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Abstract 

This paper presents a framework for model validation and calibration, while employing 

ERP systems’ data and expert knowledge of Group Model Building sessions’ participants. This 

framework was applied in the project for a staffing company, and I will use mini case studies 

from it to illustrate my approach. In order to build this model various sources of knowledge were 

used: statistical data, market reports, knowledge of company representatives obtained through 

interviews and group model building sessions, and system data stored in various IT systems. 

Combining those sources of information it is possible not only to get more knowledge about the 

system, but also validate and calibrate it. Based on this project experience and related literature 

some practical recommendations were developed and their applications demonstrated.  

 

Introduction 

Nowadays enterprises are overloaded with data, which is collected and stored in 

databases. More and more information is available for decision support. However, data analysis 

is not only time-consuming and demanding to computational resources, but also sometimes it is 

difficult to define which data is worth to collect and analyze, and which methods are applicable 

for particular analytical purposes. Since the arrays of data stored in Enterprise Resource Planning 

(ERP) systems are huge, people get lost in it and have problem to recall not only the figures, but 

also trends: is this value increasing or decreasing. While synthesizing data with expert 

knowledge, it can make more sense and consequently can lead to a better understanding of the 

system.   

Group model building has emerged as a methodology for not only gathering data from 

people, but also capturing their interpretations of the causality present in the system (Vennix, 

1995). Moreover, group model building allows for overcoming the human’s tendency of seeing 

pieces of the system instead of whole. There are several reasons for that. One of them is that 

“many people are not trained in systems thinking. Another is the limited information processing 

capacity of the human mind” (Vennix, 1995, p. 41).  



 

	
  

Information necessary to build System dynamics models can be of a qualitative and 

quantitative nature, and can be obtained from three different sources: mental, written and 

numerical databases (Forrester, 1991).  

 Although qualitative data is recognized as the main source of knowledge about system 

structure and governing policies (Ford and Sterman, 1998), “ignoring numerical data or failing to 

use statistical tools when appropriate is sloppy and lazy” (Sterman, 2002).  Moreover, avoiding 

usage of numerical values the chance that “the insights you derive from your model will be 

wrong or harmful to the client” increases (Sterman, 2002).  

According to the definition given by Benson & Davis (2008, p. 8) data are “raw, 

unprocessed streams of facts” and data turn into information after it “processed and shaped in a 

meaningful form useful for a person or computer”. However, he admits that “raw data is a 

relative term as data processing may have a number of stages, so the output of one processing 

stage can be considered raw data for the next” (Benson & Davis, 2008, p. 8).  

The sequence of the stages through which information and data flows is presented on 

figure 1. The arrays of data stored on ERP system are organized in OLAP (on-line analytical 

processing) cubes and need to be extracted to feed the system dynamics model. However this 

data needs processing – data mining. The output of this process (values of parameters in the 

model) is used as an input for the simulation.  
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Figure 1. Data and information in modeling process using ERP data. 

Exported spreadsheets contain a lot of data, which might need to be reorganized for its 

further usage. “Preparation of the data set involves selection of the data sources, integration of 

heterogeneous data, cleaning the data from errors, assessing noise, dealing with missing values 

etc.” (Mannila, p. 2). When data entries are processed “some utility value or meaning is added to 

raw data to transform it into business information” (Benson & Davis, 2008, p. 8).  



 

	
  

Thus using expert knowledge we can get access to right data sources, understand what 

stands behind each number and transform it in a way that this data can be used as an input for 

System Dynamics model.  

Fayyad et al. (1996) distinguish two knowledge discovery goals: verification and 

discovery. “With verification, the system is limited to verifying the user’s hypothesis; with 

discovery the system autonomously finds new patterns”. 

Both discovery goals can be achieved when matching data and structure to behavior 

through partial model calibration process in Group Model Building setting. 

 

Framework description 

The first step of the process is building the preliminary model during group model 

building session(s). The involvement of experts from the areas related to the problem ensures 

that, even though it is difficult to capture detail complexity during the first session, the main 

causalities would be captured and mapped as a holistic system. In addition, educated guesses on 

parameters of the system and behaviors over time need are to be made. 

Second step is specification of data requirements, which is based on the variables 

captured in Group Model Building session. It is important to notice that not all the needed data 

can be available, due to the fact that it was not collected in the past.  

Third step is division of the model into blocks – sub models. Those blocks are 

interconnected and the criterion for defining each block is availability of input and output 

historical data for each of those. In the case study the model is divided into seven interconnected 

sub models. Those sub models and the connections between them are shown on figure 2. All 

blocks are connected through certain variables, which are written above the arrows. Reference 

modes are available for each of those values. Availability of those reference modes allowed to 

calibrate and validate every sub model in order to ensure that it behavior corresponds to the 

reference mode when being fed by reference data produced by another sub model. The process 

of calibration will be described in the next chapter.  

It is worth noticing that the more historical data are available, the more subsections can 

be isolated and calibrated individually, the more solid those subsectors are. Walker and 

Wakeland (2011, p.7) point out that “the technique of building solid submodels is probably one 

of the most important keys” to getting a model working properly. “Given the size of the model, 



 

	
  

discrepancies in the outputs could frequently have been caused by a number of different parts of 

the model” (Walker and Wakeland, 2011, p. 7). The more subsectors are isolated and calibrated, 

the more “stability points ” in the system. 

 The sub models “Part-time labor market” and “Flexworkers working” will be used to 

illustrate my approach.   

 

Figure 2. Sub sectors of the model 

Fourth step is verification of existing and estimation of missing parameters in each sub 

model. It is made while employing data mining or calibration process, which is described in 

detail in the next chapter.  

Fifth step is presentation of the refined model, which contains data and parameter 

estimations from experts and data mining/calibration process. The value of each parameter 

should fit to the data stored in the system (if available or can be inferred from system data), 

outcome of calibration process (assuming that the structure of calibrated system is right) and 

mental models of the experts.  

If there is no correspondence between those values, several issues can arise. Depending 

on the issue, different troubleshooting approaches are applied. The matrix for those classes of 

problems is presented on figure 3. N/A means this value is not available, A, B and C are 

symbolic codes for different values.  
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Parameter estimation based on calibration process outcome B A N/A B B A 

Parameter estimation based on experts’ educated guesses C B B A B B 

Troubleshooting method 1 2 3 4 5 6 
Figure 3. Troubleshooting matrix 

1. All three values are very different.  

The sub model needs to be revised totally: data needed for input and output, data needed for 

parameter estimation, causal links in the model and equations. 

2. The parameter estimated by experts doesn’t correspond to the value received in 

the calibration process. No data is not available to estimate this parameter 

The experts need to re-evaluate the new value of the parameter, taking into account the value 

from calibration process. If experts accept new value, this is a contribution to the learning about 

the system. If the value is not accepted, the causal structure of the sub system is revised and data 

to feed this substructure is presented and verified.  

3. The parameter estimated by experts doesn’t correspond to the estimation based 

on data. No calibration is made for this parameter.   

The experts are presented with data used for estimation of the parameter and explanation of how 

this parameter was estimated. If expert confirm it, the new value it is accepted. If data or 

estimation methods are not acceptable, the parameter is revised.  

4. The value estimated by experts corresponds to data, but the result of calibration 

is different.  

The causal structure of the sub model need to be re-defined, the input and output data verified.  

5. The outcome of calibration corresponds to parameter estimations by experts. 

However, data doesn’t confirm it.  

It means that the data for parameter estimation is not appropriate. For the model building 

purpose it can be ignored. However, this issue can be taken into account by a company to 

investigate why the data is wrong. 

6. Data supports the outcome of calibration, but experts name different value.  

This is the case when experts usually accept a new parameter value, because of supporting data.  



 

	
  

The described approach to model validation corresponds to earlier mentioned knowledge 

discovery goals: discovery and verification. All three values were first “discovered” and 

afterwards verified using one another, what brings more confidence into the model. 

 

The proposed framework involves an iterative approach until each block of the model is 

calibrated and validated. Next steps would involve overall testing of the model and using it to 

solve problems it is designed for.  

Partial model calibration illustrated 

The partial model calibration approach will be explained using a case study from the 

project conducted for a staffing company. Since its performance defined both by internal policies 

and economic situation, the impact of economic growth on part time labor market needed to be 

investigated. The development of number of hours by agency workers and GDP growth is shown 

on figure 4.  

It is worth noticing that the idea that the growth in the number of hours (not the number 

of workers or the hourly wage) is directly affected by GDP growth was taken from a group 

model building session and supported by reports on the industry.  

 

Figure 4. GDP growth and Number of hours by agency workers 

We can see a delay between those variables, and a strong interrelationship. However, in 

order to put this into equation we need to estimate those parameters.  
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The structure of the sub model is shown on figure 5. Below each of those sectors would 

be explained in more detail. The variables which are not linked to the model and contain _RM in 

their name is reference data.  

The proposed framework includes three elements: calibration sub-model, core model and 

parameters to estimate.  
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Figure 5. Sub model structure. GDP growth and Number of hours by agency workers 

The core model contains elements, which are included into the modeled system and 

knowledge about those elements. This knowledge is derived from participants during GMB 

sessions and interviews, and from papers published by other experts in the field. In this case the 

knowledge about the dependency of part time labor market growth on GDP growth. Another 

source about knowledge for Core model is the reference data which can be obtained from 

statistical databases, market reports and system data about the historical performance of the 

company stored in the various repositories for information (ERP  - Enterprise Resource Planning 

systems, BI – Business Intelligence solutions, etc). In this case data about GDP is exported from 

cbs.nl (statistics Netherlands agency) online database, and market growth data is obtained from 

the reports by the Federation of Private Employment Agencies (ABU).  

Parameters to estimate are variables for which experts can define a certain range, and 

which need to be established as an output of calibration process. 



 

	
  

The calibration sub model is designed in order to obtain historical data fit with 

simulated behavior through search for optimal set of parameters ensuring that fit. 

Calibration is done thorough minimizing accumulated squares of the gap between 

simulated behavior and reference data. The tool, which was used in order to execute calibration 

process, is Powersim Solver - built in optimization tool using evolutionary search algorithm. In 

order to launch it “decisions” and “objectives” are to be set.  

“Decision” is a set of parameters, which should be found as an output of calibration. The 

range within which those values can be set according to the knowledge obtained while 

interviews and GMB sessions.   

“Objective” is defined as an accumulated absolute value of the gap between historical 

data and simulated behavior.  

In case when there is high level of confidence in some parameters, they are not included 

into optimization task. “The most serious difficulty with a large number of calibration 

parameters, however, is the increased difficulty in detecting formulation errors" (Oliva, 2001).  

Basically this technique is very similar to building regression models, but also captures 

delay (and not only captures, but also calculates the value of this delay) and can capture 

feedbacks in some complex sub models (nest case study).  

The results of the calibration process are shown below (figure 6). 

The delay between growth of GDP and growth of part-time labor market is 2.07 months. 

This value was presented and confirmed by participants during a group model building session. 

The period of two month includes the period within which companies realize the increased need 

for flexible labor, place requests for flexworkers and this request is fulfilled after a period of 

searching for candidates suitable for this temporary job.  



 

	
  

 

Figure 6. Market size: historical and simulated data 

The results of the simulation show very good fit and the hypothesis about dependence of 

part time marker size of GDP growth is confirmed.  

Case study II 

One more example of using partial model calibration method is provided in this section. 

The sub model “Flexworkers working” is shown on figure 7. As we can see the parameter is 

estimate is “length of the contract”.  

Even though participants provided me with an estimate of average duration of the 

contract, when putting this number into the model, the behavior did not make sense. The ERP 

data did not explicitly capture delays between the moment a flexworker starts and stops working.  
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Figure 7. Flexworkers working 

 

The layout of the data exported to a spreadsheet is presented on figure 8. The number of 

flexworkers working for a company is registered every quarter and the dynamics (how many 

people were hired and quit) can’t be derived from it. Consequently, if the length of the contract is 

high, there are less hires and quitting, if duration is low, there is higher turnover.  

 

 
Figure 8. An ambivalence of data in the excel sheet 

 

The results of calibration in order to estimate the length of the contract are shown on figures 9 (if 

the duration of contract is high) and 10 (if the duration of contract is low).  
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Figure 9. High length of the contract. Flexworkers working 

Figure 10. Low duration of the contract. Flexworkers working. 

  

The results derived from this sub model were reported during a group model session and 

the value lying within “shortest” and “longest” contract durations was confirmed to be included 

into the model.  

This case study has shown the possibility not only to put existing data into the system 

dynamics model, but also derive missing parameters based on existing information, when 

application of classical tools is problematic because of existing delays and feedback loops. 

 

Conclusions 

This paper described validation process while combining historical data, expert 

knowledge on causalities about the system and experts’ educated guesses on the parameter 

values. The framework involves an iterative approach and is applied until all parameters are 

established in order to ensure that structure matches the data.  



 

	
  

For that purpose the calibration process based on the optimization of the error between 

reference mode and simulated behavior was applied. Oliva (2001) point out that "This process, 

however, assumes that the model structure (equations) is known, and that all uncertainty resides 

in the parameter values." (p.6). Thus if the structure designed based on mental models of the 

participants is right, and the data is valid, the missing parameter derived out of that sub mode 

cannot be wrong. If it is wrong, the data or causal structure needs to be revised.  

Fayyad et al. (1996) state that “if one searches long enough in any data set (even 

randomly generated data) one can find patterns that appear to be statistically significant, but in 

fact, they are not” (Fayyad et al. 1996, p. 4). In addition, patterns can be statistically significant, 

but practically to finding a practical use for those patterns can be problematic. Sterman (2000) 

gives an example of correlation between ice cream sales and murders which both peak on 

summer. However, there is no practical application of this pattern. Thus, the confirmation of 

patterns needs to be confirmed by experts in the field. 

The synthesizing data with participant knowledge proved to give added value on different 

stages of the process. The formulation of problem should be supported by reference mode. The 

hypothesis testing combines compliance to the mental models of participants with the data 

verification. The analysis stage involves analyzing parameters derived from GMB sessions and 

data. Thus those sources of knowledge not only complimentary, some knowledge can be 

generated only when both sources are available. Combination of those allows to reach a higher 

level of confidence in the model. 
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