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Adjustment for cognitive interference enhances the predictability of the 

power learning curve 

 

Abstract: Learning curves, which express performance as a function of the cumulative number of 

repetitions when performing a given task, have a long tradition of supporting managerial decisions 

in production and operations management. Performance generally improves as the number of 

repetitions of a given task increases, with the latter being a primary proxy to reflect experience. A 

learning curve is usually a maximum-likelihood trend-line that best fits raw data points by splitting 

them to above and below it. However, its curvature does not always accurately capture the scatter 

around it, which reduces its accuracy. This paper advocates for an improved learning curve, one 

that accounts for the variable degree of cognitive interference that occurs while learning when 

moving from one repetition to the next. To capture this phenomenon, this paper accounts for 

memory traces of repetitions to measure the residual (interference-adjusted), not the nominal 

(maximum), cumulative experience. Two alternative learning curve models were developed. The 

first model aggregates the residual cumulative experience for each repetition while fitting the data. 

The second model is an approximate expression and, as a continuous model, much easier to 

implement. The models were tested against data from different learning environments (such as 

production and assembly), alongside a more traditional power (log-linear) form of the learning 

curve and its plateau version. The results show that the interference-adjusted models fit the data 

very well, such that they can serve as valuable tools in production and operations management. 

 

Keywords: Power-form learning curve; cognitive interference; continuous forgetting; memory 

traces; memory decay; experimental data 
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1. Introduction  

A learning curve (LC) is a statistical tool that can measure human or system performance when 

a psychomotor task is performed repetitively. It has been a focal point of research among 

psychologists for more than a century (see Thurstone (1919) for an early work), commonly focused 

on subjects being tested for verbal and visual experiments. The thesis of the LC found its way into 

the production of airplanes (Wright, 1936), and became a cornerstone in the Production and 

Operations Management (POM) literature (Glock et al., 2019). In this context, researchers have 

used the LC concept to develop models that improve managerial decisions in, for example, 

workforce planning (Cavagnini et al., 2020), machine scheduling (Anzanello et al., 2014), lot 

sizing (Jaber and Khan, 2010), Enterprise Resource Planning (ERP) implementations (Plaza and 

Rohlf, 2008), or order picking (Grosse and Glock, 2015). Researchers in other labor-intensive 

domains (Jaber, 2011) have also recognized the importance of LCs as a performance measurement 

tool. A few decades ago, for example, LCs became of interest in the medical sector, with an 

important focus being the performance of resident surgeons when they practice at hospitals 

(Hughes, 1991; Ramsay et al., 2000). The models that will be developed in this paper will be 

shown to fit data from different settings, including POM and medical, quite well, suggesting their 

robustness and versatility.   

A learning curve can be represented as a trend-line that best fits scatter plots of raw learning 

data. Several mathematical LC models are available in the literature, of which the power form has 

been widely used and accepted, mainly because of its simple mathematics and ease of calculation 

(Glock et al., 2019). Although it has been shown to fit learning data reasonably well, there has 

been a lively debate in the POM literature for many decades about how to make LC models more 

realistic and robust, leading to various extensions of the power form LC. Readers may refer to 

Jaber (2006), Fogliatto and Anzanello (2011), Grosse et al. (2015), and Glock et al. (2019) for 

reviews of LC models in engineering and POM, and Pusic et al. (2015, 2017) for the field of 

medical education. 

If we take a set of learning data that follows the power form (log-linear) or any other LC, and if 

we connect the observed performance point for the first repetition with that of the second 
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repetition, and the second with the third, and so on, one can easily observe that there are instances 

where a performance data point may deteriorate when compared to its immediate preceding or 

succeeding repetition. In addition to random variation, this suggests that some factors may interfere 

with learning. Figure 1 illustrates the above learning phenomenon in the context of an individual 

assembling of a mechanical apparatus (Bailey, 1989). By looking at example LC data, one can see 

that the variation in performance is usually greater amongst earlier repetitions than later ones (e.g., 

Jaber, 2011; Glock et al., 2019). As more repetitions are performed, more experience is gained, and 

the learning process tends towards a plateau/asymptote, where additional time on the job improves 

performance less and less. This happens because cognitive elements of a given task dominate 

motor elements at earlier repetitions, while motor elements (which are subject to a minimum or 

standard time) dominate cognitive elements at later repetitions (Newell and Rosenbloom, 1981; 

Dar-El et al., 1995).   

 

  

Figure 1. The left-side plot shows fitting the trend line to raw data. The right-side plot shows 

fitting the trend line to the cumulative raw data (taken from Bailey, 1989). 

 

Relatively little attention has been paid in the literature to the case where interference occurs 

while a subject is learning a task. According to Sweller et al. (1990), “many learning and problem-

solving activities impose a heavy, extraneous cognitive load that interferes with the primary goal of 

the task at hand”. Psychologists generally consider interference as reflecting the fundamental 

process of forgetting, the observation of a lower probability of successful retrieval of a given 

memory “image” as time passes (Anderson 1983; Mensink and Raaijmakers, 1988). 
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Neuroscientists found that motor adaptation is driven by the relative strength of interference 

(Morehead and Smith, 2017) and retention (Sing et al. 2009). In the context of POM, Badiru (1994, 

1995) termed this phenomenon “continuous forgetting” (Morehead and Smith (2017) later used the 

same term), or forgetting “throughout the learning process” and “due to some natural process” 

while not being specific in defining how it occurs. This phenomenon is different from what the LC 

literature has focused on, where it assumes that the knowledge (experience) acquired in a learning 

session corresponds to the number of repetitions, with forgetting occurring only when there is a 

production break between subsequent sessions (Jaber, 2006).  

This paper deals with psychomotor learning, which has been extensively modelled in the POM 

literature. Those models do not consider the phenomena of interference and continuous forgetting, 

for which the theory can be borrowed from other fields. Based on these insights, this paper 

develops two variants of an improved power LC, also known as the Wright learning curve (WLC; 

1936), by accounting for interference. The first model aggregates the cumulative experience for 

each repetition while fitting the data, while the second is an approximate expression, which is 

easier to implement. The models of this paper theoretically and empirically show that not all the 

experience (proxied as the cumulative number of repetitions) is retained by the end of a learning 

session. This is a fundamental finding in the authors’ opinion and a significant improvement of the 

WLC. Also, the models developed herein produce better fits than WLC, which makes them very 

promising. They can thus be considered a new valuable managerial tool for improving planning 

and control in POM applications. 

The remainder of this paper is organized as follows. Section 2 reviews related literature on LCs 

and cognitive interference from different disciplines. Section 3 describes the mathematical 

modelling of the new interference-adjusted LC models. Section 4 fits the developed models to 

empirical data and Section 5 discusses the results and some insights. Section 6 presents the 

summary and conclusions. 

 

2. Literature Review 
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Anderson (1983) extended his theory of cognitive architecture by incorporating the effect of 

interference. The model assumes that each repetition leaves a memory trace that depletes over 

time. The memory could be consolidated (strengthened), which is a process that is thought to 

gradually transfer information from the short-term to the long-term memory in the brain, to 

improve performance. There are three stages in the learning and memory process, which are 

encoding, retention, and retrieval (Anderson, 1983). Encoding is the initial learning of information, 

retention refers to how long it can be kept in memory, and retrieval is ones’ ability to access the 

acquired information when needed. Anderson (1983) assumed a spreading activation process, 

which determines the level of activity in long-term memory. At any point in time, working 

memory elements are active to varying degrees, and the working and long-term memory overlap 

by their contents. Activation can spread to associate elements in the network of elements. As soon 

as the source drops from attention, its activation (trace strength) begins to decay. Interference is 

related to retrieval: the response is retrieved if (1) a trace connecting stimulus, response and 

context has been formed and (2) it can be retrieved within a cut-off time. Mensink and Raaijmakers 

(1988) showed that a model could be developed that is capable of providing a unified account of 

the interference and forgetting phenomena. Their model is based on the Raaijmakers and Shiffrin 

(1981) Search of Associative Memory (SAM) theory, which assumes that during storage, 

information is represented in memory traces that contain items, associative and contextual 

information. The amount and type of information are determined by coding processes in short-term 

storage. They developed a version of SAM, by including contextual fluctuation (over time). More 

precisely, the probability of retrieving a memory trace is a function of associative strength of the 

cues/prompts (which control the learning stimulus) to that trace, relative to strengths of all 

associations (including the interfering, unrelated ones). Once retrieved, recovery depends on the 

absolute strength of the trace (equal to the overlap in features between cue/prompt and trace). In 

this regard, the models of Anderson (1983) and Mensink and Raaijmakers (1988) have some 

similarities. Both assume performance is a function of the relative, as well as, the absolute strength 

of a memory trace and that interference does not affect encoding, only retrieval (i.e., they assume 

no unlearning). The main difference between the models is that Anderson (1983) assumes a trace is 
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subject to decay. However, in Mensink and Raaijmakers (1988), the assumption that the contextual 

overlap is a decreasing function of the retention interval plays a similar role. Another difference is 

that Anderson (1983) assumes the effects of stimulus and context activation are summative. 

Mensink and Raaijmakers (1988), on the other hand, combine the item and context strengths in a 

multiplicative fashion. The models developed in this paper adopt the assumptions of Anderson 

(1983). 

Morehead and Smith (2017) showed that motor memories also decay in the absence of a 

learning stimulus. They experimentally studied how subjects adapt to an alleged implicit sensory 

adaptation error, induced via task-irrelevant clamped visual feedback. The results showed that the 

learning curve becomes asymptotic, suggesting that something intrinsic to motor learning 

processes limits the magnitude of learning. Inspired by their presentation, Figure 2 illustrates the 

learning/forgetting equilibrium relevant to our study, with the left side representing the actual 

behavior of interference and the right one its approximation. Interference can be time-dependent 

(Mensink and Raaijmakers, 1988), cognitive (Raaijmakers, 2003) or motor (Morehead and Smith, 

2017). The models developed for psychomotor learning in this paper adopt both varying and 

constant effects of cognitive interference, which will be used to depict forgetting while a subject is 

learning (performing repetitions).  

 

Figure 2. Illustration of the effects of varying and constant interference on the learning-

forgetting process within and across repetitions (see Section 3 for the proposed 

models).  
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 Badiru (1994) suggests (which was later proven by Morehead and Smith, 2017), that if learning 

and forgetting start at a given performance point, the resultant performance function can be 

determined by finding the point-by-point average of the learning and forgetting functions, which he 

modelled both as power-based bi-variate functions of cumulative time and the number of 

repetitions. Tukel et al. (2008)�assumed forgetting was due to the dormant time between repetitions 

resulting in the loss of some of the accumulated learning (experience). Their learning-forgetting 

model was of an exponential form. Heitz et al. (2008) investigated agent learning in a call center 

and how it affects customer service where they assumed cumulative experience improves service 

quality. They suggested an exponential model that simultaneously captures learning and forgetting 

where the forgetting discounting factor follows an exponential form. These studies have not 

explained why forgetting due to cognitive interference occurs. Although Murre (2014) has 

acknowledged that forgetting due to cognitive interference can occur, as reported in Pavlik and 

Anderson (2005), he assumed that there is no significant forgetting during learning or between 

subsequent trials and that each learning trial (repetition) is equally effective in contributing to 

experience. However, he subsequently acknowledged that it is not the case. The rationale for 

Murre’s assumption was that he preferred to concentrate on the learning curve, and therefore, not 

to incorporate forgetting or consolidation (memory strengthening over time) in the intention of 

reducing the complexity of the model. 

Sikström and Jaber (2012) advocated that effective encoding increases the strength of memory, 

which is affected by the number of available encoding resources. Kerr (1973; p. 406) defined 

encoding as “…the operations required as one stimulus item is received and contacts its 

representation in memory”. As repetition density increases, encoding resources decay, which is 

recovered over breaks (when there are no repetitions). Sikström and Jaber (2012) showed that 

encoding resources decrease faster in massed than in spaced learning, resulting in poorer 

performance. Unlike earlier models, including Pavlik and Anderson (2005), the Depletion–Power–

Integration–Latency (DPIL) model of Sikström and Jaber (2012) used depletion of encoding 

resources as a core explanatory factor of forgetting regardless of whether repetitions are massed or 

spaced. The DPIL was found to fit five empirical datasets well reflecting different types of 
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procedural/episodic learning, and one dataset from a quality inspection station at an industrial firm. 

Furthermore, the numerical results of Sikström and Jaber (2012) demonstrated that there is an 

optimal break length to which performance improves when it resumes in the following learning 

session; however, if the interruption extends beyond a threshold value, then forgetting becomes 

prevalent and performance deteriorates. A more refined consideration of encoding resources is 

informed by Cognitive Load Theory (Sweller, 2011; Plass et al., 2010) where encoding resources 

may be used (ideally) to encode germane information, but where extraneous load results in 

interference and thus less-than-optimal encoding. Given enough time for learning, as in spaced 

conditions, interference may be minimal; however, when the material is difficult (high intrinsic 

load) or time is compressed, learning is compromised (Sweller, 2011). 

As indicated earlier, the power form (log-linear) LC model has been widely used and accepted 

in the literature (e.g., Jaber, 2011; Glock et al., 2019). It has two parameters, the time for the first 

repetition and the learning exponent and uses the number of repetitions (cumulative units) as a 

proxy for measuring experience. Despite this model’s popularity, it has limitations. For example, 

the results are not meaningful when the number of repetitions is very large, it assumes full transfer 

of learning between subsequent repetitions, repetitions/trials are all successful, and it does not 

capture plateauing in learning data (e.g., Jaber and Guiffrida, 2004). Furthermore, when fitting a 

trend line to raw data, the plot usually shows a considerable scatter around the trend line that might 

leave a manager with a poor impression about the model used. To compensate, the user has the 

option of plotting cumulative output against input data to minimize the scatter (Naim, 1993), as 

seen in Figure 1 above. We believe the scatter in the data is caused by many factors such as worker 

characteristics (e.g. age, experience, dexterity, memory) and work conditions (random events, 

interference, distraction), among other things (e.g., Hopper et al., 2007). Understanding and 

modelling the scatter – to the extent possible – remains an open road to researchers in learning 

curves.  

This paper develops an enhanced version of the power-form LC, which we will refer to as the 

Modified Wright Learning Curve (MWLC). It assumes, like Sikström and Jaber (2012), that each 

repetition or trial generates a memory trace that could result in some given amount of knowledge 
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encoded. When a subject can attend to the stimulus, the relation of each repetition to the next 

follows the LC relationship well; however, a variable amount of distraction or interference during 

the repetition results in more scatter in the LC, around the trendline (Figure 2 above).  The LC in 

the� presence of (considerable) interference would underestimate the optimal possible learning 

curve. In this study, we seek to parameterize this interference as a means of accounting for it.   

The difference between the two LCs (with and without interference) represents the experience 

lost because of interference. Because the raw MWLC is computationally expensive, the developed 

model is further modified into an approximate form (AMWLC; Approximate Modified Wright 

Learning Curve). The models were tested against learning data from different settings, including 

POM and medical. The most extensive datasets consist of 135 (Bailey, 1989; Bailey and McIntyre 

1992, 1997) and 12 (Arkite NV) assemblers and several datasets are from robotic-assisted surgery. 

We will focus on those studies and demonstrate that the approximate model fits the data very well, 

in the above assembly settings far better than the simple power model and its modified versions, 

the Plateau and MWLC.  

In the next section, we will describe the mathematical modelling and then show in the following 

that the developed models that account for memory traces perform well against numerous datasets 

comprising various degrees of motor and cognitive elements in the learning tasks (Appendix A).  

3. The proposed learning curve model  

This section will be organized as follows: (1) we present a brief background of the power-form 

learning curve, (2) we introduce the reader to the concept of memory traces decay and 

consolidation, and (3) we develop the mathematics of our models. 

3.1 Power-form learning curve 

The power learning curve, also known as the Wright learning curve (WLC; 1936), is of the form: 

�� � ���������������	
�  

where �� is the time to perform the �th repetition, �� is the time to perform the first repetition, n is 

the cumulative number of repetitions, and b, 0 � b � 1, is the learning exponent. The learning rate 

(��), � � ���, suggests that the time for a repetition reduces by a constant percentage with each 
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forward from the first repetition. The second repetition starts at time �5 � �� and ends at time �8�= 

�� � �5. At the start of repetition 3, i.e., at time �8, the worker has an equivalent experience of 

*�+	,9�,7� and *�+	,9�,6� units carried forward from the first and second repetitions, respectively, 

that is *�+	,9�,7� � *�+	,9�,6� / �. Following this logic, the number of units experienced by time 

� is�*�+	,�,7� � *�+	,�,6� � *�+	,�,9� � *�+	,�,:� � *�+	,�,;� ��< *�+	,�,-�4�%� / 5; a numerical 

example is provided in Appendix C.  

Using Eq. (4) is cumbersome, which may not justify the use of the LC model in Eq. (5) in 

comparison to simpler models like WLC. An illustrative computational example provided in 

Appendix D illustrates this point. So, it is necessary to find a simpler expression that gives a good 

prediction of Eq. (4) and this gap due to interference.  

Let the cumulative actual time for � repetitions be �=� � < �>���%� ; i.e., for coordinates (1, �>�),(2, 

�>� � �>5),(3,��>� � �>5 � �>8), ….,(�,�< �>���%� ). We have fitted �=� for numerous LC datasets to a 

regression model and found that the estimated time �� � ?�� � ?@, with R2 > 0.95, which is very 

good. Substituting ?�� � ?@ and ?�	� � 
� � ?@ into Eq. (5), we get < *�+A7	���B����%� where � = 

1,2,…, n, which is equivalent to 	
 � *�+A7�� 	*+A7 � 
�C . Eq. (5) can now be rewritten in an 

approximate form, and is henceforth referred to as AMWLC, as follows:  

�� � ������ � �� D
 � *�E�*E � 
 F�� ������������	G�  

where H � I?�. Applying l'Hopital's rule, the term ���JKL�K��  in Eq. (6) becomes � when H � �; i.e., 

���E�@ ���JKL�K�� � �.  

In the next sections, we will test the ability of the MWLC and AMWLC models (Eqs. (5) and 

(6)) to fit experimental and empirical LC data. The Mean Squared Errors (MSE) method has been 

used to measure the fits between estimated (��) and observed (�>�) learning data (e.g., Sikström and 

Jaber, 2012; Glock et al., 2019). The mathematical model is written as:���

Minimize !MN � �
�< 	�>� � ���5��%� �����	OP� 

Subject to: 
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b = 0.984, with MSE = 0.121, respectively. Fitting the data to the classical power learning curve, 

WLC, in Eq. (1) and its modification with plateauing, in Eq. (2), gives ��= 21.17 and�b = 0.509��

with� MSE = 1.111, and ��= 22.15,� b = 1 and �� �� 5.67� with� MSE = 0.214, respectively. The 

AMWLC model performs the best, producing the lowest MSE, followed by the Plateau model. 

Table 1 also shows the estimated values for the 50th, 100th and 1000th repetitions for each model. 

Figure 3(a) illustrates the behavior of the LCs generated from the observed (raw data) values and 

the estimated values from WLC, MWLC, AMWLC, and the Plateau model.  

 

Table 1: Results from fitting the LCs to a sample dataset (Bailey, 1989) 
 

 Observed values Estimated values (minutes) 
  (minutes) WLC MWLC AMWLC Plateau 

� �>�  �Q� �� ��  ��  �� 
1 22.48 22.48 21.17 21.20 22.51 22.15 
2 13.90 36.38 14.88 15.02 13.58 13.91 
3 10.02 46.40 12.11 12.09 10.74 11.16 
4 9.83 56.23 10.46 10.28 9.42 9.79 
5 8.80 65.03 9.34 9.19 8.70 8.97 
6 7.97 73.00 8.51 8.40 8.28 8.42 
7 8.30 81.30 7.87 7.78 8.02 8.02 
8 8.13 89.43 7.35 7.35 7.85 7.73 
9 7.77 97.20 6.92 7.01 7.74 7.50 

10 7.17 104.37 6.56 6.73 7.67 7.32 
11 7.78 112.15 6.25 6.46 7.63 7.17 
…   …  … … 
50 -- -- 2.89 3.02 7.53 6.00 

100 -- -- 2.03 2.13 7.53 5.83 
1000 -- -- 0.63 0.68 7.53 5.69 
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Figure 3. LCs generated from observed values and estimated values from WLC, MWLC, 

AMWLC and Plateau when (a) AMWLC performs the best (Table 1), (b) all the models 

perform equally (only WLC visible due to overlapping) (data from Bailey & McIntyre 

(1992, 1997)).    

 

 

The total number of participants from Bailey’s experiments was 135. In 22 (16%) cases, all the 

models performed equally in terms of MSE, the primary measure of fit. In 80 (59%) cases, the 

approximate model (AMWLC) performed the best, while the Plateau model was the best in 32 

(24%) cases. The MWLC model performed the best in one (1%) case. The weighted average 

rankings of the four models in terms of the lowest MSE (with the average MSE) over all cases are 

1.24 (MSE = 3.025) for AMWLC, 1.61 (MSE = 3.187) for Plateau, 2.63 (MSE = 4.097) for 

MWLC, and 3.17 (MSE = 4.229) for WLC, respectively. Because of the space constraints, Table E 

in Appendix E only shows the best ten and the worst ten fits of all the models. We also use the 

ratio of over to under predictions as an additional measure of fit. The closer to 50:50, the better the 

fit is. In 17 (13%) cases the AMWLC, in 4 (3%) cases the MWLC, in 3 (2%) cases the WLC, and 2 

(1%) cases the Plateau model solely produced the best ratio. In 24 (18%) cases, both the AMWLC 

and the Plateau model produced the best ratio. In 61 (45%) cases, all the models produced equal 

ratios. The weighted average rankings of the four models in terms of the ratio of over to under 

predictions over all the cases are 1.33 for AMWLC, 1.41 for Plateau, 1.59 for MWLC and 1.68 for 

WLC, respectively.  

The second assembly dataset was provided in collaboration with the Arkite NV 

(https://arkite.com/; personal communication, Mar, 2020) research team. It is anonymous 

production data from car safety seat assembly plant and sheltered workplace. The 12 workers 

performed 4 to 29 (on average 12) consecutive repetitions. Each worker repeated one type of 

subassembly with balanced workload. In 8 (67%) cases, the AMWLC solely performed the best, 

while the Plateau model was the best in 3 (25%) and MWLC in one case. The results show that the 

AMWLC model is superior to the other models in the assembly environment. The ability of the 

models to predict the performance of various types of learners is discussed in Section 4.  
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4.2. Example 2: Testing the models against robotic-assisted surgery data   

Robotic-assisted surgery data was extracted from several studies using an online software 

(https://automeris.io/WebPlotDigitizer/). The first dataset was extracted from the study of Basillote 

et al. (2004; Fig. 8), who took it from Ahlering et al. (2003), representing the operative times for 

robotic-assisted Laparoscopic (minimally invasive) Radical Prostatectomies (LRP) that were 

conducted at the University of California at Irvine by a specific surgeon. Operative time in hours 

(Basillote et al. (2004) converted to minutes) included total dissection, closure time, and excluding 

port placement, robot setup and lymph node dissection. A few patients experienced postoperative 

complications, which may explain the long operative times for these patients, suggesting 

correlation between operation time and post-surgery recovery and complications. The context 

within which surgery is performed is, of course, very different from a production process at a 

manufacturing firm. A surgeon responds to how a patient being operated upon reacts to some steps 

in the surgical procedure. There is thus uncertainty, affecting both the outcome and the length of an 

operation. The cognitive component and stress are usually significant, which would also affect 

performance and operative time. For example, if a complication (bleeding, drop in blood pressure, 

or another undesired event) arises during surgery, the surgeon has to respond immediately and, on 

the spot, develop solutions to recover the situation (Moulton et al. 2010). Such unexpectancies add 

to the operative time and distort the LC. Another aspect that affects operative time is that 

operations are not massed; i.e., they are usually spaced by days or weeks. Whether other surgery 

types (similar or dissimilar procedures) or not were performed during a break may positively or 

negatively impact the performance on the next LRP repetition. One aspect is that surgeons are very 

careful in selecting their first few patients (also for robotic-assisted operations) as the main idea is 

to gain a positive experience about the procedures to be performed and the cases where 

complications may arise (that might be anticipated) are delayed to later repetitions once surgeons 

have progressed on their LCs. The rationale is to master the procedure first before one can develop 

efficiency or routine. This suggests that although operative time follows a LC as shown in Figure 4 

below, there are many details that affect performance that are not usually reported.  

Jo
urn

al 
Pre-

pro
of



 

Manuscript | Page 17 of 42 
 

 γ 
α 





�

�������	
�����������������

�

arms to the patient’s ports, checking the depth of ports and inserting the instruments for use. Figure 

5 shows the fits of the models to the robot setup time. All the models behaved equally where ��= 

89.78, b = 0.244, � = 0 (MWLC), � = 0 (AMWLC) and c = 0 (Plateau) with MSE = 170.75). Figure 

6 shows the fits of the models to the robot docking time. Again, all the models behave equally 

where ��= 28.155 and b = 0.393 with MSE = 46.138.  

 

Figure 5. LCs generated from the observed values from the robot setup time (MWLC, AMWLC 

and WLC overlap and are not seen behind the Plateau model). 

 

 

Figure 6. LCs generated from the observed values from the robot docking time (MWLC, AMWLC 

and WLC overlap and are not seen behind the Plateau model). 

 

We have extracted similar data from other robotic-assisted surgery studies in the literature 

(Appendix A, Datasets #1-5). Vilallonga et al. (2012) performed robot-assisted sleeve gastrectomy 

to treat patients with obesity and its comorbidities for 32 consecutive patients. They produced raw 
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LCs for operative time, for robot docking time and for incision to docking time, respectively. The 

rest of the studies dealt with operative time for minimally invasive aortofemoral bypass grafting for 

aortoiliac occlusive disease in 40 patients (Novotný et al., 2011), and intersphincteric resection for 

low rectal cancer in 36 patients (Kuo et al., 2014). We fitted the data from each study to the four 

models that produced the same fits except for one study, which is that of Vilallonga et al. (2012), 

Datasets #3 and 4, where the Plateau performed slightly better and WLC slightly worse than other 

models. The same argument as above about the need for detailed data holds here too. 

4.3. Testing the models against other datasets 

Finally, the models were fitted to datasets collected from various studies, comprising different 

learning contexts in laboratory and industry settings (Appendix A, Datasets #6-30). Of the 25 

datasets, in 10 cases each model performed equally. In 6 (24%) cases, the Plateau was the best and 

outperformed AMWLC by 21% lower MSE on average, and MWLC by 35%. In 4 (16%) cases, 

MWLC was the best and outperformed AMWLC by 30% lower MSE on average, and Plateau by 

35%. In one case, AMWLC outperformed Plateau by 0.8% lower MSE and MWLC by 0.2%. WLC 

solely performed worst in 6 (24%) cases where, MWLC, AMWLC and Plateau produced 49%, 

56% and 61% lower MSE on average. This suggests that the developed models are far better at 

predicting performance than WLC. The weighted average rankings of the four models in terms of 

the lowest MSE over the 25 datasets are 1.29 for the Plateau, 1.48 for AMWLC, 1.57 for MWLC, 

and 2.10 for WLC, respectively. In two cases, WLC, AMWLC and Plateau performed equally 

while MWLC could not be applied to clustered data. 

5. Discussion 

Having described the MWLC and AMWLC models mathematically, we now discuss the 

performance of the models in four different learning contexts, which are laboratory (Section 5.1), 

industrial assembly (Section 5.2), surgery (Section 5.3), and other environments (Section 5.4). The 

behavior of the models and their ability to estimate data from different types of learners are 

analyzed. The analysis is followed by managerial insights. Finally, the advantages of a hybrid 

learning model that switches from AMWLC to WLC are presented (Section 5.5). 
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5.1. Laboratory assembly  

The AMWLC model outperformed other models in a laboratory setting (Bailey’s data). For 

Bailey (1989) and Bailey and McIntyre (1992, 1997), AMWLC was better than the Plateau model 

in 59% of cases where, on average, n = 9.84, and producing 10.6% lower MSE. Plateau was better 

than AMWLC in 24% cases where, on average, n = 12.53, and producing 5.5% lower MSE. A 

detailed analysis showed that AMWLC is especially better when there are fewer than 10 

repetitions. In 68% of the cases (54/80) where AMWLC performed better, the optimal value of the 

learning parameter (i.e., learning speed) of Plateau is in its upper limit b = 1, while in 70% of these 

cases (38/54), b = 1 for the AMWLC. AMWLC (also as a continuous model unlike MWLC) can 

better fit the residual knowledge �� to data over the entire learning period, by fitting H in Eq. (6). 

Unlike the other models, AMWLC also allows the residual knowledge from the repetition that has 

just ended to be less than �=1 information items, for example, �� = 0.671 at the first repetition in 

Figure 3(a). When H = 0, AMWLC behaves similar to the WLC, as in Figure 3(b). By increasing H, 

AMWLC can capture the increasing steepness of the LC. Figure 7 illustrates sets of learning 

profiles (first 9 repetitions) from Bailey (1989) for individuals when (a) AMWLC, (b) the Plateau 

model performed better (lower MSE) than other models, and (c) when all the models performed 

equally. Note that, for each individual, time at first repetition is transformed to 1 (reference level) 

for better comparison of learning profiles. The black dotted lines present the average performance 

at each repetition. The mean actual times are 28.4, 22.9 and 21.0 min at the first repetition, 12.6, 

12.6 and 15.0 min at the fourth repetition and 10.2, 9.9 and 11.0 min at the last (ninth) repetition 

for the learners in Figures 7(a), 7(b) and 7(c), respectively. The results indicate that AMWLC is 

best in predicting a poor performance at the first repetition (which is highly related to cognitive 

interference) followed by rapid learning at the subsequent ones. For such learners, the WLC and 

the Plateau models underestimate the initial learning speed. Individuals in Figure 7(c), on average, 

performed best at the first repetition, improving slowly for subsequent ones, making them slow 

learners. Their performance shows apparent saw-tooth-like variation, especially in the first half of 

the learning session. Noteworthy is that the AMWLC model captured interference not only for 

learners in Figure 7(a), but also for those in Figure 7(b). Of the two best performing models, in 
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general, the Plateau model can better predict the first repetition. AMWLC predicts the following 

rapid learning section better as well as time at the last repetition.  

5.2.  Industrial assembly 

The AMWLC model outperformed other models for 67% (8/12) subjects in an industrial car 

safety seat assembly environment. Similar to Bailey’s data, we analyzed learning profiles (first 9 

repetitions) of 11 individuals (one excluded because of only four repetitions) which are presented 

in  Figure 8. Again, time at first repetition is transformed to 1 (reference level) for better 

comparison of learning profiles. The black dotted lines present an average performance at each 

repetition. Figures 8(a) and 8(b) show that the AMWLC (in 7 cases) and the Plateau (in 3 cases) 

fitted the learning profiles the best. Individuals represented in both figures, on average, spent an 

equal amount of time on the first repetition (8.8 min). The average learning profiles only deviate at 

the second and third repetitions, where AMWLC can better predict a gradual improvement and the 

Plateau faster initial improvement followed by no improvement or deterioration. The MWLC 

predicted the best learning profile presented in Figure 9, where (observed) performance shows 

considerable variation and periods of deterioration. MWLC is the only discontinuous model, the 

feature of which makes it possible to capture such variation and trends in learning data. However, 

as Figure 9 shows, MWLC follows the change in learning profile with a slight delay of one 

repetition. Therefore, MWLC can better capture interference that appears as an upward trend and 

not a continuous saw-tooth-like variation (Figures 4-6, and 7(c)) in a learning profile.  Noteworthy 

is that the learners in Figures 8 and 9 are from a sheltered workplace and have various disabilities. 

Although overall cognitive load was kept low, some of them experienced it as high, which may 

cause additional interference and an unusual trend of the learning profile. For each learner 

represented in Figures 8 and 9, adjustment for interference enhanced the predictability of the 

power-form LC. 
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Figure 7. A set of assembly learning profiles (first 9 repetitions) from Bailey (1989) and Bailey 

and McIntyre (1992, 1997) for individuals when (a) AMWLC (number of individuals 

N=31); (b) Plateau (N=20) performed better (lower MSE) than other models; (c) when all 

models (N=10) performed equally.   

 

 

Figure 8. A set of car safety seat assembly learning profiles (first 9 repetitions) for individuals 

when (a) AMWLC (N=7) and (b) Plateau (N=3) performed better (lower MSE) than 

other models. 
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Figure 9. LCs generated from the observed values from the car safety-seat assembly time. MWLC 

performed the best and produced 6%, 8% and 10% lower MSE than AMWLC, Plateau 

and WLC, respectively. 

 

All the above shows the superiority of considering the “interference” concept (AMWLC) over 

the concept of bounded learning (Plateau) in the studied assembly environments. Acknowledging 

that some of the knowledge is continuously lost over time would help industrial managers in 

decision-making. Managerial efforts would exploit the educational potential and remove learning 

barriers. It is important to reduce the excessive cognitive workload that affects poor performance 

during the first repetition, reflecting variation in subsequent ones. In addition, workers need 

resources that help them in strengthening their memory and performance at work tasks over the 

entire learning period.   

5.3.  Surgery environment 

In the surgery environment, all the models performed almost equally. The surgery performance 

(learning data) shows considerable variation, which is most obvious in the early learning phase 

when surgeons have little experience. In addition, a part of the variation in robot setup and docking 

times over the entire learning period is presumably due to several different surgeons using the 

robot. Variation in the operation time in Figure 4 is partly explained by different patient cases. 

What is unique in the surgery context is the ability to meter cognitive load, meaning that the 

surgeon can proceed at the optimal (usually slow) pace for early repetitions, minimizing 

interference, and wait for their speed to increase in an emergent, non-forced fashion.   

5.4. Other learning environments 
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For almost about half (40%) of the remaining learning datasets (Appendix A, Datasets #6-30), 

all the models performed equally, and it does not matter that much which of the four LCs we 

select. Plateau performed the best for 6 (24%), MWLC for 4 (16%) and AMWLC for one dataset. 

When AMWLC does not capture interference, it never performs worse than WLC and the Plateau. 

On the other hand, when AMWLC (or MWLC) capture it, they always perform better than WLC 

and in some cases better than the Plateau.�  In some cases, there is a substantial performance 

disadvantage of the WLC that would not fit the data well. For the data sets we studied, we can 

actually never be (very) wrong when using AMWLC or MWLC, but for some scenarios, the WLC 

can lead to wrong estimates of learning. This advocates the use of AMWLC and MWLC, which 

are good alternatives for the Plateau. 

5.5. Hybrid learning model 

While AMWLC predicts the poor performance followed by rapid initial learning section the 

best, there are instances where the WLC model predicts the rest of the learning session better. A 

hybrid learning model, such as the one in Figure 10, can determine the optimum number of 

cumulative units (5 in this case), after which the switch from AMWLC to WLC yields a better fit 

(22% lower MSE in this case) than AMWLC alone. The proposed hybrid learning curve is of the 

form:�

Minimize�!MN � �
�< S�>� � T��UVWXY � 	
 � T���WXYZ5��%� ��Subject to:�T � ��
�(binary).  

In this case, the hybrid model gives a good approximation of the number of cumulative units after 

which the effective learning rate changes from varying to constant each time cumulative output 

doubles. Further research could develop hybrid LC models to better capture performance variation 

in different learning environments. 
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Figure 10. A hybrid LC model that switches from AMWLC to WLC after 5 units. 

 

6. Conclusions 

This paper presents a modified power LC by accounting for the phenomenon of interference, 

which occurs while learning especially under conditions of high cognitive loading. Two alternative 

learning models were developed. The first model aggregates the cumulative experience for each 

repetition while fitting the data. The second model is an approximate expression, and as a 

continuous model much easier to implement. The developed models were tested against empirical 

data collected from different settings; assembling units, robotic-assisted surgery, amongst others. 

The results showed that the approximate model fits the assembly learning data very well, for about 

84% (113/135) and 98% (11/12) of subjects better than the power model and its modified version, 

and for 58% (80/135) and 67% (8/12) of subjects better than the model with bounded learning 

(Plateau). The approximate model better predicts the poor performance at first repetition (which is 

highly related to cognitive interference), followed by rapid learning at the subsequent ones, which 

are characteristics that are typical of assembly processes. Among the studied models, only the 

MWLC is discontinuous, which allows it to capture deterioration in learning (an upward trend in 

learning profile). For the surgery learning data, considering interference did not yield much better 

fits, and all the models performed almost equally. This likely has to do with both the considerable 

scatter in the surgery learning data and the unique situation where the cognitive load can be 

distributed over time. The remaining 25 datasets represent different learning environments from 

Jo
urn

al 
Pre-

pro
of



�

�������	
�����������������

�

laboratory and industry settings. For almost half of them, each model performed equally. On one 

hand, we can draw a conclusion that in some applications (perhaps those where the assumptions 

underlying the WLC are well met), it does not matter that much which of the four LCs we select. 

On the other hand, in some instances WLC fitted data significantly worse. Therefore, for the data 

sets we studied, we can actually never be (very) wrong when using AMWLC or MWLC, but for 

some scenarios, the WLC can lead to wrong estimates of learning. This advocates the use of 

AMWLC and MWLC, which are good alternatives for the Plateau model. The approximate LC 

model developed in this paper is promising and has many applications (Jaber, 2011; Glock et al., 

2019) in industrial and service sectors with valuable managerial implications for POM. As our 

results imply, the AMWLC and MWLC predict the development of productivity better than other 

LC models, which can lead to more realistic production plans. These results can support managers 

in reducing shortages or surplus stock and also make it easier to meet deadlines/delivery dates due 

to a more realistic assessment of workers’ productivities; the latter can contribute to improving 

service levels. Workforce planning can also be enhanced with a lower risk of scheduling too many 

or too few workers for completing a certain task. The exact influence of the AMWLC and MWLC, 

on the various decision problems in POM, however, needs to be investigated in future research. 

Our results highlight the potentials of the new LC models in this area. 

The models proposed in this paper could be enhanced further to improve their ability to predict 

variances in performance due to unexpected events. A multivariate LC model could also be 

considered where the number of repetitions is one of several independent variables that affect 

performance. Future research could study the models, likely after modifying them, for data from a 

spaced versus massed experiment, with the idea being that the memory component would return a 

different, theory-based estimate in each condition. In this study, we considered forgetting while a 

subject performing, and termed it cognitive interference, but not forgetting because of spacing 

(breaks) between learning session. Future work can use the models like those developed in this 

study to predict forgetting effects between sessions. The combination of the two phenomena, 

interference and forgetting, could have considerable implications for accurately describing 

performance. Developing a model that captures both would be an immediate extension of this 
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work. Finally, a further study will develop a model that distinguishes cognitive and motor 

interference. 
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Appendix A 
Table A: Results from fitting the models to datasets. For each dataset, the LC(s) that led to the best fit was (were) highlighted shaded. 
 

Nr. Dataset Context WLC MWLC AMWLC PLATEAU 
Parameter MSE Parameter2 MSE Parameter2 MSE Parameter MSE 

1 Novotný et 
al. (2011) 

Robotic-assisted 
surgery operation 
time 

�1 = 397.133 
 = 0.111554 

4350.75 �1 = 397.133 
 = 0.111554 
� = 0 

4350.75 �1 = 397.133 
b = 0.111554 
� = 0 

4350.75 �1 = 397.133 
 = 0.111554 
� = 0 

4350.75 

2 Kuo et al. 
(2014) 

Robotic-assisted 
surgery operation 
time 

�1 = 629.695 

= 0.099357 

6506.11 �1 = 629.695 

= 0.0993574 
� = 0 

6506.11 �1 = 629.703 
 = 0.09936 
� = 0 

6506.11 �1 = 629.695 
 = 0.099357 
� = 0 

6506.11 

3 Vilallonga et 
al. (2012) 1 

Robotic-assisted 
surgery operation 
time 

�1 = 116.44 
 = 0.164762 

91.2718 �1 = 117.872 

= 0.17584 
� = 0.00167043 

90.8578 �1 = 118.169 

= 0.192427 
� = 0.0354644 

90.5567 y1 = 122.291 
 = 0.430831 
�
= 52.0096 

89.1471 

4 Vilallonga et 
al. (2012) 2 

Robotic-assisted 
surgery robot 
docking time 

�1 = 13.1904 
 = 0.225254 

2.68773 �1 = 13.4538 
 = 0.245411 
� = 0.00258689 

2.66981 �1 = 13.3895 
 = 0.260783 
� = 0.0362353 

2.67325 y1 = 13.7492 
 = 0.421425 
� = 4.00459 

2.66379 

5 Vilallonga et 
al. (2012) 3 

Robotic-assisted 
surgery incision to 
docking time 

�1 = 12.4205 

= 0.16119 

2.33884 �1 = 12.4205 
 = 0.16119 
� = 0 

2.33884 
 

�1 = 12.4201 
 = 0.161177 
� = 0 

2.33884 �1 = 12.4205 
 = 0.16119 
� = 0 

2.33884 

6 Adi-Japha et 
al. (2008) 

Lab – repeatedly 
type a five-
movement 
sequence 

�1 = 1959.32 
 = 0.0875898 

1675.00 �1 = 1959.32 
 = 0.0875898 
� = 0 

1675.00 �1 = 1960.33 
 = 0.0935691 
� = 0.025718 

1668.28 �1 = 1978.17 
 = 0.262031 
� = 1147.48 

1618.83 
 

7 Braden 
(1924) 

Lab – ball tossing �1 = 3.04768 
 = 0.254704 

0.00694522 �1 = 3.034763 
 = 0.254696 
� = 0 

0.00694522 �1 = 3.04768 
 = 0.254704 
� = 0 

0.00694522 �1 = 3.04767 
 = 0.254704 
�
= 0 

0.00694522 
 

8 Chambers 
and Johnston 
(2000)1 

Airline unit cost 
per revenue tonne 
kilometres 

�1 = 54.9735 
 = 0.137726 

7.21213 --- --- �1 = 54.9734 
 = 0.137726 
�
= 0 

7.21213 �1 = 54.9735 
 = 0.137726 
� = 0 

7.21213 
 

9 Chen et al. 
(2007) 1 

Lab – word 
learning 

�1 = 1056.16 
 = 0.244062 

867.877 �1 = 1089.46 
 = 0.32853 
� = 0.0615351 

380.414 �1 = 962.056 
 = 0.420645 
� = 0.307546 

278.919 �1 = 1099.43 
 = 0.845276 
�
= 557.668 

195.215 
 

10 Chen et al. 
(2007) 2 

Lab – word 
learning 

�1 = 1002.66 
 = 0.229119 

798.734 �1 = 1036.09 
 = 0.317803 
� = 0.0683219 

222.928 �1 = 924.769 
 = 0.387425 
� = 0.294955 

260.109 �1 = 1036.26 

= 0.73219 
�
= 522.004 

325.852 
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Table A continued�

11 Easley 
(1933) 

Lab – Code 
translation 

�1 = 10.7474 

= 0.63981 

0.281365 �1 = 10.7474 

= 0.63981 
�
= 0 

0.281365 �1 = 10.748 
 = 0.639824 
�
= 0 

0.281365 �1 = 10.7474 
 = 0.639808 
�
= 0 

0.281365 

12 Franceschini 
and Galetto 
(2004) 

Exhaust-system 
manufacturing – 
number of 
defective units 

�1 = 96.8593 
 = 0.821231 

67.6053 �1 = 96.8593 

= 0.821231 
� = 0 

67.6053 �� = 96.9042 
 = 0.821408 
� = 0 

67.6053 �1 = 96.8594 
 = 0.821231 
� = 0 

67.6053 

13 Globerson 
and 
Seidmann 
(1988)1 

Lab – electronic 
outlet assembly 
(industrial task) 

�1 = 538.951 

= 0.313781 

33.3848 --- --- �1 = 538.932 
 = 0.31378 
�
= 0 

33.3848 �1 = 538.951 
 = 0.313781 
� = 0 

33.3848 

14 Haider and 
Frensch 
(2002) 

Lab - alphabetic 
string verification 

�1 = 7385.91 
 = 0.420823 

1382000 �1 = 7385.91 

= 0.420823 
� = 0 

1382000 �1 = 7385.98 
 = 0.420826 
� = 0 

1382000 �1 = 7385.91 
 = 0.420823 
� = 0 

1382000 

15 Towill 
(1990) 
 

Electrical 
inspection task 

�1 = 8.28887 
 = 0.0951004 

0.113418 �1 = 10.3769 
b = 0.229613 
� = 0.00409184 

0.0174545 �1 = 8.29042 

= 0.0951361 
�
= 0 

0.113414 �1 = 8.28887 

= 0.0951003 
�
= 0 

0.113418 

16 Johnson 
(1919) 
 

Lab - throwing 
darts 

�1 = 0.0190245 

= 0.216704 

7.56798*10-6 �1 = 0.019023 

= 0.216662 
� = 0 

7.56798*10-6 �1 = 0.0190244 

= 0.216702 
�
= 0 

7.56798*10-6 �1 = 0.0190245 

= 0.216704 
� = 0 

7.56798*10-6 

17 Kihl et al. 
(2000) 
 

Lab - Spelling 
development 

�1 = 28.2624 

= 0.677201 

5.62717 �1 = 28.2624 
b = 0.677201 
� = 0 

5.62717 �1 = 28.2671 
 = 0.677202 
� = 0 

5.62717 �1 = 28.2624 
 = 0.677201 
�
= 0 

5.62717 

18 Krueger 
(1946) 
 

Lab – memory 
training 

�1 = 0.0147604 
 = 0.156738 

1.58812*10-8 �1 = 0.0149231 
 = 0.177011 
� = 0.0161985 

4.92127*10-9 �1 = 0.0146434 
 = 0.196444 
� = 0.107637 

3.19737*10-9 �1 = 0.0149818 
 = 0.383193 
� = 0.00711107 

2.41693*10-9 

19 Lapré (2011) 
 

Airline mishandled 
baggage 

�1 = 97.1 
b = 0.827694 

58.6705 �1 = 97.1003 
b = 0.827698 
� = 0 

58.6705 �1 = 97.1396 
b = 0.827842 
� = 0 

58.6705 y1 = 97.1 
b = 0.827694 
c = 0 

58.6705 

20 Lawshe 
(1945) 
 

Lab – number 
sequencing 

�1 = 0.0815493 
 = 0.399582 

7.19211*10-7 �1 = 0.0815491 
 = 0.399576 
� = 0 

7.19211*10-7 �1 = 0.0815493 

= 0.399581 
� = 0 

7.19211*10-7 �1 = 0.0815493 
 = 0.399582 
�
= 0 

7.19211*10-7 

21 Lee and Zhai 
(2004) 
 

Lab – keyboard 
typing 

�1 = 0.101338 
 = 0.225681 

2.99029*10-6 �1 = 0.101867 
 = 0.241442 
� = 0.0169409 

2.77896*10-6 �1 = 0.099775 
 = 0.256987 
� = 0.0836403 

2.75706*10-6 �1 = 0.101968 
 = 0.35431 
c = 0.0291541 

2.76367*10-6 
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Table A continued�

22 Li and 
Rajagopalan 
(1997) 

Tire tread 
production – direct 
unit labor hours 

�1 = 8.2965 
 = 0.212222 

0.375069 �1 = 8.2965 
 = 0.212222 
� = 0 

0.375069 �1 = 8.34587 
 = 0.223179 
� = 0.011342 

0.374524 �1 = 8.5051 
 = 0.324827 
c = 1.90186 

0.37185 

23 Macher and 
Mowery 
(2003) 

Semiconductor 
manufacturing 

�1 = 5.49519 

= 0.24758 

0.19251 �1 = 5.49516 
 = 0.247565 
� = 0 

0.19251 �1 = 5.49519 
 = 0.24758 
� = 0 

0.19251 �1 = 5.49519 

= 0.24758 
c = 0 

0.19251 

24 Miles (1920) Lab - pursuit test �1 = 0.0588796 
 = 0.237863 

1.97806*10-6 �1 = 0.0620357 
 = 0.291405 
� = 0.00581991 

6.0192*10-7 �1 = 0.0611699 
 = 0.333911 
�
= 0.0801261 

3.34969*10-7 �1 = 0.0636304 

= 0.564534 
�
= 0.0211654 

1.6915*10-7 

25 Nakamura et 
al. (1996) 

Lab - mouse 
clicking and 
keyboard input 
operations 

�1 = 1931.48 
 = 0.375468 

7427.39 �1 = 1931.48 
 = 0.375468 
� = 0 

7427.39 �1 = 1931.69 

= 0.375528 
�
= 0 

7427.39 �1 = 1931.48 

= 0.375468 
�
= 0 

7427.39 

26 Postman and 
Warren 
(1972) 

Lab – word recall �1 = 20.2862 
 = 0.445568 

0.434453 �1 = 20.2874 

= 0.445684 
� = 0 

0.434453 �1 = 20.2863 
 = 0.44557 
� = 0 

0.434453 �1 = 20.2862 

= 0.445568 
� = 0 

0.434453 

27 Reid and 
Mirka (2007) 

Patient lifting 
using a mechanical 
lifting 
assist device 

�1 = 466.324 
 = 0.293418 

48.5695 �1 = 470.502 

= 0.314648 
� = 0.0115221 

39.6106 �1 = 458.211 
 = 0.346067 
� = 0.088633 

33.0005 �1 = 474.224 
 = 0.492438 
c = 132.128 

26.6016 

28 Rodrigue et 
al. (2005) 

Lab – mirror 
tracing 

�1 = 114.714 
b = 0.423171 

15.323 �1 = 114.767 
b = 0.423772 
� = 0 

15.0852 �1 = 114.706 
b = 0.423135 
� = 0 

15.323 �1 = 114.714 
b = 0.423171 
c = 0 

15.323 

29 Rohmert and 
Schlaich 
(1966) 

Lab – manual 
assembly task 

�1 = 91.3094 
 = 0.136348 

4.17028 �1 = 99.6904 
 = 0.190532 
� = 0.00124859 

3.29262 �1 = 91.3094 
 = 0.136348 
� = 0 

4.1703 �1 = 91.3094 

= 0.136348 
� = 0 

4.17028 

30 Grosse and 
Glock (2013) 

Manual order 
picking 

�1 = 81.2982 

= 0.274952 

91.2672 �1 = 81.2982 
 = 0.274952 
� = 0 

91.2672 �1 = 81.2878 
 = 0.274897 
� = 0 

91.2672 �1 = 81.2982 
 = 0.274952 
� = 0 

91.2672 

1 The data used in the paper is clustered; hence, the MWLC could not be applied to the data. 
2 The parameters � and � are limited to values > 0. � = 0 or � = 0 implies that during curve fitting, a very small value was selected; however, the constraint �, � 
> 0 was kept. 
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Table D. Explanatory calculation of the MWLC model.  
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Figure D. Pictorial of the MWLC model using the data in Table D. Curves represent 

residual knowledge from each previous repetition (Rep) and dotted line 

cumulative equivalent number of units remembered as a function of cumulative 

time.   
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