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Abstract 

This paper synthesises cognitive engineering and productivity improvement literature to develop 

a new task based framework for problem solving in high volume complex manufacturing 

environments. We represent decision making as a process flow where cognitive capacity 

represents the process constraint. We propose efficiency principles that extend lean 

manufacturing to knowledge work. 
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Introduction 

Knowledge work forms a growing element of modern economic activity. The proportion of 

knowledge work is estimated at 40% (Brinkley et al., 2010) and continues to grow. In spite of 

this, there are few productivity methods in common use that can be applied to knowledge work in 

a manner similar to scientific management, lean manufacturing or six sigma.  

In this paper we favour Hislop’s (2009) definition of a knowledge worker as “anyone whose 

work involves the use of a reasonable amount of tacit and contextual and / or abstract / 

conceptual knowledge." This aligns with the work of Whalley and Barley (1997) who use 

technicians as an example of workers who rely on a combination of theoretical and contextual 

knowledge to carry out their functions of “caretaking” of equipment and systems. This 

combination of cognitive and physical work illustrates that knowledge work is not confined to 

“white collar” workers. 

There are several publications dealing with the transfer of lean manufacturing methods to 

office based work (for example, Tapping and Baban, 2010; Larsson and Gonzalez-Rivas, 2011). 

However, these publications fail to adequately address some key research questions raised by 

Hopp et al. (2009), namely, i) how should we define and manage bottlenecks in white collar 

work; ii) how are information networks co-ordinated; iii) how should we measure output 

performance; iv) how do we identify the factors that impact the effectiveness of discretionary 
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decision making; v) how does trust affect knowledge seeking and sharing; and vi) what social 

network factors are important for learning effectiveness?  

The scope of these research questions suggests there is a need for an expanded approach that 

leverages methods from other fields. This paper proposes a framework to address the first three 

of these questions; combining contributions from the fields of cognitive systems engineering and 

human computer interaction, with the lean manufacturing methodology.  

The remainder of this paper is structured as follows. We provide a summary of the salient 

literature relating to cognitive work. A framework for knowledge work productivity is then 

proposed, followed by a discussion of some productivity principles that apply in this area. 

Literature review 

When we compare knowledge work to industrial work, some differences become apparent. 

Knowledge work is less physical; often less tightly bounded and increasingly geographically 

distributed. Based on a review of relevant literature and ongoing observation of work in a 

complex manufacturing environment, there are a number of other important considerations. 

The nature of information 

Knowledge work is often contextual, influenced by the goals of the organisation and the 

changing dynamics of the decision environment. This means that systems designed around rigid 

rules and one standard method may become brittle due to unplanned circumstances and 

automation surprises (Hollnagle and Woods, 2005).  

Bellinger et al. (2004) define information as data that has been given meaning by way of 

relational connection. This "meaning" can be useful, but does not have to be. The context of a 

particular task or scenario determines which data yields useful information.  

Unlike physical components, information does not flow in a linear fashion. For instance, in a 

series of procedural steps, an email from a person at the start of a process, that includes a 

recipient who is responsible for a later process step, transfers information to that recipient 

independent of the process flow. Information may flow in several directions simultaneously. The 

same data can also exist in several locations. 

Tasks are central to knowledge work 

Thagard (2005) categorises the mental process into representational power and computational 

power elements. Representational power includes logic, rules, concepts, and images. These are 

the building blocks of expertise which we will discuss in a later section. Computational power is 

concerned with problem solving, learning and language (Thagard, 2005, P.14-16). These 

computational elements are interrelated. Learning leads to the expertise that is employed to solve 

problems efficiently. Language is the basis for communication. Problem solving involves regular 

communication to agree interpretations and planned actions (Mintzberg et al., 1976; Rasmussen 

et al., 1994) 

The difficulty of a problem is influenced by its context; a) whether it is routine and highly 

structured, or evolving with complex interrelationships; b) by the level of risk involved and c) by 

the familiarity of the scenario and the degree of time pressure.  

If problem solving is characterised as the closure of the gap between perceived reality and a 

stated goal; the problem solving process can be described as a series of steps using a task cycle 
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(Norman, 1986) or decision ladder (figure 1). The decision ladder (Rasmussen, 1990) illustrates 

the sequence of data processing steps (rectangles) and states of information (ellipses) in a task. 

The left hand side describes situation analysis, with the top section describing goal evaluation, 

leading to planning and execution of the task on the right hand leg. 

 

 

Data processing may be performed as cognitive work or an automated process. States of 

knowledge may be shared between different actors who co-ordinate their activities and decision 

making. The decision ladder describes the path a novice might follow, but also includes heuristic 

shortcuts (cognitive leaps) that an expert may use. These shortcuts also describe ways that 

automation can streamline steps in the process, if the decision rules are defined.  

What is the goal? 

If we consider problem solving to be central to knowledge work, we need to have a clear 

definition of what the goals of the system are. Without a goal or target, problem definition is 

difficult. Lean manufacturing and six sigma methodologies focus on identifying what the 

customers of the process value. Understanding value is a key step to eliminating waste, 

variability and non-value adding activity. Kaydos (1999, p.63-65) defines the key deliverables 

that a customer requires as output or “level 1” quality measures. Controlling or “level 2” 

measures are defined as process variables that are critical to ensure the system delivers outputs 

that meet customer requirements. Goal clarity improves the efficiency of alerts and speed of 

Figure 1: Simplified decision ladder:  

adapted from Rasmussen et al. 1990 
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anomaly response. Goal clarity also makes the resolution of goal conflicts easier and streamlines 

collaboration.  

Knowledge work is collaborative 

Knowledge work involves communication and collaboration. A worker completing a stand-alone 

routine has, at some point, to communicate outcomes to the wider system they operate within. 

Work processes often involve multiple people who are mutually dependent in their work and 

therefore are required to cooperate in order to get the work done (Schmidt, 1991). Lengel and 

Daft (1989) comment that effective knowledge work requires collaboration and communication 

using appropriate channels. Rich media channels such as face to face dialogue utilise verbal and 

non-verbal signals that allow the parties to communicate, verify understanding and dynamically 

build a shared context. A lean channel such as e-mail or text is useful for disseminating a 

message to a wide group, but it is poor at conveying nuance.  

Working memory is a constraint 

We perceive the world around us through our senses. In most work scenarios, we rely 

particularly on visual and aural signals. These signals are processed in short term “working” 

memory. Our perception of the world can be bottom up, where we resolve the visual features we 

perceive into patterns and objects based on past experience. Our brain also directs our attention 

in a top down manner, to achieve goals through actions (e.g. locate and grasp an object) or 

cognition (e.g. understand a diagram). Jonides et al. (2008) comment that “short term (working) 

memory is the focus of our attention,” reflecting the importance of goal directed perception in 

how we “see” the world. 

The capacity of short term memory is limited and volatile. This has implications for how we 

sense and understand the world. Halford et al. (2005) propose four variables (chunks) as the limit 

of human processing capacity for reasoning and decision making in any one cognitive step. 

Because of working memory limitations, cognitive workload can exceed the human capacity and 

result in errors, stress and fatigue; all leading to reduced performance and learning (Embrey et 

al., 2006). Time constraints, task load and complexity all influence decision making. As 

complexity increases, causal relationships become more dynamic and organisational goals 

increasingly require trade-offs.  

Learning leads to expertise and efficiency 

When people solve a problem, they usually learn from the experience and solve the problem with 

less effort the next time. The representational power elements of mental work (Thagard, 2005) 

are central to learning and expertise. Mental representations, gathered through experience, help 

develop expertise. Chunking and segmentation skills are considered important components of 

expertise. Bruer (1993) suggests experts have highly organised knowledge in the form of 

concepts and models. Problem solving in familiar situations, where the people have lots of 

experience, is usually accomplished using rules and concepts. Analogical reasoning becomes 

useful when people do not have the rule base but have some experience in the domain. Mental 

images play a role in problem solving analogous to the role played by external diagrams (Larkin 

and Simon, 1987).  

Learning can range from the acquisition of new concepts and rules, to the subtle adjustments 

of performance that differentiates experts from competent performers. Rasmussen (1983) 
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proposed the skills, rules and knowledge (S/R/K) taxonomy to describe the ways that information 

is perceived and acted upon at the different levels of cognitive work.  

Our perspective is influenced by our mental models of the world. When our mental models are 

reframed by feedback that challenges these models, we are engaged in double loop learning 

(Argyris and Schön, 1974). This suggests that a clear feedback loop should exist in the task cycle 

to compare the actual output with the planned or expected outcomes. Rasmussen et al. (1990) 

comprehend learning, skills and expertise as an integral part of the cognitive work analysis 

process. However, as we are focused on a specific template within the CWA methodology, the 

decision ladder, we have added explicit steps for learning through feedback (process) and 

expertise development (state of knowledge) to the base of the decision ladder (see figure 3).  

In summary, the efficiency of knowledge work is influenced by a number of considerations.  

 Information is contextual and does not flow in the same manner as physical product.   

 Problem solving is a core cognitive activity involving communication and learning.   

 Problem solving can be illustrated as a task cycle that describes these cognitive processes. 

 Having a clear idea of the goal to be achieved is important for efficient problem solving. 

 Working memory is the focus of our attention. Its capacity limits affect mental workload. 

 We can improve working memory efficiency through expertise and perceptual design. 

 Our expertise and skill levels determine the strategies we employ to complete tasks.  

 Strong feedback loops are essential for expertise development. 

Proposed model 

Productivity improvement projects often start as a perceived gap to a goal (a problem) or as an 

improvement opportunity. In each case, some exploration is required to identify root cause issues 

and efficiency improvements. Direct observation of the process and interviews with key 

personnel is the first step to determine the current situation, with the resulting flow chart or 

process map providing the entry point for business process analysis. 

Cognitive work analysis (CWA) as a guiding framework 

Our proposal leverages cognitive work analysis (Rasmussen et al. 1994) as a framework for 

analysing knowledge work in complex work environments. CWA considers the actual work 

environment, the tasks and the knowledge and skills required to achieve goals in a changing 

environment. CWA focuses on how work is actually done, to generate a system design that is 

“event independent;” i.e. it can cater for unforeseen events, different operator strategies and 

different skill levels. We propose that CWA can provide a bridge between traditional scientific 

management methods and the analysis needed to create effective knowledge work systems.  

CWA has five phases (Vicente, 1999). These are described on the left hand column of figure 

2. The full CWA process provides an in depth, iterative analysis of the work domain, 

environmental constraints and the tasks and knowledge requirements of users. If our entry point 

to most projects is some form of process flow, we are nominally in the middle phase of the CWA 

framework. As discussed in the literature review, we need to understand the purpose of the 

system (CWA phase 1) and then focus on the key tasks needed to deliver that purpose. The 

purpose can be identified using methods like SIPOC or work domain analysis depending on the 

complexity of the system.  
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Control tasks describe what is to be accomplished by goal directed activity within the work 

domain. In any system, there will be a number of control tasks with potentially different people 

or groups responsible for each. Collaboration and communication occurs around the completion 

of these control tasks.  Each control task is mapped using a decision ladder.  

 

 

Measuring inputs, the process and outputs 

The decision making process can be considered as a system flow with inputs, a process and 

outputs. We have identified five measurable categories relating to inputs, processes and outputs.  

a) Mental effort: The input of mental effort can be measured using a variety of human factors 

methods and workload assessment techniques (Stanton et al., 2012). In many scenarios, 

simple rules of thumb such as observing keystroke counts, screen switching and frequent 

mental calculations will be adequate to develop an effective measure of effort. 

b) Time: Timeliness is a critical productivity factor, particularly the times between an issue 

arising and an alert being initiated, and the subsequent time to gather the particular 

information that informs effective action. 

c) Communication effort. The effort expended in collaboration, interpretation and evaluation 

can be tracked. For example, in a task force, the duration a group takes to agree a definitive 

problem statement and make the key interventions, can be measured. Spreadsheet based 

social network analysis (Hansen et al., 2010) can identify communication patterns that evolve 

through time. 

Figure 2: CWA phases and methods - adapted from Vicente (1999) 
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d) Computational accuracy often depends on the underlying data and the “data ordeals” 

involved in preparing data for analysis. Data preparation effort is observable. Poor accuracy 

and assumptions will result in variable outcomes for customers and observable incidents of 

rework. 

e) Meeting customer requirements is the critical “level 1” metric for the process. The recipient 

of the process output may be internal or external to the organisation. We can measure 

variability of output and the difference between expected outcomes and what is actually 

delivered. Capturing these differences as feedback improves methods and builds shared 

mental models. 

We propose that there are ways to measure the inputs, process and outputs of knowledge work 

using a combination of scientific management and human factors techniques. Simple activity 

measures will often suffice. In high frequency or critical tasks, formal methods can be applied. 

Managing the constraint 

The data processing required at each stage of the decision ladder will range from fully automated 

to completely reliant on human cognition (Sheridan and Verplank, 1978). Most task completion 

involves human expertise and tacit knowledge. It is subject to delays caused by information 

search, collaboration and task execution. Even in highly automated systems, human intervention 

is required when anomalies arise (Hollnagle and Woods, 2005). Human cognition, using 

constrained working memory, is central to the problem solving process. We propose three 

strategies to improve this working memory constraint; 

a) Maximise the use of data visualisation techniques that present contextual information in 

graphical or dashboard format. Knowledge workers can perceive graphical trends and 

anomalies quickly with minimal cognitive effort. Process critical signals should be designed 

to be perceptually unambiguous, on user interfaces and equipment. 

b) Improve the effectiveness of mental models. Expertise and skill development is a 

combination of practice, closed loop feedback analysis and communication to share 

knowledge. In the task based model, we highlight the need to compare actual results with 

planned outcomes.  

c) Improve learnability. Productivity improvement interventions (e.g. new methods, software 

packages or artefacts) will change how work is done in ways that cannot be observed before 

the intervention (Carroll and Rosson, 1992). Prototype testing of interventions is essential to 

ensure that the planned efficiency gains are actually realised. Cognitive workload affects 

learning. Working memory capacity can be improved using job aids, case studies and 

simulated practice. These build skills and enhance rule based learning (Clark, 2008).  

Knowledge work productivity improvement 

Productivity is a measure of the efficiency of a system – the effort required to achieve an 

intended task or purpose. Productivity in physical systems is usually expressed in tangible 

savings (e.g. reductions in material or labour inputs). Applying tangible measures to the output of 

knowledge work (e.g. intellectual property, designs, labour reduction etc.) is difficult due to the 

delays between key decisions and the result. A more direct approach that assesses productivity at 

the point of effort or output is required.  

The lean manufacturing lens of waste elimination creates a common language for 

management and workers and democratises productivity improvement. Knowledge workers have 
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more discretion over their workload; therefore productivity improvement systems must provide 

an attractive return for the effort that individual workers and teams put into them. To emulate the 

effectiveness of lean manufacturing, we propose four improvement principles.  These align with 

the decision ladder template that underpins our model (figure 3). 

 

 

1. Reduce the time and effort required to define the problem.  

Problems are easier to identify if the goals are clear. Minimise the time required to develop an 

accurate picture of the system state need. This includes searching for information and 

verifying the gap to the goal. 

  

2. Streamline communications and decision making. 

Simple lines of communication and escalation improve decision making. Efficient 

communication using appropriate media is required when data must be interpreted and 

alternatives evaluated. Communication integrity reduces errors and delay between task steps. 

 

3. Standardise responses and execution. 

Standardised execution processes reduce the time between decision and execution. Even in 

Figure 3: Improvement principles overlaid on a  

modified decision ladder 
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non-routine or novel situations, elements of the response and execution process can be 

standardised. This allows teams to concentrate on the unique elements of the scenario. On 

frequent activities, expert heuristics can be codified in procedures, to enable automation of 

repetitive cognitive steps. 

 

4. Capture the learnings that build expertise.  

A clear feedback loop should exist to compare the actual output with the planned or expected 

outcomes.  At a tactical level, output variation should be reduced using six sigma methods. 

Outputs that are non-value add for customers should be eliminated or aligned with the purpose 

of the system.  

 

Conclusions 

This proposal synthesises lean manufacturing, human factors and cognitive systems engineering 

to propose a task based model as a useful framework for knowledge work productivity 

improvement. We have identified problem solving as a central element of knowledge work that 

incorporates the cognitive elements of learning and communication; therefore, problem solving 

can describe knowledge work. Decision ladders can be used to describe problem solving as a 

“task based process.” Efficiency can be measured at different points in this process including 

direct measures of mental and communication effort. We can assess actual outputs in terms of 

what customers value. The constraint in the process is the working memory capacity of the task 

participants – we can reduce the constraint with perceptual design, expertise development and 

improved learnability. 

We propose four improvement vectors that can be applied to key knowledge work tasks; 

 Reduce the time and effort required to define the problem 

 Streamline communications and decision making 

 Standardise responses and execution 

 Capture the learnings that build expertise 

This research is part of on-going work in a high volume manufacturing organisation. This is a 

dynamic environment with a rich mix of roles and tasks. Our goal is to test and refine this 

framework into a method that can be practically applied in commercial environments.  
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