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1. Learning Algorithms May Perform Worse with W.A. Yousef; S. Kundu Computational Statistics & 2014 International ISSN:
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In machine learning problems a learning algorithm tries to learn the input—output dependency (relationship) of a system from a training dataset. This input—output relationship is usually
deformed by a random noise. From experience, simulations, and special case theories, most practitioners believe that increasing the size of the training set improves the performance of
the learning algorithm. It is shown that this phenomenon is not true in general for any pair of a learning algorithm and a data distribution. In particular, it is proven that for certain
distributions and learning algorithms, increasing the training set size may result in a worse performance and increasing the training set size infinitely may result in the worst performance
—even when there is no model misspecification for the input—output relationship. Simulation results and analysis of real datasets are provided to support the mathematical argument.
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2. Assessing classifiers in terms of the partial area W.A. Yousef Computational Statistics & 2013 International ISSN:
under the ROC curve Data Analysis 64(0): p. 51-70. Journal 0167-9473
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Assessing classifiers using the partial area under the ROC curve (PAUC) (or its equivalent, “separability”, that is a function of the chosen threshold of the decision variable) is
considered. The population properties of the “separability” as a function only of the trained classifier and the selected threshold are derived. Next, the nonparametric estimation of
the “separability” and its mean, for which we assume the availability of only one dataset, using the leave-pair-out bootstrap-based estimator, is considered. In addition, the influence
function approach to estimate the uncertainty of that estimate is used. The major contributions are the inclusion of the effect of the training set on the properties of the “separability”,
and also on its nonparametric estimator, in both the mean and the variance; this is a key difference from the PAUC literature and its use in medical community. The mathematical
properties are confirmed by a set of experiments using simulated and real datasets. Finally, the true performance (not its estimate) of classifiers measured in “separability” may vary
significantly with varying the training set, while its estimate yet has a small estimated variance. This accounts for having “good” estimate for “bad” performance
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We categorize the statistical assessment of classifiers into three levels: assessing the classification performance and its testing variability conditional on a fixed training set,
assessing the performance and its variability that accounts for both training and testing, and assessing the performance averaging over training sets and its variability that accounts
for both training and testing. We derived analytical expressions for the variance of the estimated AUC and provide freely available software implemented with an efficient
computation algorithm. Our approach can be applied to assess any classifier that has ordinal (continuous or discrete) outputs. Applications to simulated and real data sets are

presented to illustrate our methods.
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To successfully translate genomic classifiers to the clinical practice, it is essential to obtain reliable and reproducible measurement of the classifier performance. A point estimate of the
classifier performance has to be accompanied with a measure of its uncertainty. In general, this uncertainty arises from both the finite size of the training set and the finite size of the
testing set. The training variability is a measure of classifier stability and is particularly important when the training sample size is small. Methods have been developed for estimating
such variability for the performance metric AUC (area under the ROC curve) under two paradigms: a smoothed cross-validation paradigm and an independent validation paradigm. The
methodology is demonstrated on three clinical microarray datasets in the microarray quality control consortium phase two project (MAQC-II): breast cancer, multiple myeloma, and
neuroblastoma. The results show that the classifier performance is associated with large variability and the estimated performance may change dramatically on different datasets.
Moreover, the training variability is found to be of the same order as the testing variability for the datasets and models considered. In conclusion, the feasibility of quantifying both
training and testing variability of classifier performance is demonstrated on finite real-world datasets. The large variability of the performance estimates shows that patient sample size is
still the bottleneck of the microarray problem and the training variability is not negligible.
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Gene expression data from microarrays are being applied to predict preclinical and clinical endpoints, but the reliability of these predictions has not been established. In the MAQC-II
project, 36 independent teams analyzed six microarray data sets to generate predictive models for classifying a sample with respect to one of 13 endpoints indicative of lung or liver
toxicity in rodents, or of breast cancer, multiple myeloma or neuroblastoma in humans. In total, >30,000 models were built using many combinations of analytical methods. The teams
generated predictive models without knowing the biological meaning of some of the endpoints and, to mimic clinical reality, tested the models on data that had not been used for training.
We found that model performance depended largely on the endpoint and team proficiency and that different approaches generated models of similar performance. The conclusions and
recommendations from MAQC-II should be useful for regulatory agencies, study committees and independent investigators that evaluate methods for global gene expression analysis.
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6. On Detecting Abnormalities in Digital W. A. Yousef; W.A. Mustafa; A.A. | Applied Imagery Pattern 2010 | International ISSN:
Mammography. Ali; N.A. Abdelrazek; A.M. Recognition Workshop, 2010. Conference 1550-5219
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Breast cancer is the most common cancer in many countries all over the world. Early detection of cancer, in either diagnosis or screening programs, decreases the mortality rates.
Computer Aided Detection (CAD) is software that aids radiologists in detecting abnormalities in medical images. In this article we present our approach in detecting abnormalities in
mammograms using digital mammography. Each mammogram in our dataset is manually processed—using software specially developed for that purpose—by a radiologist to mark and
label different types of abnormalities. Once marked, processing henceforth is applied using computer algorithms. The majority of existing detection techniques relies on image processing
(IP) to extract Regions of Interests (ROI) then extract features from those ROIs to be the input of a statistical learning machine (classifier). Detection, in this approach, is basically done
at the IP phase; while the ultimate role of classifiers is to reduce the number of False Positives (FP) detected in the IP phase. In contrast, processing algorithms and classifiers, in pixel-
based approach, work directly at the pixel level. We demonstrate the performance of some methods belonging to this approach and suggest an assessment metric in terms of the Mann
Whitney statistic.
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In the problem of binary classification (or medical diagnosis), the classification rule (or diagnostic test) produces a continuous decision variable which is compared to a critical value (or
threshold). Test values above (or below) that threshold are called positive (or negative) for disease. The two types of errors associated with every threshold value are Type I (false
positive) and Type II (false negative) errors. The Receiver Operating Curve (ROC) describes the relationship between probabilities of these two types of errors. The inverse problem is
considered; i.e., given the ROC curve (or its estimate) of a particular classification rule, one is interested in finding the value of the threshold & that leads to a specific operating point on
that curve. A nonparametric method for estimating the threshold is proposed. Asymptotic distribution is derived for the proposed estimator. Results from simulated data and real-world
data are presented for finite sample size. Finding a particular threshold value is crucial in medical diagnoses, among other fields, where a medical test is used to classify a patient as
“diseased’” or ‘‘nondiseased’ based on comparing the test result to a particular threshold value. When the ROC is estimated, an operating point is obtained by fixing probability of one
type of error, and obtaining the other one from the estimated curve. Threshold estimation can then be viewed as quantile estimation for one distribution but with the utilization of the
second one.
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We propose a novel influence-function-based approach to estimating the variance of classification performance that is estimated using the Monte Carlo K-fold Cross Validation (MKCV)
procedure. In MKCYV, the data is partitioned into K exclusive folds and the classifier is trained with K —1 folds of the data and then tested on the remaining one fold to estimate the
performance; this process is repeated M times by shuffling the data each time and the M performance values are averaged to obtain the final performance estimate. A naive variance
estimator is to use the sample variance of the M performance values, which does not account for the correlations and hence is biased. Our preliminary simulation results show that our

new approach is promising.
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9. Comparison of classifier performance estimators: | W. Chen; R.F. Wagner; W.A. Yousef; | Proceedings SPIE 7263 of 2009 International ISSN:

a simulation study B. Gallas. IEEE Medical Imaging 2009: Conference 0277-786X
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We aim to compare resampling-based estimators of the area under the ROC curve (AUC) of a classifier with a Monte Carlo simulation study. The comparison is in terms of bias,
variance, and mean square error. We also examine the corresponding variance estimators of these AUC estimators. We compared three AUC estimators: the hold-out (HO) estimator, the
leave-one-out cross validation (LOOCV) estimator, and the leave-pair-out bootstrap (LPOB) estimator. Each performance estimator has its own variability estimator. In our simulations,
in terms of the mean square error, HO is always the worst and the rating of the other two estimators depends on the interplay of sample size, dimensionality, and the population
separability. In terms of estimator variability, the LPOB is the least variable estimator and the HO is the most variable estimator. The results also show that the estimation of the variance
of LPOB using the influence function approach with a finite data set is unbiased or conservatively biased whereas the estimation of the variance of the LOOCYV or the HO is downwardly,
i.e., anticonservatively biased.
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Assessment and comparison of medical imaging systems in the last decade have been characterized by the emergence of methods that account for the randomness or variability of the
radiologists as well as that of the patients whose images they read. These methods have been naturally extended to the assessment of radiologists without and with computer-assist
adjuncts, so-called computer-aided diagnosis. We are rapidly moving into an era in which image-based and nonimage-based biomarkers in high-dimensional space will be fused into
diagnostic decision-making tools that may be used independently of human readers. The most obvious examples are multiple-gene-expression microarrays (“DNA chips”) whose large
number of outputs will be applied to the task of detecting or diagnosing various disease conditions, as well as predicting who will be the responders and who the nonresponders to a
specified drug or therapy (“personalized medicine”). Statistical learning machines must be trained from example cases how to combine these many outputs and then be tested for their
performance of these tasks on previously unseen cases. The randomness or variability from training and testing of learning machines are in a one-to-one analogy with the randomness or
variability from radiologists and patients in the conventional imaging task. This chapter reviews our understanding of this analogy and recent developments in assessment of both the
conventional and the algorithmic modes of diagnosis.
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Statistical Learning is the process of estimating an unknown probabilistic input-output relationship of a system using a limited number of observations; and a statistical learning
machine (SLM) is the machine that learned such a process. While their roots grow deeply in Probability Theory, SLMs are ubiquitous in the modern world. Automatic Target
Recognition (ATR) in military applications, Computer Aided Diagnosis (CAD) in medical imaging, DNA microarrays in Genomics, Optical Character Recognition (OCR), Speech
Recognition (SR), spam email filtering, stock market prediction, etc., are few examples and applications for SLM; diverse fields but one theory.

The field of Statistical Learning can be decomposed to two basic subfields, Design and Assessment. We mean by Design, choosing the appropriate method that learns from the
data to construct an SLM that achieves a good performance. We mean by Assessment, attributing some performance measures to the designed SLM to assess this SLM objectively.
To achieve these two objectives the field encompasses different other fields: Probability, Statistics and Matrix Theory; Optimization, Algorithms, and programming, among others.

Three main groups of specializations—namely statisticians, engineers, and computer scientists (ordered ascendingly by programming capabilities and descendingly by
mathematical rigor)—exist on the venue of this field and each takes its elephant bite. Exaggerated rigorous analysis of statisticians sometimes deprives them from considering new
ML techniques and methods that, yet, have no “complete” mathematical theory. On the other hand, immoderate add-hoc simulations of computer scientists sometimes derive them
towards unjustified and immature results. A prudent approach is needed that has the enough flexibility to utilize simulations and trials and errors without sacrificing any rigor. If this
prudent attitude is necessary for this field it is necessary, as well, in other fields of Engineering.

In the spirit of this prelude, this article is intended to be a pilot-view of the field that sheds the light on SLM applications, the Design and Assessment stages, necessary
mathematical and analytical tools, and some state-of-the-art references and research.
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Breast cancer is the most common cancer all over the world. Early detection of cancer, in either diagnosis or screening programs, decreases
the mortality rates. The survival rate is greatly influenced by how early the cancer is treated, thus it is important to discover the disease at an early
stage. Clusters of microcalcifications are early sign of possibly cancer and are in general not palpable. Computer Aided Detection (CAD) is software
that aids radiologists in detecting breast abnormalities, including microcalcifications. £LZBCAD is a recent CAD that is designed to be importable to
any image viewer or any other software. We measure the performance of the CAD microcalcifications detection, and compare it to the readings of

an experienced radiologist.
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