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5 ABSTRACT: Electrochemical, aptamer-based (EAB) sensors are the first technology supporting high-frequency, real-time
6 measurements of the concentrations of specific drugs, metabolites, and biomarkers in the body that is independent of the chemical
7 reactivity of its analytes. To achieve this, EAB sensors employ the binding-induced folding of an electrode-attached, redox-reporter-
8 modified aptamer to produce an electrochemical output easily monitored using square wave voltammetry. Using such sensors,
9 multiple research groups have achieved the seconds-resolved, multihour measurement of multiple drugs and metabolites in situ in

10 the veins, brains, and peripheral solid tissues of live animals. Historically, the large volume of voltammograms (hundreds per hour)
11 produced by in vivo EAB sensors have been fitted using simple polynomials to extract the peak heights from which target
12 concentrations are estimated. This, however, can lead to misestimation of peak heights due to overfitting of noise or poor correction
13 of peak shouldering. In response, here we describe an alternative method of fitting EAB sensor voltammograms that improves the
14 accuracy of “problematic” (i.e., noisy, or heavily “shouldered”) data sets while simultaneously reducing sensor noise.
15 KEYWORDS: biosensor, EABs, electrochemistry, fitting, software

16 The ability to measure specific molecules in situ in the living
17 body in real time and with seconds resolution could
18 revolutionize both biomedical science and clinical practice. Such
19 an ability would provide, for example, real-time information
20 regarding organ function (e.g., the measurement of creatinine as
21 a real-time measure of kidney function) and the high-resolution
22 monitoring and delivery of therapy (e.g.,) therapeutic drug
23 monitoring and closed-loop, feedback-controlled drug deliv-
24 ery.1,2 To this end we (e.g.,3−7), and others (e.g.,8−12), are
25 developing electrochemical aptamer-based (EAB) sensors, a
26 sensing technology comprised of a redox-reporter-modified,

f1 27 target-recognizing aptamer attached to a gold electrode (Figure
f1 28 1A). The binding of target to this aptamer induces a reversible

29 conformational change that, in turn, alters the rate of electron
30 transfer from the redox reporter (presumably due to changes in
31 transport kinetics13) in a manner readily monitored using square
32 wave voltammetry (Figure 1B). The rapidly reversible nature of
33 the EAB signaling mechanism renders these sensors able to

34perform high-frequency measurements. And its high selectivity
35renders the approach adaptable to measurements in situ in the
36body (Figure 1C). Building on these advantages, EAB sensors
37have been used in the real-time monitoring of multiple drugs and
38metabolites in the plasma,3−6 cerebrospinal fluid,2,14 and
39interstitial fluid8,9 of live rats. These successes suggest that
40EAB sensors may prove a powerful new approach to therapeutic
41drug monitoring, drug delivery, and the real-time measurement
42of biomarkers indicative of both illness and health.
43The interrogation of high-time-resolution EAB sensors
44generates large (typically hundreds per hour) numbers of
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Figure 1. (A) Electrochemical, aptamer-based (EAB) sensors consist of a target-recognizing aptamer attached at one end to an electrode surface and
modified at the other with a redox reporter. When the aptamer binds to its target, it undergoes a conformational change that alters the rate of electron
transfer between the redox reporter and the electrode. (B) This change in electron transfer kinetics is easily monitored using square wave voltammetry.
(C) From the monotonic relationship between aptamer occupancy and voltammetric peak current, we can determine the target’s concentration
(shown is the chemotherapeutic doxorubicin in situ in the rat jugular vein following an intravenous dosing of the drug at 35 min) in real time and with
seconds resolution. Here we explore alternative methods of fitting the voltammograms to reduce noise in the concentration estimates produced by
EAB sensors. Reproduced from.21 Copyright 2025, American Chemical Society.

Figure 2. Polynomial fits do not always report accurately on the change in peak height produced by target binding, leading to error and noise in our
estimations of target concentration. (A) The experimental data shown here are a set of estimated plasma doxorubicin concentrations collected before,
during, and following an 8 mg/kg intravenous infusion. Based on both pharmacology and prior experience we expect such concentrations to rise
monotonically during and shortly after the infusion, before then monotonically falling as the drug is eliminated from the plasma. The double-peaked
profile seen, however, arises due to technical artifacts that we hope to solve using alternative voltammogram fitting approaches. (B) EAB sensor
voltammograms, such as these, that are collected in the jugular exhibit significant noise, much of which arises due to the animal’s pulse.22 To estimate
the voltammogram peak heights (from which we derive concentration estimates) in the presence of this noise, in our previous work we performed
Savitzky-Golay smoothing, fit the smoothed values to a 15th order polynomial, and then took the difference between the maximum and minimum
values of this fitted curve. Due to overfitting of residual noise at the edges of the potential window, however, this sometimes overestimates peak height.
(C) Sensor degradation or, as seen here, the presence of high concentrations of a target that is electroactive, can cause shouldering. If the maximum
value produced by the shoulder exceeds the height of the actual voltammogram peak, our naiv̈e polynomial fitting will again misestimate peak height.
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45 square wave voltammograms, which must then be fitted to
46 determine the peak heights from which concentration estimates
47 are derived. These voltammograms, however, are inevitably
48 “degraded” by a variety of sources of both noise (as discussed
49 below, both white and otherwise) and systematic distortions
50 (e.g., shouldering from other faradaic processes), reducing the
51 accuracy and precision of EAB sensor measurements. Specifi-
52 cally, the voltammograms produced by in vivo EAB sensors
53 suffer from a variety of both random and systematic errors.
54 Previously, we, and others (e.g.,15−17), have surmounted these
55 issues by smoothing the voltammograms (using Savitzky−Golay
56 filtering18), fitting them to a 15th order polynomial (which was
57 chosen empirically as being sufficient to capture key details in
58 the voltammograms), and then extracting the maximum and the
59 minimum value of this curve to estimate the height of the
60 voltammetric peak.20 This approach, however, suffers from
61 several potentially important limitations (described below) that
62 reduce the accuracy and precision of the resulting in vivo
63 concentration estimates.19 Other strategies to analyze square
64 wave voltammograms include machine learning algorithms33,34

65 and to focus on the additional regions of potential scan where
66 non-faradaic currents dominate.35 The former, however,
67 requires machine learning expertise which, in turn, requires
68 tailoring for each specific set of experimental conditions, and the
69 latter relies on specialized effort to identify a region of the
70 voltammogram in which non-faradaic currents are not
71 contributing significantly. Here, in contrast, we have developed
72 methods of voltammogram fitting that are as general as the
73 polynomial approach and yet reduce its potential sources of
74 error. The resulting algorithm, which can be employed using
75 standard square wave voltammetry data by any laboratory,
76 significantly improves EAB-sensor-derived, in vivo concen-
77 tration estimates.

78 ■ RESULTS AND DISCUSSION
79 As our initial, “test-bed” data set we employed plasma
80 doxorubicin measurements collected in the jugular vein of a

f2 81 live rat (Figure 2A). Specifically, we employed a data set that is
82 particularly problematic, in part because the sensor was placed in
83 quite close to the heart (producing significant noise due to the
84 animal’s pulse22), and in part because the target, doxorubicin, is
85 itself electroactive,23 causing a spurious signal at the highest
86 target concentrations. Specifically, the latter produces significant
87 “shouldering” at high plasma drug concentrations, as the direct
88 oxidation of the target molecule produces a faradaic peak that is
89 so large its shoulder intrudes into the potential window under
90 observation. Then, after exploring this particularly difficult,
91 noise-and-bias-filled example, we apply our new approach to in
92 vivo data sets collected in other bodily compartments or in the
93 measurement of other drugs.
94 The polynomial fits we have historically employed to estimate
95 the peak heights of EAB sensor voltammograms fail to properly
96 fit our voltammograms for at least three reasons. First, they are
97 prone to overfitting, particularly in jugular placements for which
98 there is significant noise associated with the animal’s pulse.
99 Specifically, the polynomial fit, which employs a 15th order

100 polynomial including 16 estimated parameters, tends to overfit
101 around the boundary points of the scanned voltage range,
102 resulting in fits that trend strongly upward or downward at the
103 edges of the potential window if noise is present (Figure 2B).
104 And while the former does not affect the estimated peak height,
105 the latter produces an artifactually low point on the curve,
106 causing this fitting approach to overestimate the true peak

107height. Second, the polynomial fit fails in the presence of
108significant shouldering, which, while it occurs in our test-bed
109data set due to the presence of the redox-active analyte
110doxorubicin, can also occur when other faradic reactions
111occurring at potentials far from that of the redox reporter
112nevertheless contribute to the current observed in the potential
113window, such as the reduction of oxygen when the monolayer
114has become compromised. When this shouldering becomes
115large, the naive polynomial fit misassigns the shoulder as peak,
116thus causing it to overestimate peak height (Figure 2C). Finally,
117even minor shouldering contributes to the baseline current,
118causing the polynomial fit to underestimate the true peak height.
119While the latter two problems are particularly acute in our
120(notably poor quality) test bed data set, causing the estimated
121plasma drug concentration to rise, fall, and then rise again
122immediately after drug injection (Figure 2A), (behavior that is
123physiologically implausible), it is seen to a greater or lesser
124extent in many in vivo data sets (see below).
125A complete theoretical description of a quasi-reversible square
126wave voltammogram24 is nearly as complex as the 15th order
127polynomials employed in earlier work. Given this, as our first
128step we explored modeling the voltammogram peak as a simpler,
129bell-shaped curve. Specifically, fitting the true theoretical curve
130shape, which is too complex to fit to our data in real-time, to
131either a Gaussian or a Lorentzian curve shape, we find that the
132former better approximates the expected theoretical shape of a
133 f3quasi-reversible square-wave voltammetric peak (Figure 3).

134Indeed, at any reasonable scale, a Gaussian curve appears
135indistinguishable from the complete theoretical description of
136such a peak. And, critically, it can be fitted to voltammogram
137data rapidly enough to support real-time measurements. We
138note, too, that, in addition to the Gaussian and Lorentzian
139functions, we also explored the hyperbolic secant and the square
140of hyperbolic secant functions. We find that the former,
141however, is not as accurate an approximation of square wave
142voltammograms as the Gaussian. And while the fit of the latter
143was similar to (though not improved results) that of the
144Gaussian, it is far slower computationally and thus we did not
145explore it further.

Figure 3.Gaussian curve (red) closely approximates the theoretical line
shape (points) expected for an ideal square voltammogram peak arising
from a surface-bound redox moiety.24 A Lorentzian curve (green), in
contrast, approximates the expected line shape rather more poorly.
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146 The single-Gaussian fit, which includes only 4 estimated
147 parameters (the baseline current, the peak current, and mean
148 potential and standard deviation of the Gaussian), effectively

149ignores the relatively small number of outlier points, making it
150less sensitive to noise at the edges of the potential window. This,
151 f4in turn, renders its estimation of the voltammetric baseline more

Figure 4. Here we compare the prior, polynomial fitting approach with single- and multi-Gaussian fits. (A) Fitting EAB-sensor voltammograms to a
single Gaussian, which is described by just 4 fitted parameters, reduces the problem of overfitting at the extrema seen with our earlier, polynomial fitting
approach, which described the curve using 16 fitted parameters. For a noisy, but “shoulder-free” voltammogram the multi-Gaussian fit is almost
indistinguishable from the single-Gaussian fit. Likewise, the multi-Gaussian fit describes the peak shape of this relatively less challenging
voltammogram quite well. This fit describes the peak as the sum of 3 Gaussians, one with its center below the low end of the potential window, a second
with its center above the high-end of the potential window, and a third that represents the EAB sensor peak itself. (B) Like the polynomial fit, however,
the single-Gaussian fit fails when faced with significant “shouldering.” That is, when faradaic processes peaking outside of the observed potential
window become so large that their shoulder begins to contribute significantly to the current seen in the potential window. In contrast, the multi-
Gaussian fit successfully captures and corrects this effect. (C) For our test-bed intravenous data set, this shouldering leads to significant errors in the
estimated drug concentration when we employ the polynomial or single-Gaussian fits. The latter is seen in the physically meaningless, negative
concentrations estimated around what should, in fact, be the maximum plasma drug concentration. The multi-Gaussian fit, in contrast, alleviates both
the nonphysiological double peak estimated by the polynomial fit and the physically impossible negative concentration estimates returned by the
single-Gaussian fit. (D) The multi-Gaussian fit also reduces noise. This can be seen by observing that the fraction of the total variance (depicted on the
y-axis) above a given frequency, f = 2 mHz (which corresponds to a time scale of 8 min, beyond which physiology-driven variations in drug
concentration dominate the signal change), and above (depicted on the x-axis) is lower for the multi-Gaussian fit, which indicates a lower level of noise
as physiology-driven processes are unlikely to explain variations in the estimated concentration at these fast time scales.
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f4 152 accurate (Figure 4A). But because Gaussian fits fail to account
153 for shouldering, it can produce highly inaccurate estimations of
154 the peak height (Figure 4B). Inaccurate enough that, for our test
155 bed data set, the Gaussian fit returns physically impossible,
156 negative drug concentration estimates near the time that we
157 expect the in vivo drug concentration to instead be reaching its
158 maximum value (Figure 4C). The inability of the Gaussian fit to
159 capture shouldering also causes it to increase, rather than

160decrease the noise seen in the concentration estimates in our
161test-bed in vivo data set. To evaluate this quantitatively we
162employ the assumption that physiology-driven changes in drug
163concentration should not vary significantly at time scales shorter
164than ∼8 min, which, in the frequency space, corresponds to
165frequencies above 2 mHz. Consequently, any component of the
166time-series that falls above this frequency likely arises from
167measurement noise, rather than from authentic, physiological

Figure 5. (A) While performing better than the single-Gaussian fit, the multi-Gaussian fit still sometimes converges to incorrect baseline value due to
the large, regular noise associated with the animal’s pulse. (B) To reduce this source of error, we next implemented L1 norm regularization. In this, we
add a Laplacian term to the multi-Gaussian, which improves our ability to capture the outlier points in the voltammogram. (C) As expected, this does
not significantly alter mean concentration estimates, but (D) it does significantly reduce noise relative to the other voltammogram fitting methods we
have employed.
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168 processes. To quantify this high frequency noise, we perform a
169 Fourier transform on the time-series. We then calculate the
170 “fraction” of the total variance that occurs above each given
171 frequency (see Supporting Information (SI) for the precise
172 mathematical formula). At frequencies >2 mHz, the value of this
173 ratio reflects noise. By this metric, we find that our single-
174 Gaussian fit produces more, rather than less noise than the
175 polynomial fit (Figure 4D).
176 To correct the shouldering problem that degrades both
177 polynomial and single-Gaussian fits, we next introduced two
178 additional Gaussians to our single-Gaussian fit, bringing the total
179 number of Gaussians to 3. We did so under the argument that,
180 like the peak itself, the shoulders also arise due to faradaic
181 processes, such as target oxidation (which dominates in our test
182 bed data set) or oxygen reduction (which can become
183 problematic as the monolayer degrades).25,26 To ensure
184 accurate and rapid convergence of these “multi-Gaussian” fits
185 we implemented two constraints to the additional Gaussians.
186 First, we constrained them such their centers lay outside of the
187 potential window being scanned, as they are shoulders and not
188 peaks. Second, we constrained their potential widths to ensure
189 that the tails they produce change the estimated height of the
190 redox reporter’s peak by less than 5%. The latter, admittedly, is a
191 somewhat arbitrarily selected cutoff, but empirically we find that
192 it works well, leading to rapid and accurate convergence of the
193 fit. For example, although the addition of two more Gaussians

194increases the number of estimated parameters in our fits to 10, it
195nevertheless avoids the edge effects that, for the polynomial fit,
196arise due to overfitting of the animal’s pulse (Figure 4A). The
197multi-Gaussian also accurately corrects the effects of the
198shouldering on our estimation of peak height (Figure 4B),
199leading to physiologically (and physically!) meaningful plasma
200drug concentration estimates near Cmax in our particularly
201problematic in vivo data set (Figure 4C). And the multi-
202Gaussian fit achieves these benefits while also reducing noise
203relative to both the polynomial and single-Gaussian fits (Figure
2044D).
205The multi-Gaussian fits accurately capture the peak height of
206most of our voltammograms, removing the physically or
207physiologically improbably double-peak in the concentration
208time course produced by the polynomial and single-Gaussian fits
209(Figure 4C) Relative to the polynomial fit, however, the
210reduction in noise seen with the multi-Gaussian approach is
211fairly modest (Figure 4D). Inspecting the fits to the individual
212voltammograms, we find that this occurs because the sparse-but-
213large-and-regular outlier values on the voltammograms
214 f5produced by the animal’s pulse sometimes cause multi-Gaussian
215 f5fits to incorrectly estimate the voltammogram baseline (Figure
216 f55A).
217To solve this, we next implemented L1 norm regularization,27

218an approach that captures these outliers and removes their effect
219on the baseline estimation. It does so by adding a measurement

Figure 6. (A) As expected, polynomial and the multi-Gaussian with Laplacian both return mean concentration estimates within error of zero prior to
injection of the target analyte. The root-mean-squared noise seen during this period, however, is ∼3-fold lower for the letter fitting approach. In
contrast, near the end of this measurement run there is a small, but systematic variation between the concentration estimates provided by the two
approaches, with the multi-Gaussian with Laplacian returning slightly lower concentration estimates. (B, C) Inspection of voltammograms at this point
in the data collection suggest that this discrepancy is due to shouldering on the right-hand side of the voltammograms that is unaccounted for in the
polynomial fit, causing that approach to overestimate the true peak height.
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220 noise with a Laplacian distribution to the model28 (for details,
221 see methods). Relative to Gaussian, Laplacian noise has a
222 heavier tail which allows it to better capture the non-Gaussian
223 noise that the animal’s pulse produces in our voltammograms
224 (Figure 5B). The resulting improvement in our ability to remove
225 such noise reduces the noise in the in vivo concentration
226 estimates quite significantly (Figure 5C,D).
227 Multi-Gaussian with Laplacian fitting achieves it improved
228 noise without any concomitant change in accuracy. To see this,
229 we focus on the preinjection baseline in our test-bed data set, a

f6 230 period when the concentration of the drug target is known to be
f6 231 zero (Figure 6A, left-hand side). Consistent with the known zero

232 value of the concentration, mean values produced by the
233 polynomial fit and the multi-Gaussian with Laplacian fit over this
234 period are >0.025 μM, suggesting both are reasonably accurate.
235 In contrast, however, the root-mean-squared values seen during
236 this period are 1.13 and 0.35 μM for the polynomial and multi-
237 Gaussian with Laplacian fits, respectively, illustrating the ∼3-
238 fold reduced noise associated with the latter. This said, at the end
239 of the measurement run the two approaches produce small, but
240 systematically different concentrations estimates (Figure 6A,
241 right-hand side). Inspection of voltammograms collected at this
242 time suggest that this is arising due to shouldering that is not
243 captured by the polynomial fit (Figure 6B) but is captured by the
244 multi-Gaussian with Laplacian fit (Figure 6C).
245 While we employed only a single, notably problematic plasma
246 doxorubicin data set collected in the jugular vein in the above
247 analysis, the multi-Gaussian with Laplacian approach also
248 reduces the noise in a wide range of other in vivo measurement

249applications. This includes notably problematic data sets
250collected from sensors placed in other bodily compartments
251 f7f8(Figure 7), and sensors directed against other targets (Figure 8).
252In every case, the multi-Gaussian with Laplacian reduced high-
253frequency noise significantly relative to our prior, polynomial
254fitting approach. And when the average drug concentration
255estimates produced by the two vary, inspection of the
256component voltammograms suggests in every case that the
257discrepancies are arising due to systematic peak-height
258estimation errors inherent in the polynomial fit.

259■ CONCLUSIONS
260There are a number of challenges associated with the use of EAB
261sensors as a means of performing in vivo drug and metabolite
262measurements. In the rat jugular vein, for example, which has
263been a commonly employed measurement site, noise from the
264animal’s pulse introduces significant voltammogram noise,
265rendering it difficult to accurately estimate concentrations.
266Similarly, the measurement of electroactive species or the
267degradation of the sensor’s protective monolayer can lead to the
268introduction of additional Faradaic processes, causing peak
269shouldering that can be difficult to correct using prior
270voltammogram fitting approaches. Here, however, we show
271that multi-Gaussian with Laplacian fitting significantly reduces
272the noise associated with EAB-derived, in vivo drug concen-
273tration measurements. Specifically, by addressing limitations in
274our previous polynomial fitting approach, particularly in
275handling noise from physiological sources and addressing peak
276shouldering, this new fitting method offers a more reliable means

Figure 7. Multi-Gaussian with Laplacian approach works well when applied to sensors placed in other bodily compartments. Shown, for example, are
EAB measurements of doxorubicin in the subcutaneous space (interstitial fluid), Data adapted with permission from21 Copyright 2025, American
Chemical Society. The noise produced by the multi-Gaussian w/Laplacian fit is notably less than that produced by the polynomial fit (see Figure SI1).
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277 of estimating peak heights from the square wave voltammo-
278 grams most commonly employed in EAB sensor interrogation.
279 Given the potential importance of real-time, minimally invasive
280 monitoring in advancing personalized medicine, these improve-

281
ments suggest that EAB sensors could serve as a transformative

282
tool for continuous molecular health assessment and therapeutic

283drug monitoring.

Figure 8. Multi-Gaussian with Laplacian approach works well when applied to sensors against other targets. Shown here are measurements of (A−C)
the antibiotic tobramycin and (D−F) the drug of abuse cocaine collected in the rat jugular. Data adapted with permission from29 Copyright 2024,
Wiley-VCH GmbH, and30 Copyright 2025, American Chemical Society. In both examples, the noise produced by the multi-Gaussian w/Laplacian fit is
notably less than that produced by the polynomial fit (see Figure SI1).
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284 ■ METHODS
285 In our efforts we employ a Gaussian function of form

y L c e x( )2
= +

286 (1)

287 where L is the baseline current of the voltammogram, c is the peak
288 current, λ is a measure of the width of the voltammogram and μ is
289 potential at which the peak is located. We also assume the Gaussian is
290 “contaminated” with independent, zero-mean Gaussian noise with a
291 distribution ni ∼N(0,σ2). Given this, our measurements become

y nL c e x( )2
= + +292 (2)

293 To compute the parameters of this function based on our observed
294 voltammograms, we employed maximum likelihood estimation, which
295 finds the parameters that maximizes the likelihood function

1
2

e
i

m
y y

1

( ) /2i i
2 2

=296 (3)

297 To simplify our calculations, we take the negative log-likelihood,
298 such that our optimization problem becomes

y yargmin ( )
cL i

m

i i
, , , 1

2

=299 (4)

300 This optimization can be solved numerically using the algorithm
301 discussed shortly.
302 To perform multi-Gaussian fits, we simply changed our fitted curve
303 to the sum of 3 Gaussians and applied the same procedure as above.

y nL c c ce e ex x x
1

( )
2

( )
3

( )1 1
2

2 2
2

3 3
2

= + + + +304 (5)

305 Finally, to capture the outlier points using L1 normalization, we
306 added an additional noise term, , to eq 5 that we assume has zero-mean

307 Laplace distribution ( )e
b

x b1
2

/| | and independent from the zero-mean
308 Gaussian noise. We thus fit our measurements to

y nL c c ce e ex x x
1

( )
2

( )
3

( )1 1
2

2 2
2

3 3
2

= + + + + +
309 (6)
310 With the addition of the term, the likelihood function of the
311 maximum likelihood estimation becomes

b
1

2
1

2
e e

i

m
y y b

1

( ) /2 /i i i i
2 2

=

| |

312 (7)

313 Then, since logarithm is a monotonic function, we take the
314 symmetric of the logarithm of the likelihood and we minimize the
315 resulting expression below

y y
m

b
m
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1
2

log log
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2
2

1+i
k
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{
zzz

i
k
jjjj

y
{
zzzz

316 (8)

317where b,
b

1 1
2= = .

318All optimization problems above were solved using IPOPT solver31

319in CasADi,32 an open-source tool for nonlinear optimization, using
320MATLAB.
321To ensure that our optimization converges rapidly, we added
322constraints to the optimization above. First, since we observe only a
323single peak within the potential window, we force the peak positions of
324the other two Gaussians (μ2 and μ3) to be outside of the window, one at
325lower potentials and the other at higher potentials. Second, we
326constrain the magnitude of the two additional Gaussians such that they
327contribute less than 5% to the peak current of the middle Gaussian. The
328latter is a rather arbitrary constraint, but empirically we have found that
329it works well. In addition to these constraints, we also employ parameter
330 t1bounds (Table 1), which are either user defined or are fixed at values
331that produce good results for all of the data sets we have considered. In
332the future, we will update the values of these bounds in the code if we
333encounter new data sets that require us to fine-tune them. Note that,
334instead of solving eq 8, our numerical implementation of this algorithm
335solves a close approximation of that can be solved much more
336efficiently. For details, see the Supporting Information.
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