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19 Abstract: Validation and verification are the critical requirements in the knowledge acquisition
20 method for the clinical decision support system (CDSS). After acquiring the medical knowledge
21 from diverse sources, the rigorous validation and formal verification process are required before
22 creating the final knowledge model. Previously, we have proposed a hybrid knowledge acquisition
23 method for acquiring medical knowledge from clinical practice guidelines (CPGs) and patient data
24 in the Smart CDSS for treatment of oral cavity cancer. The final knowledge model was created by
25 combining knowledge models obtained from CPGs and patient data after passing through a
26 rigorous validation process. However, detailed analysis shows that due to lack of formal verification
27 process, it involves various inconsistencies in knowledge relevant to the formalism of knowledge,
28 conformance to CPGs, quality of knowledge, and complexities of knowledge acquisition artifacts.
29 Therefore, it is required to enhance a hybrid knowledge acquisition method that thwarts the
30 inconsistencies using formal verification. This paper presents the verification process using the Z
31 formal method and its outcome as an enhanced acquisition method — known as the refined
32 knowledge acquisition (ReKA) method. The ReKA method adopted verification method and
33 explored the mechanism of theorem proving using the Z notation. It enables to identify
34 inconsistencies in the validation process used for hybrid knowledge acquisition. Additionally, it
35 refines the hybrid knowledge acquisition method by discovering the missing steps in the current
36 validation process at the acquisition stage. Consequently, ReKA adds a set of nine additional criteria
37 to be used to have a final valid refined clinical knowledge model. The criteria ensure the validity of
38 final knowledge model concerning formalism of knowledge, conformance to GPGs, quality of the
39 knowledge, usage of stringent conditions and treatment plans, and inconsistencies possibly
40 resulting from the complexities. Evaluation, using four medical knowledge acquisition scenarios,
41 shows that newly added knowledge in CDSS due to the addition of criteria by ReKA method always
42 produces a valid knowledge model. The final knowledge model was also evaluated with 1229 oral
43 cavity patient cases, which outperformed with an accuracy of 72.57% compared to a similar

44 approach with an accuracy of 69.7%. Furthermore, ReKA method identified a set of decision paths
45 (about 47.8%) in the existing approach, which results in a final knowledge model with low quality,
46 non-conformed from standard CPGs. In conclusion, ReKA is formally proved method which always
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47 yields valid knowledge model having high quality, supporting local practices, and influenced from
48 standard guidelines.

49 Keywords: Knowledge acquisition; Clinical practice guidelines; Data driven knowledge acquisition;
50 Cancer treatment plan; Clinical decision support system; Formal verification;
o1

52  1.Introduction

53 Trust in the knowledge base is a crucial factor in the adoption of clinical decision support
54 systems (CDSS) used for medical diagnosis and treatment plan [1]. It mainly depends on the
55 reliability of the knowledge source and the consistency of the knowledge acquisition method [2].
56  There are diverse sources of clinical knowledge, such as patient data, clinical practice guidelines
57  (CPGs), clinical trials, systematic reviews, and even social media. Various knowledge acquisition
58  approaches have been proposed to acquire clinical knowledge from these sources. For example, using
59  machine learning and ontological approaches, knowledge models from patient data are created [3-
60 5], and different cognitive approaches are used to develop knowledge models from CPGs and other
61  medical resources [6-9]. Depending on the requirements, these knowledge models may need to be
62  transformed into different model formats. For example, the knowledge model from CPGs can be
63  converted into computer-interpretable guidelines (CIGs) so that it could be directly plugged into
64  CDSS for inferencing. Furthermore, sometimes it is required that the knowledge acquisition methods
65 transform two different knowledge models (sharing the same domain problem possibly with
66  different sources) into a unified knowledge model. It is critical in knowledge engineering disciplines
67  that each transformation, provided by the designed knowledge acquisition method, shall ensure the
68  two basic requirements:

69 1. The transformed knowledge model is the valid representation of the source knowledge model(s).
70 2. The transformation process is consistent enough to produce always the valid knowledge model.
71

72 Figure 1 shows the knowledge transformation with a set of knowledge acquisition methods in

73 general. The two basic requirements, for each transformation, is depicted as necessary questions to
74 be answered, at each knowledge acquisition method of transformation. Question 1 reflects the first
75  requirement mentioned above, and the answer is to provide a validation mechanism in the knowledge
76  acquisition method. Question 2 represents the second requirement of the knowledge acquisition
77  method, which necessitates the verification mechanism in the knowledge acquisition method. In a
78  nutshell, validation, and verification are the critical requirements in the CDSS development process to
79  ensure that the knowledge model is valid, and the entire knowledge acquisition method is consistent.
80 In terms of verification, most of the existing approaches [8,10,11] emphasize the principles of
81  knowledge engineering. However, none of them have focused on the alignment of the verification
82  process to the development processes of CDSS. On the other hand, formal methods are widely used
83  in software engineering disciplines such as verification of program [12], formal modeling for
84  scenario-based requirement specification [13], formal verification of secured online registration
85  protocols [14], and formal verification of web services on cloud infrastructure [15]. Additionally,
86  some attempts were made to use the formal method (Z notation) to express the knowledge base
87  structure and reasoning mechanism in the form of software architectural style. For example, Gamble
88 et al. [16] applied Z notation to formally model the knowledge-base to get the clear distinction of
89  reusability of knowledge, enhanced understandability, and flexibility of specification in comparison
90 to traditional knowledge specification approaches.

91 This paper introduces the formal verification process, using Z notation, for our earlier
92  proposed hybrid knowledge acquisition method of Smart CDSS [17] — which is intended to produce
93  guideline-enabled data-driven knowledge model. In hybrid knowledge acquisition, we equipped the
94  method with the sophisticated validation process. Although, at that time, the knowledge model
95  created for oral cavity cancer was validated based on the well-established validation criteria and test-
96  based validation process. However, the knowledge acquisition method was not formally verified for
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internal consistencies. The adaption of the formal verification process gives an enhanced knowledge
acquisition method — which is known as a refined knowledge acquisition (ReKA) method. In ReKA,
we are using Z notation. The selection of Z notation was mainly based on its key features such as dafa
rich formalism, ease in knowledge modeling, and support of tools. It is important to mention here, that the
artifacts of the proposed verification process (using z notation) align to the content of a development
framework that was indigenously used for the development of Smart CDSS in the cancer domain.
The development framework for Smart CDSS is based on RUP [18,19] and ISO RM-ODP processes
[20,21]. To the best of our knowledge, the existing approaches had neither explored the use of Z
notations for the verification of knowledge acquisition nor used the formal methods as a method
content in a CDSS development framework.

Before the ReKA method, the validity of the knowledge model relied on domain experts. They
were free to refine the decision paths in the final knowledge model. This freedom in refinement leads
toward a set of inconsistencies which were ignored by the previous method. Examples of some
possible inconsistencies in terms of clinical context of oral cavity cancer that could be introduced into
knowledge model; i) domain expert may add inappropriate follow-up treatments to knowledge
models — such as treatment surgery followed by radiotherapy for palliative patients (deviation from
CPGs which suggest follow-up without further treatment) and ii) domain expert may add or refine
the rule of evaluating next treatment plan for a variable or patient condition that is not readily
available or not in use in existing clinical practices — such as evaluating the palliative patient for
radiotherapy based on histopathological risk factor perineural invasion (PNI). In the scope of the
current study, this refinement produces inconsistency of introducing non-recordable risk factor
(outbound refinement as PNI does not exist in the healthcare system).

The detailed evaluation shows that the introduction of formal verification has significantly
contributed to revealing hidden inconsistencies in earlier proposed hybrid knowledge acquisition
method. In the presence of these inconsistencies, the knowledge model evolution is not always
guaranteed to be valid. The ReKA method, as a result of the verification, can identify the main cause
of the inconsistencies and guaranteed always producing the valid final knowledge model.

This paper addresses following research questions: a) Does introduction of formal verification
using Z notation is able to identify the inconsistencies in the developed knowledge acquisition
method with respect to standard knowledge resources such as CPG?; b) Does formal verification
ensures that knowledge acquisition methods will always maintain the quality of the knowledge?; c)
Does propose formal verification is able to prevent inconsistencies occurred due to complexity and
freestyle usage of refinement in the knowledge?; d) Is the knowledge model created using ReKA
comparable with existing hybrid knowledge models in terms of validity, quality, and integration with
workflows?

The main contribution of this work is as follow:

® The proofs of the theorem using Z notations provides a comprehensive explanation for

checking the consistency of the knowledge acquisition method. These proofs enable
detection of hidden inconsistency in the acquisition method (hybrid knowledge acquisition)
and provide with an additional set of nine criteria to ensure that the enhanced method
(ReKA) always produces a valid knowledge model.

® The formal verification activities are streamlined into a concrete set of processes which align

to various artifacts of Z notation.

® Various aspects of Z notation exploited for the knowledge modeling and associated

processes are expressed as the inferenceable mathematical models.

® The ReKA method is formally proved approach which always produces valid knowledge,

reflects the CPGs as global evidence and encourage the recommendations well supported
by local evidence. At the same time, it is revealed that the model created using ReKA is
outperformed compared to the similar approaches available.

d0i:10.20944/preprints201906.0179.v2
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148

149 2. Overview of knowledge acquisition for Smart CDSS

150 In our earlier work, we proposed a novel hybrid knowledge acquisition method for Smart CDSS
151  [17]. The acquisition method was accompanied by the proper validation process to ensure the validity
152 of the final knowledge model. In this paper, we are introducing a formal verification for the hybrid
153  knowledge acquisition method, which results in an enhanced method - ReKA. Before going into
154 details of formal verification, it is worthwhile to introduce the knowledge models and validation
155  processes briefly of the hybrid knowledge acquisition method. We encourage the readers to read [17]
156  for detailed descriptions of the models and validation processes used in the hybrid knowledge
157  acquisition method.

158
159 2.1. Hybrid knowledge acquisition approach for Guideline enabled data-driven knowledge model
160 In the clinical domain, patient data and CPGs are the most common sources of knowledge for

161 CDSS. Most of the existing knowledge acquisition methods use both sources of knowledge
162  independently. From patient data, the knowledge models are created using machine learning, while
163  from CPGs, various cognitive methods of knowledge acquisitions apply to the knowledge models.
164  Both methods have potential pros; however, there exist some limitations for each of them. The
165  knowledge acquisition method which combines both approaches can overcome somehow those
166  limitations. The key limitations of data-driven knowledge acquisition methods using machine
167  learning are as follows:

168 ® The quality of the knowledge model depends on the quality of the patient dataset. So the
169 performance of the model (such as accuracy) may vary for the same domain with different
170 datasets.

171 ® The model validation relies on the statistical validation process (e.g., 10-fold cross-
172 validation). In this case, the validation purely depends on data; and the domain experts are
173 unable to assert any additional criteria to apply constraints on the final knowledge model.
174 ® The final knowledge model supports only local evidence as it derives from patient data. The
175 recommendation becomes trustworthy for another organization if standard evidence from
176 CPGs and other published studies also associate with the knowledge model.

177

178 The use of CPGs as a knowledge source somehow resolves the inherent problems with the data-

179  driven approach. CPGs covers population-based knowledge supported by standard clinical evidence
180  gathered from different clinical studies. Although it covers-up some cons of the data-driven
181  approach, however, the knowledge models derived from CPGs also come with limitations:

182 ® CPGs are generic, and the model representing CPGs may not be able to integrate into health-
183 care work-flows directly.

184 ® The knowledge model strictly following CPGs discourages local practices. In most cases, it
185 is possible that local practices may not fully conform and contradict to CPGs, but may have
186 a huge impact on patient care at that particular jurisdiction.

187
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Very few studies include CPGs and patient data as a combined source for hybrid knowledge
modeling. For example, Toussi et al. [22] used a model derived from patient data to complete the
missing decisions in the CPGs. However, the primary motivation of hybrid knowledge acquisition
method is to combine the data-driven knowledge acquisition method and CPGs based knowledge
acquisition method to dilute their cons and take advantages of their pros in terms of the refined
knowledge model. This knowledge acquisition method is adopted under the umbrella of the three-
phase iteration process model of creating an executable knowledge model for Smart CDSS [17] in the
cancer domain. The first two phases of the process model dedicated to knowledge acquisition, which
covers knowledge model creations from CPGs and patient data and the validation process. The third
phase concentrates on the executable knowledge model and the development of associated toolset
[23]. Figure 2 depicts the abstract representation of hybrid knowledge acquisition method, and the
next section provides a brief description of the core knowledge models and validation process of this
approach.
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Figure 2: Hybrid knowledge acquisition method

2.2. Knowledge models and validation mechanism

Hybrid knowledge acquisition method includes a set of tasks encompassing two phases of the
iterative three-phase model [17]. In this section, we briefly describe this method of explaining the
knowledge models and the process associated with the validation of the models (see Figure 2). The
outcome of this method is the final knowledge model - known as a refined clinical knowledge model
(R-CKM), which is obtained after the rigorous validation process. It consumes the knowledge models
created from CPGs - known as a clinical knowledge model (CKM) and prediction model (PM) created

from patient data.

Prediction Model: A PM is a decision tree obtained from patient data using decision tree algorithms.
The decision tree algorithm used for this study was CHAID [24], which was selected based on
rigorous selection criteria. PM creation involves the formal machine learning method - CHAID and
reflects the local practices from patient data. As a decision tree formalism of the machine learning
paradigm - it includes the root node and grows in a top-down fashion. The nodes represent
conditions and leaf nodes as conclusions. The conclusion always lies at the leaf node where the branch
selection at each condition uses proper statistical evaluation processes to proceed for the appropriate
decision path. Finally, performance (such as accuracy) for each decision path evaluates from patient

data, and its overall performance represents as mean accuracy of all the decision paths in PM.

d0i:10.20944/preprints201906.0179.v2
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223  Clinical Knowledge Model: A CKM is a formal decision tree created from CPGs after a rigorous
224 inspection process by a team of physicians. It follows decision tree formalism started with a root
225  node. The tree grows in a top-down fashion from the root node by adding subsequent nodes to make
226  adecision path. The nodes represent a decision node and a conclusion node. Decision node represents
227  condition(s) (such as patient symptoms) to select the next branch of the tree among decision paths.
228  Conclusion node reflects the recommendations (such as treatment plan). In CKM, the conclusion
229  node can also play a role of condition node for the next follow-up conclusion. For example, an initial
230  treatment plan for cancer patient may be surgery, and after follow-up, the secondary treatment plan
231  canberadiotherapy only if surgery already is done. In this context, unlike the decision tree formalism
232 of PM, the conclusion node may appear as an intermediate node in the CKM decision tree. Moreover,
233  the branch selection of the CKM decision tree does not follow any probabilistic evaluation of the
234 condition. Because CKM is a reference model of CPGs, so its performance evaluation against local
235  patient data is not required.

236

237  Refined Clinical Knowledge Model: A R-CKM obtained after a rigorous validation process by
238  combining PM and CKM. It follows the same formalism as of CKM. However, it also reflects some of
239  the properties of PM to encourage decision making from local practices. Unlike CKM, all decision
240  paths in R-CKM evaluated from local patient data, and it also requires evidence for decision paths
241  which are refined but have no direct conformance to the CKM (i.e., guidelines).

242

243  Validation Process: A validation process is the core of the hybrid knowledge acquisition method
244 which unifies two different models to a single refined knowledge model. Figure 3 depicts detailed
245 steps of the process. It consumes PM and CKM as an input model and produces R-CKM as an output
246  model. Each decision path in PM is selected and added to the decision path of R-CKM after passing
247  conformance criteria based on CKM. The PM decision path may be refined by domain expert if
248  required. The activities for the validation process briefly summarized in three steps:

249

250 1. Setting validation criteria: Domain experts define criteria based on CKM (guidelines) and other

251 evidence to be fulfilled by decision path in PM. At the same time, each criterion is classified as
252 primary (compulsory) or non-primary (optional with an alternate), and the order of checking
253 specifies by priority. In the case of an oral cavity cancer treatment plan, domain experts decided
254 two primary and two non-primary criteria. i) The minimum performance limit must be satisfied
255 by each selected decision path in PM (e.g., accuracy greater than 50% in this study); ii) the
256 selected decision path in PM must not conflict with the CKM (guidelines); iii) the decision path
257 in PM should conform to any decision path in CKM, and iv) if criterion iii) is not fulfilled, then
258 the decision path in PM must be associated with an evidence which proves its necessity and
259 effectiveness of inclusion into R-CKM.

260

261 2. PM wvalidation against criteria: During this step, each decision path is selected and evaluated
262 against the well-established criteria. The decision path of PM becomes part of R-CKM if it fulfills
263 the criteria.

264
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265 Inspection and refinement of selected PM decision path: The selected decision path can become
266 directly part of R-CKM. However, the domain expert may want to refine it further to reflect the
267 most concrete concepts used in the healthcare workflows. Moreover, the refinement process also
268 allows adding further choices of the treatment plan in the decision path if required.
Hybrid knowledge acquisition method
é?:\. .
CKM
Set validation criteria
& = pips-pul
i .
Select next decision path P; 8, < <«q®
—> from PM bk ¢ e
_ i e PM
& (Ves) All P; o Evolve R-CKM by
®<— finished? ::E adding (P,)
: v i 1
'CI Is For each¢; in C, . . —> &
primary? = (¢ is selected in order of p;) Inspecting and refining e
v GT (P;) to (P;) R—CKM
E Check ¢; i:'ci is e,
] forP, . (Passed) Pt ——{0)
269 Validation Process
270 Figure 3: Validation Process [17]
271
272 The hybrid knowledge acquisition method was used in the creation of the knowledge model for
273  Smart CDSS in oral cavity cancer [17,23] with proper validation mechanism. However, it was not
274 formally verified even after using as a core method of knowledge acquisition for Smart CDSS. In the
275  validation process at the refinement step, the process provides the freedom to domain expert for
276  adding further treatment plans as a condition to the selected decision path. It leads toward
277  inconsistency and cannot guarantee the validity of R-CKM at all time. In order to cope with this issue,
278  the content of this work introduces the verification process using formal Z notations. After applying
279  the Z formalism, the outcome concludes with the detection of inconsistencies in the step of refinement
280  of the validation process. It explicitly enlisted nine additional criteria that must be in place after
281  refinements are made to the decision path in R-CKM. The existing knowledge acquisition method is
282  enhanced as ReKA method to accommodate the newly discovered criteria.
283
284 3. Preliminaries and key motivation of using formal method for knowledge acquisition
285  3.1. Preliminaries
286 There are several ways to represent objects in the Z notation. Declaration, abbreviation, and
287  axiomatic definitions are simple ways to represent objects in Z notation. "Schema" and "free" types
288  are special ways to represent complex objects in Z notation. All of these types obey mathematical
289  laws and have rules for reasoning with the information that they contain. At this point, the
290  introduction and use of these concepts are important; however, in this paper, we skip the detailed
291  description of the concepts used in Z notation. So, the important concepts introduced with brief
292  details and all other concepts used in this paper provided in Figure 4. Readers may consult reference
293  materials [25,26] and other research works that have used Z notation extensively [27-29].
294
295 Declaration: This is the simplest way to define an object. When an object is a set of some basic
296  type, brackets use to enclose the name of an object. If there are more than one objects, comma uses
297  for separation between them. For example, type definition (1) in Figure 5 represents multiple object
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declarations. ConditionAttribute and ConditionValue are the set of concepts and the corresponding

values, respectively, in the clinical knowledge model that construct the basic Condition.

Definitions and declarations Relations
a b Identifiers A+ B Binary relation
n,q Predicates domR Relation domain
st Sequences ran R Relation range
Xy Expressions R™ Relational inverse (relational
transpose)
A B Sets A<R Domain restriction
RS Relations AR Range restriction
d e Declarations A<R Domain subtraction (Anti-domain
restriction)
a==x Abbreviated definition ABR Range subtraction (Anti-range
restriction)
[A] Given set ReS Relation overriding
A:=b{B) | c{(C}) Free type declaration RXS Cartesian product
let g ==x Local variable declaration ar b Maplet ( order pair: same as (a,b) }
Logic Sequences
—p Logical negation Seq A Sequence
bAg Logical conjunction seqr A Non-Empty sequence
pvg Logical disjunction & Empty sequence
p=q Logical implication (XY, o) Sequence
peg Logical equivalence st Concatenation
¥x: p Universal quantification Als Extract { {1,3,6} 1 {a, b, ¢, d> will give
{a,0)
Ix: g Existential quantification s[A Filter { (a, b, ¢, dy [ {b, d, e} will give
(b, dy ]
dx: g Existential guantification sint Is in {¢a,by in (w,y,a,b,c) is true. ¢b,a}

(exactly one element)

if p then g else r structural conditional logic

in {w,y,a,b,c) is false}
Schema Notation

Sets

XEY Set membership
{} Empty set
f Set of natural numbers
ACB Set inclusion
xy,...} Set of elements
xy,..) Ordered tuple
FA Power set
PA Non-empty power set
ANB Set intersecticn
AUB Set union
A\B Set difference
La Generalization union
Na Generalization intersection
#A Size of finite set
{dee..|p®x} Set comprehension

Functions
A—+B Partial function
A—B Total function

Schema
s
d
P
d Axiomatic definition
r
Schema inclusion
7
5
d
P
AS Change in schema
= No schema change
S=TAV Schema definition as value of
schema expression
a? Input to an operation
al QOutput of an operation
a' State component after operation
s State schema after operation

Figure 4: Z notation concepts overview

Abbreviation: Abbreviation introduces another name to an existing object. For example, type

definition (2) in Figure 5 is the abbreviation for cancer treatments.

Free type: Free type allows a variety of data structures to be represented using sets with explicit

structuring information. For example, type definition (3) in Figures 5 highlights three different object

definitions. ConditionOperator is a free type that distinctly represents the set of operators used in the
Condition. The Condition further expresses the complex definition of the conditions used in the clinical


https://doi.org/10.20944/preprints201906.0179.v2
https://doi.org/10.1016/j.cmpb.2020.105701

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 July 2019 d0i:10.20944/preprints201906.0179.v2

9 of 43

312  rules. treatmentSet is a free type that covers high-level semantics for cancer treatments that provided
313  to a patient in a proper sequence by using the guidelines.

314
315

Oral Cavi
hid Treatmentintent

y paliative

[ Cl:Chemolnduction } ‘ RT:Radiotheraphy \’

Al Ad
Treatment Treatment

o{[L'undztEonAttribute, ConditionValue, ClinicalObjectives, Evidences]

ConditionOperator o{Treatments == {Chemotherapy, Radiotherapy, Surgery, ...}

‘ » .
IF Treatmentintent = radical )
ConditionOperator ==< |>|=|#|< |2

N
ConditionAttribute ConditionValue Condition =
= [NOT]({ConditionAttribute){ConditionOperator){ConditionValue)) |

~ o {[N() T](((.'unditi(mAttVihute)(Camlitinn(Jpi:r'atur')((.’nnditi(ml/u[ue)}]

Condition AND | OR
[NOT]({ConditionAttribute){ConditionOperator {ConditionValue))

treatmentSet ::
= itTPlan({F Treatements)} | followedTPlan{(treatmentSet))

316

317 Figure 5: Declaration, abbreviation and free type examples

318

319 Axiom: Axiom provides the ability to define objects and includes constraints upon it. In an
320  axiomatic definition, the object definition represents in two compartments: declarations and
321  predicates. Declarations represent the content structure of an object and predicates introduce
322  constraints on the contents. Figure 6 shows an example of the axiomatic definition for CKM
323  specification.

324

325 Schema: Schema is the most powerful artifact in Z notation and describes the system behavior.
326  Similar to an axiom, it defines objects using declarations and predicates. However, the schema can
327  take different forms such as a modeling static structure, modeling operations, and modeling different
328  states of the object after operations. Figure 6 shows an example of modeling CKM as a
329  "ClinicalKnowledgeModel" schema.

decisionPathConditionCKM : F ConditionKMs T
{(hnf'lrmuw("!\]’l! : I TreatmentPlan } *  Conclusion of CKM include

decisionPathCKM : ConditionKMs -+ TreatmentPlan treatment plan
* Decision path of CKM is partial

Declarations

£ i i function of condition to
3 decisionPathConditionCKM = dom decisionPathCKM treatment plan
ConclusionCKM = ran decisionPathCKM
(ran ConclusionCKM M ran(dom decisionPathCKM)) C ran decisionPathCondition CKM
{Imnd (dom decisionPathCKM) ¢ ran Conclusion CKM Nran rtmmnuPufb('undv!-um(}h'!\l}

ClinicalStaging

«DT_Dacisions Medical
Comorities found OR
Fatient is not wiling

Predicates

Root condition of decision-path
must be condition

DT_Desisions
Rosedual
Disease

Yos

Pathology Staging

— ClinicalKnowledge Model
CKM : P decisionPathCKM

guidelines : decistonPathCKM — Clinical Objectives
rootCKM : seq Condition

No.
Adverse Features: (+/-)
node( N1, z20; T1-2)

NO, TH-2

FU:Fallowlp

Declarations
—

CKM = dom guidelines
Vdp : decisionPathCKM | dp € CKM o
head (dom dp) & ran ConclusionCKM 0 ran decisionPathCondition CKM
Jdp : decisionPathCKM 5 dpy : decisionPathCKM | dp, dpy € CKM e
last (dom dp) = randp, < dom dp, = dom dp "\, last (dom dp)
rootCKM =V dp : decisionPathCKM | dp € CKM e ((\(ran(dom dp)))

Schema

Predicates

330
331 Figure 6: Axiomatic definition and schema example
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332 3.2. The motivation for formal methods

333 The ability of domain experts to trust knowledge content is a key factor that influences the
334 success of CDSS implementation. The trust in knowledge primarily depends on how well the
335  knowledge contents have passed through a sophisticated validation process to ensure consistencies
336  in the refined knowledge model. According to a systematic review by Mor Peleg [2], formal
337  verification techniques are used to validate the clinical knowledge for internal consistencies and to
338  check for the fulfillment of the desired properties and specifications. There are two broad categories
339  of these techniques: model checking and theorem proving [2]. In model checking, the knowledge
340  transformed into an appropriate model-checker format, and the model checker verifies the
341  consistency of the knowledge model for the fulfillment of the desired properties. Alessio Bottrighi et
342  al. applied the model checking approach to integrating the computerized guideline management
343  system with a model checker [30]. The guideline representation language GLARE is used and
344  integrated with the SPIN model checker to verify the clinical guidelines. Theorem proving uses the
345  logical derivation of theorems in order to prove the consistency of the knowledge contents available
346  in the formal specification. Annette T. Teije et al. [31] used KIV-based formalism to represent medical
347  protocols and defined semantics of the desired properties. The desired properties of the protocol are
348  verified using formal proof of the KIV theorems.

349 Based on the substantial advantages and the need for formalism in knowledge validation and
350  verification, we introduced the formal verification process as a formal method content into the
351  development framework of Smart CDSS. Selection of an appropriate formal method requires formal
352  guidelines to find the best fit for a knowledge representation scheme. In this work, we used the Z
353  notation as the formal representation language for knowledge representation and for modeling the
354  validation method features. We used the formal theorem proving mechanism to remove
355  inconsistencies in the method, which ultimately ensures a consistent and valid knowledge model.
356  Following are fundamental features of Z notation, which compels its suitability for clinical
357  knowledge modeling and verification of the acquisition process.

358

359 1. Easy knowledge modeling: While using the Z notation, it is simple to decompose the kno
360 wledge specifications into small pieces and formally define the static and dynamic asp
361 ects of the knowledge acquisition (i.e., the knowledge representation and validation pr
362 ocess [25]). The "Schema" represents this aspect of Z notation, where the first-order pre
363 dicate logic uses for the constraints on the typed knowledge contents. Moreover, dyna
364 mic schema represents the validation process that operates within the boundaries of th
365 e knowledge representation schema. The subsequent sections will elaborate, detailed co
366 ntents of the formal verification process for the knowledge acquisition method in term
367 s of Z specifications.

368 2. Data-rich formalism: Another aspect of Z notation is the notion of "types" [26]. Z types
369 are mathematical data types that can be used to represent any object in a system uniq
370 uely. They specifically obey a rich collection of mathematical laws, which make it poss
371 ible to determine the behavior of the system [25,26]. This aspect of Z leverage, toward
372 s data-rich formalism of knowledge contents and the resulting artifacts, can be easily
373 mapped to standard viewpoints of RM-ODP [32] (e.g., the information viewpoint). H.
374 Bowman et al. used Z notation for consistency checking of the two views in the infor
375 mation viewpoint [33]. Similarly, artifacts of Z notation can also map to the "analysis"
376 and "design" disciplines of the RUP framework.

377 3. Support of tools: The Z specification language not only enables formal specifications for
378 a system and a language but also allows for the systematic reduction of such specifica
379 tions into implementations [27]. Moreover, there is a wide range of tools available to c
380 heck for syntax and type consistency in the specifications

381


https://doi.org/10.20944/preprints201906.0179.v2
https://doi.org/10.1016/j.cmpb.2020.105701

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 July 2019 d0i:10.20944/preprints201906.0179.v2

11 of 43
382 4. Methods and Materials
383 4.1. Refined Knowledge Acquisition (ReKA) method
384 ReKA method is an enhancement of our hybrid knowledge acquisition method. It follows the

385  same three-phase model used for hybrid knowledge acquisition method. It uses all the steps of hybrid
386  knowledge acquisition described in section 2.1. Besides, it introduces new processes that involve the
387  formal verification artifacts at different phases of the three-phase model. Figure 7 shows the extended
388  three-phase model used by ReKA method. The extended processes are reflected as an additional layer
389  on the basic processes.

390
Clinical
Knowledge Model
{Clinical Domain g A
Selection = ot sach LA candidate
interm of MLMs from R-
- - i
e ® <o, = - Refined Clinical
K.E.:‘nnisf \:Ilvllc‘l’:;r‘mu Def. Fun:tsl‘o:‘:znd model Knowledge Model
391 Phase-Ill
392 Figure 7: Extended three-phase model for ReKA
393
394 This study focuses on the newly adopted processes of formal verification, so we skip details of

395  the common process used with hybrid knowledge acquisition. The model created for oral cavity
396  cancer in the earlier study is re-used for this study with new patient cases of 1229 from Shaukat
397  Khanum Memorial Cancer Hospital (SKMCH), Lahore, Pakistan. Example scenarios have been
398  created by physicians to modify our earlier oral cavity treatment model. Based on the earlier hybrid
399  knowledge acquisition method, the modifications are valid; however, as demonstrated in the result
400 section, ReKA identified that the modifications are not valid because it creates inconsistencies in the
401  final knowledge model. Furthermore, we have also compared ReKA approach with the most relevant
402  hybrid model acquisition approach. The subsequent sections further discuss the technical details of
403  the formal verification processes used in the ReKA method.

404  4.2. Establishing a formal modeling process

405 To the best of our knowledge, no substantial evidence exists in a knowledge engineering
406  discipline that discusses Z notation with discrete processes having proper guidance. Based on the
407  capabilities of Z notation and the guidance available for applying different concepts of Z notation to
408  formal modeling [25,26], we formulate a formal modeling process for knowledge acquisition method.
409 Tt comprises four distinct processes: “modeling problem”, "defining function and model states”, "proving
410  consistency”, and "refine specification for concrete design”. Below is a brief discussion of each of these

411  processes. Figure 8 shows an abstract view.

412
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413 1. Modeling problem: This includes tasks used to analyze the problem context and identify all
414 of the relevant concepts that contribute to the final objectives. Different constructs of the
415 selected formalism technique are used to model concepts at different granularity levels.
416 Primitive types, axioms, free types, and schema are the candidate constructs in Z notations
417 that assist in modeling the problem under consideration. During the knowledge acquisition
418 method, various models created which include PM, CKM, and R-CKM. Different constructs
419 of Z notation used in representing these models. The outcomes of this process produce
420 primitive types, free types, sets of axioms, and sets of the static schema, which represents
421 the knowledge models.
422
REFINE SPECIFICATIONS
DEFINING FUNCTIONS FOR CONCRETE DESIGN
AND MODELS STATE
= Data and Function 3
- : Refinement
Q » Operations : {Refine models for data types
{Define operations on model) and functions to reflect
Initialization concrete design)
Theorem
(Define :erp::le types) (Pm:ti::anO I(:‘fo(:lfeilr;itial
BIERELINGIEREELER] PROVING CONSISTENCY
423
424 Figure 8: Formal modeling process
425
426 2. Defining functions and models state: This includes tasks to define the behavioral aspects of the
427 system under consideration. Defining operations related to the candidate models and
428 associating the appropriate state model (as a consequence of the operation on the model)
429 are the main activities of this process. Schemas are the central construct in Z and can
430 represent the operations and states of the models. For the knowledge acquisition method,
431 operations are defined for the retrieval of contents from PM, and CKM models. These
432 operations will not affect changing the state of the corresponding models. Different
433 operations define for the R-CKM model in order to validate the candidate decision path
434 from PM against the CKM model and to evolve the final R-CKM model. As a result of the
435 evolution of the R-CKM model, the corresponding state model is defined to formally
436 represent possible changes in the contents of the R-CKM model.
437 3. Proving consistency: Identifying inconsistencies in the specifications of the modeled problem
438 is the ultimate goal of formal methods. The main task is to make sure that the defined models
439 are consistent and have no contradictions with their desired requirements. Moreover, it is
440 desirable to verify that the operations defined in various models are consistent and that their
441 outcomes are within the intended boundaries of the domain. Z specification provides a well-
442 established way to achieve both of these goals. The first part achieves, to prove the constraint
443 part of the state schema of the model is satisfiable using "initialization theorem" - to indicate
444 that an initial state, at least, exists. The second part requires to investigate “preconditions" for
445 the candidate operations - that may be calculated from the operational schema using the
446 one-point rule. For the knowledge acquisition method, the "initialization theorem" proves the
447 satisfiability of the R-CKM state schema. Moreover, "preconditions" investigate for all

448 operations that evolve the R-CKM model.
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449 4. Refining specification for concrete design: The refinement process tends to construct and
450 describe another model that complies with the original model of the design but is closer to
451 implementation. The refinement process comprises large tasks that are applied in
452 consecutive iterations at the data and function levels to ensure that the specifications are
453 free of any uncertainty. These specifications are closer than previously modeled
454 specification to executable program code. In order to prove that refinements are consistent
455 within themselves and appropriately represent the original design model, it is necessary to
456 establish a theory for refinement that includes a set of rules for proving the correctness.
457
458 In this research work, we exploit the first three processes to model the clinical knowledge and

459  the validation process in order to prove that the knowledge acquisition is sufficiently consistent with
460  always producing valid final knowledge model. The refinement process is helpful for systems where
461  the outcomes of the design are required to be sufficiently close for direct conversion into executable
462  code. This process is included purposefully because our knowledge specification can be easily
463  converted into the executable code if we properly exploit the Z refinement mechanism. Furthermore,
464  we are presenting the "Proving consistency" step in the results section to emphasize the outcome of the
465  formal verification process.

466  4.3. Modeling problem

467 The modeling problem investigates the basic concepts used in knowledge acquisition for Smart
468  CDSS, which target the clinical objectives. The fundamental concepts used in Smart CDSS are PM,
469  CKM, and R-CKM, which represent the clinical treatment plan for head and neck cancer. Primitive
470  types, free types, axioms, and schema in Z notation are candidate constructs to represent these
471  concepts.

472  4.3.1. Primitive types

473 Primitive types constitute the basic building blocks of the problem under consideration. In Smart
474  CDSS, the concepts relevant to the clinical knowledge, which play a pivotal role in knowledge
475  acquisition and validation, are cancer treatments (e.g., chemotherapy, radiotherapy, and surgery),
476  clinical objectives (e.g., intervention for a treatment plan), and evidence (e.g., combined chemo-
477  radiotherapy has a significant effect on patient survival; a success rate of 92%). These concepts are
478  represented as a set using primitive types (Type Definition 1 :line 1). Furthermore, cancer treatment
479  is abbreviated (line 3) as a general treatment to provide clarity in further specifications.

480
Type Definition 1 Primitive types for clinical knowledge modelling
[CancerTreatinent, ClinicalObjectives, Evidences) (1)
[Condition, ConditionAttribute, ConditionOperator, Condition Value| (2)
Treafments == {CancerTreatment } (3)
481
482 In order to define the formal representation of the knowledge model, primitive types are needed

483  to capture the basic concepts used in the knowledge representation scheme. In Smart CDSS, the
484  knowledge models follow decision tree representations where the combination of conditions with
485  logical relationships constitutes the decision path. The Condition includes clinical concepts as an
486  attribute with an exact value or a range of value sets. For example, a condition in the decision tree
487  testnode TreatmentIntent = radical represents a patient categorization primarily based on the severity
488  of cancer. Z primitive types (shown in Type Definition 1 (line 2) represents these concepts, and Type
489  Definition 2 provides the corresponding language syntax for the condition.

490
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Type Definition 2 BNF for some primitive types
Condition := [NOT|{ {ConditionAttribute) (ConditionOperator) {ConditionValue)) |
{ INOT|({ ConditionAttribute) {ConditionOperator | Condition Value) )AND | OR
[NOT]((ConditionAttribute) { ConditionOperator) { ConditionValue) ) } (1)
ConditionQpergtor == < | > | = | # | = | = (2)
492 Moreover, free types in Smart CDSS reflects the semantics of the clinical concepts and provides

493  conformance to decision tree representation formalism. For example, treatments provided to patients
494  follow a sequence according to standard guidelines and protocols; Chemolnduction follows
495  radiotherapy treatments and surgery for radical patients (from CKM). In order to capture these
496  semantics, Type Definition 3 defines two free types: TreatmentSet and TreatmentPlan (line 1 and line
497 2, respectively).

Type Definition 3 Free types to capture semantics of knowledge artifacts
treatmentSet = InitTPian (IF Treatments)y | followed TPlan {treatmentSet}) n
TreatientPlan 1= treatmentSet {N x seq TreatmentPlan}) (2)
ConditionKMs = seq Condition ™ Treatment Plan (3)
RefinedTreatmentPlan ::= N x TreatimentPlan 4
501 In Smart CDSS, the knowledge model typically uses decision tree representation; however, PM

502 s different from CKM and R-CKM in terms of the decision path. PM does not include treatments as
503  acondition. To distinctly represent this formalism, ConditionCKs (line 3) defines a particular condition
504  asa free type for CKM and R-CKM. Similarly, RefinedTreatmentPlan (line 4) represents refinement in
505  final R-CKM, which dictates the addition of a treatment to R-CKM as a type of refinement (indicating
506  the placement of treatment plan at a particular position in the decision path).

507  4.3.2. Knowledge models

508 Clinical knowledge models, such as PM, CKM, and R-CKM, are represented as axioms and
509  schemas. Subsequent sections explain the specifications for these models.
510 Prediction model specifications: Prediction model specifications cover the properties associated

511  with PM by decision tree formalism. Figure 9 shows the PM created (using CHAID decision tree) for
512  oral cavity cancer treatment intervention [17] with details of corresponding attributes and their
513  formalism semantics. The PM specifications are created using an axiom (Axiom 1) and the
514 PredictionModel schema (Schema 1). The axiomatic definition for PM represents the basic constructs
915  of PM using decision tree formalism. Accordingly, the decision paths are the main constituents of the
516  decision tree skeleton where a combination of logically related conditions makes a single decision
517  path that has one conclusion. The conditions and conclusion are also known as nodes of the decision
518  tree, where the conclusion is always a leaf node. The decision tree obtained from the data (using
519  machine-learning approaches) also has accuracy in terms of possessing correctly classified data cases

520  (i.e., using 10-fold cross-validation).
521
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Axiom 1 Prediction model specifications

decisionPathConditionPM : F seq Condition (1)
Conclusion : F TreatmentPlan (2)
decisionPath : Condition + TreatmentPlan (3)
accuracy : Z (4)
decisionPathAccuracy : decisionPath — accuracy (5)
evidences : F Evidences (6)
decPathEvidences : decisionPath + Evidences (7)
0 < accuracy < 100 (8)
decisionPathConditionPM = dom decisionPath 9)
Conclusion = randecisionPath (10)
¥ con : Condition | con € decisionPathConditionPM e (11)
3, conclusion : TreatmentPlan | conclusion € Conclusion e
decisionPath(con) = conclusion
evidences = randecPathEvidences (12)
a \
Oral Cavity Cancer Treatment
L
\ 4
NO:TP_Intent
\
radical palliative,
N1:CT T value NZ RT Path:1
T T:2 T3
N4: CT S val
Path:2 N3:SRT vale N5: HistoDisc
SqCC;sCC; C All others
1l : NOS
v ;v ! il
Path:3 ‘ N6: S RT | ‘ N7:SRT ‘ N8: CCRT ‘ N9: SRT
Path:4 “Path5 Path:6
Attribute Formalism Remarks
RootNode Only one; starting node; condition node TP_Intent
LeafNode(s) One or more; End of decision path; indicate conclusion RT, S RT, CCRT
Condition Node(s) One or more; indicate condition; must not be leaf node CT S value; CT T value; HistoDisc
Decisionpath Set of nodes (conjunction) with conclusion: start with 1.TP_Intent: palliative - RT;
root node, set of condition nodes, ends with leaf node 2.TP_Intent: radical - CT T value:
T:1 - SRT; (4 other paths)
Decisionpath Each path must have accuracy in range of 0 and 100 Decisionpath 1: 40.6 %;
Accuracy Decisionpath 2: 95.7 %
PM Accuracy Mean accuracy of all decision paths; PM accuracy must PM accuracy for 6 paths: 59 %

be in range 0 and 100

Figure 9: PM for treatment intervention in oral cavity cancer and its formalism (C CRT: Chemo
Induction followed by chemotherapy; C NOS: Carcinoma NOS; CT S: clinical stage S value; CT T:
clinical stage T value; HistoDisc: Histology description; RT: radiotherapy; SCC: Small cell carcinoma;
SqCC: Squamous cell carcinoma; S RT: Surgery followed by RT; TP_Intent: Treatment Plan Intent)
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Schema 1 Prediction model specifications
— PredictionModel
PM : FdecisionPath (1}
accuracyPM T 7 (2}
predictionModels : decisionPath + » ClinicalObjectives (3}
predictionModelsAccuracy 1 PM — accuracy (4}
rootPM : seq Condition (5}
0 < accuracyPM < 100 (6}
PM = dom predictionModels (7}
acciracyPM = (let pathsAcc == {pathsAcc : Z | (Y dp : decisionPath  dp € PM » (8}
pathsAce = decisionPathAccuracy(dp) + pathstee) }) /#PML
rootPM = ¥ dp : decisionPaiti | dp € PM » {[](ran{domdp))} (9}
535 In Smart CDSS, PM follows decision tree formalism, which is obtained from patient medical

536  records where conditions are used to represent patient information (e.g., symptoms, problems
537  (diseases), clinical observations, and other demographic information (patient history)) and the
538  conclusion represents the treatment plan. Axiom 1 includes declarations for the decision path as a
539  partial function from the condition to the treatment plan (line 3). Its accuracy represented by a total
540  function from the decision path to the accuracy (line 5). The decision path conditions are represented
541  as a finite set of the Condition (line 1), and the conclusion represented by a finite set of the
542  TreatmentPlan (line 2). In order to reinforce the basic properties of the PM decision path, predicates
543  are used to constrain the defined properties. For example, the PM decision path accuracy must lie
544 between 0 and 100 (line 8). For all decision paths, there must exist one conclusion, and the conclusion
545  must be a TreatmentPlan (line 11).

546 Moreover, for validation purposes, we also associate the evidence (if it exists) with the treatment
947  plan recommendation that is provided by the decision path in PM. The evidence is a finite set (line
548  6), which can represent the effectiveness of the treatment plan in given patient cases in terms of the
549 success rate (as a percentage). It may also include external evidence from other research works.
550  Therefore, the decision path may have evidence represented by a partial function from the decision
951  path to the set of evidence (line 7 and line 12).

552 Prediction model specification is further extended through the PredictionModel schema
553  (Schema 1). PM is formally represented as a decision tree that is associated with the clinical objectives
554 using the injective function from the decision path to the clinical objectives (lines 1, 3, and 7). The PM
555 s associated with accuracy, which is the weighted mean accuracy of all of the decision paths in PM
556  (lines 2, 4, and 8). For simplicity, we consider an equal number of patient cases for each decision path;
557  this simplifies the accuracy of PM (line 8). Also, PM is a decision tree, which means it must include
558  one root node that must be a condition (lines 5 and 9).

559 Clinical knowledge model specifications: Clinical knowledge model specification represents the
560  formalism of CKM as an axiom (Axiom 2) and the schema ClinicalKnowledgeModel (Schema 2). CKM
561  isaknowledge model that represents clinical guidelines using a decision tree formalism. Figure 10 is
562  reference CKM created from clinical guidelines [17]. For the brevity purpose, we are not displaying
563  the pictorial representation of the formalism as it shares most of the structure artifacts with the R-
564  CKM and hence Figure 11 shows a formalism used as a reference for CKM.

565

Axiom 2 Clinical knowledge model specifications

decisionPathConditionCKM : T ConditionKMs (1
ConclusionCKM : F Treatment Plan (2
decision PathCKM : ConditionKMs —+ TreatnientPlan (

decisionPathConditionCKM = dom decisionPathCKM (4
ConclusionCKM = ran decisionPatiCKM (5
{ran ConclusionCKM M ran(dom decisionPathCKM)) C randecisionPathConditionCKM (6
fead (domdecisionPathCKM) ¢ ran ConclusionCKM N ran decisionPathConditionCKM (7

566
567
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568 As described in a previous section, unlike PM, the CKM decision path also considers the
569  treatment plan as a condition, and the conclusion is always a treatment plan. Therefore, decision path
570  represented by a partial function from free type ConditionKMs to the treatment plan with axiomatic
571  definition Axion 2 (line 3). The constraint defined by a predicate at Axiom 2 (line 6) reinforce the idea
572  of the CKM decision path that may contain treatment plans in condition. Moreover, every decision
573  path must have a starting condition other than a treatment plan, which defined by a predicate at
574  Axiom 2 (line 7). Axiom 2 (line 14 and 25) are representing the conditions
915 (decisionPathConditionCKM) and conclusion (ConclusionCKM) of decision path in CKM as finite set of
576 ConditionKMs and TreatmentPlan respectively.

Schema 2 Clinical knowledge model specifications
— ClinicalKnowledgeModel

CKM : P decisionPathCKM (1)
guidelines : decisionPathCKM — CliniealObjectives (2)
roetCKM : seq Condition (3)
CKM = dom guidelines (4)
Y dp : decisionPathCKM | dp € CKM »

head (dom dp) ¢ ran CourclusionCKM 1 ran decisionPathConditionCKM [:5:]
Jdp : decisionPathCKM §dpy : decisionPethCKM | dp,dp € CKM »

last (dom dp) = randp, < domdp, = domdp’, last {dom dp) (6)
rO0HCKM = W dy « decisionPathCEM | dp € CKM » {[{ran(domdp])} (7)

580 The ClinicalKnowledgeModel schema (Schema 2) further extends the CKM semantics. According

581  to the definition of CKM, it covers-up the guidelines and follows decision tree formalism.
582  Furthermore, it is associated with clinical objectives. For example, CKM (in Smart CDSS) consults
583  NCCN guidelines, and its main objective is the provision of standard-based treatment plans for
584  tumors in oral cavities. By using the schema definition (Schema 2), the guideline is a total function
585  from the standard decision paths to the clinical objectives (line 2). CKM is a set of logically related
586  decision paths in the guidelines that fulfill target clinical objectives (lines 1 and 4).

587

588 Every decision path in CKM must start with a condition (other than a treatment plan), and CKM
589  must have only one root condition (line 3) shared by all decision paths. Schema (Schema 2) defines
590  these constraints by predicates at (lines 5 and 7).

591 In CKM, the treatment plan comes as a condition in one decision path and may act as a
592  conclusion for another decision path. In other words, the CKM conclusion may occur in an
593  intermediate node. Schema 2 defines a predicate (at line 6) to reflect this semantic.

594
595
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Figure 10: CKM for treatment intervention in oral cavity cancer(Cl: Chemoinduction; CRT:
Chemotherapy; CT N: clinical stage N value; CT S: clinical stage S value; CT T: clinical stage T value;
ECS: Extracapsular spread; FU: Follow-up; MCT: Multidisciplinary consultation; RT: radiotherapy;
S: Surgery) [17]

Refined clinical knowledge model specifications: Refined clinical knowledge model
specifications represent R-CKM formalism as an axiom (Axiom 3) and a schema
(RefinedClinicalKnowledgeModel, Schema 3). R-CKM follows the formalism of CKM in that it also uses
decision tree representation, which includes decision paths that have been formally validated from
standard guidelines or possess sufficient evidence to prove their effectiveness. Figure 11 shows the
R-CKM of a treatment plan for oral cavity cancer [17] with precise semantics and formalism. In this
respect, the R-CKM decision path modeled (similar to CKM) by a partial function from free type
ConditionKMs to the treatment plan; this is shown in the axiomatic definition (line 3).
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Axiom 3 Refined clinical knowledge model specifications

decisionPathConditionRCKM : F ConditionKMs
ConclusionRCKM : TF TreatmentPlan

decisionPathRCKM : ConditionKMs — TreatmentPlan
accuracy : Z

decPathRCKMAccuracy : decisionPathRCKM — accuracy
evidences : F Evidences

decPathRCKMEvidences : decisionPathRCKM -+ Evidences
refinedTPlan : F RefinedTreatmentPlan

refinementsDecPath : RefinedTreatmentPlan — decisionPath

O 00N QN Ul N~

0 < aceuracy < 100 (
decisionPathConditionRCKM = dom decisionPathRCKM (
ConclusionRCKM = ran decisionPathRCKM (
(ran ConclusionRCKM N ran decisionPathConditionRCKM) C ran decisionPathConditionRCKM (
head (decisionPathConditionRCKM) ¢ ran ConclusionRCKM N ran decision PathCondition RCKM(
evidences = ran decPathRCKMEvidences (
refinedTPlan = dom refinementsDecPath (

= T e e T e e o o o e

NG W N = O

612
613

614 As a result of refinements, the decision path of R-CKM may fully not conform to guidelines
615  (CKM). In such cases, the evidence is required to justify the effectiveness of the refinements made to

616  the decision path of R-CKM. To capture this context, a finite set of Evidences (line 6) is associated with
617  the decision path of R-CKM as a partial function (line 7,15).

618
Schema 3 Refined clinical knowledge model specifications
— RefinedClinical KnowledgeModel
PredictionModel (1)
ClinicalKnowledgeModel (2)
RCKM : IF decision PathRCKM (3)
refinedCKM - decision PathRCKM — CKM (4)
rootRCKM : seq Condition (5)
accuracyRCKM 1 FZ (6)
refinedCKMsAceuracy - RCKM — accuracy (7)
0 < accuracyRCKM < 100 (8)
RCKM = dom refinedCKM (9)
Y dp : decisionPathRCKM | dp € RCKM »
head (dom dp) ¢ ran ConclusionRCKM (M van decisionPathConditionRCKM (10)
Jdp : decisionPathRCKM §dpy : decisionPathRCKM | dp, dpr € RCKM »
last (domdp) = randp; < domdp, = domdp ' last (dom dp) (11)
accuracyRCKM = (let pathsAec == {pathsAce : % | RCKM # @ A
(7 dp : decisionPathRCKM | dp € RCKM e pathsAcc =
decPathRCKMAccuracy(dp) + pathsAcc) }) fHRCKM 112)
Y P+ decisionPathRCKM | pyepn, € RCKM »
3 Py - decisionPath, poy - decisionPathCKM |
Pon € PM A pugy € CKM @ dom prg, — dom py,, L dom pgy (13)
rootRCKM = W dp : decisionPathRCKM | dp € RCKAM o {N(ran{domdp)}} (14)
619
620

621
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‘ Oral Cavity Cancer Treatment

| NO: TP_Intent
radical palliative
p N v
| oo | ‘ N2: RT |

N1: CStage
T:1,2; N:0 TlZ Nl All other
N 4_
| N33, N s N7.LiS N5: HistoDisc
SqCC;5CC; C All others
NOS
N1.1: CFinalStage

N8: CRT | Neas

v * I
N3.2: FU or RT ‘ N6.2:RT | N7.2:RTor CRT No.2:RT |

Attribute Formalism Remarks
RootNode Only one; starting node; condition node TP_Intent
LeafNode(s) One or more; End of decision path; indicate conclusion RT or CRT, FU or RT, RT, CRT
Condition One or more; indicate condition; must not be leaf node; conditionnode  Only condition: Cstage; CFinalStage;
Nodels) may indicate conclusion which will be condition for other node HistaDisc
Condition & Conclusion: Cl, S

Decisionpath Set of nodes (conjunction) with conclusion: start with root node, set of ~ 1.TP_Intent: radical = CI;

condition nodes, ends with leaf node | condition node (act as 2. TP_Intent: radical = Cl = Cstage:

conclusion) TLZN:L >S5

3: TP_Intent: radical -» CI -> Cstage:
T:1,2;N:1 = 5 = RT or CRT (5 other paths)

Decisionpath Each path must have accuracy in range of 0 and 100 Decisionpath 1: 54.2 %;
Accuracy Decisionpath 2: 88.6 %
Decisionpath 3: 88.6 %

RCKM Accuracy Mean accuracy of all decision paths and it must be in range 0 and 100 RCKM accuracy for 8 paths: 53 %

622
623 Figure 11: R-CKM for treatment intervention in oral cavity cancer and its formalism (CI:

624  Chemoinduction; C NOS: Carcinoma NOS; CRT: Chemotherapy; CT N: clinical stage N value; CT S:
625 clinical stage S value; CT T: clinical stage T value; ECS: Extracapsular spread; FU: Follow-up;
626  HistoDisc: Histology description; RT: radiotherapy; S: Surgery; SCC: Small cell carcinoma; SqCC:

627  Squamous cell carcinoma; TP_Intent: Treatment Plan Intent )

628

629 The predicates defined in Axiom 3 (lines 13, 14) capture the semantics of the decision path in R-
630  CKM; a treatment plan can be a condition in the decision path, and the decision path must start with
631  acondition (this should not be a treatment plan).

632 In addition to CKM formalism, decision paths in R-CKM become a part of the model after
633  passing through a formal validation process and refinements (Figure 3). In this respect, the decision
634  pathin R-CKM has an accuracy represented by a total function from the decision path to the accuracy
635  (line 5). Also, the accuracy of the decision path must be a finite value bounded interval [0,100]
636  indicated in line (4,10). The refinement in R-CKM is represented by an injective function as shown in
637  (line 9, 16) which maps the refined treatment plan (a free type, line 4, Type Definition 3) to the PM
638  decision path (line 8).

639 The declarations and predicates of schema RefinedClinicalKnowledgModel (Schema 3) are mostly
640 similar to those of CKM (Schema 2); both share the same formalism. A total function (line 7) defines
641  the new contents to support the overall accuracy of R-CKM. The intended accuracy calculated by the
642  weighted mean accuracy for all of the decision paths in R-CKM (line 12).

643 Moreover, R-CKM is derived from PM and validated against CKM (guidelines); thus, the total
644  function defines from the R-CKM decision paths to the intended CKM (line 4), and R-CKM modeled
645 by afinite set of related decision paths (line 3) associated with CKM (line 9). Furthermore, a predicate
646  adds to the schema (line 13), which constrains all of the decision paths; these must be derived from
647 PM and aligned to CKM. Similarly, using schema inclusion, PredictionModel (Schema 1) and
648  ClinicalKnowledgeModel ~(Schema 2) are also included (lines 1 and 2) into the
649  RefinedClinicalKnowledgeModel (Schema 3) in order to make the contents of PM and CKM available to
650  the R-CKM model.

651 Validation process specifications: Validation process specifications encompass the validation
652  process (Figure 3) and properly represent the validation criteria defined for final knowledge model -
653  R-CKM (See step 1: Setting validation criteria at Section 2.2). The schema PMPathValidation (Schema 4)
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654 models the basic semantics of the validation process. It includes schema
655  RefinedClinicalKnowledgeModel (line 1), which is used to associate the validation process with R-CKM.
656 It also provides a declaration for the two inputs that the validation process is supposed to consume:
657  the PM decision path (line 2) and the minimal accuracy (assigned by a domain expert and acceptable
658  for R-CKM) that requires for the PM decision path (line 3).

659
Schema 4 Validation process specifications
_ PMPathValidation
RefinedClinicalKnowledgeModel (1)
A ? : decisionPath (2)
qualifiedAcc? : 2 3)
dpp? € PM A decisionPathAccuracy{dp,m?) = qualified Acc? (4)
Wh, b ¢ treatmentSet | b by € ran(ran{dp,, 7)) A TreaimentPlan™ (1) > TreafmeniPlan™ (£2) o
AP : decisionPathCKM; 15,14 « frenimentSet | dpo, € CKM,
f5, 4y € (ran(dom(dp,,)) Nran(ConclusionCKM)) Uran(ran{dp, ))
(ty = b A by = k) = TreatmentPlan™ (t;) > TreatmentPlan™ (£} (5)
decPathEvidences(dpyp.?) # &V (6)
Tdpugn : decisionPathCKM  dp.g, = CKM »
(ran(dom{dp,?)) S ran{dom (dpg,)) =
ran{ran(dppm?)) C
(ran{dom (dpuy, ) ) M ran(ConclusionCKM)) U ran{ran{dpem )} (7)
660
661
662 The validation criteria defined in the validation process of the knowledge acquisition method

663  reflected by predicates in the schema PMPathValidation (lines 4-7). The first two primaries
664  (compulsory) criteria defined in the schema by conjunction predicates (lines 4 and 5) and two other
665  criteria represented by disjunction predicates (lines 6 and 7).

666  4.4. Defining functions and state models

667 The main functions of knowledge models are to evolve R-CKM based on the validation of the
668  decision path. The only evolving model is R-CKM, so the state model for R-CKM is presented.

669  4.4.1. Operations on knowledge models

670 Two types of operations defined for the knowledge model. For PM and CKM, only retrieval
671  operations are required to represent access to different components of the model. So for as R-CKM is
672  concerned, it requires specifications for both retrieval and state change operations.

673 Operations for PM and CKM: PM and CKM specification provide a set of operational schema
674  related retrieval of various components of the PM and CKM, respectively. For the brevity purpose,
675  we concentrate on operational schema related to the evolution of the knowledge model. Retrieval
676  schema for the PM and CKM are straight forward, and we shall not discuss it further.

677 Operations for R-CKM: R-CKM is the only knowledge model that evolves through proper
678  validation processes using PM and CKM. Therefore, in addition to retrieval operations, R-CKM also
679  requires definitions for operations that represent the addition of new decision paths into the final
680 model (in the presence of the validation criteria). For brevity purposes, we only concentrate on
681  operations that are related to the evolution of R-CKM.

682 EvolveRCKM (Schema 5) is an operational schema that mainly represents the evolution of the R-
683  CKM model. The evolution of R-CKM mainly describes as a two-step process after setting the
684  validation criteria: (1) a decision path from PM is evaluated against the validation criteria and (2) the
685  selected decision path is refined further (if needed) and added to the R-CKM.

686

Schema 5 Evolution of R-CKM

FoolweRCKA = PMPath Vatidation A AddPathRCKM

687
688
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689 Accordingly, EvolveRCKM (Schema 5) is defined as a composite operational schema to reflect
690 these steps. This composition is modeled as a combination of two schemas: PMPathValidation (Schema
691  4) and AddPathRCKM (Schema 6).

692 To get a clear picture of this process, Figure 12 demonstrates three paths of the PM(Figure 9) in
693  the context of the validation process(Figure 3) and produce the R-CKM(Figure 11). The two paths
694  (path 1 and path 2) are fulfilling the first two compulsory criteria (having a minimum threshold of
695  accuracy without any conflicts with CKM) and passing the criteria regarding conformance to CKM
696  (Figure 10). Path 3 fulfilling the compulsory criteria; however, it goes for alternate criterion
697  "Evidence" because of the suggested treatment plan does not conform to CKM. In the refinement step,
698  path2 and path 5 are refined to path 2.1, 2.2, and path 5, respectively. So far as path 1 is used without
699  any refinements.

o ] = o
Prediction Set validation criteria Evaluate the decision Refine and evolve
Model (PM) paths of PM decisian path into R-CKM
@ Refined Clinical
Accuracy Knowledge Model
ook Refinements: (R-CKM)
{ Palliative patients are Stage } (PAth:l)
v Hl./'lU{BU%) { X }
= nlln v level treatment No refinements, and
for ‘ . W\vm nt - Add path to R-CKM
Path:2 Refinements:
(Path:2)
] @ 3 { B, }
-5 RTIs recommended treatment patients
{ If(TreatmentintentDesc = Palliative) } Accuracy: { m""i } . :H.:Ia ";‘ =veinya}
Path:1 TreatmentPlan = RT g age v
If(TreatmentintentDesc = Radical and C"“’v('}i'i“ce
Path:2 { ClinicalStage T=1) }
TreatmentPlan = SRT "u,
Refinements: '3;. N
(Path:5) ?I‘ad
If[TreatmentlntentDesc Radical and * RO; Chemolnduction
Faths 4y R il
e Evidence CRT.
TreatmentPlan = C CRT ¢
702 Figure 12: A running example of validation and refinement of three decision paths of PM
704 AddPathRCKM is the main operational schema (Schema 6) that evolves the R-CKM and changes

705  the original state of the model (Schema 3: RefinedClinicalKnowledgeModel), which represented by a
706  change state in the schema (line 1). In order to understand the complexity of the AddPathRCKM
707  operational schema, we divide the declarations and predicates into the following explanatory
708  sections:

709 AddPathRCKM is the main operational schema (Schema 6) that evolves the R-CKM and changes
710  the original state of the model (Schema 3: RefinedClinicalKnowledgeModel), which represented by a
711  change state in the schema (line 1). In order to understand the complexity of the AddPathRCKM
712 operational schema, we divide the declarations and predicates into the following explanatory
713 sections:

714 ®  Declaration (Input): The AddPathRCKM schema expects two inputs: a candidate decision path
715 from PM (line 2) and the desired treatment plan refinements in the decision path (line 3).
716 ®  Declaration (Output): The final decision path of R-CKM, after refinements, is considered to
717 be an output for the schema AddPathRCKM (line 4).

718 ®  Predicates (Pre-conditions): These include a set of predicates (lines 5-12) that must be met
719 before any changes are made to the R-CKM model (Schema 3:
720 RefinedClinicalKnowledgeModel). Most of these pre-conditions are not known in advance but
721 are calculated using the one-point rule and simplification proofs. We shall describe some
722 important pre-conditions, as evaluation results, for the formal verification process in Section

723 5.
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Schema 6 Adding PM decision path to R-CKM
— AddPathRCKM
ARefinedClinicalKnowledgeModel (1)
dpym? - decisionPath 2)
refinements? : ' Refined Treatment Plan (3)
rckmPath! : decisionPathRCKM (4)
RCKM # @ = head {dom dpy.?) = rootRCKM (5)
‘W pos » M | pos € dom refinements? & pos > 1 A
pos < (#(domdpp,?) + #{randpy,?)) (6)
ran(dom rckmPaih!) C randecisionPathConditionRCKM (7)
ran(ranrekmPath!) C ran ConclisionRCKM (8)
(ran(ran rckmPatlt'} (1 van decisionPathConditionRCKM) C
ran decision PathConditionRCKM @)
0 < decPathRCKMAccuracy(rckomPath!) < 100 (10)
head (dom rckmPath!) & ran ConclusionRCKM M ran decisionPathCondition RCKM 11)
Adp : decisionPathRCKM | dp € RCKM »
dom rckmPath! = domdyp  lnst (domdp) = last (domdp) = ran rckmPath! (12)
dom rckmPath! = 3 pay © decision PathCKM | pegy € CKM ®
dom(p,r,?) L dom (13)
ran rckmPaht! = randpp,? (14}
1 : RefinedTreatmentPlan | v € refinements? o
rekmPathl = 7/ {{t, : TreatmentPlan o (1..domr, &)} | domrckmPath!, ranv,
{ty : TreatinentPlan o {domr + 1. #(dom rckmPath!), 1)} | dom rekimPath!) (15)
decision PathRCKM' = decisionPathRCKM U {dom rckmPath! — ran rckmPathl } (16)
decisionPathConditionRCKM' = decision PathConditionRCKM U dom rekm Path! (17)
refinedTPlan' = refined TPlan U refinenicnts? (18)
refinementsDecPath’ = refinementsDecPath U {refinements? «— dp,, 7} (19}
ConclisionRCKM' = ConclusionRCKM \J ran rckm Path! (20)
decPathRCKMAccuracy’ = decPathRCKMAcciracy |
{rckmPath! — decPathRCKMAccuracy(rckmPaili!) } (21)
acciracyRCKM' = turacyRCKAL ~ ERCKM \# éhéin\rfr\lummM wrsey’ (ke Patht) (22)
#RCKM’ — #RCKM + 1 (23)
evidences’ — evidences U decPathEvidences(dpyy?) (24)
decPatiRCKM Evidences’ — decPathRCKM Fuidences 1
{rckmbath! — decPathEvidences{dp,,?)} (25)
RCKM'" = RCKM & {dom rckinPath! — ranrckimPath!} (26)
refinedCKM' = refinedCKM S {rckmPath! — CKM} (27)
rootRCKM' = rootRCKM = head (dom dpp,?) (28)
726 ®  Predicates (Refinements): The refinement process performed on the candidate decision path
727 of PM (line 14), and the modified path (line 15) according to the necessary treatment plan
728 that is mentioned by the suggested refinements, provided by an input (line 3).
729 ®  Predicates (Evolution): The R-CKM is evolved with the newly refined decision path. All of
730 the relevant components of the RefinedClinicalKnowledgeModel schema are indicated through
731 primed statements in the operational schema (lines 16-28). These primed statements
732 primarily represent the new change state of the R-CKM model; subsequent sections explain
733 further details.
734 4.4.2. Model states for knowledge models
735 Modifications are only made to R-CKM upon evolution through the EvolveRCKM (Schema 5)

736  operational schema using the combination of schema AddPathRCKM and schema PMPathValidation.
737  PMPathValidation (Schema 4) validates a decision path of PM against the validation criteria and makes
738  no change to the R-CKM model. Thus, AddPathRCKM (Schema 6) makes refinements to the decision
739 path of PM and adds the refined path to R-CKM, which ultimately makes changes to the relevant
740  components of the R-CKM. In this respect, the state model of RefinedClinicalKnowledgeModel (Schema
741  3) reflects changes following the AddPathRCKM operational schema. The schema
742 RefinedClinicalKnowledgeModel’ (Schema 7) represents the R-CKM model state, which encapsulates all
743 of the relevant statements from R-CKM specifications (Axiom 3 and Schema 3).

744 The AddPathRCKM operational schema is invoked in conjunction with PMPathValidation
745  through the EvolveRCKM operational schema, and PMPathValidation validates the decision path of
746  PM. The changes made to the R-CKM model (RefinedClinicalKnowledgeModel’: Schema 7) by

747  AddPathRCKM operational schema are summarized as follows:
748
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Schema 7 R-CKM state after modification

— RefinedClinicalKnowledgeModel!
PredictionModel (1)
Clinical KnowledgeModel @3]
decisionPathCondition RCKM' : F ConditionKMs (3
ConclusionRCKM' : F Treatment Plan (4}

decisionPathRCKM' : ConditionKMs — TreatmentPlan (5)

(6)
(73
(8)

decPathRCKMAccuracy' : decisionPathRCKM' — accuracy
evidences’ : ¥ Fuidences
decPathRCKMEvidences’ : decisionPathRCKM' — Lvidences

refined TPlan’ : ¥ Refined TreatmentPlan (9}
refinementsDecPath’ : RefinedTreatmentPlan — decisionPath 10}
RCKA : IF decision PathRCKM {11}
refinedCKM' : decisionPathRCKM' — CKM {123
7ootRCKM' : seq Condition {13}
accuracyRCKM' 1 TP 7, (14)
refinedCKMsAccuracy’ : RCKM' — accuracy {15}
decisionPathConditionRCKM' = dom decisionPathRCKM (16}
ConcisionRCKM' = randecisionPathRCKM' (17)
(ran Conclusion RCKM' M ran decisionPathConditionRCKM') < randecisionPathConditionRCKM' (18)
head {decision PethCondifionRCKM) ¢ ran ConchusionRCKM' M ran decisionPathConditionRCKM' (19}
evidenices’ — ran decPathRCKMEvidences’ {20}
refinedTPlan’ — dom refinementsDecPatl! 213

{

0 < accuracyRCKM? < 100 {22}
RCKM — dom refined CKM' 123)
W dp : decisionPathRCKM' | dp € RCKM'

head (domdp) & ran ConclusionRCKM' N ran decision PathCondition RCKM' {
Jdp : decisionfathRCKM' 3 dpy : decisionPathRCKM' | dp, dp € RCKM' »

last (dom dp) = randp; < domdp; = domdp ' last (dom dp) {
accuracyRCKM’ = {let pathsAcc == {pathsAcc : Z | RCKM' # @ A

(7 dp : decistonPathRCKM" | dp € RCKM' & pathsAcc =

decPathRCKMAccuracy’ (dp) + pathsAcc) }) /A#RCKM' (26)
Y Peciom * Aecision PathRCKM' | Prefan € RCKM' »

Ippm « decisionPath, por,, : decisionPathCKM |

Pom € PM A P € CKM @ dom pregyy, = dom pg, U dom p, 27}
RCKM # @ = rootRCKM' = rootRCKM 128)

® A new decision path added to R-CKM; this adds new conditions to the set of R-CKM
conditions ((Schema 6: Lines 16 and 17)). These changes represented in the state model
(Schema 7) at lines 3, 5, and 16.

® New refinements introduced to a set of the R-CKM model, which results in the addition of
a PM path with the associated refinements (Schema 6: Lines 18 and 19). These states
reflected in lines 9, 10, and 21 in Schema 7.

® With the new decision path, the R-CKM model evolved for a new conclusion (Schema 6:
Line 20), which yields new states in the model properties of RCKMConclusion, as indicated
in the state model schema at lines 4 and 17.

® For the new R-CKM path, the accuracy of the path will be associated, and the overall R-
CKM accuracy is recalculated (Schema 6: Lines 21, 22, and 23). The resulting state changes
reflected at lines 6, 14, 15, 22, and 26 in the state model schema.

® [Evidence of the PM’s decision path associated with the refined decision path in R-CKM
(Schema 6: Lines 24 and 25). These changes reflected in lines 7, 8, and 20 in the state model
schema.

® Finally, R-CKM evolved with the addition of a new decision path, and the root condition
re-evaluated (Schema 6: Lines 26, 27, and 28). These evolutions change the states at multiple
statements in the state model schema, as indicated in lines 11, 12, 13, 18, 19, 23, 24, 25, 27,
and 28.

5. Results and evaluation

This section explains the evaluation of the proposed work using two perspectives. First, it
demonstrates the theorem proving mechanism to show inconsistencies in the hybrid knowledge
acquisition method before formal verification. The outcome of the formal verification is presented as
an enhanced knowledge acquisition method — as ReKA method. We evaluate the enhanced method
(in the context of formal verification) against our initial approach and describes its discrepancies
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776  using real clinical scenarios. Second, we compare our enhanced approach with one of the existing
777  relevant approaches developed by Tossie et al. [22].

778  5.1. Proving consistency of the knowledge acquisition method

779 5.1.1. Consistency proof using the Initialization Theorem

780 The initialization theorem provides a mechanism to prove that the model (R-CKM) is consistent
781  and fulfills the requirements. It determines the model has at least an initial state. Definition 1 defines
782  the initialization theorem.

Definition 1: For the system shite "Stale” and its initial stale "Statelnit”, the initializetion theorem takes the following form:

A 5State” w Statelnit

783 Definition 1: Initialization Theorem

784 For the R-CKM model represented in the schema RefinedClinicalKnowledgeModel (Schema 3), the

785  initial state is defined using the state schema InitRCKM (Schema 8).

786

Schema 8 R-CKM Initial state
— TitRCKM

RefinedClinicalKnowledgeModel' (1)
acereracyRCKM' = 0 (2)
RCKM' = @ (3)
refinedCKM = @ (4)
FO0tRCKM' =@ (3)
refinedCKMsAccuracy’ = @ (6)
decistonPathRCKM' = @ (7)
decisionPathConditionRCKM' = @ (8)
ConclusionRCKM' = @ 9)
decPathRCKMAccuracy’ = @ 10)
cvidences’ = @ (11)
decPathRCKMEvidences' = @ (12)

787

788

789 For the given initial state InitRCKM of the R-CKM model's schema

790  RefinedClinicalKnowledgeModel, the initialization theorem is represented by Theorem 1; this is inspired
791 Dby the basic definition provided in Definition 1.

792
Theorem 1 Initialization theorem for initial state of R-CKM
3 RefinedClinicalKnowledgeModel'  InitRCKM
793
794
795 The proof of this initialization theorem leads to consistent specifications for the R-CKM model.

796 1t is almost impossible to prove the initial state of the modeling specifications, which include
797  contradictions. Hence, it can conclude that the model does not fulfill the desired requirements.

798 In order to prove the initialization theorem, we can take advantage of the one-point rule as well as
799  some other set theory laws and fundamental definitions. The one-point rule helps to replace the
800 existential quantifier when the bound variable has an identity within the boundaries of the
801  quantification expression. For the one-point rule, Definition 2 provides the essential background
802  related to replacing the existential quantifier.

803 Following the definition of the one-point rule, and other fundamental laws and definitions, the
804  proof of initialization theorem is given in Proof 1. The proof is straightforward, and each step is
805  explained with instructive definitions.

806
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Definition 2: For the given predicate:
Ax:aephx=t
The one-point rule gives the following equivalence for the given existential quantifier,

(Mxaeprx—t)tecanplt/y]

807 Definition 2: The one-point rule
808

Proof 1 Proving initial state of R-CKM using initialization theorem (Theorem 1)

T RefinedClinical KnowledgeModel” o InitRCKM
> RefinedClinical KnowledgeModel’ o |defnition : InitRCKM|
| RefinedClinical KnooledgeMaodel' |

accuracyRCKM' = 0 A
RCKM' =@ »
refinedCKM = @ 1
rootRCKM' = @~
refinedCKMsAccuracy’ = @]

& 3 RefinedClinicalKnowledgeModel” o schema guantification)
accuracyRCKM' = 0 A
RCKM' =@ A

refinedCKM =@ 7
rootRCKM' = @ A
refined CKMsAccuracy’ = @
< JRCKM' : P decisionPathRCKM, [definition . RefinedClinicalKnowledgeModel]
rootRCKM : decisionPathConditionRCKM, accuracyRCKM' : L »
refinedCKM' : RCKM — CKM,
refined CKMsAccuracy’ : RCKM — acenracyRCKM »
0 < accuracyRCKM' < 100 A
RCKM' = dom refined CKM' A
acenracyRCKM' = (let pathsAce == {pathsAce: Z | RCKM' £ @ A
(¥ dp « decisionPathRCKM | dp € RCKM' o pathsAcc =
refinedCKMsAccuracy' (dp) + pathsAcc)}) /#RCKM' A
r00tRCKM' = rootRCKM A
aceuracyRCKM' = 0 A
RCKM' =@ A
refinedCKM — @ A
o0t RCKAM — @~
refinedCKMsAccuracy’ = @
< @ C FdecisionPathRCKM A |one — poinkrule: 5 times
@ € decisionPathCondition RCKM A
VEZ A
@ € RCKM — CKM A
@ & RCKM — accuracyRCKM

809
810

811  5.1.2. R-CKM evolution consistency proof using simplified pre-conditions and proving the property
812  composition

813 The pre-conditions of an operational schema represent a set of states, for which the outcome of
814  the operations is properly defined. The pre-condition of operation is another schema, obtained from
815  a given operation, that hides components related to the state after the operation and provides an
816  output that results from an operation.

817 We establish a theorem (Theorem 2), which is based on the basic definition of the pre-condition
818 schema (Definition 3), to calculate the pre-conditions for the operational schema AddPathRCKM
819  (Schema 6).

Definition 3: For the operational schema “operation,” fhe state of the systemt modeled by "stafe” and the "oufput ™ is the list of outputs associafed with the operation.
Then, the following is equation represents the pre-condition of the schema.
pre operation = Jstate’ e operation
821 Definition 3: Precondition of an operation

822  Calculation of pre-condition requires simplification of predicate part of the theorem (Theorem 2)
823  which involves expansion of all schemas. After the expansion of all possible schemas, the one-point
824  rule plays a pivotal role in simplifying and proving the primed statements in the schema. Due to
825  space limits, the proof is provided as supplementary appendices. The Supplementary Appendix A
826  explains the proof with instructive definitions at each evolving step of the schema. For brevity
827  purposes, the proof does not discuss the pre-condition calculation in detail; however, we believe that


https://doi.org/10.20944/preprints201906.0179.v2
https://doi.org/10.1016/j.cmpb.2020.105701

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 July 2019 d0i:10.20944/preprints201906.0179.v2

27 of 43

828  the given explanation is sufficient to determine the pre-conditions for the AddPathRCKM operational
829  schema.
830

Theorem 2 Pre-conditions calculation for R-CKM evolution operation

pre AddPatlRCKM = 3 RefinedClinicalKnowledgeMode!’
* AddPathRCKM

— pre AddPathRCKM
RefinedClinical KnowledgeModel
APy 7 ¢ decision Path
qualifiedAcc? 1 Z
refinements? : F Refined TrentinentPlan

3 RefinedClinicalKnowledgeModel'; rckmPaih! : decisionPathRCKM
* AddPathRCKM

831
832

833 Although the simplification process seems quite complicated in terms of resolving all of the
834  primed statements, however using set theory fundamental laws and the one-point rule, it becomes

835  straightforward. Additionally, another aspect is that it reveals new pre-condition predicates that were
836  notknown in advance. The next section provides a detailed evaluation of the newly discovered pre-
837  condition, which gives birth to an enhanced ReKA method. The primed predicates in Proof 2 (at
838  Supplementary Appendix A) are underlined (numbered 1-13). The prime predicates require
839  simplifications to conclude the proof. To save space, the Supplementary Appendix B presents the

840  simplification proofs.
841

842  5.2. Evaluation: Comparative analysis of ReKA and hybrid knowledge acquisition method

843 As a consequence of "Proving consistency” mechanism, the main problem is regarding
844  inconsistencies identified in step-3 (selection and refinement of the selected PM decision path) of the
845  validation process in the hybrid knowledge acquisition method. The inconsistencies are covered-up
846 by introducing nine additional criteria (see Table 1), that are placed after refinement. As an outcome
847  of the formal verification, the enhanced ReKA method introduces to accommodate the newly
848  discovered criteria. The ReKA criteria cover the broad categories of inconsistencies defined below.
849  Each criterion contributes to one or more categories of inconsistencies.

850

851 1. Category-1 (Violating formalism of the R-CKM): These inconsistencies occur because of bypassing
852 the construction norms of the R-CKM. This category of inconsistencies makes the final model
853 invalid in terms of affecting outcomes of other decision paths. Criteria 1, 2, and 7 ensures
854 avoiding inconsistencies related to R-CKM formalism.

855 2. Category-2 (Violating conformance to quidelines (CKM)): This category represents refinements,
856 which produce inconsistencies in a decision path that does not conform to clinical guidelines
857 without associating any additional significant evidences. These criteria were in place during the
858 initial steps of the acquisition process (in the hybrid knowledge acquisition method); however, it
859 was not available to ensure the conformance after refinements. Criteria 5 and 9 explicitly discuss
860 that each refined path must conform to CKM.

861 3. Category-3 (Compromising quality of R-CKM): These inconsistencies are related to the quality of R-
862 CKM, which are mainly instigating from the refinements to existing PM decision path without
863 re-evaluation on patient data. Criteria 6 defines performance (such as accuracy) associated with
864 each refined decision path after evaluating against existing patient data.

865 4. Category-4 (Introducing out-bounded refinements): This category discusses the inconsistencies in
866 decision path that comes intentionally or unintentionally by introducing conditions or treatment

867 plans which do not exist in the hospital information system or out of the scope of the healthcare
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provider. Criteria 3 and 4 dictates that a domain expert must include only appropriate conditions

and treatments that exist within the boundary of the capacity of the healthcare provider.
Table 1. Evolution criteria derived from formal verification

C.No Criteria Remarks

* Root of the R-CKM remains the same for any
decision path when R-CKM already has
some decision paths.

1. RCKM 7& @ = head (dom dp}mg?) = rootRCKM
¢ Root of the R-CKM will be the first condition
for the decision path when R-CKM has no
decision path.
* Refinements in the PM decision path for treatment
tb nify d.
2. {¥pos: N | pos € dom refinements?  pos > 1 A fustbe contorme
¢ Example: Treatment refinements in the root of
pos < (#(dom dpy,?) + #(ran dppm?)) the decision path are not conformed.
¢ Conditions in the refined decision path must
f h fi iti f the R-CKM.
3. ran(dom rekinPath!) come from the defined condition set of the R-CKM
¢ Example: Conditions outside the condition set
ran decision PathConditionRCKM make R-CKM non-integrable to HIS workflows.
» Conclusion in the refined decision path must
4. ran(ran rckmPath!) < ran ConclusionRCKM be within the scope of the defined treatments.
¢ Example: Conclusions for the treatment plan
must be valid cancer treatment.
* Conclusion of the refined path may be
thy diti f ther decisi th in R-CKM.
5. (ran(ran rckmPath!) N ran decisionPathConditionRCKM) ¢ condition of another decision path in R
¢ Example: The refined path may be an extension
C ran decisionPathConditionRCKM of an existing decision path.
* Refined decision path accuracy must be
6. 0 < decPathRCKMAccuracy (rckmPath!) < 100 within the range of 0 to 100
¢ Example: The refined decision path should
be tested for the set of patient data.
* The first condition in the refined decision path
7. fiead {dom rckmPath!) ¢ ran CenclusionRCKMN must not be a treatment plan.
+ Example: A treatment plan is given based on
ran decisionPathConditionRCKM some available symptoms (conditions).
8. Jdp : decisionPathRCKM | dp © RCKM ¢ Detailed explanation of the criteria 5.
dom rckmPath! = dom dp \ last (domdp) =
last (domdp) = ran rckmPath!
* Refined decision path must be conformed
.. to CKM.
9. dom rekmPath! = 3 pey, : decisionPathCKM |
* Example: The refined path is obtained from
Poor € CKM o dom(pp,,?) U dom pegy, PM and refined after confirmation from CKM.
5. Category-5 (Introducing inconsistencies due to complexities): This category is related to Category-1.
80Ty 8 p gory gory

However, it further covers the inconsistencies that occur due to lack of availability of descriptions
for the construction of R-CKM. Criteria 8 is the detailed formal description of how to refine the
path in order to avoid any inconsistencies. Criteria 1, 2, and 7 of Category-1 also comes under
this category.
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877
878

879  Table 2: ReKA method Vs. earlier hybrid knowledge acquisition method (Knowledge validation
880  perspective: All refinements are valid in earlier method)

Invalid Refinements to decision path #2 ReKA Validation
Given decision path: TreatmentIntent: palliative — Treatment Plan: RT (Radiotherapy)

Scenario 1: Modified decision path after refinements: Criteria violation:

TreatmentIntent: palliative — Treatment Plan(RT): done — Surgery Category: 2

Specific Criteria: 9

A rationale for violation: The guidelines (CKM) recommends follow-up after RT for palliative patients.

Scenario 2: Modified decision path after refinements: Criteria violation:

Treatment Plan(RT): done — Treatmentintent: paltiative — Follow-up Category: 1,5
Specific Criteri: 1,2, 7

A rationale for violation:
The treatment path after modification represents valid guideline-based treatment. However, it violates the
formalism of the decision tree because modification in root node affects other decision paths.

Scenario 3: Modified decision path after refinements: Criteria violation:
1. TreabmentInient: palliative — Check for visk. ECS: Yes — Treatment Plan: RT or Surgery Category: 4
2. Treatmentinient: pallintive — Check for risk. PNI: Yes — Treatment Plan: RT Specific Criteria: 3
Calegory: 3
Specific Criterin: 6

A rationale for violation: Although the refinement 1 and refinement 2 conform to the guidelines (CKM), they are
invalid due to the following reasons:

Category-4: The hospital healthcare information system (HIS) at current stage maintain data for essential adverse
histopathologic risk factors such as extracapsular spread (ECS). It keeps all other related factors such as perineural
invasion (PNI) and lymphovascular invasion (LVI) in a broad category of others-histopathologic risks. Hence
introducing PNT as a discrete data item raises an issue of the direct integration of the decision path to HIS workflows.
Furthermore, the HIS records the risk of ECS to the patient with the radical status of treatment intent. So based on
the above discussion; refinement#1 is not valid knowledge within the scope of local practices, and refinement#2 is
also invalid as it introduces unknown data items.

Category-3: Viclation of criteria 3 in category-4 leads to the undefined quality of final RCKM. The decision path
acquired from refinement#1 and refinement#2 cannot evaluate against patient data because of the unavailability of
the missing data for ECS and PNI risk factor respectively.

Scenario 4: Modified decision path after refinements: Criteria violation:
Treatmentintent: paliiative and Treatment Plan(RT): done — Salvage Surgery: done — Follow-up ~ Category &
Specific Criteria: 4
Cafegory: 3
Specific Criteria: 6
Category: 2
Specific Criteria: 9 and 5

A rationale for violation: The Salvage Surgery refers to surgical treatment which uses after the failure of initial
treatment. It is recommended explicitly having residual disease exist after RT for neck metastasis. The refinement
for decision path with extended Salvage Surgery is invalid due to the following reasons:

Category-4 and Cafegory-3: It creates an issue of direct integration to HIS workflows because the existing treatment
plan cannot differentiate between standard surgery and salvage surgery. This specific violation in turns raises

category-3 violation which has the same interpretation mentioned in Scenario 3.
Category-2: The refinements do not conform to the given guideline (CKM) even after interpretation of salvage
surgery to standard surgery. The main reason is the salvage surgery is applicable for patients who are categorized

881 as radical by TreatmentIntent.
882
883 The ReKA method can elaborate on the ambiguous steps in the validation process related to

884  refinements. To better understand the impact of the ReKA method, Table 2 discusses four refinement
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885  scenarios to decision path by the domain expert( see Path-2 in Figure 12 ). Each of these scenarios
886  introduces inconsistencies which relate to one or more categories. It is important to note that these
887  refinements are valid according to the hybrid knowledge acquisition method.

888

889 Figure 13 depicts the enhancements made in the knowledge acquisition method in the validation
890  process. Figure. 13a shows the initially proposed hybrid knowledge acquisition method with detailed
891  steps of the validation process. The ReKA method, with the suggested improvements due to formal
892  verification, is depicted in Figure. 13b. The ReKA method enhances the hybrid acquisition method
893 by introducing the following specific sub-steps:

894
Hybrid knowledge acquisition method Refined Hybrid Knowledge Acquisition Method [ReKA) ,
p I e
C.':(.:;' Q Evolve R-CKM by adding - ,*:.\.
Setvalidation eriteria Set validation criteria il cim
&=l ) &= [prrm
¥
elect next decision path P < 3 - * ec
Select :r‘:m ision p th Py ‘/‘,?: ,;_D: Select nex:::"[l:;'l" path p":-_:‘ F c;‘m ;f‘ (,,,....,
3 3 . g 2
s Ves) f_ﬁ”hl’ld ’E < Evolve chzcn.; by 0] 0 S - = T
(:F; Trished?> % & adding {P; = o fres) A %E For each e, in E,
G is For each c; .Q;‘ [ = T > £ v £ T
primary? > (g s selectt:d in::rdr.r of piy Inspecting and refining > AA s For each ¢, In C, Set evolution criteria - .,q.\‘
ET P to (B} R—CKM primary? > (¢, is selected in order of p;) E.=fe; € ' &n} s
< SA ¥ il T R—CKM
-; for P; <Im grman R E c:‘;:';,:i (P—’(me o pn’rv:arw —);».‘-‘—> RE:L::i;z:i;:.::;)t‘:lm |
Validation Process - ; g
. L. Validation Process.
(@) The hybr@ ?Cq"‘nSltlon method (Before (b) The ReKA method (After Formal Verification:
Formal Verification) Highlighted part shows enhancements)
Figure 13: Comparison of ReKA with earlier hybrid knowledge acquisition method (Process enhancement
perspective)
895 ®  Evolution criteria setting: Any refinement in the decision path suggested by domain expert
896 must be evaluated against a set of evolution criteria (specified in Table 1) to avoid
897 inconsistencies as mentioned earlier in the R-CKM.
898 ®  Criteria checking: All evolution criteria are compulsory and refined decision path in R-CKM
899 must fulfill each criterion. Any refinement to decision path which is not fulfilling any of the
900 nine criteria lists must not be considered, and the domain expert is prompted for the
901 violation and indicated with a non-valid evolution of the R-CKM model.
902 ®  Evolution of R-CKM: After passing the evolution criteria, the refined decision path becomes
903 part of the R-CKM, and the process terminates faithfully.
904

905  5.3. Comparison with the existing approach

906 One way of combining the traditional data-driven approach and guideline-based approach is to
907 use PM as a source, and transforming it into the final knowledge model R-CKM, after rigorous
908  validation process which conforms the transformation from CKM - the guidelines. However, the
909  combination of these approaches can be done in another manner - considering CKM as a source and
910  adding the decision paths from PM, which are missing in the CKM. In this section, we will discuss
911  one of the existing most relevant approaches [22], which lies in the second category and draw a
912  comparative analysis with our approach. In order to know the detailed description, Figure 14 shows
913  the high-level steps in both knowledge acquisition approaches. These are given the same CKM and
914 PM as an input. The resulting outcome - we called the R-CKM model is different with both
915  approaches.

916 The main limitations of the existing approach are highlighted in Figure 14, and a detailed
917  discussion is provided in Table 3.
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919 Figure 14: Demonstration of existing approach vs. proposed approach [22]
920
921
922 Table 3: Detailed description of guideline-enabled data-driven formally verified approach vs. existing
923  approach
SNO Proposed Approach Existing Approach Remarks
Existing approach is not integrable
1. Evolve the PM into R-CKM using CKM  Evolve the CKM using ’'M Example: Concept "v" is not existed
in patient data.
Evolving decision path based on y o
2 conformance criteria from CKM Evolving decision path is considered, l}]fverc}]/ dec1su;n pathis ehglble.]_(gnly
Evolving decision path if it based on performance (accuracy) ased on performance. (No validation)
3 g P p Y Example:
' has no conflict with guidelines - P ) . L
; L. 2o i. "n" is not validated against CKM, so,
Evolving decision path if not removed from R-CKM
+ Cor;éo,rmfd f.rd"m CKM',D?IY if ii. "d" is added in final R-CKM, based,
suricient evidences exists. on evidence support.
924
925
926 In a nutshell, the existing approach tends to use the PM as a key source to refine the decision
927 aths in the CKM while compromising the quality of the model (missing rigorous validation) and
p p & q y g g
928 integration to existing healthcare workflows. We also applied the existing approach on the SKMCH
929  data set of 1229 oral cavity cancer patients and used the CKM as a reference guideline model (derived
930 for oral cavity NCCN guidelines). In the final knowledge model, we identified that 26% of the
931 decision paths were violating the quality criteria of lower accuracy (in our case, it should be greater
932 than 50%), 30% of the decision paths were not conformed to guidelines, and 9% decision paths were
933  violating multiple criteria, i.e., lower accuracy and non-conformance. Overall, 47.8% of decision paths
934  lacked to pass the validation criteria. Figure 15 shows the details of the decision tree C4.5 algorithm
935  (which is referred by Toussi et al.) with highlighted decision paths lacking one or more validation
936 criteria.
937 As described in Table 3, the final model obtained from Toussi et al. approach is not necessarily
938 integrable to evaluate its performance against patient data available at a local organization. However,
939  asshown in Figure 15, the source model for Toussi et al. approach is C4.5, which has overall accuracy
940  of 69.7% on SKMCH dataset. Even considering the Toussi et al. approach produces the final
941  knowledge integrable to existing healthcare workflow, still there exists a chance that overall model
942  accuracy will fall from 69.7% because of its generalization. In the case of proposed work, we have a
943  rigorous selection process for choosing the appropriate machine learning algorithm and as indicated
944 the CHAID decision tree is a candidate algorithm with an accuracy of 71% on a data set of 1229 oral
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945  cavity patients (see [17] for details of part of knowledge acquisition related to this part). Moreover,
946  the final knowledge model - R-CKM performance is improved to 72.57%, as shown in Figure 16. To
947  conclude, the proposed approach also gives greater performance over Toussi et al. on the local
948  SKMCH dataset.

949

©4.5 pruned tree

TreatmentIntentDescription = Radical
ClinicalStages = I (1)
|  Grdbescription = MA: RT (26.0/7.0)

Algorithm: €4.5 ( with accuracy 69.7% ) ity o e
Dataset: 1229 ( H&N cancer dataset of SKMCH) | Giniealteaen DT G, 7 R R0

| HistolegyDescription = Rdenoid cystic carcinoma: S RT (15.0/7.0)
HistologyDescription Adencid cystic carcincma

I ClinicalStageT = RT (44.0/18.0)

ClinicalstageT = 2
|  mistologyDescription = Muccepidermoid carcinoma: § RT (5.0/1.0)
HistologyDescripticn != Muccepidermeid carcinoma

Guideline: NCCN
Total decision paths: 23

| HistologyDescription = NA: 8 RT (4.0/1.0)

HistologyDescription != NA

| HistologyDescription = Rdenocarcinoma: RT (3.0/1.0)
HistologyDescription != Adenocarcinoma

| mEistologyDescription = Malignant melancma: RT (4.0/2.0)}

Histols iption != Malignant melanocm

I ClinicalStageT = 1: 3 RT (11.0/4.0)

ClinicalStageT != 1

| HistologyDescription = Squamous cell carcinoma

1 : C CRT (6.0) }
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951 Figure 15: Comparison of the proposed approach with the existing approach using SKMCH oral cavity
952  cancer data [22]
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957 Figure 16: R-CKM results using oral cavity cancer data [R-CKM is implemented as set a of HL7 MLMs

958 and the evaluation results drawn are based on the structure of MLMs]
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959 6. Discussion
960  6.1. Is verification always required for clinical knowledge modeling?
961 Validation and verifications are the key pillars of trust on the domain knowledge. However, the

962  use of applying both processes mainly contributed towards the criticality and complexity of the
963 clinical knowledge modeling method and the final knowledge models. In other words, for less critical
964  and less complex clinical knowledge acquisition methods and models, validation only may play a
965  role to establish the required level of trust on the knowledge. Consider an example of calculating
966  TNM staging for cancer [34]. Predefined rules or algorithms and deterministic mappings use for final
967  knowledge modeling of TNM staging. The TNM staging knowledge model does not need exhaustive
968  validation. It requires a limited set of validation cases to test the validity of complete knowledge.
969 In contrast, validation and verification should be in place for the knowledge acquisition method,
970  which involves different sources of knowledge with diverse structure and semantics. In this research
971 work, the ReKA method involves diverse knowledge sources; CPGs, decision trees (from patient
972  data), and domain expert heuristics (in refinements) where each of them has different nature of
973  structure and semantics. Therefore, the only validation could not guarantee that the knowledge
974  model is always valid. The formal verification in the ReKA method introduced the necessarily
975  missing steps in our previously hybrid knowledge acquisition method, which only relied on the
976  validation process. The outcomes of the ReKA method have been evaluated through a set of the real
977  clinical scenarios provided in Table 2.

978  6.2. What is the overhead of the formal verification process and to which extent the formalism is required?

979 Formal verification has significant overhead in terms of time and selection of expert resource
980  who have sufficient skills to model the domain knowledge mathematically. It is important to note
981  that the applicability of the formally verified model is not reduced in terms of efficiency rather delay
982  is expected in the delivery of the final knowledge model. Therefore, to tune the trade-off of timely,
983  cost-effective delivery with producing high-quality knowledge model, the maximum extent of
984  formalism is identified during clinical knowledge modeling.

985 In ReKA method, the formal verification is involved in the first two phases of modeling of CPGs
986  (CKM), decision trees (PM) and final model (R-CKM). In the third phase, R-CKM is converted into
987  standard executable knowledge representation of HL7 MLM (medical logic modules). There was a
988  choice of applying the formal verification (Z refinements) in the third phase of the transformation of
989 R-CKM to MLMs. However, we already demonstrated in [17] that the conversion is straight forward,
990  and the MLMs are easily validated against the real patient cases, as shown in Figure 16.

991  6.3. Whether validation or semi or less formalism sufficient for consistency of complex knowledge acquisition
992  models or methods?

993 As discussed earlier, only validation is not enough for complex knowledge acquisition methods
994  or models. Similarly, semi or less formal analysis of knowledge acquisition method does not always
995  guarantee consistent and valid knowledge. As an example, Grando et al. have demonstrated that
996  using the formal analysis for the expressiveness of CIG languages found satisfiability of some
997  patterns which was ignored or not detected by the less formal analysis method [35].
998 In the hybrid knowledge acquisition method [17], initially, we relied on a rigorous validation
999  process, the partial formalism of the decision tree and freedom of domain expert to modify existing
1000  knowledge model with additional constraints. While using ReKA method, it has realized that relying
1001  upon only the validation process and partial formalism support of decision tree, the final knowledge
1002  model is not always valid. The ReKA method highlighted a set of inconsistencies which includes
1003  violation of knowledge representation formalism (R-CKM), conformance to CPGs, compromising the
1004  quality of the model, outbound refinements in the model, and inconsistencies due to the complexity
1005  of the knowledge. Each category of inconsistency is demonstrated with real clinical knowledge
1006  modeling scenarios, as shown in Table 2.
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1007  6.4. Whether formally verified clinical knowledge models or methods always guarantee consistency
1008  concerning the essential context of the domain?
1009 According to Boehm definition, validation is all about, “are we building the right product?” and

1010  the verification is all about, “are we building the product right?” [36]. In terms of clinical knowledge
1011  modeling, we can interpret the definition in simple words as: “do we create right knowledge model
1012  for the clinical domain under consideration?” and “do the method of acquisition is right to reflect all
1013  essential context of the clinical domain in the creation of knowledge model?”. At this stage, knowing
1014  all the essential context of the clinical domain is important. The verification process will make sure
1015 to find the inconsistencies in the acquisition process according to the context provided during the
1016  validation process. As a conclusion, the formal method always guarantees the consistency of the
1017  model based on the given domain context. However, if the essential context of the domain is missing
1018  or wrongly perceived in the design, then formal verification is also not the ultimate solution to
1019  discover the missing or detect the wrongly perceived knowledge.

1020 7. Conclusion

1021 This paper introduced enhanced ReKA method as a result of the formal verification using Z
1022  notation. Z notation proves the consistency of the acquisition process and hence, improved the hybrid
1023  knowledge acquisition method. ReKA method is established based on the three steps formal
1024  verification process to represent the knowledge models formally. Also, it involves the associated
1025  validation process of hybrid knowledge acquisition using various artifacts of Z notation.
1026  Subsequently, the mechanism of theorem proving in formal verification has identified inconsistencies
1027  in the previously established knowledge acquisition by introducing nine additional criteria. These
1028  criteria address the broad categories of inconsistencies related to the formalism of knowledge,
1029  conformance to CPGs, quality of knowledge, and complexities of knowledge acquisition artifacts.
1030  The ReKA method produces guideline-enabled data-driven knowledge model which support the
1031  high-quality recommendation, global evidence, local practices, and always consistent model
1032  compared to existing hybrid knowledge models. It is important to mention that the key advantages
1033  of ReKA method include its generality, that can be easily adapted in other cancer domains. Moreover,
1034 to the best of our knowledge, this is the first attempt, to use Z notation in the modeling of medical
1035  knowledge, and to align its core step as contents of method plugin, in the Smart CDSS development
1036  framework.
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1128  Supplementary Appendices

1129  Supplementary Appendix A. Calculating pre-conditions for R-CKM evolution

Proof 2 Pre-condition calculation proof using one-point rule

pre AdPAHIRCKM & 201)

= RefinedClinicalKnowledgeMadel”; rkmPath! : decisionPathRCKM o [def pre AddiathRCKM)| (2.02)
AddPathRCKM

<
= RefinedClinival KnoteledgeModel”; sokmPath! : decisionPathRCKM o |def AddPathRCKAM)| (2.03)

RCKM # @ = head [domtfppm?] rootRCKM & (2.04)
Ypus i N pes & domrefinements?  pos > 1 A

pos < f#{domdpmz?‘,l +#frandppm?}) # [2.05)
ran{dom roknPathly ©_ ran decision PathCondition RCKM . (2.06)
ran{ran rckmlath!) < ran ConclusionRCKM & (2.07)
{ran{ran rekmPathl) i ran decisionPathConditinRCKAM)

rvan decision PathCondition RCKM A (2.08)
0 = deePathRCKM Accrracy(rokmPath!y < 100 7 (2.09)
hend {dom rekmPath!] € ran ConclusionRCKM 1 ran decisionPuthConditionRCKM A (210
= ifp : decisionPathRCIM | dp = RCKM »

domrckniPath! — domdp ' Iast {domdp) — fast [domep) — ran rckinPath! A (2.11)
dom rckmPath! = Zp e, decisionPathCRM | pg, « CKM o

dmvn[:pw"?:J Ldomp g, A 212}
ran rckmPafitl — Tandppm T A (2.13)

W r: RefinedTrealmentPlan. | r & refincinents? o
rebPath! — "/f:{tp : TreatmentPlan o {1 .. domyr, #p)} * dom rckmbath!, ranr,

[ty : TreatmentPign w (dom s+ 1. #(domrckinPattl) by 1} domsckmPathl} » (2.14)
decisionPathRCKM' = decisionPathRCKM L {dom rokmPeilt! s ran rekmPash!} # (2.13)
decisionPathConditionRCKM' = decisionPathCondition RCKAM 1 dom reknPatht 4 (2.16)
refinedTPlan' — refled TPlan Jvefiements? & (2171
refisementsDecPath! — off DecPath . {refi 57— dppm?} A (2.18)
ConclusionRCKM = ConclusionRCKM J ranrckmPath! & (219
decPathRCKMAccnracy’ — dec PathRCKMAceuravy U

{rckanPath! — decPathRCKMAcenracy (rckinPath!} } 2 (2.209

ot KM o s o (o
accunicyRCKM — dceuracyRCKAM < #RCKM g%é%ﬁifi'KMAmmhy {reknParl!) . o)
HROKM — #ROKM +1 4 (2.22)
coidences’ — evidences | decPathEovidences{dppm ¥} A [223)

decPathRCKMEvidences' — decPathRCKMEvidences 1)
{rckmPath! = decPathCvidences(dppm?)} A
RCKM' = RCKM > {dom rekmPath! — ranrckmPaiht} 4
refined CKM' — refined CKM < {rcknPati! —s CKM)
raptRCKM' = roafRCKM = head (dom ;ippm?

o

kmPuth! : decisfonPatiRCKM; “def Refined ClintealKnvoledgeMode!’ | (2.28)

sionPathConditionRCKM' : T ConditionKMs; (229
ConclusionRCKM' : 7 TreatmentPlan; (2.30)
decisionPathRCKM' + ConditionKMs — TreatmesitPMas; (2.31)
aiE(P/.’iN’FRCKﬂ«MC[MmW/ : decisionPathRCKM' — ACCUIACY: {2.32)

evidences’ : ¥ Foidences;

decPatiRCKMEvidenices’ : decisionPathRCKM' 1 Evtdences;
refinedt Plan’ : T Refined Ireatmmit Plai;

RCEM' : 7 decisionPathRCKM;

vefined CKM" - decisionPathRCKAM' — CKM;
sefinenentsecPathy + Refined TreatmentPlas - » decisionPath;
FO0tRCKA' ¢ seq Condition;

ﬁccumquCKMf T
rqﬁnmiCK“vIsA(cumﬁyl : RCKM! — ACCHracy o

(U docision PathConditionRCKM! — dom decisionPathRCKM' 7

(21 ConclusionRCKM' = tan decisionPathRCKM' 1,

(3} (ran ConclusionRCKM' 7 ran decisionPathC onditionRCKM' ) © randecisionPathConditionRCKM'
- oadd {decisionPathConditionRCKM' ) ¢ ran ConelusionRCKM! 7 ran decisionPathConditionRCKM! A

(8} eviddertoes’ = ram decPathRCKM Ezidences /-
5
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Continued.. 1 from Proof 2
710 < accuracyRCKM’ < 100 A (2.48)
¥1-RCKM' = dom refined CKM' A (2.49)
By dp - decisionPathRCKM' | dp € RCKM' »

head (dom dp) & ran ConclusionRCKM' M ran decisionPathConditionRCKM' . (2.50)
03I dp : decisionPathRCKM' 3 dpy : decisionPathRCKM' | dp, dpy € RCKM' »

last (domdp) = randp, < domdp; = domdp " last (domdp) A (2.51)
M- geciracyRCKM = (let pathsAce == {pathsAce 1 & | RCKM' # @ A

(W dp : decisionPathRCKM' | dp € RCKM' o pathsAcc =

decPathRCKMAccuracy’ (dp) — pathsAce)}) /#RCKM' A (2.52)
(12) N Dot decisionPathRCKM' | proe € RCKM' ®

Apym : decisionPath, po, « decisionPathCKM |

Pom € PM A\ pegy € CKM ® dom ppy, = dom pp, U dom py,, A (2.53)
(13- ROKM #£ @ = rootRCKM’ = rootRCKM A (2.54)
RCKM # @ = head (dom dppm?) = rootRCKM A (2.55)
¥pos: N | pos € dom refinements? & pos > 1 A

pos < (#(dom dppy?) +#(randpy,?)) A (2.56)
ran{dom rckmPath') C ran decisionPathCondition RCKM A (2.57)
ran{ran rekmPath!) C ran ConclusionRCKM A (2.58)
(ran(ran rckmPath!) N ran decisionPathCondition RCKM) C

ran decision PathConditionRCKM A (2.59)
0 < decPathRCKMAccuracy(vckmPathl) < 100 A (2.60)
head (dom rckmPath?) ¢ van ConclustonRCKM M van decision PathConditionRCKM A (2.61)
3dp : decisionPathRCKM | dp € RCKM »

dom rckmPath! = dom dp \ last (domdp) = last (domdp) = ran rekmPath! A (2.62)
dom rckntPath! = A pog, © declsionPathCKM | py,, € CKM @

dom{p,,?) U dom P A (2.63)
van rckmPaht! = vandpy,? A (2.64)
¥ 1 : RefinedTreatmentDlan | r € refinements? »

rckmPath! = 7/ {{t, : TreatinentPlan o (1. .domr,t,)} | domrckinPath!, ranv,

{t, : TreatmeniPlan o {domr + 1. #{dom rckmPuth!), t,]} 1 domrckmPath!) 1 (2.65)
decisionPathRCKM' = decisionPathRCKM U {dom rckmPath! — ran rekmPath!} A (2.66)
decisionPathCondition RCKM' = decisionPathConditionRCKM U dom rckmPath! A (2.67)
refinedTPlan' = vefined T Plan L refinements? A (2.68)
refinementsDecPath’ = refinements DecPath U { refinements? — dpp,?} A (2.69)
ConclusionRCKM' = ConclisionRCKM U ran rckmPath! A (2.70)
decPathRCKMAccuracy’ = decPathRCKM Accriracy U

{rckmPath! — decPathRCKMAccuracy{rckmpPath!)} A (2.71)
accuracyRCK M = acoracyRCKM » #RCKM—idec PathRCKMAceuracy' (rekmPath! ) A (2 72)

! = FRCRM-1 -
#RCKM' = #RCKM +1 A (2.73)
evidences’ = evidences U decPathEvidences(dppm?) 1 (2.74)
decPathRCKMEvidences' = decPathRCKMEvidences U

{rckmPath! — decPathEvidences(dpp,?)} A (2.75)
RCKM' = RCKM 5 {domrckinPath! — ranrckmPath!} A (2.76)
refinedCKM' = refinedCKM 5 { rckmPath! — CKM} A (2.97)
roctRCKM' = rootRCKM = head (dom dpy,?) (2.78)

1138  Supplementary Appendix B. Simplification of primed statements using logical proof
1139 This section describes the detailed steps used to prove the primed statements in Proof 2 (line

1140  2.42to02.54). The primed statements are evolved using fundamental laws of set theory and deduction
1141  rules to obtain the simplified form. All proofs (Proof 5 - 15) are straightforward, and instructions are
1142  provided for each logical statement.

1143 We introduce the necessary definitions (if required) before each proof in order to clarify the
1144  logical steps in the corresponding and subsequent proofs. Proof 3 provides the simplification of the
1145  first prime statement in Proof 2 (line 2.42), which is concluded to the simplified statement of the R-
1146  CKM model ((Axiom 3: line 11). In addition to the one-point rule (Definition 2), the following basic
1147  definitions (Definitions 4, 5) are used to deduce the firal conclusion.

1148 Proof 4 simplifies the primed statement in Proof 2 (line 2.43) to the refined statement of the R-
1149  CKM model (Axiom 3: line 12). Using the one-point rule (line 4.02), set subtraction, and ran properties
1150  (line 4.03- 4.05), the proof is easily concluded. The ran property for the union is defined as follows.


https://doi.org/10.20944/preprints201906.0179.v2
https://doi.org/10.1016/j.cmpb.2020.105701

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 July 2019 d0i:10.20944/preprints201906.0179.v2

39 of 43

Definition 4: For any two functions f and g, the dom property for the union is defined as follows;

dom({f Ug) < domfUdomg

Definition 4: dom over union

Definition 5: For any two sets a and b, the set subtraction is formally defined as follows;

a\b={xeca|x¢&h}

Definition 5: Set subtraction

Definition 6: For any two furctions f and g, the ran properiy for e union is defined as follows;

ran(f Ug) < ranf Urang

1151 Definition 6: ran over uiion

1152

1153 Proof 5 simplifies the primed statement in Proof 2 (line 2.44) using the one-point rule (line 5.02),
1154  the definition of range (line 5.03 using Definition 6), and other laws and principles of set theory,
1155  which are described in the following definitions.

1156
Definition 7: For any two sets a and b, the following property holds;
alb=asbCa
Definition 7: Union Properties
Definition 8: Set infersection is distributive vver A set union. For sets 1, s, and t, the sef intersection distribution over a urion set can be defined as follows;
rO(sUt)=(rns)U(rnt)
Definition 8: Set intersection distribution law over union
Definition 9: For seks a, b, and ¢, the following definition holds;
aUbCc=(acCcrbcCc)
1157 Definition 9: Set union and proper subset
1158
1159 Using the one-point rule (line 6.01) and definitions of basic set theory (lines 6.02 - 6.04), Proof 6
1160  concludes the primed statement in Proof 2 (line 2.45) into the R-CKM model (Axiom 3: line 14).
1161 Proof 7 concludes the primed statement in Proof 2 (line 2.46) into the R-CKM model (Axiom 3:
1162  line 15) using the one-point rule (line 7.02) and definitions of basic set theory (lines 7.03 - 7.05).
1163 Using the one-point rule (line 8.02) and definitions of basic set theory (lines 8.03 - 8.05), Proof 8
1164  concludes the primed statement in Proof 2 (line 2.47) into the R-CKM model (Axiom 3: line 16).
1165 Proof 9 concludes the primed statement in Proof 2 (line 2.48) into the R-CKM model (Schema 3:

1166  line 8). This proof is straightforward, and its conclusion is reached by using the one-point rule (line
1167  9.02, 9.09) and solving the inequalities with fundamental mathematics. The proof is logically
1168  decomposed into two parts (lines 9.03-9.07 and lines 9.08-9.11). Each part is proven separately, and
1169 the final statement is concluded (line 9.12).

1170
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Definition 10: The union () of two functions is not always a function, Iowever, 0 is the same s a union but ensures that combinations of the two functions are
also a function. For two functions fand g, & is defined as follows:

feg=(domgaf)ug
For functions fand g, the dom property for 4 is defined as follows;

dnm(f [ & dumf = domg

Detinition 10: dom property over &

1171
1172

Definition 11: Modus ponens, or implication climination, is a simple argument form and rule inference in logic. For predicates p and g, the modus ponens can be
formally represented as follows;

p=aqtp
1173 Definition 11: Modus ponens
1174
1175 The remaining proofs (Proof 10-Proof 15) use the same pattern of logical proofs to simplify the

1176  remaining primed statements of Proof 2 (line 2.49-line 2.54). Each step in the proofs is provided with
1177  instructive definitions, and necessary definitions are included where the explanation is required.

1178

Proof 3 Simplification of primed statement-(1)

decisionPathCondilion RCKM' — dom decisionPaihRUKM (2.01)
decisionPathCondilion RCKM L dom rekmPalh! —

domiecistonPatiRCKM 1) {dom rekmpath! — ranioknrPath! | Def 2 Jone — point rule] [2.02)
decisionPathCond ition RCKM U dom rekmfhath! —

dom decisionPathRCKM Lt dom{dom rckamPath! + » ran reluPath! } Def.d : dom property oeer | [303)
decisionPathConditionRCKM L) dom rekmPath! — dom decicionPathRCKM . dowm rckiPathl dom def.| [3.04)
decisionPathConditionRCKM = dom decisionPathRCKAM Dief 5 ¢ | Set stibtruction (3.05)

Proof 4 Simplification of primed statement-(2)

ConclusimRCKM' = ram decisimPuthRCKM {.00)

CoyelysionRCKA L ran rekmPafht =

rani decisionPrthRCKM LU {dom rckmePath! — ranrcnPathl}) Def 2 ‘one — poiit rile] (4.02)
CoireliesionRCKM L ran rekinPagh!

ran decisionLathRCKM U ran{dom reknPath! — ran rekinPath!} Def.6: [ran properiy over 1] {4.03)
ConelusionRCKM L ran rekmPath! — ran decisionLathRCKM U ran rckmPath! “randef.] (4.04)
ConelusionRCKM — vandecision PathRCKM Def 5 1 [ Set subtraction] {4.03)

1179
1180
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Proof 5 Simplification of primed statement-(3)

{ran ConclusionRCKM? 1 ran decisionPathConditionRCKM' ) < van decision PathCondilionRCKM' {5.01)
{ran{ConclusianREKM L ran rekm Pathl ]

ran{decision PaliConditionRCKM L dom relarPailily) © ranidecisinn PathiCondition RCKM L) dom rekmPatl \ef 2« [me — point vide] (3.02)
(ran Conchasion RCKM L vaniran rokmPaflin)) o1 (ran decizion PathConditionKCKM L ran{dom rekmidathl )}

ran decisionPathConditionRCKM U ran{dom refon it i! | Def.6 1 ran properti veer U] (3.031
({ran Conclusion RCKM U ranizan refonlutl

ran decisionPabConditionRCKM )Y © randecisionPathConditionRCKM Def7:lalit w<rbCa (5.04)
(ran ConclisionRCKM M ran decisionPathConditionRCKM ) L (ran{ran rckinPath!y 1 ran decisionPathCondition RCRKM ) ©

randevision PathCondition RCKM Def 8 - |Distribution igw for N (3.05)
(ran CoschesionRCKM M ran decision PathContitionRCKM) ©

ran decision PartCondition RCKM »

ran{ran rokinPathty © ran decision PathCondition RCKA 2

ran decisionPatliCondilionRCKM Def&ifaibc=laccabcc) (3.06]
[ran ConcinsimBCKM 11 van decision PathiCondithimRCKM)

ran decisionPathCondition RUKM lo & true 4] (5.071

Proof 6 Simplification of primed statement-(4)

had [ decision PathiConditionROKMY 1 ¢ van CenrlusianREKMY ™ ran decision PalhConditionRCEAT 6

head [ decisin PathiCandition RCKA . dom nkwmPalil} 2
onshysisnRCKM Ul ran rekmiPati!)

randifecisionPafhCond itiva RCKM 1LY dom rotingathl ) LDef 2 [ome — pwinet ule’ [6.02)
i [ drrisien PadhCn RROKA . dom rekmPari!] &

(ran ConcfisicalRCKM U randran rekniPathl i

{ran decision PathCndition RUKM L ran{dom rokminthd ) 267 6+ [ran property coer (63

dieied [edectsivn PathConditionRCKM ) 5

ran Conetusion KCKM ™ randecision M athiCondtion KUK Dgf7:pb=nelbcy (6041
Proof 7 Simplification of primed statement-(5)
evidences’ — ran doPaliRCKMFoidonees’ (7
[midrcrs dpum 71 —
e PathRC KM Essidemies 11| rekin Patle v dlee Ptk Evidenees iy 2| 1 + i — puind rade] 7021

{emidences e PatiEsidernces ppm 1 —

Tandec Pt RCKM L pidonces . van ok Path) — decPathLoidencesidppn 71} Def.6 o tan properfy vier | (7031
eviimees U drc PathEvidences{uppm 7)) — Tom deePathRCKMEridonces L decRataEvidercestdppm 71 [rametey.| 704
roidenies — van dee PathiREK IS Thef 5 Sl subtractira] {703)
Proof 8 Simplification of primed statement-(6)
refined TP’ — dom roftnements Do Patl (B0
sefued TPl L sefiieneenis? = dom [reftnementsDecPal L {refinenes™ e > dpp?)) Def2: ane pai rule] {5412

refined T Piir 1 refinements? —

dorm rgfmeent=UacPagh U dom{refvements? » dppor?)

ef4 s [dorn property over U]

refined T Piaat 10 bt ? — dom JecPith 1 refh 7 domdef.| (8.04)

refined T Mot — domorefinanents Declath Def 5 Ser subtrockion| (8.03)
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Proof ¢ Simplification of primed statement-(7)

0 = pesumepRCRAL = 100 0013
e el et RCKAL

o PO RCK couracROKM 1K i)

F1 Py R

AcencERCRS = 0 Lot consider 03
acciracyRCKA < ARCES decPathRCK? eyl il

arciracyRCKA = # RO w,“;;&r‘gf;ff Kod Accrracyrckm Palk a0 Df.2: one— point ruie 10041

accuracyRCRA s WRCKAM  dacPreRCRM Aoy pebnPaift; = 1) [retiphication 903

AOCNHICRCIA ~ BRCEM = 0 QA E O a0

accuracyRCKM = 1 Divésion (007
acaumcyRCRAY < 100 Tol consider Py 9087
ac um{'!/RCKF»]\:ﬂlCKM:—ggr{:{;ﬁlﬁlﬂfﬁlif\w curiyindborPatil} = 100 L2 v — paint ude 00
ascuracyRCKAM « RROKM  decPathRCKMAccurmrydhnPathl} < reltiptication, 0.0
0~ [#RCKM + 1)
ascuracyRCKA « #RCKA = 100 x (RRCKAT 1 11 o ly<ala 1Ay r—axsciel 1) 910}
ACCHACERCRAD T 100 [px =cis =% 911
0 = aeemeyRCKM = 100 [P} and Py prougs 1912}
Proof 10 Simplification of primed statement-(8)
ROKM — dom refriusdCKM' {10401}
RCRM = {dom rekmPatisl — van rekniPmifr!} —
domirefnedCKM 2 (rebmPatlt — CKM Yy Def 32 - [ome — poiut visde 11042}
RCKM & {domrckmPai! — van it}
dom pfimed CEM 7 dom rekmPash! — CKAY Def 10 2 [dom over T 1043}
RCKM = {domrcimPatinl — van reknrPathl}
dom refined CKM < yohwiPagh! [ddom def. (1001}
REEM  rekmPash! — dom raffand CRM ¢ nekomTatld Simplification {10431
ROKAL — dowrefimedCRAL 3.5« [Set subtyaction” (1006}
Proof 11 Simplification of primed statement-(9)
Wdp : decisiontathRCKM! | dp © RCKM' »
hend (domidp) € ran ConctusionRCKM’ ~ ran decision PathConditian RCKM' (1.0
Wdp  (decision PatiRCKAM U {domsckntPaih! — ran rekmPadit}) |
dp e (RCKM 2 {domackmiPath) o ran rekimPaiil]) »
head (domdp) ¢ raniConclusion RCKM L ran rekanPalil
ran{derisimPathComdition RCKM ) dom rekmPathl} Def2: ome  poind rule] {11.02)
Yidp  decisionPathRCKM | dp © RCKM e
fieid (domdp) 7 ran ConclusionRCKM ~ vandechsionPathCorditiomRCKM A
Tred (dom{ dom rckinPath! — ran rekinloth!}) ¢ ran(ConclusionRCEKM U e rchmDat ({301
ran{decisionPathConditionRCKM ! dom rekinPath !} W simplification| {11.03)
Wy - decisionPathRCKM | dp £ RCKM o
head (domdp) £ ran Conclusion RCKM = ran decision PathCondition RCKM 2
head (dom rekarPallit) & ran Conelusion RCKM L van{ran rokmPatit}
ran decisienPaliCondilionRCKM U ran{dem rokimPath!) Def 4,6 [domdsf. aid ran over 1] {11.04)
Yilp  decisionPathRCKM | dp © RCKM »
hewd (domdp] ¢ ran ConclusionRCKM * ran decisioniathCondition RCKM 2
Tl (dom rekmPath!) ¢ ran ConclusionRCKMM
randecisionPathConditonRCKM Def7:la b a +bcal {11.05)
Wolp - decisionPathRCKM | dp £ RCKM e
head idomdp) € ran Conclusiont RCKM ™ ran decision PathCondition RCKM | & trie = a| {11.06)

1195
1196

1197
1198
1199
1200
1201
1202
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Proof 12 Simplification of primed statement-(10)

dp : dectstonPath RCKM! Ddpy + decistonPathREKMY i, dpy € ROKM' »
domapy = domadp ',

{domp] = lust (domdp) = randp {12.01)

dp ¢ [decision PathRCKM L {dom rokmPatfit — ran rckmPafit } )0
dpq + (decisionPothRCEM 1 { dom ek Pafh!l v ran rekmlath! }) |
dp,dpy o (RCKM 0 {domickmPatht 5 ran rckmPatht}) o
domdpy = domdp’, last {dom dp) = last [domdp) = randpy 124f.

[oner — poing rule] (12.02)

dp * decistonPathRCKN | dp & RCKM «
domrckmPath!  domdp ' fast {domifp} > lost (domdp)  ranrckmDPath)

=
Jdp: fir.'u'.wiml‘uthCKz\fIgdyr‘ s idectsionPathRCKM dp,dypy « RCKM »
domdpy  domdp’ st {domdp) > hast (demdp)  randpy | Texpansion| (12.03)

Fdp da‘isr‘nnl“mJLRCKY\/Igtim decisionPathRCIM | dp, dp) & RCKM »
domdpy — domadp®, last {dom dp) = fast (domdp) — randpy Def 11 = |Modus porens| {12.04)

Proof 13 Simplification of primed statement-(11)

accuracyRCKM' — (let pathsAce —— dpathsAce 1 % RCKM' # @ 4
[ elp : decisionPathRCKM” | dp  RCKMY » pathsAce =
decPathRCKM Acctricy! (dp) + patlisAce) }) A4RCKM! {13.01)

accurieyRCKM < #RCRM | decPatiRCKMAccuracy (rekmPatlt)
#RCKM+1 -
(let pathsdce {patisAce RCKM < {dom rekmPath! — ranrckmPathl}) /2 A
(v dy 1 {decisionPithRCKM - {domrckmPuth! > tanrckmPath!}) | dp ©
[RCKM ¢ {dom rckmPufl! o ranrckmPuthi}) »
patlisAce = [decPathRCKMAceuracy(dp) | path: )]
ilecPath RCKMAconracylyokmPathth ] 1 / (#ROKM — 1) Def.2: o — poist ride [1302)

accurneyRCKMx IRCKM | decPufiRCEMAccrracy( reonPagl)
#RCKM A1 =

(et pathsAce
(Tdp : decisionPathRCKM | dp & RCKM o

pathsAce — decPathRCKMAccnracy (dp) — pathsAce) 11+

AecPathRCKMAccuracy{rekmPathi1}/ (HRCKM | 1) [V simplification. (13.03)

accuracyREKM x #RCKM -+ decPathRUKMAccuracy{rokmbPath?) =
(let paths {pathsAce
(7ddp : decisionPathRCKM | dp ¢ RCKM o patls/
decPuthRCEM Accuracy{dy) - potlisA 1| decPathRCKMAccasnicyi sk Pathl ) [ multplication (13.04)

accrracy REKAM < #KCKM =
(let pathsAce == {pathsAce 1 £ RCKM # & 2
(7 dp : decisionPathRCKM | dp & RCKM o pathsace =
decPathRCEMAccnracyldp) — pathsAce) b)) |subtrackion [13.05)

accrircyRCKM =
ilet pathsAce {puthsdec 1 B RCKM # & A
[elp : decisionPathRCKM | dp & RCKM o prthisAce =
decPathRCKM Accuracy{dp) — paths: 1) /#RCRM [division’ [13.06)

1203
1204

Proof 14 Simplification of primed statement-(12)

: decistonPathRCKM' pyp © RCKM' o
= Py + decistonlai, p oy, decisionPalhCICM |
ppm & PM A pg, & CKM » domp, = dom ppm .. domp, ., {14013

Y Prekm

by

ok

cisionPattRCKM - [dom rekmPatht v+ van rckmPath!) )

chm € (RCEM & {dom rckinPath! — ransckinPath! ) e

= ppu ¢ decisiontaih, pg., + decisionPathC M |

ppm © PM A oy, ¢ CRM e dompy g, = domppm - dom pjy, Duf2: fone  point role [14.02)

¥ Prem *

< decisionPathRCKM. p, RCKM
= ppus ¢ decisionPaih, p iPal KM |

ppm & PM A paa, & CKM e dom Prckm = dom Py - dom Pekm
= Py ¢ declsionPathCRM pp, © CKM e

dom roknPath! dom (e ?) L. domp,

vkt

‘ol & expansion (14.03)
T ety © AecisRPHRRCKM py. € ROKM »
= ppun + decisionPath, po, + decisionPathCEM |

ppm © PM A prpy © CRM o dompyp,, = domppm - domp, WA bue [12.04)

chmn

1205
1206

1207
1208

Proof 15 Simplification of primed statement-(13)

RCKM # @ = rootRCKM’ = rootRCKM (15.01)
RUKM 7 @ = head (dom dppin?) = reot RCKM Def.2 : jone — point rule] {(1542)

RCKM /& > rootRCKM  roofRCKM | Saebstifietion| (15.03)
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