow classification of pa-
tients into three groups with frequencies of use of atypi-
cals ranging from 43% to 79%. Such results may be more
interpretable by clinicians and administrators alike who
will be faced with the task of evaluating how physicians
are prescribing medications in actual clinical practice.
Acknowledgements

This research was supported by the Sierra-Pacific
Mental Illness Research, Education, and Clinical Center
(MIRECC), National Institute of Aging Grant
AG17824, and the Medical Research Service of the
Department of Veterans Affairs.
References

Bickel PJ, Hammel EA, O�Connell JW. Sex bias in graduate
admissions: data from Berkeley. Science 1975;187:398–404.

Borenstein M. Hypothesis testing and effect size estimation in clinical
trials. Annals of Allergy Asthma & Immunology 1997;78:5–16.

Borenstein M. The shift from significance testing to effect size
estimation. In: Bellak AS, Hersen M, editors. Research & methods.
Comprehensive clinical psychology; 1998. vol. 3, p. 319–49.

Breiman L, Friedman JH, Olshen RA, Stone CJ. Classification and
Regression Trees. Monterey, CA: Wadsworth & Brooks/Cole
Advanced Books & Software; 1984.

Hand DJ. Psychiatric examples of Simpson�s paradox. British Journal
of Psychiatry 1979;135:90–6.



166 J. Hoblyn et al. / Journal of Psychiatric Research 40 (2006) 160–166
Hoffman JM, Shah ND, Vermeulen LC, Hunkler RJ, Hontz KM.
Projecting future drug expenditures–2004. American Journal of
Health-System Pharmacy 2004;61:145–58.

Jacobson NS, Truax P. Clinical significance: a statistical approach to
defining meaningful change in psychotherapy research. Journal of
Consulting and Clinical Psychology 1991;59:12–9.

Kiernan M, Kraemer HC, Winkleby MA, King AC, Taylor CB. Do
logistic regression and signal detection identify different subgroups
at risk? Implications for the design of tailored interventions.
Psychological Methods 2001;6:35–48.

Killen JD, Fortmann SP, Kraemer HC, Varady AN, Davis L,
Newman B. Interactive effects of depression symptoms, nicotine
dependence, and weight change on late smoking relapse. Journal of
Consulting and Clinical Psychology 1996;64:1060–7.

Kraemer HC. Individual and ecological correlation in a general
context: investigation of testosterone and orgasmic frequency in the
human male. Behavioral Science 1978;23:67–72.

Kraemer HC. Evaluating Medical Tests: Objective and Quantitative
Guidelines. Newbury Park, CA: Sage Publications; 1992.

Kraemer HC. Reporting the size of effects in research studies to
facilitate assessment of practical or clinical significance. Psycho-
neuroendocrinology 1993;17:527–36.

Leslie DL, Rosenheck RA. Use of pharmacy data to assess quality of
pharmacotherapy for schizophrenia in a national health care
system. Medical Care 2001a;39:923–33.

Leslie DL, Rosenheck RA. The effect of institutional fiscal stress
on the use of atypical antipsychotic medications in the
treatment of schizophrenia. Journal of Nervous and Mental
Disease 2001b;189:377–83.

Loh WY, Vanichsetakul N. Tree-structured classification via general-
ized discriminant analysis. Journal of the American Statistical
Association 1988;83:715–25.

O�Hara R, Thompson JM, Kraemer HC, Fenn C, Taylor JL, Ross L,
Yesavage JA, Bailey AM, Tinklenberg JR. Which Alzheimer
patients are at risk for rapid cognitive decline? Journal of Geriatric
Psychiatry and Neurology 2002;15:233–8.

Petersen M. Documents show effort to market unproven drug. The
New York Times, October 22, 2002.

Reinhardt UE, Hussey PS, Anderson GF. US health care spending in
an international context. Health Aff Millwood 2004;23:10–25.

Simpson EH. The interpretation of interaction in contingency tables.
Journal of the Royal Statistical Society Series B 1951;13:238–41.

Solomon DH, Schneeweiss S, Glynn RJ, Levin R, Avorn J. Determi-
nants of selective cyclooxygenase-2 inhibitor prescribing: are
patient or physician characteristics more important? American
Journal of Medicine 2003;115:715–20.

Wagner CH. Simpson�s paradox in real life. American Statistician
1982;36:46–8.

Wilkinson L. The Task Force on Statistical Inference: Statistical
methods in psychology journals: guidelines and explanations.
American Psychologist 1999;54:594–604.

Winkleby MA, Flora JA, Kraemer HC. A community-based heart
disease intervention: predictors of change. American Journal of
Public Health 1994;84:767–72.


	Factors in choosing atypical antipsychotics: Toward understanding the bases of physicians "  prescribing decisions
	Introduction
	Methods
	Database
	Stage 1: Facility-level analysis
	Stage 2: ROC individual-based analyses

	Results
	Stage 1: Facility-level analysis
	Stage 2: ROC Individual-based analyses

	Discussion
	Results
	Acknowledgements
	References


