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To identify the top 10 correlated genes based on the given phenotype terms, we can utilize
I'm not a medical professional, and providing a list of possible genes to test for a specific the knowledge trained on the GPT-3.5 model. However, it's important to note that GPT-35 is

phenotype is a complex task that requires expertise in genetics and a detailed analysis of e Y S Sy
Therefore, the results provided should be considered as hypothetical and not based on real-

the patient’s medical history, family history, and genetic testing results. Additionally, the list time data or clinical expertise. Additionally, without a description or specific disease context,

of genes to test can vary depending on the specific clinical presentation and other factors. tie comelation anelysis may.not scourstaly retiect the underying generia factoe:
Nevertheless, based on the information provided, here are ten hypothetical genes that could

be associated with the given phenotype terms:
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specific patient information and expertise beyond my capabilities. Please seek professional ' GENET
medical advice for a comprehensive evaluation and genetic testing recommendations. .. GENES
). GENE9
). GENE10

Figure S1. Examples illustrate two instances of GPT responses where the tasks were
incomplete. Examples were shown using the ChatGPT user interface. In the left panel,
GPT declines to provide prediction results. In the right panel, GPT-3.5 fabricates prediction
genes as “GENE 17, “GENE 27, and “GENE 3.



As an Al language model, | don't have real-time access to databases, including PubMed.
However, based on my training data up to September 2021, 1 can provide a list of five genes
that have been associated with some of the phenotypes mentioned in the patient’s
description. Please note that this is not a definitive diagnostic list, and a qualified medical
professional should interpret the results and conduct proper genetic testing for a precise
diagnosis.

The top five genes to consider testing based on the patient’s phenotype description are:

SPTB (Spectrin Beta, Erythrocytic) - Associated with Spherocytosis.
SCN1A (Sodium Voltage-Gated Channe! Alpha Subunit 1) - Associated with Seizures.

3. CLN2 (Ceroid-Lipofuscinosis, Neuronal 2) - Associated with Developmental Regression,

Memory Impairment, and Visual Impairment.

4. GAA (Glucosidase, Alpha Acid) - Associated with Muscle Weakness (Glycogen Storage

Disease Type II, Pompe Disease).

5. DYXIC1 (Dyslexia Susceptibility 1 Candidate 1) - Associated with Specific Learning

Disabilities.

As an Al language model, | don't have real-time access to databases or scientific journals like
PubMed beyond my last update in September 2021, However, based on the information
available up to that point, | can suggest a list of five possible genes to test for the given
phenotype:

1. ANK1(Ankyrin 1) - Mutations in this gene have been associated with hereditary

spherocytosis, a condition characterized by spherocytosis and joint swelling.

2. SCN1A (Sodium Voitage-Gated Channel Alpha Subunit 1) - Mutations in this gene have been

linked to seizure disorders, such as Dravet syndrome, which can involve developmental
regression.

3. OPA1(Optic Atrophy 1) - Mutations in this gene have been associated with reduced visual

acuity and can lead to optic atrophy.

4. ATP1A3 (ATPase Na+/K+ Transporting Subunit Alpha 3) - Mutations in this gene are linked

to various neurological ¢ including d

P | regression, seizures, and
muscle weakness, as seen in alternating hemiplegia of childhood.

. DYXIC1 (Dyslexsa Susceptibility 1 Candidate 1) - Mutations in this gene have been

associated with specific learning disabilities, including dyslexia.

Figure S2. Examples of two instances of GPT responses indicating the correct or incorrect
gene prediction for an individual whose final diagnosed gene is ANKI. Examples were
shown using the ChatGPT user interface. In the left panel, ANK] is not present, indicating a

wrong prediction. In the right panel, GPT provided a gene list containing ANK!, indicating a
correct prediction.



As an Al language model, | can provide general information and insights, but | do not have
access to real-time patient data or the ability to diagnose specific medical conditions.
However, | can give you an example of how you might approach finding correlated genes
based on phenotype terms, Please note that this is a hypothetical scenario and should not
be used as a substitute for professional medical advice.

To identify correlated genes based on phenotype terms, you can utilize various
bicinformatics and genomics tools that analyze gene expression data and phenotype
associations. One commonly used approach is to perform gene set enrichment analysis
(GSEA) or pathway analysis to identify gene sets that are significantly associated with the
given phenotypes. These gene sets can then be used to identify the specific genes that are
correlated with the phenotypes

Without access to a real-time database, | can't provide you with a list of the top 50 correlated
g@enes for the given phenotype terms. However, | can explain the general process you might
follow to identify correlated genes:

Compile a list of genes associated with each phenotype term: Start by collecting a list of
genes that have been

with each term. This information

can be from various

, literature reviews, or online resources that catalog
gene-phenotype associations

Combine the gene lists: Merge the gene lists obtained from each phenotype term to create
a comprehensive list of genes associated with any of the given phenotypes. This will
capture the genes that are potentially correlated with the overall phenotype presentation
Perform gene set enrichment analysis: Utilize a bioinformatics tool or software that
performs gene set enrichment analysis to identify gene sets or pathways that are
significantly enriched among the compiled gene list. This analysis will help identify specific
biological processes or pathways that are related to the given phenotypes

Identify correlated genes: From the enriched gene sets or pathways, extract the individual
@enes that are contributing to the enrichment signal. These genes are likely to be

correlated with the given ana may c genos

inthe o

for the confusion, but a3 an Al language model, | Gon't have real-time access to
Gatabases or the ability to perform direct correlations between phenotype terms and genes

However, | can provide you with some general about genes with the
givan phenctype terms. It's important to note that the relationship between phenctype

terms and genes i3 complax and often involves multiple genes interacting with each othar.
Here are 30me genes that have been associated with the provided phenotype terma

OPA1 (Optic Atrophy T
2. GJB2 (Gap Junction Protein Beta 2
GJBE (Gap Junction Protein Beta 6)
4. SLC26AS (Solute Carrier Family 26 Member 4)
5. POUSFA (POU Class 3 Homeobox <)
& EYAI(EYAT o c
SHOX (Short Stature Homeobox)
USHIC (Usher Syndromae 1C)
USH2A (Usher Syndrome 2A)
MYOT7A (Myosin VIIA)
DFNE31 (Deafness, Autosomal Receasive 31)
12 DFNBS9 (Deafness, Autosomal Recessive 59)
13 DFNAS (Deafness, Autosomal Dominant 5)
GPR28 (G Protein-Coupled Receptor 98)
15 POZO7 (POZ Domain Containing 7)
6. STRC (Stereocilin)
7. TECTA (Tectorin Alpha)
38 TECTE (Tactorin Beta)
TIP2 (Tight Junction Protein 2)
TMIE (Transmembrane inner Ear)

and

Please note that this i3 not an exhaustive list, and there could be additional genes associated
With the provided phenctypa terms. A COmpPrahenane anal3i3 would reQuUIre More 3IPecific
information about the patient, 3uch a3 genetic testing results or a detailed medica

Juat: "

0. [ would with a medical professional or geneticist who can

provide a more accurate assessment based on the patient's individual case

Figure S3. Examples of two instances of GPT responses that do not adhere to the required
output structure. Examples were shown using the ChatGPT user interface. In the left panel,
GPT did not provide a gene list nor 'Not Applicable' explicitly. In the right panel, although GPT
generated a gene list, the format did not align with the required comma-separated gene list. A
compliant result should consist of a gene list with the exact number of genes requested in the
prompt, such as [OPA1, GJB2, GJB6, ...], or generate ‘Not Applicable’.
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Figure S4. Overall accuracy rate for GPT-3.5 and GPT-4 models across different datasets
categorized by collection periods and gene types. Overall accuracy rate performance for

overlapping genes using datasets collected at various times. Error bars represent standard
deviation. BLUE: GPT-3.5; ORANGE: GPT-4.



Supplemental Tables



Table S1. Bias analysis for the genes in the diagnosed pools across different models. The

odds ratio (OR) is calculated as %, where E; is the expected count of responses with the gene
l

i predicted, and O; is the observed count of responses with the gene i predicted.
Furthermore, E; is calculated as the M X % , where M =Y, 0; is the total count of (non-

unique) genes that appeared in all responses, k; is the count of responses should have
predicted k;, and K = ),; k; is the total count of responses. M and K are the same for all
genes in a single LLM model. A high odds ratio indicates the LLMs’ high tendency to predict
a certain gene.



Table S2. Evaluation results of the LLM’s performance in making top 10 accurate gene
predictions task. The table shows the average accuracy rates with their 95% confidence
intervals (Cls) based on a bootstrap approach with replacement over 100 iterations. The
accuracy rates are calculated for various prompt types and input types.

Factor GPT-4 GPT-3.5 Llama2-7b- Llama2-13b- Llama2-70b-
chat chat chat
95% 95%
10011.86 CIL:
Original | 159 Yo | 2049 | 1.50% - - ;
o 15.90% -
3.11%
95% CI: 95%
Original 413 12.56% - CIL:
riginal + . 16.31% 0 3.14%
Role % 4.49% ’ - - -
5.60%
Prompt
s 95% CI: 95%
Original + 14.1 111'8230/5 B géll"
Instructio % 3 6.23% 8.56% 6. } % - - -
n 10.13
%
95% CI: 95% 95% 95% 95%
Original + 11.41% - CIL: CIL: CIL: CIL:
Role + 13.88 15.66% 10.14 8.42% 4.66 3.61 6.57 5.26 6.15 4.82
Instructio % % - % % - % % - % % -
n 11.90 5.81 7.99 7.19
% % % %
95% CI: 95% 95% 95% 95%
13.82% - CIL CI: CI: CIL
HPO 14.89 16.09% 6.19% 5.24% 4.71 3.14 6.64 5.06 7.13 4.92
Concept % ’ - % % - % % - % % -
6.98% 6.27 8.10 8.82
Input % % %
Type 95% CI: 95% 95% 95% 95%
9.74% - CL: CIL: CIL: CL:
0, 0,
Free Text 110237 13.94% 6.73% 5.1_9A) 42)/503 %/018 6(.;(1)0 3%7_9 4(.)20 {%8?
8.03% 6.54 8.52 5.98
% % %




Table S3. Evaluation results of the LLM’s performance in making top 10 accurate gene
predictions task among completed experiments. The table shows the average accuracy rates
with their 95% confidence intervals (Cls) based on a bootstrap approach with replacement over
100 iterations. The accuracy rates are calculated for various prompt types and input types.

Factor GPT-4 GPT-3.5 Llama2-7b- Llama2-13b- Llama2-70b-
chat chat chat
95% 95%
CL: CL:
0, 0,
Original | 1587 | L8907 50, | 472% - - -
16.04 9.62%
%
95% 95%
CL: CL:
Original + | 14.51 12.44 o 5.22%
Role % | - | 1% - - -
16.66 8.87%
Prompt %
s 95% 95%
.. CL: CL:
?lf;tgrl;ﬁ; 1417 | 11.65% | 1045 | 8.66% ) ) )
N % - % -
15.94 12.35
% %
95% 95% 95% 95% 95%
Original + CL: CL: CIL: CL: CL:
Role + 13.93 12.02 10.21 8.34% 5.34 391 7.15 5.46 7.46 5.66%
Instructio % % - % - % % - % % - % -
n 15.80 11.84% 6.91 8.53 9.15%
% % %
95% 95% 95% 95% 95%
CL: CL: CL: CL: CL:
HPO 15.06 13.64 9.53% 83%- | 541 3.52 7.41 5.63 8.21 5.92%
Concept % % - ' 10.81 % % - % % - % -
16.33 % 6.96 9.25 10.06
Input % % % %
Type 95% 95% 95% 95% 95%
CL: CL: CIL: CL: CL:
V) 0,
Free Text 120)?0 1((;;3_3 8.71% 6,8_2A> 5(.y200 %/:14 6(.21 3%9_7 5(.]29 1.4_8A>
13.38 10.22 8.03 8.83 8.05%
% % % %




Table S4. Evaluation results of the LLM’s performance in making top 50 accurate gene
predictions task. The table shows the average accuracy rates with their 95% confidence
intervals (Cls) based on a bootstrap approach with replacement over 100 iterations. The
accuracy rates are calculated for various prompt types and input types.

Factor GPT-4 GPT-3.5 Llalzllilltﬁb- Llan;zi—tmb- Llancli:i;mb_
95% 95%
CL: CIL:
Original | 15.46% | 12-87% | 2419 | 1.64%
17.64% 3.55%
95% 95%
o CL: CL:
0“5;?:“ 16.38% | 13:37% | 10.89% | 8:90%
18.17% 12.79%
Prompts 95% 95%
o CI: CI:
123%&2?1102 15.71% | 1331% | 11319 | 9-52%
17.64% 13.20%
95% 95% 95% 95% 95%
Original + CL , CL , CI:0 CI:0 CI:0
Role+ | 17.04% | 14:89% | 1530% | 13-00% | 25805 | 1.75% | 4.66% | 3-61% | 6.65% | 5-09%
Instruction R R - § B
19.21% 16.85% 3.45% 6.02% 8.01%
95% 95% 95% 95% 95%
CL: CL: CL: CL CL:
Cill‘i(e)pt 18.18% | 17:21% | 10.84% | 9-57% | 3.02% | 1.86% | 5.68% | 3.97% | 7.61% | 5-24%
topt 19.60% 11.96% 3.98% 7.41% 9.47%
Type 95% 95% 95% 95% 95%
CL: CL: CL: CL: CL:
Free Text | 11.67% | 972% | 8.07% | 0:63% | 1.60% | 0-16% | 2409 | 1.32% | 4530, | 1.88%
12.98% 9.58% 2.93% 3.98% 6.62%




Table S5. Evaluation results of the LLM’s performance in making top 50 accurate gene
predictions task among completed experiments. The table shows the average accuracy rates
with their 95% confidence intervals (Cls) based on a bootstrap approach with replacement over
100 iterations. The accuracy rates are calculated for various prompt types and input types.

Factor GPT-4 GPT-3.5 Llama2-7b- Llama2-13b- Llama2-70b-
chat chat chat
95% 95%
CI: CIL:
Original 17.87 15.25 15.93 10.40 . ) .
% % - % % -
19.69 20.83
% %
95% 95%
CI: CI:
Original + | 20.06 17.01 16.09 13.26
Role % % - % % - i ) i
22.74 19.30
Prompt % %
s 95% 95%
.. CI: CL:
([)If;tgr‘l‘:j‘tll; 1635 | 1395 | 16.04 | 12.96 ] ] )
N % % - % % -
18.61 18.57
% %
95% 95% 95% 95% 95%
Original + CIL: CIL: CI: CI: CI:
Role + 18.11 15.79 17.28 14.88 4.75 2.75 8.66% 5.918 7.99 6.23%
Instructio % % - % % - % % - ’ % - % -
n 20.87 19.77 6.40 11.26 9.82%
% % % %
95% 95% 95% 95% 95%
CI: CL: CI: CI: CI:
HPO 20.67 19.03 17.87 16.17 5.39 343 10.88 8.04% 9.09 7.16%
Concept % % - % % - % % - % - % -
22.24 19.34 7.36 13.81 10.95
Input % % % % %
Type 95% 95% 95% 95% 95%
CI: CI: CI: CI: CI:
0, 0, 0,
Free Text 1%22 9.9_5%1 1%):14 1&7_0 3(.]/107 (()’/000 4.19% 1.8_6A> 5(.)/’3;2 2.5_3A>
14.15 15.92 5.81 6.51% 8.42%
% % %




Table S6. Evaluation results of LLMs’ performance in completing the task. The table
shows the average completeness rates with their 95% confidence intervals (Cls) based on a
bootstrap approach with replacement over 100 iterations. The completeness rates are calculated

for various prompt types, task levels and input types.

Factor GPT-4 GPT3.5 Llama2-7b-chat | "1AmaZ-13b- | Llama2-70b-
chat chat
95% 95%
CI: CIL:
.. 92.56 91.47 20.96
Original % o - 23:%15 o - - - -
93.58 24.78
% %
95% 95%
CI: CIL:
Original 89.53 88.30 65.17 62.95 ) ) )
+ Role % % - 0/ % -
90.80 ¢ 67.00
Prompt % %
] 95% 95%
Original CL: CL
+ 97.92 97.40 76.23 74.52
Instructio % % - % % - ) ) )
n 98.55 78.30
% %
95% 95% 95% 95% 95%
Original CL: CIL CIL: CI: CL:
+ Role + 96.88 96.07 93.93 93.14 70.70 68.65 72.82 71.20 32 83 81.31
Instructio % % - % % - % % - % % - % % -
n 97.52 94.87 72.41 75.03 84.34
% % % % %
95% 95% 95% 95% 95%
CI: CIL: CI: CI: CI:
Top 10 98.86 98.55 68.79 67.53 87.12 85.39 91.85 90.31 82.46 80.50
% % - % % - % % - % % - % % -
99.11 70.37 88.48 93.22 84.26
Task % % % % %
levels 95% 95% 95% 95% 95%
CL: CIL: CI: CI: CI:
Top 50 89.59 88.59 60.45 59.32 54.28 51.26 53.78 50.29 3321 81.49
% % - % % - % % - % % - 0/ % -
90.36 62.11 57.08 57.00 o 85.29
% % % % %
95% 95% 95% 95% 95%
CIL: CL CI: CI: CI:
HPO 93.40 92.96 62.79 61.59 71.56 69.48 70.89 68.41 85.27 83.40
Concept % % - % % - % % - % % - % % -
93.99 64.04 73.41 73.07 87.08
Input % % % % %
Type 95% 95% 95% 95% 95%
CL: CIL: CI: CI: CI:
Free Text 96.03 95.38 68.67 66.78 68.80 64.40 77.07 73.68 77 47 74.62
% % - % % - % % - % % - 0/ % -
96.65 69.93 72.99 80.17 o 81.45
% % % % %




Table S7. Evaluation results of LLM’s performance in producing results adhering to the
required output structure format. The table shows the average structural compliance rates
with their 95% confidence intervals (Cls) based on a bootstrap approach with replacement over
100 iterations. The structural compliance rates are calculated for various prompt types, task
levels and input types.

Factor GPT-4 GPT-3.5 Llama2-7b- Llama2-13b- Llama2-70b-
chat chat chat
95% CI: 95%
75.70% CI:
Original 77%64 79.39% 620)97 6&; 7_2
? 65.22
%
95% CI: 95%
79.21% CL:
Original + | 80.71 - 30.59 29.08
Role % 82.02% % % -
32.40
Prompt %
S 95% CI: 95%
Original + 77.86% CIL:
Instructio 79.76 N 15.46 13.81
N % 81.91% % % -
16.88
%
95% CI: 95% 95% 95% 95%
Original + 77.48% CI: CI: CL CIL:
Role + 79.01 - N 0.00% 0.46 0.07 1.00 0.54 0.00
Instructio | % | 80.95% | 027 | L % | %- | % | %- | % | %-
n 0.48% 0.64 1.42 ¢ 0.42
% % %
95% CI: 95% 95% 95% 95%
99.96% CI: CI: CI: CI:
Top 10 99.98 - 31.17 29.63 0.08 0.00 0.25 0.00 0.17 0.00
% 100.00 % % - % % - % % - % % -
% 32.42 0.17 0.50 0.33
Task % % % %
levels 95% CI: 95% 95% 95% 95%
57.28% CI: CIL: CL CIL
Top 50 58.58 - 23.46 22.32 0.83 0.24 1.75 0.93 0.33 0.00
% 60.27% % % - % % - % % - % % -
24.65 1.26 2.51 0.67
% % % %
95% CI: 95% 95% 95% 95%
79.00% CI: CI: CI: CI:
HPO 80.01 - 30.15 29.08 0.48 0.15 1.03 0.40 0.18 0.00
Concept % 80.83% % % - % % - % % - % % -
31.26 0.76 1.45 0.36
Input % % % %
Type 95% CI: 95% 95% 95% 95%
76.20% CI: CI: CL CIL:
Free Text 77.67 - 21.07 19.75 0.40 0.00 0.93 0.07 0.40 0.00
% 78.99% % % - % % - % % - % % -
22.56 0.80 1.47 0.80
% % % %




Table S8. Average performance and standard deviation across different factor
combinations. Detailed metric calculations are subdivided by each factor combination,
including LLM models, input types, prompts, and task difficulties.



Table S9. Variability in overall accuracy difference ratios across different factor
combinations. The stability analysis of LLMs was subdivided by each factor combination,
including LLM models, input types, prompts, and task difficulties.



Table S10. Variability in task completeness difference ratios across different factor
combinations. The stability analysis of LLMs was subdivided by each factor combination,
including LLM models, input types, prompts, and task difficulties.



Table S11. Variability in structural compliance ratios across different factor combinations.
The stability analysis of LLMs was subdivided by each factor combination, including LLM
models, input types, prompts, and task difficulties.



