
Abstract 

AIM: To improve visual diagnosis of celiac disease (CD). 

METHODS: We assessed a hybrid approach based on the integration of expert knowledge into 
the computer-based classification pipeline. 2835 endoscopic images from the duodenum 
recorded in 290 children using the modified immersion technique (MIT). These children 
underwent routine upper endoscopy for suspected CD or non-celiac upper abdominal 
symptoms between August 2008 and December 2014. Blinded to clinical data and biopsy results, 
three medical experts visually classified each image as “non-villous atrophy” or “villous 
atrophy present”. Experts’ decisions were further integrated into state-of-the-art texture 
recognition systems. Using biopsy results as the reference standard, classification accuracies of 
this hybrid approach were compared to experts’ decisions in 27 different settings. These settings 
are obtained by investigation of three texture recognition systems, three image databases as well 
as three medical experts. 

RESULTS: Compared to experts’ decision, in 24 out of 27 classification settings (consisting of 
three imaging modalities, three endoscopists and three classification approaches), the best 
overall classification accuracies were obtained with the new hybrid approach. In 17 out of 24 
classification settings, the improvements achieved with the hybrid approach were statistically 
significant (p < 0.05). Thus, using the hybrid approach classification accuracies between 94 and 
100 % were obtained. Whereas the improvements are only moderate in case of the most 
experienced expert, the results of the less experienced ones can be improved significantly in 17 
out of 18 classification settings. Furthermore, the lowest classification accuracy based on the 
combination of one database and one certain expert can be improved from 80 % to 
95 %(p<0.001). 

CONCLUSION: The overall classification performance of medical experts, especially the less 
experienced ones, can be boosted significantly by integrating expert knowledge into computer-
aided diagnosis systems. 
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Core tip:  

A hybrid system for detection of villous atrophy integrating human texture recognition into 
computer-aided diagnosis systems outperforms human only judgement in the diagnosis of 
pediatric CD. 

On classification of 2835 endoscopic images from the duodenum into one of two categories 
(“villous atrophy present vs. absent”) using 27 different classification settings the hybrid system 
was superior to human experts in 24 settings. This superiority was significant in 17 of these 24 
settings. 

Especially less experienced endoscopists can benefit from this new method as their diagnostic 
accuracy could be improved the most. 
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INTRODUCTION 

For the last years significant research has been performed on computer-aided endoscopic 
diagnosis[1], e.g. in celiac disease (CD)[2], colon polyp classification[3], classification of dysplasia 
in Barrett's esophagus [4], and the classification of Crohn's disease lesions[5]. 

CD[6,7], is a common autoimmune disorder triggered by dietary gluten primarily affecting the 
small bowel. CD is characterized by inflammation affecting the mucosa of the small intestine, 
which finally loses its absorptive villi while enteric crypts become hyperplastic. Endoscopy 
combined with intestinal biopsies is currently considered the gold standard for the diagnosis of 
CD. The severity of the microscopic changes found in CD biopsies was staged by Marsh and 
Oberhuber[6,7]. However, the histological staging is subject to a significant intra- and inter-
observer variability[8,9]. This variability gives strong incentive to seek a second opinion based on 
objective assessment of image data that is captured during endoscopy. Furthermore, the number 
of biopsies could be reduced in future if such a reliable second opinion would be easily 
available. A further limitation of the current diagnostic gold standard is given by the possibly 
patchy distribution of CD-affected mucosal areas[10]. If, unfortunately, biopsies are taken only 
from areas with healthy mucosa within the duodenum, a proper diagnosis of CD could be 
missed. 

Visual classification during endoscopy can be realized either by the endoscopist[11,12] or by 
computer-based methods[2,13-18]. Experienced endoscopists are able to classify with a high 
accuracy of up to 95 %[19] considering the two-classes case (classifying between Marsh-0 and 
Marsh-3). However, accuracies can drop to about 80 % depending on the image data when less 
experienced endoscopists carry out the classification[19]. Instead, computer-based techniques 
provide largely objective and user-independent classification performances. However, recent 
work showed that rates of highly experienced endoscopists currently cannot be reached by such 
automated systems. Accuracies of state-of-the-art approaches[16,18,20] range between 85 % and 
90 % only, thus hampering their clinical use. So far, it is unclear whether and how a computer-
aided CD diagnosis can be implemented in clinical practice in a foreseeable future. 

To overcome these shortcomings we developed a hybrid classification system combining 
medical experts' knowledge with state-of-the-art computer-based texture analysis methods. 
Aim of this study was to determine whether such a hybrid system can improve the classification 
accuracies of experts. Additionally, the impact of transferring a model trained with one expert's 
knowledge to another expert was investigated. 

Material and Methods 

Patients & Endoscopic Image Data 
Children who underwent upper endoscopy with biopsies of the duodenal mucosa for suspected 
CD or non-celiac upper abdominal symptoms enrolled in this comparative diagnostic study. 
Among 668 consecutive children referred to the endoscopy unit of the St. Anna Children's 
Hospital between August 2008 and December 2014, a total of 290 were willing to participate in 
this study. Children on a gluten-free diet were excluded from this study as well as those 
undergoing follow-up biopsy for surveillance of previously diagnosed CD. 

The study protocol was approved by the Institutional Review Board of the St. Anna Children's 
Hospital. Written informed consent was obtained from parents or legal guardians and assent 
was obtained in children, when appropriate.   

During endoscopy, images of regions of interest were recorded with Olympus endoscopes (GIF-
Q165, GIF-H180 and GIF-N180) and biopsy specimens from the duodenal bulb and the second 



part of the duodenum (Jumbo forceps, Olympus FB-25 K) were taken in each child as part of 
routine care. 

Images were recorded by applying the modified immersion technique, which is based on the 
instillation of water into the duodenal lumen for better visualization of the villi[21]. For MIT an 
accuracy rate in detecting VA between 93 % and 100 % was found[36,37]. 

 

Previous work[22] also found that the modified immersion technique is more suitable for 
automated classification purposes as compared to the classical image capturing technique. 

One part of the image data was captured using narrow-band imaging[11], which has been 
reported to improve the diagnostic accuracy in various fields of endoscopy [12,23]. This 
technology utilizes specific blue (440 to 460 nm) and green (540 to 560 nm) wavelengths for 
illumination to enhance the contrast of vascular patterns on the mucosal surface. It is employed 
to specifically delineate the outline of the residual villous structures (if present) due to a better 
visualization of villous height and shape than traditional white-light endoscopy.  

In total, 1155 routinely captured endoscopic images of the duodenal bulb and the second part 
of the duodenum were available for further experimentation. For each image, the ground truth 
was determined by histopathologic evaluation of the corresponding biopsy specimens, which 
were classified according to a modified Marsh classification (Oberhuber) by pathologists, who 
were blinded to the endoscopic findings and clinical information of the children. In children 
with biopsy results consistent with CD the diagnosis was confirmed by positive CD serology 
and positivity of HLA-DQ2 and/or HLA-DQ8. CD was ruled out by negative biopsy results.  

The total number of 1155 endoscopic images were captured in 73 children with CD (676 images) 
and in 207 children without CD (479 images).  

This image data was divided into three distinct image databases DB-1, DB-2 and DB-3 as 
outlined in Table 1 collecting images acquired with a specific imaging protocol into a separate 
database. DB-3 contains images acquired with narrow-band imaging whereas DB-1 and DB-2 
contain images obtained with traditional white-light endoscopy. Images in DB-2 and DB-3 
where obtained with newer endoscopic devises compared to DB-1 (see Table 1). The separation 
was performed in order to avoid bias in the results due to variations within the image data 
sets[22].  

Image or original image in this context refers to the complete visible content if an image is 
captured with an endoscope (see Fig. 1). The size of such an image is typically about 768 x 576 
pixels (GIF-H180). However, images partly suffer from degradations such as noise, blur, under- 
or overexposure or reflections. As computer-aided diagnosis proved to suffer from these 
distortions[24], a manual selection of image sections was introduced [17,24,25] to obtain reliable, 
distortion-free image regions (square patches). This is exemplarily shown for an image in Fig. 
1. 

A patch size of 128 x 128 pixels turned out to be optimal in previous work[24,25]. For this study, 
280 patches per class (Marsh-0 and Marsh-3) and per database were extracted by human experts. 
Since more than one patch can be extracted from one image, this patch extraction not only 
improved the quality but also the number of data. In total the database consisted of 2835 images. 
Of these 2835 images, 1155 were captured original (full size) endoscopic images and 1680 were 
patches. 

Hybrid CD Diagnosis 
The general idea of Hybrid CD Diagnosis is to improve the classification performance by 



combining expert's decisions with computer-based classification methods. As outlined in Fig. 2, 
the proposed Hybrid CD Diagnosis approach consisted of three stages: Expert Knowledge 
Acquisition, Feature Extraction and Hybrid Classification. 

Expert Knowledge Acquisition 

Expert Knowledge Acquisition and Expert Classification, being the baseline for experimental 
evaluation, is performed similarly by asking endoscopists to classify image data based on the 
two classes Marsh-0 and Marsh-3 (3A to 3C). In this study, the three endoscopists involved were 
a highly experienced consultant (Expert-A), an experienced pediatric resident (Expert-B) and a 
less experienced intern (Expert-C). We decided for a binary classification (class Marsh-0 or 
Marsh-3) of the image data, because this is the most relevant classification from the patient's 
perspective. Each of the three medical experts classified the three available image data sets 
(Table 1) in a blinded fashion without any knowledge of patient characteristics or histological 
results. Overall, we collected 5040 decisions corresponding to patch image data and 3465 
decisions corresponding to original image data. 

Feature Extraction 

For experimentation, three high performing yet conceptually divergent image representation 
methods were deployed: 1. Multi-resolution Local Binary Patterns (LBP)[26] is an established yet 
effective texture feature extraction technique, which is highly efficient from a computational 
point of view. It extracts the joint-distribution of binary quantized local intensity differences. 
An eight-neighborhood was utilized with circular radii of two and three pixels. 2. The Multi-
fractal Spectrum (MFS)[27] is obtained by computing the local fractal dimension per pixel based 
on three different measures. The final image representation is obtained by concatenation of three 
different measures as already successfully applied to endoscopic image data[3]. 3. Improved 
Fisher Vectors (IFV)[28] is a high performing state-of-the-art method that is based on standard 
low level SIFT (Scale-invariant feature transform) features and Gaussian-mixture modeling as 
mid-level representation. SIFT was extracted based on dense sampling (at each forth pixel) and 
the number of Gaussian components was fixed to 16. 

We selected for these three methods, because LBP is an established highly efficient standard 
method, MFS proved to be effective especially in endoscopic imaging [3,29] and IFV is a general 
purpose state-of-the-art method for texture recognition [30,31]. 

 

Fig. 1: Manual patch selection: The original image contains ideal regions (e.g. patch 1) but also 
over-exposed, blurry (patch 2) and under-exposed (patch 3) areas. Patches such as patch 2 or 3 
have not been extracted for classification due to the high degree of degradations. 



For Feature Extraction, all images were converted to gray-scale data. This conversion was 
applied because recent work[32] showed that the utilization of color information does not lead to 
consistent improvements. By contrast, for acquisition of medical experts' knowledge such a 
conversion could easily cause accuracy decrease in the classification by endoscopists, who are 
relying on color information. Thus, no gray-scale data conversion was performed in the context 
of classification by human experts. 

Hybrid Classification 

Hybrid Classification first combined the feature vector (from Feature Extraction) with the binary 
expert decision for each individual image by straight-forward vector concatenation. To get 
sensible weightings, first the feature vector was L² normalized and a multiplicative weight was 
evaluated (between 2⁻² and 2²). To avoid any bias, evaluation was performed based on cross-
validation. Finally, the obtained hybrid feature vector was classified by a linear support vector 
machine, which is commonly deployed in recent work on computer-aided CD diagnosis[17,33] 
and generally in recent work on texture recognition[30]. 

Hybrid Classification Settings 
In previous work[22] computer-based methods performed quite well based on manually 
extracted patches with a size of 128 x 128 pixels. These patches can either be selected by the 
physician during endoscopy or by automated systems[16,34]. Such an automated system can 
perform an analysis of the quality of the data and thus suggest a patch which is free from 
distortions to be assessed. 

As the concept of hybrid classification is per se not claimed to be fully automated we only 
considered a manual patch selection throughout this work, which performs slightly better than 
automated selection[16,34]. However, the classification performance of experts generally 
deteriorates in case of the smaller but idealistic patch image data[19]. 

To compensate these performance difficulties specific either for computer-based or expert-based 
classification, we investigated three different strategies concerning the classification of 
processed image data. 

Patch-based Classification 

In this scenario, only patch data was considered during classification by experts and computers. 
A realistic scenario to base human assessment on patches only, would be an automated patch 
suggestion scheme as described above. Also, a telemedical setting might benefit from a patch 

 

Fig. 2: The general scheme of Hybrid CD Diagnosis: Image data is used for Expert Knowledge 
Acquisition and Feature Extraction (which can be done in parallel) and finally the output of these 
two stages is used by the Hybrid Classification stage. 



based approach, since smaller patches of high quality may be transferred for review by external 
human experts as opposed to transmitting few entire frames of highly varying quality. 

In any case, in order to reveal if there is a positive effect using the hybrid classification method 
we investigated this scenario, which is based on large data (since the number of patches is higher 
than the number of original images). Additionally, beforehand it was not clear which is the best 
data (patch, image or patient-based) for hybrid classification. 

Image-based Classification 

The second scenario relied on the original image data obtained during endoscopy. As experts 
are more familiar with these data, we expected slightly better overall classification rates. Feature 
Extraction again considered the smaller patch data only, as patches turned out to be more 
appropriate for the methods used[16]. 

One reason to stick with this approach instead of choosing video data is the save in human 
resources since assessing several frames is more time-consuming and furthermore images are 
captured in relevant mucosal areas only. In addition, a tele-endoscopical setting (incorporating 
remote expert's knowledge) takes transmission bandwidth benefits from this approach. 

Patient-based Classification 

It is common practice during endoscopy to capture several images from the duodenum. 
Consequently, the image data sets used for experimentation contained more than one image per 
patient (Table 1). On average, 2.9 images (between one and eight) per patient were available. To 
obtain one final decision per patient, all image data of one certain patient were utilized. 
Exploiting all available image data, this scenario was assumed to be the most relevant and 
realistic one. 

To obtain patient-based decisions, Hybrid Diagnosis was performed as described for Image-
based Classification. The classification stage was followed by a soft decision level fusion. Here, 
soft decision level fusion means that majority voting was applied based on binary decisions 
(Marsh-0 vs. Marsh-3) per image and, in case of a tie, the signed distances to the linear decision 
boundary of the support vector machine were averaged and thresholded (with threshold zero) 
to determine the final overall decision. 

Expert Diagnosis was performed similarly by majority voting on the basis of image-based 
classification. As only hard decisions were available, ties had to be resolved by means of random 
choice. 

Model Transfer 
So far, we considered a scenario where the classification model (in our case the support vector 
machine) is trained and evaluated with decisions from the same expert. Hence, the obtained 
classification accuracies correspond to a scenario where the classifier needs to be trained 
individually for each expert. However, this individual training is expensive and it is 
questionable if it is required, anyhow. In order to find out if the individual training is necessary, 
we also investigated the impact of changed experts between training and evaluation phase. 

Statistics 
All overall accuracies presented were based on the mean accuracy of 50 random splits. One 
distinct split divided the data set into an approximately balanced training (80 %) and evaluation 
set (20 %), restricting images of one patient to the same set in order to avoid any bias (due to 
similarities within data of one patient). 

To determine whether the performances of two techniques are significantly different, we 
applied the Mann-Whitney-Wilcoxon rank-sum test[35]. Specifically, based on various settings, 



we investigated if Hybrid Diagnosis significantly outperformed Expert Diagnosis. As 
commonly accepted, the significance level was set to 0.05. 

Results  

Expert Classification 
Considering the three endoscopists, Expert-A achieved the best average patient-based 
classification accuracy of 98.4 %. The less experienced Expert-B and Expert-C achieved average 
patient-based classification rates of 88.4 % and 89.6 %, respectively. Among all three 
endoscopists, accuracies decreased when classifying in an image-based way (compared to 
patient-based) and least accuracies were achieved in the patch-based classifications (Table 2). 
The patient-based average accuracies obtained in distinct image data sets were between 88.1 % 
(DB-1) and 95.9 % (DB-2). All other individual and averaged classification rates are given in 
Table 2 and Table 3 (columns: Expert Diagnosis). 

 

Fig. 3: Mean accuracies and standard deviations of Hybrid Diagnosis vs. Expert Diagnosis: For 
each combination (expert, image representation and data set), the three hybrid classification 
approaches are compared with expert based classification. An arrow indicates a statistically 
significant improvement (p-value < 0.05) between two approaches based on the same data. 



Hybrid Classification 
The hybrid classification method outperformed the average experts' classification accuracies, 
regardless if the classification was based on patches, images or using the patient-based approach 
(see Fig. 3 for an overview and Table 2 and Table 3 for exhaustive results). These performance 
improvements were mostly statistically significant in case of patch-based and patient-based 
classifications in combination with Expert-B and Expert-C. Although performance 
improvements of Expert-A did not reach the significance level, applying this hybrid 
classification method error was reduced by 31 % (from 1.6 % to 1.1 %). 

Similar to expert classification only, in the hybrid-setting highest accuracies were obtained in 
the patient-based approach with average accuracies ranging from 96.8 % to 98.9 %. The image- 
and the patch-based hybrid classifications achieved accuracies of 89.7 % to 96.3 % and 87.6 % to 
90 %, respectively. Of the different feature extracting techniques used, LBP obtained highest 
accuracies in case of patch- and image-based hybrid classification (90.6 % and 92.8 % accuracy, 
respectively), while IFV was superior in case of patient-based hybrid classification (98.1 % 
accuracy). However, these performance differences did not reach the significance level. MFS 
was outperformed by LBP and IFV in all 3 classification approaches. 

With Hybrid Classification, the rates of the three experts converged. In case of DB-2, final rates 
(with decision level fusion on patient basis) were always above 98%. Based on the other data 
sets, rates were never below 94 %. 

Model Transfer 
In a second experiment, we investigated if a model, trained with a certain expert, can be simply 
transferred to another expert (Fig. 4). We observed that the accuracies remained quite stable if 
the evaluating expert was more accurate than the expert for training (see values at the diagonal 

 

Fig. 4: Can we transfer a model trained with one medical expert to another medical expert? In 
this figure, each cell indicates the accuracy (percentage relative compared to the best 
combination) which is obtained if training is performed with one and evaluation is performed with 
another expert (in case of patch-based classification). The rates on the diagonal line are obtained 
if training and evaluation is performed with the same expert. 



of Fig. 4). When using the combination of DB-1 and the evaluating Expert-A the training set had 
virtually no impact (first column of Fig. 4). More distinct accuracy decreases were observed if 
the evaluating expert was less accurate. According to the results of LBP and DB-2, Expert-B 
obtained an accuracy of 97 % if his training data was used (center cell of Fig. 4), whereas the 
trained model of the more accurate Expert-C led to a distinct loss of performance (91 % 
accuracy). The extent of this effect varied between the different data sets. Considering the 
different image description methods, IFV turned out to be more stable than LBP and MFS. 

Discussion 

Here, we report that a hybrid classification approach combining medical expert knowledge with 
state-of-the-art computer-based texture analysis methods actually improves the diagnostic 
accuracy of medical experts. Performance improvements are most distinct for (but not limited 
to) less experienced physicians. 

From literature[19], we know that state-of-the-art computer aided diagnosis currently is unable 
to compete with experienced endoscopists considering the overall classification rates, which are 
roughly between 85 and 90 %. With our new approach, however, even the diagnostic accuracy 
of the most experienced Expert-A could be outperformed. Without the hybrid system Expert-A 
achieved on average 98.4 % with fusion (i.e. patient-based), which is probably the most relevant 
variable for clinical practice. This classification rate reflects the reported accuracy of MIT[36,37]. 

By contrast, when applying the proposed hybrid system the accuracy slightly increased to 
98.9 %. This increase seems to be negligible, however, the classification error was reduced by 
31 %. A less experienced expert (Expert-C) achieved on average 89.6 % accuracy without the 
hybrid approach and 96.9 % with the new technique, which was a statistically significant 
improvement. This relatively high classification rate obtained by Expert-C is in accordance with 
the easy applicability of the MIT even with regard to beginners[38]. 

The outcome of Expert-B was also significantly improved. Using patch-based classification, the 
accuracies were on average lower than using image based classification. However, this loss of 
accuracy was not completely consistent. The general effect can potentially be attributed to the 
less accurate experts' decision which influenced the hybrid system results. Obviously, the fusion 
of images from different regions of the duodenum led to distinctly enhanced accuracies. 

Considering Hybrid Diagnosis compared to Expert Diagnosis, most distinct improvements 
were noticed in case of patch-based classification, but also in case of patient-based classification, 
which is highly relevant from a practical point of view. Interestingly, improvements in image-
based classification were less distinct on average. 

Furthermore, we noticed more distinct enhancements in combination with less experienced 
experts (e.g. see rates of Expert-3). In general, this effect holds true for all classification scenarios, 
all data sets and all feature extraction methods. 

Considering the different image data sets, we found that different experts have individual 
strengths and weaknesses. Hybrid Classification is especially able to compensate weaknesses as 
shown by the combination of Expert-B and DB-3. This expert supposedly was less experienced 
with the narrow-band image data thus reaching a maximum accuracy of about 85 % only. By 
contrast, using Hybrid Diagnosis, an accuracy of 95 % was obtained. 

Looking at the outcome, the impact of the feature extraction method was quite small. Although 
the best average outcome was obtained with the most sophisticated method IFV, the other two 
methods were only slightly (insignificantly) inferior. 

Additional experiments showed that a model can generally be transferred from one expert to 



another if their performances are similar. We found that a model can be trained with a slightly 
less accurate expert without expecting a severe loss of performance. Consequently, it should not 
be trained with a more accurate one as this can lead to distinct accuracy drops. 

A potential limitation of our study is the limitation of the study population to children and the 
relatively small number of experts involved in the evaluation of the endoscopic imagery. 
However, based on the vast amount of image data evaluated and the different levels of 
experience of the study endoscopists we strongly assume that the diagnostic accuracy obtained 
by our new approach is generalizable to other settings and holds true for routine patient care. 

In conclusion, our results indicate that a hybrid classification approach combining medical 
expert knowledge with state-of-the-art computer-based texture analysis methods can improve 
the diagnostic accuracy of endoscopists. It is possible in the near future an automated CD 
diagnosis tool will be at hands of endoscopists supporting them in identifying if and where 
biopsies from the duodenum are to be taken. But beyond these possibilities several further 
potentials of this new technique lie in its application in capsule endoscopy, in the cost reduction 
of reliable biopsy-avoiding approaches in CD diagnosis and in the complete prevention of 
biopsy-associated complications. 
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Table 1: Outline of the three image databases (DB-1, DB-2 and DB-3) used for 
experimentation. 
 

 DB-1 DB-2 DB-3 

Number patches Marsh-0 280 280 280 

Number patches Marsh-3 280 280 280 

Number images Marsh-0 246 210 220 

Number images Marsh-3 171 154 154 

Number patients Marsh-0 125 82 80 

Number patients Marsh-3 38 35 36 

Endoscope GIF-Q165, N180 GIF-H180 GIF-H180 

Imaging technique Traditional (white- 
light)imaging 

Traditional (white-
light) imaging 

Narrow-band 

imaging [11] 
 

 
 



 

 

 

Table 2: All individual mean classification accuracies and standard deviations (+/-) for all 

configurations. Feature extraction was performed based on Local Binary Patterns (LBP), Multi-

fractal Spectrum (MFS) and Improved Fisher Vectors (IFV). 

Feature 

Extraction 

Data 

Set 
Expert 

Patch-based Patch-based Image-based Image-based Patient-based Patient-based 

Expert Diagnosis Hybrid Diagnosis Expert Diagnosis Hybrid Diagnosis Expert Diagnosis Hybrid Diagnosis 

mean +/- mean +/- mean +/- mean +/- mean +/- mean +/- 

LBP DB-1 A 0.870 0.057 0.910 0.042 0.970 0.027 0.964 0.033 0.970 0.058 0.972 0.033 

LBP DB-2 A 0.857 0.042 0.910 0.040 0.957 0.026 0.955 0.038 0.988 0.047 0.999 0.005 

LBP DB-3 A 0.773 0.051 0.902 0.059 0.963 0.020 0.965 0.036 0.995 0.055 0.994 0.016 

LBP DB-1 B 0.834 0.063 0.909 0.051 0.879 0.053 0.908 0.046 0.873 0.066 0.947 0.062 

LBP DB-2 B 0.827 0.051 0.903 0.048 0.896 0.040 0.905 0.048 0.946 0.046 0.998 0.009 

LBP DB-3 B 0.627 0.058 0.883 0.057 0.818 0.040 0.913 0.047 0.832 0.070 0.960 0.064 

LBP DB-1 C 0.882 0.052 0.916 0.045 0.778 0.070 0.902 0.057 0.799 0.064 0.959 0.053 

LBP DB-2 C 0.912 0.037 0.926 0.044 0.893 0.033 0.914 0.040 0.943 0.036 0.991 0.017 

LBP DB-3 C 0.718 0.064 0.892 0.053 0.879 0.045 0.922 0.042 0.946 0.059 0.984 0.035 

MFS DB-1 A 0.870 0.057 0.891 0.051 0.970 0.027 0.964 0.026 0.970 0.058 0.974 0.032 

MFS DB-2 A 0.857 0.042 0.878 0.040 0.957 0.026 0.955 0.038 0.988 0.047 0.999 0.005 

MFS DB-3 A 0.773 0.051 0.817 0.062 0.963 0.020 0.968 0.035 0.995 0.055 0.994 0.016 

MFS DB-1 B 0.834 0.063 0.899 0.062 0.879 0.053 0.887 0.065 0.873 0.066 0.932 0.067 

MFS DB-2 B 0.827 0.051 0.853 0.061 0.896 0.040 0.901 0.060 0.946 0.046 0.997 0.011 

MFS DB-3 B 0.627 0.058 0.776 0.074 0.818 0.040 0.840 0.064 0.832 0.070 0.950 0.064 

MFS DB-1 C 0.882 0.052 0.909 0.050 0.778 0.070 0.862 0.055 0.799 0.064 0.925 0.053 

MFS DB-2 C 0.912 0.037 0.929 0.049 0.893 0.033 0.888 0.053 0.943 0.036 0.993 0.017 

MFS DB-3 C 0.718 0.064 0.811 0.071 0.879 0.045 0.888 0.067 0.946 0.059 0.944 0.090 

IFV DB-1 A 0.870 0.057 0.903 0.046 0.970 0.027 0.968 0.032 0.970 0.058 0.976 0.033 

IFV DB-2 A 0.857 0.042 0.889 0.044 0.957 0.026 0.957 0.038 0.988 0.047 0.999 0.005 

IFV DB-3 A 0.773 0.051 0.880 0.061 0.963 0.020 0.968 0.035 0.995 0.055 0.996 0.010 

IFV DB-1 B 0.834 0.063 0.903 0.048 0.879 0.053 0.910 0.049 0.873 0.066 0.961 0.049 

IFV DB-2 B 0.827 0.051 0.878 0.055 0.896 0.040 0.908 0.059 0.946 0.046 0.996 0.010 

IFV DB-3 B 0.627 0.058 0.883 0.054 0.818 0.040 0.903 0.053 0.832 0.070 0.997 0.037 

IFV DB-1 C 0.882 0.052 0.908 0.047 0.778 0.070 0.892 0.058 0.799 0.064 0.954 0.061 

IFV DB-2 C 0.912 0.037 0.923 0.052 0.893 0.033 0.906 0.048 0.943 0.036 0.993 0.012 

IFV DB-3 C 0.718 0.064 0.887 0.055 0.879 0.045 0.925 0.044 0.946 0.059 0.981 0.024 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 3: Average classification accuracies and standard deviations (+/-) for specific feature extraction 

methods, databases and experts. 

Feature 

Extraction 

Data 

Set 
Expert 

Patch-based Patch-based Image-based Image-based Patient-based Patient-based 

Expert Diagnosis Hybrid Diagnosis Expert Diagnosis Hybrid Diagnosis Expert Diagnosis Hybrid Diagnosis 

mean +/- mean +/- mean +/- mean +/- mean +/- mean +/- 

LBP mean mean 0.811 0.091 0.906 0.013 0.893 0.065 0.928 0.026 0.921 0.070 0.978 0.019 

MFS mean mean 0.811 0.091 0.863 0.052 0.893 0.065 0.906 0.046 0.921 0.070 0.968 0.030 

IFV mean mean 0.811 0.091 0.895 0.065 0.893 0.065 0.926 0.030 0.921 0.070 0.981 0.017 

mean DB-1 mean 0.862 0.022 0.905 0.007 0.876 0.083 0.917 0.039 0.881 0.074 0.956 0.018 

mean DB-2 mean 0.865 0.037 0.899 0.031 0.915 0.031 0.921 0.027 0.959 0.022 0.996 0.003 

mean DB-3 mean 0.706 0.064 0.859 0.045 0.887 0.063 0.921 0.042 0.924 0.072 0.975 0.020 

mean mean A 0.833 0.046 0.887 0.006 0.963 0.006 0.963 0.006 0.984 0.011 0.989 0.012 

mean mean B 0.763 0.102 0.876 0.041 0.864 0.036 0.897 0.023 0.884 0.050 0.968 0.024 

mean mean C 0.837 0.090 0.900 0.036 0.850 0.054 0.900 0.020 0.896 0.073 0.969 0.025 

 


