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Abstract

Frailty, or a general weakness of the body, is a beneficial indicator of patient disease

progression and possible health outcomes. The Upper-Extremity Function (UEF) test calculates

patient frailty by having subjects move their forearm while wearing sensors and running the data

through a UEF software. This test has the capability to become the new clinical standard for

calculating frailty, replacing the current laborious testing process, however its accuracy needs to

be increased. To make the UEF test more accurate, we tested different machine learning models

and extracted more complex features from the software data. Previously, the team extracted some

features from UEF signals, categorized the older adult according to their frailty status, and

classified them with an accuracy of 65%. To increase the accuracy, we determined frailty statuses

of different subjects using the UEF software and then took parameters from the output data

which we compared to the frailty status values using different machine learning models. The

accuracy comes from how well these parameters are able to predict the frailty status. Long

Short-Term Memory deep learning proved to be the most accurate with 75.7% accuracy. The best

feature set of parameters was speed mean, flexion numbers, sample entropy, PSD, and range of

motion variability. This application of machine learning will allow for a faster, more accurate

way to assess frailty and the progress of patients, allowing the geriatric community to live longer,

more fulfilling lives. This test has the potential to become the clinical standard for testing frailty.
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Introduction

Frailty is defined as an increased state of risk of unfavorable outcomes that may result in

hospitalization, usage of healthcare, disability, or death (Ehsani et al., 2018). It affects

approximately 30 to 70% of older surgical patients and 11% of community-dwelling older adults

(Toosizadeh et al., 2017). Due to the aging population, there are more people being diagnosed as

frail, complicating their healthcare decisions. Frailty has become a risk stratification strategy, or

a way to assign a health status to a patient to guide their care, and diagnosing and managing
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frailty early is critical to a patient’s treatment plan and health long-term (Marengoni, et al.,

2018).

Although numerous multidimensional assessment tools have been developed to measure

frailty, there are many feasibility issues related to these methods, and there is no universal

“clinical standard” for assessment of frailty (de Vries et al., 2011). Practical issues often limit the

application of these approaches in clinical settings. As the population ages, especially in

developed countries where the birth rate is not keeping up, the prevalence of frailty increases.

Accurate and quick tests are needed to adequately provide quality healthcare and treatment plans

to those in need (Mohler et al., 2014).

The Six Minute Walking Test requires that participants to, as the name suggests, walk for

6 minutes and their frailty can be calculated, however the patients need to be able to walk for 6

minutes consecutively and often, frail patients cannot do that. The Toosizadeh Lab previously

developed an Upper-Extremity Function (UEF) assessment method. It requires the participant to

move their arm up and down for 20 seconds while sensors on their arm and wrist calculate

various motion parameters. It is extremely easy to perform and can test both the cognitive and

motion functions of patients. The UEF test provides a new way to test patient frailty with a faster

procedure and they have only continued to test this method, increasing its ease with machine

learning models. Other studies have been done to assess frailty using motor impairments and

ankle velocity (Zhou et al., 2018), however they are not as accurate as current methods of testing

such as the Six Minute Walking Test or the Fried Frailty Index.

The Fried Frailty Index – the current method for testing frailty – is extremely accurate,

but takes time to complete (Ehsani et al., 2018). A new screening tool was created based on

upper-extremity function (UEF) that uses low-cost sensors on the wrist and upper arm to
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measure frailty as the subject moves their arm up and down for 20 seconds (Ehsani et al., 2018).

It has proven to compare with 95% accuracy to the Fried Frailty Index (the gold standard) and

accurately predict adverse health outcomes for those with various disorders. Most patients, frail

or not, can move their arm for an extremely short period of time, increasing the ease and

credibility of this test.

Goal

The goal of this research is to improve the detection of frailty and provide a more

accurate classification status for patients using an easy-to-perform approach such as UEF. We are

going to extract parameters (flexion number, rise time, rise time variability, maximum elbow

velocity variability, and flexibility variability) from the motion data of the subjects . Our research

question is if we can improve the accuracy of our model by using different machine learning

methods and extracting more complex features. The independent variable would be the usage of

different machine learning methods and the dependent variable would be the changes in accuracy

when using the parameters to predict the frailty status. Furthermore, we are going to use a deep

learning model to improve accuracy. We will be able to more accurately categorize patients in

the pre-frail, frail, and non-frail categories to assess their progress and treatment plan in

comparison to the methods currently used by hospitals across the globe.

Methods and Materials

The data from the UEF test that requires patients to move their forearm up and down for

20 seconds will be obtained from the Toosizadeh lab. They previously collected these data points

from patients greater than or equal to the age of 65 who were admitted to Banner Hospital in

Tucson, Arizona. The sample size included 99 patients. The UEF test was performed once per
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patient with the same set of instructions being said to each. Using this data, the first step was to

calculate the frailty status and score, using the method the Fried Frailty Index uses, as well as

extract scores for different parameters such as flexion number, rise time, rise time variability,

maximum elbow velocity variability, and flexibility variability. To calculate these scores and

statuses, the Toosizadeh lab created a UEF application using the software MATLAB. Each data

point was run through this application and the frailty status was compared to that of the Fried

Frailty Index which is the gold standard. The frailty statuses and combination of the five

parameters were implemented into each machine learning model to be tested. Once each patient’s

status was the same for both the UEF test and Index results using parameter values, the UEF

application was considered to be fully functional and accurate. From here, each status and score

was recorded on an excel sheet. The machine learning models tested were Support Vector

Machine (SVM), K-nearest Neighbors (KNN), and Logistic Regression as well as Long

Short-term Memory (LSTM) deep learning.

Stepwise feature selection was used to determine the best combination of parameters that

return the highest accuracy when compared to the status determined by the gold standard of the

Fried Frailty Index. To do this, one of the five parameters was run through the chosen machine

learning algorithm and its accuracy was determined. This process occurred for each of the

twenty. After this, the one parameter with the highest accuracy alone was kept and one of the

now four parameters was added on. The combination of the first parameters and the rotating

second was tested and the accuracy was recorded. The combination of the two parameters with

the highest accuracy together was kept and a rotating third was added. The accuracy with each of

the now three implemented with the tried and tested two other parameters was recorded, keeping

the three with the highest overall accuracy. This process continued until a combination of
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parameters was determined with the highest possible accuracy compared to the Fried Frailty

Index. This overall process of stepwise feature selection was used within each machine learning

model being tested. The machine learning algorithm that returned the highest accuracy of them

all will be the answer to the research question of how the accuracy can be improved. The current

accuracy is 65% using the Logistic Regression model.

The data analysis done was all of the post-processing, including running the data through

each machine learning model and receiving its accuracy. The data tables created will show the

accuracy of each machine learning model. Another data table will be created with each accuracy

received at each step of stepwise feature selection for each model in order to see the progression

of accuracy. A bar graph will be created with the 4 machine learning models of SVM, KNN,

Logistic Regression, and LSTM deep learning on the x-axis and the accuracy from 0 to 100 on

the y-axis.

Safety Precautions

There are various safety precautions to be taken with the risks of eye strain, back pain,

and carpal tunnel syndrome from carrying out this research. Eye strain occurs with prolonged

exposure to technological devices as the contrast of extremely bright light with dark text can

cause eye tiredness and muscle spasms, causing tension headaches. To combat this, breaks from

technology will be taken every fifty minutes for at least ten minutes to give the eyes a chance to

rest. In addition, back pain can occur due to sitting on a chair for a prolonged period of time

because of the poor posture that results. To prevent this, the breaks for reducing eye strain are not

to be taken sitting down, but rather used as an opportunity to walk around to give the back a
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break. Carpal tunnel syndrome can occur from increased amounts of typing without a break. The

ten minute breaks every fifty minutes will create a mandatory break for the wrists as well.

Results

The first step was to check the UEF Application and make sure that each subjects’ data

was read correctly. 94.9% of the subject data was read correctly and patient or sensor error was

the cause of the other 5.1% being read incorrectly.

The subjects with incorrect readings were left out of the further data analysis due to an

inability to work with human subjects as a part of this study’s approval. Continuing on, the

different parameters and frailty statuses were calculated and saved in Excel Sheets for each

patient which were then run against each other in the four different machine learning models:

Support Vector Machine (SVM), K-nearest Neighbors (KNN), and Logistic Regression, and

Long Short-term Memory (LSTM) deep learning. The accuracy results for each were: 72.7% for

SVM, 69.3% for KNN, 71.4% for Logistic Regression, and 75.7% for LSTM. LSTM is the most
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accurate. The best feature set of parameters was speed mean, flexion numbers, sample entropy,

power spectral density (PSD), and range of motion variability.

The previous accuracy results are 64% with SVM, 65% with Regression, and 62% and

KNN models, shown below. They were found with the parameters range of motion, speed mean,

flexion numbers, moment of inertia and speed reduction. The introduction of the parameters

sample entropy and PSD as well as the Long Short-Term Memory deep learning model increased

the accuracies significantly, as shown by the graph above.
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Discussion

As stated in the previous section, the new machine learning model with the highest

accuracy was LSTM with 75.7% using the parameters speed mean, flexion numbers, sample

entropy, PSD, and range of motion variability. This accuracy indicates that 75.7% of the time, the

LSTM model is able to correctly predict a subject’s frailty status from the parameters chosen.

This suggests that the UEF model has the ability to become more accurate and is one step closer

to becoming a clinical standard. However, using different models to assess frailty didn’t increase

the accuracy of prediction and in most cases, their final results showed the same accuracy.

Changing the amount and type of parameters increased the accuracy of classification within the

different models, so extracting a better feature set of these parameters plays a more important

role in our predictions. LSTM considers the whole signal, not just specific parameters, so by

increasing the amount of parameters extracted, the accuracy is increased significantly. Using the

different machine learning models to extract different accuracies and find the highest one allows

doctors to test their patients’ frailty faster, easily tracking their progress as frailty is a common

indicator to worsening health, especially for those with respiratory conditions. Our hypothesis

was supported and we were able to find a higher accuracy compared to the 65% accuracy from

previous studies. These results were to be expected because throughout the testing process done

by my lab in the past, the accuracy only continued to rise with the implementation of new

machine learning models and different, more complex parameters. Our results agree with that of

the past studies done on UEF, showing how the accuracy has continued to have an upwards

trend, proving that in the future, it will likely become the most-used test for frailty in hospitals

(Toosizadeh et al., 2017).
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Conclusion

In this experiment, we were able to find the LSTM Deep Learning model gave the

highest accuracy which was 75.7%. This was the highest jump in accuracy thus far compared to

past experiments done by the Toosizadeh lab. This was done by running subject data through the

UEF Application, extracting parameters, and running them against other frailty scores in

different machine and deep learning models to find which one was able to predict the frailty

statuses the most amount of times. According to our findings using deep learning approaches

(like LSTM) in order to classify our data, we were able to provide more accurate results, so deep

learning extractions and finding the best features has the potential to increase the accuracy even

further. Once receiving more than 95% accuracy, this test and machine learning model will be

able to become a clinical standard for assessing frailty and tracking patient progress. This proves

how machine learning does have a place in the scientific world, allowing humans to get even

more accurate with whatever conclusions they are trying to find. We will continue to increase the

accuracy by employing a cognitive component that will allow for extra signals and parameters to

be implemented, pushing us over the 95% accuracy threshold.

However, there were a few limitations with this experiment. Without being able to

conduct human studies, we were not able to replace the incorrectly inputted data, making our

sample size 94 instead of 99 subjects. Additionally, due to a time constraint, the amount of

machine learning models and parameters were originally hoped to test were not completed. This

accuracy could have been much higher had we had the time to do what was originally planned,

however that will now become something to be done as future research.

The real world applications of this data are significant. Once fully accurate, as predicted

because of the upward trend in accuracy, this Upper-Extremity Function test and its
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corresponding ML model will become the new way for doctors to test their patients’ progress. As

expected, geriatric patients tend to get weaker as they get older and experience new diseases and

conditions. The tests currently used to track patient frailty require an intense amount of mobility

that is not possible for many extremely frail patients. Those that are extremely frail are among

those who tend to get weaker and more frail faster and a method needs to be developed to

calculate their frailty often – and the UEF test is that answer. It only requires 20 seconds and the

ability to move one’s arm, something most everyone can do. This research will be continued with

more parameters and machine learning models with an array of patients with different underlying

respiratory diseases to get this to the point of replacing other frailty tests.
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