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Abstract

In patients with colorectal liver metastasis (CRLMs) unsuitable for surgery, oncological
treatments, such as chemotherapy and targeted agents, can be performed. Cross-
sectional imaging (CT, MRI, ¥FDGPET-CT/MRI) evaluates the response of CRLMs to
therapy, using post-treatment lesion shrinkage as a qualitative imaging parameter. This
point is critical because the risk of toxicity induced by oncological treatments is not
always balanced by an effective response to them. Consequently, there is a pressing
need to define biomarkers that can predict treatment responses and estimate the
likelihood of drug resistance in individual patients. Advanced quantitative imaging
(diffusion-weighted imaging, perfusion imaging, molecular imaging) allows the in vivo
evaluation of specific biological tissue features described as quantitative parameters.
Furthermore, radiomics can represent large amounts of numerical and statistical
information buried inside cross-sectional images as quantitative parameters. As a result,
parametric analysis (PA) translates the numerical data contained in the voxels of each
image into quantitative parameters representative of peculiar neoplastic features such
as perfusion, structural heterogeneity, cellularity, oxygenation, and glucose
consumption. PA could be a potentially useful imaging marker for predicting CRLMs
treatment response. This review describes the role of PA applied to cross-sectional
imaging in predicting the response to oncological therapies in patients with CRLMs.
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biomarkers that can estimate the likelihood of response and drug resistance before
starting therapy. Clinical validation may aid clinicians in tailoring their individual
treatment regimens. In this setting, parametric ﬁnalysis applied to cross-sectional
imaging plays a crucial role in evaluating in vivo peculiar neoplastic features, such as
perfusion, structural heterogeneity, cellularity, oxygenation, and glucose consumption.
However, there is no consensus on the most promising imaging quantitative parameter
to predict therapy response in CRLMs patients.

INTRODUCTION

Colorectal cancer is one of the most common cancers worldwide and the fourth leading
cause of cancer death [1l. Unfortunately, up to 19% of colorectal cancer patients present
with liver metastasis at diagnosis, while up to 13% develop it within the 5-year follow-
up UL Surgery plays a crucial role in improving the prognosis of colorectal cancer
patients with liver metastases (CRLMs), but only 20% of them are initially suitable for
this approach [2. Hence, systemic chemotherapy is the treatment of choice for the
remaining 80% of patients with the aim of rendering metastases resectable and/or
prolonging survival [l In clinical practice, systemic chemotherapy based on a
combination of fluoropyrimidines with oxaliplatin and/or irinotecan is usually
associated with targeted agents. The assessment of KRAS, NRAS, and BRAF genes
status influences the choice of the most appropriate targeted agents: if they are wild-
type, panitumumab or cetuximab, epidermal growth factor receptor (EGFR) antibodies,
are preferred, whereas if they are mutated, bevacizumab, a vascular endothelial growth
factor (VEGF) antibody, is_chosen [4. In this setting, the cross-sectional imaging
evaluation, represented by computed tomography (CT), magnetic resona imaging
(MRI) and 2-['8F]fluoro-2-deoxy-D-glucose positron emission tomography (2-[8F]FDG
PET) associated with CT or MRI (2-['8F]FDG PET/CT or MRI), is fundamental in the
assessment of treatment response based on dimensional evaluation of tumour burden in
consecutive scans through the application of standardised criteria, known as “Response

Evaluation Criteria in Solid Tumours (RECIST, Figure 1)” 5-7). These criteria have been




very useful in the assessment of treatment response to cytotoxic chemotherapeutic
agents, but the introduction of targeted agents with predominant cytostatic effects, such
as anti-EGFR and anti-VEGF, makes them insufficient for adequate response imaging
evaluation. Indeed, solid tumours may respond to these new agents by developing
intra-tumoural necrotic areas and/ or cystic, fibrotic, or myxoid degeneration, resulting
in an overall increased, decreased, or unchanged size. Thus, the assessment of treatment
response during follow-up based purely on dimensional evaluation of the tumour
burden seems no longer sufficient. Furthermore, targeted agents are more expensive
than cytotoxic agents and are burdened by hepatic toxicity (steatosis, hepatitis,
sinusoidal obstruction syndrome, and impaired liver function). Considering these
issues, identification of imaging biomarkers that can estimate the likelihood of response
and drug resistance in individual patients before or immediately after starting therapy
is mandatory. This critical point represents not only a clinician request to avoid
unnecessary drug toxicity and the starting delay of alternative therapies, potentially
more eﬁective, but also an economic requirement to reduce futile health care costs.

The growth of neoplastic tissue is characterised by the activation of several
biological processes, such as neoangiogenesis and anarchic cellular proliferation, which
determine neoplastic heterogeneity for the coexistence of high cell density, necrotic,
hypoxic, haemorrhagic, and necrotic areas. Neoplastic cells are characterised by
increased metabolism and glucose consumption. Currently, these biological neoplastic
processes as well as the neoplastic heterogeneity can be analysed in vivo applying
several post-processing imaging analyses to different cross-sectional imaging
techniques, such as diffusion-weighted imaging (DWI) on MRI, perfusion imaging (PI)
on CT and MRI, and molecular imaging on 2-["®F]FDG PET/CT and MRI. The in vivo
structural, functional, and molecular information obtained from imaging is expressed
through parameth'c parameters, which represent potentially useful biomarkers in
clinical practice. Parametric analysis (PA) allows the extraction of numerical data
contained in the voxels of each imagﬁand converts the extracted numerical data into

quantitative parametric maps, which are representative of peculiar neoplastic features,




such as perfusion, structural heterogeneity, cellularity, oxygenation, aﬁd glucose
consumption, depending on the imaging modalities and techniques used. PA requires
the drawing of a region or volume of interest (ROI or VOI) that includes the target
tissue for analysis. In recent years, PA has been enriched with radiomics, a complex
multi-step process that allows the extraction of a huge amount of computational
quantitative features from digital medical images, thereby increasing the potential role
of cross-sectional imaging in the oncological field. Radiomics has recently emerged as a
promising tool for discovering new imaging biomarkers by extracting and analysing
numerous quantitative image features representative of tumour heterogeneity and
phenotype. Radiomics combines quantitative imaging biomarkers with clinical reports
and laboratory test values in statistical models (1.

Finally, the response to chemotherapeutic agents is influenced by their delivery
to neoplastic tissues, which is ipfluenced by the tumour microenvironment and cellular
characteristics, such as uptake, retention, metabolic activation, and catabolism of drugs,
as well as genetic factors such as DNA repair mechanisms [°l. The in vivo knowledge of
peculiar neoplastic features through cross-sectional imaging may provide imaging
biomarkers aiding in the prediction of treatment response and drug resistance. To date,
several researchers have investigated the role of quantitative imaging parameters in the
pre-treatment response prediction of CRLMs patients using MRI, CT, and 2-['"F]FDG
PET/CT or MRI [1011], but there is no clear consensus about which is the most promising
imaging technique as well as the most promising quantitative imaging parameter.
Therefore, this review aimed to describe the role of PA in predicting the response to

oncological therapies in patients with CRLMs.

BASED ON MRI DIFFUSION TECHNIQUES
DWI with apparent diffusion coefficient (ADC) maps
DWI is a functional MRI technique that measures the Brownian motion of water
molecules in biological tissues, which is restricted by an increase in cellularity and

architectural tissue changes 2. Consequently, in tumour tissues, the dense cellularity




associated with fibrosis, necrosis, neovascularization, and haemorrhages reduces the
intercellular space, altering water diffusion properties and restricting Brownian motion.
Diffusion-weighted MR images measure the apparent diffusion coefficient (ADC),
which is inversely proportional to the cell density, presumably resulting from the
tortuosity of the interstitial space angd the consequential limitation of water movement.
Tumours with high cellularity tend to present low ADC values on diffusion-weighted
MRI because of their high cellularity, characteristically presenting with restriction in
these lesions. Therefore, using DWI, it is possible to obtain a parametric ADC map,
which is composed of the ADC values calculated for each voxel and represents a
quantitative measure of water molecule diffusion expressed as 10-* mm?2/s. ADC is
inversely related to tumour cellularity and is strongly affected by molecular viscosity,
permeability of the membrane separating the intra- and extracellular compartments, as
well as active transport and flow [3]. During treatment, the increase in necrosis, loss of
cell membrane integrity, decrease in tumour cellularity, and increase in extracellular
spaces determine the increase in water diffusion and, consequently, the increase in ADC
values [l However, it should be mentioned that a transient decrease in ADC may
occur during the first 36-48 h after starting therapy with vascular targeting agents, and
the rationale may be the activation of a local immune response, as demonstrated in
animal models 15, Since DWI/ADC provides in vivo structural information of tissue
composition at any time, and tissue composition influences the treatment response,
several authors have investigated the role of this MRI technique in predicting or
assessing very early therapy response in patients with CRLMs [16-21]. Most of them are
concordant that pre-treatment lower ADC is associated with a better response in
CRLMs patients, while a higher ADC is associated with a poorer response [10-1820] In
particular, Cui et al 7 evaluated 11 patients with CRLMs and found that the pre-
chemotherapy mean ADC values was significantly lower in responding lesions than
those in non-responding lesions (0.948+0.147x103 mm?/s vs. 1.185+0.275x10-3 mm?2/s; P
= 0.003). Furthermore, Koh et al [1¢] analysed 20 patients with 40 CRLMs and observed

that high pre-treatment ADC was predictive of poor response to oxaliplatin- and 5-




fluorouracil-base chemotherapy (non-responders: 1.55x10* mm?/s; responders:
1.36%10-% mm2/s; P<0.001). These results were confirmed by Tam et al [18] and Fouladi et
al (201, The former conducted a study on a larger population composed of 102 patients
with CRLMs treated with chemotherapy alone or associated with
surgery/radiofrequency ablation (non-responders: 1.40x10°3 mm?2/s; responders:
1.16x10° mm?/s; P=0.024) ['8], The latter tested the usefulness of baseline 3D ADC to
identify the potential responding CRLMs (non-responders: 1332.3+384.6x10-¢ mm?/s;
responders: 1150.2+272.9x10° mm?2/s; P = 0.04) 20, Recently, Uutela ef al 2] investigated
the correlation between ADC values at baseline and the RECIST response in a
prospective study conducted in 52 patients with CRLM. ADC values below the median
of 1.20x10°* mm?/s at baseline were associated with partial response according to the
RECIST criteria 8-12 wk after starting therapy [221.

The biological rationale of these results can be postulated as follows: a higher
ADC is observed in necrotic tissues, whereas a lower ADC is observed in viable areas.
Necrosis before therapy may indicate a more aggressive phenotype and compromise
the delivery of Chemotheraﬁutic drugs; therefore, necrotic areas are usually poorly
perfused and tumour cells are exposed to a more hypoxic and acidic environment.
These factors reduce the effectiveness of the therapy [l However, it should be
highlighted that coagulative necrosis does not increase the ADC, which could explain
non-responding lesions with lower ADC [1¢]. In contrast, viable areas are usually well-
perfused, facilitating the delivery and retention of anticancer agents.

Currently, there is no consensus regarding the optimal cutoff point ADC value
for predicting response to treatment. The most important factors that influence the
identification of a generally accepted ADC threshold are several, s as different
scanners, methods of acquisition, sequence parameters, and choice of b values. The b-
value is a factor that reflects the strength and timing of the gradients used to generate
DWI images: the higher the b-value, the stronger the diffusion effect. Koh et al [16]
identified a mean pre-treatment ADC value of 1.69%10-3mm?/s for CRLMs that did not

respond to chemotherapy with a sensitivity of 60% and a specificity of 100%, whereas




Fouladi et al 20 proposed the baseline 3D-ADC value as the optimal cut-off point of

1.006x103 mm2/s with a sensitivity of 77.4% and a specificity_of 91.3%. In this setting,
Drewes ef al "'l conducted a meta-analysis and identified a practical ADC threshold
value of 1.2x10* mm?/s, below which nearly all responders are situated and no
simultaneous overlap with non-responders exists.

Although, according to the aforementioned results, ADC could appear to be a
promising predictive biomarker, some studies contradict these previous results [1921].
Matsushima et al ¥ did not find a significant difference in ADC values between
responders and non-responders to CRLMs treated with bevacizumab. Boraschi et al [21]
correlated pre-chemotherapy ADC values of 58 CRLMs with histological tumour
regression grade (TRG). TRG is a histological descriptive system aimed at grading
fibrotic transforaation induced in tumours by neoadjuvant therapy. In detail, TRG 1 is
represented by fibrosis with no evidence of residual tumour (i.e. complete regression),
TRG 2 is represented by fibrosis with single cells or rare groups of residual tumour
cells, TRG 3 is represented by fibrosis and residual tumour with a dominance of
fibrosis, TRG 4 is represented by fibrosis and residual tumour with a dominance of
tumour, and TRG 5 is represented by extensive tumour without evidence of regression
12425 A non-linear distribution was observed between pre-ADC values and TRG; lower
pre-ADC values correlated with TRG 2-3, but an overlap was observed between TRG 1
(complete response) and TRG 4-5 (no response). The heterogeneous structure of liver
metastases in terms of cellularity, necrosis, and/or calcification may explain these
results.

Finally, the potential rgle of ADC in the early prediction of therapy response in
CRLMs was also evaluated. Cui et al ['"] observed an increase in ADCs on day 3 or 7
after initiatir&chemotherapy in responders, suggesting a very early change in tissue
composition from a more cellular pre-treatment phenotype to a less cellular or necrotic
posttreatment phenotype. Knowledge of therapy effectiveness as soon as possible
allows clinicians to prevent overtreatment of non-responder patients, thus avoiding

adverse effects.




Intravoxel Incoherent Motion (IVIM) and Diffusion Kurtosis Imaging (DKI)

The ADC value is calculated by a mono-exponential relationship between the DWI
signal and b-value. Hence, ADC is influenced by tumour heterogeneity and the
Gaussian movement of water molecules. The heterogeneity of tumour tissues affects the
non-Gaussian diffusion behaviour of water molecules; therefore, new non-mono-
exponential diffusion models, such as IVIM and DKI, have been proposed to better
characterise neoplastic tissues. IVIM assesses both diffusion and microcapillary
perfusion changes in tissaes by analysing the signal decay curve obtained from multiple
b values and provides both diffusion-related parameters, such as the true diffusion
coefficient (D) and ADC, and perfusion-related parameters, such as the pseudodiffusion
coefficient (D*) and perfusion fraction (f) [2l. DKI estimates and quantifies the skewed
distribution of water diffusion based on a probability distribution function 1. In
addition to the diffusion coefficient, DKI extracts the kurtosis value (K) that results from
the probability of the diffusion displacement distribution, which is a dimensionless
metric. These advanced MRI diffusion techniques have been investigated for predicting
the treatment response in patients with CRLM [262829] Zhang et al 291 conducted a
prospective study of 40 patients with CRLMs to evaluate the performance of DWI,
IVIM, and DKI in predicting therapy response. Their results confirmed the promising
role of ADC and suggested the potential role of IVIM and DKI. At baseline, lower ADCs
and D on the [VIM parameter map, mean diffusion values, and higher K values on the
DKI parameter map correlated with a better response (P=0.001, <0.001, =0.003, =0.002,
respectively), with AUCs of 0.845, 0.832, 0.819, and 0.787, respectively. ADC reached the
highest AUC (0.845) with a sensitivity of 73.3%, specificity of 84.0%, and cut-off value of
1.107x103 mm?2/s. In the literature, D is reported to positively correlate with the degree
of tumour necrosis as \ﬁell as ADC; hence, lower D is expression of poor presence of
necrosis and better response to chemotherapy [3. The combination of the
aforementioned parameters by logistic regression yielded an AUC of 0.867 [

Furthermore, Zhou et al ] found that K values were higher in patients with non-




responding CRLMs (responders 0.77+0.15 vs. non-responders 0.90+0.15; P = 0.015), as
expression of more complex microstructure, composed of micro-necroses, fibroses, and
cystic changes. Finally, Kim et al 21 observed a significant change in diffusion
parameters of IVIM, such as ADC and D, after the first cycle of therapy in responder
patients, whereas perfusion-related IVIM parameters did not change significantly in
both groups, suggesting that diffusion-related IVIM parameters are more useful than
perfusion-related parameters in differentiating early responders from non-responders,

avoiding overtreatment of patients who may not benefit from chemotherapy.

PA BASED ON SPECTROSCOPY

MR spectroscopy (MRS) is an advanced imaging technique that allows for the non-
invasive measurement of the levels of some molecules in vivo, using the magnetic
properties of certain atomic nuclei, such as protons (1H), phosphorus (3P), and carbon-
13 (13C) B, Therefore, MRS can provide information on tumour pathophysiology and
metabolism, potentially influencing treatment planning B2l. Currently, very few studies
have investigated the role of MRS in the assessment and prediction of treatment
response in patients with CRLMs with poor and discordant results [223133], In 31P MRS,
an increased ratio of phosphomonoesters and nucleoside triphosphate (PME/ATP) is
associated with tumour progression, while it decreases with tumour regression, even in
the absence of changes in standard imaging [31l. These results may encourage the use of
MRS in monitoring treatment response. Similarly, Kamm et al 13! observed a correlation
between the maximum levels of 5-FU catabolites on F-MRS and the response to
treatment in patients with larger CRLMs, suggesting a potential role of MRS in the
prediction of therapy response. In contrast, Uutela et al 122l did not find a significant
association between baseline levels of free choline on TH-MRS and treatment response
according to the RECIST criteria. Therefore, the role of this technique in patients with
CRLMs remains to be investigated. Currﬁy, MRS is not yet applied in clinical settings

because of technical issues such as the relatively long scan times needed for a good




signal-to-noise ratio, as well as the need for additional hardware and expertise in
spectral interpretation.

PA BASED ON CONTRAST-ENHANCED CT OR MRI

Neoangiogenesis is induced by the upregulation of vascular growth factors and is
required for tumour growth. This leads to the development of a new, altered, and
immature microcirculatory network inside the tumour lesions. The irregular vascular
pattern promotes the coexistence of areas of low vascular density and areas of high
angiogenic activity; consequently, regions of high cell density and necrotic,
haemorrhagic, and myxoid changes are observed. The use of contrast medium and the
acquisition of CT or MRI images before and after its intravenous injection allows the
assessment of the vascularity of biological tissues in wvivo, hence the tumours’
neoangiogenesis. Tissue contrast enhancement can benevaluated using two different CT
or MRI imaging modalities. One is dynamic and is based on repeated high-frequency
image acquisition, which allows the assessment of changes in density on CT or signal
intensity on MRI over time. The other is based on image acquisition at a fixed time
point to obtain at least two or three phases (arterial, portal, and delayed). A broad
spectrum of quantitative paraéeters can be extracted using dynamic acquisition
images, which reflect tumour vessel features (perfusion, permeabilitﬁ and density),
extracellular-extravascular space composition, and plasma volume. A summary of the
main quantitative parameters used in the assessment of treatment response in patients
with CRLM is presented in Table 1. The development of targeting agents with
angiogenesis-inhibiting effects, such as bevacizumab, has encouraged studies to
examine the correlation between angiogenesis and quantitative imaging parameters.
Currently, several potential predictive imaging biomarkers have been identified in
different types of cancers, such as renal cell carcinoma, hepatocellular carcinoma,

hypopharyngeal carcinoma, and colorectal cancer [1034-36],

Contrast-enhanced MRI




Few studies have been published regarding the predictive role of MRI quantitative
perfusion parameters in patients with CRLMs 3741 In particular, Coenegracht et al [37]
observed in 10 patients with CRLMs a significant difference of K¢ values between
respon and non-responders (0.09852 vs. 0.07829; P<0.001); O" Connor et al 141 also
noticed a high ratio of enhancing tumour voxels to overall tumour voxels in patients
with better tumour response. The pathophysiological basis of these results should be as
follows: higher baseline Ke¢r values indicate higher exchange of contrast medium
between the blood and the extracellular extravascular space; similarly, a higher
exchange of chemotherapy may occur. For this reason and for the presence of an
oxygen-rich environment, highly perfused CRLMs at baseline are more likely to
respond well to treatment. Furthermore, the role of MRI quantitative perfusion
parameters in the prediction of treatment response in patients with CRLMs after the
first cycle of a chemotherapy regimen containing bevacizumab has also been
investigated. Hirashima et al [38] observed a correlation between a higher response and
the decrease in Ktrans ratio (AK!=ms) and Kep ratio (AKer), calculated at baseline and after
the first cycle (P<0.0001). De Bruyne et al 4 found a correlation between worse
response and an increase of at least 40% in Ktars after the first cycle of treatment. These
results suggest a potential role for quantitative dynamic contrast-enhanced MRI (DCE-
MRI) parameters in the early prediction of therapy response and in the assessment of
drug resistance 3340, On the other hand, Kim ef al 1391 observed discordant results; no
significant change in perfusion parameters, such as K1, K¢P and V., was found after
the first cycle of chemotherapy between responders and non-responders, questioning
their role in predicting early therapy response in CRLMs patients.

In clinical practice, gadoxetic acid, a hepatobiliary contrast agent incorporated
into hepatocytes by the transporter OATP1B3, is used to better assess CRLMs because
of the excellent lesion-to-liver contrast of the hepatobiliary phase (HBP). Murata ef al 42|
investigated the role of gadoxetic acid-enhanced MRI in predicting treatment response
in patients with CRLMs. The authors calculated the pre-treatment relative tumour

enhancement of the hepatobiliary phase (RTEnsp) in 26 patients with CRLMs using the




following formula: RTE values (%) = [(SIi- Slp)/ Slp] X100, where Sli and Slpare the
signal intensities in the hepatobiliary and pre-con&st phases, respectively. The mean
pre-treatment RTEmnpr values were significantly higher in responders than in non-
responders (37.2%%10.9% vs. 17.9%%10.5%; P = 0.0006), suggesting a potential
association between chemotherapeutic response and OATP1B3 expression. OATP1B3 is
an organic anion transporter that is incorporated into hepatocytes, not only in gadoxetic
acid, but also in endogenous and exogenous molecules, such as bile acids and

chemotherapeutic agents.

Contrast-enhanced CT

CRLMs are generally hypovascular lesions in the portal phase that obtain their blood
supply primarily from the hepatic artery; hence, they are arterialised tumours with
increased blood flow and vascular pelﬁeability 143, Based on this assumption, Joo et al
4] investigated the haemodynamic features of liver metastases using quantitative
colour mapping of the arterial enhancement fraction (AEF) to explore its potential role
in the prediction therapeutic response in patients with CRLMs. The Authors
observed a higher mean AEF value of metastatic tumour (58.9+18.8) than that of
tumour-adjacent parenchyma (35.5+15.4) and tumour-free parenchyma (26.4+7.5) (all
P<0.0001), confirming the arterial vascularisation of liver metastases. Similarly, Kim et al
145] extracted some perfusion parameters from perfusion CT of 17 patients with CRLMs
and noticed that BF, Ktrarns, and portal liver perfusion were significantly lower in
metastatic lesions than in background normal liver parenchyma (41.2 vs. 50.8, 25.9 vs.
412, 193 vs. 40.9 mL/100 mL/min, respectively), while arterial CRLM perfusion
indices were significantly higher than those of hepatic perfusions (28.0 vs. 22.9 mL/100
mL/min and 57.1% vs. 26.6%, respectively) (P<0.05). The metastatic blood supply from
the hepatic artery and their increased arterial perfusion may be due to the development
of a microcirculatory network caused by the neoangiogenesis process. As a
consequence, responding lesions of CRLMs patients showed significantly higher AEF
values than that non-responding (65.5+9.6 vs 51.3+13.2; P = 0.005) [*4l. These results are




concordant with those of Osawa et all%l, who investigated the predictive role of
contrast-enhanced CT in patients with CRLM treated with chemotherapy with or
without bevacizumab. The authors found a significant correlation between a higher CE
ratio (ratio of CT value during the arterial phase to unenhanced CT value) at baseline
and higher tumour shrinkage after four cycles of chemotherapy associated with
bevacizumab (R?=0.24, P = 0.03), unlike in patients not treated with bevacizumab.
Furthermore, among CRLM patients with a high CE ratio at baseline, an increase of
29.6% in the tumour shrinkage rate was observed in those treated with bevacizumab
compared with a decrease of 1.46% in those not treated with bevacizumab (P = 0.03).
Among the CRLMs patients with a low CE ratio at baseline, no significant tumour
shrinkage was noted. The rationale for these results is unclear, but we can hypothesise
that the presence of higher microvessel density at baseline, evaluated on CT as higher
AEF values or higher CE ratios, promotes greater delivery of chemotherapeutic agents.
Hence, the assessment of these parameters at baseline could be useful in the prediction
of treatment response and drug resistance in patients with CRLMs.

Finally, although Kim et al [#°l did not find any significant difference in perfusion
parameters at baseline between responder and non-responder patients with CRLMs,
they observed a significant decrease in BF and K% after the first cycle of
chemotherapy (BF: 28.3% vs. 5.2%, P = 0.036, AUC: 0.806; Ktrs: 18.7% vs. 13.0%, P =
0.027, AUC: 0.819). The early reduction in perfusion parameters may reflect the
inhibiting effect of neo-angiogenesis by anticancer drugs and should encourage
clinicians to continue the chosen chemotherapy regimen. Furthermore, the Authors
identified a cut-off value for the reduction rate of K% of 15.0% after the first cycle of

chemotherapy, with a sensitivity of 66.7% and specificity of 87.5% 41,

PA BASED ON HYBRID IMAGING

7
The 2-[¥F]FDG PET/CT and 2-['*F]FDG PET/MRI are molecular and morphological
imaging techniques associgted with metabolic and anatomical evaluation of tumour

lesions 47481, The tracer 2-['8F]FDG, an analogue of glucose, is injected intravenously,




transported into cells through membrane glucose transporter proteins, and tends to
accumulate in malignant cells because of increased glucose consumption [#9. The uptake
of 2-[B5FJFDG detected by PET can be quantitatively assessed using different
parameters; the main parameters used in the prediction of therapy response in CRLMs
patients are shown in Table 2 [45.48],

Currently, the quantitative evaluation of tumour metabolism using 2-['¥F|]FDG
PET integrated with CT or MRI plays a crucial role in the routine management of
oncological patients. In patients with colorectal cancer, hybrid imaging aids in the
detection ohextrahepatic distant metastasis in the evaluation of therapy response, as
well as in the follow-up of treated patients with rising serum CEA levels and no
detectable disease on morphological imaging [*3l. To date, the role of this hybrid
technique in the prediction of treatment response in CRLMs patients remains under
investigation. Several studies have shown that SUVmax is significantly lower in
responders than in non-responders before chemotherapy with or without bevacizumab
[10404550-52]  In detail, Bystrom et al 50 found a mean baseline SUVnax of 5.6 in
responders and 7.4 in non-responders treated with irinotecan-based chemotherapy (P =
0.02). Similarly, De Bruyne et al [%] observed a mean baseline SUVma of 3.77 in
responders and 7.20 in non-responders treated with FOLFOX/FOLFIRI and
bevacizumab followed by surgery (P = 0.012). In addition, De Bruyne et al did not find
any correlation between DCE-MRI parameters, SUVma« and anatomical tumour
response, suggesting that tumour blood flow, glucose metabolism, and shrinkage are
potentially independent predictors [40l. Mertens et al 153 introduced a new metabolic
parameter, the standardised added metabolic activity (SAM), which is a marker of total
lesion glycolysis that measures the total excess tumoural SUV above the tumour
background (Table 2). The authors found a significant difference in both SAM and
SUVmax at baseline between responders and non-responders (34 vs. 211, P = 0.002; 3.8
vs. 7.2, P =0.021, respectively) [32].

In addition to SUVmay, other metabolic parameters have been proposed as

predictors of therapy response in patients with CRLMs, such as SUV mearzo, MTV30 and




LGs0. SUVmeanso was defined as the average value of the SUV of the voxels that showed

SUVmax>30%. MTV3p was defined as the tumour volume segmented via the threshold
SUVmearso of the lesion. Finally, LGs (30% lesion glycolysis) was obtained by
multiplying MTVsp by SUVmeanso. Kim et al 1451 observed a higher mean SUVmeanso in
responder than in non-responder patients with CRLMs on prechemotherapy 2-['8F]FDG
PET/CT (5.242.3 vs. 3.5+1.0, P = 0.046; AUC: 0.792) and a significant difference in the
reduction rate of MTV3p and LG3p between responders and non-responders (18.1% vs. -
5.5%, P = 0.015, AUC: 0.847; 37.9% vs. 10.7%, P = 0.008, AUC: 0.868, respectively) on 2-
['8F]FDG PET/CT performed 2 or 3 wk after the first cycle of chemotherapy. These
results suggest the role of these other 2-[15F]FDG PET/CT quantitative parameters in
the prediction of treatment response in patients with CRLMs. In the same population,
Kim et al 451 did not observe a significant reduction in the SUVmax after the first gycle of
therapy between responders and non-responders. A possible explanation is that SUVmax
is based only on a single pixel and does not consider the entire heterogeneous tumour
volume, whereas MTV and LG are volume-based parameters and could be more
accurate in early prediction of treatment response. Similarly, Hendlisz et al [51
investigated the potential role of 2-['F]FDG PET/CT in the predictign of early response
after the first cycle of chemotherapy in patients with CRLMs. To avoid metabolic
imaging-based rejection of potentially beneficial therapy, the lowest possible reliable
response threshold for FDG uptake changes, the ASUV ,2<15%, was applied. Using this
threshold, the predictive performance of the metabolic assessment for RECIST response
showed a sensitivity of 100%, specificity of 57%, positive predictive value of 43%, and
negative predictive value of 100%.

Finally, in the assessment of early response to chemotherapy with 2-[®F|FDG
PET, the flare phenomenon should be considered because it might interfere with the
measurement of quantitative parameters. It occurs-1-2 wk after the initiation of
chemotherapy and consists of a marked increase in 2-['8F]JFDG metabolism in lesions
that respond later. Hence, it is recommended to avoid the first two weeks after

chemotherapy when performing 2-[¥SF]FDG PET/CT evaluation [,




PA BASED ON RADIOMICS

Radiomics represents a multﬁep post-processing technique that can be applied to any
medical image to convert it into mineable high-dimensional data (radiomics features).
The assumption is that biomedical images contain information that reflects tissue
heterogeneity and pathophysiology [®l. Radiomics data can be used alone or with other
clinical data to build predictive models and decision-support tools to aid physicians in
clinical practice, potentially improving diagnoﬁ prognostic, and predictive accuracy.
Radiomics analyses represent the pursuit of precision medicine to choose the right
treatment for the right patient at the right time. To extract the radiomics features, the
first step is image acquisition; the second step is image segmentation, which consists of
the 2D or 3D delineation of the ROI, represented by the largest cross-section of the
tumour, the whole tumour, or tumour sub-regions; and the third step is the radiomics
data extraction (Figure 2). Radiomics features are obtained from the drawn ROI using
specifically designed formulae conveying different quantitative parameters, such as
first-order (based on histogram analysis of the distribution of individual voxel values
without concern for spatial distribution) and second- and higher-or statistical
descriptors (accounting for pixel intensity spatial distribution) [, Second-order
statistical descriptors are generally defined as “texture” features, which describe the
statistical interrelationship between voxels with similar or dissimilar contrast values,
providing a measure of heterogeneity.

The huge amount of radiomics data extracted from medical images can be more
easily handled bydrtificial intelligence (Al) than traditional statistical methods, and
machine learning (ML) is a branch of Al focused on algorithms that can be trained for a
task they were not specifically programmed to perform 5¢l. The algorithms are decision
support tools and are mainly used for classification problems. In the oncological field,
they are applied to detect and characterise tumour lesions as well as to predict and
monitor therapy response. A family of ML algorithms of particular interest is

represented by neural networks (NN), a complex model composed of nodes (called




neurones) that contribute to the creation of deep, multi-layered networks. The use of
NNs with such architectures is commonly referred to as deep learning (DL), which
autonomously learns the best Eatures for performing data classification %l. The texture
features utilised were a grey-level co-occurrence matrix (GLCM) and grey-level run
length (GLRL). Some features were extracted after pre-processing with a wavelet
transform. Supervised classification was achieved using ML approaches: support vector
machine (SVM), k-nearest neighbours (kNN), and Ramam Forest. Texture analysis
(TA) is a technique that enables the quantification of variations in pixel intensity,
including those imperceptible to the human visual system. TA includes the
quantification of grey-level patterns, pixel interrelationships, and the spectral properties
of an image 781,

Few studies have been published on the role of radiomics applied to CT and MRI

images to predict therapy response in patients with CRLMs [5%-64],

Magnetic Resonance Iimaging

Zhang et al Il conducted an analysis of T2-weighted images of liver MRI in 26 patients
with CRLMs (a total of 193 Liver metastases) and extracted five histogram features
(mean, variance, skewness, kurtosis, and entropy) and five GLCMs, including angular
second moment (ASM), entropy, contrast, correlation, and inverse difference moment.
Among the former parameters, only variance was significantly different between
CRLMs responders and non-responders (P<0.001), whereas among the latter, all
parameters were significantly different (P<0.001). Furthermore, when tested using
multivariable logistic regression analysis, the association of variance and ASM showed
the most potential predictive value for discriminating responders from non-responders
with an AUC of 0.814, a sensitivity of 71%, and a specificity of 84.9. These parameters
correlate with the complexity and non-uniformity of the image texture, and hence with
tumour heterogeneity. According to Zhang et al, heterogeneous tumours seem to have a
more favourable response to therapy. This observation may be related to irregular

angiogenesis, greater distribution of tumour blood vessels, and extracellular vascular




permeability. Since the effect of drugs relies on their delivery to the tumour site,
tumours with greater heterogeneity should theoretically have a better response.
Furthermore, Liang et al 921 performed a histogram analysis using ﬁDC maps of
53 patients with CRLMs before starting chemotherapy and observed that the mean, 1%,
10t%, 50th, 90th, and 99th percentile values of the ADC maps were significantly lower in
responders than in non-respa‘nders (P = 0.000-0.002) with AUCs of 0.79, 0.76, 0.76, 0.79,
0.80, and 0.82, respectively. The 99t percentile of ADC showed the highest diagnostic
performance for predicting response to chemotherapy, with an AUC of 0.82. These
results are concordant with those mentioned above: ADC values included in the 99th
percentile are predictive of a good response to chemotherapy, suggesting their
association with viable neoplastic tissues, whereas the remaining 1% of ADC values are
predictive of insensitivity to chemotherapy, suggesting their association with areas of
fluid resulting from necrotic tissues. The authors also investigated histogram-dEived
CE-MRI parameters extracted from arterial and portal venous phases, such as mean,
variance, skewness, kurtosis, and 1st, 10t, 50th, 90th, and 99t percentiles; however, they
did not find any significant difference between responders and non-responders in
patients with CRLMs. These results may reflect the fact that tumour enhancement is
non-specific and influenced by several factors, including blood flow, capillary

permeability, blood volume, and extravascular leakage space 162,

Computed Tomography
Ahn et al_P°I conducted a study of 235 patients (145 in the training cohort and 90 in the
validation cohort) with CRLMs treated with FOLFOX and FOLFIRI to evaluate several
parameters on contrast-enhanced CT, including histogram, volumetric, and
morphological features. In multivariate analysis, lower skewness (OR 6.739, P = 0.003)
in 2D analysis, higher mean attenuation (OR 2.587, P = 0.017), and narrower standard
deviation (SD) (OR 3.163, P = 0.002) in 3D analysis attained statistical significance for
ﬁe lower

predicting the response of CRLMs to chemotherapy in the training cohort.

skewness on 2D images and the narrower SD on 3D images showed good performance




in the validation cohorts (AUC: 0.797 and 0.785, respectively). In contrast, Rabe et al [64]
conducted a CT TA on 29 patients with non-necrotic CRLMs and did not observe a
significant correlation between SD and the prediction of response. A possible
explanation for these contradicting results could be the exclusion of necrotic lesions in
the analysis conducted by Rabe et al; indeed, necrosis increases SD. Furthermore,
among the several first- and second-order radiomics features extracted by Rabe ef al,
eight, such as minimum histogra gradient intensity, skewness, discretised skewness,
volume at intensity fraction 10, three grey-level run length indicators (long run low
grey level emphasis, low grey level run emphasis, short run low grey level emphasis),
and low grey level count emphasis, were significantly associated with treatment
ﬁsponse in univariate analysis. Due to strong correlations within these radiomics
features, only two, minimum histogram gradient intensity and long-run grey level
emphasis, were included in the multivariate analysis. The AUC of the multivariate
model using minimum histogram gradient intensity and long-run grey level emphasis
was 0.80, with a sensitivity of 0.73 and a specificity of 0.79 reached with the best
threshold of the linear predictor of 0.42. In addition, Ravanelli et al [l investigated the
role of contrast-enhanced CT texture analysis in predicting treatment responses to
chemotherapy + bevacizumab in 43 patients with CRLMs. Uniformity was lower in
responders than in non-responders (P<0.001) in the bevacizumab-containing
chemotherapy group, and in the multivariate analysis, this parameter was
independently correlated with radiological CT response at three months (OR=20, P =
0.01). The CT texture parameters were not significantly different between responders
and non-responders in the group of patients treated with chemotherapy alone. The
correlation between lower uniformity and responders to chemotherapy regimens
containing bevacizumab seems to contradict the concept that higher heterogeneity
reflects greater aggressiveness. However, it should be highlighted that Ilegi

uniformity is mainly influenced by the presence of angiogenesis, which is triggered and
promoted by the upregulation of VEGF, the molecular target of bevacizumab; indeed,

the leakage of contrast medium from newly formed and highly permeable tumour




microvessels into the extracellular space could account for the small areas of hyper-

enhancement that are quantified by the variable uniformity. Hence, the assessment of
uniformity should be useful in clinical practice for identifying patients who may benefit
from bevacizumab. Low contrast-enhanced CT lesion density was significantly
associated with no response in patients with CRLMs treated with chemotherapy with or
without bevacizumab (P = 0.03 and 0.02, respectively), reflecting poor vascularisation,
and thus poor local bioavailability of chemotherapy. Creasy et al [¢1] evaluated, for the
first time, the prediction of volumetric response to systemic chemotherapy alone or in
association with hepatic artery infusion (HAI), extracting 272 radiomics features from
the largest hepatic metastases of 157 colorectal cancer patients. Thirty of the 271
analysed CT radiomics features were selected based on the univariate analysis and used
as inputs for the multivariate regression model. This model was constructed to calculate
the percentage of tumour responses. The mean absolute prediction error (MAPE),
which represents the mean difference between the predicted response from the model
and actual radiographic response, was calculated. MAPE was 16.5% for the training set
and 21.5% for the validation set. Furthermore, they conducted a secondary analysis in
the validation set stratified by HAI utilisation, demonstrating a MAPE of 19.5% for
patients with CRLM treated with HAI and 25.1% for those treated with chemotherapy
alone. Since HAI chemotherapy is an expensive treatment with potential complications,
predicting the response before starting therapy is very useful for clinicians to choose the
most appropriate treatment strategy for each patient.

In the era of personalised medicine, Giannini et al [¢5] developed and validated an
ML algorithm to predict the response of individual liver metastases in 24 colorectal
cancer patients with a total of 123 Lesions, extracting 22 radiomics features on pre-
treatment portal CT scans and using an SVM classifier. Their ML algorithm achieved
accuracies of 80.9% and 61.5% with sensitivities of 85.7% and 72.7%, and specificities of
66.7% and 47.1%, in the training and test sets, respectively. The prediction of response
for each metastasis is crucial in treatment planning because the detection of one or more

metastases that will respond differently than others can suggest clinicians to treat them




differently (%5l The same group of researchers developed another ML algorithm to
predict response in a subgroup of patients with CRLMs and who express HER2
amplification and undergo HER2-targeted therapy [ These patients may exhibit a
heterogeneous response because some metastases shrink, while others progress [©7].
Giannini et al %] extracted 24 radiomics features from a 3D- drawn on baseline
portal phase CT and used a Gaussian naive Bayesian classifier. The radiomics score of
individual metastases reached a per-lesion sensitivity of 90% and specificity of 42% in
the validation set; thus, the ML algorithm was more accurate in predicting responders
than non-responders.

Wei et al 1681 developed and validated a deep learning (DL)-based radiomics
model based on contrast-enhanced CT to predict the response to chemotherapy in
patients with CRLMs. The authors compared the diagnostic accuracy of four predictive
models based on clinical data and contrast-enhanced CT qualitative features, such as
tumour margin, enhanced rim, and target lesion size, DL-based radiomics model, and a
combined model. The model that reached the highest AUC was constructed using a
combination of CEA level and DL-based fusion radiomics signature (AUC of 0.935 in
the training cohort and 0.830 in the validation cohort). Considering that the scanning CT
parameters may influence the grey level values and, consequently, the radiomics
features, Ahn et al [ compared data acquired with four different CT scanners and did

not find any significant differences.

SYNTHESIS OF CURRENT KNOWLEDGE, LIMITS AND FUTURE PERSPECTIVES
The accurate prediction of therapy response in patients with CRLMs is a clinical
requirement. In this setting, different imaging techniques such as MRI, CT, and 2-
['SF]JFDG PET/CT have been investigated.

PA imaging plays a crucial and promising role. However, evidence is limited,
and reproducibility is a major concern. First, most of the studies were retrospective,

monocentric, and conducted on small samples, and their results were not validated in




the external population. Therefore, prospective, multicentre studies with a larger
patient population should be conducted. On the other hand, the identification of a
universally accepted cut-off value for each imaging quantitative parameter would be
desirable, but it represents a great and ambitious challenge. Indeed, scanners and
protocols may influence the value of some quantitative parameters such as ADC and
radiomics features.

Regarding contrast-enhanced MRI and CT, perfusion parameters showed the
most promising results for predicting therapy response in patients with CRLM.
Unfortunately, perfusion techniques have not yet been introduced in routine clinical
practice, possibly because of the_complexity of the parameter measurements and
acquisition protocols. In addition, the quantification of contrast agent concentration is
difficult because of the complex relationship between density on CT and signal intensity
on MRI and contrast medium concentration, influenced by many factors, such as
contrast agent dose, injection rate, time qf circulation, and scanner parameters. Finally,
the current tumour ROI analysis utilises mean quantitative vascular parameters, which
do not accurately reflect the spatial heterogeneity of tumour perfusion.

Regarding hybrid imaging t iques, only a few studies have been published,
and they recognise a promising role of 2-['F|[FDG PET/CT in the prediction of
treatment response in patients with CRLM, although this is still under investigation.
This technique is not routinely performed in clinical practice, and FDG uptake is
influenced by different factors such as tumour grade and histological type.

Recently the emergency of radiomics opens new horizons about the potential role
of imaging techniques in predicting tumour response in patients with CRLMs, but
currently a lot of issues have to be solved. First, the biological correlation of radiomics
features is unclear, and second, imaging acquisition and post-processing may influence
the values of radiomics features, hence their reproducibility between different centres.
Radiomics represents an ongoing topic of investigation, but its clinical effectiveness

remains to be defined.




Hence, considering the great potential of PA in the prediction of therapy
response in patients with CRLMs, some issues should be solved. To overcome the lack
of reproducibility of quantitative imaging parameters, centre-specific solutions could be
hypothesised (i.e. each centre could identify its own threshold using the same protocol
and the same scanner every time).

Finally, considering that PA is time consuming, the real effect on patient
management and outcomes must be defined accurately before introducing it in clinical

practice.

CONCLUSION

In an oncological setting, PA applied to cross-sectional imaging allows the extraction of
numerical data from neoplastic tissues, which are correlated with morphological,
structural, functional, and metabolic features. In vivo evaluation of parametric imaging
biomarkers can estimate the likelihood of response and drug resistance in individual
patients before or immediately after starting chemotherapy and targeted agent therapy.
Although the potential role of different imaging quantitative parameters in the
prediction of therapy response in patients with CRLMs has been investigated, there is
no consensus about which is the most promising parameter; moreover, sometimes the
results are controversial. This critical point depends in part on the need for
standardisation of the acquisition protocols to obtain data of good quality and
reproducibility among different scanners and operators, a well-defined cut-off value,
and a clear knowledge of the clinical significance of each imaging quantitative
parameter. Therefore, further investigation should be conducted in this field. The
identification of a shared quantitative predictive imaging parameter can be of clinical
value because it avoids the risk of toxicity in patients who may not benefit from

treatment as well as an economic utility to reduce unnecessary healthcare costs.
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