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Object stiffness discrimination is fundamental to shaping the way we interact with our environment.
Investigating the sensorimotor mechanisms underpinning stiffness discrimination may help further
our understanding of healthy and sensory-impaired upper limb function. We developed a metric that
leverages sensory discrimination techniques and a foraging-based analysis to characterize participant
accuracy and discrimination processes of sensorimotor control. Our metric required searching

and discriminating two variants of test-object: rubber blocks and spring cells, which emphasized
cutaneous-force and proprioceptive feedback, respectively. We measured the number of test-objects
handled, selection accuracy, and foraging duration. These values were used to derive six indicators

of performance. We observed higher discrimination accuracies, with quicker search and handling
durations, for blocks compared to spring cells. Correlative analyses of accuracy, error rates, and foraging
times suggested that the block and spring variants were, in fact, unique sensory tasks. These results
provide evidence that our metric is sensitive to the contributions of sensory feedback, motor control,
and task performance strategy, and will likely be effective in further characterizing the impact of
sensory feedback on motor control in healthy and sensory-impaired populations.

The ability to detect an object’s compliance plays a fundamental role in shaping the exploration and manipulation
of that object within its environment. The resulting sensory information drives the identification, classification, or
discrimination of the object and directly influences the motor interactions. For example, when an object of high
compliance is sensed by the fingers and hand, it may be an indication of fragility, and as such the contact forces
imparted by the hand will be precisely controlled to avoid crushing or damaging the object!. Here, sensory feed-
back informs motor output, creating a physiological closed-loop control system. These sensorimotor mechanisms
underpin motor-error correction and adjustment to perturbation during object manipulation®.

This interrelationship between sensation and motor control is particularly evident in sensory-impaired popu-
lations, often presenting as significant motor deficits; an active area of study in those affected by stroke®=*, multiple
sclerosis®, and cerebral palsy®~. Inversely, in these populations the presence of sensation, or improved sensation
through intervention, has been observed to improve motor function®>!°. Beyond observing affected populations,
conventional sensory-assessment tools typically evaluate motor function and sensation independently, providing
limited quantitative insight in characterizing the impact of sensation on motor control. This inadequacy creates
challenges in determining the success of sensory-related interventions as the effect of sensation on overall func-
tion cannot be directly evaluated. This has particularly relevant implications in determining the influence of
sensation on function in a number of sensory-impacted populations such as neural-machine interfaces including
users of advanced sensate limb prostheses, and brain computer interfaces. Other populations of interest include
stroke, hand transplantation, and upper limb involved spinal cord injury. Current assessments often use discrimi-
nation paradigms to evaluate one’s ability to detect changes exclusively in sensation!!~'>. In this study, we combine
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a sensory discrimination paradigm and a ‘search-and-select’ style foraging task to evaluate the effectiveness of
motor and sensory strategies.

Many of the activities we perform as humans may be considered nothing more than the successive execution
of search-and-acquisition tasks. As we go through our day, scouring the refrigerator for food, searching for our
keys, looking for a parking spot, or finding a table in the cafeteria, we engage in goal-motivated search-directed
behaviors. The same mathematics that describe animals foraging, such as lions searching and hunting for prey on
the savannah'®, have applicability to a vast range of goal-oriented search-and-acquisition type human behaviors.
An early investigation of these fundamental mathematical relationships was presented in Holling’s seminal 1959
disc equation paper'’. Holling investigated how parameters such as prey density, forager search rate, and prey
handling rate affected the overall rate of prey capture. Additionally, Holling developed several of the axioms that
formed the foundations of modern optimal foraging theory (OFT), such as the mutual exclusivity of the time
spent searching for prey versus consuming it's.

Modern OFT is a collection of mathematical models that describe how biological foragers search for, acquire,
and consume food. The core concept of these well validated models is that organisms inherently adopt strate-
gies, movement patterns, and prey types that maximize their long-term rate of gain, as natural selection favors
these behaviors'®-22. The net energy gained from a prey item is the difference between its caloric content and the
energy expenditure required to capture and consume the prey?’. The time spent foraging is generally divided
into two phases: a search phase where the forager spends time locating prey, and a handling phase where the
forager spends time acquiring (e.g., chasing, hunting, and gathering) and consuming the prey. Thus, rate of gain is
mathematically defined as the net energy gained divided by the total time spent foraging, and is used to describe
the relative value of prey items and/or forager behavior. Profitability is a measure derived by dividing net caloric
energy by handling time. This value provides perspective into foraging strategy, for instance when a potential
prey item is encountered, the decision to consume it or continue to forage for a higher reward item is influenced
by the profitability of prey items in the environment. Long-term rate of gain and profitability have helped provide
insight into biological decision-making in a broad range of foraging species, such as bacteria®, insects**?*, fish?,
birds?*?”*, and mammals?>?**,

There is flexibility inherent to this mathematical approach. For instance, the general concept of ‘caloric energy’
can be interchanged with ‘task performance!, which then provides the mathematical foundation for OFT to
describe biological, micro-economic, and “all human choice-making” phenomena®>*. In this context, the utility
of OFT has been vastly expanded to describe numerous biological and human behaviors including: navigation®,
information gathering®>**, tool use**’, scholastic performance’, domestic burglary*, and design-and-analysis
optimization®!.

Combining sensory discrimination with a foraging task would closely align with the well-established variant
of OFT known as the cryptic prey model. Traditionally, the cryptic prey model describes the situation when prey
is not readily identifiable as food and must be discriminated by the forager*’. Therefore, the forager must spend
time to recognize the prey item, a quantity defined as recognition time***!. Conventionally, this model has been
used to study forager decision-making processes with regard to discrimination of prey species*?, prey size?*#2,
numerical distribution®}, and non-food items**. This model provides appropriate evaluation tools for human
sensorimotor performance as it inherently accounts for discrimination and decision-making activities. In fact, the
aforementioned Holling disk equation was initially developed using a tactile-based sensory task, as human partic-
ipants were instructed to forage for sandpaper discs while blindfolded"”. Interestingly, Holling keyed into a distin-
guishing facet of the cryptic prey model, 20 years before the model would be explicitly defined*'; when he asked
participants to locate the sandpaper discs by tapping a pencil, he noted a moment of hesitation before each disc
was handled. He termed this time period, “identification time”, a concept which would later be refined by Hughes
as “recognition time™*!. Despite OFT’s foundation and demonstrated applicability in sensory tasks, it is seldom
used as a platform for investigating psychophysics and sensory processes per se. Here, we develop a sensorimotor
assessment toolset that utilizes a video analysis, similar to cryptic prey video analyses used in OFT?*?!, to quantify
participant speed and performance in a tactile and proprioceptive foraging-style search-and-acquisition task.

Methods

To maximize the ease of implementation, and the potential utility of our measures, we developed our assessment
task within the context of a set of pre-defined goals: (1) minimal rules and instructions, such that participants’
performance strategies are unrestricted, (2) sensitivity to the participants’ sensorimotor strategies, (3) sensitivity
to the effects of sensory feedback by specifically forcing discrimination judgments informed through cutaneous
or proprioceptive information, (4) the elimination of ceiling effects, providing the framework for potential com-
parison of multiple populations and interventions, and (5) multiple outcome scores rather than a single “good or
bad”, or completion time score, allowing researchers a more in-depth examination of how participants use their
sensory feedback and possible trade-offs they may be making.

Participants. A cohort of fifteen able-bodied adults was recruited (11 female, 4 male, 13 right-handed, 2
left-handed, average age 28 years, age range 23-48 years). Participants reported no deficits in the mobility and
sensation of their upper limbs. Each participant completed testing with their dominant hand. Research ethics
approval was received through the Institutional Review Boards for the Cleveland Clinic and Department of Navy
Human Research Protection Program, and all research was performed in accordance with these guidelines and
regulations. All participants provided informed consent prior to participating in this study. Participants were
naive to the specific aims of the experiment, but were informed that they would be discriminating objects of
varying stiffness, and that speed and accuracy would be measured. Two experiments were performed, the block
test, in which polyurethane rubber blocks were manipulated, and the spring test in which custom-made spring
cells were manipulated.
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Figure 1. Schematic of the experimental setup. A two-compartment Box-and-Block-style setup had one
compartment filled with polyurethane rubber blocks that the participant would discriminate, transfer over
the center partition, and release in the drop-off area. The participant wore frosted goggles and noise cancelling
headphones, and two digital recorders captured video data.

The block test. Experimental setup. Our goal was to develop a functional test that was inexpensive, simple
to implement, and in a format that was understandable and accessible to clinicians. This necessitated designing
the format of the test with reproducible manufacturing and readily available materials. The block test used poly-
urethane rubber blocks (25.4 mm cubes) of different stiffnesses. Durometers of 40A, 60A, and 80A were selected
to provide compressibility under physiological grip forces without sacrificing durability. Additionally, blocks in
this range of durometers were similar in appearance and surface texture, minimizing the ability for participants
to indirectly discriminate block stiftness through vision or roughness.

The distribution of durometers was based on findings by Srinivasan and LaMotte, who found that under
“almost natural conditions”, participants can distinguish changes as small as 12% difference in the compliance of
surface-deformable objects'. Because our rubber blocks were obtained based on shore durometer, stiffnesses for
our materials were calculated based on empirically derived relationships between shore durometer and Young’s
modulus®, and the known dimensions of our rubber blocks. We found that the percent difference (absolute dif-
ference divided by average) of stiffness (applied force divided by displacement) increments used in our study were
7 to 8 times greater, assuring that participants would perform above guess-based chance.

The experimental setup for the discrimination task (Fig. 1) was presented in a partitioned space to divide
the searchable test-objects from the selected test-objects. In this instance we utilized the box from a standard
two-compartment Box & Block test (Sammons Preston Inc., Boiling Brook, II, USA)* because it is a widely used
and familiar format in standardized validated tests of upper limb motor performance?®*’. However, in principle,
any partition (e.g., a painted line or strip of tape) is sufficient for the purpose of this test.

One compartment was filled with a mixture of twenty each of 40A durometer (soft), 60A durometer
(medium), and 80A durometer (hard) polyurethane blocks (60 blocks in total). The box was placed on a 0.75m
tall table, with the filled compartment on the same side as the participant’s dominant hand. Next to the filled
compartment, we placed three reference blocks: one soft, one medium, and one hard, with the stiffnesses clearly
labelled (“soft”, “medium’, or “hard”) on each block with colored adhesive tape. Two digital video recorders cap-
tured the testing area which included the participant’s testing hand, the filled compartment of the box, the empty
compartment, and the reference blocks. Video data were captured at 30 frames per second.

During the experiment, participants wore disposable earplugs, noise cancelling headphones, and frosted gog-
gles. Gray noise was played through the headphones to reduce possible auditory cues from the blocks being
manipulated or dropped during testing. The frosted goggles were made from panoramic safety glasses which
were finely misted with clear plastic paint. These goggles reduced visual acuity roughly by a factor of 3, thereby
mitigating possible visual cues (such as material compressibility or sheen), while still allowing the blocks to be
visually located within the experimental setup.

Experimental procedure.  Participants stood in front of the two-compartment box. They were informed that the
box contained soft, medium, and hard blocks and that they would be searching for either soft or hard blocks. Each
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trial began with the participant resting their testing hand on the table, and the investigator would indicate which
stiffness the participant needed to search for (either soft or hard) by tapping the corresponding reference block.
The participant would then search for five blocks of the target stiffness, one at a time, and transfer them over the
center partition and into the other compartment of the box. When five blocks were successfully transferred, the
trial was complete. The number of correct blocks transferred was reported to the participant, and the setup was
reset for the next trial.

The quantity of five target blocks for each trial (out of a possible 20 target blocks) was selected to avoid sig-
nificant depletion effects. Each time the participant grabbed a block, there was some probability that it would
be a target block, based on the total proportion of correct blocks in the container. As the participant removed
correct (or incorrect) blocks from the container the probability of encountering a correct block would decrease
(or increase). For example, the probability of a participant encountering a correct block ranged from 33% at the
beginning of a trial (20 correct blocks out of 60 blocks total) to a worst case scenario of 28.6% at the end of a trial
if the first four blocks selected were all correct (16 correct blocks remaining out of 56 blocks total).

Participants were informed that speed and accuracy were both being measured, and that they should be as
fast and accurate as possible. Additionally, they would periodically perform a baseline trial where they would
not search for a particular stiffness, but instead, quickly transfer any five blocks into the other compartment. We
explained that the investigator would tap the medium reference block when they should do a baseline trial. The
baseline trials served to capture the time required to simply transfer a block to the empty compartment without a
decision about stiffness (no discrimination).

At the beginning of the session, each participant completed six trials of practice: two soft, two hard, and two
baseline trials. It was explained to the participants that the practice trials were not timed and that they should
focus on resolving the differences between the stiffnesses. After completing the practice trials, participants
completed 10 rounds of testing, where each round consisted of one soft, one hard, and one baseline trial in a
pre-determined randomized order. In total, each participant sorted 50 blocks during soft trials, 50 during hard
trials, and 50 during baseline trials, for a total of 150. Participants were given a rest of at least one minute after
the third and sixth rounds of testing. Testing took approximately 30 to 45 minutes to complete, depending on the
speed of the participant.

The spring test.  Experimental setup. The spring test setup was identical to the block test setup, except that
the blocks were replaced with spring cells (Fig. 2). The spring cells provided large displacements when squeezed,
thereby requiring a higher dependence on proprioceptive information to discriminate relative to the block test,
which largely required cutaneous pressure information'. Each spring cell was constructed from two 38.1 mm-long
telescoping aluminum tubes; the outer tube had 31.8 mm-outer diameter and the inner tube had 25.4 mm-outer
diameter (Fig. 2). A 76.2 mm-long spring was epoxied to two opposing press-fit end caps, such that squeezing
the telescoping tubes into each other compressed the spring along its longitudinal axis, providing approximately
25.4 mm of compression. Polytetrafluoroethylene (PTFE) tape was applied to the interior surface of the outer tube
to reduce stiction and play in the construction. Three stiffnesses of springs were used, 1.4 N/mm, 2.1 N/mm, and
2.6 N/mm. Due to the size of the spring cells relative to the size of testing area, only 12 of each stiffness was used
during testing (36 spring cells in total).

Experimental procedure.  The spring test used the same procedure as the block test, with specific differences. The
spring cells could conceivably be handled with at least two different methods: a cylinder grip where compression
was done with the thumb, such as the way a joystick may be held while pressing a button located at its top; and
a tripod grip where the index and/or middle finger opposed the thumb to squeeze the spring cell. We did not
demonstrate any method to the participants or instruct them to use any specific grip, but after the practice trials,
participants were instructed to continue using their selected grasping and squeezing strategy for the entirety of
the test.

We instructed participants to sort four spring cells per trial (rather than the five sorted in the block test),
because fewer spring cells were used, and we wanted to keep depletion effects similar between the two tasks (the
probability of grabbing a correct spring cell by chance ranged from 33% to 27.3%). However, the number of trials
was increased to 13 to compensate for the reduced number of springs discriminated per trial. In total, each par-
ticipant discriminated 52 soft, 52 hard, and 52 baseline spring cells during testing.

Scoring procedure.  The block and spring tests were scored individually, post-experiment, via video analysis,
according to the same protocol. For each participant, the video footage from both cameras was synchronized,
and recordings were viewed in a media player which allowed forward and backward frame-by-frame scrub-
bing. We used a video analysis procedure that reflected video analyses used in cryptic foraging studies’®*! to
extract four key time measures per trial from the video footage (Fig. 3): search time (T), the time spent search-
ing for a to-be-selected block or spring cell (referred to herein as test-objects); involvement time (T}), the time
spent interacting with the to-be-selected test-object; handling time (Ty), the time spent transferring the selected
test-object over the center partition and into the empty compartment of the box; and recognition time (Ty), the
time spent extracting sensory information to inform decision making. Additionally, we documented the number
of test-objects that the participants manipulated prior to making a selection. The start of each foraging cycle was
explicitly defined as the moment a participant’s tested hand broke contact with the table as it was raised from the
start position. This marked the start of search time, and was captured from the video footage timestamp. Search
time ended when the participant first made contact with the test-object that they would ultimately select. This
time also marked the beginning of involvement time. Involvement included all of the time that the participant
spent interacting with the to-be-selected test-object, and ended when the participant transferred and released that
test-object. The release marked the conclusion of a single foraging cycle and the start of the next one.
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Figure 2. Spring cell design. (a) The overall dimensions of the assembled spring cells detailing diameters of
the inner tube and outer tube, as well as the overall height. (b) An exploded assembly view of the spring cell
components detailing the end caps, inner tube, outer tube, and spring.
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Figure 3. Foraging cycle. A breakdown of the foraging phases and time outcome measures extracted from
review of experimental video footage. Where T, Ty, Ty, and T; denote search time, recognition time, handling
time, and involvement time, respectively. The gray dashed box represents the time periods during testing that
defined involvement time.
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Recognition time represented the interval in which participants squeezed a to-be-selected object and inter-
preted the sensory information to inform their selection. The derivation of this value was dependent on the
baseline trials that participants performed throughout the testing. As the baseline trials did not require a discrim-
ination decision to be made, they were assumed to purely characterize the time required to grasp and transfer a
test-object (defined as handling time). Therefore, the difference between the experimentally measured involve-
ment time and the handling time quantified the time spent making a decision (recognition time). These values are
shown formulaically in Eqn. 1,

Tr=T—-Ty (1)

where T, T;, and Ty denote recognition time, involvement time, and handling time, respectively. During baseline
trials it was assumed TR =0.

During discrimination, participants often manipulated multiple test-objects before finally making a selection.
The number of test-objects manipulated was recorded and defined as “encounters”. This total included the final
selected test-object. Any trials that were invalid were excluded from the analysis, such as if the participant stopped
to ask a question, or did not correctly follow the testing protocol.

Data analysis. The block and spring test results were analyzed separately. Accuracy (A) was calculated as
the number of correct test-objects a participant selected divided by the total number of test-objects a participant
selected. Three time-duration measures were computed that broke down the average time spent in each of the
foraging phases: search time (Ts), recognition time (Ty), and handling time (Ty).

In order to determine the decisions that participants made when they were rejecting test-objects, we derived
false positive (alpha, o) and false negative (beta, 3) error rates using the number of test-objects participants
encountered and Bayes’ Theorem. We used Bayes’ Theorem to statistically infer the rate at which participants
made alpha and beta errors. Empirically determining these error rates would have required the stiffness of every
individual test-object that the participant interacted with (picked up, assessed, and returned to the box) to have
been known. With respect to the video analysis, the test-objects were not visually distinguishable which pre-
vented us from empirically determining the stiffness of the test-objects that were rejected. Without knowing the
stiffnesses of all the test-objects that were interacted with, Bayes’ Theorem allowed us to make a strong statistical
inference about which blocks were being rejected. Alpha quantified the probability of the participant incorrectly
selecting a non-target test-object given that the test-object in hand was a non-target object (false positive, see:
Eqn. 2). It is important to note that alpha is different from the proportion of wrongly selected items. Conversely,
beta quantified the probability of the participant incorrectly rejecting a target test-object given that the test-object
in hand was a target object (false negative, see: Eqn. 3).

_ P(~t]s) x P(s)

= P(s|~t
o= P6~) P(~1) ®)

and

P(t|s) * P(s)

=P(~s|t) =1 — P(s|t) =1 —
B = P(~s]t) (s[t) 0 3)

were calculated using the standard format of Bayes’ Theorem, where P(s) was the probability of selecting any
given test-object (see: Eqn. 4), found by dividing the number of test-objects the participants were required to
select (100) by the number of test-objects they encountered (N),

P = 22,

N (4)
and P(t) was the prior probability that any given test-object was the target stiffness, a foreknown quantity based
on the concentration of each test-object stiftness. Tilde (~) is used to indicate negation. At the start of a trial,
P(t)=1/3, but as the participant removed test-objects, this quantity would increase or decrease as incorrect or
correct test-objects were selected, respectively. We therefore used a corrected average P(t) value using each partic-
ipant’s accuracy to determine the average concentration of correct test-objects remaining after each selection they
made. A summary of all the video-extracted and calculated outcome measures are provided in Table 1. The data-
sets generated and/or analyzed during the current study are available from the corresponding author on request.

Statistical analyses. Comparisons and correlations across outcome metrics, stiffnesses, and test-objects
were performed using bonferonni-corrected paired t-tests and Pearson’s correlation coefficients, respectively. P
values less than or equal to 0.05 were considered significant.

Results

Our task and test-objects were designed to differentially prioritize the role of tactile and proprioceptive feedback
in informing discrimination decisions'. Therefore, we compared performance scores (Fig. 4) and correlations
(Fig. 5) in averaged and individual participant data, respectively, to characterize how this sensory-prioritization
propagated throughout our measures. It was found that participants performed significantly better on 4 of the 6
block measures relative to the spring measures (Bonferonni-corrected paired t-tests, all p-values <0.01, Fig. 4).
The block test scores demonstrated significantly higher accuracy (87.2% to 95.3%, p =0.01), search times (6.61 s to
3.97s,p <0.01), and handling times (1.21s to 1.06s, p < 0.01) when compared to the spring test results. Beta error
rate and recognition time were the only 2 measures demonstrating no statistical differences (p =0.09 and p=0.47,

SCIENTIFIC REPORTS |

(2019) 9:5806 | https://doi.org/10.1038/s41598-019-42086-0 6


https://doi.org/10.1038/s41598-019-42086-0

www.nature.com/scientificreports/

(a) Measures extracted from video footage

Measure Symbol | Definition Units
Search time T Time spent searching for to-be-selected test-object. seconds
Involvement time | T; Time spent interacting with the to-be-selected test-object. seconds
Handling time Ty Time spent transferring and releasing the selected test-object. seconds
Encounters N Number of test-object manipulated in a foraging cycle. integer value

(b) Calculated measures

Measure Symbol | Definition Units Eqn. number
Recognition time | Ty Time spent extracting sensory information to inform decision making. seconds (1)
Accuracy A The ratio of correctly selected test-objects to total test-objects selected. % correct n/a
Alpha error rate a The probability of incorrectly selecting a test-object (false positive). probability | (2)
Beta error rate I3 The probability of incorrectly rejecting a correct test-object (false negative). | probability | (3)

Table 1. A summary table of experimental measures. (a) The measures extracted through frame-by-frame
analysis of experimental video footage. (b) The measures derived through calculations of experimental data.
Table categories provide: the symbolic annotation of each measure as used in the equations of the methods
section, a general definition, the units of each measure, and the corresponding equation describing the
derivation of each measure (where applicable).

respectively). Strong and significant correlations were present across the two tasks for both recognition and han-
dling times (r=0.59 and r =0.89, p=0.02 and p < 0.01, respectively). Search time, which made up the majority
of the time each participant spent foraging (Fig. 4c), had a moderate, non-significant correlation between the
two tests (r=0.43 and p=0.11). Accuracy, alpha error rate, and beta error rate demonstrated weak correlations
(Fig. 5).

Average participant performances between soft and hard objects were compared to quantify how physical
changes in test-objects and the corresponding changes in sensory information manifested in the test scores. The
non-linear scaling of test-object stiffnesses allowed us to assess how participants’ abilities to discriminate the
objects changed across a range of stiffnesses, as well as validate our tests’ abilities to capture those changes in dis-
criminatory ability. Soft-object versus hard-object comparisons were performed for the block test and spring test
separately. On average, participants’ scores were improved when foraging for soft objects in two of the outcome
measures: accuracy and alpha error rate (Figs 6 and 7); this was present in both the block and the spring tests (all
p-values < 0.05 using Bonferonni-corrected paired t-tests). The remaining measures: search time, recognition
time, and beta error rate did not demonstrate significant differences in the performance during discrimination
of hard and soft objects.

We expected no learning time or learning effects for our test as using one’s senses of touch and proprioception
to determine an object’s stiffness is a common everyday task. To quantify learning effects, we examined the aver-
age performance of each of our participants during the first third (33 trials) and last third (33 trials) of the block
and the spring tests (Fig. 8). Accuracy, number of encounters per object selection, and average foraging time were
specifically evaluated as every remaining measure was derived from these three variables. No significant differ-
ences (using paired t-tests) were detected for either the block or the spring tests.

Additionally, we explored the relationships between learning effects and overall performance by evaluating
correlations between the number of trials a participant spent “learning” and their final scores (Fig. 9). The run-
ning average score (starting with trial one) was used, and “learning time” was defined as the number of trials
required for each participant’s running average to enter and stay within the bounds of their final 95% confidence
interval (Fig. 9g). Each participant’s learning time was compared against their final overall performance in accu-
racy, encounters per selection, and foraging time per object (Fig. 9a—f). No correlations between learning time
and overall performance for any of the three measures in either the block or the spring tests were found.

Discussion

The objective of this work was to develop a psychophysical touch and proprioception measure that would allow
us to investigate sensorimotor behavior and strategy of participants as they performed a sensory discrimination
task. The development of our metric was guided by five key criteria. (1) Minimal rules and instructions: The acts
of selecting, discriminating, and transferring test-objects were unconstrained, and participants were given an
initial practice period to organically arrive at their preferred sensorimotor strategies. (2) Sensitivity to sensorimo-
tor strategies: Our sensory discrimination tasks provided multiple outcome measures sensitive to sensorimotor
strategies. For example, if a participant were overly cautious in their discrimination we would anticipate increased
search time and increased beta error rate, or if a participant were simply guessing and transferring objects as
quickly as possible, this would present as an accuracy close to chance with reduced search and recognition times.
(3) Sensitivity to the effects of sensory feedback: Our tasks were specifically designed to evaluate one’s ability to
make discrimination choices informed through cutaneous and proprioceptive sensory information. (4) The elim-
ination of ceiling effects: Ceiling effects may occur in clinical tests when patient performance improves to the
point that the test is insufficiently difficult to measure their ability, and thus the test can no longer detect improve-
ments in their condition. To the detriment of allowing comparisons across populations, often a test will stratify
users by providing tasks that are insufficiently challenging for able-bodied, yet too difficult for the sensorimotor
impaired. Our task provides a suite of metrics, including time-based measures, which scale in our application
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Figure 4. A breakdown of the six metrics collected during testing, for both blocks (blue) and springs (red).
Panel (a) shows the average of all participants’ selection accuracies for both blocks and springs. The fill of the
object segments represents the average number of correct objects the participants identified per trial (out of
five blocks or four spring cells), whereas the y-axis indicates the percentage of correctly selected objects that the
participants identified from all trials (as a percentage). Panel (b) shows average Type I error rate () and Type
II error rate (3) of all participants. P-value indicates significantly lower error rates. Panel (c) shows the average
time participants spent in each foraging phase for both blocks and springs. The staggered bar plots represent
different foraging phases and correspond to the labels on the left. The sum of each set of three bars represents
the average total foraging time per respective test-object. Note that the error bars describe the variability of each
foraging phase independently, and are not additive. P-value indicates significance level of both * (the top bars)
and ** (the bottom bars). All error bars represent +1 standard deviation of the respective plotted variable.

to accommodate all participant populations and their abilities. (5) Multiple outcome scores rather than a single
“good/bad” or completion-time score: Our utilization of an OFT cryptic prey style video analysis provided a variety
of measures to characterize foraging and decision making behaviors. Specifically, we extracted four quantitative
measure from experimental data to directly characterize task performance. Additionally, error analyses were per-
formed, creating predictive models of the types of errors participants were most likely to make. Together, these
outcomes allow for a nuanced description of sensorimotor performance.

Although the acts of manipulating, discriminating, and transferring a test-object are relatively straightforward,
information is available that enables measures reflecting three primary aspects of performance: motor control,
sensory feedback, and strategy (Table 2). Recognition time is almost exclusively a function of sensory feedback, as
it accounts for the time that the participants spent extracting sensory information from a test-object and making
a discrimination choice. Accuracy is a measure of how successful a participant’s sensory system was in providing
relevant information to guide the selection of a test-object. Accuracy is also affected by the strategic decisions
of the participant, such as the degree of caution used when selecting objects. Handling time is calculated from
baseline trials, which consist of only the grasp and transfer of the selected test-objects, and therefore is primarily
a function of the participant’s motor control. This phase is nearly identical to the traditional Box and Block test*:
during baseline trials, participants are instructed to move the test-objects one at a time, over the center partition,
into the other compartment as quickly as possible. Search time is dependent on the sensory and motor systems
as the participant is required to navigate through the experimental space while manipulating test-objects, using
sensory information to reject non-target objects, and locate a target object. A participant might strategize during
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Figure 5. Correlations between block and spring performance for the six metrics collected during the test.
Block performance is shown on the y-axes and spring performance is shown on the x-axes. Axes are scaled

to include all data and maximize viewing area. Each marker indicates the block and spring performance of

a different participant. The dotted lines are the trend lines. The correlation coefficient (r) and significance
level of the correlation is labelled for each plot. The two plots at the bottom (Panels (e and f)) show significant
correlations between blocks and springs for those for metrics. The label “prob.” denotes probability.

search time by minimizing the re-visiting of non-target test-objects or by searching in “hot spots”. The alpha error
rate (false positive) describes the probability that the participant will mistakenly select a non-target object each
time one is encountered. Alpha error rates are minimized through the use of sensory information and strategic
decisions, such as weighing the discrimination certainty against the time cost of finding a new object. Beta error
rate (false negative), which describes the probability that the participant will mistakenly reject a target object each
time one is encountered, is influenced by both sensory feedback and strategy in a similar manner.

Comparing participants’ results between the block and spring cell tasks allowed us to describe how participant
strategy and performance changed based on the sensory modalities with which they presumably interacted, and
characterize which aspects of performance translated across the test variants. Previous work by Srinivasan and
LaMotte revealed that the sensory modalities needed to discriminate objects of different stiffnesses was in part
dependent on the surface deformability of those objects. Specifically, compliant objects with deformable surfaces
(rubber specimens) required only tactile sense to discriminate, whereas compliant objects with non-deformable
surfaces (spring cells) required both cutaneous pressure and proprioception to discriminate!. We designed our
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Figure 6. Soft blocks vs. hard blocks performance for five different metrics. All y-axes represent soft
performance and all x-axes represent hard performance. For all panels, axes have been scaled/reversed such that
better performance is to the top and right. Each open square marker represents a different participant. Larger
filled square markers represent the average of all participants and the error bars represent 95% confidence
intervals of the respective averaged data. The dotted 1:1 line in each plot represents equal performance between
soft and hard blocks. Markers that lie above the dotted 1:1 line in the shaded orange region labelled soft indicate
that participant performance for that metric was better for soft blocks, whereas markers that lie below the dotted
1:1 line in the shaded purple region labelled hard indicate that participant performance for that metric was
better for hard blocks. Subplots 6a and 6c show statistically better performance for soft blocks than hard blocks,
with labelled p-values indicating the significance level. The label “prob.” denotes probability.

tasks using their findings as a guide so that the two variants of our task, blocks and spring cells, would each pri-
oritize a different sensory modality: cutaneous pressure and proprioception, respectively. In our analyses, it was
found that the average accuracy of the block test was significantly higher than the spring test (Fig. 4a), with the
average foraging time being significantly less (Fig. 4c). Additionally, the block and the spring test accuracy scores
did not demonstrate correlation. This implies that different accuracy was being achieved across the differentially
prioritized sensory modalities, and the magnitude of these differences were individual to each participant. These
findings are paralleled by Srinivasan and LaMotte. In their experiments, participants also made stiffness discrim-
inations about rubber test-objects and spring cells and differences in performance were attributed to presence
of cutaneous touch and proprioception, respectively'. However, in their work, participant finger indentation
parameters (e.g., joint angles, loading velocities, peak force contact, and specimen edge avoidance) were carefully
controlled, and discrimination was tested under both active touch (with kinesthesia) and passive touch (without
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Figure 7. Soft springs vs. hard springs performance for five different metrics. All y-axes represent soft
performance and all x-axes represent hard performance. For all panels, axes have been scaled/reversed such that
better performance is to the top and right. Open circle markers each represent a different participant. Larger
filled circle markers represent the average of all participants and error bars represent 95% confidence intervals
of the respective averaged data. The dotted 1:1 line in each plot represents equal performance between soft and
hard springs. Markers that lie above the dotted 1:1 line in the shaded orange region labelled soft indicate that
participant performance for that metric was better for soft springs, whereas markers that lie below the dotted 1:1
line in the shaded purple region labelled hard indicate that participant performance for that metric was better
for hard springs. Subplots 7a and 7c show statistically better performance for soft springs than hard springs,
with labelled p-values indicating the significance level. The label “prob.” denotes probability.

kinesthesia)'. This is in contrast to our study where participants were not constrained in how they manipulated
the test-objects. Despite this, our data, combined with the findings of Srinivasan and LaMotte, support the idea
that both tests are unique sensory tasks evaluating two separate sensory aspects of upper limb control.
Recognition time is a sensory-based value that represents the time required to extract and interpret sensory
information, as well as make a decision. We found that regardless of the sensory modalities being prioritized
in the block and the spring tests, the average recognition times did not significantly differ but instead demon-
strated significant correlation. This suggests that the sensory content (cutaneous-force, or proprioception and
cutaneous-force) does not significantly influence this time, and/or any non-significant differences are scalable
across individual participant performances. When foraging for cryptic prey, there is an optimal tradeoff between
search rate and the probability of prey detection. Slow searching may provide improved prey detection but
requires more time, and searching faster allows more area to be investigated but may detect less prey; thus, there
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Figure 8. Group mean performance during the first third and the last third of the experiment. Group

mean performance was examined for accuracy, encounters per selection, and foraging time. The block test
performance is shown as blue squares and the spring test performance is shown as red squares. Empty markers
represent performance during the first third of the test, which was approximately 33 trials, and filled markers
represent performance during the last third of the test (also 33 trials). Error bars represent 95% confidence
intervals of the respective plotted variables. Axes are scaled to maximize viewing area.

is a tipping point where neither alternative will further increase the overall rate of prey capture*. In our case,
search rate and probability of prey detection are both heavily influenced by recognition time. Therefore, the aver-
age recognition time that we found (approximately 1.1seconds [Fig. 4c]) likely represents the optimized duration
for participants to spend engaging with sensory information, regardless of the sensory content; any further time
would yield diminishing returns on the quality of the discrimination decision.

Different handling time durations may be expected between the tasks as the two test-objects are different
shapes and require different methods for grasping and handling. Indeed, we found that participant handling times
measured from the block task were significantly different than those measured in the spring task. We also found
that participant handling times between the block and spring tasks were strongly correlated (Figs 4c and 5f), i.e.,
participants who transferred objects quickly in one test were likely to be quick in the other. Handling time is pri-
marily influenced by motor control and therefore a marker for the motor capabilities of the person being tested. In
our experiments, participants were effectively using identical motor control systems (with arguably similar motor
capabilities): their physiological hand and arm. We suggest that in this case, differences in participants’ handling
times could also be thought of as a proxy for level of engagement with the task.

We examined the participants’ test results for learning effects to understand how sensory feedback modality
influenced the rate at which participants optimized the foraging discrimination task. Additionally, we quantified
correlations between how quickly a participant learned and their overall task performance. This provided insight
into how the “slowness” or “quickness” of a participant’s learning may be related to their overall task ability, e.g.,
are fast learners better at the task? No significant difference was demonstrated in average performance during the
first and last third of testing, in accuracy, encounters per selection, or foraging time (Fig. 8). This finding supports
that participant performances were stable over the duration of testing. Furthermore, the size of the final 95% con-
fidence intervals suggest that this likely stems from minimal changes in mean values rather than large variances in
scores. Figure 9 highlights the number of trials prior to participants converging on stable performance (maintain-
ing scores within their final 95% confidence interval). No statistically significant correlations were found between
the number of trials to converge and performance. In other words, how quickly one learns the task and adopts
a sensorimotor strategy does not appear to influence their ability to perform the task. As a group, participants
typically demonstrated convergence quickly within the first third of the trials.

Our tasks were specifically designed to be unstructured in the way participants engaged with, and explored
test-objects; yet, during the experiments, we observed some participants adopting organized strategic behaviors.
As our analyses did not explicitly quantify these behaviors, we completed an additional observation-based analy-
sis to capture the way participants searched and grasped test-objects (Fig. 10). Specifically, when searching, some
participants engaged in more “systematic” search styles, such as organizing rejected test-objects to separate them
from potential target objects, and/or working exhaustively from one area of the box to another. This is in contrast
to more “random” search strategies, where participants placed rejected test-objects in their original location or
randomly around the box, and switched their search area erratically. We classified participants as systematic or
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Figure 9. Comparing each participant’s learning time to their overall performance for blocks and springs.
Learning time was measured in number of trials, and performance was examined in three different measures
(accuracy, encounters per selection, and foraging time per object). Blue blocks represent participant data

from the block test (a—c) and red circles represent participant data from the spring test (d-f). For (a-f), the
x-axis shows the number of trials spent “learning’, that is, the number of trials it took each participant for their
performance to stabilize within the 95% confidence intervals of their final performance. (g) Shows an example
participant to illustrate how learning time was determined. The number of trials for the participant’s running
average performance to enter and stay within the 95% confidence intervals of their final performance was
considered to be the number of trials spent “learning”. Stable performance for this participant is indicated by the
red vertical line.
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(o] e N y Motor Strategy
Recognition time v

Accuracy v v

Alpha error rate v v

Beta error rate v v
Handling time v

Search time v v v

Table 2. The sensitivity of individual performance indicators and their sensitivity to sensory, motor, or strategic
aspects of upper limb control.

Grasping Strategy

Springs Blocks

Thumb Tripod

Random @ @

Systematic @ @

O,

Figure 10. Observed proportions of participants using different grasping and searching strategies. Participants
were classified into two strategies of grasping (top: thumb versus tripod) and two strategies of searching (left:
random versus systematic). The total number of participants using each searching strategy or each grasping
strategy is shown by adding the numbers across each row or each column, respectively. The number of
participants using particular combinations of grasp and search strategies can be seen by looking at specific cells
(e.g., the number of people who searched systematically with a tripod grasp is shown in the bottom center cell.)

Searching Strategy

random searchers based on how frequently and deliberately they organized rejected test-objects, and how likely
they were to exhaustively search test-objects by location. Although systematic strategy was observed in some
participants, the majority of participants fell into the random searchers category. This finding is consistent with
other biological foragers, in which semi-random search strategies are employed and may be described through
stochastic mathematical models such as Levy flight*’. Importantly, traditional OFT models assume a memoryless
random search phase, and in our data, no difference in performance was observed between participants perform-
ing random and strategic-sorting search strategies, supporting that the memoryless assumption stands for our
analyses. We also observed grasping strategies during the spring test. Participants fell into one of two categories:
thumb grasping and tripod grasping, as described in Methods. We classified all participants into these searching
and grasping strategies (Fig. 10). The strategy one adopts to manipulate the spring cells may have two possi-
ble explanations: (1) participants may have selected their grasping strategy for motor control reasons, e.g., they
selected a method which allowed them to grasp the spring cells quickly, comfortably, or in a way that minimized
muscular exertion or fatigue, (2) a participant’s grasping strategy may have been selected on a sensory discrimina-
tion basis, e.g., they determined that their chosen grasping method allowed them to most accurately and quickly
collect sensory information. Significant differences between thumb grasp and tripod grasp strategies were not
found in any of our performance measures (data not shown), suggesting that either the effect of grasping strategy
was too small to detect, or grasping strategy was selected based on some other unknown variable.

In OFT studies that examine the optimal diet of foragers, the long-term rate of caloric gain and profitability
(the value of an encountered prey item) play a fundamental role in predicting the prey items that are included
as part of the forager’s optimal diet. The optimal diet model suggests that the most profitable prey item is always
included in the forager’s diet. From this point, the inclusion of prey items into the diet is considered in order of
descending profitability, and a prey item is included in the forager’s diet only if the prey’s profitability is greater
than the forager’s net rate of food intake>®. Although this is a cursory overview of the optimal diet model, the
relevant point pertaining to the present study is that rate of net gain and profitability have been demonstrated to
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be predictive in the decision-making of biological foragers. The values of rate of gain and profitability may have
alternatives in the present study, and these values may potentially be useful with respect to the future goals of our
sensorimotor task: characterizing sensory-impaired populations and sensory restoration interventions.

First, it is important to consider the concepts of prey reward and foraging accuracy. Generally, the forager’s
reward from the prey is the prey’s (net) caloric content, whereas accuracy typically refers to the forager’s detec-
tion rate of the prey from the environment. In the present study, these are not distinct concepts; participants are
only rewarded for detecting correct test-objects, (e.g., if soft test-objects are the target, medium and hard objects
are both equally valueless). Any assigned reward value to the test-objects would simply be a scaling factor, and
we therefore consider the reward of foraging to be interchangeable with the accuracy of foraging in our task.
This departure from classical foraging theory affects the interpretation of foraging metrics, but better suits the
long-term goals of our sensorimotor task.

The mathematical rate of gain of a forager’s diet is the long-term net caloric intake divided by total foraging
time (described in units of caloric gain per unit time). In contrast, we calculate a modified version of rate of gain
by dividing the number of blocks correctly selected by total task time (see: Eqn. 5). We refer to this quantity as
efficiency. Although, this calculation has exceptions from classical rate of gain, we anticipate it may be useful
to describe the effectiveness of therapeutic interventions in sensorimotor-impaired populations. For example,
comparing two or more treatments might reveal differential improvements in sensory feedback and motor func-
tion, which may be captured through the measures of accuracy and foraging time, respectively. This hypothetical
tradeoft between accuracy and speed could be quantified with efficiency. This would help to determine which
intervention may provide the greatest benefit, just as rate of gain is used in the optimal diet model to predict
which prey would benefit a forager’s diet.

Profitability is an essential quantity for a forager to (instinctively) consider when deciding whether or not to
pursue a prey item. Profitability is calculated by dividing prey net caloric content by handling time, describing
the relationship between an expected gain and the time taken to achieve it. In contrast, we calculate a modified
version of profitability by dividing accuracy by recognition time (see Eqn. 7). We refer to this ratio as discrimina-
tion efficiency. The expected gain of each test-object is a function of the participant’s ability to correctly discrim-
inate the test-object (accuracy). The time taken to achieve that gain is the time spent making the discrimination
decision (recognition time). While this is similar to profitability, there are important differences. Profitability is a
prospective property of a prey item that is known to the forager upon encountering that prey item, and is therefore
a strong predictor of the forager’s decision-making. Conversely, discrimination efficiency restrospectively describes
the quality of the participant’s decisions when selecting test-objects. A participant is not able to determine the
value of a test-object (the likelihood that it is a target) until a time cost has already been incurred. Therefore,
discrimination efficiency would not be a predictor of a participant’s decision-making when selecting test-objects.
However, discrimination efficiency provides a meaningful way to quantify the performance of a sensory system.
If two sensory restoration interventions are compared, they may provide different benefits to the quality of sen-
sory information received versus how quickly that sensory information is useful to the patient. Discrimination
efficiency provides a method to determine if tradeoffs between speed and accuracy are beneficial in a way that
resembles how biological foragers make decisions about the balance between payoft and time investment.

Because the present study examined the performance of only able-bodied participants with intact sensorimo-
tor systems, the measures of efficiency and discrimination efficiency would be expected to simply show trends in
performance, rather than quantifying tradeoffs between alternative interventions as described above. However,
able-bodied performance data would provide a useful frame-of-reference for contextualizing performance
improvements in sensorimotor impaired populations, so those able-bodied data are included here. Each partici-
pant’s efficiency (E, Eqn. 5) was calculated as

. S
T+ T+ Ty (5)

where A was their accuracy, and A was divided by the sum of their search time, recognition time, and handling
time averages (T, Ty, and Ty, respectively). Each participant’s discrimination efficiency was calculated using an
adjusted accuracy (A, Eqn. 6)

1

-
A=A (1 — A), ©
so that an accuracy of 33% would yield an adjusted accuracy of 0. Adjusted accuracy was specifically used to
accommodate for scoring based on chance, i.e., if a participant was unable to discriminate the test-objects above
the threshold of guessing (33% accuracy), they would receive an adjusted accuracy and discrimination efficiency
score of zero (reflecting the participant’s discrimination strategy relative guessing). Discrimination efficiency (D,
Eqn. 7) was therefore calculated as

A/

D :
Ty (7)

We found that in the block task compared to the spring task, participants performed with greater efficiency
(16.8%/s to 10.0%/s, p < 0.01) and discrimination efficiency (94.7%/s to 71.3%/s, p=0.01) shown in Fig. 11.
Additionally, efficiency as well as discrimination efficiency each strongly correlated across the two tasks (both
r=0.61 and p=0.02), shown in Fig. 12. Comparing soft test-objects against hard test-objects revealed that there
was not a significant effect of test-object stiffness on efficiency for either blocks or springs (Figs 13a and 14a).
However, group-mean discrimination efficiency was significantly higher for soft compared to hard test-objects for
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Figure 11. Group-mean performance in efficiency and discrimination efficiency for blocks (blue) and springs
(red). Panel (a) shows average efficiency of all participants. P-value indicates significantly higher efficiency in the
block test. Panel (b) shows the average discrimination efficiency of all participants for blocks (blue) and springs
(red). P-value indicates significant difference in group means.
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Figure 12. Correlation between block and spring performance for efficiency and discrimination efficiency. Block
performance is shown on the y-axes and spring performance is shown on the x-axes. Axes are scaled to include

all data and maximize viewing area. Each marker indicates the block and spring performance of a different
participant. The dotted lines are the trend lines. The correlation coeflicient (r) and significance level of the
correlation is labelled for both plots. Both metrics showed significant correlation across the block and spring tasks.

both blocks and springs (Figs 13b and 14b), likely due to higher accuracy scores in soft test-objects (Figs 6¢ and 7c¢)
while changes in recognition times were insignificant (Figs 6e and 7e).

While our task design and video analysis were influenced by OFT, we made several departures from classical
OFT which are important to consider as they affect the interpretation of our results from an OFT perspective.
First, accuracy (or prey detection) and prey value (e.g., calories) are conventionally separate quantities which
together define a forager’s behavior*®. In our task, we chose to assign value to correct discriminations only, as
this allowed us to separate discrimination ability (e.g., accuracy) from foraging strategy (e.g., alpha and beta
error rates). In contrast, if test-objects of different stifftnesses were differentially valued, then it would be unclear
if the resulting accuracy and error rates of those objects were the result of an inability to discriminate them, or
a strategic decision to ignore them in an attempt to improve foraging efficiency. The result of this decision was
that a participant’s accuracy (the number of correct discriminations divided by the total foraging attempts) was
synonymous with their foraging reward. Second, our adoption of accuracy as prey value carried over to the quan-
tities of efficiency and discrimination efficiency. Conventionally, these quantities refer to the value of prey items
being foraged for; that is, a prey item has a profitability value relevant to the forager, and this profitability value
is the basis for modelling the forager’s decisions. In our case, we were not interested in describing the value of
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Figure 13. Soft blocks vs. hard blocks performance for efficiency and discrimination efficiency metrics. Both
y-axes represent soft performance and both x-axes represent hard performance. For both panels, axes have
been scaled such that better performance is to the top and right. Each open square marker represents a different
participant. Larger filled square markers represent the average of all participants and the error bars represent
95% confidence intervals of the respective averaged data. The dotted 1:1 line in each plot represents equal
performance between soft and hard blocks. Markers that lie above the dotted 1:1 line in the shaded orange
region labelled soft indicate that participant performance for that metric was better for soft blocks, whereas
markers that lie below the dotted 1:1 line in the shaded purple region labelled hard indicate that participant
performance for that metric was better for hard blocks. Average participant discrimination efficiency (subplot
13b) was significantly higher for soft blocks compared to hard blocks
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Figure 14. Soft springs vs. hard springs performance for efficiency and discrimination efficiency metrics. Both
y-axes represent soft performance and both x-axes represent hard performance. For both panels, axes have
been scaled such that better performance is to the top and right. Open circle markers each represent a different
participant. Larger filled circle markers represent the average of all participants and error bars represent

95% confidence intervals of the respective averaged data. The dotted 1:1 line in each plot represents equal
performance between soft and hard springs. Markers that lie above the dotted 1:1 line in the shaded orange
region labelled soft indicate that participant performance for that metric was better for soft springs, whereas
markers that lie below the dotted 1:1 line in the shaded purple region labelled hard indicate that participant
performance for that metric was better for hard springs. Average participant discrimination efficiency (subplot
14b) was significantly higher for soft springs compared to hard springs.

the prey items. Rather, our goal was to describe participants’ abilities to discriminate the test-objects, as well as
characterize the time spent and decision-making which led to the discrimination decisions. Since our task design
eliminated the aspect of prey choice, efficiency and discrimination efficiency described the value of the single target
stiffness relative to its cryptic background (the distractor test-objects). In this way, efficiency and discrimination
efficiency may also be thought of as describing the value of the participant’s discrimination ability and foraging
strategy when foraging for the target stiffness (the only prey available to them).

At a fundamental level, decision-making in OFT is generally explained through the mechanisms of Marginal
Value Theorem and the time opportunity cost of foraging®->2. When a forager encounters a prey, it must make a
decision of whether to pursue that prey item, or ignore it and continue searching. This decision depends on the
immediate reward of the prey item and the time opportunity cost of engaging with the prey item, the latter being
defined by the forager’s average net energy intake. When a forager encounters a prey item, it must decide whether
pursuing it or ignoring is a better use of its time, based on the reward it expects to receive from either option. This
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fundamental decision-making mechanism of foraging is also present in our stiffness discrimination task. Each
test-object that a participant selects or rejects carries with it an associated opportunity cost. Each time a partici-
pant encounters a test-object, they inherently decide the probability that it is a target test-object (i.e., its value) and
they know the amount of time they have spent thus far finding and identifying the test-object. This is the imme-
diate value of the test-object. The participant must then make the decision to select it or reject it, and the forgone
decision becomes the opportunity cost. The more confident the participant is that they have a correct test-object,
the greater the opportunity cost of rejecting it (i.e., making a false negative error), as they will incur more time
cost and receive diminishing gains in accuracy. Inversely, there is a tremendous opportunity cost associated with
taking an incorrect test-object (i.e., a false positive error), as it provides 0 value, and in our task the number of
foraging attempts allowed is explicitly limited; if an incorrect test-object is taken, the opportunity to find a correct
one is permanently lost. Even at longer foraging times, there is still a great opportunity cost for taking an incorrect
test-object as it provides no value. It would follow from the opportunity cost argument that participants in our
task should bias towards false negative errors, while taking great care to avoid false positive errors, as false positive
errors have large opportunity costs. We do in fact see this in the data, as for both the block and spring tasks, par-
ticipants were significantly less likely to make false positive errors than false negative errors (Fig. 4b).

We developed a foraging style task, that assessed the strategy and performance of human participants com-
pleting sensory discriminations. Our data analysis was able to describe the strategies used by the participants,
as well as identify overall performance trends of a normative population to characterize how humans engage
with object search-and-acquisition in the context of a tactile and proprioceptive sensory discrimination task. We
suggest that this task could be a valuable tool for studying touch and proprioception, such as understanding the
impact of altered sensation and/or motor control in impaired populations or those using assistive technologies
such as upper limb prostheses. Our task may also have potential to be adapted as a format for foraging theory
studies as a test-bed or validation tool in applicable foraging models.

References
1. Srinivasan, M. A. & Lamotte, R. H. Tactual Discrimination of Softness. Neurophysiology 73 (1995).
2. Johansson, R. S. & Flanagan, J. R. Tactile Sensory Control of Object Manipulation in Humans. Senses A Compr. Ref. 6, 67-86 (2010).
3. Robertson, S. L. & Jones, L. A. Tactile sensory impairments and prehensile function in subjects with left-hemisphere cerebral lesions.
Arch. Phys. Med. Rehabil. 75,1108-1117 (1994).
4. Tyson, S. E, Hanley, M., Chillala, J., Selley, A. B. & Tallis, R. C. Sensory loss in hospital-admitted people with stroke: Characteristics,
associated factors, and relationship with function. Neurorehabil. Neural Repair 22, 166-172 (2008).
5. Carey, L. M., Matyas, T. A. & Oke, L. E. Sensory loss in stroke patients: effects of training of tactile and propriceptive
discrimmination. Arch Phys Med Rehabil 74, 602-611 (1993).
6. Guclu-Gunduz, A., Citaker, S., Nazliel, B. & Irkec, C. Upper extremity function and its relation with hand sensation and upper
extremity strength in patients with multiple sclerosis. NeuroRehabilitation 30, 369-374 (2012).
7. Auld, M. L., Boyd, R. N., Moseley, G. L., Ware, R. S. & Johnston, L. M. Impact of tactile dysfunction on upper-limb motor
performance in children with unilateral cerebral palsy. Arch. Phys. Med. Rehabil. 93, 696-702 (2012).
8. Robert, M. T., Guberek, R., Sveistrup, H. & Levin, M. F. Motor learning in children with hemiplegic cerebral palsy and the role of
sensation in short-term motor training of goal-directed reaching. Dev. Med. Child Neurol. 55, 1121-1128 (2013).
9. Kuczynski, A. M., Semrau, J. A., Kirton, A. & Dukelow, S. P. Kinesthetic deficits after perinatal stroke: Robotic measurement in
hemiparetic children. J. Neuroeng. Rehabil. 14, 1-15 (2017).
10. Sainburg, R. L., Poizner, H. & Ghez, C. Loss of proprioception produces deficits in interjoint coordination. J. Neurophysiol. 70,
2136-2147 (1993).
11. Winward, C. E., Halligan, P. W. & Wade, D. T. The Rivermead Assessment of Somatosensory Performance (RASP): standardization
and reliability data. Clin. Rehabil. 16, 523-533 (2002).
12. Sathian, K., Goodwin, A. W, John, K. T. & Darian-Smith, I. Perceived roughness of a grating: correlation with responses of
mechanoreceptive afferents innervating the monkey’s fingerpad. J. Neurosci. 9, 1273-1279 (1989).
13. Roland, P. E. & Mortensen, E. Somatosensory detection of microgeometry, macrogeometry and kinesthesia in man [published
erratum appears in Brain Res 1987 May;434(2):241]. Brain Res. 434, 1-42 (1987).
14. Johnson, K. O. & Phillips, J. R. Tactile spatial resolution. I. two-point discrimination, gap detection, grating resolution, and letter
recognition. J. Neurophysiol. 46, 1177-1192 (1981).
15. Wingert, J. R., Burton, H., Sinclair, R. J., Brundstrom, J. E. & Damiano, D. L. Tactile sensory abilities in cerebral palsy: deficits in
roughness and object discrimination. Dev Med Child Neurol. 50, 832-838 (2008).
16. Scheel, D. Profitabilty, prey choice, risk minimization of African Lions. Behav. Ecol. 4, 90-97 (1992).
17. Holling, C. S. Some characteristics of simple types of predation and parasitism. Can. Entomol. XCI, 385-398 (1959).
18. Stephens, S. W. & Krebs, J. R. Foraging Theory. (Princeton University Press, 1986).
19. Macarthur, R. H. & Pianka, E. R. On Optimal Use of a Patchy Environment. Am. Soc. Nat. 100, 603-609 (1966).
20. Houston, A. I, Krebs, J. R. & Erichsen, J. T. Optimal prey choice and discrimination time in the great tit (Parus major L.). Behav.
Ecol. Sociobiol. 6,169-175 (1980).
21. Elner, R. W. & Hughes, R. N. Energy Maximization in the Diet of the Shore Crab, Carcinus maenas. J. Anim. Ecol. 47,103 (1978).
22. Emlen, J. M. The Role of Time and Energy in Food Preference. Am. Soc. Nat. 100, 611-617 (1966).
23. Waters, C. M. & Bassler, B. L. QUORUM SENSING: Cell-to-Cell Communication in Bacteria. Annu. Rev. Cell Dev. Biol. 21, 319-346
(2005).
24. Gelblum, A. et al. Ant groups optimally amplify the effect of transiently informed individuals. Nat. Commun. 6, 1-9 (2015).
25. Viswanathan, G. M., Raposo, E. P. & da Luz, M. G. E. Lévy flights and superdiftusion in the context of biological encounters and
random searches. Phys. Life Rev. 5, 133-150 (2008).
26. Chandler, J. E, Burn, D., Berggren, P. & Sweet, M. J. Influence of resource availability on the foraging strategies of the triangle
butterflyfish Chaetodon triangulum in the Maldives. PLoS One 11, 1-11 (2016).
27. Cavagna, A. et al. Scale-free correlations in starling flocks. Proc. Natl. Acad. Sci. 107, 11865-11870 (2010).
28. Edwards, A. M. et al. Revisiting Lévy flight search patterns of wandering albatrosses, bumblebees and deer. Nature 449, 1044-1048
(2007).
29. Catania, K. C. & Remple, F. E. Asymptotic prey profitability drives star-nosed moles to the foraging speed limit. Nature 433, 23-25
(2005).
30. Shemesh, Y. et al. High-order social interactions in groups of mice. Elife Sep. 3 (2013).
31. Pavlic, T. P. & Passino, K. M. Generalizing foraging theory for analysis and design. Int. J. Rob. Res. 30, 505-523 (2011).

SCIENTIFICREPORTS| (2019) 9:5806 | https://doi.org/10.1038/s41598-019-42086-0 18


https://doi.org/10.1038/s41598-019-42086-0

www.nature.com/scientificreports/

32. Dwairy, M., Dowell, A. C. & Stahl, J.-C. The application of foraging theory to the information searching behaviour of general
practitioners. BMC Fam. Pract. 12,90 (2011).

33. Effrein Sandstrom, P. Scholars as Subsistence Foragers. Bull. Am. Soc. Inf. Sci. 17-20 (1999).

34. Strandburg-Peshkin, A., Farine, D. R., Couzin, I. D. & Crofoot, M. C. Shared decision-making drives collective movement in wild
baboons. 3, 4-7 (2009).

35. Karpas, E. D., Shklarsh, A. & Schneidman, E. Information socialtaxis and efficient collective behavior emerging in groups of
information-seeking agents. Proc. Natl. Acad. Sci. 114, 5589-5594 (2017).

36. Pal, A,, Kumara, H. N., Mishra, P. S., Velankar, A. D. & Singh, M. Extractive foraging and tool-aided behaviors in the wild Nicobar
long-tailed macaque (Macaca fascicularis umbrosus). Primates 1-11, https://doi.org/10.1007/s10329-017-0635-6 (2017).

37. Tan, A. W. Y. From play to proficiency: The ontogeny of stone-tool use in coastal-foraging long-tailed macaques (Macaca
fascicularis) from a comparative perception-action perspective. . Comp. Psychol. 131, 89-114 (2017).

38. Whalley, W. B. Evaluating student assessments: the use of optimal foraging theory. Assess. Eval. High. Educ. 41, 183-198 (2016).

39. Fielding, M. & Jones, V. ‘Disrupting the Optimal Forager’: Predictive Risk Mapping and Domestic Burglary Reduction in Trafford,
Greater Manchester. Int. J. Police Sci. Manag. 14, 30-41 (2012).

40. Pyke, G. H. Optimal Foraging Theory: A Critical Review. Ann. Rev. Ecol. Syst. 523-575 (1984).

41. Hughes, R. N. Optimal Diets under the Energy Maximization Premise: The Effects of Recognition Time and Learning. Am. Soc. Nat.
113,209-221 (1979).

42. Tillett, B. J., Tibbetts, I. R. & Whithead, D. L. Foraging behaviour and prey discrimination in the bluespotted maskray Dasyatis
kuhlii. J. Fish Biol. 73, 1554-1561 (2008).

43. Farnsworth, G. L. & Smolinski, J. L. Numerical Discrimination by Wild Northern Mockingbirds Author (s): George L. Farnsworth
and Jennifer L. Smolinski Published by: American Ornithological Society Stable. http://www.jstor.org/stable/4122514 REFERENCES
Linked references are availabl. 108, 953-957 (2017).

44. Erichsen, J. T., Krebs, J. R. & Houston, A. I. Optimal Foraging and Cryptic Prey. 271-276 (1980).

45. Meththananda, I. M., Parker, S., Patel, M. P. & Braden, M. The relationship between Shore hardness of elastomeric dental materials
and Young’s modulus. Dent. Mater. 25, 956-959 (2009).

46. Mathiowetz, V. & Weber, K. Adult N o rills for the Box and Block. Am. J. Ocupational Ther. 39, 387-391 (1985).

47. Hebert, J. S. & Lewicke, J. Case report of modified Box and Blocks test with motion capture to measure prosthetic function. J.
Rehabil. Res. Dev. 49, 1163-1174 (2012).

48. Gendron, R. & Staddon, J. Searching for cryptic prey: the effects of search rate. Am. Nat. 121, 172-186 (1983).

49. Viswanathan, G. M. et al. Lévy flight search patterns of wandering albatrosses. Nature 381, 413-415 (1996).

50. Pyke, G. H., Pulliam, H. R. & Charnov, E. L. Optimal Foraging: A Selective Review of Theory and Tests. Q. Rev. Biol. 52, 137-54
(1977).

51. Charnov, E. L. Optimal foraging theory: the marginal value theorem. Theor. Popul. Biol. 9, 129-136 (1976).

52. Constantino, S. & Daw, N. D. Learning the opportunity cost of time in a patch-foraging task. Cogn. Affect. Behav. Neurosci. 15,
837-853 (2015).

Acknowledgements

This project was developed with funding from the US taxpayers through Defense Advanced Research Projects
Agency (DARPA) Contract Number N66001-15-C-4015 under the auspices of Biology Technology Office (BTO)
program managers Dr. Doug Weber and Dr. Al Emondi. The authors would like to thank Madeline Newcomb for
her contributions to manuscript preparation and submission.

Author Contributions
D.B. and Z.T. contributed to data collection. All authors contributed to analyses. D.B. and ].S. prepared figures.
D.B., ].S. and P.M. wrote the main manuscript text. All authors reviewed the manuscript.

Additional Information
Competing Interests: The authors declare no competing interests.

Publisher’s note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

. | jcense, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2019

SCIENTIFICREPORTS| (2019) 9:5806 | https://doi.org/10.1038/s41598-019-42086-0 19


https://doi.org/10.1038/s41598-019-42086-0
https://doi.org/10.1007/s10329-017-0635-6
http://www.jstor.org/stable/4122514
http://creativecommons.org/licenses/by/4.0/

	Using sensory discrimination in a foraging-style task to evaluate human upper-limb sensorimotor performance

	Methods

	Participants. 
	The block test. 
	Experimental setup. 
	Experimental procedure. 

	The spring test. 
	Experimental setup. 
	Experimental procedure. 

	Scoring procedure. 
	Data analysis. 
	Statistical analyses. 

	Results

	Discussion

	Acknowledgements

	Figure 1 Schematic of the experimental setup.
	Figure 2 Spring cell design.
	Figure 3 Foraging cycle.
	Figure 4 A breakdown of the six metrics collected during testing, for both blocks (blue) and springs (red).
	Figure 5 Correlations between block and spring performance for the six metrics collected during the test.
	Figure 6 Soft blocks vs.
	Figure 7 Soft springs vs.
	Figure 8 Group mean performance during the first third and the last third of the experiment.
	Figure 9 Comparing each participant’s learning time to their overall performance for blocks and springs.
	Figure 10 Observed proportions of participants using different grasping and searching strategies.
	Figure 11 Group-mean performance in efficiency and discrimination efficiency for blocks (blue) and springs (red).
	Figure 12 Correlation between block and spring performance for efficiency and discrimination efficiency.
	Figure 13 Soft blocks vs.
	Figure 14 Soft springs vs.
	Table 1 A summary table of experimental measures.
	Table 2 The sensitivity of individual performance indicators and their sensitivity to sensory, motor, or strategic aspects of upper limb control.




