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Abstract 

The growth of artificial intelligence (AI) technologies in everyday life and manufacturing are 
expected to reduce the mental workload of a user or human operator and increase their efficiency. 
In industrial systems, such as additive manufacturing (AM), as AM transitions from a technology of 
manufacturing prototypes to rapid manufacturing, it is important that these added technologies 
reduce an operator’s mental workload, have high user satisfaction, and are easily implemented and 
incorporated into the operator’s tasks. One growing AI technology is Smart Compose, an artificially 
intelligent system that provides writing suggestions when composing an email through Gmail. Like 
other AI technologies, the goal of Smart Compose is to enhance the performance of a user; in this 
case, typing an email. It is hypothesized that Smart Compose increases a user’s performance when 
typing an email. Thus, the objective of this study is to test the capability of Smart Compose and 
whether it increases human performance and decreases mental workload for college students. The 
study found that Smart Compose does not significantly increase human performance and does not 
significantly decrease mental workload for college students 

1. Background 

Artificial intelligence (AI) has become a relevant topic in many fields, including engineering and 
computer science. In 1951, Alan Turing was the first to explore the question of whether humans could 
develop a machine that could think, which led to the term “artificial intelligence” being coined by 
John McCarthy in 1956 (Tugui, Danciulescu, & Subtirelu, 2019). McCarthy pictured AI as “the science 
and engineering that tries to make machines intelligent, trying to get them to understand human 
language and to reach problems and goals as well as a human being” (Garcia, Nunez-Valdez, Garcia-
Diaz, Garcia-Bustelo, & Lovelle, 2019). Many computer scientists of the late 1950s and 1960s 
predicted that machines would be able to work, think, and reason and become intelligent like 
humans within the following years or decades (Atkinson, 2018). While that outlook was certainly 
overly optimistic, engineers and scientists have developed and grown several different forms of AI 
since then, with 2,000 new patents created for AI-based technologies between 2012 and 2016 alone 
(Fujii & Managi, 2018). 

AI-based technologies can be broken down into two general subcategories: weak or narrow AI 
and artificial general intelligence or strong AI (Lu, Li, Chen, Kim, & Serikawa, 2018). Weak AI or narrow 
AI is a specialized form of AI that only performs specific tasks such as only recognizing a person 
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through facial recognition but not verbal recognition (Lu, Li, Chen, Kim, & Serikawa, 2018). While its 
scope is limited, weak AI is personalized for a specialized task and unable to solve other tasks without 
being modified (Wirth, 2018). Weak AI is capable and efficient at solving complex problems, but it is 
unable and struggles with solving difficult problems. Complex problems are quantitative and can be 
traced by rules or units such as playing a game of chess (Lu, Li, Chen, Kim, & Serikawa, 2018). On the 
contrary, difficult problems require some sort of fine or gross motor skills, such as tying one’s shoes 
(Floridi, 2019). When given complex problems and quantitative data, weak AI can be effective and 
efficient at the given tasks.  

Artificial general intelligence (AGI) is vastly different than weak AI and has not been successfully 
developed by humans. While weak AI does not have motor skills, AGI is achieved when a software 
program “controls itself autonomously, with its own thoughts, worries, feelings, strengths, 
weaknesses and predispositions” (Goertzel & Pennachin, 2007). Currently, AI systems are efficient at 
following patterns but there is no AI that can act as a human brain or form a relationship between 
the human mind and the human body (Lu, Li, Chen, Kim, & Serikawa, 2018). Until general AI is 
successfully developed, scientists and engineers will continue to use weak AI technologies such as 
machine learning and deep learning. One weak AI technology that uses machine learning and deep 
learning is Smart Compose. Smart Compose is designed to increase the performance of a user typing 
an email on Gmail and reduce their mental workload like other weak AI technologies. Thus, it was 
hypothesized that Smart Compose significantly affects the performance of a user typing an email on 
Gmail and mental workload. For this study on Smart Compose, the focus was on a college student’s 
capability with Smart Compose due to a large portion of college students using Gmail on a regular 
basis. 

1.1. Machine Learning 

Machine learning (ML) is one of the most common forms of AI that “is based on the development 
of learning techniques to allow machines to learn, based on the analysis of data and applying some 
algorithms for this processing and others for decision making from the data already analyzed” 
(Garcia, Nunez-Valdez, Garcia-Diaz, Garcia-Bustelo, & Lovelle, 2019). Essentially, a machine is 
presented with some data, and it analyzes said data via a decision-making algorithm in order to think. 
When presented with this data, ML networks use one of three primary modes of learning to process 
the data, which are supervised, unsupervised, and reinforcement learning (Stinis, 2019). For this 
paper, the focus will be on supervised learning and the two major types of networks that use 
supervised learning - classification oriented networks and regression-oriented networks (Welsh, 
2019).  

Classification oriented networks match a classification to data in hopes that, over time, a machine 
can recognize similarities in the classes and analyze data correctly into those classes (Welsh, 2019). 
An example of this would be recognizing different types of trees where a machine could be given 
thousands of images of palm trees, fern trees, and oak trees with the respective class tied to each 
image. Over time, the machine would develop an algorithm to determine the type of tree that is 
shown. The major downside to this network is that if the class is not predetermined by a human, the 
network will not be able to classify them correctly (Welsh, 2019). If an image of a cactus would be 
given to the machine described above, it would misclassify the cactus due to its lack of prior 
knowledge on the cactus in the machine. 

Regression networks use inputs and weighted nodes to pass the data onto another set of nodes, 
which eventually leads to an output (Welsh, 2019). Regression networks use a decision tree, which 
is set up as a binary tree. The data traverses the tree until an output is reached (Garcia, Nunez-Valdez, 
Garcia-Diaz, Garcia-Bustelo, & Lovelle, 2019). It is common for multiple regression networks to be 
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connected, and the trees can be combined to create a forest, which allows for nodes to be passed 
back into the same tree, often resulting in better data (Welsh, 2019). Regression networks can be 
used in conjunction with deep learning techniques, which are described more in the next section of 
this paper. 

1.2. Deep Learning 

Artificial neural networks (ANNs) are non-linear classification systems that attempt to model the 
human brain (Prieto, et al., 2016). ANNs can “learn” about data, and they feed into a neural network 
(NN), which contains weighted nodes or neurons that are used to create a data path to an output. 
The weighted nodes in neural networks are commonly used in deep learning (DL), the most common 
subcategory of ML. DL was first explored in its current form around 2006, when multi-layer NNs and 
deep learning models were created (Yu, 11). However, the term “neural network” was coined by 
Warren McCulloch and Walter Pitts in 1943, and D.O. Hebb was the first to weight different neurons 
and connect them (Prieto, et al., 2016). The goal of DL is to map data from a bottom layer to an upper 
layer in a hierarchical manner, like that of the human brain (Lu Y. , 2019). There are many layers in 
DL networks, and “deeper” layers in the network tend to be more abstract (LeCun, Bengio, & Hinton, 
2015). It is also important to note that the layers are not designed by human engineers; rather, the 
machine generates the layers by “learning” from data received (LeCun, Bengio, & Hinton, 2015). The 
key to deep learning is assigning weights to each neuron in a network correctly and then doing so for 
several layers (Schmidhuber, 2015). In a neuron tree, one weighs a node to provide a certain 
magnitude to that node to increase the magnitude between the node initial. If a node has a higher 
weight than another node, the former node will have a greater influence than the latter node. 

One common network using DL concepts is the convolution neural network (CNN). CNNs use 
multiple layers to sort data that comes as an input in multiple arrays (LeCun, Bengio, & Hinton, 2015). 
The inputted data is passed through several filter banks, which is a set of weights that helps to process 
the data in a non-linear fashion. Each layer of the CNN has a separate data bank, and these data 
banks help to determine patterns and produce an output (LeCun, Bengio, & Hinton, 2015). CNNs are 
very good at processing images and sounds and are used in devices such as autonomous vehicles 
(LeCun, Bengio, & Hinton, 2015). 

1.3. Current and Future Artificial Intelligence in Industry 

Several industries have begun to flourish by using one or more forms of AI technologies to 
enhance products or technology that they are producing. The most noticeable trend is the consistent 
use of DL techniques with nearly every industry examining the uses of DL concepts, which makes 
sense with the recent advancements in neural networks. It is no secret that automating processes 
will allow for industries to be more efficient; however, should the trend continue, it will be interesting 
to see how it affects industries beyond efficiency. Another trend in AI technology is the growth of DL 
when it comes to AI-based technologies due to the success rates of multilayered neural networks. 
This is obvious in literature, where the number of publications related to DL skyrocketed from just 
over 650 in 2010 to over 7,400 in 2017 (Bostan, Ekin, Sengul, Karakaya, & Tirkes, 2018). A large part 
of this growth can be attributed to the success of convolutional neural networks (CNN) that have 
found to be effective with object recognition and scene analysis (Ibrahim & Qaisar, 2019).  

Finally, a trend that is growing and particularly relevant for this research is the combination of DL 
techniques and natural language processing (NLP). NLP attempts to allow machines to analyze human 
language; however, in the past, most NLP research had been done using shallow models (Young, 
Hazarika, & Poria, 2018). In the present, NLP concepts are being combined with DL techniques in 
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order to create multilayered networks seeking to improve results and cut out previously used hand-
crafted features that were time-consuming (Young, Hazarika, & Poria, 2018). The results have been 
positive for techniques such as word embeddings, which seek to sort similar words into vectors, and 
character embeddings, which seek to do the same, but using characters rather than words (Young, 
Hazarika, & Poria, 2018).  

With these current trends in AI-based technology, it’s important that AI technologies being 
implemented into various systems truly make them efficient and reduce the mental workload of the 
system’s operators. This can be done through experimentations, by comparing the system with and 
without the AI technology and see if the AI technology significantly improves the efficiency of the 
system and reduces the mental workload on the operator. Two examples of industrial technologies 
that continue to grow in popularity and are designed to increase the efficiency of the system and 
reduce mental workload of the user or operator are autocomplete and autocorrect, both features in 
word processing. 

1.4. Autocorrect 

Autocorrect stems from predictive text systems, which have their roots as far back as the 1970s 
(Kidney and Anderson, 103). While autocorrection is widely accepted to be helpful in correcting 
obvious errors, it also is not easy to implement (Hasan et al., 451). In modern autocorrect systems, a 
dictionary is  “learned,” and then words that are not in the dictionary but commonly typed are added 
over time while common corrections that the user continuously makes are also added (Kidney and 
Anderson, 103). 

Autocorrect in the modern-day uses a combination of ML techniques and natural language 
processing (NLP) techniques, as they tend to adapt to a user’s word choice over time (Kidney and 
Anderson, 103). As a system learns the word choices that a user tends to choose, it can begin to 
predict when words are incorrect and can be changed (Kidney and Anderson, 103). There are 
currently systems that use neural networks, language models, and NLP, as well as systems that use 
neural network learning and database changes in order to implement autocorrect (Ouazzane, 5961). 
While there do not appear to be any insights that relate specifically to Google’s version of 
autocorrect, it can be presumed that it uses these techniques as well. Seeing that much of the leading 
research on the topic tends to focus on similar techniques, it would make sense for a technological 
powerhouse to use the leading information that is available. 

1.5. Smart Compose 

Autocomplete is a similar technology to autocorrect. However, autocomplete is used to complete 
phrases and sentences, while autocorrect is typically used to complete a single word. Regardless, the 
deep learning methods that go into each technology is very similar. Smart Compose is Gmail’s version 
of autocomplete. Using neural networks, it can provide users with suggestions for how to complete 
sentences, phrases, or words. Smart Compose was launched in 2018 (Wu, 2018). Smart Composes 
has three major challenges according to Wu, a principal engineer on Google’s Brain Team. They are 
latency, scale, and fairness and privacy (Wu, 2018). Latency requires a quick response from the 
system. Scale requires that the system caters to a diverse body of users. Fairness and privacy are 
essential for preserving the user’s personal information (Wu, 2018). 

2. Methodology 

A within-subject design experiment was conducted to test the capability of college students using 
Smart Compose, which is comprised of four major parts. The results and data collected from these 
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four parts will then be analyzed using IBM SPSS Statistics software. The first part consisting of 
collecting demographic information on a participant through a 5-question multiple-choice Pre-
Questionnaire and a Typing Test. Each participant was asked to answer four questions, and a fifth 
question was posed to those who responded in a certain manner to another question. Out of the 21 
participants, only two did not answer the fifth question, while all 21 participants answered the first 
four questions. The first question enquires on the gender of the participant while the second question 
request the age of the participant. The third question requests the participant to rate their typing 
skills as either Novice, Intermediate, or Advanced. The fourth question inquires on the participant’s 
familiarity with the autocomplete function used in Gmail. If the answer is yes, the participant is 
questioned whether they believe autocomplete is a useful tool or not. 

Following the completion of the Pre-Questionnaire, an online typing test sponsored by LiveChat 
was administered to each participant to test a participant’s typing ability with the metrics of words 
per minute and accuracy being provided at the end of each test. Each participant had one minute in 
order to type as many words as possible with the words being randomly selected from the 1,000 
most common words in the English language according to LiveChat.  

The second part of the experiment gave a participant a 100-word sample email and had the 
participant to type the email for four iterations under different conditions that are outlined in Table 
1. Smart Compose was enabled twice and disabled twice while a 90-second timer was enabled twice 
and disabled twice to add a stress variable in order to see how the participant performed and felt 
when time was limited to emulate an industrial setting where operators must adhere to a tight 
schedule. Table 1 shows the four trials of the test below. 

 
Table 1. Typing test trials 

Trial 1 
Smart Compose: OFF 
90 Second Timer: OFF 

Trial 2 
Smart Compose: OFF 
90 Second Timer: ON 

Trial 3 
Smart Compose: ON 

90 Second Timer: OFF 

Trial 4 
Smart Compose: ON 
90 Second Timer: ON 

 
 Each participant had the trials randomized using a MATLAB script and to avoid the data from 

being skewed due to participants becoming proficient with the email by the fourth trial. When the 
90 second timer was enabled, the participant could not see the timer with the participant with the 
experiment administrator telling the participant that they had 90 seconds to complete the trial, and 
once the timer expired, participants were instructed to stop typing by the experiment administrator. 
Though Trials 2 and 3 had the Smart Compose feature on, the user was not required to use Smart 
Compose when it was enabled. 

The third part of the experiment had each individual fill out a NASA Task Load (NASA-TLX) form 
following the completion of each trial. NASA-TLX assesses six subjective mental workload measures 
based on an individual’s perceived mental workload of the task. The form measures mental demand, 
physical demand, temporal demand, performance, effort, and frustration so it could be analyzed 
later which trials had the highest and lowest demands. Mental demand enquires on how mentally 
demanding the task on the participant was while physical demand tests how physically demand the 
task was for the participant. The participant is also asked about their temporal demand which is the 
pressure felt by the participant based on the pace of the task given. Next, the participant is 
questioned about their performance with the task regarding how successful they were in 
accomplishing the given task and about how much effort they had to give to get to their level of 
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success with the task. Finally, the amount of frustration the participant had during the task was 
examined. 

Lastly, the fourth and final part of the experiment had a System Usability Scale administered after 
all four iterations and all four NASA-TLX forms were completed. The form had ten different 
statements, and the user was able to select an answer from 1-5, with 1 being “Strongly Disagree” to 
5 being “Strongly Agree” regarding the Smart Compose technology. The purpose of the scale was to 
collect data from each participant regarding the usability of Smart Compose in a qualitative manner. 

3. Results 

The impact of Smart Compose on college students’ typing efficiency was the focus of this study, 
hence, data was collected from a sample of twenty-one different college students, all of whom were 
18-25 years old. Each participant voluntarily completed the experiment with the option to stop at 
any point throughout the experiment. The Pre-Questionnaire provided data on the participants. 
From the data obtained, the gender, age range, and typing skills of participants were collected. The 
results of the Pre-Questionnaire (N = 21) had 11 females and 10 males. Of the 21 participants, 13 
participants rated themselves as intermediate typists with 5 suggesting that they were novice the 
other 3 suggesting they were advanced typists. The results from question #4 in the Pre-Questionnaire 
were that 19 participants stated they there were familiar with Autocomplete and the other 2 
participants saying they were not. The fifth and final question in the Pre-Questionnaire asked the 
participants if they thought autocomplete was a useful technology. Out of the 19 participants who 
were familiar with Smart Compose, 17 of them believed that it was a useful technology while the 
other two believing otherwise.  

As previously stated, each participant took the LiveChat typing test with their word per minute 
and accuracy results being recorded with accuracy being the measure of human performance. A word 
was deemed incorrect if it was spelled incorrectly, capitalized incorrectly, punctuated incorrectly, or 
missed. There is an exception to a missed word, which was if there were extra spaces at the end of a 
paragraph, the accuracy was not affected. The words per minute were the main statistic that was 
examined; the chart below (Figure 1) shows the words per minute each user typed as well as their 
self-classification of their typing skills. The lines shown in the graph are 25th percentile (43 
words/min) and 75th percentile (61 words/min) lines. A statistical test was done to test if there is a 
significant difference in the words per minute between the three groups of typists (Novice, 
Intermediate, and Advanced). With all sets of data being normally distributed and with homogeneous 
variances (p > 0.05), an analysis of variance (ANOVA) was conducted. It was found that there was a 
significant difference between the words/minutes between Advanced and Novice typists (p < 0.05) 
while there were no significant differences between both Advanced and Intermediate typists and 
Novice and Intermediate typists (p > 0.05). Additional summary statistics can be seen in Table 2. 
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Figure 1. Words per minute by self-labeled typing skill 
 
 

The average accuracy for each trial is shown below in Table 3. The accuracy means for when Smart 
Compose was on (Trial 1 and 2) appear to be comparable to when Smart Compose was off (Trial 3 
and 4). On the other hand, Trial 2 and 4, which had the timer active seem to be at least .10 or 10% 
less than the accuracy averages of Trial 1 and 3, which did not use the timer. Thus, two statistical 
tests were completed: one tested if Smart Compose significantly affects a user’s performance while 
the other tested if the 90-second timer significantly affects a user’s performance.   

Table 2. ANOVA test results on words per minute 

(I) TypingSkill (J) TypingSkill N Mean Standard Deviation Sig.b 

Advanced
Intermediate 13 50.615 10.332 0.228 
Novice 5 39.200 16.873 0.023 

Intermediate 
Advanced 3 64.667 3.512 0.228 
Novice 5 39.200 16.873 0.237 

Novice 
Advanced 3 64.667 3.512 0.023 
Intermediate 13 50.615 10.332 0.237 

To test the significance of Smart Compose, the sample data of Trial 1 and Trial 2 when Smart 
Compose was off and Trial 3 and Trial 4 when Smart Compose was on were compared to see if there 
was a statistically significant difference in the means. The data was not normally distributed (p < 
0.05). Thus, the Related-Samples Wilcoxon Signed Rank Test was conducted, and found human 
performance in typing an email through Gmail with the use of Smart Compose did not significantly 
affect a user’s performance since it’s p-value is more than 0.05 (p = 0.173). 

To test the impact of the 90-second timer, the sample data of Trial 1 and 3 when the timer was 
off, and the sample data of Trial 2 and 4 when the timer was on were compared. Since the data was 
not normally distributed  (p < 0.05), a non-parametric test revealed that human performance in 
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typing an email with a 90-second timer does significantly affect a user’s performance in typing an 
email through Gmail since it’s p-value is less than 0.05 (p = 0.000). 

Lastly, a multivariate analysis of variance (MANOVA) test was done on the accuracy averages of 
the three groups of typists to see if there were any significant differences. It was observed that an 
Advanced typist’s accuracy average on Trial 4 was significantly different than a Novice typist’s 
accuracy average on Trial 4 (p < 0.05). All the results and p-values from the MANOVA test can be seen 
in Table 4 while the F-statistic for typing skill can be seen in Table 3. 

 
Table 3. Accuracy averages 

Source Dependent 
Variable N Mean Standard Deviation F  Sig. 

TypingSkill 

Trial_1 21 0.971 0.049 0.775 0.475 
Trial_2 21 0.823 0.166 3.428 0.055 
Trial_3 21 0.962 0.055 0.446 0.647 
Trial_4 21 0.816 0.181 5.592 0.013 

 
Next, the NASA-TLX forms were examined and averaged in order to compare subjective mental 

workload results, which can be seen under Table 5. Then all six of subjective mental workload 
measures of the NASA-TLX were added together and divided by 6 to get an overall average mental 
workload for each trial. Those overall averages were then used to conduct a pair of non-parametric 
t-tests that tested if there is a significant difference in the overall mental workload when the timer is 
off (Trial 1 and Trial 3) and when the timer is on (Trial 2 and Trial 4) and if there was a significant 
difference between the overall workload when Smart Compose is off (Trial 1 and Trial 2) compared 
to when Smart Compose is on (Trial 3 and Trial 4). 

 
Table 4. MANOVA test on typist’s accuracy averages  

Dependent 
Variable (I) TypingSkill (J) TypingSkill N Mean Standard 

Deviation Sig.b 

Trial_4 

Advanced 
Intermediate 13 0.842 0.137 0.393 
Novice 5 0.644 0.210 0.015 

Intermediate 
Advanced 3 0.993 0.006 0.393 
Novice 5 0.644 0.210 0.066 

Novice 
Advanced 3 0.993 0.006 0.015 
Intermediate 13 0.842 0.137 0.066 

 
 The non-parametric t-tests between the NASA-TLX variables when the timer is off versus when 

the timer is on found that mental demand (p = 0.001), physical demand (p = 0.000), temporal demand 
(p = 0.000), performance (p = 0.000), effort (p = 0.000), and frustration (p = 0.000) were all 
significantly different from one another. 

For the NASA-TLX performance averages significance test on Smart Compose, a test of normality 
of the data was done and found that most of the data was not normal. Since the normality 
assumption was not met, a Wilcoxon Signed-Rank test was done to see if there was a significant 
difference any of the NASA-TLX performance averages when Smart Compose is off versus when 
Smart Compose is on. The significance tests between NASA-TLX performance averages when Smart 
Compose is off versus when Smart Compose is on found that there were no significant differences 
between any NASA-TLX performance average when Smart Compose off compared to when it was on. 

 
 
 



The Journal of Management and Engineering Integration Vol. 13, No. 1 | Summer 2020 
 
 

119 
 

Table 5. NASA-TLX performance averages 

  N 
Mental 

Demand 
Physical 
Demand 

Temporal 
Demand Performance Effort Frustration 

Overall 
Average 

Trial 1 21 23.810 20.714 20.000 19.048 31.667 18.810 22.341 
Trial 2 21 37.619 28.333 61.190 42.857 56.905 35.238 43.690 
Trial 3 21 29.286 23.571 25.238 21.667 30.714 27.381 26.310 
Trial 4 21 40.238 29.762 63.810 43.571 54.762 37.857 45.000 

 
Lastly, the results of the Systems Usability Survey mirrored the responses from the Pre-

Questionnaire. The results found that the 21 participants strongly disagreed that they needed to 
learn a lot about Smart Compose before using it (1.38), strongly disagreeing that they needed a 
technical person to operate Smart Compose (1.10), strongly agreed that Smart Compose was easy to 
use (4.33), and strongly agreed that most people would learn Smart Compose quickly (4.52). The 
perceived usefulness of Smart Compose as a program by the participants contrasts Smart Compose’s 
actual effectiveness as a system for reducing a user’s mental workload as well as increasing the user’s 
performance.  

To see if the perceived usefulness of Smart Compose as a program may vary based on one’s typing 
skill, a significance test was done to test the ten Systems Usability Survey questions and if they are 
significantly different based on the type of the typist. A test of normality was done to see if the data 
met the normality assumption for a MANOVA test and found the data is not normal. Though the data 
was not normal, a MANOVA was still done.  The MANOVA test results which can be seen in Table 7 
found that the Advanced typist’s and Novice typist’s answers from Question #5 (p = 0.029), the 
Intermediate’s typist and Novice typist’s answers from Question #5 (p = 0.017), and the 
Intermediate’s typist and Novice typist’s answers from Question #10 (p = 0.043) were all significantly 
different while Table 6 provides the F-statistic. 

 
Table 6. Between-Subjects effects 

Source Dependent Variable N Mean Standard 
Deviation F Sig. 

TypingSkill 

Systems Usability Q1 21 3.571 1.076 0.202 0.819 
Systems Usability Q2 21 2.048 0.921 0.326 0.726 
Systems Usability Q3 21 4.333 0.856 1.337 0.287 
Systems Usability Q4 21 1.095 0.436 1.714 0.208 
Systems Usability Q5 21 3.762 0.889 6.030 0.010 
Systems Usability Q6 21 2.476 0.928 1.290 0.300 
Systems Usability Q7 21 4.524 0.602 0.382 0.688 
Systems Usability Q8 21 2.095 1.221 0.319 0.731 
Systems Usability Q9 21 3.762 0.944 2.449 0.115 
Systems Usability Q10 21 1.381 0.669 3.671 0.046 
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Table 7. MANOVA test on typist’s systems usability survey answers 

Dependent Variable (I) TypingSkill (J) TypingSkill N Mean Standard 
Deviation Sig.b 

SystemsUsabilityQ5 

Advanced 
Intermediate 13 4.000 0.707 1.000 
Novice 5 2.800 0.837 0.029 

Intermediate 
Advanced 3 4.333 0.577 1.000 
Novice 5 2.800 0.837 0.017 

Novice 
Advanced 3 4.333 0.577 0.029 
Intermediate 13 4.000 0.707 0.017 

SystemsUsabilityQ10 

Advanced 
Intermediate 13 1.154 0.376 1.000 
Novice 5 2.000 1.000 0.426 

Intermediate 
Advanced 3 1.333 0.577 1.000 
Novice 5 2.000 1.000 0.043 

Novice 
Advanced 3 1.333 0.577 0.426 
Intermediate 13 1.154 0.376 0.043 

4. Conclusion 

Smart Compose is an AI technology designed to increase a user’s performance when typing an 
email through Gmail. Based on this pilot study, a operator’s performance does not increase when 
Smart Compose is used (p > 0.05). As seen in the significance test on the NASA-TLX data, the 
operator’s mental workload does not decrease when Smart Compose is active as well (see Table 7). 
On the contrary, the time constraint affects the operator’s performance (p < 0.05) and mental 
workload (see Table 7). Though the Smart Compose did not improve a user’s performance or reduce 
their mental workload, the Systems Usability Survey’s results showed that users perceive that Smart 
Compose does help one’s performance and is easily able to be used. Tests on the results also found 
that a typist’s ability significantly affects certain measurables in this experiment. The results from the 
Systems Usability survey found that most of the groups perceived Smart Compose to be a useful 
technology that is easy to learn and use. The statistical test on the Systems Usability survey results 
found that a Novice typist’s answer to Question #5 (questions how well the system’s functions were 
integrated) was significantly different than an answer from an Advanced and Intermediate as well as 
a Novice typist’s answer to Question #10 (questions if a participant needs to learn a lot about the 
system before using it) was significantly different than the answer from an Intermediate typist.  

5. Limitations of Study 

Smart Compose is generally perceived as a useful and easy to use tool for enhancing operator 
performance and reducing an operator’s mental workload. This study observed that there was no 
difference in operator performance and workload with and without Smart Compose. However, some 
limitations of the study should be noted. The small sample size precludes the generalization of the 
findings. Also, the participants in the study were all college students at one institution, causing a lack 
of diversity in the demographics. Faculty members, administrators, and industrial workforce who 
write and respond to varieties of emails as part of their daily routine should be included in any future 
study for a more comprehensive review of the impact of Smart Compose on operator performance 
and workload. Hence, further studies with a stratified and larger sample size will be needed to 
validate the findings of this study. Moreover, additional studies about the efficiency of industrial AI 
applications such as Smart Compose will help businesses to make informed decisions and assure AI 
applications meet the goals of works systems design before implementing them. 
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