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HERSR BT DL 5] 25 AT e 3 BUE IR iR EE BT T I AL,  Jd il 2R
ARG E, REfekda. Wik, wkbEYES
LLM A= i i 0l 5 22 3 7 i B E O B4 S i@ W ok
L[9]. MO FIAT SRS LA - TH I SR B o7 B Oy i o
WP AL 78 7 IOE I SCHF4E

ET LLMAENLPAESS T HIRIL, HAAENESM
WRREME (QA) RO ENET). Al
B IRAN R B, R — R BRI AR R S QAKESE, Jf
ME PR E B AT R G VT A -

2. ERIMAR IR

LLM 7£ 4= W) B 27 5 B2 T fil RE A ssk e UL L ) il T 52
T 12797 -2 AN VS o5 G e 2 LA R e L) B S
ISR S, B, B R B B R R AR
L B 1 9 R LM AT T 6 T80 Rl HE DT R iR
J7IRBAE R I[10]. T ACRETEAMIAKER S QA,
T 3 [l 5 AR LA AR 55 Y NLP AT 7L o

2.1, FRAMERL

KRS BUR NLP (0% 011 %5, Bk IE4S oAk
HALCRRAINR, FEQEHETALS: dra Sk i)
(NER) 53¢ &HHL (RE). FLH175 v 5 5 K T T4 E
5MN K%, BMEERE2Y Transformer #4111 K RE ,
FHORAE Y 1 RE AT T B35 82Tt -

Mayo 2 Ft BF & B I PR 3C A 73 A 5 50 18 3 B R 42
(cTAKES) [117E & 2215 B Feh A B 2 o 1%
FRUGAE LR ST A SR AR BT IR R SCAS, B LR 52 o] 5 2k
TR P T7 VR4 A T TS . S5, Fnils] S
R (KGDS) [121i8 i 5] N =5, Hag [
RGN T PTG RIRE JT . S0 R 1 St DA
SRR R SIS, X — 5 EE O

I A AR SCHIF 0B 5 2 00U L g A TN 0 S
A, 1, Roy Ml Pan [13]K4i—[E2#E S 524 (UMLS)

R BERT RN FRIR, dE— D3RI 0 5 2R R 2
KA SHIEE /7. b3 [ [ 5K B BRI 115
XFIREE (SemRep) [FIFEH FH 2% T UMLS (188 ) kAl 3%
HEWIEBE 2 SCAR R OE R[14]. (35 [ E 5% B 2 B i ™
& PEAl R, SemRep [ RS #1224 N 0.55. F1{H M 0.42,
FC AR B A S A R ) 5 RV AT LR R R TR B 3
[15] BEAk, A 3R HATHT ) P S8 2 SR IR U B R 2
KA (KeMRE) [16]% % HMESE, @id 5] NJE IR
TR IR, AE8HY 55 T BERT [ RE i f2
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LLM C#) 2 F TIPS 2E ) B2 % NER 5 REAT 25 76 4
WEEHE 4L L RE . B, 7E BCSCDR-chemical £ 4% 4
(fb -9 RE 36 IERD I, GPT-3 5 GPT-4 4373k 43
707350821 F1 /04, R LLM IhfesR, K ILAE
SR 5 SR AT RO ATY A2 B CR B SRAS A I DG

22. G REE

e 3 B ®E (IR AL (41 Okapi BM25 [17D
DUIRI- 10 SR A %8 (TF-IDF) NFERbSeIl SR HERE, A
FEUERY 2R 295 T HR IR . XK BRI B AR L
IR R4 & T 4H 1

BiJE, [HRES 5T H IR RGEAREE. RERME
YA FE MedSearch [18], Fid i % UK & 2= 25 1) & L
s TAE G EM TN B R A ), R ERNESS
ZE R Z AR AR G IR R ARER P A
HikFER, RAHBEZFEBIEER (MeSH) ) PubMed [19]C
BN PR ORI BRI “ SbndE”, FEBIEE S N R
AT I 52 B AT 5 PR B0 0t 12000 T4 F 5 2% TR BiF 90 26 4
Hrph s N TR, DL I AL FE A A A ik 5 [R) SO 1)
[21-22]. 4N, #H T —FhEET NLP ) CHE a3 05 5 i ik
THEAH BRI ROk 277 30231 %07 A H S5 50
WK AR 28 4% 5 40 B T hl O B SOk G B A, I
CUE b B U 7 b s A R . Jin S5 [24)9F K T T A
RAEY B SO R, o S S RN e R A
A, TG AERA S 20 i S 3R A3 Mok fAG R AR

JREAERINEAE SR R T R 6, (BAERDG]
2R BRI TR B S5 ANk E S A E AL . LLM
BT N N IR 7 KB AT g e, AR sEam iy B S
filkge ), AEf R EIRTHH PARLR . JEK 2 S IR Y
RS LLM K08 Xae Mg &, Hi—RIR RRLE
AR R s IR H a0 H S8 S R Stk S 5 .

23. QA R4

FT 7 B0 B 50 [ e 22 X 48 B R [ 25 e i 4 R THAE
MRE BB R EE )T . RS RN QA RS
MR SUBEAR [26] 5048 2 5%:[27], M 45 #4054 P B
L5 SCARE R R 5. IR, M AR E R R
FHEE N1 ZR A B AT 5 25 B T B2 i 3% s 1 1 SCBE
fiR 5 [al B AERRME[28]. S9BUh, 8 L0 VLB SN X 1 A A
A (ConKADD [29]5 15 18 /8 51 1 I fik & N 25 (CAKE)
[30]Z5 A5 R4 ) F #0302 24 HH BE S SCRF R & A Z
HERS AR, T THIE % QA i & .

Transformer 42 14 (1) /& Ji& it — 30 0048 17 % 2% QA 43,
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[31-32]. BRFCHEME T 2R EDIE S QAEHELE, H X
B BEAT PR PRI, G A A i T 3% 1] IR U 8 )
MedQA 5T PubMed 5| SCHi 22 1) PubMedQA [33]. iX4&
B EMEN THHQAMLLM KE. HAEENE,
GPT-4 5 Med-PaLM 2 [34] 7 MedQA L 43 5] ik ¥ 86.1 5
86.5 MHEMIZ 4, 5 ANRLFV87.0 MK Y. 1E
PubMedQA -, BioMedLM. BioGPT. Med-PaLM 2 4} %l
EE] 744, 81.0. 81.8 /. RAEIXLL LLM 7EFr#E QA
AR BRI C TN ZE, (HAEA RS SEFRAE ) B2
S R TR, AT 2B e S A T VA

SCARHH BN QAES I — 12K, KA FinT &)
22020 50 AR, E B4 R L B g5 U KR A
(35, FlER A H% 258 8 3 T TE-IDF £ 45811 7 2804738 1
FL[36] 8 HE T IR AL 0] ) 1 B B AT HE P [37]; gk
7R B A SOAR B AR IR E R, DIBRRE
T vt T T M 22 [38]. I 4F, 2& T Transformer [P Y 7E 15
g5 07ET I E AL, BN, GPT-4 Ok ZH TEE
FOCERERIR, FITKARSURAE RS EL, TR AN
P SR E S50 [39-40]. AN, MEERFA BT
I A D3 2B 10 A R[4 11512 Wil 5 R [42] 54T 55

3. RS A

3.1, HdE s

AW 5T A A0 LL PubMed “F- & 4628 1538 76 97 # ii
RPENE (COVID-19) HH IR SCER N T2k IE . A SCAEH
“novel coronavirus” “2019-nCoV” “COVID-19 virus”
“SARS-CoV-2” I “SARS2” ZHiA T ®R, L
RN IHORFTIR SR 50170 H AR LA G . S IR E %
SRR A, WELSREMNT L. EE. 1
B OOGEEE . MeSH 57X RME—Ar IR FF (DOD 5%
O TG EHE o FTISCEE SR TG E AT R B BLEL. fE
& i2Wr. JRyT. TR, BRSO (R D. AR

RL RTINS A EARES T

UEECHE R AERf I 5 T SEVE, ASCHETR G R h 7 e T
F TR REAAER R IR S, B AR 426 541 5%
SRR PR ERCHA £

ik — 0 PR AREHE el fa, A U N A T B al 4R
TripClick [4311F I %4k . TripClick J F Trip Database
ARSI R P A2 B H &, 78 5 2013—2020 £E 27
520 G P A H, FEEE IR YRGS vE S5 AH S o8, H
PLSZRFUR FE 2 2] IR BRI 25 5 P-4

FEAE I LLM BEAT 18 SR R SHORBT B, A8 SO SCHk
AT BOME T B, FEAEH D O AG—H
unicode transformation format-8-bit (UTF-8) #ifd, g
HUELAG AR R 2R/ Q¥ S0 E N RSN 4 J2 JavaScript
Object Notation (JSON) £5#4. Bl J& B PI 44 brit RIF &
B DL B A 5 50 8 I s, M ER =48
RFFH . ERZMAED LT UAF B .

s AHRMEE A Arid UM VP ) & SCER-S i 9T R
BGRE, FET RBEANEH E HAR G, I Ho& B ILRD
TR -

s EEME: HX KB PubMed £ 2 AT BEAELE
TUaRidsR CnE—IR X ZANRAD IERITA EE%H.

s EERMEM. BAMR XSS Y ETHE
Cn@is . fE# . 2. MeSH 5 DOI%E), FFA & fAb#
(WTUTF-8 4hd . FRR/AREFRI R 25 1EH; Xk
U A b 78 ACE AN DA 56 3

s ATEEMEE L NP FRE B, 7EBE I [ [E]
o, BENAME 10% O A% SR i A — 20 hRiE DU T B AR

3.2. MESR ¥

AR SCHRE H — i TR 3 LM 9K 3 (1) B 2 SOk 2R 5 1) %
(ERQA) HE4Z. WP 17", ERQANGIEILLLM, SCHk%L
I P 558 SC1n) SO P B — A, TR R B ORI R 2 5
BRI R IREU 2.

4 LLM DL Llama2 [44] 4354, RAM RIS S

Data source Article type Total Training set Validation set Testing set

Novel coronavirus Mechanism 62170 49 739 6217 6214
Transmission 22 543 18 034 2254 2255
Diagnosis 65295 52237 6529 6529
Treatment 101 943 81553 10 194 10 196
Prevention 109 874 87 899 10 987 10 988
Case report 48 543 38 835 4854 4854
Forecasting 16 173 12 937 1617 1619

TripClick - 84 736 67 789 8473 8474




Raw Kernel
data model component

3 5 —

Medical Vector
literature

database

Enhanced LLM

£
(AT
o

285

Coherence scenarios

S1: semantic medical knowledge retrieval

<

S2: automated medical literature review

<

S3: evidence-based literature QA

S4: free-form medicine-related QA

B 1. 3 LLM XS0 ERQA HEZE . SFT: MM .

e A WA S5 A MR AR . Llama 2 J& 78 2 REALE I TE R
BTSRRI, TEER %S0 2 5 QA 77 TG 41K 5 1
SRS R . AR ST AR R 5 SO AR AT 1 = 70
Y5, WIIEARFE A A RCRE ST I RIS, 380 T N AT AR
[45]; BfiJ5 2k T3Eminl TREEATHON, i — (R A ety
AOEE ) RSy 25 R A A S BT ORI QA &
555, LR .

SCHREIHE e At & B AR AR LR & BERHE, BREORIIE)E
BOCAR NI SE B 5Tk, X DU B RO AR LT
AL B8 MR L. OB &5 Mk IE &t
B, T EPATIE SR 2R B 55 .

TSR TSRS U R, DABIR A UK
[46]. F8E XA E RS HERLLM AR, BURE—2
Transformer A% H A2 & ) 1n) &, 0 R FH U 400 B 0T AT A6
RSP R [0][47-48]. EBLMBL, R K-means ¥ 4
RN TSR ON T F X3, IR @ 5 HE o R DU T
fic; FELEREZRT, JofE 7 X3 b0 BT WIas AR AL i
B, FAEERE T X Y3 T T URIULHED, MR G 4 B 55 2%
MTT STy o JE I RN ) o P — ST EE A IR 2 [R] FR RA
SuyNEIEE={UN VE RS S W NINEEE VO

R A B N ERQA AL T — o 4 = 2 A i
RHE, HTIERBWE 2R HFFE e i e,
wr “2021 F 2 JG KT B BUE R EE (SARS-CoV-2) Wi
VAR 1 S N R TR 427, F4 ERQA 1Y
FIE N SCERAE R R Y A SR B HAE R AR
(g FREE . B P B, ik LM 23R 50 25
2 EE (W12021—2024 ),  Ff4f X ) @R AT BLYE AL
HE (41 “SARS-CoV-2 W i 1E £ IZMiE?” ), b
Je ¥ LS 5 1 10 R AZ H S ) S O A

RO B H I A 2SR SR B HT NN DG U &, O
R[] 5 2 STk A i — A U DA 2 38 SR BIaRs e 1 e B

B #E—25, Wi LLM 3T i1 VR SR 4 S
B R R IR USRI R B b e 7 B Ay
A 8, ATHE ARG EIE A Gl “ G 3 i T 40 A I
1EHTE X SARS-CoV-2 B 28 XA RZ?” Do izl
) % B B — K R 45 R (W1 DOI: 10.1038/541467-021-
21856-3) W, RGUHIHLFEHNIR AL (i “HT 7
N e CCEGR, EREE e T, WEHAT
K & 8 A i AR LLM 3 LI “ 4057 1) 5.

3.3, SEELAY

Tl LLM % T 3R 7Y Llama 2 [44], i i 3% & )
SRRSO 58 BN IR G 58 . Llama 2 5% ] 32 2 i 28 454,
%72 H—1k (RMSNorm) #ALZ1H—1k (Lay-
erNorm), {EVE & ML B AR A (102 58 T2 2 Ak v
B (GQA) WZKiER Ty, FFdid gk A B g i 55 I
R B RAE. EAE 2 Fi{l token. _E R SCHE 4096 15 £
F%)E, Ak Llama-7B (7012230 5 Llama-13B
(13012280 {FNERQA [H)3ERtHERS ,

FESG BT SRR B, A SCASE B 71 %o S R oo WA 82 38 110
&% AR BEAT 7398, {f “angiotensin-converting enzymes”
S AR R AR N B B TR T, DAY
R R 2E AR o TIZR LT — 1A F0 A B AR, fETC i
BE N AR RE NGUR AN . 25 AP 2 ORI R
wE o), BRSSO M EERIACR. filln, B
AR A B “ACE il 7”7 5“7 i oREk, B
“PCRIGIM” 5 “COVID-192Wr” i<k, H BT 4 &
FONKEHI B 2R . 4 epoch &5 35, 7EM COVID-19
AN TripClick s 4 H i B BF H 30E S EVPAG T RE .

ORI B B AR SR 5 B2 2 AR 2R J QA I S
f£5%, QIR A 5B A S FE T SR
QA CE32THME2), MR RGINE2. 1E1]
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@

Researcher

5 E
Vector database Literature database Enhanced LLM

Medical question:

What are the research hotspots
regarding how SARS-CoV-2
viruses regulate host immune
responses after 20217

Retrieval result return

Question classification:
Literature retrieval question

Constraint extraction:
Time (2021-2024)

Question reconstruction:
How do SARS-CoV-2 viruses
regulate host immune responses?

Semantic search:

Top N candidate embeddings
based on the inner product
metric

Original literature search:
1. T cell assays...subclinical
SARS-CoV-2 infections from...
responses... (DOI: 10.1038/
541467-021-21856-3)

2. Cases of reinfection by
SARS-CoV-2...the host
SARS-CoV-2 immune

(DOI: 10.3201/eid270.204812)
3.

> ,

Abstract summarization

D Answer reading

Detailed question:

How can cross-immune responses
to SARS-CoV-2 infection

be determined through T cell
detection methods?

Answer return

Instruction construction:
Based on the information in
the article titled “...," please
address the question “...”

Answer generation:
By analyzing T cell

proliferation and cellular
functional responses. ...

Bl 2. ERQAHEAL [ LAR L

2 FRBIRES R A7)

Type

Prompt examples

Question classification

Question reconstruction

Abstract summarization

Literature-based QA

1. [QUESTIONT] + Is the given query a literature retrieval problem or a free-format problem?

2. [QUESTIONT] + Identify which category the discussed query falls under: literature retrieval problem or free-format problem?

3. [QUESTION] + Determine if the provided query can be recognized as a literature retrieval problem or a free-format problem?

1. Explore the seminal contributions of the [AUTHOR] in the field of [QUESTION] with a focus on groundbreaking findings
between [2010] and [2022]. — [QUESTION]; [AUTHOR]; [2010-2022]

2. Locate the primary research findings related to [QUESTION] by [AUTHOR], examining publications dated between [2017] and
[2022] across esteemed academic journals including [NATURE], [CELL], and [Sciences]. — [QUESTION]; [AUTHOR]; [2017—
2022]; [NATURE, CELL, SCIENCE]

1. Condense the core content of the article [TITLE] into a brief summary, drawing from the information provided in its abstract to
convey the main research results as articulated in the [ABSTRACT]

2. Provide a brief encapsulation of the article [TITLE] using the information available in its abstract, distilling the main points and
research outcomes articulated

3. Summarize the article [TITLE] by extracting the key details from its abstract as outlined in the [ABSTRACT]

1. Answer [QUESTION] by drawing insights from the [ABSTRACT] of the article [TITLE], extracting relevant information and
addressing the specific inquiry posed

2. Respond to [QUESTION] utilizing details from the [ABSTRACT] of the article [TITLE], synthesizing key information and
providing a relevant and concise answer

3. Provide an answer to [QUESTION] based on the content outlined in the [ABSTRACT] of the article [TITLE], incorporating pertinent
details to address the specific query




Ry AN 0] B AL R, AR AR SN O H bR
Fy RN LR (S B R AW, HRBRAERBEM. 1E
B VRS PR DL R BRI A AS 2E IR A A A A
SR W FT[49-50], LA G| FH JE SCHR IR SR A D 1 3 47 22
KU, AT N LE R HeT SR QA B EZAKEE N
T 14 5 PubMedQA BT A8 FH 1) 7 533 il it 7%
R R ROE RS (LORA), VREGIERIBI S 4, (5 B
CFRHERE[S1]. FEZMRAELIS, AR - = 4 DL
TR SHORREE, e 488 F a = 16 LA TH{EFR
Sy EEIIRCIA . 1% SR W& 7E Of B Al LLM i FH B 5 68 1 1 )
B, 688 ) ROE B AT 45

ARSCHIRS 11 1AL R SR R ISR . B
IEE SR EE (GR1ME3), NIRFHEY QAES K
RIEEME, BRI R BEE N 0.15, RN TR
g L R S BT R D A BEN L . RIS 5 A BT R R 0.9 1Y)
R PASREE, (EEHRES “L57 0]z MBS T .

ERR N5 S #2d, (H AdamW  (weight-
ed adaptive moment estimation) AL2%, AU FIH N 0.01,
B EEUN0.9,0.999), 2 FFEL S 1500 BT, 25
PR AR TR 10%. 2 ST RAE TN BEA 1 %
107, A BN T x 107, SRk K /N5 8 64 5 32,
R IEE A, IR AR F BT s, IR SR R
22 5~ epoch Jo B 3%, WF 1k Yl 2R . I &5 g A 6 B
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NVIDIA A100 EJE AL H 800 (GPU), #x Kl 4 i) K1k
1440 ho &3 JE7R 7408 1000 S AR k2 i 47 2k o 30 5 A
B AL,

4. 55T

HTSRR R S5, ARSI e AR
ST SR QA = 77 T BT AR AL A7 T

4.1, HELEBY

JPEAL ERQA MEZE 1) A4 PR RE, A SR Z P X
LA BE4T 4T EE, 995 BERT [52]. BioBERT [53]. Bio-
ClinicalBERT [54] DA Jz — 645347 (1) % LLM (11 BioMed-
LM [4]. Meditron-7B [55] Al ChatDoctor [56]), LASZHl 4
T PPN o

BERT /& B 1.144Z %) W 7] Transformer #2544, I8
b A 25 R AT . A M TR SOk 3R I BE B K R .
BioBERT 5 BioClinical BERT 43 il £ [55 2% SC ik -5 lfs AR 975 151
ot AT, DR T AR 2 NLP AT 45 IR I .

BioMedLM s& & H T AP < 2 98 1) LLM, AN AE A
PR 5 B 5050 Bk, SR AR AE ) Transformer M S
2Ky, bR SCE DK N 1024, R 4E N 2560, H
1E 2 AW R 5 NLP N R B T B8R R 7 1 4

Data source Prompt type Total Training set Validation set Testing set
Shared Question classification 1278 1022 127 128
Question reconstruction 4932 3945 493 495
Novel coronavirus Abstract summarization 7419 5935 741 741
Literature-based QA 13 678 10 942 1367 1367
TripClick Abstract summarization 5492 4393 550 549
Literature-based QA 4328 3462 433 433
31 50
——Loss — Perplexity ]
2.9 45
2.7
25 .
S
8 23 2
= [
o
2.1
1.9
1.7
1 .5 1 Il 1 L 1 1 Il 1 1 1 1 1 1 Il 1 Il 1 1 1 0
0 50 100 150 200 250 300 350 400 450 500 550 600 650 700 750 800 850 900 9501000

Iterations

Bl 3. ERQA 5 7R fi i ik e ) 4 2 R 50 5 T 2R AR A
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Meditron-7B M| J& 7 Llama 2 & fifi I i) & () 56 38 H B2 2
LLM, f{# il NVIDIA Megatron-LM 73 i 2% Il 25 28 3t 47 |
g5, HRMBUIZ0S AR AE R 08 G AU 3 2 P R A HEBAT
%, ChatDoctor = N T [= B % &5, T LlamaZt
FAAE RS 5 i A8 B AR b 5E il - ChatDoctor [F] ) 45
AT &N TREF ) B R R R 5 AR IR (n Wikipe-
dia) HEATSCIN R ZIG 58, DL Hb R0 3 S PR A ]
N ORAE TR BAE AL B AP X b, DAE S A 2 ) e
A A SHEHTEM BIE AR i A8 2R AT R A

4.2. LHRIER

W32k, ) R R TR SR R AR AL T AT AT
17, K SR AR R R R B O ARG
AN [E] SR A B AR (R N R R It R 2« XT- COV-
ID-19 ##a 4, ASCR A B ST K05 N TR BHE N I
Wi b 4T TripClick $t#5 4, RA KA M HE
ME AR bR . P Y 38 DUV — A4 458 R TH 1
(NDCG). A #E (RecalD). “FHE%H% (MRR) %%
FRAREEAT VRN o

7£ COVID-19 4 5 b A% H S0 & 28 0E N S hn e vk
K ZRBE, ERQA-7B 5 Meditron £ BAH Y, HI¥E#
It T ChatDoctor 5 3% T BERT B9 #5241 & 4 7%
ERQA-7B [ NDCG@10 fi& #x (0.897) W& fik T Meditron
(0.899), {HET ChatDoctor (0.893) #lBioMedLM (0.885).
Recall@10 fEtr £ I AR R EH, ERQA-7B [#) Recall@10 Fi
F540.906, WK T Meditron (0.907), F£4IF ChatDoctor
(0.902) HBioMedLM (0.894). LiRZEFFKH], 7£COV-
ID-19 %45 4 I, ERQA-7B 5 Meditron [ 4 2 i fff P 52
5, BBERT R A G EAH . AL, A IR
& EUUN TRBUN FAE BT AN AL . WE S (@) B,

ERQA-7B (NDCG@10 = 0.264. Recall@10 = 0.289)
X AR F ChatDoctor (NDCG@10 = 0.257. Recall@10 =
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Title

Abstract summarization

SARS-CoV-2 inactivation in aerosol
by means of radiated microwaves

(PMID: 37515131)

Array-based multiplex and
high-throughput serology
assays (PMID: 36781805)

Brief report: Declining rates of
SARS-CoV-2 vaccine uptake
among patients with thoracic
malignancies (PMID: 36792425)

Coronaviruses cause respiratory infections in mammals and birds, including humans. Air transmission is the main route
of SARS-CoV-2 infection. We developed a method to inactivate the virus using electromagnetic waves. In the
laboratory, we consistently achieved a 90% reduction in infectivity with a safe Radio Frequency (RF) wave emission.
This is the first demonstration of SARS-CoV-2 inactivation using RF waves in conditions compatible with human
presence. Further research is needed to apply this technology in different environments and explore its potential against
other viruses

Serological tests are crucial for diagnosing infections, monitoring vaccination responses, and tracking disease
transmission. The COVID-19 pandemic emphasized the need for rapid development of reliable serological tests. This
study presents a multiplex serological assay based on bead array technology, capable of detecting anti-SARS-CoV-2
antibodies using minimal sample volume and high-throughput analysis. The method is adaptable to include antigens
representing new variants, and it is being expanded to enable parallel detection of antibodies against multiple infectious
agents

The study analyzed vaccine uptake among 242 patients with thoracic malignancies. It revealed a decline in uptake of
subsequent vaccine doses, with 75% receiving the recommended third dose, 39% receiving the recommended fourth
dose, and 5% receiving the recommended fifth dose. Additional vaccinations were found to increase humoral immunity.
The findings emphasize the need to understand the reasons for decreased vaccine uptake and highlight the importance

of counseling patients with lung cancer on public health recommendations

PMID: PubMed identifier.
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PMID Question Answer

37069722 What are the challenges faced in controlling the Despite the administration of vaccines, challenges in controlling the COVID-19 pandemic

COVID-19 pandemic despite the administration include the emergence of SARS-CoV-2 variants, breakthrough and reinfection cases in vaccinated

of vaccines?

individuals, new cases in low-to-middle income countries, and concerns regarding screening for

asymptomatic infections and managing diagnosed cases.

36420736 What are some of the potential long-term Perturbations in T cells, B cells, mast cells, autoantibodies, and metabolic reprogramming are

contributors to the symptoms of COVID-19?

potential contributors to the long-term symptoms of COVID-19.

36369746 How did the COVID-19 pandemic impact the The COVID-19 pandemic led to a significant reduction in the incidence of common SRV,

circulation of common seasonal respiratory including influenza, in the Ottawa region of Canada. The introduction of nonpharmaceutical

viruses (SRV) in the Ottawa region of Canada?

measures, such as masking, to prevent the transmission of SARS-CoV-2 likely contributed to the

near absence of SRV cases. However, rhinoviruses and enteroviruses were relatively unaffected

during this period.

37544384 How long were the levels of protective antibodies The levels of protective antibodies (anti-SARS-CoV-2 spike IgG, anti-SARS-CoV-2 spike receptor-

maintained after the second dose of vaccine in binding domain IgG, and anti-SARS-CoV-2 neutralizing antibodies) were maintained at very

SARS survivors?

high levels even 166 days after the second dose of the COVID-19 vaccine in SARS survivors.

IgG: immunoglobulin G.
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