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M19-527 Spring 2017
Development, Validation, and Application of Risk Prediction Models 

Spring 1 and 2 (1/25-4/25/16)  G. Colditz, M. Olsen, E. Lu, & others  2.0 credits  (Ying Liu, TA)
Monday 2 to 4 PM 
This course will present detailed discussion of the methods of predictive modeling, with applications to clinical and population health settings. Risk stratification models can be used to assess eligibility to studies, to identify those at risk fro more intensive therapy, and to guide prevention priorities.  When does adding another variable to prediction improve classification? What are the trade-offs to consider when moving to implementation in real world settings? 

The philosophy of the course is that learning should move away from the dictionary definition, “to receive instruction, to be informed, to commit to memory” to one that works for how computers learn, where committing to memory is a trivial task: things (students in a course like this?) learn when they change their behavior in a way that makes them perform better in the future. A performance based definition. We explore how prediction models fit into this concept of learning focusing on their development and implementation to improving health outcomes.

Building from traditional risk factor identification through regression analysis to model refinement and validation of prediction, a number of statistical approaches will be reviewed. Each method is motivated by clinical examples. Basic concepts and philosophy of supervised and unsupervised data mining as well as appropriate applications will be discussed. Topics covered will include model development and validation; regression approaches, model selection, inference, averaging; classification and regression trees (CART), and other topics. Approaches to validation will be discussed and strategies for estimation of added value with expanded variable lists will be a key focus of this applied quantitative methods course. Issues in moving to implementation and evaluation in clinical settings will round out the course.
Through examples, class discussion, and homework, students will become familiar with the methods for development, validation, and implementation of prediction models. Students will critically read and discuss a range of prediction model manuscripts.  They will prepare an analysis plan for design and implementation of a prediction model to improve health outcomes.

Course note: Biostatistics I and II (M21-560 and M21-570) or equivalent are required prerequisites. 
Meets Mondays 2 p.m. to 4 p.m.
Text: (available on reserve at the library)
Recommended reading: 
Clinical Prediction Models: A practical guide to development, validation, and updating. E. W. Steyerberg, Springer, 2010

Additional resources:
A more statistical theory based text for reference is 
The Elements of statistical learning. Data mining, inference, and prediction. Hastie T, Tibshirani R, Friedman J. Springer, 2011.
Key journal articles & references linked through library – and listed below will form much of the relevant material. Additional readings may be added during the course. 

Format
Our goal is to maximize discussion and focus on principles relevant to your area of research/practice. Each class focuses on a close reading and discussion of a published study. You must review each assigned paper in advance and be prepared to open the discussion of any one of the assigned questions. 
Focusing on applied learning, we will use individual papers to promote class discussion. In essence, a paper that exemplifies a risk prediction principle or approach to a knotty method problem is analogous to a patient who presents with a particular “classic” constellation of symptoms.  In addition to the core issues, there are inevitable ramifications that extend into design, conduct, interpretation, validation, and implementation. Good teaching and learning will follow from this discussion and exploration of issues.
Evaluation and Grading
There will be two homework assignments drawing on the study data – you will move through model development and refinement.  Students may confer with one another and consult sources outside of the class. For a final project we will require that you outline a formal strategy to develop, validate and evaluate performance of a clinically relevant model, including strategies to evaluate the benefit of adding new markers to a model and the clinical and public health utility of an extended model for risk prediction and classification. Alternatively you can submit a critique of a risk prediction model used in your field.
Grading is based exclusively on results of two homework assignments plus the term paper (25%, 25%, 50% respectively).
Time and Place
G Rose teaching room, Second Floor, Taylor Ave Building
See: Geoffrey Rose http://en.wikipedia.org/wiki/Geoffrey_Rose_(epidemiologist) 
Instructors
G A Colditz/M Olsen/E Lu /Ying Liu (TA)



Competencies:
Develop the knowledge and skills to design, implement, and evaluate epidemiology-related, health services or clinical research projects of clinical or public health significance including:
· Develop the knowledge and skills with biostatistical methods and computer software for performing appropriate analyses of public health services or clinical outcomes data.

· Develop the knowledge and skills with the definitions in basic issues involved in the clinical prediction rules including, design, development, validation, implementation, and interpretation of results for their application in clinical or public health settings.

· Apply the principles of dissemination and implementation science to the evaluation of evidence for use of risk prediction models in clinical and public health programs. Design and implement strategies with appropriate integration of evaluation to inform the refinement of clinical and public health programs that will lead to improved health and wellness of the population.

· To achieve this competency, students will: Understand the development, implementation, evaluation and refinement of guidelines as they relate to risk prediction models.

· Apply principles of study design and evaluation to T2/T3/T4 research and implementation projects.

Mental Health Services are available for full-time students enrolled on the Medical School campus. Students can self-refer to a counselor (phone: 314-362-2404, Option # 1 or Option # 2); or make an appointment with Dr. Karen Winters through Student Health Services (SHS), telephone: 314-362-3523, and follow the prompts.  
There are also contractual mental health service providers who are available off-campus. More information regarding this coverage and a list of participating providers are accessible via https://wusmhealth.wustl.edu/ and then clicking on Students and scrolling down to Mental Health Information https://wusmhealth.wustl.edu/students/mental-health-information/. 
Please do not hesitate to reach out to Dr. Winters, 314-362-3523, or to any of our off-campus providers https://wusmhealth.wustl.edu/


Week 1 (Jan 30, 2017)
Clinical risk prediction: 1. Overview of clinical and public health risk prediction (GAC)
Chapter 1 and 2 Clinical Risk Prediction
*Wald N. When can a risk factor be used as a worthwhile screening test? BMJ 1999; 319:1562-5
*Steyerberg et al.  Assessing the performance of prediction models, A framework for traditional and novel measures. Epidemiology 2010; 21:128-138
*Moons C. et al Prognosis and prognostic research: application and impact of prognostic models in clinical research. BMJ 2009:338:b606

Moons et al. Prognosis and prognostic research: what, why, and how? BMJ 2009;338:b375.
Royston et al. Prognosis and prognostic research: developing a prognostic model BMJ 2009;338:b604.
Altman et al. Prognosis and prognostic research: validating a predictive model. BMJ 2009;338:b605.

Week 2. February 6, 2017
Stats approaches and issues…From logistic regression to applying risk prediction in clinical settings: example from infectious diseases – using risk prediction to inform treatment, how good does the prediction have to be to justify implementation? (MAO)
Robicsek A, Beaumont JL, et al. Electronic prediction rules for methicillin-resistant Staphylococcus aureus colonization. Infect Control Hosp Epidemiol 2011;32:9-19. 
Harris AD, Furuno JP, et al. Targeted surveillance of methicillin-resistant Staphylococcus aureus and its potential use to guide empiric antibiotic therapy. Antimicrobiol Agents Chemother 2010;54:3143-8. (simple risk prediction model)
Harbarth S, Sax H, et al. A predictive model for identifying surgical patients at risk of methicillin-resistant Staphylococcus aureus carriage on admission. J Am Coll Surg 2008;207:683-9. (targeted surveillance in surgical patients)
Rodríguez-Baño J, García L, et al. Long-term control of endemic hospital-wide methicillin-resistant Staphylococcus aureus (MRSA): the impact of targeted active surveillance for MRSA in patients and healthcare workers. Infect Control Hosp Epidemiol 2010;31:786-95.
Background – regression and see Chapter 4. Statistical models for prediction in Clinical Prediction Models



Week 3. Feb 13, 2017
Stats approaches and issues… ROC analysis – comparing models, predictive ability, criteria to decide if addition of predictor improves model 
*Cook NR: Use and misuse of the receiver operating characteristic curve in risk prediction. Circulation 2007, 115:928-935.

Steyerberg et al Assessing the incremental value of diagnostic and prognostic markers: a review and illustration. Eur J Clin Invest 2011;42:216-28.
Levy WC, Mozaffarian D, Linker DT, Sutradhar SC, Anker SD, Cropp AB, Anand I, Maggioni A, Burton P, Sullivan MD, Pitt B, Poole-Wilson PA, Mann DL, Packer M. The Seattle Heart Failure Model: prediction of survival in heart failure. Circulation. 2006;113(11):1424-33.

Antman et al  The TIMI Risk Score for Unstable Angina/Non–ST Elevation MI.  A Method for Prognostication and Therapeutic Decision Making. JAMA 2000;284:835-42

Steyerberg et al.  Assessing the performance of prediction models, A framework for traditional and novel measures. Epidemiology 2010; 21:128-138

Week 4. Feb 20, 2017
Applications Development and validation in urology and gynonc practice – key topics: risk prediction for individualized risk, benefit/harm tradeoff, presenting information to patients, nomogram - Kattan prostate ca risk development and validation. (MAO)
Kattan MW. When and how to use informatics tools in caring for urologic patients. Nature Clin Pract Urol 2005;2:183-90. 
Kattan MW. Comparative effectiveness: a table of expected benefits and harms. Med Decis Making 2009;29:NP3-5. 
Vickers AJ, Basch E, Kattan MW. Against diagnosis. Ann Int Med 2008;149:200-3. 
Nam RK, Kattan MW, et al. Prospective multi-institutional study evaluating the performance of prostate cancer risk calculators J Clin Oncol 2011;29:2959-64.
Nugent EK, Hoff JT, et al. Wound complications after gynecologic cancer surgery Gynecol Oncol 2011;121:347–52.

Week 5. Feb 27, 2017
Statistical approaches to evaluation of health interventions and model development. Propensity score methods. (MAO)
McMurry TL, Hu Y, Blackstone EH, Kozower BD. Propensity scores: methods, considerations, and applications. J Thorac Cardiovasc Surg 2015;150:14-9.
Ali MS, Groenwold RHH, et al. Reporting of covariate selection and balance assessment in propensity score analysis is suboptimal: a systematic review. J Clin Epidemiol 2015;68:122-31. 
Sturmer T, Wyss R, Glynn RJ, Brookhart MA. Propensity scores for confounder adjustment when assessing the effects of medical interventions using nonexperimental study designs. J Int Med 2014;275:570-80.
Lalani T, Chu VH, et al. In-hospital and 1-year mortality in patients undergoing early surgery for prosthetic valve endocarditis. JAMA Int Med 2013;173:1495-504.
Raghunathan K, Shaw A, et al. Association between the choice of IV crystalloid and in-hospital mortality among critically ill patients with sepsis. Crit Care Med 2014;42:1585-91.

Week 6. March 6, 2017
Net reclassification indices and applications to CVD.
Ridker PM, Paynter NP, Rifai N, Gaziano JM, Cook NR.
C-reactive protein and parental history improve global cardiovascular risk prediction: the Reynolds Risk Score for men. Circulation. 2008 Nov 25;118(22):2243-51, 4p following 2251. 
Pencina, D’Agostino et al…Evaluating the added predictive ability of a new marker: from area under the ROC curve to reclassification and beyond. Statistics in Medicine 2008; 30;27(2):157-72 and discussion 207-12
Cook NR, Paynter NP. Performance of reclassification statistics in comparing risk prediction models. Biom J 2011; 53:237-58
Kerr KM, Wang Z, et al. Net reclassification indices for evaluating risk prediction instruments. A critical review. Epidemiol 2014;25:114-21.
Leening MJG, Vedder MM, et al. Net reclassification improvement: computation, interpretation, and controversies. Ann Int Med 2014;160:122-31.

Week 7. March 13, 2017
Examples of applications – addition of new biomarkers as predictors (Macular Degeneration example Seddon 2009 and Seddon 2013 (validation))
In class critique of methods used in two examples chosen by students in class.
Seddon JM, Reynolds R, et al. Prediction Model for Prevalence and Incidence of Advanced Age-Related Macular Degeneration Based on Genetic, Demographic, and Environmental Variables.
Invest Ophthalmol Vis Sci 2009;50:2044-53.

Seddon JM, Reynolds R, Yu Y, Rosner B. Validation of a Prediction Algorithm for Progression to Advanced Macular Degeneration Subtypes. JAMA Ophthalmol 2013;131:448-455.

Seddon JM, Reynolds R, et al. Risk Models for Progression to Advanced Age-Related Macular Degeneration Using Demographic, Environmental, Genetic, and Ocular Factors. Ophthalmol 2011;118:2203-11.

Moons K, et al. Risk prediction models: I. Development, internal validation, and assessing the incremental value of a new (bio)marker. Heart 2012;98:683-90

Week 8. March 20, 2017
 Applications, breast cancer models and comparisons – missing data and what to do with it? (GAC)
*Rosner B, Colditz GA, Iglehart JD, Hankinson SE. Risk prediction models with incomplete data with application to prediction of estrogen receptor-positive breast cancer: prospective data from the Nurses' Health Study. Breast Cancer Res. 2008;10(4):R55
*Colditz GA, Rosner BA. Cumulative risk of breast cancer to age 70 years according to risk factor status: Data from the Nurses’ Health Study. Am J Epidemiol 2000;152(10):950-64.
*Tamimi RM, Rosner B, Colditz GA. Evaluation of a Breast Cancer Risk Prediction Model Expanded to Include Category of Prior Benign Breast Disease Lesions. Cancer 2010;116(21):4944-53. 

*Meads C, et al. A systematic review of breast cancer incidence risk prediction models with meta-analysis of their performance.   Breast Cancer Res Treat (2012) 132:365–377

Rosner B, Colditz GA.  Nurses' Health Study: Log-incidence mathematical model of breast cancer incidence.  J Natl Cancer Inst 1996;88:359-364.

Colditz GA, Rosner BA, Chen WY, Holmes MD, Hankinson SE. Risk factors for breast cancer according to estrogen and progesterone receptor status. J Natl Cancer Inst 2004; 96(3):218-28.

Yergouwe Y, Royston R, Moons KGM, Altman DG. Development and validation of a prediction model with missing predictor data: a practical approach. J Clin Epidemiol 2010;63:205-14.


Week 9. Mar 27, 2017
Validation of Models - your disease risk AND Rosner-Colditz breast model (GAC)
Your disease risk validation:
Colditz GA, Atwood KA, Emmons K, Monson RR, Willett WC, Trichopoulos D, Hunter DJ.  Colon cancer prevention. Volume 4: Harvard Cancer Risk Index Working Group, Harvard Center for Cancer Prevention. Cancer Causes Control 2000;11:477-488.
Kim DJ, Rockhill B, Colditz GA. Validation of the Harvard Cancer Risk Index: A prediction tool for individual cancer risk. J Clin Epi 2004;57(4):332-40.
Breast models validation – Gail and then Rosner-Colditz:
Rockhill B, Spiegelman D, Byrne C, Hunter DJ, Colditz GA. Validation of the Gail et al. model of breast cancer risk prediction and implications for chemoprevention. J Nat Canc Inst 2001;93:358-66.
Rosner B, Colditz G, et al. Validation of Rosner-Colditz breast cancer incidence model using an independent data set, the California Teachers Study. Breast Ca Res Treat 2013 Breast Cancer Res Treat. 2013 Nov;142(1):187-202.

Collins et al. External validation of multivariable prediction models: a systematic review of methodological conduct and reporting. BMC Med Res Methodology 2014,14:40.
Kattan MW, Hess KR, Amin MB, et al. American Joint Committee on cancer acceptance criteria for inclusion of risk models for individualized prognosis in the practice of precision medicine. AC Cancer J Clin 2016;66:370-4.


Week 10. April 3, 2017 
Heterogeneity and subgroup analyses for personalized risk prediction 
Nakanishi R, Li D, Blaha MJ, et al. The relationship between calcium artery score and the long-term mortality among patients with minimal or absent coronary artery risk factors. Int. J Cardiol 2015;185:275-281.
Joshi PH, Patel B, Blaha MJ, et al. Coronary artery calcium predicts cardiovascular events in participants with a low lifetime risk of cardiovascular disease: The Multi-Ethnic Study of Atherosclerosis (MESA). Atherosclerosis 2016;246:367-373
McEvoy JW, Martin SS, Dardari ZA, et al. Coronary artery calcium to guide a personalized risk-based approach to initiation and intensification of antihypertensive therapy. Circulation 2016 Nov 23. 
Week 11. April 10, 2017
Calibration and validation examples
Yikyung Park, Associate Professor, Division of Public Health Sciences
Schonfeld SJ, Pee D, et al. Effect of Changing Breast Cancer Incidence Rates on the Calibration of the Gail Model. J Clin Oncol 2010;28:2411-7.

Read Chapter 15 section 15.3 calibration
Read Chapter 17 validation of prediction models and 19

Week 12. April 17, 2017
Classification and regression trees (CART), random forests - another approach for prediction
Esther Lu, Assistant Professor, Division of Public Health Sciences

References

[bookmark: _GoBack]Week 13. April 24, 2017
From development to implementation and improved patient outcomes - focus of this class is on moving to implementation. Community acquired pneumonia (MAO)
Fine MJ, Hanusa BH, et al. Comparison of a disease-specific and a generic severity of illness measure for patients with community-acquired pneumonia. J Gen Intern Med 1995;10:359-68.

Fine MJ, Auble TE, et al. A prediction rule to identify low-risk patients with community-acquired pneumonia. N Engl J Med 1997;336:243-50.

See also:

Moons K, et al. Risk prediction models: II. External validation, model updating, and impact assessment. Heart 2012;98:691-8. 

Chapter 19. Patterns of external validity.

Week 14. May 1, 2017
Student presentations
List key issues you are focusing on in each area (what is purpose of prediction model). Consider strengths and weaknesses of model development, predictive ability. What do you look for to assess the quality of the model and what is missing?
1. Objective
2. Patient and study characteristics
3. Analysis
4. Validation
5. Implementation or impact on practice
6. Interpretation
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