Personalized management of women with cervical abnormalities using Clinical Decision Support Scoring System
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Abstract
Objectives:
To develop a clinical Decision Support Scoring System (DSSS) based on Artificial Neural Network (ANN) for personalized management of women with cervical abnormalities.
Methods:
During 2007-2014 in three University Hospitals we prospectively collected detailed patient characteristics, colposcopic impression and performed a series of biomarkers using a liquid-based cytology sample. These included HPV DNA typing, E6&E7 mRNA by NASBA or flow cytometry and p16INK4a immunostaining.
We used ANNs to combine the cytology and biomarkers results and develop a clinical DSSS with the aim to improve the diagnostic accuracy of tests and quantify the individual’s risk for different histological diagnoses. We used histology as the gold standard.
Results:
We analysed data from 2267 women that had complete or partial dataset of clinical and molecular data during their initial or follow up visits (N=3565). Accuracy parameters (sensitivity, specificity, positive and negative predictive value) were assessed for the cytological result and/or HPV status and for the DSSS. The ANN predicted with higher accuracy the chances of high-grade (CIN2+), low-grade (HPV/CIN1) and normal histology than cytology with or without HPV test. The sensitivity for prediction of CIN2 or worse was 93.0%, specificity 99.2% with high positive (93.3%) and negative (99.2%) predictive value.
Conclusions:
The DSSS based on an ANN of Multi Layer Perceptron (MLP) type, can predict with the highest accuracy the histological diagnosis in women with abnormalities at cytology when compared to the use of tests alone. A user-friendly software based on this technology could be used to guide clinician decision making towards a more personalized care.










Introduction
The introduction of systematic call and recall screening programmes over the past 20 years has resulted in a profound decrease in the incidence and mortality from invasive cervical cancer as pre-invasive lesions (cervical intra-epithelial neoplasia; CIN) can be detected by the screening programme and treated appropriately [1]. One in ten women screened in countries with high coverage have an abnormal result[2].
The traditional simple algorithms and management strategies for women with low- or high-grade abnormalities at cytology have been effective at reducing the incidence of cervical cancer, albeit based on clinical tests with limited sensitivity and specificity. Establishing that HPV is causally associated with cervical cancer has led to major advances in cervical cancer primary and secondary prevention but has also set new challenges for the future [3]. Previously established recommendations and management algorithms are likely to be less applicable in future screening settings, while new tests exploring the viral genome may allow a more efficient and personalised management of women with positive screening results.
Advances in technology and scientific techniques created new horizons for improved understanding of the diseases’ processes at a molecular level. In the field of cervical pre-invasive and invasive disease, this allowed an in-depth exploration of the neoplastic mechanisms at a molecular level and led to the development of new test and biomarkers, many of which have become commercially available. With the explosion of new biomarkers targeting the viral DNA detection, the expression of oncoproteins and other cellular processes that promote carcinogenesis in the host, questions on how to best use these in different clinical settings are becoming increasing difficult to answer. With a continuously evolving evidence-base, the development a clinical decision support scoring system is a current unmet need. This can assist clinicians to use these new technologies to promote prevention, personalise management and improve targeted management.
This prospective study aims to develop a clinical decision support scoring system (DSSS) exploiting artificial neural network (ANN) systems and novel molecular markers for the personalized management of women with abnormalities at cytology-based screening. 

Material and methods
Study population – Inclusion and Exclusion criteria
This was a multicentric prospective study that recruited patients from three University Hospitals. Ethical approval was obtained from the local research regulatory bodies. All women gave informed consent.
We included women that presented for opportunistic cytology-based screening between 2006 and 2014 and agreed to participate. We only included only women that had cytology taken (even if this was inadequate). We included women with cytological abnormalities as well as normal controls. All women underwent a colposcopic evaluation with or without biopsy for histological diagnosis. We included all women irrespective of their age, ethnicity and menopausal status. Women who were HIV or hepatitis B/C positive or women with autoimmune disorders were excluded.

Sample collection and tests
We prospectively collected detailed patient characteristics and recorded the colposcopic findings. We obtained a liquid-based cytology sample (LBC)(ThinPrep®) at the first visit before proceeding to the colposcopic assessment. The cytology was assessed by two experienced cytopathologists. The results were reported according to the revised Bethesda classification system (TBS2001 system) [4, 5]. 
The remaining material was used to test a series of test and HPV-related biomarkers. These included: a) HPV DNA typing using the CLART® HUMAN PAPILLOMAVIRUS 2 (GENOMICA) kit for the simultaneous detection of 35 different HPV genotypes by PCR amplification of a fragment within the highly conserved L1 region of the virus [6]; b) Nucleic Acids Sequence Based Amplification (NASBA) assays [7] (NucliSENSEasyQ® HPV v1.0) that was used for the identification of E6/E7 mRNA of the HPV types: 16, 18, 31, 33 and 45; c) the PermiFlow® (Invirion Diagnostics, LLC, Oak Brook, IL) kit for  the identification of E6/E7 mRNA expression of high-risk HPV (subtypes: 16, 18, 26, 31, 33, 35, 39, 40, 42, 43, 44, 45, 51, 52, 53, 54, 56, 58, 59, 61, 62, 66 and 68) using FLOW cytometry [8] and d) the immunocytochemical expression of p16INK4a using the CINtec® Cytology Double staining (p16/Ki67) Kit [9]. Some of the included women had only results for some of these markers but not all. This was the case if some of the laboratories tests yielded invalid results or in cases where the material was insufficient for the processing of the whole set of biomarkers.
We used histology as the gold standard for the assessment of the accuracy parameters of the tests. The histology was taken by colposcopically-directed punch biopsies or by conisation (usually large loop excision of the transformation zone – LLETZ) for women requiring treatment. If histology was available from both punch biopsies and treatment cones, the most severe lesion was documented. If histology was not available as not clinically indicated (i.e. normal cytology and colposcopy), these women were considered as ‘clinically normal’ (CN) cases. The histological samples were prepared and fixed according to standard histopathology protocols. The three-tiered Cervical Intraepithelial Neoplasia (CIN) grading system was used for reporting histological diagnosis. 

Analysis
We aimed to classify each subject into one of three groups: a) normal or clinically normal, b) CIN1 and c) CIN2 or worse. The latter included cases with CIN2, CIN3, squamous cell carcinoma (SCC), adenocarcinoma (Adeno-Ca) or other histological types of cancer (Ca).

Decision Support Scoring System 
The application of artificial intelligence in medicine is not new [10-20]. The concept of the ANNs was first introduced by McCullogh and Pitts in 1943 [21]and described complex computational models inspired by the human brain nervous system. ANNs employ advanced processes of machine learning and pattern recognition [22, 23]. They have the ability to learn from data and can subsequently provide predictions on unknown data. This makes ANNs suitable for classification and prediction tasks in clinical and practical situations. The non-linear design of the ANNs allows them to process complex data patterns, in contrast to many traditional methods based on linear techniques. 
ANNs are constructed with similarities to a biological neural network, using artificial neurons interconnected with each other. This architecture is supported by mathematical algorithms governing the neuron interactions. In practice, they are typically described as ‘black boxes’ due to their inherent complexity that does not produce human understandable rules. Despite this, the process for the creation of a useful ANN system involves several typical steps: A) Data collection; B) Pre-processing that may include data normalization, conversion to numeric values and scaling in a predefined range; C) ANN model selection, for example back propagation, learning vector quanizers, self organizing maps, radial basis function networks [22, 24]; D) Selection and configuration of ANN Parameters; E) ANN Training by feeding the system with data and the correct output and by adjusting the neuron weights that allows the identification of the required ANN parameters; F) Performance Evaluation of the system on a set of known and unknown data. If the performance is deemed satisfactory, this is ready for use in clinical practice. 
In this study, the DSSS was based on an ANN implemented by a Multi Layer Perceptron (MLP) [24]. To assess the DSSS performance, various statistical measures were extracted: specificity, sensitivity, positive and negative predictive value (PPV and NPV), false positive and false negative rates (FPR and NPR) and overall accuracy (OA). These were subsequently compared to accuracy parameters for cytology (at the clinical thresholds of ASCUS+, LSIL+, HSIL+) and/or HPV DNA test. 
The specific implementation of the MLP is an attractive approach, because this operates as a ‘black box’. The clinical user imports the data to the system and receives an estimation of the woman’s individual probability for the following histological diagnosis (i.e. normal, CIN1 or CIN2+). The MLP also has the capability to handle data with missing values as in the case of this study, and quite often in the clinical practice. Additionally the MLP provides an estimation of the probabilities that the specific woman falls into the three categories and appears in the form of a triplet. For example, if the output demonstrates a result of [92%, 7%, 1%] that indicates that the probability of normal histology is 92%, while the chances of harboring CIN1 or CIN2+ 7% and 1%, respectively. These probabilities serve as a score (Scoring System) and provide an evidence of the strength of the MLP estimation.

Training of the Multilayer Perceptron ANN and final architecture
We obtained data from 3565 visits of 2267 participating women. The data used to train the MLP classifier were composed of: 
1. the cytological outcome formally expressed as: Normal, atypical squamous cells of undetermined significance (ASC-US), low-grade squamous intra-epithelial lesion (LSIL), atypical squamous cells -cannot exclude high-grade squamous intraepithelial lesion (ASC-H), high-grade squamous intra-epithelial lesion (HSIL), squamous cell carcinoma (SCC), adenocarcinoma (Adeno-Ca), other types of cancer not otherwise specified (Ca NOS) and Inadequate if the cytological criteria for reporting were not fulfilled.
2. the HPV DNA typing result expressed as 1 if the specific subtype was identified, 0 if not and empty if results for DNA typing were not available. The DNA typing tested for subtypes 6, 11, 16, 18, 26, 31, 33, 35, 39, 40, 42, 43, 44, 45, 51, 52, 53, 54, 56, 58, 59, 61, 62, 66, 68, 70, 71, 72, 73, 81, 82, 83, 84, 85 and 89.The MLP was fed with generated values: Has16Or18 if subtype 16 or 18 was present; No_Subtypes that described the number of subtypes found whether these were high or low risk; No_HR and No_LR that indicated the number of high risk and low risk subtypes respectively and; hasHR and hasLR as binary variables to indicate the presence of high and low risk subtypes.
3. the HPV mRNA typing result expressed as 1 if the specific subtype was identified, 0 if not and empty if results for mRNA typing were not available. The mRNA typing with NASBA technique tested for subtypes 16, 18, 31, 33 and 45.
4. the FLOW FISH  (Fluorescent In Situ Hybridisation) outcome expressed as 1 if it was positive, 0 if it was normal and empty if results for this were not available. 
5. the p16/Ki67 outcome expressed as 1 if it was positive, 0 if it was normal and empty if results for this were not available. 
We applied a batch training algorithm for the MLP ANN. Additionally the available data were separated into training and test sets; the first was used to adjust the MLP ANN weights (Figure 1 & 2) and the second set was used for test purposes (approximately 50% of the data randomly selected were used for each one of these two groups). We used 3561 out of the 3565 visits of the participating women. Four cases were excluded from the test set, given that there were no cases in the training set that had identical values in all parameters, (note that the algorithm used automatically excludes such cases); 1751 (49.2%) composed the training set and 1810 (50.8%) cases the test set. 
The final MLP architecture had 170 input neurons. Some of the variables used were not numeric; one unit was assigned for each value (i.e. cytology required 7 input units to address all diagnoses). Similarly, the output layer had three neurons; one for each histological category: normal, CIN1 and CIN2+). Finally, there was used one hidden layer with 8 neuron implementing a Hyperbolic tangent non linear function [24].

Results
We included data from 3565 visits of 2267 participating women. Four were excluded; 3561 were analysed. Of these 2419 had normal and 1142 had abnormal cytology results. One hundred and three cases with normal cytology underwent punch biopsy for clinical indications during colposcopy; two of these had CIN1 and the remaining 101 were normal. The remaining 2314 cases with normal cytology but no histology were considered clinically normal as the colposcopy was also negative in all cases. 
The correlation of the cytological results to histology (if available) is presented in Table 1. Overall the cytology often correlated with the histological diagnosis. However, on several occasions there was substantial discordance, particularly in the underestimation of the disease severity. Seventeen cases of invasive cancer had less significant or inadequate findings in the cytology (ASC-H: 2 (11.8%); HSIL: 13 (76.4%); Inadequate: 2 (11.8%)). Sixty-two had CIN2 or 3 in the presence of minor cytological findings (ASCUS: 4 (6.5%); ASC-H: 6 (9.7%); LSIL: 41 (66.1%); Inadequate: 11 (17.7%)). Conversely, some women with HSIL cytology had less significant findings in histology (11/276 (4.0%) had CIN2) and others with minor cytological abnormalities (ACSUS, ASC-H, LSIL) had normal histology (ASCUS: 3/192 (1.6%); ASC-H: 6/16 (37.5%); LSIL: 5/582 (0.9%)) giving a 1.8% overestimation rate.
The classification results of the MLP ANN classifier as compared to the histological diagnosis for the training set, the test set and the total cohort are presented in Table 2. The overall ability of the neural network to accurately predict the histological diagnosis was high. More specifically, in the total set for example, 99.5% of the normal cases were correctly classified, 96.7% of the CIN1 cases and 93.0% of the CIN2 or worse cases. The rates were largely similar in the training and testing sets separately.
The accuracy parameters and the statistical measures for the ability of the DSSS to predict CIN2 or worse as compared to cytology at a cut-off of ASCUS, LSIL or HSIL are presented in Table 3. The use of cytology at a cut-off of ASCUS yielded, as expected, very high sensitivity (100%) in predicting CIN2+ at the loss of specificity (76.4%). Although the NPV was optimal (100%), there was a high false positive rate (23.6%) suggesting that almost one in four women will have unnecessary interventions. On the contrary the use of HSIL (including ASC-H) as a cut-off yielded optimal specificity (99.4%) in predicting CIN2+ with a loss in sensitivity (87.5%). This accounted to 12.5% false negative rate, suggesting that more than 1 in 10 women with CIN2+ will be missed. The use of LSIL as the cytological cut-off improved the specificity (92.7%) with a small reduction in sensitivity (98.8%). 
We further compared the accuracy parameters of the DSSS to those of high risk HPV DNA test with or without cytology at different cytological thresholds (ASCUS+ or LSIL+). HPV DNA test alone had high sensitivity (91.8%) and NPV (98.2%) at the loss of specificity (55.6%). The combination of either positive HPV test or cytology (at ASCUS+ or LSIL+ thresholds) predicted with 100% negative predictive value women without the disease (CIN2+) and maximized sensitivity (100%) but substantially reduced specificity to 46.8% and 49.9%, respectively. The combination of cytology (at ASCUS+ or LSIL+) with HPV DNA test positivity reduced the sensitivity to 91.8% and 90.6%, respectively and improved the specificity (46.6% and 49.9%, respectively) but this was lower than the accuracy of the DSSS. The MLP ANN DSSS produced comparably better results than cytology, HPV tests or the combination of these and yielded an optimal balance of sensitivity (93.0%) and specificity (99.2%), high positive (93.3%) and negative predictive value (99.2%) with very low false positive (<1%) and acceptable false negative rate (7.0%).
The overall accuracy for MLP ANN was higher (98.6%) than that of cytology at a cut-off of ASCUS, LSIL+ or HSIL+ (78.8%, 94.3% and 98.2%, respectively). This was also reflected in the odd ratios indicating better performance for MLP ANN (1684.22) followed by HSIL+ (1159.79), and ultimately LSIL+ (1042.41)(for ASCUS+ the sensitivity was 100% and odds ratio could not be calculated). As a final performance metric, we used the AUC (Area Under Curve) and demonstrated high performance for MLP for all three groups: normal (99.9%), CIN1 (99.8%) and CIN2+ (99.7%). 
The breakdown of the MPL results for each cytological category along with the true histological status is presented in Table 4.
A total of 192 cases had ASCUS in the original cytology. Of these the histology confirmed CIN1 in 185 cases, CIN2+ in 4, while 3 were histologically normal (Table 4). The DSSS classified 182(98.4%) of the CIN1 lesions as such and 3 (1.6%) as CIN2+. It correctly identified all (4) CIN2 cases and gave a prediction of CIN1 in the 3 histologically normal cases. Of 16 cases with ASC-H cytology, 8 had CIN2+ and 2 had CIN1 on histology; all these were correctly classified by the MLP ANN. From the histologically normal cases, 3 were overcalled CIN1 and 1 CIN2+ by the system.
Similarly in the subgroup of women referred with LSIL cytology (580 cases), the histology confirmed CIN1 in 535 cases, CIN2+ in 40, while 5 had normal histology. 525 out of the 535 (98.1%) were correctly assigned as CIN1. However, the DSSS incorrectly assigned 2 cases of CIN1 and CIN2+ as normal and upgraded 3 histologically normal cases to CIN1 (5 in cytology).Overall the MLP correctly classified the disease when compared to the gold standard with a high positive predictive value.

Discussion 
Main Findings
The knowledge that human papillomavirus is necessary condition for the development of invasive disease revolutionized cervical cancer prevention. As a consequence, new technologies were used to develop a number of new tests and biomarkers targeting different processes in the lifecycle of the virus and the expression of its oncogenic potential. With this rapidly increasing evidence base around these new technologies and the increased awareness of the public, the translational potential of these biomarkers is hard to comprehend [25-28]. Clinicians are often asked to make sense of this ‘jungle of biomarkers’ and balance these against the traditional cytologic and colposcopic findings. It is imperative that advanced modeling techniques are employed to develop user-friendly tools that could assist clinicians’ decision making.
Since 2010 the Hellenic Cervical Pathology Academic (HeCPA) study group, is working on innovative approaches to exploit advanced mathematical and computing tools for the optimal use of ancillary tests that are available nowadays [12, 29-31]. Our first preliminary study [12] used Classification and Regression Trees (CART) and applied these on a small dataset of cases if only these had valid results for the whole spectrum of ancillary tests with obvious disadvantages. In real life situations, laboratory tests can be invalid, while incomplete data could not be managed by the system. The following two reports [29, 30] applied ANNs without however being able to overcome the problem of incomplete results. The most recent report [31]exploited the CART capability to handle cases with missing data (increase sample size), and produce weights (aka probabilities) for each case falling in a specific group, allowing however discrimination only for two histological categories CIN1- and CIN2+. In this study, we employed the MLP that allows handling of missing data, has an embedded non-linear functionality (i.e. better method than CARTs) and estimates the individual’s probability to fall in each of the following histological groups (normal, CIN1 or CIN2+). 
This prospective multicentric study of a large patient cohort employed advanced neural networks and artificial intelligence techniques for the development of a clinical DSSS. The system developed had the ability to exploit all the biomarker information in order to accurately predict which women had clinically significant lesions with true oncogenic potential (CIN2 or worse) and give a quantified probability for different histological diagnoses. The results clearly and consistently demonstrated that this DSSS could achieve an optimal balance of increased sensitivity and specificity and minimize the rate of false negative and false positive results as compared to cytology with or without HPV DNA test. 
Cytology systematically under-called a substantial number of invasive or high-grade cases with the risk of missing progressive disease or, conversely, overcalled minor abnormalities leading potentially to a number of interventions for women at low risk. The DSSS, on the contrary, demonstrated very low false positive and acceptable false negative rate and misclassified a low number of cases when compared to cytology with or without HPV test. These cases may be true misclassifications of the system or could be explained by an imperfect gold standard as punch biopsies may be less representative when compared to the excision of the whole transformation zone (TZ) [32].

Strengths and limitations
Our study included a large patient cohort with more than 3500 visits. Large sample sizes are particularly important for ANNs as the accuracy of these systems in correctly identifying the disease improves with increasing number of cases through learning and pattern recognition. The size of the cohort increases the strength of the evidence and reproducibility of these in future studies. 
The great advantage of the MLP approach is that this allows the analysis of patients with missing data on a ‘best effort basis’, which tries to maximize performance on the basis of available data.  In our cohort, 1693 cases had the full set of biomarkers, while the remaining 1872 lacked one or more. In clinical practice, missing data for some of the evaluated tests is not uncommon and may be due to various reasons (ie. inadequate biological material or low cell count, high red blood cell content or other technical reasons). This technique is a powerful tool in this setting.
It is the case however that many of the included women only had punch biopsy rather than a full excision of the squamo-columnar junction, whilst those with no abnormalities were considered normal without histological confirmation. Although the accuracy of colposcopically-directed punch biopsies has been questioned [32], this is the most accurate gold standard that can be used in women where excision of the TZ is not clinically indicated. Similarly, due to ethical constrains, biopsies from women with normal cytology and colposcopy are not possible and the acceptance of these cases as normal is justified for pragmatic clinical studies. 
The DSSS did not incorporate the colposcopic findings. However, in cases where histology was not available and the colposcopy was in agreement with cytology on normal results, this was used to define clinically normal cases. Analysis incorporating the information and disease prediction of the colposcopic assessment may be of value in the support system particularly when this will be assessed for specific clinical applications in the future. 
The DSSS had overall higher accuracy that cytology at different thresholds with or without the HPV DNA test. However, the population of this study was heterogeneous and therefore a direct comparison with current triage strategies in different clinical groups (such as the use of high-risk HPV DNA test in the triage of ASCUS and LSIL) was not possible and was beyond the scope of this study. Future studies should include direct head-to-head comparisons of the DSSS to current clinical algorithms.
The most extensively explored HPV biomarkers in the literature were chosen and assessed as part of this ANN. Although some were exploring the same disease process (ie. mRNA by NASBA and flow cytometry), these provided complimentary information on mRNA positivity for 5 specific individual subtypes (NASBA) or overall for several more subtypes (flow cytometry). Future research should assess the most cost-effective models by exploring different combinations of the tests in specific clinical groups.

Interpretation in light of other evidence
Improved accuracy and clinical decision support systems has important implications to patients, the health systems and policymakers. If these systems can predict with high accuracy women with or without the disease, they have the potential to significantly improve the management of these populations and the quantified probability for all possible histological diagnoses will be available for effective patient counseling at the primary care setting and in the colposcopy clinics. With this technology, patients, clinicians and policy makers will be able to incorporate molecular markers in clinical practice and balance the quantified personalized risk for each individual. This will allow the identification of women at high risk of invasive cancer and pre-invasive disease with a true precancerous potential that would benefit from referral, intensive surveillance and/or treatment and will minimize the unnecessary interventions for those at low risk that could be safely retuned back to routine recall. This will also minimize future reproductive morbidity as a result of unnecessary treatments [33-38]. For the health services, this translates into cost-effective management strategies with more efficient allocation of NHS resources.
Future research should apply these new decision support scoring systems in specific clinical groups of women referred with abnormalities both at HPV- and cytology-based screening and should incorporate clinical risk factors of disease (such as smoking) and colposcopic findings. These neural networks should be subsequently transformed into a user-friendly software and smart-phone application for easy use in the clinical setting. 
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Figure legends

Figure 1: Schematic diagram of an artificial neuron. Each input (i1- iN) is multiplied by a single weight (ω1- ωN) and the products are summarized in Σ block. The output is produced from the non-linear function and serves either as input to other neurons (for example to neurons of the hidden layer) or as the ANN output.
Figure 2:Typical architecture of a feed forward ANN. Data are supplied as inputs to the first layer of neurons (the input layer) where processing is performed. The results (outputs of the input layer) are fed as inputs to the second layer (hidden layer), in the same manner data are propagated and processed in each layer until they are processed by the output layer. The results of the last layer are the ANN outputs. It is usual to have one or more hidden layers of neurons.



Table captions
Table 1: Correlation of the cytological and the histological outcomes of the studied material
Table 2: Cross tabulation of the MLP ANN classification results as compared to the histological diagnosis for each woman in the training set, test set and in total.
Table 3: Accuracy parameters and statistical measures for the MLP ANN performance in predicting CIN2 or worse as compared to cytology at a cut-off of ASCUS, LSIL or HSIL with or without high-risk HPV DNA test.
Table 4:Detailed analysis of the MLP results for each cytological category in relation to the true histological status


