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In vitro Cancer Cell Analysis

| % |
e |NVIVO assay @S In vivo Assay
» * [nvitro assay ,ﬁ 37°C +5% co2 {&9&
Cancer
« End-point analysis Cell End-point

. 37C+5/ D2 Analysis
* Live cell assay In vitro
. Assay
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Live Cell Assay - Microscope-based

. ) | SRy
Cell mobility and morphological change 8% o @ *

CANCEROUS CELLS

« Requirement: Biological condition (37°C + 5% CO?2) . v 29 @ @
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High-throughput Live Cell Assay

« CMOS Lab-on-a-Chip # of data

F'y

Live Cell
Assay

e Silicon chips are stackable
« No focal space

« Mature implementation
End-point
Analysis

>
Throughput
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High-throughput Assay

Multimodal Assay Application § R=U\N

« Lab-on-a-chip can be

o High—throughput dssay Multi-modal A
- al Assay

« NO microscope

 Fast and stackable Visual
. L Modali
- (Validate with visual groundtruth) | ity
« Multi-modal assay Sensor
: : , Modality
» Provide extra modality for microscope assay \




Dissertation Overview

« Visual Signal Processing Algorithm

« (Capacitance Signal Processing Algorithm Visual Signal Processing

Cell 3
Detection .7, -

« Next-generation Capacitance Sensor Design

« Biological Experiments

Population Estimation Event Classification
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Capacitance Sensing i 202

e Sense electrical characteristics from cells

CBCM CS ECIS C2F
« Four primary ways e | B e

~ structure e, é o *{: T cs

« (Charge-based Capacitance = = - = = =
Measurement (CBCM) w 11 % - j
« Charge sharing (CS) 5 Sg‘:" {H I

« Electric cell-substrate impedance % L 4 1 L=
sensing (ECIS) : e R
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Capacitance-to-Frequency (C2F)

Encode capacitance to oscillator frequency

Gi(t)

=

Capacitance slows down the oscillator

cap — freq

aallill!

« 3-stage osdillator using inverters
« More capacitance, less frequency
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Capacitance Sensing for Cell Event Detection
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Capacitance Sensor Used (senevirathna, 2018)

« 4x4 array interdigitated electrode
 Pre-paired mutual capacitance

e Limit of detection (LOD): 17.5 aF
e Spatial resolution: 180um

Sensing Pixel




Cell Event SeﬂSiﬂg Examp|e(un,2oz4)

i. mitosis

« Sensors respond to

« Larger overlap
« Stronger attachment

ii. migration-in

e (Cellevents

iii. migration-out

* Mitosis
« Detach -> Divide -> Adhere
« Weaker adhesion -> (Division) -> Stronger adhesion
« Migration
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Motivation for Event Classification

 Differentiate V-shape pattern from normal slope

« Define 2 features for slope pair symmetry

B,
M  Slope distance As Perfect V Else

« Amplitude distance A(Ay) - — -
R \/I\/ |\,

: : o As Small Large Small

e P(mitosis) = Perfect-V similarity
A(Ay) Small Small Large
Pmitosis Large Low Low
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3-step Classification Algorithm

N-OWENIN : 5
g YV DN —£ (0.2,0.3) —&
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1. Representin piecewiselinear , " = ( 1 )" |3 5
(o] 600 600 ) /:
N = ©
- B - —8> (-4.0,-3.0) —£
2. Extract features 2w~ | R =
= = w e a W— Features
Raw signal Representation (featl, feat2)

Derivative distance Ajy4(s)

(Ay)
N

log

«  Amplitude distance A4 (Ay)

Number of count

3. Classify with SVM

ydiff log-distance, A

2 0 2 4 3 2 1 0 1 2 3 4
slope log-distance, A log(S)

Distance to classification boundary
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Results — Comparison to another Feature Library

F-1 score / G-Mean

1 == 1
£ osf T o8
« Public dataset for signal and images (eneviratina, 2019) Sl 08
| - | ‘% 0af ,‘I o -Our.;l.(.].del Joa
! Random guess
 Binary classification task S ol el wwstord |
= : Our model (F-1 score)
o o (PP Our model (G-Mean) 0
f— 0 0.2 0.4 0.6 0.8 1
¢ AUC B O7/| 9 False positive (FP) rate
« Compare to another feature library paie reiing Valdtion
CC. ccuracy
DT Median diff, Ajpq(Ay) 78.08  78.21 + 4.50

¢ TS FE |_ ("‘400 ]Ce at yre S) Manual Agoy((s); Diog(Ay) 75.34  76.53 £ 5.20

DT* Skewness, Spectral variation 73.97 72.85 + 9.97

Manual* Atog(8), Aiog(Ay) 73.97  71.00 + 10.72
® g g
C h O Ose tWO b eSt featu reS Manual* Median diff, Ajq(Ay) 71.23 71.82 £ 10.45
LDA ECDF_0, FFTMC_119 65.75 40.76 £+ 10.72
 From DT, PCA, and LDA - -
DT Centroid, FFTMC_ 22 64.38 66.36 = 5.48
Manual* Centroid, FFTMC_ 22 63.01 58.24 + 14.64
PCA FFTMC_ 185, FFTMC_ 216 58.90 50.87 £+ 8.95
TSFEL = Time Series Feature Extraction Library
’l 4 DT =Decision Tree PCA* FFTMC_ 185, FFTMC_ 166 58.90 46.72 + 12.65

PCA = Principal Component Analysis LDA*  Minimum peaks, FFTMC 88  42.47  43.25 £ 11.75
LDA = Linear Discriminative Analysis
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Visual Data Analysis — Coverage Estimation

« Cellimages are

1. Background removal
2. Inverted + clipped
3. Thresholding

Cell coverage = Ratio after thresholding
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Preliminary Experiment wn x4

 First-generation chip + Breast cancer cell

AC (aF) coverage coverage
0.40 |

Microscope COVEI‘age 500 + 0.35
400 A - 0.35

- 0.30
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200 . | 025 B 025
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A\ (a) |-

| 100 4 - 0.15

Capacitance Sensor ' ' 0.10 r : :
P 20 40 0 200 400
time (hr) AC (aF)
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Visual Data Analysis — Cell Detection

) .-a"f :.:: ~ %
NS 7

« Characterize cell growth parameter (Smith, 2023) A e

 Validate treatment (Gilpin, 2022)

O image Analysis

600 | | ———model ‘;{»:;_, ";"ﬁ.«ﬂ.
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Challenges -- Focus Degradation

« Refractive index changes focal distance

« Medium level from evaporation
» Cell metabolism AR 11 11

]
| - L S | -
1 1
i 1 [
[ .
I 1 Vo
1 1 ]
[
1 b
id L ‘J‘
= o T L —
1 I |

Initial Focus  Evaporation  Motabolism
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Visual Analysis Algorithms
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Our application has TK~2K labeled cells

Morphological

Template-based

Deep Learning

# of training data Small Small Large (>100k)
Data-driven No Yes Yes
Formulation cosO + bsin6 max(x®h) > th F,(x) > th
Parameters 1~5 (a, b) 64 x 64 (h) 60M+ (9)

Edge (Choudhry, 2016)
Hough (Mahmood, 2012)

Adaptive filter (Cibej, 2015)

Alexnet (Shahin, 2019)
R-CNN (Kutlu, 2020)

(Morelli, 2021)

® S g“"%

S)A @_4\ r"

(Chen, 2013)

(Mahmood, 2012)




Template Matching-based Algorithr | _rempite #13

50
« Formulation (linear kernel) .

H:argn}}nmﬂ@ﬁr*—(}'ﬂg 150

 F;:Image patches with cells 7
+ G;: Target response (A 2-D Gaussian) lEese
« F; © H*: Detection response
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Transductive Cell Detection Overview

e Two rounds of training

« Round 1 (Source domain): Large amount but include all focus
« Round 2 (Target domain): One (test) image with exact focus

. Label Source-domain Unlabeled Images
Labeled images patches Filter [ Labeled Images
A Image of Interest
O |:||—h|- J N Image Patches (wxwxN)
O
Source Domain Target Domain
Detection Result
—— O
T - .
A AN A
(Unlabeled) Image of inter Pseudo-label T
lm 3 f (with region pmp sal] + Thresholding
e Las 4 i
Time Lapse Train Image-specific
Filter
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Results

23

Classification results

 Green/ Red boxes: True / False detection
e Green/ Red dots: Detected / Undetected cells

Compare two template-based works
« MOSSE

« KCF-exp
e Qurs

AP50

§ 3

N KCF-exp [28]
s MOSSE [21]
B Ours

1 2 3 4 5 6 7 8
Images index
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Recap — Miss Detection in Previous Sensor

« Sensitive to detect population and single-cell event

« Low spatial resolution -> Few coverage Missed Detections

e« (Goal

 High spatial resolution
« Medium sensitivity

O

25




Motivation for High Spatial Resolution

Tessellated
» Tessellated electrode array Pre-paired
electrodes, 4 edages
(8 electrodes, 4 edges)
 Potentially more edges
« Denser with large coverage q q q q ‘ ‘
| |
2K 227?

e e e M o Sl o e e

« Challenges

« How to make every edge a sensing edge in C2F?
« How to configure the array?

26




ratna

Control Realization :l:

« (hess-coloring

« Map black / white checkerboard to red / blue electrode
« Every edge connects to two nodes

Simplified Pattern Real Electrode Shape Detection Ability

Pre-paired 7£ Ei ° °
WA 5 o*
Dynamic 5;%‘}3: A= T )

O @
(o AL eee

Non-detectable
® Detectable

Sensing Edge &+ Electrodes
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ok

Data Acquisition and Oscillator Sharing

28

4x4 electrodes per C2F acquisition unit

Inconsistent routing effort

- Configuration mismatch

Connection from transmission gate

e Activated electrodes are connected

 Non-activated electrodes are not connected

But still contribute routing effect

T
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Active Parasitic Reduction (APR)

« Non-activated electrodes still contribute parasitic

« Disconnect unused connection (APR switch)

© @ Active Parastic Reduction Switch

* Pros: Less parasitic
e Cons: Extra control (4 osc * 2 nodes * 4 cols = 32)

Parasitic from éﬁ ééz %E é; g
Extra f

— —  Switch
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Configure Electrode Array o = = o e

: ...ﬂlﬂlg : g : _|1|j_‘!] Activated

i i 1 0
— =gl g 1o
| . Activated
<01

—0
[)T 1

Step 1

Step 2

« Goal: Reconfiguration for any pattern

Cannotachieve  n’overwrite  2n overwrite
« Three potential solution (to activate 1 electrode)
APS Scan-chain Memory-based
Memory Unit X V Vv
Arbitrary pattern X Y V
# of 10 n+n 1 n+n
Time complexity 1 n2 1

30 APS: Active Pixel Structure




Sensor Array Schematic

« Control Signals

e &-bit latch row enables + 8-bit data column
 4-bit oscillator enables + 4-bit oscillator outputs
e 32-bit APR control A

N () (b)

e Pixel implementation

8
D<7:0> ——>

« Connection: T-gates  osxmor =

® MemO ry D_l_atCh oscc-UT-:3;0>(a4F

i
| ;
i
I
i
| = -
E 1 E P E
™ I . L
\ 1 D, Dz H :
; : i
\ : i
M : :
\ I ENe3> 5 : :
b seeute a i
NOSWT<7:0> ) [ | : :
NISWT<7:0> \ o ;
31 N1SWB<7:0> oLl <= =i
NISWB<7:0> SRR —

3-stage oscillator




Capacitance Sensitivity

« (The last) Post-layout simulation

* Cyrig fOr media bias C.
« (;y for analyte change

Cgrid_

« Sensitivity = 0.688 (MHz/fF)

» Bias @ Cypig = 111F

0 10 20
Civ (fF)
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Integration Time vs Noise

« Largerintegration time Tyt

 Reduces ofyeq
« Stable after Tyyr > 2Ms
« Reduces sampling rate

« We choose Tyiyr = 20ms

e LoD =33 x 2L -9 59 (gF

Sfreq

33 LoD = Limit of detection

25.100 1

25.075 A

25.050 A

25.025

Freq (MHz)

25.000 -

24975 A

24.950

24925 4

0.0040

0.0035 -
0.0030 -
< 0.0025 -
T
20,0020 -
& 0.0015 -
0.0010 -
0.0005 -

0.0000

8 16 32 64 128 256 512 1020 2050 4100 8189 1640032800

integration residual time (us)

10? 10° 10
Integration time (us)



Temperature Sensitivity

« Sweep in a programmable temperature chamber

« Temperature sensitivity

* 0.1267 (ns/°C) ol | o
+ -0.020 (MHz/°C) B f\ ) 2
0 Ssof [ Y R & 80 -

« 29.07 (aF/°C) s 1f % 5

E 791" 4 - % %79—
ACpop = 100 (aF) & 7s | L\y [ 1V * 78
77 77 -

o 2 4 6 8 20 30 40 50 6

Time (hour) Temp (" C)
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Die-to-die Mismatch
:_. 82
;; 80 1
«  Two experiments 7 70
. ' ' T6 T T T T
« Temperature sweep with five dies L R
« Two-round sweep with two dies .
» Oscillator has a per-die mismatch 82 ~~
i_; 80 - /
= —— chip5
o 78 chip5s
. —— chipé
~ S :hi:'ﬁ-
76 T - T T T
20 30 40 50 &0
Temp (9€)
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Raw Configuration Mismatch

: . . = 260000

« Frominconsistent routing effort %% %% 55000
« Raw measurement result Abnd 256000
254000

4 different dies 252000

o (Counter countin 20ms 250000

. 248000
o %% %%
246000
« Same trend 244000
1 : 5 242000
e Different baseline
240000
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Normalized Configuration Mismatch

37

Calculate relative count y.¢,4 for a configuration cfg

Yerg = 1 - T
ﬁzieSTi count

« Reference to average count
« Scope: S (Same-oscillator edges)

From die-to-die

» Consistent mismatch y.¢,4
« Different oscillator mismatch k.

260000 260000
257500 - 257500 -
255000 4 255000 4
252500 E 252500

- ]

E 250000 4 E 250000 4

: ’
247500 - gl 3 247500 1
245000 4 245000 4
242500 - 242500 -
240000 4 240000 4

1234567317822 TEBADETHMN0
op_cy_id

1.020

1.016

1.012

1.008

1.004

1.000

0.996

0.992

0.988

0.984

0.980

12345673178 BERL2DEBHDETEBMH0

op_cy_id



Comparison Table

F‘l"l'n'n"

« Highest resolutionin 350nm

« Highest normalized resolution (resolution / process)

]

™

T v
\ &

Nabovati 2016 Senevirathna 2017 Tabrizi 2022 Hu 2022 This work
Process Node 350 350 350 180 350
Sensing CBCM C2F Ccco ECIS C2F
Detection Limit (aF) 10 17.5 416 0.13 9.59
Sensitivity 350 (mV/fF) 593 (aF/kHz) - - 688 (fF/kHz)
Sample Rate 450 (kHz) 1 (Hz) - 1(H2) 50 (Hz)
Power (mW) - 8 - 58.8 11.05
Pixel Size (um) 50 x 50 30 x30 228 x 54 10x10 22 x22
Effective resolution (um) 50 180 111 10 18
Normalized resolution (1) 142.9 514.3 317.1 55.6 51.4
Array size 8x8 4x4 1x2 512x256 8x8
Target Biomarker Cells Cancer Cells Oral Cells Bacterial Biofilms Cancer Cells

38
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Non-ideality from Temperature and Configuration

« Temperature effect from temperature sweep

« Configuration mismatch from material sweep

; 82.0
a2 (b /\ 81.5-
0 ' F b |
Eat J [ 810
S [ \\ ¥ 80,5
Bl [ f 8 '
s |f Y f < 800
T 79F" | | |
2 y ] 1 79.51
7] " -
=78 \/ Vg 79.0-
77| v 7851 KA
0 2 4 6 8 280 .
Time (hour) Air  Water Ethanol IPA Media PBS
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Period Modeling

«  We model period of active and inactive oscillator

/
Tactive - T(E) X ktemp X chg X k(oscactive)

Tinactive — Tbase X ktemp X k(OSCinactive) _

\ |
*  Normalization T
Tqcti 1 T (€)
e R ) — active X o<
normalized Tinactive Ycfg Tpase rUlJ
« Temperature keemp IS Canceled o

»  Mismatch y,f, can be estimated Tactive

41




Tactive 1 T(e)

Ruormalized = T X X T
inactive Ycfg base

Preliminary -- Temperature / Material Sweep

Before compensation
== After compensation (+ normalization)

« Temperature sweep

« Scale back from R, prmatizea X T

0 2 zll 6 8
« Material sweep experiment: Air + 5 materials .,
' ' Tcrg Tcrg
» Estimates mismatch y.ry = 3 = Y
757 Zies Ti r

* From air experiment

. . T :
 Normalization: Ryormatized = G5 ) cfg X o —
Tinactive T
42 Air Water Ethanol IPA  Media PBS




Reality — Mismatch is e-dependent

« One-order mismatch: Y rq4(€) = acrg€+ Perg

« New model

Tactive,cell
— T(Emedia + Ecell) X ktemp X (Yair,cfg X €media +ﬁmedia,cfg) X k(oscactive)

Tinactive,cell — T(Ebase) X ktemp X k(OSCinactive)

« New mismatch term Yaircrg X €media + Bmediacfg

« Two parameters to be estimated: ¥ g4 cfg and ﬁmedia,cfg

43




Compensation Algorithm

Medium Air Cell
Experiment Experiment Experiment
~ N g e Raw Signal
1. Scale Pqir crg temperature sweep ~| | (T:/ To)

135

2. Offset ﬁmedm,cfg from material sweep

Compensation :

3. Average with inactive oscillators

(Per-oscillator)

‘4- SmOOth V\/|th mO\/ing a\/erage fl|ter e T N Compensated Signal

1.96 196
- oving =
5 ave_rage > }
I eard atl o (w=91)
44 186 1486

Average Compensated Signal Smooth Compensated Signal



Biological Experiments

Carnegie Mellon University



Estimate Cell Contribution

e Observation from cell signal

« Negative spikes

1882
« Consistent trend with an offset
« Goal: Get negative residual from the signal S 1880}
X
T;(t) = CELL;(t b(t C; S
(1 (t) +b(t) + .
e CELL;(t): Per-pixel cell contribution B

* b(t):Aglobal trend 1876

 ¢; . Per-pixel constant offset
46




Solve CELL;(t) by Estimating b(t) and c;

e Cell contribution CELL;(t) = T;(t) — b(t) — c;
« Two-step iterative solution
« Fixed ¢;, get b(t) : b(t) = Rgo({T;(t) — cili € S}

« Fixed b(t), get ¢; : One-sided weighted regression

w=1, T;(t) —b(t) >0
w<l1, T;(t) —b(t) <0

47
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Population-based Evaluation

1.5
(a)
« (Compare two series _ B .
£ o5 W .
« Post-processed capacitance signal
. ' -054 : . . g
* Visual coverage estimated . BT = s
. Gray for each edge T Tosy T
* Blue for spatial average %056 /o
50'4—M‘ 021.3f
0.2 :
0.0 T T T T T T
0 20 40 60 0.0 0.2 0.4
Time (hr) Signal
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Visualization in a Video Format

« Two modalities overlayed in one frame

« Left: Cell images

« Right
« Electrode-free images
 Sensor signal visualization



https://drive.google.com/file/d/1N-E0Kpszv4prEKcCfEna41Fa5kSY39Ho/view?usp=sharing
https://drive.google.com/file/d/11JE15zj_K8kuy5_PqyG1q58pO8t-tRVR/view?usp=sharing
https://drive.google.com/file/d/1ycU4uadT6xkOrfuYGSrifCKmTjP0j-Rr/view?usp=sharing

AC (aF)
coverage 5w

Microscope

Conclusions (1/2) = //\

« Sensor signal processing for single-cell event 3|

« Event classification from existing C2F sensor

« Visual signal processing algorithm 2 Belt] [hebod] [l ﬂ@
« Ground-truth for capacitance sensor

« Match sensor signal with previous sensor
 Provide aninsight for biological researcher

50




Conclusions (2/2)

« Enhanced sensing platform

« Hardware with higher spatial resolution
 Signal processing for sensor mismatch
« Biological validation in a video format

Vi deo A rch/ ve
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https://drive.google.com/file/d/1N-E0Kpszv4prEKcCfEna41Fa5kSY39Ho/view?usp=sharing
https://drive.google.com/file/d/11JE15zj_K8kuy5_PqyG1q58pO8t-tRVR/view?usp=sharing
https://drive.google.com/file/d/1ycU4uadT6xkOrfuYGSrifCKmTjP0j-Rr/view?usp=sharing

Publication Record
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Ching-Yi Lin and Marc Dandin. "Machine Learning ldentification and Classification of Cancer Cel|
Behaviors in a Lab-on-CMOS Capacitance Sensing Platform.” IEEE Journal of Biomedical and Health
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10.1109/NewCAS58973.2024.10666355.

Kyle Smith, Ching-Yi Lin, Yann Gilpin, Elizabeth Wayne, and Marc Dandin. "Measuring and modeling
macrophage proliferation in a lab-on-CMOS capacitance sensing microsystem.” Frontiersin
Bioengineering and Biotechnology 11 (2023): 1159004,

Yann Gilpin, Ching-Yi Lin, Mats Forssell, Si[\)/ang Zheng, Pulkit Grover, and Marc Dandin. "Tracking the
effects of tumor treating fields on human breast cancer cells in vitro using a capacitance sensing
lab-on-CMOS microsystem.” In 2022 29th IEEE International Conference on Electronics, Circuits and
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Anticipated Publications

« Dissertation Chapter 4

« (Ching-Yi Lin and Marc Dandin, “Transductive Correlation-based Cell
Detection with Small Data”, in BHI, 2025

« Dissertation Chapter 5

» Ching-Yi Lin, Yann Gilpin, and Marc Dandin, “A High-spatial CMOS
Biosensor for Cell Culture Assay’, in IEEE BioCAS, 2025

« Dissertation Chapter 6

« Ching-Yi Lin, Yann Gilpin, and Marc Dandin, “Capacitance Sensor Signal
Modeling and Compensation”, in MDPI Sensors, 2025
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Thank You!

Any Questions?
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