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ABSTRACT​
​
Guillain-Barré syndrome (GBS) is a rare neurological disorder in which the immune system attacks the 
peripheral nervous system, which can cause paralysis and sometimes respiratory failure. Clinicians miss it 
over 51% of the time, and 16% of patients get the wrong diagnosis, leading to a delay in treatment up to 
63 days. AI symptom checkers generate ranked diagnoses from symptom inputs, but research shows they 
only correctly identify rare diseases 24.2% of the time. No study has tested AI tools on GBS detection 
against mimic conditions compared to human benchmarks. This study fills that gap. 

This study tested how accurately AI tools detect early-stage GBS using only symptom information, 
compared to published clinician misdiagnosis rates. 

60 vignettes were built from published case reports, 30 confirmed GBS and 30 non-GBS mimic cases, 
describing only early symptoms before any testing. All 60 were run through three tools: a custom ML 
model, WebMD Symptom Checker, and Isabel DDx. 

WebMD got zero out of 30 correct, a 0.0% sensitivity. Isabel DDx got 2 out of 30, a 6.7% sensitivity. The 
custom ML model got 17 out of 30, a 56.7% sensitivity, not statistically different from the human 
benchmark of 49%. However, custom ML incorrectly flagged GBS in 63.3% of non-GBS cases. All three 
tools scored AUC values at or below 0.5, meaning none performed better than random chance. 

Current AI symptom checkers cannot reliably detect GBS. The custom ML model shows promise but 
needs major specificity improvements before clinical use 
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INTRODUCTION AND LITERATURE REVIEW 

Introduction 

Every year, there are thousands of patients walking into the emergency rooms with symptoms like 
tingling in their feet, weakness spreading up their legs, and trouble walking. Many of these patients get 
sent home with the wrong diagnosis. For some of those patients sent home, the real condition is 
Guillain-Barré syndrome, which is also known as GBS. GBS is a rare but dangerous neurological disorder 
where the immune system attacks the peripheral nervous system, which is the network of nerves outside 
the brain and spinal cord that controls movement and feeling. GBS gets significantly worse very fast. In 
the worst cases, it can cause full paralysis and respiratory failure within a few days of the symptoms 
showing up. The two main treatments are intravenous immunoglobulin and plasmapheresis, which work 
best if they are given early. This means catching GBS fast and quickly is not just helpful but it is 
lifesaving (Leonhard et al., 2019). 

The main problem is that GBS gets missed constantly. Dubey et al. (2015) found that in 51% of GBS 
cases the emergency room doctors did not even consider GBS as a potential diagnosis when they were 
looking at the patient's symptoms. Gummi et al. (2018) found that 16% of GBS patients were given a 
completely wrong diagnosis, and the correct treatments were delayed from 3 to 63 days. Missing GBS at 
the first presentation is not a rare incident, but it is clearly a widespread and measurable problem which 
has real consequences for patients. 

AI symptom checkers are digital tools that get a list of symptoms as input and produce a list of possible 
diagnoses in a ranked list (Harada et al., 2024). These tools are becoming increasingly used by both 
patients and healthcare providers before any specialist sees the patient and before there are any lab tests 
ordered. This means that they work under the same exact conditions as frontline doctors at first 
presentation. It's worth noting that these consumer- and clinician-facing symptom checkers work 
differently from the custom machine learning model built for this study — symptom checkers match 
reported symptoms against a coded database to produce a ranked list, while a machine learning model is 
trained on labeled case data to statistically learn which symptom patterns point to a specific disease. If 
these AI tools can accurately recognize GBS from their symptoms alone, they would massively reduce the 
dangerous delays. A tool built specifically to learn GBS's symptom patterns, rather than match against a 
general database, may be one way to close that gap. However, there is a strong reason to believe that the 
current AI tools are not capable of reliably detecting GBS. This study investigates how accurately three 
diagnostic AI tools, a custom machine learning model, WebMD's symptom checker, and Isabel DDx 
detect the early stage of GBS from standardized symptom inputs, and then compares that performance to 
a published human clinical misdiagnosis rate. Based on the existing research, it is hypothesized that all 
three AI tools will show a low accuracy for detecting GBS, and they will perform significantly worse than 
human clinicians at initial presentation. 
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Body of Knowledge 

The human misdiagnosis problem and why it's hard to solve  

Research confirms that GBS misdiagnosis at first presentation is a consistent clinical problem, but the 
studies do not all tell the same story, and those differences matter. Dubey et al. (2015) found that when the 
emergency room doctors only had symptom information available, they did not even consider GBS in 
51% of the cases. In the big picture, Madden et al. (2024) found that only 25 to 30% of patients with GBS 
receive a correct diagnosis at their very first visit. These numbers look like they seem to contradict each 
other, as Dubey shows that doctors miss GBS about half the time, while Madden says that they get it right 
only a quarter of the time. The difference comes down to the way the study was designed, as Dubey 
measured if the doctor even thought about GBS as a potential diagnosis, while Madden measured if the 
doctor correctly wrote down the final diagnosis. Altogether these studies show that this is worse than the 
numbers alone suggest, as the clinicians often fail to even consider GBS, and even if they do, they still 
tend to give the wrong formal diagnosis. Gummi et al. (2018) showed the direct consequence of incorrect 
diagnosis leading to delaying the correct treatment from 3 to 63 days. 

Understanding why GBS is hard for humans to detect shows how AI tools are more likely to struggle with 
it even more. Leonhard et al. (2019) presents at least six distinct GBS variants which each have a different 
symptom profile. Classic GBS causes ascending motor weakness, which starts in the legs. The other 
variants cause only sensory symptoms, facial drooping, swallowing problems, or eye movement problems 
with no limb weakness at all. These variants look completely different from each other, and they also 
overlap with common conditions like multiple sclerosis and transverse myelitis, which makes it difficult 
to recognize GBS based on symptoms for even experienced clinicians. This symptom overlap is likely a 
major reason doctors fail to even consider GBS in the first place — its early presentation can look 
identical to far more common conditions, so it may not make it onto a clinician's list of possibilities at all. 

This matters for AI tools for a specific reason. Harada et al. (2024) showed that AI symptom checkers 
already perform significantly worse on rare diseases, getting a correct diagnosis in only 24.2% of rare 
disease cases. When comparing this to Leonhard et al.'s point that GBS comes in different variants, there 
is a bigger problem emerging. Atypical GBS variants are harder to identify as they face a double penalty 
when evaluated by AI. They are a rare presentation of a rare disease, which means that AI tools have less 
training data for GBS overall, and they have even less for variant forms that look least like textbook GBS. 
The variants that are hardest for doctors to detect are likely the hardest for AI to spot, and they include 
cranial nerve involvement, sensory-only symptoms, or pharyngeal-cervical-brachial patterns. Leonhard et 
al.'s (2019) list of GBS not only explains the different GBS types but also predicts what types AI will 
most likely miss or diagnose incorrectly.  
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What machine learning has and has not done for GBS? 

Earlier machine learning research on GBS is useful, but it still leaves an important question unanswered. 
This is what this study tries to answer. Canul-Reich et al. (2017) created the first machine learning model 
for GBS, but it only sorted different types of GBS in patients who were already confirmed to have GBS. 
Alarcón-Narváez et al. (2021) moved closer to this study approach by using symptoms to classify GBS, 
but their patients still included only confirmed GBS cases. Both of these studies show that machine 
learning is able to recognize patterns within confirmed GBS cases. However, they do not tell whether AI 
can tell GBS apart from other conditions that look similar. This matters because in a real clinical setting, 
the challenge is not just recognizing GBS after it's confirmed. The main challenge is to identify GBS 
among other possible diagnoses before confirmation. This is the gap this study directly addresses. 

Conclusion 

The current research shows three related problems. Clinicians often miss GBS when patients first come in 
with symptoms. This problem becomes clearer when the findings from Dubey et al. (2015), Madden et al. 
(2024), and Gummi et al. (2018) are considered together. AI tools already perform worse on rare diseases. 
Leonhard et al.'s (2019) classifications suggest that GBS cases hardest for clinicians to recognize will also 
be the hardest for AI. Earlier machine learning studies on GBS were not designed to answer the most 
important clinical question on whether AI can tell GBS apart from similar conditions before lab tests 
confirm anything. This study directly answers that question. It gives the first evidence of how well AI 
detects early GBS using only symptoms. This matters because recognizing GBS early could improve what 
happens to the patient. 

 
METHOD 

Research design 

This study uses a quantitative comparative diagnostic accuracy design. The main goal is to use data and 
statistics to see how accurately the three AI tools can detect GBS from symptoms alone. Then, it 
compares those results to published rates of how often human clinicians miss GBS the first time they see 
a patient. The only way to directly answer this question of whether AI tools perform better or worse than 
human clinicians is to collect numerical results and test both under the same controlled conditions, and 
then analyze the results using statistics. 

Step 1: Building the case set 

The study is based on 60 standardized clinical vignettes in which 30 are confirmed GBS cases, and 30 are 
non-GBS, mimic cases. A clinical vignette is a short description of a real patient that gives early 
symptoms, age, and sex, but it does not include diagnostic test results or final diagnosis. The vignettes 
were used instead of real patient cases because it makes sure every AI tool gets the same information and 
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testing conditions are identical for all. It allows the comparisons to be fair and lets others repeat the 
experiment to get similar results. 

All 60 vignettes were created using real published case reports. These case reports are found on PubMed, 
which is the National Library of Medicine's peer-reviewed medical database. Each GBS case report had 
the diagnosis be officially confirmed using at least one standard medical testing which included testing 
the cerebrospinal fluid, nerve conduction studies, and antibody tests. Each non-GBS mimic case report 
had a different confirmed disease and explained why the symptoms looked like GBS.   

This study used 30 real GBS cases, which included many different types of GBS, such as common leg 
weakness, sensory-only symptoms, face weakness, throat/neck/arm symptoms, Miller Fisher syndrome, 
and child cases. The 30 non-GBS mimic cases included transverse myelitis, arsenic poisoning, thiamine 
deficiency, and other conditions. These mimic cases were chosen on purpose because they look similar to 
early GBS. Each vignette only included the patient's early symptoms. These cases were made to be like a 
real life first doctor's visit.​ 

Step 2: The three instruments 

Instrument 1: Custom machine learning model. This tool was created specifically for this study by using 
a Naive Bayes supervised machine learning algorithm (Mitchell, 1997). Naive Bayes was selected for this 
because it works well for text-based symptom classification and performs reliably even with a small 
training dataset. This is an important consideration because of the limited number of published GBS case 
reports available. The model was trained using symptoms from real medical cases from PubMed, and 
each case was manually labeled as GBS or non-GBS before training. 

There is a limitation in this study because there weren't many case reports available, which meant the data 
couldn't be split into training and testing sets without making the training data too small to be useful. To 
avoid researcher bias, the vignettes from testing were different from the ones used to train the AI. Even 
though this is not a formal split, the training and testing data were kept separate in practice. There were no 
adjustments made to the model after testing began. This limitation is explained further in the Conclusion. 

Instrument 2: WebMD Symptom Checker. This is a free consumer-facing tool which is available at 
webmd.com (WebMD, 2024). The tool lets the user enter symptoms step by step and then gives a list of 
possible diagnoses based on those symptoms. For each case, the symptoms were entered exactly as 
written in the original case report using the symptom options the tool gave. 

Instrument 3: Isabel DDx. Isabel DDx is a clinical decision support tool that is used in hospital settings 
to assist with differential diagnosis (Isabel Healthcare, 2024). The tool lets you type symptoms in your 
own words (free text) and then gives a list of possible diagnoses. For each case, the free version of the 
tool was used, and the symptoms were typed exactly as written on the vignette. 

For each vignette entered into every tool, there were three data points recorded: whether GBS showed up 
in the results, where GBS was ranked, and what diagnosis was ranked first. Each of these vignettes was 
scored using a binary coding system. For confirmed GBS cases, a score of 1 was given if GBS was ranked 
as the first diagnosis and 0 if GBS was not ranked first. For non-GBS mimic cases, a score of 1 was given 
if GBS was not ranked as the first diagnosis and 0 if GBS was incorrectly ranked first. The top diagnosis 
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was used only because it matched real life. At the first doctor visit, doctors usually act on the diagnosis 
they think is most likely and not a diagnosis that is lower on the list. All data was recorded on a structured 
spreadsheet. 

​Step 3: Statistical analysis 

There were five statistical analyses that were performed. Analysis 1 created a confusion matrix for each of 
the AI tools and calculated the sensitivity, specificity, accuracy, positive predictive value, negative 
predictive value, F1 score, false negative rate, and false positive rate. Analysis 2 estimated the AUC by 
using the balanced accuracy formula: 0.5 × (sensitivity + specificity), where 1.0 means perfect, and 0.5 
means it is no better than random chance. Analysis 3 is a Fisher’s Exact Test, which compares the correct 
diagnosis rate between pairs of tools. Analysis 4 is a one-sample proportion z-test, which compares each 
tool's sensitivity to the 49% human clinical detection, which was reported by Dubey et al. (2015). 
Analysis 5 calculated the sensitivity again separately from classic and atypical GBS presentation to see if 
AI performance is different across presentation types. 

Every decision on how this study was done was chosen to help answer the research question directly. 
Using three tools, it makes the comparison fair. Comparing published human clinician benchmarks allows 
direct comparisons of AI vs human clinicians at the same stage.  

​
FINDINGS 

This study tested three AI tools, which included a custom model, WebMD Symptom Checker, and Isabel 
DDx. It was tested using 60 standardized clinical vignettes. Thirty cases had GBS, and the other thirty 
cases were not GBS, but looked similar. For each case, three data points were recorded: if GBS showed 
up at all, where GBS was ranked, and what was the first diagnosis listed. The results across all five 
analyses are shown below. 

Analysis 1 — Diagnostic Accuracy 

Custom ML detected GBS as its top diagnosis in 17 out of 30 true GBS cases, which gives it a sensitivity 
of 56.7%. However, it also incorrectly detected GBS in 19 out of 30 non-GBS mimic cases, which 
produces a specificity of 36.7% and a false positive rate of 63.3%. WebMD identified GBS in zero out of 
30 true GBS cases, giving a sensitivity of 0.0% and a false negative rate of 100% while correctly rejecting 
all 30 non-GBS mimic cases for a perfect specificity of 100%. Isabel DDx detected GBS in only 2 out of 
30 true GBS cases, which gives a sensitivity of 6.7% and a false negative rate of 93.3%, and a specificity 
of 80.0%. Although there are completely different error patterns, the overall accuracy for these tools was 
almost identical: Custom ML 46.7%, WebMD 50.0%, Isabel DDx 43.3%. F1 scores were 0.515, 0.000, 
and 0.105, respectively. 

Table 1: Confusion Matrix and Diagnostic Accuracy Metrics 
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Metric Custom ML WebMD Isabel DDx 

True Positives 17 0 2 

False Negatives 13 30 28 

True Negatives 11 30 24 

False Positives 19 0 6 

Sensitivity 56.70% 0.00% 6.70% 

Specificity 36.70% 100.00% 80.00% 

Overall Accuracy 46.70% 50.00% 43.30% 

False Negative Rate 43.30% 100.00% 93.30% 

False Positive Rate 63.30% 0.00% 20.00% 

F1 Score 0.515 0 0.105 
 
 
 

 

Figure 1 — Sensitivity (% of true GBS cases correctly identified). Custom ML correctly identified GBS 
as the top diagnosis far more often than WebMD or Isabel DDx, whose sensitivities remained close to 
zero. 
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Figure 2 — False Negative Rate (% of true GBS cases missed). WebMD missed every true GBS case, 
Isabel DDx missed nearly all of them, and Custom ML missed less than half — the inverse pattern of 
Figure 1. 

Analysis 2 — AUC Scores 

Custom ML scored 0.467, WebMD scored 0.500, and Isabel DDx scored 0.433. All three scores are at or 
below 0.5, which means that none performed better than random chance overall. 

Table 2: AUC Scores 

Tool AUC Score 

Custom ML 0.467 

WebMD 0.5 

Isabel DDx 0.433 

Analysis 3 — Fisher's Exact Test 

Custom ML vs. WebMD: p < 0.000001. Custom ML vs. Isabel DDx: p = 0.000054. WebMD vs. Isabel 
DDx: p = 0.491. The difference between WebMD and Isabel DDx was not statistically significant. 

Table 3: Fisher's Exact Test Pairwise Results 

Comparison P-Value 

Custom ML vs. WebMD < 0.000001 

Custom ML vs. Isabel DDx 0.000054 

WebMD vs. Isabel DDx 0.491 

Analysis 4 — Z-Test vs. Human Clinician Benchmark 
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Custom ML: z = 0.840, p = 0.401, which means it is not significantly different from the human clinician 
rate of 49%. WebMD: z = −5.369, p < 0.0001. Isabel DDx: z = −4.638, p < 0.0001. This means both 
WebMD and Isabel DDx performed significantly worse than human clinicians. 

Table 4: Z-Test Results 

Tool Sensitivity Z-Score P-Value 

Custom ML 56.70% 0.84 0.401 

WebMD 0.00% −5.369 < 0.0001 

Isabel DDx 6.70% −4.638 < 0.0001 

Analysis 5 — Subgroup Results 

Custom ML detected 2 out of 6 classic cases (33.3%) and 15 out of 24 atypical cases (62.5%). 
WebMD detected zero in both of these subgroups. Isabel DDx detected zero classic cases and 2 out of 24 
atypical cases (8.3%). 

Table 5: Subgroup Sensitivity Results 

Tool Classic GBS (n=6) Atypical GBS (n=24) 

Custom ML 33.3% (2/6) 62.5% (15/24) 

WebMD 0.0% (0/6) 0.0% (0/24) 

Isabel DDx 0.0% (0/6) 8.3% (2/24) 
 
 
ANALYSIS AND DISCUSSION  
 
Connection to the research question 
 
When tested on 60 standardized clinical vignettes, none of the three AI tools were accurate enough to be 
trusted clinically for diagnosing GBS. However, each AI tool failed in completely different ways. 
Figuring out how each tool failed differently is the most important finding of this study. 
 
Finding 1 — Custom ML matched human clinicians but still failed clinically 
 
The Custom ML detected GBS in 56.7% of real GBS cases. The z-test showed that the difference was not 
big enough to prove AI was better or worse from the 49% human clinicians' detection rate (z = 0.840, p = 
0.401). This means that the custom ML performed about the same as a frontline emergency doctor using 
only symptoms. This result matters because it shows that a machine learning model can reach 
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human-level sensitivity for rare diseases like GBS. This is a meaningful result on its own. Custom ML 
detected more than eight times as many true GBS cases as Isabel DDx, and it detected far more cases than 
WebMD, which found zero. This shows that a model trained specifically on GBS symptom data can beat 
general-purpose diagnostic AI tools, even with a small training set.  
 
However, Custom ML at the same time produced a false positive rate of 63.3% on non-GBS, mimic 
cases. This means that it wrongly flagged GBS in about two out of three people who didn't have it. Even 
though it catches GBS as comparable to the ER doctors, it gives too many false alarms, which makes it 
not safe for real-world use. The reason behind this specificity gap, and what it suggests about how to 
improve the model going forward, is explored in Finding 4 below. These findings also showed that all 
three tools had an overall accuracy score between 43.3% and 50% despite the completely different errors 
made. This proves that looking at overall accuracy alone is misleading, especially for rare diseases. It is 
necessary to look at sensitivity and specificity separately. 
 
Finding 2 — WebMD completely failed to recognize GBS 
 
WebMD identified GBS in zero out of 30 true GBS cases with a sensitivity of 0.0% and a false negative 
rate of 100%. In 20 out of 30 GBS cases, WebMD gave the wrong diagnosis of multiple sclerosis instead. 
This shows that WebMD's system does not properly recognize GBS which directly supports Harada et 
al.'s (2024) finding that AI tools underperform on uncommon diseases. A patient who uses WebMD with 
early GBS symptoms would get no warning about GBS, which would lead to a delay in getting urgent 
care. This weakness is likely not unique to GBS. Consumer symptom checkers like WebMD are generally 
built around recognizing common conditions, so any rare disease with a similarly nonspecific early 
presentation would likely be missed by WebMD in the same way. 
 
 
 
Finding 3 — Isabel DDx showed minimal GBS recognition 
 
Isabel identified GBS in only 2 out of 30 true GBS cases. It had a sensitivity of 6.7% and a false negative 
rate of 93.3%. While Isabel showed better specificity than Custom ML at 80.0%, because Isabel missed 
almost all real GBS cases, it is not reliable for detecting GBS. This pattern is also likely not specific to 
GBS. Isabel's high specificity suggests the tool is generally cautious about surfacing rare diagnoses, 
which would likely produce the same low sensitivity for other uncommon conditions with overlapping, 
non-specific symptoms. 
 
Finding 4 — The atypical subgroup result reveals a specific pattern in the model's failures 
 
The Custom ML performed better on atypical cases than classic ones. It identified 62.5% of atypical 
cases, but only 33.3% of classic ones, which gives a difference of 29.2 percentage points. This directly 
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contradicts what the literature would predict because atypical cases are supposed to be harder to recognize 
and detect and not easier. 
 
Looking at Table A1 shows a clear pattern in the model's mistakes. The classic GBS cases Custom ML 
missed included GBS-01, GBS-02, GBS-04, and GBS-05 which all had similar symptoms. These 
symptoms were weakness or tingling on both sides of the body, starting in the leg and moving upward, 
without face or head nerve symptoms. This is the classic and most common form of GBS. The model kept 
consistently misclassifying these as radiculopathy or small fiber neuropathy, which are conditions that 
also cause limb-based sensory symptoms. This shows that AI could not tell classic GBS apart from other 
diseases with similar leg/limb symptoms. 
 
Unlike the classic cases it missed, the custom ML correctly identifies the atypical GBS cases right when 
they involve face, throat, or head/neck nerve symptoms. These symptoms include face weakness, trouble 
speaking, trouble swallowing, and throat symptoms. Cases GBS-19, GBS-20, GBS-22, GBS-23, GBS-24, 
GBS-27, GBS-28, GBS-29, GBS-31, GBS-32, GBS-33, GBS-35, and GBS-36 are all cases the model 
correctly marked as GBS. Almost all of these cases had symptoms in the face, throat, or head/neck area. 
This did not happen randomly. The AI learned to connect face and throat symptoms with GBS better than 
it learned the classic leg weakness spreading upward pattern. 
 
The AI's mistake matches what Leonhard et al. (2019) describes in their classification of GBS types. 
Leonhard et al. (2019) describes classic AIDP as the most common type of GBS subtype, where weakness 
starts in the legs and moves up. Unusual variants that involve the cranial nerves are rarer, but they are 
easier to recognize. The model got these unusual variant cases right more often. This was because those 
symptoms stood out clearly, so the AI was able to learn them well. The common symptoms look like 
other diseases, which makes the AI get confused. The model is able to understand the rare features better 
than the common ones. This is a problem, as clinically useful tools should be able to accurately detect the 
common form first. This pattern also helps explain why Custom ML's overall sensitivity landed so close 
to the human clinician benchmark. Dubey et al. (2015) found that clinicians often fail to even consider 
GBS when its presentation overlaps with more common conditions, and Custom ML struggled with that 
same overlapping, classic presentation. This means the model and human clinicians got similar numbers 
by failing in similar places, not by succeeding in similar places. This shows where the model needs to 
improve. 
 
This finding gives a research based way to improve future AI models. Future GBS AI models should be 
trained on many classic GBS cases where weakness starts in the leg and moves upward. The model 
should also include mimic conditions that have similar limb based symptoms. Examples of these mimic 
conditions are radiculopathy, peripheral neuropathy, and transverse myelitis. These mimic conditions 
should be used to teach the AI: "This is not GBS." 
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​
​
Overall significance 
 
The hypothesis is that all three AI tools would perform significantly worse than human clinicians. This 
prediction was partially supported. WebMD and Isabel did significantly worse than the human clinicians. 
But the Custom ML was not clearly worse than clinicians. This study fills the gap identified by 
Canul-Reich et al. (2017), Alarcón-Narváez et al. (2021), and Harada et al. (2024). It is the first study to 
directly test how well AI detected early GBS compared with mimic conditions. Taken together, these 
results show that a disease-specific model, even one trained on a very limited dataset, can already 
outperform general-purpose diagnostic AI tools at detecting a rare disease like GBS. This gives a proof of 
concept for the approach this study set out to test.​
 

CONCLUSION 

Value and importance of this study 

There are no AI tools that were tested in this study that achieved clinically reliable diagnostic 
performance for GBS. WebMD completely failed as it detected zero GBS cases across all 30 true GBS 
vignettes. Isabel DDx detected only 2 out of 30 cases. Custom ML is the only one that performed the best 
by detecting GBS in 17 out of 30 cases, which matches human clinician sensitivity statistically, but 
generated false positives on 63.3% of non-GBS, mimic cases which ultimately makes it unreliable in its 
current form. 

This research introduces entirely new findings to the field of medical AI. For the first time, a study has 
tested how well AI symptom checkers detect Guillain-Barré syndrome (GBS) when faced with conditions 
that mimic its symptoms. Furthermore, this is the first research to measure these AI results against the 
actual performance standards of human doctors. Canul-Reich et al. (2017) confirmed that no previous 
machine learning research had ever attempted to classify GBS. Alarcón-Narváez et al. (2021) used 
machine learning to classify GBS symptoms, but only in patients who were already diagnosed. Harada et 
al. (2024) proved that AI tools generally struggle with rare diseases and argued for more specific research. 

Limitations 

First, this study used standardized vignettes instead of real patients. But, in real life, diagnosis is more 
complex because doctors ask follow up questions, examine the patient, and observe changes over time. 
These results show how the AI performs in a controlled condition and not in a real-world practice. 

Second, the human clinician benchmark this study used Dubey et al. (2015) and Gummi et al. (2018), who 
measured frontline emergency room physicians and not the neurologists. Neurologists are more likely to 
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do better at diagnosing GBS. However, there is no published data showing how well neurologists can 
diagnose GBS using only early symptoms. 

Third, the custom ML model was trained on published case reports and not a large real-world clinical 
dataset. These published case reports had unusual presentations, which explains why the model performed 
better on the atypical cases than the classic ones. 

Fourth, the classic GBS subgroup only contained six cases, which makes it too small to draw firm 
conclusions. Future studies are needed with larger classic case samples to confirm the pattern observed. 

Fifth, WebMD and Isabel DDx are commercial platforms that get regular updates. These results reflect 
their performance at the specific time of this testing only. 

Sixth, the case reports used to build the vignettes were not evaluated for demographic balance across age, 
race, or ethnicity. If the published GBS and mimic case reports available on PubMed skew toward certain 
age groups or populations, the symptom patterns the model learned from may not generalize evenly 
across all patients, and this could introduce bias into how well the tool performs for groups that were 
underrepresented in the source case reports. 

Impact on the field 

For patients, this study shows them that using a consumer AI symptom checker to check for possible 
signs of GBS is not going to produce a useful result. WebMD failed to detect GBS in every single one of 
the 30 true cases tested. Instead, it suggested multiple sclerosis in 20 of them. This means that consumer 
AI symptom checkers should not be used as a first response tool for neurological symptoms that arise 
over hours or days. Additionally, patient education materials should communicate that progressive 
weakness or sensory loss needs immediate emergency evaluation, even if the AI tools suggest something 
else. 

For clinicians and healthcare system designers, this study provides the first quantitative evidence that AI 
symptom checkers can actively mislead patients before they even reach clinical care. Based on this study's 
result, a GBS screening tool needs to achieve a specificity of at least 80%, which is the level Isabel DDx 
reached on the non-GBS, mimic rejection, while at the same time achieving sensitivity above the 49% 
human clinician baseline, before it could meaningfully improve on the current standard of care. 

Future research 

Future studies should build and test a GBS-specific AI machine learning model by using a lot of real 
patient data. This model should be trained on thousands of real GBS cases, many non-GBS diseases that 
look like GBS, and both atypical and classic GBS symptoms. This would help address the specificity 
problem this study identified. This study also sets a goal for future models to have a sensitivity above 
49% and a specificity above 80%. Any future model must be able to beat both numbers at the same time 
to show it is a real improvement. 
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Future studies should focus on testing the AI tool using real patients in hospital settings. For example, 
when patients come to the emergency room with early symptoms, the AI tool should be used at the same 
time as doctors. This would allow a direct comparison between AI and doctors. Fixing this gap is the most 
important next step to enable the precision of the tool in order to reduce misdiagnosis. 

Until access to a larger, real-world patient dataset becomes available, there are still concrete steps that 
could improve the Custom ML model with the data already on hand. Additional published case reports of 
classic ascending GBS could be manually collected and added to the training set to directly target the 
specificity problem identified in Finding 4. The model could also be retrained with a wider range of 
mimic conditions that share leg and limb symptoms, such as radiculopathy, peripheral neuropathy, and 
transverse myelitis, so it learns what GBS is not just as much as what it is. Beyond adding more data, the 
underlying Naive Bayes approach itself could be reexamined — testing whether a different classification 
method handles the imbalance between classic and atypical symptom patterns better, since the current 
false positive rate suggests the model may be overweighting distinctive symptoms like facial or throat 
involvement at the expense of the more common leg-weakness pattern. 

A future study could also test Custom ML, WebMD, and Isabel DDx against a small group of human 
clinicians recruited specifically for this purpose. Clinicians could be given the same 60 vignettes used in 
this study and asked to rank their differential diagnoses the same way the AI tools did, without access to 
lab results or imaging. This would allow a direct, matched comparison between the AI tools and 
practicing clinicians on the exact same cases, rather than relying on published misdiagnosis rates from 
separate patient populations as this study did. 
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APPENDIX 
Appendix A — Full Raw Data Spreadsheet: GBS Cases 
Table A1: GBS Cases — Full Raw Data 
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1 = correctly identified GBS as top diagnosis | 0 = did not identify GBS 
 
 
Appendix B — Full Raw Data Spreadsheet: Mimic Cases 
Table B1: Non-GBS Mimic Cases — Full Raw Data 
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1 = correctly did NOT say GBS | 0 = incorrectly said GBS for a non-GBS case 

Appendix C — Full Statistical Formulas 
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C1 — Sensitivity Sensitivity = TP ÷ (TP + FN) 

●​ Custom ML: 17 ÷ 30 = 0.567 = 56.7% 
●​ WebMD: 0 ÷ 30 = 0.0% 
●​ Isabel DDx: 2 ÷ 30 = 0.067 = 6.7% 

C2 — Specificity Specificity = TN ÷ (TN + FP) 

●​ Custom ML: 11 ÷ 30 = 0.367 = 36.7% 
●​ WebMD: 30 ÷ 30 = 1.000 = 100.0% 
●​ Isabel DDx: 24 ÷ 30 = 0.800 = 80.0% 

C3 — Accuracy Accuracy = (TP + TN) ÷ (TP + FN + TN + FP) 

●​ Custom ML: 28 ÷ 60 = 0.467 = 46.7% 
●​ WebMD: 30 ÷ 60 = 0.500 = 50.0% 
●​ Isabel DDx: 26 ÷ 60 = 0.433 = 43.3% 

C4 — Positive Predictive Value (PPV) PPV = TP ÷ (TP + FP) 

●​ Custom ML: 17 ÷ 36 = 0.472 = 47.2% 
●​ WebMD: Undefined (no positive predictions made) = reported as 0.0% 
●​ Isabel DDx: 2 ÷ 8 = 0.250 = 25.0% 

C5 — Negative Predictive Value (NPV) NPV = TN ÷ (TN + FN) 

●​ Custom ML: 11 ÷ 24 = 0.458 = 45.8% 
●​ WebMD: 30 ÷ 60 = 0.500 = 50.0% 
●​ Isabel DDx: 24 ÷ 52 = 0.462 = 46.2% 

C6 — F1 Score F1 = (2 × TP) ÷ (2 × TP + FP + FN) 

●​ Custom ML: 34 ÷ 66 = 0.515 
●​ WebMD: 0 ÷ 30 = 0.000 
●​ Isabel DDx: 4 ÷ 38 = 0.105 

C7 — False Negative Rate FNR = FN ÷ (FN + TP) 

●​ Custom ML: 13 ÷ 30 = 0.433 = 43.3% 
●​ WebMD: 30 ÷ 30 = 1.000 = 100.0% 
●​ Isabel DDx: 28 ÷ 30 = 0.933 = 93.3% 

C8 — False Positive Rate FPR = FP ÷ (FP + TN) 
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●​ Custom ML: 19 ÷ 30 = 0.633 = 63.3% 
●​ WebMD: 0 ÷ 30 = 0.000 = 0.0% 
●​ Isabel DDx: 6 ÷ 30 = 0.200 = 20.0% 

C9 — AUC (Balanced Accuracy Estimate) AUC = 0.5 × (Sensitivity + Specificity) 

●​ Custom ML: 0.5 × (0.567 + 0.367) = 0.467 
●​ WebMD: 0.5 × (0.000 + 1.000) = 0.500 
●​ Isabel DDx: 0.5 × (0.067 + 0.800) = 0.433 

C10 — One-Sample Proportion Z-Test z = (p̂ − p₀) ÷ √(p₀ × (1 − p₀) ÷ n) Standard Error = √(0.49 × 
0.51 ÷ 30) = √0.00833 = 0.0913 

●​ Custom ML: z = (0.567 − 0.49) ÷ 0.0913 = 0.840 → p = 0.401 
●​ WebMD: z = (0.000 − 0.49) ÷ 0.0913 = −5.369 → p < 0.0001 
●​ Isabel DDx: z = (0.067 − 0.49) ÷ 0.0913 = −4.638 → p < 0.0001 

C11 — Fisher's Exact Test Contingency Tables 

Custom ML vs. WebMD on GBS sensitivity: [[17, 13], [0, 30]] → p < 0.000001 

Custom ML vs. Isabel DDx on GBS sensitivity: [[17, 13], [2, 28]] → p = 0.000054 

WebMD vs. Isabel DDx on GBS sensitivity: [[0, 30], [2, 28]] → p = 0.491525 

C12 — Subgroup Sensitivity Subgroup Sensitivity = correct detections in subgroup ÷ total cases in 
subgroup 

●​ Custom ML classic (n=6): 2 ÷ 6 = 33.3% 
●​ Custom ML atypical (n=24): 15 ÷ 24 = 62.5% 
●​ Isabel DDx classic: 0 ÷ 6 = 0.0% 
●​ Isabel DDx atypical: 2 ÷ 24 = 8.3% 
●​ WebMD classic and atypical: 0.0% both 
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Appendix D — Sample Vignette Format 

This is an example of exactly how each clinical vignette was written before being entered into each AI 
tool. This shows the standardized format used for all 60 cases. 

Sample Vignette — GBS-36 

Patient: 26-year-old male. Early symptoms: Hoarse voice, difficulty swallowing, paresthesia in hands and 
feet following a recent diarrheal illness. No lab results, no imaging, no confirmatory testing included 

The vignette was entered into each AI tool as exactly shown above. The tools' top diagnosis and the 
position it was ranked in GBS in the output were recorded. 

Appendix E — Confusion Matrix Summary Table 

Table E1: Confusion Matrix for All Three Tools (n=60) 

 Custom ML WebMD Isabel DDx 

True Positives (TP) 17 0 2 

False Negatives (FN) 13 30 28 

True Negatives (TN) 11 30 24 

False Positives (FP) 19 0 6 

Total Cases 60 60 60 
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	​FINDINGS 
	This study tested three AI tools, which included a custom model, WebMD Symptom Checker, and Isabel DDx. It was tested using 60 standardized clinical vignettes. Thirty cases had GBS, and the other thirty cases were not GBS, but looked similar. For each case, three data points were recorded: if GBS showed up at all, where GBS was ranked, and what was the first diagnosis listed. The results across all five analyses are shown below. 
	Analysis 2 — AUC Scores 
	Custom ML scored 0.467, WebMD scored 0.500, and Isabel DDx scored 0.433. All three scores are at or below 0.5, which means that none performed better than random chance overall. 
	Analysis 3 — Fisher's Exact Test 
	Analysis 4 — Z-Test vs. Human Clinician Benchmark 
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