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1 Device characteristics

Device characteristics Device 1 Device 2 Device 3 Device 4
Model MSOT Acuity Echo MSOT Acuity Echo MSOT Acuity Echo MSOT Acuity Echo
Version Non-CE CE Non-CE Non-CE
Transducer coating Standard Orange Standard Orange
Probe membrane Highly scattering More transparent Highly scattering More transparent
First arriving signal v X v X
Thermal noise N/A (N 0O L X Ne)
Complex parasitic noise oo o ® 00 oo o 00O
Broken sensors 4/256 None 47256 1/256
Early-response sensors None 327256 None None
Laser energy level N/A o0 0 ® 0O N N

Table S1. Overview of hardware specifications for the four photoacoustic devices. Devices differ in regulatory status (CE
marking) and hardware generation. Newer devices 2 and 4 featured upgraded laser shielding to reduce complex parasitic noise
in data aquisition modules, yet device-specific artifacts persisted. Filled circles indicate a more pronounced effect.

2 Model training details

2.1 Device detection models

Device 1 Device 2

Quain | Nihealthy | Nidiseased | Nohealthy | N2 diseased
0.0 40 40 40 40

Table S2. Device-health subgroup counts Np y for balanced training set (¢¢in = 0.0). The total number of training

samples was set to be l\lt(rt‘ig = 160. All device detection models were trained on data without any spurious device—health
correlation.
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Hyperparameter = Parameter Value

category

Model Architecture EfficientNetV2-S
Weight initialization ImageNet-pretrained weights
Ensemble size 5 models
Dropout rate (classification head)  Pgropour = 0.2

Optimization Number of epochs 50

Data normalization
and augmentation

Optimizer

Learning rate

Learning rate scheduler
Batch size

Data scaling

Normalization

Gaussian noise augmentation
Random flipping

Random affine transformation

AdamW (B, = 0.9, B, = 0.999, weight decay Apgamw = 0.01)
see Tab. S4

Stepsize scheduler (every 10th epoch: 1 <— %n)

see Tab. S4

x; + log(x; +1)

Imagewise min-max (after all augmentation transformations)
see Tab. S4

horizontal with Pgipping horiz. = 0.5

0 € [-3°,3°], T € [-0.02,0.02],

5 €[0.95,1.05], ¢ € [-3°,3°,—1°,1°]

Table S3. Final hyperparameters used in all device detection experiments. Manual hyperparameter tuning was done to
determine the listed hyperparameters. During training, each epoch consisted of 5 mini-batches randomly sampled with
replacement from the training set. Pipping horiz. denotes flip probability. Parameter ranges [a,b] indicate uniform random
sampling between bounds a and b. Here, 0 denotes the rotation angle in degrees, 7 the translation as fractional shift per axis, s
the scale factor, and ¢ the shear angles in degrees (horizontal; vertical). Training was conducted for 50 epochs without early
stopping, which was sufficient for the validation loss to converge across all settings.

Spectral setting Spatial setting Batch size B Learning rate 7 Gaussian noise augmentation €

Full Image 16 0.0005 0
Tissue Tile 32 0.0001 0.0005

Multispectral Patch 16 0.001 0.0005
Minipatch 16 0.001 0.0005
Full image 32 0.0005 0.0005
Tissue Tile 32 0.001 0

A =800 Patch 16 0.001 0.0005
Minipatch 16 0.001 0

Table S4. Optimized training hyperparameters across spectral and spatial settings. Automated hyperparameter
optimization of batch size B, learning rate 7, and Gaussian noise standard deviation € was performed separately for each
spectral and spatial configuration. Using Hydra with Optuna’s TPESampler (niats = 15, Astartup_triats = 5), optimal
hyperparameters were identified by minimizing a weighted combination of validation loss, balanced accuracy (BA), and area
under receiver operating characteristic curve (AUROC), each averaged over the last five epochs.
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2.2 Disease diagnosis models

Device 1 Device 2

Dtrain N 1,healthy N 1. diseased N, 2,healthy N, 2,diseased
-1.0 48 0 0 48
-0.75 42 6 6 42
-0.5 36 12 12 36
-0.25 30 18 18 30
0.0 24 24 24 24
0.25 18 30 30 18
0.5 12 36 36 12
0.75 6 42 42 6

1.0 0 48 48 0

Table S5. Device-health subgroup counts Np y for training sets across Qyy4in levels. For each @y,iq-setting the total number

of training samples was the same, Nt(::lg = 96. The (D,Y)-strata sizes satisfy the @y, definition in Eq. (14) while maintaining

balanced device and health marginals Ny = N2 = Ngiseased = Nhealthy = 48.

Parameter Value

Dropout rate (classification head)  Pgropour = 0.24

Batch size B=32
Learning rate n = 0.0007
Gaussian noise augmentation € =0.0005

Table S6. Optimized hyperparameters for disease diagnosis models. Most hyperparameters followed those in Table S3,
except for dropout rate, batch size, learning rate, and Gaussian noise standard deviation. Extensive hyperparameter
optimization (nia1s = 100, Astartup_triats = 10) was performed exclusively for the @i = 0.0 setting using Optuna’s
TPESampler. Optimization targeted a weighted sum of validation BA(@s = 0.0) and AUROC across device-health strata.
These optimal hyperparameters (Table S6) were then applied to all @y,;, settings, as other configurations exhibited substantial
covariate shift between training and validation sets. During training, each epoch processed all training samples exactly once.
Mini-batches maintained fixed ¢y,i, by proportionally sampling from device-health strata without replacement.
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3 Further results
3.1 Photoacoustic systems embed device-specific fingerprints
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Figure S1. Device-specific skin depth positioning contributes to fingerprints. Skin depths were quantified on images with
all presented signal corrections except depth alignment, revealing a pronounced offset. Skin position was determined by
row-wise column averaging followed by argmax detection at A = 730nm. The skin appears approximately 1.6 mm or 16 pixels
deeper for Device 2, which has median and mean depths of 7.1 mm, than for Device 1, which has median depth 5.4 mm and
mean depth 5.5 mm.

Figure S2. Membrane filling inconsistencies cause positional offsets between devices. In a manufacturer-provided
example using two additional MSOT Acuity Echo probes, incomplete or uneven membrane transducer filling was associated
with an approximately 3 mm positional shift of the membrane position relative to the imaging plane. For comparison, the in
vivo dataset in Fig. S1 showed a smaller between-device skin-depth offset of approximately 1.6 mm. This observation suggests
that membrane filling differences are a plausible contributor to the positional offsets observed in the in vivo dataset between
devices 1 and 2 and can potentially be further amplified by operator-dependent pressure differences. Beyond inconsistent filling
procedures, membrane properties are susceptible to temporal changes such as scratches or contamination, which can generate
further systematic image artifacts'. Photo courtesy of Braden Eliason (iThera Medical GmbH).
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3.2 Disease classification models can exhibit shortcut learning due to overreliance on device fingerprints
rather than disease-related features

e 0.63 1.0
ol -1.0 (056, I
V9V 0.70)
5 [$E2 0.74
» 9999 ~0.75 (0.67,
o (999% 0.81) 0.8
c
£ R 0.76
@ ovve -—0.5 (0.65,
] (AKX 0.85)
C
= [9veT 087 084 0.80 0.77 0.70
s oowew —0.25 | (073, (0.71, (069, (066, (0.61,  (0.57, 0.6
S |ewws 096) 093) 090) 087) 085  083) :
& [evee 075 075 0.76 076 077 0.77
= sooe 0.0 (056, (059, (062, (0.63, (0.64, (0.63,
% 95 091) 089) 088 088 088)  0.89)
5 ey 0.76
8 ooy 0.25 (0.64, 0.4
< 599% 0.87)
©
[0} vy 0.80
< S 0.5 (.70,
g 599 0.89)
> [(99ee 0.78 0.2
3 N 0.75 071,
555 0.85)
Y99V 0.73
vvev 10 (067,
GGV 0.79)
0.0
-1.0 -0.75 -05 -0.25 0.0 0.25
Device1 (3339 (333 (€933 (3% (3339 [0y
Device 2 YUY |9VVY YUYV VYV YYVY |99V
VYV VWVVT W9TY (99T T999 @999
o X . .
% Device-heatlh correlation ¢, in test set

Figure S3. Increasing device-health correlation |@..in| reduces disease classifier robustness as measured by area under
the receiver operating characteristic curve (AUROC). AUROC values are assessed for EfficientNetV2 disease classification
models trained on diverse biased datasets with @i, and computed for test sets with different Q. Each row in the table
corresponds to models trained on a dataset featuring a specific device—health correlation @i, during the training phase. A
model exhibiting inconsistent performance across test sets with different ¢ indicates bias. This is evident in models trained
with @ain 7 0.0 and especially for models trained with high | @ain|. The bold values reflect the mean AUROC across the test
set samples, with the values in brackets below representing the 95 % confidence intervals.

6/21



1.0

-1.0

CL N
TN
e
S8

; -0.75

e e
eCR
B
LeeY

0.8

cege
cege
Qe
LeQ
|
o
[6,]

Qee
Qe e
Qe

5 -0.25

g e

0.6

0.0

LELE

LEQE
LELE
LELE

0.25 0.4

QL €

CCCE
CCQ €
CCQ €

0.5

DL
LCQC €

(XTT
LECeE

0.2

0.75

Device—heatlh correlation ¢, in training set

Ty
CCCE

CLCE
LU E

1.0

LLCE
LLECE
LLEE
LLEE

0.0

Device 1
Device 2

4 . .
~ Device—-heatlh correlation ¢,

CT TN
CTTA
QB
CERNN

v
4
I

ost IN t€

Figure S4. Increasing device-health correlation | @4, | reduces disease classifier robustness as measured by balanced
accuracy (BA). BA values are assessed for EfficientNetV2 disease classification models trained on diverse biased datasets with
Purain and computed for test sets with different ¢5. Each row in the table corresponds to models trained on a dataset featuring
a specific device—health correlation @i, during the training phase. A model exhibiting inconsistent performance across test
sets with different @ indicates bias. This is especially evident for models trained with high | @i, |- The bold values reflect the
mean BA across the test set samples, with the values in brackets below representing the 95 % confidence intervals.
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Figure S5. Device shortcuts in the training data trigger models to encode device information over health status across
network depth. Feature encodings of the test set samples were extracted from nine network layers for all ensemble members
of the PAD classifiers trained with @i, = 0.0, —0.5, and —1.0. For each layer, the normalized Hilbert-Schmidt Independence
Criterion (nHSIC) was calculated separately with respect to device identity (nHSICp) and health status (nHSICy). a For
Purain = 0.0, nHSICp decreased notably in deeper layers, while nHSICy increased and became significant across all ensemble
members. ¢ For ¢,i, = —1.0, nHSICp increased toward the final layers, whereas nHSICy became zero. b For @i, = —0.5,
an intermediate pattern between those observed for @iy = 0.0 and @yan = —1.0 was observed, with nHSICp remaining
higher than nHSICy across network depth. Each data point shows the mean nHSIC across ensemble members (n=5) and the
errorband the standard deviation across the members. Marker size denotes how many of the five ensemble members showed
significant dependence. “Pre-logits” denotes the final representation before the classification head, and network stages 0-7
follow the EfficientNetV2-S architecture described in Table 4 of the original paper?.
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Figure S6. Final-layer representations increasingly encode device instance over health status with stronger device
shortcuts during training. Normalized Hilbert—Schmidt Independence Criterion (nHSIC) values were computed separately
for the device instance (nHSICp) and health status attributes (nHSICy) on the pre-logit representations of the test set across
disease classifier ensemble members trained at varying @y.i,. Each data point shows the mean nHSIC across ensemble
members (n = 5). Error bands show standard deviation across ensembles; marker size indicates the number of members (out of
five) with significant dependence (permutation test, 1,000 repetitions). nHSICp, rises near-quadratically with shortcut strength
| Otrain | and dominates nHSICy for | @yain| > 0.25, while nHSICy increases as |@yin| decreases.
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Figure S7. Device encodings persist across network depth when device shortcuts during training are strong. Shown are
the projections on the first two PCs of z-score-normalized feature encodings from the test set samples, extracted from one
representative ensemble member of disease classifiers trained with different ¢y, colored by device instance. The left column
(a,c.e) shows an intermediate representation after EfficientNetV2-S stage 5, and the right column (b,d.f) shows the final
pre-logit representation. Intermediate-layer encodings cluster by device across all settings ¢y,i, With larger separation for
higher |@in|- In the final layer, separation by device was reduced when @i, = 0.0, whereas high | @yain| led to stronger
separation. The representative model was chosen as the ensemble member with median validation area under the receiver
operating characteristic curve performance for the corresponding training setting AUROC(¢Q = @ain)-
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Figure S8. Slight health status clustering emerges in final layers only under weak device shortcuts during training.
Shown are the projections on the first two PCs of z-score-normalized feature encodings from the test set samples, extracted
from one representative ensemble member of disease classifiers trained with different ¢y, colored by health status. The left
column (a,c,e) shows an intermediate representation after EfficientNetV2-S stage 5, and the right column (b,d.f) shows the final
pre-logit representation. Intermediate layers show no clear health status clustering across settings. Final-layer clustering by
health status is absent under strong shortcuts (| @yain| > 0.5) but emerges slightly for lower @yin. The representative model was
chosen as the ensemble member with median validation area under the receiver operating characteristic curve performance for
the corresponding training setting AUROC(¢ = Qain)-
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3.3 Shortcut learning phenomenon generalizes to transformer-based models

Parameter Value

Dropout rate (classification head)  Pgropour = 0.15

Batch size B=16
Learning rate n = 0.00001
Gaussian noise augmentation € =10.001

Table S7. Optimized hyperparameters for SwinV2-based disease diagnosis models. Unless stated otherwise,
hyperparameter tuning and definitions and training protocol were identical to those in Table S6; only the optimized values listed
here differed for the SwinV2 architecture.
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Figure S9. Stronger device shortcuts in the training data produce increasingly biased SwinV2 disease classifiers. Swin
V2 model ensembles were trained to predict the health status for different levels of health status-device correlation in the
training data. a Specificity disparity (Arnr) and b sensitivity disparity (Atpr) quantify fairness across device subgroups. A
value of A = 0 (blue dotted line) indicates perfect fairness, meaning equal performance for both devices. Model ensembles
trained without device shortcuts showed no notable deviation from A = 0. As | @iy | increased, the absolute disparity in both
metrics grew, reaching a disparity |A| = 1 under maximal correlation. Whiskers represent 95 % confidence intervals.

12/21



1.0

23

=

o

Sl
o0

Lo

-1.0

UL TN
LERRAR
QB
LR
A -

o
8

28

=

(=)

S
oY=

N

-0.75

e e
QB
SCQ
Qe
=l
N

S

0.8

0.
0
0.
0.
©
0.
0.
©
0.

Qe
QRN
|
o
(6)

(6, N
LN

(@8QE
eee
3O
e

S&8L

-0.25

Qe e
Qe e
Qe

(@8QE

0.6

0.75 075 0.76 0.76 0.77 0.77
0.0 (056, (059, (062, (0.63, (0.64, (0.63,
091) 0.89) 088 088 0.88)  0.89)

1€
Qe e
Qe e
Leee

)

0.25 04

(Ceee
Qe e

Qeee
Lt e

0.5

(Ceee
Ceee

DTN
<Le e

0.2
0.75

Device—heatlh correlation ¢, ;, in training set

(Ceee
CCee
CCee
Qe e

1.0

L L}
QLee
CLee
Qeee

Q

0.0

-1.0 -0.75 -05 -025 O

Device 1
Device 2
vV}

P
v

CCee
QCQE ;
Qe e
Qe e

-

\
\
\

(@GR
S8
e8| :
S8

Device-heatlh correlation ¢, i

Figure S10. Increasing device-health correlation | Qi | reduces SwinV2 disease classifier robustness as measured by
area under the receiver operating characteristic curve (AUROC). AUROC values are assessed for SwinV2 disease
classification models trained on diverse biased datasets with @i, and computed for test sets with different @.s. Each row in
the table corresponds to models trained on a dataset featuring a specific device-health correlation @y, during the training
phase. A model exhibiting inconsistent performance across test sets with different @5 indicates bias. This is evident in models
trained with @i, 7 0.0 and especially for models trained with high | @i, |. The bold values reflect the mean AUROC across
the test set samples, with the values in brackets below representing the 95 % confidence intervals.
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Figure S11. Increasing device-health correlation | Qi | reduces SwinV2 disease classifier robustness as measured by
balanced accuracy (BA). BA values are assessed for SwinV2 disease classification models trained on diverse biased datasets
with @g,in and computed for test sets with different ¢g. Each row in the table corresponds to models trained on a dataset
featuring a specific device—health correlation @i, during the training phase. A model exhibiting inconsistent performance
across test sets with different @y indicates bias. This is especially evident for models trained with high | @,in|. The bold values
reflect the mean BA across the test set samples, with the values in brackets below representing the 95 % confidence intervals.
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4 Proofs

Lemma 1: Relationship between ¢ and the device-health strata occurrences

The relationship between ¢ and the device—health strata occurrences within the test set are given by

P(D=1|Y*=healthy) = I_T‘P, 6))
P(D=1|Y*=diseased) = l—I—T(P’ )
1
P(D=2 | Y*=healthy) = %, 3)
* . 1— ¢
P(D=2|Y*=diseased) = — “)

if the condition of balanced device and health marginals holds, i.e.

N
Ny =N, = Nhealthy = Mdiseased = Es and thus (%)

P(D=1) = P(D=2) = P(Y " =healthy) = P(Y* =diseased) = 0.5. (6)

Here, N denotes the total number of samples in the test set.

Proof. By definition we have the following relationships

N =N 1,healthy + N 2,healthy +N, 1,diseased + N 2,diseased (7)
N1 = N healthy + N1 diseased (®
Ny = N heatthy + N2 giseaseds ©
Nhealthy = N1 healthy + N2 healthy» (10)
Ndiseased =N 1,diseased + N2,diseased . (1 1)

Thus, applying (5), we equate the right-hand sides of (9) and (11) to obtain

N2 healihy = N1 diseased - (12)
Similarly, equating the right-hand sides of (8) and (11) yields

N1 healthy = N2 discased - (13)
We can rewrite @

def Ny ,diseased N, 2,healthy — N, 2,diseased N 1,healthy

(14)
\/ N1 N3 Nyiseased Vi healthy
® N1 diseased V2, healthy — N2 diseased V1 healthy (15)
(N/2)?
(12(13) Mgiseased — N diceasea (16)
(¥/2)?
B le,diseased + N1 diseasedV2,diseased — N2 diseased V1 diseased — sz,diseased (17)
(8/2)?
_ Nigiseased (N1 diseased + N2 diseased) — N2 diseased (N1 diseased + N2 diseased) (18)
(N/2)?
(1AG) Nidiseased  Na.diseased (19)
Niiseased Niiseased
These fractions can be interpreted as conditional probabilities via the counting definition of probabilities and thus

0 2 P(D=1|v*=diseased) — P(D=2 | Y* =diseased). (20)
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Due to the law of total probability, we have for the binary case d € {1,2},y* € {healthy, diseased}

Vy*: P(D=1|Y*"=y")=1-P(D=2]|Y*=y") (21
Vd : P(Y*=healthy | D) = 1 — P(Y*=diseased | D) (22)
and thus one can rewrite (20)
2 *
@ = 2P(D=1|Y*=diseased) — 1, and (23)
o 2 1-2P(D=2 | Y* =diseased). 4)
Given (6) one can use Bayes’ Theorem to derive
. «_ o PY"=y" | D=d)P(D=d)
Vd,y* :P(D=d | Y =y") = =PY*=y"|D=d 25)
(D=d | ¥"=y") ST (v*=y* | D=d),
and thus
0 B 2P(r* =diseased | D=1) — 1 2 1 — 2P(y* =healthy | D=1) & 1 —2P(D=1| Y* =healthy), (26)
0 2 1 - 2P(v* =diseased | D=2) ‘2’ 2P(Y* =healthy | D=2) — 1 &’ 2P(D=2 | Y* =healthy) — 1. @7
Rewriting eq. (23), eq. (24) eq. (26) and eq. (27) gives what we wanted to show
_ *_ _ 1= ‘P
P(D=1|Y*=healthy) = 5 (28)
1
P(D=1| Y*=diseased) = %, (29)
1
P(D=2 | Y*=healthy) — %, (30)
* . 1— ¢
P(D=2 | Y*=diseased) = — (€29)
O
Lemma 2: ¢-dependency of the sensitivity and specificity
The ¢-dependency of the sensitivity and specificity is given by
TNR(¢) = — PTNR|, + L) ), and (32)
TPR(¢) = -~ P TPR|, ~|—T(pTPR|2, (33)
assuming the balanced device and health marginals condition from Lemma 1.
Proof. Let Y be the predicted health status. One can derive
- P(Y,Y") P(Y,Y* D=d) P(Y | Y*,D=d)P(D=d | Y*)P(Y*)
PY |Y") = = = (34)
B DI I T R PY)
=Y P |V, D=d)P(D=d |Y"). (35)
d
In the main paper sensitivity and specificity were defined conditioned for each subgroup as
TPR| , := P(Y =diseased | Y* =diseased, D=d), TNR|, :=P(Y =healthy | Y*=healthy, D=d). (36)
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The eq. (35) has the following implications for the sensitivity and specificity

TPR = P(Y*=diseased | Y *=diseased) 37
® P(Y*=diseased | Y*=diseased, D=1)P(D=1 | Y*=diseased)
+P(Y* =diseased | Y*=diseased, D=2)P(D=2 | Y *=diseased) (38)
“ITPR|, P(D=1| Y*=diseased) + TPR|, P(D=2 | Y* =discased) (39)
@1@) 1+0¢ [
— PR, +TTPR|2, (40)

and analogously

TNR = P(Y =healthy | Y*=healthy) (41)
) p(¥ —healthy | Y* =healthy, D=1) P(D=1 | Y* =healthy)

+P(Y =healthy | Y*=healthy, D=2)P(D=2 | Y* =healthy) (42)

< TNR|, P(D=1|Y*=healthy) + TNR|, P(D=2 | Y* =healthy) (43)

(1)“3)12 TNR|, + J;(”TNR|2 (44)

0

Lemma 3: ¢-Dependency of AUROC

The expression for the ¢-dependent area under receiver operating characteristic curve (AUROC) is given by

|Cthr| 1
AUROC(¢ 8 Z { [(1+ @)(TPR;|, + TPR;41],) + (1 - @) (TPR; |, + TPR 11 |,)] )

[(1—@)(TNR;|, — TNR11],) + 1+(P)(TNR]i2_TNRj+1|2)]}’

assuming the balanced device and health marginals condition from Lemma 1.

Proof. Let ]f"(x) be the calibrated predicted disease probability of the trained model for input x, and define the hard prediction
at threshold c as

v L HA:D(X)ZQ
o) = 0, Px)<ec.

For the subgroup with device d € {1,2}, define the confusion-matrix counts at threshold cfhr as

)|, = #{i| Di=d, Y =1, P(xi) > .},
FN|, = #{i | Di =d, Y= 1, B(x;) < ¢, },
TN;|,:=#{i| Di=d, ¥;=0, P(x;) < ]},
FP;| :=#{i| Di=d, Y; =0, P(x;)) > c},,}

Then the subgroup-specific true positive rate (TPR) and true negative rate (TNR) at threshold cthr are

— TPj}d _pr(V. — —
TPR;|, = TP, PN, _Pr(YC{hr =1|Y=1,D=4d)
N,
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One can derive

'Ct%*‘ TPR; +TPR 4

AUROC(¢) = -(FPR ;| —FPR))

J=0 2
w 1% T 149 -9 +9 -9
N 3 ——TPR;| + 2 ——TPR;|, + ——TPRj 1|, + 2 TPRH1|}
{FPR7+1——FPRj}]
‘Cthr‘ 1
def +0 -0 1+
:5 Zﬁ [{ > TPR; |, + ——TPR|, + 2(”TPR,+1]l z(pTPR,H\}
{(I_TNRJH)_(l_TNRJ’)}}
L% 14g —9 +o —9
=5 Eo 3 ——TPR;| + 2 ——TPR;|, + 2 ——TPRj; 1|, + 2 TPR,+1|}
{TNR,—TNRﬁlﬂ
ap 1% (149 -9 1+¢ -9
=3 ,;) — TPR| + ——TPR)|, + ——TPRjyi |, +— TPRJ+1|}
l1—¢ 1+ 1 1+
{ZTNR/|1 2(PTNR,|2 2¢TNRH4M 2¢TNRﬁ4|}}
I‘Clhr‘fl
:gw;)Hu+mCmmh+ﬂmﬁdﬁ+u—wtw&b+ﬂmﬁ%ﬂ

{(1 =) (TNRy[; = TNRj11[,) + (1+ ) (TNR;|, = TNR 1.1 |,) } .

5 Pseudocode

(46)

(47)

(48)

(49)

(50)

619}
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Algorithm 1: Membrane signal-to-noise ratio computation

Let/ y) (x,y) denote the reconstructed in aqua image of frame i at wavelength A, with lateral coordinate x and depth
coordinate y. This algorithm is applied for each device separately to get the SNR per device. The algorithm first
identifies device-specific membrane pixels from the mean image at A.¢, and subsequently computes the laser-energy-
corrected membrane signal and corresponding signal-to-noise ratio for all frames and wavelengths of that device.

1) define membrane pixels to be used for signal definition;
compute the mean Ar = 1210nm image;

Iy, (x,y) < mean; (Il(if(x,y));

define C as the central 200 columns, corresponding to the inner 20 mm of the image width in order to minimize
boundary effects and avoid membrane artifacts due to membrane degradations;

initialize membrane masks;

Muypper(x,y) < 05

Mlower(x;)’) +0;

for each column x € C do

extract the column profile;

Px(y) = Dy (x,)s

compute the adjacent-depth sum profile;

Px(y) <= px(y) + px(y+ 1) for all valid y;

normalize the profile by its maximum;

ﬁx(y) <~ ﬁx(y)/maxyﬁx(y);

detect peaks with minimum height 0.6 and minimum distance 5 (using scipy.signal.find_peaks?);

Py < fiind_peaks (Px(¥),height = 0.6, distance = 5);

assign the first two detected peaks to the membrane lines;

Yupper (X) < Px[0];

Yiower (¥) < Px[1];

add the corresponding two-pixel depth intervals to the masks;

Mupper (X, Yupper (X) * Yupper(¥) +1) <= 13

Mlower(x7y10wer(x) :ylower(x) + 1) — 1;

end

2) compute signal-to-noise ratio for all samples and wavelengths;

for each frame i and wavelength A; do

extract image I /(ll) (x,¥);
]
compute membrane signal from the two membrane masks providing robustness against outliers and parasitic noise;

Sl(lpp)er < median ( ( )(X y) | (x,y) € Mupper);

S0, median (1) (55) | (5) € Mo )

I(nelll — (sl(lpper + Slower) /2

correct membrane signal for laser pulse energy £ (@),
S(i«j) — sgg&/E(’/),

mem, Ecorr g . . .
estimate image noise using a robust wavelet-based estimator (using
skimage.restoration.estimate_sigma based on4);
(i.J) Y.
Glmg «— festlmatc _sigma I?L] »

compute s1gna1 -to-noise ratlos;
SNR() ¢ 5(0J)

mem, Ecorr/ 1mg

end
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Algorithm 2: Broken sensor interpolation

Let n,, be the broken sensor and n;, n, be nearest functioning sensors to the left and right, respectively. Let S, (¢) be
the raw time series signal of a sensor n at timestep ¢ € {1,...,2030}. Where each time step corresponds to 25ns. The
idea behind this algorithm is to estimate the time shift 67 between the signals of n; and n, via cross-correlation and
then to compute interpolated signal S‘,,b (t) as the average of these neighboring signals while accounting for 67.

Center Sy, (t) and S, (¢) around O via bandpassfiltering;
S~n, (t) < fBandpassﬁlter (Sﬂz (t) ) 5
Sn, (t) <~ fBandpassﬁlter (Sn, (t) ) 5
Rpest <+ 0;
for shift 6t € {0.0,0.5,1.0,1.5,2.0} do
shift signals using third-order spline (using scipy.ndimage.shift);
kS:n, (t) — 8spline,3 (kS:n[; _3t);
Snr (t) <= &spline,3 (Sn, , 5t) 5
calculate cross-correlation R entry for this shift;
R« 23133%0 Sny () - S, (2);
if R > Ry, then
Rpest < R;
Otpest < OF;
end

end
calculate the best estimator for the broken sensor signal;

§nh (1) (gspline,S (Snlv —Otpest) + &spline,3 (Sm; 5tbest)) /2;

Algorithm 3: Early response sensor correction

Let n,, be an early response sensor. Let Sy, (¢) be its raw time series at time step z € {1,...,2030}, where each time
step corresponds to 25 ns. Let §ner (1) be the reference signal obtained by interpolation from neighboring functioning
sensors (see Algorithm 2). The idea behind this algorithm is to estimate the temporal offset d¢ between S,,,, (f) and
S,,e, (t) by cross-correlation and to shift the raw signal accordingly.

Estimate a reference signal from neighboring sensors via algorithm 2;
S, () < Algorithm 2;

Center S,,,, (t) and S,,, (¢) around 0 via bandpassfiltering;

S~ne,- (t) A fBandpassﬁhcr (Sner (t) ) ;

Sner (t) — fBandpassﬁlter (Sne, (t) ) 5

Rpest < 05

for shift 61 € {—2.0,—1.5,—1.0,—0.5,0.0,0.5,1.0,1.5,2.0} do

S’Z)' (t) A gspline,S (§”£r7 6t),
R 155,80, (1) Sn (0);
if R > Ry, then
Rpest < R;
Otpest — OF;
end
end

correct the original early-response signal;
Scorr(t) < 8spline,3 (Sngm 6tbest);

Ner
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