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Abstract
Background: Modeling medical decision-making has attracted considerable attention over the years, and has become the
topic of many investigations. Researchers have attempted to model this critical and extremely complex process from
several different angles to enable hospital clinicians to engage in decision-making using empirical tools.
Purpose: This paper takes a famous managerial model of decision-making in a non-medical setting and integrates it with
a well- known model of medical decision-making to generate a unified illustration of the process. Both models deal with
decision-making. However, Simon’s model is less easily applied to the unique process of medical decision making. The
proposed integration may help bridge the gap between the models and approaches by creating a unified framework to deal
with the challenge of medical decision making in hospital environments through empirical methods.
Approach: Simon’s model of automation provides the general structure of the decision-making process by dividing it into
three stages: Intelligence, Design and Choice. The Pauker & Kassirer model deals with probabilistic and statistical
applications of clinical processes, and introduces a threshold approach and decision trees as the main decision tools. The
discussion explores the advantages and disadvantages of each model and what can be gained by combining them.
Research limitations: Although these models were used to form an integrated framework, they were developed almost
three decades apart. Therefore, caution is of the essence when applying them to real-life circumstances, and further
research is needed to validate this integration.
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1 Introduction
Overview of the problem
The process of medical decision-making has a number of unique characteristics, which make it worth studying and
modeling. It is often carried out in a challenging setting of tight time constraints and high levels of pressure and cognitive
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load, especially in emergency departments in hospitals [1]. Furthermore, there are great risks involved, so that maximizing
decision efficiency and accuracy is vital. This is exacerbated by the fact that modeling medical decision making is
immensely complex, as it takes multiple variables and potential influencers into account. Medical decision-making usually
takes place in the context of a healthcare institution or organization. There are several theoretical and mathematical models
that can be applied to the process of clinical decision-making. These models analyze alternatives and infer the probabilistic
likelihood and risks faced by the decision-maker. Szolovits and Pauker [2] developed an expert model of categorical and
probabilistic reasoning. There have been several more recent attempts to develop knowledge-based diagnostic assistive
tools [3-6].
Pauker and Kassirer [7] followed by Pauker and Kassirer [8] as well as Simon [9] put forward relatively comprehensive yet
parsimonious models. Pauker and Kassirer’s model narrowed down the decision-maker’s alternatives in terms of testing
and treating when facing a diagnostic dilemma, while conceptualizing the risks and benefits in statistical, computational
terms. Simon’s model broke down a managerial decision into three structural stages: Intelligence, Design and Choice.
The objective of this paper is to present these two models and then integrate them to provide a unified illustration of the
clinical decision-making process. The combination of these models can assist medical decision-making processes by
providing decision-makers with an empirical, theoretically-driven conceptualization of the key components of these
processes and their interrelations.
We first introduce Simon’s [9] model, and present a general portrayal of its principles and fundamentals. We then discuss
its applications to the field of medical decision-making and compare it to Pauker & Kassirer’s [7, 8] models before
presenting the combined model of a decision-making process that relies on empirical, probabilistic tools. The complexities
of implementing the model using decision trees and sensitivity analysis are discussed, followed by a general summary and
conclusions.

2 Simon’s model (IDC model)
Simon’s [9] model was designed to characterize the impact of automation technology on facets of manpower and
management. The model was developed in the context of growing concerns regarding the replacement of human workers
by automatons which could make human labor redundant. Simon refuted these claims by showing how similar trends, for
instance the replacement of horse-drawn machines by mechanical equipment, was actually a rational decision rather than a
forced change in reality. However, Simon believed that the introduction of new technological modes of production could
have a considerable, less predictable impact on labor since automation was likely to alter the stages of managerial decision
making. According to Simon’s [9] model, the manager - as a decision-maker - faces a choice in all aspects of managerial
work. The model treats decision-making as synonymous to managing, but refers to it not merely as a choice among
alternatives, but as a broader three-staged process. The stages form the acronym IDC - Intelligence, Design, Choice. The
Intelligence stage is the initial locating of decision opportunities in which an alternative has to be chosen. The second
stage - the design stage - is comprised of formulating possible courses of action for handling situations targeted during the
intelligence stage. The third stage, in which one of the paths generated during the design stage is selected, is called the
choice stage. Since its publication, Simon’s [9] model has been applied in numerous organizational and personal
decision-making and policy-making studies [10, 11].
There are several limitations when trying to apply this model in healthcare settings. First of all, it was primarily formulated
to describe decision-making processes at the organizational level and not as a single physician-patient clinical
decision-making process. Second, it cannot describe a shared decision-making process (between the patient and the
physician), despite the fact that today the Health 2.0 revolution is increasingly characterized by shared medical
decision-making processes.
Published by Sciedu Press
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3 Pauker & Kassirer’s models for medical decision analysis
Pauker & Kassirer [7] presented a model of medical decision-making that uses decision trees and sensitivity analyses to
generate a more informed and accurate decision-making process. The model views medical decision-making as a process
that involves a considerable amount of uncertainty and complexity, and thus employs a series of probabilities and
thresholds to make it a more organized and fixed procedure.
This model is an application of an earlier one [12] in which the authors developed a formula they called the therapeutic
threshold which indicated the probability that disease would constitute the point of indifference between two clinical
strategies. In problems that can be reduced to two choices, for instance either administering medical care or withholding a
specific treatment for a specific disease, this threshold can be used as a solution. The optimal choices are to withhold
treatment when the estimated probability of disease is below the therapeutic threshold, or to administer treatment when the
probability is above this threshold. The therapeutic threshold is calculated from data describing the benefits and risks of
the specific treatment. In their later model [7] the authors extended the threshold concept to problems that can be reduced to
three choices: withhold treatment, treat without testing, or perform a test that determines the subsequent approach using
two threshold probabilities (“test-threshold” and “test-treatment threshold”).
The model itself is presented in further detail here in section 4 as it relates to the implementation of the IDC model in
healthcare.
There might be several limitations when attempting to apply this model in healthcare settings. First, no economic
considerations are built into this model such as the utility value of each strategies, and no health-economic issues are raised
or discussed. Second, the model does not take the costs of medical tests and the medical treatments into account. Similarly,
it does not deal with the availability of resources/equipment needed to conduct the medical tests or treatments. Thus, the
model, although contributing much to clinical decision-making, does not provide an optimal solution to the medical
dilemma as a whole.
Hence, given the advantages and scope each of these models as regards the healthcare setting, combining them could lead
to a more comprehensive, easily implementable model of decision making.

4 Implementing Simon’s model (IDC model) and the
Pauker-Kassirer model in the healthcare domain
This section presents the implementation of Simon’s Model (IDC Model) in the healthcare domain. The general flow chart
of the model can be seen in this graph. The three stages of the IDC models are illustrated in this graph along with their
major components (see Figure 1).

Figure 1. A general flowchart of Simon’s model (adapted from Simon [9])
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4.1 The intelligence stage
Of the three stages, the intelligence stage is the most elaborate and time-consuming. In the medical domain, this stage
includes obtaining data regarding the patient’s current complaint, the history of the problem, past medical history and the
current state of the problem (e.g. previous hospitalizations, surgeries, permanent medications, lab results, drug sensitivity,
etc.). For a physician examining the patient at a hospital, there are several possible sources of information pertaining to
this stage. The immediate source is - naturally - the patient’s complaints. Other sources include the collection and
interpretation of basic physical measures (blood pressure, heart rate, blood sugar levels, etc.), data from electronic medical
information systems in the institute or the referring organization [13, 14], history taking interviews conducted by medical
staff members [15] and updates from other physicians or institutes that have dealt with the patient. While this stage does not
involve the physician’s judgment regarding preferable choices or courses of action, it is the foundation for the stages to
come. Information gathered during the intelligence stage is still in a descriptive, factual form and thus focuses on
symptoms and complaints and not on defining the problem or embarking on complex diagnostic procedures.

4.2 The design stage
The design stage involves searching and evaluating treatment and testing options. At this stage the physician has three
possible alternatives available: testing to gather more information, treating the patient without testing, and finally
providing no treatment. Pauker & Kassirer [8] addressed this sort of choice in their model from a probabilistic point of
view. Each alternative has certain probabilities of risks and/or advantages. For instance, subjecting a patient to an imaging
test provides more information and allows for more informed decision-making, but imaging techniques may expose the
patient to unhealthy levels of radiation. According to information gathered during the intelligence stage, the physician
needs to compare the probability of a certain diagnosis to the different thresholds: If the probability of the diagnosis is
below the testing threshold, the option of no treatment should be chosen. If the probability of the diagnosis is above the
test-treatment threshold, suitable treatment for that diagnosis should be administered.
Finally, if the probability falls between the testing threshold and the test-treatment threshold, more tests should be
performed, and the process should be repeated once test results are obtained. Applying Simon’s [9] model to the clinical
decision-making process enables a rational and quantifiable strategy of choice in performing medical tests. The thresholds
used in this process might be calculated as follows:
Testing threshold, as delineated in the original model [7]:
Tt 

( Ppos / nd  Rrx )  Rt

Formula 1

( Ppos / nd  Rrx )  ( Ppos / d  Brx )

Test-Treatment threshold [7]:
Ttrx 

( Pneg / nd  R rx )  R t

Formula 2

( Pneg / nd  R rx )  ( Pneg / d  B rx )

Terms [7]:
P pos/nd - The probability of an incorrect positive test result (type one error).
P pos/d - The probability of a correct positive test result.
P neg/nd - The probability of a correct negative test result.
P neg/d - The probability of an incorrect negative test result (type two error).
B rx - The benefit of treatment to a patient with the diagnosis.
R rx - The risk of treating a patient without the diagnosis.
R t - The risk of performing the test.
Published by Sciedu Press
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Each alternative is then evaluated according to its applicability to a specific patient, and the decision-maker also considers
the predicted outcomes of each alternative. Once the thresholds are calculated, the data gathered in the intelligence stage
are processed into a decision tree with three types of nodes describing choices, chances and outcomes. In addition to
enabling the calculation of the likelihood of each outcome, using the tree also yields a numerical expression of each
outcome’s relative worth on a specific scale. The expectancy of the general worth is calculated as a weighed mean of all
possible outcomes, where the weight is the probability of each outcome. For example, a decision-maker faces two
alternatives: conservative versus surgical treatment. The first alternative leads to a 10% probability of death (worth 0), a
30% probability of survival with a disabling condition (worth 0.7) and a 75% probability of survival in good health
(worth 1). The second alternative leads to a 15% probability of death (worth 0), a 10% probability of survival with a
disabling condition (worth 0.7) and an 85% probability of survival in good health (worth 1).
The general expected utility of the first alternative is 0.96, while that of the second alternative is 0.92. Thus, according to
Expected Utility theory (which assumes that the decision-maker makes rational decisions), the first alternative would
represent a preferable choice. In the case of a different decision maker who views a disabling condition as worth 0.4, for
instance, the second alternative would be better.
The main advantage of this method is that it enables the decision-maker to alter the data of part of the tree’s (sub-trees)
worth and probability depending on the diagnosis and the specific characteristics of the patient. While diagnoses and tests
change across cases, the structure of the decision tree remains more constant. For instance, as Pauker & Kassirer [8]
showed, the likelihood of discovering a cancerous diagnosis in an X-ray of a benign lesion is lower than the likelihood of
discovery in a palpable lesion. In addition, the likelihood of reoccurrence of cancer when the patient complains of a small
lump is ten times higher than the likelihood of cancer being identified in a general X-ray. These are also examples of how
the structure of the decision process remains the same whereas the probabilities and worth of the outcomes change.
One of the method’s most significant advantages is that by viewing a decision tree, physicians can make decisions in a
more empirical way, even when under severe time constraints (e.g. when a certain treatment requires a relatively slow
testing procedure, and the physician is unsure of how much time the patient can remain stable without deteriorating, a
decision tree may assist the physician in generating a clinical strategy while waiting for the test results). It is important to
keep in mind that this method should not be applied strictly, and should be used as an assistive tool. Strict application of
Expected Utility theory may lead to results that may seem implausible, thus resulting in further demands on physician
resources [16].

4.3 The choice stage
The choice stage introduces the chosen alternative, and the application of sensitivity analyses. Real-world events rarely
involve such narrowly-focused changes, since they do not give a complete picture and leave the decision-maker at a
considerable level of uncertainty [17]. This is why a sensitivity analysis on the results may make sense [18]. In a sensitivity
analysis, the decision-maker changes one (or more) of the values assigned to the components of the decision tree to
determine whether the optimal decision will change. A sensitivity analysis, also known as a “what if” analysis, formulates
questions such as “What if the probability of the disease is greater?”, “What if the test is less likely to be accurate?”, etc. In
its simplest form a sensitivity analysis changes only one variable, while other variables remain constant.
A one-way sensitivity analysis is illustrated below on the decision to perform an MRI test for suspected cancer or to
administer chemotherapy first (before or without testing the patient). It is presented in the following graph (see Figure 2).
The intersection point between these two strategies can provide information on the preferred choice. For instance, if the
likelihood of discovering a cancer in a specific MRI test is above the intersection point (above 22.5 percent), the MRI test
should be performed before providing any treatment, or administer chemotherapy first. It is understood that there could be
more clinical strategies, which cannot necessarily be modeled as linear.
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Figure 2. Illustration of a one-way sensitivity analysis

In most cases the decision-maker will choose to conduct a more complex sensitivity analysis that models the consequences
of several changes and can create a more valid emulation of medical reality [19-21]. Because sensitivity analyses that strive
to thoroughly model real process are extremely time-consuming, several technological aids have been developed to
automate this procedure. These include applications of electronic worksheets (such as Microsoft Excel) or shelf products
designed specifically for this purpose (e.g. “Expert Choice- Decision Trees” and “Treeage pro”).
The choice stage may strike the reader as the simplest of them all, but Neyman and Zviran
reasons, it is quite complex:

[21]

showed why for several

Multiple Preferences - This concerns a potential contradiction between two alternatives; i.e., the proposed treatment versus
the patient's preference. This issue cannot be dealt with mathematically and requires efforts outside the framework of the
model, such as dialoguing with the patient to reach an agreement regarding the available options, or presenting the patient
with alternatives along with the risks and benefits (i.e. a life expectancy of eight years with a normal voice versus a life
expectancy of ten years with speech impairments). In addition, the patient can be presented - through a Markovian process
- a combined model of possibilities and the probabilities of their occurrence in terms of years of life, thus providing the
patient with the number of quality-adjusted life years (QALY) for each alternative [22].
Uncertainty - Medical problems may go beyond the determinism that characterizes probabilistic modeling, and the
physician often has to use subjective judgment of risk-probability, thus increasing the uncertainty of the final decision.
Conflicting interests - This point does not concern the issue of thresholds directly. Rather, it is a common situation where
the decision made by the physician may be subject to conflicting interests that can be financial, medical or related to the
hospital's policies.
Control - Before making the final decision, there must be verification that it is controllable, and that all possible
alternatives have been weighed and thought of, should the chosen alternative fail.
Multiple decision makers - The entire process becomes even more complex when several opinions and perspectives are
taken into account, in particular, when a group of physicians try to reach a joint decision. While patients are often advised
to consult several physicians from different fields of expertise for a second opinion, it may also be wise to entrust the final
decision to the main care- giving physician, who will weight all the different alternatives.

Published by Sciedu Press
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5 Implementing Simon’s model using decision trees
The use of decision trees has some inherent flaws, one of which has to do with assigning worth values to different medical
outcomes. This is problematic due to the lack of an objective evaluation of the outcome. Assigning worth to an outcome
has mathematical benefits when modeling a decision-making process, but it rarely translates into real outcomes in terms of
worth and advantages for the patient. The literature provides several explanations for this failure.
Life expectancy - The vast majority of cases in the literature depict the average patient, and not the specific patient the
physician is dealing with when turning to a decision tree model. Therefore, the physician must add her/his own subjective
estimation of the patient’s chances of survival and life expectancy, which, in fact, turns a supposedly rational and empirical
process into one that is subject to personal interpretation and beliefs. According to Beck et al. [23] the approximation of life
expectancy is a negative exponential function which in itself has several prediction structures. This makes the picture even
more complex for a physician attempting to apply a decision tree model.
Quality of Life - The decision maker is indeed the physician, but she/he must collaborate with the patient in this process.
The physician’s knowledge and clinical experience must meet the patient's expectations and adjust for the implications of
the medical outcome on the individual and the family. Therefore, this must be made into an easy-to-understand process for
the patient, and her/his views must be taken into account, thus compromising the “empirical” nature of the process. One
way to make the process accessible to the patient is to present her/his with the possible scenarios and ask her to rank
them according to her preferences. Another way is to present her with the predicted length of the scenario as a way to
demonstrate this trade-off [24].
The QALY Measure - QALY is a standard measure of quality-of-life and life expectancy. It is a weighted average of both
quality and quantity, and is used to measure the benefits and effectiveness of improvements and developments in the
medical field [25]. QALY can be used to guide decision makers on both the patient level and the ward/hospital policy level.
The developer of this method, Allen Williams, characterized it as taking both factors (quality of life and predicted life
expectancy) into account, while reflecting the values and moral standards of the society which it serves [26]. There is no
consensus regarding the maximal cost of one additional QALY unit, which makes a decision worth adopting. The
cost-effectiveness ratio does allow for a better review and consideration of the course of action in question. For instance, in
the US it is common among policy-makers to view solutions whose cost is less than $50,000 per QALY unit as feasible [27].
Normative Cost-Effectiveness analysis - QALY may be used as a measure in the assessment of the normative value of
information in a hospital whose policy makers are debating the adoption of a new medical treatment or medical
information system. The feasibility of the system is determined by the cost associated with one QALY unit contributed by
the system. Mathematically, this would be ∆Costs/∆QALYs. Practically, such an assessment would involve constructing
decision-trees that reflect the typical routine activities and decision junctions in the specific point of care with the worth of
each outcome. While taking into account the cost of implementing the system and the number of patients treated in that
point of care, the feasibility of a solution can be evaluated.

6 Summary and conclusions
This presentation of a common framework to discuss Simon’s [9] and Pauker & Kassirer’s [7, 8] models sought to highlight
some important approaches in empirical medical decision-making, and illustrate their shortcomings while offering
potential strategies to cope with them. Each model has its shortcomings when used alone: Simon’s model provides a
constructed conceptualization of management-level decision-making in organizations unrelated to the healthcare sector,
but it is less applicable to the individual user (such as a single clinician or any clinical staff), whereas Pauker & Kassirer’s
model may be applied to physicians, but its relevance to policy makers and managerial decision-makers in the healthcare
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sector is less clear although this model can be more structural and divided into stages similar to Simon’s model.
Combining these two models serves to create a common, unified framework for decision-making processes in healthcare
settings.
The hospital sector today is far from able to implement a fully reliable tool that can provide a definitive conclusion as to a
preferred course of action a clinician should take. However, the use of methods such as the ones outlined here, alongside
actual changes in the healthcare system that would enable their use, may make the process more efficient, and allow
clinicians to spend less time and resources on decision making, without undermining their effectiveness. Introducing a
combined model that deals with actual procedures (testing, imaging, treatment) and uses a computational and statistical
perspective weighted against potential outcomes and their probabilities, can enable clinicians and/or managerial
policy-makers to take into account the worth of each alternative when discussing optional courses of action (i.e. the
accuracy of testing versus the potential effectiveness in terms of QALY).
The process of medical decision-making poses some substantial challenges to the science of decision-making. Clinical
training does not necessarily make this process less of an unmarked territory and in hospitals it is often carried out in less
than optimal conditions. Yet, it still calls for efficient, empirical methods to assist clinicians in making informed,
statistically valid decisions.
Although these models were used to form an integrated framework, they were developed by very famous researchers from
different fields of expertise, and almost three decades apart. Therefore, caution is of the essence when applying them to
real-life circumstances, and further research is needed to validate this integration. Future work with the proposed model
should test its applicability. This testing should simulate real-time decision making first, and then move on to actual
decision-making. The issues raised by Neyman & Zviran [21] should be taken into account when testing the model, as
should the issues regarding the use of QALY and related measures. The latter point is of great significance, since one of the
major directions needed to further develop this model for new research or even develop it into a fully functional decision
support tool has to do with the integration of the costs of using various strategies, including their medical tests and
treatments so that their advantages and disadvantages can be better assessed, and the decision made more cost effective.
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