
Submitted to the Thirteenth International Conference on Machine Learning, 1996Individual and Collective Prognostic PredictionW. Nick StreetDepartments of Computer Sciences and SurgeryUniversity of Wisconsin1210 West Dayton Street, Madison, WI 53706street@cs.wisc.eduO. L. MangasarianDepartment of Computer SciencesUniversity of Wisconsin1210 West Dayton Street, Madison, WI 53706olvi@cs.wisc.eduW. H. WolbergDepartment of SurgeryUniversity of Wisconsin600 Highland Avenue, Madison, WI 53792wolberg@eagle.surgery.wisc.eduJanuary 4, 1996AbstractThe prediction of survival time or recurrence time is an important learning prob-lem in medical domains. The Recurrence Surface Approximation (RSA) method is anatural, e�ective method for predicting recurrence times using censored input data.This paper introduces the Survival Curve RSA (SC-RSA), an extension to the RSAapproach which produces accurate predicted rates of recurrence, while maintaining ac-curacy on individual predicted recurrence times. The method is applied to the problemof breast cancer recurrence using two di�erent datasets.



1 IntroductionA common prediction problem in many di�erent �elds is the analysis of survival or lifetimedata [13, 15], in which the objective can be broadly de�ned as predicting the time of a par-ticular event. Speci�cally, in medicine, we are concerned with prognosis, that is, predictingthe course of a disease based on known patient characteristics. The \event time" to be esti-mated could be either the death of the patient or the recurrence time of the disease. Accurateprognosis allows the physician and the patient to make more informed treatment decisions,especially in cases involving di�cult quality-of-life versus probability of survival decisions.This paper describes a prognosis prediction method based on nonlinear programming, andapplies the method to breast cancer prognosis, to predict how long after surgery one canexpect the disease to recur.In applying inductive machine learning to prognosis, we �rst note that this problem doesnot �t into any of the classic learning paradigms of classi�cation, function approximation,or time series prediction. While a patient can be classi�ed \recur" if the disease is observed,there is no real cuto� point at which the patient can be considered a non-recurrent case.The data are therefore censored in that we know a time to recur (TTR) for only a subsetof patients; for the others, we know only the time of their last check-up, or disease-freesurvival time (DFS). In particular, recurrence or survival data is right censored, i.e., theright endpoint (recurrence time) is sometimes unknown, since some patients will inevitablymove away, change doctors, or die of unrelated causes. Further, we are not considering here atime series, as the prediction is made at a particular point in time (e.g., diagnosis or surgery)based on characteristics known about the patient at that time.A signi�cant body of work concerning survival analysis exists in the statistics literature;see, for instance, the summary review by Henderson [8] and references therein. However,the application of machine learning methods to problems involving censored data has beenrare. Schenone et al. [21] used a self-organizing neural network to �nd classes of cases withsimilar expected recurrence times. However, they did not directly address the problem ofusing censored data, that is, cases which have not been followed to recurrence / death. Burke[4] used arti�cial neural networks (ANNs) to approach prognosis as a separation problem,as was done in previous work at Wisconsin [26, 28]. This is done by choosing one or moreendpoints and separating sets such as \patients who recurred in less than two years." Thework of Ravdin and colleagues [7, 19, 20] used ANNs to generate survival curves, whichplot the probability of survival or disease-free survival against time. This work uses thethe trained network's output as an approximation of recurrence probability. While theircumulative results closely �t the population recurrence characteristics of the test cases, webelieve that better individual predictions may be obtained by directly predicting survivaltime, while still maintaining accurate group recurrence characteristics.1



2 The Recurrence Surface Approximation (RSA)We approach the prediction of time to recur (TTR) as a function estimation problem, amapping of an n-dimensional input of cytological and other features to a one-dimensionaltime output. Our original solution to this estimation problem is termed the recurrence surfaceapproximation (RSA) technique [23, 14, 27]. RSA uses linear programming to determine alinear combination of the input features that accurately predicts TTR. Intuitively, we wishto �t the observed recurrences as closely as possible, and use the disease-free survival time(DFS) of the censored cases as a lower bound on the recurrence time of that patient. Theseassumptions can be formulated into the following linear program for a given training set:minimizew;
;y;z eTy + eTzsubject to �y � Mw + 
e� t � y�Nw � 
e+ r � zMw + 
e � 0Nw + 
e � 0y; z � 0 (1)The purpose of this linear program is to learn the weight vector w and the constant term
. These parameters determine a recurrence surface s = xw+
, where x is the n-dimensionalvector of measured features and s is the surface (in this case, a plane de�ned on the featurespace) that predicts recurrence times. Here M is an m � n matrix of the m recurrentpoints, with times to recur (TTRs) given by the m-dimensional vector t. Similarly, the knon-recurrent points are collected in the k � n matrix N , and their last known disease-freesurvival (DFS) times are in the k-dimensional vector r. The vectors y and z represent theerrors for recurrent and non-recurrent points, respectively. Any di�erence between observedTTR and predicted time to recur s = xw+ 
 is an error, while predicting a recurrence timesmaller than an observed DFS is also an error. The objective merely minimizes the sumof these errors, using e, a vector of 1's of appropriate dimension. We also require that alltime-of-recurrence predictions are non-negative. In the terminology of [23] this formulationwas referred to as the \pooled error" RSA variation.This prediction method has been applied, with considerable success, to breast cancerdata collected at the University of Wisconsin Hospital. The current version of this dataset(the Wisconsin Prognostic Breast Cancer (WPBC) data [25], also available at the UCIMachine Learning Repository [16]) consists of 198 cases, each containing 32 input featuresmeasuring cytological and other prognostic factors [24, 28]. The RSA technique was shownto outperform prediction techniques which rely solely on recurrent cases, and to reliablydi�erentiate cases with a good prognosis from those with an intermediate or poor prognosis.However, while RSA successfully \rank-ordered" the cases based on expected outcome,the predicted recurrence times did not closely follow the observed outcomes as a group.Figure 1 shows the disease-free survival curve obtained using the RSA recurrence estimates(using leave-one-out testing [12]), along with the curve plotting actual outcomes (as estimatedusing the Kaplan-Meier method [10]). Error bars representing 95% con�dence intervals2



around the Kaplan-Meier curve are shown at each 12-month interval. The RSA methodtends to cluster the predicted recurrences close together, and shows an overall bias towardpessimistic (that is, early) predictions. In fact, RSA predicted all of the recurrence times tobe less than 20 years; in reality, the expected recurrence rate at 20 years could be expected tobe around 65% to 70% [9]. This follows the bias toward early recurrences which necessarilyexists in all such datasets. Not all cases can be followed to an observed recurrence; patientsmove, change physicians, or die of unrelated causes. Therefore, the observed recurrencesare unavoidably biased toward those which occur early in the study. Ideally, a predictivemethod would account for this bias and follow the group recurrence characteristics, whilestill maintaining accuracy on individual cases.
0 50 100 150 200

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Months

P
r(

D
is

ea
se

−
F

re
e 

S
ur

vi
va

l)

RSA

Actual

Figure 1: Disease-free survival curve predicted by RSA method on WPBC data compared to curveusing actual outcomes. Error bars represent 95% con�dence intervals.3 Predicting Collective Recurrence RatesIn order to get better agreement between the actual and RSA-predicted survival curves,we modify our RSA surface as follows. We sample the actual survival curve at discreteintervals, construct a term which approximates the value of the RSA-predicted curve, andmodify our RSA by minimizing the di�erence of the two curves. First, the time of thestudy is divided into equal time intervals and the values stored as the vector s; speci�cally,s = [12; 24; 36; : : : ; 240]T , where each element represents months. At each time step si,3



we wish to know the percentage of cases which should be expected to recur at some time� > si. This is done by computing the corresponding Kaplan-Meier estimate si of the actualdisease-free survival curve that our modi�ed RSA will try to �t. These values are stored inthe vector p, e.g., p = [0:93; 0:86; 0:80; : : : ; 0:30]T . Thus, for a given training set, we expectthe probability of disease-free survival at time si to be pi.Now we want our modi�ed RSA to predict a survival curve in close agreement withthe true one. At each time step si, we will count the number of cases with RSA-predictedrecurrence time � > si, and compare that to the expected number. For a particular trainingpoint, consider the value (xTw + 
 � si)� (2)where (�)� is the step function, de�ned as one if � > 0 and zero otherwise. The value (2)is one if the predicted time of recurrence for the case with feature vector x is greater thana particular time step si. Now let X := " MN #, all of the training points collected into onematrix. The total number of cases with predicted TTR greater than si iseT (Xw + 
e� sie)�; (3)where again e represents a vector of ones of appropriate dimension. When divided by thetotal number of points, m + k, this gives the desired height of the predicted survival curveat time si.Enforcing closeness over the k di�erent time steps results in the following nonlinearoptimization problem that generates a modi�ed RSA, which we term the Survival CurveRSA (SC-RSA):minimizew;
;y;z (1� �)(eTy + eTz) + �2 kXi=1(eT (XTw + 
e� sie)� � (m+ k)pi)2subject to �y � Mw + 
e� t � y�Nw � 
e+ r � zMw + 
e � 0Nw + 
e � 0y; z � 0 (4)The parameter � 2 [0; 1] controls the relative weight given to accurate individual predic-tions versus accurate recurrence percentages, allowing us to trade o� the two objectives ofthe resulting model. In order to solve this nonlinear program with a discontinuous objec-tive by using standard techniques of smooth optimization, the step function can be replacedby its smooth approximation, a sigmoid function. We used the error function, that is, theintegral of the standard normal curve. 11It may be necessary to multiply the error function by some positive parameter � to control the steepnessof the resulting sigmoid. However, in practice, our results were obtained with � = 1.4



Considering the two terms of the objective function in (4) separately is closely relatedto the �eld of multi-objective mathematical programming [22]. This area of optimizationconsiders problems of the form vectorminx2S 266664 f1(x)f2(x)...fk(x) 377775 : (5)Here, multiple, possibly competing objectives are to be optimized on some feasible set S.The possible solutions to such a problem are known as e�cient or Pareto optimal [18] points.At a Pareto optimal point, none of the fi(x) can be further lowered without increasing thevalue of some other fj(x). Pareto optimal points can be obtained by solvingminimizex2S kXi=1 �ifi(x)subject to �i � 0;Pki=1 �i = 1 (6)The SC-RSA mathematical program can be considered as having de�ne two competingobjective functions, with the �rst one based on predicting individual prognosis while thesecond predicting collective recurrence rate. Solutions to (4) can therefore be viewed asPareto optimal points, in this case, optimal for a given value of �. Choosing a particularsolution from the various Pareto optimal points (that is, choosing �) assigns relative weightsto the two objectives. This choice of � must be done on a domain-dependent basis, as therelative weight given to the two parts of the objective could vary signi�cantly depending onthe application. In our case of medical prognosis, we are willing to sacri�ce only a smallamount of accuracy on the individual predictions in order to obtain satisfactory predictedrecurrence rates.4 Computational ResultsThis section describes computational experiments that generate an SC-RSA for each oftwo breast cancer prognosis databases. Computations were carried out using the GAMSmodelling language [3] and the MINOS nonlinear program solver [17].4.1 Wisconsin Prognostic Breast Cancer (WPBC) DataThe �rst set of experiments was performed on the Wisconsin Prognostic Breast Cancer(WPBC) data cited above. As depicted in Figure 1, the follow-up times for these patients areavailable for ten years only. In order to compensate for this relatively short time interval andproduce more realistic recurrence characteristics, we extend the actual disease-free survivalcurve by assuming a 7% per year recurrence rate between ten and twenty years, based onmedical literature [9]. 5



Figure 2 shows the true Kaplan-Meier estimate of these cases along with the 7% peryear recurrence extension. This estimate of the true recurrence rate is compared to thepredicted recurrence rate of SC-RSA using three di�erent values of the parameter �: 0.0(corresponding to the RSA plot from Figure 1), 0.1 and 0.9. The 0.9 case gives primaryimportance to the nonlinear curve-�tting term of the objective function, resulting in a verygood collective recurrence rate. Assigning the small weight, 0.1, to the nonlinear term stillresults in a reasonable �t to the desired survival curve, but emphasizes the correctness ofindividual prognostic prediction.
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Figure 2: Actual disease-free survival curve compared to those predicted by SC-RSAusing various lambda values.Table 1 shows three di�erent metrics comparing how well the three di�erent predictionmethods { original RSA (� = 0) and SC-RSA with � = 0:1 and � = 0:9 { �t the truedisease-free survival curve. For each of these metrics, the curves are sampled at one-yearintervals up to ten years. The measurements are: cumulative di�erence of the curves atthese ten points, worst percentage di�erence between the curves, and number of the tentime intervals at which the predicted curve lies within the 95% con�dence interval of thetrue curve. Table 1 shows that no matter what error metric is used, a small value of theparameter � decreases the error markedly over the � = 0 case, while larger values of � haveonly marginal e�ects.The above results indicate that SC-RSA improves the original RSA model by generatingrecurrence predictions at approximately the appropriate rate. Table 2 shows that the predic-tive accuracy on individual cases has not been sacri�ced in order to achieve this gain. This6



� Error in Survival CurveCumulative Di�erence Maximum % Di�erence Number of Points in CI0.0 1.53 72.9 30.1 0.53 10.8 70.9 0.32 9.8 10Table 1: Di�erent error measurements (cumulative absolute error, maximum percent-age error, and number of points in con�dence interval) comparing the true Kaplan-Meier recurrence rate to the recurrence rate predicted by SC-RSA, using varioussettings of the parameter �.table shows the generalization estimates of the three leave-one-out tests plotted in Figure 2,considering only the estimated prediction error, that is, the original objective function ofEquation (1). Surprisingly, for small values of �, the SC-RSA method appears to predictrecurrences slightly better than the original RSA, although this di�erence is not statisticallysigni�cant. For larger values of �, the prediction accuracy deteriorates signi�cantly, re
ectingthe diminished importance placed on individual prognoses. We note that signi�cantly bettergeneralization results can be obtained on this data using simple feature selection techniquessuch as that proposed in [23] and [2].� Average Error (months)All Points Non-recur Recur0.0 17.4 8.0 47.60.1 16.4 3.4 57.90.9 34.9 7.1 121.3Table 2: Mean error (objective of Equation (1)) on Wisconsin prognostic data usingSC-RSA (Equation (4)). Results obtained using leave-one-out testing.In addition to maintaining the quality of the individual predictions, SC-RSA is alsoreplicates the success of RSA in rank-ordering the cases. Figure 3 shows the Kaplan-Meiercurves of four di�erent subsets, using the true outcomes: cases predicted by the SC-RSA(� = 0:1) to recur before �ve years (39 cases), �ve to ten years (38), ten to �fteen years (55),and later than �fteen years (66) following surgery. Here we see that, not only are the casesordered correctly by the SC-RSA prediction, but also that in the two categories for whichactual follow-up data are available, many of the observed recurrences take place around thetime they are predicted by SC-RSA.4.2 SEER DataWe repeated the above tests on a subset of the breast cancer outcomes data from the Surveil-lance, Epidemiology, and End Results (SEER) Program of the National Cancer Institute [5],which contains follow-up data for over 24,000 breast cancer patients. The SEER program7
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Figure 3: True disease-free survival curves (using Kaplan-Meier estimates) for thosecases from the WPBC dataset with various predicted recurrence times.uses survival time as the endpoint, rather than recurrence time. These cases contain the fol-lowing �ve integer-valued input features: Histological Grade, Tumor Size, Tumor Extension,Number of Axillary Lymph Nodes Positive and Number of Axillary Nodes Examined. Thereis a high incidence of missing feature values in this data; for instance, histological grade isrecorded for only about 17% of the cases. For the purposes of this experiment, we randomlyselected a set of 1,195 cases that had no missing feature values.Figure 4 shows the actual survival curve of this subset of the SEER dataset, again with95% con�dence intervals and again extended with a 7% per year death rate (rather thanrecurrence rate) between ten and twenty years. The predicted survival curves are shownusing the same three values of �: 0.0 (original RSA), 0.1 and 0.9. Although the SC-RSAmethod does not bring the curves into such close agreement on this data, Figure 4 and theerror metrics shown in Table 3 indicate that the survival curves resulting from the SC-RSApredictions are markedly better than that of the original formulation. Further, Table 4 showsthat the mean prediction error using SC-RSA generally degrades gradually as � increases.Finally, we strati�ed the SEER predictions based on the predicted time of death. Theresults in Figure 5 show the true Kaplan-Meier survival estimates for four groups: those witha predicted survival (using SC-RSA with � = 0:1) between zero and �ve years (64 cases),5-10 years (171), 10-15 years (396), and greater than 15 years (562). Again, the SC-RSAprocedure successfully rank-ordered the cases.8
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Figure 4: Actual survival curve of selected SEER cases, augmented with 7% per yeardeath rate between ten and twenty years, compared to the curves predicted by SC-RSAusing various lambda values. Error bars represent 95% con�dence intervals aroundthe survival probability.� Error in Survival CurveCumulative Di�erence Maximum % Di�erence Number of Points in CI0.0 1.60 86.4 10.1 1.36 28.0 00.9 0.95 20.3 0Table 3: Di�erent error measurements comparing the true Kaplan-Meier recurrencerate to the recurrence rate predicted by SC-RSA, using various settings of the param-eter �, on the SEER dataset.� Average Error (months)All Points Non-recur Recur0.0 15.8 6.1 43.00.1 29.2 1.9 105.70.9 31.8 3.4 111.4Table 4: Mean error (objective of Equation (1)) on SEER data using SC-RSA (Equation(4)). Results obtained using leave-one-out testing.9
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Figure 5: True disease-free survival curves (using Kaplan-Meier estimates) for thosecases from the SEER dataset with various predicted recurrence times.5 Clinical ApplicationBoth medical and personal decisions hinge on the projected future course of the breast cancer.Decisions whether or not chemotherapy is needed and the intensity of such therapy arebased on the anticipated course of the cancer. For example, patients with favorable outlooksmay forego chemotherapy entirely, whereas those with less favorable outlooks will undergovarying intensity of chemotherapy even to bone marrow transplantation for those with theleast favorable outlook. This chemotherapy is given immediately after surgery even in theabsence of demonstrable tumor spread and is based solely on the expected future course of thecancer. However, there are three serious considerations: 1) chemotherapy's toxicity, 2) themorbidity associated with removing axillary (armpit) lymph nodes, and 3) the inaccuracy ofprognostic estimations. The mental state of the patient, as well as personal and career plansare greatly a�ected by the anticipated course of the disease. Hence, improved prognosticprediction is an important goal for cancer treatment. Our current approach has the potentialof eliminating the need for routine axillary lymph node removal and for increasing prognosticaccuracy.In current traditional medical practice, the strongest available prognostic features aretumor size and the extent to which cancer is present in the lymph nodes. The presenceof cancer in the lymph nodes is determined by microscopic examination of lymph nodesafter they have been surgically removed from the patient's armpit. However, prognosticdeterminations based on tumor size and lymph node involvement are inaccurate. For, 10%10



of patients in the most favorable category will die of breast cancer and 40% of those in themost unfavorable category will survive.The surgical removal of lymph nodes leaves the patient more susceptible to infection andthe arm frequently develops lymphedema, a potentially severe swelling of the arm [1, 11].Hence, one of the goals of our work is to generate accurate predictive models that areobtained by using only nuclear features, and are not improved by including lymph nodestatus. Previous results with the RSA formulation indicate that precise nuclear featuresindeed do provide the most useful prognostic information [23]. This result is corroborated toa certain degree in this paper, as SC-RSA was able to match the true survival curve muchbetter using the WPBC dataset with its nuclear features versus the SEER data which reliesmuch more on lymph node information. If further studies con�rm these �ndings, the routineand potentially hazardous and debilitating removal of lymph nodes from the armpit of breastcancer patients for prognostic purposes can be avoided.The predictive model with the best estimated accuracy is now in clinical use at the Uni-versity of Wisconsin Hospital. Using this model, we predict a time of recurrence for patientswho have been diagnosed with a malignant tumor. In addition, the patient's probability ofdisease-free survival is estimated in the form of a Kaplan-Meier survival curve. The disease-free survival curve for the individual patient is based on those training cases that had asimilar predicted time of recurrence.6 Conclusions and Future WorkThe Survival Curve RSA method presented here uses a mathematical programming approachto function approximation to produce a predictive model for recurrence data. The twoparts of the objective function trade o� apparent accuracy of individual predictions versusthe overall rate of recurrence, in order to adjust for unavoidable biases in real datasets.Our computational results indicate that assigning a small weight to the survival-curve termof this dual objective results in considerably more accurate overall recurrence rates whilemaintaining an acceptable loss in estimated predictive accuracy.The next issue we intend to address is that of estimating the predictive error of the SC-RSA surface. The RSA objective function makes no assumptions about the recurrence timesof censored cases beyond the obvious one, that is, that the observed disease-free time is alower bound on possible recurrence. However, it is reasonable to assume, as we have donein this work, that recurrences will occur at a rate consistent with the training data. Thisassumption can be incorporated into the original RSA objective function (the �rst term ofthe SC-RSA objective) by revising the error term associated with censored cases. This willresult in a more accurate predictive surface as well as giving more reliable estimates of theexpected error of the system in practice. Further, this will allow for easier comparisons of ourwork with that in the statistical literature, most of which is based on the Cox proportionalhazards model [6]. Computational comparisons on both clinical and simulated datasets willbe performed. We will also explore variations involving nonlinear predictive surfaces, whichmay have a more appropriate inductive bias for some learning situations; for example, some11



prognostic factors may exhibit a nonlinear relationship to expected recurrence, which is lostin the current model. Further, we will continue to pursue the goal of accurate breast cancerprognostic prediction without using lymph node status.A potentially important research direction is the use of the RSA method to evaluatethe relative e�ectiveness of di�erent treatment strategies. By building separate prognos-tic prediction surfaces using patients who received di�erent treatments, we can determinewhich regions of the feature space correspond to an improved prognosis for each particulartreatment. The portion of the feature space where one treatment is clearly favored wouldrepresent a patient pro�le, a set of characteristics which would indicate use of that treat-ment. As with all of our medical applications, the goal is to provide doctors and patientswith predictive models that increase the accuracy with which clinicians can plot the futurecourse of diseases, resulting in treatment decisions in which both doctor and patient havethe most reliable information.AcknowledgementsThe authors would like to thank Don Henson for use of the SEER database, and DennisHeisey for his suggestions regarding methods for comparing survival curves. This researchwas supported by Air Force O�ce of Scienti�c Research Grant F{49620{94{1{0036 andNational Science Foundation Grant CCR{9322479.
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