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Abstract
Objective: To measure the relative levels of signal and noise in expert diagnosis 
of epilepsy.
Methods: Twenty multinational epileptologists independently reviewed 50 vi-
gnettes of adult and pediatric patients presenting with suspected seizure(s) on 
two separate occasions with a ≥30-day washout period. Experts provided a diag-
nosis of epilepsy or non-epilepsy based on clinical information and, if requested, 
routine EEG and neuroimaging data. Cases had an established clinical diagnosis 
of epilepsy or non-epilepsy based on capture of habitual paroxysmal events on 
video-EEG or long-term clinical follow-up. Experts' judgments were analyzed to 
decompose variability into different sources: signal (objective differences between 
cases), level noise (experts' bias toward over/under-diagnosis), pattern noise (ex-
perts' idiosyncratic reactions to specific case features), and occasion noise (incon-
sistency across occasions).
Results: The probability of an expert making a different diagnosis for a given 
case on two different occasions was 16%. The probability of two different experts 
making a different diagnosis for the same case was 26%. Signal (case “difficulty”) 
accounted for 66–69% of total variation, with 31–34% attributable to noise. Level 
noise was the largest contributor in the absence of EEG/neuroimaging results 
(23%), while pattern noise dominated when test results were available (24%). 
Occasion noise contributed relatively little (1%) but was still sufficient to cause 
diagnostic reversals in 16–22% between occasions.
Significance: The degree of noise in expert diagnosis of epilepsy is substantial, 
stemming primarily from physicians' idiosyncratic interpretations of case fea-
tures and variable dispositions toward over- or under-diagnosis. Strategies to im-
prove reliability are needed, including standardized data collection protocols and 
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1   |   INTRODUCTION

Patients expect consistency in the diagnoses given by 
doctors. However, humans are inconsistent decision-
makers—and physicians are no exception. Judgments 
about diagnoses can vary from one physician to the next, 
even among specialists with similar training working from 
the same data.1,2 This unwanted variability in judgments 
is referred to as noise.3 Limiting noise is a prerequisite to 
improving diagnostic accuracy.

We performed a “noise audit” to identify and quantify 
systematic sources of diagnostic noise in epilepsy diagno-
sis by epileptologists beyond the expected variability due 
to case difficulty. This research leveraged the framework 
proposed by Kahneman et  al.3 to decompose variability 
into its component sources for the first time in epileptol-
ogy, particularly regarding epilepsy diagnosis.

We recruited 20 epileptologists from different academic 
centers across the world, hereafter referred to as experts, 
to participate in this experiment. The primary aim was to 
measure the amounts of different types of noise in the di-
agnosis of epilepsy by experts. Each expert independently 
reviewed 50 case vignettes from real patients presenting 
with suspected seizure(s) and gave their diagnostic opin-
ion as to whether the patient has epilepsy. The same phy-
sicians repeated the same exercise after a washout period 
of at least 30 days.

We found that roughly one-third of diagnostic variabil-
ity is attributable to noise, with the remaining two-thirds 
stemming from expected differences in case difficulty. 
These findings provide the first quantitative framework 
for understanding diagnostic variability in epilepsy diag-
nosis by experts and identify specific targets for quality 
improvement interventions.

2   |   METHODS

Collection and preparation of cases, along with sharing 
of their deidentified data, were conducted under IRB-
approved protocols from Massachusetts General Brigham 
(2013P001024), Beth Israel Deaconess Medical Center 

(2022P000481), Washington University in St. Louis 
(201301128), University of Texas Southwestern (27031), 
and Louisiana State University Health Shreveport 
(00002494). Case review was conducted by experts who 
volunteered to participate in the study; therefore, this por-
tion of the study did not require IRB approval based on 
our review of local IRB policies.

2.1  |  Cases

We selected 50 cases—adult and pediatric—seen for 
suspected seizure(s) (Table  1 and File S1) from case ar-
chives of four academic tertiary epilepsy centers in the 
US. Patients had to have an established diagnosis of epi-
lepsy or non-epilepsy—hereafter referred to as “clinical 
diagnosis”—available at the time of the data collection 
confirmed either by (i) video-EEG monitoring data with 
suspected seizure(s) recorded or (ii) clinical follow-up of 
at least 6 months after initial evaluation.

Two authors (FN, MBW) categorized consecutive 
incoming cases into four levels of difficulty bins (easy, 

structured decision algorithms. For “difficult cases,” where expert reliability and 
accuracy are lowest, our findings support current clinical practice which favors 
early referral for video-EEG monitoring over reliance on diagnostic anchoring. 
This diagnostic pathway may become more accessible with advances in EEG 
technology (e.g., wearable devices) and artificial intelligence.

K E Y W O R D S

decision making, diagnostic error, epilepsy, epilepsy diagnosis, epilepsy misdiagnosis, noise

Key points

•	 There is a high level of noise in the diagnosis of 
epilepsy by experts.

•	 Roughly one-third of the total variation in ex-
perts' final diagnoses of epilepsy was due to 
noise.

•	 Noise stems from experts' idiosyncratic case in-
terpretations (pattern noise) and tendencies to 
be over- or under-callers (level noise).

•	 Strategies to improve reliability include  
standardized collection source data and 
structured decision protocols or diagnostic 
algorithms.

•	 Measures to limit diagnostic noise are a require-
ment to improve diagnostic accuracy and, as a 
result, patient care.
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T A B L E  1   Characteristics across all 50 cases including clinical diagnosis, difficulty level, and metrics following review by 20 experts.

Case
Clinical 
diagnosis

Difficulty 
levela

Difficulty 
level per 
expertsb

Experts who 
requested 
EEG and 
neuroimagingc

Accuracyd 
(relative 
to clinical 
diagnosis)

Accuracyd 
(relative to group 
consensus)

Experts who changed 
the diagnosis between 
occasions 1 and 2

Percent 
agreemente

1 Epilepsy 3 3 73% 63% 63% 35% 52%

2 Non-epilepsy 4 3 78% 20% 80% 10% 67%

3 Non-epilepsy 4 3 93% 25% 75% 30% 61%

4 Non-epilepsy 2 3 88% 48% 53% 15% 48%

5 Epilepsy 1 2 70% 100% 100% 0% 100%

6 Epilepsy 2 3 58% 65% 65% 40% 53%

7 Epilepsy 1 2 65% 98% 98% 5% 95%

8 Epilepsy 2 3 100% 100% 100% 0% 100%

9 Non-epilepsy 1 3 70% 33% 68% 5% 54%

10 Non-epilepsy 3 3 78% 78% 78% 35% 63%

11 Non-epilepsy 1 3 78% 75% 75% 20% 61%

12 Non-epilepsy 3 2 28% 88% 88% 5% 77%

13 Non-epilepsy 3 3 73% 98% 98% 5% 95%

14 Epilepsy 3 3 83% 55% 55% 30% 48%

15 Epilepsy 1 2 25% 98% 98% 5% 95%

16 Epilepsy 1 2 65% 95% 95% 10% 91%

17 Epilepsy 4 3 65% 23% 78% 25% 63%

18 Non-epilepsy 3 3 73% 100% 100% 0% 100%

19 Non-epilepsy 4 3 80% 68% 68% 15% 54%

20 Epilepsy 2 3 78% 90% 90% 20% 82%

21 Epilepsy 2 3 88% 98% 98% 5% 95%

22 Epilepsy 1 2 60% 90% 90% 10% 81%

23 Epilepsy 1 2 30% 95% 95% 10% 90%

24 Non-epilepsy 4 3 60% 18% 83% 25% 70%

25 Epilepsy 2 2 55% 98% 98% 5% 95%

26 Epilepsy 3 3 88% 65% 65% 30% 53%

27 Epilepsy 1 3 55% 93% 93% 5% 86%

28 Epilepsy 3 3 88% 15% 85% 20% 73%

29 Epilepsy 4 3 100% 55% 55% 30% 48%

30 Epilepsy 4 3 38% 10% 90% 20% 83%

31 Epilepsy 3 3 58% 70% 70% 20% 58%

32 Epilepsy 2 2 23% 95% 95% 10% 90%

33 Epilepsy 4 3 100% 40% 60% 20% 49%

34 Non-epilepsy 3 3 95% 90% 90% 20% 81%

35 Epilepsy 3 3 93% 15% 85% 20% 73%

36 Non-epilepsy 4 3 88% 85% 85% 0% 73%

37 Epilepsy 4 3 63% 25% 75% 30% 61%

38 Non-epilepsy 3 3 88% 85% 85% 20% 75%

39 Non-epilepsy 2 3 68% 85% 85% 20% 73%

40 Non-epilepsy 2 3 65% 90% 90% 20% 82%

41 Epilepsy 4 2 53% 50% 50% 30% 48%

42 Non-epilepsy 1 2 45% 100% 100% 0% 100%

43 Non-epilepsy 2 3 48% 85% 85% 20% 74%

44 Non-epilepsy 4 3 83% 90% 90% 10% 82%

(Continues)
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moderate, difficult, very difficult) with the aim of creat-
ing a case mix typical for an epilepsy subspecialty prac-
tice. “Easy” and “very difficult” corresponded to cases 
they judged most experts would or would not diagnose 
correctly relative to the clinical diagnosis (epilepsy or non-
epilepsy). Moderate and difficult cases fell in between. 
Case collection continued until reaching an equal number 
of epilepsy (25) and non-epilepsy (25) cases and compa-
rable numbers of cases in each level of difficulty. Non-
epilepsy cases were not further categorized into subtypes 
based on the specific etiology (e.g., psychogenic, physi-
ologic). Among epilepsy cases, there were 13 confirmed 
by long-term follow-up and 12 by capture of seizure(s) 
on EEG. Among non-epilepsy cases, 19 were confirmed 
by long-term follow-up and 6 by capture of non-seizure 
events on EEG.

2.2  |  Participants

We recruited experts via email. Authors who contributed 
cases were not eligible to participate in case review. For 
each case, participants read a vignette summarizing rel-
evant history and physical examination data available 
at the initial patient evaluation and were asked the like-
lihood that the patient has epilepsy (question 1) accord-
ing to ILAE diagnostic criteria.4 Possible responses were 
“low,” “high,” and “intermediate.”

If “intermediate” was selected, a representative sam-
ple of the patient's EEG was presented (10- to 20-second 
epoch on bipolar and common average referential mon-
tages) and, if available, a short summary of neuroimag-
ing findings. The EEG epoch shown was selected by the 
authors to present any suspicious sharp transients, if 
present. Participants were then asked if the patient has ep-
ilepsy (question 2). Possible responses were “yes” or “no.” 

Finally, participants were asked to rate the level of diffi-
culty for each case (question 3) using a 5-point Likert scale 
(“very easy” to “very difficult”). A representative clinical 
vignette is shown in Table 2.

The first round of case review was occasion 1. After a 
washout period of at least 30 days, participants reviewed 
the same cases and answered the same questions again 
(occasion 2).

2.3  |  Signal strength and system noise

We performed a modified analysis of variance (ANOVA) 
to estimate the contributions of several underlying compo-
nents to the total variation of expert responses. Technical 
details of the approach are provided in File S2. We refer 
to variation that reflects true differences in case difficulty 
as “signal,” where some cases have clearer evidence for 
or against epilepsy than others. Signal strength represents 
the proportion of total diagnostic variation explained by 
these case differences, calculated from the variation across 
cases in the frequency of affirmative (epilepsy) diagnosis. 
Signal strength is 100% and there is zero noise when all 
diagnostic variation stems from case characteristics, with 
no contribution from noise. Conversely, signal strength 
is 0% when all variation is due to noise. We refer to the 
remaining variation after signal strength is accounted for 
as system noise. In other words, system noise is unwanted 
variance.

2.4  |  Noise decomposition

We decomposed system noise into three subtypes: level 
noise (LN), pattern noise (PN), and occasion noise (ON). 
LN is the main effect of the expert. This reflects an expert's 

Case
Clinical 
diagnosis

Difficulty 
levela

Difficulty 
level per 
expertsb

Experts who 
requested 
EEG and 
neuroimagingc

Accuracyd 
(relative 
to clinical 
diagnosis)

Accuracyd 
(relative to group 
consensus)

Experts who changed 
the diagnosis between 
occasions 1 and 2

Percent 
agreemente

45 Non-epilepsy 4 3 88% 73% 73% 25% 58%

46 Non-epilepsy 3 3 75% 60% 60% 10% 50%

47 Non-epilepsy 2 3 50% 95% 95% 0% 90%

48 Non-epilepsy 1 2 25% 98% 98% 5% 95%

49 Non-epilepsy 1 2 38% 88% 88% 25% 77%

50 Non-epilepsy 1 3 68% 68% 68% 35% 54%

aDifficulty level per pre-study evaluation by authors (scale of 1–4, where 1 is easy and 4 is hard).
bMean difficulty level assigned to cases by participating experts across occasions 1 and 2 (scale 1–5, where 1 is easy and 5 is hard).
cMean percentage across occasions 1 and 2.
dMean accuracy taking the final diagnosis (question 1 and, if applicable, question 2) across occasions 1 and 2.
ePercent agreement (whether epilepsy or non-epilepsy) taking the final diagnosis (question 1 and, if applicable, question 2) across occasions 1 and 2.

T A B L E  1   (Continued)
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tendency to over- or under-diagnose epilepsy relative to 
other experts for a given case. PN measures the interac-
tion between cases and experts (i.e., variability in the 
idiosyncratic but stable responses of a given expert to in-
formation about cases). For instance, a given expert might 
be more likely than others to give a diagnosis of epilepsy 
in cases with a history of peri-event bowel/bladder incon-
tinence. ON is within-expert temporal variability, meas-
urable because of repeated testing. This variability arises 

from transient factors that influence judgment, such as 
mood,3,5,6 time since last meal,3,7 and weather.3,8,9 We as-
sume experts would not remember cases between occa-
sions because of the washout period of at least 30 days 
between occasions 1 and 2. These definitions are summa-
rized in Table 3.

2.5  |  Statistical analysis

Correlations are quantified using Spearman and biserial 
correlation coefficients. Statistical significance is defined 
based on an alpha level of .05. Data and code to repro-
duce all results and figures are available through a public 
data sharing repository at https://​github.​com/​bdsp-​core/​
Noise_​in_​Diagn​osing_​Epilepsy.

3   |   RESULTS

Twenty experts completed all 50 cases on both occasions. 
They represented 18 academic centers across 5 countries. 
Experts reported regularly interpreting EEGs and seeing 
patients with seizures and epilepsy, both during clinical 
practice and fellowship training, for an average of 20 years 
(2.5–40; median 19; IQR 11.8–30.3). Results are summa-
rized in Table 1.

3.1  |  Variability between experts

Experts varied widely in their rates of making affirma-
tive (epilepsy) diagnoses. For question 1, considering 
both occasions, the number of affirmative diagnoses var-
ied from 0 to 17 of 50 (0–34% of cases). Among those who 
answered question 2, the range of affirmative diagnoses 
was 9 (of 27 cases answered) to 29 (of 45 cases answered) 
(Figure  1). Figure  2A,B shows how the percentage of 
affirmative diagnoses varies with signal strength. The 
probability of receiving the same final diagnosis from 
two different experts was 74%. Figure  2C,D shows  
how the percentage of experts agreeing varies with the 
signal strength, dipping to 50% for the most difficult 
cases.

3.2  |  Variability across cases

Cases varied in the rate at which experts assigned a di-
agnosis of epilepsy. For question 1, this rate ranged from 
0 to 16 of 20 experts (0–80%). For each case, the number 
who were undecided and asked for further neuroimag-
ing/EEG information ranged from 4 to 20 (20–100%).

T A B L E  2   Representative clinical vignette used in the study.

Question 1

Clinical history
A 48-year-old right-handed female software engineer with a 
history of hypertension, anxiety, and depression developed 
10-s spells beginning a year prior characterized by an aura of 
an indescribable feeling that a seizure was about to happen 
(and, at times, a warmth in her face). This was followed by 
staring and bilateral manual automatisms, with occasional 
hyperventilation. She had no postictal symptoms, and she was 
partly amnestic to the spells. She never had a convulsion.
She denied alcohol, tobacco, or recreational drug use. She had 
no history of febrile seizures, central nervous system infection, 
traumatic brain injury, or family history of seizures.
Her exam was unremarkable.
Based on the clinical data, what is the likelihood this patient has 
epilepsy?
•	 Low enough to conclude that this patient does not have 

epilepsy and an antiseizure drug should not be started
•	 Intermediate thus requiring further testing: neuroimaging 

and EEG
•	 High enough to conclude that this patient has epilepsy and 

an antiseizure drug should be started

If “intermediate” was selected, experts were taken to Question 2.
If “low” or “high” were selected, experts were taken directly to 
Question 3.

Question 2

Neuroimaging and EEG
A brain MRI showed symmetrical hippocampi but slight 
increase in T2 signal within the left hippocampus.
A representative sample of this patient's EEG is shown below.
Based on the clinical data, neuroimaging, and EEG, do you 
think this patient has epilepsy?
•	 Yes: this patient has epilepsy and an antiseizure drug should 

be started
•	 No: this patient does not have epilepsy and an antiseizure 

drug should not be started

Question 3

Please rate the level of difficulty of this case (accounting for all 
the available data: clinical information, neuroimaging, EEG) in 
terms of determining whether or not this patient has epilepsy.
•	 Very easy
•	 Easy
•	 Neither easy nor difficult
•	 Difficult
•	 Very difficult
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3.3  |  Variability within experts 
(consistency)

Experts frequently gave different responses on occasions 
1 and 2. Overall, the final diagnosis was reversed 162 
times out of 1000. Thus, the probability of receiving a 
different final diagnosis when seeing the same expert on 
different occasions was 16%. On question 1, the average 

number of changed answers was 11 out of 50 (22%); two 
experts changed their minds in 16 cases (32%). Overall, 
for question 1, of the 1000 judgments on occasion 1 (20 
experts x 50 cases), 215 (21.5%) were different on occa-
sion 2. For the final diagnosis (after questions 1 and 2), 
all experts changed their mind at least four times (8% 
of cases); the average number of changed answers was 
8 (16% of cases), and 5 experts changed their mind 10 or 

Component Definition

Signal (S) •	 Variation of expert responses based on actual case difficulty differences
•	 “Consensus variation”

Signal strength •	 Proportion of variation of expert responses explained by case difficulty 
differences

•	 Calculated from the variation across cases in the frequency of affirmative 
(epilepsy) diagnosis

System noise •	 Proportion of variation of expert responses that cannot be explained by case 
difficulty differences

•	 Decomposed into level noise, pattern noise, and occasion noise

Level noise (LN) •	 Effect of the expert
•	 Expert's tendency to over- or under-diagnose epilepsy relative to other 

experts

Pattern noise 
(PN)

•	 Effect of the interaction between the expert and cases
•	 Expert's idiosyncratic but stable responses to information about cases

Occasion noise 
(ON)

•	 Effect of the interaction between the expert, cases, and time (within-expert 
temporal variability)

•	 Expert's tendency to change the judgment when reviewing the same case 
on different occasions

T A B L E  3   Definitions of signal, system 
noise, and its decompositions.

F I G U R E  1   Expert response data. Twenty experts independently reviewed 50 case vignettes on two different occasions, at least 30 days apart 
(occasion 1, left; occasion 2, right). After reading the vignette, experts were asked Question 1: “Based on the clinical data, what is the likelihood 
this patient has epilepsy?” Answer options were: (1) No—“Low enough to conclude that this patient does not have epilepsy and an antiseizure 
drug should not be started”; (2) Yes—“High enough to conclude that this patient has epilepsy and an antiseizure drug should be started”; and (3) 
Unsure—“Intermediate, thus requiring further testing: Neuroimaging and EEG.” Answers to Question 1 are indicated in the upper heatmap as 
shaded dots: Black (“no”), white (“yes”), and gray (“unsure”). The 20 rows of the heatmaps correspond to the 20 experts, and the 50 columns to the 
50 cases. In cases where the expert answered “unsure,” EEG and neuroimaging (if available) data were provided and the expert was asked Question 
2: “Based on the clinical data, EEG, and neuroimaging (if available), do you think this patient has epilepsy?” (yes/no). The Question 2 panel 
displays the final diagnosis for each expert–case assessment. When Question 2 was not asked (because Question 1 was answered Low or High), the 
final diagnosis shown is the Question 1 decision; when Question 2 was asked, the final diagnosis shown is the Question 2 decision. Answer choices 
at this stage were limited to “yes” and “no.” Differences between answers to the same case from the same expert on the two occasions are shown in 
the right-hand panel, with black dots indicating that the answer given on occasion 1 differed from that on occasion 2. Rows are sorted by experts' 
tendency to answer “yes,” and columns by the tendency of cases to receive “yes” votes across the entire group of experts.
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more times (≥20% of cases). Additional consistency data 
is summarized in File S3.

3.4  |  Diagnostic accuracy

After question 1, the mean accuracy of experts relative 
to the clinical diagnosis across both occasions was 60% 
(50–70%), whereas for the final diagnosis (after question 
2), the mean accuracy was 71% (63–81%). There were no 
significant correlations between the accuracy of the final 
diagnosis and consistency (r = −.09; p = .72) or between 
accuracy and years in practice (r = .18; p = .46).

We also assessed diagnostic accuracy a second way, 
treating expert consensus with respect to the final di-
agnosis as truth. The two ways of defining the “true” 

diagnosis—clinical diagnosis and group consensus—
were moderately correlated (r = .55, p < .01) and matched 
in 39 of 50 cases (78%). After question 1, the mean ac-
curacy relative to group consensus was 64% (52–76%), 
whereas for the final diagnosis (considering questions 1 
and 2), the mean accuracy was 81% (72–91%). Accuracy 
of the final diagnosis was correlated with consistency 
(r = .46; p = .04) but not with years in practice (r = −.18; 
p = .45).

Accuracy related to the final diagnosis varied with case 
difficulty (Figure  S1). Considering the clinical diagnosis 
as truth, cases rated as easy and moderate per pre-study 
evaluation by the authors had a mean accuracy of 87%, 
whereas cases rated as difficult and very difficult had a 
mean accuracy of 56%. According to in-study rating by 
experts, averaged across both occasions, cases rated as 

F I G U R E  2   Expert agreement vs case difficulty. The panels show the percentage of experts answering “yes” to question 1 (A) and to 
question 2 (B), and the percent agreement (regardless of whether the answer is yes vs. not yes) for question 1 (C) and question 2 (D). Note that 
signal strength ranges from −4 to +4; magnitudes closest to zero represent difficult cases, whereas magnitudes closest to −4 or +4 represent 
easy non-epilepsy and easy epilepsy cases, respectively.
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easy had a mean accuracy of 92%, whereas cases rated 
as neither easy nor difficult had a mean accuracy of 64%. 
Accuracy metrics considering the group consensus as 
truth, and percent agreement stratified by case level diffi-
culty, are shown in Figure S1.

3.5  |  Effect of EEG and neuroimaging

Given that experts had the option to request further testing 
with EEG and neuroimaging, we also analyzed judgments 
according to how many times extra testing was requested. 
These data are elaborated on in File S3.

3.6  |  Noise analysis

For each of the two occasions, the analysis of variance 
on the 1000 judgments showed a high level of noise. A 
visualization of the decomposition into signal and noise 
components is provided in Figure S2, and the findings are 
summarized in Figure 3.

Figure 3 shows that the main effect of cases, the con-
sensus variation or “signal,” accounts for 66% of total vari-
ation for question 1, and 69% for the final diagnosis.* The 

 *In the Noise anaylsis section, “question 2” refers to the final diagnosis.

F I G U R E  3   Noise decomposition: Quantitative summary. Noise decomposition results are shown for question 1 (left), the decision of whether 
EEG and neuroimaging (if available) data was required (middle), and for question 2 (right). Note that question 2 refers to the final diagnosis. Noise 
is quantified by fitting normal distributions to the raw data from Figure S2 to estimate standard deviations, referred to as “signal" and “noise" levels. 
The stacked bar plots show the relative contributions of the signal and noise levels. S, signal; LN, level noise; PN, pattern noise; ON, occasion noise.
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remainder—34% of total variation for question 1, 31% for 
question 2—is system noise.

The main effect of expert diagnostic threshold (LN) ac-
counts for 23% and 5% of response variation for questions 
1 and 2, respectively. Pattern noise accounts for 10% of the 
response variation in question 1, and 24% for question 2. 
Occasion noise accounts for 1% of response variation for 
both questions 1 and 2. These findings suggest that most of 
the system noise initially derives from experts' differing level 
of willingness to make a diagnosis on the basis of history 
alone (LN), whereas after receiving test results, the total 
noise remains nearly the same (signal increased by just 3%) 
but derives primarily from experts' variable weighting of the 
available information (PN). Interestingly, despite the signifi-
cant observed rate of diagnostic flip-flopping between occa-
sions (22% for question 1, 16% for question 2; see Figure 1), 
occasion noise (ON) makes only a small contribution (1%) to 
the total variance. This suggests that most diagnostic rever-
sals occur in cases for which the level of signal is weak and/
or near that expert's point of equipoise, so that even small 
amounts of noise suffice. Figure 3 presents the same noise 
analysis for the decision to request further testing with EEG 
and neuroimaging.

Further analyses are presented in File S3 and Table S1.

4   |   DISCUSSION

We identified a remarkably high level of noise in expert 
diagnoses of epilepsy. The probability of two different ex-
perts making a different diagnosis for the same case was 
26%, and the probability of an expert making a different 
diagnosis for the same case on two different occasions 
was 16%. Noise accounted for one-third (31–34%) of the 
total variation across cases in experts' final diagnosis of a 
patient as having or not having epilepsy. These findings, 
however, should be interpreted considering study limita-
tions discussed below, most notably that the experimental 
design did not fully capture real-world clinical practice.

The finding that expert judgments are noisy is re-
markable, especially given the significant clinical re-
percussions that diagnostic inconsistency can have on 
patient care. However, noisy expert judgments are not 
unique to medicine. Within-expert noise (ON) has been 
documented in various fields. Professionals often con-
tradict their own previous judgments when presented 
with the same data on different occasions.3,10 When 22 
physicians evaluated coronary angiograms on two dif-
ferent occasions, they disagreed with themselves 63% to 
92% of the time.11 When software developers were asked 
on two separate days to estimate the completion time 
for a task, the hours they projected differed by 71% on 
average.12 Between-expert noise is likely even higher. 

In many tasks, experts' decisions exhibit significant 
unwanted variability: appraising real estate,13 valuing 
stocks,14 sentencing criminals,15,16 auditing financial 
statements,17 interpreting EEGs,18 and more.3 Clearly, 
professionals often make decisions that deviate substan-
tially from their peers, their own prior decisions, and 
from the rules that they themselves aim to follow.

Our study has limitations. First, all cases were first pre-
sentations, thus experts did not have access to longitudinal 
data, additional testing if needed (e.g., epilepsy monitoring 
unit evaluation or ambulatory EEG for capture of habitual 
suspected seizure(s)), or data from smartphone footage 
of patients' suspected seizure(s), which can be helpful.19 
Further, experts were asked to render a binary diagnosis 
of epilepsy vs. non-epilepsy, and they did not have the op-
tion to express uncertainty or, as noted above, to request 
additional tests such as video-EEG monitoring. However, 
acquiring additional information is often a lengthy pro-
cess and can involve referrals to other specialists, ancillary 
tests, and potentially trial and error with interventions. 
Additionally, even when the available information is in-
complete or otherwise unsatisfactory (as is typically the 
case on the first visit), clinicians still need to render a 
working diagnosis of epilepsy vs. non-epilepsy after every 
visit. Consequently, the process itself imposes diagnostic 
delay, and misdiagnoses in either direction impact patient 
safety, quality of life, and healthcare utilization.

Another possible limitation is that the case vignettes 
contained limited information. In face-to-face patient vis-
its, clinicians are free to obtain additional history. That 
said, it is possible that more information would have 
amplified noise.3 EEGs were presented as screenshots, 
which precluded experts from interacting with the EEG. 
Similarly, experts were not able to review neuroimages 
themselves as we only presented a text summary of im-
aging findings. This may be a limitation, although it is 
possible that reviewing imaging findings and “second 
guessing” the radiologist's findings may add noise to the 
diagnostic process.20

The specific noise decomposition percentages observed 
in the study likely reflect specific details of our study. The 
values, therefore, may not directly generalize to other clin-
ical scenarios. Replication studies will need to validate the 
relative contributions of signal and noise types in other 
contexts. Nonetheless, the methodological framework for 
decomposing diagnostic variability can be applied across 
different settings to quantify and qualify reliability as well 
as to identify improvement targets.

A further potential limitation is the deliberate design 
of our cohort. We aimed for equal representation of ep-
ilepsy and non-epilepsy cases, and an even distribution 
across difficulty levels. This approach was chosen over 
random selection to encompass the full spectrum of case 
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complexities encountered in a tertiary epilepsy center. 
Expert ratings, averaged across both occasions, classified 
74% (37/50) of cases as “neither easy nor difficult” (diffi-
culty level 3/5) and 26% (13/50) as “easy” (difficulty level 
2/5). However, this distribution may or may not represent 
the typical case mix any given epilepsy expert encounters. 
Informal post-study discussions revealed mixed opinions 
among experts: some felt the case mix was representative, 
while others perceived a higher proportion of difficult 
cases compared to their usual practice. Average case dif-
ficulty likely varies across clinics due to factors such as 
patient population, referral patterns, and other variables. 
Our findings (Figure  2) indicate that most noise arises 
from “difficult cases,” as expected. Consequently, the over-
all level of diagnostic noise may differ between centers 
and clinics based on their typical case complexity.

A final relative limitation is that our findings are pri-
marily based on mid-career to senior epileptologists. 
Examining decision-making patterns among trainees and 
early-career epileptologists may reveal different noise 
profiles. Such research would be valuable for both clin-
ical purposes and quality improvement initiatives—for 
instance, these data could inform targeted educational 
interventions for those early in their epilepsy training or 
clinical practice.

What prevents physicians from recognizing that their 
judgments are noisy? The answer lies in two familiar phe-
nomena: professionals tend to have high confidence in 
their own judgments and they hold their colleagues' capa-
bilities in high regard. This combination leads to an over-
estimation of agreement.

Why are the judgments of epilepsy experts so noisy? 
The ability to make highly reliable judgments can develop 
when professionals practice in a predictable environment 
with clear, immediate feedback (e.g., driving, professional 
sports, surgery). However, in many professions, includ-
ing neurology, professionals learn to make judgments by 
listening to mentors and colleagues explain and critique 
(apprenticeship)—a less reliable source of knowledge 
than learning from one's own mistakes. Prolonged experi-
ence on a job increases people's confidence in their judg-
ments, but in the absence of rapid feedback, confidence is 
no guarantee of either accuracy or consensus. Moreover, 
epilepsy specialists typically  diagnose epilepsy based on 
indirect information about paroxysmal events which they 
have not observed, and this information is often uncertain 
and thus inherently challenging to interpret.

How can we reduce noise in the diagnosis of epilepsy? 
One approach is to replace subjective human judgment with 
objective formal rules—algorithms—that use data about a 
case to produce a consistent prediction or a decision. There 
have been efforts to provide algorithms for the diagno-
sis of epilepsy,21–25 but more work remains to validate the 

algorithms and to compare them to human judgment. Based 
on our results considering the clinical diagnosis as truth, an 
algorithm that correctly diagnoses patients with epilepsy 
with greater than ~75% accuracy may be useful in clinical 
practice for evaluating patients with possible seizures.

Another approach is to adopt procedures that promote 
consistency by ensuring personnel in the same role use sim-
ilar methods to gather information, integrate it into a com-
prehensive view of the case, and translate that view into a 
decision. In this approach, judgments are structured into 
component parts. This takes the form of a scoring system, 
in which experts score each component separately, then 
mechanically combine the answers into an overall score.

Finally, in any approach adopted, judgment reliability 
can be improved by obtaining more information earlier 
in the diagnostic workup—particularly video-EEG mon-
itoring, or even smartphone footage, capturing patients' 
habitual seizure(s). While this is not always possible or 
practical (e.g., in resource-limited settings, or when sei-
zures occur infrequently), new EEG technology and ar-
tificial intelligence-assisted EEG analysis may make it 
possible to offer early video-EEG monitoring realistic to a 
wider range of patients. Early referral for video-EEG mon-
itoring is distinctly important for “difficult cases,” where 
expert reliability and accuracy are lowest.

Mitigating noise ultimately stands to help avoid epi-
lepsy misdiagnosis. This is paramount because misdiag-
noses have major negative consequences26,27 for patients 
and healthcare systems.26,28,29 The former include stigma, 
driving and employment restrictions, unnecessary inves-
tigations, inappropriate exposure to antiseizure medica-
tions (ASMs)26 and even neurostimulation devices,30 and 
failure to diagnose and address the actual etiology of pa-
tients' seizures.

We advocate development of validated diagnostic algo-
rithms and structured judgment protocols to standardize 
the evaluation process. In addition, our work suggests the 
need for improved methods of ascertaining the true diag-
nosis (“gold standard”) for future studies of epilepsy.
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Test Yourself

1.	 Which of the following subtypes of “noise” reflects an expert's tendency to over- or under-diagnose epilepsy 
relative to other experts?
A.	 Pattern noise
B.	 Level noise
C.	 Occasion noise
D.	 None of the above

2.	 Which of the following subtypes of “noise” reflects an expert's idiosyncratic but stable responses to specific 
case features?
A.	 Pattern noise
B.	 Level noise
C.	 Occasion noise
D.	 None of the above

3.	 Noise in the diagnosis of epilepsy by experts stems primarily from which subtype(s) of noise?
A.	 Pattern noise
B.	 Level noise
C.	 Occasion noise
D.	 None of the above

Answers may be found in the supporting information
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