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Diagnosis: why does it matter?Diagnosis: why does it matter?

To effectively practice medicine and publicTo effectively practice medicine and public 
health, we need evidence/knowledge on 3 
fundamental types of professionalfundamental types of professional 
knowing “gnosis”:

Dia gnosis Etio gnosis Pro gnosis For individualDia-gnosis Etio-gnosis Pro-gnosis (Clinical Medicine)

Dia-gnosis Etio-gnosis Pro-gnosis For community
(Public andg g g (Public and 
community
health)

Miettinen OS



App oaches to DiagnosisApproaches to Diagnosis

C d h f ll dConsider the following diagnostic situations:
 A 43-year-old woman presents with a painful 

cluster of vesicles grouped in the T3 dermatome g p
of her left thorax.

 A 78-year-old man returns to the office for follow-
up of hypertension. He has lost 10 kg since his 
l i i 4 h H d ib d dlast visit 4 months ago. He describes reduced 
appetite, but otherwise, there are no localizing 
symptoms. You recall that his wife died a year ago 
and consider depression as a likely explanationand consider depression as a likely explanation, 
yet his age and exposure history (ie, smoking) 
suggest other possibilities.



App oaches to DiagnosisApproaches to Diagnosis 



Misdiagnosis is common!

Most misguided care results from 
thinking errors rather than technical 
mistakesmistakes.
Major thinking traps: “three As”
 Anchoring

 Shortcut in thinking when a personShortcut in thinking when a person 
doesn’t consider multiple possibilities but 
quickly latches on to a single one.

 Availability
 Tendency to judge the likelihood of an Tendency to judge the likelihood of an 

event by the ease with which relevant 
examples come to mind.

 Attribution
 Based on stereotypes that are based on

"Usually doctors are right, 
but conservatively about Based on stereotypes that are based on 

someone's appearance, emotional state 
or circumstances

K ti t id th t

but conservatively about 
15 percent of all people 
are misdiagnosed. Some 
experts think it's as high 
as 20 to 25 percent "Key question to avoid these traps: 

“What else can it be?”
as 20 to 25 percent,  -
Groopman 



Process of diagnosis: all about 
probability and decision makingprobability and decision making 
under uncertainty!

Test                                            Treatment
Threshold ThresholdThreshold                                       Threshold

0%                                                                            100% Probability of Diagnosisy g

N T t Need to Test TreatNo Tests Need to Test Treat



Thresholds for decision-making: when will you stop investigating? 
when will you test further? when will you rule out disease?

Disease
l d IN

Above this point,
treat ruled INtreat

Disease 
not 

ruled inruled in 
or out

Disease 
ruled OUT

Below this point,
no further testingno further testing



The Perfect Diagnostic Testg

X                                     Y
DiseasedNo Disease Diseased No Disease



Variations In Diagnostic TestsVariations In Diagnostic Tests

☺ ☻
Overlap

Range of Variation in  Disease free 
Range of Variation in  Diseased 



Example: intra-ocular pressurep p



Example: WBC count in 
b t ibacteremia

Newman T, Kohn MA. Evidence-based diagnosis. 2009, Cambridge Univ Press



The e is no pe fect test!There is no perfect test!

All we can hope to do is increase or 
decrease probabilities, and Bayes’
theorem helps with this process



B ' thBayes' theory
•Bayes' Theorem is a simple mathematical formula used for y p
calculating conditional probabilities 

•every test is done with a certain probability of disease -
degree of suspicion [pre-test or prior probability]

• the probability of disease after the test result is the post-test 
or posterior probability

pre-test 
probability

post-test 
probabilityp y p y

Test

Post-test odds = Pre-test odds x Likelihood ratio



The most simplistic way of 
l i i B ’ thexplaining Bayes’ theorem

What you thought before + New information = What you think now

Newman T, Kohn MA. Evidence-based diagnosis. 2009, Cambridge Univ Press



t t t
Bayesian approach to diagnosis

post-test 
probability

HIGH
•An accurate test will help reduce

pre-test 
probability

LOW

An accurate test will help reduce 
uncertainty

•The pre-test probability is revised 
using test result to get the post-test LOW

Test

g g p
probability

•Tests that produce the biggest 
changes from pretest to post-test 
probabilities are most useful in 
clinical practice [very large or very 
small likelihood ratios]
LR l ll d “B F t ”

pre-test 
probability

HIGH•LR also called “Bayes Factor” HIGH

post testpost-test 
probability

LOWTest



The diagnostic process is probabilistic, 
multivariable and sequential

Moons KGM. In: Grobbee & Hoes. Clinical Epidemiology. 2009



A diagnostic ‘test’ can be:A diagnostic ‘test’ can be:

A question (e.g. asking about a symptom)
A simple physical sign
A laboratory or imaging or other test
A combination of many tests (e.g. a risk score 
or clinical prediction rule)
An entire algorithm









Diagnosis vs predictionDiagnosis vs. prediction

Diagnosis:
 Disease has already occurred and we are trying to 

detect its presencep
Prognosis:
 Disease has not occurred and we want to know 

who is most likely to develop the diseasewho is most likely to develop the disease
Both are amenable to multivariable 
approaches and prediction models
h f dThey are often mixed up
 Sometimes a diagnostic test itself can be used to 

predict future outcomes (e.g. PSA)p ( g )



Types of diagnostic study designs



BMJ 2002;324:539–41



Phase I to IV diagnostic studiesPhase I to IV diagnostic studies
Phase I questions
 Do test results in patients with the target disorder differ from those 

in normal people?

BMJ 2002;324:539–41



Phase I to IV diagnostic studiesPhase I to IV diagnostic studies

Phase II questions (test accuracy)
 Are patients with certain test results more likely to have the 

target disorder than patients with other test results?

BMJ 2002;324:539–41



Phase I to IV diagnostic studiesPhase I to IV diagnostic studies
Phase III questions (test accuracy)

D th t t lt di ti i h ti t ith d ith t th Does the test result distinguish patients with and without the 
target disorder among patients in whom it is clinically 
reasonable to suspect that the disease is present?

BMJ 2002;324:539–41



Phase I to IV diagnostic studiesPhase I to IV diagnostic studies

Phase IV questions (“impact”)
 Do patients who undergo this diagnostic test fare better (in 

their ultimate health outcomes) than similar patients who 
are not tested?

BMJ 2002;324:539–41



DOES DIAGNOSTIC TEST ACCURACY 
TRANSLATE INTO IMPACT ON 
PATIENT OUTCOMES?PATIENT OUTCOMES?



SOMETIMES, YES!





SOMETIMES, NO!

Rapid measurement of B-type natriuretic peptide
in the emergency diagnosis of heart failure

Maisel et al, N Engl J Med. 2002 Jul 18;347(3):





A li htl diff t l ifi tiA slightly different classification



Diagnostic RCTsDiagnostic RCTs

Lancet 2000; 356: 1844–47



Diagnostic RCTsg



Diagnostic RCT: is it really 
di ti ?diagnostic?

Moons KGM. In: Grobbee & Hoes. Clinical Epidemiology. 2009



Diagnostic study designg y g



T o ke p ope ties of an testTwo key properties of any test

Accuracy (also called ‘validity’)
Precision (also called ‘reliability’ or o (a o a d ab y o
‘reproducibility’)



Precision and Accuracy
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The Rational Clinical Examination
Copyright © American Medical Association. All rights reserved. | JAMA | The McGraw-Hill Companies, Inc. 
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Quantifying precision

Observer Variation
• Intraobserver agreementg

Does the same clinician get the same result when repeating a 
symptom or sign on a patient who is clinically unchanged? 

• Interobserver agreement• Interobserver agreement
Do 2 or more observers agree on the presence or absence of 
a finding in a patient who experienced no change in 
condition?

• Kappa () 
Agreement beyond chance and can be used to describe both 
intra- and interobserver agreement

Note: Other measures are used for continuous measurements 
( l i ffi i li i f )(e.g. correlation coefficient, limits of agreement, etc)



Quantifying accuracyQuantifying accuracy

• Sensitivity and Specificity
• Likelihood ratiosLikelihood ratios
• Positive and Negative Predictive Value
• Diagnostic Odds Ratio• Diagnostic Odds Ratio



Tests with dichotomous results



A standard Phase II/III diagnostic 
d i f ti tidesign for accuracy estimation
•Define gold standardDefine gold standard
•Recruit consecutive patients in whom the test is 
indicated (in whom the disease is suspected)

•Perform gold standard and separate diseased and•Perform gold standard and separate diseased and 
disease free groups

•Perform test on all and classify them as test positives or 
negatives

•Set up 2 x 2 table and compute:
•Sensitivityy
•Specificity
•Predictive values
•Likelihood ratiosLikelihood ratios
•Diagnostic odds ratio



Evaluating a diagnostic testEvaluating a diagnostic test

•Diagnostic 2 X 2 table*:Diagnostic 2 X 2 table :

Disease + Disease -

Test + True FalseTest + True 
Positive

False 
Positive

Test - False 
Negative

True 
Negative

*When test results are not dichotomous, then can use ROC curves [see later]



Sensitivity
[true positive rate]

Disease 
present

Disease 
absentp

Test 
positive

True 
positives

False 
positivesp p p

Test 
negative

False 
negative

True 
negativesg g g

The proportion of patients with disease who testThe proportion of patients with disease who test 
positive = P(T+|D+) = TP / (TP+FN)



Specificityp y
[true negative rate]

Disease 
present

Disease 
absentp

Test 
positive

True 
positives

False 
positivesp p p

Test 
negative

False 
negative

True 
negativesg g g

The proportion of patients without disease who testThe proportion of patients without disease who test 
negative: P(T-|D-) = TN / (TN + FP). 



Predictive value of a positive test p

Disease 
present

Disease 
absentp

Test 
positive

True 
positives

False 
positivesp p p

Test 
negative

False 
negative

True 
negativesg g g

Proportion of patients with positive tests who have p p p
disease  = P(D+|T+) = TP / (TP+FP)



Predictive value of a negative test 

Disease 
present

Disease 
absentp

Test 
positive

True 
positives

False 
positivesp p p

Test 
negative

False 
negative

True 
negativesg g g

Proportion of patients with negative tests who do not have 
di P(D |T ) TN / (TN+FN)disease  = P(D-|T-) = TN / (TN+FN)



Example: Serological test for TB
Culture (gold 

standard)
Yes No

Serological Positive 14 3 17Serological
Test

Positive 14 3 17

Negative 54 28 82Negative 54 28 82

68 31 99

Sensitivity = 21%
Specificity = 90%Specificity = 90%

Clin Vacc Immunol 2006;13:702-03



For a given test, predictive values will 
d d ldepend on prevalence



For a given test, predictive values will 
depend on prevalence



Likelihood Ratios (also 
called ‘Bayes Factor’)

•Likelihood ratio of a positive test: is the test more•Likelihood ratio of a positive test: is the test more 
likely to be positive in diseased than non-diseased 
persons?

)|P ( DT•LR+ = TPR / FPR
Hi h LR l h l i RULING IN th di

)|Pr(
)|Pr(





DT
DTLR

•High LR+ values help in RULING IN the disease

•Values close to 1 indicate poor accuracy

•E.g. LR+ of 10 means a diseased person is 10 times 
more likely to have a positive test than a non-
diseased persondiseased person



Likelihood Ratio of a Positive 
Test

Disease 
present

Disease 
absent

How more often a 
positive test result p

Test 
positive

True 
positives

False 
positives

p
occurs in persons 
with compared to 
those without the 
target conditionp p p

Test 
negative

False 
negative

True 
negatives

g

g g g

)|Pr(  DT
LR+ = TPR / FPR )|Pr(

)|Pr(




DT
DTLR



Likelihood RatiosLikelihood Ratios

•Likelihood ratio of a negative test: is the test less likely to•Likelihood ratio of a negative test: is the test less likely to 
be negative in the diseased than non-diseased persons?

•LR- = FNR / TNR
L LR l h l i RULING OUT th di

)|Pr(
)|Pr(





DT
DTLR

•Low LR- values help in RULING OUT the disease
•Values close to 1 indicate poor accuracy
•E.g. LR- of 0.5 means a diseased person is half as likely to 
have a negative test than a non diseased personhave a negative test than a non-diseased person



Likelihood Ratio of a Negative 
Test

Disease 
present

Disease 
absent

How less likely a 
negative test result 
is in persons withp

Test 
positive

True 
positives

False 
positives

is in persons with 
the target condition 
compared to those 
without the target 
conditionp p p

Test 
negative

False 
negative

True 
negatives

condition

g g g

)|Pr( DT
LR- = FNR / TNR )|Pr(

)|Pr(




DT
DTLR



LR: Impact on Likelihood of Disease

LR = 0 1
LR = 0.01

LR = 10
LR = 100

LR = 0.3

LR = 0.2

LessLess

Lik l

LR = 0.1

LessLess
Likely

LessLess
Likely

LR = 3
MoreMore

LR = 5

MoreMore

Lik l

LR = 10

MoreMore
Likely

MoreMore
Likely

increasing impactIncreasing impact
0

LessLess

Likely

Likely
y

MoreMore

Likely
Likely

y

increasing impactIncreasing impact

LR = 1

No No 

Impact on 
Likelihood of 

Disease

The Rational Clinical Examination
Copyright © American Medical Association. All rights reserved. | JAMA | The McGraw-Hill Companies, Inc. 



Quick review of odds vs. 
b bilitprobability

odds = probability / (1 – probability)

)(
)Pr(1
)Pr()(Odds





D
DD

probability = odds / (1 + odds)

)(Odd1
)(Odds)(Pr





D
DD

)(Odds1  D



Diagnostic Odds Ratio (DOR)

Disease 
present

Disease 
absent

Odds of positive test 
result in persons 
with the targetp

Test 
positive

True 
positives (a)

False 
positives (b)

with the target 
condition compared 
to those without the 
target conditionp p ( ) p ( )

Test 
negative

False 
negative (c)

True 
negatives (d)g g ( ) g ( )

DOR = (a/c) / (b/d)( / ) / ( / )
DOR = ad / bc
DOR = Odds of T+|D+ / Odds of T+|D-





Example: Serological test for TB
Culture (gold 

standard)
Yes No

Serological Positive 14 3 17Serological
Test

Positive 14 3 17

Negative 54 28 82Negative 54 28 82

68 31 99
LR 2LR+ = 2
LR- = 0.9
DOR 2 4DOR = 2.4

Clin Vacc Immunol 2006;13:702-03



Using LRs in practice

Scenario:Scenario:
 Mr. A, a 27-year old, recent immigrant male 

(from Viet Nam)( )
 Fever and productive cough for the past 3 

weeks
 Lost weight
 Father had TB in the pastp



Assess the patient and estimate the 
baseline risk (pre-test probability)baseline risk (pre test probability)

Based on initial history, how likely is it that Mr. A 
has pulmonary tuberculosis?

0      10 20     30    40     50    60    70    80    90 100

Pre-Test Probability

H i ht th lt f l i l t t hHow might the result of a serological test change 
the likelihood of TB in this patient?

Post-Test Probability



Likelihood Ratios
Post-TestPost Test 
ProbabilityPre-Test

Probabilityy

P t T t

Mr. A

Post-Test 
Prob. 70%

Pre-Test Prob. 
50%

Serological test
LR+ = 2



Likelihood Ratios
Post-TestPost Test 
ProbabilityPre-Test

Probabilityy

Mr. A
Pre-Test Prob. 

50%
Post-Test 
Prob. 45%

Serological test
LR- = 0.9



Using LRs in practice

Scenario:Scenario:
 Ms. B, a 18 year old Canadian-born, McGill 

student
 Fever and non-productive cough for the past 

4 daysy
 Nobody in the household has had TB



Likelihood Ratios
Post-TestPost Test 
ProbabilityPre-Test

Probabilityy

Ms. B
P t T tPre-Test Prob. 

10%
Post-Test 
Prob. 20%

Serological test
LR+ = 2



Likelihood Ratios
Post-TestPost Test 
ProbabilityPre-Test

Probabilityy

Ms. B
Pre-Test Prob. 

10%
Post-Test 
Prob. 10%

Serological test
LR- = 0.9



Example: Ultrasonography for Down 
Syndrome



Another example: Nuchal fold & 
Down SyndromeDown Syndrome

Down Syndrome

Yes No

Nuchal fold Positive 21 4 25

Negative 7 188 195

28 192 22028 192 220

Sensitivity = 75%
S ifi it 98%

LR+ = 36
LR 0 26Specificity = 98% LR- = 0.26
DOR = 141

N Engl J Med 1987;317:1371



Using LRs in practice

Scenario:
 Mrs. A, a 37-year old woman with a previous 

affected pregnancy, seen at a high-risk clinic 
i t ti f l h it lin a tertiary, referral hospital

What is the p etest p obabilit of Do n What is the pretest probability of Down 
syndrome in this case?



Likelihood Ratios
Post-TestPost Test 
ProbabilityPre-Test

Probabilityy

P t T t

Mrs. A

Post-Test 
Prob. 80%

Pre-Test Prob. 
10%

Nuchal fold abnormal
LR = 36



Likelihood Ratios
Post-TestPost Test 
ProbabilityPre-Test

Probabilityy

Mrs. A
Pre-Test Prob. 

10%

Post-Test 
P b 3%Prob. 3%

Nuchal fold normal
LR = 0.26



Using LRs in practice

Scenario:
 Mrs. B, a 20-year old woman with a previous 

normal pregnancy, seen at a community 
h it lhospital

What is the p etest p obabilit of Do n What is the pretest probability of Down 
syndrome in this case?



Likelihood Ratios
Post-TestPost Test 
ProbabilityPre-Test

Probabilityy

Mrs. B
Pre-Test Prob. 

0 5%0.5%

Post-Test 
Prob. 10%

Nuchal fold abnormal
LR = 36



Likelihood Ratios
Post-TestPost Test 
ProbabilityPre-Test

Probabilityy

Mrs. B
Pre-Test Prob. 

0 5%0.5%

Post-TestPost-Test 
Prob. 0.1%Nuchal fold normal

LR = 0.26



Where do we get LRs from?

The Rational Clinical Examination
Copyright © American Medical Association. All rights reserved. | JAMA | The McGraw-Hill Companies, Inc. 



Are sens/spec and LRs inherent 
ti f t t?properties of a test?

Most textbooks will say that sens and spec 
do not depend on disease prevalence
This is partly true but oversimplified
In reality, sens/spec and LRs vary across 

l b f d ff dpopulations because of differences in disease 
spectra (case-mix) and several other factors
Thi i i l t t “ ff t difi ti ” iThis is equivalent to “effect modification” in 
epidemiology



ExampleExample

S d SSens and Spec across 
populations

Ex: 
Sensitivity+specificity 
of serum CEA For 
detection
of colorectal cancer, 
across stages



Tests with continuous or multi-
level results



Example: WBC count in 
b t ibacteremia

Newman T, Kohn MA. Evidence-based diagnosis. 2009, Cambridge Univ Press
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Newman T, Kohn MA. Evidence-based diagnosis. 2009, Cambridge Univ Press



Newman T, Kohn MA. 
Evidence-based diagnosis. 
2009, Cambridge Univ Press



Newman T, Kohn MA. Evidence-based diagnosis. 2009, Cambridge Univ Press



Multi-level likelihood ratios

Newman T, Kohn MA. Evidence-based diagnosis. 2009, Cambridge Univ Press



After understanding ROC curves, 
it h ld b b i th tit should be obvious that

the case of a dichotomous test accuracy (i.e. 
the usual 2 x 2 table) is merely a single point 
on some underlying ROC curveon some underlying ROC curve
in other words, all tests have some 
underlying ROC curvey g
we can easily change the sens/spec by 
shifting the point on the ROC curve
this is critical for understanding diagnostic 
meta-analyses!



ROC p os and consROC: pros and cons

Pros:
 Provides a wholistic picture (a global assessment 

of a test’s accuracy)of a test s accuracy)
 Not dependent on disease prevalence
 Does not force us to pick a single cut-off point
 Shows the trade off between sens and spec
 Great for comparing accuracy of competing tests

Can be applied to any diagnostic system: weather Can be applied to any diagnostic system: weather 
forecasting, lie detectors, medical imaging, to 
detection of cracks in metals!



ROC p os and consROC: pros and cons

Cons:
 Not very intuitive for clinicians; the ROC and AUC 

t b di tl d f i ti tcannot be directly used for any given patient
 Clinicians prefer simple yes/no test results
 You can have the same AUC but different shapes You can have the same AUC, but different shapes
 Does not easily fit into the EBM framework of 

working with LRs and probabilities
 Very hard to meta-analyze



Two classic
papers on ROC



Beyond diagnostic accuracyBeyond diagnostic accuracy



Are sensitivity and specificity the most 
meaningful measures?meaningful measures?

Tatsioni, Annals



BMJ 2008



Moons et al. Epidemiology 1999

M  t l  JECH 2002Moons et al. JECH 2002

Moons et al. Clin Chem 2004





Multivariable approach

Key outcome here
is what is the 
added value of aadded value of a 
new test, beyond 
all the prior tests 
th t hthat may have 
been done 
(including ( g
history/physical)

Moons KGM. In: Grobbee & Hoes. Clinical Epidemiology. 2009



The multivariable approach mimics the 
real life diagnostic process

Moons KGM. In: Grobbee & Hoes. Clinical Epidemiology. 2009



Relevant books


