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Abstract

The medical literature abounds with articles which report a misdiagnosis rate ranging from 35% to 67% for a variety of disor-
ders, including pneumonia, and heart disease, low back and neck pain, and headache. Primary care physicians missed 68 out
of 190 diagnoses (35%) according to a 2013 study, with pneumonia and congestive heart failure the most commonly missed.

The two leading causes for misdiagnosis were ordering the wrong diagnostic tests (57%), and faulty history taking (56%).
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Background

Diagnostic errors lead to permanent damage or death
for as many as 160,000 patients each year, according to research-
ers at Johns Hopkins University [1]. Not only are diagnostic
problems more common than other medical mistakes—and
more likely to harm patients—but they’re also the leading cause
of malpractice claims, accounting for 35% of nearly $39 billion in
payouts in the U.S. from 1986 to 2010, measured in 2011 dollars,
according to Johns Hopkins [1].

Misdiagnoses of some diseases range from 71% to 97%
(RSD, electrical injuries, and fibromyalgia) [2-5]. This high rate
of misdiagnosis is costly to insurance companies and other pay-
ers, as well as to employers of chronic pain patients, where 13%
of the workforce lose productive time, estimated to cost industry
$61 billion a year [6] . Furthermore, misdiagnosis creates pro-
tracted treatment and psychological problems for the patients
themselves. Of all the misdiagnosed disorders, the most preva-
lent problem is chronic pain, which, according to the Academy
of Pain Medicine, accounts for 100,000,000 patients in the Unit-
ed States alone [7]. The annual cost of health care for pain ranges
from $560 billion to $635 billion (in 2010 dollars) in the United
States, which includes the medical costs of pain care and the eco-
nomic costs, related to disability, lost wages and productivity [7].
Insurance companies and physicians could improve patient care
if they had a mechanism which would address the two leading
cause of misdiagnosis: faulty history taking and ordering the
wrong medical tests [1]. Therefore, a valuable tool for any health
care system would be a questionnaire which could provide ac-
curate diagnoses, and, based on the accurate diagnoses, predict
the outcome of an expensive medical laboratory tests, to allow
physicians to determine, using “evidence based medicine,” which
tests would be diagnostic and which test would be of no value.
This concept is best exemplified by the Ottawa Ankle Rules, and
Ottawa Knee Rules, developed in Canadian emergency rooms.
They developed a questionnaire, using “predictive analytic tech-
niques,” which could predict which patient would or would not
have abnormal ankle or knee X-rays. When the use of the Ot-
tawa Ankle and Knee Rules was applied in emergency rooms,
for the selection or denial of patients for ankle or knee X-rays,
it decreased ankle and knee radiography up to 26 percent, with
cost savings of up to $50,000,000 per year [8-11]. This significant
savings was just in the city of Ottawa, and just for ankle and knee
pain. If these techniques were applied to other cities and other
conditions, the extrapolated savings would be billions of dollars

a year.

Later research by the group from Ottawa demonstrat-
ed that “expert system” evaluations, based on predictive analytic
research, were more accurate in predicting the results of cervi-
cal spine X-rays, and CT, than unstructured physician judgment
[12-14]. “Expert systems” are best defined as computer software
which attempts to mimic the reasoning of a human specialist,
and improve the decision making process. This commonly em-
ploys a “self-improving system,” where the results of a decision
are evaluated for accuracy and then fed back to the system, to
improve the decision-making process. Theoretically, this leads to

more accurate decisions.

These same “predictive analytic” techniques allowed
physicians from Mensana Clinic and Johns Hopkins Hospital
to develop a Pain Validity Test, an “expert system” which could
predict with 95% accuracy who would have moderate or severe
abnormalities on medical testing, and predict, with 85% to 100%
accuracy, who would have no abnormalities, or only mild ones
[15-18]. This “expert system” can be used to determine if a pa-
tient is faking, malingering or drug seeking, or if the patient has
a valid complaint of pain [15-18, 51,52] The Pain Validity Test
has always been admitted as evidence in legal cases in nine states.

(see Appendix A for a partial list of these cases).

Past research reports indicate that 40% to 67% of chron-
ic pain patients involved in litigation are misdiagnosed [19,20].
When evaluating complex regional pain syndrome, (CRPS),
formerly called reflex sympathetic dystrophy (RSD), Hendler
found that 71% of the patients, and Dellon found that 80% of
the patients, who were told they had only CRPS I, actually had
nerve entrapment syndromes [2,3]. These errors in diagnoses
are costly to the patient and the insurance industry alike, since

they prolong or result in inappropriate treatment.

Another complicating factor in medical evaluations is
the specificity and sensitivity of medical testing. If a test is too
sensitive, it can lead to “false positive” results being reported, i.e.
claiming there is a pathological condition when one does not ex-
ist. Conversely, if a test is very specific, so that the only pathology
it detects will be just a certain diagnosis, it will lead to “false neg-
ative” reports, i.e. overlooking a medical condition which does
exist. So there is an inverse relationship between sensitivity and
specificity of medical testing. This concept is best summarized
by Table 1
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Table 1: Specificity versus Sensitivity

Goal: Let's catch a tuna

Goal: Let's catch a tuna

SENSITIVE TEST SPECIFIC TEST
a small mesh net a big mesh net
Will catch a lot of fish Everything in the net will be a tuna

Will never miss catching a tuna

The smaller fish escaped the net

Will also get mackerel, perch, spot and sea

trout which will require further sorting

We have missed some smaller tuna which

we would have wanted to keep

False positive results

False negative results

Sensitive but not specific

Specific but not sensitive

A practical example of sensitivity and specificity is
the MRI, a test used by most physicians to detect anatomical
abnormalities, such as disc damage in the spine. The medical
literature shows that the MRI has a 28% false positive rate,
and a 78% false negative rate for detecting spinal disc damage,
compared to a provocative discogram. [21,22], but most clinical
practices do not employ provocative discograms to diagnose
vertebral disc damage. Moreover, difference in the technique
of performing provocative discograms, with both a provocation
and anesthetic component, [23], or if a discogram was merely
anatomical versus physiological produce different results [24].
Similar problems arise when physicians use merely a CT, which
misses pathology 56% of the time compared to a 3D-CT, in
unoperated patients, and 76% of the time in patients who have

had previous surgery [25].

One of the factors leading to overlooked or missed di-
agnoses is the history taking techniques of physicians. Tradition-
ally, physicians would take a careful history, derive a diagnosis
and differential diagnosis, and use medical testing to confirm or
reject the various diagnoses. However, a shift in the medical eval-
uation paradigm has occurred. Recent research documents that
after a physician entered the room, patients were able to speak an
average of 12 seconds, before being interrupted by the physician.
The time with patients averaged 11 minutes, with the patient
speaking for about 4 minutes of the 11 minutes [26]. Computer
use during the office visit accounted for more interruptions than
beepers. Another study confirmed the truncated time physicians
spend with patients. The average face-to-face patient care time
measured by direct observation in this recent study was 10.7
minutes. When researcher evaluated the time spent on “vis-
it-specific” work outside the examination room and combined
it with face-to-face time, the average time per patient visit was
13.3 minutes. [27]. Therefore, this increasingly prevalent process

follows the format of first getting a list of the symptoms, then

getting medical testing pertinent to the symptoms to establish or
eliminate diagnoses, and finally reaching a diagnosis, i.e. using
medical testing to make a diagnosis. Unfortunately, with an in-
adequate history, the chance of selecting incorrect medical test-

ing increases, leading to an erroneous diagnosis.

An article by Donlin Long, MD, PhD, published at the
time he was the chairman of neurosurgery at Johns Hopkins
Hospital, summarizes the compellation of these errors. Dr. Long
and his colleagues published an article reporting their evalua-
tion of 70 patients, who had their symptoms for longer than 3
months, who were referred to Johns Hopkins Hospital with nor-
mal MRI, X-ray and CT studies [28]. In the absence of abnor-
mal medical testing, no clear diagnosis had been established by
the referring doctors, other than cervical sprain or strain. By
definition, all 70 of these patients had been misdiagnosed, since
sprains and strains are defined as a self-limited injury, which
lasts no more than one to six weeks (29,30). Cervical disc disease,
facet syndrome, and anteriolysthesis were the most commonly
overlooked diagnoses. When properly diagnosed and tested,
Dr. Long found that 95% of the patients needed interventional
testing, such as facet blocks, root blocks, and provocative dis-
cograms, to confirm diagnoses. After the diagnostic testing was
performed, 63% of the patients were found to be candidates for
anterior or posterior cervical fusions, and 93% of those had good

or excellent results post-operatively [28].

All of the above medical facts impact upon the use of
artificial intelligence for the diagnosing medical problems. While
there are many methodologies employed in the creation of an
artificial intelligence application, this paper will limit discussions
to the development of “expert systems,” which use computer
scoring of questionnaires to duplicate diagnoses made by physi-

cians.
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Some authors feel only limited progress has been made
in expert systems [31]. Engelbrecht feels that the quality of
knowledge used to create the system, and the availability of pa-
tient data are the two main problems confronting any developer
of an expert system, and advocates an electronic medical record
system to correct one component of the problem [32]. Babic con-
curs with the value of the longitudinal collection of clinical data,
and data mining to develop expert systems [33]. Those expert
systems that seem to have the best results are the ones that fo-
cus on a narrow and highly specialized area of medicine. One
questionnaire, to cover 32 rheumatologic diseases, consists of 60
questions, was tested on 358 patients [34]. The diagnosis correla-
tion rate between questionnaire and clinical diagnosis was 74.4%,
and an error rate of 25.6%, with 44% of the errors attributed to
“information deficits of the computer using standardized ques-
tions.” [34]. However, a later version called “RHEUMA” was used
prospectively in 51 outpatients, and achieved a 90% correlation
with clinical experts [35]. Several groups have approached the
diagnosis of jaundice. ICTERUS produced a 70% accuracy rate
while Jaundice’ also had a 70% overall accuracy rate [36, 37].
An expert system for vertigo was reported, and it generated and
accuracy rate of 65%, [38]. This later was reported as OtoNeu-
rological Expert (ONE), which generated the exact same results
reported in the earlier article [39]. There was a 76% agreement
for diagnosis of depression, between an expert system and a cli-
nician [40]. When a Computer Assisted Diagnostic Interview
(CADI) was used to diagnosis a broad range of psychiatric dis-
orders, there was an 85.7% agreement level with three clinicians
[41]. Former Johns Hopkins Hospital doctors have developed
“expert systems” which address patients with the highest level of
misdiagnosis. For headaches, where 35%-70% of patients were
mistakenly told they have migraine headaches, the former Johns
Hopkins Hospital doctors developed an “expert system” ques-
tionnaire which scores answers using Bayesian analytic meth-
ods, which gives diagnoses with a 94% correlation of diagnoses
of former Johns Hopkins Hospital doctors [42]. For patients
with chronic pain problems, where the misdiagnosis rate has
been reported to be 40%-80%, even as high as 97% [2-5, 28], the
former Johns Hopkins Hospital doctors have an “expert system”
questionnaire which gives diagnoses with a 96% correlation with
diagnosis of Johns Hopkins Hospital doctors [43]. Finally, in a
combined research project with University of Rome, the Diag-
nostic Paradigm for Chronic Pain was able to predict with 100%
accuracy what a surgeon would find intra-operatively, based on

the pre-operative diagnosis [44].

The expert systems were designed to be self-improving,
using results to re-examine the data, and suggest different type
of questions, with improved diagnosis and outcomes. An accu-
rate diagnosis is the ultimate predictive analytic tool. It allows
a physician to know the origin of the problem, and select the
proper treatment to address the cause of the pathology. Howev-
er, while the value of improving on the accuracy of diagnosis is
obvious, from a cost containment perspective [1,6], the real gold
standard is outcome results. This can take the form of elimina-
tion of unnecessary testing or surgery, reduced mortality for a
given diagnosis, reduced number of doctor visits, reduced use of
medication, the selection of the proper type of medication, and a
host of quantifiable and objective outcome measures. The major
thrust of artificial intelligence programs in medicine is the cre-
ation of methodology which improves the accuracy of diagnosis,
and ultimately improved outcomes [45]. But the major prob-
lem with this approach is the collection of accurate data. Almost
all medical artificial intelligence systems utilize the concept of
“data mining” which is analyzing massive amounts of data, in the
hopes that the “law of big numbers” (the guiding concept in actu-
arial analysis used by insurance companies) [46] will make their
results more accurate. Therein lies the problem with the use of
artificial intelligence for improving medical care and containing
costs. As reported above, the medical diagnoses are erroneous
35%-80% of the time or more, and the medical testing has false
negative rates ranging from 56% to 78%. These errors are mul-
tiplicative if taken in tandem. No matter how elegant the analy-
sis of the data, if the data are incorrect, then the garbage in will
yield nothing more than garbage out producing a classic case of
GIGO.

One way to reduce the errors inherent in reviews of
electronic medical records is the application of patient-gener-
ated health data (PGHD), where the patient themselves reports
symptoms and outcomes, rather than rely on physician notes and
interpretations [47]. This methodology would at least afford the
opportunity of a more comprehensive and accurate history. This
is the methodology used by the “expert systems” designed by
former Johns Hopkins Hospital doctors [42, 43]. Another pro-
cess for optimizing accuracy of artificial intelligence results is to
utilize reported outcome studies, and retrospectively determine
what factors led to the best results. Unfortunately, this meth-
odology is also prone to multiple sources of errors. In a classic
meta-analysis of the efficacy of treatments for reflex sympathetic
dystrophy (RSD), Payne found physicians’ reported improve-
ment of 12% to 97% of their treated cases [48]. The sources of

error ranged from accuracy of diagnosis, to methodology used
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to treated RSD, to definition of criteria needed to be considered
a treatment success. Of course, outcome results of treatment re-
ported by a physician are subject to bias. The more objective the
criteria to measure outcome, the easier it is to quantify data. As
an example, research reports which measure “pain relief” are
using a very subjective criteria, compared to quantification of
narcotic use before and after treatment. The ultimate outcome
measures would be validated by third parties, not use physician

self-reporting.

The outputs of Al are clearly skewed if the data being
used are not consistent with reality. Anyone who works with
artificial intelligence knows that the quality of the data goes a
long way toward determine the quality of the result. That is the
problem to be addressed, and therein lies the opportunity. Mit-
igating the effects of garbage data becomes a moral imperative
when an algorithm is being used to make to invest billions of
dollars in a medical treatment program. The problem gets even
worse when the garbage is derived from malfeasance or bias. To
use machine learning effectively, a researcher should embrace
the potential for garbage data and anticipate it. That approach
means that these data need to be challenged at the time they
become data --- before they are used to create invalid, possibly
dangerous outcomes. Mikey Shulman is the head of machine
learning for Kensho Technologies, acquired by Standard and
Poor (S&P Global) last year. He insists that his teams develop a
deep understanding of the datasets they use. “A lot of this comes
down to the machine-learning practitioner getting to know the
data and getting to know the ways in which it’s flawed,” he says.
[49]. Accurate data will allow machine learning to lower costs
and get better outcomes. Therefore there is a need to build tools
and methodologies which will help validate the data going into

an Al system. If done correctly, everyone benefits.

One preliminary step toward devising a viable Al pro-
cessing system was reported by Hendler and Joshi (50). They
describe the Large Analytic Bayesian System (LABS) which
uses Bayesian analytics to list, on a symptom by symptom basis,
the likelihood of having abnormal medical testing from a list of
possible medical tests associated with a symptom, or cluster of
symptoms. LABS produces a rank ordered list of medical tests,
comparing the symptom(s) with the frequency and severity of
abnormal medical tests. Seventy-eight medical charts with eval-
uations including all pertinent medical tests, and a completed
Diagnostic Paradigm with 2008 possible symptoms were re-

viewed. On a symptom by symptom basis, medical test results in

the chart were compiled using the Large Analytic Bayesian Sys-
tem (LABS) and created a rank ordered list of abnormal medical
tests from a list of possible 107 medical tests. This resulted in a
2008 by 107 matrix, which was analyzed by the use of a program
called the Diagnostic Test Manager. The results clearly demon-
strated that physiological testing, such as root blocks, facet blocks
and provocative discograms had nearly double the frequency of
abnormalities compared to anatomical tests, such as X-ray, CT
scans and MRIs for the same symptoms in the same patient. This
evidence-based approach will help physicians reduce the use of
unnecessary tests, improve patient care, and reduces medical
costs [49,50].

In summary, the potential of AI to enhance medical
practice is enormous, ranging from increased accuracy of test
interpretation, to more accurate diagnosis with the improved
patient benefit. This is clearly demonstrated by a number of the
studies above, which achieved accuracy well over 90% [15,16,1
7,18,28,35,42,43,44,51,52] However, these high accuracy stud-
ies all shared a common feature. There were granular in nature,
evaluating small number of patients (51-251) with great atten-
tion to the individual clinical aspects of each case. Perhaps there
is a lesson to be learned from reviewing examples from the basic
biological literature, where the variables are less complex, and
methodology can be better tested [53-58]. The methodology ap-
plied from this research can be applied to clinical evaluations, i.e.
the utilization of feedback to enhance machine learning, which
is essential for a self-improving system. This is the very essence

of artificial intelligence.

On the other hand, data mining of large populations,
where the accuracy of individual cases is not determined, nor
verified, is susceptible to the GIGO phenomena. No collection of
data should be assumed to be accurate, without controlling for
all the variable outlined above. Only in this fashion will the full

benefit of artificial intelligence in medicine be realized.
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Appendix A-Partial List of Medical-Legal Cases Where The Pain Validity Test Has Been

Accepted as Accurate Methodology

Attorney name Court Case Number City and State

C. Richard Cranwell Circuit Court of the Case No. CL Roanoak, VA

Cranwell and Moore | City of Roanoke 95000860-00

Thomas Vesper Circuit Court of Case No. M-2003 Atlantic City,
Atlantic Co. 45395 AC New Jersey

Alan Legum District Court of Case No. CV PI State of Idaho
Fourth Judicial District 0100197D,Idaho

Alan Legum Circuit court for Case No: C-2001- Glen Burnie, MD.
Anne Arundel County 73911 OT

Charles Sickles Fairfax County Circuit Case # 194133 Fairfax, VA.
Court

Scott Fruge Judicial District Court docket # 470,239 Parish of East
Baton Rouge, LA Div. N Baton Rouge

Stephen Mastaitis Workers compensation Claim NYS WCB New York State
hearing New York State #6931-1354:
Administrative Law Judge D/A 8/30/93.

Mark Cavanaugh Philadelphia, PA. Court docket Dec. Term Philadelphia, Pa.
of Common Pleas 2001 No. 000532

Kevin McCarthy Circuit Court for Anne Case No. Glen Burnie, Md.
Arundel County C2002-83654.

Marc Neft Denver, Co. Case No. DC Denver, Colorado

430-345-0232
Dusan Bratic Dauphin Co. PA 62-S-2001 Dauphin Co., PA
Scudder Stevens Bureau of Workers Workers Comp Harrisburg, PA

Compensation, PA

Claim 1285129-01

Alan Lancaster

Circuit Court of

Civil Action: No:

Jackson, MS
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Lowndes County, MS 96-020-CV1
Matthew Williams Philadelpia, PA Work Comp Philadelphia, PA
Martin Banks Pond Claim 214323-03
Lehocky & Wilson
Alan Legum US District Court Civil action No. Columbia, MD
Columbia, MD 03-1931 (PLF)
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