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Introduction

Colorectal cancer is the third most prevalent form of
cancer globally in both sexes with nearly two million
newly diagnosed cases in 2022, according to Globocan
statistics [1]. Although colorectal cancer has been con-
sidered a one disease entity for a long time, it is now
acknowledged that colon cancer and rectal cancer rep-
resent two distinct types of disease at pathological,
clinical, and molecular levels [2-4]. Increasing evidence
suggests that these two cancer types should be further
divided based on their molecular profile on both geno-
mic and transcriptomic levels, thus classifying them
into different molecular subtypes while considering
their inherent heterogeneity [3-6]. Rectal cancer (RC)
represents approximately one-third of total colorectal
cancer cases [7,8] while locally advanced rectal cancer
(LARC) is characterized as stage II (T3/4NOMO) and
III (T1-4N+ MO) [9].

Since 2004, neoadjuvant chemoradiotherapy (nCRT)
has been the standard of care for locally advanced rec-
tal cancer (LARC). This treatment typically consists of
chemotherapy based on S5-fluorouracil combined with
radiation therapy at a dose of 50.4-54 Gy, followed
by total mesorectal excision (TME), with or without
adjuvant chemotherapy [8]. Approximately 10-20% of
patients achieve a pathological complete response
(pCR) after TME, defined as the absence of residual
tumor cells in the surgical specimen (ypTONO) [10-12].
However, around 35% of patients show a poor or no
response to nCRT, and a smaller subset, estimated at
2-4%, may even experience distant progression during
treatment [13-15].

In some cases, patients achieve a clinical complete
response (cCR) after nCRT. This is defined as the
absence of residual tumor upon clinical reevaluation,
which includes digital rectal examination, pelvic mag-
netic resonance imaging (MRI), and proctoscopy. For
patients with cCR, a non-operative management strat-
egy known as the “watch-and-wait” approach may be
considered, involving close follow-up and reserving
surgery only in cases of local tumor regrowth. How-
ever, the concordance between cCR and pCR remains
low [16,17].

To improve cCR rates following neoadjuvant treat-
ment, current research directions focus on several key
strategies: prolongation of the interval between the
completion of neoadjuvant therapy and surgery, esca-
lation of radiotherapy dose, and intensification of sys-
temic treatment within the framework of total
neoadjuvant therapy (TNT) [18-22]. Furthermore, the
incorporation of immunotherapy in the management
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of mismatch repair-deficient ({AMMR) rectal cancer
has expanded the therapeutic landscape and opened
new possibilities for personalized treatment [23].
Within the organ preservation paradigm, particularly
in patients demonstrating a clinical complete response,
the watch-and-wait approach aims to maintain onco-
logic safety while preserving quality of life. These
evolving therapeutic modalities underscore the increas-
ing need for refined patient stratification and
risk-adapted  treatment  strategies to  optimize
outcomes.

Despite significant variability in patient responses,
neoadjuvant chemotherapy remains a conventional
treatment protocol. At the molecular level, currently,
there is still a lack of clinically validated predictive fea-
tures that can distinguish treatment response and
enable improved quality of life. Identifying predictive
biomarkers will enable improved patient selection and
enhance treatment optimization opportunities. Fur-
thermore, the watch-and-wait approach still has lim-
ited potential, as the primary objective of organ
preservation may be compromised by the potential for
tumor regrowth, distant metastasis, and ultimate local
failure [24]. Discovery of predictive biomarkers may
improve patient selection with clinical complete
responses that could be eligible for a watch-and-wait
approach and prevent TME or, at the very least, pro-
long the interval between treatment and surgery.

It is widely recognized that the cellular response to
DNA damage induced by irradiation is complex and
involves multiple forms of cell death including apopto-
sis, mitotic devastation, senescence, necrosis, autop-
hagy, and stress signaling pathways, whereas
chemotherapy serves to sensitize tumor cells to irradia-
tion. Furthermore, it has been reported how radiation
affects tumor cells and the surrounding tissue during
treatment, but there is a lack of evidence regarding the
impact of transcriptomic and proteomic profiles of
tumor and tumor microenvironment on tumor’s thera-
peutic response [25-27].

Transcriptomic profiling of tissue provides charac-
terization of molecular features and enables insight
into characteristics that can be used for better under-
standing of the mechanism behind response. LARC
was profiled through various omics approaches and
technologies [28-32]. Research conducted by our team
demonstrated that patients with varying responses
exhibit distinct proteomics profiles [33] as well as
hematological features [34] that can be used for their
stratification. By applying a radiomics approach,
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radiomic features showed differences between treat-
ment outcomes [35]. Numerous studies examining
LARC tissue have been performed at various levels,
but most suffer from the limitation of small sample
size, resulting in limited statistical power and usually
the lack of validation of results obtained. Conversely,
the integration of studies conducted at the same omics
level may enhance statistical power and increase the
likelihood of significant biological findings.

This study aims to integrate publicly available bulk
RNA-seq data and as a step beyond the state of the
art in this disease context, to perform a comprehensive
characterization of LARC at the transcriptome level,
toward the identification of predictive biomarkers. To
date, meta-analyses concerning LARC were conducted
using microarray transcriptomic data [36]; to the best
of our knowledge this represents the first study that
uses publicly available transcriptomic data derived
from next-generation sequencing methodologies, offer-
ing comprehensive insights.

Materials and methods

Study cohort

A comprehensive dataset search strategy was
employed, encompassing the Gene Expression Omni-
bus and PubMed repositories using a combination of
keywords conducted on 31/07/2024. Keywords Rectal
cancer, Homo sapiens, Expression profiling by high
throughput sequencing resulted with 21 datasets while
Colorectal cancer, Homo sapiens, Neoadjuvant, Expres-
sion profiling by high throughput sequencing resulted
with 8 datasets identified in GEO database search.
PubMed search resulted in three articles by applying
keywords rectal cancer, nCRT, RNA-seq while 14 stud-
ies were identified by using keywords rectal cancer,
response, RNA-seq. There was a significant overlap
between identified studies. A diverse range of key-
words were used to include all articles/datasets con-
taining transcriptome RNA-seq data on pretreatment
biopsy specimens along with data on therapeutic
response to therapy after surgery of LARC patients.
Studies examining other anatomical segments of the
colorectum, as well as those conducted on animal
models or cell lines were excluded. The inclusion and
exclusion criteria are presented in Fig. 1. Throughout
the search process, overlapping results were noted
among different keywords. Following extensive
searches for rectal cancer studies, across Gene Expres-
sion Omnibus (GEO) and PubMed repositories five
transcriptomic datasets were identified fulfilling the
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inclusion criteria, encompassing a total of 248 samples
(GSE190826 [37], GSE233517 [38,39], GSE209746 [30],
GSE80606 [40], Toomey et al. [41]) as detailed in
Tables 1 and 2, Fig. 1. Ethics approvals and signed
patient informed consents were obtained in all ana-
lyzed studies and all datasets were depersonalized prior
to analysis. Depersonalized dataset from Toomey et al.
(DOI: 10.3390/cancers12071808, Ethics approval refer-
ence No. 08/62 from the Beaumont Hospital and the
M.D. Anderson Cancer Center) was obtained directly
from the corresponding author of the study as the
data were not publicly available due to privacy or ethi-
cal restrictions. Patient samples were obtained from
tumor banks under the auspices of Institutional
Review Board-approved protocols at Beaumont Hos-
pital (BH, Dublin, Ireland) and M.D. Anderson Can-
cer Centre (MDACC, Houston, Texas, USA). Study
methodologies for all analyzed studies conformed to
the standards set by the Declaration of Helsinki.

All patients were diagnosed with LARC and under-
went nCRT utilizing 5-FU or Capecitabine; some
patients were treated in accordance with the TNT
model, which incorporates oxaliplatin, either as induc-
tion or consolidation. Patient responses were evaluated
after surgery using different methods as shown in
Table 3. The scales were standardized [42] and the
patients were categorized into responders (R) and
non-responders (NR) or alternatively as those exhibit-
ing a pathological complete response (pCR) and path-
ological non-complete response (Non-pCR) Table 3.
Patients classified as R are defined as those achieving
either complete response or a near-complete response
to therapy. Patients exhibiting absent or minimal
response were classified as NR. The same patient
cohort was stratified into those achieving a pCR, char-
acterized by non-detectable tumor cells after surgery,
and all others achieved Non-pCR.

Combined batch-free dataset generation and
differential gene expression analysis

Each dataset was initially analyzed independently to
identify differentially expressed genes (DEGs) between
R/NR and pCR/Non-pCR. Genes exhibiting a cumu-
lative count of less than 10 across samples were
excluded. Differential expression analysis was per-
formed using the DESeq2 v1.42.1 pipeline [43], specifi-
cally developed for the analysis of RNA-seq raw
counts data. Statistical analysis was performed by
applying the Wald statistics, while P values were cor-
rected with Benjamini-Hochberg adjustment method
for multiple comparisons. GSE190826 was excluded
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Gene Expression Omnibus

Keywords
Rectal cancer

Homo sapiens 21 datasets*

Metacohort
generation
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PubMed Manual search

Keywords

el
recta 3 results*

Expression profiling by high
throughput sequencing

Gene Expression Omnibus

Keywords
Colorectal cancer
Homo sapiens

cancer","nCRT",
"RNA-seq"

PubMed Manual search

Keywords

"rectal cancer", 14 results*

Neoadjuvant 8 datasets*
Expression profiling by high

throughput sequencing

. Different disease type
. Anal cancer/ colon cancer/ metastatic rectal

- 8studies
. Different therapeutic approach

Exclusion criteria*®*

. cancer/metastatic colorectal cancer/oral cancer

A 4

Inclusion criteria

Locally advanced rectal cancer, pathologically evaluated response to treatment with available clinical and
outcome data, available count and clinical data, neoadjuvant chemoradiotherapy used, human biopsy tissue

<

"response",
"RNA-seq"

Lack of clinical information/no data available
7 studies

Other sample type
PBMCs/cell lines/ patient-derived organoids
7 studies

e.g. immunotherapy/ radiotherapy only <— Different technology than RNAseq
4 studies E Single cell sequencing/ colour-coded format
. Non human samples <« 5 studies
] 2 studies Meta-analysis
- 1 study
"""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""" -
y
GSE190826 GSE209746 GSE233517 GSE80606 Toomey et al.

N=105/117 samples
-post-nCRT samples
excluded (N=12)

N=93/738 samples
-including only nCRT
with available data

N=11/22 samples
-excluding post-nCRT
samples (N=11)

N=22/22 samples

N=17/24 samples
-excluding post-
nCRT samples

(N=93) (N=11)
R (n=26) R (n=48) R (n=4) R (n=9) R (n=5)
NR (n=0) OR NR(n=39) OR NR(n=7) OR NR(n=13) OR NR (n=5) OR
pCR (n=26) PCR (n=23) pCR (n=3) pCR (n=3) pCR (n=5)
Non pCR (n=79) Non pCR (n=70) Non pCR (n=8) Non pCR (n=19) Non pCR (n=12)
1 ~ J
pCR/Non pCR  N=248 patients Cohort R/NR N=156 patients
N=60 pCR N=188 Non pCR L ] N=92 R N=64 NR
Female N=19 Female N=69 Female N=32 Female N=22
Male N=36 Male N=106 Male N=55 Male N=37
NA=5 NA =13 NA=5 NA=5

*Some of the studies were identified using both study identification approaches

**Some studies were excluded due to multiple criteria

***¥N= number of samples included in meta-analysis/ number of samples provided in study
***¥*¥0Only patients who met the inclusion criteria and patients in whom it was possible to determine a therapeutic response based on the available data were
included in the study, which led to the difference in cohorts within individual studies and the final cohort within the meta-analysis.
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Fig. 1. Transcriptomic data search flowchart. The publicly available scientific database PubMed together with the Gene Expression Omnibus
database was used to search for studies conducted on pretreatment LARC samples with the aim of determining predictive biomarkers.
Studies were reviewed based on the inclusion criteria. The final group consisted of five studies where patients were divided into R (TRG1-2,
Mandard scale) and NR (TRG3-5, Mandard scale) or pCR (TRG1, Mandard scale) and Non-pCR (TRG2-5, Mandard scale). nCRT, neoadjuvant
chemoradiotherapy, NA, Not Applicable, R, responder, NR, non-responder, pCR, pathological complete response, Non-pCR, pathological non-

complete response, LARC, locally advanced rectal cancer, TRG, Tumor Regression Grade.

Table 1. Transcriptomics datasets characteristics.

Number of Number of Response

samples samples evaluation
included in included in  method used Number of Definition of ~ Number

Dataset study analysis in study Definition of pCR/Non-pCR  pCR/Non-pCR  R/NR of R/NR

GSE190826 [37] 117 105 AJCC 0-pCR 26/79 0-R 26/0°
1-Non-pCR 1-NA
2-Non-pCR 2-NA
3-Non-pCR 3-NA

GSE209746 [30] 738 93 AJCC 0-pCR 23/70 0-R 48/39
1-Non-pCR 1-R
2-Non-pCR 2-NR
3-Non-pCR 3-NR

GSE233517 [38,39] 22 1 Mansard scale  ypT, ypN-0 — pCR 3/8 R-R 4/7
Other Non-pCR NR-NR

GSE80606 [40] 22 22 Mandard scale  Total-pCR 3/19 Total-R 9/13
Near total-Non-pCR Near total-R
Moderate-Non-pCR Moderate-NR
Minimal-Non-pCR Minimal-NR

Toomey et al. [41] 24 17 RCPath System RCPath A-pCR 5/12 RCPath A-R 5/5
RCPath B-Non-pCR RCPath B-NA
RCPath C-Non-pCR RCPath C-NR

Sum 923 248 60/188 = 248 92/64 = 156

24%/76% 59%/41%

AJCC, American Joint Committee on Cancer; NA, Not Applicable; Non-pCR, Pathological non-complete response; NR, non-responder; pCR,
pathological complete response; R, responder; RCPath, Royal College of Pathologists; ypN, pathological Node stage after neoadjuvant ther-

apy; ypT, pathological Tumor stage after neoadjuvant therapy.

“Patients were classified as pCR/Non-pCR—pCR was defined as R; for Non-pCR it was not possible to determine the R/NR status.

from the individual R and NR comparison due to
absence of NR data. Beside the identification of pre-
dictive biomarkers for R/NR, predictive biomarkers of
pathological complete response were identified. The
combined cohort was generated by integrating samples
from five datasets based on genes present in all studies
(intersection). Genes with redundant sequencing data
were retained by selecting those with the highest mean
counts across all samples. Given that different genera-
tions of sequencing technology were used (Illumina
NextSeq 500, Illumina HiSeq 2000, Illumina HiSeq
2500, and Illumina HiSeq 4000), and the variation in
sample and library sizes across datasets, batch effect
removal was performed using the ComBat-seq algo-
rithm (sva v3.35.2 [44]) and DESeq2 for downstream
differential expression analysis. ComBat Seq is a

variation of ComBat method grounded in empirical
Bayes techniques and, in contrast to alternative batch
adjustment methods, assumes that data follows a nega-
tive binomial distribution. In addition, this approach
ensures a consistent workflow for both individual data-
sets and the combined cohort while maintaining the
negative binomial distribution in the batch-adjusted
counts data and preserving integer counts form. Com-
Bat seq effectively reduces batch effects by eliminating
technical variances and preserving biological variability
(Fig. 2). A comprehensive overview of the methodol-
ogy employed in this meta-analysis is provided in
Fig. S1. After obtaining a representative combined
dataset, DESeq2 pipeline with the dataset as covari-
ance was applied in order to identify DEGs between
R/NR and pCR/Non-pCR.
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Table 2. Studies included in the meta-analysis.

Total number

Year of of patients included
Title Study GEO identifier  publication Type of study Study origin in study
Inflammatory fibroblasts Nicolas et al., GSE190826 2022 Retrospective Germany 183
mediate resistance to 2022 [37]
neoadjuvant therapy in rectal
cancer
Genomic and transcriptomic Chatila et al., GSE209746 2022 Multi cohort USA 738
determinants of response to 2022 [30] retrospective
neoadjuvant therapy in rectal
cancer
YWHAZ and TBP are potential Kim et al., GSE233517 2023, 2024 Retrospective Republic 24
reference gene candidates for 2023 [39] of Korea
gPCR analysis of response to Bae Uk et al.,
radiation therapy in colorectal 2024 [38]
cancer
Neoadjuvant chemoradiotherapy
upregulates PD-L1 in
radioresistant colorectal
cancer
Genomic and transcriptomic Toomey NA 2020 Retrospective Ireland and 33
characterization of response to et al., 2020 USA
neoadjuvant [41]
chemoradiotherapy in locally
advanced rectal cancer
PSMB8 as a Candidate Marker Ha Jin et al., GSEB0606 2017 Retrospective Republic of 62
of Responsiveness to 2017 [40] Korea
Preoperative Radiation
Therapy in Rectal Cancer
Patients
Prognostic genome and Nunes et al., NA 2024 Retrospective Sweden 1126
transcriptome signatures in 2024 [3]

colorectal cancers

GEO, Gene Expression Omnibus; NA, Not Applicable.

Table 3. Harmonization of different classifications of response to neoadjuvant chemoradiotherapy.

Dworak Ryan modified  Responder Pathological complete
Mandard five-tiered three-tiered (R)/non-responder  responders (pCR)/non-pathological
five-tiered TRG ~ system CAP system  RCPath system  Mandard TRG (NR) complete responders (non pCR)
TRG 1 TRG 4 TRG 0 RCPath A TRG 1 R pCR
TRG 2 TRG 3 TRG 1 RCPath B R Non-pCR
TRG 3 TRG 2 TRG 2 RCPath C TRG 2 NR Non-pCR
TRG 4 TRG 1 TRG 3 TRG 3 NR Non-pCR
TRG 6 TRG 0 NR Non-pCR

CAP, College of American Pathologists; Non-pCR, Pathological non-complete response; NR, non-responder; pCR, pathological complete
response; R, responder; RCPath, Royal College of Pathologists; TRG, tumor regression grade.

identified as predictive biomarkers of response to
nCRT in LARC based on combined data set analysis
Meta-analysis methods, ordered P value (orP) method results. [45] Methods were applied on results obtained

Meta-analysis of individual datasets

and the random effect model (REM) was used as com- through individual dataset differential expression anal-
plementary approach to assess the consistency of genes ysis. OrP method accounts for the distribution of
6 Molecular Oncology (2026) © 2026 The Author(s). Molecular Oncology published by John Wiley & Sons Ltd on behalf of Federation of European Biochemical Societies.
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Fig. 2. Principal Component Analysis of datasets PCA plot of five transcriptomic datasets used for meta-analysis showing sample clustering
before (A) and after (B) batch correction. PCA, principal component analysis.

P value for each gene across analyzed datasets,
whereas REM approach assesses the Log,FC by con-
sidering the distribution of effect sizes for each gene,
accounting for inter- and intra-study variations,
thereby estimating the effect size along with the corre-
sponding P value and adjusted P value. In order to
consider both effects in meta-analysis setting methods,
P value and Log,FC from all analyzed genes in indi-
vidual datasets were used. The estimation of
between-study variance was performed employing the
Restricted Maximum Likelihood (REML) method. To
perform meta-analysis, R packages MetaDE v2.2.3
[46] and metafor v4.6.0 [47] were used.

Validation cohort

The study of Nunes et al. [3] published in August 2024
was used for independent validation, in which the level
of gene expression as prognostic markers of LARC
was examined. No independent study examining the
predictive potential of gene expression was available at
the time of validation. Regardless, it is expected that
patients who have a better response to therapy have a
longer survival without tumor regression and vice
versa. Patients with available RNA-seq data who had
stage II and III rectal cancer and received nCRT were
subtracted from the study. A total of 68 patients (33
female, 35 male) with a median age of 67 (range
38-93) were included in the validation study.
Relapse-free survival (RFS) was used as an input vari-
able and was defined as the interval from surgery to

the earliest incidence of local or distal recurrence or
mortality. Univariate Cox regression analysis was per-
formed to evaluate the prognostic impact of gene
expression using the R package survival v3.5.7 [48].
The results of Cox analysis were used to validate the
identified predictive markers; validation criteria were
the direction of the hazard ratio (HR). RFS curves of
predictive biomarkers were generated using the
Kaplan—-Meier method from the survminer v0.5.0 [49]
package, and patients were categorized based on the
median gene expression into “low” and “high.”

Biomarker discovery

To identify predictive biomarkers associated with
response to nCRT, outputs from differential expres-
sion analysis of both the combined dataset and
meta-analysis (orP and REM) settings were systemati-
cally compared. OrP and REM methods were used for
conformation of candidate identified in discovery
cohort. Obtained results were further validated in inde-
pendent cohort by applying Cox regression analysis. A
gene was identified as a predictive marker if it fulfilled
the following criteria: differentially expressed genes
(DEGs) with P value <0.05 and adjusted P value
<0.25 in the combined dataset (discovery cohort), fol-
lowed by REM P value <0.05, and orP P value <0.05.
The predictive efficacy of identified biomarkers was
confirmed or denied through the analysis of RFS data
as an independent validation, employing Cox regres-
sion analysis with P value <0.05 and HR with the

Molecular Oncology (2026) © 2026 The Author(s). Molecular Oncology published by John Wiley & Sons Ltd on behalf of Federation of European Biochemical Societies. 7

85U8017 SUOWILLIOD 3ATea.0 3edldde aup Aq peuienob ase e YO ‘8sn JO s3I0y Ariqi8uljuO A8|IA U0 (SUONIPUCD-PUR-SLLIBYLID"AB | 1M ARIq 1 Ul UO//:SANY) SUORIPUOD pUe SWiB | 8U 885 *[9202/60/.0] U0 ArlqiTauluO A8|IM ‘(ouleAnde ) aanopesd Aq 2802 T9Z0-828T/200T OT/I0Pp/L00 A8 1M Aleid 1 |pulUO'SCRY//StY o) papeo|umoq ‘0 ‘T9208.8T



Profiling therapy response in rectal cancer

same trend as z value of REM and Log,FoldChange
(LFC) in DESeq2. FDR correction was applied for
the discovery cohort (combined dataset), while other
methods were considered exploratory and evaluated
using nominal P values.

Immune cells deconvolution

Immune deconvolution analysis employing MCP coun-
ter, ESTIMATE, xCell, CIBERSORT, and TIMER
method from the IMMUNEDEcCONV package v2.1.0 [50]
by using TPMs data prior batch effect correction was
conducted. MCP counter and TIMER facilitated the
quantification of immune infiltration within tumor tis-
sue; ESTIMATE was used for the assessment of tumor
purity, as well as the immune and stromal score. xCell
was utilized for the relative infiltration of 64 distinct
types of immune and stromal cells, alongside CIBER-
SORT. Furthermore, in addition to the overrepresen-
tation of specific immune subtypes, statistical
significance of the immune cells ratio across different
treatment outcomes was investigated. During the ratio
computation, all ratios that had the value NaN, Inf,
and 0 were classified as NAs. Ratios exceeding 80%
NAs were excluded prior to statistical analysis. Ratios
demonstrating a P value of <0.05 and an adjusted P
value of <0.25 were deemed statistically significant.
The statistical significance was evaluated employing
the Mann—Whitney U-test.

Consensus molecular subtyping

To estimate CMS (Consensus Molecular Subtype) dis-
tribution relative to different treatment outcome
machine-learning-based  algorithms CMSCLASSIFIER
v1.0.0 [5], CMScaller v2.0.1 [51] and CMSFFPE v0.1.0
[52] (specifically developed for formalin-fixed
paraffin-embedded (FFPE) samples) were employed.
To ensure the reliability of the results, algorithm out-
puts were only assessed for samples exhibiting compa-
rable classifications across different algorithms. All
methods reported both predicted and nearest classifica-
tion, while CMSclassifier additionally used two
methods, RF (random forest) and SS (single sample)
predictor. The difference in distribution of CMS cate-
gories among treatment outcomes was evaluated by
using the Chi-square/Fisher exact test statistics.

Gene set enrichment analysis

Gene set enrichment analysis (GSEA) was conducted
by using molecular signature database libraries C3
(Gene Ontology Biological Processes), KEGG,

A. Stanojevic et al.

Canonical Pathways (Reactome subset) alongside
MSigDB databases utilizing packages CLUSTERPROFILER
v4.10.1 [53] and org.Hs.eg.db v3.18.0 [54]. Pathways
were deemed significant when exhibiting adjusted P
value <0.05, false discovery rate (FDR) <0.25 and nor-
malized enrichment score (NES) >1.5 for those upregu-
lated in pCR and R groups, and NES < —1.5 for
those upregulated in Non-pCR and NR groups.

Analysis of transcription factor activity

Transcription factors (TFs) target genes were retrieved
from CollecTRI-derived regulons, composed of data
from 12 different sources. An analysis of correlation
between treatment response and transcription factor
activity was conducted employing the DECOUPLER
package v2.12.0 [55] which uses methods based on sign
and weight of network interaction. Data input
included DESeq2 statistical output, LFC/se, derived
from a combined dataset between R/NR and
pCR/Non-pCR. To determine the transcription factor
activity score a univariate linear model (ULM) was
used, while viper and norm_fgsea and norm_wmeans
and norm_wsum served as additional validation chose
based on Yashar et al results [56]. Statistical analysis
was performed by calculating combined P value (Fish-
er’s method) followed by multiple hypothesis correc-
tion (Benjamini-Hochberg, @ FDR) across all
transcription factors identified by ULM, VIPER,
fgsea, and wmean methods. Furthermore, only TFs
identified across all applied method were considered as
high-confidence regulators. In order to determine the
involvement of activated transcription factors in sig-
naling pathways, an overrepresentation analysis was
performed using the Gene Ontology database of bio-
logical processes as a reference. Finally, the correlation
of activated TFs and miRNAs, which proved to be
potential therapeutic targets in rectal cancer, was
investigated using multiMiR v1.24.0 package [57].

Results

We assembled an RNA-seq cohort of 248 publicly
available transcriptomics data from patients diagnosed
with rectal cancer categorized as pathological complete
responders (pCR, n = 60) or non-complete pathologi-
cal responders (Non-pCR, n = 188), including 156
samples classified as responders (R, »n=92) and
non-responders (NR, n = 64). Patients’ characteristics
are shown in Table 4. No differences were observed in
the distribution of sex among response groups, as
tested with Pearson Chi-square test and pCR/Non-
pCR groups. The cohort’s age followed normal
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Table 4. Patient characteristics stratified by therapy response.

Profiling therapy response in rectal cancer

Patients with

Patients with non-pathological Pearson Pearson
pathological complete ~ complete response  chi-square Responders ~ Non-responders  chi-square
response pCR (%) non-pCR (%) test Pvalue  (R) (%) (NR) (%) test P value
Patients, n (%) 60 (24) 188 (76) 92 (59) 64 (41)
Sex
Male 36 (60) 106 (56) 55 (60) 37 (58)
Female 19 (32) 70 (37) ns 32 (35) 22 (34) ns
NA 5 (8) 12(7 L) 5 () 5 (8)
Therapy ns ns
50.4 Gy + 5-FU 34 (57) 93 (49) 44 (48) 29 (45)
50.4 Gy + Capecitabine / 3(2) / /
50.4 Gy + 5-FU/ 5 (8) 12 (6) 5 () 5 (8)
Capecitabine
50.4 Gy + 5-FU/Ox 4.(7) 22 (12) 4 (4) /
Consolidation CRT 6 (10) 11 (6) 10 (11) 4 (6)
Induction CRT 11 (18) 47 (25) 29 (32) 26 (41)
Age
Median 60 61 ns 58 56 ns
Range 32-86 26-82 32-86 26-82
CRT, chemoradiotherapy; FU, fluorouracil; ns, not significant.
P value > 0.05.
Table 5. Results of individual studies and combined dataset.
Number of P < 0.05 and P < 0.05 and P<0.06and P <0.05and
Dataset Number of samples common genes  Log,FC < —1 Log,FC <0 Log,FC >1 Log,FC >0
R vs NR Up in NR Up in NR Upin R Upin R
GSE233517 11 (4 R, 7NR) 37 734 330 489 262 357
GSE209746 87 (48 R, 39 NR) 37 734 219 1338 172 1532
GSE80606 22 (9 R, 13 NR) 37 734 323 490 231 570
Toomey et al. 10 (5 R, 5 NR) 33 908 211 240 156 215
Combined dataset 156 (92 R, 64 NR) 17 342 81 700 97 757
pCR vs Non pCR Upin Non pCR  Upin Non pCR  Up in pCR Up in pCR
GSE233517 11 (8 pCR, 3 Non pCR) 37 734 233 427 212 276
GSE209746 93 (23 pCR, 70 Non pCR) 37 734 195 1344 234 2208
GSE80606 22 (3 pCR, 19 Non pCR) 37 734 2022 2599 479 921
Toomey et al. 17 (56 pCR, 12 Non pCR) 33 908 364 656 343 948
GSE190826 104 (26 pCR, 78 Non pCR) 34 784 330 487 262 674
Combined dataset 248 (60 pCR, 188 Non pCR) 17 510 15 329 71 1316

Log,FC, Log, fold change; NR, non-responder; Non-pCR, Pathological non-complete response; pCR, pathological complete response;

R, responder.

distribution among R/NR and pCR/Non-pCR. A
principal component analysis (PCA) plot showing the
effectiveness of neutralizing the batch effect associated
with the study variable is shown in Fig. 2A (before)
and B (after).

Identification of predictive biomarkers of
response to nCRT in LARC

An initial screening for profiling gene expression alter-
ations between response groups was performed both at

the individual dataset level and at the batch-free com-
bined datasets. The combined cohort was composed of
four individual datasets containing 17 342 and 17 510
common genes intersecting between all samples with
available R/NR and pCR/Non-pCR metadata. Results
of differential expression analysis for the individual
datasets are shown in Table 5, with corresponding vol-
cano plots shown in Figs 3A (R/NR) and 4A
(pCR/Non-pCR). Figures 3A,C and 4A,C and Table 6
demonstrate results from the analysis performed using
the combined cohort.
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Fig. 3. Predictive biomarkers of R and NR. (A) Volcano plot of DEGs (log, fold change vs. —logqo raw P value) between R and NR groups.
(B) Venn Diagram [58] of REM, OrP, DESeq2 and Cox regression significant results (C) Violin plot of gene expression identified as predictive
markers of good response to therapy along with P values from the combined dataset (ADSS7, P=2.4 x 1075, MGAT1, P=16 x 1073
PABPC4, P=3.1 x 1073 TRIM54, P=3.3 x 107%). Violin plots show the distribution of VST-normalized gene expression values. Each dot
represents one sample, and the horizontal line indicates the mean expression level. Statistical significance was assessed using the Wald
test. (D) ROC curve obtained from VST-normalized gene expression of predictive biomarkers of response to therapy. The combined score
was obtained by adding the expression levels of genes overexpressed in good response to therapy, from which the expression level of
genes overexpressed in poor therapeutic response was subtracted. (E) Forest plot based on univariate Cox regression analysis using RFS
data and expression level of predictive biomarkers. (F-I) Kaplan—-Meier curve based on low and high expression level of ADSS7
(P=1.1x 1079, MGAT1 (P=2.4 x 1073, TRIM54 (P=2.9 x 107 and PABPC4 (P=3.7 x 1072 across samples using RFS data.
Statistical significance presented on forest plot and Kaplan-Meier curve were obtained from univariate Cox regression analysis was
assessed using the Wald test. DEGs, differentially expressed genes; R, responder; NR, non-responder; REM, Random Effect Model; OrP,
Order P value; HR, Hazard Ratio; VST, Variance Stabilizing Transformation; ROC, Receiver Operating Characteristic; RFS, Relapse-free
survival.

In order to discover predictive markers of response power while technical variation was a challenge. On

to neoadjuvant chemoradiotherapy we used the dif- the other hand, by applying meta-analysis, each
ferential gene expression lists of the combined dataset study is analyzed separately, on the basis of which P
(discovery cohort) and confirmed findings by analyz- values and effect sizes (based on Log,FC distribu-
ing individual datasets by using a combination of tion) are estimated for each gene [59]. By comparing
ordered P value and a random effect model based on these two methods, the advantages of both were used

rank aggregation (Figs 3B, 4B; Table S1). Combining in the identification of predictive biomarkers of
studies increased group heterogeneity and statistical response. In order to achieve the maximum number
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Table 6. Results of the differential expression analysis in the combined dataset.

Number of DEGs between Number of DEGs
Criteria pCR and non pCR Direction of significance between R and NR Direction of significance
FDR <0.05 67 / 36 /
P value <0.05 1645 / 1457 /
FDR <0.05 i Log,FC < —1 6 * Non pCR 13 T NR
P value <0.05 i Log,FC < —1 15 * Non pCR 81 T NR
P value <0.05 i Log,FC <0 329 * Non pCR 700 T NR
P value <0.05 i Log,FC >1 33 * pCR 21 "R
P value <0.05 i Log,FC >1 71 * pCR 97 "R
P value <0.05 i Log,FC >0 1316 * pCR 757 TR

DEGs, Differentially Expressed Genes; FDR, False Discovery Rate; Log,FC, Log, fold change; Non pCR, Pathological non-complete
response; NR, non-responder; pCR, pathological complete response; R, responder.
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Fig. 4. Predictive biomarker of pathological complete treatment response. (A) Volcano plot of DEGs (log, fold change vs. —logig raw P
value) between pCR and Non-pCR groups. (B) Venn Diagram [58] of REM, OrP, DESeq2 and Cox regression significant results. (C) Boxplot
of gene expression identified as predictive markers of pathological complete response to therapy along with P values from the combined
dataset (ARMC2, P=1.2 x 107%). Violin plots show the distribution of VST-normalized gene expression values. Each dot represents one
sample, and the horizontal line indicates the mean expression level. Statistical significance was assessed using the Wald test. (D) ROC
curve obtained from VST-normalized gene expression of predictive biomarkers of response to therapy. (E) Kaplan—-Meier curve based on
high and low expression levels of ARMC2 (P=3.1 x 1072) across samples using RFS data. Statistical significance was obtained from
univariate Cox regression analysis and was assessed using the Wald test. DEGs, differentially expressed genes; pCR, pathological complete
response; Non-pCR, Pathological non-complete response; REM, random effect model; OrP, Ordered P value; VST, Variance Stabilizing
Transformation; ROC, Receiver Operating Characteristic; RFS, Relapse-free survival.

of patients in the discovery cohort, we used a dataset was expected that patients who had a pathological
for independent validation that did not contain infor- complete response or a better response would have a
mation on response to therapy but did have informa- longer period of relapse of the disease compared to
tion on time to disease recurrence after surgery. It patients in whom this response was absent. After the
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analysis of the results, 6 genes (Fig. 3B-D) were
identified that showed significance in the prediction
of good and bad therapeutic response. Based on the
prognostic potential of the identified genes (Fig. 3E),
it was established that two genes have the potential
of predictive markers of a good response (TRIM54
and PABPC4), while two genes were concluded to be
predictors of a poor therapeutic response (A4DSSI
and MGATI) (Fig. 3C, F-I, Table S1A). The two
markers had opposite predictive effects so they were
not identified as promising candidates (Table 7).
Beyond the predictive biomarkers of R/NR, predic-
tive biomarkers of pathological complete response
were investigated. By using the same methodological
approach, two genes were identified as significant but
only ARMC2 showed consistency along methods and
were identified as a predictive biomarker upregulated
in patients with pathological complete response in
all investigated methods (Table 8, Fig. 4B-E;
Table S1B). The identified biomarkers demonstrated
moderate discriminative performance, with AUC
values ranging from 0.6 to 0.7 (Figs 3D, 4D).
Although their discriminative power is not highly sig-
nificant, they may still represent promising candidates
for inclusion in a multi-marker panel for predicting
therapy response in patients with LARC.

Further investigation using immune deconvolution
methods, gene set enrichment analysis, and molecular
classification was performed in order to understand
underlying mechanisms which effect will be seen fur-
ther on phenotypic profile.

Variability in immune landscape as predictor of
therapy response

Immune cell deconvolution from bulk RNA sequenc-
ing data was executed utilizing various deconvolution
methodologies, including CIBERSORT, xCell, TRI-
MER, and MCP counter. The immune deconvolution
approaches revealed discrepancies between responders
and non-responders regarding the presentation of
immune cells prior to therapy, suggesting activation of
the immune system in both protective and suppressive
modalities. Notably, the responder cohort exhibited a
markedly higher proportion of CD4+ T cells, mono-
cytes, and resting NK cells, thereby enhancing the
antitumor environment and facilitating improved treat-
ment outcomes (Table 9). Furthermore, overrepresen-
tation of macrophages, activated myeloid dendritic
cells, hematopoietic stem cells, NK T cells, and com-
mon lymphoid progenitors was common among
patients experiencing poor treatment outcome [60].
However, employed immune deconvolution methods
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Table 7. Predictive biomarker of treatment response.

Validation

Discovery

Univariate cox regression analysis

Ordered P value

Random effect model

Combined dataset

P value Up in R/NR

95% Cl

P value P value HR

zvalue 95% (Cl)

P adj

Log,FC P value

Gene ID  Gene name

Upin R

2.89 x 1072

0.3569  0.143-0.900
0.280 0.085-0.924

4.464

2.97 x 1072

2.77 x 1078

0.427-2.048
0.067-0.340
—0.347

331 x 10°° 0.029 2.992
2.917

1.478

0.364
—0.383

Tripartite motif-containing protein 54

TRIM54

Upin R

3.67 x 1072

4.00 x 1072

3.54 x 1073

0.249
0.190

3.07 x 1072

PABPC4  Poly(A) binding protein cytoplasmic 4

MGAT1

Up in NR

2.39 x 1072

1.218-16.351

7.81 x 1072

1.70 x 1073

-3.138

1.56 x 1072

Alpha-1,3-Mannosyl-Glycoprotein

to —0.080
—0.963-0.236

2-Beta-N-Acetylglucosaminyltransferase

Adenylosuccinate synthase 1

Up in NR

1.11 x 1072

1.228-4.918

2.457

3.93 x 1072

—3.232 1.23 x 1072

0.237

—0.596 2.42 x 1072

ADSS1

A. Stanojevic et al.

R, responder; NR, non-responder; HR, hazard ratio; Cl, confidence interval; Log,FC, Log, fold change, P adj-adjusted P value.
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sle|g s sification. The results were compared and only sam-
S g ples that had consistency in classification between
@ g?l) different algorithms were used further for analysis. 51
= o) R/NR and 93 pCR/Non-pCR CMS categories were
% X ié successfully identified (Fig. 6A,B, Table S2). The dis-
s 3 tribution of CMS categories among the patients
5 regardless to response is shown in Fig. 6C. There is a
5 § :—; trend towards a difference in CMS distribution
el o E 3 between R and NR (P =0.077). The CMS2 and
gle|e 2 CMS4 subtypes (Table 10) had higher prevalence
s|l2|° & R/NR and pCR/Non-pCR than the CMSI and
g £ 2 o CMS3 subtypes. The PCA plot clearly demonstrates
5 2ls ,E g distinct molecular clustering for CMS2 and CMS4
% LN =z based on transcriptomic profiles (Fig. 6D). Patients
% =5 :'g’v within the NR category were predominantly classified
£ N 2 as CMS4, whereas those in the R category were cate-
® 3 gorized as either CMS2 or CMS4. Among other CMS
% L é categories CMS1 were dominantly characterized as
?El 5| g " 3 NR, while none of NR were classified as CMS3
3 gle|e &Li (Table 10, Fig. 6B). Considering pathological com-
S| . 21| - §’ plete response most of the patients were identified as
%” © % o P CMS?2 or 4. Non-pCR were dominant over pCR in
£l g ElS|5 & the CMS3 subtype (Table 10, Fig. 6A).
ol O ol J| o °
5 N
NS 3
g ® ; Gene set enrichment analysis highlights
g 2 § E, (ED differentially activated pathways
; g ;% é é Various signaling pathv.vays were enriched in the non-
% (ch) § S é responder group, primarily related to immune
2 = response, necrosis, cell metastasis, movement through
% o« % extracellular matrix, angiogenesis and vessel develop-
= o = 8 ment, lipids and lipoprotein metabolism, signal trans-
- 51 % o duction, and many bacterial/viral infection responses
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Table 9. Immune subtypes and immune cell ratio associated with treatment response (Responders (R) vs Non-responders (NR)).

Immune cell subtype Deconvolution method P value P adjusted Log, fold change Up in R/NR
Myeloid dendritic cell activated xCell 0.034 0.239 —0.039 Up in NR
T cell CD4+ (non-regulatory) xCell 0.030 0.239 2.84E-04 UpinR
Common lymphoid progenitor xCell 0.004 0.070 —0.062 Up in NR
Hematopoietic stem cell xCell 0.037 0.239 -0.026 Up in NR
Macrophage xCell 0.022 0.239 —0.008 Up in NR
T cell NK xCell 0.001 0.021 -0.075 Up in NR
T cell CD4+ TIMER 0.006 0.037 0.039 UpinR
NK cell MCP counter 0.001 0.009 1.655 Upin R
T cell CD4+/Myeloid dendritic cell TIMER 0.010 0.153 0.056 Upin R
T cell CD4+/T cell CD8+ TIMER 0.033 0.248 0.278 UpinR
NK cells resting/Macrophages M1 CIBERSORT 0.001 0.127 2.168 Upin R
NK cell/Endothelial cell MCP counter 0.002 0.035 0.130 Upin R
NK cell/Monocyte MCP counter 0.003 0.035 0.114 Upin R
NK cell/Macrophage/Monocyte MCP counter 0.003 0.035 0.114 Upin R
T cell CD8+/NK cell MCP counter 0.003 0.035 -0.057 Up in NR
NK cell/Myeloid dendritic cell MCP counter 0.003 0.035 0.459 Upin R
T cell/NK cell MCP counter 0.007 0.059 -2.379 Up in NR
NK cell/Neutrophil MCP counter 0.008 0.059 0.080 Upin R
NK cell/Cancer-associated fibroblast MCP counter 0.016 0.109 0.016 Upin R
Cytotoxicity score/NK cell MCP counter 0.032 0.195 —1.832 Up in NR
NK cell/B cell MCP counter 0.041 0.222 0.229 Upin R
CD4+, Cluster of Differentiation 4; CD8+, Cluster of Differentiation 8; NR, non-responder; NK, natural killer; R, responder.
1e+02 p =3.2e-02 p=4.1e-02 p = 1.6e-02 p = 1.5e-03 p =2.8e-03 p =3.3e-03 p =7.6e-03 p = 1.0e-02 p = 3.3e-02 p =3.0e-03 p =6.9e-03
1e+00
Response

log10(immune cell intensity)

1e-02

G ® & S S
S N & & & &
S & > 3 N &
o S © & & K
& S & & &
o & & &
© & = N
G & &
5 N
B,
&

NR
= r

Immune cells ratio

Fig. 5. Logio Immune cell intensity of significant immune cell ratio between R and NR. Immune cell ratios, calculated based on
deconvolution results obtained using CIBERSORT, xCell, TIMER, and MCP counter, revealed differences between responders and non-
responders before therapy. Violin plots show the distribution of VST-normalized gene expression values. Each dot represents one sample,
and the horizontal line indicates the mean expression level. Statistical significance was determined using the Mann-Whitney U-test; results

are presented in Table 9. R, responder; NR, non-responder.

(Fig. 7A). The NR group was characterized by a very
complex list of immune-related pathways, and Revigo
(http://revigo.irb.hr/) [61] was utilized to condense
these pathways by eliminating redundant GO terms
together with Cytoscape [62] (Fig. 7B). Patients with

favorable treatment response showed enrichment in
signaling pathways related to cytoskeleton organiza-
tion, control of transcription, translation, signaling
pathways that reduce the occurrence of errors,
control of ribosomal RNA processing, translational
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and R/NR). (C) CMS subtype distribution of rectal cancer samples. (D) PCA plot of transcriptomic data based on CMS distributions. CMS,
Consensus Molecular Subtype; R, responder; NR, non-responder; pCR, pathological complete response; Non-pCR, Non-pathological

complete response; PCA, Principal Component Analysis.

Table 10. Distribution of samples among consensus molecular
subtypes (CMS).

R NR pCR Non pCR
Total 34 (100) 17 (100) 24 (100) 69 (100)
CMS1 1(2.94) 3(17.65) 1(4.17) 6 (8.70)
CMS2 16 (47.06) 4 (23.53) 11 (45.83) 31 (44.93)
CMS3 3(8.82) 0 (0.00) 1(4.17) 11 (15.94)

CMS4 14 (41.18) 10 (58.82) 11 (45.83) 21 (30.43)

CMS, consensus molecular subtype; NR, non-responder, Non-pCR,
Pathological non-complete response; pCR, pathological complete
response; R, responder.

imprinting, as well as pathways related to piRNA pro-
cessing, transposons and retrotransposons (Table S3A—
D, Fig. 7A). Enriched pathways among patients with
pathological complete response showed activation of
immune-related signaling pathways, particularly those
related to the activity of B cells and NK cells. The
gene set enrichment analysis highlighted the signifi-
cance of protein synthesis and translation control in
patients with Non-pCR. This observation is supported
by the fact that aside from protein folding control and
translation control, enriched signaling pathways
include many of those related to energy metabolism.
Furthermore, many signaling pathways related to pro-
tein synthesis include pathways and processes in the
endoplasmic  reticulum  that usually produce
membrane-bound proteins as well as proteins that are
part of lysosomes, endosomes and secretory vesicles
(Table S4A-D).

Identification of key transcription factors of
therapeutic sensitivity and resistance

Since transcription factors can regulate a large number
of genes and in that way affect various biological pro-
cesses, the subsequent phase of the analysis involved a

comprehensive examination of TFs. The regulatory
functions of TFs exhibit both positive and negative
impacts within the R and NR groups (Table S5). The
ULM, VIPER, fgsea, wman, wsum algorithms were
employed to determine the activity of transcription
factors based on therapeutic response (Fig. 8A).
Weighted mean and weighted sum showed highly con-
cordant result as they share similar aggregation princi-
ples, as a result weighted sum was not included in
combined P value analysis. A total of 128 TFs were
identified as statistically significant (combined P < 0.05
(Fisher’s method), FDR <0.05) within our studied
cohort. Out of all identified significant TFs, 42 of them
were identified as significant in all applied methods,
two upregulated in R and 40 upregulated in NR group
(Fig. 8A—C) (Table S5A). As illustrated in the volcano
plot (Fig. 8D-F), the number of genes regulated in
favor of a particular outcome relative to others dic-
tates their overall significance score. Within NR group,
the highest statistical significance was found for SPI
(Fig. 8D) and NFKB (Fig. 8E) while TCF15 (Fig. 8F)
was dominant within R group. Among the identified
transcription factors, SP/ and NFKB were predicted
to regulate 105 (out of 1336 known SPI targets) and
64 (out of 799 known NFKB targets) DEGs
(P <0.05), respectively, within the R/NR group
(Table S6). This result suggests regulatory activity of
TFs among broad significant genes between R and
NR. In contrast, TCFI5 is a positive regulator of a
single DEG, TNMD; however, this interaction shown
strong  statistical  significance (P = 1.72 x 10~°,
FDR = 3.31 x 107°) (Table S6). Notably, it is known
that TCF15 regulates seven target genes overall; there-
fore, the observed enrichment remained highly signifi-
cant, supporting a potentially specific regulatory role.
An analysis of transcription factors’ activity within
the cohort pCR/Non-pCR identified 102 TFs with sta-
tistically ~significant activity (combined P <0.05
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Fig. 8. Results of TFs activity among R/NR groups. (A) Cross section of transcription factors identified by ULM, wsum, wmean, VIPER and
FGSEA within R/NR group. (B) Score and (C) P value of confirmed transcription factors. Regulatory activities were assessed based on
DESeq2 statistics, while significance was determined using method-specific enrichment scores and P values. The corresponding scores and
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TCF15) target genes colored based on TFs effect on them (red is activating effect and blue is suppressive effect). TFs, transcription factors;
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Fig. 9. Results of TFs activity among pCR/Non pCR groups. (A) Cross section of transcription factors identified by ULM, wsum, wmean,
VIPER and FGSEA B/C. Score (B) and logyo P value (C) of overlapped transcription factors. Regulatory activities were assessed based on
DESeq2 statistics, while significance was determined using method-specific enrichment scores and P values. The corresponding scores and
P values are provided in Table S5B. (D-F) Volcano plot of DEGs (log;FoldChange vs —log;q P value) with top TFs based on score ((D) MYC,
(E) SMAD3, (F) REXANK); target genes colored based on TFs effect on them (red is activating effect and blue is suppressive effect). TFs,
transcription factors; pCR, pathological complete response; Non-pCR, Non-pathological complete response; ULM, Univariate Linear Model;
wsum, weighted sum; wmean, weighted mean; VIPER, Virtual Inference of Protein Activity by Enriched Regulon analysis; FGSEA, Fast

Gene Set Enrichment Analysis; DEGs, differentially expressed genes.

(Fisher’s method), FDR<0.05). Out of all identified
significant TFs, 31 of them were identified as signifi-
cant in all applied methods (Fig. 9A-C). The most
notable effect in favor of Non-pCR had MYC
(Fig. 9D), while SMAD3 and RFXANK (Fig. 9E.F)
had the most significant effects in favor of pCR. TF
upregulated in pCR had a strong specificity toward
activating genes upregulated in pCR. SMAD3 and
RFXANK were predicted to regulate 10 (out of 190
known SMAD3 targets) and 7 (out of 20 known
RFXANK targets) DEGs (P < 0.05), respectively, while
MYC regulate 80 (out of 888 known MYC targets)
within the pCR/Non-pCR group (Table S6).

Gene Ontology database was used as a source of
signaling pathways and genes involved, used to iden-
tify overrepresented pathways among confirmed TFs.
Analysis of TFs activated in NR highlights the impor-
tance of signaling pathways related to miRNA and
ncRNA  metabolism and activity (Fig. 10A,

Table S7A). Furthermore, TFs activated in pCR were
part of signaling pathways related to immune
response, particularly, CD4+ T cell activation, Th17
immune response, and alpha-beta T cells (Fig. 10B,
Table S7B).

The review article by Imedio et al. [63] provided an
overview of miRNAs identified as possible therapeutic
targets in rectal cancer. List of miRNAs includes miR-
450-5p [64], miR-577 [65], miR-375-3p [66], miR-139-
S5p [67] with therapeutic impact on chemotherapy,
miR-130a [68], miR-145 [69], miR-122-5p [70] with
therapeutic impact on radiotherapy as well as miR-31
[71], miR-129-5p [72], miR-144 [73], miR-381 [74] and
miR 19a-3p [75]. A list of potential targets was used to
detect interactions with significantly activated tran-
scription factors between R and NR groups. Numer-
ous transcription factors that have been demonstrated
to be significant in response to therapy interact with
the majority of the highlighted miRNAs (Fig. 11). The
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Fig. 10. Signaling pathway overrepresentation. (A) Top 15 signaling pathways overrepresented among TFs differentially activated between R
and NR. (B) Top 15 signaling pathways overrepresented among TFs differentially activated between pCR and Non-pCR. Statistical
significance was assessed using a hypergeometric test as part of the overrepresentation analysis (ORA) and presented in more detail within
Table S7. TF, transcription factor, R, responder; NR, non-responder; pCR, pathological complete response; ORA, overrepresentation analysis.

exact direction of regulation is not known, but the
results indicate a clear connection between the activa-
tion of transcription factors in R/NR and the regula-
tion of miRNAs, whose potential as therapeutic
targets has been reported [63-67,70,72,75].

Discussion

Locally advanced rectal cancer is one of the most com-
monly diagnosed forms of rectal cancer, with 10-20%
of patients achieving a pathological complete response
following standard nCRT [8]. Routine clinical practice
and currently available methodologies are insufficient
for identifying these patients and providing them with
optimized care. Nonetheless, a sizable portion of
patients experience suboptimal therapeutic outcomes.
This issue is even more critical considering that recent
modifications in neoadjuvant treatment—mainly the
introduction of additional chemotherapy in the neoad-
juvant setting as part of the TNT approach, and the
escalation of radiation doses—are resulting in a greater
number of patients achieving a clinical complete
response [18-20,22]. Nowadays, in light of these
changes in LARC treatment, it is crucial to avoid both
overtreatment and undertreatment in order to achieve
the best treatment outcomes while preserving patients’
quality of life.

Currently, there are no clinically confirmed pre-
dictive markers for response to nCRT, and the precise
criteria for identifying patients eligible for the

watch-and-wait strategy remain unclear. The rationale
for this phenomenon is attributed to the often limited
patient cohort in studies, alongside the variation in
treatment of LARC patients concerning radiation dos-
age and administration techniques. Furthermore, it is
common for available published studies to lack supple-
mentary clinical data and additional omics levels that
would facilitate the establishment of a biomarker panel
at appropriate levels via a multi-omics approach.
Additionally, a significant challenge arises from the
population specificity of the identified biomarkers, as
their validation across diverse populations is notably
absent [76-78]. Comprehensive analysis of transcrip-
tional profiles of LARC has provided insight into pre-
dictive biomarkers and biological features associated
with different treatment outcomes. Combining individ-
ual studies revealed higher sample heterogeneity due to
different populations and increased statistical power
[59]. It is thus important to synthesize the knowledge
obtained from available studies and to proceed to a
prospective, multicenter, multinational validation
study.

Among the genes examined, two genes were identi-
fied with predictive potential of good response to ther-
apy including TRIM54 and PABPC4, upregulated in
the responder group, while ADSSI and MGATI, upre-
gulated in the non-responder group, were identified as
predictive biomarkers of poor treatment outcome
(Fig. 3, Table 5). Notably, these genes have not been
previously analyzed as predictive biomarkers for
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Fig. 11. Differentially activated TFs and their regulatory miRNAs. Differentially activated TFs and their regulatory miRNAs identified as
potential regulators of response to nCRT between R and NR groups. TFs, transcription factors; nCRT, neoadjuvant chemoradiotherapy.

response to neoadjuvant chemoradiotherapy (nCRT)
in rectal cancer; however, the positive effects of their
expression have been documented in other malignan-
cies including colorectal cancer, and some of them
were recognized as prognostic biomarkers according to
The Human Protein Atlas (HPA) [79].

TRIMS54 functions as ubiquitinase associated with
FSP1, key ferroptosis regulator, and promotes its
ubiquitination-mediated degradation [80]. TRIMS54 is
gene coding inhibitor of FSPI thus could promote fer-
roptosis in rectal cancer and increase cell death rate

during radiotherapy resulting in better treatment out-
come. The role of TRIM54 as a direct regulator of fer-
roptosis was described in hepatocellular carcinoma
(HCC), where it was shown that Sorafenib modulates
FSPI1 activity through TRIMS54, ultimately inducing
ferroptosis [80]. Although the mechanism of action of
TRIMS54 is poorly investigated one study on HCC
reported that overexpression of TRIMS54 lead to
Axinl-mediated activation of the Wnt/B-catenin signal-
ing pathway [81], which is known, poor prognostic
sign in colorectal cancer and is associated with more
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aggressive tumors [82]. Although shown to be a poor
prognostic factor, TRIMS54 expression in the context
of enhancing response to chemotherapy or radiother-
apy has not yet been investigated. PABPC4, gene cod-
ing the poly(A) binding protein cytoplasmic 4, is
important RNA-binding protein with role of
regulating gene expression. It was not investigated as a
predictive biomarker but its role in better survival of
CRC patients stage II and stage III was reported [83].
According to the HPA data in the READ validation
dataset, it was shown that LARC patients with higher
expression have better survival (P = 0.036) [79].
MGATI protein coded by MGATI gene, called man-
nosyl  (alpha-1,3-)-glycoprotein  beta-1,2-N-acetylglu-
cosaminyltransferase is an enzyme involved in the
process of N-glycosylation, and according to HPA
[79], it is a poor prognostic biomarker in stage Il and
III rectal cancer, which is consistent with the obtained
results. ADSS1, adenylosuccinate synthase 1, protein
product has a role in AMP synthesis thus highly
energy-consuming cells like cancer cells can use it to
proliferate effectively [84]. ADSSI is highly abundant
in cardiac and heart tissue, controlling purine de novo
biosynthesis but it has low cancer expression level [79].
According to HPA data, ADSSI expression level cor-
relates with long-term survival over 3 years in patients
with stage II and III rectal cancer. 5-year survival in
the group of patients with high expression is 29% vs.
53% [79]. Furthermore, predictive biomarkers of path-
ological complete response genes were investigated,
resulting in the identification of 4ARMC2, upregulated
in pCR (Fig. 4, Table 7). ARMC2, Armadillo repeat
containing 2, has a protein product with a role in
maintenance of the axonemal central pair complex
which is essential for the functionality of cells with
cilia [85]. HPA data from both TCGA-READ
(P =0.026) and Validation rectal cancer cohort
(P =33 x 107* confirmed that ARMC2 has a prog-
nostic role in rectal cancer stage II/III [79]. Impor-
tantly, mentioned candidate genes demonstrated
statistical ~significance in combined dataset (P
value<0.05 and FDR <0.25) and nominal statistical
significance across OrP, REM, and Cox regression
analyses (P value<0.05), but none remained significant
after false discovery rate (FDR) correction (OrP,
REM and Cox regression). This finding is probably
related to the large number of tests performed simulta-
neously, combined with limited statistical power, which
are common challenge in transcriptomic biomarker
studies. These results indicate that reported biomarkers
do not have strong standalone predictive power, but
they are significant across multiple analytical
approaches, and may still provide biologically relevant

A. Stanojevic et al.

information regarding treatment response and could
contribute to multi-marker predictive models. Each of
these genes cannot be considered as perfect biomarker
but in combination with other monitoring methods
including hematological parameters, clinical data,
radiomics features, or biomarkers on proteomic level,
it could be complementary and thus contribute to bet-
ter stratification of patients for watch-and-wait
approach, better local disease control, organ preserva-
tion and offer comprehensive disease monitoring.

The examination of phenotypic characteristics in
relation to the transcriptional profile is crucial for elu-
cidating the mechanism underlying the response to
nCRT. Additionally, certain characteristics derived
from bioinformatics algorithms may serve as predictive
biomarkers of response, subject to validation through
molecular genetics methods that would allow their
direct measurement [86—88]. Phenotypic profiling has
enabled the identification of immune cell subtypes, the
activity of distinct signaling pathways, and the func-
tionality of transcription factors, which vary according
to therapeutic response.

Immune deconvolution methods demonstrated that
the responder group had a significantly higher propor-
tion of CD4 + T cells, monocytes, and NK cells which
affect the tumor microenvironment and facilitate
improved treatment outcomes (Table 9). Existing liter-
ature indicates that NK cells are triggered by radiation
therapy; thus, their increased presence in the tumor
microenvironment plays a crucial role in improved
treatment outcomes and prolonged survival [89]. Previ-
ously conducted in vitro and in vivo studies highlighted
that ionizing radiation increases expression of stress-
induced NKG2D ligands like MICA/B and ULBP1-3,
making tumor cells more susceptible to NK-cell-
mediated Kkilling. Radiotherapy can synergize with
NK-based immune responses leading to improved anti-
tumor defense [90,91]. Analyzing the immune cell ratio
confirmed that the presence of NK cells in relation to
macrophages M1, endothelial cells, monocytes, and
macrophages, dendritic cells, B cells, neutrophils, and
cancer-associated fibroblasts had predictive potential
of a good response to therapy in LARC patients. The
increased level of CD4+ T lymphocytes relative to
myeloid dendritic cells and CD8+ T lymphocytes also
had the same effect (Table 9, Fig. 5).

Furthermore, available results showed that macro-
phages, myeloid dendritic cells, hematopoietic stem
cells, and common lymphoid progenitors are overrep-
resented within the group of patients with unfavorable
treatment outcome (Table 9) [60]. Most of the cells
dominant in patients with a poor therapeutic outcome
are precursors in the differentiation of immune cells
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with specific proinflammatory and tumor suppressor
functions. The presence of myeloid progenitor cells
and generally immune cell precursors in the circulation
and at the tumor site was described as early as the
early 2000s, although this is not expected under nor-
mal conditions. These cells are thought to have a high
potential in suppressing the immune system. It has
been shown that these cells can produce anti-
inflammatory cytokines, including IL-10 and TGF,
and thus reduce the infiltration of T lymphocytes [92].
In addition, examination of the ratio of immune cells
in patients with a poor therapeutic outcome showed
an increased presence of CD8+ T lymphocytes com-
pared to natural killer cells (Table 9, Fig. 5). As a con-
sequence of the effect of chemoradiotherapy, there
may be a process of reducing the expression of MHC
class T molecules, which leads to the inability to acti-
vate CD8+ T lymphocytes and thus the inability to
attack tumor cells, making them ineffective. Together
with the decrease in the amount of NK cells, the possi-
bility of antitumor defense is absent, which can lead to
a poor outcome of the therapy [93].

Patients who had a favorable response to therapy
had enriched signaling pathways related to cytoskele-
ton organization, transcriptional and translational con-
trol, signaling pathways that reduce error occurrence,
regulation of ribosomal RNA processing, translational
imprinting, alongside pathways related to piRNA pro-
cessing, transposons and retrotransposons (Fig. 7).
The enriched signaling pathways imply that treatment-
naive tissue has a specific phenotypic profile, resulting
in variable responses to therapy among patients. Fur-
thermore, the responder group is predominantly char-
acterized as CMS2 and CMS4, where CMS2 is
associated with a proliferative environment and MYC
and WNT activation, which is in direct correlation
with the high transcriptional rate within the cells
(Table 10, Fig. 6) [S]. The gene set enrichment analysis
identifies signaling pathways enriched within non-
responder groups related to immune response,
necrosis, cell metastasis and movement through the
extracellular matrix, angiogenesis and vessel develop-
ment, lipids and lipoprotein metabolism as well as sig-
nal transduction (Fig. 7). Collectively, these findings
suggest a highly active microenvironment, which corre-
lates with the observation that a majority of patients
in the non-responder group are categorized as CMS4,
recognized as the most aggressive CMS subtype with
enhanced epithelial-mesenchymal transition (EMT)
activation, angiogenesis, and matrix remodeling
(Table 10, Fig. 6) [5,94].

Enriched pathways among pCR groups showed
activation of immune-related signaling pathways,

Profiling therapy response in rectal cancer

especially those related to the activity of B cells and
NK cells. Patients with pCR are mainly distributed
among two molecular categories, CMS4 and CMS2.
Gene set enrichment analysis highlighted the impor-
tance of protein synthesis and translation control in
patients with Non-pCR. Activation of signaling path-
ways related to protein synthesis indicates that the key
difference in treatment response could be on the pro-
tein level. Controlling translation and protein degrada-
tion, cancer cells can promote an oncogenic phenotype
through selective translation of mRNA transcripts that
can be crucial for tumorigenesis, therapy resistance,
and metastasis, or degrading transcripts of mRNA
that protein products would promote cell death [95].
This is supported by the fact that, apart from protein
folding control and translation control, enriched sig-
naling pathways include many of them related to
energy metabolism. Bearing in mind that protein syn-
thesis is the most energy-consuming process, which is
supported by our results showing that rectal cancer
cells in patients with non-pathological response have a
high rate of energy production that is needed for
translation control. In addition, our data support that
many alterations in protein synthesis are mainly
related to proteins processed at the endoplasmic reticu-
lum, proteins that are usually membrane-bound, as
well as parts of lysosomes, endosomes, and secretory
vesicles. Those proteins could act as mediators to the
tumor microenvironment, supporting the protective
role of cancer cells, but could also be used as a good
secretory biomarker or drug target. Molecular classifi-
cation of patients with Non-pCR indicated that most
of them are classified as CMS2 and then CMS4,
groups that are classified with a high proliferative rate
and EMT and angiogenesis, followed by CMS3, with
the highest prevalence of KRAS mutations and meta-
bolic deregulation (Table 10, Fig. 6) [5]. EMT has
been recognized as a key mechanism contributing to
resistance to chemoradiotherapy (CRT) in various can-
cers, including rectal cancer [96,97].

Transcription factor activity analysis identified 42
transcription ~ factors  exhibiting  alterations in
responders/non-responders, confirmed by various
models. Prominent transcription factors highlighted the
importance of immune response modulation, inflamma-
tion in patients with poor therapeutic response
(Fig. 10). Furthermore, the identified transcription fac-
tors are involved in the processes of proliferation, dif-
ferentiation, cellular response to stress, hypoxia, DNA
damage, oncogenesis and tumor growth. Among these,
NFKB and SPI demonstrated the highest score
enriched in the NR group and RCFI5 in the R group
(Fig. 8). It is shown that TFs NFKB and STAT3 are
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key factors that enable cancer cells to avoid apoptosis
and regulate angiogenesis and invasiveness [98]. The
activation of these two transcription factors is critical in
linking immunity and tumorigenesis, inducing the
expression of proteins associated with angiogenesis,
hypoxia, chemokines, and immunosuppressive cytokines
[98]. NFKB promotes anti-apoptotic signaling (e.g.,
upregulation of Bcl-2, Survivin), promotes radioresis-
tance through the STING-IFNARI axis in colorectal
cancer, promotes immune evasion and tumor-
promoting inflammation [99,100]. In research analyzing
the effects of FoxO3, a transcription factor regulated by
SP1, findings indicated that SP1 enhances FoxO expres-
sion which contributes to CRC progression, while
knockdown of FoxO3 resulting in lower activity of SP1
lead to reduced cell migration and proliferation ability
[101]. Studies have shown that miR-375-3p can target
SP1 and thereby increase the sensitivity of CRC cells to
5-FU-based chemotherapy [102]. Overrepresentation
analysis highlighted involvement of activated TFs in sig-
naling pathways related to miRNA and ncRNA activa-
tion and metabolism. Literature data highlight that
miRNAs can be used as therapeutic targets. Our results
indicate that miR-129-5p, miR-450b-5p, miR-122-5p,
miR-19a-3p, miR-139-5p, miR-375-3p as potential ther-
apeutic targets are regulated by transcription factors
activated in patients with different therapeutic responses
(Fig. 11) [63,103-107].

The analysis of transcription factors activity within
the pCR/Non-pCR cohort identified 29 transcription
factors mostly enriched within the pCR group.
SMAD3 and RFXANK had the most significant effects
in favor of pCR. While the most notable effect in
favor of Non-pCR had MYC (Fig. 9). RDXANK is a
key regulator of MHC II complex expression that is
required for antigen presentation and activation of
CD4+ T lymphocytes [108]. Although the representa-
tion of immune subtypes in patients with complete
regression was not significant when it comes to CD4+
T lymphocytes, they were noted to be differentially
activated in patients with a better therapeutic outcome.
This confirms the positive effect of direct or indirect
activity of CD4+ T lymphocytes in response to ther-
apy. MYC is a known oncogene and regulator of cell
proliferation as well as a key regulator of cell growth,
while increased activation of SMAD3 by TGFp allows
inhibition of MYC transcription leading to inhibition
of proliferation, differentiation, and cell death [109].
Confirmed response modulators are involved in
immune response and cell differentiation according to
overrepresentation analysis (Fig. 10). MYC, SPI, and
NFKB are well-known transcription factors that regu-
late the expression of a large number of genes. The
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fact that a substantial number of their target genes
were identified among the DEGs suggests their broad
transcriptional involvement in therapy response. In
contrast, RFEXANK and TCF15 showed enrichment of
a relatively high proportion of DEGs compared to
their total number of known target genes, indicating a
more specific and potentially biologically relevant reg-
ulatory role in therapy response. The modulation of
transcription factor activity presents a valuable avenue
for in vitro research with potential translational impli-
cations. Transcription factors regulate numerous target
genes, rendering expression mimicry challenging; how-
ever, enhancing expression in patients with phenotypes
predisposed to poor therapeutic responses may signifi-
cantly improve treatment outcomes, thereby contribut-
ing substantially to therapeutic efficacy.

Our research group has previously investigated vari-
ous levels of omics methodologies with the objective of
predicting response to neoadjuvant chemoradiotherapy
in LARC. Proteomic analysis using DIA-MS/MS [33],
initial level of hematological parameters [34] and a
machine learning model based on radiomics of pre-
treatment MRI 3D T2W contrast sequence scans in
conjunction with clinical parameters [35] revealed
moderate to high predictive potential in terms of
response to nCRT in LARC patients. The results
shown in our studies, as well as the results shown in
other studies at other molecular and clinical levels,
indicate that one approach is probably not enough to
effectively predict the response to therapy or pre-select
patients for a watch-and-wait approach. Further stud-
ies are necessary to include well-defined cohorts with
detailed clinical data and well-molecularly profiled
samples (genomic, transcriptomic, proteomic level)
with radiomics data, hematological, and pathological
characteristics that would be used together through
machine learning methods to construct a predictive
model. In this way, each of the mentioned factors that
has the potential of prediction would be additionally
supported by other predictive parameters.

Although meta-analysis methods can elucidate signifi-
cant biological factors that influence different pheno-
types, they have limitations. The neutralization of the
batch effect in order to reduce the technical variability
or unavailability of raw counts undoubtedly affects the
biological variability, which is not fully observed by any
existing method. Therefore, the results obtained through
meta-analyses should be further validated by in vitro, in
vivo, and ex vivo experiments. Additionally, FFPE or
any form of tissue biopsy represents only a small por-
tion of the tumor microenvironment, even though it is a
gold standard in tumor diagnosis. Furthermore, as the
tumor cells from LARC can invade the muscularis
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propria, which also secretes biological molecules and is
not accessible during routine diagnostic analysis, we
need to approach other body fluids as complementary
sources of information.

Conclusion

The meta-analysis enabled the profiling of the response
to neoadjuvant chemoradiotherapy in a geographically
heterogeneous but clinically uniform group of patients.
It provided insight into the characteristics that enable a
better understanding and prediction of the response to
therapy. By applying bioinformatics methods and inte-
grating different algorithms, the transcriptional profile
of patients with LARC was characterized in detail. In
this study, important characteristics of tumors in
patients with a poor therapeutic outcome were identi-
fied, which can be further investigated through func-
tional studies to design target therapies that would
improve the treatment of patients. Markers of a good
therapeutic response were also identified, which repre-
sent an important contribution to designing a panel of
characteristics that would be used for highly effective
selection of patients for a wait-and-watch approach to
treatment. As the first study of this type, we believe it
represents a significant contribution to the current state
of the art and a basis for further research, emphasizing
the importance of integrating clinical data with molecu-
lar data in order to effectively subgroup patients for tai-
loring treatment depending on expected outcome.
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Responders (NR). (C) Gene Set Enrichment Analysis
Using Gene Ontology Biological Processes Gene Sets:
Responders (R) vs Non-Responders (NR). (D) Gene
Set Enrichment Analysis Using REACTOME Gene
Sets: Responders (R) vs Non-Responders (NR).

Table S4. (A) Gene Set Enrichment Analysis Using
Hallmark  Gene Sets: Pathological Complete
Responders (pCR) vs Non-Pathological Complete
Responders (Non-pCR). (B) Gene Set Enrichment
Analysis Using KEGG Gene Sets: Pathological Com-
plete Responders (pCR) vs Non-Pathological Complete
Responders (Non-pCR). (C) Gene Set Enrichment
Analysis Using Gene Ontology Biological Processes
Gene Sets: Pathological Complete Responders (pCR) vs
Non-Pathological Complete Responders (Non-pCR).
(D) Gene Set Enrichment Analysis Using REACTOME
Gene Sets: Pathological Complete Responders (pCR) vs
Non-Pathological Complete Responders (Non-pCR).
Table S5. (A) Significantly Activated Transcription
Factors in Responders (R) and Non-Responders (NR).
(B) Significantly Activated Transcription Factors in
Pathologically Complete Responders (pCR) and Non-
Pathologically Complete Responders (Non-pCR).
Table S6. Transcription factors and targets with corre-
sponding differentially expressed genes (DEGs) among
analyzed groups.

Table S7. (A) Signaling pathways overrepresented
among transcription factors (TFs) differentially acti-
vated between responders (R) and Non-Responders
(NR). (B) Signaling pathways overrepresented among
transcription factors (TFs) differentially activated
between pathological complete response (pCR) and
pathological non-complete response (Non-pCR).
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