A Decision-theoretic Network Approach to Treatment Management and Prognosis^�

Peter Lucas Department of Computer Science, Utrecht University Padualaan 14, 3584 CH Utrecht, The Netherlands (E-mail: lucas@cs.ruu.nl)

Henk Boot & Babs Taal Department of Gastroenterology & Medical Oncology Netherlands Cancer Institute/Antoni van Leeuwenhoek Hospital Plesmanlaan 121, 1066 CX Amsterdam, The Netherlands

Abstract

Medical patient management is a complicated process, usually involving a large amount of, possibly uncertain, information. Clinicians may, therefore, require some form of decision support to deal with complicated situations; assistance in exploring various clinical questions, e.g. concerning prognosis and optimal treatment, may be valuable in this respect. Decision-theoretic expert systems provide a suitable framework for such assistance due to the flexibility of the underlying formalisms, with inherent potentials of knowledge reuse. In this paper, the development of a decision-theoretic model of non-Hodgkin lymphoma of the stomach is described, and examined for its clinical usefulness. Central to the model is a probabilistic network that offers an explicit representation of the uncertainties underlying the decision-making process.

Keywords: decision-theoretic expert systems, probabilistic networks, knowledge engineering.

1 Introduction

Medical patient management is a complicated process, usually involving a large amount of, possibly uncertain, information. It is, therefore, not surprising that many computer-based systems, including expert systems, have been developed in the past two decades to offer assistance in diagnosis, treatment management, and assessment of prognosis. The overall goal of the development of these systems was improvement of patient care. However, despite considerable research efforts, few of these systems have actually reached the stage of clinical use. This lack of success in the medical field has been attributed to a number of different factors, both technical and social [12]. This paper focuses on a factor that belongs to the technical realm of expert systems: potentials of reuse of medical knowledge.

�Published in: A. Macintosh and R. Milne (eds.), Applications and Innovations in Expert Systems V: Proceedings of Expert Systems ’97, SGES, 1997, pp. 17–30 (Best Application Paper Award).

Recent model-based approaches to the development of medical expert systems offer substantial advantages in terms of flexibility and potentials of knowledge reuse, mainly due to the declarative nature of the knowledge embodied in such systems. Frequently employed formalisms to represent knowledge in model-based systems include logic and probability theory, among others. In medicine, using probability theory, possibly augmented with decision theory, is attractive, because it allows for explicitly representing the uncertainties and preferences that go with much of the knowledge used in medical decision making. In particular, adopting probabilistic networks as a framework for building medical expert systems is appealing, because in addition to the advantages linked to using probability theory, qualitative relationships among variables can be represented, in the form of a directed acyclic graph. This feature not only simplifies probability assessment, but also promotes easy understanding of the resulting system. We shall refer to a system that incorporates a probabilistic network, possibly augmented with decision theory, as a decision-theoretic expert system. A knowledge base of such a system will be called a decision-theoretic network.

There are presently no comprehensive knowledge-engineering methodologies available that can be used in building a decision-theoretic network. In this paper, a further elaboration of a preliminary methodology for building decision-theoretic expert systems for treatment management, as described in [7], is discussed. It is also investigated how decision-theoretic expert systems can be used to deal with a number of questions clinicians are likely to find important: optimal treatment selection, prognostic assessment and generating profiles for specific treatment outcomes. Since all these questions can be answered, in principle, using the same knowledge base of a decision-theoretic expert system, a practical example of knowledge reuse is arrived at.

As an example, medical treatment of patients with non-Hodgkin lymphoma of the stomach (gastric NHL) is discussed. Primary gastric NHL is a relatively rare malignant disorder, accounting for about 5% of gastric tumours. Until recently, the aetiology of gastric NHL was unknown; it is now generally believed that the main factor in the pathogenesis of this disease is a chronic infection with the bacterium Helicobacter pylori [3, 18]. Therapy selection for gastric NHL is a complicated process, because only part of the patient findings necessary for therapy selection may be known at a particular stage of the disease, and knowledge of adverse reactions to particular treatments in patient groups may influence treatment selection significantly.

The structure of this paper is as follows. First, we discuss the process of building a decision-theoretic network, which is illustrated by the construction of a decision-theoretic network for gastric NHL. Next, various possible clinical applications of the resulting decisiontheoretic expert system are considered. Finally, decision-theoretic networks are compared to conventional prognostic models in medicine.

2 Development of the Gastric NHL Decision Model

In this section, first decision-theoretic networks are introduced; next, the successive steps in the design of the gastric NHL model are reviewed.

2.1 Decision-theoretic Networks

A probabilistic network, or belief network, is a directed acyclic graph G = (V (G), A(G)), consisting of a set of nodes V (G) = {V_1, . . . , V_n}, called probabilistic nodes, representing discrete random variables, and a set of arcs A(G) ⊆ V (G) × V (G), representing causal relationships or correlations among random variables. The presence of an arc between two nodes denotes the existence of a direct causal relationship or other influences; absence of an arc means that the variables do not influence each other directly. Associated with a probabilistic network is a joint probability distribution, defined in terms of conditional probability tables according to the structure of the graph:

Pr(V_1, . . . , V_n) = nY_{i=1 Pr(Vi | π(Vi))} where V_i denotes a random variable associated with an identically named node, and π(V_i) denotes the parents of that node. By means of special algorithms for probabilistic reasoning (cf. [9, 5]), a once constructed probabilistic network can be employed to process evidence.

The probabilistic-network formalism provides only for probabilistic reasoning. For making therapeutic decisions, certain extensions to the probabilistic-network formalism are required, as offered, among others, by the influence-diagram formalism. Like a probabilistic network, an influence diagram is an acyclic directed graph G = (V (G), A(G)), except that in addition to probabilistic nodes O(G) ⊆ V (G), two additional node types are distinguished: decision nodes D(G) ⊆ V (G) and a value node U ∈ V (G).

As holds for probabilistic networks, arcs between probabilistic nodes in an influence diagram denote direct causal relationships or correlations. Incoming arcs to a decision node indicate information that is required before the corresponding decision can be made. The order of decision nodes in an influence diagram expresses the order in which the decisions are made in the domain. In order to select the most optimal sequence of decisions, assessments of these decisions with respect to other, partially uncertain, information must be available. These assessments, also called utilities, are represented by the value node. Incoming arcs of the value node indicate variables on which utilities must be defined, i.e. utilities can be expressed as a utility function: u : C_{π(U)} → R, where C_{π(U)} denotes the set of possible instantiations of parents of the value node U.

Various algorithms to evaluate influence diagrams are available, e.g. the algorithm proposed by R. Shachter [11]; the result of evaluation is an optimal sequence of decisions, a decision strategy, obtained by computation of the maximum expected utility (MEU) of every decision D ∈ D(G) given particular evidence E:

MEU(D | E) = max_{d∈D} X c∈Cß(U) u(c) Pr(c | d, E)

where possibly D ∈ π(U), and where the evidence E includes previous decisions.

Probabilistic networks and influence diagrams, among others, are considered examples of decision-theoretic networks. The design of a structure for a medical decision-theoretic network model is usually such as to incorporate clinical experience as well as to reflect results from the medical literature. In principle, it is possible to construct such models automatically from a database with patient data. In practice, this is seldom done, due to the prohibitive amount of data and the huge computational resources required. Several researchers, however, have demonstrated that it is feasible to use subjective information, in addition to information drawn from the literature, as a basis for the design of decision-theoretic models (e.g. [1], [4], and [14]). The design of a decision-theoretic network for gastric NHL is next discussed.

Pretreatment Treatment Posttreatment Variables Variables Variables age chemotherapy bone-marrow depression bulky disease radiotherapy early result clinical stage surgery gastric hemorrhage clinical presentation combination gastric perforation general health status therapy immediate survival histological post-CT&RT survival classification post-surgical survival 5-year result therapy adjustment

Table 1: Selected variables.

2.2 Identification of Relevant Variables

The selection of variables for a decision-theoretic network is influenced by the adopted view on the medical domain concerned. Often, knowledge about (patho)physiological mechanisms is used to guide the process of gathering relevant variables (cf. [6, 7]). For the gastric NHL model, however, we have chosen to incorporate only those variables into the model that are widely used by clinicians. The relevance of most of these variables is supported by literature on prognostic factors in primary gastric NHL [2, 10].

First, the information used in the clinical management of primary gastric NHL was subdivided in pretreatment information, i.e. information that is required for treatment selection, treatment information, i.e. the various treatment alternatives, and posttreatment information, i.e. side effects, and early and long-term treatment results for the disease. The selected variables are presented in Table 1. The most important pretreatment variables in the table are the variable ‘clinical stage’, which expresses severity of the disease according to a common clinical classification, and histological classification, which stands for the assessment by a pathologist of tumour tissue obtained from a biopsy.

Various treatment modalities are in use for gastric NHL, as shown in Table 1. The variables ‘chemotherapy’, ‘radiotherapy’, and ‘combination therapy’ were combined into one variable with name ‘ct&rt-schedule’ with possible values: chemotherapy (CT), radiotherapy (RT), chemotherapy followed by radiotherapy (CT-next-RT), and neither chemotherapy nor radiotherapy (none). Possible values for the variable ‘surgery’ are: ‘curative’, ‘palliative’ or ‘none’, where curative surgery means total or partial resection of the stomach with the complete removal of tumour mass.

The most important posttreatment variables included in Table 1 are the variable ‘early result’, being the endoscopically verified result of the treatment, six to eight weeks after treatment (possible outcomes are: complete remission – i.e. tumour cells are no longer detectable –, partial remission – some tumour cells are detectable –, no change or progressive disease), and the variable ‘5-year result’, which represents the patient either or not surviving five years following treatment.

Figure 1: Complete influence diagram for the treatment of gastric NHL.

2.3 Identification of Relationships among Variables

Next, the structure of the gastric NHL model was determined, using causality as the primary modelling concept, supplemented with knowledge of probabilistic dependence between variables. Directed graphs were used as visual aids in the representation of these relationships. During the design process, several nodes in the graph became very complicated, i.e. too many arcs entered these nodes. Since the number of probabilities that must be assessed is proportional to the product of the number of possible values for each of the variables involved, as determined by the number of incoming arcs of each node, probabilistic assessment can easily become unfeasible. To solve this potential problem, a small number of extra nodes was inserted into the graph in accordance with clinical practice, such as therapy-adjustment, post-ct&rt-survival, post-surgical-survival and immediate-survival, summarising the effects of other variables. This technique is known as ‘divorcing multiple parents’ [8]. These intermediate variables enabled a significant reduction in the number of incoming arcs in the graph, thus facilitating probability assessment.

The influence diagram resulting from this design process is shown in Fig. 1. A probabilistic node is indicated by a circle, a decision node by a box, and a value node by a diamond. The value node present in the diagram was actually added in the last stage of the design process, to be discussed below. Note that the internal structure is still empty: probability and utility information is absent at this stage of design.

age Pr(ghs | age) 10-69 good > average > poor 70-79 average > good > poor 80-89 average > poor > good ≥ 90 poor > average > good

Table 2: Qualitative ordering of probabilities, used for assessment.

2.4 Qualitative Assessment of Uncertainty and Logical Relationships

It is widely known that it is much easier to assess qualitative relationships between probabilities for particular values of variables, such as ordering relationships, than the probabilities themselves [17]. Such qualitative probabilistic information is often highly accurate. Therefore, the first step in the collection of probabilistic information has been the gathering of such qualitative information, using various techniques. Firstly, the logical relationships between variables were identified. Logical relationships yield probabilistic information with complete certainty, i.e. with probability 1 or 0; usually, logical information will not be a major source of inaccuracy in a model.

Secondly, we have collected information about qualitative probabilistic relationships between values of variables, represented by a number of tables. Table 2 shows the qualitative information that has been used in the assessment of the following conditional probability table:

Pr(general-health-status | age)

For example, the following ordering: good > average > poor for patients with age between 10 to 69 years old, means:

Pr(general-health-status = good | age = 10-69) > Pr(general-health-status = average | age = 10-69) > Pr(general-health-status = poor | age = 10-69)

The tables with qualitative information proved extremely valuable in validating the numerical probabilities, which were assessed later on, because these numerical values could be checked against this qualitative information.

2.5 Numerical Probability Assessment

After all qualitative information concerning the local probability distributions for the variables in the model was collected, the probabilities were assessed numerically. Various techniques were employed to render subjective, numerical assessment of the probabilities feasible.

Unconditional prior probabilities, such as for the variables age, and clinical-present-ation, were assessed in an iterative fashion. Probabilistic information so far as found in the literature on primary gastric NHL was collected, and refined to reflect clinical experience at the Netherlands Cancer Institute.

For the nodes in the network with incoming arcs, conditional probabilities had to be assessed. Unfortunately, these conditional probabilities could, almost without exception, not be found in the medical literature. To ease the assessment, a distinction was made between probabilistic nodes with a small number of incoming arcs (less than four) and the nodes early-result and 5-year-result, which each have six incoming arcs. The assessment of the conditional probabilities for the former non-complicated nodes, and the latter complicated ones, will be discussed separately.

The conditional probabilities for nodes with a small number of incoming arcs were assessed by distributing the probability mass among the various values of the variable corresponding to the node, where each time the values of the conditioning variables were kept fixed. The resulting probabilities were next checked against the tables with qualitative information previously collected. For example, the qualitative information concerning the variable clinical-stage expressed that

Pr(clinical-stage = I | age = 10-29) = Pr(clinical-stage = II_2 | age = 10-29)

which was used as a qualitative constraint for the assessment of four conditional probabilities.

The two more complicated nodes, early-result and 5-year-result, were assessed using a special additive model. First, the conditional probabilities were assessed by conditioning on four to five of the six variables for the value of the variable early-result, which would yield the largest probability in most cases. For the variable early-result, the value ‘complete remission’ (CR) was chosen as such. Next, the remaining probability mass was distributed among the remaining values for the variable early-result, again conditioning on the same variables. Finally, for both variables, the entire conditional probability table was computed by means of a computer program, that used the following additive model to compute probabilities Pr(A|C), based on partially specified information with respect to collections of variables with values in a given set V :

(1) for each C ∈ V : Pr(A | C) = P(A | C);

(2) for each C ∈ ℘(Δ)\V , where C contains a value for each variable in Δ:

Pr(A | C) = X C0 ⊂ C, C0 ∈ V ∀C00 ∈ V, C00 ⊂ C : C00 ⊅ C0 Pr(A | C^′)

where ℘(Δ) denotes the power set of the set of all variables with their values, Δ, and P denotes the partial specification of the probabilistic information. Note that according to this additive model, the most specific probabilistic information available is always used as a basis for calculating probabilities.

The probabilistic part of the influence diagram was next extracted and examined. The two decision nodes, ct&rt-schedule and surgery, were converted to probabilistic nodes for which prior probability distributions were supplied, based in experience at the Netherlands Cancer Institute. Using a probabilistic reasoning algorithm mentioned in Section 2.1, the prior marginal probabilities of this network were computed; the result is shown in Fig. 2.

2.6 Utility Assessment

The assessment of probabilistic information discussed above was succeeded by the assessment of utility information for the value node. The following variables were marked out as being of major importance in deciding about optimal treatment for a patient with gastric NHL:

Figure 2: Probabilistic network with prior probability distributions.

(1) general health status, (2) CT&RT schedule, (3) surgery, and (4) 5-year result. Utility assessment was carried out from the patient’s perspective.

A number of alternative utility functions were designed, following conventional methods from decision analysis [13]. In the direct scaling method, the possible clinical outcomes are assessed using a linear numerical scale, promoting the assessment of these outcomes relative to each other. This methods was applied twice. First, the position of the utilities of particular posttreatment outcomes, as described by the four variables mentioned above, was assessed on a numerical scale ranging from 0 (worst) to 1000 (best). The numerical values were next sorted; the resulting utility function is depicted in Fig. 3. Note that many clinical outcomes were considered equivalent, as is reflected by their identical value according to the utility function. Close inspection of the utility function revealed that the contribution of five-year survival in the numerical assessment had been underestimated. A second utility function was obtained by adjustment of the first utility function, as shown in Fig. 3. Both utility functions display small incremental increases in their function values, showing a more or less even spread of utilities over intervals of the scale, indicating that further refinement may be required.

With the standard reference gamble method, every possible outcome is assessed in probabilistic terms by determining the risk neutral equivalent of two uncertain outcomes, assuming that the outcome being assessed occurs with absolute certainty. Hence, utility assessment is not carried out in an incremental fashion. A utility function was designed, using the standard reference gamble method; this third utility function is also depicted in Fig. 3. Notice that

Figure 3: Graphical plot of three utility functions.

this last utility function reveals a bit more variation in its function values as compared to the other two utility functions.

Results obtained by the reference gamble method are generally considered more accurate than those resulting from the direct scaling method; the variation in the values of the last utility function is due to the more subtle expression of differences among the various outcomes. Finally, a fourth utility function was defined, where only the five-year survival following treatment was adopted as a basis for assessment. The function obtained by the reference gamble method was thought to reflect patient’s preferences best.

The influence diagram and associated probabilistic network were eventually implemented using an improved version of the Ideal probabilistic expert system shell [15].

3 Reusing Medical Knowledge

The main goal of the development of the decision-theoretic model (influence diagram with associated probabilistic network) was to obtain a knowledge base for an expert systems that could be used to explore many different clinical questions. Although the resulting influence diagram is specialised for selecting optimal treatment for a given patient, which is highly dependent on a patient’s preferences as expressed by a utility function, the associated probabilistic network offers much flexibility. This can be viewed as an example of knowledge reuse. Some possible clinical uses of the model will be discussed.

Figure 4: Prognostic prediction, assuming that the patient has been treated with radiotherapy.

3.1 Prognostic Prediction

The probabilistic network for gastric NHL can be applied to the data of a specific patient, yielding prognostic information about the patient, given particular patient features and therapeutic decisions. For example, in Fig. 4 all pretreatment variables have been entered. If we assume that this patient will be treated with radiotherapy only, the probabilistic network can be employed to indicate the future likelihoods of the various possible consequences (side effects, remission, death, etc.) of the chosen therapy, given the clinical characteristics of the patient. For this patient, there is a probability of 0.80 that all tumour cells have been eradicated, and the probability of surviving at least 5 years following treatment is 0.82. Others clinical questions can be explored along similar lines. Note that it is not necessary that all patient data are available. It is even possible to leave the therapy choice open, and to examine consequences of the ‘average’ therapy.

3.2 Selection of Optimal Treatment

By reverting to the original influence diagram in Fig. 1, it is possible, using Shachter’s reasoning algorithm described in Section 2.1, to determine which treatment is optimal for the patient introduced above. The treatment advice generated by the system depends on the utility function reflecting patient preferences. Taking the two utility functions discussed in Section 2.6, where the former was obtained by the direct scaling method and the latter by the standard reference gamble method, yielded the same optimal treatment: radiotherapy with expected utility of 833 and 825 (on a scale from 0 to 1000), respectively. The small difference in expected utility can be explained by the fact that for the utility function assessed by the standard reference gamble, inconvenience to the patient from radiotherapy was rated higher than for the utility function obtained by the direct scaling method.

Adoption of the utility function in which only the expected five-year survival following treatment was taken into account yielded a more drastic treatment: chemotherapy followed by radiotherapy with expected utility equal to 831. A utility equal to 1000 is associated with a survival of five years or longer, and a utility of 0 with surviving less than five years, which is interpreted as treatment failure.

Note that in this way alternative treatment strategies associated with various utility function can be examined. These alternatives are a result of differences in patient preferences. Using the corresponding probabilistic network shown in Fig. 2, the predicted prognosis for a particular treatment for a specific patient can be examined, and used as a further guide in clinical decision making.

3.3 Risk Profiles

Above, we have essentially used the decision-theoretic model of gastric NHL for prognostic assessment, where in the last case we have also determined the optimal treatment for a specific patient. The same model, however, can also be used to reason in the reverse direction: it is possible to start with the final results of treatment, and to generate probabilistic profiles that fit these final results. For this purpose, we use again the purely probabilistic version of the model. Consider for example the situation where we have been able to reach complete remission after treatment, but were required to adjust treatment, resulting in death within five years. The resulting profile is depicted in Fig. 5.

4 Conclusions

A number of prognostic models of NHL, and of gastric NHL in particular, have been developed in the past. Examples of such models are those developed by Valicenti et al. [16], by Radaszkiewicz et al. [10], and by Azab and colleagues [2]. These models are based on univariate and multivariate analysis of data from patients with gastric NHL. Although these statistical techniques are useful for identifying relevant prognostic factors, the resulting models are of limited value from a clinician’s point of view. As Wyatt and Altman have noted, many medical prognostic models have never reached the stage of actual clinical use [19]. An important reason why these prognostic models are not widely used in a clinical setting may be their restrictive nature: they cannot be used to explore different clinical questions.

In contrast to other researchers, we have chosen to develop a decision-theoretic expert system, using the techniques of decision-theoretic networks, i.e. probabilistic networks and influence diagrams, as a basis for a model of gastric NHL. The design of a medical decisiontheoretic network model is guided by the clinical experience of medical specialists, who are capable of indicating the random variables that are of importance in medical decision making, as well as the relationships, causally or otherwise, that hold between these variables. This information, supplemented with information from the medical literature and from clinical databases, forms a suitable basis for building decision-theoretic network models. A major advantage of a decision-theoretic expert system over other types of expert systems is that

Figure 5: Risk profile for patients with therapy adjustment, complete remission, but death within five years following therapy.

many different clinical questions can be explored quite easily, as illustrated by the various examples above.

The present basis of the system discussed in this paper is clinical experience, supplemented with information gathered from the medical literature. Although it has been previously shown that such information may be a sufficient basis for the development of a reliable decisionsupport system [4], further improvement may be expected from adapting the underlying decision-theoretic network model using data from a large, reliable clinical database. We are currently planning to use data from the Netherlands Cancer Registry for improving the system, as well as for evaluation of the underlying decision-theoretic network model.

References

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

[2] Azab MB, Henry-Amar M, Rougier P, Bognel C et al. Prognostic factors in primary gastrointestinal non-Hodgkin’s lymphoma. Cancer 1989; 64: 1208–1217.

[3] Eidt S, Stolte M, Fishcer R. Helicobacter pylori gastritis and primary gastric non-Hodgkin’s lymphoma. J Clin Pathol 1994; 47: 436–439.

[4] Heckerman DE, Nathwani BN. Towards normative expert systems: part II – probability-based representations for efficient knowledge acquisition and inference. Methods Inf Med 1992; 31: 106–116.

[5] Lauritzen SL, Spiegelhalter DJ. Local computations with probabilities on graphical structures and their application to expert systems. Journal of the Royal Statistical Society (Series B) 1987; 50: 157–224.

[6] Korver M, Lucas PJF. Converting a rule-based expert system into a belief network. Med Inf 1993; 18(3): 219–241.

[7] Lucas PJF. Knowledge acquisition for decision-theoretic expert systems. AISB Quaterly 1996;

94: 23–33.

[8] Olesen KG, Kjaerulff U, Jensen F, Jensen FV, Falck B, Andreassen S and Andersen SK. A MUNIN network for the median nerve — A case study on loops. Applied Artificial Intelligence 1989; 3: 301–319.

[9] Pearl J. Probabilistic Reasoning in Intelligent Systems. San Mateo, California: Morgan Kaufman, 1988.

[10] Radaszkiewicz T, Dragosics B, Bauer P. Gastrointestinal malignant lymphomas of the mucosaassociated lymphoid tissue: factors relevant for prognosis. Gastroenterology 1992; 102: 1628– 1638.

[11] Shachter RD. Evaluating influence diagrams. Operation Research 1986; 34(6): 871–882.

[12] Shortliffe EH. Knowledge-based systems in medicine. In: K.-P. Adlassnig, G. Grabner, S. Bengtsson and R. Hansen, eds. Proceedings of Medical Informatics Europe 1991, Lecture Notes in Medical Informatics 5. Berlin: Springer-Verlag, 1991: 5–9.

[13] Sox HC, Blatt MA, Higgins MC, Marton KI. Medical Decision Making. Boston: Butterworths, 1988.

[14] Spiegelhalter DJ, Franklin RCG, Bull K. Assessment, criticism and improvement of imprecise subjective probabilities for a medical expert system. In: Henrion M, Shachter RD, Kanal LN, Lemmer JF, eds. Uncertainty in Artificial Intelligence 5. Amsterdam: North-Holland, 1990: 285– 294.

[15] Srinivas S, Breese J. IDEAL: Influence Diagram Evaluation and Analysis in Lisp Documentation and Users Guide. Palo Alto: Rockwell International Science Center, 1993.

[16] Valicenti RK, Wasserman TH, Kucik NA. Analysis of prognostic factors in localized gastric lymphoma: the importance of bulk of disease. Int J Radiation Oncology Biol Phys 1992; 27: 591–598.

[17] Wellman, MP. Fundamental concepts of qualitative probabilistic networks. Artif Intell 1990;

33(3); 257–303.

[18] Wortherspoon AC, Doglioni C, Diss TC, Pan L, Moschini A, de Boni M, Isaacson PG. Regression of primary low-grade B-cell gastric lymphoma of mucosa-associated lmphoid tissue type after eradication of Helicobater pylori. Lancet 1991; 342: 575–577,

[19] Wyatt JC, Altman DG. Commentary: prognostic models: clinically useful or quickly forgotten.

BMJ 1995; 311: 1539–1541.