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Abstract 

 

The Generalizability of Cognitive Modeling Parameters for Older Adults 

by 

Nicole Howie 

The purpose of this research was to determine if task and/or device type must be 

accounted for in parameters used to model older adult performance in a cognitive 

architecture. Jastrzembski and Charness (2007) estimated architectural parameters for 

older adults and were able to successfully predict performance of tasks performed with a 

mobile phone. The current study investigated if these parameters generalize to different 

tasks and devices. This research is important because cognitive models have increasingly 

been used as a usability evaluation tool. However, it is unclear if cognitive models can 

accurately predict older adult performance. Trewin et al. (2012) proposed that parameters 

used in models for older adults may have to be specific to a task and/or device. The 

current research explores this topic by determining: (1) the generalizability of older adult 

modeling parameters across different tasks and devices, and (2) if modifying parameters 

alone is sufficient to account for task differences between older and younger adults. In 

the experiment, older and younger adults performed two tasks with two different devices. 

Cognitive models of each task with one device were created using modeling parameters 

that represented older and younger adults. Then the behavioral data were compared to the 

models. Overall, the results from this study showed that modeling parameters for older 

adults may not necessarily generalize well across tasks. Specifically, this means that one 



 

 

uniform set of age-specific parameters may not always accurately predict older adult 

performance across task and device; architectural parameters may have to be modified to 

fit the task and/or device type. The behavioral and model results provided some evidence 

for task and device parameter specificity. The behavioral results showed that older adults’ 

performance was attributed to task/device components and strategy differences.  

Modeling parameters were not able to fully account for task type differences, as shown 

by the overall poor model fit between the age-specific models and the behavioral data. 

Overall, this research contributes to a better understanding of the generalizability of 

current parameters (i.e., Jastrzembski et al., 2010) established for older adults in the 

ACT-R theory and cognitive architecture.  
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Chapter 1: Introduction  

Usability is defined as the ability to use a product in a specified context with 

effectiveness, efficiency, and satisfaction (ISO 9241). In our technology-driven world, 

the first interaction a person has with a system is through the user interface, which is 

everything that a user can see and interact with on a system. The importance of usability 

has been realized through failures caused by poorly designed user interfaces, ranging 

from plane crashes to a medical device that overdosed patients with above-normal 

amounts of radiation. The key to creating a good user interface is to understand the users 

who will be using the system and to use this information to inform the design. As a result, 

methods to assess usability have been increasingly incorporated into the design process. 

One method that can be used to evaluate usability is cognitive modeling (Bellamy, John, 

& Kogan, 2011; John & Jastrzembski, 2010).  

A cognitive model is a computational process designed to simulate thinking and 

behaving like a human. In most cases, cognitive models are created from a cognitive 

architecture, which is an underlying theory of how human cognition operates and is 

structured. The purpose of a cognitive architecture is to combine cognitive psychology 

research into one theory. A unified theory of cognition allows for a better understanding 

of how behavior is produced when discrete aspects of human cognition are combined. A 

cognitive architecture and cognitive model work in tandem. The cognitive architecture 

provides the framework and the model provides the knowledge needed to perform a task. 

In the current research, a cognitive model will be used as a usability evaluation tool. 

While cognitive models can be used to evaluate user interfaces, they have many functions 
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that fall outside of the human-computer interaction/human factors realm. There have been 

cognitive models created to study different aspects of human cognition: language 

processing (e.g., language comprehension and acquisition [Ball, Heiberg, & Silber, 2007; 

van Rij, van Rijn, & Hendriks, 2010]), decision making and problem solving (e.g., puzzle 

and game-play strategies [Del Missier & Fum, 2002; Sanner, Anderson, Lebiere, & 

Lovett, 2000]), learning and memory (e.g., how people learn to program computers and 

read music [Anderson, 1983; Emond & Comeau, 2012]), attention and perception (e.g., 

the effects sleep deprivation on attention [Gunzelmann, Gross, Gluck, & Dinges, 2009]). 

Cognitive models have also been used in a variety of other ways; models have been 

combined with neuroimaging techniques to predict brain activity (Borst, Taatgen, & Van 

Rijn, 2013). 

 A caveat about cognitive modeling is that while model predictions for younger 

adults are well-validated, it is unclear whether these methods can accurately predict older 

adult performance with a priori parameter settings. In the user interface design process, 

models can be used to address the special needs of older adults. This tool can be used to 

predict usability issues to inform the design of the technology, therefore making new 

technologies easier to use for older adults. Technology that is easier for older adults to 

use has the potential to help older adults maintain independence and autonomy longer. 

Trewin et al. (2012) proposed that architectural parameters used in models for older 

adults may have to be specific to a task and/or device. The current research explores this 

topic by determining if the current architectural parameters estimated for older adults 

generalize across task and device. In addition, the research examined whether modifying 
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parameters alone is enough to account for task differences between older and younger 

adults.  

Modeling Parameters Overview 

Jastrzembski and Charness (2007) derived architectural modeling parameters 

from a meta-analysis of the aging literature in order to simulate older adult performance 

on mobile phone tasks. The architectural modeling parameters represent properties of 

actions associated with a component of information processing, such as the timing of 

perception, cognition, motor, and memory actions. The values of the parameters can be 

modified to control the performance of the cognitive model, which allows for data fitting 

between the model and human data. Adjusting the parameters can allow for changes that 

affect human performance over time to be accounted for. For example, overall older 

adults are slower when initiating a motor response than younger adults (Ketcham & 

Stelmach, 2004). The parameter that represents motor initiation time can be modified to 

reflect the differences between older and younger adults.  

In the Jastrzembski and Charness (2007) study, the models successfully predicted 

task performance of older adults dialing a number and sending a text message. Trewin et 

al. (2012) compared human data from a simple mouse-clicking task completed by older 

adults to a model of the same task using the parameters established by Jastrzembski and 

Charness (2007). The model did not produce a good fit to the older adult data; task 

completion time was overestimated by 34.5%. The model overestimation was later 

reduced to 5% by making a parameter adjustment (S. Trewin, personal communication, 

June 14, 2013). One explanation provided for the original erroneous large difference 
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between the model and human data was that parameters used in models for older adults 

might need to be specific to a task and/or device. Architectural parameters should ideally 

not need to be specific to tasks, as that would contradict one of the main points of a 

cognitive architecture. Architectural parameters are a part of a cognitive architecture, 

which represents a theory of human cognition. The fundamental properties of human 

cognition do not change with each task being performed. As a result, architectural 

parameters should remain constant across all tasks as well. On the other hand, the need 

for device-specific parameters may be justified, at least for motor actions. However, there 

may be a need for age-specific parameters since different devices and tasks can place 

distinct information processing demands on older and younger adults. Each device and/or 

task can require the use of different parameters depending on the specific perceptual, 

cognitive, motor components of the task or device being modeled. As a result, changing a 

task and/or device will change the parameters used. To illustrate, imagine a task where a 

person is tapping a target that appears on the screen using different input devices (e.g., a 

finger or a computer mouse). In the example, the parameters representing the task will 

remain the same, but the parameters required to use a finger or a computer mouse to 

complete the task would differ. This difference in using input devices can be reflected in 

the time and resources needed to complete a particular task with a device. In addition to 

modifying parameters different components of the tasks and device modeling parameters 

can be modified to represent individual differences (i.e., match a cognitive model to the 

traits of a single person) and/or differences between groups of people (e.g., older vs. 

younger adults). This research examines the latter use of modeling parameters. In the 
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current study, older and younger adults performed two tasks with two different devices. 

Then the behavioral data were compared to models created using the parameters 

established for older and younger adults to determine generalizability of the parameters 

and to determine if modifying parameters alone could account for task differences 

between older and younger adults. 

  

Roadmap 
 
This document is separated into 5 chapters. Chapter 1 introduced the importance 

of valid modeling parameters for older adults and discussed the general approach used to 

validate parameters in the current study. Chapter 2 describes the aging population and the 

cognitive architecture that will be used to create cognitive models in the current study. 

Chapter 3 presents the overall method used for validating modeling parameters. Chapter 

4 shows the experimental results and presents a discussion of the results. Chapter 5 

presents the design of the cognitive models used in the task. Chapter 6 shows the model 

results and presents a discussion of the results. Chapter 7 provides a general discussion of 

the overall findings. 
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Chapter 2: Background 

Aging Population 
  
 Older adults are an important and growing demographic. The older adult 

population is growing rapidly; the U.S. Census Bureau estimates that by the year 2050, 

there will be 88.5 million people aged 65 and older in the population (U.S. Census 

Bureau, 2011). Yet older adults are often underrepresented in the user interface design 

process. In April 2014, the Pew Research Center reported that there are three major 

obstacles that prevent older adults from using new technologies: disabilities due to aging 

(e.g., vision, hearing, delayed response), uncertainty of how technology could be useful 

in their lives, and issues with learning how to use new technologies (Pew Research 

Center, 2014). Inclusion of older adults in the user interface design process could 

mitigate some of the barriers that older adults face. In addition, accommodation of the 

older adult population in the design of technology has the potential to increase quality of 

life by helping maintain independence and autonomy in our technology-driven world.  

It is well known that as people age certain capabilities start to decline. Age-related 

changes in healthy adults begin with the decline of cognitive abilities, which is believed 

to begin in the early 20s and continue over the lifespan (Salthouse, 2009). Many factors, 

such as genetics, environment, and health, can play a role in age-related cognitive ability 

decline (Schaie, 2005). By the time a person reaches their 60s, it is not uncommon for 

them to experience increased difficulty with memory (Balota, Dolan, Ducheck, 2000), 

speed of processing (Salthouse, 2009), attention (Park et al., 1989) and fluid reasoning 

ability (Schaie, 2005). Some cognitive abilities that decline much later in life are 
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crystallized knowledge (Schaie, 2005) and implicit memory (Mitchell & Bruss, 2003). 

Overall, cognitive aging is a very complex process influenced by a variety of external 

factors. As a result, it can be difficult to pinpoint a precise definition of cognitive aging; 

computational modeling enables further exploration and deeper insight into this area.   

 
Cognitive Modeling 
 

Most cognitive models are created from a cognitive architecture, which is an 

underlying theory of how human cognition operates and is structured. A cognitive 

architecture encapsulates this theory in a software package. Psychological research on 

cognitive processes, such as thinking, decision-making, judgment, attention and memory 

has been used to inform the theory of a cognitive architecture (Byrne, 2007). Cognitive 

models can make quantitative predictions about human performance, such as task 

completion times, learning curves and errors made. Cognitive models have been used 

across many domains and tasks. In terms of usability, cognitive models have been used to 

assess the design of user interfaces across domains, such as evaluating the interfaces of 

healthcare devices (Magrabi, 2008), assessing usability of websites for the visually 

impaired (Tonn-Eichstädt, 2006) and determining the usability of ballot design (Greene, 

2010). Cognitive modeling as a usability evaluation tool has benefits, such as: 

1. Saving time and money: minor design changes and tweaks can be evaluated 

quickly, without the additional time and cost of paying participants to test the user 

interface. 
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2. Promoting iterative design: Minor design decisions can be tested early, quickly 

and at every stage of the design process, which can aid in good design of a 

product and/or service.   

3. Increasing the robustness of a user interface evaluation: Combining cognitive 

modeling (quantitative method) with a qualitative research method can increase 

the robustness of a user interface evaluation. Cognitive modeling provides 

insights into human performance that cannot be found with qualitative methods 

alone. An example is Project Ernestine. In Project Ernestine, cognitive models 

were employed to help a telephone company determine if it was worth spending 

millions of dollars on new workstations for their telephone operators. A purported 

advantage of the new workstations was a reduction in the number of keystrokes 

that were required for a telephone operator to do their job. This reduction was 

supposed to help telephone operators perform tasks more quickly, which would 

eventually save the company much more than the cost of the new workstations. 

The cognitive, perceptual, and manual operations that telephone operators used 

with the new and old workstations were examined with cognitive models. The 

findings from the cognitive models uncovered that the new workstations actually 

caused telephone operators to perform tasks more slowly. As a result, a decision 

was made to not purchase the new workstations, which saved the company 

millions of dollars a year. In addition, it was discovered that the greetings used by 

the telephone operators to interact with customers could be shortened to speed up 

tasks (Gray, John, & Atwood, 1993). 
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4. Target specific age demographics: Cognitive modeling enables user interface 

designers to target their designs to a specific age demographic. Modeling 

parameters that represent components of information processing, such as 

perception, cognition, motor, and memory can be modified to represent an 

individual or a particular age group. Older and younger adults process information 

differently and changing the parameters accordingly may reflect these differences. 

One of the purposes of this research was to determine if modifying the 

information processing parameters alone is sufficient to account for differences 

between older and younger adults. 

Adaptive Control of Thought-Rational (ACT-R; Anderson, 2007) is the cognitive 

architecture that was used to create cognitive models for the current study. The ACT-R 

cognitive architecture provides the building blocks for simulating human behavior and 

has been validated in a variety of tasks, across a wide range of cognitive domains. 

Specifically, it enables the creation of cognitive models that help researchers understand 

the processes that underlie tasks, such as thinking, learning and remembering, and uses 

this information to make precise predictions at a fine-grained scale.  

The ACT-R cognitive architecture is a hybrid system, which consists of symbolic 

and sub-symbolic representations of cognition. The symbolic level consists of two 

different types of memory, declarative and procedural, that are used to represent human 

knowledge. Declarative knowledge refers to names, concepts and facts. An example of 

declarative knowledge is that tennis shoes are worn to protect the feet while performing 

physical exercise or participating in other sports. Procedural knowledge represents how to 
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complete a task, such as how to tie shoestrings on a pair of tennis shoes or how to serve a 

tennis ball. The canonical ACT-R example of declarative and procedural knowledge 

involves addition. In this example, declarative knowledge is the addition fact that “3 + 4” 

is equal to “7,” where as procedural knowledge is how to add the numbers together by 

incrementing by one. In ACT-R, chunks represent declarative knowledge. A chunk is 

comprised of a chunk-type (category type) and slots (category attributes). Procedural 

knowledge is represented by production rules. Production rules are condition-action rules 

in the form of if-then statements that represent action(s) taken if a condition(s) is met. A 

cognitive skill or task is made up of a series of production rules. The production rules 

determine if a particular set of conditions are met by evaluating the current contents of 

the buffers. Buffers contain information about the modules in ACT-R; the modules 

represent the external (visual perception and motor function) and internal (declarative 

memory, production execution, etc.) world of ACT-R. A production will fire when its 

conditions are met. ACT-R productions fire in a serial manner and require time to fire. 

The ACT-R parameter that determines the firing time of a production is referred to as the 

default action time and has a default value of 50 milliseconds. The default action time 

controls the speed of cognitive processing in ACT-R. The default action time is good 

example of an architectural parameter that is used to control the performance of the 

cognitive model and can be modified to ensure that the model better fits the human data. 

For example, research has shown that older and younger adults have different cognitive 

processing speeds, these differences can be reflected through the modification of the 

default action time parameter. 
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In ACT-R, the symbolic representation of cognition is linked to underlying sub-

symbolic processes. The sub-symbolic processes operate in parallel and are represented 

by mathematical equations. These equations are used to control many aspects of the 

symbolic level, such as: learning, selection and execution of productions, and retrieval 

speed of items from declarative memory (Anderson, 2007).  

Architectural Parameters. Performance of a cognitive model can be controlled 

through the modification of architectural parameters. In ACT-R, there are close to 100 

parameters that can be used to control the behavior of a cognitive model. These 

parameters represent properties of actions associated with a component of information 

processing, such as the timing of perception, cognition, motor, and memory actions. 

These parameters were derived from existing psychological research, but evolved 

through an increased understanding of human cognition and cognitive modeling of 

various tasks over time. There are two types of parameters: parameters that are used in 

mathematical equations (e.g., the peck Fitts’s coefficient parameter in ACT-R determines 

the base coefficient used for Fitts's law computations with a peck movement style) and 

parameters that are not (e.g., The visual attention latency parameter in ACT-R determines 

the time it takes to shift visual attention). Both types of parameters affect the performance 

of the symbolic level (declarative memory and procedural knowledge) at the sub-

symbolic level (Anderson, 2007). Architectural parameters have been used to explore 

differences between individuals and populations (e.g., older and younger).  

Daily, Lovett, and Reder (2001) examined how architectural parameters could be 

used to explore individual differences in a cognitive model. Individual differences lead to 
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high variability in the data, which can be difficult to model. Research on individual 

differences is important because there is uncertainty regarding what behavioral 

information can actually be gleaned from group data (Gobet & Ritter, 2000), yet most 

cognitive models are fit to group rather than individual human data. Daily, Lovett, and 

Reder (2001) used the W parameter, which represents working memory capacity in ACT-

R, to examine individual differences. The task performance of individuals on memory 

tasks was successfully predicted by modification of only the W parameter. This research 

is related to the current study because it shows that parameters alone, without changing 

the productions in the model, can be used to account for performances differences, which 

is the method that will be used to explore group differences between older and younger 

adults. 

Modeling Age effects in ACT-R. Due to age-related decline in cognitive 

abilities, older adults typically perform slower on tasks. When designing for older adults, 

the heuristic used to estimate older adult performance is to assume that older adults will 

take 1.5 to 2 times longer than younger adults to complete a task (Fisk et al., 2004). The 

heuristic fails to fully account for older adult performance, since different tasks and 

devices place various cognitive and physical demands on a user. In addition, performance 

differences between age groups may be magnified depending on the strategy employed, 

device used, or task performed. Jastrzembski and Charness (2007) showed how different 

sets of parameters could be used to model performance differences between older and 

younger adults in a GOMS cognitive model, which can be generalized to ACT-R. The 

research showed that older adults are not slower than younger adults across all 
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parameters (e.g., older adults are slower than younger adults when initiating a motor 

response, but older adults are faster when completing mental arithmetic tasks), which can 

affect response time estimates of task performance and the validity of the heuristic used 

to estimate older adult performance. This research provided evidence that in order to 

accurately model older adult performance task and/or device type need to be accounted 

for in parameters.  

Research on aging can inform modeling age effects in ACT-R. The speed of 

cognitive processing declines with age, which can lead to degradation in cognitive 

performance (Salthouse, 1996). As a result, mean simple response times for older adults 

are 10-15% slower than younger adults (see Cerella, 1985; Somberg & Salthouse, 1982, 

as cited by Meyer et al. 2001). Meyer et al. (2001) used the aforementioned findings, 

along with data from word recognition studies, and the brain’s alpha rhythm cycle, as 

evidence to increase the production firing time for older adults by 13%, specifically the 

time increased from 50 ms to 56.5 ms. The increase in the production firing time 

occurred in EPIC (Executive-Process/Interactive Control), a computational cognitive 

architecture that uses the same default time of 50 ms to fire production as ACT-R. In 

2004, Salvucci et al. made the same change in models created with ACT-R. An example 

of the importance of the Meyer et al. (2001) contribution can be found in Trewin et al. 

(2012). The cognitive processing cycle time adjustment suggested by Meyer et al. (2001) 

was not made in the models for her study. As a result of this non-adjustment, plus an 

additional error noticed after the publication of the paper (i.e., an operator used had an 

incorrect duration), the model overestimated performance by 34.6%. However, after the 
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adjustment was made and the error was fixed, the model overestimation was reduced to 

5% (S. Trewin, personal communication, June 14, 2013). Overall, the Meyer et al. (2001) 

research makes an important contribution to the understanding of modeling older adult 

performance. 

One of the more recent contributions to the literature on modeling age effects is 

the work by Jastrzembski and Charness (2007). The purpose of this paper was to update 

the Model Human Processor (MHP) to reflect older adult performance on tasks. The 

Model Human Processor was created by Card, Moran, & Newell (1983) and is a human 

information processing model that accounts for human performance on routine tasks, 

with quantitative parameters that represent processing time, memory capacity and 

memory decay. The MHP is used in conjunction with GOMS (Goals, Operators, 

Methods, Selection Rules), which is a modeling technique that represents the procedural 

knowledge needed by a user to perform tasks at an expert level.  

In the Jastrzembski and Charness (2007) paper, performance parameters (e.g., 

movement time, power law of practice constant, memory capacity) for older adults were 

estimated from an extensive meta-analysis, while the default MHP parameters were used 

for younger adults as shown in Table 1. These parameters were later used to model the 

tasks of dialing a number and sending a text message on a mobile phone. Older and 

younger subjects performed both well-practiced tasks. The models were able to 

successfully predict performance differences in older and younger adults. Although some 

parameters were estimated from research that had a small sample size, overall, the 

estimated parameters show that older adults do not take twice as long to perform as 
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younger adults across the board as shown in the ratio of older to younger performance in 

Table 1. Performance can vary depending on parameter type.  

Table 1 
 
Summary of Parameter Estimates for Younger and Older Adults with Ratio of Differences 
Across Age 

        
 Younger adult estimate Older adult estimate Ratio of 

Parameter of interest (Card, Moran, & Newell,  (Jastrzembski, old to  
   1983) 2006)   young 
    

Duration of saccadic eye 
movements 

230 ms (70-700) 267 ms (248-286) 1.16:1 

Decay half-life of visual image 
store 

200 ms (90-1000) 159 ms (135-183) 0.8:1 

Cycle time of the perceptual 
processor 

100 ms (50-200) 178 ms (161-195) 1.78:1 

Cycle time of the motor 
processor 

70 ms (30-100) 146 ms (128-164) 2.1:1 

Power law of practice constant 0.4 (0.2-0.6) 0.49 (0.39-0.59) 1.2:1 
Fitts's law slope constant 100 ms/bit (70-120) 175 ms/bit (163-199) 1.75:1 
Effective capacity of working 
memory 

7 items (5-9) 5.4 items (4.9-5.9) 0.77:1 

Pure capacity of working 
memory 

2.5 items (2.0-4.1) 2.3 items (1.86-2.52) 0.92:1 

Cycle time of cognitive 
processor 
 

70ms (25-170) 118 ms (102-134) 1.69:1 

Note. Reprinted from “The Model Human Processor and the Older Adult: Parameter 
Estimation and Validation Within a Mobile Phone Task,” by T. Jastrzembski and N. 
Charness. 2007, Journal of Experimental Psychology: Applied, 13, p. 224. Copyright 
2007 by the American Psychological Association. 
 

More recently, Jastrzembski, Myers, and Charness (2010) mapped a subset of 

cognitive, perceptual and motor MHP parameters into the ACT-R cognitive architecture. 

Only a subset of the MHP parameters was mapped, because there was difficulty in 

finding a relationship between all of the MHP and ACT-R parameters. These parameters 

were later used to model the task of dialing a number on a mobile phone in ACT-R. Older 

and younger adults performed this well-practiced task on two different types of mobile 
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phones. The models were better able to predict older adult performance with the age-

specific parameters versus the default ACT-R parameters. The default ACT-R parameters 

used for the younger models produced a good fit to the data for younger adults.  

The MHP parameters mapped to ACT-R are shown in Table 2. A discussion of 

the definitions and key findings on age-related changes that are associated with the 

mapped parameters will be discussed following Table 2. 

 
Table 2 
 
Validated Model Human Processor values for younger and older adults and associated 
proposed ACT-R parameter mappings with default and age-specific values.  

              

MHP 
Younger 

Adult Older Adult ACT-R Default ACT-R ACT-R 
Parameters Estimate Estimate Parameter ACT-R Parameter Parameter 

 (Card et  (Jastrzemski et Mapping Parameter Value Value 
 al.,1983) al., 2007)  Value (Young) (Older) 

Perceptual 
Processor 

100 ms  
(50 - 200) 

178 ms  
(161 - 195 

Visual 
Attention 85 ms 100 ms 178 ms 

Cycle Time       
       
Motor 
Processor 
Cycle 

70 ms  
(30 - 100) 

146 ms  
(128-164) Motor 

Initiation 
50 ms 70 ms 146 ms 

Time       
       
Fitts' Law 
Slope 

100 ms/bit  
(70-120) 

175 ms/bit 
(163-199) 

Peck Fitts 
Coefficient 75 ms 100 ms 175 ms 

       
Cognitive 
Processing 

70 ms  
(25 - 170) 

118 ms  
(102-134) 

Cognitive 
Processing 50 ms 45 ms* 60 ms* 

Cycle Time   Speed    
              

Note. Reprinted from “A Principled Account of the Older Adult in ACT-R: Age-Specific 
Model Human Processor Extensions in a Mobile Phone Task,” by T. Jastrzembski, C. 
Myers, and N. Charness. 2010, Proceedings of the Human Factors and Ergonomics 
Society Annual Meeting, 54, p. 982. Copyright 2010 by Sage Publications. *The MHP 
cognitive processing cycle time parameter that does not map well into the ACT-R 
cognitive processing speed parameter, so the MHP value could not be directly translated. 
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Visual Attention. Visual attention refers to the ability to focus attention and 

process information of interest in the visual field. In ACT-R, the duration of a visual 

attention shift is 85 milliseconds. Visual attention is important because every detail in our 

visual field cannot be processed simultaneously; as a result, the ability to attend to the 

most important visual information and ignore other potential distractions is needed. 

Testing of visual attention latency commonly involves examining the response time of 

participants in visual search tasks. In a visual search task, a subject searches to find a 

specific target in the presence of nontargets (distractors). The response time required to 

identify a target is affected by the attributes of the target/distractor and number of 

distractors displayed. Older adults tend to perform worse on visual search tasks than 

younger adults (Madden, 2007).                              

           Motor Initiation. Motor initiation refers to the coordination of muscles to initiate 

movement in response to a sensory cue. In ACT-R, the default motor initiation time is 50 

milliseconds. Age-related decline in motor initiation is due to many factors. One factor is 

muscle strength, which begins to decline in healthy adults sharply after the age of 60. A 

decrease in muscle strength causes older adults to be slower at completing motor tasks 

(Vandervoort, 2001). A second factor is reduced force control, which causes older adults 

to be less efficient and accurate when initiating movement (Stelmach, Teasdale, Phillips, 

& Worringham, 1989; Ketchum & Stelmach, 2004). A third factor is that older adults 

have difficulty coordinating their muscles to make a single motor movement in a timely 

manner, which affects the ability to perform a wide range of motor movements (Ketchum 

& Stelmach, 2004). A fourth factor is processing speed, which declines with age and 
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contributes to older adults responding slower. Research on simple response time tasks, 

where a subject must make a response to a stimulus that is presented, illustrates 

processing speed decline for older adults. Every 10 years older adults become 

approximately 3.5 milliseconds slower at performing simple response time tasks 

(Gottsdanker, 1982; Fozard, Vercryssen, Reynolds, Hancock & Quilter, 1994). A fifth 

factor is speed-accuracy tradeoff; typically older adults try to maintain accuracy at the 

sake of speed, and as a result movement tends be slower (Salthouse, 1979).  

Peck Fitts’s Coefficent. The peck Fitts’s coefficient parameter in ACT-R 

determines the base coefficient used for Fitts's law computations with a peck movement 

style. The peck movement style is moving the finger to a new key and then pressing the 

key. Fitts’s law is a model of human movement that predicts the time required to reach a 

target from an initial starting position. The target size and distance to the target are 

factors that influence the time predicted. There are many formulations of Fitts’s law, 

however, the one that is used in ACT-R is the Welford (1968) formula. The Welford 

(1968) formula is the following: 

Time = b log2 (distance/width + 0.5) 

The peck Fitts’s coefficient parameter controls the “b" parameter and has the 

default value of 75 milliseconds. The log2 (distance / width + 0.5) is the index of 

difficulty; higher IDs predict slower movement times, lower IDs predict faster movement 
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times1. The ID increases as a target size becomes smaller and the distance to a target from 

a starting point grows larger. Prior research has shown that movement in older adults is 

slower than younger adults across all ID levels. However, at high levels of ID older 

adults are substantially slower than younger adults (Bashore, Osman, & Heffley, 1989; 

Goggin & Meeuwsen, 1992; Hines, 1979; Ketcham, Seidler, Vann Gemmert, & 

Stelmach, 2002; Salthouse, 1988; Pohl, Winstein, & Fisher, 1996; Walker, Philbin, & 

Fisk, 1997; Brogmus, 1991; Fozard, Vercruyssen, Reynolds, Hancock, & Quilter, 1994). 

As a result, due to the difficulty level, older adults generally produce steeper slopes in the 

Fitts’s equation than younger adults (Goggin & Meeuwsen, 1992). 

Cognitive Processing Speed (Default Action Time). The default action time 

controls the speed of cognitive processing in ACT-R. Specifically, this parameter refers 

to the amount of time required to select and fire a production. Speed of cognitive 

processing declines with age (Cerella & Hale, 1994, Salthouse, 1996) and is widely 

considered as a major factor in cognitive aging (Salthouse, 1996; Park & Reuter-Lorenz, 

2009). Research has shown that older adults are slower than younger adults on wide 

variety of tasks that require cognitive processing, such as lexical (e.g., word 

identification) and non-lexical (e.g., visual search, mental rotation) tasks (Lima, Hale, & 

Myerson, 1991; Hale, Myerson, Faust, & Fristoe, 1995). The more complex the task, the 

longer older adults will take to respond (Cerella, 1985; Myerson et al. 1990).  

                                                
1 The Welford (1968) formulation is preferred in ACT-R because it is more accurate and 
provides a better fit to the data when there is a lower ID (Soukoreff and MacKenzie, 
2004).   
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Using the subset of MHP parameters mapped into ACT-R by Jastrzembski, 

Myers, and Charness (2010), the current study will investigate: (1) the generalizability of 

older adult modeling parameters across different tasks and devices, (2) if modifying 

parameters alone is sufficient to account for task differences between older and younger 

adults.  
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Chapter 3: Experimental Method 

Overview 
 
The goal of this research was to test if the parameters estimated by Jastrzembski 

et al. (2010) account for performance across tasks and devices in models of older adults. 

While these parameters were validated in the past for tasks performed with a mobile 

phone, it is important to test how well those parameters fare when applied across other 

tasks and devices. It is also important to test the modeling parameters because of the 

increasing popularity of touchscreen devices; the Jastrzembski et al. (2010) parameters 

were validated with tasks that involved a mobile phone with hard buttons. As a result, it 

is unclear how these parameters would extend to devices with a touchscreen. In the study, 

older and younger adults performed two tasks with two different devices. One of the 

tasks used was a simple motor targeting task and the other was a more complex grocery-

shopping task. The devices used were a desktop computer and tablet. Different types of 

tasks and devices were chosen for the study to help determine generalizability of the age-

specific parameters. Separate models of the tasks being performed were created using 

three different sets of modeling parameters: ACT-R default, younger and older. The age-

specific parameters were estimated by Jastrzembski et al. (2010). Then the behavioral 

data was compared to the age-specific models to determine generality of the parameters.  

Overall, it was hypothesized that for each task the older models would provide a  
 
better fit to the older behavioral data. As shown in Table 2, the default and younger  
 
parameters values are closely aligned, as a result the expectation was that the default and  
 
younger models would produce a similar model fit for each task. A good model fit was  
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expected between the younger/default models and younger adult data across task and  
 
device. However, a bad fit was expected between the older models and older adult data.  
 
The quality of the model fit would help provide an answer to the main research question.  
 
A good fit between the models and behavioral data would indicate that the age-specific  
 
parameters are generalizable across task and device. While a bad model fit would provide  
 
evidence supporting the need for task and/or device type specific parameters. 
  
Subjects 

 
 A total of 92 subjects participated in the study: 45 older adults (70 years and 

above) with a mean age of 75.42 (SD = 4.3) and 47 younger adults (18 to 39 years old) 

with a mean age of 27.3 (SD  = 5.7). Subjects in the older adult group consisted of 11 

males and 33 females. In the younger group there were 18 males and 26 females. 

Subjects were diverse in terms of education and ethnicity. Ninety-four percent of the 

subjects had some type of higher education, which ranged from some college to a 

doctorate degree. High school or a GED was the highest level of education earned for the 

rest of the subjects in the study. Out of the 91 subjects who responded to the ethnic 

background question, the breakdown was as follows: 58% Caucasian (n = 53), 27% 

African American (n = 25), 10% Asian (n = 9), 2% American Indian or Alaska Native (n 

= 2), 1% Native Hawaiian or other Pacific Islander (n = 1) and 1% other (n = 1). All 

subjects had normal or corrected-to-normal vision and were fluent English speakers.                      

Subjects were recruited from the larger Houston population. Younger subjects 

were recruited from two sources: a paid advertisement on Craigslist and the Rice 
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Psychology undergraduate subject pool. Older subjects were recruited from older adult 

community centers, word of mouth, and from a list of older adults who participated in 

previous aging studies in the Psychology department. Subjects were compensated $25 

cash or provided with credit towards a class requirement for their participation in the 90-

minute study. All subjects who participated in the study were required to have online 

shopping experience. Online shopping experience was determined by a five-minute 

phone survey that was administered to each person interested in participating in the study 

(see Appendix A). 

 
Measures of Abilities 
 
 Measure of abilities included measures of tremors (Archimedes Spiral test; Bain, 

Mally, Gresty & Findley, 1993) and fluid intelligence (Letter Set Test; Ekstrom et al., 

1976). The Archimedes Spiral test (see Appendix D) was used to detect the presence of 

tremors. In the test, subjects were shown an example of an Archimedes spiral and then 

asked to draw the spiral with each hand in turn, without leaning their hand or arm on the 

table. Then, the drawings were assessed for severe tremors that would be noticeable to a 

non-doctor. After examining the drawings, no severe tremors were found for any of the 

subjects who participated in the study. 

The Letter Sets test (see Appendix E) was a 30-item (two forms containing 15 

items each) inductive reasoning test. Each item consisted of five letter sets that contained 

a series of four letters (e.g., ABCD). Subjects were instructed to find the pattern rule of 

the letter sets and then eliminate one of the letter sets that did not fit the rule. Subjects 
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were allotted 14 minutes (seven minutes for each form) to complete the test. The score 

was calculated by adding the number of correct items and then subtracting a .25 point for 

each incorrect item. The Letter Sets test was selected for the current study because it was 

used in a similar study to assess fluid intelligence of older adults (Trewin et al., 2012). 

An independent-samples t-test was conducted to compare the Letter Sets test scores for 

older (M = 12.1, SD = 4.98) and younger (M = 16.6, SD = 6.11). There was a significant 

difference in the scores for older and younger adults, t(90) = 3.87, p < .01. These results 

suggest that younger adults have higher fluid intelligence. However, the Letter Sets 

scores for both age groups were low in this study. In prior studies, the scores for older 

and younger adults were higher; the mean scores were 15.32 for older adults and 21.50 

for younger adults (Chin, Fu, & Kannampallil, 2009; Czaja, Charness, Fisk, Hertzog, 

Nair, & Rogers, 2006). It is worth noting that the age range for the older adults in the 

prior studies started at 60; for the current study the age was 70. 

 
Experimental Design 
 
   A mixed design with one between-subjects variable and two within-subjects 

variables was used. The between-subjects variable was age. The two within-subjects 

variables were task (target tapping and online grocery shopping) and device (computer 

and tablet). The dependent variables were response time and error rate, which will be 

discussed in greater detail in the subsequent section. An overall time stamped log of all 

user input events was recorded. 
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Experimental Tasks 
   

Subjects completed two tasks: target tapping and simulated online grocery 

shopping.  

Target-tapping task. In this task, subjects were presented with a single target on 

a blank screen. The target was 72 pixels wide by 72 pixels high with a “+” sign in the 

center, as shown in Figure 1. There were two tablets used in the study. Both tablets had 

the same diagonal screen size of 9.7 inches, but different resolutions (i.e., 1024 x 768 

pixels and 2048 x 1536 pixels). The computer monitor used in the study had a diagonal 

size of 15-inches and a resolution of 1024 x 768 pixels. The computer and tablet with the 

same resolution (i.e., 1024 x 768 pixels) had target sizes of 21.34 mm x 21.34 mm and 

13.72 mm x 13.72 mm, respectively. The target size on the on the lower and higher 

resolution tablets (i.e., 2048 x 1536 pixels) were the same. However, the target size on 

the tablets differed in terms of pixel sizes. The sizes on the lower and higher resolution 

tablets were 72 x 72 pixels and 144 x 144 pixels, respectively. The higher resolution 

tablet automatically scales images, so that the appearance will be the same as on the 

lower resolution tablet. The task began with a home target that appeared in the center of 

the screen, which was represented by the color green. When the home target was tapped 

or clicked, a peripheral target would immediately appear in a different location. The 

peripheral target was red. A peripheral target appeared in one of 15 locations, which 

corresponded to rotations around a circle in 24-degree increments, as shown in Figure 1. 

The 15 peripheral targets were presented in a randomized order. Once the peripheral 
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target was tapped or clicked, the home target would appear. Each target appeared on the 

screen one at a time. The distance between the home and peripheral targets was 336 

pixels. On the computer and tablet with the same resolution the distances between the 

home and peripheral target were 100.08 mm and 64.52 mm, respectively. The home 

target always appeared before the presentation of a peripheral target in a new location. 

Subjects completed one practice and six non-practice trials with each device. Each trial 

consisted of alternating between clicking or tapping the home and peripheral targets until 

all 15 locations were clicked or tapped. There was no time limit given to subjects. Before 

the start of the fourth trial, subjects were given a 45 second break. After the break, the 

task resumed. 

 

 

                                                                                                                      

 

 

 

 

The dependent variables for the target-tapping task were total task time and error. 

The total task time was defined as the time it took to complete six trials of the target-

Figure 1. The components of the target-tapping task, which includes the home (green) and 

peripheral (red) targets, and shows the locations where the peripheral target appeared. 
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tapping task on a single device. The target tapping application time stamped and recorded 

the trial number, time stamp of when the targets were hit or missed and XY coordinates 

of the targets hit or missed. An error for this task occurred when a subject failed to click 

or tap a peripheral target. In the case of a miss, the target remained on the screen until it 

was clicked or tapped. The missed target was presented again at the end of the trial. 

Online grocery-shopping task. In this task, subjects ordered grocery items from 

a simulated online grocery store. The grocery items that were ordered came from a 

grocery list that was presented to the subjects at the start of the task. The online grocery-

shopping store consisted of three pages, which were the category, item, and review pages. 

On the category page, grocery category names were shown on the screen, as shown in 

Figure 2a. The grocery category names were organized by popularity, according to 

Greenlings.com, an online grocery store. There were a total of 17 category names and 

only 12 were displayed on the screen at one time. Scrolling was required to view all of 

the category names. Once a category was selected, the item page for that category would 

appear, as shown in Figure 2b. On the item page, grocery item names along with 

associated information, such as price and weight, were shown on the page. Grocery item 

names were ordered alphabetically. There were a total of 12 grocery items and only six 

and half could be seen on the screen at one time. Scrolling was required to view all of the 

grocery items. The quantity of a grocery item could be modified and then added to the 

cart on the item page. When a grocery item was added to the cart, a dialog box appeared 

and displayed the name of grocery item and quantity of the grocery item that was added, 

as shown in Figure 2c. The dialog box remained on the screen until the okay button was 
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Figure 2. The online grocery-shopping application with the category page (a), item page 

(b), dialog box notification (c) and the review screen (d). 

 
 

tapped or clicked. The last page was the review page (i.e., shopping cart page). On this 

page grocery items in the cart could be modified, reviewed, and the order could be 

placed, as shown in Figure 2d.  

 

         

             (a)                                                                          (b) 
 

           
                                   

(c)                                                                           (d) 
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Subjects were instructed to place their order when all of the grocery items from 

the given grocery list were added to the shopping cart. Placing an order signaled the end 

of the trial. Subjects completed one practice and three non-practice trials with each 

device. There was no time limit given to subjects. In each trial, a total of 10 different 

grocery items were purchased. For each trial, subjects were presented with a different 

grocery list (see Appendix B and Figure 3). Each grocery list differed in terms of grocery 

items, location of the grocery items, and quantity that must be purchased. A grocery list 

was given to subjects, one at a time, at the start of each trial. Each grocery list contained 

the following: 

• A description of the trial (a story to set up the shopping trip) 

• Instructions 

• The grocery list broken down by category 
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Figure 3. A grocery-shopping list that was given to subjects. 
 

 
The description for each grocery list differed, but involved the same central task 

of purchasing groceries. It is important to note that subjects were instructed to make a 

purchase after they added all of the grocery items to the shopping cart, however, subjects 

were able to visit the shopping cart at anytime during the trial to modify grocery items. 

The dependent variables for the online grocery task were total task time and 

errors. All user input was time stamped and recorded for this task. Total task time for the 
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grocery-shopping application was defined as the time it took to complete the purchase of 

the grocery items on the list in each trial. The total task time was kept with a millisecond 

resolution and began to record as soon as the task began. In terms of errors, there were 

five errors a subject could make while performing this task, which were the following: 

• Incorrect quantity of a grocery item purchased 

• Incorrect grocery item purchased  

• Omitting a grocery item  

• Extra grocery items purchased 

• Early purchase, which was an error that could occur when 

grocery items were purchased before all items on the grocery 

list were in the shopping cart 

Overall, the target-tapping and grocery-shopping tasks were similar in that they 

both involved directed movement and tapping or clicking. However, the grocery-

shopping task required more strategy than the target-tapping task. In addition, the 

grocery-shopping task involved scrolling and had many steps, such as: 

• Finding the correct category for the desired grocery item 

• Selecting a grocery category  

• Finding a grocery item 

• Selecting a grocery item 

• Reviewing the shopping cart 

• Purchasing the grocery items 
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Subjects completed the target-tapping and grocery-shopping tasks with a tablet 

and computer. Only touch or mouse input was used to perform the tasks, the keyboard 

was disabled. The layout for each task was the same across each device. 

 
Materials  

 
In the study, subjects used a computer and tablet to perform the tasks. The tablet 

that was used for the study was an iPad, which is a touchscreen, handheld device that 

serves as a personal computer and can be used for a variety of multimedia purposes such 

as gaming, Internet browsing and reading. There were two iPads that were used for the 

study, an iPad 2 and 3 (3rd generation). The touchscreen for the iPad 2 display was 1024 

x 768 pixels with a 9.7-inch display; the resolution for the iPad 3 was 2048 by 1536 

pixels. Tasks were scaled to ensure that the appearance was the same on each tablet. The 

iPads were used in landscape orientation. The computer used to run the experiment was a 

1.83 GHz Macintosh Mini on a 15-inch LCD display set to a resolution of 1024 by 768 

pixels. The mouse used to perform the tasks with the computer was a Dell X7636 two-

button mouse with a scroll wheel. The iPad versions of the tasks were developed using 

the iOS Standard Development Kit (SDK) 7.1, Objective-C, Cocoa Touch, and Xcode 

5.1.1. Additionally, the logging framework CocoaLumberjack was used to log touch 

input events. 

The desktop application was built using Clozure Common Lisp (CCL). CCL 

provides an Objective C bridge to interface with the OS X Cocoa framework. This 

framework was used to make native graphical interfaces and applications for OS X. The 
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desktop application was a native Cocoa application running Common Lisp underneath 

the Cocoa layer. This allowed ACT-R to see and interact with the environment, since 

ACT-R is implemented in Common Lisp. An ACT-R device has been built to interact 

with Cocoa applications. This device uses the ccl-simple-view project to more easily 

implement the device. The source code for the project is available in the support folder in 

the ACT-R distribution (http://act-r.psy.cmu.edu/software/).  

Procedure 
 

Each subject was run in a single session. The session time for older adults lasted 

between 1 and 2.5 hours and between 1 and 1.5 hours for younger adults. The session 

times differed due to the completion of the untimed practice and non-practice trials for 

each task/device combination.  

When subjects arrived they were given informed-consent forms. Upon entering 

the experiment room, subjects were seated in front of a computer and were read 

experiment instructions from a presentation (see Appendix C). The instructions gave a 

brief overview of the experiment. The session began by having subjects complete the 

Letter Set test and the Archimedes spiral drawings. After the tests were taken, specific 

instructions for a task/device combination were presented to the subject. There were a 

total of four task/device combinations, which were: target-tapping/computer, target-

tapping/tablet, grocery-shopping/computer and grocery-shopping/tablet. The presentation 

order of the task/device combinations was counterbalanced. Instructions for a task/device 

combination were always presented before the start of the practice trial. Subjects 

completed one practice trial for each task/device combination. During the practice trials, 
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participants could ask questions about the task and device. Also, subjects were 

encouraged to take all the time necessary to familiarize themselves with the task and 

device during the practice session. Upon completion of the practice trials, the 

experimenter verified that subjects did not have any questions and stated that no help 

would be offered for the non-practice trials. Then the experimenter administered non-

practice trials for a task/device combination. After completion of all the task/device 

combinations, subjects filled out a questionnaire and were debriefed. The questionnaire 

had basic demographic items and included questions on device/task preference, and 

overall experience in the study (see Appendix F).  
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Chapter 4: Experimental Results and Discussion  

Experimental Predictions 
 
Due to age-related changes, task complexity, and error-avoidance strategies, older 

adults were expected to perform slower than younger adults. Age-related slowing can 

have significant impact on task performance for older adults. Task complexity affects 

response time; an increase in complexity can mean an increase in response time for older 

adults (Salthouse, 1991). In the current study, the target-tapping task was less complex 

than the simulated grocery-shopping task; as a result the expectation was that older adults 

would be much slower in the grocery-shopping task relative to younger adults. Error 

avoidance is a strategy commonly employed by older adults in Fitts’s law tasks and 

occurs when speed is sacrificed for the sake of accuracy. The target-tapping task is a 

Fitts’s law task and as such, the expectation is that older adults would employ this 

strategy as found in the previous literature (Walker et al., 1997; Trewin et al., 2012). 

Overall, it was hypothesized that the models of younger adult performance would 

produce a good fit to the younger behavioral data across tasks and devices.  

Overall, it was expected that older adults would perform tasks slower on a tablet 

than with a computer. Due to increased experience with computers and smartphones, the 

difference in performance for younger adults between devices was expected to be small. 

Since the majority of smartphones on the market have touchscreens and are owned by 

adults aged between 18 and 35 (Zickuhr, 2013), it was assumed that this experience 

would directly translate into experience with a tablet. Due to the newness of tablets, older 

adults were expected to have more experience with a computer than a tablet, which may 
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cause a familiarity-based slow down in performance. Another reason for slowing was the 

touch input of a tablet. Prior research has shown that touch input is faster when used as a 

pointing device, it was less accurate than mouse input depending on the size of the target 

acquired (van de Ven & de Haan, 2003). Lastly, older adults may be slower with a tablet 

because of the time required to reacquire a target. When a user lifts their hand from the 

surface of a tablet their exact position on the screen is lost and time has to be spent 

returning to this position, whereas with the mouse, the cursor is always left in the last 

place it was set. Since the grocery-shopping task is more involved and has more steps 

than the target-tapping task, reacquiring a target may be something experienced by 

subjects.  

 
Experimental Results  

A 2 (age group) x 2 (tasks) x 2 (device) ANOVA was performed on each 

performance metric. The performance metrics were response time (total time to complete 

the task) and error count. Four subjects were excluded from analyses for the following 

reasons: missing or incomplete task trials (n	  = 3) or their performance metrics were 

determined to be extreme outliers across both tasks (n	  = 1). Extreme outliers were defined 

as observations falling outside three interquartile ranges (IQRs) from the 25th or 75th 

percentiles of the distribution. 
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Grocery Shopping Task 

Total Task Time 

The prediction was supported; overall older adults performed more slowly on the 

task. The pattern of performance for older and younger adults was slightly reversed as 

shown in Figure 4. Older adults took marginally more time to complete the task with the 

tablet than with the computer, whereas for younger adults the opposite was true. The 

interaction predicted for the grocery-shopping task response time analysis was a device 

by age interaction; it was expected that older adults would perform more slowly than 

younger adults due to the complexity of the task, as well as less overall experience using 

a tablet. The interaction between device and age, F(1, 86) = 4.79, p	  = .03, MSE = 50967, 

ηp
2 = .05 as well as a main effect of age, F(1, 86) = 72.68, p	  < .01, MSE = 233833, ηp

2 = 

.46 were found to be statistically significant as shown in Figures 4 and 5, respectively. 

The main effects of device, F(1, 86) = 0.48, p	  = .49, MSE = 50967, ηp
2 = .01 was not 

statistically significant as shown in Figure 6.  
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Figure 4. Mean total task time as a function of device and age for the grocery-shopping 

task. 

 

Figure 5. Mean total task time as a function of age for the grocery-shopping task. 
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Figure 6. Mean total task time as a function of device for the grocery-shopping task. 
 

As shown in Figures 7 and 8, the more difficult grocery lists took longer to 

complete and this effect was magnified for older adults. In the grocery-shopping task, 

subjects completed shopping with three grocery lists. Each grocery list had ten unique 

items. The grocery lists that were inadvertently more difficult had grocery list items with 

a greater quantity and required more scrolling to find. A grocery list by age interaction, 

F(1, 86) = 3.71, p	  = .03, MSE = 21833.33,   ηp
2 =.04, as well as a main effect of grocery 

list, F(2, 172) = 26.56, p	  < .01, MSE = 21833.33,  ηp
2 =.23 were found to be statistically 

significant.  
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Figure 7. Mean total task time as a function of grocery list and age for the grocery-

shopping task. 
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   Figure 8. Mean total task time as a function of grocery list for the grocery-shopping  
 
   task. 
 

Review Time 

As shown in Figures 9 and 10, older adults spent slightly longer on the review  

screen, which may imply that older adults spent more time checking to see if the items in  

their cart were correct or could point to other issues that will be discussed in detail in the  

discussion section. For the grocery-shopping task, the total task time was separated into  

two times: shopping time and review time. The shopping time was the total time spent  

shopping for grocery items before visiting the review page to make a final purchase. The  

review time was the amount of time subjects spent on the review page before clicking the  

purchase button. The review time was examined to check for strategy differences  

between older and younger adults. Past research has shown that older adults typically  

engage in checking behavior more than younger adults on visual search tasks (Mitzner,  
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Touron, Rogers, & Hertzog, 2010). A device by age interaction, F(1, 86) = 6.07, p	  = .02, 

MSE = 5747.34, ηp
2 =.07, as well as main effect of age were found to be statistically 

significant, F(1, 86) =17.25, p	  < .01, MSE = 22333.33, ηp
2 =.17. However, a main effect 

of device was not statistically significant, F(1, 86) = 0.97, p	  =.33, MSE = 57473.49, ηp
2 

=.01 as shown in Figure 11. 

 

Figure 9. Mean review time as a function of device and age for the grocery-shopping 

task. 
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Figure 10. Mean review time as a function of age for the grocery-shopping task. 
 

 

         Figure 11. Mean review time as a function of device for the grocery-shopping task. 
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Shopping Time 

One concern with the original total task time analysis was that the review time 

was the ultimate source of the total task time effects. An analysis was performed on 

shopping time. As previously mentioned, the total task time was broken down into two 

times: shopping and review time. For the shopping time analysis, the pattern for older and 

younger adults was slightly reversed (see Figure 4), but less pronounced (see Figure 12). 

Overall, older adults performed more slowly than younger adults. However, older adults 

took slightly more time to complete the task with the tablet than with the computer, 

whereas for younger adults the opposite was true. As in the original total task time 

analysis, the more difficult grocery lists took longer to complete. A interaction between 

device and age, F(1, 86) = 2.47, p	  = .03, MSE = 38350, ηp
2 = .028 as well as a main effect 

of device, F(1, 86) = 0.18, p	  < .01, MSE = 38350, ηp
2 = .01 were not found to be 

statistically significant (see Figures 12 and 13, respectively). However, a main effect of 

age, F(1, 86) = 69.24, p	  < .01, MSE = 176968, ηp
2 = .45 and condition were statistically 

significant, F(1, 86) = 25.53, p	  < .01, MSE = 22933, ηp
2 = .23 (see Figures 14 and 15, 

respectively). The results of the shopping time analysis provide evidence that the device 

by age interaction found in the original total task time analysis was due to differences in 

the time spent on the review screen, not time shopping. The difference in the review 

screen time could be due to strategy differences between the age groups and/or could 

point to other issues that will be discussed in detail in the discussion section. 
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Figure 12. Mean shopping time as a function of device and age for the grocery-shopping 

task. 

 
 
 

 
Figure 13. Mean shopping time as a function of device for the grocery-shopping task. 
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Figure 14. Mean shopping time as a function of age for the grocery-shopping task. 

 
 
 

 
Figure 15. Mean shopping time as a function of grocery list for the grocery-shopping  
 
task. 
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Errors 
 

In terms of errors, the prediction was that older adults would make more errors 

than younger adults due to greater task complexity. The prediction was not supported; 

both age groups did not make many errors and the errors made were approximately the 

same for each age group as shown in Figure 16. Overall, older adults made fewer errors 

when performing the task with the computer than with the tablet, while the opposite was 

true for younger adults as shown in Figures 17 and 18. The error variable used for 

analyses was a count variable, which was the sum of all errors that occurred in a task. As 

previously explained in Chapter 3, there were six types of errors a subject could make: 

omission, incorrect quantity purchased, incorrect item purchased, early purchase and 

extra items purchased. A square root transformation was used on the error variable and so 

outliers were not removed, because over half of the subjects did not make any errors. The 

interaction between device and age, F(1, 86) = 2.71, p	  = .10, MSE = .11, ηp
2 =.03, as well 

as main effects of device, F(1, 86) = 1.23, p	  = .27, MSE = .11, ηp2 =.01 and age, F(1, 86) 

= 0.03, p	  = .85, MSE = .75, ηp
2 =.00  were not statistically significant.  
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Figure 16. Mean error count for the main effect of age group. 

 

Figure 17. Mean error count for the device by age group interaction. 
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Figure 18. Mean error count for the main effect of device. 

 
Target Tapping Task 

Total Task Time 

The prediction for the target-tapping task was that overall older adults would 

perform more slowly than younger adults. In addition, older adults would perform the 

task more slowly with the tablet due to less overall experience with that device. As shown 

in Figures 19 through 21, the prediction was partially supported; older adults did 

complete the task more slowly than younger adults. However, older adults performed the 

task more quickly with the tablet than with the computer. A device by age interaction, 

F(1, 86) = 6.42, p	  = .01, MSE = 9266.87, ηp
2 =.07, as well as the main effects of device, 

F(1, 86) = 227.31, p	  < .01, MSE = 9266.87, ηp
2 =.72 and age, F(1, 86) = 4.59, p	  < .01, 

MSE = 20500, ηp
2 =.42 were found to be statistically significant. 
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Figure 19. Mean total task time as a function of device and age for the target-tapping 

task. 

 

Figure 20. Mean total task time as a function of age for the target-tapping task. 
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Figure 21. Mean total task time as a function of device for the target-tapping task. 

 

Errors 

Missed Targets 

Since older adults tend to employ error-avoidance strategies, it was predicted that 

older adults would make fewer errors than younger adults. As previously stated in 

Chapter 3, an error for the target-tapping task occurred when a subject missed tapping a 

target on the screen. Missed targets were presented to the subject again at the end of the 

trial. As shown in Figures 22 through 24, the predictions for errors for the target-tapping 

task were supported. Overall, older adults made fewer errors than younger adults. In 

addition, older adults made approximately the same amount of errors as younger adults 

when performing the task with the tablet. Furthermore, older adults made significantly 
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fewer errors than younger adults when using the computer. A device by age interaction 

was found to be statistically significant, F(1, 86) = 12.70, p	  < .01, MSE = 13.66, ηp
2 =.13, 

as were main effects of device, F(1, 86) = 8.79, p	  <. 01, MSE = 120.09, ηp
2 =.09 and age, 

F(1, 86) = 4.59, p	  =.04, MSE = 33.87, ηp
2 =.05. 

 

Figure 22. Mean missed targets as a function of device and age for the target-tapping 

task. 
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Figure 23. Mean missed targets as a function of age for the target-tapping task. 

 

 

Figure 24. Mean missed targets as a function of device for the target-tapping task. 
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Missed Home Buttons 

 In the target-tapping task, subjects had to click or tap on a button (the home 

button) each time before a new target was presented. A prediction was not made for this 

type of error, because it was not apart of the performance metrics to be examined. 

However, the same predictions made for the missed targets would apply for the missed 

home buttons. Since older adults tend to employ error-avoidance strategies, it was 

predicted that older adults would make fewer errors (i.e., would not miss tapping or 

clicking any home buttons) than younger adults. The prediction was supported. As shown 

in Figure 25, older adults missed the home button fewer times than younger adults. A 

main effect of age, F(1, 86) = 19.33, p	  < .01, MSE = 19.33, ηp
2 =.10 was found to be 

statistically significant. However, there was no evidence to support a difference between 

older and younger adults task performance when using the different devices to perform 

the task. A device by age interaction, F(1, 86) = 3.54, p	  = .06, MSE = 8.92, ηp
2 =.04 and 

main effect of device, F(1, 86) = 2.19, p	  = .14, MSE = 8.92, ηp
2 =.03 were not statistically 

significant as shown in Figures 26 and 27, respectively. 
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Figure 25 Mean missed home buttons as a function of age for the target-tapping task. 

 
 

 
Figure 26. Mean missed home buttons as a function of device and age for the target-

tapping task. 
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Figure 27. Mean missed home buttons as a function of device for the target-tapping task. 
 
 
Discussion of Experimental Results 

 
As outlined previously, the main research question was whether task and/or 

device type need to be accounted for in modeling parameters for older adults. In order to 

answer this question, the first step was to examine the behavioral data to determine if task 

and/or device type differences were evident. For the behavioral data there were 

hypotheses regarding the performance of the grocery-shopping and target-tapping task 

(i.e., task type) with a tablet and computer (i.e., device type). In terms of tasks, the 

original hypotheses were that overall, older adults would perform more slowly and make 

fewer errors than younger adults due to age-related changes, task complexity, and error-

avoidance strategies. Since older adults have less experience using a tablet than a 

computer, older adults were expected to perform tasks more slowly than younger adults 

with a tablet. Overall, the results showed that older adults’ performance varied with the 
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task and device used, which can be likely attributed to both task/device components and 

strategy differences between older and younger adults. 

 Evidence for strategy differences was found for older adults when the target-

tapping task was performed with each device. A combination of results provided 

evidence of strategy differences. A device by age interaction was found for the target-

tapping error analysis (see Figure 22). The interaction showed that older and younger 

adults made approximately the same number of errors when the tablet was used, but older 

adults made significantly fewer errors with the computer. This result points to strategy 

differences. Older adults typically engage in error-avoidance strategies, such as double-

checking behavior and the tendency to maintain accuracy at the sake of speed in the 

speed-accuracy tradeoff. Using the desktop computer allowed older adults to employ a 

double-checking micro-strategy (the micro-strategy will be discussed later in this section) 

that was not possible with a tablet. The device by age interaction for the total task time 

analysis provided evidence of older adults favoring accuracy over speed (see Figure 19). 

The interaction showed that both older and younger adults took longer to perform the task 

with a computer than with a tablet. However, older adults took significantly longer than 

younger adults to complete the task with a computer. The combination of the results of 

older adults taking longer to perform the task with a computer, while making fewer errors 

provides evidence of older adults employing an error-avoidance strategy. In comparison 

to older adults, younger adults did not appear to use the same strategy. Younger adults 

took longer to perform the task with a computer, but made approximately the same 

amount of errors with each device. The implication of strategy differences is that the 
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structure of a model would have to be changed to accommodate strategy differences 

between older and younger adults. Implementing error-avoidance strategies in a model 

requires adding additional productions, which means parameters alone may not be 

sufficient to account for task differences between older and younger adults.  

 The target-tapping task was a basic perceptual-motor laboratory task that involved 

minimal strategy; all subjects had to do was click or tap a single target that appeared on 

the screen as soon as it appeared. The task was a simple measure of response and 

movement time, however the combination of the task being performed with a computer 

and tablet may have caused differences between older and younger adults’ performance. 

Using a computer to perform this task involved three steps: visually searching for the 

target on the screen, pointing the mouse to the target, and then clicking on the target with 

the mouse. However, when a tablet was used fewer steps were involved: the pointing and 

clicking steps became one. Specifically, a user searched for the target and then pointed 

and tapped on the target with their finger at the same time. One possible explanation is 

that it took longer to perform this task with a computer for both age groups because of the 

extra steps involved with clicking a target. An alternate explanation is that input device 

type affected task performance differentially. The input devices used were a mouse and 

finger, which are associated with different “b” coefficients in a Fitts’s law formula. 

Typically, there is a lower Fitts’s coefficient when a finger is used as opposed to a mouse. 

A lower “b” coefficient in a Fitts’s law formula results in less time, which in this case 

would mean that it took less time to perform the task with a finger. 

An explanation for the reason why older adults performed more slowly on the 
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target-tapping task with a computer was because prior research has shown that, in 

general, older adults were slower than younger adults when completing mouse operations 

(Chaparro, Bohan, Fernandez, Choi, & Kattel, 1999) and have increased difficulty when 

clicking a traditional mouse due to age-related differences in motor control (Smith, 

Sharit, & Czaja, 1999). In the current study, the opposite was found when the target-

tapping task was performed with a touchscreen. In general, when controlling for target 

size, pointing is faster with a touchscreen than with a mouse (Van de Ven & de Haan, 

2003) and the results from this study aligned with this finding regardless of age and tablet 

experience. Almost half of the older subjects in the current study did not have tablet 

experience, however, they performed better with a tablet than with a computer and were 

only slightly slower than younger adults in this task. This result shows that some devices 

are more suitable for different tasks, suggesting that performance of a task with the most 

suitable device may lead to a faster response time and greater satisfaction. Both age 

groups preferred to use the tablet when performing the target-tapping task. Overall, these 

results show how the combination of the target-tapping task and devices could lead to 

performance differences between older and younger adults. 

The grocery-shopping task was a more realistic applied task that required 

cognition and strategy. Many steps were involved in finding and adding a grocery item to 

a cart; subjects had to search for an item (through the category and item page), scroll, add 

an item to the cart, potentially check the cart and finally purchase all of the items. The 

grocery-shopping task was more of a visual search task because subjects had to look for a 

specific grocery item on a list amongst distractors. The task itself would cause 
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performance differences between older and younger adults, since older adults typically 

perform more slowly than younger adults on visual search tasks. In addition, working 

memory issues could cause older adults to be slower because they would have to consult 

the grocery-shopping list more frequently to find items.  

Initially, a device by age interaction for the total grocery-shopping task time was 

found, with a slight pattern reversal between older and younger adult performance. Older 

adults performed the task more slowly with a tablet than with a computer, however, the 

opposite was found for younger adults. As a result of issues that were believed to be 

caused by the review page, the total task time was categorized into two times: shopping 

time and review time. After further analysis the time spent on the review page was found 

to be the source of the grocery-shopping task time effects. A device by age interaction 

was found for the review time and the performance between older and younger adults 

mimicked the pattern found for the total task time. Older adults spent more time on the 

review page than younger adults, which could possibly point to error avoidance that is a 

commonly used strategy by older adults. However, older adults took almost twice as long 

as younger adults to review their cart with the tablet. The design of the review page could 

have been the cause of performance differences between older and younger adults when a 

tablet was used. If more than three items were added to the shopping cart, scrolling was 

required to see all of the items in the cart. While everyone had practice with the grocery-

shopping task with each device, from my observations older adults seemed to have more 

difficulty finding the items on the review page with the tablet, during the practice trials 

and sometimes after. In addition, subtle differences between the computer and tablet 
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review screen could have caused performance differences. Due to constraints of the 

systems used to design the grocery-shopping task on the computer and tablet, there were 

some differences. The review page on the computer version of the task had a more 

prominent scrollbar and almost four items could be viewed simultaneously (Figure 28), 

whereas the review page for the tablet had a less prominent scrollbar and only three items 

in the cart could be viewed at once (Figure 29). In native iPad applications, scrollbars are 

designed to remain hidden until a user scrolls on the screen, which can lead to difficulties 

in discerning if additional content is accessible only by scrolling. The workaround used 

on the tablet was to make the scrollbar flash continuously on the screen, which ensured 

that the scrollbar was always visible and would grab the subject’s attention. 

 

Figure 28. Review page for the computer version of the grocery-shopping task. 
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Figure 29. Review page for the tablet version of the grocery-shopping task. 

After examining the data from the practice sessions and looking at the results 

from the review time analyses, it is not evident that either of these subtle differences were 

the cause of performance differences between the age groups on the review screen. 

However, the act of scrolling itself may have played a role in differences for both the 

total task and review time results. The grocery-shopping task involved mainly scrolling 

and pointing and older adults may have had less experience using a tablet to complete 

such actions. Over 93% of younger adults had prior tablet experience compared to only 

60% of older adults. The older adults who had prior experience with a tablet rated their 

weekly usage of a tablet and skill level lower than younger adults. From my informal 

observations, older adults with little to no experience using a tablet had more difficulty 

scrolling. Older adults’ issue with scrolling is also supported by the fact that there was no 
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main effect of device for the total and review time analysis. If scrolling were an issue for 

both age groups on the tablet there would have been an effect of device, where it would 

have taken longer to perform the task with the tablet. The device by age interaction and 

the lack of main effect of device indicates that only older adults had an issue using the 

tablet. 

Lastly, guidelines for designing for older adults suggest that, in general, older 

adults require practice in order to learn how to scroll (Kurniawan & Zaphiris, 2005; 

Redish & Chisnell, 2004). In terms of the review page, one study observed that older 

adults were disoriented when scrolling was required to view all items in a scrolling 

window (Hawthorn, 2000), which means that older adults would likely have performed 

better if no scrolling were involved and all items were visible at one time. Scrolling was 

not considered an issue that needed to be addressed in the design of the grocery-shopping 

task for several reasons. One reason was that the grocery-shopping task was designed to 

be a real-world task and real-world shopping tasks require scrolling. Another reason is 

that all participants had computer experience, specifically prior online shopping 

experience, where scrolling was likely involved. This means that older adults knew how 

to scroll on the computer, so this knowledge would transfer easily to scrolling on the 

tablet after practice during the study. Each subject completed one practice session at his 

or her leisure. Since the practice session involved scrolling, the belief was that the 

practice session would be sufficient to eliminate any issues. More practice may have been 

needed for older adults. 

In terms of errors for both tasks, the assumption was that that older adults would 
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make the most errors in the difficult task. The grocery-shopping task was assumed to be 

the most difficult, because it was more complex, involved more steps, which could lead 

to more opportunities to make errors. As a result, a significant device by age interaction 

for error rate was expected. The lack of a significant interaction may indicate that the task 

was easy to complete for both age groups; it just took longer for older adults to complete, 

as shown by the total task time and review time analyses. For the target-tapping task, 

older and younger adults had a similar amount of errors when the task was performed 

with a tablet. However, when the target-tapping task was performed with a computer, 

older adults made fewer errors than younger adults. This result points to a possible 

strategy difference between older and younger adults.  

Older adults took much longer to complete the target-tapping task with a 

computer overall, but it seems like the extra time was used to avoid making any errors. In 

general, older adults are known to typically engage in checking behavior more than 

younger adults on visual search tasks (Mitzner, Touron, Rogers, & Hertzog, 2010). When 

the task was performed with a computer it gave older adults more of an opportunity to 

engage in this type of behavior. Why? Using a mouse slowed the task down and may 

have given older adults the opportunity to double check if the cursor was on the target 

before clicking. This strategy may have been difficult to use when performing the task 

with a tablet. The combined ability of pointing and clicking on a tablet made performing 

the task faster. As a result, older adults may not have had the chance to double check if 

their finger was on the target before tapping or clicking it. This finding aligns with the 

Gray and Boehm-Davis (2000) research that has shown that subjects employ different 
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microstrategies based on the actions (i.e., moving a cursor and clicking on a target vs. 

directly tapping a target) required to complete a task. The microstrategies employed in a 

task can sometimes result in saving milliseconds or in the current research result in fewer 

missed targets. In the Gray and Boehm-Davis (2000) paper, a similar task to the target-

tapping task was tested with a computer and a mouse. They discovered that there were 

two microstrategies a subject could use when moving a mouse cursor from a home target 

to a peripheral target: slow-move-click and fast-move-click. The difference between the 

two microstrategies is the action of checking if the mouse cursor was on the target before 

clicking. The slow-move-click involves checking the position of the cursor and the fast-

move-click does not. These microstrategies provide a possible explanation of why there 

were performance differences due to device. The slow-move-click could not be 

performed on the tablet, due to the fact that pointing and clicking are combined into one 

movement. As a result, the fast-move-click micro-strategy was used on the tablet, which 

led to faster completion of the task, but resulted in more missed targets for both age 

groups. In the current study, both microstrategies could have been employed when the 

task was performed with the computer, however older and younger adults seemed to use 

a different micro-strategy to complete the task. Older adults likely used the microstrategy 

that enabled them to engage in checking behavior, which led to fewer missed targets. 

Younger adults seemed to use the fast-move-click microstrategy regardless of device. 

These findings show how performance differences between age groups may be magnified 

depending on the strategy employed when performing the same task with different 

devices. Most importantly, the findings provide evidence that parameters alone cannot be 
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used to demonstrate the reversals seen for the error rates in the target-tapping task (see 

Figure 29), strategy differences have to be accounted for too. Modelling strategy 

differences between older and younger adults requires changing the model’s structure, 

which means that parameters alone cannot be used to determine performance differences 

between older and younger adults. 

Overall, the results showed that older adults’ performance varied with the task 

and device used, which can be attributed to task/device components and strategy 

differences between older and younger adults. In terms of task and devices differences, 

older adults performed differently depending on the device used to perform each task. In 

addition, the results showed that older adults employed different strategies than younger 

adults. In terms of modeling, performance differences where older and younger adults 

have the same pattern of results, but older adults are simply slower, can likely be 

modeled using age-specific parameters. However, modeling strategy differences between 

older and younger adults would require additional productions. Using different 

productions in older and younger adult models would defeat the purpose of being able to 

use modeling parameters alone to determine performance differences between age 

groups. 
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Chapter 5: Cognitive Model   

Cognitive models were created using the ACT-R cognitive architecture. The 

models corresponded to the target-tapping and grocery-shopping task being performed on 

a computer for each age group. The models were used to test whether current parameters 

for older adults can account for older adult performance across different tasks and 

devices. Separate models of the target-tapping and grocery-shopping task were created 

using three different sets of modeling parameters: ACT-R default, young and old. 

Jastrzembski and Charness (2007) derived the young and old parameters from the aging 

literature and then a subset of these parameters were mapped into the ACT-R cognitive 

architecture (Jastrzembski et al., 2010). 

 
Cognitive Model Descriptions 
 
Target Tapping Task 

 
Overall Description 

 The target-tapping task was simple and, as a result, the ACT-R model of the task 

was simple too. The ACT-R model checked to see if there was a visual object on the 

screen. Once a visual object was found, the model completed the steps to tap the target. 

The steps involved in tapping a target were: moving the hand to the mouse2, moving the 

cursor and clicking the mouse on the target. Once a target was tapped, a new target would 

appear on the screen and the process would began again until all of the targets were 

                                                
2 It is worth noting that in ACT-R, once the model’s hand is initially placed on the 
mouse, the hand is never taken off the mouse. As a result, moving the model’s hand to 
the mouse before the tapping of each target was suboptimal. The impact of this step on 
the model will be discussed in chapter 6. 
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tapped. As outlined previously, the home and peripheral targets had different colors. 

However, color did not play a role in the ACT-R model of the target-tapping task. The 

model clicked any visual object that appeared on the screen. The model was not 

aggressive in terms of parallel activity; the model was sequential. 

 
ACT-R Description 

The ACT-R model of the target-tapping task was designed with one chunk-type 

and a total of five productions. The chunk-type contained two slots: state and location, 

which were used to represent the state of the goal and the location of the target on the 

screen. The first production fired checked to see if there was a target on the screen; if 

there was a target on the screen, the second production would visually attend to the 

target. After the target was visually attended to, a series of productions involved in 

tapping the target would fire sequentially. The first production in the sequence harvested 

the visual location of the target that was attended to and moved the model’s hand to the 

mouse. An alternative method to obtain the visual location would have been to use the 

location already in the visual buffer. The alternative method would have been more 

cognitively plausible. However, when both methods were tested; the total task time was 

the same for each model. As a result, harvesting the visual location of the target was 

chosen. The second production moved the mouse cursor to the target location using the 

harvested visual location from the previous production. Lastly, the third production 

clicked the mouse on the target. All of the productions were repeated until no more 

targets appeared on the screen. 
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Grocery Shopping Task 
 
Overall Description  

The ACT-R model of the grocery-shopping task was designed to accommodate 

the grocery-shopping application and grocery list that were given to the subjects in the 

behavioral study. The grocery-shopping application had three overall steps: find the 

category of the item, find and add the item to the cart, and review the cart and then place 

the order. The grocery list was organized in a similar fashion; the list contained: the 

category of the grocery item, name of the grocery item, quantity and weight. The 

complete grocery list was added to the model’s declarative memory and was retrieved 

when necessary. The strategy of the model was to behave like a person who could only 

hold two items from the grocery list in working memory at one time. The initial two 

items in working memory for the model were the names of the category and grocery item. 

Once the category and grocery item were found, the grocery list in declarative memory 

was referred to again to determine if the weight of the grocery item was correct before the 

grocery list in declarative memory was referred to one last time to get the quantity value. 

These steps were repeated for each grocery item on the list. Once all of the grocery items 

were added to the shopping cart, each grocery item and quantity in the cart were checked 

against the grocery list in declarative memory. After all of the items were verified to be in 

the cart, the order was placed. 
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ACT-R Description 

Model Assumptions: 

1. Only two items from the list could be held in working memory at one time. 

The initial two items in the goal buffer were the category of the grocery item 

and name of the grocery item, other information would require retrieval from 

the shopping list in declarative memory. 

2. Price of the grocery item and the total of all the grocery items in the shopping 

cart were not attended to in the model, since these amounts were not integral 

to the task. 

3. Since the “Back,” “Shop,” and “Cart” buttons were almost always visible on 

the screen, using these buttons would not involve searching or retrieving. The 

visual locations for these buttons were written to declarative memory and 

could be accessed directly. 

4. Both the “Back” and “Shop” button returned to the main category page. As a 

result, the model was designed with some variability that allowed either the 

back or shop button to be chosen. 

 The ACT-R model of the grocery-shopping task was designed with four chunk-

types. One chunk-type held the information for the category and grocery item name. The 

second chunk-type held the all of the information associated with the grocery item, such 

as the weight and quantity. As outlined previously, the weight was the amount per 

quantity of a grocery item. The quantity was the number of a grocery item that was 

ordered. The third chunk-type held numerical facts, which were used to count button 
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presses that corresponded to the quantity. The fourth chunk-type held information that 

was used to hold the new quantity amount after each successive count.  

There were various productions used in the model, but there were a set of 

productions that were used frequently to find an item from the grocery list. The set of 

productions followed the steps outlined in Figure 30. Production 1 set the constraints for 

the visual search so that only items that matched the attributes for an item on the grocery 

list could be searched for. The grocery item being searched for came from the goal 

buffer. This was achieved by setting exact values for color, size, and the kind of object at 

a visual location to constrain the search. In addition, modifiers were used to limit the 

visual search to the scroll area. Production 2 attended to the visual-location that matched 

the constraints in the first production. Production 3 and 4 checked whether there was a 

match between the text value at a visual location and the value of the item in the goal 

buffer. If there was a match, this particular set of productions would be complete. If there 

was not a match, a production would fire that would start the search again by changing 

the goal state to that of production 1. Production 5 would fire if the item could not be 

found at all on the page. The scrolling production would scroll down to the next page and 

then start the search again by changing the goal state to that of production 1. 
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Figure 30. The set of productions used to find an item from the grocery list. 

 Another common set of productions was used to press a button on the screen. The 

set of productions followed the steps outlined in Figure 31. Production 1 harvested the 

location of the button from production 4 in Figure 30 and moved the hand to the mouse. 

Production 2 moved the cursor to the harvested location. Production 3 pressed the button 

on the screen. It is worth noting that the productions outlined in Figure 31 are not 
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designed in the most optimal way. Specifically, production 1 requires the model to move 

the hand to the mouse each time before pressing a button. The design is suboptimal 

because production 1 only needs to fire one time. In ACT-R, once the model’s hand is 

initially placed on the mouse, the hand is never taken off the mouse. The impact of 

production 1 firing multiple times will be discussed in chapter 6. 

 

 
 

Figure 31. The set of productions used to press a button. 

 
An additional discussion of the productions specific to the overall steps in the 

grocery-shopping application will be discussed below. The steps in the grocery-shopping 

application were: find the category of the item, find and add the item to the cart, and 

review the cart and then the place order: 
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Finding the category of grocery item  
 

 The names displayed on the category page were not in alphabetical order, as 

shown in Figure 2a. Production 1 in Figure 30 initiated a random visual search for the 

category name on the category page, which came from the goal buffer. After the 

productions outlined in Figure 30 were complete, the process of pressing the category 

name button began as shown in Figure 31. Besides pressing the button, the last 

production in Figure 31 retrieved the value of the grocery item. 

Finding and adding a grocery item to the shopping cart 

After the value of the grocery item was retrieved, the production set in Figure 30 

began. The names displayed on the item page were in alphabetical order, as shown in 

Figure 2b, therefore the model searched for the name of the grocery items in alphabetical 

order (see Figure 30).  When the grocery item was found, the process of verifying the 

weight for the grocery item was started. The productions in Figure 30 were used, 

however, the constraints in production 1 confined the visual search for the weight to the 

boundaries of the box of where the grocery item was located. Production 2 attended to the 

visual location that matched the constraint set in production 1 and retrieved the weight 

value using the grocery item name from declarative memory. The remaining productions 

used the weight value to determine whether or not there was a match between the text 

value of the visual location and the retrieved weight value. Once the weight was attended 

to, the same set of productions was used to find and attend to the quantity.   

The process of changing the quantity involved a series of steps. The first step was 

for the model to find the increase button on the screen. The same series of productions 
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that were involved in checking the weight and quantity were also used to find the 

increase button. The second step was for the model to press the increase button the same 

number of times as the new quantity on the grocery list in declarative memory. The 

productions outlined in Figure 31, along with the imaginal buffer were used to press the 

increase button. The imaginal buffer held the new quantity. After each button press, a 

production fired to check if the quantity in the imaginal buffer matched the quantity being 

changed for the grocery item. If the quantity values matched, a production would fire that 

would start the search for the “Add To Cart” button. The productions in Figure 30 and 31 

were used to search for the “Add To Cart” button and press it. After the button was 

pressed, a production retrieved the next category and grocery name from the grocery list 

in declarative memory. 

 
Review the shopping cart and then place order 

All the items were added to the cart when a value of “end” was returned when the 

next category item was retrieved from declarative memory. A production that clicked on 

the cart button would then fire. The productions outlined in Figure 30 and 31 were used 

to review the shopping cart. The only difference was that grocery item and quantity value 

were written to the goal buffer at the same time. Consequently, multiple declarative 

memory retrievals were eliminated. Once the grocery item and quantity were found and 

attended to, a production would retrieve the next grocery item and quantity values from 

declarative memory. The values were written to the goal buffer and the search process 

continued until all items were reviewed. Once all items were reviewed the “place your 

order” button was searched for and pressed. 
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Chapter 6: Model Results and Discussion 

ACT-R models were created for the target-tapping and grocery-shopping 

computer tasks. Only the computer versions of the modeling tasks were created because 

the most important behavioral results did not hinge on performance differences due to 

device. Separate models of the target-tapping and grocery-shopping tasks were created 

using three different sets of modeling parameters: ACT-R default, young, and old. 

Jastrzembski and Charness (2007) derived the young and old parameters from the aging 

literature and then a subset of these parameters were mapped onto the ACT-R cognitive 

architecture (Jastrzembski et al., 2010). The parameters that were mapped onto the ACT-

R cognitive architecture were: visual attention latency, motor initiation, peck Fitts’s 

coefficient and cognitive processing speed. Each model was run a total of 50 times. The 

number of stochastic model runs was calculated using the confidence interval approach 

outlined by Byrne (2013). The calculation involved three values: the target value of w 

(the width of the confidence interval) of 0.05, coefficient of variance (CV) of 0.175 with 

a 95% confidence level. After the models were run, the means were computed and used 

as data points for comparison to the human behavioral data.  

 
Model Predictions 

For each task, the prediction was that the model using the older parameters would 

produce a better fit to the older human data. As shown in Table 2, the default and 

younger parameters values are closely aligned; as a result the expectation was that the 

default and younger models would produce a similar model fit for each task. Although 

the focus of this work is to research modeling parameters for older adults, determining 
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the appropriate parameter set for younger adults is an open research question that this 

work can help address. Comparisons between the age-specific model predictions to the 

human data were made only for the total task time, errors were not addressed in the 

current research. However, errors are important and should be addressed in future 

research.  

In terms of model fit, it was hypothesized that the models of younger adult 

performance would produce a good fit to the younger behavioral data across tasks and 

devices. For older adults, the fit of the model would vary depending on the task and 

device combination. It was hypothesized that the target-tapping task performed with the 

tablet and computer would provide a better model fit to the behavioral data. A better 

model fit was expected because the target-tapping task resembled the validated mobile 

phone tasks by Jastrzembski et al. (2010) more than the simulated online grocery-

shopping task. The model fit was expected to be worse for the grocery-shopping task 

performed with any device, because the grocery-shopping task was more cognitively 

demanding, has more steps, and was more complex than the simulated target-tapping 

task. In other words, model misfit was expected for the older adult model of the grocery-

shopping task, regardless of the device used.  

 
Grocery Shopping Task 

Total Task Time 

 As shown in Figure 32, the older models produced a better fit to the older human 

data and the default models produced the same model fit to the younger human data. Out 
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of all the age-specific models, the older model best fit the older data. There was a direct 

match between the performance of the older model and older adults in the study. The 

default and younger models performed more slowly than the younger adults on the task. 

This result could possibly indicate that the design of the model was more representative 

of how older adults would perform the grocery-shopping task. 

 

 
 
Figure 32. Mean total task time for age-specific models for the computer grocery-

shopping task. 

Review Time 

As outlined in the behavioral results, the total task time was categorized into two 

times: shopping time and review time. The review time was the time spent on the review 

page (i.e., shopping cart page). The review time was examined to determine if there were 

any strategy differences between older and younger adults. As shown in Figure 33, the 

older model produced a better fit than the default model to the older behavioral data. 
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Again, the younger and default models produced the same model fit to the younger 

behavioral data. However, all of the models failed to produce a good fit to the data; the 

review times in the models were slower than that of actual older and younger adults. This 

result could be due to constraints of the model and design of the review page, which will 

be discussed in the next section.  

 
 
Figure 33. Mean review time for the age-specific models for the computer grocery-

shopping task. 

Shopping Time 

When the shopping time was examined, the fit between the older model and older 

human data only changed slightly as shown in Figure 34. As previously mentioned, an 

analysis was performed on the review time subtracted from the total task time to 

determine if the effects in Figure 4 through 6 were statistically significant. The older 

model and older human data still had the best fit out of all the models, however the 
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adjustment caused the older model to perform somewhat slower than the older adults in 

the study. The default and younger models performed approximately the same before and 

after the adjustment. The result possibly indicates that the design and strategy used in the 

model is closely aligned with how older adults would perform the grocery-shopping task. 

 

Figure 34. Mean shopping time for age-specific models for the computer grocery-

shopping task. 

Target Tapping Task 

Total Task Time 

As shown in Figure 35, the older model produced a better fit to the older data and 

as in the grocery-shopping task, the default and younger models produced approximately 

the same model fit to the younger behavioral data. While the age-specific models 

produced a better fit to the data, the total task time for the models were slower than that 
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of actual older and younger adults. This result could indicate that task type must be 

accounted for in modeling parameters. 

 
   Figure 35. Mean total task time for the age-specific models for the computer target- 
 
  tapping task. 
 
 
Model Discussion  

 
The main research question was whether task and/or device type need to be 

accounted for in modeling parameters for older adults. In order to answer this question, 

the first step was to examine the behavioral data to determine if task and/or device type 

differences were evident. Performance differences between task and device type were 

found in the behavioral data. The second step was to compare the behavioral data to the 

results of the age-specific models to determine generality of the modeling parameters 

across tasks. Overall, the results showed that the models using the older parameters 

produced a better fit to the older human data than the default parameters for each task. In 
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addition, models using the default and younger parameters produced a highly similar 

model fit to the younger human data. However, the models produced a poor fit to the 

human data across tasks. Poor model fit could be caused by a variety of issues, such as 

task design, model constraints, strategy differences, and model design, all of which will 

be explored through a discussion of the tasks. Model errors will be discussed as well in 

this section. 

Out of the tasks modeled, the target-tapping task was expected to provide the best 

model fit to the human data. Why? The target-tapping task was a straightforward, easy 

task; all the model did was click a target that appeared on the screen. In addition, the task 

did not involve any strategy and there were no model constraints that made it difficult to 

model how a person would complete the task. However, the age-specific models 

performed the task 28 to 30% slower than the actual behavioral data. There is no other 

explanation of why the models did not provide a good fit, besides the fact that task type 

needs to be accounted for in modeling parameters used to model younger and older adult 

performance. A general set of parameters may not have been able to capture the simple 

nature of this task. For example, the values of the visual attention latency parameter for 

younger and older adults may not have been appropriate for this task. Visual attention 

allows us to focus attention on information of interest (i.e., targets) while filtering out 

potential distractors in the visual field. However, in the target-tapping task only one 

target was presented at a time. As a result, it may have taken less time than the value of 

the age-specific visual attention parameters for a person to shift visual attention to a 

target. Adjusting the age-specific parameters further could have possibly resulted in a 
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better model fit to the behavioral data, which would show that task type matters and 

needs to be accounted for in modeling parameters. 

Since the grocery-shopping task was more cognitively demanding, had more 

steps, and was more complex than the simulated target-tapping task, a poorer fit was 

expected between the older adult model and older human data. A better fit to the 

behavioral data was expected for the younger model for this task because younger adults 

typically have more experience online shopping. However, the results showed the 

opposite; the younger model performed 20% more slowly than younger adults, while the 

older model produced the best fit of all to the older human data. There were similar 

results when the review time for the grocery-shopping task was examined. However, in 

this case, both age-specific models performed more slowly than both older and younger 

adults. There are several possible explanations for these results.                       

  One explanation for the difference in results was that the constraints of the model 

due to the design of the grocery-shopping application could have made it difficult to 

model the task in a manner similar to the way a person would perform the task. In this 

case, scrolling could have made modeling the task to mimic how a person would 

complete the task difficult. In general, in this task when a person was looking for an item 

on the grocery list, they would quickly perform a visual search on the screen and glance 

at each item until they found the item they were looking for. If the item could not be 

found on the top half of the page, scrolling would be used to see if the item existed on the 

bottom half of the page. The rows were uneven in the grocery-shopping application, and 

as a result, when scrolling was used, a row of items that appeared on the top half of the 
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page would appear on the bottom half of the page (see Figure 36). A person would 

disregard the row on the on the bottom half of the page, because the row was recently 

viewed. However, the model handled the twice-appearing row differently. Due to the 

constraints of the model, every time scrolling was used, items that were once marked as 

“attended to” were now seen as “new” by the visual system of the model. New items had 

to be attended to in order to find the item on the page. As a result, the same row that 

appeared on the top half of the page, would be attended to again on the bottom half of the 

page. This process took extra time, especially when there were two items in the same 

category that needed to be added to the cart. If the one of the items were located on the 

top half of the page and the second item was on bottom half of the page and the item on 

the bottom half of the page was added to the cart first, all the items in that category would 

be have to be “attended to” again in order to find the second item. This issue was partly 

due to the scrolling described above and the model design. The model checked to see if 

two grocery items were on the same page, this was done by attending to all the items that 

were on the same page as the item that was recently added to the cart. Scrolling also took 

a lot of time on the review page. Since only three and half items could be seen on the 

screen at one time, scrolling was done in shorter bursts to ensure items would not be 

missed. As a result, every time the model would scroll to look for a “new” item, 

previously attended items would be “attended to” again. A person would handle scrolling 

differently; they would most likely use knowledge about the order of the items or would 

have remembered the names of some of the items to find items more quickly. The 

differences between how a person would handle the task and how the model handled the 
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task help illustrate why this task may have been difficult to model in a cognitively 

plausible way. 
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(a) 

 

 
(b) 

Figure 36. An example of the grocery-shopping task that shows grocery items on (a) the 

top half of the page and (b) after scrolling on the bottom half of the page. 
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  Another explanation for the performance differences between the age-specific 

models and the behavioral data could be strategy differences. The time to complete the 

grocery-shopping task from the older model closely matched the time from the older 

human data before (i.e., total task time) and after (i.e., shopping time). This could mean 

that the strategy used in the model closely aligned with how older adults completed the 

grocery-shopping task rather than younger adults. For example, the act of scrolling and 

the model design caused the model to spend a lot of time attending to items that were 

previously attended to. However, it is possible that older adults employed the same type 

of behavior as the model due to their propensity to double-check. In addition, older adults 

may have re-attended items like the model because they could hold fewer items in 

working memory than younger adults. This result shows that in order to create a model 

for a task that involves strategy or cognition, strategy differences need to be accounted 

for in the model. This is especially true when trying to compare the performance of age-

specific models. In the current research, the same grocery-shopping model was used for 

both age groups; the age-specific parameters alone were used to represent older and 

younger adults in the models. Age-specific parameters alone, without accounting for 

different age-group strategies may not have been sufficient, as shown by the lack of 

model fit between the younger adult model and younger behavioral data.  

As mentioned in chapter 5 the model’s hand was moved to the mouse before each 

mouse click (see production 1 in Figure 31). This additional step was suboptimal because 

hand placement on the mouse only needed to occur one time (i.e., at the beginning of the 

task). The impact on the models due to this additional step was minimal. Once the 
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model’s hand is initially placed on the mouse, ACT-R is designed to not make this 

movement again. However, this step does result in extra time incurred by firing the 

production, which is 50 milliseconds each time a production is fired. The timing cost 

estimate of this production firing multiple times ranged approximately between 5 to 10 

seconds for each task. This estimate does not change the result of the models. Adjusting 

the model times for this estimate still results in an overall poor model fit between the age-

specific models and the behavioral data. 

Unlike the human subjects, the models did not make any errors. As a result, the 

focus was placed on the total task time because there were significant interactions in the 

behavioral data for this performance measure for both tasks. In the grocery-shopping 

task, both age groups made minimal errors. As a result, the grocery-shopping models 

were not designed to make any errors. However, errors were made in the target-tapping 

task, which provided evidence of strategy differences between older and younger adults. 

In the target-tapping task, older adults made significantly fewer errors than younger 

adults using a computer and approximately the same amount of errors as younger adults 

with a tablet. As previously mentioned, it is likely that this result was due to older adults 

using the slow-move-click micro-strategy when performing the task with a computer and 

not with a tablet. This micro-strategy involves checking the position of the cursor before 

clicking the mouse and could be easily implemented in ACT-R by adding some 

additional productions to the model. The scope of this study did not include changing the 

structure of the models to accommodate for strategy differences between older and 

younger adults, as a result this micro-strategy was not implemented in the study. 
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Overall, the age-specific models performed more slowly than the behavioral data. 

Poor fit between the age-specific models and the behavioral data suggests that general 

age-specific modeling parameters were not able to fully account for task type differences. 

As a result, in order to model older and younger adult performance even more accurately, 

task type may needs to be accounted for in age-specific modeling parameters. Age-

specific parameters alone are not sufficient to capture performance differences between 

older and younger adults. Strategy differences need to be incorporated in the models to 

tell the whole story.  
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Chapter 7: General Discussion and Future Directions 

 Model predictions for older adults are not as well-validated as they are for 

younger adults. As a result, it is unclear whether cognitive models can accurately predict 

older adult performance. In addition, only recently were architectural parameters 

established to estimate older adult performance (Jastrzembski & Charness, 2007; 

Jastrzembski et al. 2010). Trewin et al. (2012) proposed that in order to accurately model 

older adult performance architectural parameters may need to be specific to a task and/or 

device type. Since the architectural parameters for older adults (Jastzembski & Charness, 

2007; Jastzembski et al. 2010) were estimated they have only been utilized in a few 

studies (Boot et al., 2014; Trewin et al. 2012; John & Jastzembski, 2010). In two out of 

three studies, tasks different from the Jastrzembski and Charness (2007), paper were 

modeled. Clearly, more research is needed in this topic area. The purpose of this research 

was to determine: (1) the generalizability of older adult modeling parameters across 

different tasks and devices, (2) if modifying parameters alone was sufficient to account 

for task differences between older and younger adults.  

Overall, the results from this study showed that modeling parameters for older 

adults may not necessarily generalize well across tasks. Specifically, this means that one 

uniform set of age-specific parameters might not always accurately predict older adult 

performance across task and device; architectural parameters may need modification to 

fit the task and/or device type. The behavioral and model results provided some evidence 

for task and/or device specificity. The behavioral results showed that older adults’ 

performance was attributed to task/device components and strategy differences. Older 
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adults performance varied with the task and device used. For example, older adults 

performed faster with the tablet on the target-tapping task, whereas, in the grocery-

shopping task older adults performed approximately the same regardless of the device. 

However, upon further examination, strategy differences likely played a role in older 

adults’ performance as well. Evidence for strategy differences were found for older adults 

when they performed the target-tapping task. The insight gained from the behavioral 

study was that modeling parameters alone would not account for performance differences 

between age groups; the structure of the cognitive model would have to be changed to 

account for strategy differences.   

The model provided some evidence of the need for task-specific parameters. Only 

the computer versions of the modeling tasks were created because the most important 

behavioral results did not hinge on performance differences due to device. As a reminder, 

three sets of parameters were used to model each task: default ACT-R, as well as older 

and younger parameters established by Jastrzembski et al. (2010). The older adult model 

parameters provided a better fit to the data across each task. Models using the default and 

younger parameters produced the same model fit to the younger human data. However, 

modeling parameters were not able to fully account for task type differences, as shown by 

the overall poor model fit between the age-specific models and the behavioral data. The 

model results showed that parameters alone were not sufficient to capture performance 

differences between older and younger adults. In addition to answering the main research 

questions, the current research also provided evidence that strategy differences need to be 

incorporated into models to fully account for older and younger adult performance.  
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There were differences between the findings of the current study and the 

Jastrzembski et al. (2010) paper. Jastrzembski et al. (2010) used different tasks and 

devices than in the current research, however in their study, the age-specific models 

provided a better fit to the data than the default model. In the current research, only the 

older adult models provided a better fit to the data than the default models. The default 

and younger models provided approximately the same model fit, where the default 

models were slightly faster than the younger models for both tasks except on the review 

time.   

One caveat about the model results is the role of expertise. Model fit between the 

age-specific models and behavioral data may have been improved if subjects had more 

practice with the tasks. The Jastrzembski et al. (2010) parameters that were translated 

into the ACT-R cognitive architecture were originally validated using a GOMS model. A 

requirement for modeling with GOMS is that task behavior is routine. It was uncertain if 

routine task behavior was required when using the age-specific parameters in ACT-R 

models. Nevertheless, the Jastrzembski et al. (2010) tasks, dialing a phone number, 

sending a text message and appointment scheduling, were extensively practiced until task 

behavior became proceduralized. In the current study, routine task behavior may have 

depended on the task. Since the target-tapping task did not involve any strategy, it was 

believed that the subject became an expert after one practice trial. However, one practice 

trial may have been inadequate practice for the grocery-shopping task. Since the grocery-

shopping task was more complex, more practice trials may have been required for 

performance to become routine.                                                             
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Another caveat is that it is unclear if there is an effect on model fit due to the 

difference in the number of age-specific parameters available for using GOMS versus 

ACT-R. Only a subset of the MHP parameters used with GOMS was mapped to ACT-R. 

Specifically there were nine MHP age-specific parameters (see Table 1) and only four of 

those parameters were mapped into ACT-R. It is unknown if a small subset of parameters 

can accurately capture task and/or device performance. The use of more parameters could 

have possibly led to a better model fit.  

The key points from the current research are: (1) Architectural parameters may 

need to be specific to a device and/or task to more accurately predict performance. 

Additional research is necessary to more definitively explore the full parameter space. (2) 

Strategy differences are an important factor and may need to be accounted for when 

comparing different populations, tasks, and devices. The interplay between architectural 

parameters and strategy is unknown. In light of the current findings, a recommendation 

for future research is to investigate how strategy and age-specific parameters interact with 

one another. This would lead to further understanding of how much age-specific 

parameters matter when modeling a task that does or does not involve strategy. It would 

also be interesting to examine if strategy alone without using any of the age-specific 

parameters could account for differences in older and younger adult performance in a 

model. While the combination of the age-specific parameters and strategy used in the 

grocery-shopping model could be the reason why the model fit the older adult behavioral 

data the best, it is unclear if the model fit could have been due to strategy alone. 

Understanding the role that strategy and age-specific parameters play in modeling could 
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lead to more accurate models of younger and older adult performance. Future research 

should also investigate the number of parameters needed to accurately model a task or 

device. Each task and/or device has different information processing demands. As a 

result, it is unknown if a small subset of age-specific parameters are able capture the 

complexities of performing a task and/or using device. 

This research has other practical and theoretical implications. From a theoretical 

perspective, this research contributes to a better understanding of the generalizability of 

current parameters (i.e., Jastrzembski et al, 2010) established for older adults in the ACT-

R theory and cognitive architecture. In addition, this research shows how well the 

estimated parameters fared across task. This is important because while model 

predictions for younger adults were well validated, further research was required to test 

the accuracy of model predictions of older adult performance. This research was an 

important step in addressing that gap. Practically, this research is important because older 

adults are often underrepresented in the design process of products; valid models of older 

adult performance can be used as a usability evaluation tool to inform the design of 

products that cater to the aging demographic. 
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Online Shopping Survey Exit this survey

*

*

1. Please enter your survey number (this is located on the email sent to you)

2. How often do you shop online?

3. What items have you bought over the internet? (Please select all that apply)

4. What websites have you used to make online purchases (Please select all that
apply)

Very often

Often

Sometimes

Rarely

Never

Groceries

Fast food

Cosmetics

Books

CD/DVDs

Toys

Furniture

Clothes

Computer Products

Cinema/Concert/Theatre Ticket

Airplane Tickets

Jewelry

Other (please specify)

APPENDIX A
Survey administered via the phone
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Highlight
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Highlight
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Highlight
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DoneDone

Powered by SurveyMonkey
Check out our sample surveys and create your own now!

Amazon

Best Buy

JCPenney

Macy's

Old Navy

Sears

Target

Walmart

Other (please specify)

APPENDIX A
    Survey administered via the phone
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APPENDIX B 
Grocery Lists   

Subject Number: Condition Number: Practice 
GROCERY LIST  

You are making a smoothie at home. You are going to shop for the following items to prepare for it. 

• Please follow the order on this page

• Please add ALL of the following items to your shopping cart before placing your order.

• Please ask questions.

1. ------------Add to Shopping cart --------------

Beverages(
    Quantity Grocery Item 
☐  10 Water (8 oz/12 pack) 
☐  3 Orange Juice (64 oz) 

Dairy(
     Quantity Grocery Item 
�      6 Milk (1 gal) 
�      5 Yogurt (4 oz) 

Fruit(
    Quantity Grocery Item 
�     2 Bananas (per lb) 
�     1 Strawberries (per lb) 
�     3 Pineapples  

Households(
     Quantity Grocery Item 
�     10  Household Cleaner (32 oz) 

Paper(Goods(
    Quantity Grocery Item 
�       8               Napkins (80 ct) 
�       7               Straws (50 ct) 

2. ------------Change the quantity --------------

Quantity  Grocery Item 
�     2 Household cleaners 
�     1         Banana (per lb) 
�     6        Straws (50 count) 

3. ---------------- Delete Item ---------------------
Quantity  Grocery Item 
☐  10 Water (8 oz/12 pack) 
☐  3 Orange Juice (64 oz) 

4. ---------------- Place Order ---------------------

chil-admin
Typewritten Text
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Subject Number: Condition Number: 3 

GROCERY LIST 

You are hosting dinner party at your house. You are going to shop for the following items to prepare for it. 

• Please follow the order on this page

• Please add ALL of the following items to your shopping cart before placing your order.

Beverages((
   Quantity  Grocery Item 
☐  8 Coffee (22.6 oz) 
☐  3 Fruit Punch (32 ox) 

Condiments((
    Quantity    Grocery Item 
�     7  Hummus (8 oz) 

Dairy((
    Quantity    Grocery Item 
�     2 Cream Cheese (8 oz) 
�     2 Cheddar Cheese (8 oz) 

Fish((
     Quantity    Grocery Item 
�      6  Halibut (per lb) 

Meat((
    Quantity   Grocery Item 
�     3            Chicken Wings (per lb) 
�    10 Chicken Thighs (per lb) 

Pasta((
    Quantity   Grocery Item 
�    4 Elbow Macaroni (12 oz) 
�    8 Manicotti (12 oz) 

APPENDIX B
Grocery Lists
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Subject Number: Condition Number: 4 

GROCERY LIST  

You are having friends over for dinner and a movie. You are going to shop for the following items to prepare for it. 

• Please follow the order on this page

• Please add ALL of the following items to your shopping cart before placing your order.

Toiletries 
Quantity Grocery Item 

☐ 10 Toothpaste (6.2 oz) 
☐ 10 Deodorant (2.7 oz) 

Fruit 
Quantity Grocery Item 

☐8 Strawberries (per lb) 
☐8 Bananas (per lb) 

Canned goods 
Quantity Grocery Item 

�2  Sloppy Joes(15 oz) 

Snacks and Sweets 
Quantity Grocery Item 

�2  Trail Mix (10 oz) 
�2  Crackers (10 oz) 

Paper Goods 
Quantity Grocery Item 

�2 Wax Paper (75 sqft) 
�2 Brown Paper Bags (30 ct) 

Meats 
Quantity Grocery Item 

�   9 Sirloin (per lb) 
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 Subject Number  _____________   Condition Number:  2 

GROCERY LIST  

You are baking a cake for your friend’s birthday party. You are going to shop the following items to prepare for it. 

• Please follow the order on this page

• Please add ALL of the following items to your shopping cart before placing your order.

Baking 
   Quantity Grocery Item 
☐     1 Baking Powder (10 oz) 
☐     2 Cake Mix (18.25 oz) 

Dairy 
    Quantity Grocery Item 
�    6 Butter (per lb) 
�    4 Butter Milk (1 qt) 

Fruit 
    Quantity Grocery Item 
�    8 Lemons (per lb) 

Household 
   Quantity Grocery Item 
�    2 Household Cleaner (32 oz) 
�    5 Batteries, AA (6 pack) 

Vegetables 
   Quantity Grocery Item 
�    2 Spinach (per lb) 
�    5 Belgian Endives (per lb) 

Paper Goods 
   Quantity Grocery Item 
�   10  Straws (50 ct) 
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The
OF

GENERALIZABILITY
COGNITIVE
MODELING

P  A  R  A  M  E  T  E  R  S
Experiment

Welcome to the
Experiment Overview

2

• The goal of this experiment is to study how features of a task and user interface
affect performance.

• You will take a few cognitive ability test that measures how well you think
logically and solve problems in a novel way.

• Another test will measure for tremors.

• You will perform 2 different tasks (Target-Tapping and Grocery-Shopping) with 2
different devices (iPad and Computer).

3

• There will be two phases for each task performed with each device:

1. Practice Phase - You will practice 1 time with a task/device
combination. Please feel free to ask questions during this phase.

2. Regular Phase - Complete non-practice trials with a task/device
combination. No questions may be asked during this phase.

• Instructions will be given before the practice phase of a task/device combination

• After completion of all the task/device combinations you will complete a survey
and be debriefed.

Experiment Overview

TaKE Cognitive Ability TESTS

4

Complete Tasks

5

TaKE SURVEY

6

(Exclude the cognitive ability tests 
when rating experiment)
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Debrief

7

Thank you for your participation. The results
from your performance will be used to 
validate cognitive models. A cognitive 

model is a computational process designed 
to simulate thinking and behaving like a

human.Valid cognitive models of older adult 
performance are needed to inform the 

design of technology that can help older 
adults maintain independence and 

autonomy in our technology-driven world.

Grocery-shopping Computer

1

GROCERY shopping Task

2

• In the Grocery-Shopping task, you
will use a simulated grocery shopping 
application to purchase groceries
from a given list.

• The first screen you will see is the
Shop screen. Use this page to find the
category of a grocery item.

GROCERY shopping Task

2

• In the Grocery-Shopping task, you
will use a simulated grocery shopping 
application to purchase groceries
from a given list.

• The first screen you will see is the
Shop screen. Use this page to find the
category of a grocery item.

• The second screen you will see are the 
grocery items in the category you
selected.

GROCERY shopping Task

2

• In the Grocery-Shopping task, you
will use a simulated grocery shopping 
application to purchase groceries
from a given list.

• The first screen you will see is the
Shop screen. Use this page to find the
category of a grocery item.

• The second screen you will see are the 
grocery items in the category you
selected.

• Tap the add to cart button after you
have the desired amount of a grocery 
item.

GROCERY shopping Task

2

• In the Grocery-Shopping task, you
will use a simulated grocery shopping 
application to purchase groceries
from a given list.

• The first screen you will see is the
Shop screen. Use this page to find the
category of a grocery item.

• The second screen you will see are the 
grocery items in the category you
selected.

• Tap the add to cart button after you
have the desired amount of a grocery 
item.

• The last screen is the shopping cart.
On this page you can review your cart 
and make a purchase.
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GROCERY shopping Task

3

On the 
grocery 

items page, 
the back and 
shop button 

returns to the 
shop page

GROCERY shopping Task

3

On the 
grocery 

items page, 
the back and 
shop button 

returns to the 
shop page

GROCERY shopping Task

4

Clicking on the 
cart button will 
take you to the 
shopping cart 

page

GROCERY shopping Task

4

Clicking on the 
cart button will 
take you to the 
shopping cart 

page

GROCERY shopping Task

4

Clicking on the 
cart button will 
take you to the 
shopping cart 

page

GROCERY shopping Task

5

On the 
shopping cart 
page, the shop 

button will 
take you to 
the previous 

page 
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GROCERY shopping Task - SHOPPING CART

P l a c i ng yo u r 
order signals the 
end of the trial

Do not place 
your order until 
all items from 
the list are in 
your cart

YOU WILL COMPLETE a total of 3 grocery Trials.
Each Trial contains 10 different grocery items on a list. 7

Computer

YOU will only use mouse Input 
to perform tHIS TASK

8

Scrolling

You can scroll up and DOWN by using the scroll
bar or scroll wheel on the Mouse 

Up

Down

Scroll Bar

Scroll 
Wheel

9

Selecting

Select an ITEM on the screen by  
CLICKING ON IT with Your MOUSE

10

complete THIS task as quickly 
and accurate AS POSSIBLE Target-Tapping Computer

1
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Target-Tapping Task

2

• In the Target-Tapping task, a green
target will appear in the center of the
screen.

• You will tap the target with a mouse

+

Target-Tapping Task

2

• In the Target-Tapping task, a green
target will appear in the center of the
screen.

• You will tap the target with a mouse

• Tap the green target and a red target
in a new location will appear. One
target will appear on the screen at a
time.

+

Target-Tapping Task

2

• In the Target-Tapping task, a green
target will appear in the center of the
screen.

• You will tap the target with a mouse

• Tap the green target and a red target
in a new location will appear. One
target will appear on the screen at a
time.

• A total of 15 red targets in different
locations around the screen will be
presented.

+

Target-Tapping Task

2

• In the Target-Tapping task, a green
target will appear in the center of the
screen.

• You will tap the target with a mouse

• Tap the green target and a red target
in a new location will appear. One
target will appear on the screen at a
time.

• A total of 15 red targets in different
locations around the screen will be
presented.

+

Target-Tapping Task

2

• In the Target-Tapping task, a green
target will appear in the center of the
screen.

• You will tap the target with a mouse

• Tap the green target and a red target
in a new location will appear. One
target will appear on the screen at a
time.

• A total of 15 red targets in different
locations around the screen will be
presented.

• You will be provided with a 45
second break in the middle of the
task.

+

Target-Tapping Task

Find the plus (+) 
sign in the middle 
of the button and 

tap it

Tap the buttons 
as quickly and 
accurately as 

possible

Missed buttons will 
appear on the screen 

until you tap it

Missed red buttons will 
also be replayed at 
the end of a trial

YOU WILL COMPLETE a total of 6 trials.
Each Trial Contains 15 different cycles.

+
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Target-Tapping Task

Find the plus (+) 
sign in the middle 
of the button and 

tap it

Tap the buttons 
as quickly and 
accurately as 

possible

Missed buttons will 
appear on the screen 

until you tap it

Missed red buttons will 
also be replayed at 
the end of a trial

YOU WILL COMPLETE a total of 6 trials.
Each Trial Contains 15 different cycles.

+

Target-Tapping Task

Find the plus (+) 
sign in the middle 
of the button and 

tap it

Tap the buttons 
as quickly and 
accurately as 

possible

Missed buttons will 
appear on the screen 

until you tap it

Missed red buttons will 
also be replayed at 
the end of a trial

YOU WILL COMPLETE a total of 6 trials.
Each Trial Contains 15 different cycles.

+

4

Computer

YOU will only use mouse Input 
to perform tHIS TASK

5

Selecting

Select a TARGET on the screen by  
CLICKING ON IT with Your MOUSE

6

complete THIS task as quickly 
and accurate AS POSSIBLE Target-Tapping IPAD

1
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Target-Tapping Task

2

• In the Target-Tapping task, a green
target will appear in the center of the
screen.

+

Target-Tapping Task

2

• In the Target-Tapping task, a green
target will appear in the center of the
screen.

• You will tap the target with your finger

• Tap the green target and a red target
in a new location will appear. One
target will appear on the screen at a
time.

+

Target-Tapping Task

2

• In the Target-Tapping task, a green
target will appear in the center of the
screen.

• You will tap the target with your finger

• Tap the green target and a red target
in a new location will appear. One
target will appear on the screen at a
time.

• A total of 15 red targets in different
locations around the screen will be
presented.

• You will be provided with a 45
second break in the middle of the
task.

+

Target-Tapping Task

YOU WILL COMPLETE a total of 6 trials.
Each Trial Contains 15 different cycles

+

Target-Tapping Task

Find the plus (+) 
sign in the middle 
of the button and 

tap it

Tap the buttons 
as quickly and 
accurately as 

possible

Missed red buttons will 
appear on the screen 

until you tap it

Missed red buttons will 
also be replayed at 
the end of a trial

YOU WILL COMPLETE a total of 6 trials.
Each Trial Contains 15 different cycles

+

Target-Tapping Task

Find the plus (+) 
sign in the middle 
of the button and 

tap it

Tap the buttons 
as quickly and 
accurately as 

possible

Missed red buttons will 
appear on the screen 

until you tap it

Missed red buttons will 
also be replayed at 
the end of a trial

YOU WILL COMPLETE a total of 6 trials.
Each Trial Contains 15 different cycles

+
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4

iPad

YOU will only use touch Input 
to perform tHIS TASK

4

iPad

YOU will only use touch Input 
to perform tHIS TASK

+

Be aware 
that targets 

on the 
bottom 

screen may 
be covered 

by your 
hands

5

Selecting

Select an ITEM on the screen by  
Tapping IT with Your Finger one time

6

complete THIS task as quickly 
and accurate AS POSSIBLE

Grocery-shopping IPAD

1

GROCERY shopping Task

3

• In the Grocery-Shopping task, you
will use a simulated grocery shopping 
application to purchase groceries
from a given list.

• The first screen you will see is the
Shop screen. Use this page to find the
category of a grocery item.
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3

• In the Grocery-Shopping task, you
will use a simulated grocery shopping 
application to purchase groceries
from a given list.

• The first screen you will see is the
Shop screen. Use this page to find the
category of a grocery item.

• The second screen you will see are the 
grocery items in the category you
selected.

• Tap the add to cart button after you
have the desired amount of a grocery 
item.

• The last screen is the shopping cart.
On this page you can review your cart 
and make a purchase.
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GROCERY shopping Task
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On the 
shopping cart 
page, the shop 

button will 
take you to 
the previous 

page 

GROCERY shopping Task

5

On the 
shopping cart 
page, the shop 

button will 
take you to 
the previous 

page 

GROCERY shopping Task - SHOPPING CART

YOU WILL COMPLETE a total of 3 grocery Trials.
Each Trial contains 10 different grocery items on a list.

GROCERY shopping Task - SHOPPING CART

Do not place 
your order until 
all items from 
the list are in 
your cart

YOU WILL COMPLETE a total of 3 grocery Trials.
Each Trial contains 10 different grocery items on a list.

GROCERY shopping Task - SHOPPING CART

P l a c i ng yo u r 
order signals the 
end of the trial

Do not place 
your order until 
all items from 
the list are in 
your cart

YOU WILL COMPLETE a total of 3 grocery Trials.
Each Trial contains 10 different grocery items on a list. 2

iPad

YOU will only use touch Input 
to perform tHIS TASK
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Scrolling

You can scroll up and 
DOWN BY USING your Finger 

8

Selecting

Select an ITEM on the screen by  
Tapping IT with Your Finger one time

9

complete THIS task as quickly 
and accurate AS POSSIBLE

120APPENDIX C
Task Instructions 



APPENDIX D 
Archimedes Spiral Test 

Subject Number: ________ 

Archimedes Spiral 

Please draw this spiral with each hand without leaning your 
hand or arm on the table. 

   Left Hand       Right Hand 
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APPENDIX F 
Survey 

!
#______!

Background!and!General!Computer!Survey!

1. Age:'______'
'

2. Gender:'____'Male'' ____'Female'
'

3. Highest'level'of'education?''
'____'Less'than'high'school'

''''''''____'High'School'GED'
''''''''____'Some'College'

'____'2DYear'College'Degree'''''''''''''''''''''''''''''''''''''''''''''''
____''4DYear'College'Degree''

''''''''''''''''''''''''''''''''''''''
____'Master’s'Degree'

'''''''____'Doctoral'Degree'
____'Professional'Degree'
(MD,'JD)

'

4. Please'specify'your'race?'
____'American'Indian'or'Alaskan'Native'
____'Asian'
____'Black'or'African'American'
____'Native'Hawaiian'or'Other'Pacific'Islander'
____'White'

'
5. Do'you'have'normal'or'corrected'to'normal'vision?''_____'No'''''_____'Yes'

'
6. Are'you'left'or'right'handed?'____'Right'' ____'Left'' ____'Ambidextrous''

'
7. Are'you'a'native'English'speaker?'____'No''''____'Yes'

a. If'no,'what'is'your'native'language?''_________________'
'

8. Can'you'touch'type?'_____'No'''''_____'Yes'
'

9. How'many'hours'per'week'do'you'use'a'computer?''
''''''''''____'less'than'5'hours'

'''____'between'5'and'10'hours'
'''''''''''''''''____'between'10'and'20'hours'

____'between'20'and'30'hours'
____'between'30'and'40'hours'
____'over'40'hours'

'

10. Of'those'hours,'how'many'are'spent'on'the'internet?'
''''''''''____'less'than'5'hours'

'''____'between'5'and'10'hours'
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2'

'''''''''''''''''____'between'10'and'20'hours'''
'''''''''''''''''____'between'20'and'30'hours'

'''____'between'30'and'40'hours'
____'over'40'hours'

'

11. How'many'playing'computer'games?''
____'less'than'5'hours'
____'between'5'and'10'hours'

''''''''''''''____'between'10'and'20'hours' '
____'between'20'and'30'hours'
____'between'30'and'40'hours'
'

12. Prior'to'your'current'level'of'computer'usage,'how'many'hours'per'week'did'
you'use'a'computer?'
____'less'than'5'hours'
____'between'5'and'10'hours'

''''''''''''''____'between'10'and'20'hours' '

____'between'20'and'30'hours'
____'between'30'and'40'hours'

'

13. For'how'many'years'have'you'been'at'your'current'level'of'computer'usage?'
__________

'
14. Please'rate'your'level'of'computer'expertise'(1'='novice,'10'='expert)''

1' '2' '3' '4' '5' '6' '7' '8' '9' '10''

15.Which'operating'system'do'you'use'most'frequently?'
____'Windows'
____'Macintosh'
____'Linux/Unix'
____'Other:'________________________'

'

16.Which'operating'system'do'you'prefer?'
____'Windows'
____'Macintosh'
____'Linux/Unix'
____'Other:'________________________'

'

17. If'you'have'a'preferred'search'engine,'which'is'it?'
_________________________________'
'

18. Do'you'have'a'webpage?'_____'No'''''_____'Yes'
'
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