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at Warinchamrab Hospital, Ubon Ratchathani Province

Sepsis is a medical emergency associated with high mortality.
Early prognostication is important for treatment planning. However,
evidence regarding the potential of ChatGPT for mortality prediction

among patients with sepsis in real-world clinical practice in Thailand

To evaluate the potential of ChatGPT in predicting 7-day and 28-day

mortality among patients with sepsis presenting to the emergency

This prospective study included 272 patients with sepsis presenting
to the emergency department at Warinchamrab Hospital, Ubon Ratchathani
Province, between January and May 2026. First-day clinical data were
entered into ChatGPT (GPT-4) using a structured prompt to predict
7-day and 28-day mortality. Prediction outputs were converted into

binary outcomes and compared with observed outcomes.
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Among 272 patients, 12 (4.4%) died within 7 days, while a total of
26 patients (9.6%) had died by 28 days. Patients who died were
significantly older, had more comorbidities, and had greater disease
severity. They had a higher prevalence of septic shock, lower systolic
blood pressure, higher respiratory rate, lower oxygen saturation,
more frequent vasopressor use, and greater intravenous fluid administration
within the first hour than survivors (p<0.05). ChatGPT predicted
7-day mortality with a sensitivity of 83.3%, specificity of 53.5%,
PPV of 7.6%, NPV of 98.6%, and an AUROC of 0.684 (95% Cl: 0.57-0.79).
For 28-day mortality, the sensitivity was 73.1%, specificity was 56.1%,
PPV was 15.0%, NPV was 95.2%, and the AUROC was 0.646
(95% Cl: 0.55-0.73).

ChatGPT demonstrated the ability to discriminate between survivors
and non-survivors, with an AUROC of 0.684 for predicting 7-day mortality
and 0.646 for predicting 28-day mortality.

Sepsis, Artificial Intelligence, Mortality Prediction.

-7}
Waﬂﬂ"ﬁLLaSWWINﬁ

L& a aa
AN sepsis LUUNTIEANIAUNTANUTULT

I o w A aa o
waziduannndiAgresnisidedinnilan Loy
aaAn1seungielan (WHO) s1eamuidgdaeunnndi
49 a1us186aU LarkdsIINUINNIT 11 a1usIe
yseAnduSauay 20 vasnsidedienanun dusu

Usuinelng nzdnidelunssuadondnaiiens
mnﬁa%’imqwﬂwdaﬁm IngLanie severe sepsis
ffsnsn19dediauinnindesar 30 Tutaa
YA, 2562-2565 Az ioUIIAINAIAYUVDINITHMU
FYUUANNTOY N15UTELTUAIILTULTY waZNS

U4 a1 atiudl 2 wgunau-denay 2569

Vol.41 No.2 May-August 2026



MIasnMsumdlsmenuiaiasiny giuns yisud
MEDICAL JOURNAL OF SRISAKET SURIN BURIRAM HOSPITALS

'3 L% 6 U . 1 a ‘UQ a (112)
WEINTUNAANTVDIHUIY sepsis BENNUTZANTAN

MINeINIRHATNEUDIEUIY sepsis Faussvezusn
fipudrAgyluwnunanidy WwInie Surviving
Sepsis Campaign 2021 Fajun1suszLiiulazsnw
a8 uYief Tnguuzirliendiugatnaiely
1 $luslugite septic shock vieaanululy
qaﬁ'%tﬂu sepsis warlfansihegramunzan®
Hagtusimsliiedestousufiunnuguusmvanein
1w SOFA, gSOFA, APACHE II wag SAPS I ué
iesflamaniifaidesfaduaududeuuay
n1sdeslddeyanieviesudfinisvateen vilv
msthlldluunungniuidfiieduiuinnens
vilgnin® e waluladdayausehvs
(A) uay Machine Learning léSuanuaulawfisiu
lunswensainisidedinvesiig sepsis Loy
anmnsaiiuauusiugluntsyineld eenslsfinny
Tunawmaiddafidedrfadunisinanunadng
wazaulusdlalunslinusde iWesmniudnune
black-box model*?

wmAlulad Large Language Models (LLMs)
WU GPT-3, GPT-4, BioGPT uaz Meditron laUjif
LWIRRNTUSEINARATRYANINISWITE PN
Wudeyaleigy gnskin1uwsssund (Natural
Language Processing: NLP) Feenusodlauazidenle
AnuduiusiBanamaszninadoyanisnainiog
Tugutonuld LLMs ansnsaneudans Jinsgsiina
uazeSuramgravnenanlalusuuuuiiundidile
Fudugaudadlofioudvlana ML wuuin®
mATefiddala Oh et al. anUsemamnvald
ladnwdnenInues ChatGPT-3.5 wag ChatGPT-4
lun1snensainisidedinlulsmeruiavesilae
sepsis Imai%’g’nu%’aaﬂa Korean Sepsis Alliance (KSA)
Fesrurdeyadtaendt 4,700 18910 16 lsamenuna
NANISANYINUIN GPT-4 anansavinunenisidedin
nely 7 JundadmedUiedng@liaag AUROC
gean 0.83 lagldifisiuds 4 & loun e ey
(Charlson Comorbidity Index) skl SOFA Whay

&

syfunsauanin (lactate level) Wity Fafiaau
uslue (AUROC 0.79) nadnsasnanauanaliiiuda
ANNENN50v0e LLM Tuniswnlausunmiepddn
wavanuunadnslnglisesimuidane3sulvd
%&LLMﬂﬁiNmﬂ Machine Learning LLUULanﬁéfaﬂ'Elﬂ
ndeyadnuiugn®”

n1541 ChatGPT anUszynaldlumig
nelUalasanizluvieanidu Iauidiauls
Lﬁa&ﬁ]’mmmmﬁmﬁ’lﬁlﬂu Clinical Decision
Support System (CDSS) fivalyiunmeusudiuandes
ﬁuaaﬁﬂ’wiﬁiam%“ﬁu 91Uv89 Amacher et al.
51991471 GPT-4 @u9avinUI8Han1sIendan
wasnazilavgasiu (cardiac arrest) lagaaen
AUROC 0.85 @aln&Lfiesiunz i CAHP way OHCA
#lunsUsziiunnnsgu wenanil Basaran etal.
WU AtlasGPT wag ChatGPT 4.0 @usanensal
NSRBI hemicraniectomyiwgﬂw subarachnoid
hemorrhage lalaiugnin WENS scale (AUC 0.80
vs 0.72)'? agnalsAinuniig sepsis Wutlywndndny
M9E515gTTRsIN A8 TIRge nswensal
maﬁwéfﬁ?uwiiwzLLimﬂuqﬁngaﬁﬁiﬁumi
ansnsnsdeTiauasiinlszansnmueanisld
ningnsluriesanidukay ICU n1sunalulad
Large Language Models lagianig ChatGPT
Wungrguszananateayaniendinuaylinig
wensaldauiun fifnenmilasdugaiasudiy
yasnsunndgnidulueuian egslsiniu daesd
msenwiindudiionaaeuruwiugl anuihdedie
wazANUanfyen1siauluuiunassves
Uszndlneg

o s
INUITEIA

WleUsifiudnenmues ChatGPT Tunis
Pgnensainndedinvesiiasnneindoly
nszuadon (Sepsis) Melu 7 U uaz 28 Fu waad1su
nssnwrluriesanidy Tsang1u1ainsudisu
Jminguasvsnil

U4 a1 atiudl 2 wgunau-denay 2569

Vol.41 No.2 May-August 2026



Evaluation of ChatGPT’s Potential for Predicting Mortality Among Patients with Sepsis in the Emergency Department

msuszfiudnenimeas ChatGPT Tuntswennsainsidedinvesdiaeinidelunssuaidenluiesanidulssmenuiainiudisu dmiaguanvsiil

at Warinchamrab Hospital, Ubon Ratchathani Province

5n15ANWN

s2108U35798

msanwpdaiidunisAnwuuuludhemin
prospective study laysfnwrdnenInves
ChatGPT FafunuudrassiynnuseAugiuniw
uelney (Large Language Model: LLM) Tunas
Pagnensainindedinvesitasnnsinigolu
nszuaden (Sepsis) Tnelditoyanenatindiug i
Taandulsnaesnisiinsunissnelulsanenuia

Uszansiianen

Frhsgniduiidniunmsinuilulsmeuia
2M3UT15IU SauATuT 1 unsiAn WA, 2569 A
31 wauNIAL WA 2569

YUINFAIDEY

TunisAnwinded FadglaruInun
f19871991NATTNUNIUITIUNTINVDY Oh uag

10 FefnwiAInudIu1ITaUDd ChatGPT

ALY
lun1snensainisidedinvesguae sepsis way
WU ChatGPT anansavinunenisidetinniglu
28 Julafewas 63 lngldansuszuudrdadiu
fAnuaAl O = 0.05, Z = 1.96, prevalence = 0.63
waz precision = 0.063 lAUUINFI9E1991UIY
226 519 waziileiilonisgaydedoyaiesay 20
Setmunvadieg etmun 272 518 Inclusion
criteria TiuA flhefilésumsdnueniunungniay
\Huafausn d1u exclusion criteria Tdur fianiis
nansvisedeya nanvszilvuliasuiiuauysal

nsnudaya
1. Juindayaniteadidniuusn
1YL T ULAT TEUUATAUNALIINGTUIA
(HOSxP) Tnglduuumosuiifvun Gasaddoyaded
- 918 e TssaudnAgy
- 91 stuazdya TN (BP, HR, RR,

Temp, SpO,, GCS)

-HAaN1INIIINIINeIUfURNS
(Lactate, WBC, Platelet, Band neutrophil )
- Foyanisinwndosiu wu ngli
ansth efTue enseduanuduladio
2. Guiinuaawsn1s3nu (Outcome Data)
- AMsTenTInuseldedinniely 7 Tu
uay 28 U NAUIFUAITINEI
3. nnsleudeyaidng ChatGPT
(GPT-4 Model)
1. WisUszdfiudneninaes ChatGPT
(GPT-4) Tunisnensaladnandeenisidedinues
HUae Sepsis §3duldiwonuuy Prompt lamiems
(Specialized Prompt) 14 ChatGPT Vit faiiou
“Feunndnvaansanidu” (Emergency Physician
Assistant Al) Viawmiaimswﬁsﬁ'ayjamméﬁﬂ
wazlin1snensalnaansIdavaNalaniseanuuy
prompt ﬁaﬂﬁnﬁﬁugmmﬂ fruusaAgluluy
Uszliunnsgiuvnenadn loun Quick Sequential
Organ Failure Assessment (qSOFA) Acute
Physiology and Chronic Health Evaluation I
(APACHE 1I) Mortality in Emergency Department
Sepsis (MEDS)
Tngldfinsdmdenianisiudsitddy

o

wardnfwlsndngeusan elvlunalasudeya

Y
1%

Ao & v aa P
‘1/1‘\]’1LUuLLa365‘1/1@‘14?1311‘1/\1‘1/1’Nﬂﬁﬂﬂ%@%}ﬂ’wlﬂ
atensuiou lasliinnsadeuestoya

U4 a1 atiudl 2 wgunau-denay 2569

Vol.41 No.2 May-August 2026



MIasnMsumdlsmenuiaiasiny giuns yisud
MEDICAL JOURNAL OF SRISAKET SURIN BURIRAM HOSPITALS

59

Septic shock)

System Prompt (TH): ChatGPT #¥sunndanidunginsainisidediIaguie Sepsis
“quAsftisunmdnvmanianidy viuihiitisussidiuanugunsagneInsel
madetinvesiihonneindolunszuadon (Sepsis) Tduiumadad -
1. fudoyatiuguesiiae (me o1y Tsasmdrdny maelsassoraavin)
2. Sudagaonmsiuasdryaaniuusn (HR, RR, SBP, Temp, SpO,, GCS,

3. %Umwal,t,aﬂﬁﬁwﬁzy (Lactate, Platelet, WBC)

4. Annepdinnuguisagneinsalamudssnindedinnelu 7 fu was 28 Ju

5. Winadwsluguuuy “Anudessn / Urunans / ge” wouimamanisaadnuszney
1 N7 hypotension, tachycardia, hyperlactatemia “1a*

6. 1‘151’%’@LauaLLuzLﬁanﬁﬂumsaLLaﬁﬂw (initial management suggestion)”

TAssa39vaenuunasy Prompt
Aegrsuniley “flieyy oy 72 U
Msauszdwiummuwazanuiulaings ennisi:
9 wundu melad wasdudntos duaadn
Suusn: BP 90/60 mmHe, HR 120 ASe/undl
RR 30 A%3/ufi Temp 39°C, SpO, 91%, GCS 13
AN URNTS: Lactate 3.8 mmol/L,
Platelet 110,000/uL, WBC 18,000/pL finTeden

=

NnMsAnde (Septic shock) TUsaUszIuAMLEES
nadeTinvesthneingly 7 Tuuae 28 Yu
NFoUBFUWIAHANATENUTENDU Wavlaiauawy
Bowhlunsquadiae”

nsudana Han1sNeINsalann ChatGPT
anwlanauazdangulvegluguuuunadniniaig
(binary outcome) iieldlunisiiasizinieada
Toegidorvuelidnoud ChatGPT Usuidiuin
“Puidisann” way “Anudssuiunans” gnieli
oglungu “s9%in” uazimuasiaidu 0 vaued
fmeuivszidiui “Anuidesge” gnislrieglunas

Y
[
%

“Foin” wazfvuasiadu 1 MadnswUanadns
Teglusuuuuniniadenandingussasdiieln

a111501u1U3AT 18U L ANS ANVB I UUTIa DY
Tunsnensainsi@edinle

aa

ananitlunisimseideya

Telusunsu STATA 10.1 dmsuuszanana
wagllaszideya

1. Maddnssuundoya nsdidoyadl
MawaNLasUn iauerindsdnidesuusnnsgiu
waglunsaltoyauanuasliund drauedsegiu
A1 interquartile range F-’h’gﬁ?jﬂ LLazﬂl’Wi;qu

2. Tpgldafifoyunu chi-square test 130
fisher exact Tuduys categorical data uazada
independent t-test lLag Mann-Whitney-U test
FauUsdeuiunadifinisnszanediunfnay
Tahduun® muddu

AT1ERUTLENTAINAY sensitivity,
specificity, positive predictive value (PPV),
negative predictive value (NPV), positive and
negative likelihood ratios (LR+ itz LR-), odds
ratio (OR) ikaiw area under the receiver operating
characteristic curve (AUROC) wioutiseuidoriu
Souay 95 (95% CI)

U4 a1 atiudl 2 wgunau-denay 2569

Vol.41 No.2 May-August 2026



Evaluation of ChatGPT’s Potential for Predicting Mortality Among Patients with Sepsis in the Emergency Department

%“@ msuszfiudnenimeas ChatGPT Tuntswennsainsidedinvesdiaeinidelunssuaidenluiesanidulssmenuiainiudisu dmiaguanvsiil

at Warinchamrab Hospital, Ubon Ratchathani Province

o aw
3YJITUNITIVY

Tunsidoadad 18kunsfuseslag
AMENITUNITNIITUUIDTEETTUNTITe T uNY e
finauaesgUIImInguaTIve Il LenansiuTes
Wl SSJ.UB 2568-11.027 Fufifuses 28 wardneu
W.A. 2568

HANISANYN

Mnflhefmun 272 518 wufidedin
anelu 7 fu S wau 12 58 (Gesay 4.0) uazidlensu
28 Ju dfideinazausin 26 519 (Segar 9.6)
FheMdedinnelu 28 Yu Torggand ilsasam
AMelsATEEranvNg Wavn13e septic shock 11NNT1

v
&

ngusendin uenanidsfionnimeuinies
JuonsdfusniButesndn Saranuduladin
systolic uag diastolic And1 sasmsmelagenin
Arpendlaulatsiaingy JEAUANIANGD (GCS)
dnt uariinislenszdunnudulafinsausians
§suansimevaenidendiniely 1 dalususn
wnn Bnvaiidnuindadonsing uazilaeuun
qSOFA, APACHE Il uag MEDS @indngusentiin
ot alifudAnyneadA (p<0.05) vauedina Sasnis
Wureaiila aungiisianiy sedu lactate way
Furuliaidonvlduanaieiuegediveddey

aa PN
MDA (M137199 1)

A13197 1 WisudlsudnuaiiugiuwastoyanenatdnvesUisssninngusentinuazdetinnielu 28 Tu

Variable Survived within 28 days Died within 28 days p-value
(n=246) (n=26)
Age (years), mean + SD 61.2 £ 18.1 714+ 154 <0.01
Male sex, n (%) 115 (46.7%) 16 (61.5%) 0.15
Presence of comorbidity, n (%) 159 (64.6%) 22 (84.6%) 0.04
Terminal illness, n (%) 0 (0.0%) 2 (7.7%) 0.01
Septic shock, n (%) 10 (4.1%) 8 (30.8%) <0.01
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odds ratio, (95% ClI)
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p-value
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95.2 (90.3-98.0)
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0.48 (0.25-0.91)
3.47(1.44-8.34)
0.646 (0.554-0.738)
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