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Abstract 
AI and automation technologies are displacing millions of workers across industries in developed countries, while many 
developing nations continue to grapple with chronically high unemployment. Meanwhile, healthcare laboratories— 
particularly in resource-limited settings (including rural and community sites within high-income countries)—face acute 
shortages of trained staff and the high cost of molecular diagnostics. Here, we propose a “train-and-assist” class of 
devices that aims to both (i) upskill—rather than replace—workers and (ii) expand diagnostic capacity in a cost-effective 
way. We describe a device that trains and assists laboratory-inexperienced personnel to perform sample-pooling 
procedures, which enable high-performance molecular testing at lower costs and higher throughput. A 48-participant 
user study demonstrated that the device enabled both skill acquisition and high-accuracy pooling. A device-validation 
study using clinical stool specimens demonstrated that device-assisted pooling agreed 100% with individual assays for 
soil-transmitted helminths, which affect >1.5 billion people worldwide.
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Significance statement

While AI and robotic technologies displace workers across industries, healthcare faces labor shortages, especially in diagnostics. 
We introduce an open-source “train-and-assist” device class that converts this labor surplus into diagnostic capacity. Our first 
device in this class guides laboratory novice users through complex five-sample-pooling procedure for molecular tests, providing 
real-time error detection, error correction, and quality control. This study shows that the device eliminated human errors, up
skilled novices, and enabled pooled testing to achieve 100% agreement with individual-sample qPCR for a neglected tropical 
disease. We aim for our work to spur further innovation in this device class—tools that augment, not replace, the workforce— 
and to expand diagnostic access for underserved communities, from rural US hospitals to resource-limited clinics worldwide.
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Introduction
Labor market imbalances present a key challenge in both develop
ing and developed countries. Many developing countries have high 
unemployment and lack training opportunities. In developed coun
tries, advances in AI and automation are reshaping the labor mar
ket across multiple sectors (1, 2), with projections that millions of 
workers may be displaced by AI within the next decade (2–4). 
Healthcare, in contrast, has historically suffered from a global 
shortage of skilled workers in both developing and developed 
countries, particularly for clinical diagnostic services (5, 6). 
Persistent vacancies are documented in both low-income regions 
and high-income countries (HICs), such as the United States (7, 
8), Canada (9), and the United Kingdom (10). The reasons for the 
lack of skilled clinical laboratorians are complex, but two known 
drivers are the limited training and certification programs and 
the challenges and burdens associated with entry-level require
ments and licensure (7). Although automation and AI will offset 
some healthcare labor needs (11), they will not offset the growing 
demand for healthcare services that require skilled workers (1, 2). 
Specifically, rural hospitals, community pharmacies, and 
long-term-care facilities remain diagnostically underserved even 
within wealthy health systems. In both developing and developed 
countries, the coexistence of surplus labor in some sectors and per
sistent shortages in diagnostics highlights an urgent need for in
novative technologies that can rapidly upskill staff and enable 
newcomers to perform critical tasks with confidence (Fig. 1a).

Beyond workforce shortages, the diagnostics field has faced an
other critical challenge: limited access to high-performance testing 
in resource-limited settings (RLSs) (12). Nucleic acid amplification 
tests (NAATs) are essential tools to combat high-burden infectious 
diseases globally, including HIV (13), hepatitis C virus (HCV) 
(14), tuberculosis (TB) (15), neglected tropical diseases (NTDs) 
(16–18), and respiratory viruses, such as influenza (19), respira
tory syncytial virus (20), and severe acute respiratory syndrome 
(21). NAATs with high analytical sensitivity and specificity that 
can be used at the point-of-care (POC) are keys, particularly 
for underserved populations without access to clinical labora
tories (22). POC testing can enable patients to swiftly receive 
the correct treatment, reducing the risk of being lost to follow- 
up (23). Yet, despite their high utility, POC NAATs are either un
available or prohibitively expensive in many contexts—both in 
HICs (24–26) and in low- and middle-income countries (LMICs) 
(14, 15, 27). For example, integrated sample-to-answer molecu
lar POC tests exist for HCV RNA, but they are not as widely used 
as HCV POC antibody tests due to the high cost per test (14).

Sample pooling is a laboratory technique that reduces per- 
sample diagnostic testing costs and increases the total number 
of patients that can be tested (28–34). In sample pooling, equal 
volumes from specimens from different individuals are pooled 
together and input into a single diagnostic test. Pooling thereby 
reduces the number of total tests required to be run and subse
quent cost for each result. For high-sensitivity POC NAATs, the 
cost per sample with pooling becomes similar to low-sensitivity 
POC immunoassays (31, 35–37). Although pooling dilutes individ
ual specimens, high-analytical-sensitivity molecular tests still 
yield the correct qualitative results for the pools (28–34) and in 
many cases achieve far superior analytical sensitivity (31, 32, 
38) than POC immunoassays (Fig. 1b).

Pooling specimens for use with NAAT diagnostics can enable pub
lic health surveillance on a scale that is currently cost prohibitive 

(33, 34, 39–41). One example is the surveillance for soil-transmitted 
helminths (STHs), an NTD that affects >1.5 billion people (18). Mass 
drug administration (MDA) using anti-helminth preventive chemo
therapy has reduced disease prevalence; however, to identify 
when MDA can be stopped (when prevalence of moderate-to-heavy 
intensity infections is below 2% (18)), large-scale diagnostic testing 
must be performed (42, 43). Current STH testing is performed by 
manual DNA extraction followed by qPCR (16, 34); therefore pooling 
of raw samples upstream of DNA extraction would reduce the cost 
of and increase the throughput of testing (34). Because most 
STH-vulnerable regions are in LMICs where testing resources are 
limited, sample pooling for NAATs could logistically and financially 
enable testing at the scale needed to inform cessation of MDA (34).

However, the manual sample-pooling process is error prone 
(29, 32, 33, 44). Skilled personnel must safely handle multiple 
clinical specimens (33, 44), transfer accurate amounts of samples 
to each pool (29), avoid cross contamination (32), and maintain 
documentation (32, 33, 44). Automated liquid handlers for pool
ing exist (33), but their high cost and a lack of laboratory infra
structure make them infeasible in most RLS (45). Sample 
pooling is therefore inaccessible in regions where it is most crit
ically needed to expand testing.

Here, we propose a class of technologies that train and assist 
personnel to learn skills for complex laboratory tasks, with the 
goal of strengthening the diagnostics workforce and expanding 
healthcare access. As the initial example of technology in this 
class, we designed a low-cost, instructional pooling device that 
assists and trains laboratory-inexperienced personnel to pool 
clinical specimens for subsequent diagnostic testing (Fig. 1c 
and Movie S1), which we illustrate with STH testing. We antici
pate at least three contexts in which the instructional pooling de
vice would have high impact (i) rapid and widespread molecular 
diagnostic testing, such as during outbreaks and other testing 
surges, (ii) manual pooling tasks in RLS where automated equip
ment such as liquid handlers are cost prohibitive or otherwise 
impractical, and (iii) programmatic screening/surveillance on a 
broad scale (such as for disease-elimination efforts).

Pooling was an important strategy to mitigate testing surges dur
ing the COVID-19 pandemic (33) but was largely limited to labs that 
could perform automated pooling, whereas with the instructional 
device, pooling could be used on a massive scale, even in labs 
with limited resources and regions with minimally trained person
nel. In decentralized RLS (e.g. mobile clinics) that collect specimens, 
the device is designed to help minimally trained workers perform 
high-quality, on-site pooling of aliquots with minimal human error. 
The resulting pooled tubes could be tested locally on POC NAAT 
platforms (e.g. Cepheid GeneXpert) or using existing manual work
flows. In centralized RLS that must process larger numbers of speci
mens manually for screening/surveillance—as is the case with NTD 
testing—the device is intended to assist with pooling of primary 
specimens while automatically logging sample barcodes and pool- 
quality metrics, significantly increasing the number of results that 
can be obtained with the manual NAAT workflows.

To evaluate the utility of the device, we conducted a user study 
with a crossover design to demonstrate device usability and to 
qualitatively and quantitatively determine the device's assistive 
(Fig. 1d) and training effects (Fig. 1e) compared with traditional 
printed (paper) instructions. We also conducted a device- 
validation study using STH clinical stool samples to demonstrate 
the utility of the device for pooled molecular testing that would 
enable public health surveillance of NTDs.
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Results
Design features of an instructional device 
for POC pooling
The instructional pooling device is built with open-source embed
ded systems, interfacing with eight 3D-printed, independently 

replaceable modules for the application of five-sample pooling 
(combining five individual samples into a single pool; Fig. 1f). 
The device modules are equipped with low-cost, off-the-shelf 
electronic components, including 940 nm infrared diodes for 
object detection and 640 × 480-resolution barcode scanners 
for sample identification (Figs. S1 and S2; see Materials and 
methods for electronic components details), to monitor objects 

Figure 1 An interactive and instructional device for assisting and training users to perform diagnostic sample pooling. a) Clinical laboratories suffer from 
shortages of trained workers (top), while other workplace sectors experience reduced labor needs after implementation of advanced technologies (bottom). A 
novel class of assistive/training technology enabling pooled NAAT would resolve the labor shortage and scale-up high-performance testing in resource-limited 
settings. b) High-analytical-sensitivity pooled NAATs provide decreased cost-per-result levels comparable to low-analytical-sensitivity POC Ag/Ab tests. c) 
Instructional device to assist and train laboratory-inexperienced personnel in pooling. Scale bar: 10 cm. d) Device-assistive effect reducing user errors with the 
use of the device. e) Device-training effect improving volume-transfer skills over multiple pooling iterations. f) Device modules house electronic sensors to 
monitor the handling workflow. g) Device within a biosafety cabinet alongside materials (e.g. towels, disinfectants, etc.) for clinical sample pooling. Scale bar: 
10 cm. h) Expected movement of materials by user (overlaid lines) while using the device. i) Matrix of expected hand movement frequency between two device 
modules during the pooling. Dashed lines separate clean and working/dirty zones.
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such as sample tubes, caps, and individually wrapped pipettes 
(Figs. 1f and S3).

The device layout and step-by-step instructions are designed 
based on general biosafety protocols for handling clinical sam
ples, with consideration of contamination risk and human fac
tors (Text S1). The layout adopts a left-to-right workflow and 
separates a clean zone, where nonbiohazardous materials are 
placed, and a working/dirty zone within a limited space (e.g. bio
safety cabinet; Fig. 1g and h). This layout reduces the frequency 
of hand movement across clean and working/dirty zones, which 
may help prevent cross contamination and minimize biosafety 
risks (Fig. 1i).

To enable accurate transfer of sample volumes in RLS where 
calibrated lab-grade pipettes are not available, the device is de
signed to work with disposable dual-bulb pipettes that transfer 
set volumes (this study: 300 µL) of liquid (Fig. S4a). To protect 
the device against contamination from clinical specimens during 
the handling workflow, device-protective disposable polypropyl
ene trays manufactured via vacuum-forming technology 
(Fig. S4b) are placed over certain areas of the device modules.

The device incorporates several user-friendly design features, 
including colorblind-friendly color-coding and shape-based de
signs (Fig. S4c). Protective trays have unique shapes that pair ex
clusively to the corresponding module, similar to shape-sorting 
blocks (Fig. S4d). The device layout uses intuitive symbolic indi
cators to guide users through proper pooling procedures 
(Fig. S4e).

Device functionalities for easy-to-perform 
POC pooling
The device is designed for deployment in public health laborator
ies, mobile clinics, or other near-patient settings that routinely 
use cartridge-based, sample-to-answer NAAT platforms (e.g. 
Cepheid GeneXpert) or standard benchtop PCR thermocyclers. 
To make the pooling workflow easy to perform, the device fea
tures step-by-step guidance, real-time monitoring of the work
flow, and quality-control documentation. Instructional 
guidance via language-agnostic graphics (Fig. 2a and Text S1) 
and visual and audible cues is provided by an algorithm 
(Fig. 2b and Movie S2) at every step. In parallel, the device mon
itors the user's actions and detects errors in real time through dy
namically configured, scenario-based interrupt handlers 
(Fig. 2c). The device helps users fix correctable mistakes 
(Fig. 2d, Text S2, and Movie S3); if a detected mistake is uncor
rectable, the device will guide the user to terminate the process 
(Fig. 2b, Text S2, and Movie S4).

Equipped with load cells and strain sensors (Figs. 2e and S5), 
the device measures the weight of the transferred sample with 
>98% accuracy and precision (1.94%CV) during volume-transfer 
steps, when users transfer liquid from individual tubes to the 
pooling tube using 300-μL dual-bulb pipettes (Fig. 2f). The device 
measurement shows strong agreement with laboratory-grade 
analytical balance-based measurements (Pearson's r: 0.983; 
Fig. 2g). During the volume-transfer activities, the weight values 
of each transferred sample and the percentages (relative to the 
target 300 µL) are shown to the user in real time, to reinforce 
the quality of pooled sample volumes (Fig. 2h). All weight data 

are paired with tube barcodes and recorded on a removable 
Secure Digital card in the device, with wireless transmission cap
ability (Figs. 2i and S1).

User study design
We conducted a within-subject user study to evaluate two pri
mary questions: (i) whether an instructional pooling device could 
assist laboratory-inexperienced personnel in improving their per
formance when handling challenging sample types, and (ii) 
whether the device could effectively train these personnel to 
maintain high-performance levels in sample pooling without 
the assistance from the device. We enrolled 48 participants, 37 
(77%) of whom had limited or no prior laboratory experience 
(Fig. S6).

Participants were allocated to one of two training protocols 
(protocols 1 and 2; Tables S1–S5). Protocol 1 was structured to 
examine the effectiveness of paper instructions in training partic
ipants and the subsequent impact of introducing the device. 
Protocol 2 was designed to investigate the device's effectiveness 
in improving performance during device use and maintaining 
performance (skill acquisition) after device removal. In each 
round of pooling, participants were guided to pool 300 µL of arti
ficial respiratory or stool samples (Fig. S7) with either paper in
structions (Text S3) or the device. Each participant completed 
16 total rounds of five-sample pooling over two nonconsecutive 
days (“day 1” and “day 2”; Fig. 3a and b). After the exercises each 
day, participants evaluated the usability of instructional tools 
(paper or device) and perceived training effectiveness via ques
tionnaires: poststudy system usability questionnaire (PSSUQ; 
Tables S6 and S7), Kirkpatrick training evaluation questionnaire 
(KTEQ; Fig. S8c), and posttraining effectiveness questionnaire 
(PTEQ; Fig. S8d–f; see Materials and methods for details).

Self-reported surveys: users prefer the 
instructional device over paper 
instructions
Protocol 1 participants, who evaluated the usability of paper in
structions on day 1 and the device on day 2 (Fig. 3a), reported 
that both paper and device instructions were useful and pro
vided high information and interface quality (Figs. S8a, b and 
S9). In contrast, protocol 2 participants, who were exposed to 
both the paper instructions and the device on day 1 (Fig. 3b), re
ported that the device was more useful and provided better qual
ity of information and interface than the paper instructions (Figs. 
3c, d and S9).

Across both protocols, most users (≥75%) reported strong per
ceptions of skill acquisition (Likert score ≥4; Fig. S8c) and skill 
utilization (Fig. S8d and Table S9). Over 90% of users in both pro
tocols also reported perceived knowledge gain (Likert score ≥4; 
Fig. S8c), although the corresponding result for protocol 1, where 
users performed paper-assisted pooling over 16 rounds, was 
statistically less robust (Table S9). Notably, participants felt 
more confident performing high-performance pooling using the 
device compared with the paper instructions (Fig. S8e, f and 
Table S9).
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Protocol 1: assistive effects of the device 
resulting in improved volume-transfer 
accuracy and handling error reduction
To investigate assistive effects of the device on sample-handling 
competency, we analyzed quantitative performance metrics 
measured during the pooling process in the protocol 1 group. 

These metrics included the total number of uncorrected handling 
errors (errall; Text S4), categorized as severe (errsevere) and minor 
(errminor; Table S10), and volume-transfer accuracy (Accpool). The 
handling errors were recorded through researcher observation, 
while scanned barcodes and weight values were recorded via a 
customized data logger (paper-assisted pooling) or the instruc
tional device (device-assisted pooling; see Materials and meth
ods for details).

a

b

d

e

h

g if

c

Figure 2 Device functionalities to enable easy-to-perform POC pooling. a) Step-by-step guidance using language-agnostic graphics displayed on the device 
screen. b) State diagram of the algorithm operated at every guidance step. c) Illustration of scenario-adaptive interrupt-driven system for real-time error 
monitoring. During the process, the system dynamically reconfigures trigger types between rising and falling edges for 20 interrupt service routines (ISRs). As an 
example, POOL_CAP_ISR() is inactive until STEP 9 that guides users to open the pooling tube and put its cap into the empty cap slot. During STEPS 10–21, the 
rising-edge is set to detect errors removing the cap from the slot. After STEP 22, the falling edge is set until the end of process. When executed, the ISR raises a 
flag, based on scenarios. d) Example process of real-time error detection and correction guidance when a pool cap is removed in STEP 20 which guides to pick up 
the cap of tube 1. A rising-edge trigger causes the system to immediately pause the workflow and execute POOL_CAP_ISR(). The system detects the raised flag 
and provides guidance. e) Illustration of the scale module measuring the weight of pooling tube during the volume transfer. f) Scatter plot of weight measured 
on the device scale before and after the volume transfer (n = 20) of 300-μL water. “Blank”: the weight on the tared scale; “Dual-bulb pipette”: the weight of water 
transferred by pipettes; Avg, average; CV, coefficient of variation. g) Correlation plot comparing measurements (n = 20, dots) between device and 
laboratory-grade analytical balance. Coefficients r and ICC3 were acquired through Pearson's (P < 0.00001) and interclass correlation analyses (P < 0.00001). 
RMSE, root-mean-squared error. h) Real-time feedback of transferred sample amount and percentage on the screen. i) Documentation feature. The example file 
shows recorded data, including scanned barcodes and the weight of transferred samples. Inlet plots show the weight measurement during the volume transfer.
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User performance was poor with paper instructions but im
proved significantly with the device. In protocol 1, participants 
showed poor performance (average errall ≥ 1, average 
Accpool < 80%) during paper-assisted pooling on both day 1 and 
day 2 (Fig. 4a–d). Repetitive pooling with paper instructions did 
not result in improved performance (rC ∼ 0 and Hedges’ g ∼ 0) 
over all 24 rounds in either sample type (Fig. 4e–h and Tables 
S11 and S12), even in the analyses controlling for completion 
time spent on the pooling process (Fig. S10, Text S5, and 
Tables S13–S17). These objective measures contradict the sub
jective survey (KTEQ) results wherein participants reported skill 
acquisition from pooling with paper instructions on day 1.

Compared with the paper instructions, protocol 1 users exhib
ited improved performance when using the device. During the 
device-assisted pooling, all participants had significantly (rC∼1) 
lower numbers of all uncorrected errors (∑errall) and significant
ly better (Hedges’ g ≥ 1.5) average volume-transfer accuracy 
(Avg. Accpool; Fig. 4e–h and Tables S11 and S12).

To identify what kinds of errors were prevalent, we classified 
errors into four categories: decontamination, sample transfer, 
contamination prevention, and documentation (Table S18), as 
either minor or severe. In the paper-assisted pooling, the most 
frequent errors observed (in ∼60% of users in each round) fell 

within the de-contamination category (Fig. 4i and j), most of 
which were classified as minor (Fig. S11a and Table S18). The se
cond most frequent errors occurred in the documentation cat
egory, all of which were considered severe (Fig. S11a and 
Table S18). When using the device, nearly all users (respiratory: 
10/10; stool: 9/10) avoided or corrected these minor and severe 
errors (Figs. 4i, j and S12a–d, Tables S19 and S20).

Protocol 2: device-enabled training for 
high-performance volume-transfer skills 
that persist after device removal
The quantitative performance metrics (i.e. errall, errminor, errsevere, 
and Accpool) were also analyzed for protocol 2 participants. The 
repeat crossover design of protocol 2 clearly demonstrates sig
nificantly improved performance (fewer human errors and higher 
volume-transfer accuracy) during device-assisted pooling, com
pared with paper-assisted pooling (rC ∼ 1; Hedges’ g > 0.9) for 
both sample types (Fig. 5a–h and Tables S21 and S22).

The reduction in handling errors was observed only during 
device-assisted pooling. Except for severe errors from protocol 

c d

b

a

Figure 3 User study overview and self-reported results on usability surveys for instructional tools. a, b) Diagrams of pooling training workflows for protocol 1 (a) 
and protocol 2 (b) and subsequent surveys (KTEQ, Kirkpatrick training evaluation questionnaire; PSSUQ-Paper, poststudy system usability questionnaire for 
paper instructions; PSSUQ-Device, poststudy system usability questionnaire for instructional pooling device; PTEQ, posttraining effectiveness questionnaire). 
PAPER, paper-assisted pooling; DEVICE, device-assisted pooling. c, d) PSSUQ scores for system usefulness, information quality, and interface quality of day 1 
paper instructions and instructional pooling device in protocol 2 groups using artificial respiratory (c) and artificial stool samples (d). The score follows a 7-point 
Likert scale; lower scores indicate better usability. In the upper graphs, horizontal and vertical bold lines represent the median and quantile ranges (Q1–Q3), 
respectively. Individual data points represent individual participants. In the lower graphs, effect sizes rC (the matched-pairs rank biserial correlation coefficients 
(46)) were calculated using one-sided Wilcoxon signed-rank tests comparing PSSUQ scores between the paper instructions and the device. The effect sizes were 
displayed as filled dots with 95% CIs (vertical lines) and resampled distributions of effect sizes (curves) given the observed data. The magnitude of the effect 
using rC is described by its distance from zero. |rC| (46, 47): 0.1 = small; 0.2 = medium; 0.3 = large; ≥0.4 = very large effect. Statistical significance was extracted 
from the one-sided Wilcoxon signed-rank tests with Benjamini–Hochberg correction (5% false discovery rate). Asterisks indicate significance levels: *P < 0.05; **P 
< 0.01. SysUse, system usefulness; InfoQual, information quality; InterQual, interface quality.
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2/stool group, error counts (∑errminor, ∑errsevere, and ∑errall) in
creased when participants used paper instructions, even after us
ing the device (|rC| < 0.5; BASE vs. AFTER2; Figs. 5e, f and S12e–h, 
Tables S21, S23, and S24). Error patterns remained consistent for 

individual participants before and after the device use (Figs. 5i, j, 
S11b, and S13). These results indicate that device-assisted pool
ing in protocol 2 was insufficient to train users to avoid handling 
errors when not using the device.

a

c

b

d

fe

g

i j

h

Figure 4 Assistive effects of instructional pooling device on user handling performance (errors and volume-transfer accuracy) in the protocol 1 group. a–d) Time 
course of all uncorrected handling errors (a, b) and volume-transfer accuracy (c, d) for artificial respiratory (a, c) and stool (b, d) samples across pooling rounds 
for protocol 1 group. Accpool, volume-transfer accuracy; errall, all uncorrected handling errors. Semitransparent lines: individual participants; bold lines: the 
means of errall (a, b) and Accpool (c, d) across participants; shaded area borders: ±1 SEM. e–h) Gardner–Altman estimation plots comparing the sum of errall (e, f) 
and average Accpool (g, h) across pooling sessions (1 session = 4 pooling rounds). In the upper graphs, horizontal bold lines represent the median for non-normal 
data (e, f) and the mean for normal data (g, h). Vertical lines represent quartile ranges (e, f) or ±1 SEM (g, h). Data points represent participants. Σerrall, sum of 
errall; Avg. Accpool, average Accpool. In the lower graphs, effect sizes rC (e, f) and Hedges’ g (g, h) are shown from the comparison of the performance between the 
first session (#1, BASE) and each of the other sessions (#2–#8). rC (e, f) and Hedges’ g (g, h) were calculated using one-sided Wilcoxon signed-rank tests and 
one-sided, paired Student's t tests, respectively. The magnitude of the effect using rC and Hedges’ g is described by its distance from zero. |rC| (46, 47): 0.1 = small; 
0.2 = medium; 0.3 = large; ≥0.4 = very large effect. Hedges’ g (46): 0.2 = small; 0.5 = medium; 0.8 = large effect. Effect sizes are displayed as filled dots with 95% CI 
(vertical lines) and resampled distributions (curves). Statistical significance levels: *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001 (extracted from the fixed 
effects of linear mixed-effect models using dummy coding). i, j) Heat maps showing the proportion of protocol 1 participants making errors in four categories 
across 32 pooling rounds over two nonconsecutive days. Color intensity indicates the percentage of participants making errors in each category per round.
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In contrast, the device produced a training effect on volume- 
transfer accuracy, even after the participants were no longer using 
the device. Individual participants showed improved volume- 
transfer accuracy (Avg. Accpool; Hedges’ g > 1) during device-assisted 

pooling (ASSIST1–4) and maintained high accuracy (Hedges’ g > 0.5) 
in the postdevice session (AFTER1,2; Fig. 5g, h and Table S19).

Although participants performed slowly with the device 
(Fig. S10), these assistive and training effects of the device on error 

a

c

e

g

i j

h

f

d

b

Figure 5 Assistive and training effects of instructional pooling device on user performance (errors and volume-transfer accuracy) in the protocol 2 group. a–d) 
Time course of all uncorrected handling errors (a, b) and volume-transfer accuracy (c, d) for artificial respiratory (a, c) and stool (b, d) samples across pooling 
rounds for protocol 2 group. Semitransparent lines: individual participants; bold lines: the means of handling errors (a, b) and accuracy (c, d) across participants; 
Shaded area borders: ±1 SEM. e–h) Gardner–Altman estimation plots comparing the sum of all uncorrected errors (e, f) and average volume-transfer accuracy (g, 
h) across pooling sessions. In the upper graphs, horizontal bold lines represent the median for non-normal data (e, f) and the mean for normal data (g, h). 
Vertical lines represent quartile ranges (e, f) or ±1 SEM (g, h). Data points represent participants. In the lower graphs, effect sizes rC (e, f) and Hedges’ g (g, h) are 
shown from the comparison of the performance between the first session (#1, BASE) and each of the other sessions (#2–#8). rC (e, f) and Hedges’ g (g, h) were 
calculated using one-sided Wilcoxon signed-rank tests and one-sided, paired Student's t tests, respectively. The magnitude of the effect using rC and Hedges’ g is 
described by its distance from zero. |rC| (46, 47): 0.1 = small; 0.2 = medium; 0.3 = large; ≥0.4 = very large effect. Hedges’ g (46): 0.2 = small; 0.5 = medium; 0.8 = large 
effect. Effect sizes are displayed as black dots with 95% CI (vertical lines) and resampled distributions (curves) given the observed data. Statistical significance 
levels: *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001 (extracted from results of linear mixed-effect models using dummy coding). i, j) Heat maps showing the 
proportion of protocol 2 participants making handling errors in four categories across 32 pooling rounds over two nonconsecutive days. Color intensity indicates 
the percentage of participants making errors in each category per round.
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metrics and Accpool in protocol 2 remained statistically significant 
even in the analyses controlling for completion time as a covariate 
(Text S5 and Tables S25–S29). There was no statistically significant 
difference in the baseline performance (for all metrics; errall, 
errminor, errsevere, and Accpool) between protocol 1 and protocol 2 
groups (P > 0.05; interaction terms comparing session #1 in the lin
ear mixed-effect analyses). Both accuracy and handling errors were 
also independent of the interval between day 1 and day 2 (Fig. S14), 
which differed among participants (median [Q1, Q3]: 7 [4, 8] days).

Use of the device resulted in high-performance volume trans
fer, which was determined by the number of high-quality pools 
showing high accuracy (Accpool ≥ 80%) and precision (CVpool ≤ 
25%) per pooling round (Text S6 and Fig. S15). Participants pro
duced high-quality pools in both device-assisted (ASSIST1–4) and 
postdevice sessions (AFTER1–2) significantly more (rC < −0.5) than 
those in the first paper-assisted session (BASE; Fig. S16a–d and 
Tables S30 and S31). In protocol 2, 15 participants (72.4% in re
spiratory; 53.8% in stool) showed significant performance im
provements (adjusted P < 0.05; BASE vs. ASSIST4), with 14 of 
these participants maintained their high performance in the 
postdevice session (AFTER2; Fig. S16e, f and Table S32). These re
sults suggest both assistive and training effects for volume- 
transfer skills.

The device enables users to achieve 
high-performance pooling of artificial 
clinical samples
We next investigated whether the device could enable users to 
achieve high-performance pooling, defined as high-accuracy 
and high-precision volume transfer (Accpool ≥ 80% and CVpool ≤ 
25%) and perfect handling (errall = 0).

Considering all quantitative metrics, the device significantly (rC 

∼ –1) assisted users in achieving high-performance pooling for 
both sample types (Fig. 6a–d and Figs. S17–S19 and Tables S33
and S34). The assistive effects were significant (adjusted P < 
0.05) for most individuals (58.3–72.7% in the respiratory group; 
76.5–76.9% in the stool group) shown in device-assisted sessions 
#3 and #7 (Fig. 6e, f and Table S35). Consequently, up to 92.8% of 
participants achieved high-performance pooling in ≥2 of 4 pool
ing rounds during the last device-assisted session #7 (ASSIST4).

The device helps users create trackable 
pools with five consistent sample volumes 
and avoid poor-quality pools
Despite the significant assistive/training effects, a critical ques
tion remained: would these improvements translate to pools 
suitable for trackable and reliable pooled molecular testing? 
To address this question, we categorized pools into three classi
fications, defined in Table S36: “Correct,” “Incorrect,” and 
“Invalid” with additional subclassifications for types. Correct 
pools are generated when participants accurately follow instruc
tions and properly transfer individual samples. Incorrect pools 
result from procedural user errors that are not corrected nor 
avoided. Invalid pools result from the poor pool quality. They in
clude those with a maximum mass pooling ratio (MPRmax) ≥ 10, 

where MPRmax is defined as the ratio of the pool's final weight 
to the minimum weight among any individual sample within 
the pool. A common cause of Invalid pools is inconsistent sample 
volumes, which could cause false diagnostic negative results, 
particularly when an insufficient volume of a weak-positive sam
ple is pooled with negative samples.

Device-assisted pooling significantly reduced Incorrect pools 
and increased the proportion of Correct pools compared with 
paper-assisted pooling (Fig. 7a–d). When using the device, proto
col 2 users produced zero Incorrect pools (out of 424 pools), 
whereas with paper-assisted pooling they produced 135 
Incorrect pools (31.8%) out of 424 total pools (Fisher's exact 
test, P < 0.0001; Table S37).

Crucially, the device was able to identify Invalid pools of the 
three types (Table S36). Through weight measurement, the de
vice tracked individual pooled sample weights, total pooled sam
ple weights, and volume-transfer activities during pooling. In 
parallel, the real-time monitoring of all tubes and caps verified 
that the sample was correctly transferred from an opened indi
vidual tube into the pooling tube. As a result, a total of 22 
Invalid pools were identified: 18 Invalid type (1) pools with large 
MPRmax (10–100) from eight participants; one combined Invalid 
type (1) and type (2) pool (total volume: 516 µL; MPRmax: 24.3) 
from one participant; and three Invalid type (3) pools from partic
ipants who accidentally removed samples from pooling tubes 
(Fig. 7e–g). In contrast, nearly three times as many (64) Invalid 
pools were generated during the paper-assisted pooling (Figs. 
7a–d, S20, and S21); as paper-assisted pooling does not have 
built-in verification of sample transfer, these Invalid pools would 
likely go unrecognized in a clinical laboratory setting without the 
device.

The device supports reliable pooling of 
clinical STH samples to enable 
high-performance pooled NAAT
To demonstrate the utility of the device for the pooling of clinical 
samples prior to NAAT, we used the device to create five-sample 
pools using 42 archived clinical stool specimens from the previ
ous field study of STH infections in children in Bangladesh (see 
Materials and methods) (48). Among these 42 archived speci
mens, 21 had previously tested positive for the STH Ascaris lum
bricoides DNA (Fig. 8a). Each individual sample was randomly 
selected, and a biosafety-trained researcher used the instruc
tional pooling device to pool each clinical sample with four (con
trol) stool samples from healthy human donors.

The device demonstrated high-precision pooling (average CV 
<5% in volume transfer) of homogenized human stool suspen
sions (Fig. 8d). The MPR of each clinical sample within a pool 
was close to the ideal value of 5 (mean: 4.998; SD: 0.2459; 
Fig. 8b and c). No significant differences were observed between 
the pooled weight of individual STH clinical and control stool 
suspensions (Kruskal–Wallis test, P = 0.314; Fig. 8e and 
Table S38). For A. lumbricoides detection by NAAT (qPCR), the 
device-assisted pooling showed a mean cycle quantification shift 
(ΔCq; CqPool − CqIndiv) of 2.19 (95% CI = [2.06, 2.31]); this Cq shift is 
close to the expected shift (log25 ∼ 2.32) for pools of 5, leading to 
a strong linear relationship between Cqindiv and Cqpool for 
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STH-positive specimens (Fig. 8f). Perfect agreement was ob
served between STH diagnostic results from individual testing 
and five-sample pools generated using the device (Fig. 8g).

Discussion
The rapid advancement of AI and automation technologies is re
shaping global labor markets, creating an urgent need to develop 
effective strategies for workforce adaptation. Simultaneously, the 
persistent inaccessibility of high-performance molecular diagnostic 

testing remains one of the greatest barriers to global infectious- 
disease eradication efforts, particularly in RLS. Diagnostic shortages 
for major diseases (e.g. bloodborne, respiratory, and STH), and test
ing backlogs during surges (e.g. COVID-19 pandemic) stem from the 
high cost per test, error-prone workflows, and a lack of trained 
laboratory personnel.

This work (Fig. 1) addresses all of these challenges by both as
sisting and training laboratory-naive personnel to perform the 
complex workflow of sample pooling, which has the potential 
to reduce the per-test diagnostic cost (without sacrificing test 
performance) and improve the workforce in RLS. The device 

a

c

e f

d

b

Figure 6 Device-assisted high-performance sample pooling, defined as pooling with volume-transfer accuracy Accpool ≥ 80%, precision ≤25% CVpool, and 
perfect handling (i.e. errall = 0). a–d) Gardner–Altman estimation plots comparing the number of high-performance pooling rounds between the first pooling 
session (#1, BASE) and subsequent sessions (#2–#8) in protocol 1 (a, b) and protocol 2 groups (c, d). Upper graphs: data points with the median (horizontal bold 
lines) and quartile ranges (vertical lines) for individual participants. Lower graphs: Effect sizes rC (filled dots) from one-sided Wilcoxon signed-rank tests with 95% 
CI (vertical lines) and resampled distributions (curves). The magnitude of the effect using rC is described by its distance from zero. |rC| (46, 47): 0.1 = small; 0.2 = 
medium; 0.3 = large; ≥0.4 = very large effect. Statistical significance levels: *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001 (extracted from results of linear 
mixed-effect models using dummy coding). e, f) 2 × 2 contingency tables for McNemar's tests comparing sample-pooling performance of protocol 2 participants 
between the first pooling session #1 (BASE) and one of sessions #2–#8 separated by high (“HIGH”) and low (“LOW”) performers. Color value (light to dark) 
highlights the relative distribution of participants within each individual 2 × 2 table, with darker colors indicating cells containing higher percentages. Note that 
the color-value scale is applied across all contingency tables within each sample type. Cell values: number of participants in each performance category 
combination. HIGH, high performers who achieved ≥2 rounds of high-performance pooling during a 4-round session. LOW, low performers who achieved <2 
rounds of high-performance pooling during a 4-round session. P values for statistical significance were determined by McNemar's tests with Benjamini– 
Hochberg correction (5% false discovery rate).
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(Fig. 2) is designed for a low-cost, open-source platform (∼$600 
USD; Table S39), with further cost reductions possible through 
mass production and local sourcing. It features a user-friendly 
design for seamless workflows, real-time error monitoring, pool- 
quality control, and documentation capabilities. To support 
pooled testing across a range of disease prevalence scenarios, fu
ture work will extend the platform to flexible pooling strategies. 
Owing to its modular architecture, incorporating additional 
barcode-embedded tube modules (estimated cost per module: 
∼$60.6) could increase tube-processing capacity, thereby enab
ling larger pooling sizes (e.g. 6–10 samples or more). Similarly, 
different transfer volumes (e.g.10–1,000 µL) can be supported 

using commercially available disposable transfer pipettes in 
combination with the scale module that can accurately measure 
in that range (Fig. S5).

The user study (Figs. 3–7) demonstrated the utility of the de
vice for assisting and training laboratory-inexperienced person
nel to perform sample pooling. Compared with paper 
instructions, device use reduced uncorrected handling errors 
(|rC| ∼ 1) and raised mean volume-transfer accuracy (Hedges’ 
g > 1). Device users retained better volume-transfer skills even 
after device removal, supporting training features of the device 
beyond its procedural assistance. Analyses controlling for com
pletion time suggest that performance gain and skill acquisition 
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g
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b c d

Figure 7 “Correct,” “Incorrect,” and “Invalid” pools (as defined in Table S36) produced during the user study. a–d) Number of pools produced across pooling 
sessions #1–#8 in protocol 1 (a, c) and protocol 2 (b, d) groups using artificial respiratory (a, b) and stool samples (c, d). Correct, Incorrect, and Invalid pools are 
defined in Table S36. ¶Pools that fall into both Incorrect and Invalid categories are counted as Incorrect. e–g) Device-detected Invalid types (1) and (2) pools 
produced by protocol 1 (e) and protocol 2 (f, g) groups using artificial respiratory (e, f) and stool samples (g). Each horizontal bar represents a pool of five 
samples (tubes 1–5), with weight percentages. MPRmax, defined as the ratio of total pool weight to the minimum sample weight, is shown for each Invalid pool. 
The lowest weight sample from each pool is highlighted (numbers in white in red boxes). Invalid subtype classifications are indicated by the adjacent vertical 
markers in the Type (1) and Type (2) columns. h–j) Device-detected Invalid type (3) pools through real-time monitoring of volume-transfer activities by users 
UD62 (h), UD15 (i), and UD19 (j) during rounds 23rd, 5th, and 24th, respectively. The weight–time plots in each panel show measured weight changes in the 
pooling tube during the volume transfer in a single round. The large plot shows inappropriate activities where a sample was removed from the pooling tube 
(remove) before adding a sample (add) from an opened tube: tubes 4 (h), 5 (i), or 3 (j). Small inlet plots show proper activities where samples were correctly 
transferred from other tubes to the pooling tube. Horizontal bars indicate real-time monitoring of tube presence and cap status in the device (lighter color value 
bars marked O: tube present and capped; darker color value bars marked X: tube absent or uncapped) for all other tubes. Numbers adjacent to arrows indicate 
the weight (mg) of transferred sample.
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were primarily driven by the device, rather than slower pacing 
alone (Text S5). Notably, the Dunning–Kruger effect was evident 
among protocol 1 participants, who reported strong perceived 
skill gains despite no significant improvements in objective per
formance during the paper-assisted pooling on day 1. This dis
cordance highlights the importance of objective analytics and 
real-time quantitative feedback to foster true skill acquisition 
and prevent false confidence (49) that can cause diagnostic er
rors (50). Finally, unlike low-cost liquid handlers, the device re
corded the actual weight of each pooled sample during 
pooling, enabling detection of Invalid pools that could otherwise 
lead to diagnostic errors.

The device-validation study (Fig. 8) using 42 remnant clinical STH 
samples demonstrated the utility of the device for clinical sample 
pooling in disease surveillance or screening in RLS. 
Device-assisted five-sample pooling yielded 100% positive/negative 
agreement for pooled qPCR in this sample set, suggesting the po
tential to transform STH-surveillance economics (34) by driving 
down per-sample analysis costs while yielding diagnostic perform
ance superior to the gold-standard Kato–Katz technique (16). 
Current STH analyses are performed by manual DNA extraction fol
lowed by qPCR assays (16, 34, 48); therefore, pooling of raw samples 
upstream of DNA extraction would reduce the cost of analysis (e.g. 
from $11 to <$3) and increase the throughput of analysis (34). By 

a

d

e

f

g

b c

Figure 8 Device-validation study for clinical sample pooling to detect A. lumbricoides DNA from human stools collected from children in STH-prevalent regions. 
a) Distribution of prescreened Cq values of A. lumbricoides DNA from archived clinical samples (n = 159; 76 positives, 83 negatives). For this study, 42 samples (21 
positives, 21 negatives) were selected through stratified random sampling to obtain a range of Cq values. b, c) Weight distribution of five individual stool 
suspensions (one clinical and four healthy human) per pool. Barcodes represent unique identifiers for individual clinical samples, arranged by ascending Cq 
values. Horizontal bars represent a pool of five individual samples (tubes 1–5), with the weight percentages. The highlighted segment in each horizontal bar 
indicates the clinical stool suspension, either clinical positive (b) or negative (c) for Ascaris lumbricoides DNA. The remaining segments indicate commercial stool 
suspensions from healthy human donors. The sequential position of the clinical STH sample was randomized among the four commercial samples in each 
pooling round. MPRClin.: mass pooling ratio in respect to each clinical sample (total pool weight/individual clinical sample weight). Cq values of all qPCR 
replicates in this study are shown for individual clinical and pooled samples. Vertical lines: mean; horizontal lines: SD. d) CV values across pooling rounds. The 
density curve shows the CV distribution. The central solid line indicates the mean (µ = 4.56%) and the flanking dashed lines indicate ±1 SD (σ = 1.47%). e) Weight 
distributions of suspensions transferred from 21 clinical positives (Ascaris+), 21 clinical negatives (Ascaris−), and four unique healthy human samples to pools. 
Horizontal lines: median; vertical lines: quantile ranges (Q1–Q3). f) Estimation plot comparing paired Cq values between individual (CqIndiv) and pooled positive 
samples (CqPool). Horizontal lines: mean; vertical lines: SDs. The mean Cq difference (ΔCq = 2.19) shown with 95% CI (vertical line) and resampled distributions of 
difference (curves). Inlet: correlation plot (Pearson's r: 0.998). g) 2 × 2 contingency table showing positive percent agreement (PPA) and negative percent 
agreement (NPA) of pooled versus individual qPCR testing.
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facilitating easier adoption of pooling in RLS, device-assisted high- 
performance surveillance would facilitate timely decisions on 
whether to cease MDA where STH prevalence is sufficiently low.

Beyond STH, the same instructional pooling paradigm could 
be adapted for universal screening: by pairing with POC molecu
lar diagnostics (e.g. Cepheid GeneXpert (31–33)), the device pro
vides a pathway to increase testing throughput for bloodborne 
pathogens (e.g. HIV (28, 29) and HCV (30, 31)), respiratory dis
eases (e.g. TB (32) and viral infections (33)), and other infections 
in RLS. The device could also be invaluable during testing surges, 
so that even minimally trained personnel could be enlisted to 
help meet increased testing demands. This work exemplifies 
how new technologies, with affordability and usability, can ex
tend healthcare capacity while employing newly trained workers 
for healthcare services, rather than replacing them (51–53).

This work highlights the potential of this class of devices for 
use in RLS, where automated instruments are often impractical 
for preanalytical sample processing—tasks that humans can per
form more efficiently with appropriate guidance (54). Diagnostic 
workflows involving clinical specimens, such as stool homogen
ization (STH) (34), blood/plasma separation (HIV/HCV) (55), and 
sputum evaluation (TB) (56), frequently involve complex manual 
steps, precise volume-transfer skills, and visual judgment. These ac
tivities are challenging for low-cost automated systems due to pip
etting failures, clogging, and inability to perform visual judgments 
(57–59). By assisting and training laboratory-inexperienced person
nel to successfully perform complex tasks (e.g. pooling), this class 
of devices can facilitate task-shifting in settings where individuals 
often perform multiple roles. This integration of technology with hu
man capabilities supports more sustainable and scalable delivery of 
diagnostic services at the point of need.

We acknowledge several limitations of this work. First, this 
study does not directly measure cross contamination, and future 
work will include experimental validation. Second, the 
user-study cohort of 48 participants was skewed toward young 
adults. Training protocols spanned two nonconsecutive days, 
so longer-term skill retention remains to be studied. Artificial 
samples were prepared to approximate, but may not have fully 
replicated, the physical properties of actual clinical specimens. 
Printed instructions were chosen as the control because paper- 
based instructions remain the primary training resource in 
many resource-limited laboratories; however, richer compara
tors (e.g. a one-time instructional video) could better mirror real- 
world onboarding and should be evaluated in future work. 
Furthermore, the device-validation studies with STH were per
formed by an engineer who underwent proper biosafety training, 
as untrained personnel were not allowed to handle biohazardous 
materials (e.g. clinical samples) under Caltech biosafety policies. 
These precautions were intended to ensure safe handling of clin
ical STH stool samples that may contain infectious agents, in
cluding STH pathogens and poliovirus. Future work will extend 
the device's instructional capabilities to include a basic 
biosafety-training session, followed by multilocation field trials 
under representative conditions.

This class of train and assist biomedical devices sits at the 
intersection of two domains: labor and human health. Beyond 
pooling, broader development and adoption of devices in this 
class could help mitigate both the labor crisis and healthcare in
equities. Importantly, as new technologies disrupt labor markets, 
there remains a critical time window to implement scalable, 

pragmatic retraining solutions before inequalities widen further. 
We hope that this publication, the publicly available data, and 
open-source designs accompanying this work will stimulate de
velopment of innovative devices in this class to strengthen work
force and expand healthcare access.

Materials and methods
In the SI Appendix, Methods, we provide a comprehensive list of 
materials for the fabrication of the eight-module instructional 
pooling device and its disposable trays, detailing polymer fila
ments, sensor packages, microelectronics, and vacuum forming. 
We then discuss descriptions of device fabrication for each mod
ule and its polypropylene device-protective trays, as well as the 
dual-microcontroller architecture that coordinates display, bar
code scanning, object detection, precision weighing, and 
Bluetooth data export. We then outline the methods for expected 
handling movement and the calibration of the strain-gauge 
microbalance of the device. We present the design of the user 
study with underlying hypotheses and the details for participant 
recruitment, eligibility, withdrawal, compensation, and demo
graphic statistics. We describe the details for preparing the 
user study: the preparation of a customized data logger, sample- 
collection tubes, and artificial samples. Experimental settings, 
data collection methods, and detailed procedures for pooling ex
ercises in the user study are also described. Details for data ana
lysis of the user study data are described—paired statistical tests, 
linear mixed-effects modeling, and effect-size estimation, which 
were used to analyze the assistive and training effects on accur
acy, precision, error counts, and task duration. Finally, we de
scribe the methods for the device-validation study that was 
conducted for a five-sample pooling validation of clinical STH 
stool samples on the device, detailing clinical sample prepar
ation, pooling procedure, DNA extraction, qPCR conditions, and 
positive/negative percent agreement calculations. Full details 
for Materials and methods are described in Methods S1─S22. 
Inclusion and ethics statements are available in Text S8. The 
text of the manuscript was proofread and revised by using 
OpenAI GPT-4o and o3 models and the Claud Sonnet 3.7 model.
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Salazar-Nieva LB, Garcıá-Valenzuela A. 2022. Visual assessment 
of blood plasma versus optical transmittance and refractive in
dex measurements for quantifying lipemia. Diagn. 12:510.

PNAS Nexus, 2026, Volume 5, Issue 7                                                                                                                                                                                                                           15
D

ow
nloaded from

 https://academ
ic.oup.com

/pnasnexus/article/5/7/pgag211/8724048 by guest on 07 July 2026

https://ssrn.com/abstract=;4722981
https://ssrn.com/abstract=;4722981


56. Sakundarno M, et al. 2009. Insufficient quality of sputum sub
mitted for tuberculosis diagnosis and associated factors, in 
Klaten district, Indonesia. BMC Pulm Med. 9:16.

57. Britt-Rodriguez K, Daniel J, Hayden J. 2024. Surreptitious pip
etting errors on a vendor-programmed liquid handler. J Mass 
Spectrom Adv Clin Lab. 33:1–3.

58. Velasco PQ, et al. 2024. Optimization of liquid handling pa
rameters for viscous liquid transfers with pipetting robots, 
a “sticky situation”. Digit Discov. 3:1011–1020.

59. Tegally H, San JE, Giandhari J, Oliveira T. 2020. Unlocking the 
efficiency of genomics laboratories with robotic liquid- 
handling. BMC Genomics. 21:729.

16                                                                                                                                                                                                                           PNAS Nexus, 2026, Volume 5, Issue 7

D
ow

nloaded from
 https://academ

ic.oup.com
/pnasnexus/article/5/7/pgag211/8724048 by guest on 07 July 2026


	A train-and-assist device that upskills novices to strengthen the workforce and expand diagnostic access
	Introduction
	Results
	Design features of an instructional device for POC pooling
	Device functionalities for easy-to-perform POC pooling
	User study design
	Self-reported surveys: users prefer the instructional device over paper instructions
	Protocol 1: assistive effects of the device resulting in improved volume-transfer accuracy and handling error reduction
	Protocol 2: device-enabled training for high-performance volume-transfer skills that persist after device removal
	The device enables users to achieve high-performance pooling of artificial clinical samples
	The device helps users create trackable pools with five consistent sample volumes and avoid poor-quality pools
	The device supports reliable pooling of clinical STH samples to enable high-performance pooled NAAT

	Discussion
	Materials and methods
	Acknowledgments
	Supplementary Material
	Competing Interests
	Funding
	Author Contributions
	Data Availability
	References




