Prognostic Models in Medicine:

Artificial-intelligence and Decision-analytic approaches

Peter Lucas Department of Computer Science Utrecht University, PO Box 80089 3508 TB Utrecht, The Netherlands E-mail: lucas@cs.ruu.nl

Ameen Abu-Hanna Department of Medical Informatics AMC-UvA, Meibergdreef 15 1105 AZ Amsterdam, The Netherlands E-mail: a.abu-hanna@amc.uva.nl

Abstract

This is a sample paper for the workshop on Prognostic Models in Medicine: Artificial Intelligence and Decision-analytic Approaches held during AIMDM’99. Prognosis – the prediction of the course and outcome of disease processes – is an important aspect in patient management tasks like diagnosis and treatment planning. Approaches to prognosis vary from traditional probabilistic decision-theoretic approaches, originating from the field of Medical Decision Analysis, to more qualitative and modelbased approaches originating from the field of Artificial Intelligence.

1 Introduction

This is a sample paper, based on bits and pieces of a paper that was published in the proceedings of CE- SA’98 [1].

Computational prognostic models are increasingly used in Medicine to predict the natural course and the outcome of illness, possibly following treatment. Examples of outcome prediction include life expectancy, recurrence of disease and unwanted side effects of drugs.

In this paper, the role of prognostic models in medical management – diagnosis, treatment selection and follow-up – of patients with disease is sketched, and the most important techniques used in the construction of prognostic models are reviewed and brought in perspective.

2 Role of prediction and prognosis in medical decision making

Scientific progress in Medicine is made at an annually increasing pace through the continuous improvement of techniques for the diagnosis and treatment of disease. Modern patient management requires that the appropriateness of medical interventions is supported by scientific evidence; otherwise, the level of health care is at risk and there is little justification for the interventions and their associated costs. These principles are usually referred to as Evidence-Based Medicine (EBM).

Ideas concerning EBM are gradually starting to influence patient care: it is increasingly recognised that diagnosis and treatment of disease should not be taken as isolated events, but, instead, should be performed with respect to expected outcomes both for the patient and the community as a whole. For example, establishing a diagnosis of concomitant disease in a terminally ill patient may have little or no value; the best choice here may be to leave it open. Balancing the costs and benefits of a major surgical intervention like cardiopulmonary transplantation is another example. Here, quality of life, risks of the surgical procedure, life expectancy, financial costs of the procedure and budgetary limitations should all be taken into account.

In arguing about the tradeoffs between costs and benefits of a particular medical procedure, knowledge of what is going to happen in the future with a patient and the associated environment is of major importance. Hence, patient management increasingly involves prediction of future events, i.e. prognosis. It is, therefore, not surprising that prognostic models constitute an integral part of a number of modern computer systems for diagnosis and treatment selection.

Various methods have been suggested for the representation of prognostic models, ranging from quantitative and probabilistic approaches to symbolic and qualitative ones. Although time seems to be a central issue in prognostic models, often time is only implicitly represented in order to keep such models manageable, both computationally and from the viewpoint of model construction.

Prognostic models can either be constructed by hand, with the help of human experts, or automatically, based on database information. Often, the logical structure of a prognostic model is elucidated with the help of a domain expert, whereas underlying numerical information, like probabilistic information, is obtained from a database, yielding a semi-automatic model-construction method.

Prognostic methods have been developed and studied both in the fields of Decision Analysis and Statistics and in Artificial Intelligence. In the following sections, various approaches to prognostic methods used in these fields are discussed, with emphasis on the technical aspects, and compared to each other.

3 Decision analysis and statistics

In the field of Decision Analysis it is assumed that rational decision making is accomplished according to the rules of mathematical decision theory, as developed in the 1940s by J. von Neumann and O. Morgenstern [18]. Decision theory is based on probability theory with utility theory; a rational decision or action is a decision that maximises expected utility, i.e. a utility in which uncertainties with respect to the outcomes of the decisions have been incorporated. Decision Analysis is traditionally concerned with prognosis, because knowledge of possible future events is obviously important in selecting the best actions. ... Figure 1 provides an example of a decision tree that

Figure 1: A simple decision tree.

describes two possible actions (surgical or medical therapy) associated with the decision variable ‘therapy’ (square node), with as outcome the chance variable ‘cure’ (circular node), denoting whether the patient is cured from the disease or not. Associated with a chance node is a probability distribution with respect to variables on the path from the root to the associated node; for example, the number 0.9 is associated with the conditional probability P (cure = yes|therapy = surgical ). The leaves of the decision tree are labeled with utility function values, which in this case represent life expectancy. Following the rules of decision theory, it is possible to determine a therapy that maximises life expectancy (here the decision is to operate with life expectancy equal to 18.2 year) [15; 13].

... There are various algorithm in use in connection with Markov processes, varying from exact algebraic algorithms and dynamic programming algorithms to stochastic simulation algorithms.

Figure 2: A simple Markov process model.

For example in Figure 2 a patient in health state S_1 has 0.95 probability to stay in S_1 after one year (assuming this is the model cycle) and 0.04 probability to enter S_2 and probability 0.01 to die. This model can be easily simulated by a computer to calculate the life expectancy of say 100 patients and calculating the average. Moreover, one can modify the probabilities within a certain simulation to account for effects of aging on mortality. For example, if during a simulation a patient stays for 5 time units in S_2 (i.e. becomes five years older) one may increase the probability for death.

4 Artificial intelligence methods

In recent years several methods and techniques from the field of Artificial Intelligence have been introduced into patient management; in some of them prognostic knowledge is represented explicitly, whereas in others only implicitly. Characteristics of Artificial Intelligence models include explicit domain models, their construction, especially by automated learning, and automated reasoning with the models.

Explicit representations When domain knowledge is represented explicitly, emphasis is put on semantic concepts, such as notions of space, time and causality. Typical examples are models of human anatomy, (patho)physiology and biochemistry. Both anatomical and causal models have mainly been used in the field of medical diagnosis [10]. Anatomical knowledge can be very useful to localise causes of malfunction, in particular in neurology [5]. But such knowledge seems to have less relevance in the construction of prognostic models than causal knowledge which additionally may also explicitly incorporate ...

In the rough set approach, one can approximate a set of interest in terms of a subset of attributes by means of an upper and a lower bound. For example, consider the set X of patients in Table 1 who survived (p_1, . . . , p_5), and suppose we are to use the attributes age and tumour-thickness in the approximation of X. The sets {p_1, p_3, p_4}, {p_2, p_5, p_7} and {p_6, p_8} include indiscernible elements in the dataset. The B-lower approximation of X (BX), where B = {age, tumour-thickness}, includes the elements of all indiscernible sets that are contained in X. In our example, only the indiscernible set {p_1, p_3, p_4} meets this criterion. The B-upper approximation of X (BX) includes the elements of all indiscernible sets whose intersection with X is nonempty, in this case this corresponds to {p_1, p_2, p_3, p_4, p_5, p_7}. BX includes all elements in X for which B is sufficient for their classification (here the survival) and BX−BX, the B-boundary region includes the elements for which B is insufficient for conclusive classification.

When the dataset depicts prognostic information, rough set theory provides the tools for the estimation of the prognostic power of various subsets of attributes – measured for example in terms of the cardinality of the B-boundary region. This approach can be used for example to identify attributes which correspond to costly tests which do not enhance the prognostic power achieved by other attributes.

5 Conclusions

Prognostic modelling has a long-standing tradition in the fields of Decision Analysis and Statistics, and an increasing number of specific prognostic models is being developed in Medicine. On the other hand, it has been noticed that many of these prognostic models are seldom used in clinical practice [19]. A possible reason for this is the often little semantic relationship with the clinical domain. A model-based approach to prediction and prognosis, as advocated in AI, may offer advantages in this respect, by offering more natural and intuitively attractive tools for decision support. The construction of prognostic models is usually carried out using information extracted from clinical databases. Therefore, research in particular in Machine Learning seems to provide attractive alternatives for automatically learning these expressive models. Without any doubt, Evidence-Based Medicine will further grow in significance, and, as a consequence, the role of prognostic models in Medicine is expected only to increase.

References

[1] A. Abu-Hanna and P.J.F. Lucas, Intelligent prognostic methods in medicine, in: P. Borne, M. Ksouri and A. el Kamel, eds., Proceedings of Computational Engineering in Systems Applications 1998 (IMACS-IEEE, UCIS, Lille) 312–317.

[2] S. Andreassen, M. Woldbye, B. Falck, S.K. Andersen, “MUNIN — A causal probabilistic network for interpretation of electromyographic findings”, in: McDermott, J, ed. Proceedings of the 10th International Joint Conference on Artificial Intelligence, Morgan Kaufmann, Los Altos, CA, 1987, pp. 366–372.

[3] T.C. Aitchison, J.M. Sirel, D.C. Watt, R.M.

MacKie, “Prognostic trees to aid prognosis in patients with cutaneous malignant melanoma”, BMJ, Vol. 311, 1995, pp. 1536–1539.

[4] I. Bratko, I. Mozetič and N. Lavrač, “KARDIO:

A Study in Deep and Qualitative Knowledge for Expert Systems, The MIT Press, Cambridge, Massachusetts, 1989.

[5] G. Citro, G. Banks, G. Cooper, “INKBLOT: a neurological diagnostic decision support system integrating causal and anatomical knowledge”, Artificial Intelligence in Medicine, Vol. 10, 1997, pp. 257–267.

[6] M. Hauskrecht, “Dynamic decision making in stochastic partially observable medical domains: ischemic heart disease example”, Proc. 6th Conf. on Artificial Intelligence in Medicine, 1997, pp. 296–299.

[7] W.A. Knaus, E.A. Draper, D.P. Wagner, J.E.

Zimmerman, “APACHE II: A severity of disease classification system”, Critical Care Medicine, Vol. 13, No. 10, 1985, pp. 818–829.

[8] B.J. Kuipers, “Qualitative Reasoning”, The MIT Press, Cambridge, Massachusetts, 1994.

[9] S.L. Lauritzen, D.J. Spiegelhalter, “Local computations with probabilities on graphical structures and their application to expert systems”, Journal of the Royal Statistical Society (Series B), 1987, Vol. 50, pp. 157–224.

[10] P.J.F. Lucas, “Logic engineering in medicine”, The Knowledge Engineering Review, Vol. 10, No. 2, 1995, pp. 153–179.

[11] P.J.F. Lucas, H. Boot and B. Taal, “A decisiontheoretic network approach to treatment management and prognosis”, In: A. Macintosh and R. Milne (eds.), Applications and Innovations in Expert Systems V, SGES, Cambridge, 1997, pp. 17–30.

[12] J. Pearl, “Probabilistic Reasoning in Intelligent Systems”, Morgan Kaufman, San Mateo, California, 1988.

[13] H. Raiffa, “Decision Analysis: Introductory Lectures on Choices under Uncertainty”, Addison- Wesley, Reading, MA, 1968.

[14] R.D. Shachter, “Evaluating influence diagrams”, Operations Research, Vol. 34, No. 6, 1986, pp. 871–882.

[15] H.C. Sox, M.A. Blatt, M.C. Higgins, K.I. Marton, “Medical Decision Making”, Butterworths, Boston, 1988.

[16] W.W. Steyerberg, H.J. Keizer, S.D. Fossa, et al., “Prediction of residual retroperitonal mass histology following chemotherapy for metastatic nonseminomatous germ cell tumor: multivariate analysis of individual patient data from 6 study groups”, Journal of Clinical Oncology, Vol. 13, 1995, pp. 1177–1187.

[17] “Tutorial: How to Perform a Decision Analysis”, Medical Decision Making, Vol. 17, 1997, pp. 123– 159.

[18] J. von Neumann and O. Morgenstern, “Theory of Games and Economic Behavior”, 2nd ed. Princeton University Press, Pinceron, NJ, 1947.

[19] J.C. Wyatt and D.G. Altman, “Commentary – prognostic models: clinically useful or quickly forgotten”, BMJ, Vol. 311, 1995, pp. 1539–1541.