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Introduction

We sought to develop a novel method for a fully automated, robust quantification of protein biomarker expression within the epithelial component of high-grade serous ovarian tumors (HGSOC). Rather than defining thresholds for a given biomarker, the objective of this study in a small cohort of patients was to develop a method applicable to the many clinical situations in which immunomarkers need to be quantified. We aimed to quantify biomarker expression by correlating it with the heterogeneity of staining, using a non-subjective choice of scoring thresholds based on classical mathematical approaches. This could lead to a universal method for quantifying other immunohistochemical markers to guide pathologists in therapeutic decision-making.



Methods

We studied a cohort of 25 cases of HGSOC for which three biomarkers predictive of the response observed ex vivo to the BH3 mimetic molecule ABT-737 had been previously validated by a pathologist. We calibrated our algorithms using Stereology analyses performed by two experts to detect immunohistochemical staining and epithelial/stromal compartments. Immunostaining quantification within Stereology grids of hexagons was then performed for each histological slice. To define thresholds from the staining distribution histograms and to classify staining within each hexagon as low, medium, or high, we used the Gaussian Mixture Model (GMM).



Results

Stereology analysis of this calibration process produced a good correlation between the experts for both epithelium and immunostaining detection. There was also a good correlation between the experts and image processing. Image processing clearly revealed the respective proportions of low, medium, and high areas in a single tumor and showed that this parameter of heterogeneity could be included in a composite score, thus decreasing the level of discrepancy. Therefore, agreement with the pathologist was increased by taking heterogeneity into account.



Conclusion and discussion

This simple, robust, calibrated method using basic tools and known parameters can be used to quantify and characterize the expression of protein biomarkers within the different tumor compartments. It is based on known mathematical thresholds and takes the intratumoral heterogeneity of staining into account. Although some discrepancies need to be diminished, correlation with the pathologist’s classification was satisfactory. The method is replicable and can be used to analyze other biological and medical issues. This non-subjective technique for assessing protein biomarker expression uses a fully automated choice of thresholds (GMM) and defined composite scores that take the intra-tumor heterogeneity of immunostaining into account. It could help to avoid the misclassification of patients and its subsequent negative impact on therapeutic care.
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Introduction

Protein expression and localization and some post-translational modifications are crucial to many biological processes. As a result, dysregulation is frequently associated with pathological disorders. A current focus of biologists and pathologists is to assess protein expression as accurately as possible. Such studies frequently include the evaluation of the intensity of protein expression level, its subcellular localization, and heterogeneity within whole tissue sections. Appropriate staining methods are required to evaluate these parameters on histological sections. One of these methods is immunohistochemistry, which is widely used in experimental research and in routine clinical practice in pathology laboratories.

The assessment of the intensity of expression level has become a hot topic (1, 2). This intensity can be influenced by many factors as a result of immuno-histochemical labeling (3). However, if the same conditions are applied according to a well-defined protocol (fixation time, same staining conditions), it is possible to compare expression levels (4). Such quantitative evaluations are regularly used in clinical practice for biomarkers such as Her2/neu, estrogen receptor (ER), and progesterone receptor (PR) for which testing guidelines have been established (5, 6). However, an evaluation of the percentage of positive cells and/or of global protein expression level is sometimes unable to provide sufficient relevant information. Moreover, the subjective perception of pathologists may create a bias. This is exemplified by numerous works showing both intra- and inter-observer variability in results (7–9). These discrepancies arise partly from the subjectivity of the measurement but also from the distribution and heterogeneity of the intensity of markers in whole tissue sections. Indeed, it is sometimes difficult to evaluate the presence of different foci with different staining intensities on the same section. Nevertheless, in some cases such as Ki-67 proliferative marker quantification, the contribution of the association to this section of the value of the most represented or strongest focus has been considered pertinent for some predictive purposes (10).

Nowadays, thanks to technologies such as digital slide images and automated image analysis, it is possible first to quantify the expression level and second to account for these heterogeneous components by integrating quantitative parameters of heterogeneity (11). In the search for an innovative automated quantitative method, we investigated the possibility of automatically quantifying the expression of biomarkers previously reported as able to predict the response to a BH3-mimetic molecule (ABT-737) in ovarian tumor slices cultivated and exposed ex vivo to this drug (12). This attempted to automatically evaluate staining intensity in whole-slide images of tumor tissues, based on systematic subsampling in a hexagonal tiling array. The technique is based on the Stereology theory (13), which allows non-biased results to be estimated accurately by means of grids (crosses, squares, hexagons, etc.).

Three different immunomarkers were evaluated comparatively by a pathologist and image analysis. We used the proteins Mcl-1, Bim, and P-ERK, which were identified as predictive biomarkers in a previous study and exhibited various expression patterns and histological heterogeneity. First, we used Stereology laws by using a grid of crosses to obtain reference values in order to adjust the image processing (IP) and to estimate the protein expression level revealed by 3,3′-diaminobenzidine (DAB)-labeled intensity in the hexagonal tiling. Second, we applied two methods to assess positive and negative cases relative to the protein expressions: the Gaussian Mixture Model (GMM) (14) considering only labeling intensity and principal component analysis (PCA), which also takes heterogeneity into account. This allowed us to propose a scoring method using the PCA from the expression levels of Bim, Mcl-1, and P-ERK.



Materials and methods


Eligibility

For this study, we used the data previously obtained in patients diagnosed with advanced high-grade serous ovarian cancer (HGSOC) and no prior chemotherapy exposure. Tumor nodules from the peritoneal carcinomatosis were obtained during initial surgery and used for the “ABT/CARBO ex vivo” study. The protocol received all necessary institutional approval, and all patients provided written informed consent (NCT01440504).



Immunohistochemical analysis

Automated immunohistochemistry using a DakoCytomation Autostainer was performed on 4-μm-thick paraffin sections. The mouse monoclonal antibody anti-Mcl-1 (Y37) was obtained from Abcam (Paris, France). The rabbit monoclonal antibodies anti-Bim (C34C5) and Phospho-p44/42 MAPK (Thr202/Tyr204) (D13.14.4E) corresponding to Phospho-Erk1/2 and noted P-ERK were obtained from Cell Signaling (Ozyme, Saint Quentin Yvelines, France).

Immunohistochemistry procedures were as previously described (12). Briefly, to unmask epitopes, deparaffinized slides were treated for 15 min by a high-temperature-heating antigen retrieval technique in EDTA buffer 0.5M pH 8 for Bim (EL, L, and S isoforms) and Mcl-1 antibodies and in citrate buffer 0.07M pH6 for P-ERK antibody. Sections were incubated for 1 h at room temperature with the primary antibodies. After washing, slides were incubated with the Perox Detect System (Novocastra, Leica Microsystems, Nanterre, France), according to the manufacturer’s instructions. Staining was performed with DAB chromogen, and sections were counterstained with hematoxylin QS (Vector Laboratories, Clinisciences, Nanterre, France). Stained slides were then digitized with a ScanScope CS slide scanner (Leica Biosystems, Nussloch, Germany).



Immunostaining evaluation by the pathologist

Marker quantification or classification was assessed as follows by an independent certified pathologist. For Mcl-1 and Bim, the intensity of the staining was scored as high or low according to the degree of homogeneity of the staining pattern observed. Regarding P-ERK, the expression of the phosphorylated forms of ERK was strongly heterogeneous in the tumor nodules, contrary to the other proteins. We then assessed these parameters using both the percentage of marked cells and the staining intensity. Staining was considered as high only if the percentage of stained cells with high intensity was at least equal to 50% (12).



Digital acquisition

Whole-slide images (WSIs) of histological sections were digitized with a 20× objective (0.5 µm/pixel) using the ScanScope CS slide scanner. Images were recorded as tiled pyramidal tiff images.

Image processing: ROI definition. For each image, a region of interest (ROI) was drawn using the ImageScope software (Leica Biosystems, Nussloch, Germany) to remove the artifacts and keep only tumoral areas on histological sections. For subsequent analysis, all processing operations were applied only in the regions of interest.



Immunostaining detection

Immunostaining detection was first assessed by a color space change and second by a pixel classification (13): (i) the Otha color space is particularly suited to histochemistry staining because the second layer can adjust the blue and red colors (15), and (ii) the algorithm used to search for the maximum likelihood had separated a color histogram by several normal distributions, called the “Gaussian Mixture Model” (14). The algorithm was adjusted relative to the Gaussian function parameters using a Stereology procedure to calibrate it.



Epithelium detection

Epithelium segmentation was performed relative to the “time–frequency” wavelet algorithm proposed by Denis Gabor (16). One of its well-known applications is Gaussian beam sampling in optics (17). Moreover, the wavelet theory and especially Gabor’s tight frame improved the mathematical concept (18). These two functionalities allowed us to create a processing algorithm of digital images modeled by the Fourier transform with a two-dimensional sliding window: (i) Fourier transform with a Gaussian window on the intensity image, (ii) low-pass filtering weighted by a cosine, and then (iii) inverse Fourier transform with the previous Gaussian window. The IP was completed (i) by implementing a segmentation by moments to obtain a binary image and (ii) by performing a morphological opening operation to eliminate the residual noise and the small objects in the binary image (19).



Quality control

This was performed using a Stereology test grid of crosses. This method was used to superpose an ROI located randomly with a regular network of points (20). This method consisted in superimposing a stereological grid of crosses at random in the region of interest (20). The image readers had to put two types of mark under each cross, positive or negative, depending on the color or the staining intensity. In routine practice, this two-mark process allows an estimation of the surface ratio with an uncertainty computation (21). Here, the method was applied to adjust the IP parameters by best matching the positive and negative crosses positioned by the readers with the positive and negative surfaces detected by IP. Then, a quality factor was evaluated from the uncertainty. Two types of quality factors were computed for the different algorithm types. The first was computed by comparing the confidence intervals (95%) between the crosses marked by the experts and the virtual marked crosses drawn inside the surfaces detected by the IP. Thus, the calculation of the overlap of the confidence intervals gave the first quality factor. The second was computed by searching for the true and false positive crosses and the true and false negative crosses relative to the expert cross set and to the virtual cross set established by the IP. Thus, the average of the sensitivity and the specificity gave the second quality factor (22).



Overlay epithelium/immunostaining

To evaluate the immunostaining rate only within the epithelium, the detection image “OTHA” was associated with the detection image of the epithelium “GABOR.” The resulting image contained only the colored pixels in the epithelial territories.

Transmittance was performed using a Stereology test grid of hexagons. ROIs were regularly subdivided by hexagons to take the heterogeneity of immunostaining within the epithelium into account, a technique described previously (11). For each hexagon, the transmittance was calculated as follows:

	

Therefore, the transmittance was between 0 and 1.



Gaussian thresholding

Automatic thresholds were established by applying the algorithm of the GMM (14). Three Gaussian functions were sought directly in a histogram by the GMM algorithm. The representative curves gave intersection points defining possible thresholds. Two thresholds delimited three areas that we termed low, middle, and high, respectively.



Principal Component Analysis score

Principal Component Analysis (PCA) (23) was used to establish a biological score: (i) the first three statistical moments were computed from the hexagonal tiling, case per case, (ii) the PCA algorithm was applied to the previous data set, and (iii) the principal component with the maximum variance was considered as the score. This score was normalized as a percentage before analysis.




Results


Calibration and validation of quantitative evaluation of immunostaining tool

Three images were used for each marker: 2441 points for Bim, 6467 for Mcl-1, and 4735 for P-ERK.

Labeled and unlabeled marks were independently identified by the two experts on Stereology grids (Figure 1A). Two steps were needed to calibrate the labeled areas: (i) parameter adjustment of image processing (IP) and (ii) quality factor computation after calibration. IP calibration was based on the surface occupied by the labeled and unlabeled pixels. Grids with crosses were then used on three DAB-stained whole slide-images to detect Bim, Mcl-1, and P-ERK, respectively.




Figure 1 | (A) Grid of cross is applied to histological sections. For each marker, a selection of sections is made to evaluate low (a), medium (b), and high (c) intensity staining. For each cross, expert indicates if labeled (green cross) or unlabeled (red cross) staining. (B) Detail of (a) histological section. Yellow lines indicate limits of detection of Otha method before calibration (b) and after calibration (c). (C) Examples of epithelium detection after calibration by Gabor method (red lines).



First, two experts examined the different grids and superimposed marks (labeled, unlabeled, and others). We kept only the marks common to the two experts in order to improve the IP setting. Then, calibration was checked simultaneously on three Bim cases, three Mcl-1 cases, and three P-ERK cases (Table 1). Second, the quality factor was established: first between the experts and then between the reference expert and IP performed after the calibration presented above (Table 2). Figure 1B shows that before the expert-based calibration, the staining detection performed by IP was unsatisfactory, whereas the calibration process allowed complete staining detection.


Table 1 | Table of concordance of marks made on Stereology grids (one table/marker) by two experts (second column).




Table 2 | Quality factors: factors between two experts and factor between reference expert and image processing (one table/marker).





Calibration and validation of quantitative evaluation of epithelium detection tools

As previously performed for immunostaining detection, three images were used for each marker to evaluate and calibrate the detection of epithelium. Then, the quality factor was established using inter-expert agreement. IP calibration was applied to the epithelium extraction to establish the best filter and most efficient size of the morphological opening. First, the intersection between the marked crosses of the experts and the IP masks allowed these two parameters to be adjusted. Then, the true-positive, true-negative, false-positive, and false-negative marks were found between the two experts. Finally, masks built by IP were compared to the marked crosses of the reference expert (Table 3).


Table 3 | Quality factors between two experts (expert 1 defined as reference) and factor between reference expert and image processing were calculated from results obtained on four WSIs stained with DAB for each marker (one table/marker).



Figure 1C shows epithelium detection by IP on several cases.



Application to automated immunostaining quantification


First approach: use of immunostaining classes

Next, we used the proposed method on all the WSI for each marker, as shown in Figure 2. Histograms were analyzed with the GMM. They were built by accumulating all hexagon values collected from the 25 WSIs for Bim, Mcl-1, and P-ERK independently. Two thresholds for each were found by intersecting the Gaussian curves (Figure 3). Thus, three classes were built for each IHC staining, termed entitled low, medium, and high (Figure 4).




Figure 2 | Image processing to evaluate staining of a marker. Phase 1: staining detection thanks to Otha method and epithelium detection with Gabor method. Phase 2: epithelium mask and staining image were mixed to keep only epithelium territories. This image is subdivided by hexagon pattern. Phase 3: in each hexagon, transmittance of staining is computed only in epithelial territories.






Figure 3 | Automatic thresholds are determined by the algorithm of the Gaussian Mixture Model on distribution of frequencies of the transmittance for each marker. The threshold values correspond to crossing between Gaussians (dotted lines). The thresholds are used to classify hexagons as low, medium, and high intensity (hexagons blue, green, red).






Figure 4 | Distribution of mean transmittance of all hexagons for each marker (Bim, Mcl-1, and P-ERK). Parameters for three Gaussian functions and two thresholds for each set of hexagonal patterns (Bim, Mcl-1, and P-ERK). Circle and triangle indicate threshold values.



The main class was defined as the one that contained the most hexagon patterns. The comparison with the estimation of the expert required grouping together two classes in order to keep only two classes called “low” and “high.” Thus, a given case could be considered “low” or “high” depending on the largest number of hexagons in classes 0, 1, or 2 obtained by IP (Table 4).


Table 4 | Distribution in three classes by IP but only two by expert analysis.



The P-ERK table contains a supplementary column entitled “R 50%” because the labeled “high” was validated only if the main class contained 50% of the hexagon patterns. Four, eight, and seven cases were found to be discordant for the WSI stained by the DAB relative to Bim, Mcl-1, and P-ERK respectively (Table 4).



Second approach: use of immunostaining scores

The second approach used the PCA algorithm (Figure 5). First, the first three statistical moments were computed (means, standard deviation, and skewness) from each histogram of the hexagon patterns, case per case. Second, the PCA algorithm was applied to the three statistical moments to find their best linear combination by exploiting the first principal factor. This procedure gave the biological score (Table 5).




Figure 5 | Complete procedure to compute an objective score taking distribution of staining of a specific marker in hexagons into account. (A) On each section, intensity of staining in hexagons was computed to obtain distribution of transmittances. (B) Shape parameters of distribution were extracted for each section, and a principal component analysis was used to compute a score. (C) Distribution of scores was obtained from component 1 of PCA. To classify the patients as low or high score, a mixture of Gaussians was applied to find thresholds. (D) The highest threshold was selected and used as the 0-value. Low scores are negative, and high scores are positive.




Table 5 | First three statistical moments in columns on left, values computed by main principal component on right and loadings (weight of statistical moments) for principal component in the last line.



The PCA values were normalized as a percentage to use the GMM. Three Gaussian functions and two thresholds were sought, as in the first approach (Figure 6).




Figure 6 | (A) Distribution of values of principal component 1 for P-ERK and three Gaussian functions. Automatic thresholds are determined with the algorithm of the Gaussian Mixture Model. (B) The threshold values correspond to crossing between Gaussians. (C) The highest threshold was selected and used as the 0-value. (D) Histogram representation of P-ERK marker score per patient by rapid reading. White bars corresponding to discordance between experts and IP. (E) Histogram representation of Bim marker score per patient. (F) Histogram representation of P-Mcl-1 marker score per patient.



Two automatic thresholds were adjusted in the neighborhood of the Gaussian curve intersection for the purpose of comparison with the estimation of the expert (identical to the first approach). Thus, each threshold delimited two areas: “low and high” tumor response for Bim (45%), Mcl-1 (25%), and P-ERK (85%), respectively. These thresholds were considered as the new origins to better assess the level relative to the tumor response, i.e., negative score for “low” and positive score for “high” (Figure 6). Five, six, and three cases were found discordant for the WSI stained by DAB relative to Bim, Mcl-1, and P-ERK, respectively (Figure 6).





Discussion

We sought to develop a novel fully automated robust method for quantifying protein biomarker expression, here applied to the epithelial component of high-grade serous ovarian carcinomas (HGSOC). Our approach was based only on a cohort of 25 cases of HGSOC for which three biomarkers predictive of the response observed ex vivo to the BH3 mimetic molecule ABT-737 had been validated by a pathologist (12). This is a strength, since we tried to remain as close as possible to the results obtained by the pathologist. It is also a limitation, since variations are known to occur between two interpretations of a unique histological slice by the same pathologist and by two or more pathologists (7–9).

We calibrated our algorithms using stereology performed by two experts to detect both immunohistochemical staining and epithelial/stromal compartments, as recommended as a quality check (24). Analyses of this calibration processes showed a good correlation between the experts for both epithelium and immunostaining detection. Furthermore, there was a good correlation between the experts and IP, after excluding discordant results between them. This calibration process was essential, since it allowed the efficient detection of both epithelium and immunostained areas. Immunostaining was then quantified by using transmittance computing within hexagon grids. The GMM was then used to reproducibly establish low, medium, or high thresholds within each hexagon.

By comparing the classification obtained with these thresholds to the classification established by the pathologist, we observed four, eight, and seven discordant results in 25 cases for Bim, Mcl-1, and P-ERK, respectively.

With the GMM, we used histograms pooling all the hexagons from all the cases. Interestingly, the values of most of the hexagons in discordant cases were close to the thresholds, explaining why the class could be easily construed as discordant in these cases with the one defined by the pathologist. IP could thus allow variations in interpretation due to subjectivity to be avoided.

Other parameters could also explain these discrepancies. For instance, Mcl-1 expression is difficult to appreciate, particularly because its localization can vary from one case to another. Mcl-1 can be expressed in the cytosol, in the nucleus, or both, as observed in our study and by other groups (25). Whereas IP considers both types of staining, pathologists mainly evaluate cytosolic staining, so this could generate discrepancies.

For P-ERK immunostaining, the situation is more complex. The activation of P-ERK is often strongly correlated to survival signals transmitted by contact between cancer cells and the extracellular matrix and stromal components. While ERK phosphorylation is most frequently observed only in cancer cells, it may also be observed in stromal cells or in both. Moreover, its expression intensity can strongly vary from one area of the tumor to another. Pathologists must thus consider these features and the proportion of cancer cells highly expressing P-ERK when proposing a composite score (a “high” case will be a tumor sample in which more than 50% of cancer cells show a high level of P-ERK). This relatively subjective appreciation could of course be another source of discrepancy between IP and pathologists’ observations.

Another potential source of discordance is that, in the classification of immunostainings as low, medium, or high, there is no appreciation of an eventual intra-tumor heterogeneity, yet this could be decisive in the therapeutic management of patients (26, 27). For example, a patient presenting a low expression of Mcl-1 in 100% of their cancer cells could be globally more sensitive to ABT-737 than another in whom 30% of cancer cells strongly express Mcl-1. Both cases would be classified as “low” by the pathologist. In this setting, IP could easily decipher the respective proportions of low and high areas and include this parameter in a composite score. Therefore, we included three statistical moments (case per case) in the process: mean value, standard deviation, and skewness parameters of the distribution values of transmittance within each hexagon. By doing so, we were able to use PCA to find the best combination of the three parameters. The first factor component was therefore relevant to establish a score linked to each staining. To fit with the pathologist scores, the GMM was also applied to establish thresholds. This approach allowed us to decrease the levels of discrepancy for both Mcl-1 and P-ERK, i.e., taking heterogeneity into account increased the agreement with the pathologist.

In conclusion, this objective, simple, robust, and calibrated method using simple tools and known parameters can be used to quantify and characterize the expression of protein biomarkers within different tumor compartments, using a mathematical definition of thresholds and taking into account the intra-tumoral heterogeneity of staining. It is replicable and could be used in other biological or medical settings after further validation. It is non-subjective, uses a quality control of proven interest, has a fully automated choice of thresholds, and has defined composite scores, thus allowing the intra-tumor heterogeneity of immunostaining to be taken into account. This fully automated approach could help to avoid the misclassification of patients and the subsequent negative impact on their therapeutic care. A development for the future would be to analyze the PCA score by deep learning in connection with medical data to help pathologists establish the right diagnosis.
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