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ABSTRACT  16 
 17 
Aims: This paper presents a trace-based model in Knowledge Acquisition System for 
Valuing Knowledge. In Case Based Reasoning (CBR), solving problems is based on the 
solutions of similar past problems. From the system’s point of view, this might be true, but 
from the user’s point of view, identical problems may need different solutions. This is due to 
that (CBR) suffers from the “frame problem”: in some situations, the context information is 
missing. Moving from the Case-Based Reasoning to Trace-Based Reasoning (TBR) is the 
solution of this problem. Trace-Based Reasoning is an extension of the Case-Based 
Reasoning, allowing the context to be included in the reasoning. 
Study design:   The model includes three related stages in solving problems; the first is 
context – aware retrieved information stage and the second is tracing the user tasks in order 
to cover all the needed elements in the environment of the given problem. The third stage is 
the implicitly processed via a back propagation feature exists in the neuro-fuzzy module. 
Place and Duration of Study:  Evaluation and Analysis of Hospital Disaster Preparedness 
in Jeddah for six months.  
Methodology:  There are six factors have been utilized in the Adaptive Neural Fuzzy 
Inference module that covers the second stage (Task Analysis Module) of the proposed 
system alongside with the back propagation process. The training will be based on gathered 
surveyed data. The purpose of the training is to adjust the model parameters, particularly the 
input membership function parameters, and the corresponding output values.  
Results:  After training the model with proper data, a clear target-oriented towards the best 
usage of knowledge will take a place. The developed six modules for the second stage with 
different types of input/output membership functions and trained an input array. The modules 
are compared based on their ability to train with lowest error values. The Gaussian 
membership function input with either constant or linear pairing output membership function 
was the best choice for the proposed system to be adopted in its second stage which is Task 
Analysis Module.  
Conclusion:  This model can be utilized in firms, societies or even in individuals’ life events. 
The context of knowledge as one of the six factors affecting the knowledge valuation 
process is the most important factor due to its high changes were more noticeable than 
others.  
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 21 
1. INTRODUCTION  22 
 23 
Solving problems is one of many tasks that are strongly related to the survival of human 24 
being. There are many methods for solving problems, and there are many differences 25 
between these methods used from different perspectives and factors such as the kind of the 26 
problem, the domain and the problem space. Considering the problem space representation, 27 
it was found that most of the problem solving methods relying on the problem space 28 
representation will depend even if slightly on similar problem solved or observed in past 29 
experience [1]. 30 
Case-based reasoning is one of the methods in solving problems that all reasoning is based 31 
on past cases personally experienced. But depending only on the past experience is not 32 
enough to solve some problems, what makes a main problem of the case-based reasoning 33 
to appear is the lack of relevant context information in the problem space to be considered in 34 
solving new problems [3, 4]. A macro model presented [2], states that how important the 35 
context-aware systems are in supporting learning processes. An example of such systems is 36 
the "The Knowledge Maturing Process" with its five stages shown in figure1. 37 
 38 
 39 

Figure 1: The Knowledge Maturing Process [2] 40 
 41 
The main important conclusion obtained from this model is that by determining the 42 
considered context and relevant artifacts, the system can help the learner in making best 43 
use of existing pieces. Therefore, the proposed model in this research work will focus on 44 
how to identify the relevant context information and how to use it efficiently.  45 
According to the definition of Case-Based Reasoning (CBR), solving problems is based on 46 
the solutions of similar past problems [3]. The Case-Based Reasoning suffers from the 47 
“frame problem”: in some situations, the context information is missing. 48 
  Other researchers have addressed how useful the contextual retrieved information in 49 
search queries [5] they stated that one of the key factors for accurate and effective 50 
information access is the user context. The critical elements that make up a user's 51 
information context include the semantic knowledge about the domain being investigated, 52 
the short-term information need as might be expressed in a query, and the user profiles that 53 
reveal long-term interests.  54 
The concept of "trace" refers to a record of "something" that has occurred in the past. A 55 
trace is a "footprint": what remains of a phenomenon after it has ended. In computer 56 
sciences, traces are everywhere (log files, navigation history, versionning, etc.) and have 57 
been studied for several purposes (personalization of interfaces, information retrieval, 58 
human-computer interactions analysis, etc.). The theory of traces refers to various 59 
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techniques described in [18]. Recently, several researchers have contributed to the 60 
elaboration of a trace theory [19]. According to this theory, a trace is a set of temporally and 61 
spatially situated elements that are inscribed in theenvironment during an activity. One 62 
should observe that a trace is inscribed intentionally or not. 63 
Moving from the Case-Based Reasoning to Trace-Based Reasoning (TBR) is the solution of 64 
this problem but this actually will lead to many different problems to be identified as 65 
following: 66 
  67 

          1.    How to identify relevant context information in traces. 68 
          2.   How to make sure all the elements we need are in the trace and then  69 
               use them by an efficient model to solve the faced problems. 70 
         3.   How to utilize this proposed framework in valuing knowledge in a firm or in    71 
               an organization, by transferring the intangible factors that are needed to  72 
               valuate knowledge in an organization into numbers, in order to help  73 
               understanding how an organization’s knowledge adds value to its  74 
               operations and thus enabling informed management of its knowledge  75 
               assets. 76 

 77 
2. METHODOLOGY  78 
 79 
There are many factors expressed for the purpose of knowledge valuation ontology. As per 80 
[6], six factors will be used to valuing knowledge. These factors will be utilized an Adaptive 81 
Neural Fuzzy Inference System (ANFIS) that covers the second stage of the proposed 82 
model alongside with the back propagation process. 83 
The first stage will include context-aware retrieval information algorithm. These stages will 84 
be used for valuing knowledge. There are five kinds of components used to specify 85 
knowledge in ontology’s: concepts, relations, functions, axioms and instances. The aim of 86 
knowledge valuation ontology is allowing the users to express factors relevant to valuing a 87 
particular chunk of knowledge. 88 
Figure 2 presents the structure and main processes of the model. The proposed model is 89 
based on managing the knowledge valuation via the affecting of different factors in order to 90 
getting the desired value of the available knowledge. 91 
 92 
 93 
 94 
 95 
 96 
 97 
 98 
 99 
 100 
 101 
 102 
 103 
 104 
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 131 
Figure 2: The Structure and main processes of the m odel 132 

 133 
2.1 Inference Network  134 
 135 
In this stage; context retrieval information algorithm has been used which integrates the 136 
essential elements of user’s information context. In this algorithm the user’ context is 137 
represented taking into account the user’s short-term and long-term profiles, as well as 138 
relevant concepts from a pre-existing ontology [5]. In their framework, the user’s “context” is 139 
captured via nodes in a concept lattice induced from the original ontology and is updated 140 
incrementally based on user's interactions with the concepts in the ontology. Their 141 
experimental results showed that utilizing the user context improves the effectiveness of the 142 
search queries, especially in the typical case of Web users who tend to use very short 143 
queries. .A term-vector based representation is used for concepts. To generate a term-144 
vector representation, the content of all the associated relations with the concept are 145 
combined to yield a single term-vector. To convert the problem space from ordinary space to 146 
convex space λ will be used here, in addition to generalize the normal spaces. A weighted 147 
term-vector its symbol is ni for each concept i. Each concept contains a collection of 148 
relations Ri, and a set of sub-concepts Si .To compute ni, first we compute a 149 
term-vector nR for each element r∈Ri. Then ni is computed as the following : 150 
 151 
ni=(1- λ) ∑r€R nr + ∑s€s ns 152 
 153 
where each ns is a term-vector for each sub-concept s ∈S and 0 ≤ λ ≤ 1. 154 
Let n1 ={w1

1, w
1 2, w

1 3...w
1 k} and n2 ={w2

1, w
2

2, w
2 

3...w
2

k} be two nodes in 155 
the problem space .Then n1 ≤ n2 if and only if  ∀ wj1 ≤ wj2, where wji is the weight of a term 156 
j in the term vector for n. The operations on these nodes are summarized in the selection 157 



5 
 

and de-selection of these nodes, depending on the user query or on the stored profile for the 158 
user. Selection and de-selection operations are translated to vector operations min and max 159 
operations, respectively as per the following: 160 
 161 
min (n1,n2) = {min (w1 1, w 2 1),....min (w 1 k, w 1k)}  and 162 
max (n1,n2)= {min (w 11 , w 2 1),....max (w1

k, w
1 k)} 163 

 164 
When λ = 1 then the sub-concept will be the main content for the term vector ni and when λ 165 
= 0 both relations and sub-concepts will be included in each ni . Thus the user context is 166 
represented as a pair of elements: 167 
ci = {P,N} ,where P is a term-vector of positive evidence (min operation) : P = min(n1 168 
,n2),and N is a term vector of negative evidence (max operation) : N = max(n1,n2).The min 169 
and max operations could be extended to more logical operations intersection and union 170 
operations, respectively. Thus, the positive evidence will be represented as P = n1 ∩ n2 ∩ 171 
n3 ∩ ….nk and the negative evidence will be represented as N = n1 U n2 U n3 U …. nk. 172 
Each time the user interacts in the specific domain seeking more information, the user’s 173 
short term interest as a context ci , which is a pair of positive and negative evidence. In order 174 
to represent the user term context, i.e. the user profile as a set of contexts: pr = {0, c1, 175 
c2.....,cn}. Depending on user behavior, a specific context in the user profile can be updated 176 
or a new context can be added. 177 
 178 
Via this algorithm solving the faced problems have been transferred from the Case Based 179 
Reasoning approach to Trace Based Reasoning approach, which in terms achieving one of 180 
the aims of this work. The user’s context information represented by user’s short term and 181 
long term profiles, in addition to the past pre-existing ontology, are fed as inputs for the next 182 
stage of the model which is Task Analysis Module. 183 
 184 
2.2 Task Analysis Module 185 
 186 
 In this stage, there will be an implementation of the model of Artificial Neural Fuzzy 187 
Inference System (ANFIS) via using linguistic variables represented by membership 188 
functions (mf) indicating the degree and the status of each factor on the process of valuing 189 
knowledge. These six factors are described in details in the following subsections : 190 
 191 
2.2.1 Axioms   192 
 193 
As per [6]’s comment cited from Fox and Gruninger,1999,p.111 that retrieval of information 194 
not directly  stored in the data base does not require wider search characteristic if ontology’s 195 
stored the means for relatively straightforward deductions within themselves, i.e. by using 196 
axioms. There are five kinds of components used to specify knowledge in ontology’s: 197 
concepts, relations, functions, axioms and instances. Axioms are model sentences that are 198 
always true. Their existence in ontology is to constrain its information, verify its correctness 199 
or deduce new information [7]. 200 
Table1. Illustrates one of the developed methodology which is an ontology-supported 201 
literature search that is specified in the Web Ontology Language OWL DL [8].Tools have 202 
been employed for automated textual analysis to produce a set of document annotations, 203 
which was then manually evaluated. Six distinct annotation sets S1 to S6 using different 204 
annotation methods for 2,289 logical axioms. 205 
The results of this methodology was that the decision space (means keeping tracking of the 206 
dependencies between axioms) saved about 75% of reasoned calls and the appropriate 207 
choice of axioms leads to a better performance [9]. 208 
 209 

Table 1: Shows revision results for OWL DL Axiom On tology 210 
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 214 
 215 
 216 
 217 
 218 
 219 
 220 
 221 
 222 
 223 
 224 
 225 
 226 
 227 
 228 
 229 
 230 
2.2.2. Network Effects  231 
 232 
Network effects are characteristic of advanced technology and information based sectors of 233 
the economy. The more a piece of knowledge is used, the more valuable it is [6].The added 234 
value in every incident of networking lies in its contributions to the knowledge of the 235 
participants and to the enhancement of its value to them [10]. 236 
 The Research and Development (R&D) is one of a corporate activity, as a mutually 237 
beneficial formal relationship between two or more parties, i.e. via network activities for 238 
increasing the stock of knowledge .Figure. 3. Shows the strong correlation between patents 239 
and the Research and Development (R&D).  240 
 241 
 242 
 243 
 244 
 245 
 246 
 247 
 248 
 249 
 250 
 251 
 252 
 253 
 254 
 255 
 256 
 257 

Figure 3: Shows R&D and Patenting Time Series Relat ionship [11]. 258 
Referring to the World Intellectual Property Organization (WIPO) Indicators in 2010 and as 259 
shows that the direct proportional relationship between patent applications across the world 260 
versus years (1985 – 2008) as seen in Figure 4. The overall percentage growth rate was 261 
positive through years excluding some slowdown periods had been occurred due to the 262 
global economic decline in that time which was in 2008. 263 
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 265 
 266 
 267 
 268 
 269 
 270 
 271 
 272 
 273 
 274 
 275 
 276 
 277 
 278 
 279 
 280 
 281 
 282 
 283 
 284 

Figure 4: Shows trend in total patent applications across the world  285 
 286 

2.2.3 Cumulatively  287 
 288 
To understand and acquire a chunk of knowledge is strongly influenced by other chunk of 289 
knowledge that are related to it [6].Jeffrey, Furman & Stern (2006)[12] mentioned that the 290 
cumulative nature of the knowledge is recognized as central to economic growth. Using the 291 
cumulative nature of innovation development in the semiconductor industry, an analysis was 292 
achieved indicating how much new innovative outputs (patents) are based on already 293 
existing technological knowledge. Table 2 shows the correlation coefficient for each year 294 
which was calculated at first by calculating the intensity of each technological combination, 295 
and then correlating the combination vector of each year with the observations of the 296 
previous year [13]. 297 
 298 

Table 2: Shows revision results for OWL DL Axiom On tology [9]  299 
 300 
 301 
 302 
 303 
 304 
 305 
 306 
 307 
 308 
 309 
 310 
 311 
 312 
The 313 ranges of 313 
the high 314 or low 314 
effects 315 of  the 315 
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cumulatively factor which will be figured out later in the paper were depending on the 316 
number of patents and patent growth in semiconductor technology space as shown in Figure 317 
5 for each year mentioned in Table 2. 318 
 319 
 320 
 321 
 322 
 323 
 324 
 325 
 326 
 327 
 328 
 329 
 330 
 331 
 332 
 333 

Figure 5: Shows the evolution of the patents and pa tent growth in semiconductor 334 
technology space [13]. 335 

 336 
2.2.4 Sources of Knowledge  337 
 338 
Sources of knowledge are the fourth factor affecting the valuation process of the knowledge. 339 
Referring to intellectual capital Stewart’s definition mentioned in [14]: “the intellectual 340 
material – knowledge, information, intellectual property, experience – that can be put to use 341 
create wealth”. According to the intellectual capital, there are three sources of knowledge 342 
assets: External Capital, Human Capital and Structural Capital [6]. A questionnaire obtained 343 
by a research team in Amsterdam 1999 from four companies: Institution of Higher 344 
Education, High-Tech Firm, Petroleum Exploration & Production Firm and Energy Delivery, 345 
has resulted in the chart shown in Figure 6 for indicating the usefulness of each (Human, 346 
Structural and External (Customer)) capital in each of the four samples of companies [15]. 347 
 348 
 349 
 350 
 351 
 352 
 353 
 354 
 355 
 356 
 357 
 358 
 359 

 360 
 361 
 362 
 363 
 364 
 365 
 366 

 367 
 368 
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Figure 6: Shows the intellectual capital types effe ct on four sample firms [15]. 369 
 370 

2.2.5. Context of Knowledge  371 
 372 
Knowledge’s context refers to circumstances or events that come form the environment 373 
within which something exists or takes place. Because of this relation between knowledge 374 
and these circumstances, they have their effects on improving and valuating knowledge 375 
[16].By referring to a questionnaire had been adopted for the purposes of an organization’s 376 
information management practices, information behavior and values, and information uses.  377 
Table 3.shows the questionnaire items for this survey. For the purposes of studying the 378 
effects of the context of knowledge on knowledge valuation process, we have focused on the 379 
Knowledge Management Environment (KME) items only which are listed in the table 3 (as 380 
seen in column 2, which are KME1, KME2, KME3 and KME4), and Table 4 presents the 381 
analyzing their impact after observing the values of convergent validities of the four 382 
previously mentioned items with both Organizational Information Behavior (OIB) and 383 
Personal Information Behavior (PIB),  which are defined as context or environment that 384 
nurtures behaviors at both organizational and personal levels. 385 

 386 
Table 3:  Shows matrix of loadings and cross-loadin gs of the survey’s items  387 

 388 
 389 
 390 
 391 
 392 
 393 
 394 
 395 
 396 
 397 
 398 
 399 
 400 
 401 
 402 
 403 
 404 
 405 

 406 
 407 
 408 
 409 
 410 
 411 
 412 
 413 
 414 
 415 
 416 
 417 

 418 
 419 
 420 
 421 
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 422 
Table 4: Analysis of the impact of values observed 423 

 424 
 425 
 426 
 427 
 428 
 429 
 430 
 431 
 432 
 433 
 434 
 435 
 436 
 437 
 438 
 439 
 440 
 441 
 442 
 443 
2.2.6. Six Challenges of Knowledge Management  444 
 445 
Knowledge Management has the following challenges: 446 
 447 
• Knowledge acquisition 448 
• Knowledge modeling 449 
• Knowledge retrieval 450 
• Knowledge reuse 451 
• Knowledge publishing 452 
• Knowledge maintenance [6] 453 
 454 
The effect of knowledge acquisition challenge will be used in terms of Knowledge 455 
Management effect on knowledge valuation process. A survey achieving this purpose had 456 
been undertaken consisting of 930 Greek companies; this study identified and discussed the 457 
critical success factors or enablers that determine the Knowledge Management 458 
effectiveness within organizations, which in turn influence the total performance of the firm 459 
[17]. 460 
 461 
Table 5 shows the construct validity and variance extracted for each of the factors listed to 462 
obtaining the survey’s purposes mentioned above. We have focused on the last item which 463 
is Knowledge Management effectiveness for this paper. The calculation of the construct 464 
reliability of each factor leads the researcher to conclude whether or not the various items of 465 
a construct as a set are reliable, in the sense of producing similar construct metrics every 466 
time is used by different researchers for similar contexts [17].                  467 
 468 
 469 
 470 
 471 
 472 
 473 
 474 
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Table 5: Shows construct reliability and variance e xtracted for survey’s items   475 
 476 
 477 
 478 
 479 
 480 
 481 
 482 
 483 
 484 
 485 
 486 
 487 
 488 
 489 
 490 
 491 
 492 
 493 
 494 
 495 
 496 
 497 
 498 
 499 
 500 
 501 
 502 
 503 
 504 
 505 
 506 
 507 
 508 
3. IMPLEMENTATIONS AND RESULTS 509 
 510 
In this section; there will be an overview of the practical results obtained after submitting an 511 
ANFIS editor by using MATLAB for the input and out membership functions plus J48 512 
Classifier by using the machine learning software. 513 
 514 
3.1 Neuro-Fuzzy Models 515 
 516 
Combining the ANN features and Fuzzy Logic rules, the Hybrid ANFIS system was 517 
presented and has been used frequently in modeling and solving problems in computer 518 
science and other related fields, past few decades have seen a resurgent trend towards 519 
establishment of intelligent manufacturing systems which are capable of using advanced 520 
knowledge-bases and intelligence techniques in aiding critical operational procedures in 521 
manufacturing. A particular architecture of neuro-fuzzy systems is that of the Adaptive Neuro 522 
Fuzzy Inference System (ANFIS) introduced by[20]. fuzzy inference system used in ANFIS 523 
and it is composed of four functional blocks. 524 
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The knowledge base block contains database and rule base. Database defines the 525 
membership functions and rule base consists of fuzzy if-then rules. A fuzzification interface 526 
which transforms the crisp inputs into degrees of match with linguistic values; a 527 
defuzzification interface which transforms the fuzzy results of the inference into a crisp 528 
output. The fuzzy rules used in ANFIS are of Takagi-Sugeno type. This type of fuzzy rule 529 
has fuzzy sets involved only in the premise part; the consequent part is described by a non-530 
fuzzy equation of the input variables. 531 
 532 
The fuzzy model for all the input factors and the output valuation is shown in Figure 7. The 533 
models are done using MATLAB ANFIS editor with the input membership functions of 534 
Gaussian Bell.  535 
 536 
 537 
 538 
 539 
 540 
 541 
 542 
 543 
 544 
 545 
 546 
 547 
 548 
 549 
 550 

Figure 7: Fuzzy model of the 6 input mfs 551 
 552 

MATLAB ANFIS editor supports only the Sugeno type, and the Fuzzy Inference System 553 
(FIS) supports two types of output functions types, the constant, and the linear function. The 554 
rule in Sugeno fuzzy model has the form:  555 
If (input 1 = x) and (input 2 = y) then output z = ax +by +c.  556 
For the constant Sugeno model, the output level z is constant c, where a = b = 0. The output 557 
level zi of each rule is weighted by firing strength wi of the rule. Six distinct neuro-fuzzy 558 
models are used to demonstrate the correlation and delectability of knowledge valuation 559 
using the 6 factors presented earlier. The classifications of the models are given in Table 6. 560 
Each model is characterized by the type of the input/output membership functions and 561 
constant or linear output type. 562 

Table 6: Model Specifications  563 
 564 

Model Name  Input member ship  function  Output member ship  function  

Generalized Bell Gbellmf Constant 

Generalized Bell Gbellmf Linear 

Gaussian Gaussmf Constant 

Gaussian Gaussmf Linear 

Gaussian2 Gauss2mf Constant 

Gaussian2 Gauss2mf Linear 
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 565 
For each of the models shown in Table 6, we build the neuro-fuzzy structure. The structure 566 
of the J48 rules based neuro-fuzzy model is shown in Figure 8. 567 
 568 
 569 
 570 
 571 
 572 
 573 
 574 
 575 
 576 
 577 
 578 
 579 
 580 

 581 
 582 
 583 
 584 
Figure 8: Shows the Structure of the j48 rules base d neuro /fuzzy model 585 

 586 
3.2 Training 587 
 588 
The purpose of the training is to adjust the model parameters, particularly the input 589 
membership function parameters, and the corresponding output values. The adjustment and 590 
tuning depend on the accuracy of the training data, as will be shown later. 591 
Training needs two kinds of arrays, the first is the training array and the other one is the 592 
testing array. A training array is a two dimensional array [m×n] , where (m) is the number of 593 
rows containing input values, and (n) is the number of input factors plus one for the output 594 
column. In our model, n = 7 since there are 6 distinct input variables and one output variable. 595 
Each row of the array contains some of the possible values for each input corresponding to 596 
the first n-1 columns representing the 6 variables, and the last column holds the desired 597 
output values. The testing array holds the data in the same way as the training array, but the 598 
data in this array is more accurate than the data of the training array. 599 
The possible combinations for 6 inputs variables and 2 output values. Each input factor has 600 
on the average two linguistic variables, thus making the total combinations = 26, which equal 601 
to 64. The training array used was having m = 64 and n= 7 containing randomly chosen 602 
data, but has been constructed according to the rules obtained via J48 classifier in WEKA 603 
which is is a machine learning software written in Java, contains a collection of visualization 604 
tools and algorithms for data analysis and predicting modeling, with an easy to use graphical 605 
user interface. 606 
Using Cross Validation (10 folds): Here is the confusion matrix of J48 classifier. 60% data 607 
was used for training and 40% for testing and the data is selected randomly. Here it shows 608 
only the 40% of the testing data. 609 
  610 
  611 
 612 
 613 
 614 
 615 
 616 
 617 
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 618 
Figure 9: The confusion matrix using Cross Validati on from WEKA program  619 

(snapshot) 620 
 621 
The confusion matrix shows that 12 instances were correctly classified out of 19 and 7 622 
instances were incorrectly classified. In other words, here 5 High values and 7 Low values 623 
are correctly classified and 4 High values and 3 Low values are incorrectly classified. 7 624 
instances are miss classify because the classification is done by applying rules so there is 625 
may be an article which is according to the rules in class High but in actual it is in class Zero. 626 
So according to our system it is a miss classified article because our system has done 627 
classification according to the rules. The performance of J48 classifier is 63 %. 628 
Using Percentage Split: The classification was also done by using the percentage split. 629 
 630 
 631 
  632 
 633 
 634 
 635 
 636 
 637 
 638 
 639 

Figure 10: The confusion matrix using Percentage Sp lit from WEKA program 640 
(snapshot) 641 

  642 
The level of performance achieved by using percentage split is a little higher than the cross 643 
validation 66.6 % The results shows that 4 instances were correctly classified and 2 644 
instances were wrongly classified. 645 
The inputs that are having the strong influence on the result are included in the rules. In 646 
other word it could be said that these are the inputs which influence the classification results. 647 
The rules obtained are as follows : 648 
 649 
        1. If (Sources of Knowledge is Low) then (Knowledge Valuation) is Low. 650 
        2. If (Sources of Knowledge is High) and (Six Challenges of Knowledge Management   651 
            is High) then (Knowledge Valuation) is High. 652 
        3. If (Sources of Knowledge is High) and (Six Challenges of Knowledge Management  653 
            is Low) then (Knowledge Valuation) is High. 654 
 655 
In order to figure out the effects of the six factors we did the following : for Axioms factor in 656 
knowledge valuation, two linguistic variables are created to implement the impact of axioms 657 
in valuing knowledge namely Axioms high impact (HighI) and axioms low impact 658 
(LowI).AHighI values range from 954 to 20,739 reasoner calls and ALowI values range from 659 
1,438 to 212,041 reasoner calls, please refer to Table1. Thus all other six factors have been 660 
figured out form each survey or data related and presented above.. 661 
 662 
3.3. Membership functions of Input and Output Facto rs 663 
 664 
The results of these training processes are shown below in Table 7. , and in brief the first 665 
model of Generalized Bell function/Constant the only factors have been affected after 666 
training are: Axioms, Network Effects and Context of Knowledge. For linear output for the 667 
same input function (Generalized Bell) only Context of Knowledge has been affected. For 668 
the Gaussian function with either constant or linear output then, no changes have been 669 
resulted and an example of the six factors showing this result is Context of Knowledge as 670 
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shown below in (2) in Table 7. Finally for the Gaussian2 function with either constant or 671 
linear output, also as in Gaussian function, no changes have been resulted, an example 672 
showing this result is Context of Knowledge in (3) in Table 7. 673 
 674 

 Table 7: Results of training the six example models  675 

 676 
 677 
 678 

1. Generalized Bell function (gbellmf)/Constant 
Input  Before Training  After Training  Parameters 

values before 
training 

Parameters values 
after training 

AXIOMS 

(ALowI)  

 

  

     a = 1.055e+005 

     b = 2.5 

  c = 2.12e+005 

     a = 1.06e+005 

      b = 2.5 
      c = 2.12e+005 

Network  

Effects 

NLowE 

  

a = 4.7 

b = 2.5 
c = 11 

 

a = 4.7 

b = 2.5 
c = 10.98 

 

Conte xt of  

Knowledge 

KM4 

  

a = 0.04117 

b = 2.5 
c = 0.398 

 

a = 0.04117 

b = 2.5 
c = 0.3967 

 

2. Gaussian function (gaussmf)/Constant or Linear  
Context of  

Knowledge 

KM2 

  

σ = 0.03497 

C = 0.2333 

σ = 0.03497 

C = 0.2333 

3. Gaussian2  function ( gauss2 mf) /Constant or Linear  

Context of  

Knowledge 

KM4 

  

σ1 = 0.03497 

C1= 0.2333 

σ2 = 0.03497 

C2 = 0.2333 

σ1 = 0.03497 

C1= 0.2333 

σ2 = 0.03497 

C2 = 0.2333 
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 679 
3.4 Results 680 
 681 
We have measured the impact of training array on the performance of the models. In 682 
particular, we observe the error rate of the models under same numbers of epochs which is 683 
800 epochs. An epoch in the ANFIS is one full cycle staring from the application of input at 684 
layer 1 of the model, until the firing weight of the rule is adjusted. At the end of an epoch, the 685 
error, which is defined as the difference between the desired output and the computed 686 
output value, is measured. The models are trained by using testing array its inputs have 687 
been chosen carefully. 688 
Table 8 shows the different values of the average testing errors for the three used 689 
membership functions (generalized bell, Gaussian, Gaussian2). 690 
 691 

Table 8: Error values after testing the models for constant/Linear models 692 
 693 

Model Name Number 
of Epoch 

The value of Error  

Generalized 
Bell/Constant/Linear 800 0.46043 

Gaussian/Constant/Linear 
800 0.45846 

Gaussian2/Constant 
/Linear 800 0.4641 

 694 
4. CONCLUSION 695 
 696 
The following can be conclude during the design and implementation of a Knowledge 697 
Acquisition System for valuing knowledge using with three stages, The first stage has been 698 
deduced from a previously existing algorithm which has achieved the purpose of converting 699 
the case based reasoning to trace based reasoning : 700 

1. The second stage has been built by using a neuro-fuzzy model feeds by 6 701 
factors. Each of these factors has been translated into membership functions 702 
reflecting their degree in impacting the process of valuing knowledge. ANFIS 703 
editor is a digital data processing in the computer and needs figures to work and 704 
have results. Although of these factors are being intangible ones but by surveys 705 
and questionnaires in the needed field, they have been figured out. 706 

2. The fuzzy rules used and deducted by using a machine learning software written 707 
in Java called WEKA. The models were trained and the output parameters 708 
representing knowledge valuation can be adjusted using an array of training 709 
data. The results presented in this study show that knowledge can be valued 710 
using a neuro-fuzzy model. The performance of the model is measured in terms 711 
of error value obtained between the expected outputs. The experiments in this 712 
study were conducted using MATLAB neuro-fuzzy tool. The experiments show 713 
that the model is sensitive to the choice of input membership functions.  714 

3. The Gaussian function is the most optimal in terms of trainability and producing 715 
low error values (see Table 8) results. In plus the choice of Sugeno either linear 716 
or constant output function is convenient accompanied to the Gaussian function.  717 

4. The context of knowledge as one of the six factors affecting the knowledge 718 
valuation process is the most important factor due to its high changes were 719 
more noticeable than others (see Table 7) results for KM4 (1) the context of 720 
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knowledge inputs and other results for KM1 has the parameter c value changed 721 
from (0.151) before training to (0.1503) after training and KM2 has the 722 
parameter c changed from (0.2333) before training to (0.2307) after training for 723 
the same model which is Generalized Bell / Constant Model, while the other 724 
factors for the same model showed results without changes after training . 725 
Context of information in terms and Trace Based Reasoning are both very 726 
important to be used in solving any faced problems. 727 
 728 
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