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Abstract

Purpose This study systematically reviews current evidence on radiogenomics applied to positron emission tomography
(PET) imaging across oncological diseases. The primary objective is to evaluate how PET-based radiogenomics aids in
understanding tumor biology, prognostic stratification, and clinical outcome prediction, while identifying methodological
challenges in the field.

Methods A systematic review was conducted following PRISMA guidelines, focusing on English-language studies indexed
in Scopus, PubMed, and Web of Science until October 31, 2024. Inclusion criteria targeted original research articles involv-
ing human oncology studies using radiomics and genomics in a comprehensive “omics” framework. Data extraction included
patient cohorts, radiopharmaceuticals and statistical methods. Studies were assessed for methodological rigor and reporting
quality according to radiomics quality scores (RQS 2.0).

Results Eighteen studies involving 1780 patients were included, with 75.8% focused on lung cancer. Most studies were ret-
rospective (72.2%) and single-center (77.7%). The primary radiopharmaceutical was ['*F]JFDG (88.8%). Key findings dem-
onstrated correlations between PET-derived radiomic features and genomic alterations, such as KRAS, EGFR, and TGFf
mutations in lung cancer, and prognostic biomarkers in other malignancies. However, systemic shortcomings, including
limited external validation, low reproducibility, and inadequate harmonization, were prevalent. None of the studies exceeded
50% of the RQS maximum score.

Conclusion PET-based radiogenomics holds significant potential for advancing precision oncology by capturing tumor
heterogeneity and improving prognostic stratification. However, methodological limitations, particularly regarding study
design and data transparency, hinder its clinical applicability. Future research should prioritize multicentric designs, robust
external validations, and enhanced standardization to fully realize the discipline’s potential.
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entities that require investigation through a multimodal
diagnostic approach. In this context, the associations of
“omics” modalities, such as genomics (laboratory tools) and
radiomics (imaging) represents an innovative and poten-
tially revolutionary way to investigate tumor heterogeneity
and to enable patient-tailored treatment approaches [1].
Genomics implies the study of the whole genome,
enabling extraction of a large amount of cancer-related
genetic features [2]. This modern “omic” approach is
allowed by next-generation sequencing (NGS), which is
a modern DNA sequencing system enabling to decode
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large amounts of DNA in short time [3]. Radiomics seems
to offer an almost unlimited supply of in vivo biomarkers
which specifically are imaging biomarkers. Radiomics is a
young discipline that has seen tremendous growth in recent
decades in parallel with the development and innovations in
medical image analysis. It is based on the high-throughput
extraction (automated or semi-automated) of a multitude of
quantitative features from digital medical images [4]. This
process of extraction/conversion of biomedical images in
quantitative parameters is motivated by the concept that
such images contain additional information not visible to
the human eye. Moreover, they reflect the underlying patho-
physiology and more specifically, genomic and proteomic
patterns that can be expressed in terms of image-based mac-
roscopic features [5, 6, 7]. In the field of nuclear medicine,
radiomic analysis of positron emission tomography (PET)
is a hot topic. Most of the data currently available in the lit-
erature focus on ['®F]Fluorodeoxyglucose (['*F]FDG) PET,
which is widely used for diagnosis, staging, assessment of
treatment response and survival prediction of several malig-
nancies [8, 9, 10, 11]. Recently, PET imaging with other
radiopharmaceuticals is also being investigated in terms of
radiomic analysis, including radiolabeled prostate-specific
membrane antigen (PSMA) in prostate cancer patients [12].

The ability to infer gene expression or mutation status
—which can potentially contain useful information for prog-
nostic stratification or to support therapeutic decision — from
the quantitative analysis of medical imaging data is called
radiogenomics [13]. This discipline is potentially applicable
to any imaging technique. The extraction of a large amount
of quantitative data through “omics” approaches requires
the implementation of adequate processing tools. Among
those, artificial intelligence (Al) plays a key role, enabling
the training of prediction models that may be applied in
daily clinical practice [14].

In this article we will systematically review the current
literature evidence regarding radiogenomics applied to PET
imaging in different oncological diseases.

Materials and methods
Search strategy

Following the PRISMA guidelines, our systematic review
involved a comprehensive literature search of English-lan-
guage articles listed in Scopus, PubMed, and Web of Sci-
ence. No specific start date was set, and the search results
were last updated on October 31, 2024. The search terms
included “radiomic” and “genomic” or “radiogenomic” and
“PET” or “positron emission tomography.” The search was
conducted both with and without filters, such as language
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(English only), article type (original and research articles),
field of interest (oncology only), and subject (human stud-
ies only). Reviews, clinical reports, conference abstracts,
and editorials were excluded from consideration, as well
as studies focused on single mutations or sets of mutations
that did not adhere to the “-omics” approach (i.e., compre-
hensive DNA analysis, including all genes). Studies with
patient cohorts of fewer than 10 were also excluded.

Two reviewers (L.U. and L.F.) conducted the literature
search, selected studies for inclusion, and excluded dupli-
cate articles. Any discrepancies were resolved by consen-
sus. After merging all identified records, the full texts were
retrieved and further assessed by three reviewers (L.U.,
L.F., and L.E.). Additionally, one reviewer (L.E.) conducted
a secondary search across the databases and reviewed ref-
erences from already-selected studies to confirm eligibility.

Data extraction, quality assessment, and data
analysis

For each study included, general data such as authors, pub-
lication year, country, study design, patient number, radio-
pharmaceutical used, disease, and study endpoint were
collected. Technical data were also extracted, including
texture analysis methods, the number and types of features,
software used, and types of statistical analysis.

Selected imaging studies were assessed using a modified
version of the Critical Appraisal Skills Programme (CASP)
checklist for diagnostic test studies (https://casp-uk.net,
accessed on 15 December 2024). Two reviewers (L.F. and
L.E.) conducted the critical appraisal, resolving any discrep-
ancies through discussion with other authors.

For each study, the radiomics methodology was evalu-
ated using the radiomics quality score (RQS 2.0, available at
https://www.radiomics.world/rqs2, accessed on 13 January
2025), a framework introduced by Lambin and colleagues
in 2017 [15], designed to assess the quality of reporting in
radiomics research. RQS 2.0 consists of 36 checkpoints
that either reward or penalize radiomics studies to promote
optimal scientific practices, with a maximum score of 66
(100%). For arobust evaluation, RQS 2.0 was independently
calculated by two medical physicists (M.O. and L.M.), with
any discrepancies discussed to reach a consensus.

Results

The resulting PRISMA search strategy is represented in
Fig. 1. The analysis included 18 studies with a total of 1780
patients. Among these, 13 studies were retrospective, 2 were
prospective, and 3 could not be classified as they relied on
publicly available databases rather than their own patient
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Fig. 1 PRISMA flowchart indicating the selection process of the included studies

cohorts. The results of the selected studies are summarized  accounting for 75.8% of the total cohort. The second area,
in Table 1. which encompassed radiogenomics in other tumors, com-

According to CASP analysis, studies consistently dem-  prised 8 studies involving 430 patients, representing 24.2%
onstrated high methodological rigor in areas such as the  of the total population. Specifically, this group included 2
clarity of research aims, appropriateness of qualitative  studies on colorectal cancer, 2 on prostate cancer, and the
methodologies, recruitment strategies, and data collection  remaining 4 addressing diverse cancer types such as diffuse

methods. However, some variability is observed, particu-  large B-cell lymphoma, pediatric osteosarcoma, pancreatic
larly regarding the relationship between researchers and  ductal adenocarcinoma, and head and neck cancer. The dis-
participants and ethical considerations. Despite these lim-  tribution of the patient population stratified by tumor type is
itations, the overall appraisal highlights that most studies  represented in Fig. 2.
were considered as “highly valuable” and received a posi- Regarding radiopharmaceuticals, ['*F]FDG was used in
tive summary. Notably, a subset of studies (n=5) achieved 16 out of 18 studies, representing 88.8% of the total. In con-
particularly robust evaluations underscoring their method-  trast, 2 studies employed [**Ga]Ga-PSMA-11 for prostate
ological strength and the reliability of their findings (Sup-  cancer.
plemental material: Table S1). The studies were also characterized by variation in
The studies were divided into two main thematic areas:  their geographic and institutional contexts. Fourteen stud-
PET-based radiogenomics in lung cancer and radioge- ies (77.7%) were single-center, while six (33.3%) were

nomics in other cancers. The first thematic area, focused  multicentric. Geographically, the studies spanned several
on lung cancer, included 10 studies with 1350 patients,  continents, most of the selected studies (8/18) in Asia. The

@ Springer



European Journal of Nuclear Medicine and Molecular Imaging

SOIOIPET Paseq

BUIOUIOIBOOUIDE

[81]

-1dd pue suoneint dUag UdaM)dq UOHR[ALIOD JY) SSASSE O], [e3onp onealoued Dadld 81] 8y oAnocadsonay  10ju2o-9[3uI§ BAIOY  020T “Te 30 wiry
S9IN)eAJ AINIX} oI [s2]
pue uolssa1dxa aueJ ursn [opow uonoIpaId 91eWNSd O], BUWOIBS0)SO ILNRIPAJ 0adlq 81l 7S oandadsonoy  10u2o-o3ulg BAIOY 20T “Te 30 wry
Adesayjowayo aurf-siy 03 asuodsar 939[dwod jorpard [zz]
03 s193owered oTWOUSST Y)IM UOTJBUIqUIOD UI IO SUO[E ‘Bjep BRG]
[eoruro snjd saxes} 1/1dd DA JO AN[Iqe oy} Ssasse 0], 10971d Oad[d 81l €€ oAnoadsonay  Iojued-o[Sulg uredS  €70C SQIOT-1OII0 ]
SSOUOAISSIFFe Jowny 10§ JosjIew st suonerdyfe oqunu Adoo [oz]
[EUWIOSOWIOIYD UO PISeq UOISI| XOPUI JIOUdS & dUyop O], Iodue)) 9¥e)S0Id 11-VINSd-eD[eDg9] S aAnadsorg DURo-NNA  AuewloD 80T ‘[e 10 Yyosay]
[opour TN Sutsn [L7]
Kq 190ue0 918)501d UI OPEID) UOSELI[D) JUNOW-I[OYM SSISSE O, Io0ue)) 91eIs0ld  [-VINSd-ED[eD89] o1 oAnoadsord  10Judo-9[3uIS BLISNY 70T ‘Te 30 SuIN
BUWIOUIOIBOOUSPE
‘SISATeue oruoud3-orper Apueurwop [82]
03 Surpioooe syusnied HTHSN JO UOHEOYIIRNS O1SOUSoIg -a1d “DTDSN Dadlq srl y6¢  oanodadsonay IOJUQO-ININ ‘'S’ $202 ‘Te 310 1lng
‘suoneInu BUWIOUIOIBOOUIPE
ouo3 10ALIp pue [D/1dd ODAA[I §1] Wwoij paroenxa samy Apueurwop [og]
-B0J SOIWOIPEI UdIMIOq UOIIB[I1I0 A} 9)eS1ISoAUT O], -a1d ‘D TDSN Dadld 81] 871 oAndadsonay  19uad-oSulg epeue) $g0g e 10 Jojedzury
BUWIOUIOIBOOUIPE
"uo1ssa1dxa Qua3d pue SaINJLIJ JTWOIPLI PIALIIP-LH Apueurwop BII0Y] [¥2]
Uo 3[1q [9powW & 0} SUIPIOOIE SOUSLINIAI JULISIP J01paid 0T, -a1d ‘D TDSN 0adlq srl €S VN  I19u00-o13urg ynos €202 ‘el ns
'S9ZIS XLIjeW 3w JUAIYIP
wolj saInjesy A31ouag010)ay paseq-14d Jo DI (9) ‘seanyesy BUWIOUIOIBOOUSPE
K319u23019391 o1wWoUA3 JUAIYIP Jo DI (q) ‘erep [eorurd Apueurwop
)M S2INJBIJ JIWOUIFOIPEI JO UONEB[ALI0D ) (B) SSISSE O, -a1d ‘D TDOSN oailq 81l 9 2Andddsonay  191u22-9[3uUIS uemre], ¢€z0¢ [€z] Te 1R uoyd
“ewIouIdIRO0USpPE uUn| Ul s)oSIe) Jey
-nooowr Aoy UI SUOIEIa)[E JB[Nod[ow Jo 90uasaid oy jorpaid BUWIOUIOIBOOUIPE
0] SAIN)EO JIWOIPLI PIALIDP-[HJ PUE [ed1Ul]o Suruiquio) OTOSN Dadl4 81l 601 oAnoadsomey  10jued-o[Sulg souer] g0z [07] 1810 9pIY
osdejar pue ssoudAIssaisse BUIOUIOIBOOUIPE
)M PoJeIdOSSE saInjeuSIs uolssardxa auad Furkynuopy Apueurwop [61]
*(9oua1noar) sawosino juaned pue A30[01STY SUnOIPaId -a1d ‘D TDOSN oailq 81l L QAndddsonay  191u22-9[3uUIg ABI] 1207 1B 39 OuQuIry
BUWIOUIOIBOOUIPE
‘sAemyped Sureudis oruagoouo Apueurwop
puE suonEINW OIS YPIM SAINIed) [ J JO UOIRIOOSSY -a1d ‘D TDSN 0adla 81l LET oAnododsonoy — 10jued-o[Sulg eoI0Y 070C  [91] Te 10 wry
BUWIOUIOIBOOUSPE
'SOW00INO [BAIAINS PUL Apyueuruop
‘so[goud Je[nod[ow ‘saInjedj SUISeW UIIMIq SUOTJRIDOSSY -a1d ‘D TDOSN oailq 81l 11C  2Andadsonoy  19ju20-9[3urg SN 8107 lez] 1B Deg
BUWIOUIOIBOOUIPE
‘(odeys o3pe ‘oz1s Jowny “39) s1oxIeW Apueurwop [s1]
-o1q Surewr jo uonepifea onsougoid pue uonEOYHUIP] -a1d ‘D TDOSN OaA[d 81l 97 oandddsonoy  103u90-9[3uIg ‘SN TI0T ‘T8 39 119BAQD)
BUWIOUIOIBOOUSPE
Apueurwop
sainyed) axedn D uo paseq uonorpaid [eAlsmg -o1d ‘> TOSN DAAlA81] L1 eAndadsonay  dupuedHNA 'sn cioz 1€l e neN
s1d
I0q
jutodpuyg Jseasiq J4 -wnN urpeg ad&y Apmg Anuno)  I1e9x sioyny

SISA[eue ay) Ur papnjour SAAPNYS Ay} Jo S[ILJdP [BIIUI) | d|qel

pringer

As



European Journal of Nuclear Medicine and Molecular Imaging

- o |3 temporal distribution of the studies ranged from 2012 to
g g § 2 2024, highlighting a consistent and increasing interest in
- % radiogenomics over the years.
£y 53: |%
5 S
22 BEE,lS RQS
S = = 2 £|1
§3 2% 8§30
238 5 & % 213 The RQS 2.0 scores of the analyzed studies reveal systemic
< o~ < |2 . .
"g s E2E 3% methodological shortcomings (Table 2, Table S2). None of
7] [SARE = S . .
g% ?5 S &L = 5 the studies exceed 50% of the maximum RQS score (66). As
— Sl = . . . . . .
g g < 2 o 23|z 's'g highlighted in the provided histogram (Fig. 3), 61% of the
=] . oq ¢ .
éﬂ g £ E ;% 2 ¥ &2 analyzed studies fall within the range of 17-22 points [16,
= S 2 = 2|8 © . .
= T:; B E 2 %”ﬁ % = 17,18, 19,20, 21, 22, 23,24, 25, 26]. Key areas with consis-
o 2 = =] . . .
25858 E g <2 tently low scores include prospective study design, external
g % S 2B f 8l ‘g validation, data harmonization, transparency, and reproduc-
.g }? fg 3 % N % S é E; ibility. These limitations reflect fundamental challenges in
£ g& § 58 8|S, the current state of radiomics research included in this study.
o o o X . . . .
= EZFEHEF| 22 In terms of radiomic analysis, only two studies pres-
EE y y p
5 El g ent a prospective design [27, 28], rather the retrospective
Q — . . . . .
5 s f %ﬂ approach is the dominant one. This methodological choice
% E 2 § < introduces significant bias and limits the robustness of the
= S = |=8 findings. Additionally, external validation is often missin
- s |EE g Y g
2 g % 5 é g or underdeveloped, as many studies rely on data from a
.g § &g 2 g = single center, reducing the generalizability of the models.
Q . . . . . . . .
nso o E Data harmonization, an essential step to minimize variabil-
S oo . . .
g 2 ity introduced by different scanners and imaging protocols,
2 % is inadequately addressed in most studies. On the other
o o . . . . .
; 2 hand, though, a specific image pre-processing pipeline to
8 2 8 = harmonize scans from different centers was developed by
= = B g <§E Sujit et al. [29]. Transparency is another critical issue, as
& ® ®  ® f g raw data, metadata, and code are rarely shared, hindering
I [ reproducibility.
: O =
g - - ) Further methodological issues include the lack of mitiga-
= — »n 20 . . . . .
R g 2 tion strategies to address biases in datasets, such as imbal-
(= ?13[3 anced class distributions or demographic variability, and
3 § :g insufficient analysis of cut-off values to stratify risk groups.
2 8 B E The scarcity of phantom studies to assess and quantify scan-
3 <Zt E ‘é £S3 ner variability adds another layer of uncertainty, as differ-
OCE} ences in imaging hardware and settings can significantly
. g g 5 [&F affect radiomic features extraction.
S S g8 3 |o éﬂ Calibration statistics, a critical component for evaluating
-§’ %;D ;—;:)n :; 2 e model predictions and ensuring their alignment with clini-
A 5 » = |28 cal outcomes, are frequently omitted. This omission reduces
9 %é the credibility and utility of predictive models in practical
2 - - py 5 il-;l applications. Furthermore, interpretability remains a sig-
= Q — . . .
§ 5 s 8 g = nificantly underexplored aspect of radiomics research. Most
© > “~ OO0 ;g g studies neglect to incorporate advanced methods such as
5 2 S 2 |8l SHAP (Shapley Additive Explanations), which are instru-
g™ a a A % [% mental in linking radiomic features to clinically meaningful
é 3 é’ & parameters. This limits their clinical applicability.
] . ° '~H3 § In particular, the studies by Bakr et al. and Kesch et al.
~ = . < JO .
- |g g =z |38 § [27, 30] exhibit the lowest RQS 2.0 scores. Both studies
k53 = . . . .
% = N § — 88 focus primarily on the conceptual development of radiomic
e | < oo 3a>clas

@ Springer



European Journal of Nuclear Medicine and Molecular Imaging

Distribution of Patients by Cancer Type

NSCLC, predominantly adenocarcinoma

Prostate Cancer

Stage IV colorectal cancer

Pediatric osteosarcoma

Pancreatic ductal adenocarcinoma

Cancer Type

DLBCL

Colorectal cancer

Head and neck cancer

0 200

Fig. 2 Distribution of the patient population according to the cancer type

models, with limited efforts toward robust validation or clin-
ical integration. For example, Bakr et al. [30] introduce a
radiogenomic dataset that combines imaging and molecular
data but do not advance to applying this dataset in validated
predictive models. Similarly, Kesch et al. [27] explore, in
a prospective study, the correlation between genomic and
imaging features in prostate cancer, emphasizing feasibility
rather than clinical applicability.

In contrast, the study by Sujit et al. [29] achieves the
highest RQS 2.0 score, setting a benchmark for method-
ological robustness. This study distinguishes itself by incor-
porating external validation across multiple centers and
implementing advanced data harmonization techniques.
The multi-institutional design, the external validation based
on datasets from distinct institutes and focus on clinical
applicability underscore its strength and potential impact on
the field. The results of the RQS analysis are schematized
in Fig. 3.

Lung cancer

Several original studies used a radiogenomic approach to
investigate different aspects in non-small cell lung cancer
(NSCLC) patients. In particular, the main aim of the pub-
lished papers could be summarized into three macro-areas:
(a) Correlation with driver gene mutations, or tumor biology

@ Springer
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(n=4); (b) prognostic stratification (n=3); and (c) clinical
outcome prediction (i.e., survival, n=2; recurrence, n=1).
Lung cancer patient distribution into the three macro-areas
is schematized in Fig. 4.

Kim and colleagues investigated the relationship between
["*FIFDG PET-derived image features and genetic altera-
tions in lung cancer [17]. The study included 137 patients
with various histologies (adenocarcinoma, squamous cell
carcinoma, and small cell lung cancer) who underwent ['*F]
FDG PET/CT imaging. Tumor lesions were segmented to
extract 86 PET image features, and 381 genes were analyzed
using an NGS-based targeted-sequencing platform (Cancer-
SCAN). The analysis revealed correlations between specific
PET features and genetic mutations, as well as oncogenic
pathway alterations, including WNT, p53, and TGFp sig-
naling. Among the 24 PET features linked to genetic muta-
tions, each was associated with between 1 and 7 genes. For
adenocarcinoma, the most prevalent histology, 41 of the 381
target genes were significantly associated with PET image
features. Notably, SUVpeak and SUVmax were linked to
mutations in the TGFf pathway in adenocarcinoma. SUV-
peak, an indicator of metabolic intensity, was significantly
higher in patients with TGFp pathway mutations compared
to those without. A similar experience was performed in the
paper by Aide et al. [21]. The authors combined clinical
(i.e. age, sex, smoking history, AJCC stage), and radiomic



European Journal of Nuclear Medicine and Molecular Imaging

(%¥T¥0) (ST€) 2myxa) [97]
91 (Tyepue o'¢'e A ) 189y dueLies  (SO) MLIA 0161 (17) 10p10-3s1y  (SO) MLIN [enueN  [E 10 oSOy
(%Ti'Ty) (p'11°1 o8eyoed Adms-o8exped ¢ (SO) 1°0°€ (LOT) WALON ‘NATO ‘WTITO [L7]
|7  uoylAq) 1593 arenbs-1yD) ‘AOWIYA\-UUBJN  SOTWOIPBYAJ 7y INZSTD ‘NDTD Jopio 1oy3iy ‘adeys Top1o-siy V'N [enuey ‘Te 39 SuIN
(T'1'vA ) sprezey (z6) xumew [SW
(%St'sy)  [euontodoid xo)) SIsA[eue 9jeLIBAT} N () Iop10 puOIIS (D) arem [82]
0€¢ pue ojerIeAIun ‘@renbs-1y) s,uo0s1edq AV IILVIA 86 (o) Jop103s1y  -130S INIIN [enuejn BLRERIIN
A1oAnoadsar
C [SPOIN pue
1 [SPOIN 10}
(Lo/1ad)
L1pueyl
(Lad)
L1 pue¢] (14d 103
(%58°1€) (so) (LD) 96 pue LD 10§ 16) 2deys ‘(NATON ‘HIDOH WTITO (S0)  (poyow pjoysaiy) [og] Te
€C () uonerono) uewreads  0¢'9A XoJI'T g Pue ¢ ‘NNTZ ‘IOTZT ‘WIZTO ‘WOTD) [BINIxX0) 10PI0 ISIY  ()€'9'A X' onewone-Iwag 30 Jojodzury
(%0€°0€) (so) (LY) WTITD ‘WZSTO (SO)  (powow poysary)
0¢ (¥) DNV I59)-1, ‘UONE[OLIOd UOSIBd]  ()'p'A XOJI'] ¥ ‘NATON ‘NOTD 10pIo 1oysiy ‘adeys IopIo-IsIy (A XJI] onewone-rwag  [] el nf
(0°€'¥A ) DNV “DOY ‘uolssaIdoy
(%LTLD) onsIS0 ‘osse] ‘sis[eue djeLieArun (so) (SO)  (poyaw pjoysaiy) [Tl
81  ‘WnS YUBI UOXOO[IA I89)-1, ‘dxenbs-14D)  (0°7'¢'a XoI'T 4 (S) (D11 ‘ANS) 19p10 181y 0°T'S"A XJI'T onewojNe-1Wag ‘e 39 uay)
(@)
(%LT'LD) (610T°A IVLSTX) UONE[O1I0d (so) (IO WTZTO §'9°G Admem (1003 03pa-14d) [oz]
g1  uewueadg ‘DO ‘0SSET AoUIYA\ UUBIN  (€'9'A XJIT 9 INATON NDTO Iopio 1oysry ‘adeys “1op1o-3siy -130S INTIN JnjEWOoINE-TWAS ‘[e 39 9pry
(LD 10§
Surmoig-uor3ar pue
(s0) LAd 10§ Sutesnyd
121[S deg sueow-y| pue
(%28'1¢) (@) 1D LS Paseq-poysaIy) [61]
1T (I9ead)NID  dVILVIN 4 14d 09 101 d¢ OHBWOINY  [€ 39 ONUILIIY
(g'g'ga g pue 6a
SVS) X0D 959} Nuel-3o] TerN-uerdes]
‘SI[eA [BYSTIY 10 VAONY S.U9[oM (O/s0) )]
(%9L°5) ‘VAONY ‘UONE[oLI00 UOSIEdd ‘BUl gV TIVIN (98) WZSTD  #'9Aalem (100} 28pe-LHd) [91]
LT -19)sN]d S0} WNS-URI UOXOO[IA )S9)-], /VLIOD LT ‘WATON ‘INETO “NDTO 19p10 1oy3Iy IopIo-isiy  -yos ININ dnetone-1as Te 3o Wiy
(%L991) (uotsiaa) [67]
I V'N V'N V'N (S¥) o1Sojoydioy  (SO) AVde  [enUEW +OneWOINY Tej0 meg
(%6L°87) (L) (1) ANS “(se[npou ‘sIso1oau) (97) dNULLdS [s1]
61 (¥) uonezien3oy osse| VN 1+(1D) ¥I1 ‘(adeys ‘armxa) ‘weidoisiy) (€S 1) reuoneindwod V'N [enuB  [B 19 119BAQD)
(%88°LE) (VIIVIN) (so) (€) 1op10 )81y (s0)  (Surmoi3-uoigar) [1¢€]
Sz 1S9} UOTJB[21109 Yuel-ueuLreadg afew] Iy Il (171) seanyeay aanemuenb 14 adew] Iy onewoINy RERERICIN]
(ssepo)
(MS) soqerea  (sse[o) MS (u) AS oD (WIpLIOS[e) poyjowt
(%) SOY  juepunpal 9onpal 0} SISA[U. [eO1ISIIe)S orwoIpey S PoId9[dS adKy s RalielisrtelN uornejuawdog soyny

sisA[eue ay) ur papnjour sapms 3y Jo SOV ¢ d|qeL

pringer

As



European Journal of Nuclear Medicine and Molecular Imaging

Ayuaojrun-uoN yiSuo| auoz =NTZ 2Iemijos= S onjea oyeidn pazipiepueis=A NS ON1sLI0eIRYD Jurerado 10A1009y =) Y 001nog uadQ =S ‘XLIBA 90UIYIJ du0]-AeID
Sur10quS1oN = JNALON “XIIBJA WYL [2AdT-A210) pooyloqySIaN = NAION 9[qe[IeAy JON = VN ‘uonoeidu] [eneds reuor3ainm =[SIA ‘siseqdurg [9A9T-Aeln) M0 2U0Z-3u0T=4DTZ1
‘SISA[BUY JUBUTWILIOSI(] JBAUT ] = Y(I'] ‘10jeIodo Uonoo[as pue oSeyuLIys 9In[0sqe 1Sed] =SSV {UoNe[a1I0)) sse[)-enul=))] ‘siseqdwyg uny [0A9T-Ae10) YSIH=TYDH X1\ [ISuo] auoz
[PAT-AID = NTZTD XIIBIA QU077 9ZIS [9AT-ABID =NZSTO X1njew [IJUS[-UnI [9A9] AeIS =AY TD ‘XINB [ISUdT uny [QAT-ABID =NTYTD {[OPOIA TeoUl] POZI[eIouan) =N TD XLIeN
90URIINDI0-0)) [2AT-ARID) = N DTD 038y A12A09S1(J 3S[B] =Y ] 9914 UOIIBIOUUY URIIISAYJ O1U0NOI[H = Vd? ‘UONBLIBA JO JUIIOYJI0I = A D {[RISISWWOd =) DAIND) Y} JOpU) BAIY =DV

)

sisA[euy J1ojoe o[dunA :sisAjeue oje

(%€E'€E)  -HRADMA DV ‘UONE[ALI0d UrULIEadS [L1] T8
TT x0)) 150} Nuel-30] ‘JOIN-ueldey] ‘osse] dONd S (8) ANS ondury (D) AONd [ENUBAl 10 SBARUORIA
(0 %'A ) 1593 uer-30] (uo1s1AQI) [enuewW +
(%8°1¢)  “IerN-ue[dey] ‘uoissa1far onsiS0T X0y (SO) €1°1°L'A (LS INAION (SO) €I'T°LA  (poylduw pjoysaiyy)
1T 15911, ‘WONE[oLI0d uosIedd ‘D0Y A X1 01  WZSTIO WTITO ‘INITD 19pI0 JOUSIY “IopIo-JSIy X1 onewoine-mwdg  [1¢] e 10 097
(%58°+¢€) (STA SSdS (D) orem (1003 98pa-1Hd) [ze]
€C  Pueppg A g) uone[oro) uewneads  (SO) XAIUT 9 (9) AOD “Adonud ‘A LN ‘OIL eddANS XeWANS  -JOS INTA ONEWIOINE-TWOS ‘Te 30 104D
(0/s0) (LT WZSTD WATON N TITO IopIo 10y3Iy
(%0€°0€) (0°€TASSdS)  AVILVIN (2) odeys (D) ons (paseq-juorpeis) [s1]
0T DNV D0V 1831 (1 KUY -UUBy /VLIDD 8 (9) 1opIo-s1y  -OBIA INTA ONEWOINEIoS Te 30 Wiy
L)
19p10-y31y
J9PIO-PU0IIS
(%T8'1¢) B (so) Jopi0-)s1y (so) (s
1T (V'N) Xew DOV DNV 04 XHT LT+L sarmed) eAneguenb [4d  04A XHT [enuep Te j0 Wy
(orpmgy pue ) gz
(%z8°1¢) 0'THA Y TI'8 €A UOYIA]) UOTSSOITAI UOISTOdIJ (NALON ‘WZSTD UOISTOdIJ [cel e
1T onsI30T ‘UOX0I[IAN ASUIYAN UUBIA wiqng) L1 INTIIO ‘NDTD) 19p10 puodas (G) I9pIo 31y wiqne) [eNUB[N  SQIOT-IOLIO
(ssepo)
(MS) sojqetrea  (ssejo) MS (1) MS uon  (wpLoS[e) poyiout
(%) SOY  juepunpal 9onpal 0} SISA[EUL [eO1SIIe)S orwoIpey  SI.q Pa109[eS adKy s g Ralielirely uoneuaw3og sioyny

(penunuoo) g ajqeL

pringer

As



European Journal of Nuclear Medicine and Molecular Imaging

12 —

20—

Number of manuscript
L]
|

[1-16]

Fig. 3 Results of the RQS analysis

features extracted from baseline ['*F]JFDG PET to predict the
presence of molecular alterations in a cohort of 109 patients
with newly diagnosed lung adenocarcinoma. The authors
performed an internal validation, and the presence of molec-
ular alterations was defined according to NGS. Overall, the
evidence of at least one molecular alteration was recognized
in 57.8% patients, with KRAS and EGFR as the most fre-
quently mutated genes (27% and 10%, respectively). The
least absolute shrinkage and selection operator (LASSO)
regression model built by the authors demonstrated a sen-
sitivity and likelihood ratio of 90.0% and 1.35 to predict
the presence of key molecular alterations at internal valida-
tion. In a cohort of 128 NSCLC patients, Hinzpeter et al.
[31] investigated the correlation between radiomics features
extracted from pre-surgical ['*FJFDG PET/CT and driver
gene mutations. Such a model would enable molecular pro-
filing through non-invasive baseline imaging. However, the
authors found only moderate prediction accuracy for driver
gene mutations, including TP53, KRAS and EGFR. Thus,
the radiomic model proposed by the authors is still far from
the accuracy of NGS. Finally, in a retrospective, single-cen-
ter observational study, Kirienko et al. analyzed data from
151 patients who underwent surgery for adenocarcinoma or

[17-22]

[23-23]

[29-36]

RQS 2.0 score

squamous cell carcinoma and had baseline ['*F]FDG PET/
CT imaging [20]. A subset of 74 patients with cancer tissue
samples available in the Institutional Biobank was included
for radiomic and genomic analyses. The genomic analysis
focused on identifying genetic variants, fusion transcripts,
and gene expression profiles. ML identified robust predic-
tive models, highlighting SUV and kurtosis (from PET and
CT features, respectively) and the expression levels of TP63,
EPHA10, FBN2, and IL1RAP as key tools for distinguish-
ing adenocarcinoma from squamous cell carcinoma. While
the ML approach modestly utilized PET radiomic features
to predict relapses, it identified a strong gene expression sig-
nature capable of accurately predicting patient relapses. The
top-performing radiogenomic rule for predicting relapse
achieved an area under curve (AUC) of 0.87.

In a retrospective, multicentric study, Nair et al. inves-
tigated the prognostic value of ['*F]JFDG PET imaging in
resected NSCLC [32]. Analyzing 25 tumor samples from
the study cohort, the authors identified correlations between
PET-derived features and gene expression signatures, as
well as survival outcomes. Notably, a multivariate radioge-
nomic model incorporating ['*F]FDG features (SUVmax,
SUVvariance, and SUVPCA2) demonstrated significant
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Fig. 4 Distribution of the lung cancer patients according to the three macro-areas of radiogenomic analysis investigation: (1) correlation with
driver gene mutations, or tumor biology; (2) prognostic stratification; (3) clinical outcome prediction

predictive value in external (63 patients) and validation (84
patients) cohorts. The study also highlighted that certain
PET-radiomic features reflect broader tumor bioenergetics
and oncogenomic alterations, underscoring their potential
as non-invasive biomarkers for improving NSCLC prog-
nosis and understanding tumor biology. Following this
approach, Gevaert et al. employed a radiogenomics strategy
to identify prognostic imaging biomarkers for NSCLC [16].
By integrating imaging features from CT and PET/CT scans
with gene expression data, the research established correla-
tions between imaging characteristics and genetic profiles
(metagenes). Conducted on a cohort of 26 patients, the
study utilized public datasets to indirectly evaluate the prog-
nostic significance of these biomarkers. Significant correla-
tions were identified, highlighting tumor size, edge shape,
and sharpness as the most relevant prognostic features. This
innovative method has the potential to accelerate the trans-
lation of novel imaging biomarkers into personalized medi-
cine without requiring extensive long-term clinical trials. To

@ Springer

date, the study performing a radio-genomic analysis in the
larger cohort of NSCLC patients (n=394) was proposed by
Sujit et al. [29]. The authors extracted 92 radiomic features
from both diagnostic CT and ['*F]FDG PET/CT and strati-
fied newly diagnosed NSCLC patients into 3 imaging-based
prognostic groups (low-, intermediate- and high-risk) that
resulted significantly associated with ctDNA metrics. More-
over, a COX regression model combining the proposed
imaging-based prognostic groups with clinical features,
ctDNA metrics and tumor volume achieved a C-index=0.82
to predict the risk of recurrence. Also, the authors per-
formed a transcriptomic analysis from RNA sequencing
that demonstrated that interferon a and interferon y were
downregulated in high-risk NSCLC groups. Although the
authors define their work as a proof-of-concept study, the
results proposed look more consistent than the average level
of those published in the literature, as the results presented
were validated both internally and externally in a rather
large multicenter cohort protocol.
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The study by Bakr and colleagues investigated a unique
radiogenomic dataset of NSCLC, integrating imaging (CT,
PET/CT), molecular, and clinical data from 211 patients
[30]. This dataset included tumor segmentations, semantic
annotations, and gene expression profiles obtained through
microarrays and RNA sequencing. The study aimed to
explore the relationships between tumor imaging features,
molecular phenotypes, and survival outcomes. It demon-
strated the potential of combining radiomic and genomic
biomarkers to develop predictive tools for personalized
treatment in NSCLC. Among the findings, the dataset high-
lighted significant associations between imaging features
such as tumor size, texture, and ['®F]FDG-PET uptake, with
key oncogenic mutations (e.g., EGFR, KRAS, ALK) and
survival outcomes. This underscored the value of non-inva-
sive imaging biomarkers for capturing tumor heterogeneity
and guiding precision medicine. The prediction of distant
recurrence according to ['*F]JFDG PET-derived radiomic
features and gene expression was the aim also of the paper
by Ju and colleagues [25]. In 53 NSCLC patients, the authors
extracted 47 radiomic features from PET images and cor-
related them with 37 gene modules identified by genomic
analysis. A significant correlation was found between 4
radiomic features (GLRLM_SRHGE, GLRLM HGRE,
SUVmean, and GLZLM_GLNU) and 6 genes. The ran-
dom forest (RF) Machine learning (ML) algorithm trained
integrating both radiomic and genomic features reached an
AUC of 0.912 to predict distant recurrence of NSCLC. In a
cohort of 46 treatment-naive NSCLC patients, Chen et al.
[24] investigated radiogenomics from multiple points of
view, including survival prediction. Firstly, they performed
a technical evaluation, investigating the heterogeneity and
reliability of both genomic and radiomic features according
to the intra-class correlation coefficient (ICC) — a measure of
consistency. Interestingly, they reported a moderate reliabil-
ity (ICC=0.736) for genomic features and a very high reli-
ability (ICC>0.9) for radiomic features, even though they
were extracted from images obtained with different image
matrix sizes. Afterwards, the authors found a significant
shorter overall survival (OS) in patients with higher values
of tumor mutation burden, SUVmax and entropy (extracted
from reduced matrix-size images).

Tumors other than lung cancer

From the eight papers analyzed, it emerged that radiomics
by PET imaging can predict genetic mutations in prostate
cancer [27], in pancreatic cancer [19], in head and neck
cancer [33] and in colon rectal cancer [22]. Conversely, the
association of omics, either radiomics by PET and genom-
ics, in a computational model in patients affected by pros-
tate cancer [28], lymphoma [23], pediatric osteosarcoma

[26] and colorectal cancer [18] can be useful to improve
diagnosis, predicting the response to therapy and playing a
prognostic role.

In prostate cancer, radiomics by [**Ga]Ga-PSMA-11
PET/CT can predict the extent of genomic alteration
defined as chromosomal copy number alterations (CNAsS).
However, the alone available study was an intentional pre-
liminary analysis involving only 5 patients [27]. Machine
learning analysis by including the association of radiomics
by [®®Ga]Ga-PSMA-11 PET/CT, pathomics and genomics
in terms of tumor mutational burden (TMB) can predict the
Gleason grade in a more accurate way, as compared to the
biopsy, thus significantly affecting the risk stratification of
prostate cancer patients [28].

In lymphoma patients, the identification of predictive
variables able to identify patients with DLBCL who are
responsive to a first-line immunochemotherapy is essential
for better prognosis. However, the current strategies are not
performing enough. The combination of gene rearrange-
ments involving MYC, BCL2, and/or BCL6 and radiomic
features from ['®F]FDG PET/CT, such as GLSZM_Gray-
LevelVarance and Sphericity can predict treatment response.
When combined the AUC was equal to 0.904, thus opening
the omics way in this setting of patients [23].

In pediatric patients with osteosarcoma, the identifica-
tion of predictive variables is essential for improving the
prognosis, that is still considered unfavorable for this neo-
plasm. A predictive model integrating radiomics by ['*F]
FDG PET/CT and gene expression can significantly iden-
tify patients with metastatic widespread and those who will
exert a response to chemotherapy. Indeed, the combination
of GLCM, EZRIN and ki76 can arrive at an AUC of 0.80 for
the identification of metastasis. Whereas, the combination
of NGLDM_Contrast, EZRIN and ki67 arrives at 0.89 for
the prediction of response to chemotherapy [26].

In pancreatic cancer, radiomics features by ['*FJFDG
PET/CT can predict some genetic mutations such as KRAS
and SMAD4 [19]. KRAS is associated with an uncontrolled
proliferation property and with other processes. SMADA4 is
a tumor suppressor protein. Both are expressed in pancre-
atic cancer, although not specific only for this neoplasm.
Radiomics features based on voxel statistics or gray-level
run-length matrix/size-zone matrix, such as SUV skew-
ness, emphasis, can predict an AUC ranging between 0.692
and 0.829 gene mutations. Also, in head and neck cancer,
radiomics features by ['*FJFDG PET/CT can predict the
tumor genetic heterogeneity [33]. Indeed, SUVmax, TLG,
MTYV, entropy and COV are predictors of MATH (mutant
allele tumor heterogeneity) and GlycoS. In the study per-
formed in 25 patients with stage III/IV head and neck cancer,
the authors found that PET radiomics was associated with a
mild degree to MATH that is a predictor of poor prognosis.
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Finally, two studies are now available about radiogenom-
ics in patients with colon-rectal cancer. The first study pub-
lished in 2019 demonstrated the ability of gene expression
in terms of RNA sequences and ['*F]JFDG PET/CT derived
radiomics in making a differential diagnosis between benign
and malignant colon-rectal lesions [18]. Later in 2023, ['®F]
FDG PET/CT derived radiomics features were found to be
predictors of TMB in patients with stage IV colon-rectal
cancer [22]. The authors underlined that PET radiomics
were associated with tumor heterogeneity that can be linked
to different gene expressions or to mixed immune cells
composition.

Discussion

Solid tumors are characterized by marked inter- and intra-
tumoral genomic heterogeneity, and both spatial and tempo-
ral heterogeneity are observed in a single patient [34]. On
the one hand, this encourages an increasingly personalized
medical approach, but on the other it still represents the
main cause of treatment failure, the onset of resistance to
therapy and poor prognosis [35]. Therefore, there is a need
to try to capture this heterogeneity to improve the treatment
decision-making processes. However, biopsy-based pro-
filing does not allow for adequate characterization of this
heterogeneity. In fact, multiple biopsies over time would be
needed (with all the consequences that an invasive maneu-
ver entails) to capture temporal heterogeneity, but spatial
heterogeneity would never be overcome since a biopsy is
inevitably targeted to a single lesion and subject to sam-
pling error. Similarly, imaging modalities allow visualiza-
tion of tumor-related morphological or functional changes.
However, they often lack cancer-specificity and allow rep-
resentation of the oncological situation only at the few time-
points when they are acquired.

Therefore, precision medicine research should aim not
only at finding in vitro molecular biomarkers, but also at in
vivo biomarkers spatially and temporally linked to tumor
biology. The reviewed literature provides a fascinating,
albeit preliminary, insight into the potential of PET-based
radiogenomics in oncology. This field holds the promise of
significantly enhancing our understanding of tumor biology,
stratifying prognostic factors, and refining clinical decision-
making. Lung cancer, in particular, serves as a prominent
model for investigating mutation-driven therapies due to its
high prevalence, genetic complexity, and established links
between molecular alterations and therapeutic outcomes
[11].

The importance of rapid and accurate genetic profiling
in lung cancer cannot be overstated. Actionable mutations,
such as EGFR, ALK, and KRAS, are critical for guiding
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targeted therapies, and delays in their identification can
compromise patient outcomes [36]. Recent studies highlight
the potential of liquid biopsy as a non-invasive alternative to
tissue biopsy, enabling faster and safer mutation detection.
However, liquid biopsy still faces significant challenges,
including limited coverage of treatable mutations beyond
EGFR and T790M, logistical barriers in processing samples
within clinical timeframes, and the need for comprehensive
analytical techniques [37, 38]. These limitations often result
in delays in treatment initiation, underscoring the need for
further advancements in molecular diagnostics and stream-
lined workflows. Furthermore, disparities in access to gene-
driven therapies due to national reimbursement policies add
another layer of complexity, restricting the full realization
of precision oncology in many regions.

Against this backdrop, PET-based radiogenomics
emerges as a promising tool to integrate molecular and
imaging biomarkers. Lung cancer has been the focus of most
studies in this domain, with 75.8% of the reviewed research
addressing this malignancy. These studies have identi-
fied intriguing correlations between PET-derived radiomic
features, such as SUVmax and SUVpeak, and key genetic
alterations like KRAS, EGFR, and TP53 mutations. For
instance, SUVpeak has been associated with TGFf pathway
mutations in adenocarcinoma, highlighting the potential of
radiogenomics to capture tumor heterogeneity and inform
therapeutic decisions [17]. However, while these findings
are encouraging, they remain largely exploratory and far
from clinical implementation. Moreover, severe limitations
still affect the studies’ methodology. Thus, further efforts are
required to enable the transition of radiogenomics into daily
clinical practice.

Beyond lung cancer, the application of PET-based radi-
ogenomics to other malignancies remains limited. While
mutation-driven therapies have transformed treatment
landscapes in cancers like melanoma [39, 40], radioge-
nomics has only been applied to a minority of oncological
conditions. For example, preliminary studies in colorectal,
prostate, and pancreatic cancers have shown promise in
correlating PET-derived features with genetic alterations,
but these efforts are hindered by small sample sizes, lack
of external validation, and methodological inconsisten-
cies [18, 19, 22, 22, 23, 26, 27, 28, 33]. Furthermore, in
pediatric osteosarcoma and in lymphoma, radiogenomics
would be useful to predict the responsiveness to therapy. In
prostate cancer, the integration of radiomic, genomic, and
pathomic data has been shown to improve risk stratification
compared to biopsy alone. Similarly, in pancreatic cancer,
radiomic features have demonstrated potential in predicting
KRAS and SMAD4 mutations. However, these studies are
still at an early stage, emphasizing the need for more robust
investigations.
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PET-based radiogenomics holds distinct advantages over
CT or MRI-based radiogenomics due to its foundation in
functional data that is intrinsically linked to the biologi-
cal and behavioral aspects of tumors [41, 42]. Unlike ana-
tomical imaging techniques, which provide static, structural
information, PET imaging offers dynamic insights into
metabolic activity, reflecting the tumor’s underlying physi-
ology. This functional data is highly sensitive to changes
in tumor biology, enabling a more accurate representation
of its molecular characteristics. These advantages allow
PET to provide critical information that is often missed
by structural imaging modalities, making it an invaluable
tool in understanding the tumor’s microenvironment and
its response to therapies. In this regard, PET-based radioge-
nomics represents a groundbreaking approach for studying
tumor heterogeneity at a genomic level in a precise and non-
invasive manner [43]. By correlating the functional imaging
data from PET scans with genetic and molecular profiles,
researchers can uncover subtle variations in the tumor that
may not be visible through other imaging methods. This
capability opens up to new avenues for personalized treat-
ment strategies, as it allows for a more detailed and com-
prehensive understanding of the tumor’s genetic landscape,
ultimately contributing to more targeted and effective thera-
pies. In an ideal approach, PET-based radiogenomics should
integrate ['®F]JFDG imaging— despite its limited specific-
ity—with molecular and genetic analyses, such as genomics
and transcriptomics, which provide a more precise character-
ization of tumor biology. This combination would leverage
the non-invasive nature of PET, capable of assessing tumor
heterogeneity, with the specificity of omics-based analyses.
However, integrating imaging and multi-omics data pres-
ents computational and logistical challenges, including data
harmonization, standardization, and the need for advanced
machine learning models [44]. Addressing these issues is
essential to fully exploit radiogenomic signatures for patient
stratification and personalized treatment.

Furthermore, radiogenomics can help identify gene sig-
natures linked to tumor behavior by employing radiophar-
maceuticals beyond ['*F]FDG and PSMA ligands, such as
FAPI, PD-1, and PD-L1 imaging. These agents provide
insights into tumor microenvironment interactions and
immune evasion, aiding in patient stratification for tar-
geted therapies. FAPI imaging detects cancer-associated
fibroblasts, while PD-1/PD-L1 imaging assesses immune
checkpoint expression, guiding immunotherapy decisions
[45, 46]. Though their integration with radiomics and gene
expression remains unexplored, it holds great potential for
advancing precision oncology.

All published PET-based radiogenomics studies have so
far used static PET images due to the complexity and logis-
tical challenges of dynamic PET, which requires prolonged

scanning and often arterial blood sampling [47]. However,
dynamic PET provides valuable tracer kinetic insights,
potentially revealing additional tumor biology aspects. A
study by Noortman et al. [48] found that while many dynamic
radiomic features correlate with static ones, some dynamic
features capture unique temporal information. Advances in
PET technology, such as long axial field-of-view PET/CT
scanners, now enable dynamic imaging with shorter scan
times and non-invasive input function estimation [49, 50].
Future research should explore dynamic radiomics’ role in
oncology and radiogenomics.

Radiomics methodology enables the extraction of numer-
ous parameters, known as radiomic signatures, derived from
image texture. However, the reproducibility of these signa-
tures is influenced by various factors, including image acqui-
sition, filtering, post-processing, segmentation strategies
and feature extraction methods. To enhance consistency and
reliability, the use of certified tools or standardized librar-
ies is crucial. In this regard, PyRadiomics is a scientifically
recognized standard. One of the most critical limitations in
the current body of research lies in its methodological weak-
nesses. The predominance of retrospective and single-center
studies (72.2% and 77.7%, respectively) introduces biases
and limits the generalizability of findings. In this review,
none of the studies surpassed 50% of the maximum RQS
2.0, reflecting systemic issues in study design, data trans-
parency, and external validation. The lack of standardized
imaging protocols and harmonization across different cen-
ters further undermines the reproducibility and reliability of
radiogenomic models. In this context, external validation
is an essential step to pursuit the clinical translation of Al
predictive models and should be ideally conducted on large,
international, multicenter cohorts. Additionally, prospective
studies are exceedingly rare, and external validation is often
inadequate, leaving most findings confined to the realm
of hypothesis generation rather than practical application.
Finally, a major challenge remains the identification of the
most relevant radiomic parameters and the establishment
of their clinical significance, which continues to limit their
integration into routine clinical practice.

A further consideration is that all selected studies relied
on single baseline measurements for radiogenomic analysis,
limiting the ability to capture tumor heterogeneity and treat-
ment-induced molecular changes over time. A promising
yet underexplored approach is A-radiomics, which analyzes
temporal variations in imaging features to reflect tumor
evolution under therapeutic pressure [51]. This method
could provide valuable insights, particularly in mutation-
driven therapies, where molecular alterations shape treat-
ment response. Integrating A-radiomics with longitudinal
multi-omics analyses may offer a more comprehensive
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understanding of tumor dynamics, ultimately enhancing
precision oncology.

Future research should address several key areas to
advance the clinical utility of PET-based radiogenom-
ics. First, prospective, multicenter studies are essential to
enhance the generalizability and robustness of findings;
indeed there are some EU projects that have been launched
(https://jane-project.eu/project/the-project/ accessed on
13 January 2025) for supporting innovations, such as
radiomics. Standardization of imaging protocols, data pre-
processing, and genomic analyses is crucial to reduce vari-
ability and improve reproducibility. Second, the integration
of artificial intelligence and ML approaches could facilitate
the development of predictive models with higher accuracy
and clinical relevance. These models should be rigorously
validated using external datasets and harmonized across
different imaging systems to ensure their reliability [52,
53]. Third, the scope of PET-based radiogenomics should
be expanded to include underrepresented cancer types,
enabling a broader application of this innovative approach,
for supporting diverse actionable clinical endpoints, such as
treatment response and long-term survival, to demonstrate
their real-world impact. Lastly, omic data—genomics, tran-
scriptomics, proteomics, and metabolomics—can drive PET
biomarker development by identifying molecular targets
linked to tumor biology and treatment response. Genomics
and transcriptomics reveal mutated or upregulated genes,
guiding PET tracer design for oncogenic pathways. Pro-
teomics aids in developing radiopharmaceuticals targeting
overexpressed tumor proteins, while metabolomics identi-
fies unique metabolic signatures, enabling PET imaging of
altered metabolism and hypoxia.

Conclusions

PET-based radiogenomics offers exciting opportunities for
advancing precision oncology, though its clinical integration
remains hindered by preliminary findings, methodological
shortcomings, and limited applicability beyond lung cancer.
Addressing these challenges will require a concerted effort
to standardize research methodologies, expand the scope
of investigation, and bridge the gap between exploratory
research and clinical practice. With sustained investment
and collaboration across disciplines, radiogenomics has the
potential to become a cornerstone of personalized cancer
care, providing invaluable insights into tumor biology and
improving outcomes for patients worldwide.
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