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Abstract

For the 29.8 million people in the world living with HIV/AIDS and receiving antiretroviral
therapy, it is crucial to monitor their HIV viral loads. To this end, rapid and portable diagnostic
tools that can quantify HIV RNA are critically needed. We report herein a rapid and quantitative
digital CRISPR-assisted HIV RNA detection assay that has been implemented within a portable
smartphone-based device as a potential solution. Specifically, we first developed a fluorescence-
based reverse transcription recombinase polymerase amplification (RT-RPA)-CRISPR assay that
can efficiently detect HIV RNA at 42 °C. We then implemented this assay within a commercial
stamp-sized digital chip, where RNA molecules were quantified as strongly fluorescent digital
reaction wells. The isothermal reaction condition and the strong fluorescence in the digital

chip simplified the design of thermal and optical modules, allowing us to engineer a palm-size
device measuring 70 x 115 x 80 mm and weighing less than 0.6 kg. We also capitalized the
smartphone by developing a custom app to control the device, perform the digital assay, and
capture fluorescence images throughout the assay using the smartphone’s camera. Moreover,

we trained and verified a deep learning-based algorithm for analyzing fluorescence images and
identifying positive digital reaction wells with high accuracy. Using our smartphone-enabled
digital CRISPR device, we successfully detected as low as 75 copies of HIV RNA in just 15 min,
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showing its potential toward monitoring of HIV viral loads and aiding the global effort to combat
the HIV/AIDS epidemic.
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1.

Introduction

With approximately 39.0 million people living with HIVV/AIDS across the globe, HIV/AIDS
remains one of the leading global public health threats [1]. Fortunately, revolutionary
advances in HIV antiretroviral therapy (ART) in the past two decades have turned this once
deadly disease into a manageable chronic condition [2]. Nevertheless, for the 29.8 million
people living with HIV/AIDS who are receiving ART in the world [1], access to HIV viral
load quantification is essential to monitoring ART efficacy, detecting viral rebound, and
preventing onward transmission. As a result, the World Health Organization has stressed
the critical need for diagnostic tools that can enhance the accessibility to HIV viral load
quantification for individuals living with HIV/AIDS [3].

Diagnostic tools designed to improve the accessibility to HIV viral load monitoring should
be rapid, quantitative, and portable. Existing commercial platforms such as GeneXpert or
m-PIMA that use RT-PCR to detect HIV are mainly confined to laboratory settings with
limited portability and accessibility. In the research arena, current portable platforms [4-11]
utilizing either RT-PCR or RT-LAMP (loop mediated isothermal amplification) generally
employ bulk-based reactions, which lack accurate quantification and can be slow when
detecting targets of low concentrations. These drawbacks call for alternative solutions for
HIV viral load monitoring.

Compared to bulk-based reactions, digital reactions have the advantage of analyzing
individual copies of targets, allowing for more accurate quantification. Indeed, digital PCR
and digital LAMP have been employed for quantitative detection of various pathogens [12—
17], including HIV [18,19]. Among digital reactions, digital CRISPR assays have in recent
years emerged as a novel option and have demonstrated quantitative detection with wide
dynamic range and rapid assay time [20-24]. Despite these advantages, digital CRISPR
assays to date have predominantly relied on bulky instrumentation, such as fluorescence
microscopy. While smartphones have been utilized to develop portable digital PCR and
digital LAMP devices [14,25-27], the development of smartphone-enabled digital CRISPR
devices is in its infancy, with no reported use for HIV viral load quantification, and the speed
of the assay has yet to be explored.

In this study, we present a smartphone-enabled digital CRISPR device for rapid and portable
quantification of HIV RNA (Fig. 1). Our platform employs a fluorescence-based reverse
transcription recombinase polymerase amplification (RT-RPA)-CRISPR HIV assay for the
detection of HIV RNA. We systematically optimized the assay conditions to enhance the
speed of HIV RNA detection. Subsequently, we implemented this accelerated assay in a
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commercially-available, stamp-sized microfluidic digital chip specifically repurposed for
this study. To perform a portable, digital CRISPR assay, we developed compact, palm-sized
instrument comprising a heating module, a fluorescence imaging module, a rechargeable
battery, and a smartphone. Additionally, we developed a custom smartphone application

for convenient device control and implemented a deep learning (DL)-based algorithm to
accurately quantify HIV RNA within the digital chip. Using our smartphone-enabled digital
CRISPR device, we achieved detection of HIV RNA at levels as low as 75 copies within 15
min.

Results and discussion

2.1. Overview of workflow

HIV viral load can be quantified via our smartphone-enabled digital CRISPR device
through a simple workflow (Video S1). First, HIV RNA and RT-RPA-CRISPR assay
reagents — including RT-RPA reagents, CRISPR/Cas12a effector and guide RNAs, and
single-stranded DNA (ssDNA) fluorogenic reporter — are loaded into a digital chip, where
individual RNA molecules are digitized into digital reaction wells in accordance with
Poisson distribution (Fig. 1A). Next, the digital chip is inserted into the smartphone-based
device. Key parameters such as the reaction temperature, fluorescence imaging frequency,
and the reaction time can be configured through a custom smartphone app installed on the
smartphone (Fig. 1B). Upon initiating the assay, the device automatically regulates the set
reaction temperature for digital RT-RPA-CRISPR (e.g., 42 °C) and captures fluorescence
images at the set frequency (e.g., every 1 min) throughout the set reaction time (e.g., 15

— 60 min). Through digital RT-RPA-CRISPR, HIVV RNA molecules are reverse transcribed
and amplified, which activate Cas12a to cleave the fluorogenic reporter, thus yielding strong
fluorescence within digital reaction wells (i.e., positive wells). At the conclusion of the
assay, fluorescence images are analyzed using DL to count positive wells within the digital
chip, which correspond to the amount of HIVV RNA and hence the viral load (Fig. 1C).

2.2. Rapid RT-RPA-CRISPR HIV RNA detection assay

We first developed a fluorescence-based RT-RPA-CRISPR assay that can efficiently detect
HIV RNA in a single-step within one pot. In this work, we targeted the HIV-1 gag gene
(Fig. 2A) and employed previously reported RPA primers [28,29] and CRISPR/Cas12a
guide RNAs [28] for detecting this target gene (Fig. 2B and Table S1). Using these primers
and guide RNAs, we performed real-time RT-RPA-CRISPR on benchtop to observe the
reaction kinetics from detecting 1000 copies HIV RNA — a comparable concentration to
that of a single RNA copy within the digital reaction well. Based on this approach, we
modified the reverse transcriptase, reaction temperature, reverse transcriptase concentration,
and fluorogenic reporter of the assay in a step-by-step manner to improve the assay speed.
Upon assay tuning, we used WarmStart RTx reverse transcriptase [30] at 0.75 U/uL in

our RT-RPA-CRISPR and incubated it at 42°C (Figs. 2C — 2E and Figures S1 — S3).
Additionally, based on prior screening of sSDNA fluorogenic reporters [31], we adopted
the ssSDNA fluorogenic reporter with the strongest fluorescence signal (i.e., TCCCT) in
our RT-RPA-CRISPR and empirically found that it led to faster RT-RPA-CRISPR than a
widely used ssDNA fluorogenic reporter (i.e., TTATT), likely because activated Cas12a
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could cleave this reporter at a higher rate (Fig. 2F and Figure S4). Using our tuned RT-RPA-
CRISPR, we could rapidly detect 1000 copies HIVV RNA, where onset of fluorescence signal
could be observed in ~10 min and plateau of fluorescence signal could be observed in ~30
min.

Palm-size smartphone-enabled digital device

We next developed a palm-size yet fully integrated device toward realizing digital RT-RPA-
CRISPR. To do so, we first selected the smartphone and the digital chip for our device. For
the smartphone, we selected Samsung Galaxy S10 for this work, as this smartphone features
a 12-megapixel camera and offers flexible manual adjustments during photo acquisition.
For the digital chip, we opted for commercially available QuantStudio digital chips that are
equipped with 750-pL reaction wells arranged in an array of 20,000 wells, as commercial
digital chips offer convenience and accessibility when compared to custom microfluidic
digital chips. Based on the smartphone and the digital chip, we then designed the integrated
device — composed of a macro lens, a LED, a LED driver, a custom miniature filter cube, a
heater, a control circuitry featuring a TinyPICO microcontroller, and a rechargeable battery
pack (Fig. 3A) — and packaged the device within a 3D-printed housing. This portable device
measures 70 mm x 115 mm x 80 mm (Wx L x H) and weighs 575 gs including the
smartphone.

With the aid of the macro lens, the LED, and the custom miniature filter cube, the
smartphone becomes capable of imaging the entire digital chip. Toward developing this
fluorescence imaging capability, we note that an inexpensive, consumer-grade macro lens
that is typically used for recreational macrophotography provided both sufficient field

of view and satisfactory resolution, thus allowing us to obviate more complex lenses in
our device. We identified the appropriate macro lens by evaluating four consumer-grade
macro lenses that are compatible with our smartphone. For evaluation, we used these
macro lenses at brightfield to capture images of a standard resolution target and a
standard distortion target at their maximum and minimum working distances (Figure S5).
Subsequent image analysis allowed us to compare their resolution, distortion, field of view,
and range of working distance (Figure S6). After evaluation, we selected a macro lens
that, in combination with the camera lens, achieved a resolution of 36.0 line pairs/mm
(corresponding to a line width of 13.9 um), exhibited 0.99 % pincushion distortion, and
provided a field of view measuring 22 mm by 16.5 mm at a working distance of 19

mm (Figures S7 and S8). The resolution and the field of view are sufficient for the 60
um-wide digital reaction wells and the 10 x 10 mm array area of the QuantStudio digital
chip, while the working distance is sufficient for accommodating the custom miniature
filter cube, which measure 17.5 mm in height. We subsequently assembled the macro lens,
the LED, and the custom miniature filter cube into a full “fluorescence macrophotography
module” and verified its performance by detecting a QuantStudio digital chip loaded with
10 uM Cys5 fluorescence dye, a concentration comparable to the reporter concentration in
our RT-RPA-CRISPR. We were indeed able to capture the image of the entire chip while
resolving individual digital reaction wells (Figs. 3B and 3C), as indicated by the stronger
fluorescence signals in digital reaction wells (gray value = 71.40 + 1.62, n =12) than the
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pitches between the adjacent digital reaction wells (gray value = 52.88 +3.64, n =13; Fig.
3C).

In our device, we employed a positive temperature coefficient (PTC) ceramic heater [32—
35] for heating digital RT-RPA-CRISPR. For our PTC ceramic heater, we characterized

its temperature uniformity across the heater region, its warm-up time, and its temperature
variability as a function of time. The PTC ceramic heater region — located at the center

of its aluminum casing (Figure S9) — delivered sufficiently uniform temperature (Fig. 3D,
spatial coefficient of variation = 11.4 %). During the course of a 60 min incubation, the
PTC ceramic heater reached the set temperature (set at 43 °C during initial characterization)
in ~3 min and maintained the temperature at 43.04 + 0.13 °C thereafter (Fig. 3E, temporal
coefficient of variation = 0.31 %).

Finally, we assembled a simple control circuitry and developed a custom smartphone app
to control all components within the device (Fig. 3F). Here, the control circuitry features

a TinyPICO ESP32 microcontroller that is powered by the rechargeable battery pack to
regulate the temperature of the PTC ceramic heater, switch the LED on and off, and
communicate with the smartphone via Bluetooth (see Figure S10 for the program flowchart
of the TinyPI1CO microcontroller). The smartphone app, which was written in the MIT App
Inventor 2 environment, enables users to configure assay parameters including temperature,
time, and fluorescence imaging frequency. Once the user sets these parameters and initiates
the assay, the app transmits the parameters to the TinyPICO microcontroller, which uses

a PID (proportional-integral-derivative) controller to control the temperature of the PTC
ceramic heater. Once the set temperature is reached, the TinyPICO microcontroller activates
the LED for fluorescence excitation and simultaneously notifies the app to activate the
camera and capture fluorescence images according to the specified imaging frequency
(Figure S11). Throughout the duration of the assay, the app also updates the system status
and displays the most recent fluorescence image (Figure S12).

2.4. Facile identification of positive digital wells

We next demonstrated the capability of our assembled smartphone-enabled digital device
(Fig. 3G) in performing digital RT-RPA-CRISPR in QuantStudio chips and detecting

HIV RNA. To this end, we first focused on the fluorescence detection capability of

the fluorescence macrophotography module in the smartphone-enabled digital device

by incubating digital RT-RPA-CRISPR in QuantStudio chips on a commercial flatbed
thermocycler and then qualitatively comparing end-point fluorescence imaging results with
a fluorescence microscope. We observed comparable detection of strongly fluorescent
positive wells corresponding to the presence of HIV RNA between the fluorescence
macrophotography module and the fluorescence microscope (Figure S12), which supports
the fluorescence detection capability of our device. We then used our device to directly
incubate and image digital RT-RPA-CRISPR in QuantStudio chips. At the conclusion

of 60-min digital RT-RPA-CRISPR, we observed positive wells with strong fluorescence
(~2.5 times higher than the background), signifying positive results and confirming the
successful amplification and detection of HIV RNA (Fig. 4A). We additionally tested
different HIVV RNA concentrations and confirmed via fluorescence microscopy. The results
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further demonstrate successful digital RT-RPA-CRISPR conducted in our device, while also
suggesting that our device performed comparably to benchtop instruments (Figure S13).

With the advent of DL, we explored the feasibility of DL-facilitated analysis of our
smartphone-acquired fluorescence images and detection of positive wells. In this work,

we chose YOLOV5 objection detection model as our DL algorithm. YOLO [36] is a

series of models that achieve object detection using a single neural network that predicts
bounding boxes coordinates and class probabilities directly from images in one evaluation.
Thus, YOLO models are faster and more lightweight than most other object detectors [37].
Moreover, YOLOV5 has recently been employed to detect microfluidic droplets [38,39] -
similar objects as our digital reaction wells. Thus, we hypothesize that YOLOV5 can be
trained to classify strongly fluorescent positive reaction wells as the objects from each
fluorescence image and then output the number of detected positive wells from each image.
To train our YOLOV5 object detection model, given the small sizes of the positive wells

in the full images, we employed an image tiling technique [40] that has been demonstrated
to facilitate accurate detection of small objects in images (Figure S14). In parallel, we
manually counted positive wells as the true class in this work (Figure S15). Upon training,
our DL algorithm correctly identified the majority of the manually counted positive wells
(i.e., true positive, TP; Fig. 4B). It was also capable of accurately identifying positive wells
that were in close proximity. Nevertheless, our algorithm still misidentified several false
positive (FP) wells and false negative (FN) wells (Fig. 4B). For quantitative assessment of
our DL algorithm, we first chose accuracy — the ratio between the correct results and the
total results — as a natural evaluation metric. Additionally, we recognized that because we
focused on detecting only the positive wells, our data that lacked true negative (TN) wells
were imbalanced and thus could be evaluated via F1 score as an alternative to accuracy
[41,42]. For our initial result, our DL algorithm achieved accuracy of 0.908 and F1 score
of 0.952 (Fig. 4C). Subsequently, we performed a total of 4 technical replicates using

7500 copies of HIV RNA and assessed our DL algorithm. Across these 4 replicates, our
DL algorithm achieved accuracies of at least 0.897 and F1 scores of at least 0.946 (Fig.

4D and Figure S16). Moreover, we performed replicates using 750 copies of HIV RNA
and our DL algorithm achieved comparable accuracies and F1 scores (Figure S17). These
results provide solid support for the feasibility of DL-facilitated analysis of our smartphone-
acquired fluorescence images and detection of positive wells.

We note that, in addition to DL, we could also employ a standard ImageJ- and thresholding-
based method for analyzing our smartphone-acquired fluorescence images (Figure S18).
Here, we utilized auto thresholding and particle analysis functions in ImageJ to detect

the positive wells. Upon selecting an adequate threshold, our thresholding-based method
achieved adequate detection of positive wells (Figure S19). Nonetheless, our method with
the selected threshold encountered minor difficulty in distinguishing positive wells that were
close to each other. These results suggest that ImageJ- and thresholding-based method could
be used to analyze our smartphone-acquired fluorescence images and detect positive wells,
though more advanced threshold functions (e.g., auto local threshold and adaptive threshold)
should be explored to further improve the detection performance.
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2.5. Rapid and quantitative detection of HIV RNA

In addition to endpoint detection, our device could support real-time monitoring of digital
RT-RPA-CRISPR and could provide a means to accelerate the assay time (Fig. 5A and Video
S2). For demonstration, we performed digital RT-RPA-CRISPR for a sample containing 500
HIV RNA copies/uL, which is equivalent to 7500 copies of input HIV RNA per 15-puL
reaction in the QuantStudio chip, and acquired fluorescence image in 1 min increment. We
observed that the number of positive wells increased as a function of the reaction time until
~30 min and began to plateau after ~30 min (Fig. 5A). We subsequently quantified the
percentage of positive wells at various time points normalized to the number of positive
wells detected at 60 min for different input HIV RNA copy numbers. We found that ~39

% of positive wells were detectable by 10 min, ~71 % of positive wells were detectable by
15 min, and ~93 % of positive wells could be detected by 30 min (Fig. 5B). These results
suggest that it is possible to achieve qualitative detection in as short as 10 min, though

it would be preferable to employ 15 min assay time as this assay time could detect more
positive wells and thus retain a better capacity for quantitative detection.

As the final demonstration, we performed quantitative detection HIV RNA in 15 min using
our device. In these experiments, we tested 500, 250, 50, 5, 1, and 0 HIV RNA copies/uL,
equivalent to 7500, 3750, 750, 75, 15, and 0 copies of input HIV RNA per 15-uL reaction

in each QuantStudio chip. As expected, as the input RNA decreased, we observed fewer
positive wells (Fig. 5C). Upon replicating the tests, we performed linear regression analysis
and confirmed a linear relationship between the input RNA and the number of positive
wells across the tested input HIV RNA concentrations (Fig. 5D). The results indicate that
the dynamic range of our digital RT-RPA-CRISPR spans at least 2 orders of magnitude.
Moreover, considering the QuantStudio chip houses 20,000 digital wells, the dynamic range
can theoretically increase by at least another order of magnitude. We also determined the
limit of detection as 75 copies of HIVV RNA based on both calculating the conventional
mean + 3SD threshold (Fig. 5D) and performing Student’s #tests (Figure S20). Indeed, the
average number of positive wells measured from 75 copies of RNA lies above the threshold
calculated from the no RNA negative controls. Meanwhile, we found that 75 copies of
input HIV RNA were significantly different from the negative controls (0 < 0.01). On the
other hand, 15 copies of input HIV RNA failed to achieve sufficient significance when
compared to the negative controls (p> 0.05). Finally, we performed benchtop RT-RPA-
CRISPR and compared its performance. We found that although it was possible for benchtop
RT-RPA-CRISPR to detect 5 copies/uL HIV RNA at 15 min, the fluorescence signals from
50 copies/pL and 250 copies/uL samples saw significant variations, which rendered the
detection of these samples unreliable. Lengthening the reaction time to 60 min ensured that
all samples could be detected, but the plateaued fluorescence signals inadvertently narrowed
the dynamic range (Figure S21). Taken together, these results illustrate the advantages in
speed and quantitation of digital RT-RPA-CRISPR in our device.

3. Conclusions

We report herein a smartphone-enabled digital CRISPR device for rapid and portable
quantification of HIV RNA. Digitization of the CRISPR assay facilitated quantification
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and accelerated the test speed, especially for low RNA concentrations. This improvement
was achieved because each RNA molecule’s digitization within a digital well generated

a consistently high local concentration across the digital chip, making the assay speed
independent of RNA concentration. Moreover, strong fluorescence signals generated from
positive digital wells obviated fluorescence microscopy and allowed for a more portable
means for detection. To this end, we developed the fluorescence macrophotography module
to provide a simple and compact means for achieving both high resolution and a large field
of view, enabling our smartphone to capture images of the entire QuantStudio digital chip
while maintaining single-well resolution. As a result, our device demonstrated quantitative
detection of HIV RNA in 15 min and a palm-sized footprint.

To our knowledge, this work represents the first smartphone-enabled digital CRISPR device
for rapid and portable quantification of HIV RNA. Thus, while we note the advances,

we also acknowledge several areas in need of future improvements. First and foremost,
refinement of the current assay, chip, and device — such as enhancing assay efficiency

such that all input RNA can be detected, obviating instrument-based chip loading, and
improving signal-to-noise ratio by reducing the background light from the device material —
remains an important objective. Second, incorporation of a streamlined sample preparation
and enrichment process, such as HIV RNA extraction and concentration from blood, is
crucial for future adoption for point-of-care use in clinical settings. Such a process could
also improve detection sensitivity. To address this, a custom digital chip with integrated
nucleic acid extraction capability [43] could be a viable solution. Third, enabling real-time
HIV viral load reporting directly on the smartphone would enhance user-friendliness, as our
current device requires completing a digital CRISPR reaction before analyzing fluorescence
images. To this end, implementation of a deep learning (or machine learning) algorithm

that is compatible with smartphones [44,45] and development of the algorithm such that

it can directly detect of positive wells from fluorescence images represent a key objective.
Fourth, acceleration of assay time could further enhance the usefulness of our method. To
this end, further optimization of the assay speed and reduction of the time required to reach
the set temperature represent viable strategies. Lastly, further reduction of the cost of our
device would make it more affordable and thus accessible. Specifically, the material cost of
our device is currently ~$700 USD without the smartphone (Table S2). This cost compares
favorably to those of existing commercial platforms for deployment in clinical settings such
as local health clinics. However, this cost is still too high for an accessible and point-of-care
testing device. Cost reduction can be achieved by replacing expensive optical components
with more cost-effective counterparts [46]. These improvements can strengthen the potential
of our smartphone-enabled digital CRISPR device as a tool for the 29.8 million people in the
world living with HIV/AIDS to monitor their HIV viral loads, thus contributing to the fight
against HIVV/AIDS.

4. Methods

4.1.

Benchtop CRISPR-Casl12a-assisted RT-RPA assay

All oligonucleotides, including RPA primers, Cas12a-guide RNAs, and Alexa647-labeled
single-stranded DNA (ssDNA) fluorogenic reporter, were purchased from Integrated DNA
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Technologies (IDT; Coralville, 1A). Both Cas12a-guide RNAs were modified with IDT’s
proprietary 5” AltR1 and 3" AltR2 modifications. Lyophilized Cas12a-guide RNA was
reconstituted in DEPC-treated water (Thermo Fisher Scientific, Waltham, MA) at a
concentration of 20 pM. Lyophilized DNA primers, DNA reporter, and DNA probe were
reconstituted in nuclease-free water (Promega, Madison, WI) at a concentration of 100
UM. EnGen Lba (Lachnospiraceae bacterium ND2006) Cas12a (Cpfl) (M0653; 100 uM),
WarmStart® RTx reverse transcriptase (M0380; 15,000 U/ml), Avian Myeloblastosis Virus
(AMV) reverse transcriptase (M0277; 10,000 U/mL), and bovine serum albumin (BSA;
B9000; 20 mg/mL) were purchased from New England BioLabs (Ipswich, MA). TwistAmp
Basic kits were purchased from TwistDx Limited (Maidenhead, United Kingdom). All
reconstituted oligonucleotides and the aforementioned reagents were stored at =20 °C.

To prepare a 10-uL reaction mixture for CRISPR-Cas12a-assisted RT-RPA, we utilized 1

x rehydrated TwistAmp Basic Reaction mix, 0.32 uM of each RPA primer, 0.64 uM of
each Cas12a-guide RNA, 4 uM of Alexa647-labeled ssDNA fluorogenic reporter, 0.64 uM
of EnGen Lba Cas12a, 0.75 U/uL of WarmStart RTx reverse transcriptase, 0.01 mg/mL

of BSA, and 14 mM of MgOAc, unless otherwise specified (e.g., in Fig. S1 through S4).
The assembly was conducted within a PCR hood (AirClean Systems, Creedmoor, NC).
Initially, each dried pellet of TwistAmp Basic Reaction mix was reconstituted in 29.5

UL of rehydration buffer to prepare a 1.7 x rehydrated TwistAmp Basic Reaction mix.
Subsequently, a master mix of all components except WarmsStart RTx reverse transcriptase,
BSA, and MgOAc was prepared in a 1.5 mL protein low-binding microcentrifuge tube
(MilliporeSigma, Burlington, MA) and incubated at room temperature for 10 min to allow
for the formation of Cas12a-guide RNA complexes. Following this, WarmStart RTx reverse
transcriptase and BSA were added to the master mix. The master mix was transferred to

a biosafety cabinet (The baker Company, Sanford, ME) to prevent contamination. Inside
the biosafety cabinet, the master mix was divided into 8-uL MgOAc-free reaction mixture
aliquots and supplemented with 1 pL of 140 mM MgOAc and 1 pL of 1000 copies/uL

of synthetic HIV RNA (VR-3245SD, ATCC) to obtain the final 10-yuL CRISPR-Cas12a-
assisted RT-RPA reaction mixture.

Brightfield characterization of macro lens

To assess the resolution of the lenses, we utilized the USAF 1951 Glass Slide Resolution
Targets from Edmund Optics (AZ). Each lens was attached to the smartphone camera and
positioned approximately 3 cm away from the target to capture an image. The captured
image was then analyzed using ImageJ software. A line was drawn across each set of the
3-line-pairs, and the line profile plot was generated using the “Analyze” option in ImageJ.
To determine if the line pairs could be resolved, we calculated the mean and standard
deviation of the maximum peaks (represented by white lines). Based on the empirical rule,
assuming a normal distribution, the range of Mean + 3 x Standard Deviation covers 99.7 %
of the data. Therefore, if the minimum peaks (represented by black lines) fall within the 99.7
% range of the white lines, it indicates that they couldn’t be completely distinguished from
the white lines. In such cases, the resolution of the lens wo’ld be based on the line pair set
prior to the one being evaluated.
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The distortion percentage of the lenses was assessed using a Distortion Target from Edmund
Optics (AZ). The evaluation involved calculating the distance from the center to the corner
of the distortion target image, referred to as the image actual corner (AC), indicated by the
blue arrow in Fig. S8. Additionally, the distance from the center to the edge corner (EC) was
determined, indicated by the red arrow in Fig. S8. The distortion (D) is:

AC - EC

EC X 100%

D(%) =

@)

4.3. Construction of the smartphone-based platform

Temperature measurement was performed using a thermistor (GA100K6MCD1, TE
Connectivity) that was epoxied to a PTC heater (50 W AC DC 12 V, Bolsen Tech; purchased
from Amazon; URL.: https://tinyurl.com/yc797puw). A red LED (627 nm Rebel LED on a
SinkPAD-I1 20 mm Star Base — 53 Im @ 350 mA) was used for fluorescence excitation

and was controlled by a 350 mA LED driver (BuckPuck 3021-d-E-350, LEDdynamics

Inc.). The power supplied to the PTC heater and the LED driver was regulated by two
N-CH MOSFETSs (IRLB8721PBF, Infineon), which were controlled by a TinyPICO ESP-32
microcontroller (TinyP1CO, Unexpected Maker). A macro lens (25X, MACTREM) was
employed to focus the smartphone camera on the QuantStudio chip. The filter cube
consisted of an excitation bandpass filter with a center wavelength of 624 nm and a 40

nm bandwidth, a dichroic filter at 660 nm, and an emission bandpass filter with a center
wavelength of 692 nm and a 40 nm bandwidth (Edmund Optics). The entire platform

was powered by a 12 V rechargeable Lithium-ion battery with a capacity of 3000 mAh
(TalentCell).

Users were able to set the temperature, imaging frequency, and total analysis time using an
app developed with MIT App Inventor 2 on a Samsung Galaxy S10 phone. These parameters
were sent via Bluetooth to the TinyPICO ESP-32 microcontroller, which controlled the
temperature of the PTC heater, activated the LED for fluorescence excitation, and instructed
the smartphone to capture fluorescence images in real-time. In such real-time image
acquisition experiments, the Taifun Camera extension was utilized to enable the app to
access the smartphone camera. The smartphone camera was set to continuous-picture focus
mode, auto white balance, and minimal exposure compensation for optimal performance.
Source code of the smartphone app and the TinyPICO ESP-32 microcontroller program are
provided in this link.

Alternatively, for end-point, single-image acquisition, the Pro mode of the built-in camera
app on the Samsung Galaxy S10 phone was employed to achieve the best focus images.

To do so, the smartphone camera focus was calibrated before conducting experiments. This
calibration involved using a QuantStudio chip loaded with Cy5 fluorescence dyes. The chip
was inserted into the platform, and with the LED turned on, the user captured images of the
chip using the Pro mode of the built-in Camera app on the Samsung Galaxy S10 phone (ISO
400, 1/15 F1.5, white balance: A 4500 K). Manual focus adjustment was performed until
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the image appeared the sharpest. After completing the smartphone camera focus calibration
step, the platform was ready for use.

4.4, Detection of HIV RNA using the smartphone-based platform

4.4.

To test the platform, a master mix was prepared, consisting of RPA buffer (1X), HIV
forward and reverse primers (each at 0.32 uM), LbCas12a (0.64 uM), HIV crRNA1 and
crRNAZ2 (each at 0.64 uM), Alexa647-labeled fluorogenic reporter (4 uM), WarmStart RTx
reverse transcriptase (0.75 U/uL), BSA (0.01 mg/mL), Tween-20 (0.1 %), and DEPC-treated
water. Subsequently, aliquots of the master mix (each 13.5 uL) were spiked with 0.75 pL of
synthetic HIV RNA sequences containing 0, 15, 75, 750, or 7500 copies, along with 0.75 puL
of 280 mM MgOAc. The samples were then loaded into QuantStudio 3D Digital PCR 20 K
Chip v2 using the QuantStudio™ 3D Digital PCR Chip Loader following the user guide. The
loaded QuantStudio chips were inserted into the platform for RT-RPA amplification at 42 °C
for 60 min, with fluorescence imaging performed every 1 min.

Image analysis using deep learning

First, we trained a deep learning model based on YOLOv5 (Ultralytics) for object detection
to detect positive wells in fluorescence images of the QuantStudio chip. Since the positive
well objects in the QuantStudio chip fluorescence images are relatively small, we employed
an image tiling approach during the training and deployment of the deep learning model
(Figure S12). Specifically, we divided several fluorescence images (4032 pixels x 3024
pixels) into patches of size 416 pixels x 416 pixels, resulting in 143 tile images of 416
pixels x 416 pixels. Of note, this 416 pixels x 416 pixels patch size was selected because the
positive wells were large relative to the patch and there were typically several positive wells
in a patch, both of which facilitated effective detection of these positive wells by YOLOV5.
The positive wells in these 143 tile images were labeled using a labeling tool. After labeling,
the 143 tile images were divided into a training set (97 tile images), a validation set (26 tile
images), and a testing set (20 tile images). Data augmentation techniques such as flipping,
90-degree rotation, cropping, adjusting brightness, exposure, blur, etc., were applied to the
training set (with a maximum version size of 3x ), resulting in a final set of 97 x 3 = 291

tile images for training. No data augmentation was applied to the validation and testing

sets. The training was performed using Google Colab with 150 epochs (completed in 0.127
h), resulting in a mean Average Precision (mAP50) of 0.991 and mAP50-95 of 0.546.

For deployment, the weights of the trained model were exported and saved to a personal
computer. A Python code was developed for (1) loading the fluorescence image of interest
(4032 pixels x 3024 pixels), (2) dividing the image into 416 pixel x 416 pixel patches, (3)
sequentially loading the image patches into the trained Al model for detecting positive wells
in each image patch, (4) stitching the analyzed patches to create a 4032 pixel x 3024 pixel
image with bounding boxes surrounding the predicted positive wells. To remove positive
well predictions that are outside the chip region, we developed a Python code to estimate
the chip region using auto thresholding followed by closing and erosion. Any positive well
predictions that are outside the chip regions will be removed from the final output image.
The analysis time was less than 1 min per 4032 pixel x 3024 pixel image. Source codes for
training and deploying the deep learning model are provided in this link.
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The deep learning model was evaluated by comparing each output image (i.e., predicted
class) with its corresponding actual image (i.e., true class). Specifically, for each actual
image, positive wells were manually counted using the cell counter tool in ImageJ. Then,
the positive wells identified by the deep learning model were manually compared with

the positive wells that were manually counted, from which true positive (TP) wells, false
positive (FP) wells, and false negative (FN) wells. Of note, in this work, we focused on
detecting only positive wells, so we considered true negative (TN) wells as 0. For evaluating
the performance of the deep learning model, its accuracy and F1 score were computed based
on the following equations:

A 3 TP+TN
CUracy = rpy FP+ TN+ FN
@)
F1Score = 2xTh

2xXTP+ FP+ FN

©)
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Fig. 1. Overview of smartphone-enabled digital CRISPR devicefor rapid and portable
quantification of HIV viral load.

(A) HIV RNA sample and RT-RPA-CRISPR assay reagents are loaded into a commercial
onto QuantStudio digital chip. (B) The digital chip is inserted into the smartphone-based
portable device for HIV RNA target amplification and fluorescence imaging using the
smartphone camera. (C) After 15 min, the fluorescence image is analyzed by a Deep
Learning-based algorithm for HIV viral load estimation.
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Fig. 2. RT-RPA-CRISPR assay for efficient HIV RNA detection.
(A) The assay is designed to target the HIV-1 gag gene by using (B) a pair of RPA primers

and a pair of CRISPR/Cas12a guide RNAs that can amplify and detect the target in a single-
step within one pot. By tuning (C) the reverse transcriptase, (D) the assay temperature, (E)
the reverse transcriptase concentration, and (F) the fluorogenic reporter sequence, the assay
can detect 1000 copies HIV RNA — comparable to the effective concentration of a single
copy of RNA within the digital reaction well — with plateauing fluorescence signals within
30 min.
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Fig. 3. Palm-size smartphone-enabled digital device.
(A) The key components of the device, besides the smartphone, include a macro lens, a LED

(and its accompanying heat sink), a custom fluorescence filter cube, a LED driver, a positive
temperature coefficient (PTC) ceramic heater, control circuitry featuring a TinyPICO
microcontroller, and a battery pack. The macro lens, the custom fluorescence cube, and

the LED (i.e., the fluorescence macrophotography module) endow the smartphone a large
field of view for (B) imaging the entire QuantStudio digital chip and sufficient resolution for
(C) resolving individual digital wells filled with a fluorescent dye. (D) The compact PTC
ceramic heater delivers uniform temperature across the heater region (black dashed box)
that is comparable to the size of the QuantStudio chip. (E) Once initiated, the PTC ceramic
heater can reach the set temperature in ~3 min and maintain a stable temperature throughout
the course of the reaction. (F) The control circuitry includes a TinyPICO microcontroller,

a circuit for measuring and controlling the temperature of the PTC ceramic heater, and a
circuit for turning the LED on and off. The TinyPICO microcontroller communicates with
the smartphone via Bluetooth. A custom smartphone app is developed to input necessary
parameters, display system status, and show fluorescence images throughout the assay.

(G) All the components of the smartphone-based device are enclosed within a 3D-printed
housing, measuring 70 mm x 115 mm x 80 mm (W% L x H), with a total weight of 575 gs
including the smartphone.
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Fig. 4. Deep learning (DL )-based detection of digital RT-RPA-CRISPR.
(A) Successful digital RT-RPA-CRISPR and detection of HIV RNA are indicated by

strongly fluorescent digital reaction wells (i.e., positive wells, ~2.5 times higher than

the background) observed from the smartphone-acquired image. (B) A DL algorithm is
developed to analyze the smartphone image and output an image with detected positive
wells, with mostly true positives (i.e., correctly identified positive wells) and some false
positives and false negatives (i.e., misidentified wells). (C) When quantitatively compared to
the smartphone image as the true class, the DL output image as the predicted class correctly
identifies most positive wells, as shown in the confusion matrix, and achieves an accuracy of
0.908 and an F1 score of 0.952. (D) Across 4 technical replicates, the DL algorithm achieves
> 0.897 accuracies and > 0.946 F1 scores.
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Fig. 5. Rapid and portable quantification of HIV RNA in smartphone-enabled digital CRISPR
device.

(A) The device supports real-time monitoring of digital reactions, as illustrated by DL-
analyzed QuantStudio chip images of 7500 HIV RNA copies input at 5 min, 15 min, 30 min,
and 60 min. (B) Percentage of positive wells detected at these time points normalized to the
number of positive wells detected at 60 min reveal that the digital assay can be performed
with a shorter assay time such as 15 min and still achieve quantitative detection (7= 8; error
bars represent standard error of the mean). (C) Upon performing 15 min digital reactions

in the smartphone-enabled digital CRISPR device, the resulting DL-analyzed output images
of various RNA copy numbers illustrate the capacity for detecting as low as 5 copies/jiL,
equivalent to 75 copies of HIV RNA in the 15 pL reaction volume within the QuantStudio
chip. (D) Replicated results (n= 3; error bars represent standard error of the mean) at 15 min
reaction time using the device and subsequent linear regression analysis confirm the linear
relationship between input HIV RNA and number of positive wells. The limit of detection is
75 copies based on the mean + 3SD threshold calculated from the no RNA negative controls.
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