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Non-invasive glucose monitoring (NIGM) represents an attractive

alternative to finger pricking for blood glucose assessment and management
of diabetes. Nevertheless, current NIGM techniques do not measure glucose
concentrationsinblood but rely onindirect bulk measurement of glucose in
interstitial fluid, where glucose is diluted and glucose dynamics are different
from those inthe blood, which impairs NIGM accuracy. Here we introduce
anew biosensor, termed depth-gated mid-infrared optoacoustic sensor
(DIROS), which allows, for the first time, non-invasive glucose detection
inblood-rich volumes in the skin. DIROS minimizes interference caused

by the stratum corneum and other superficial skin layers by time-gating
mid-infrared optoacoustic signals to enable depth-selective localization

of glucose readings in skin. In measurements on the ears of (female) mice,
DIROS displays improved accuracy over bulk-tissue glucose measurements.
Our work demonstrates how signal localization can improve NIGM accuracy
and positions DIROS as a holistic approach, with high translational potential,
that addresses akey limitation of current NIGM methods.

Intracutaneously implanted electrochemical microneedles on wear-
able patches, such as the Libre Style (Abbott) and Dexcom G6/G7
(Dexcom), have advanced glucose measurements in diabetes man-
agement beyond painful finger pricks', but these tools assess the
levels of glucose diluted in the interstitial fluid (ISF), not the glucose
concentrationinblood. ISF glucose diffuses fromblood capillaries™’
in a delayed fashion and is present at lower concentrations than the
clinically relevant glucose in circulation. Moreover, pH values and vari-
ationsinISF volume due to hydration level or temperature could chal-
lenge the accuracy of glucose determination. Importantly, the invasive
nature of microneedle electrodes carries the risk for skin irritation
and microbial infections. Inresponse, several technologies have been
considered for NIGM, to avoid the use of microneedles'® ™. Terahertz

(THz) spectroscopy detects glucose on the basis of its absorption
spectrum at the 0.1-2.5 THz range' ", but the low signal-to-noise
ratio, broad absorption bands and overlapping spectra of glucose
with other biomolecules challenge its sensitivity and specificity™.
In the broad range of optical methods*'*'°, NIGM based on Raman
scattering spectroscopy” resolves specific vibrational spectral sig-
natures of glucose at the fingerprint region of carbohydrates (900-
13,000 cm™)'®, Although the method notoriously suffers from weak
signals, signal-enhancing methods such as coherent anti-stokes Raman
spectroscopy (CARS) and stimulated Raman scattering (SRS) could
improve detection sensitivity?>*%. Mid-infrared (mid-IR) absorption
spectroscopy using optical, optoacoustic or thermal detection has
also been explored for taking glucose measurements®°, butitsin vivo
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Fig.1|Imaging-depth capabilities of DIROS for label-free biomolecular
sensing. a, Schematic of the combined mid-IR-visible (mid-IR/VIS) in vivo
optoacoustic (OA) microscopy system for image-guided, non-invasive glucose
monitoring (ND, neutral density filter; L, lens; P, pinhole). b, Schematic of
different layers of mouse skin (EP, epidermis; DR, dermis; HR, hypodermis; SC,
stratum corneum; SGr, stratum granulosum; SS, stratum spinosum; SB, stratum
basale; SG, sebaceous glands; HF, hair follicles; BV, blood vessels; G, glucose).

¢, Merged mid-IR/VIS OA images; a representative example from ten independent
experiments. d, Raw OA signal corresponding to a glucose-relevant wavenumber
(1,080 cm™; (d) indicates depth, t;indicates initial gate time, ¢, indicates final
gate time), showing its Hilbert transform and the corresponding Gaussian fit.

e, Representative maximum amplitude projected image (MAP) of a mouse

= Line profile at P1(x,y)

ear ata532-nm wavelength (NOAS, normalized OA signal) (n =10).f, x-z MAP
image, of the same micrographin e, showing OA contrast distributionin depth.
g,x-zcross-sectionimage along the dashed lineine.Infand g, +d indicates the
1/e*depth (at 150 pm) defined by the Hilbert transform of the OA transient at
awavenumber of 1,080 cm™. h, Depth contrast profile (532-nm wavelength)
ofablood vessel at P1, marked by the dashed line in fand g. The depth of the
maximum blood vessel contrast is indicated by the red dashed line (161 pm).

i, Depth contrast profile at P1for awavenumber of 1,080 cm™; the OA transient is
also shown for reference (blue line). In hand i, the dashed magentaline indicates
the penetration depth, defined by the 1/ € intensity of the Hilbert transform
atawavenumber of 1,080 cm™ (150 pm). Datain c-iare representative of ten
independent experiments (n =10).

application has been challenged by non-glucose-specific absorption
of light at superficial skin layers’.

To combine the strong signals produced by mid-IR absorption
while overcoming the limitations of bulk glucose measurements in
ISF, we developed DIROS, which operates by time-gating optoacous-
tic signals generated by mid-IR excitation”. We hypothesized that
depth-gating would improve the sensitivity and accuracy of glucose
sensing, on the basis of two key premises.

First, it can preferentially detect glucosein skinareasthatarerich
in microvasculature, i.e. in regions with high blood concentration.
In-blood sensing can provide real-time reporting of glucose fluctua-
tions, unlike measurements of ISF glucose, which are subject to delays.
Moreover, the concentration of glucose in blood is the clinically rel-
evant parameter, and it is higher than the ISF concentration, possibly
leading to higher detection sensitivity. Second, it can minimize con-
tributions from the metabolically inactive stratum corneumand from
the overall epidermis; changes in skin humidity, superficial lipids and
other molecules can contaminate glucose measurements and affect
their reliability and reproducibility>°.

Of critical importance in examining these two hypotheses was
the depth probed by mid-IR excitation and optoacoustic detec-
tion, especially concerning its ability to reach subcutaneous,

microvasculature-rich volumes. For thisreason, we examined the depth
achieved by mid-IR optoacoustics in vivo, using a broadband ultra-
sound detector (bandwidth, ~6-36 MHz; central frequency, ~21 MHz)
to achieve an axial resolution of 30 um at the upper frequency band
(~45-pum resolution when all frequencies are used). Mid-IR measure-
ments were contrasted with congruent microvasculature-sensitive
optoacoustic measurements at 532 nmillumination, the latter serving
asvalidation of the depths and structures probed. Then, using the mer-
its of depth-selective optoacoustic detection, we examined the effects
of signallocalizationin blood-rich volumes, validating the hypotheses
above. Inthe following, we present the results of the depth interroga-
tion and the DIROS glucose detection and discuss how DIROS may offer
apreferred technology towards non-invasive glucose monitoring for
improving diabetes management.

DIROS was implemented using an optical path shared by mid-IR
and 532-nm-wavelength illumination so that mid-IR measurements
could be cross-referenced with vascular features detected in the vis-
ible spectrum. The optical path (Fig. 1a) consisted of a pulsed mid-IR
beam (pulse duration, 20 ns; 909-2,941 cm™ and 3.4-11 um spectral
range) and a co-aligned 532-nm-wavelength pulsed beam (pulse dura-
tion, 3 ns). Both beams were focused on the surface of tissue (mouse
ear) by a broadband reflective objective (see Methods for details).
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Fig.2|Location-selective non-invasive glucose monitoring with DIROS. a, OA
image of amouse ear (532-nm wavelength), representative of ten independent
experiments (n=10). b, Raw DIROS spectra at different glucose values over

time, measured at P1. arb.u., arbitrary units. ¢, A plot of four DIROS spectra: two
corresponding to the lower glucometer value following glucose administration,
thatisat37 and 39 mg dl™, and two corresponding to the highest observed
values, thatis at 157 and 210 mg dI™. LG indicates “low glucose” with a value of

39 mgdl™. d, Time profile of calculated glucose concentrations at P1and P2

compared with reference blood glucose measurements. e,f, PCEGs showing the
correlation between reference and OA glucose values at P1(e) and P2 (f) from
the mouseina. The PCEG s divided into five regions (A-E) representing risk
zones when determining glucose concentration; while zone A represents

no risk, values falling in zone E could have dangerous consequences.

g, Tabulation of the distribution of results per region, and RMSECVs by cross-
validation, for eand f. h-j, PCEGs and tabulations for measurements at P1and P2
for all ten mice in the study.

Optoacoustic measurements were collected in vivo using a focused
ultrasound transducer placed on the opposite side of the tissue, estab-
lishing a slab geometry (Supplementary Fig. 1). For referencing pur-
poses, we raster-scanned the sample under the sensor and generated
merged mid-IR-visible optoacoustic images of tissue (Fig.1c) to obtain
anatomical references (Methods). Depth selection was implemented
by gating the time-dependent optoacoustic signal (Fig. 1d) to select
those generated within specific epidermal layers (Fig. 1b). Optoacoustic
signals were processed using the Hilbert transform to ensure that the
results correspond to the energy of the measured signal.

We previously postulated that mid-IR optoacoustic sensing can
penetrate deeper intissues than can conventional mid-IR optical tech-
niques because it uses ultrasound and not optical detection, that s, it
operates under strong optical attenuation only on the incident, but
not the collection, path®. To experimentally examine the maximum
depthreached, we obtained three-dimensional microvasculature maps
from1x1mm?scans from mouse earsin vivo, using 532-nm-wavelength
excitation (Fig. le-g). Maximum amplitude projection (MAP) along
the three dimensions enabled observation of vascular-rich volumes,
as exemplified in the images. Then, we plotted the signal profiles col-
lected at wavelengths of 532 nm (Fig. 1h) and 9,259 nm (wavenumber,
1,080 cm™; Fig. 1i), taken from a volume with strong vasculature (point
1(P1): seeFig.1le-g), to assess the DIROS penetration depth—9,259 nm
(wavenumber, 1,080 cm™) was selected as arepresentative wavelength
for glucose sensing (see Fig. 4h). The maximum depth reached was

determined as the width of 1/ €? of a Gaussian curve fitted to the Hilbert
transform of the mid-IR optoacousticsignals (here, eis the exponential
constant with a value of -2.71828) (Methods). Figure 1i shows a repre-
sentative examplein which a penetration depth of ~150 pm at a wave-
number of 1,080 cm™ was reached, and the average maximum depth
penetration at1,080 cm™ for all mice was ~140 pm (see Supplementary
Fig. 2). Such depths are sufficient to reach capillary-rich layers at the
epidermal-dermal junction of the human skin*>** (Supplementary
Fig.3), so DIROS can be used to take measurements in people.

To further support these findings, we plotted the penetration
depth of 4,900 optoacoustic measurement points, obtained by using
DIROStoscana70 x 70 point grid. The measurements were collected
fromadjacent positions on the mouse skin (see Supplementary Fig. 4)
and showed that depth variations at different skin locations are small.
For instance, the relative s.d. (RSD) of the mean penetration depth at
wavenumbers of1,080 cm™and 1,034 cm™was 4% and 6%, respectively.

Having verified that depth-dependent detection from
capillary-richlayers s feasible, we investigated the glucose-detection
performance of DIROS in blood and in ISF. To achieve this, we per-
formed a glucose tolerance test in ten mice, in which a20% glucose
solution (2 g kg body weight) injected into the abdomen of each
mouse. First, for each mouse in the study, an absorption map at a
wavelength of 532 nm was acquired using scanning steps of -5 um,
to provide a morphological reference of the microvascular distribu-
tioninthe areaunder the sensor and to select locations to test blood
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Fig.3|Depth-selective non-invasive glucose monitoring with time-gated
0A sensing. a, OA micrograph (532-nm wavelength), representative of ten
independent experiments (n=10). b, Time course of glucose measurements
atdifferent depths (37,75 and 97.5 um) at P1, compared with reference blood
glucose values. ¢,d, PCEGs for arepresentative experiment in a single mouse.
Measurements were taken at P1 without skin rejection (SR) (¢) and with SR (d).
e, Table comparing the distribution of results per region, and average RMSECV

Measured glucose (mg dl™)

Measured glucose (mg dl™)

withand without SR at P1. f,g, PCEGs for ten experiments. Measurements were
taken at P1without SR (f) and with SR (g). h, Table comparing the distribution of
results per region, and average RMSECV for measurements with and without SR
atPL.ij, PCEGs for ten experiments. Measurements were taken at P1without SR
(i) and with SR (j). k, Table comparing the distribution of results per region, and
average RMSECV for measurements with and without SR at P2.

versus ISF measurements. To exemplify performance, we showcase
results obtained from the same volume (Fig. 2a) used for depth evalu-
ation in Fig. 1. All DIROS scans were performed at two points on the
532-nm maps: a first point (P1) at an area with vasculature presence,
and asecond point (P2) atan areawith poor vascularization (thatis, an
arearepresentative of measurement in the ISF). Ten baseline spectra
(wavenumber, 900-1,300 cm™) were recorded over the 10 min before
glucose administration,and 90 spectrawererecorded over the 150 min
after glucose administration; the sensor was continuously alternated
over the positions P1 and P2. Each spectrum was generated by aver-
aging 1,000 optoacoustic signals. Each point in the spectrum cor-
responds to the peak amplitude value of the Hilbert transform of
the averaged optoacoustic signal for the selected time gate. Each
spectrum consists of measurements at 100 wavenumbers acquired in
the 900-1,300 cm'region withaspectral step size of 4 cm™, requiring
1.5 min for acquisition. After one spectrum measurement was com-
pleted from P1or P2, the sensor was moved to the other position. For
validation purposes, 0.6 pl of blood was obtained from each mouse
every 3 min during the period in which a motorized stage moved the
sensor fromP1to P2. Theblood sample was analysed using astandard

glucometer (Methods). Figure 2b shows raw optoacoustic spectra
obtained from P1at different time points, corresponding to different
blood glucose concentration values (for colour coding, see Supple-
mentary Fig. 5). Observation of the spectrarevealed that optoacoustic
intensity changed as a function of glucose concentration (which was
foundtobelinear, asshowninFig. 4). Toillustrate the spectral change
as a function of glucose concentration, we subtracted one baseline
spectrum, obtained before glucose administration, from four spectra
obtained after glucose administration (Fig. 2c): that is, two spectra
correspondingto the lowest glucose concentrations (37 and 39 mgdl™)
and two spectra corresponding to the highest concentrations
(157 and 210 mg dl™") recorded by the glucometer. These four spectra
show that, in all cases, thereis a clear difference between the spectra
and the baseline, and that the signal is well above the noise level. The
change in intensity observed for the low glucose values is ~20% of
the maximum change in intensity observed in the collected data set,
confirmingthat the signal-to-noise ratio (SNR) is sufficient for in vivo
glucose detection at physiological concentrations. The difference
spectra of the raw spectra displayed in Figure 2b are shown in detail
inSupplementary Figure 5.
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Fig. 4 | Different time gates measure different spectral compositions at
differentskinlayers. a-c, A representation of different sectionslices (a),
selected by time-gating the OA signals and corresponding spectra for P1at
depths of 37 um (b) and 97.5 um (c). d-f, Plots of the change of the area under
the curve of the subtracted spectra as a function of reference glucose values
determined by the glucometer for the 97.5-um-deep layer at P1(d) the 37-pm-
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deep layer at P1(e) and the 97.5-um-deep layer at P2 (f). g, Correlation of intensity
changes as a function of reference glucose values determined by the glucometer
for peaks in the spectrum, corresponding to the 1,109,1,080,1,036 and 994 cm™
wavenumbers. h, Glucose spectra measured by DIROS in water solution at
different concentrations (G1,2,500 mg dl™%; G2, 1,250 mg dI™; G3, 625 mg dl™; G4,
312mgdl™).

To better understand the nature of the collected spectra, we per-
formed Fourier transforminfrared (FTIR) spectroscopy measurements
on phantoms (namely, liquid solutions of biomolecules found in tis-
sues) mimicking the composition of blood and skin (as above), includ-
ing key components such as cholesterol, triglycerides and keratin. The
FTIR experiments indicate potential interference and overlap from
the measured metabolites only at concentrations considerably above
the physiological range (Supplementary Fig. 6a). Lactate showed the
highest potential interference, with two distinct peaks partially over-
lapping with those from glucose (wavenumbers, 1,040 and 1,125 cm™).
Forthisreason, we further performed DIROS measurements of asolu-
tion containing lactate and albumin at physiological concentrations
(6-12mgdl™and2,000-4,500 mg dI™, respectively)***, and observed
that lactate did not contribute to a spectrum that interferes with the
glucose spectrum, possibly owing toits low concentration (see Supple-
mentary Fig. 6b). Fetal bovine serum (FBS) may also interfere with the
measurements; however, it exhibits a slowly varying spectral compo-
nentand no distinct peaks inthe spectral region of interest that could
interfere with the glucose measurements. Therefore, similar to water
contributions, it can be accounted for as a background contribution
in the multivariate analysis (MVA) used to determine glucose levels,
described in the following text.

To quantitatively investigate the relation between spectral
changes and blood glucose concentration beyond the observation
of raw spectra, we used a MVA method based on partial least squares
regression (PLSR). MVA s the typical approach for computing analyte
concentrations from spectroscopic glucose sensors*, and it consid-
ers the structure of the entire spectrum (100 variables) when com-
puting a single glucose value in the presence of other contributors

(metabolites) in tissue. Given a number of spectra (measurements)
and ground-truth glucose values (obtained from the glucometer),
the PLSR describes the spectral data as a linear combination of a new
set of spectral components (basis spectra) and identifies the subset
of components that provides the mostinformation about the glucose
level. Then, it computes a glucose value on the basis of the particular
combination of these spectral components that describes a given
spectrum. We applied aleave-one-out cross-correlation, whereby each
spectrumused for aglucose measurement was excluded once fromthe
decomposition to basis spectra (Methods) to determine features that
represent spectral variation.

Using MVA analysis, we plotted the glucose values obtained from P1
and P2 versus the glucometer values over the time course of a measure-
ment (Fig. 2d). Although both P1 and P2 exhibited changes in glucose
levels corresponding tothe administration of glucose, the datafromloca-
tion Pl more closely resembled the blood glucose dynamics recorded by
theglucometer. The curvesalso showed adelayed appearance of glucose
measured at position P2. This is consistent with the fact that changes to
glucose levelsininterstitial fluids, represented in our work by measure-
mentsat P2, appearinadelayed manner compared with the dynamics of
blood glucose, represented by measurements at P1. We also performed
time-course control experiments in which phosphate-buffered saline
(PBS) was injected in three mice. The results showed a minimum base-
line increase that was essentially constant throughout the time course
of measurement (Supplementary Fig. 7), supporting the interpretation
that the signalsin Figure 2d are due to glucose injection.

To study the accuracy of the glucose measurement in relation
to the two measurement locations, we applied the Parkes consen-
sus error grid (PCEG) to locations P1 and P2, for the mouse shown in
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Figure2a (Fig. 2e-g) and for the entire data set collected from all mice
(Fig. 2h-j). The PCEG is divided into five regions (A-E), representing
degrees of accuracy of glucose estimations. Values falling into differ-
ent zones have various levels of accuracy: those in zone A are the most
accurate (within 20% of the reference measurement), and those in
zones D and E represent erroneous readings”. Visually, the measure-
ments at P1 appear less scattered and better confined to zone A than
dothe measurements at P2.Inaccordance, the root meansquare error
cross-validation (RMSECV) value between the measurements at P1and
P2 and the reference glucometer values were found to be 28 mg dI™
versus 42 mg dI™* for the example mouse in Figure 2a, and 40 mg dI !
versus. 47 mg dI™ for the entire cohort.

The glucose-measurement results showninFigure 2 were obtained
by selecting areas with and without vasculature, but without depth
selection, confirming the hypothesis that measurements from
blood-rich volumes are more accurate than are measurements in ISF.
The next critical step, and akey point of the development of the DIROS
sensor, was to examine whether depth selection could furtherimprove
DIROS performance beyond the capabilities of current sensors. Time
gating avoids bulk measurements and can localize readings from
blood-rich layers or volumes that lie under the epidermis. Therefore,
thisapproach does not integrate non-specific contributions fromthe
epidermis and bulk ISF measurements, offering measurements that can
belabelled as in-blood. Although our work is guided by images, it can
beappliedinvivowithoutimagingby targeting the epidermal-dermal
junctionlayer, whichisrichinblood-filled capillaries across the skinin
animals and humans (Supplementary Fig. 3).

Glucose concentrations were computed with and without gate
selection at points P1and P2. Showcased results (Fig. 3) are from a dif-
ferent mouse (Fig. 3a) than the one shownin Figures1and 2, toillustrate
the diversity seenin the collected vascular maps. Similar to the analysis
inFigure 2, we selected two measurement locations: one with higher
(P1) and one with lower (P2) microvascular density. However, here we
applied atime-gate algorithm (Methods) that was optimized so that the
optoacoustic signal could be sectioned to obtain spectra at time gates
(depths) that minimized the error between the DIROS measurements
(thatis, the Hilbert transform of the optoacoustic signal) and the ref-
erence glucose measurements. Different layers correlated differently
with the measured glucose values, confirming that DIROS performance
varies with depth. The layer atadepth of 97.5 + 20 pm gave an optimal
error minimization for all mice and was therefore selected as the gate
forallmicein allmeasurements. Insightinto the effects of time gating is
seenin Figure 3b, whichcompares glucose values at different gates, that
is, at different skin layers (depths), with the reference measurements
andshows that the selected time gate provides the best match. Super-
ficial measurements can correspond to bulk measurements from the
stratum corneum and top of the epidermis, similar to measurements
performed by other sensors, and show a worse match to the glucom-
eter values, offering a first validation of the main DIROS hypothesis
that depthselection canimprove accuracy. We computed the Pearson
correlation coefficient between DIROS measurements and glucometer
values to quantify the match between the two techniques. We found a
Pearson correlation coefficient of r = 0.92 for measurements atadepth
of 97.5 pm, but lower correlation coefficients of r=0.80and r=0.72 as
the gate was moved towards the skin surface.

To further validate the effect of depth selection, we plotted the
PCEG with and without gate selection (Fig. 3c-k) and show an up to
approximately twofold improvement in sensitivity when using the
optimal gate (Fig. 3e). The representative results from a single mouse
show that measurements from microvascular-rich volumes with depth
selectivity by rejecting signals generated by the epidermis (i.e. skin
rejection), (Fig.3d) yielded higher accuracy (88% of the pointsinzone
A) than do measurements obtained without skin rejection (with only
60% of the pointsinzone A, see Fig. 3c,e). When comparing the results
from all mice, 79% of the measurement points fell in zone A of the

PCEG for the P1location using skin rejection, whereas only 65% of the
measurement points fell in zone A without the time gate (Fig. 3f-h).
Therefore, the most sensitive performance was achieved for measure-
ments obtained fromthe P1position after applying atime gate. Overall,
the root mean squared errors (RMSEs) for the entire cohort of mice
improved from 47 mg dI™ for bulk ISF measurements (P2; Fig. 3k) to
34 mg dI” for measurements of blood-rich volumes with depth selec-
tion (P1; Fig. 3h).

To better elucidate the differences in glucose measurements at
different time gates (Fig. 4a), we plotted the spectra collected from
asuperficial layer (at 37 pm, Fig. 4b) and a deeper layer (at 97.5 pm,
Fig. 4c) from location P1 at different time points, that is, different
glucose concentrations. The spectrarecorded fromthe deeper layer
show increasing intensities as glucose concentrations increase (for
colour coding, see Supplementary Fig. 5). Furthermore, itis visually
evident that the changesin the deeper layer are more prominent than
inthe superficial layer. Moreover, in contrast to the spectral changes
observable at the superficial layers, which resemble the spectrum
of water, the spectra at the deeper layers resemble that of glucose
(seeFig.4h).

To study the linearity of the scaling of the spectra observed, we
plotted the areaunder the curve versus glucose concentration for the
deep and superficial layers at position P1 (Fig. 4d,e) and for the deep
layer at position P2 (Fig. 4f). We observed approximate linear cor-
relations at all locations; however, the best correlation (r=0.91) was
obtained for the deeper layer at position P1, which is closer to vascu-
lature and rejects signal contributions from the skin. Measurements at
the more superficial layer at position P1gave a correlation coefficient
of r=0.61, whereas measurements from the deeper layer at the poorly
vascularized position P2 exhibited the worst correlation (r=0.30).

Although area-under-the-curve plots are useful inunderstanding
the energy signal of the entire measurement, we were also interested in
investigating whether individual wavenumbers would be sufficient for
glucose prediction. Therefore, we plotted the intensities of four wave-
numbers corresponding to peaks in the glucose spectrum (Fig. 4h),
obtained from the 97.5-um-deep layer of P1, as a function of glucose
concentration (Fig. 4g). Individual wavenumbers also showed good
correlation with the measured glucose values, with the peak at 994 cm™
demonstrating the highest correlation at r=0.92. A possible reason
for abetter performance at 994 cm™ than, for instance, at1,080 cm™,
is that 994 cm™has lower interference from spectral contributions of
other tissue chromophores than do other glucose peaks (Supplemen-
tary Figs. 6and 8).

We demonstrated depth-selective glucose sensingin vivo, capable
of reaching micro-vessels at depths of >100 pm and therefore ena-
bling measurements from volumes with high blood concentration.
Furthermore, by rejecting signals from superficial skin layers, DIROS
minimizes the sensitivity to non-glucose-specific signals from the
epithelium that are known to contribute to a highly heterogeneous
skin appearance when observed in the mid-IR range and render optical
NIGM measurements unreliable?****°, We observed thatinblood meas-
urements, thatis, measurements from capillary-rich volumes, offered
higher sensitivity and better precision in recording the dynamics of
blood glucose variation than do ISF measurements. Likewise, using
time-gated detection toreject signals from the skin surfaceimproved
the glucose measurement accuracy over bulk measurements.

We presented observations from both raw data and multivariate
data-analysis methods. Inspection of raw datademonstrated that even
individual spectral points can report on glucose concentration, as fur-
ther detailed in Figure 4. Similar analysis was performed with Raman
spectra'’, allowing a preliminary glimpse into the relative sensitivity
between Ramanand DIROS. Raman spectrademonstrated observable
spectral differences for glucose concentrations in the 256-456 mg
dI'range, whereas DIROS raw spectral analysis could detect glucose
concentration changesin the range below 100 mg dI™.
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Our study has certain limitations. The measurements were
obtained from mice and not humans, owing to what appears to be
an erroneous interpretation of the European Union Medical Device
Regulation 2017/745, which came into effect in May 2021. Although
regulation 2017/745 is aimed at commercial developments regard-
ing the placement of medical products in the market or in service for
patients, German authorities interpret this regulation as also applying
toresearchinvestigations, making research challenging and requiring
approvals similar to those required for commercial systems. Neverthe-
less, the epidermal-dermal junction hasbeen found at virtually identi-
cal depths of ~20 pm in nude, white (CD-1) and grey (C57BI/6) mice*®
(see also Supplementary Fig. 3b for different skin locations in mice);
the epidermal-dermaljunction depth in humans ranges from 20 to 80
pminmany skinlocations®*°. Because DIROS canbe used at depths of
up to 100 pm, it is plausible that the results demonstrated herein will
be confirmed not only in other mice, but also in people once DIROS
receives approval for human studies. Although DIROS measurements
might be affected by sweat, we anticipate that DIROS will be applied to
dry skinand/or anhidrotic skin locations, for example the lip, earlobe
or nail-fold; however, the study of the influence of sweat should be
also considered in the future, under controlled protocols, so that the
sensor can be used in more locations. A second limitation was that
sensor signals might contain fluctuations owing to laser instability and
electronic noise. We found that signal fluctuations had amean of 1.4%
of the maximum observed signal (Supplementary Fig. 9). We partially
compensated for this instability by using a high number of averages
and collected spectral points. In the future, a reference optoacoustic
arm could account for such fluctuations, leading to areductionin the
number of acquisition points required for averaging, thus accelerating
the measurement process.

DIROS could be extended beyond glucose measurements to other
metabolites, such as lactate and lipids. This could allow, for instance,
the development of a continuous metabolic sensing system to alert a
user to deviations from healthy metabolic parameters. In summary, the
method presented here is a powerful new tool for precise determina-
tion of clinically relevant blood glucose levels that could pave the way
for significant advances in diabetes management.

Methods

Combined visible and mid-infrared optoacoustic microscopy
A pulsed quantum cascade laser (QCL) (MIRcat, Daylight Solutions),
with atuningrange from3.4 pumto11 pm, 20-ns duration and arepeti-
tionrate of 100 kHz, was used as the optoacoustic excitation source.
Additionally, a 3-ns laser beam at 532 nm (Cobolt, Hiibner Photon-
ics) was integrated with a flip-mirror sharing the same optical path
of the QCL (Fig. 1a). Both visible- and mid-IR-output laser beams
were focused to the sample by a x36 reflective objective (Newport
Corporation). Optoacoustic signals from the sample were detected
with an ultrasonic transducer with a central frequency of 21 MHz
(Imasonic). To evaluate the co-registration accuracy between the two
systems, we obtained carbon-tape images at 532 nm, the wavelength
used to enable visualization of hemoglobin-based contrast, and at
three specific wavenumbers in the mid-IR range, corresponding to
glucose, lipid and protein detection in the skin (1,085, 2,850 and
1,587 cm™, respectively; Supplementary Fig. 10a-c). Comparison
of the line profiles through the image centre along the x and y axes
(Supplementary Fig. 10d) showed excellent agreement between all
images (Supplementary Fig. 10e-f). The merged visible and mid-IR
optoacoustic image (Supplementary Fig. 10i) revealed slight differ-
encesinthe spatial localization between the two images, calculated
by using 100-um line profiles along the x and y axes (Supplementary
Fig.10j-k). This slight difference was taken as areference when select-
ing the blood vessels, and because the vessel diameter for selective
localization of glucose monitoring was greater than10 pm, the selec-
tive localization was confined inside the vessels.

Glucose tolerance tests and in vivo mid-infrared optoacoustic
spectroscopy

For location-selective non-invasive glucose monitoring in vivo, we first
used the visible laser integrated into our mid-infrared optoacousctic
microscopy (MiROM) system to localize vascular-rich regions, and
the image of a mouse ear was acquired using a wavelength of 532 nm.
Images of mouse ear tissue were then acquired at a wavenumber of
2,850 cm™ using MiROM to visualize skin heterogeneity (see Fig. 1c).
The acquired signals at 532 nm and 2,850 cm™ were averaged over 50
consecutive signal cycles. Using these images, we selected two loca-
tions (P1and P2) to test the correlation between spectral changes (in the
range from900 cm™t01,300 cm™) and blood glucose concentration.
To this end, glucose tolerance tests were performed in ten mice at P1
and P2.Five baseline spectra were simultaneously acquired over 10 min
before glucose injection, and 45 spectra were collected for 150 min
after glucoseinjection at each point. For eachinvivo mid-IR spectra, we
obtained areference blood glucose value using aglucometer (Contour
Next, Ascensia Diabetes Care) to correlate spectral changes and blood
glucose concentration. For each glucose tolerance test, a total of 50
blood glucose reference values and 50 in vivo mid-IR optoacoustic
spectra (per measurement point) were obtained.

Multivariate analysis

The collected spectrawere constructed by taking the maximuminten-
sity of the Hilbert transformapplied to the retrieved mid-IR optoacous-
tictransients. Principal component analysis was applied to the series of
optoacoustic spectracollected foreachglucosetolerance test (thatis,
50 spectraper test for each point) to determine their common features.
Because the size of the spectrum data set was smaller than the param-
eter ofindependent variables at the wavenumber, aPLSRalgorithmand
cross-validation were used to calculate the glucose concentration. The
algorithm enabled the rotation of the coordinate system of the data
space and the generation of new components, namely alatent variable.
The algorithm thus maximizes variance and correlation between the
variables coming from the measured spectrum data and reference
glucose concentrations. The PLSR model was constructed after pre-
processing through mean scale, and aleave-one-out cross-validation
was performed for each glucose tolerance test to obtain the root mean
squareerror of cross-validation (RMSECV). For the PLSR analysis, Mat-
lab (Matlab2019a) and PLS (PLS_Toolbox 8.9.2, Eigenvector Research)
were employed.

Maximum penetration depth of mid-IR optoacoustic signals
Optoacoustic sensingis apositive-contrast detection method, whereas
conventional optical detection is a negative-contrast method. There-
fore, optoacoustic sensing allows a higher signal-to-noise ratio (SNR)
withdepththandoes conventional optics, enabling a higher proportion
of the initial irradiation energy to be detected in the form of optoa-
coustic signals and allowing detection from deeper depths. In fact,
even depths at which irradiation has dropped by up to 14% (1/ €?) of
itsinitial value generate a detectable optoacoustic signal with DIROS.
Comparatively, at depths at which irradiation has dropped by up to
37% (1/ e) of its initial value, signals can barely be detected using con-
ventional optical detection. To calculate the penetration depth, the
Beer-Lambert law, which states that penetration depth is inversely
correlated to a sample’s optical absorption coefficient, is applied.
Owingto the higher SNR, alarger width of 1/ €? of Hilbert transform can
be used to calculate the depth of DIROS. By contrast, a smaller width
of 1/ e of Hilbert transform is used in conventional optical detection
methods, owing to lower SNR.

Skin-sectioning depth-selective glucose sensing

Toavoid anatomical structures in skin areas with low glucose content
formore precisein-blood glucose detection, a specific time window of
optoacoustic signals was used in order to interrogate deeper vessels.
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The width of the time window (w) was selected to be 7.5 pmin the
range of the width of 1/ €? of the Hilbert transform of the optoacoustic
transient, representing the achievable depth at the corresponding
wavenumber for glucose detection of optoacoustic spectra at two
locations (P1 and P2). For each w, the window was shifted in 7.5-um
steps, and for each position of the window, a spectrum was generated
for the glucose tolerance test. The PLSR model was constructed for
each spectrum acquired by time-gated signals, and a leave-one-out
cross-validation was performed for the spectral information corre-
spondingto certain depthlayers. The RMSECV between the reference
and the glucose values in the specific window was calculated. This
process of providing spectral information along the skin depth was
used as a skin-rejection window to calculate glucose concentrations
only from deeper seated vessels.

Sample preparation and experimental protocol for in vivo
glucose monitoring

Allmouse experiments were performed according to the guidelines
of the committee on Animal Health Care of Upper Bavaria, Germany
(approval number Az ROB-55.2-2532.Vet_02-14-203). The mice were
maintained inanindividually ventilated cage system (Tecniplast) at
22 °Cambient temperature, arelative humidity of ~50% and aregular
12-hour day-night cycle, in our specific-pathogen-free mouse facil-
ity at the Center for Translational Cancer Research of the Technical
University of Munich. Mice aged 4-8 weeks were used in the study.
Female athymic nude-Foxnl™ mice (Envigo, Germany) were selected
for the glucose tolerance tests. During all the measurements, the
mice were anesthetized with 1.6% Isoflurane (CP-Pharma) and 81 pm
oxygen as the carrier gas. The mouse heart rate, body tempera-
ture and the SpO, were controlled by a monitoring device (Physio
suite, Kent Scientific). The imaging of all the mice was performed on
the left ear.

After acquiring the baseline data, 2 g kg™’ (body weight) glucose
(Braun, 20% glucose) was injected into the mouse intraperitoneally. For
reference glucose measurements, glucose in the blood was measured
in parallel with glucometer measurements using test strips (Contour
Next, Ascensia Diabetes Care). The blood was extracted from the caudal
vein, and the mice were euthanized immediately after measurements.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The data that support the findings of this study are available from the
corresponding authors upon reasonable request. Source data are
provided with this paper.

References

1. Kim, J., Campbell, A. S. & Wang, J. Wearable non-invasive
epidermal glucose sensors: a review. Talanta 177, 163-170
(2018).

2. Bruen, D., Delaney, C., Florea, L. & Diamond, D. Glucose sensing
for diabetes monitoring: recent developments. Sensors 17, 1866
(2017).

3. Gonzales, W. V., Mobashsher, A. T. & Abbosh, A. The progress
of glucose monitoring—a review of invasive to minimally and
non-invasive techniques, devices and sensors. Sensors 19, 800
(2019).

4. Gao, W. et al. Fully integrated wearable sensor arrays for
multiplexed in situ perspiration analysis. Nature 529, 509-514
(2016).

5. Garg, S. K. et al. Accuracy and safety of Dexcom G7 continuous
glucose monitoring in adults with diabetes. Diabetes Technol.
Ther. 24, 373-380 (2022).

10.

1.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Roze, S., Isitt, J., Smith-Palmer, J., Javanbakht, M. & Lynch, P.
Long-term cost-effectiveness of Dexcom G6 real-time continuous
glucose monitoring versus selfmonitoring of blood glucose

in patients with type 1 diabetes in the U.K. Diabetes Care 43,
2411-2417 (2020).

Tang, L., Chang, S. J., Chen, C. J. & Liu, J. T. Non-invasive blood
glucose monitoring technology: a review. Sensors 20, 6925
(2020).

Ribet, F., Stemme, G. & Roxhed, N. Real-time intradermal
continuous glucose monitoring using a minimally invasive
microneedle-based system. Biomed. Microdevices 20, 101 (2018).
Nawaz, A., @hlckers, P., Selid, S., Jacobsen, M. & Nadeem, M.
Review: non-invasive continuous blood glucose measurement
techniques. J. Bioinform. Diabetes https://doi.org/10.14302/
issn.2374-9431.jbd-15-647 (2016).

Fortune Business Insights Blood Glucose Meter Market Size

Share and Industry Analysis by Product (Continuous Glucose
Monitoring Devices, Self-Monitoring Blood Glucose (SMBG)
Systems), by Technique (Invasive, Non-Invasive), by Type
(Wearable, Non-Wearable), by Distribution Channel (Institutional
Sales, Retail Sales, Others), and Regional Forecast 2019-2026
Market Research Report (Fortune Business Insights, 2019);
https://www.fortunebusinessinsights.com/industry-reports/
blood-glucose-meters-market-100770

Global Market Estimates. Global Blood Glucose Monitoring
Devices Market (GME, 2020); https://www.globalmarketestimates.
com/market-report/global-blood-glucose-monitoring-
devices-market

Technavio. Blood glucose monitoring devices market to

grow by USD 7,488.81 million during 2023-2027; The rising
global burden of diabetes to drive the market growth.
PRNewswire https://www.prnewswire.com/news-releases/
blood-glucose-monitoring-devices-market-to-grow-by-usd-
7-488-81-million-during-2023-2027-the-rising-global-burden-
of-diabetes-to-drive-the-market-growth---technavio-
301835790.html (2023).

Cherkasova, O., Nazarov, M. & Shkurinov, A. Noninvasive blood
glucose monitoring in the terahertz frequency range. Opt.
Quantum Electron. 48, 1-12 (2016).

Shokrekhodaei, M. & Quinones, S. Review of non-invasive glucose
sensing techniques: optical, electrical and breath acetone.
Sensors 20, 1251 (2020).

Vashist, S. K. Non-invasive glucose monitoring technology in
diabetes management: a review. Anal. Chim. Acta 750, 16-27 (2012).
Zhang, R. et al. Noninvasive electromagneticwave sensing of
glucose. Sensors 19, 1151 (2019).

Rohleder, D. et al. Comparison of mid-infrared and Raman
spectroscopy in the quantitative analysis of serum. J. Biomed.
Opt. 10, 031108 (2005).

Enejder, A. M. K. et al. Raman spectroscopy for noninvasive
glucose measurements. J. Biomed. Opt. 10, 031114 (2005).

Kang, J. W. et al. Direct observation of glucose fingerprint using
in vivo Raman spectroscopy. Sci. Adv. 6, 2-10 (2020).

Golparvar, A., Boukhayma, A., Enz, C., & Carrara, S. Rapid,
sensitive and selective optical glucose sensing with stimulated
Raman scattering (SRS). In 2022 IEEE International Symposium on
Medical Measurements and Applications 1-5 (IEEE, 2022)

Akeson, M., Brackmann, C., Gustafsson, L. & Enejder, A. Chemical
imaging of glucose by CARS microscopy. J. Raman Spectrosc. 41,
1638-1644 (2010).

Marks, D. L. & Boppart, S. A. Nonlinear interferometric vibrational
imaging. Phys. Rev. Lett. 92,123905 (2004).

Wollweber, M. & Roth, B. Raman sensing and its multimodal
combination with optoacoustics and OCT for applications in the
life sciences. Sensors 19, 2387 (2019).

Nature Metabolism


http://www.nature.com/natmetab
https://doi.org/10.14302/issn.2374-9431.jbd-15-647
https://doi.org/10.14302/issn.2374-9431.jbd-15-647
https://www.fortunebusinessinsights.com/industry-reports/blood-glucose-meters-market-100770
https://www.fortunebusinessinsights.com/industry-reports/blood-glucose-meters-market-100770
https://www.globalmarketestimates.com/market-report/global-blood-glucose-monitoring-devices-market
https://www.globalmarketestimates.com/market-report/global-blood-glucose-monitoring-devices-market
https://www.globalmarketestimates.com/market-report/global-blood-glucose-monitoring-devices-market
https://www.prnewswire.com/news-releases/blood-glucose-monitoring-devices-market-to-grow-by-usd-7-488-81-million-during-2023-2027-the-rising-global-burden-of-diabetes-to-drive-the-market-growth---technavio-301835790.html
https://www.prnewswire.com/news-releases/blood-glucose-monitoring-devices-market-to-grow-by-usd-7-488-81-million-during-2023-2027-the-rising-global-burden-of-diabetes-to-drive-the-market-growth---technavio-301835790.html
https://www.prnewswire.com/news-releases/blood-glucose-monitoring-devices-market-to-grow-by-usd-7-488-81-million-during-2023-2027-the-rising-global-burden-of-diabetes-to-drive-the-market-growth---technavio-301835790.html
https://www.prnewswire.com/news-releases/blood-glucose-monitoring-devices-market-to-grow-by-usd-7-488-81-million-during-2023-2027-the-rising-global-burden-of-diabetes-to-drive-the-market-growth---technavio-301835790.html
https://www.prnewswire.com/news-releases/blood-glucose-monitoring-devices-market-to-grow-by-usd-7-488-81-million-during-2023-2027-the-rising-global-burden-of-diabetes-to-drive-the-market-growth---technavio-301835790.html

Letter

https://doi.org/10.1038/s42255-024-01016-9

24. Zhu, Y. et al. Optical conductivity-based ultrasensitive
mid-infrared biosensing on a hybrid metasurface. Light. Sci. Appl.
7,67 (2018).

25. Rassel, S., Xu, C., Zhang, S. & Ban, D. Noninvasive blood glucose
detection using a quantum cascade laser. Analyst 145, 2441-2456
(2020).

26. Pleitez, M. A. et al. In vivo noninvasive monitoring of glucose
concentration in human epidermis by mid-infrared pulsed
photoacoustic spectroscopy. Anal. Chem. 85, 1013-1020 (2013).

27. Pleitez, M. A. et al. Windowless ultrasound photoacoustic cell for
in vivo mid-IR spectroscopy of human epidermis: low interference
by changes of air pressure, temperature, and humidity caused by
skin contact opens the possibility for a non-invasive monitoring
of glucose in the interstitial fluid. Rev. Sci. Instrum. 84, 084901
(2013).

28. Pleitez, M. A. et al. Photothermal deflectometry enhanced by total
internal reflection enables non-invasive glucose monitoring in
human epidermis. Analyst 140, 483-488 (2015).

29. Bauer, A. et al. IR-spectroscopy of skin in vivo: optimal skin
sites and properties for non- invasive glucose measurement by
photoacoustic and photothermal spectroscopy. J. Biophotonics
11, 201600261 (2018).

30. Sim, J. Y., Ahn, C. G, Jeong, E. J. & Kim, B. K. In vivo microscopic
photoacoustic spectroscopy for non-invasive glucose monitoring
invulnerable to skin secretion products. Sci. Rep. 8, 1059 (2018).

31. Pleitez, M. A. et al. Label-free metabolic imaging by mid-infrared
optoacoustic microscopy in living cells. Nat. Biotechnol. 38,
293-296 (2020).

32. Aguirre, J. et al. Precision assessment of label-free psoriasis
biomarkers with ultra-broadband optoacoustic mesoscopy. Nat.
Biomed. Eng. 1, 0068 (2017).

33. Shirshin, E. A. et al. Two-photon autofluorescence lifetime
imaging of human skin papillary dermis in vivo: assessment of
blood capillaries and structural proteins localization. Sci. Rep. 7,
1-10 (2017).

34. Shaklai, N., Garlick, R. L. & Bunn, H. F. Nonenzymatic glycosylation
of human serum albumin alters its conformation and function.

J. Biol. Chem. 259, 3812-3817 (1984).

35. Aloraynan, A., Rassel, S., Kaysir, M. R. & Ban, D. Dual quantum
cascade lasers for noninvasive glucose detection using
photoacoustic spectroscopy. Sci. Rep. 13, 7927 (2023).

36. Luinge, H. J., Van der Maas, J. H. & Visser, T. Partial least squares
regression as a multivariate tool for the interpretation of infrared
spectra. Chemom. Intell. Lab. Syst. 28, 129-138 (1995).

37. Parkes, J. L., Slatin, S. L., Pardo, S. & Ginsberg, B. H. A new
consensus error grid to evaluate the clinical significance of
inaccuracies in the measurement of blood glucose. Diabetes Care
23, 1143-1148 (2000).

38. Calabro, K., Curtis, A., Galarneau, J. R., Krucker, T. & Bigio, I. J.
Gender variations in the optical properties of skin in murine
animal models. J. Biomed. Opt. 16, 011008 (2011).

39. Kurugol, S. et al. Automated delineation of dermal-epidermal
junction in reflectance confocal microscopy image stacks of
human skin. J. Invest. Dermatol. 135, 710-717 (2015).

40. Shirshin, E. A. et al. Two-photon autofluorescence lifetime
imaging of human skin papillary dermis in vivo: assessment of
blood capillaries and structural proteins localization. Sci. Rep. 7,
1171 (2017).

Acknowledgements

We thank A. Chmyrov for useful discussions and system automation,
and R. J. Wilson, S. Sulima, S. Lee and E. Bonnin for editing. The
research leading to these results was funded under the European

Union’s Horizon 2020 and Horizon Europe research and innovation
programme under grant agreement no. 862811 (RSENSE), assigned
to V.N., and no. 101058111 (GLUMON), assigned to V.N. and M.A.P,,
from the European Research Council (ERC) under grant agreement
no. 694968 (PREMSQT), assigned to V.N., from the Deutsche
Forschungsgemeinschaft (DFG) as part of the CRC 1123 (Z1), assigned
to V.N., and from the DZHK (German Centre for Cardiovascular
Research; FKZ 81Z0600104), assigned to V.N.

Author contributions

N.U. integrated and characterized the visible and mid-IR optoacoustic
microscopy systems, performed all experiments, processed the
results and prepared the images, and wrote manuscript. M.A.P.
designed, built, and characterized the mid-IR optoacoustic system.
N.U., S.G. and M.A.P. designed and performed the vivo measurements
in mice. F.G. and T. performed the imaging and spectroscopy
validations and analysis in phantoms and mice. N.U. performed the
computational analysis. D.J. supervised the computational analysis.
H.H., S.G. and V.N. designed and conducted measurements with
raster-scan optoacoustic mesoscopy. M.A.P and V.N. supervised the
study and wrote the manuscript. All authors edited the manuscript.

Competing interests

V.N. and M.A.P. are founders and equity owners of sThesis. V.N. is a
founder and equity owner of iThera Medical, Spear UG and of I13. The
other authors declare no competing interests. A patent application
(WO 2019 149 744 A1) licenced to sThesis GmbH, relevant to the
technology discussed in this paper, has been filed.

Additional information

Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s42255-024-01016-9.

Correspondence and requests for materials should be addressed to
Miguel A. Pleitez or Vasilis Ntziachristos.

Peer review information Nature Metabolism thanks Junjie Yao and the
other, anonymous, reviewer(s) for their contribution to the peer review
of this work.

Reprints and permissions information is available at
www.nature.com/reprints.

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

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

© The Author(s) 2024

Nature Metabolism


http://www.nature.com/natmetab
https://doi.org/10.1038/s42255-024-01016-9
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

nature portfolio

Corresponding author(s):  Vasilis Ntziachristos, Miguel A. Pleitez

Last updated by author(s): 2024.14.01

Reporting Summary

Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
|X| A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

D The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

[ ] A description of all covariates tested

|:| A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

X XX X OO 5

D A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

D For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

X

|:| For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

|:| For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

X X X

|:| Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  For data collect data collection we used the commercially available softwares: GaGeScope Version 3.84.38 (Compuscope Driver, Dynamic
Signals LLC, USA) and Matlab 2019b (Matlab, Mathworks, USA)

Data analysis Data analysis was conducted using Matlab 2019b built-in functions (Matlab, Mathworks, USA) and the PLS_Toolbox 8.9.2, (Eigenvector
Research Inc., Manson, WA, USA)

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The data that support the findings of this study are available from the corresponding
authors upon reasonable request.
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Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender N/A. No human participants or data was used in our study.

Reporting on race, ethnicity, or  N/A. No human participants or data was used in our study.
other socially relevant

groupings

Population characteristics N/A. No human participants or data was used in our study.
Recruitment N/A. No human participants or data was used in our study.
Ethics oversight N/A. No human participants or data was used in our study.
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Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|X| Life sciences |:| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size No sample-size calculation was performed. Sample size was defined by sample availability based on our ethical guidelines and regulations
governing the use of animals in research—indicating that the use the minimum number of animals necessary to obtain reliable results.

Data exclusions  No data was excluded from analysis.

Replication All experiments presented here were successfully repeated independently at least ten times with similar results. Two experiments per day
were performed independently for 5 consecutive days.

Randomization  The experiments were not randomized. The mice used in this research were selected from the same group regarding age, weight, genetic
background. However, the imaged areas and measured points were arbitrary selected on each independent measurement.

Blinding The investigators were not blinded to allocation during experiments and outcome assessment.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods

n/a | Involved in the study n/a | Involved in the study

X[ ] Antibodies [ ] chip-seq

X |:| Eukaryotic cell lines |:| Flow cytometry

|:| Palaeontology and archaeology |:| MRI-based neuroimaging
|:| Animals and other organisms

g |:| Clinical data

g |:| Dual use research of concern

|Z |:| Plants




Animals and other research organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in
Research

Laboratory animals Female Athymic nude-Foxnlnu mice (Envigo, Germany) were selected for the glucose tolerance tests. The study utilized mice aged
4-8 weeks.

Wild animals No wild animals were used in this study.

Reporting on sex Female Athymic nude-Foxnlnu mice (Envigo, Germany) were selected for the glucose tolerance tests.

They are easier to handle compared to male in the cages.
Field-collected samples  No field-collected samples were used in this study.

Ethics oversight All mouse experiments were performed according to the guidelines of the committee on Animal Health Care of Upper Bavaria,
Germany.
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Note that full information on the approval of the study protocol must also be provided in the manuscript.

Plants

Seed stocks Not available.

Novel plant genotypes  Not available.

Authentication Not available
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