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Conclusions Five Haralick’s features showed significant 
relevance in the prediction of response to therapy in colo-
rectal cancer and might be used as additional imaging bio-
marker in the oncologic management of colorectal patients.
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Introduction

Early diagnosis and accurate staging of rectal cancer are 
raising an essential role in the oncologic patients’ man-
agement particularly in personalized treatment strategies. 
Nowadays, magnetic resonance imaging (MRI) is considered 
the imaging modality of choice for loco-regional staging of 
rectal cancer [1, 2]. The validation of the technique for this 
purpose has been based on the ability to distinguish normal 
rectal wall from pathologic tissues on the basis of the high 
contrast resolution achievable on T2-weighted sequences 
[3]. However, its role in the evaluation of response to therapy 
is challenging due to the difficulty in discriminating fibrotic 
to viable residual tissue after neoadjuvant chemoradiother-
apy (CRT) through morphologic approach with T2-weighted 
image [4].

Visual assessment has several limitations compared to 
quantitative measurements, such as inferior inter-reader 
agreement due to human eye error [5]. To overcome 
this issue, a multiparametric approach [6, 7] including 
T2-weighted, diffusion-weighted images (DWI) [8–10] and 
dynamic contrast-enhanced MRI (DCE-MRI) have been pro-
posed [11, 12] with improved results but not already optimal 
to assure a personalized treatment to patients. Moreover, 
multiparametric MRI morphological assessment cannot 
assess the tumor at the cellular level.
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Taking into account the weaknesses in visual process, 
there is the need to find new accurate quantitative semi-
automatic/automatic diagnostics techniques [13]. Recently, 
new MRI biomarkers, such as Texture analysis, were inves-
tigated. Texture analysis is a non-invasive method to evalu-
ate tissue heterogeneity of tumor lesions [14]. In literature, 
Texture parameters derived from T2-weighted images of 
rectal cancer have the potential role as imaging biomark-
ers of tumoral response to neoadjuvant CRT [15]. Texture 
analysis evaluates the spatial variation of gray levels within 
an image, through mathematical equations that generate 
several parameters associated with the Texture of an image. 
It is possible to extract Texture parameters using statistical 
(first-order, second-order, and high-order), model-based or 
transform methods [16]. In particular, Haralick’s Texture 
analysis, known as the spatial gray-level dependence matrix 
method, let the study of second-order statistics of pixels at 
different spacings and angles of adjacent or nearest-neighbor 
pixels [17, 18]; this statistical method reflects the spatial and 
signal intensity interrelationships between adjacent in-plane 
voxels (e.g. contrast, homogeneity, second-order entropy and 
energy), useful for a quantitative analysis of the tissue cor-
responding to different histology observed for instance in 
fibrotic tissue instead of viable residual tumor [19].

An early prediction of patients who can respond to ther-
apy or not should be advisable in future target and it will 
allow a considerable change in patients’ treatment man-
agement. Thus, the purpose of this paper was to determine 
which of the quantitative parameters extrapolated from 

Haralick’s Texture analysis most suitable in predicting com-
plete tumor response to neoadjuvant therapy and to evaluate 
the possible correlation among these parameters.

Materials and methods

Population study

This retrospective study involved a sub-cohort of prospec-
tively enrolled patients involved in the Italian Association 
for Cancer Research (AIRC) trial study “MR Imaging Bio-
markers in Response Evaluation to Neoadjuvant Chemoradi-
otherapy in Rectal Cancer” I.G. 2013/14129. The investiga-
tion was approved by our institutional ethics committee and 
all patients gave written informed consent. All patients had 
histologically proved colorectal adenocarcinoma and locally 
advanced tumor stage from II (cT3-4, N0, M0) to III (cT2-
4, N + , M0) following the UICC 2009. Exclusion criteria 
were considered the following: (a) patients with a histologi-
cal partial response to therapy; (b) patients who have not 
completed the neoadjuvant treatment (e.g. hypersensitivity 
to the study drugs); (c) patients who have not been surgi-
cally treated, thus histological results are not available; (d) 
patients treated with concurrent and experimental drugs or 
participation in another clinical trial. Patients selected were 
divided into two groups based on response to treatment as 
complete responder (CR) and non-responder (NR), as shown 
in Fig. 1.

Fig. 1  Flow chart of methodology: data were organized into two cat-
egories by visual inspection of radiologists (1a and 1b); manual seg-
mentation of complete responder (2a, green line) and Non-Responder 

(2b, red line) was performed; after manual segmentation, each MRI 
was elaborated to extrapolate Haralick’s Texture data (from 3 to 6)
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Study protocol

All patients underwent 3 MRI examinations, as have been 
already extensively described in another study [14]. MRI 
scanning were executed before, during and after neoadjuvant 
therapy. Between 6 and 8 weeks after the CRT, total meso-
rectal excision (TME) was performed and an experienced 
pathologist analyzed the gross specimen. Due to the specific 
purpose of this study, we have focused our analyses only on 
pretreatment Oblique Axial T2-weighted MRI examinations 
for the assessment of imaging biomarkers capable to dis-
criminate from responder and non-responder patients prior 
to the beginning of neoadjuvant therapy.

MRI examination

All MRI acquisitions were performed using a 3T scanner 
(Discovery MR750, General Electrics, Milwaukee, Wiscon-
sin, USA). A standard clinical imaging protocol used for 
rectal cancer study was performed including routinely and 
dedicated sequences, such as T1 and T2-weighted with fat 
saturation/suppression, DWI, ADC and dynamic contrast-
enhanced sequences as described in another study [15]. For 
the specific purpose of our study, we analyzed high-resolu-
tion T2-weighted fast recovery fast-spin echo (2D FRFSE) 
sequence (TR, 2086–4172 ms; TE, 11.4–122.3 ms; Nex, 2; 
slice thickness, 4 mm; matrix, 512 × 512) acquired angled to 
the axial planes orthogonal to the long axis of the rectum to 
obtain an Oblique Axial T2-weighted planes [19–21]. High-
resolution T2-weighted images grant an optimal morpho-
logic evaluation by allowing a precise tumor segmentation; 
additionally, the texture parameters have a good reproduc-
ibility on T2-weighted as described in literature [19, 22].

Texture analysis

Haralick’s texture analysis is a statistical technique, known 
as the spatial gray-level dependence matrix method. Using 
it is possible to study second-order statistics of pixels at dif-
ferent spacings and direction of adjacent or nearest-neighbor 
pixels. As Freeborough and Fox demonstrated [23], a Tex-
ture discriminant function derived from MRI brain scans 
using a spoiled gradient-echo technique on a 1.5 T system 
gave significantly different values for Alzheimer sufferers 
compared to normal controls [17].

Two radiologists (XXX and XXX) with 7 and 11 years 
of experience in rectal cancer MRI evaluation, respec-
tively, performed the segmentation step in consensus. 
The tumor region has been manually drawn from pre-CRT 
oblique Axial T2-weighted MRI image, slice by slice for 
the entire tumor volume by means of a free open-source 
segmentation platform (ITK-SNAP version 4.11.0; www.
itk-snap.org) [24, 25]. After the segmentation process, 

segmented images were computed with Haralick’s textural 
analysis method [18] as described by Soomro et al. 2017 
[26] for feature extraction (Fig. 1).

Based on previous study, 14 Haralick’s Texture features 
were selected over 192 total features as shown in Table 1, 
and every segmented ROI have been computed from nor-
malized gray-level co-occurrence matrix (GLC) in the four 
main direction (viz: 0°, 45°, 90° and 135°) [18].

The entire volume of the tumor was computed at each 
voxel with Gray level co-occurence matrices (GLCM) and 
the selected features were extracted. GLCM can be mainly 
described as an histogram in two dimension that assesses 
the co-occurrence frequency of two pixel intensities at a 
specified offset compared to each other over the region 
where the texture is computed. Each texture feature com-
putes a specific relation of pixels with their local neigh-
borhood [27]. In detail, Energy provides knowledge about 
uniformity of image with a 0–1 range (the highest value 
1 expresses low variation in image with respect to inten-
sity). Contrast measures local fluctuation: its high value 
indicates the higher intensity variation among pixels in 
the image. Correlation recognizes the parallelism among 
image gray levels with values between − 1 and + 1 where 
+ 1 indicates a higher linear dependencies of image gray 
levels. The chaotic distribution of image gray levels was 
quantified by Entropy. At last, inverse difference moment 
is referred to as uniformity quantifying the affinity of co-
occurrence gray levels [26].

Table 1  14 Haralick’s texture features analyzed are described in 
Table 1

In bold are reported the 5 over 14 features that shown significant 
results

Haralick’s texture features

1 Energy
2 Contrast
3 Sum of squares
4 Correlation
5 Sum average
6 Inverse difference Moment or homogeneity
7 Entropy
8 Sum variance
9 Sum entropy
10 Difference variance
11 Difference entropy
12 Information measure correlation—1
13 Information measure correlation—2
14 Maximum correlation

http://www.itk-snap.org
http://www.itk-snap.org
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Statistical analysis

To evaluate distribution of the extracted Haralick’s fea-
tures, statistical analysis was performed computing mean 
and standard deviation using Statistical analysis with 
SPSS (21.0; SPSS, Chicago, IL, USA) and MedCalc ver-
sion 12.7.2 (MedCalc Software, Ostend, Belgium). Dedi-
cated engineers performed a normalization of the GLC 
matrices by taking the neighbor pixel values and reference 
pixel values paying attention to probability rather than just 
counting of co-occurrences as suggested Wibmer and col-
leagues [27]. Data obtained were matched with clinical 
data as well as histological evaluation. Linear regression 
was performed to evaluate the association between texture 
parameters and histological results. The Wald test from the 
regression model was performed and p values ≤ 0.05 were 
considered statistically significant.

Results

From a total of 90 consecutive patients enrolled in the 
aforementioned trial, 82 patients were excluded due to: 
(a) histological partial response to therapy (n = 21); (b) 
non-completion of the neoadjuvant treatment at the time 
of the present study (n = 46); (c) lack of surgical treatment 
(n = 2); and (d) lack of histological results at the time of 
patient selection (n = 13).

Thus, the final population consisted of eight patients 
(two females, six males, median age 65.5 years, range 
58–78 years) with locally advanced colorectal adeno-
carcinoma at tumor stages II (cT3-4, N0, M0) and III 
(cT2-4, N + , M0) confirmed by preliminary biopsy. All 
patients follow a neoadjuvant CRT and after a time-span 
of 6-8 weeks, they underwent Total Mesorectal Excision 
surgery (TME) followed by the histological assessment 
performed by an expert gastrointestinal pathologist.

Preliminary results on Haralick’s Texture analysis has 
shown that 5 over 14 features could hire an important 
role as MRI biomarker to differentiate between complete 
responder and non-responder patients affected by rec-
tal cancer (all p < 0.05): Energy, Contrast, Correlation, 
Entropy, inverse difference moment. CR patients have sig-
nificantly higher values of energy, correlation and inverse 
difference moment features in comparison with NR (all 
p < 0.05), whereas contrast and entropy show significantly 
lower values for CR compared to NR (all p < 0.05). More-
over, no significant differences among all the directions 
were observed within the same group (all p > 0.05). Full 
data are reported in Table 2 and Fig. 2.
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Discussion

This paper represents a preliminary technical study on 
Haralick’s textural features and the possibly to evaluate the 
prognostic trend of colorectal cancer with MRI semi-auto-
matic image analysis.

The T2-weighted colorectal MRI of CR patients showed 
less disorder and randomness than NR patients imaging. 
Moreover, T2-weighted images of CR patients have higher 
energy, inverse difference moment and correlation values, 
indicating uniformity in image, as well as lower entropy and 
contrast values, revealing lower randomness and dissimilar-
ity in their gray levels in comparison with NR patients. Con-
trariwise, T2-weighted images of NR patients have higher 
entropy and contrast, representing higher randomness or 
disorder and dissimilarity in image gray levels.

Texture Analysis can be included in a wider field of 
research called Radiomics that has the aim to exploit the 
full potential of medical imaging [28]. As some studies 
described, radiomic signature identifies a general prognos-
tic tumor phenotype, for instance in lung and head and neck 
tumor [29]. Moreover, with the integration of genomics and 
microarray could built the basis of a wider diagnostic branch 
called radiogenomic [30], a potential powerful tool for clini-
cal decision able to assess, with higher accuracy than each 
single diagnostic tool, the response to neoadjuvant therapy 
or the tailored treatment based on the tumor phenotype lead-
ing to an overall improvement of patient management.

As demonstrated by Ng et al. [31], texture analysis allows 
the evaluation of the heterogeneity within a tumor. Recent 

studies demonstrated that texture parameters derived from 
T2-weighted images of rectal cancer potentially might 
assume a role as imaging biomarkers in detecting tumoral 
response to neoadjuvant CRT [14]. Their capability on 
reflecting tumor heterogeneity may be further used in 
clinical practice, integrated to the other diagnostic tools, to 
improve the selection of tailored patients’ therapy to avoid 
under/over treatment that could slow down the care process. 
Haralick analysis has been preferred in our study for the 
reasons as follow: first, fractal-based Texture models are 
computationally intensive as the model is estimated during 
the Texture extraction process; second, there is a lack in 
orientation sensitivity and these models are not suitable for 
describing local image structures [27].

Our study has several limitations. First, due to the techni-
cal purpose our results have been achieved in a small popula-
tion retrospectively analyzed and should be confirmed with a 
more representative population. Second, we did not analyze 
with Haralick’s Texture other MRI sequences as DWI, ADC 
or MRI perfusion. Third, we did not perform a proper 3D 
volumetric Texture evaluation because the software available 
allows only a single-slice evaluation contrarily to the Texture 
Analysis described by Wibmer et al. [27]. More studies are 
encouraged for a deeper analysis of the topic.

Conclusion

Our preliminary results showed that energy, contrast, cor-
relation, entropy and inverse difference moment, are the 

Fig. 2  Comparison between complete responder and non-responder Haralick’s features



166 Radiol med (2018) 123:161–167

1 3

Haralick’s features that may have a significant relevance 
in predicting the response to therapy in patients with colo-
rectal cancer. In particular, the association of such imag-
ing features with additional genomics and microarray data 
can potentially provide a comprehensive overview of tumor 
characteristics, allowing for an effective targeted therapy 
and moving towards a personalized treatment in patients 
with rectal cancer. Further prospective multicentre trials are 
advisable to achieve a large-scale validation of our results 
in clinical practice.
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