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1 | INTRODUCTION
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Abstract

The Trail Making Test (TMT) is a neuropsychological test used to assess cognitive dys-
function. The TMT consists of two parts: TMT-A requires connecting numbers 1 to 25
sequentially; TMT-B requires connecting numbers 1 to 12 and letters A to L sequen-
tially, alternating between numbers and letters. We propose using a digitally recorded
version of TMT to capture cognitive or physical functions underlying test performance.
We analyzed digital versions of TMT-A and -B to derive time metrics and used Bayesian
hidden Markov models to extract additional metrics. We correlated these derived
metrics with cognitive and physical function scores using regression. On both TMT-
A and -B, digital metrics associated with graphomotor processing test scores and gait
speed. Digital metrics on TMT-B were additionally associated with episodic memory
test scores and grip strength. These metrics provide additional information of cognitive
state and can differentiate cognitive and physical factors affecting test performance.
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study? is a widely used paper-based version of the TMT, which consists
of two parts. In TMT Part A (TMT-A), numbered circles are displayed

The Trail Making Test (TMT) is one of the most commonly used and
well-established neuropsychological tests for clinical evaluation of
brain damage and diagnosis of age-related neurodegenerative diseases
such as Alzheimer’s disease. The original test was first introduced in
the Army Individual Test Battery! as well as the Halstead-Reitan Neu-

ropsychological Battery? in the 1940s. The version used in the current

on a piece of paper, and participants are instructed to use a pen to draw
lines to connect the numbers in sequential order as quickly as they can.
In TMT Part B (TMT-B), a series of numbers and letters are displayed
and participants are instructed to connect the numbers and letters in
alternate sequence (i.e., 1, A, 2, B, and so on). Traditionally, TMT scoring

consists of total time to completion and the number of errors recorded
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by the examiner. The TMT was first used in hospitals as an indicator of
brain damage.*~¢ Recent studies have shown that performance on the
TMT-A is related to cognitive domains such as visual scanning, atten-
tion, and processing speed, while performance on TMT-B associates
with more complex cognitive abilities including working memory, com-
plex set maintenance, switching, and mental flexibility.” -1

Although the TMT has proven to be a highly sensitive test for detect-
ing cognitive dysfunction, specific mechanisms underlying a well or
poorly performed TMT are not differentiated in the overall time to
completion. For example, a poorly scored TMT test might be a result
of prolonged cognitive processing, motor difficulties associated with
drawing, or both. The former implies impairment in cognitive abilities
such as attention, working memory, cognitive flexibility, and visuop-
erception whereas the latter suggests dysfunction in physical abilities
such as grip strength and dexterity. Studies have shown that collecting
high-precision time-stamped data with the use of a digital pen during
test completion and decomposing total time to completion into “think-
ing time” and “drawing time” provides added clinically useful informa-
tion beyond standard scoring on the Clock Drawing Test'2-14 and the
Digit Symbol Substitution Test.1®> These digital metrics have the poten-
tial to be informative about the relative contribution of cognitive and
physical abilities to overall performance on the TMT as well.

In this study we used digital pen data from the TMT to decompose
total time to completion and provide deeper insights into the cognitive
or physical functions underlying overall performance on the TMT. We
also propose a novel application of Bayesian hidden Markov models
(HMMs) to perform automatic segmentations of the recorded draw-
ings to create new digital metrics for the tests. Our hypothesis is that
digitally recorded data streams provide additional information on cog-
nitive state not captured by the overall time.

2 | METHODS

2.1 | Study population and test measures

The Long Life Family Study (LLFS) is a multicenter longitudinal study
of human longevity and healthy aging. The study has been described
extensively in previous papers.’¢17 Briefly, families demonstrating
clustering of longevity as measured by the relative survival probabil-
ities of siblings in the proband generation were recruited to partici-
pate in the study.'”:18 All living siblings in the proband generation and
their offspring and spouses were invited to participate in an in-home
assessment of health and function and blood collection. To date, partic-
ipants have completed up to two in-person assessments and are cur-
rently undergoing a third in-person assessment. Specific to the cur-
rent analysis, which uses data from the second in-person assessment,
participants completed a neuropsychological evaluation that included
the Mini-Mental State Examination (MMSE), Hopkins Verbal Learning
Test-Revised (HVLT-R), Logical Memory, verbal fluency (letter fluency
for F, A, and S and category fluency for animals), Digit Symbol Substi-
tution Test (DSST), Number Span Test, Clock Drawing Test, and TMT.

Participants used a digital pen, described below, for all tests requiring

RESEARCH IN CONTEXT

1. Systematic Review: The Trail Making Test (TMT) is a well-
established neuropsychological test. The authors used
PubMed and meeting abstracts to accumulate knowledge
related to the cognitive processes underlying the TMT
and the processing of digital pen data from cognitive test-
ing. These relevant citations are appropriately cited.

2. Interpretation: Our findings suggest that administration
of the TMT with digital tools provides additional informa-
tion about cognitive functions that is not captured by the
overall time to completion.

3. Future Directions: Additional digital metrics could be
extracted under the framework of Bayesian hidden
Markov models. Examples include time required to switch
between letter and number sequences and time spent
while resting the pen in proximity of a target circle
or in the process of drawing each connection. Future
analysis could also investigate how these digital met-
rics associate with more comprehensive neuropsycholog-
ical assessments of executive function as well as incident

dementia.

written or drawn responses. Assessments of physical function included
gait speed and grip strength to measure motor function and strength.
Participants were followed annually (or every 3 years for those under
70 years of age) for updates in health and vital status and completed
a modified version of the Telephone Interview for Cognitive Status
(TICS-M) that sums the scores of questions Counting Backward, Word
List Recall and Subtractions. TICS score was measured longitudinally
with multiple measurements per participant, with mean follow-up time
of 2.2 years; all other measures included in the analysis were cross-
sectional from the second in-person visit.

An Anoto Live Ballpoint Pen (Model DP-201) was used to complete
the TMT during the in-person visit. The digital pen looks like a wide-
barrel ballpoint pen and writes in ink but also records and timestamps
x and y coordinates across specially formatted paper 75 times per sec-
ond, or approximately every 13 milliseconds. The recorded data stream
is sectioned by each pen stroke, defined as a continuous drawing with-
out lifting up the pen.

2.2 | Hidden Markov model and trail making tests

To extract information provided by the digital stream of coordinates,
we implemented a novel way to perform automatic segmentation of
the data using HMMSs.'? The intuition of the approach can be best
described by considering the stream of coordinates in Figure 1A.
Visually, one can identify the segments drawn to join the consecu-

tive numbers 1 to 25. In machine learning, this segmentation can be



DU ET AL.

-200
1

Y-Coordinate

-600
1

-800
L

T T T T T T
100 200 300 400 500 600 700

X-Coordinate

(A)

Diagnosis, Assessment 30f 10
Disease Monitoring J—

cluster points

5<
s [
Lo ) *
n b -
. 'I. :.’ ". ‘!
2 R st
! \.' .
: j
: "\"."""""- H
o g | o
274 . 2|
=l . ? R
§ 3 ..;? /'/ ¢
- S i s 3.
> o U A 1 ¢’
vy f - iy
I A
s F o S
* t A S, 3
. v, S
s L] . i
. ;" ® !y
. N f s
iy
. e
"\ oseame o o0 sine

T T T T T T
100 200 300 400 500 600 700

X-Coordinate

(B)

FIGURE 1 A Anexample of arecreated drawing for the Trail Making Test Part A (TMT-A) from digital pen data after hidden Markov models
segmentation; and (B) an example of drawing in TMT-A with cluster points in red

represented by an HMM, in which the stream of coordinates is modeled
as a sequence of linear regressions and a series of hidden states that
represent the various segments. A unique color corresponds toa HMM
hidden state in Figure 1A. Details of the HMM method are described in
the supporting information.

2.3 | Digital metrics

Using data from the digital pen, we extracted and derived several time
metrics for TMT-A and TMT-B. We first defined a set of intuitive raw
time variables, namely raw drawing time and raw non-drawing time.
Raw drawing time was defined as the time spent while the digital pen
was on the paper. Raw non-drawing time was defined as the time spent
while the digital pen was lifted away from the paper, suggesting the par-
ticipant was likely thinking or looking for the next number or letter in
the sequence. A cluster of points was defined as a group of coordinates
with pairwise distance <\/§ coordinate units. Examples of clusters of
points are illustrated in Figure 1B using the same TMT-A drawing as in
Figure 1A, with clusters of points marked in red. A cluster of points indi-
cates that the digital pen had moved less than one coordinate unit in
both the vertical and horizontal directions, where one coordinate unit
is equivalent to 0.3 millimeters.

Given that the time spent in these cluster coordinate pairs (i.e., while
the pen is resting in place on the paper) as well as when the pen is lifted
from the paper may reflect thinking or cognitive processing time rather
than graphomotor speed, we then defined a set of derived time vari-

ables, namely derived drawing time and derived thinking time. Derived
drawing time was calculated by subtracting the time spent in cluster
points from the raw drawing time, and derived thinking time was cal-
culated by adding time spent in cluster points to the raw non-drawing
time. The derived time variables provide us a more accurate under-
standing of the decomposition of the total completion time in which
derived drawing time captures the time the pen is moving across the
paper and derived thinking time reflects the time the pen is not on the
paper as well as the time the pen is resting in place on the paper. Using
the results of the HMM segmentation, we extracted several metrics
including number of segmentations and maximum length (in coordinate
units) of the segments, for both TMT-A and TMT-B.

2.4 | Statistical analysis

We examined the association between these new derived metrics and
raw scores of traditional metrics of cognitive function, which include
TICS, DSST, category fluency for animals, Number Span Forward and
Backward scores, and Logical Memory immediate and delayed recall,
HVLT-R total recall, as well as metrics of physical function, includ-
ing gait speed and grip strength using generalized estimating equa-
tions (GEE) with exchangeable correlation structure to account for
family clustering. Additional traditional raw scores (e.g., HVLT delayed
recall) were omitted to reduce multiple comparisons. The analyses
were limited to the subset of participants who had successfully com-

pleted the tests (i.e., connected all dots in sequence within 5 minutes,
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TABLE 1 Demographic characteristics and test scores of participants who completed the Trail Making Tests
P-value
TMT-A TMT-B (t-test)
N 2172 2014
Age at visit 2 mean (SD), years 71.9(11.1) 70.3(9.7) <.001
Sex, male (%) 978 (45%) 905 (44.9%) .95
Education, college, and above (%) 1130 (52%) 1100 (54.6%) .09
Test scores at Visit 2 (SD)
TICS 15.7 (4.2) 16.1(3.8) .01
Animal Fluency 21.3(6.5) 22(6.1) <.001
DSST 45.1(13.8) 46.9(12.4) <.001
Number Span Forward 7.4(2.3) 7.4(2.3) 46
Number Span Backward 6.3(2) 6.4(2) .049
Logical Memory-Immediate 13.5(4.3) 14 (4) <.001
Logical Memory-Delayed 12 (4.8) 12.5 (4.5) <.001
HVLT-R Total Recall 23.6(6.2) 24.4(5.6) <.001
Gait Speed (m/s) 1.0(0.3) 1.0(0.2) <.001
Grip Strength (kg) 27.9(11) 28.9(10.7) .003

Abbreviations: DSST, Digit Symbol Substitution Test; HVLT-R, Hopkins Verbal Learning Test-Revised; SD, standard deviationTICS, Telephone Interview for
Cognitive Status; TMT-A, Trail Making Test Part A; TMT-B, Trail Making Test Part B.

Note: Significant p-values (< 0.05) are displayed in bold.

including any errors that were corrected), because only these partic-
ipants would get examiner-timed scores on their performances. The
MMSE data were not included in this analysis because most of the
study participants reached a perfect score. The GEE models adjusted
for age at test, sex, education level, and familial longevity if significant,
and included overall completion time and digital TMT metrics as addi-
tional predictors. Anindicator variable “spouse” was created to take on
value 1 if an individual was a spouse control, O if an individual was a
member of a long-lived family. We first performed stepwise variable
selection always keeping age, sex, and education level in the model.
Using the selected variables, GEE models with exchangeable correla-
tion structures were fitted accounting for within family correlations
for all cross-sectional measures and accounting for within-subject and
within-family correlations for the longitudinal TICS scores. We con-
ducted these analyses separately in TMT-A and TMT-B. We retained
variables with significance level <0.05, but will only discuss results with
significance levels that pass the Bonferroni correction of multiple test-
ing, which is 0.05/10 = 0.005.

The HMM analysis was conducted in R using the rjags package and
the GEE analysis was implemented in SAS 9.4 using PROC HPGENSE-
LECT for variable selection and PROC GENMOD for the final parame-
ter estimates of GEE models.

3 | RESULTS

Out of 2778 LLFS participants who completed the second in-person
visit with cognitive testing, 2364 participants attempted the TMT-
A and 2172 successfully completed the test. Only 2330 participants

attempted the TMT-B and 2014 successfully completed the test. Three
hundred three tests were not included in the analysis due to loss of the
digital pen files from improper storage by one of the field centers and
did not count as participants who attempted the tests. Table 1 sum-
marizes the demographic characteristics and test scores of the partic-
ipants who were included in this analysis. Figure 2 and Figure 3 show
the pairwise scatter plots of the digital metrics and completion time in
TMT-A and TMT-B, respectively. Overall completion time and derived
drawing time exhibit a strong correlation with P = .85 in TMT-A and
P = .73in TMT-B. A weak to moderate correlation is shown between
overall completion time and number of HMM segments, with P = .51
inTMT-Aand P = .48in TMT-B.

Tables 2A and 2B and Tables S2a, S2b, S3a, and S3b in support-
ing information show the GEE parameter estimates of the analysis of
the new metrics derived from the digital data from the TMT-A, while
Tables 3A and 3B and Tables S4a, S4b, S5a, and S5b in supporting infor-
mation show the GEE parameter estimates of the analysis of the new
metrics derived from the digital data of the TMT-B. Overall, completion
time was significantly associated with all cognitive and physical test
measures when it was the only additional predictor in the GEE models.
Derived drawing time was significantly associated with all test scores
while the other digital metrics including derived thinking time, num-
ber of HMM segments, and maximum length of HMM segments were
significantly associated with selected test scores. When adjusted for
completion time, the digital metrics remained significant for selected
test scores. Parameter estimates of the GEE models that included both
completion time and digital metrics with significance levels that pass
the Bonferroni correction for multiple testing are summarized below.
Interpretation of results from GEE models that included only comple-
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TABLE 2A Parameter estimates of GEE models using completion time and digital metrics as predictors, TMT-A
Number Number
TICS DSST Animal Fluency Span-Forward Span-Backward
Estimate  Pr(>|Z|) Estimate Pr(>|Z|) Estimate Pr(>]|Z|) Estimate Pr(>|Z|) Estimate Pr(>|Z]|)
(Intercept) 23.20 <.0001 83.09 <.0001 34.60 <.0001 7.64 <.0001 6.40 <.0001
Age -0.12 <.0001 —-0.40 <.0001 -0.19 <.0001 -0.01 0.01 -0.02 0.0003
Sex (male) -1.07 <.0001 -3.85 <.0001 -0.03 0.91 -0.01 0.95 -0.05 0.52
Education 0.28 <.0001 0.81 <.0001 0.26 <.0001 0.12 <.0001 0.15 <.0001
Spouse -0.99 0.02
Completion time -0.05 <.0001 —-0.08 0.0001 —-0.05 <.0001 -0.01 <.0001 -0.01 <.0001
Derived drawing time -0.33 <.0001
Derived thinking time 0.02 0.001
Number of segments -0.10 <.0001 —0.03 0.03

Maximum length of
segments

Abbreviations: DSST, Digit Symbol Substitution Test; GEE, generalized estimating equation; TICS, Telephone Interview for Cognitive Status; TMT-A, Trail

Making Test Part A.

TABLE 2B  Parameter estimates of GEE models using completion time and digital metrics as predictors, TMT-A

Logical
Memory-Immediate  Logical Memory-Delayed
Recall Recall HVLT-R Total Recall Gait Speed Grip Strength
Estimate Pr(> |Z]) Estimate Pr(>|Z|) Estimate Pr(>|Z|) Estimate Pr(>|Z|) Estimate Pr(>|Z|)
(Intercept) 18.16 <.0001 18.78 <.0001 35.25 <.0001 1.81 <.0001 52.93 <.0001
Age —-0.08 <.0001 -0.12 <.0001 -0.18 <0001 -0.01 <.0001 -0.37 <.0001
Sex(male) -0.86 <.0001 -1.12 <.0001 —2.68 <.0001 0.03 <.0001 14.45 <.0001
Education 0.24 <.0001 0.28 <.0001 0.38 <.0001 0.004 0.02 -0.17 0.001
Spouse
Completion time —-0.02 0.004 -0.03 <.0001 —0.06 <.0001 -0.04 <.0001
Derived drawing time —0.004 <.0001
Derived thinking time —0.02 0.01
Number of segments —-0.002 0.001 -0.04 0.04
Maximum length of —0.0001 0.02

segments

Abbreviations: GEE, generalized estimating equation; HVLT-R, Hopkins Verbal Learning Test-Revised; TMT-A, Trail Making Test Part A.

tion time or only digital metrics are available in the supporting informa-
tion.

For TMT-A, in the model (Tables 2A and 2B) in which we included
both completion time and digital metrics in the GEE models, comple-
tion time remained significantly associated with all test scores except
gait speed. Derived drawing time was negatively associated with gait
speed suggesting that the time spent in making connections between
numbers had more significant associations with gait speed compared
to the traditionally used completion time (parameter estimate = -
0.004, standard deviation [SD]: 0.001, P <.0001). Derived drawing time
was also significantly associated with the DSST score (parameter esti-
mate = -0.33,SD: 0.04, P <.0001), in addition to completion time. This

suggested the derived drawing time explained additional variance of
the DSST score that completion time did not explain. Derived think-
ing time significantly predicted TICS score over follow-up but with a
very small effect. Higher number of HMM segment was associated with
lower DSST scores and slower gait speed. For one SD of additional seg-
ments (11.3), the DSST score was expected to decrease by 1.1 points
(SD:0.23, P <.0001).

For TMT-B, as shown in Tables 3A and 3B, in the model in
which the GEE analyses included both completion time and digi-
tal metrics, completion time was negatively associated with all test
scores except for grip strength, for which derived drawing time
had a significant negative association in place of completion time.
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TABLE 3A Parameter estimates of GEE models using completion time and digital metrics as predictors, TMT-B
Number Number
TICS DSST Animal Fluency Span-Forward Span-Backward
Estimate  Pr(>|Z|) Estimate Pr(>|Z|) Estimate Pr(>|Z|]) Estimate Pr(>|Z|) Estimate Pr(>|Z]|)
(Intercept) 22.24 <.0001 74.19 <.0001 32.47 <.0001 7.51 <.0001 5.82 <.0001
Age —-0.08 <.0001 —-0.30 <.0001 —-0.14 <.0001 0.001 0.81 0.01 0.18
Sex(male) -111 <.0001 -3.95 <.0001 -0.17 0.50 0.04 0.69 —-0.04 0.64
Education 0.20 <.0001 0.66 <.0001 0.20 <.0001 0.09 <.0001 0.13 <.0001
Completion time —0.02 <.0001 —0.08 <.0001 —0.03 <.0001 —0.01 <.0001 —0.02 <.0001
Derived drawing time —0.02 0.03 —0.16 <.0001
Derived thinking time
Number of segments
Maximum length of 0.004 <.0001

segments

Abbreviations: DSST, Digit Symbol Substitution Test; GEE, generalized estimating equation; TICS, Telephone Interview for Cognitive Status; TMT-A, Trail

Making Test Part A.

TABLE 3B Parameter estimates of GEE models using completion time and digital metrics as predictors, TMT-B

Logical
Memory-Immediate Logical Memory
Recall Delayed Recall HVLT-R Total Recall Gait Speed Grip Strength
Estimate  Pr(>|Z|) Estimate Pr(>|Z|) Estimate Pr(>]|Z|) Estimate Pr(>|Z|) Estimate Pr(>|Z]|)
(Intercept) 17.33 <.0001 17.60 <.0001 32.21 <.0001 1.63 <.0001 52.60 <.0001
Age —-0.06 <.0001 —-0.08 <.0001 -0.12 <.0001 -0.01 <.0001 -0.36 <.0001
Sex (male) -0.82 <.0001 -1.08 <.0001 -2.77 <.0001 0.03 0.001 14.90 <.0001
Education 0.19 <.0001 0.23 <.0001 0.33 <.0001 0.005 0.01 -0.19 0.0002
Completion time -0.02 <.0001 -0.02 <.0001 —0.02 <.0001 —-0.001 <.0001
Derived drawing time —0.03 0.002 —0.06 <.0001
Derived thinking time
Number of segments 0.01 0.04 -0.001 0.001
Maximum length of 0.001 0.02

segments

Abbreviations: GEE, generalized estimating equation; HVLT-R, Hopkins Verbal Learning Test-Revised; TMT-A, Trail Making Test Part A.

Derived drawing time was also negatively associated with outcome
measures of DSST (parameter estimate = -0.16, SD: 0.02, P < .0001)
and HVLT-R Total Recall (parameter estimate = -0.03, SD: 0.01,
P =.002). The number of HMM segments was associated with lower
gait speed by 0.02 m/s (SD: 0.005, P = .001) for every 1 SD additional
segments (17.9). Last, each coordinate unit SD increase (196.8) in max-
imum length of HMM segments was associated with higher score in
DSST by 0.79 points (SD: 0.2, P <.0001).

4 | DISCUSSION

In this article we extracted metrics from digitally recorded TMTs by
deriving time variables and using HMM to perform automatic segmen-

tation of the recorded coordinates. We then analyzed the associations
between these TMT metrics and other cognitive and physical function
test scores. The overall results suggest that the digital metrics may pro-
vide additional information about underlying deficits in addition to the
time used to complete the tests.

The analyses suggest that digital metrics of drawing time, think-
ing time, and number and length of HMM segments are associated
with cognitive and physical functions. On TMT-A, drawing time and
number of HMM segments were negatively associated with cogni-
tive and physical outcome measures. Thinking time was not associated
with any of the outcome measures when controlling for derived draw-
ing time, which may point to the low cognitive processing demands
of sequencing overlearned information (i.e., number sequences). Sim-
ilarly, on TMT-B, drawing time and maximum length of HMM segments
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were associated with some of the cognitive and physical outcome mea-
sures but in contrast to TMT-A, thinking time was associated with cog-
nitive function outcomes even beyond their associations with derived
drawing time. The association of TMT-B thinking time with DSST, num-
ber span backward, and decline in TICS score over follow-up suggests
that it is able to capture additional facets of psychomotor process-
ing speed, auditory attention, and working memory that may be dis-
tinct from cognitive processing during the intervals between connect-
ing the dots. In addition to differences in cognitive function, think-
ing time may also be capturing facets of personality and emotion that
have been associated with executive function test performance, such
as neuroticism?2° or timed-test-induced stress,2! and should be inves-
tigated in future studies.

Based on these results, metrics from HMM segmentation provide
additional information on cognitive and physical functions underly-
ing performance on the TMT, which exceeds the overall completion
time, the traditional metric of performance. On the TMT-A, the asso-
ciation of drawing time and number of segments with DSST and gait
speed, even when controlling for overall completion time, points to
the shared contribution of motor function across these tasks although
shared effects of processing speed and attention may also be factors.
Similar to TMT-A, the digital motor metrics (i.e., drawing time, max-
imum length of segments, and number of segments) on the TMT-B
were associated with DSST and gait speed, above and beyond total
time. However, TMT-B digital metrics were also associated with HVLT-
R and grip strength. The association of digital metrics with HVLT-R
on the TMT-B but not the TMT-A task condition points to underlying
shared cognitive demands on learning and working memory that are
specific to the number-letter sequencing task as has also been seen
using traditional TMT scores.?? Yet, the association of drawing time
rather than thinking time with HVLT-R score may reflect remnants of
thinking time remaining in the drawing time variable, or perhaps cap-
tures an aspect of learning that is exhibited during drawing. Longer
maximum length of segments was associated with higher scores on the
DSST, and thus may be an indicator of better processing speed and
attention.

Several studies have used fully digital versions of the TMT,
using iPads or Android-based applications on tablets or personal
computers.23-25 Dahmen et al.2% and Fellows et al.2* implemented a
digital version of the TMT and extracted information such as pauses,
pen lifts, time spent inside circles, and time between circles, with
more sophisticated metrics extracted for TMT-B including average
time before numbers or letters. The digital pen used in our study cap-
tures similar information such as pen location on the page and pres-
sure. In our approach we chose to distinguish between writing time and
drawing time as opposed to classifying the coordinate pairs as inside
or outside of circles, or before or after letters, with the goal of isolat-
ing cognitive processing while not drawing. Additionally, the HMM seg-
mentations provide information about detectable turn of direction in
the drawing and allowed us to classify pauses (in the form of cluster
coordinate pairs) as thinking time. Our innovative application of the
HMM in this digital version of the TMT allows us to mathematically

quantify and classify the recorded drawings in a holistic perspective.

Our findings of associations between digital metrics and neuropsy-
chological test performance are also in line with those from versions
of the TMT administered on a tablet. Fellows et al.?* found that dig-
ital metrics from the TMT-A were associated with performance on
the Symbol Digital Modalities Test, a processing speed test similar to
the DSST which in our study was associated with several TMT met-
rics including drawing time and number/length of HMM segments on
both conditions, as well as thinking time on TMT-B. Fellows et al.2*
also found that digital metrics on TMT-B were associated with tests
of executive function including inhibitory control and visual working
memory, a finding supported in our study wherein TMT-B thinking time
was associated with number span backward. Despite broad similarities
in results across studies, there are some differences in findings in our
study (e.g., the association of processing speed with TMT-B metrics),
likely reflecting differences in the algorithms used to create each dig-
ital metric and the cognitive processes that each metric captures (ie.,
pen lift duration vs. thinking time). Further research is needed to iden-
tify the underlying cognitive process(es) associated with each metric
and to determine which algorithms are the most reliable. Additionally,
there may be other digital metrics beyond those in the existing stud-
ies that relate to cognitive and personality outcome measures, such as
thinking time after an error as an indication of ability to incorporate
feedback and reestablish set, or changes in performance as the num-
ber of processed targets increases, which may relate to visual scanning
abilities and susceptibility to interfering targets.

There may be clinical utility to the digital metrics derived in this
study. The Boston Process Approach to neuropsychological assess-
ment stresses the decomposition of cognitive test performance into its
multifactorial components to better understand the underlying cogni-
tive constructs and improve clinical decision making.2’ In an effort to
isolate the executive component of performance on TMT-B from the
visual scanning and graphomotor speed components, clinicians often
subtract completion time on TMT-A from completion time on TMT-B.
However, there are some biases in this method as the spatial array of
dots on each test are not directly comparable; connections on TMT-B
are longer and have more interfering stimuli than TMT-A.28 In contrast,
the digital metrics allow us to separate aspects of cognitive processing
and motor function within each task, thereby reducing the effects of
variations in the task stimuli and potential differences in testing con-
ditions and test engagement between TMT-A and TMT-B, and offering
the potential to eliminate administration of TMT-A.

One limitation of the current study is that drawing time may not
be a pure metric of graphomotor function and may still contain facets
of cognitive processing as suggested by the association of drawing
time with other tests of cognitive function that do not require writ-
ten responses (e.g., the HVLT-R). Participants may be thinking about
their next move while making connections or may slow down but not
completely stop drawing when trying to locate their intended tar-
get and thus these periods of cognitive processing would be included
in the drawing time. The identification of these and other additional
behavioral manifestations of cognitive processing would help to refine
the drawing time and thinking time metrics. Second, the standardized

administration of the TMT requires the examiner to stop the examinee
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whenever he or she commits an error so that it may be corrected. This
artificially biases those with more errors to have longer thinking time;
however, longer thinking time and a greater number of errors should
both be associated with poorer cognitive function. Third, these anal-
yses were performed only among individuals who were able to com-
plete the test within the allotted 5 minutes thereby biasing the sample
toward more cognitively healthy individuals and reducing the amount
of variability in cognitive test scores. Finally, the only tests of executive
function administered in this study were the DSST and number span
backwards as well as verbal fluency, which in part draws on executive
functions for optimal performance. More comprehensive assessments
of executive function that include tests of set maintenance and switch-
ing may reveal additional associations with digital metrics, particularly
for TMT-B.

5 | CONCLUSION

Digital technologies capture data on cognitive and physical compo-
nents of test performance, in some cases even beyond what is captured
by traditional test scores. Digital metrics derived from these data have
the potential to provide added value to even brief cognitive assess-
ments that may be used to better understand the relative contribu-
tions of specific cognitive and physical functions underlying test per-

formance.
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