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Background:  Injury related to health care is a serious public health concern.  The 

prevalence of drug related admissions in the United States has been reported to be from 

three to twelve percent of hospital admissions.  Organizations interested in reducing drug 

related morbidity need measurement techniques to gather baseline information about 

preventable drug related morbidity (PDRMs), and methods to assess system related 

causes to develop rational interventions that target the system failures  

The objective of this dissertation is to better understand the relationship between 

system design and patterns of care that can result in drug related injury.  

Methods: This study was executed in three steps.  In the first step, database 

analysis, medication use performance indicators (MU-PI) were used to estimate the 

number of PDRM positives in the managed care organization’s administrative database.  

Step two used the Delphi process to judge the degree of association between select MU-

PIs and specific nodes of the medication use system (MUS) where the process failure 

xi 



may have originated.  In step three, select MU-PIs from each node of the MUS were 

submitted to cause-and-effect analysis (CEA).   

Results:  The period prevalence for process positives was 209.84 (206.37-213.34) 

per 1,000 member years.  The period prevalence for PDRM positives was 1.98 (1.6-2.4) 

per 1,000 member years.  Gender, number of office visits, number of drug classes and 

number of medical conditions were independent risk factors for PDRM.   

Fourteen indicators were selected for step two.  Six of the fourteen indicators were 

assigned to the prescribing node and seven were assigned to the monitoring node of the 

MUS.  One indicator did not reach significance within two rounds. 

The cause-and-effect team identified twenty-nine cause sequences.  They found 

that twenty-three of the twenty-nine were common to both prescribing problems and 

monitoring problems.  

Conclusion:  The MU-PIs proved to be a useful tool to identify possible cases of 

PDRM and to initiate “system” thinking or organizational introspection to evaluate 

system related causes for drug related injury.   Four themes can be interpreted  from 

CEA: lack of necessary tools for adequate patient information and assessment, an 

information system that can track patients and relay information to the providers, 

pharmacist involvement in the MUS, and guideline adherence.   
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CHAPTER 1 
INTRODUCTION 

Problem Statement 

Injury related to health care is a serious public health concern.  The prevalence of 

drug related admissions in the United States has been reported to be from three to twelve 

percent of hospital admissions.1  The Institute of Medicine has proposed a fifty percent 

reduction in errors by 2005.2  For this achievement in medications use, the following are 

needed: 

• Measurement techniques to gather baseline information about preventable drug 
related morbidity (PDRMs) 

• Assessment of system related causes and rational interventions that target the 
system failures 

• Follow-up measurements to gauge the effects of the interventions. 
 

Automated data screening for PDRM has been proposed as a method to produce 

baseline and longitudinal measurements.  However, the underlying system problems that 

contribute to PDRM in the ambulatory setting are largely unknown.  Studies measuring 

the prevalence of drug-related hospital admissions have identified nodes in the 

medication use process where the drug therapy problems originated, i.e., prescribing, 

monitoring, dispensing and patient adherence.  The underlying system related causes of 

node specific problems, however, have not systematically been evaluated.  This research 

will try to discover the system factors that contribute to node specific problems. 
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Objective 

The objective of this dissertation is to better understand the relationship between 

system design and patterns of care that can result in drug related morbidity.  

Specific Aims 

The specific aims of this study are as follows: 
1. To establish the frequency of medication use performance indicator (MU-PI) 

positives in the study population 
2. To evaluate population based explanations for MU-PI positives  
3. To identify the node of the medications use system (MUS) where indicator specific  

patterns of care likely originated 
4. To identify system related causes that are common among nodes of the MUS 
5. To identify system related causes that are unique to nodes of the MUS 
 

Justification 

This study has both theoretical and practical implications.  The theoretical 

contribution of this study includes: 

• Determining the node of the MUS where the pattern of care from specific MU-PIs 
originated.  This permits the evaluation of the indictors by processes rather than 
medication or disease specific analysis. 

• Providing information about how the various subsystems (patient, microsystem, 
organization, and environment) within the health care enterprise interact to 
influence the quality of medication use. 

• Establishing system factors that contribute to node specific patterns of care or 
process problems.  Identifying system factors that appear to be node specific 
problems will reveal leverage points for interventions that may span medication 
classes and disease categories.  

• Establishing system factors that contribute to patterns of care or process problems 
from multiple nodes of the MUS.  Identifying system factors that appear to be 
common among the nodes of the MUS will reveal leverage points for interventions 
that may span nodes of the MUS, medication classes and disease categories.  

This study will demonstrate how the MU-PIs can be used to assess the quality of 

medication use in a defined population.  It will also demonstrate how the MU-PI findings 
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can be used to initiate activities that lead to the exploration of how system design 

influences the quality of medication use, i.e., organizational introspection.  

From a practical perspective, the health care purchasing group involved in this 

study is interested in increasing the quality of care and decreasing costs for the purchasers 

they represent.  Understanding how system factors influence the quality of medication 

use will help direct the development of interventions to reduce the prevalence of adverse 

drug outcomes.   

Overview 

The health care industry is wasting billions of dollars3 and causing an unacceptable 

amount of injury due to inappropriate medications use.1,2,4  Results from our meta-

analysis of fifteen studies indicated that approximately four percent of all hospital 

admissions may be preventable.1  To place the reported prevalence estimate into 

perspective, according to the National Hospital Discharge Survey, there were 31,827,000 

admissions to U.S. hospitals in 1998.  If the prevalence of preventable drug-related 

hospital admissions (PDRAs) happened to have been four percent in 1998, there would 

have been roughly 1.3 million PDRAs.  This would have placed PDRAs among the top 

causes of hospitalizations in the U.S. that year-above admissions related to congestive 

heart failure (3.1%) and on par with pneumonia (4.2%).   

Ambulatory health care is complex, with many opportunities for problems in drug 

therapy to occur.  The basic nodes in the MUS include prescribing, dispensing, (self) 

administration, and monitoring.  Of the fifteen studies analyzed in the above-mentioned 

meta-analysis,1 eight described the types of drug therapy problems that led to PDRA.5-12  

 



4 

An analysis of these studiesa indicated that prescribing and monitoring problems were 

highly associated with PDRA (median: 34% and 32%), respectively.  Problems with 

medications compliance (median: 22%) were also implicated as a main contributor to 

PDRA.   

The finding that prescribing and monitoring problems appeared to be the main 

contributors to PDRA is disturbing because health care professionals are expected to 

“first do no harm.”  Even though practitioners are expected to manage their patients 

appropriately and “do it right the first time,” the health care system should be designed in 

a way that anticipates human error and does not allow it to progress to an adverse drug 

event or PDRM.  Ideally, the health care enterprise should be able to deliver care in a 

highly reliable manner where performance problems and bad decisions are recognized 

and corrected because adverse events occur.  Results from the Institute of Medicine 

report on medical errors2 and from our meta-analysis1 show that the American health care 

system is currently far from highly reliable.   

Before the rational development of interventions, a data stream must be established 

for baseline and follow-up measurements, and underlying system related causes need to 

be examined.  A recent doctoral dissertation at the University of Florida used a Delphi 

approach to validate forty nine MU-PIs; each paired an inappropriate process (violation 

of a standard of care) with an adverse outcome.13  An example of these indicators 

follows: Use of two or more NSAIDS concurrently for at least two weeks in patients 65 

or older followed by gastritis and/or upper GI bleed.   

                                                 
a The analysis can be found in Chapter 4 (preliminary analysis) 
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The indicators were automated and used to screen an administrative database of a 

large MCO in North Florida.  The data set contained 11,711 patients, and 8.2% of them 

screened positive for a PDRM.  For further validation, the positive predictive value of 

process to outcome (PTOV) was calculated to measure the strength of the association 

between the inappropriate process and the corresponding adverse outcome for each 

indicator.  Ten of the nineteen indicators that had more than ten positive screens had 

PTOV values greater that 0.74.  This suggests that this instrument would be acceptable 

for eliciting cases of PDRMs for system level analysis.   

Cause-and-effect analysis is a retrospective method for identifying system failures, 

and its popularity has largely advanced from its success in understanding industrial 

accidents.14  Rooted in industrial psychology and human factors engineering, cause-and-

effect analysis has recently been adopted in the medical community to evaluate quality 

problems. 

The MU-PIs adopted from Faris (2001)13 will be used to screen the database of a 

health care coalition in Florida.  MU-PIs with high frequency will be selected and 

assigned to the nodes of the MUS where the drug therapy problems appear to have 

originated from.  Cause-and-effect diagramming on selected MU-PI that represent 

specific nodes of the MUS will be carried out to uncover system related problems that are 

common among the nodes and unique to specific nodes of the MUS. 

 

 



CHAPTER 2 
CONCEPTUAL FRAMEWORK 

The framework of this study was developed from Hepler’s conceptualization of 

PDRM and the MUS,15 Berwick’s framework for the health care system16 and Reason’s 

accident theory.17  The premise is drug-related morbidity is largely preventable due to 

failures in the management of drug-therapy.  A model of the MUS is used to illustrate 

how drug-therapy problems (DTPs) can develop into PDRM.  Health care is a complex 

system with many layers of embedded systems.  A framework presented by Berwick16 is 

used to simplify the complexity by referring to specific levels of the heath care system.  

Finally, James Reason’s accident theory 17 is used to discuss the types of failures and 

conditions that affect the performance of the MUS and allow PDRM to occur. 

Adverse Outcomes of Drug Therapy 

The term drug-related morbidity (DRM) is used to discuss adverse outcomes of 

drug therapy.  DRM is a concept that includes (a) significant adverse effects of drug 

therapy (e.g., hospital admissions or emergency department visits) (b) treatment failures 

(i.e., occasions when drug therapy was attempted but did not achieve a realistic, intended 

outcome in a reasonable time) and (c) occasions when a patient did not receive an 

indicated or necessary drug therapy.18  It is important to appreciate the relationship 

between the popular term adverse-drug event (ADE), which was used to describe adverse 

outcomes of drug therapy in the IOM report “To Err is Human,” and DRM.  The term 

ADE historically has been used to describe injury resulting from medical interventions 

related to a drug (i.e., direct effects of the therapy),4,19-22 without recognition of indirect 
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injury resulting from sub-therapeutic dose or no drug while a valid indication is present.  

Even though it does appear that the definition for an ADE has recently evolved to include 

indirect injury, 23 the term DRM is used in this study because it has historically treated 

indirect injury as a significant adverse outcome related to drug therapy. 

A DTP that precedes a DRM can be classified into two types: potential DTPs and 

actual DTPs.  The first indicates a person has a theoretical problem associated with drug 

therapy, and the latter signifies the problem has manifested (symptoms are present).15  

Theoretical DTPs exist independently of individuals; they are the situations in care that 

produce the risk for specific adverse effects.  Potential DTPs occur when a theoretical 

DTP is present in an individual, e.g., contra-indications, drug interactions and unjustified 

violations of evidence-based medicine.  Actual DTPs are denoted by observable or 

patient reported symptoms.  For example, concomitant prescribing of digoxin and 

quinadine is a known theoretical DTP because this combination can potentially alter the 

excretion of digoxin, thus increasing its serum concentration, which is especially 

troubling because digoxin is known to have a very narrow therapeutic window. 

Now imagine a patient sixty-five years old who is concurrently receiving digoxin 

and quinidine.  This patient has a potential DTP because a theoretical DTP is present in 

his drug therapy.  Now, suppose this patient begins to experience fatigue, weakness, 

confusion, and diarrhea.  Most likely he is experiencing an actual DTP because 

predictable symptoms known to be associated with the theoretical DTP have manifested.  

If he/she becomes hypokalemic and needs emergency care, and upon admission his/her 

digoxin level is in toxic range, say > 50 mcg/kg, then he/she most likely would have 

experienced a preventable DRM (PDRM).   
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A preventable DRM has the following attributes :15,18 

• The DRM was preceded by a recognizable DTP 
• The DRM was reasonably foreseeable under the circumstance 
• The cause of the DTP and the resulting DRM was identifiable 
• The identified cause of the DTP and resulting DRM was controllable within the 

context of therapy (i.e., without sacrificing essential therapeutic objectives). 
 

In this case the DRM meets the four criteria for preventability because it was 

preceded by a known drug interaction (potential DTP) and the manifest symptoms (actual 

DTP) were commonly associated with digoxin toxicity.  Under the circumstances 

hospitalization was imminent because the symptoms represent the accumulation of 

digoxin, the cause of the symptoms appears to be the result of too much digoxin, and 

reducing the dose of digoxin and monitoring the patient’s digoxin levels or switching to 

an alternative therapy could have resolved the DTP and prevented the DRM.  A DTP is 

part of the process of care, it is a state of an individual in a medications use system, and it 

is a possible precursor to a system failure, i.e., DRM.   

The Medication Use System 

For a DRM to be preventable a failure in the process of care must have occurred.  

This becomes clearer when considering the typical sequence of actions that comprise the 

MUS in the ambulatory care setting.  Figure 2.1 below was adopted from Grainger-

Rousseau et al. and it illustrates the nodes in the medications use system.24  The episode 

of care begins when the patient notices a problem and seeks professional medical 

attention.  Typically, the initiator (physician, physician’s assistant or nurse practitioner) 

then assesses the problem and develops a clinical impression or diagnosis.  Next a plan is 

devised and the decision to prescribe a medication is made.  A prescription is either 

written or not; if it is, the patient will typically present the prescription for filling at the 
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pharmacy.  Before dispensing the medication the pharmacist should look for DTPs and 

advise the patient how to use and self their new therapy.  The patient then consumes (e.g., 

self-administers) the medication.  Follow-up visits and monitoring are required to gauge 

the effects of the medication in the individual and to determine how well the prescribed 

medication is working towards the therapeutic objective.  It is the information gathered 

from the monitoring node that is used in the decision to continue the current treatment or 

make alterations to the medical regimen. 

Errors or problems at each step may occur during a passage through this sequence 

of events.  Examples include failure to recognize an indication for drug therapy, incorrect 

patient assessment, incorrect diagnosis, prescribing, dispensing, and administration and 

monitoring.25  

Our meta-analysis (2002) estimated the prevalence of preventable drug related 

admissions to be about four percent.1  Based on our review and the IOM report, it appears 

the current MUS are not optimal.  This may be because MUS are more of a virtual than 

an actual microsystem.  As described by Nelson et al., (1998)26 an essential element for a 

microsystem is an information environment to support the work of care teams.  

Unfortunately, the MUS in most ambulatory care settings is fragmented and clearly lacks 

a reliable information exchange among providers, especially between initiator and co-

therapists.  The development and adoption of communication systems such as electronic 

medical records and computerized prescription order entry are intended to make the MUS 

safer.   

Levels of the Health System 

The IOM defines a system as “a set of interdependent elements interacting to 

achieve a common aim.”  The elements may be human and/or non-human. 2  The health 
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care enterprise consists of many embedded systems that transcend a multitude of 

domains, ranging from the subsystems used to make and keep track of patient 

appointments to the environment where accreditation and financial systems influence the 

care of populations.  All systems have subsystems or nested systems that interact with 

one another.  Some systems are in a hierarchical relationship in which higher order 

systems influence the functioning of lower order subsystems.  Identifying the nesting of 

systems and their relationships to one another is key to understanding the mechanics of 

any system. 

Berwick (2002) published a paper that he described as a users manual for the IOM 

report, “Crossing the Quality Chasm.”16  In this paper he addressed the issue of 

embedded systems by presenting a framework for the different levels within health care.  

He separates the system into the following levels:  the experience of the patients and 

communities (Level A), the functioning of small units of care delivery called 

microsystems (Level B), the functioning of organizations that house or otherwise support 

microsystems (Level C) and the environment of policy, payment, regulation, 

accreditation and other factors (Level D). 

Level A is not actually framed in terms of a system; instead it represents the 

patients’ experience and perception of the care they received. Berwick states,  

Rooted in the experiences of patients as the fundamental source of quality, the 
report shows clearly that we should judge the quality of professional work, delivery 
systems, organization and policies first and only by the cascade of effects back to 
the individual patient and to the relief of suffering, the reduction of disability and 
the maintenance of health.16 

This is a significant paradigm shift from previous quality approaches that were 

independent from patient outcomes.  Determining quality based on the patients’ 

experience is allied with using outcomes of care to gauge quality.  Donabedian (1978) 
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defines outcomes as the “primary changes in health status that can be attributed to that 

care.”27  Health status is determined by psychological factors and social performance 

(subjective component), and physiological factors (objective component). 

In this paradigm, the patients’ experience is defined as the sole way of determining 

the quality of other systems.  The decision to place emphasis on the patient is strategic; it 

acknowledges the patient’s subjective experience and clinical outcomes are the primary 

focus of quality rather than the dynamics of the microsystems.  

The microsystems (Level B) are small units of work that actually gives care the 

patient experiences.16  Clinical microsystems are basically “small organized groups of 

providers and staff caring for a defined population of patients.”28  They are composed of 

patients who interact with clinical and support staff who perform various roles, e.g., 

physician, nurse, pharmacist, medical assistant, data managers, receptionist, etc.  Nelson 

et al. (1998) have described the essential elements of a microsystem as (a) a core team of 

healthcare professionals; (b) the defined population they care for; (c) an information 

environment to support the work of care team and patients; and (d) support staff, 

equipment and work environment.26 

In terms of medications management, the patients and clinical staff manage drug 

therapy by engaging in direct care processes, which include recognizing, assessing and 

diagnosing the patient’s problem, along with developing a treatment plan, dispensing and 

educating, and monitoring to make sure the treatment is progressing as planned.  Direct 

care processes are assisted by supporting processes that involve distinct tools and 

resources such as medical records, scheduling, diagnostic tests, medications, billing, etc. 
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To move to a more reliable system of care, the performance of microsystems must 

be optimized and the linkages between clinical microsystems must be seamless, timely, 

and efficient.  Change at the microsystem level is an important opportunity to focus on 

the transformation of care at the front line of the health care service industry.29  

Microsystems do not exist in a vacuum; they are embedded within the organizations that 

help orchestrate their relationships with each other. 

The health care organizations (Level C) are establishments that house and support 

microsystems--they provide the necessary resources for microsystems to deliver care.  

Health care delivery requires personnel, financing, technology, and facilities.  Common 

organizations include hospitals, provider groups, independent practice groups, nursing 

homes, ambulatory surgery centers, and pharmacy benefit managers, all of which are 

typically embedded within managed care organizations.  Group practice, for example, is 

an affiliation of three or more providers, usually physicians, who share income, expenses, 

facilities, equipment, medical records, and support personnel in the provision of services, 

through a legally constituted organization.30  They are embedded within managed care 

organizations through such integrating mechanisms as referral arrangements, insurance 

contracts, and in some cases direct ownership of practice. 

Managed care is focused on controlling the functioning of microsystems, i.e., 

controlling provider and patient behaviors, and most of that control is realized through 

the ambulatory care arena.30  Managed care has shifted toward an organizational form 

with greater control over resources, providers, and patients within microsystems of care.  

The health care environment (level D) includes multiple systems that influence 

activities of the organizations and microsystems. Important environmental systems 
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include financing, regulation, industry, accreditation, policy, litigation, professional 

education and social policy.16 

Berwick (2002) describes the relationship among the four levels as the chain of 

effect of improving health care quality.  He states that,  

The quality of the microsystem is its ability to achieve ever better care: safe, 
effective, patient-centered, timely, efficient and equitable.  The quality of the 
organization is its capacity to help microsystems produce safe, effective and 
efficient patient outcomes.  And the quality of the environment--finance, 
regulation, and professional education – is its ability to support organizations that 
can help microsystems achieve those aims.16 

Figure 2.2 was designed to show the hierarchal relationship among the different 

levels of health care, as well as the MUS’s location within the microsystems.  As 

illustrated, the MUS intersects the “microsystems” and the patients’ experience.  The 

spiral between the microsystems and the “patient level” indicates that the patients’ 

experience is the input into the MUS as well as the output, which is then used as feedback 

to determine the performance of the microsystems.  What was more difficult to illustrate 

is the interaction among the microsystems.  In an ideal MUS the interaction between 

physicians, laboratory, pharmacists, case managers, etc., would be seamless with 

information flowing freely among the microsystems and cooperation among the 

professionals would be standard. 

The hierarchical stacking from environment to organizations to microsystems to the 

patient represents the main route of influence.  It should be noted that this is not the only 

direction of influence, organizations can use lobbyists to leverage influence over the 

regulatory and financial environment.  Likewise, microsystems can organize, like in the 

case of provider groups, to counter the pressures from higher-up organizations such as 

managed care.   
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Figure 2.1. Model of the Medication Use System   

 
Human Error and System Failure 

James Reason provides two views of how accidents occur within an organization – 

the person approach and the system approach.17  These approaches are fundamentally 

different, with each giving rise to contrasting philosophies of performance management.  

The person approach (human error) focuses on unsafe acts.  In medications use, the 

attention would be on errors and procedural violations of health professionals and 

patients.  This approach views unsafe acts as divergent cognitive and behavioral 

processes such as forgetfulness, inattention, carelessness, negligence and recklessness.   

Historically, the most popular approach to countering human error has been to find 

the operator or operators who committed the unsafe act and discipline them accordingly.  

This is often referred to as blaming, and sometimes as “scapegoating.”  Even though 

blaming may produce satisfaction it does nothing to correct the conditions that allowed 

unsafe acts to progress to injury.  Because errors are often made in the normal course of 

providing care, traditional efforts at error reduction, which focused on individuals and 
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episodes by using training, rules and sanctions to improve performance, are considered 

less effective than altering the system to remove or reduce the conditions that increase the 

likelihood of adverse outcomes.31  Counter measures for reducing unwanted behaviors 

are analogous to the “Whack-A-Mole” carnival game: you can whack a mole back into 

his hole, but another is sure to challenge your skill by popping-up in a different location. 

 
Figure 2.2.  Hierarchal Relationships among the System Levels 

The basic principle in the system approach is humans by their nature are fallible 

and errors are expected even in the best organizations.  From this perspective, injury 

occurs because errors interact with flaws in the design of systems called latent 

conditions.17  
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Latent conditions are the flaws in the design and organization of a system.  In 

health care they can arise from the decisions made by designers; however, it is believed 

many latent conditions arise not from design but from self organization, which is an 

adaptation to evolving systems and an unsettled environment.32  Latent conditions have 

two types of adverse effects: they can produce error-provoking conditions and they can 

produce longstanding holes or weaknesses in the defense mechanisms, i.e., error 

detection mechanisms.  When latent conditions combine with errors the opportunity for 

PDRM occurs.  In the Swiss cheese modelb presented in Figure 2.3, the holes in the 

cheese are latent conditions that allow potential injury (i.e., drug therapy problems) to 

manifest as drug related morbidity. 

Summary   

PDRM is a system problem.  The nature of preventability means problems occurred 

in the process of care.  Patient injury occurs when human error interacts with latent 

conditions of a system.  The health care system is a complex network of interacting 

systems and subsystems.  Understanding how microsystems, organizations and 

environment influence activities of the MUS and produce opportunities for human error 

to result in PDRM will increase our ability to predict and resolve DTP before they 

manifest as patient injury. 

                                                 
b This Swiss cheese was published by Hepler and it is a modification of Reason’s Swiss cheese model15 

 



17 

 

Patient injury 

Figure 2.3.  Swiss Cheese Model of System Failure 

 
 

 



CHAPTER 3 
LITERATURE REVIEW 

This chapter will first discuss the use administrative data for scientific 

investigation.  The use of automated methods for detecting the incidence and/or 

prevalence of PDRM will then be discussed.  Next, experimental studies evaluating the 

effectiveness of the Delphi process and its use in health care will be presented.  Lastly, 

techniques for cause-and-effect analysis will be presented. 

Use of Administrative Databases for Researching PDRM 

Administrative databases are derived from information produced by health care 

providers and institutions in billing for products and services.  Claims are filed from 

institutions (i.e., inpatient hospital stays and outpatient visits) health professionals and 

pharmacies for reimbursement of products and services from payer organizations such as 

Medicaid, Medicare and private insurers.  The claim form used depends on where 

services were rendered and who provided them.  Most hospital inpatients and acute care 

outpatient services are submitted for payment with the uniform billing 92 (UB-92) 

format.  The UB-92 was derived from the Uniform Hospital Discharge Data Set, which 

was formulated in 1972 by the National Committee on Vital and Health Statistics, U.S. 

Department of Health, Education, and Welfare.  The goal was to create a uniform but 

minimum data set to facilitate investigation of cost and quality of hospital services across 

populations.33  Health care services provided by single practitioners or practitioner groups 

are submitted for payment in a format called the CMS-1500 (formally the HCFA-1500).  

This is the common claim form for non-institutional providers that is updated by the 

18 
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Center for Medicare Services (CMS) and is approved by the American Medical 

Association Council on Medical Services.  Both the UB-92 and the CMS-1500 forms 

typically include details for each compensated service, including diagnosis, and 

procedures, date, place of service, provider and patient identifiers and charges.   

From a research and quality improvement perspective, the potential utility and 

credibility of a database stems from its clinical content.  In administrative data in the 

United States, information on clinical diagnosis and conditions are documented with 

International Classification of Diseases, Ninth Revision, Clinical Modification (ICD-9-

CM) diagnostic codes.  In addition, administrative data derived from hospital reports 

(UB-92) use ICD-9-CM codes to document procedures, while procedures are 

documented using Common Procedure Terminology (CPT) in data derived from 

professional claims (CMS-1500).   

The reliability and validity of coding is a serious issue when considering the use of 

administrative data for research.  In relation to hospital admissions, the two major steps in 

coding an admission are first specifying the pertinent diagnosis and second ordering 

them.  The principal diagnosis in a UB-92 form defines the cause of admission.  The 

sequencing of diagnosis does impact reimbursement rates and mistakes or miscoding can 

affect the accuracy of the data.   

As previously mentioned, the validity of claims data is a cardinal issue when 

considering its use for health services research.  Threats to validity and two approaches 

for evaluating the ability of claims data to accurately identify patients with specific 

conditions will now be presented. The following threats to internal validity (i.e., 

misclassification bias) have been identified misspecification, resequencing, miscoding, 
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and clerical errors.33,34  Misspecification occurs when the attending physician selects an 

incorrect diagnostic code for the principal diagnosis, listing of diagnoses or procedures.  

Misspecification was identified as the leading source of error in a summary of studies that 

evaluated coding quality.34  Resequencing is the substitution of a secondary diagnosis for 

the correct principal diagnosis during the coding process and was found to be the second 

most frequent source of misclassification.34  Miscoding is the coding of diagnoses or 

procedures not attested to by the physician, misapplication of coding rules, or selection of 

an unnecessarily vague diagnosis code.   

Now that the types of misclassification bias have been presented, studies that 

evaluated the validity of claims for research data will be discussed.  Quam et al. (1993) 

investigated the validity of claims data for epidemiologic research and found evidence 

that supports its use.35  The researchers evaluated the ability of claims data to identify 

patients with essential hypertension.  The claims database used consisted of all 

ambulatory, pharmacy and hospital claims from 1988 to 1989 in two large managed care 

organizations.  They identified essential hypertensive patients by three strategies.  One 

strategy was based on medical service claims alone (diagnosis without pharmacy claims), 

another was based on only pharmacy claims (pharmacy claims without diagnosis), and 

the third strategy was based on both medical services and pharmacy claims. 

Diagnostic codes were validated by comparing findings with patient survey and 

medical records.  The strategies based on medical claims alone and pharmacy claims 

alone exhibited low positive predicted values (PPV) with the medical record (47% and 

50%, respectively) and the patient survey (43% and 63%, respectively).35  The 
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combination strategy, however, exhibited very high PPVs (96% for both the medial 

record and patient survey).35 

More recent information on the ability of administrative data to predict disease 

outcomes is described in the Study of Clinically Relevant Indicators for Pharmacological 

Therapy (SCRIPT) report.36  The objective of the SCRIPT project was to develop a core 

set of valid and reliable performance measures to evaluate and improve the quality of 

medication use.  The common focus was cardiovascular disease outcomes and risk 

factors.  The candidate measures were tested in managed care organizations and practice 

groups from eight states.  The study evaluated patients with coronary artery disease 

(CAD), heart failure (CHF), and atrial fibrillation (AFIB).  The researchers evaluated the 

PPV of specific ICD-9–CM and CPT codes for identifying the cardiovascular conditions 

mentioned above.  The requirement for the number of codes to identify specific 

conditions was varied from one to three and the effects on yield and PPV were 

determined. 

The PPVs from the SCRIPT study averaged 89%, 89%, 84% for AFIB, CAD and 

CHF, respectively.  The state-specific values for AFIB ranged from 80% to 98%, the 

values for CAD ranged from 81% to 95% and the values for CHF ranged from 78% to 

94%.  Requiring an additional code raised the PPV no more than four percentage points 

on average and raised the worst PPV as much as eight percentage points.  Requiring three 

codes added little to PPV; however, it significantly reduced the yield.  The most marginal 

improvement in PPVs was found by requiring two codes vs. three codes.  The two code 

requirement lowered the yields by 13%, 14%, and 20%, respectively for AFIB CAD and 

CHF  
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In summary, although administrative databases were not originally designed for 

research, they have become a rich source of information for health services research.33  

Nevertheless, threats to internal validity, specifically misclassification bias need to be 

taken seriously when interpreting studies that used claims data.  Studies that have 

evaluated the ability to identify patients with specific conditions using administrative data 

had good positive predictive ability.  Quam et al. (1993) reached a PPV of 96% when 

requiring medications used to treat essential hypertension and a diagnosis of essential 

hypertension.35  The SCRIPT project was able to obtain good PPV while maintaining a 

decent yield when they required two codes (ICD-9-CM or CPT) for specific 

cardiovascular conditions.36 

Automated Methods for Detecting PDRM 

Chart review is the “gold standard” for PDRM ascertainment.  The articles 

reviewed by Winterstein et al. (2002)1 (discussed in the following chapter) used medical 

chart review to measure the prevalence of drug related admissions (DRAs).  This 

typically included reviewing the medical records of all patients admitted to the hospital or 

specific hospital units during a defined period of time to determine if the reason for 

admission was drug related.  The detection and classification method was often implicit, 

which means the reviewers judged whether or not a DRA occurred by comparing the care 

processes of that patient against his or her own knowledge, opinions, and beliefs about 

how appropriate care should be carried out.  Implicit methods may be more sensitive 

because they allow experts to capture case-specific elements of information for the 

judgment of preventability, however, their reliability is questionable.37  Furthermore, 

chart-review is time and cost consuming and is not useful in the continuous improvement 
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paradigm where baseline and many follow-up measures are needed.  Computerized 

methods to identify DRM with explicit criteria are an alternative to chart-review. 38,39 

A PubMed search identified three studies with different approaches for detecting 

ambulatory acquired DRM with computerized data.  One method identified DRM with 

search algorithms used to screen laboratory data and pharmacy records.  Another method 

used multiple types of search algorithms and databases to identify cases of ADEs.  The 

last method screened administrative claims data by using automated PDRM performance 

indicators.  These studies will be presented and special attention is given to the following 

issues: the predictive validity of the instrument, the ability of the indicators to capture 

preventable events, the scope of the database, and the sophistication of the software used 

to run the indicators. 

Jha et al. (2001)39 adapted published screening rules (i.e., search algorithms) 

developed from the inpatient LDS study in Utah.40  The rules were used to estimate the 

rate of DRA to the study hospital.  Every day the computer generated a list of alerts.  The 

alerts were validated by reviewing each patient’s medical record that screened positive 

for a DRM on admission. 

Jha et al’s. (2001) screening rules can be separated into at least four categories: 

antidotes, chemistry/drug levels, and physiological response to a specific therapy and 

drug interaction.  (Table 3.1)  The information system used integrated pharmacy, 

laboratory test results and a sophisticated physician order entry systems.  Twenty two 

rules required laboratory test results and nineteen screened for antidotes of known 

adverse consequences of drug therapy (e.g., naloxone, a narcotic antagonist).   
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Table 3.2 shows the results of the most frequent screens.  The overall PPV for the 

instrument was 3.5% with a range from 2.0 to 100%.  The screen for serum phenobarbital 

levels < 45 mg/dl had a PPV of 100%.  The screen for patients receiving charcoal 

(activated) had the second highest PPV of 45%.  All other screens had PPVs below 12%. 

The overall PPV for this instrument and the individual screens’ PPVs, excluding 

phenobarbital levels, indicated that these screens picked up a tremendous amount of 

noise.  Furthermore, the majority of the indicators were directed toward toxic levels of 

medications and abnormal blood chemistry levels. While these surrogate outcomes may 

be able to indicate the presence of DRM, they do not provide information about the care 

process that led to the event, i.e., preventability.  Additional chart review or investigative 

work is needed to judge preventability.  Furthermore, the software used to search the data 

was quite sophisticated (physician order entry and an event monitor).  Nevertheless, less 

sophisticated software such as SAS or Access could be used to write search algorithms 

for the screens.   

Honigman et al. (2001) took a more elaborate approach for using computerized 

information to screen for ADEs.41  This approach used a sophisticated computer program 

which consisted of four search methods: ICD-9 codes, allergy rules, computer event 

monitoring rules, and an automated chart review using text searching.   

ICD-9-CM codes associated with ADEs were used to screen the database.  The 

computer event monitoring rules were based on the same screening criteria as Jha et al. 

(2001) mentioned above.39,40  Allergic reactions to medications were detected with a text 

search of the medical records.  The software program M2D2 was used to expand the 

patients’ drug allergy list to include product names, generics and ingredient.  Patient 
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records were screened for allergies along with offending medications.  The M2D2 

program also matched terms in the medical record with known adverse effects of drugs 

the patient was taking. 

Table 3.1. Examples of DRM Screens by Type (Jha et al. 2001) 

Antidotes Chemistry and Blood Levels Response to Drug and Interactions

Receiving betamethasone 
dipropionate 0.05% Serum digoxin > 1.7 ng/mL Receiving ‘‘nephrotoxin’’ AND blood creatinine 

has risen > 0.5 mg/dL in last 1 day
Receiving charcoal 
(activated) Serum lidocaine > 5.0 mg/mL Receiving ranitidine AND platelet count has fallen 

to less than 50% of previous value
Receiving racemic 
epinephrine hcl

Serum phenytoin results within 
last 1 day are > 20 mg/mL Receiving diphenoxylate with atropine

Receiving atropine sulfate Serum bilirubin > 10 mg/dL Receiving benzodiazepine AND receiving anti-
epileptic

Receiving naloxone Serum potassium > 6.5 mmol/L Receiving phytonadione (vitamin K) AND order 
for warfarin within last 14 days  

 
Table 3.2. Results of Leading DRM Screens (Jha et al. 2001) 

DRM screening rule Screen + True + PPV (%)
Patient receiving predinisone 313 12 3.8
Patient receiving diphenhydramine 300 9 3
Allergy entered 113 10 8.8
Patient receiving oral matronidazole/vancomycin 87 6 6.9
Serum digoxin > 2.0 ng/ml 61 5 8.2
Serum phenytoin > 20mg/dl 47 4 8.5
Patient receiving kaopectate 35 4 11.4
Patient receiving charcoal 11 5 45.5
Serum phenobarbital >45 mg/dl 4 4 100
Other 1,649 33 2
Total 2,620 92 3.5    
 

Honigman et al. (2001)41 found allergy screens to have the highest PPV (49%), but 

these screens did not detect the greatest number of ADEs (104).  Text searching detected 

the most ADEs (1,637) but it had many false positives (PPV = 7%).  Searching for only 

ICD-9-CM codes had the lowest PPV (2%) and it only detected five events.  The event 

monitoring rules detected 60 events with a PPV of 3.3%.  The PPV for the composite tool 

was 7.2%.  (Table 3.3) 
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Table 3.3. Results of DRM Screens  

ICD-9-CM 248 5 2
Event Monitoring Rules 1,802 60 3.3

Allergy 214 104 48.6
Text Search 22,798 1,637 7.2
Composite 25062 1806 7.2

Rule Class Screen positive true positive PPV, %

 
 

This approach was more comprehensive than Jha et al’s. (2001) detection method.  

The rules were more dynamic because they were able to identify less severe adverse drug 

effects.  The term adverse drug event was used instead of DRM when describing this 

study because many of the effects screened for would not fit the definition of a DRM.  

The events would be considered actual DTPs under Hepler’s conceptual framework.  For 

example, text searches for signs and symptoms such as dizziness, fatigue, cough, and 

over anticoagulation without bleeding were major components of the screening 

instrument.  Only nine percent of the adverse events identified required hospital 

admissions.   

The level of programming and database (administrative vs. clinical data) 

sophistication needed to run the rules varied.  The ICD-9-CM rules did not require 

sophisticated software and were usable with administrative databases.  The event 

monitoring rules did not require sophisticated software either, programming could be 

done with Access or a statistical program such as SAS.  Nevertheless, clinical data (i.e., 

laboratory test results and medical records) was required.  Most administrative records 

only indicate that specific types of laboratory tests were requested or conducted.  Patient 

specific laboratory values are not documented.  The allergy and text search rules were 

more sophisticated and they required electronic medical records.  Honigman et al’s. 

screening method had advantages over Jha et al’s. method.  Nevertheless, the level of 
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sophistication limits the use of these rules to organizations with access to electronic 

clinical data and specific software.  

The PPV of Honigman et al’s. composite tool was relatively low (7.2%).  The 

screens were the most comprehensive and could detect minor adverse drug events as well 

as events that led to hospital admission; however they were not designed to indicate 

whether or not the events were avoidable or if the admissions were preventable.  The 

screens varied in their use of databases, they used administrative data, laboratory test 

results and electronic clinical records.  The software needed to run the text searches was 

quite sophisticated. 

Faris (2001) developed a different approach to electronically detect PDRM.13  His 

approach automated forty-nine PDRM indicators that paired an inappropriate process of 

care (potential DTP) with its predictable adverse outcome (DRM).  The indicators were 

originally developed by MacKinnon (1999)42 from a literature search of peer-reviewed 

medical articles and reference texts from 1967-1998, and from a consensus panel of 

seven experts in geriatric medicine.   

Faris (2001) revalidated the PDRM indicator definitions through a Geriatric 

medicine expert consensus panel.  Forty-four of the fifty-two indicator definitions 

accepted in MacKinnon’s study were accepted for automation in the Faris study.  

Additional indicators were proposed and accepted by the panel for a total of forty-nine 

indicators.   

Once the indicator definitions were accepted they were translated into a format that 

could be applied to a managed care administrative database.  The translation was 

designed to capture the events described in the indicator definitions through billing 
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records from physician offices, hospitals, pharmacies, and other care sites in the managed 

care network.  Services are billed through a system of codes that represent different 

treatments and activities.  These codes included ICD-9-CMs, CPTs, and the National 

Drug Codes (NDC).  SAS was used to extract and analyze cases that fit the indicator 

definitions. 

Faris (2001) retrospectively sampled 11,711 elderly patients over a one-year period 

and 966 had at least one positive for a PDRM indicator.  Chart review was not done to 

validate the performance indicators.  As an alternative, the proportion of patterns of care 

in the population that appeared to result in the corresponding adverse outcome was 

calculated (PTOV).  Ten of the nineteen indicators, which had more than ten positives, 

had PTOV values greater that 0.74 percent.  Of the five most prevalent indicators, three 

had adjusted PTOVs greater than or equal to 75%, which means the process of care was 

strongly associated with the corresponding adverse outcome.  (Table 3.4.)  For example, 

Asthma exacerbation and/or status asthmaticus and/or ER visit/hospitalization due to 

asthma was found 100% of the time when the following pattern of care occurred:  

Diagnosis of moderate to severe asthma and use of a bronchodilator with no use of 

maintenance corticosteroid. 

The criterion validity of PDRM indicators developed by Faris (2001) showed 

promise with ten indicators having adjusted PTOVs of 75% or greater, nevertheless the 

PPV of the PDRM indicators is unknown and needs to be tested.  MacKinnon (1999) did, 

however, examine the criterion validity of two indicators that occurred frequently enough 

for statistical validation and found relatively high PPVs, 82% and 34%.42 
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Unlike the approaches taken by Jha et al. (2001) and Honigman et al. (2001), these 

indicators are specifically searching for preventable cases of DRM.  The preventability is 

represented by the inappropriate process and its predictable adverse outcome.  

Unfortunately, only two of MacKinnon’s PDRM indicators were validated with chart 

review.  Nevertheless, the PPV of the two indicators was decent and this method shows 

promise as valid PDRM measures.  Another advantage of this approach was it did require 

sophisticated software.  The search algorithms were produced with SAS.  Furthermore, 

clinical data is not needed–these indicators were designed for administrative data. 

In summary, three studies with different computerized methods to detect PDRM 

were found in the literature.  The approaches varied in ability to detect true cases of 

PDRM, and identify preventable events.  The type of data needed, and the sophistication 

of the software used to produce search criteria also varied.  The approach used by Faris 

(2001) will be adopted for this dissertation, because the PDRM performance indicators 

from that study included preventability in their operationalization.  Furthermore, the 

indicators were intended for claims data and the search algorithms can be produced with 

basic statistical software, i.e., SAS.   

Delphi Method 

The Delphi method is a systematic approach for the utilization of expert opinion 

that was extensively studied by the RAND corporation in the 1960’s.43  The concept of 

the Delphi technique is simple; it is designed to define a single position (consensus) of a 

group by systematically combining their opinions in a way that eliminates activity among 

the experts to reduce dominance and group pressure. 
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Table 3.4. Results of Top Five Indicators  

PDRM Indicators Positive 
Indicator

Adjusted 
PTOV

This outcome has occurred after the pattern of care below:
       ER visit/hospitalization due to congestive heart failure
This is the pattern of care:
1. Diagnosis/history of congestive heart failure
2. Not on ACE inhibitor
This outcome has occurred after the pattern of care below:
       ER visit/hospitalization due to congestive heart failure and or heart block   
This is the pattern of care:
1.History/diagnosis of congestive heart failure with heart block or advanced bradycardia
2. Use of digoxin
This outcome has occurred after the pattern of care below:
       ER visit/hospitalization due to hypothyroidism
This is the pattern of care:
1. Use of a thyroid or antithyroid agent (e.g.; levothyroxine, etc.)
2. T4/TSH not done before therapy starts and at least every 12 months 
This outcome has occurred after the pattern of care below:
   Gastritis and/or upper GI bleed and/or GI perforation and/or GI ulcer and anemia
This is the pattern of care:
1. Use of 2 or more NSAIDS concurrently
This outcome has occurred after the pattern of care below:

Asthma exacerbation and/or status asthmaticus and/or ER visit/hospitalization due to asthma
This is the pattern of care:
1. Diagnosis of moderate to severe asthma
2. Use of a bronchodilator
3. No use of maintenance corticosteroid

270 0.75

103 0.45

89 1

184 0.95

129 0.12

 
 

The Delphi technique is a modification of the traditional roundtable group decision 

making process.  The roundtable approach has inherent limitations because the final 

decision or position may be an effect of the most outspoken person (i.e., the bandwagon 

effect) or socially acceptable opinion rather than the group’s true opinion.43  The Delphi 

technique avoids these undesirable effects by replacing the group meeting with 

anonymous response.  Instead meaning the opinions of members are obtained by formal 

questionnaire. 

The procedures of the Delphi technique have the following key features :44 

• Anonymous response–opinions of members are obtained by formal questionnaire 
or other formal communication channels as a way to reduce the effects of dominant 
individuals. 

• Iteration and controlled feedback–the interaction among the members is supported 
by a systematic exercise conducted in several iterations, with carefully controlled 
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feedback between rounds.  The summary of the results from the previous round are 
communicated to the participants 

• Statistical group response–the group opinion is defined as an appropriate aggregate 
of individual opinions in the final round.  The use of a statistical definition of the 
group response is a way of reducing group pressure for conformity; at the end of 
the exercise there may still be a significant spread of opinion. 

In the 1960’s the RAND Corporation carried out a series of experiments to evaluate 

Delphi procedures and to explore the nature of information processing.44  The 

experiments involved fourteen groups of upper-class and graduate students from UCLA 

and they ranged in size from eleven to thirty members.  The three effects that researchers 

examined were group size, a comparison of face-to-face discussion with the controlled-

feedback interaction, and the ability of controlled feedback as a means of improving 

group estimates.  They found increasing group size decreased the average group error and 

increased reliability.  The anonymous controlled feedback procedures of the Delphi 

technique made the group estimates more accurate than face-to-face discussion.  They 

also found controlled feedback narrowed the dispersion around the median. 

A large set of experimentally derived answers to factual questions was evaluated to 

determine the relationship between group size and the mean accuracy of a group 

response.44  In this study the experimenters knew the answers to the questions; however, 

the subjects did not.  The group error was calculated as the absolute value of the natural 

algorithm of the group median divided by the true answer.  Dalkey (1969) found the 

gains in increasing group size were quite large from three to eleven members, but the 

percent change in group error was less than five percent past eleven members.  (Table 

3.5.) 
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Table 3.5. Percent Change in Average Group Error by Number of Group Members. 
(Extrapolated from Dalkey (1969)) 

Group members Average group error Percent change
1 1.194
3 0.8521 28.63%
5 0.6882 19.23%
7 0.6097 11.42%
9 0.572 6.18%
11 0.5539 3.16%
13 0.5453 1.56%
15 0.5411 0.76%
17 0.5391 0.37%
19 0.5382 0.18%  

 
Dalkey (1969) also compared the reliability of two groups’ opinion with various 

numbers of members.  Reliability was measured by the correlation between the answers 

of the two groups over a set of questions.  Dalkey found a definite and monotonic 

increase in the reliability of the group responses with increasing group size.  A mean 

correlation of 0.8 was obtained with thirteen group members.  

Even though these two studies showed increasing group size reduced the error of 

the group and increase the reliability of the estimate, it appears these estimates were 

obtained with traditional group consensus and not by a Delphi process.  If these results 

are generalizable to Delphi group estimates then having a Delphi group with between 

eleven and fifteen members would seem reasonable because average group error only 

decreased by approximately three percent from eleven to thirteen members and reliability 

reached 80% with thirteen members. 

In the main experiment the performance of groups using face-to-face discussion 

was compared with Delphi groups.  The first experiment involved two groups of five 

graduate students, and twenty questions were presented in four blocks of five using the 

ABBA design (A= face-to-face).  The face-to-face group was instructed to follow a 
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specific procedure for each question and the Delphi procedure involved four rounds of 

estimates, feedback of medians and quartiles and re-estimates. The median response of 

the Delphi group was more accurate in thirteen cases, and the face-to-face group was 

more accurate in seven cases.   

The second experiment had a different study design.  The Delphi group had twenty-

three members and from them the face-to-face groups were separated into seven groups 

of three and one group of one.  In this experiment they found that Delphi estimates were 

similar to face-to-face estimates in terms of accuracy, however, face-to-face estimates 

produced more changes from initial estimates that reduced accuracy. 

Dalkey also examined the distributions of the answers between the first-round and 

second-round of the Delphi groups.  The second-round distribution shifted toward the 

mean and Dalkey concluded the shift represents a convergence of answers toward the 

group response.  Nevertheless, the second-round distribution still had a large range, 

indicating convergence was not complete. 

Dalkey also evaluated the effects of iterations on the accuracy of responses.  To do 

this, changes with regards to individual questions were measured.  The median improved 

in accuracy for about 64%, while the median became less accurate in 31%.  The 

mechanism of improvement appeared to be from first-round feedback of the median 

response.  The tendency to change was determined by the distance of the first round 

answer to the first round median.  However, this did not explain the change in median 

from round-one to round-two.  Some respondents had to cross the median for a change in 

median to occur.   
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To evaluate how the median value changed from the first to second round, the 

researchers divided the groups into holdouts and swingers.  Holdouts tended to cluster 

around the median and they were more accurate than the total group in the first round.  

The median of the group was between the median of the swingers and the median of the 

holdouts.  The shift in the group median occurred because the swingers shifted toward the 

median, thus shifting the group median. 

In a supplementary analysis Dalkey (1969) tested the effects of other forms of 

feedback on the accuracy of the Delphi estimates.44  The experimental group documented 

reasons for their decisions when their second round response was outside the interquartile 

range of the first round.  Formulating and feeding back reasons did not increase the 

accuracy of the initial estimates or produce improvement on iteration. 

In a follow-up study Dalkey et al., (1969) evaluated the use of self rating to 

improve group estimates.45  This study used 282 University of California students.  

Subjects were randomly assigned to sixteen groups with fifteen to twenty members per 

group.  Almanac type questions were used to assess the relationship between accuracy 

and self rating.  Subjects were given the questions and asked to rate each question from 

one to five to indicate their knowledge of the content in question.  Relative rates were 

used, meaning subjects had to identify a question they were most knowledgeable about 

and give it a five.  They also had to identify a question they knew the least about and give 

it a one.  A clear association between average group self rating and group estimate 

accuracy was found.  This study also found a significant improvement in the 

effectiveness of the Delphi procedures can be obtained by using self-rating information to 

select more accurate subgroups.   
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The experimental studies on the Delphi process are important because they provide 

information on how group processes affect the accuracy of group estimates to factual 

questions.  In this dissertation the Delphi method will be used to assign Faris’ indicators 

to nodes of the MUS where the process failure likely originated.  In this case, a known 

answer does not exist.  The opinions of the group members will be aggregated to assign 

select indicators to nodes of the MUS.  Therefore the qualifications and diversity of 

experts in domain specific knowledge will be important factors to consider when 

constructing a Delphi panel.   

Cause-and-Effect Analysis  

To improve the performance of the MUS it is first necessary to understand error 

etiology within the MUS and the underlying system design factors that contribute to 

PDRM.  Cause-and-Effect analysis (CEA) is a structured investigation that aims to 

identify the true cause of a problem, and the actions necessary to eliminate it.46  CEA is 

an integrated problem solving methodology that incorporates multiple tools and 

strategies, which include process analysis, brainstorming and cause-and-effect 

diagramming.46,47  

First, process analysis is conducted to understand the processes involved in the 

quality problem.  Before brainstorming or cause-and-effect diagramming is conducted an 

understanding of how the system works is needed.  Process analysis should include flow 

diagrams that represent different nodes of the system.  The steps needed to construct a 

flow diagram include:47 

1. Defining the basic nodes of a system 
2. Further defining the process, breaking each node down to specific steps needed to 

complete the process 
3. Following the objects through the process a number of times to verify the process 

by observation 
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4. Discussing the process representation with the project team and reaching consensus 
on the underlying process. 

 
Brainstorming is a possible cause generation technique.47  Brainstorming helps a 

group to generate many thoughts or ideas in a very short period of time.46  The important 

aspect of brainstorming is ideas are to be generated without judgment or discussion until 

all the ideas are presented.  In a typical group discussion someone presents a thought and 

others comment on it, or judge it.  The problem is group members may focus on one idea 

before all other possible ideas have a chance to emerge.46  Brainstorming encourages the 

flow and fluency of group member thoughts.   

Brainstorming has three steps: generation, clarification and evaluation.46  In the 

generation phase the leader clearly states and writes the question or purpose and then 

invites and records responses.  This step can either be structured or unstructured.  In the 

structured approach, known as round-robin, each participant in turn launches one idea, 

this insures equal participation, but is less spontaneous and may limit the possibility for 

building on one another’s ideas.46  In unstructured brainstorming everyone can freely 

launch ideas, this a spontaneous process, but it can become confusing and it may lead to 

one or more persons dominating the activity.46 

The second step in brainstorming is clarification.  After all ideas have been 

generated, the group reviews them to make sure everyone is clear about their meaning.  

The focus of the generation phase was quantity and not quality, therefore, during 

clarification group members are encouraged to question the meaning of the generated 

items.   

The final step of brainstorming is the evaluation of clarified items.  Here the group 

considers the list and rules out duplications, and irrelevant ideas.  During the evaluation 
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phase affinity diagramming or other methods for grouping ideas into similar concepts 

may be employed to make sense out of the generated items.   

Cause-and-effect diagramming is the heart of CEA.  It is a tool used to define and 

illustrate the relationships between an effect and an outcome, or a problem and beliefs 

about the possible causes or factors contributing to it.46  It combines the product of 

brainstorming with a systematic analysis to organize and evaluate causes to determine 

which are most likely contributing factors or causes.46  Cause-and-effect diagramming 

can be done using fishbone or tree diagrams.  Fishbone diagrams are the traditional way 

of illustrating cause-and-effect relationships.  Nevertheless, tree diagramming, or the five 

whys analysis, is an effective way to graphically show the breakdown of large problems 

into their increasingly more detailed elements.46  Tree diagrams help the group members 

to move from general to specific, or vice versa, in an organized manner, and they show 

the logical connections among the relationships.   

Accreditation organizations such as the Joint Commission on Accreditation of 

HealthCare Organizations (JCAHO) have recognized the importance of CAE and have 

incorporated the use of root cause analysis (RCA), which is a more specific form of CAE, 

into their quality criteria.  Currently, JCAHO only requires RCA for inpatient sentinel 

events.  Causes of DRM in the ambulatory setting have not received much attention and 

information on CAE for adverse outcomes of drug therapy in the outpatient setting to my 

knowledge is non-existent. 

In the Joint Commission paradigm, the data used as input for RCA are the 

collection of activities that led to the specific incident.  Activities are determined by 

interviews with providers involved in that particular patient’s therapy and by reviewing 
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the patient’s medical chart.  While this approach is ideal for sentinel events in the 

inpatient setting because the quality team has access to providers involved in the 

particular event and the patients’ medical record, it is not as useful for rate based events 

that occur in ambulatory care.  A patient who experienced a DRM in the ambulatory 

setting may have participated in a number of microsystems which are geographically 

separated, such as the primary care, specialist, pharmacy, and laboratory systems; or 

personal events.  Managed care organizations and health care coalitions, typically do not 

have the same leverage and influence over these microsystems as, say, hospital 

administrators who have access to the medical records and have the influence to require 

participation from professionals involved in the care of a patient who experienced a 

PDRM.   

In summary, literature that evaluates the utility of administrative data for health 

services research was presented.  Different methodologies for electronically screening 

health care data were also discussed.  The history, purpose and methods of the Delphi 

technique were presented.  Finally, the process for cause-and-effect analysis was 

discussed   

 



CHAPTER 4 
PRELIMINARY WORK 

This section first addresses the prevalence of PDRM in the ambulatory care setting.  

Following is an evaluation of drug treatment categories frequently involved in 

preventable drug related admissions (PDRAs).  Next, is a discussion of problem areas in 

the MUS that were found to be proximate causesa of PDRAs.  This section will end with 

an evaluation of latent causes of PDRAs. 

Prevalence of Preventable Drug Related Admissions 

The Harvard Medical Practice Study (HMPS) is historic because it was the first 

large scale study to look at medical injury as a result of errors or problems in the process 

of medical care.48  Prior to the HMPS, research on drug related injury focused mainly on 

adverse drug reactions (ADRs), which are typically thought of as the inherent risk 

associated with medications use and not problems with drug therapy management.  Even 

though the HMPS was published in the early 1990s, medication errors and PDRM did not 

gain widespread appreciation and public awareness until the Institute of Medicine’s 

(IOM) Report, “To Err is Human,” in 2000.2  

The IOM report revisited the HMPS and a large study from Utah that focused 

exclusively on inpatient medical errors and adverse events.  The report gave much less 

attention to ambulatory events.  Nevertheless, they did suggest DRM causes a significant 

                                                 
a The term proximate cause is being used to describe the initial error or problem that started the events that 
lead to a PDRM.  The term is defined as: “That which in ordinary natural sequence produces a specific 
result, no independent disturbing agencies intervening.”  Webster's Revised Unabridged Dictionary, © 1996, 1998 
MICRA
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number of admissions to inpatient facilities, and they reported the proportion of 

preventable admissions is unknown.  Winterstein et al. (2001) tried to address this issue 

by producing a meta-analytic analysis of drug related hospital admissions (DRA).1  The 

objective was to estimate the prevalence of PDRA and to explore the relationship 

between study characteristics and prevalence estimates.  Unfortunately, a generalizable 

prevalence estimate was not produced because the studies did not have similar protocols 

and there was too much heterogeneity in prevalence estimates to summarize the findings 

with a mean value.  Instead, a median and range were presented to display the 

distribution of studies and meta-regression coefficients were calculated to evaluate the 

association of various study characteristics with prevalence estimates.  The methods and 

results are presented below. 

Since the goal was to produce a meta-analytic summary estimate of PDRA, a 

criterion was established to select only studies that attempted to conduct a comprehensive 

surveillance of drug therapy as a cause of preventable patient injury.  Studies were 

excluded that limited their scope to specific drug treatments, indications, injuries, or to 

only one drug-therapy problem.  The studies had to discuss the relationship between 

pharmacotherapy and patient morbidity, and preventability, along with the necessary 

information to calculate prevalence. 

Fifteen studies5-12,49-55 published between 1980 and 1999 met the inclusion criteria.  

All studies were conducted in industrialized countries: eight in Europe, four in the US, 

two in Australia, and one in Canada. (Table 4.1)  The median DRA prevalence was 7.1% 

(IQR 5.7-16.2%) and the median PDRA prevalence was 4.3% (IQR 3.1-9.5%).  Overall, 

the median preventability rate was 59% (IQR 50-73%).   
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Since the protocols were not homogeneous across the studies and the Cochran’s Q 

test indicated extreme heterogeneity (Q: 176; df: 14; p<0.001), an analysis of the 

association between different study characteristics and PDRA prevalence estimates was 

warranted.  The following characteristics have been discussed in the literature and were 

considered potential contributors to the heterogeneity of the findings: (Table 4.2) 

• Inclusion/ exclusion of first hospital admission (re-admission studies) 
• Planned admissions, and transfers from other units or hospitals 
• Mean sample age (>70 vs <70); country (US/other) 
• Selection of hospital units vs. inclusion of entire hospitals  
• Publication year (>1992 vs. < 1992) 
• Inclusion/ exclusion of indirect drug-related morbidity (lack of drug effectiveness, 

and no access) 
• Inclusion/ exclusion of MD and patient interview 
• Explicit criteria for judging preventability 
 

The study characteristics were analyzed using meta-regression models, the 

dependent variable was the transformed PDRA estimate and the independent variable 

was a specific study characteristic for each model. These regressions were fit with 

random-effects weights using restricted maximum likelihood estimation of the between 

study variance to account for study heterogeneity.  The meta-regression models produced 

point estimates and 95% confidence intervals of prevalence odds ratios comparing studies 

that differ with respect to each study characteristic (Table 4.2). The inclusion or 

exclusion of first admissions (i.e. re-admission studies) was the study characteristic most 

strongly associated with PDRA prevalence (OR: 3.7; 95% CI: 1.5-8.9). 

The mean of age of admissions was the next most strongly associated characteristic 

with PDRA prevalence (OR: 2.0; 95% CI: 0.95-4.2).  The inclusion of indirect DRM was 

also associated with higher prevalence estimates (OR: 1.9; 95% CI: 0.92-3.9).  The 
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remaining study characteristics listed in Table 4.2 had little or no apparent association 

with PDRA prevalence.  

The results of this systematic review suggest that PDRAs represent a significant 

public health concern in ambulatory care (Table 4.1).  In most studies, more than half of 

DRAs were preventable.  That is, they were not considered acceptable consequences of 

therapeutic risk-benefit considerations but rather caused by inappropriate care and 

medication errors.  The data in Table 4.1 give the impression of a widespread and long-

standing problem in the quality of drug therapy management because the studies 

represent problems from 1980 to 1999 and nine of the fifteen studies had PDRA 

prevalence estimates above four percent. 

To place the reported prevalence estimates in perspective, according to the National 

Hospital Discharge Survey, there were 31.8 million admissions to U.S. hospitals in 

1998.56  The top six primary diagnostic categories (heart disease, delivery, neoplasms, 

pneumonia, psychosis, and cerebrovascular disease) each accounted for three to twelve 

percent of these admissions.  Any of the studies, or all of them combined, suggest that 

inappropriate management of drug therapy may be a leading cause of hospital admissions 

in developed countries. 

The meta-regression analysis indicated that sampling methodology does affect 

prevalence finding.  Limiting the sample population to patients previously hospitalized 

produced much higher PDRA prevalence estimates than not restricting the sample to re-

admissions.  The causes of these findings are not clear.  Patients re-admitted may be a 

sicker sub-population who had been hospitalized with more risk factors for DRM, e.g., 

more drugs, more diseases, more prescribers, etc.  A need for research specifically 
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designed to evaluate the transition of drug therapy management from the hospital to the 

ambulatory setting is clearly warranted.   

DRM is a concept, and the way in which it is operationalized affects its prevalence.  

As one would expect, studies that included indirect injury (e.g., lack of therapeutic effect, 

and lack of access to medications) were associated with higher prevalence findings.  The 

limited view of drug-relatedness found in one-third of the articles used in this analysis 

may be an artifact of an outdated approach to evaluating adverse outcomes of drug 

therapy.  For an assessment of DRM to be considered comprehensive it would have to 

include both direct and indirect drug-related injury.  The IOM report suggested, “There is 

evidence indicating that [adverse drug events] account for a sizeable number of 

admissions to inpatient facilities.”  This systematic review confirms their suspicion and 

suggests that PDRM in ambulatory care is at least as significant and prevalent as in 

inpatient care environment. 

Drug Categories Involved in PDRA 

The same fifteen drug-related admission studies from Table 4.1 were used to assess 

the medications commonly involved in DRAs.  Three of the studies5,12,54 were not 

included because they did not provide information on specific medications or therapeutic 

classes involved in DRAs.  Medications involved in DRAs were the unit of analysis 

rather than medications involved in PDRAs because fewer than five studies provided 

drug specific preventability.   
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Table 4.1: Studies Reporting DRA and PDRA: Sample Characteristics and Prevalence 
Estimatesb

Reference Country Study year & 
period

DRA 
Prevalence

PDRA 
Prevalence

Preventability of 
DRA

Darchy 1994 41/ 623 30/41
1999 12 months -6.6% (73%)
Ng 1996 31/172 10/172 11963
1999 3 weeks (18%) (5.8%) (32%)
Raschetti 94/95 45/ 1833 25/1833 25/45
1999 12 weeks (2.5%) (1.4%) (55.6%)
Cunningham 54/1011 
1997 (5.3%)
Nelson 1993 73/450 
1996 1 month (16.2%)
Courtman 92/93 21/150 18/150 18/21
1995 5 months (14%) (12%) (86%)
Dartnell 1994 55/965 36/965
1995 1 month (5.7%) (3.7%)
Hallas 8.0% 67/143 
1992 (n= 1999) (47%)
Lindley 26/416 13/ 26
1992 (6.3%) (50%)
Nikolaus 87/90 22/87 32082 38313
1992 36 months (25.3%) (12.6%) (50%)
Bero 45/224 34/224 34/45
1991 (21.1%) (15.2%) (76%)
Bigby 83/84 73/686
1987 24 months (10.6%)
Lakshmanan 1984 35/834 19/35
1986 2 months (4.2%) (54%)
Trunet 78/81 97/1651 43/1651 43/97
1985 33 months (5.9%) (2.6%) (44.3%)
Trunet 78/79 23/325 14/325 14/23
1980 12 months (7.1%) (4.3%) (61%)

France 30/623     
(4.8%)

Australia

Italy

43/54         
(79.6%)

USA 43/450     
(9.5%)

43/73          
(58.9%)

UK 4 weeks each 
unit

43/1011 
(4.3%)

Canada

Australia 36/55           
(65.5%)

Denmark 1988/89 3.8%

UK 10 weeks 13/416     
(3.1%)

Germany

USA Missing

USA 43/686     
(6.3%)

France

France

43/73         
(58.9%)

USA 19/834     
(2.3%)

 
 

                                                 
b Modified table from Winterstein et al. (2002) 
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Table 4.2. Prevalence Estimates and Odds Ratio per Stratum/Specific Study Groups 

Study characteristic Category Number of 
Studies

Average 
PDRA1 (%)

PDRA prevalence odds 
ratios (95% CI)2

Excluded 2 14
Included 13 4.2 3.7   (1.5 – 8.9)

> 70 6 7.6
≤ 70 7 3.9 2.0   (0.95 – 4.2)

Missing 2
Included 10 6.1
Excluded 5 3.3 1.9    (0.92 – 3.9)

USA 4 6.9
Other 11 4.4 1.6   (0.73 – 3.6)

Excluded 8 5.9
Included 7 4.1 1.5    (0.71 – 3.0)
Excluded 6 6
Included 9 5 1.3    (0.61 – 2.8)

Entire hospital 8 5.8
Selected units 7 4.5 1.1    (0.57 – 2.3)

≤ 1992 8 5
> 1992 7 5 1.0    (0.47 – 2.1)

Yes 8 5.8
No 7 4.2 1.4    (0.67 – 2.9)
Yes 6 5
No 9 4.9 1.0    (0.47 – 2.2)

MD/ patient interview*

Specified criteria for 
preventability judgment*

Transfers from other units 
or hospitals

Planned admissions

Hospital Units

Year of publication

First hospital admission

Mean age

Indirect drug-related 
morbidity

Country

 
 

The purpose was to find the treatment categories that were involved in DRAs and 

to report their median frequency.  This was done by classifying specific medications into 

their therapeutic class and then organizing therapeutic classes into treatment categories.  

Variability existed n the way medications involved in the DRAs were presented.  Studies 

either listed the specific medications involved in the DRAs, the number of events 

involving a specific therapeutic class or only the number of events related to a treatment 

category.  Therapeutic classes were kept as long as they were mentioned in at least two 

studies.  If only one study mentioned a particular therapeutic class it was categorized into 

a more general group, e.g., cardiovascular/other.   
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The cardiovascular treatment category had the highest median DRA prevalence 

(33.3%)c and this category was represented in twelve studies.  The median prevalence for 

the Anti-inflammatory category was 11.4% (represented in eleven studies). The median 

prevalence of the Anti-diabetic category was 12.15% (represented in eight studies).  The 

median prevalence of the Psychotropic category was 8.75% (represented in eight studies).  

The median prevalence of the Anti-infective category was 8% (represented in seven 

studies).  The median prevalence of the Non-specific miscellaneous category was 12% 

(represented in ten studies).d  See Figure 4.1 for bar charts of treatment categories and 

their median prevalence that were mentioned in at least six studies.  The actual data from 

the studies can be found in Appendix A. 

The therapeutic classes specifically addressed in at least six studies are presented in 

Figure 4.2.  The therapeutic class Diuretics was most often mentioned (10 studies).  

Antihypertensives, Hypoglycemic, and NSAIDs were mentioned in eight studies.  

Antibiotics were specifically mentioned in seven studies. 

These findings are not surprising because they represent therapeutic categories for 

common disease states.  Cardiovascular disease is the leading cause of hospital 

admissions56 and medications used to treat cardiovascular disease were involved in a 

                                                 
c Prevalence was calculated by using the total number of medications involved in DRAs from a particular 
treatment category as the numerator and total number of medications involved in DRAs for the 
denominator.  The prevalence for each treatment category was calculated individually for each study and 
the median values was used to represent the prevalence of that treatment category.    

d The Miscellaneous category (also described as the “other” category was often used in the articles to group 
medications that were infrequently involved in DRAs.  This category is not mutually exclusive from the 
other treatment categories.  For example; one study may have found that 15% of the medications involved 
in DRAs were NSAIDs while another study only found 1% was from NSAIDs.  The study that found only 
1% if medications involved were NSAIDs probably would have put them in the “other” category.  
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large portion of DRAs.  Admissions due to diabetes, infections, and psychosis are also 

among the leading causes of hospital admissions.   

From the results of this analysis it appears that medications most often prescribed 

tend to be the treatments most often associated with DRAs.  Cardiovascular, 

psychotherapeutic anti-infective, analgesics, and anti-diabetic agents were among the top 

ten therapeutic classes by retail sales share in 2001.e  This means that DRAs appear to be 

happening most frequently in patients being treated for common conditions with common 

and well-accepted therapies.   

From a measurement perspective this information can be very useful.  It can be 

used to focus the development of medication specific performance indicators and it can 

also be used to help select indicators for use that have already been developed.  DRAs in 

the twelve studies used in this analysis were determined by medical record review, 

however, which is currently the “gold standard” for measuring the prevalence of DRM.  

Medical record review is a costly and inefficient process.  The use of automated 

performance indicators is an alternative for measuring the prevalence of DRM.  This 

information is useful for developing and selecting performance indicators.  Any 

instrument used to measure the prevalence of DRM in a population should try to address 

the treatment categories found to represent a significant proportion of medications 

involved in DRM i.e., cardiovascular, psychotropic, anti-inflammatory, analgesic, ant-

diabetic and anti-infective agents. 

                                                 
e Source NDC Pharmaceutical audit Suite.  http://www.ndchealth.com/epharma/YIR/pharmatrends.htm 
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Apparent/Proximate Causes of PDRAs 

As discussed in chapter two, DRM occurs when an error interacts with the latent 

conditions of a system to produce injury.  Errors are produced at the provider-system 

interface.  In the MUS, the “sharp-edges” where professionals interact with the patient 

and with other health professionals happens at the prescribing, dispensing, (self) 

administration, and monitoring nodes of the system.  

The same fifteen articles listed in Table 4.1 were analyzed to determine the 

proximate causes of the DTPs, i.e., DTPs were classified into the nodes of the MUS 

where the errors likely occurred.  A classification template for mapping DTPs to the 

nodes of the MUS was developed to judge error etiology.  When DTPs were not 

classified into the nodes of the MUS the judgment of three reviewers were used to 

classify them (Dr Charles D Hepler, Sooyeon Kwon, and Brian C Sauer).  Classification 

required 100% agreement, each reviewer judged the DTPs location in the MUS 

independently.  The reviewers discussed their individual decisions and when 

discrepancies occurred they stated their opinions and worked through the differences 

until agreement was obtained.   

The authors focus, as well as any additional information mentioned in the article, 

was considered when assigning the DTPs to nodes of the MUS.  When an author in some 

cases appeared to include both dose prescribed and dose administered in the same 

“overdose” group, the case was classified into a category labeled non-identifiable process 

problem.  See Appendix B for a complete list of DTPs and information used to make 

judgments for the placement of DTPs into nodes of the MUS.   
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Figure 4.1:  Involvement of Treatment Category to DRMs: Median prevalence for 

Treatment Categories Mentioned in at Least 6 studies 
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Figure 4.2:  Therapeutic Class Involvement in DRM: The Number of Studies that 
Specifically Mentioned Therapeutic Class 

 

 



50 

Since the purpose was to identify process related problemsf that led to PDRA, non-

preventable ADRs were not included in the analysis.  ADRs are a special type of DTPs; 

they typically represent an outcome and not a process of drug therapy.  They have a 

gradient of severity; the less severe ADRs would be considered an actual DTP, e.g., 

diarrhea.  The severe ADRs would be considered DRMs, e.g., hospitalization from 

dehydration due to frequent diarrhea.  ADRs have historically been treated as the inherent 

risk of medication use and not as a failure of drug-therapy management.  Preventable 

hospital admissions due to ADRs, nevertheless, may represent a process failure, because 

somewhere in the MUS actions were not taken to detect and correct the ADR from 

developing into a serious injury.  Preventable ADRs were classified into the nodes of the 

MUS according to the authors’ description.  If no description of the process failure was 

presented then, as default, preventable ADRs were assigned to the monitoring node.   

To be included, studies had to specify the type of DTPs, or the node in the MUS 

where the DTP was initiated, that led to PDRAs.  Eight studies linked DTPs to 

preventability,5-12 (Appendix B) the other seven presented DTPs in relation to DRM, but 

did not partition DTPs by preventable admissions. 

The median values and inter-quartile range (IQR) for each node in the MUS were: 

prescribing (33.93%; IQR: 5.73-54.86%), dispensing (0%), self-administration (22.29%; 

IQR: 14.19-25.51%), monitoring (31.80%; IQR: 20.13-45.22), non-identifiable process 

(5.93%; IQR: 0-16.39).  (Appendix C and Figure 4.3)   

                                                 
fThe phrase, “problems with the process of care” is being used as an alternative to represent the same 
concept as error.  When discussing the etiology of DTPs terms related to process failures and process 
problems will often be used since the term error has the ability to produce a defensive stance.  When 
examining the causes of DRM it is important to reduce tension and the defensive armory of professionals to 
uncover factual events and true beliefs about the processes of care delivered. 
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The finding that prescribing and monitoring problems were major contributors to 

PDRAs in these studies is troubling because it clearly indicates the MUS failed at the 

professional/patient interface.  Another important finding was problems in the monitoring 

node were as prominent as problems in prescribing.  This is interesting because 

inappropriate prescribing tends to receive more attention than monitoring.  Many 

resources are being directed toward improving prescribing decisions, as seen through the 

popular interest in computerized prescription order entry systems.  From these findings 

one could argue that interventions towards improving systematic monitoring and follow-

up of drug therapy should receive at least as much attention as prescribing. 

(Self) administration or patient non-compliance was also found to be a substantial 

contributor to PDRAs.  Patients and caregivers are participants in microsystems of care 

and they have a critical role in the MUS.  (Self) administration is a patient behavior and 

its overlap with medical error and professional responsibility can be debated.   Non-

compliance is a result of intended and unintended actions.  It has been shown that patients 

make poor decisions because of rule and knowledge based mistakes.57  Health 

professionals should be able to help patients correct their misunderstandings.  They can 

also help patients find creative ways to prevent unintentional non-compliance by 

reducing slips and lapses.  Nevertheless, patients typically choose to initiate the processes 

involved in the MUS and in doing so they incur some of the responsibility for their health 

outcomes.  From a systems perspective, finding methods to reduce the occurrence of 

PDRM is not limited to directing interventions at health care professionals and provider 

specific processes.  Patient directed interventions, and reconfigurations directed toward 

patient behavior would be included in the systems umbrella.   
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Figure 4.3:  Nodes of the MUS Involved in PDRA 

Prescribing, monitoring and patient (self) administration appear to be the nodes 

where most DTPs were generated.  Because prescribing, monitoring and (self) 

administration nodes have different characteristics it is possible error provoking 

conditions upstream and faulty corrective mechanisms downstream (i.e., latent failures) 

have unique system design flaws.  Any “rational intervention” directed at a specific node 

in the MUS would need to address the system conditions that increase the chance of an 

error being created and progressing undetected.   

Latent Causes of PDRA 

Latent causes are flaws in the design and organization of systems that allowed 

errors to occur, go undetected and result in patient injury.  None of the fifteen studies 

provided a comprehensive assessment of latent causes.  Nevertheless, eight studies5-8,10-12 

did mention, in the discussion, possible latent causes.  (Table 4.3)   

Lack of adequate knowledge was mentioned most frequently as an underlying 

cause for errors in the prescribing node of the MUS (seven studies).  Three of these 

studies mentioned patient knowledge was a probable reason for problems in the (self) 

administration node.  Education was considered the best intervention for both prescriber 

and patient knowledge deficits.   

Three studies mentioned lack of communication and coordination among 

professionals, especially the physician and pharmacist, was an underlying cause of 
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PDRAs.  Two studies implied the lack of pharmacists’ involvement in the MUS was a 

factor and one study mentioned inadequate monitoring procedures were an underlying 

cause. 

Unlike many inpatient DRM studies, none of the fifteen PDRA studies 

systematically evaluated the latent causes or empirically tried to locate system failures or 

determine their relationship to higher order or competing systems.  Without an adequate 

evaluation of these influences and interactions, the development of meaningful 

interventions will likely be difficult.  Instead, corrective approaches will probably result 

in generic interventions, those that the organization know how to do, for example send a 

letter to the physicians who seem to be producing a portion of the problems.   

For meaningful improvements to occur, the development of “rational interventions” 

are necessary.  The term rational is being used to represent interventions that are directed 

at specific underlying system related causes.  These are typically design and organization 

issues.  If lack of prescribing knowledge was determined to be a main cause of 

prescribing errors, then a rational intervention may include finding better ways to provide 

therapeutic information to prescribers at the time therapeutic decisions are being made.  

From this analysis it is clear that a formal cause-and-effect analysis is needed to uncover 

conditions of the MUS that make it prone to problems within the medications use system. 

To summarize, injury as a result of drug therapy is a serious problem in ambulatory care.  

A review of fifteen studies showed the median PDRA prevalence was approximately four 

percent.  Many common treatment categories were involved in these DRA.  

Cardiovascular and anti-inflammatory agents were involved in many DRAs.  Errors in 

the MUS are the apparent causes of PDRM and problems in the prescribing, monitoring 
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and (self) administration nodes occurred frequently.  None of the studies systematically 

evaluated the latent conditions that provide the opportunity for proximate errors to occur 

and go undetected.  Lack of prescriber and patient knowledge was mentioned as latent 

causes for prescribing and (self) administration problems.  Nevertheless, a planned 

systematic analysis is warranted.  A better understanding of latent conditions could be 

used to develop rational interventions.  CEA is a promising method for uncovering latent 

conditions. 

Table 4.3.  Latent Causes of PDRAs 
Prescriber’s 
Education

Patient’s 
Education Monitor Involve 

pharmacist
Inter-professional 
Communication

Darchy, 1999
Raschetti,1998

Cunningham, 1997
Nelson, 1996
Dartnell, 1996

Courtman, 1995
Bero, 1991

Trunet, 1980  
 
 

 



CHAPTER 5 
METHODS 

This study was executed in three steps.  In the first step, database analysis, MU-PIs 

were used to estimate the number of PDRM positives in the study database.  In step two 

the degree of association between selected MU-PIs and specific nodes of the MUS where 

the process failure may have originated was evaluated.  In step three, selected MU-PIs 

from each node of the MUS were submitted to cause-and-effect analysis (CEA).   

Specific Aims  

1. To establish the frequency of MU-PI positives in the study population. 

2. To evaluate population based explanations for MU-PI positives. 

3. To identify the node of the medications use system (MUS) where the pattern of 
care from the MU-PI originated. 

4. To identify system related causes that are common among nodes of the MUS 

5. To identify system related causes that are unique to nodes of the MUS 

Step One: Database Analysis 

Claims Data Types 

The MU-PIs were used to screen the study database.  Each MU-PI was translated 

into the administrative billing codes that represent the process and outcome components 

of the indicators.13  The billing codes included the International Classification of Disease 

9th edition (ICD-9) and Current Procedural Terminology (CPT) and National Drug 

Codes (NDC).    

The population included patients of all ages who were enrolled in a preferred 

provider organization (PPO) health plan that managed employees from a member of the 
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health care coalition.  The primary data files include Professional Claims (Center for 

Medicare Services (CMS) 1500 form), Facility Claims (Universal Billing (UB) 92 form) 

and Pharmacy Claims.  The CMS 1500 and UB 92 forms are provided at the following 

web address: http://www.cms.hhs.gov/providers/edi/edi5.asp#Form%20CMS-1500  

Descriptive Analysis to Evaluate the Integrity of Claims Data 

The number of office visit, emergency department (ED) visit, hospital admission 

and pharmacy claims were compared month by month.  If any month showed a large drop 

in claims, this would suggest large numbers of claims might be missing from the 

database.  Office visit and ED visit claims were identified in the professional claims 

database with specific CPTs.a  Primary diagnosis, NDC, procedure codes, and service 

dates were evaluated to identify missing or invalid codes. Links between databases were 

established to ensure members could be traced across claim types. 

Population Demographic 

Average length of time enrolled in the health plan, average number of office visits, 

age and gender frequencies were calculated to describe the study population.  Frequency 

of age by category, gender, number of office visits, and number of different drug classes,b 

different pharmacies, different conditions, and different prescribers were used in logistic 

regression analysis to better understand the MU-PI findings from information available in 

the database.  

                                                 
a See Appendix E for a list of the codes used to identify office visits and ED visits 

b The Universal System of Classification (USC) was used to identity different drug classes and routes of 
administration.  Unique USC codes identified drug classes (e.g., H2 blockers vs. GI proton pump) as well 
as different routes of administration (e.g., sumatriptan oral vs. sumatriptan nasal).  Drug class was 
identified by unique USC codes. 
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MU-PI Coding Concepts and Analysis 

Faris’ 2001 translation of the PDRM scenarios into medical event codes was used 

to construct the MU-PIs.13  In Faris’ study, two medical record coders had independently 

selected all possible ICD-9 and CPT codes that represented the PDRM scenarios.  The 

codes identified by the medical record coders had also been reviewed by a physician for 

clinical judgment about whether each code was consistent with the PDRM scenario.  

Please see Faris 2001 for more detail on the coding methodology.13  A list of the 40 MU-

PIsc used in this study can be found in Appendix D. 

Search algorithms 

Each MU-PI had the following format, an outcome of care and a specific pattern of 

prior care.  For example, ED visit or hospital admission for Hemorrhagic event AND use 

of warfarin AND prothrombin time/INR not done every month.  The pattern of care is the 

process component of the indicator and it represents a potential DTP.  An ED visit or 

hospitalization was required for the outcome of care.  An indicator positive (possible 

PDRM) required both the process failure and the outcome component of the indicator.  

Process failures fell into three categories:  disease-drug interaction, drug 

monitoring, and drug-drug interactions.  Each required different types of search 

algorithms.  SAS version 8.2 was used to code and run the indicators in the database.  

The type of search algorithm used for each indicator is presented in Appendix F. 

Disease-drug interaction 

The disease-drug algorithm required the presence of specific diagnosis codes and 

specific pharmacy claims prior to a claim for the associated outcome.  As illustrated in 

                                                 
c Only 40 of Faris’ 49 indicators were run.  Search algorithms were to complex for nine and they were not 
used for this analysis. 
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Figure 5.1, time moves from right to left by the blue arrows.  The diagnosis claim had to 

be present before the use of the medication (pharmacy claim).  The green arrow 

represents the lag, i.e., the duration of time from the outcome date to the last drug date 

prior to the outcome.  The cut off for the disease-drug interaction lag was set at 100 days, 

in order to accommodate 90-day mail-order pharmacy refill cycles and to include patients 

who may have been taking the medication in proximity to the outcome.  An indicator 

positive required the outcome, the disease code(s) and a pharmacy claim for the drug(s) 

within 100 days prior to the outcome.   

 
Prior Diagnosis 

Date 

 

Last Drug Date 
Prior to Outcome Outcome Date 

Lag  

Figure 5.1.  Disease-Drug Interaction Search Algorithm 

Drug monitoring  

Drug monitoring algorithms required the presence of specific pharmacy claims and 

CPT claims, which indicate whether specific laboratory analyses were conducted.  Two 

coding solutions were required for monitoring indicators: one for the process component 

and another for the process and outcome simultaneously.  As illustrated in Figure 5.2, 

time moves from right to left by the blue arrows.  Once specific drug claims initiate the 

process, lags are calculated to represent the interval of time from drug to first CPT claim 

(lag 1), CPT claim to CPT claim (lag 2), and last drug claim date to last CPT claim date 

(lag 3).  Patients were considered at risk and included in the analysis when they appeared 

to be taking the medication for at least as long as the defined lag time.  Monitoring 

intervals (i.e., lag times) vary according to MU-PIs.  If any lag exceeded the defined 
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monitoring interval the member screened positive for the process component of the MU-

PI.   

 
Figure 5.2.  Process Search Algorithm for Indicators that Require Monitoring 

PDRM positives were identified when members had specified pharmacy claims and 

the lag between the outcome and the last CPT claim prior to the outcome exceeded the 

defined monitoring interval.  If the lag was less than four days, the lag between the 

outcome date and second to last CPT date was used to avoid false negatives.  The 

assumption is that monitoring within four days of hospitalization identified the 

impending injury and need for emergency or hospital care.  (Figure 5.3) 

 

Figure 5.3.  Process and Outcome Search Algorithm for Indicators that Require 
Monitoring 

The determined monitoring interval for the warfarin indicator is 30 days.  The 

example in Figure 5.4 would register as a process positive, but not a PDRM positive 

because the pattern of care was stabilized before the outcome occurred.  The outcome 

may indeed be drug related, but it is not represented by the MU-PI indicators.  The lag 

had to exceed the defined monitoring interval from outcome date to last CPT claim for a 

PDRM positive. 

 

CPT 
date 1First Drug Date 

nth CPT 
date  CPT 

date 2

LAG 2a LAG 2b

Last Drug Date
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Last CPT Outcome Date Drug Date 
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Figure 5.4.  Example of a Process Positive but not a PDRM Positive 

Drug-drug interaction 

The third search algorithm considered multiple drugs.  This included drug-drug 

interactions, drug-no drug situations and overuse of one drug and under use of the other.  

The process component is indicator specific.  If the MU-PI is a simple drug-drug 

interaction with Drug A being a chronic medication and Drug B acute process positives 

are recorded when a claim for Drug B occurred between the first and last claims for Drug 

A.  (Figure 5.5)  PDRM positives are recorded when pharmacy claims for Drugs A and B 

occur within the specified number of days for each lag.   

 
Figure 5.5.  Drug-Drug Interaction Search Algorith
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This is a cross-sectional (period prevalence) analysis.  The population included 

patients of all ages who were enrolled in a PPO health plan from January 1st 1999 to 

September 11th 2001.  The analysis was limited to one process positive per indicator; 

however, no limits were placed on PDRM positives. 

Demographic Explanations for Prevalence Findings 

Specific Aim 2.   To evaluate demographic based explanations for MU-PI 
positives. 

 
Information from the database was used to better understand indicator positives.  

Descriptive analyses of monitoring intervals were conducted to determine if cases on the 

margin of the monitoring interval were being identified as process positives, and 

multivariate logistic regression was conducted to explore the relationship between PDRM 

positives and demographic/system related variables. 

Distribution of Monitoring Intervals 

Research Question 3.  Do many process positives appear to be captured from the 
“margin” of the defined monitoring intervals for indicators 
that require drug therapy monitoring? 

 
Due to the nature of the MU-PIs, the quality of drug-therapy monitoring can be 

grouped in one of two categories.  A case can either screen positive or negative for the 

inappropriate monitoring interval.  When a case screens positive it means an individual 

did not have claims for the defined laboratory tests within the specified monitoring 

interval.  One limitation of this approach is the strict cut-offs–those on the margins are 

categorized as process failures even if they were only a few days or weeks over the 

required time.  To develop a more comprehensive picture of how cases deviated from the 

defined monitoring intervals, an analysis of the first monitoring interval (i.e., the lag time 

from the first pharmacy claim for the drug of interest to the first claim for laboratory tests 
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of interest) was presented for indicators grouped by the indicator defined monitoring 

interval.  This was a descriptive analysis.  The intervals were determined by dividing the 

monitoring requirement in half.  For example, if required monitoring for the indicators 

was one-month, the categories for descriptive analyses were based on fifteen day 

intervals.  Analysis was only carried out for indicators with defined monitoring intervals 

of one month or greater. 

Variables Associated with PDRM Positives 

Research Question 4.   What demographic variables are associated with MU-PI 
findings? 

 
Available information from the database was used to explain the prevalence 

findings.  Bivariate and multivariate logistic regression analyses were conducted.  

Demographic variables age, gender, and number of drug class, pharmacies and 

prescribers were used as independent variables, while PDRM positives were the 

dependent variables.   

Multicollinearity was evaluated with tolerance and variance inflation statistics. 

Tolerance is 1-R2 for the regression of a given independent variable on all other 

independents, ignoring the dependent.  The higher the intercorrelation of the 

independents, the more the tolerance will approach zero.  If tolerance is less than 0.20 a 

problem with multicollinearity is indicated.  After multicollinearity was assessed, 

stepwise variable selection was used to build the regression model. 

The likelihood ratio test was used to test the overall significance of the model.  

Max-rescaled R2 was used to assess the predictive power of the model.  The significance 

of the variables in the model was assessed by the Wald Chi-Squared test and confidence 

intervals (CIs).  Hosmer-Lemeshow statistics were calculated to determine the goodness-
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of-fit of the final multivariate model.  Odds ratios (ORs) and Wald’s CIs were calculated 

directly from the estimated regression coefficients and their standard errors.  All P-values 

were set at 0.05.  All analysis were performed using SAS Version 8.2  

Step Two: Node Identification of Select MU-PIs 

Specific Aim 3.  To MUS where the pattern of care from PDRM scenarios 
originated. 

 
The ultimate goal of this dissertation was to identify system factors (i.e., latent 

conditions of the health care system) that appear to be common or unique to nodes of the 

MUS.  This requires an exploration of the association between selected indicators and 

specific nodes of the MUS.  To do this, selected MU-PIs were sent to a Delphi panel of 

clinicians and researchers for their judgment on the node of the MUS in which the 

process component of the indicator likely originated. 

Pilot Testing 

The node identification panel survey was pilot tested with graduate students and 

faculty in Pharmacy Health Care Administration at the University of Florida. All five 

participants were pharmacists, three had received their pharmacy degrees in the United 

States, one had received her degree in South Korea and the other had received his degree 

in Germany.   

The purpose of the pilot test was to evaluate the understandability of the survey and 

the node identification scoring method.  Organization of content, directions, and scoring 

system were modified based on comments from the first round of the pilot test.   No 

significant problems or need for changes were identified in the second round of pilot 

testing. 
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Selection of MU-PIs for Node Identification Study 

MU-PIs used in the pilot were not the same as those used in the Delphi study.  

Indicators were chosen based on preliminary results from the MU-PI study.  MU-PIs 

were primarily chosen based on indicator frequency.d   

Delphi Recruitment 

The snowball sampling or chain referral sampling was used to identify participants 

for the Node Identification Delphi study.  This method has been widely used in 

qualitative research.  It yields a study sample of people with specific characteristics, e.g., 

expertise.  People with desired characteristics mention others who may also be likely 

candidates for study participation.58   

The first wave of recruitment letters was mailed with stamped return envelopes to 

researchers who have published extensively in the field of medication error research or 

who were referred by faculty members in Pharmacy Health Care Administration at the 

University of Florida.  The letter specified the goal of the study, asked the contacts to 

participate in the Delphi panel, and invited them to recommend others who are trusted 

experts in medication error or adverse drug events research.e  I telephoned the first round 

contacts between one and two weeks after the recruitment letter was mailed to answer 

questions the contacts may have had and to try to convince them to participate.f  

Sample size and power for the statistical tests were considered prior to the 

recruitment process.  When setting alpha at 0.05 and beta at 0.8, it was determined that a 

                                                 
d Scenarios were selected based on preliminary indicator findings, changes were made to the MU-PIs and 
not all scenarios selected for the Delphi study had PDRM indicator positives. 

e The term adverse drug event was used for the Delphi study instead of drug related morbidity because it is 
the standard term in the medical community and I wanted to avoid confusion among the panel members. 

f Please see Appendix G for a copy of the recruitment letter.   
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sample size of thirty-two was needed to identify a node as statistically different from the 

others when its mean value was at least a six and the standard deviation was less than or 

equal to three. 

Node Identification Survey 

Surveys were mailed to members who agreed to participate.  The survey provided 

detailed instructions that included definitions for the nodes of the MUS for the 

assignment task.  Specific demographic information was requested and it included name, 

occupation (researcher and/or licensed health professional), whether they were practicing 

or not, level of education, age, and gender, belief about the significance of PDRM  

The panel members were provided fourteen MU-PIs and were asked to allocate the 

number of points from 1–10 into the nodes of the MUS where they believe the error or 

drug therapy problem originated for each of the fourteen indicators. They were asked to 

answer based on a population perspective, meaning they were asked to identify the node 

that explained the origin of the majority of cases that might fit the indicator definition.  

Panel members were also asked to document their decision logic and provide comments 

when they deemed necessary.g   

Delphi Process 

Results (panelists’ scores) for each MU-PI were analyzed after the first round.  If 

an indicator had received an average score for one node that was significantly higher than 

its average score for all other nodes, it was “assigned” to that node and deleted from the 

second round of the Delphi study.  In the second round, panel members received 

information about each remaining indicator, including summary distributions of 

                                                 
g See Appendix H for a copy of the Node Identification Survey. 
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responses, median and interquartile ranges for each node, the particular Delphi member’s 

response to each item, and a summary of the decision logic statements for the panel 

(grouped into like statements).  Delphi participates were asked to reconsider their 

opinions and to state their decision logic regardless of whether they changed their belief.      

Node Identification Analysis 

Research Question 5. What nodes of the MUS did the selected PDRM scenarios 
likely originate from? 

 
Hypothesis: Ho: Prescribing = Dispensing = Administration = Monitoring 

Ha: At least one node is significantly greater than all other nodes. 
 

The Kruskall Wallis test (KW), an analysis of variance test for non-parametric data, 

was used to determine if differences in rank order means existed among the nodes of the 

MUS.  Dwass, Steel, Critchlow-Fligner (DSC) multiple comparison post hoc tests were 

used to determine which nodes were significantly different (P values=0.05).  StatsDirect 

Version 2.3.7 software was used for the KW and DSC tests. 

Step Three.  MU-PI System Level Evaluation  

Specific Aim 5. To identify common cause sequences among nodes of the MUS. 
 
Specific Aim 6. To identify unique cause sequences for specific nodes of the MUS. 
 
Selection of MU-PIs for Evaluation 

The fourteen MU-PIs evaluated in step two were found to be problems that 

originated in the prescribing or monitoring nodes.  Two MU-PIs were selected from the 

prescribing and monitoring nodes.  Selection was limited to MU-PIs that were evaluated 

in the Node Identification Study and was based on frequency of MU-PI positives.h  

                                                 
h Indicator number 28 was evaluated in the Delphi study and had the second highest frequency for the 
prescribing indicators, however it was not selected because the indicator did not appear to differentiate 
those with congestive hearth failure (CHF) and heart block from those with CHF only. 
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Step Three: Cause-and-Effect Analysis 

MU-PI Evaluation Team 

Members of the MU-PI evaluation team were identified and invited to participate 

by the CEO of the health care coalition.  They consisted of a Medical Director, PharmD, 

nurse practitioner, consumer advocate, laboratory manager and a director of a health 

maintenance organization.  The session was scheduled for four hours.  Members of the 

evaluation team were paid $100 per hour.    

One week prior to the meeting the evaluation team was mailed a briefing that 

contained the goals for the study and background on the MU-PI results, cause-and-effect 

analysis and the levels of the health care system.  It also provided the MU-PIs that would 

be evaluated and asked them to begin generating ideas.  A copy of the brief is available in 

Appendix I.  

MU-PI Evaluation Process 

The evaluation process began with a brief introduction and slideshow presentation 

to orient them to the study purpose and database findings.  The two MU-PIs formally 

evaluated were the asthma “prescribing” indicator and the warfarin “monitoring” 

indicator, indicators 39 and 30, respectively. (Appendix D) 

The following six steps were carried out for each MU-PI that was formally 

evaluated: brainstorm causes, clarify and organize causes, prioritize causes, tree-

diagramming, and establish causes that are common to multiple nodes of the MUS and 

causes that are unique to specific nodes of the MUS. 

The moderator provided an introduction and background of the study objectives 

and indicator prevalence findings.  Indicator specific finding were presented for the 
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warfarin “monitoring” indicator and the asthma “prescribing” indicator.  The question to 

guide the brainstorming process was presented for each indicator. 

The evaluation team brainstormed possible system related problems that may have 

contributed to the MU-PI indicators.  The round robin process was used to elicit causes 

from each participant.  Proposed causes were projected on a screen and documented in 

Path Maker Version 5.5 software. 

The evaluation team then clarified and organized the proposed system causes into 

an affinity table.  The affinity table was organized by the levels of the health care system 

(patient, professional, organization, environmental levels).  Proposed causes were 

organized into the level of the system the problem was associated with.  A category for 

measurement error called “artifact” was also permitted.  Proposed causes were organized 

into affinity tables with Path Maker Version 5.5 software 

The evaluation team then prioritized the proposed system cause and the top five 

causes were selected for tree-diagramming.  The facilitator went through the list of 

proposed causes from the affinity table and the evaluation team voted by raising their 

hands for each of the five causes they believed contributed the most to the prevalence of 

the indicator findings.  Scores were tallied for each cause and the five receiving the most 

votes were selected for tree diagramming. 

The evaluation team then used tree diagramming to identify relationships among 

the different levels of the health care, as they relate to the proposed cause.  Tree diagram 

consisted of branches that had each level of the health care system (patient, professional, 

organization, environmental levels).  One at a time, the top five proposed causes were 

placed into the system levels associated with the cause. For example; if the proposed 
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cause was lack of MDs providing patient education it would go into the professional 

(microsystem) level.  The follow-up question would have been; what at the 

organizational level may influence MDs ability to provide patient information?  The 

proposed organizational influence would be placed in the organization node of the same 

branch of the tree.  (Figure 5.6)  Excel Version XP was used to create the tree diagrams 

and document the findings.  

 
Figure 5.6.  Organization of Proposed Causes to System Levels 

Proposed Cause 
MDs don't provide patient education 
No Medication Management System 
Guidelines unclear 

Patient level Professional level Organization level Environment

1 MDs don't provide patient 
education

2

3

4

Branch 

What at the organizational 
level may influence MDs 
ability to provide patient 
education? 

The evaluation team then established commonality and uniqueness within and 

between nodes of the MUS.  An indicator assigned to the monitoring node was tree 

diagrammed.  The evaluation team was given a questionnaire to determine if each cause 

sequence (i.e., each branch of the tree) would apply to another indicator assigned to the 

monitoring node.  They also had to judge whether each cause sequences would apply to 

an indicator assigned to the prescribing node.  The same procedure was applied to the 

prescribing indicator that was formally evaluated, i.e., tree diagrammed.  (Appendix K) 
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Analysis for Common and Unique Cause Sequences 

Research Question 6. What cause sequences were common within the Prescribing 
Node? 

Research Question 7. What cause sequences were common within the Monitoring 
Node? 

Research Question 8. What cause sequences were common to the Prescribing and 
Monitoring Nodes? 

 
Agreement was determined when five out of six (83%) or four out of five (80%) of 

judges agreed.   

 
 

 



CHAPTER 6 
RESULTS 

Step One.  Database Analysis  

Descriptive Analysis to Evaluate the Integrity of the Claims Database 

To evaluate the completeness of the database the numbers of claims were compared 

by month.  The dates of office visit claims ranged from January, 1999 to September, 

2001.  As illustrated in Figure 6.1, many office visit claims appear to be missing on the 

tail ends of the data collection period, from January, 1999 to June, 1999 and from July, 

2001 to September, 2001.  Emergency Department (ED) visit claim dates ranged from 

January, 1999 to June, 2001.  As illustrated in figure 6.2, many ED visit claims appear to 

be missing from January, 1999 until June, 1999.  Facility admission claim dates ranged 

from January, 1999 to June, 2001.  No claims appeared to be missing during the study 

period (Figure 6.3).  Pharmacy claim dates ranged from January, 1999 to June, 2001.  As 

illustrated in figure 6.4, pharmacy claims appeared to be missing from January, 1999 to 

June, 1999 and in September, 1999.  Missing pharmacy claims from September, 1999 are 

not followed by an increase in claims.  It appears claims during this month were missing 

from the database.   

The decision was made to only include claims from July, 1999 to June, 2001 for 

analysis.  This decision was made because the number of claims was consistent during 

this time frame.  Even though pharmacy claims appeared to be missing in September, 

1999 the decision to include the previous months was made because the benefit of 

keeping July, August, and September in the database outweighs censoring the time. 
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Check for missing and invalid data 

Macro level analysis found no missing or invalid codes for primary diagnosis, 

procedures or service dates.  Missing or uninterpretable drug codes were found in 530 of 

the 572,010 pharmacy claims (571,480 usable pharmacy claims).   
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Figure 6.1.  Office Visits Claims by Month  
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Figure 6.2.  ED Visit Claims by Month 

Links between data types 

To ensure that members were identifiable across claim types links were established 

between datasets to identify the number of members that had multiple types of claims.  
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4,227 of the 4,589 members who had a facility admission claim also had a professional 

claim.  28,478 of the 33,891 persons with a pharmacy claim also had a professional claim  
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Figure 6.3.  Facility Admissions by Month 
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Figure 6.4.  Pharmacy Claims by Month 

Population Demographics 

There were 47,053 members who contributed 58,719 member years during the 

sample period of July, 1999 to June, 1999.   The mean length of enrollment was 467.47 

days with a standard deviation of (SD) 225.53 days.  The 37,063 members with a medical 
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claim (pharmacy or professional) contributed a total of 51,892 member-years; mean 

length of enrollment was 511.04 days with a SD of 201.73 days. 

Age and gender distributions for the different claim types are presented in Table 

6.1.  The mean age ranged from thirty-four to thirty-seven across the databases.  The 

majority of members with a claim were female.  Females ranged from sixty-five percent 

to seventy-two percent across the claim types.  The fifteen to forty-four year olds were 

the most frequent age group, their frequencies ranged across the data types from thirty-

seven to forty-eight percent.  The sixty-five and older group accounted for a small 

fraction of the claims, their frequencies ranged from about two to eight percent.   

Table 6.1.  Population Age and Gender Frequencies by Type of Claim  

mean age(SD)

By Category
frequency, [percent]

age <15 6,622  [19.07] 1,084 [18.51] 1,263 [17.61] 4,956 [14.3]
15<=age<45 16,519  [47.58] 2,143 [36.6] 3,399 [47.39] 16,461 [47.48]
45<=age<65 10,743  [30.94] 2,144 [36.62] 2,270 [31.65] 11,421 [32.94]
65<=age 835  [2.41] 484 [8.27] 240 [3.35] 1830 [5.28]

Female 22,861  [65.85] 3243 [71.84] 4,659 [64.96] 23,499 [67.78]
Male 11,858  [34.15] 1271 [28.16] 2,513 [35.04] 11,169 [32.22]

0 0 0 0

33.97 (18.23) 34.48 (22.12) 34.71 (18.54) 37.03 (18.34)

Professional 
Claim

Facility 
Admission ED visit Pharmacy 

Claim

 

Table 6.2 displays additional population characteristics.  There were 220,967 office 

visit claims during the twenty-three month period with an average of 6.64 visits, which 

were approximately three visits per member per year.  Pharmacy claims were submitted 

for 33,891 members.  The average number of pharmacy claims per member during the 

twenty-three month time period was 16.05 with a SD of 22.9, which were approximately 
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eight pharmacy claims per year.  Members went to an average of 1.55 different 

pharmacies and an average of 2.13 different prescribers during the study period.  

Members averaged 5.8 conditions and used an average 4.7 prescriptions from different 

drug classes.   

Prevalence of MU-PI Positives 

There were a total of 103 PDRM positives from eighty members.  The prevalence 

of PDRM positives in members with a medical claim from July, 1999 to June, 2001, was 

1.98 (1.60 to 2.37)a per 1,000 member years.  There were a total of 10,889 process 

positives in 5,741 members.  The prevalence of process positives from July, 1999 to June, 

2001 was 209.84 (206.37-213.34) per 1,000 member years.  Table 6.3 shows that, 0.22% 

of the population with a medical claim screened positive for both the process and 

outcome component of the MU-PIs, i.e., PDRM positives.  There were forty-three PDRM 

positives in thirty-eight members where the outcome was identified by an ED visit and 

forty-one PDRM positives in twenty-six members where the outcome was identified by 

hospital admissions (HA).  Nineteen PDRM positives in eighteen members involved a 

hospital admission from the ED.  PDRM positives accounted for 0.75% (95% CI: 0.74%-

0.76%) of hospital admissions, and 0.56% (95% CI: 0.55%-0.57%) of ED visits. Table 

6.4 provides a summary of the number of PDRM positives by number of indicators.  

Twenty-two of the forty MU-PIs had no PDRM positives.  Of the remaining eighteen 

indicators, the range of PDRM positives per indicator was from zero to twenty-six.  The 

eleven indicators with the most frequent PDRM positives are listed in Table 6.5. 

 

                                                 
a 95% Confidence interval 
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Table 6.2.  Population Demographics 

No of Enrollees 47,053
No of Members with claim 37,063

Length of time enrolled
mean (SD) 511.04 (201.73)

No. ED visits 10,048
No. Hospital Admissions 5,855
No. of outpatient physician visits 220,967

mean (SD) 6.64 (7.05)
No. of outpatient physician visits (members) 33,271

 1-2 10,281 30.9
 3-4 6,781 20.38
 5-6 4,480 13.47
7-8 3,167 9.52
9-10 2,295 6.9
>10 6,267 18.84

No. of Conditions (diseases) 34,938
mean (SD) 5.8 (4.8)
LE 5 20,714 59.29
6-10 9,161 26.22
11-15 3,382 9.68
16-20 1,030 2.95
GE 20 651 1.86

No. of members with pharmacy claim 33,891
      average per member (SD) 13.93 (22.61)

No. of drug classes 543,959
      average per member (SD) 4.7 (5.31)

25,135 67.82
7,305 19.71
2,809 7.58
978 2.64
836 2.26

No of different pharmacies
      average per member (SD) 1.55 (1.45)

1 17,981 53.06
2 8,238 24.31
3 3,919 11.56
4 1,989 5.87
5 1,033 3.05
6 or more 731 2.16

No of different prescribers
      average per member (SD) 2.13 (2.07)

1 12,482 36.83
2 8,281 24.43
3 5,302 15.64
4 3,206 9.46
5 1,989 5.87
6 1,117 3.3
7 or more 1,514 4.47

All analysis are for the 23 month time window

Characteristics Frequency Percent
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Table 6.3.  Frequency of Process and PDRM Positives 
No. of Members with 

Positives  (unit: person)
Population % 

(denominator=37,063)
No. of Positives (unit: 

each event)

Process 5,741 15.49% 10,889
PDRM_ED 38 0.10% 43
PDRM_HA 26 0.07% 41
PDRM_ED_HA 18 0.05% 19
Total_ PDRM 80 0.22% 103  
 
Table 6.4.  Number of PDRM Positives by Number of Indicators 

 

Freq. of PDRM Positive No. of Indicators Percent
0 22 55.0
1 3
2 4 10.0
3 3
5 3
9 2

12 2 5.0
26 1 2.5

7.5

7.5
7.5
5.0

 
Table 6.6 lists the indicators with the ten most prevalent process positives.  Thirty-

eight of the forty MU-PIs screened positive for the process component of the indicator.  

The range of process positives was from zero to 2,282.  Approximately fifty-four percent 

of the indicators had less than one hundred process positives, and ninety-two percent of 

the indicators had less than 1,000 process positives.   

System Based Explanations for Prevalence Findings 

Information from the database was used to better understand indicator positives.  

Descriptive analyses of monitoring intervals were conducted to determine if cases on the 

margin of the monitoring interval were being identified as process positives, and 

multivariate logistic regression was conducted to explore the relationship between PDRM 

positives and demographic/system related variables. 
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Distribution of monitoring intervals 

Table 6.5.  Eleven Most Prevalent PDRM Positives 
Ind Mnemonic Hx Drug_A Drug_B Risk Process PDRM

39 Asthma«Hx-Bron-NoSteroid 2,153 3,704 3,878 190 26
28 CHF«Hx/CHF_HB-Dig 645 309 79 12
37 CHF«Hx/CHF-NoACEI 645 4,059 398 12
1 Dep«Hx/Dep-Benzo 1,898 2,689 321 9
30 Hemr«War-INR(1) 343 256 9
19 Hypoth«Thy-T4TSH(12) 2,615 1,510 915 5
29 ARF«ACEI-BUN(6) 4,059 2,409 2,282 5
31 MI«Hx/MI--ASA-BB** 181 2,668 89 5
7 Dep«Hx/Dep-Symp 1,898 2,971 136 3
14 ActRespFail«COPD-Benzo 641 2,689 102 3
16 CHF«Hx/HBP-NSAID 6,001 7,283 1,427 3  

 
Table 6.6.  Ten Most Prevalent Process Positives 

Ind Mnemonic Hx Drug_A Drug_B Risk Process PDRM
29 ARF«ACEI-BUN(6) 4,059 2,409 2,282 5
23 HyprK«ACEI-ElctroCBC(6) 4,059 2,409 2,209 2
16 CHF«Hx/HBP-NSAID 6,001 7,283 1,427 3
19 Hypoth«Thy-T4TSH(12) 2,615 1,510 915 5
17 HypoK«Kwd-NoK-Elctro(2) 1,810 837 814 643 0
37 CHF«Hx/CHF-NoACEI 645 4,059 398 12
1 Dep«Hx/Dep-Benzo 1,898 2,689 321 9
5 GI«Hx/GI-NSAID 2,526 5,899 316 0
30 Hemr«War-INR(1) 343 256 9
27 GI«Hx/GI-Ocort 2,526 4,075 272 1  

Legend for Tables 6.5 and 6.6  
• See Appendix D to link indicator numbers to the indicator scenarios.   
• The ‘Mnemonic’ is an abbreviated version of the MU-PI scenario 
• Hx =  the number of members who had an ICD-9 code for the particular history  of disease or diagnosis 

of interest 
• Drug A and Drug B = the number of members who had a prescription claim for the drugs of interest. 
• Risk = the number of members who met the criteria for analysis.  For example; if the process component 

includes a drug and six month monitoring interval, then the members at risk would be those who were 
using the medication of interest for at least six months.   

• Process = the number of members who had the pattern of care represented in the MU-PI 
• PDRM = the number of members who had both the process component and the outcome component of 

the MU-PI within the specified time frame. 
• Fourteen indicators were sent to a Delphi process for node identification, they were numbered 

consecutively from one to fifteen.  This column provides a cross reference to the MU-PI number 
 

Due to the nature of the MU-PIs, the quality of drug-therapy monitoring can be 

grouped in one of two categories.  A case can either screen positive or negative for the 
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inappropriate monitoring interval.  When a case screens positive it means an individual 

did not have a laboratory test claim within the specified time frame.  One limitation of 

this approach is the strict cut-offs–those on the margins would be categorized as process 

failures even if they were only a few days or weeks over the required time.  To develop a 

more comprehensive picture of how cases deviated from the specified monitoring 

intervals, an analysis of the first monitoring interval (i.e., the lag time from the first 

pharmacy claim for the drug of interest to the first laboratory test claim of interest) is 

presented for indicators grouped by the required monitoring interval.  Analysis was only 

carried out for indicators with defined monitoring intervals of one month or greater.   

Table 6.7 provides the indicator numbers for each monitoring interval.  For 

example: Only indicator 30 had a one month monitoring requirement, while indicators 9 

and 25 had a three month monitoring requirement. 

Table 6.7.  MU-PI Categorized by Required Monitoring Interval 
one month two months three months six months twelve months

30 12 9 2 19
35 25 8

11
18
23
24
26
29
33  

Indicator 30 (Hemm« warfarin INR (1)) was the only indicator with a required 

monitoring interval of one month.  Figure 6.5 shows forty-one percent of the members 

who were taking warfarin had a laboratory test claim for an International Normalization 

Ratio (INR) within a month from their first warfarin pharmacy claim.  Only about 3.8% 

had laboratory test claim on the “margin” within forty-five days of their first warfarin 
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claim.  The majority, 50.4 percent did not have a laboratory test claim for an INR within 

120 days of their first claim for warfarin. 
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Figure 6.5.  First Lag for Indicator with One Month Monitoring Requirement 

Indicators 35 and 12 had a required monitoring interval of two months.  Figure 6.6 

shows 0.56% of members at risk for these indicators had the specified laboratory test 

claims (blood pressure and cell blood counts) within two months of their first pharmacy 

claim, while 99.4% did not have the specified laboratory test claim within 240 days from 

their first pharmacy claim.  Indicator 35 accounted for all but one process positives.  

Indicator 35 required blood pressure monitoring it is likely that blood pressure 

monitoring is not billed separately and the process positives are false positives.  This 

indicator was removed from all other analysis (including the previous prevalence 

findings) because the CPT codes used to identify blood pressure monitoring were not 

sensitive to blood pressure monitoring. 

Indicators 9 and 25 had a required monitoring interval of three months.  Figure 6.7 

shows 4.35% of members at risk for these indicators had the specified laboratory test 
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claims (lithium levels and BUN) within three months of their first pharmacy claim for the 

defined medication, while 84.78% did not have the laboratory test claim within 360 days 

from their first pharmacy claim.  No lags were identified on the margin of the required 

interval.   

Indicators 2, 8, 11, 23, 24, 26, 29, 33 had a required monitoring interval of six 

months.  Figure 6.8 shows 24.78%of members at risk for these indicators had the 

specified laboratory test claims within six months of their first pharmacy claim for the 

defined medication.  Some process positives were captured from the margin, 6.53% had 

the laboratory test claim between 180 and 270 days. 
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Figure 6.6.  First Lag for Indicator with Two Month Monitoring Requirement 
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Figure 6.7.  First Lag for Indicator with Three Month Monitoring Requirement 
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Figure 6.8.  First Lag for Indicator with Six Month Monitoring Requirement 
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Figure 6.9.  First Lag for Indicator with Twelve Month Monitoring Requirement 
 

The majority of members who met the requirements to be considered for the MU-

PIs with six month monitoring requirements (57.97%) did not have the specified 

laboratory test claim within 720 days from their first pharmacy claim.   

Indicator 19 had a required monitoring interval of twelve months.  Figure 6.9 

shows the majority of the members who appeared to be using thyroid therapies (52.25%) 

had their thyroid tests (laboratory test claims) within twelve months of their first 

pharmacy claim for the defined medication.  About thirteen percent had the specified 

laboratory test claim between 365 and 545 days, about six percent had a claim between 

545 and 730 days from the pharmacy claim, and about thirty percent did not have the 

laboratory test claim within 730 days of the first pharmacy claim for the required 

medication. 

In summary, the majority of process positives did not result from the margins of the 

required lag interval.  The majority of process positives resulted from the “extreme” of 
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the distribution. The indicators that required one month, six month and twelve month 

monitoring intervals were picking up some process positives from the margins, 3.78% 

6.53%, 12.58%, respectively.   

Variables associated with PDRM positives  

Personal variables associated with PDRM positives were identified with bivariate 

logistic regression.  Table 6.8 displays the OR and CI for each dependent variable.  Age, 

and number of office visits, prescribers, pharmacies, drug classes and conditions were 

significantly associated with PDRM positives.  Gender was not significant (odds ratio 

OR: 1.00; confidence interval CI: 0.63 - 1.59).  Number of pharmacies and number of 

prescribers were the strongest bivariate predictors (OR: 1.48; 95% CI: 1.43-1.63) and 

(OR: 1.48; 95% CI: 1.40 -1.57), respectively. 

Number of drug class and number of conditions had the next strongest association 

(OR: 1.19; 95% CI: 1.16-1.21) and (OR: 1.20; 95% CI: 1.18- 1.23), respectively. Number 

of office visits and age had significant but weak bivariate associations (OR: 1.07; 95% 

CI: 1.06-1.09) and (OR: 1.06; 95% CI: 1.05-1.08), respectively.   

Multivariate multicollinearity was assessed using the tolerance score.  As shown in 

table 6.9, no tolerance values were below 0.20.  The lowest tolerance score was 0.256, 

meaning 0.256 of the variance in number of office visits was unexplained by the other 

independent variables.   

A multivariate logistic regression was conducted to explore the relationship 

between PDRM positives and demographic/system related variables.  Logistic regression 

with PDRM positives as the dependent variable and the seven demographic/system 

related variables as the independent variables used stepwise variable selection to produce 

the model.  A four-variable risk model was produced.  The model indicated that males 
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Table 6.8.  Bivariate Tests of Association: PDRM Positives as Dependent Variable  

Independent Variable Odds Ratio

Age 1.06 1.05 1.08
Gender F vs. M 1.00 0.63 1.59
number of Office visits 1.07 1.06 1.09
number of Prescribers 1.48 1.40 1.57
number of  Pharmacies 1.48 1.34 1.63
number of  Drug class 1.19 1.16 1.21
number of Conditions 1.20 1.18 1.23

     95% Wald CI

 
 
were about 50% more likely to have a PDRM positive after adjusting for the other 

variables in the equation (OR: 0.45; 95% CI: 0.28-0.74).  Number of office visits had a 

negative influence on the odds of having a PDRM positive (OR: 0.93; CI: 0.9-0.96).  

That is, each additional office visit reduced the probability of having a PDRM positive by 

approximately seven percent, after adjusting for the other variables in the model.  

Number of drug classes and number of conditions increased the odds of having a PDRM 

positive.  When drug class was held constant at zero, each additional medical condition 

increased the odds of being PDRM positive by about twenty-nine percent.  When medical 

conditions were held constant at zero, each additional drug class increased the odds of 

having a PDRM positive by about twenty-two percent.  Number of drug classes and 

number of medical conditions had a significant interaction with a negative beta-

coefficient (ß coefficient: -0.004; p-value: 0.0014).  Increases in both medical conditions 

and drug classes resulted in decreased odds of having a PDRM positive.  

The overall significance of the equation by the likelihood ratio had a chi-square of 

306.007 (p< 0.0001) with four degrees of freedom (df).  The proportion of variance 

explained by the model (max-rescaled R2: 0.279).  Overall the model fit well to the data 

(Hosmer-Lemeshow: 4.01; p=0.779; df=7).  
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Table 6.9.  Multicollinearity Assessment of Independent Variables 

Variable DF Parameter 
Estimate

Standard 
Error t value Pr > |t| Tolerance Variance 

inflation

Intercept 1 -0.04072 0.00394 -10.35 <.0001 . 0
Age 1 -0.0000551 0.00007498 -0.73 0.4624 0.84942 1.17728
number of Conditions 1 0.00724 0.00020712 34.96 <.0001 0.26857 3.72342
number of Drug Classes 1 0.0066 0.00015911 41.46 <.0001 0.31993 3.12572
number of Office Visit 1 -0.00421 0.00014943 -28.19 <.0001 0.25561 3.9122
number of Pharmacy 1 -0.00345 0.00055755 -6.18 <.0001 0.78954 1.26657
number of Prescribers 1 -0.01089 0.00045741 -23.8 <.0001 0.41653 2.40079  
 
Table 6.10. Maximum likelihood Estimates: PDRM Positives as Dependent Variable 

Intercept 1 -9.229 0.404 521.676 <.0001
Gender, F 1 -0.398 0.126 10.014 0.0016
number of Conditions 1 0.254 0.031 66.933 <.0001
number of Drug Classes 1 0.200 0.024 69.664 <.0001
number of Office Visits 1 -0.074 0.017 19.389 <.0001
Cond*Drug class 1 -0.004 0.001 10.156 0.0014

Pr > ChiSqParameter DF Estimate Standard 
Error Wald chi-Sq

 
 

Step Two.  Assignment of MU-PIs to Nodes of the MUS  

The ultimate goal of this dissertation was to identify system factors (i.e., latent 

conditions of the health care system) that appear to be common or unique to nodes of the 

MUS.  To do this, the node of the MUS where the MU-PIs’ process problem originated 

was determined.  Selected MU-PIs were sent to a Delphi panel of clinicians and 

researchers for their judgment on where in MUS the process component of the indicator 

likely originated. 

Delphi Recruitment 

A total of fifty-seven recruitment letters were mailed out.  Twenty-nine contacts 

agreed to participate, seven declined, and twenty-one did not respond.  Twenty-nine 

contacts were e-mailed or mailed the survey (based on individual request) and eighteen 

completed and returned the first round.  The Delphi panelists consisted of five medical 

doctors (MDs), one nurse, five doctors of pharmacy (PharmDs), six bachelors of 
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pharmacy (BA pharm), and one masters in health service research (MHSA).  Fifteen of 

the seventeen members with clinical degrees were licensed in the US and eight were 

currently practicing.  All of the panelists with clinical degrees had additional graduate 

level degrees.  (Table 6.11). 

Table 6.11.  Demographics of Delphi Panelists for Node Identification Study 
Other 

Degree Gender Licensed in 
the US Practicing

MD 5
2 MPH   
1MS       
1PhD

Yes = 17 Nurse 1 1MPA

PharmD 5 1 PhD

BA Pharm 6 1 MBA PhD  
4 PhD

No = 1 1 MHSA

Total Number of Delphi Panel = 18

Clinical Degress

15 86 Female 
12 Male

 
 
Assignment of MU-PIs to Nodes of the MUS 

The Node Identification study went through two rounds of the Delphi process.  An 

indicator was assigned to a node and not returned for the second round when the average 

score for a node was significantly greater than the average scores for all other nodes.  

Eleven indicators reached significance within the first round.  Three of the indicators 

were returned for the second round and two achieved significance.  Based on the Delphi 

panelist responses, problems with the specificity of the indicators were the reason they 

did not reach significance in the first round.  Changes in the indicators were made and 

they were sent back to the Delphi panel.  The panelists were informed of the changes 

made to the indicator scenarios.  They were also provided with their score, the groups’ 

average score and a summary of the panelists responses for the three indictors.  The 

changes made to the three indicators included, 

 



88 

• Changing “sympathomimetic decongestants” to “prescription sympathomimetic 
decongestants” for Delphi indicator 9. 

• Removing “INR not done before therapy starts” from Delphi indicator 12 (the 
monitoring requirement was one-month) 

• Changing “antibiotic use” to use of “macrolide or sulfonamide antibiotics” for 
Delphi indicator 14 

The indicators were judged to be primarily associated with either the prescribing or 

monitoring node of the MUS.  None of the indicators were found to be primarily 

associated with the dispensing or administration nodes of the MUS.  Six indicators were 

assigned to the prescribing node, seven to the monitoring node and one did not reach 

significance within the two rounds.  Table 6.12 provides a summary of the indicator 

assignments.b  The MU-PI column in Table 6.12 is the MU-PI number and it provides a 

cross reference to the Delphi indicator number.  Table 6.13 lists the statistics for each 

indicator analysis.  Mean scores for each node, Kruskal Wallis statistics and p-values are 

presented for each indicator.   

Significance of the Dwass, Steel, Critchlow-Flinger pairwise comparisons are 

represented by an underscore under the abbreviated node.  Nodes connected with an 

underscore were not statistically different.  Delphi indicators 1-6, 8, 10, 11,13, and 15 

reached significance in the first round, all p-values <0.001 for KW statistic and pairwise 

comparisons.  Indicators 9, and 12 reached significance in the second round, p-values 

<0.001 for KW and pairwise comparisons.  Indicator 14 did not reach significance and 

therefore it was not assigned to a node.  Box plots for the mean, median and mode for 

each indicator are provided in Appendix L. 

                                                 
b Delphi indicator number seven was not included because it was a repeat of Delphi indicator 
number four. 
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Table 6.12.  Indicators Listed by Associated Node of the MUS 
Indicator No. given to 

Delphi Panel
Node Assigned by Delphi 

Panel
1 (16) CHF«Hx/HBP-NSAID Prescribing
2 (37) CHF«Hx/CHF-NoACEI Prescribing
3 (28) CHF«Hx/CHF_HB-Dig Prescribing
4 (5) GI«Hx/GI-NSAID Prescribing
5 (17) HypoK«Kwd-NoK-Elctro(2) Monitoring
6 (8) Seiz«Antconv-DrugLvl(3) Monitoring
8 (9) LiTox«Li-DrugLvl(3) Monitoring
9 (22) Tachy«Hx/HTN-Decon Prescribing
10 (23) HyprK«ACEI-ElctroCBC(6) Monitoring
11 (33) ARF«Allop-BUN/Scr(6) Monitoring
12 (30) Hemr«War-INR(1) Monitoring
13 (39) Asthma«Hx-Bron-NoSteroid Prescribing
14 (42) Hemr«War-Antibiot-NoLab(5dys) No agreement reached
15 (29) ARF«ACEI-BUN(6) Monitoring

MU-PI

 
 

Step Three: Cause-and-Effect Analysis 

Indicators that had been evaluated in the node identification (Delphi) study were 

eligible to be selected for cause-and-effect analysis.  The MU-PI evaluation team 

consisted of a Medical Director, PharmD, nurse practitioner, consumer advocate, 

laboratory manager and a director of a health maintenance organization.  Indicator 30 

(“warfarin indicator”) and indicator 39 (“asthma indicator”) were formally evaluated.  

Proposed causes were brainstormed, organized into affinity tables, and placed into tree 

diagrams (see methods).   
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Table 6.13.  Kruskal Wallis and Pairwise Comparisons for Indicator Assignment to 
Nodes of the MUS 

Indicator 
No. Node Mean 

Score
KW 

statistic p value Mean 
Score

KW 
statistic p value

P 61.39
D 25.89 P  >  M  >  D  >  A Prescribing
A 16.22
M 42.50
P 60.78
D 24.78 P  >  M  >  D  >  A Prescribing
A 23.11
M 37.33
P 54.41
D 22.85 P  >  M  >  D  >  A Prescribing
A 18.74
M 42.00
P 63.36
D 28.50 P  >  M  >  D  >  A Prescribing
A 21.89
M 32.25
P 41.36
D 25.67 M  >  P  >  D  >  A Monitoring
A 18.44
M 60.52
P 36.30
D 21.33 M  >  P  >  A  >  D Monitoring
A 25.11
M 63.25
P 36.81
D 21.19 M  >  P  >  A  >  D Monitoring
A 24.89
M 63.11
P 43.25 51.37
D 37.19 P  >  A  >  D  >  M 29.10 P  >  D  >  M  >  A Prescribing
A 40.50 19.37
M 25.06 22.17
P 32.94
D 22.03 M  >  P  >  D  >  A Monitoring
A 19.06
M 55.97
P 35.59
D 20.75 M  >  P  >  D  >  A Monitoring
A 18.25
M 55.41
P 41.03 29.80
D 24.24 M  >  P  >  D  >  A 20.17 M  >  P  >  D  >  A Monitoring
A 21.71 19.03
M 51.03 53.00
P 57.59
D 26.27 P  >  A  >  M  >  D Prescribing
A 27.12
M 27.03
P 45.32 43.70
D 31.50 P  >  M  >  D  >  A 26.93 P  >  M  >  D  >  A
A 17.00 12.10
M 44.18 39.27
P 34.94
D 19.38 M  >  P  >  A  >  D Monitoring
A 20.59
M 55.09

*Delphi indicator number (MU-PI number)
**Dwass-Steel-Chritchlow-Fligner (connecting lines = not significant differences between nodes)

No Decision 
made

15 (29) 42.121 <0.0001

14 (42) 24.548 <0.0001 30.742 <0.00012nd round

13 (39) 32.276 <0.0001

12 (30) 29.174 <0.0001 40.57 <0.00012nd round

11(33) 44.497 <0.0001

<0.00012nd round

10 (23) 44.57 <0.0001

9 (22)* 8.495 0.037 32.22

8 (9) 48.427 <0.0001

6 (8) 49.587 <0.0001

5 (17) 45.071 <0.0001

4 (5) 46.139 <0.0001

3 (28) 41.724 <0.0001

2 (37) 45.124 <0.0001

1 (16)* 51.583 <0.0001

First Round Second Round 

Kruskal Wallis test
Pairwise 

Comparison**
1st round 
decision 

Kruskal Wallis test
Pairwise 

Comparison
1st round 
decision 
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Evaluation of Monitoring Indicator 

The following question initiated the brainstorming for the warfarin “monitoring” 

indicator, “What system factors may explain the number of people using warfarin who 

appear to be missing monthly INRs?”  Nineteen causes were proposed.  Table 6.14 lists 

the eleven proposed causes that remained after clarifying, grouping and organizing them 

into an affinity table.  Four were deemed artifacts of the indicator.  They included: 

difficulty titrating warfarin doses, no claim submitted for INR because (a) cash payment 

for laboratory test, (b) INR was not specifically coded in bill and lack of claim even 

though INR had been conducted.  The evaluation team voted on the causes they believed 

contributed most to the lack of monthly INRs for patients taking warfarin.  The four 

causes with the most votes were selected for cause-and-effect diagramming.  Lack of 

patient understanding about the importance of INR monitoring, patient non-compliance 

with orders to have laboratory tests done, lack of physician follow-up to determine if labs 

are being done, and lack of a medication management system were judged to be the most 

important contributors to the lack of monthly INRs in patients taking warfarin.   

The evaluation team was asked to fit the four causes deemed most influential to the 

warfarin monitoring problem into cause-and-effect sequences, i.e., tree branches.  They 

identified fifteen sequences (Table 6.19).  After sequencing, team members were given a 

written questionnaire to determine if the cause sequences would be contributing factors to 

another type of “monitoring” indicator (indicator 29c).  When five out of the six team 

members (83%) agreed that each branch listed problems that were common the other 

                                                 
c Indicator number 29 ( ARF« ACE-I no BUN (6)) was assigned to the monitoring node of the MUS in the 
Delphi study. 
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“monitoring” indicator  that cause sequence was identified as a system problem that was 

common to the monitoring node of the MUS.   

Table 6.14.  Monitoring Indicator: Affinity Table and Rating of Importance  
Rating

Patient level
7 patient education (pt does't understand the need to monitor drug therapy) 
0 difficult titrate dose 
5 patient is not compliant with physicians order to have lab done

Professional level
4 delay b/t titration and prescribing 
1 pt comprehension assessment is lacking 
3 responsibility (lack of claiming responsibility), multiple physician 
7 lack of followup by physician to make sure labs are being done and dose is appropriate

  
Organization level

5 medication management system lacking to detect those not being monitored
3 prescription supply exceeds the INR check interval 
1 billing process does not capture INR specifically    

Environment
  
Artifact
difficult to titrate dose 
cash payers so no claim for INR (bundled claims)
billing process does not capture INR specifically  
lack of billing (claim) eventhough lab was conducted  

 
To evaluate whether the cause sequences elicited for the warfarin “monitoring” 

indicator would exhibit problems with the prescribing node as well as the monitoring 

node the team was asked whether each sequence would explain problems found by the 

asthma “prescribing” indicator.  Twelve of the fifteen cause sequences from the warfarin 

“monitoring” indicator were judged to be problems that were common the asthma 

“prescribing” indicator.  Table 6.15 presents the agreement among the team members for 

each branch.   

Evaluation of Prescribing Indicator 

The same process was applied for the evaluation of the asthma “prescribing” 

indicator.  The following question initiated the brainstorming for the asthma 
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“prescribing” indicator, “What system factors may explain the number of asthmatics who 

did not appear to be using maintenance therapy?”  Eighteen causes were proposed during 

brainstorming.  Sixteen remained after clarifying, grouping and organizing them into an 

affinity table.  Patient education, patient does not understand function of steroid, multiple 

physicians, and lack of a medication management system were judged to be the most 

important contributors to the under-use of maintenance therapy.  Table 6.16 lists the 

affinity table and ratings for each proposed cause. 

Table 6.15.  Cause Sequence Agreement Results 

Branch M-M M-P Branch P-P P-M
1 83% 100% 1 67% 40%
2 83% 100% 2 67% 40%
3 83% 83% 3 83% 80%
4 83% 100% 4 100% 80%
5 100% 83% 5 67% 80%
6 83% 100% 6 83% 80%
7 83% 50% 7 100% 80%
8 100% 83% 8 83% 80%
9 100% 67% 9 100% 100%
10 100% 67% 10 100% 100%
11 100% 83% 11 100% 100%
12 100% 100% 12 100% 80%
13 100% 100% 13 100% 100%
14 83% 100% 14 67% 60%
15 100% 83%

M-M = monitoring to monitoring indicator
M-P = monitoring to prescribing indicator
P-P = prescribing to prescribing indicator
P-M = prescribing to monitoring indicator
one member did not vote so acceptance was 80%

Monitoring Indicator Prescribing Indicator

 
 

Fourteen additional cause-and-effect sequences (i.e., tree branches) were identified 

for the four proposed causes.  The cause-and-effect sequences for patient education 

identified during the monitoring indicator evaluation were judged to be common to the 

prescribing indicator and they were not diagrammed again.  Ten of the fourteen branches 

were judged to be common to another “prescribing” (indicator  37).  Eleven of the 
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fourteen cause sequences from the asthma “prescribing” indicator were judged to be 

problems that were common the warfarin “monitoring” indicator.  Table 6.15 presents the 

agreement among the team members for each branch.   

Table 6.16.  Prescribing Indicator: Affinity Table and Rating of Importance  
Rating

Patient level 
4 pt may not appreciate the function of steroid 
1 non compliance -- intentional 
1 lack of tools (self assessment tool) 
0 taste bad 
0 adverse effect 
2 misperception of adverse effects of steroid 
2 caregivers not supervising med use   

Professional level 
3 medication copay 

misdiagnosis 
6 pt education 
0 Lack of objective measures 
0 lack of appropriate beta agonist use 
3 guideline adherence 
4 multiple physicians   

Organizational level 
4 medication management   

Environment 
3 compliance (related to embarrassment, barriers e.g., school, peer issues)  

 
Cause Sequences Common to both the Monitoring and Prescribing Nodes 

Table 6.17 displays the cause sequences from both the monitoring and prescribing 

indicator analysis.  The first column labeled “Branch” identifies the node of the indicator 

formally evaluated and the branch number.  For example: the M_1 sequence was 

discovered when the warfarin “monitoring” indicator was evaluated.  A “yes” in the 

“M&P” column means the cause sequence was judged to be a common problem to both 

the monitoring and prescribing nodes.  An “M” in the “Node” column signifies the cause 

sequence was judged to be unique to the monitoring node of the MUS. 
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Twenty-three cause sequences were judged to be common to both the monitoring 

and prescribing node.  Two were unique to the monitoring node and four did not reach 

consensus on either.  The three main themes that appeared to be common to both the 

monitoring and prescribing node were patient education, patient compliance (laboratory 

tests), and medication management systems.   

 



Table 6.17. Tree-diagram for Warfarin “Monitoring” and Asthma “Prescribing” Indicators 
Patient level Professional level Organization level Environment

Branch M & P Node
M_1 patient education patients' knowledge not assessed develop tools (AHRQ) yes

M_2 patient education lack of adequate teaching tools MCO unification / standard assessment yes

M_3 patient education lack of adequate teaching tools pharm companies yes

M_4 patient education difficult to get education in Hospital discharge planning yes

M_5 patient education difficult to get education in Hospital lack of consistency yes

M_6 patient education time issues market forces yes

M_7 patient education comorbidity takes more time yes

M_8 lack of information technology yes

M_9 lack of systematic follow-up mechanism M

M_10 disease focused not drug M

M_11 not compliant with lab MCO don't provide incentives to patient yes

M_12 not compliant with lab tracking mechanism to see who gets labs centralized records/ reminder system yes

M_13 not compliant with lab MCO contact patients yes

M_14 not compliant with lab disease management yes

M_15 not compliant with lab access/ convenience access/ convenience yes

P_1 Not sensitive to medication copay lack of unfied formulary system

P_2 Not sensitive to medication copay lack of software support

P_3 some will adopt new tech yes

P_4 pharmacists may help yes

P_5 cultural disparity

P_6 physicians are afraid to adopt tech medication management to track patients yes

P_7 pharm can take a role in med management medication management to track patients yes

P_8 pharm may respond to the frequent use medication management to track patients yes

P_9 pharmacist involvement medication management to track patients yes

P_10 pharmacist involvement no payment yes

P_11 following guideline no reward yes

P_12 data owner can disseminate info yes

P_13 multiple physicians unknown gatekeeper yes

P_14 multiple physicians data doesn't follow patient care  
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CHAPTER 7 
DISCUSSION 

The overall objective of this study was to explore the relationship between system 

design, patterns of drug therapy and drug related morbidity.  This study had three major 

parts.  The first part consisted of a database analysis.  In it, we applied a set of medication 

use performance indicators (MU-PIs) to an administrative database in order to assess the 

overall quality of medications use in the population represented by the database.  In the 

second part, a panel of experts described the association between selected indicators and 

the nodes of the medication use system (MUS).  In the third part, an evaluation team 

carried out a cause-and-effect analysis on select indicator positives that had originated in 

the prescribing and monitoring nodes of the MUS. 

The first part replicated work by MacKinnon42 and Faris.13  The second and third 

parts, however, go beyond their work.  The major contribution of this study was 

exploratory in two respects.  It was the first attempt to associate medication use indicators 

with specific parts of the medication use system, and it was the first study to evaluate 

how the four levels of the health care system (patient, professional microsystems, 

organization, and environment) interact and contribute to indicator and node specific 

process problems. 

Database Analysis 

Prevalence Findings 

Perhaps the most notable finding from the database analysis was that the 

prevalence of PDRM positives was much lower than would be expected from Mackinnon 
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and Faris’ studies.  The period prevalence of PDRM positives (in members with a 

medical claim) for this study was 1.98 per 1,000 patient years, while Faris13 found a 

prevalence rate of 62.5 per 1,000 patients and Mackinnon59 found a prevalence rate of 

28.8 per 1,000 patients.  The lower prevalence found in the current study may be 

explained by differences in population demographics and differences in search algorithms 

for the MU-PIs.   

The previous studies used the MU-PIs to screen the database of an elderly 

Medicare population.  Medicare patients tend to take more medications and the number 

of medications are associated with and increase risk of drug related injury.59-61  This 

study required all events (i.e., PDRM positives) to have an ED visit or hospitalization for 

the outcome, and only the primary diagnosis was used for outcome identification.  The 

previous studies did not have the same requirements.  Their search algorithms did not 

require ED visits or hospitalizations for more than half of the indicators, and their 

analysis was not limited to primary diagnosis codes to signify the reason for seeking 

medical care (cause of ED visit or admission).  Another difference in search algorithms 

between the studies was the attention given to the proximity of the process to the 

outcome.  The search algorithms in this study required claims for the offending 

medication to have occurred shortly before the outcome--in most cases the lag was set at 

100 days.  Proximity requirements were also established for indicators that required 

monitoring.t   

The prevalence of PDRM positives that required hospital admission was much 

lower (0.75%; CI: 0.74%-0.76%) than the findings from our systematic review of 

                                                 
t Refer to methods for search algorithms. 
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preventable drug related admissions (median: 4.3%; IQR: 3.1%-9.5%).1  The articles in 

the systematic review used a chart review process to identify PDRAs, while the current 

study employed a computer screening method.  It has been shown that different methods 

of PDRM ascertainment yield different results.  Jha et al. (1998), in an inpatient ADE 

study, compared yields of chart review, automated computer screening, and stimulated 

voluntary report. 62  This study found that each method identified different types of ADEs 

and the computer screening method only identified about forty-five percent of the total 

ADEs.  Computer screening methods are believed to increase efficiency and the 

reliability of detecting PDRM, however, the yield is limited to the explicit PDRM 

scenarios.  Implicit review methods allow for more flexibility and comprehensive 

assessments of PDRM.  With the implicit chart review method, the limiting step is the 

knowledge and thoroughness of the reviewers and not the predefined search algorithms.   

Demographic Explanations for Prevalence Findings 

Information from the database was used to better understand indicator positives.  

Descriptive analyses of monitoring intervals were conducted to determine if cases on the 

margin of the monitoring interval were being identified as process positives, and 

multivariate logistic regression was conducted to explore the relationship between PDRM 

positives and demographic/system related variables. 

Distribution of monitoring intervals 

The MU-PIs that require drug-therapy monitoring identify cases as positive or 

negative for the inappropriate monitoring interval.  When a case screens positive it means 

an individual did not have a laboratory test claim within the specified time frame.  These 

strict cut-offs could allow monitoring intervals on the margins of “appropriate 

monitoring” to be categorized as process failures even if they had been only a few days or 
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weeks over the required time.  To develop a more comprehensive picture of how cases 

deviated from the specified monitoring intervals, an analysis of the first monitoring 

interval was conducted.    

The distributions of monitoring intervals from the first pharmacy claim to the first 

laboratory test claim for the indicators that required monitoring revealed that few process 

positives were captured from the margins of the required monitoring intervals.  The 

indicators that required six-month and twelve-month monitoring intervals did, however, 

identify more cases on the margin than the others (6.5% and 12.6%, respectively).  

Because the categorized intervals were a function of the monitoring requirementu the 

indicators with longer monitoring intervals had a larger interval for the descriptive 

analysis and a more liberal interval on the margin of the required monitoring interval.  

For example:  the categories for indicators with a one-year monitoring requirement were 

set at 180 day intervals, while the categories for indicators with a one-month monitoring 

requirement were set at fifteen days.  Further investigation is needed to drill down the 

margins of the six and twelve month monitoring indicator positives.  Nevertheless, the 

majority of process positives resulted from lag times that were on the extreme of the 

distribution, in many cases, no claims for the specified labs were observed.   

Multiple logistic regression analysis  

In the exploratory analysis, age, number of office visits, pharmacies, prescribers, 

drug class, and number of medical conditions were all significant bivariate predictors of 

PDRM positives.  In multivariate analysis, however, only gender, number of office visits, 

drug classes and medical conditions were independent predictors.  Males, number of drug 

                                                 
u Descriptive categories were defined by dividing the defined monitoring interval by two.  See methods. 
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classes and number of medical conditions had a positive relationship with PDRM 

positives, while number of office visits and the interaction between drug classes and 

medical conditions were negatively associated with PDRM positives.  Interestingly, 

gender was not significantly associated with PDRM positives in bivariate analysis; 

however, in multivariate analysis gender was an independent risk factor.   

The only “system” related variable that stayed in the multivariate model was 

number of office visits.  After adjusting for the other variables in the model, as the 

number of office visits increased the risk of PDRM decreased in this population.  

Following up with patients who appear to be missing office visits or who have not had an 

office visit for an extended period of time may reduce the probability of drug related 

injury.  Number of different pharmacies and number of different prescribers were not 

independent predictors of PDRM positives. 

Another interesting finding was that an increase in the number of medical 

conditions (with number of drug classes held constant at zero) increased the odds for 

PDRM by about twenty-nine percent.  Likewise, an increase in the number of drug 

classes (with medical conditions held constant zero) increased the odds for PDRM by 

about twenty-two percent.  The interaction effect of medical condition and number of 

drug classes, however, had a significant but weak negative association, meaning as 

number of medical conditions and number of drug classes increase together the odds of 

PDRM decreased.  This seems counterintuitive at first; however, a reasonable 

explanation exists.  Increases in drug therapy without an increase in medical conditions 

may increase the risk of PDRM through over treatment, while an increase in medical 

conditions without an increase in drug therapy may increase the risk of PDRM due to 
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under-treatment.  Increases in medical conditions with complementary increases in drug 

therapy may indicate appropriate treatment and therefore reduce the risk for PDRM.   

Most studies that have looked at independent predictors of PDRM have done so in 

the inpatient setting.  These studies have also found number of medications and number 

of diseases as independent risk factors, but have failed to find age or gender as 

independent predicators. 61,63   

Three studies have used multivariate statistics to evaluate predictors of PDRM in 

the ambulatory care setting.  Mackinnon (2003), found four or more prescribers, four or 

more medical conditions, female gender, antihypertensive drug use and six or more 

prescription medications were risk factors for PDRM.  Faris (2001) confirmed these 

findings.  In addition, a recent study by Gandhi et al (2003), found that number of 

medications were the only independent risk factor of adverse drug events in ambulatory 

care.60  Considering the finding from this study in the context of previous research, it 

would seem prudent to closely monitor patients who have multiple medical conditions or 

who require multiple medications for signs and symptoms that would indicate problems 

with drug therapy.   

Node Identification of MU-PIs 

The ultimate goal of this dissertation was to identify system factors that appeared to 

be common or unique to nodes of the MUS.  To do this, the location in the MUS where 

the indicators’ process failure originated had to be assessed.   

Fourteen indicators were sent to Delphi members to identify the node of the MUS 

where the process failure from specific indicators originated.  The Delphi study began 

before the database analysis was completed.  The fourteen indicators were selected based 
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on preliminary prevalence findings.  The final results of the MU-PIs differed from the 

preliminary findings and only nine of the fourteen had PDRM positives.   

Thirteen of the fourteen indicators were assigned to either the prescribing or the 

monitoring node of the MUS.  The assignment followed a clear pattern.  All indicators 

that required drug therapy monitoring except, Delphi indicator 14v (which did not reach 

consensus) were assigned to the monitoring node.  Indicators where the process problem 

involved disease-drug interactions or lack of needed therapy were assigned to the 

prescribing node.  The process component of Delphi indicator 14 included the use of 

inappropriate medications in patients taking warfarin and no lab for INRs done within 

five days, the node assignment was split between the prescribing and monitoring node. 

Cause-and-Effect Analysis 

The cause-and-effect evaluation team accomplished multiple tasks.  First, it 

identified likely causes for the process failures and PDRMs described by select MU-PIs.  

Second, it sketched out some cause sequences across the four system levels (patient, 

microsystem, organization, and environment).  Out of the apparent complexity of causes 

and system levels, however, the team found that many cause sequences explained more 

than one indicator and problems from more than one node of the MUS.  The final task 

was a discussion of possible corrective actions.  During that discussion, four themes 

emerged that would explain some general latent failures and some broad strategies about 

how to improve medication use. 

The evaluation team was able to use the information from the MU-PIs to reflect on 

how the different levels of the health care system interact to influence patient care 

                                                 
v MU-PI number 42 
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processes.  The team identified twenty-nine cause sequences.  Furthermore, they found 

that twenty-three of the twenty-nine were common to both prescribing problems and 

monitoring problems.  That is, the team decided that the same cause sequences could 

contribute to prescribing process failures and to monitoring process failures.  The team 

did not reach consensus on four sequences. (See Table 6.19) 

The cause sequences involving “patient is not compliant with getting labs” (M11-

M16 from Table 6.19) were originally proposed as a partial explanation for a monitoring 

process failure from the warfarin indicator.  Somewhat surprisingly, the evaluation team 

found that this sequence also could be relevant to prescribing process failures.  The 

evaluation team may have focused on the compliance component of the proposed cause 

and the higher level (professional, organizational and environmental) causes in the 

sequence when judging their relationship to the prescribing node.    

Cause Themes 

In the latter part of the analysis, four themes emerged from the cause sequences that 

were common to the prescribing and monitoring nodes: patient education (teaching and 

assessment tools), information demands and medication management, pharmacist 

involvement and guideline adherence.   

Many cause sequences included, “lack of patient education.”  These sequences 

involved lack of adequate teaching and assessment tool, insufficient discharge education, 

and time constraints.  At the professional level, lack of adequate teaching tools and lack 

of tools to assess patients’ understanding of their drug therapy were identified as 

contributing to patient knowledge deficits.  The evaluation team believed that managed 

care has not promoted and reinforced standard methods for education and assessment 

(organizational level).  They also believed that pharmaceutical manufacturers and 
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agencies such as the Agency for Health Care Research and Quality (environmental level) 

are not investing in the development and dissemination of valid tools to educate and 

assess patient knowledge.   

According to the evaluation team, deficits in patients’ understanding of their drug 

therapy may occur when patients are discharged from the hospital with new medications.  

Lack of discharge planning and consistency in medication consults were the 

organizational level explanations for this.  Time constraints due to market forces 

(organizational level) were also considered reasons for patient education deficits. 

Lack of a technology infrastructure with the ability to record patient information 

through the continuum of care was considered a latent condition that allowed problems to 

occur and persist in the prescribing and monitoring nodes.  Lack of medication 

management systems that could be used to determine if patients are refilling medications, 

having their laboratory tests ordered, completed and evaluated was also considered a 

common problem to the prescribing and monitoring nodes.  An effective medication 

management system would include access to centralized records that could support a 

tracking mechanism that providers could use to evaluate their patients’ drug use.  The 

team also concluded that the managed care organizations (MCOs) affiliated with the 

coalition were not actively evaluating patient behavior in response to medication refills 

and compliance with laboratory test orders.  The evaluation team believed the MCOs 

should identify members who are not adhering to their medication or laboratory test 

orders and contact them to discuss the consequences of their decisions.   

Lack of pharmacist involvement was also considered a system related cause that 

allowed problems to persist from the prescribing and monitoring nodes.  The evaluation 
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team believed that pharmacists could take a more significant role in medication 

management by responding to overuse of medications and by supporting drug 

monitoring.  They believed pharmacists are not providing consultative services because 

they are not paid for consultative services.   

Failure to follow guidelines also contributed to problems that originate in the 

prescribing and monitoring nodes of the MUS.  The MU-PIs were evidence based and the 

process component of the indicator represents deviations from guidelines.  The evaluation 

team believed the deviations from the guidelines were because providers have no 

financial incentive to adhere to guidelines.   

One of the benefits of the cause-and-effect analysis was that it promoted the 

recognition that indicator-specific findings may be inter-related with common system 

failures, i.e., latent conditions.  The team recognized the close relationships among the 

four causal themes described above and possible corrective interventions.  The system 

related themes that emerged from the cause-and-effect analysis are extremely complex. 

Further investigation into them is warranted before interventions to promote 

organizational change are developed and implemented.   

Conclusion 

The MU-PIs were used to screen the study database.  The period prevalence for 

process positives was 209.84 (206.37-213.34) per 1,000 member years.  The period 

prevalence for PDRM positives was much lower, 1.98 (1.6-2.4) per 1,000 member years.  

The PDRM positive rate from this study was much lower than the previous studies using 

the MU-PIs.  The lower rate may be due to the much younger study population and 

differences in search algorithms.   
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Descriptive analyses of monitoring intervals were conducted to determine if cases 

on the margin of the monitoring interval were being identified as process positives.  A 

small portion of process positives resulted from the “margins” of indicators with six-

month and twelve-month monitoring requirements.  The majority of process positives, 

however, were a result of intervals that were at least three times greater than the required 

interval.  

Multivariate logistic regression was conducted to explore the relationship between 

PDRM positives and demographic/system related variables.  Gender, number of office 

visits, number of drug classes and number of medical conditions were independent risk 

factors for PDRM.  Males were about 50% more likely to have a PDRM positive after 

adjusting for the other variables.  Each additional office visit decreased the risk of PDRM 

by about seven percent.  When drug class is held constant, each additional medical 

condition increased the chance of being PDRM positive by about twenty-nine percent.  

When medical conditions are held constant, each additional drug class increased the 

chance of having a PDRM positive by about twenty-two percent.  Number of drug classes 

and number of medical conditions had a significant interaction with a negative beta-

coefficient.  Increases in both medical conditions and drug classes resulted in a decreased 

risk for a PDRM positive.  

Indicators were assigned to different nodes of the MUS.  To do this, a Delphi panel 

judged the degree of association between select indicators and specific nodes of the MUS 

where the process failure may have originated.  Six of the fourteen indicators were 

assigned to the prescribing node and seven were assigned to the monitoring node of the 

MUS.  One indicator did not reach significance within the two round Delphi study.    
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The MU-PIs proved to be a useful tool to initiate “system” thinking or 

organizational introspection.  The team identified twenty-nine cause sequences.  

Furthermore, they found that twenty-three of the twenty-nine were common to both 

prescribing problems and monitoring problems.  Four themes emerged from the cause-

and-effect analysis and they included lack of necessary tools for adequate patient 

information and assessment, an information system that can track patients and relay 

information to the providers, pharmacist involvement in the MUS and guideline 

adherence.  The evaluation team determined that interventions should address these 

themes.  Further investigation is needed to design interventions that would have the 

greatest impact. 

Limitations 

The MU-PIs are content validated, however; they have not been criterion validated.  

Therefore, MU-PI positives represent possible PDRM, but specificity and sensitivity are 

not known.  This should be considered when interpreting the indicator findings.  

Published literature shows that claims data are reasonably valid for identifying patients 

with specific disease, especially when pharmacy claims that would be consistent with the 

disease are included,35 nevertheless; no studies were identified that evaluated the validity 

of using CPT codes as proxies for lab monitoring.   

In the database analysis, the majority of process positives for indicators that 

required drug therapy monitoring resulted from lag times that were on the extreme of the 

distribution, in many cases, no claims for the specified labs were observed.  Because of 

this, further analysis is needed to determine if labs were conducted but no claims were 

submitted.  During the cause-and-effect analysis, one of the team members argued that 

lab claims may be bundled and therefore specific lab claims would not be observed.   
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The search algorithms for the MU-PIs were limited to severe outcome, i.e., ED visit 

or hospitalization.  Studies have shown that a large portion of PDRM is considered 

significant but not severe.  It is unclear if the latent conditions identified in this study 

would be involved in the production of less severe PDRM. 

The cause-and-effect analysis was essentially a case study.  It is possible that an 

evaluation team with a different skill set or expertise may have identified different system 

failures.  Nevertheless, it would not invalidate the findings of this study.  Additional 

studies may be useful to develop a more comprehensive picture of all possible latent 

conditions.  

Significance and Theoretical Contribution  

This study included developing a modified version of Faris’ search algorithm, 

identifying indicators that represent different nodes of the MUS, identifying latent 

conditions of the health care system that are associated with both prescribing and 

monitoring problems, and demonstrating that the MU-PIs can be used to initiate 

organizational introspection.  The search algorithms were refined from earlier versions by 

paying more attention to the time relationships between the process and outcome.  The 

search algorithms were intended to identify cases that were currently taking the offending 

medication within proximity to the adverse outcome.  The search algorithm also had 

more strict limitations on the indicators that required drug therapy monitoring. 

This study demonstrated that medication and disease specific indicators can be 

grouped according to the nodes of the system where the process failure originated.  Node 

specific indicators can be used to probe into the MUS to evaluate node-specific quality, 

e.g, the quality of monitoring.  This study also established that problems that originate in 
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the monitoring and prescribing phase often have common system characteristics that 

allow the process failures to eventually end in adverse outcomes. 

Lastly, this project demonstrated that the MU-PI can be used to initiate dialog and 

introspection about how the design of the organization contributes to the prevalence of 

process failures and PDRM.  The MU-PIs can function as an important tool for the 

improvement of medication use. 

Contribution to Health Care 

The connection between medication use quality measurement and improvements in 

the MUS can take two routes: 1) improvements through selection and 2) improvement 

through changes in care.64  The use of performance measurement by organizations such 

as the National Committee for Quality Assurance (NCQA) are designed to provide a 

report card for employers so they can select the providers and organizations that appear to 

have the highest level of quality.  The mechanism of improvement through selection 

works when the employers can make choices among health plans or providers.  Selection 

as a mechanism for improvement does not change the basic distribution of performance.  

Instead it improves outcomes by shifting business to providers and plans that are 

performing better.64   

Improvements through changes in care have the potential to shift the underlying 

distribution of care itself.  Before changes can be made to the MUS the “organization” 

needs to understand the process involved in the production of poor quality.  Once the 

performance is measured and the influence of system designs on quality is understood 

organizations and individuals can improve performance through changing the processes 

of care.  This study has contributed to health care by providing a method to initiate the 
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change process by identifying latent conditions of the system and areas for process 

improvement interventions.   

Future Areas for Study 

Interventions 

The next step in the change process will focus on the development of interventions 

to address the system related problems identified in the cause-and-effect analysis.  A 

more in-depth analysis of the organization and its ability to pursue various interventions 

is needed.  Information from the literature can help us frame the latent conditions to 

better understand them.  The evaluation team believed that issues related to patient 

education were important reasons for members neglecting to use their medications 

appropriately.  They believed methods should be developed and implemented to reduce 

the educational deficits.   

Research on “decision aids” for patients facing health treatment decisions may 

provide valuable insight and tools for educating patients about the risks and benefits 

related to their drug therapy.  It may, as well, assess their competency about medication 

specific issues.  Decision aids are intended to help patients understand the probable 

outcomes of different behavioral decisions, e.g., not complying with ordered drug therapy 

monitoring, make an informed decision and communicate their preferences to their 

provider.65  Decision aids have been found to improve knowledge, reduce decisional 

conflicts, and stimulate patients to be more active in decision making without increasing 

their anxiety.66  Since lack of patient education and assessment was an important latent 

condition, future research should be committed to evaluating how education and 

assessment tools, such as decision aids can reduce the PDRM problem. 
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Guideline adherence was believed to be a system problem that was common to the 

prescribing and monitoring nodes as well.  The evaluation team believed the lack of a 

reward system tied to guideline adherence was a reason for the deviations from 

guidelines.  Cubana et al (1999), conducted a systematic review of barriers to physician 

adherence to practice guidelines and found multiple barriers exist for physicians to follow 

guidelines.67  Lack of awareness and lack of familiarity with guidelines affect physician 

knowledge of guidelines.  Lack of agreement with guidelines, self-efficacy, outcome 

expectancy, and inertia from previous practice can pose attitude barriers.  Patient and 

environmental barriers were common external barriers.  Any attempt to improve 

guideline adherence should consider the common barriers.  Interventions need to address 

the specific cognitive and behavioral barriers to guideline adherence.    

Lack of pharmacists’ recognizing and responding to drug therapy problems was 

also considered a common system failure.  Hepler and Strand have led the movement to 

expand the role of community pharmacists from simply packaging and dispensing to 

detecting drug therapy problems and consulting with patients and other health 

professionals.18  Financial barriers and business model are believed to have limited the 

adoption of pharmaceutical care.68  The Medicare prescription drug improvement and 

modernization act of 2003 may remove these barriers.  In the bill, pharmacists are 

designated as eligible Medicare providers by virtue of the plan paying for their services.  

Starting in 2006, pharmacists will be able to bill for medication therapy management in 

Medicare patients.  Organizations, such as the coalition, should consider how they can 

take advantage of this financial arrangement and extend pharmacists medication therapy 

management to employer sponsored health plans. 
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The lack of a centralized electronic infrastructure that would allow records to be 

shared across the continuum of care and used for medication management was also 

considered an important contributor to process problems from the prescribing and 

monitoring nodes.  Development and implementation of electronic infrastructure is 

logistically difficult and expensive.  Many health care systems are hesitant to invest in an 

electronic infrastructure.  In the 1990s many health stystems invested hundreds of 

millions of dollars in information systems that were supposed to link providers and 

institutions, but often failed to achieve their objectives.64  Nevertheless, decision makers 

and politicians are becoming interested in developing an electronic clinical infrastructure.  

Senator, Edward Kennedy introduced a bill to the senate on May 13, 2004 to modernize 

health care.  A major component of the bill was to provide funding for the development 

of electronic medical records.  Furthermore, President Bush recently called for all patient 

information to be available electronically by 2014.  He claims the federal government 

will set the standards for the conversion to electronic records.  Once this technology is 

adopted, careful attention must be given to measuring barriers to use and unintentional 

consequence of the technology. 

MU-PI Fidelity 

Further work is needed to refine the technical aspects of the medication use 

performance indicators.  This would include updating the MU-PI to include newer 

therapies and newer treatment evidence, evaluating the criterion validity of the MU-PIs, 

and adapting the search algorithms to include clinical data along with claims data.  New 

drugs have been entering the market and new evidence for medical treatment is becoming 

more abundant.  Indicators need to be specifically constructed to represent nodes other 

than prescribing and monitoring.  Indicators that represent problems in the administration 
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and dispensing nodes were not represented in this study and are needed for a 

comprehensive assessment of the medication use system.  Careful and meaningful 

analysis of the more recent literature is needed to add new performance indicators and to 

remove existing indicators that do not represent failures in the management of drug 

therapy.   

The criterion validity of the indicators is unknown.  To validate the MU-PIs each 

indicator would need enough positives for statistical evaluation.  This population should 

include a representative proportion of patients over sixty-five year old.  Attention should 

be given to determining the positive predictive value, sensitivity and specificity of the 

indictors.   

A risk factor study is needed to better understand the population and system 

variables most associated with having process failures and PDRM.  The analysis should 

include a separate evaluation for process positives and PDRM positives to determine 

what characteristics produce greater risk for drug related injury.  The analysis should also 

be separated by nodes of the MUS.  It would be interesting to determine if the 

characteristics that predict PDRM for monitoring problems are different from the 

characteristics that predict PDRM related to problems in the prescribing node.  

 
 

 



APPENDIX A 
MEDICATION INVOLVED IN DRA BY STUDY 

 
 

 



 

Cardiovascular Diuretics 9 16  - 5.6 13.5 13 16.7 63.2 12 12  - 10.5 12.5 10
Digoxin  -  -  -  -  -  - 16.7  - 4 4  -  - 4 3
Nitrates  -  -  - 5.6  -  - 4.2  - 1  -  -  - 4.2 3
Antihypertensive  - 9  - 2.8  - 18.5 14.6 9.9 2 10 22.9  - 9.95 8
Anticoagulants/Antithrombotics  - 13  -  -  - 5.6 6.3  -  - 18  - 15.8 13 5
Cardiovascular / other 16  - 40  - 10.8 9.3  -  - 1 18 5.7  - 10.8 7

25 38 40 14 24.3 46.4 58.5 73.1 20 62 28.6 26.3 33.3 12
Psychotropic Antipsychotic  -  -  -  -  -  -  - 1.3 3  -  -  - 2.15 2

Antidepressant  -  -  -  -  -  -  - 4.6 2  -  -  - 3.3 2
Lithium  -  -  -  -  -  - 6.3  - 1  -  -  - 3.65 2
Anxiolitic, Sedative, Hypnotic  -  -  - 2.8  -  -  -  - 7  -  -  - 4.9 2
Phychotropic/other  -  - 20  - 9.5  -  -  - 1 8  - 15.8 9.5 5

 -  - 20 2.8 9.5  - 6.3 5.9 14 8  - 15.8 8.75 8
Anti-inflammatory Corticosteroids  -  - 3.3 13.9  - 11.1  -  - 5  - 11.4  - 11.1 5

NSAIDs  - 13 10 41.7 5.4 9.3 10.4 2.6 14  -  -  - 10.2 8
Anti-inflammatory  -  -  -  -  -  -  - 3.3 9 10  - 7.9 8.45 4

 - 13 13.3 55.6 5.4 20.4 10.4 5.9 28 10 11.4 7.9 11.4 11
Analgesics Narcotic Analgesics  -  -  - 8.3  -  -  - 3.9 6 6  - 3.9 6 5

 -  -  - 8.3  -  -  - 3.9 6 6  - 3.9 6 5
Anti-diabetic Hypoglycemic agents 27  -  -  - 16.2 5.6 20.8  - 10 4 14.3 2.6 12.15 8

27  -  -  - 16.2 5.6 20.8  - 10 4 14.3 2.6 12.15 8
Anti-infective Antibiotics  - 13 6.7  - 12.2  - 4.2  - 8  - 5.7 13.2 8 7

Anti-asthmatics  -  - 3.3  -  - 9.3  - 1.3  -  - 5.7  - 4.5 4
GI  -  - 10  - 9.5  -  -  -  -  -  -  - 9.75 2
Antineaplastic  -  - 3.3  - 2.7 9.3  -  -  -  - 17.1 6.36 6.36 5
Anti-epileptics  -  -  -  - 2.7 9.3  -  -  -  - 11.4  - 9.3 3

Non-specific Other 48 36 3.3 19.4 17.6  -  - 9.9 14 10 5.8 23.6 15.8 10
100 100 99.9 100.1 100.1 100.3 100.2 100 100 100 100 99.66 31

Dartnell 
1996

Hallas  
1991 Median CountCourtman 

1995
Lindley 

1992
Bigby  
1987

Lakshmanan 
1986

Trunet 
1986

Darchy 
1999

Nelson 
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Raschetti 
1999

Ng   
1999

Cunningham 
1999
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APPENDIX B 
CLASSIFICATION OF DTPS INTO NODES OF THE MUS 
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Dartnel, DTPs Frequency % occupied Class Dartnel
Prescribing factor 11 30.56% P P 30.56%
Non compliance 15 41.67% AC DE
adverse drug reaction (preventable) 10 27.78% M AC 41.67%

36 100.00% M 27.78%
non-id-p

100.00%
ADR

Lakshmanan, DTPs Frequency % occupied Class
7 admissions related to antihypertensive agents* 7 41.18% M
2 aminophylline and phenytoin** 2 11.76% M P 5.88%
2 aminophylline and phenytoin*** 2 11.76% M DE
1 high dose of prednisone in a known diabetic who developed ketoacidosis 1 5.88% P AC 11.76%
1 rotator cuff tear after five intra articular steroid injections 1 5.88% Non-id-p M 76.47%
2 hypoglycemia secondary to taking too much insulin**** 2 11.76% AC non-id-p 5.88%
2 admissions, results of a patient taking chlorambucil on an unsupervised basis over several years 2 11.76% M 100.00%

17 100.00% ADR
35 cases were drug mediated adverse effects.  

This article does not differentiate 'drug-mediated adverse effects' and 'drug mediated adverse reactions.

** “Toxic reaction where levels were available and medication continued”
*** “Toxic reaction could have been detected with the patients examined as outpatients” 

Courtman, DTPs Frequency % occupied Class Courtman
Inappropriate dose 35 58.33% P P 61.67%
Avoidable or possibly avoidable ADR* 14 23.33% M DE
non-compliance 9 15.00% AC AC 15.00%
Drug interaction** 1 1.67% P M 23.33%
Lack of therapy 1 1.67% P non-id-p

60 100.00% 100.00%
* Among 16 ADR, author reported that 14 cases were avodable or possibly avoidable. We classify avoidable/possibly avoidable ADRs as M. ADR

*** Author cited Strand et al (1990) and said,  'the patient is taking a drug for whichthere is no medical indication; and, the patient is receiving the 
wrong drug or drug product could not be accurately assessed from the medical chart alone at the time of admission and were, therefore, not recorded.

 Author gave examples of avoidable cases as inappropriate or contraindicated drug therapy, non-compliance. 
** ‘…monitoring for drug interactions and ensuring drugs are discontinued by the prescribing physician when they are no longer required by the patient.’

Lakshmanan

Author says that 19 cases are preventable drug related admissions. But only 17 case information is provided. 

* …evolving over weeks to months such that the victims could have been examined as outpatients and had their therapy altered

****1 had been having frequent symptoms but did not contact a physician, 1 was having frequent symptoms that were neither volunteered nor e

 



 

APPENDIX C 
SUMMARY: CLASSIFICATION OF DTPS INTO NODES OF THE MUS 

Nodes Dartnell Lakshmanan Courtman Bero Hallas Bigby Darchy Nikolaus
Of the MUS 1999 1986 1995 1991 1992 1987 1999 1992
Prescribing 30.56% 5.88% 61.67% 59.46% 37.31% 5.26% 53.33% 0.00%
Dispensing 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%

Administration 41.67% 11.76% 15.00% 27.03% 20.90% 25.00% 0.00% 23.68%
Monitoring 27.78% 76.47% 23.33% 0.00% 35.82% 44.74% 46.67% 10.53%

Non-identifiable process 0.00% 5.88% 0.00% 13.51% 5.97% 25.00% 0.00% 65.79%
Non-preventable ADR 34.55% 0.00% 3.23% 22.92% 74.06% 0.00% 26.83% 0.00%

Total 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%  
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APPENDIX D 
MEDICATION USE PERFORMANCE INDICATOR  DEFINITIONS 

1. This outcome has occurred after the pattern of care below: 
ER visit/hospitalization due to depression  

 
This is the pattern of care: 

1. History/diagnosis of depression 
2. Use of long-acting benzodiazepine (e.g., Librium, Valium, Centrax, Paxipam, 

Dalmane, Azaene/Tranxene, etc.) 
 
2. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to theophylline toxicity 
 

This is the pattern of care: 
1. Use of theophylline 
2. Drug level not done at least every 6 months 

 
3. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to bipolar disorder. 
 

This is the pattern of care: 
1. Diagnosis/history of bipolar disorder 
2. Use of lithium 
3. Drug level not done at least every three months 

 
4. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to major and/or minor hemorrhagic event 
 

This is the pattern of care: 
1. Use of IV heparin 
2. PTT not done at least every day 

 
5. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to gastritis and/or upper GI bleed and/or upper GI 
perforation and/or GI ulcers and anemia 
 

This is the pattern of care: 
1. History/diagnosis of ulcers and/or GI bleeding 
2. NSAID use for at least 1 month (not including Cox-2) 
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6. This outcome has occurred after the pattern of care below: 
ER visit/hospitalization due to depression  
 

This is the pattern of care: 
1. History/diagnosis of depression 
2. Use of a barbiturate (e.g., butalbital) 

 
7. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to depression  
 

This is the pattern of care: 
1. History/diagnosis of depression 
2. Use of a sympatholytic antihypertensive (e.g., reserpine, methyldopa, 

clonidine, etc.) 
 
8. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to seizure activity 
 

This is the pattern of care: 
1. Use of anticonvulsant requiring drug level monitoring (e.g., phenytoin, 

carbamazepine, valproic acid) 
2. Drug level not done at least every 6 months   
 

9. This outcome has occurred after the pattern of care below: 
ER visit/hospitalization due to lithium toxicity 
 

This is the pattern of care: 
1. Use of lithium 
2. Lithium level not done every 3 months 

 
10. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to a major/minor hemorrhagic event 
 

This is the pattern of care: 
1. Warfarin use 
2. NSAID use (e.g., diclofenac, ibuprofen, ketoprofen, etc.) 
3. INR not done within 10 days 

 
11. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to hypothyroidism 
 

This is the pattern of care: 
1. Lithium use for at least 6 months 
2. TSH not done at least every 6 months 
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12. This outcome has occurred after the pattern of care below: 
ER visit/hospitalization due to blood dyscrasias/thrombocytopenia 
 

This is the pattern of care: 
1. Use of ticlopidine (Ticlid) 
2. CBC/platelets not done every  2 months 

 
13. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to acute urinary retention 
 

This is the pattern of care: 
1. Diagnosis/history of bladder atony due to diabetes 
2. Use of imipramine 

14. This outcome has occurred after the pattern of care below: 
ER visit/hospitalization due to acute respiratory failure 
 

This is the pattern of care: 
1. History/diagnosis of severe COPD 
2. Use of medium to long-acting benzodiazepines 

 
15. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to acute urinary retention 
 

This is the pattern of care: 
1. History/diagnosis of benign prostatic hypertrophy (BPH) 
2. Use of an anticholinergic agent 

 
16. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to congestive heart failure and/or fluid overload 
 

This is the pattern of care: 
1. History/diagnosis of high blood pressure (over 140/90) and/or congestive 

heart failure 
2. NSAID use for at least 3 months 

 
17. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization for hypokalemia 
 

This is the pattern of care: 
1. Use of NON- potassium SPARING diuretic (e.g., hydrochlorothiazide, etc.) 
2. No concurrent use of potassium supplement 
3. Electrolytes not checked at least every 2 months initially, then every 6 months 

 
18. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to anticonvulsant drug toxicity 
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This is the pattern of care: 
1. Use of an anticonvulsant requiring drug level monitoring (e.g., phenytoin, 

carbamazepine, valproic acid) 
2. Drug level not done at least every 6 months 

 
19. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to hypothyroidism 
 

This is the pattern of care: 
1. Use of thyroid or antithyroid agent (e.g., levothyroxine, propylthiouricil, etc.) 
2. T4/TSH not done at least every 12 months  

 
20. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to aminoglycoside toxicity (acute renal failure and/or 
renal insufficiency and/or vestibular damage and/or auditory damage) 
 

This is the pattern of care: 
1. Use of an aminoglycoside 
2. Serum creatinine not done before and after therapy (and if therapy longer than 

7 days, not done at least every 7 days) 
3. At least one drug level not done 

 
21. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to COPD 
 

This is the pattern of care: 
1. Diagnosis/history of COPD 
2. Use of a beta-blocker (e.g., propranolol, etc.) 

 
22. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to Hypertension/tachycardia 
  

This is the pattern of care: 
1. History of hypertension 
2. Prescription use of sympathomemetic decongestants 

 
23. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to hyperkalemia 
 

This is the pattern of care: 
1. Use of ACE inhibitor 
2. Electrolytes/CBC not done at least every 6 months 

 
24. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to blood dyscrasias and/or hyponatremia and/or excessive 
water retention and/or syndrome of inappropriate antidiuretic hormone (SIADH) 
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This is the pattern of care: 
1. Use of carbamazepine 
2. Electrolytes/CBC not done at least every 6 months 

 
25. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to acute renal failure and/or renal insufficiency 
 

This is the pattern of care: 
1. Use of lithium 
2. BUN/serum creatinine not done at least every 3 months 

 
26. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to digoxin toxicity 
 

This is the pattern of care: 
1. Use of digoxin 
2. BUN/serum creatinine not done at least every 6 months 
3. Digoxin level not done at least every 6 months 

 
27. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to gastritis and/or upper GI bleeds and/or GI 
perforations and/or GI ulcers and anemia 
 

This is the pattern of care: 
1. History/diagnosis of ulcers and/or gastrointestinal bleeding 
2. Use of an oral corticosteroid (e.g., prednisone) for at least 3 months 

 
28. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to congestive heart failure and/or heart block 
 
This is the pattern of care: 

1. History/diagnosis of congestive heart failure with heart block or advanced 
bradycardia 

2. Use of digoxin 
 
29. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to acute renal failure and/or renal insufficiency 
 

This is the pattern of care: 
1. Use of an ACE inhibitor 
2. BUN/serum creatinine not done at least every 6 months  
 

30. This outcome has occurred after the pattern of care below: 
ER visit/hospitalization due to major and/or minor hemorrhagic event 
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This is the pattern of care: 
1. Use of warfarin 
2. INR not done at least every month 
 

31. This outcome has occurred after the pattern of care below: 
ER visit/hospitalization due to secondary myocardial infarction 
 

This is the pattern of care: 
1. History/diagnosis of myocardial infarction 
2. No use of ASA and/or beta blocker (e.g., metoprolol) 

 
32. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to a major/minor hemorrhagic event 
 

This is the pattern of care: 
1. Warfarin use 
2. Antibiotic use (e.g., Bactrim, etc.) 
3. PT not done within 5 days 

 
33. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to acute renal failure and/or renal insufficiency 
 

This is the pattern of care: 
1. Use of allopurinol 
2. BUN/serum creatinine not done at least every 6 months 

 
34. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to depression and/or increase in dosage of 
antidepressant 
 

This is the pattern of care: 
1. History/diagnosis of depression 
2. Use of moderate to high lipophilic beta-adrenergic blocking agent (e.g., 

propranolol, pindolol, etc.) 
 

35. This outcome has occurred after the pattern of care below: 
ER visit/hospitalization due to patient fall and hip fracture 
 

 This is the pattern of care: 
1. Patient on alpha blocker 
2. Standing BP not checked within 2 months of initiation of therapy 

 
36. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to fall and/or hip fracture and/or other bone fracture 
and/or bone break 
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This is the pattern of care: 
1. 65 years or older 
2. Use of long half-life hypnotic/anxiolytic (e.g., flurazepam, diazepam, 

chlordiazepoxide, etc.) 
 
37. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to congestive heart failure 
 

This is the pattern of care: 
1. Diagnosis/history of congestive heart failure 
2. Not on an ACE inhibitor or ARB (e.g., captopril, enalapril, etc.) 

 
38. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to congestive heart failure 
 

This is the pattern of care: 
1. History/diagnosis of congestive heart failure 
2. Use of an antiarrhythmic agent (e.g., disopyramide, procainamide, etc.) 

 
39. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to asthma 
 

This is the pattern of care: 
1. Diagnosis of moderate to severe asthma 
2. Use of a bronchodilator 
3. No use of maintenance therapy (e.g., beclomethasone, etc.)  

 
40. This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to fall and/or hip fracture and/or other bone fracture 
and/or bone break. 

 

This is the pattern of care: 
1. 65 years of older 
2. Use of tricyclic antidepressant (e.g., amitriptyline, doxepin, imipramine, etc.) 

 

 



 

APPENDIX E 
PROCEDURE CODES USED TO IDENTIFIY OFFICE VISITS AND EMERGENCY 

DEPARTMENT VISITS FROM PROFESSIONALS CLAIMS DATA 

 
CPT Code Office Visit CPT Code Emergency Department Visits

99201 Office Visit,New,Focused,10# 99281 Emerg Dept.Visit, Focused
99202 Office Visit,New,Expanded,20# 99282 Emerg Dept.Visit,Expanded,Low Complexity
99203 Office Visit,New,Detailed,30# 99283 Emerg Dept.Visit,Expanded,Lo-Mod. Complexity
99204 Office Visit,New,Mod. Complex,45# 99284 Emerg Dept.Visit, Detailed
99205 Office Visit,New,Hi Complex,60# 99285 Emerg Dept.Visit, Comprehensive
99211 Office Visit,Estab,Minimal,5#
99212 Office Visit,Estab,Focused,10#
99213 Office Visit,Estab,Expanded,15#
99214 Office Visit,Estab,Detailed,25#
99215 Office Visit,Estab,Comprehens,40#
99241 Office Consultation, Focused,15#
99242 Office Consultation, Expanded,30#
99243 Office Consultation, Detailed,40#
99244 Office Consultation,Mod. Complex,60#
99245 Office Consultation,Hi Complex,80#  
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APPENDIX F 
CODING SOLUTION FOR EACH MEDICATION USE PERFORMANCE 

INDICATOR  

Drug-Disease Interaction Monitoring Drug-Drug Interaction
Ind 01 Ind 02 Ind 10
Ind 05 Ind 03 Ind 17
Ind 06 Ind 04 Ind 32
Ind 07 Ind 08 Ind 48
Ind 13 Ind 09
Ind 14 Ind 11
Ind 15 Ind 12
Ind 16 Ind 18
Ind 21 Ind 19
Ind 22 Ind 20
Ind 27 Ind 23
Ind 28 Ind 24
Ind 31 Ind 25
Ind 34 Ind 26
Ind 36 Ind 29
Ind 37 Ind 30
Ind 38 Ind 33
Ind 40 Ind 35  
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APPENDIX G 
RECRUITMENT LETTER FOR NODE IDENTIFICATION STUDY 

 
Dear Dr.  
 
The University of Florida and the Central Florida Health Care Coalition are conducting a study that aims to 
evaluate the underlying system factors involved in errors that originate at different nodes of the medication 
use system in primary care.  The goal is to identify errors that originate at specific nodes of the medication 
use system and then to establish system factors that appear to be common and unique to the nodes. (This is 
Brian Sauer’s Ph.D. dissertation research.) 
 
This study includes the following three steps:  (1) assign the preventable adverse drug event (pADE) 
scenarios to the nodes of the medication use system where the process failure originated, (2) translate the 
pADE scenarios to billing codes and query the coalition’s database using the pADE indicators, and (3) 
conduct cause and effect diagramming (with a group of providers affiliated with the coalition) to uncover 
latent system conditions that may be causing or contributing to errors occurring in the medication use 
system. 
 
We have written to you because of your expertise in medication error research.  As you know, this field has 
relatively few real opinion leaders, so your assistance and subsequent participation would be invaluable. 
We are soliciting your help in two ways. 
 
First, please nominate other experts in the field of medication safety so that we may invite them to serve on 
our Delphi panel. We are aware of researchers currently publishing in this field, but we need your advice 
about which health care providers and researchers are trusted experts in medication error research. We are 
seeking a panel of 10-20 members. We will send a letter similar to this to each person you nominate. This 
would require only a few minutes of your time to write names and contact information on a form and return 
it to us.  
 
Second, we would like you to participate on the Delphi panel itself.  This panel will match up 15 pADE 
scenarios with the nodes of the medication use system where the process failure likely originated.  The first 
round of the Delphi process should take approximately one hour to complete, and the subsequent two to 
three rounds are not expected to exceed 30 minutes.   
 
Appended is a participation and recommendation form.  Please indicate whether you are willing to 
participate by circling yes or no, and please provide names and contact information for individuals that you 
believe have expertise in medication errors. 
 
Brian will telephone you in a few days to follow up and answer any questions. 
 
You participation will be greatly appreciated. 

Respectfully, 

Brian C. Sauer    Charles D. Hepler  
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1. Will you participate in the Delphi panel that will assign the pADE scenarios to nodes of 

the medication use system?   (yes   or    no)  
 

Please sign name 
 
 

2. If you agree to participate would you like to complete the survey electronically or would 
you rather receive a paper copy?   

 
Please circle one:  (electronic copy      or     paper copy) 

 
 

3. Please list any health care professionals or researchers, and if possible, a form of contact. 
 
 

a. ________________________________________________________________ 
 

 
b. ________________________________________________________________ 
 

 
c. ________________________________________________________________ 
 

 
d. ________________________________________________________________ 
 

 
e. ________________________________________________________________ 
 

 
f. ________________________________________________________________ 
 

 
g. ________________________________________________________________ 
 

 
 

 

 



 

APPENDIX H 
NODE IDENTIFICATION SURVEY 

Thank you for agreeing to participate on the Process Identification Panel for the Central Florida 

Health Care Coalition and the University of Florida.  Your expertise will be valuable in 

identifying the nodes in the primary care medication use system where preventable adverse drug 

events may have originated.  The information from this analysis will be used to better understand 

the relationships between the processes of care and system factors.  These include patient 

involvement, microsystems, organizations, and the environment. 

 

The attached survey contains detailed instructions to help you identify which nodes of the 

medication use system in primary care may be involved in the generation of specific drug therapy 

problems which, if unresolved, may lead to preventable adverse drug events.  Based on 

pretesting, it should take approximately one hour to complete.  Your input is extremely important.  

This project will not be successful without your gracious input.  Please return the Process 

Identification survey, along with comments to Brian C. Sauer, at sauer@cop3.health.ufl.edu, by 

November 25th  Please e-mail or call me at (352) 273-6296 if you have any questions. 

Thank you again for participating. 

Respectfully, 

 
 
Brian C. Sauer    Charles D. Hepler  
PhD Candidate     Distinguished Professor 
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You will be given a list of scenarios that represent cases of potential preventable adverse drug 

events (pADE) from the primary care setting.  These pADE scenarios, which were developed and 

content validated by two Delphi panels of physicians, include errors of omission, therapeutic 

failures and drug induced adverse outcomes.  The appendix provides more information for pADE 

operationalization. 

Survey Instructions 

The objective of this exercise is to identify the nodes of the primary care medication use system 

at which specific pADEs may have originated. In other words, we are seeking the node of the 

medication use system where the problem most probably was initiated. (Cause and effect 

diagramming, at a later time, will consider events downstream from the initiating node.)   Listed 

below are 15 pADE scenarios. Each includes an adverse outcome and a pattern of care.  We 

would like you to identify the node in the MUS where you believe the inappropriate care most 

likely originated.  Please adopt a population perspective:  That is, although many specific issues 

could have arisen in the care of an individual patient, we are asking you to consider the most 

common issues in a large number of patients.  

 

To do this, please first familiarize yourself with the definitions of the nodes of the medication use 

system below.  Then please read each pADE scenario and assign values between 0 and 10 (0 

highly unlikely and 10 highly likely) to represent your belief that the process failure originated in 

a particular node of the medication use system.  The sum of the 4 nodes needs to equal 10.  Please 

distribute the 10 points across the nodes to represent your belief that a particular drug-therapy 

problem originated in a specific node.   

 

The distinction between appropriate care for individuals and populations is very important here.  

We would like you to assign higher points to the node that is most likely to be where the process 
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problem originated for the majority of patients with the specific pADE described in the scenario.  

Thinking at a population level can be difficult, one way to simplify this it to think of the last 10 

patients you saw who had the problem described in the pADE scenario and allocate points to the 

nodes to represent those experiences.   

 

We would also like you to briefly state your reasoning and offer comments for each pADE 

scenario. Please see the hypothetical example below. 

A model of the Medication Use System and definitions for its nodes are presented below: 

 
• Prescribing node (P)-- Assess patient, determine need for medication, if need exists then 

select medication, and order medication.   

• Dispensing node (D)– Review and assess prescriber’s orders, look for problems with drug 
therapy, prepare medications, distribute medications for patient’s access, educate patient on 
proper use of medication.  

• (Self) administration node (A)– Administer medications according to prescriber’s plan, and 
report any problems with therapy. 

• Monitoring node (M)– Assess patient response to medication, detect problems with drug 
therapy, and act on the information gathered by reporting and documenting outcomes and 
changing therapy if necessary.  
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Hypothetical Example 
 
This outcome has occurred after the pattern of care below: 

ER visit/hospitalization due to a major/minor hemorrhagic event 
 

 This is the pattern of care: 
1. Prescribed use of Warfarin 
2. Prescription NSAID use (e.g., diclofenac, ibuprofen, ketoprofen, etc.) 
3. INR not done within 10 days 

 
 

 

Node P D A M 

Assigned Points 8 0 0 2 

P+D+A+M = 10 

Decision Logic:   

Note: your responses are not expected to be as thorough as the example; this was done for 

instructional purposes. 

 

The process failure likely originated in the prescribing node of the MUS because it is well 

established that concomitant use of NSAIDs and warfarin should be avoided.  If anti-pyretic 

effects are desired, then consider acetaminophen. If anti-inflammatory effects are necessary, 

then cyclooxygenase-2 (COX-2) inhibitor therapy may be safer.  

 

The dispensing node could have been involved in the process failure if the pharmacist knew 

or should have known that the patient was prescribed and using prescription NSAIDS and 

Warfarin concomitantly.  Nevertheless, the problem would have been originated at the 

prescribing node; the error was reinforced at the dispensing node.  Note: this example is 

using prescription NSAIDs, if OTC NSAIDs were included then the dispensing node would 

clearly be involved in the initiation of this problem. 

 

The administration node is involved to the degree that you would expect a patient to be aware 

of the medications they are taking and potential interactions and contraindications.  
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Nevertheless, patients can not initiate prescription therapy nor are they capable of 

monitoring their INR levels and for this reason the administration node can not be where the 

problem originated. 

 

It also appears the problem could have originated at the monitoring node. If NSAIDS were 

considered necessary, then INRs should be monitored every week when NSAIDS and warfarin 

are co-administered.   Signs and symptoms of an active bleed should have been monitored 

and if present appropriate actions should have been taken.   

 

Comments:  Even though this problem could have originated in the prescribing and 

monitoring nodes of the medication use system, I placed more weight on the prescribing node 

because NSAIDs should generally be avoided in patients taking warfarin. 

 

Process Node Identification Survey 
 
Please assign points from 0 to 10 (0 highly unlikely and 10 highly likely) across the 

nodes of the medication use system.  The points you allocate will represent the strength 

of your belief about where the process failure originated.   

1. This outcome has occurred after the pattern of care below: 
 ER visit/hospitalization due to congestive heart failure and/or fluid overload 

 
 This is the pattern of care: 

1. History/diagnosis of high blood pressure (over 140/90) and/or congestive heart 
failure 

2. Use of prescription NSAID for at least 3 months 
 

Node P D A M 

Assigned Points     
 

Decision Logic: 

Comments:   
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2. This outcome has occurred after the pattern of care below: 
ER visit/hospitalization due to congestive heart failure 
 

 This is the pattern of care: 
1. Diagnosis/history of congestive heart failure 
2. Not on an ACE inhibitor (e.g., captopril, enalapril, etc.) 

 
Node P D A M 

Assigned Points     
 

Decision Logic: 

Comments:    

3. This outcome has occurred after the pattern of care below: 
ER visit/hospitalization due to congestive heart failure and/or heart block 
 

 This is the pattern of care: 
1. History/diagnosis of congestive heart failure with heart block or advanced 

bradycardia 
2. Use of digoxin 
 

Node P D A M 

Assigned Points     
 

Decision Logic: 

Comments:   

4.  This outcome has occurred after the pattern of care below: 
ER visit/hospitalization for Gastritis and/or upper GI bleed and/or upper GI perforation 
and/or GI ulcers and anemia 
 

This is the pattern of care: 
1. History/diagnosis of ulcers and/or GI bleeding 
2. Use of prescription NSAIDs for at least 1 month 

 

Node P D A M 

Assigned Points     

Decision Logic: 

Comments:   

5. This outcome has occurred after the pattern of care below: 
ER visit/hospitalization for hypokalemia 
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 This is the pattern of care: 
1. Use of a non potassium-sparing diuretic (e.g., hydrochlorothiazide, etc.) 
2. No concurrent use of potassium supplement 
3. Electrolytes not checked at least every 2 months initially, then every 6 months 

 

Node P D A M 

Assigned Points     

Decision Logic: 

Comments:   

6. This outcome has occurred after the pattern of care below: 
ER visit/hospitalization due to seizure activity 
 

This is the pattern of care: 
1. Use of anticonvulsant requiring drug level monitoring (e.g., phenytoin, 

carbamazepine, valproic acid) 
2. Drug level not done upon initiation of therapy and at least every 6 months 

thereafter 
 

Node P D A M 

Assigned Points     

Decision Logic: 

Comments:   

7. This outcome has occurred after the pattern of care below: 
ER visit/hospitalization due to gastritis and/or upper GI bleed and/or upper GI 
perforation and/or GI ulcers and anemia 
 

 This is the pattern of care: 
1. History/diagnosis of ulcers and/or GI bleeding 
2. Use of prescription NSAID for at least 1 month 

 
Node P D A M 

Assigned Points     

Decision Logic: 

Comments:   

8. This outcome has occurred after the pattern of care below: 
ER visit/hospitalization for Lithium toxicity 
 

This is the pattern of care: 
1. Use of lithium 
2. Lithium level not done monthly until stable, then every 3 months 
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Node P D A M 

Assigned Points     

Decision Logic: 

Comments:   

9. This outcome has occurred after the pattern of care below: 
ER Visit/ hospitalization due to tachycardia 
 

This is the pattern of care: 
1. History of hypertension 
2. Use of sympathomimetic decongestants 

 

Node P D A M 

Assigned Points     

Decision Logic: 

Comments:  Assuming OTC 

10. This outcome has occurred after the pattern of care below: 
ER visit/hospitalization due to hyperkalemia 
 

This is the pattern of care: 
1. Use of ACE inhibitor 
2. Electrolytes/CBC not done at least every 6 months 

 

Node P D A M 

Assigned Points     

Decision Logic: 

Comments:   

11. This outcome has occurred after the pattern of care below: 
ER visit/hospitalization for acute renal failure and/or renal insufficiency 
 

This is the pattern of care: 
1. Use of allopurinol 
2. BUN/serum creatinine not done at least every 6 months 

 

Node P D A M 

Assigned Points     

Decision Logic: 

Comments:   
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12. This outcome has occurred after the pattern of care below: 
ER visit/hospitalization due to major and/or minor hemorrhagic event 
 

This is the pattern of care: 
1. Use of warfarin 
2. INR not done before therapy starts and at least every month thereafter 

 

Node P D A M 

Assigned Points     

Decision Logic: 

Comments:   

13. This outcome has occurred after the pattern of care below: 
ER visit/hospitalization due to asthma 
 

 This is the pattern of care: 
1. Diagnosis of moderate to severe asthma 
2. Use of a bronchodilator 
3. No use of maintenance corticosteroid (e.g., beclomethasone, etc.)  

 

Node P D A M 

Assigned Points     
 

Decision Logic: 

Comments:   

14. This outcome has occurred after the pattern of care below: 
ER visit/hospitalization due to a major/minor hemorrhagic event 
 

This is the pattern of care: 
1. Warfarin use 
2. Antibiotic use (e.g., Bactrim, etc.) 
3. PT not done within 5 days 

 
 

Node P D A M 

Assigned Points     

Decision Logic: 

Comments:  Not enough info in example.  

15. This outcome has occurred after the pattern of care below: 
ER visit/hospitalization due to acute renal failure and/or renal insufficiency 
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 This is the pattern of care: 
1. Use of an ACE inhibitor  
2. BUN/serum creatinine not done at initiation of therapy and at least every 3-6    
 months thereafter 

 

Node P D A M 

Assigned Points     

Decision Logic: 

Comments:   

 

Demographic information 

 

Name __________  Title_  

Degrees__ ______ Age ____ Gender_______ 

Are you a licensed clinician?_ (Are you a practicing clinician?_ ___ 

What is your medical specialty?_____________________________________ 

Do you practice in an academic medical center?___________________ 

Are you involved in research on medication errs, patient safety, pharmacovigilance, etc..? 

___________ 

Do you believe medication errors and adverse drug events are a serious public health 

issue? _________ 

What do you believe the incidence of pADEs is in ambulatory care? 

You have finished.   Please return survey to Brian Sauer,at sauer@cop3.health.ufl.edu 

 

Thank you. 
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Appendix to Survey 

 

The PDRM scenarios have been content validated by two separate Delphi panels of 

Geriatric Medicine experts, meaning the expert panel reached consensus that these 

scenarios represented situations in care that would be considered pADE.  The following 

definitions were used for the validation process: 

1) Preventable adverse drug event was defined as a significant clinical outcome in 

which drug therapy has not produced a reasonable intended result by (a) 

producing a noxious, unintended and undesired drug effect, (b) by failing to 

produce the intended effect within a reasonable time or (c) by omitting a 

necessary therapy. 

2) Drug therapy problem was defined as a situation in care that is inconsistent with 

the treatment objectives. 

3) Preventability: Four criteria were used to define the characteristics of preventable 

adverse drug event.  The drug therapy problem had to be recognizable and the 

likelihood of adverse drug event must have been foreseeable.  In addition, the 

proximate cause(s) or medication error must be identifiable, and those causes 

must be controllable. 

 

 

 



 

APPENDIX I 
MEDICATION USE PERFORMANCE INDICATOR EVALUATION TEAM 

BRIEFING 

Thank you for agreeing to participate on the Medication Use Performance Indicator 

(MU-PI) Evaluation Team.  The quality of medication use is an important issue for the 

providers, and members of the Central Florida Health Care Coalition.  The goal of our 

meeting on May 4th is to discuss the results of our MU-PI study with the intent to 

discover underlying system factors that may contribute to the process failures and 

morbidity.   

We will formally evaluate the following MU-PIs during our meeting.  

Pattern of Care (process)     Outcome that occurred 
Diagnosis asthma  

1. Use of a bronchodilator (persistence) 
2. No use of maintenance therapy (e.g., 

corticosteroid, leukotrienes, etc.)  

ER visit/hospitalization due to 
asthma 

Use of warfarin 
3. INR not done at least every month 

ER visit/hospitalization due to major 
and/or minor hemorrhagic event 

 
 

We will evaluate the two MU-PIs separately, and you will be asked to do the following: 

1. Brainstorm possible system related issues that may have contributed to the 

prevalence of each pattern of care and outcome listed above.   

2. Clarify and organize the proposed system causes.  

3. Prioritize the proposed system cause and use top 5 to 10 for tree-diagramming. 

4. Identify relationships among the proposed causes in relation to the different levels 

of the health care system through tree diagramming (described pages 3-5).  
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5. Establish commonality with other MU_PIs.  

 

After reading through the background section below please prepare for the May 4th meeting 

by thinking about the system factors that might explain: 

A) the number of asthmatics not using maintenance therapy 

B) the number of people using warfarin who appear to be missing monthly INRs.   

 

Background 

The MU-PI study used forty medication use indicators to screen the coalition’s 

claims data for patterns of care that are inconsistent with guidelines and associated 

adverse outcomes.  The 40 MU-PIs used in this study were based on published evidence 

and content validated by two separate Delphi panels of medical doctors.  Population 

demographic and summary statistics for the 40 MU-PI are provided below. 

Table 1. Population Age Distributions 
 

mean age(SD)

Age Freq[%]
<15 6,622  [19.07] 1,084 [18.51] 1,263 [17.61] 4,956 [14.3]
15 - 45 16,519  [47.58] 2,143 [36.6] 3,399 [47.39] 16,461 [47.48]
45 - 65 10,743  [30.94] 2,144 [36.62] 2,270 [31.65] 11,421 [32.94]
65<= 835  [2.41] 484 [8.27] 240 [3.35] 1830 [5.28]

Gender
Female 22,861  [65.85] 3243 [71.84] 4,659 [64.96] 23,499 [67.78]
Male 11,858  [34.15] 1271 [28.16] 2,513 [35.04] 11,169 [32.22]

Missing 0 0 0 0

All Claims Hospital  
Admissions ED visits Pharmacy 

Claims

33.97 (18.23) 34.48 (22.12) 34.71 (18.54) 37.03 (18.34)
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Table 2.  Process and PDRM Positives 
#  Members 

Positive
# of 

Positives Percent

Process 6,129 11,490 16.54
PDRM_ED 41 46
PDRM_HA 26 41
PDRM_ED_HA 18 19
Total_ PDRM 83 106 0.23  

There were 11,490 process positives in 6,129 members.  Table 2 also shows the 

results for those who screened positive for both the process and the outcome.  The term 

preventable drug related morbidity (PDRM) is used to describe those who screen positive 

for both the process and the outcome.  There were 106 PDRM positives in 83 members.  

46 led to emergency department visit (ED), 41 led to a hospital admission (HA) and 19 

went from the ED to the HA.   

Table 4. lists the MU-PIs that will be included in the evaluation.  For a complete 

list of the 40 MU-PI used in this study and individual indicator results please call or e-

mail Brian Sauer (352) 273-6296 sauer@cop3.health.ufl.edu and I will e-mail them to 

you.   

Table 4.  Indicators for Evaluation 
Ind Mnemonic Hx Drug_A Drug_B Risk Process P_HA P_ED PDRM
1 Asthma--Bron-NoMaint»Asthma 2153 3704 3878 496 6 26 29
2 Hx/CHF-NoACE-I»CHF 645 4059 398 10 5 12
3 War-INR(1)»Hemr 343 304 3 6 9
29 ACEI-BUN(6) » ARF 4059 2409 2371 3 2 5  

 
1. The Mnemonic is an abbreviated version of the MU-PI scenario listed below 

2. Hx =  the number of members who had an ICD-9 code for the particular history  of 

disease or diagnosis of interest 

3. Drug A and Drug B = the number of members who had a prescription claim for the drug 

of interest. 
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4. Risk = the number of members who met the criteria for analysis.  For example; if the 

process component includes a drug and monitoring interval of 6 months, then the 

members at risk would be those who were using the medication of interest for at least 6 

months.   

5. Process = the number of members who had the pattern of care represented in the MU-PI  

6. PDRM = the number of members who had both the process component and the adverse 

outcome within the specified time frame. 

 
Ind Process of Care Outcome 

1 

Diagnosis of moderate to severe asthma 
Use of a bronchodilator 
No use of maintenance therapy (e.g., 
corticosteroid, leukotrienes, etc.)  

ER visit/hospitalization due to asthma 

2 Diagnosis/history of congestive heart failure 
AND Not on an ACE inhibitor or ARB  

ER visit/hospitalization due to congestive 
heart failure 

3 Use of warfarin AND INR not done at least 
every month 

ER visit/hospitalization due to major and/or 
minor hemorrhagic event 

4 Use of ACE –inhibitor and BUN/serum 
creatinine done every 6 months ER visit/hospitalization due acute renal failure

 
Levels of Health Care System 

Berwick (2002), published a users manual for the IOM report, “Crossing the Quality 

Chasm.”  The purpose was to provide a conceptual framework for better understanding and 

evaluation the affect of health care systems on patient care.  In it he addresses the issue of 

embedded systems by presenting a framework for the different levels within health care.  He 

separates the system into the following:  the experience of the patients and communities (Level 

A), the functioning of small units of care delivery called microsystems (Level B), the functioning 

of organizations that house or otherwise support microsystems (Level C) and the environment of 

policy, payment, regulation, accreditation and other factors (Level D).  We will use this 
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framework to organize the proposed caused from the brainstorming step and to explicitly describe 

how the relationships among the system levels affect the quality of medication use. 

Figure 1.  Levels of Health Care System 
 

 
The Patient Level (Level A) represents the patients’ experience and perception of 

the care they received.  It also represents the patients’ active participation in their health 

and health care. 

The Medication Use System (MUS) includes recognition of drug therapy 

indication, prescribing, dispensing, administering, and patient monitoring.  The MUS 

spans multiple professions and microsystems, which include, but are not limited to, 

physician offices, pharmacy, and laboratory. 
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The Microsystems (Level B) are the small productive units that actually give the 

care that the patient experiences.  Clinical microsystems are basically the “small 

organized groups of providers and staff caring for a defined population of patients.   

The Health Care Organizations (Level C) house and support microsystems -- they 

provide the necessary resources for the microsystems to deliver care.  Common 

organizations include hospitals, large provider groups, nursing homes, and pharmacy 

benefit managers, all of which are typically embedded within some form of managed care 

organizations.   

The Health Care Environment (Level D) includes multiple entities that influence 

the activities of the organizations and microsystems. Important environmental systems 

include financing, regulation, accreditation, policy, litigation, professional education and 

social policy 
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MU-PI RESULTS 
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• See Appendix D to link indicator numbers to the indicator scenarios 

Indicator Mnemonic Hx Drug_A Drug_B Risk Process P_HA P_ED PDRM Delphi
1 Dep«Hx/Dep-Benzo 1,898 2,689 321 7 5 9
2 TheoTox«Theo-DrugLvl(6) 191 79 75 0 0 0
3 P«Hx/BP-Li-DrugLvl(3) 97 65 9 9 0 0 0
4 r«hep-NoLab 7 7 7 0 0 0
5 I«Hx/GI-NSAID 2,526 5,899 316 0 0 0 4
6 ep«Hx/Dep-Barb 1,898 662 51 0 0 0
7 ep«Hx/Dep-Symp 1,898 2,971 136 2 1 3
8 eiz«Antconv-DrugLvl(6) 377 159 143 1 1 2 6
9 iTox«Li-DrugLvl(3) 65 23 21 0 0 0 8
10 mr«War/NSAID-INR 343 7,283 192 34 0 0 0
11 poth«Li-TSH(6) 65 18 16 0 0 0
12 s«Tic-CBCP(2) 7 4 1 0 0 0
13 Hx/bladderAtony-Imip 105 97 0 0 0 0
14 l«COPD-Benzo 641 2,689 102 3 1 3
15 Hx/BPH-Antic 678 1,811 28 0 0 0
16 /HBP-NSAID 6,001 7,283 1,427 0 3 3 1
17 ypoK«Kwd-NoK-Elctro(2) 1,810 837 814 643 0 1 0 5
18 iconvTox«Anticonv-DrugLvl(6) 377 159 145 0 0 0
19 poth«Thy-T4TSH(12) 2,615 1,510 915 1 4 5
20 glyTox«Amgly-SCr-DrugLvl*(7dys) 41 41 39 0 0 0
21 PD«Hx/COPD-BB 560 2,832 71 0 0 0
22 N«Hx/HTN-Decon 6,036 0 0 0 0 0 9
23 prK«ACEI-ElctroCBC(6) 4,059 2,409 2,209 0 2 2 10
24 s«Cbz-ElctroCBC(6) 103 40 33 0 0 0
25 «Li-BUN(3) 65 23 21 0 0 0
26 gTox«Dif-BUN/DrugLvl**(6) 309 309 136 0 0 0
27 I«Hx/GI-Ocort 2,526 4,075 272 0 1 1
28 F«Hx/CHF_HB-Dig 645 309 79 11 6 12 3
29 «ACEI-BUN(6) 4,059 2,409 2,282 3 2 5 15
30 mr«War-INR(1) 343 256 3 6 9 12
31 --ASA-BB** 181 2,668 89 5 1 5
32 r«War-Antibiot-NoLab(5dys) 343 9,785 32 0 0 0 14
33 «Allop-BUN/Scr(6) 211 120 108 1 1 2 11
34 «Hx/Depress-BB 1,898 1,075 36 0 0 0
35 all«AlphaBlkr-NoBP(2) 490 355 304 0 0 0
36 all«longactingBenzo 2,689 179 1 1 1
37 /CHF-NoACEI 645 4,059 398 10 5 12 2
38 /CHF-antiarrhythmic 645 81 18 2 1 2
39 thma«Hx-Bron-NoSteroid 2,153 3,704 3,878 190 6 26 26 13
40 all«Triclyantidep 836 51 1 1 1

11,193 57 69 103

• The Mnemonic is an abbreviated version of the MU-PI scenario 
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• Hx =  the number of members who had an ICD-9 code for the particular history  of disease or 
diagnosis of interest 

• Drug A and Drug B = the number of members who had a prescription claim for the drugs of 
interest. 

• Risk = the number of members who met the criteria for analysis.  For example; if the process 
component includes a drug and six month monitoring interval, then the members at risk 
would be those who were using the medication of interest for at least six months.   

• Process = the number of members who had the pattern of care represented in the MU-PI 
• PDRM = the number of members who had both the process component and the outcome 

component of the MU-PI within the specified time frame. 
• Fifteen indicators were sent to a Delphi process for node identification, they were numbered 

consecutively from one to fifteen.  This column provides a cross reference to the MU-PI 
number 

 
 

 

 



 

APPENDIX K 
SURVEDY TO ESTABLISH COMMONALITY AND UNIQUENESS OF CAUSE 

SEQUENCES FROM TREE DIAGRAMS 

 
Survey to determine if the relationships identified among the system levels from the 

warfarin indicator are also contributing factors to other indicators. 

1  Use of an ACE inhibitor AND BUN/serum 
creatinine not done at least every 6 months

ER visit/hospitalization due to acute renal failure and/or 
renal insufficiency

Diagnosis asthma 
1.       Use of a bronchodilator 
2.       No use of maintenance therapy (e.g., 
corticosteroid, leukotrienes, etc.)

2 ER visit/hospitalization due to asthma

 
 

Branch 1. (Ind 1)    Yes________  No________ 
Branch 1. (Ind 2)    Yes________  No________ 
 
Branch Max (Ind 1)    Yes________  No________ 
Branch Max. (Ind 2)   Yes________  No________ 
 
Survey to determine if the relationships identified among the system levels from the 

Asthma indicator are also contributing factors to other indicators. 
 

2 Use of warfarin AND INR not done at least every 
month

ER visit/hospitalization due to major and/or minor 
hemorrhagic event

1 ER visit/hospitalization due to congestive heart failure Diagnosis/history of congestive heart failure 
AND Not on an ACE inhibitor or ARB

 
 

Branch 1. (Ind 1)    Yes________  No________ 
Branch 1. (Ind 2)    Yes________  No________ 
 
Branch Max (Ind 1)    Yes________  No________ 
Branch Max. (Ind 2)   Yes________  No________ 
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APPENDIX L 
NODE IDENTIFICATION BOX PLOTS  

 
 
 
 
 
 
 
 
 
 

 

 
Each point indicates minimum, 25, 50 (median), 75, percentile and maximum.  The Red Plus is the mean. 

mean 
 

 
                          median        

                                                                    25 percentile                                                   75 percentile            
                                                    min                                                                                                max 

 

+

 
 
 
 
 
 
 
 

Indicator 1 (16) Indicator 2 (37) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Indicator 5 (17) 

Indicator 4 (5) Indicator 3 (28) 
Indicator 6 (8) 
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Indicator 9 (22)  
 
 
 
 
 
 
 

Indicator 8 (9) 

 
 
 
 
 
 
 
 
 

2nd round 
Indicator 9 (22) 

Indicator 10 (23) 

 
 
 
 
 
 
 
 
 

Indicator 11 (33) Indicator 12 (30) 

 
 

Indicator 13 (39)  
 
 
 
 
 
 

2nd round 
Indicator 12 (30)  

 
 
 
 
 
 
 
 
 

Indicator 14 (42) 2nd round 
Indicator 14 (42)  
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Indicator 15 (29) 
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