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Abstract

Detecting Yield Excursions with Spatiotemporal Correlation in Planar Lightwave
Circuit Fabrication

Planar Lightwave Circuits (PLCs) are passive optical chips built using optical
fiber techniques and larggeale integrated circuit (LSI) patterning. These processes
enable lowloss transmission and require tolerances on the order of femtoseconds to meet
operational specifications. Strict process controls and-prglision measurements are
used to control fabrication. Increasing the frequency and coverage of measurements
improves defect detection rates; however, such measures apratubitive for smalle
fabrication facilities. This lack of comprehensive measurement coverage across
fabrication steps complicates efforts to establish correlations between process parameters
and test outcomes. These limitations result in spatially and temporally sparstsdatas

which impact the ability to correlate yield losses with fabrication excursions.

This research proposes exploiting the changes in multivariate relationships to
enhance process control and reduce excursion investigation cycle time. Dimensionality
reduction wagperformed using wafer maps, analogous to spatial kernels, to pool median
aggregate chip results into wafer regions. Temporal dimensionality reduction was
performed by joining each wafer spatial measurement (left, top, center, bottom, right) to
all its future region pooled results. Multivariate relationships were distilled with rolling
30-day spatiotemporal correlation, creating a time series of fabrication relationship
changes. Inteseries relationships were determined through clustering and excursion
evert labeling. The result is the framework for extensible system for monitoring and

labeling the changes in multivariate relationships with excursions in fabrication.

Vi



This novel approach to spatiotemporal correlation control (SCC) proposed in this
research has the potential to augment statistical process control (SPC) by incorporating
multivariate temporal observations that reflect historical and leading indicatorscelsp

deviations.

These methods are intended to assist small and medium business (SMB) PLC
Fabricators in scaling production by reducing cycle time, localizing yield excursions, and
enhancing accuracy in monitoring and yield estimation. The proposed solutions achieve
theseobjectives without requiring hardwalevel metrology innovations, direct
modifications to fabrication processes, or cagiétnsive interventions such as

expanded physical measurement infrastructure or advanced automation systems.
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Glossary of Terms

Adjacent Channel Crosstalk: The maximum unidirectional crosstalk originating

from an adjacent channel, considering all polarization states. Sesljament crosstalk.

Arrayed Waveguide Grating: A photonic integrated device that uses an array of
optical waveguides with incrementally varying path lengths to perform wavelength

multiplexing and demultiplexing in optical communication systems. See CWDM.

Automated Material Handling System: Integrated network of robotic transport
systems used in semiconductor manufacturing to efficiently move wafers, masks, and

other materials between processing equipment with minimal human intervention.

Chemical Vapor Deposition:A fabrication process where gaseous precursors
react on a heated substrate to form pghity, uniform thin films for optical and

electronic applications.

Chip Test Measures:The dataset of measurements obtained from individual

chips on a wafer during pektbrication testing.

Coarse Wavelength Division Multiplexing: An optical multiplexing technique
that combines multiple signals onto a single fiber using widely spaced wavelength

channels. Unlike Dense Wavelength Division Multiplexing (DWDM), CWDM operates

with fewer channels and broader wavelength spacing, simpldyi t he sy st emds

components.

XX

opt



Complementary Metal-Oxide-Semiconductor: A semiconductor technology
used for fabricating integrated circuits, characterized by low power consumption and high

noise immunity, widely employed in microprocessors, memory chips, and image sensors.

Decibel: A measure of optical power loss or attenuation in transmission.

Deep Ultraviolet Light: Ultraviolet radiation with wavelengths in the range of
1001 300 nm, used in bake ovens during semiconductor and PLC fabrication to enhance

photoresist curing and improve lithographic resolution.

Dense Wavelength Division Multiplexing:An optical communication
technology that increases bandwidth by transmitting multiple data channels on different

closely spaced wavelengths through a single optical fiber. See CWDM.

Development Inspection Critical Dimension:Critical Dimension Inspection
that measures waveguide width in the photoresist layer during wafer fabrication to detect

anomalies before etching.

Electronic Integrated Circuit: A semiconductor device that integrates multiple
electronic components, such as transistors, resistors, and capacitors, onto a single chip to

perform specific functions.

Euclidean Distance:The straighine distance between two points in

multidimensional space.

Expectation Maximization Algorithm: An algorithm that iteratively estimates
missing or hidden data by alternating between expectation (estimating data likelihoods)

and maximization (optimizing model parameters).

XXi



Feature: An original or engineered attribute that extends the dimensional context
of a parameter. Features may represent temporaldatg.,idx ), categorical (e.qg.,
wafer_name ), or derived constructs (e.gparameter_order ) that provide
additional structure for modeling and analysis. For exangple,_idx temporally
indexes a parameter such@GORE_LAYER_THICKNESSwhile wafer_name
defines a categorical grouping for the associated parameters and measurements. See

Parameter.

Final Inspection Critical Dimension: Critical Dimension Inspection that verifies
accurate pattern transfer during fabrication by measuring the final waveguide width after

etching.

High-Volume Manufacturing: Largescale semiconductor or photonic
manufacturing leveraging advanced automation and process optimization to achieve high

throughput and yield.

Insertion Loss: A chip test measurement of maximum optical power loss (in
decibels, dB) within the defined loss window for each channel, accounting for all

polarization states. Séass window

International Telecommunication Union: A specialized agency of the United
Nations that develops global standards and regulations for telecommunications, including

optical communication and networking protocols.

Interquartile Range: A measure representing the spread of the middle 50% of

data, calculated as the difference between the 75th percentile (Q3) and the 25th percentile

(QL).
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Large-Scale Integrated Circuit: A type of integrated circuit that contains
thousands to hundreds of thousands of transistors on a single chip, enabling complex

digital and analog functionalities in electronic systems.

Loss Window:A sy mmetric wavelength window ar oul
for an arrayed waveguide grating (AWG), defined in nanometers, where the specific
where the specific product type and customer

width.

Manufacturing Execution System:A computerized system that tracks,
documents, and controls the transformation of raw materials into finished products,

enabling reatime monitoring, quality control, and production optimization.

Measurement: A recorded value corresponding to a specific parameter for a
given wafer under defined fabrication or test conditions. Each measurement is indexed by
contextual features such date_idx , wafer_name , andoperation_id , and
represents a single observation. Measurements serve as the atomic units of analysis,
combining parameters with their associated feature dimensions. See parameter and

feature.

Multicollinearity: A condition in which two or more independent variables in a
dataset are highly correlated, making it difficult to determine their individual effects on a
dependent variable. In PLC fabrication, multicollinearity arises when fabrication
parameters such asveguide width, etch depth, and deposition thickness are

interdependent, affecting yield analysis and predictive modeling.

xxiii



Non-Adjacent Channel Crosstalk: The maximum unidirectional crosstalk
originating from any notadjacent channel, considering all polarization states. See

adjacent channel crosstalk.

Optical Demultiplexer: A device that separates a combined, multiplexed input
signal back into its original, individual output signals. In the context of optical
communications, a DEMUX splits combined wavelengths into distinct channels for

processing. See CWDM.

Parameter: A categorical label for grouping measurements (e.g.,
CORE_LAYER_THICKNESSNAX) used as the atomic unit of series and derived

features. See feature.

Passband:The total wavelength range over which transmission remains within

AX dBo of the peak transmission | evel

Photonic Integrated Circuit: A semiconductebased device that integrates
multiple optical components, such as waveguides, modulators, and detectors, onto a

single chip to enable higépeed optical signal processing and communication.

Physical Vapor Deposition:A vacuumbased fabrication process to deposit thin
films of material onto a substrate through the physical transfer of vaporized atoms or

molecules.

Planar Lightwave Circuit: A photonic integrated circuit using waveguides on a
planar substrate to manipulate and route optical signals for telecommunications and

signal processing applications.
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Polarization Dependent LossThe maximum variation in transmission within
the loss window caused by differences in propagation between Transverse Electric (TE)

and Transverse Magnetic (TM) polarizations, measured in decibels (dB).

Polarization Dependent WavelengthThe wavelengtishiftsbetween
Transverse Electric (TE) and Transverse Magnetic (TM) modes in an optical device,
caused by differences in their effective refractive indices. This shift affects spectral
response and is typically measured as the separation between TE and Tivsgiamns

peaks.

Predictive Mean Matching: An imputation method that replaces missing values
with observed values from similar cases, selected based on predicted means from a

regression model.

Principal Component Analysis: A dimensionality reduction technique that
transforms correlated variables into a smaller set of uncorrelated components, preserving

maximum variance in the data.

Refractive Index: A dimensionless optical property that quantifies the ratio of
the speed of light in a vacuum to its speed in a material, determining how much light

bends in the material.

Silicon Photonics:Silicon Photonics is a technology that integrates optical and
electronic components on a silicon substrate to enablespigéd data transmission,
leveraging CMOSompatible fabrication for scalable and eeffective photonic

integrated circuits.
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Small Medium Business:independent or midized companies that specialize in

the design, prototyping, or smaitale production of photonic integrated circuits.

Spatial Measurements:Features representing the physical attributes in wafer and
chip-level data. In the context of Wafer Fabrication, spatial measures comprise the
featuregdata_left ,data_top ,data _center ,data_bottom ,and
data_right , which denote distinct physical regions of a wafer. In the context of Chip
Test for CWDM PLC devices, spatial measures comprise the spectral channel features
channel_1 ,channel_2 ,channel_3 , andchannel_4 , each corresponding to a

spatially distinct wavelength position withihhe optical spectrum. See features.

Spatiotemporal Correlation: A time series of correlations computed between

paired measurements using@ed lengthmoving window.

Spatiotemporal Correlation Control: A methodology to reduce variability by
monitoring temporal multicollinearity among measured parameters. See spatiotemporal

correlation.

Statistical Process Control:A methodology to reduce variability by statistically

monitoring and controlling process measurements.

Total Channel Crosstalk: The cumulative crosstalk measured across all
channels, accounting for all polarization states. See adjacent atadijagent channel

crosstalk.

Transverse Electric: A light polarization mode where the electric field oscillates

parallel to the waveguide surface and perpendicular to the direction of light propagation.
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The magnetic field oscillates normal to the surface (into and out of the plane). See

transverse mag netic.

Transverse Magnetic:A light polarization mode where the magnetic field
oscillates parallel to the waveguide surface and perpendicular to the direction of light
propagation. The electric field oscillates normal to the surface (into and out of the plane).

See transverse eleictr

Tungsten Nitride: A refractory metal compound used in fabrication for -tilim
coatings, diffusion barriers, and electrode materials due to its high thermal stability and

conductivity.

Value Measurements:Collective term for spatial measurements and their

averagesparameter_valye See spatial measurements.

Wafer Fabrication Measures: The dataset of spatial measurements taken during

wafer fabrication.

Wavelength Shift:per ( wavel ength shift) is the chan
(center) wavelength, arising from variations in waveguide parameters, environment, or

other external influences.
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Introduction

1.1. Background

Planar Lightwave Circuits (PLCs) are passive optical chips built using optical
fiber techniques and larggeale integrated circuit (LSI) patterning. These processes
enable lowloss transmission and efficient energy consumption (Miya, 2000; Ning et al.,
2024). PLC wafers contain hundreds of photonic devices and are fabricated using
processes adapted from semiconductor manufacturing (Mack, 2007). The cumulative
fabrication sequence (substrate preparation, core deposition, lithography, etching, and
cladding) ntroduces systematic and stochastic variations that affect final chip
performance (Xing, Dong, Khan, & Bogaerts, 2022). These devices require tolerances on
the order of femtoseconds to meet operational specifications (Bulthuis, 2022), which
necessitatesritt process control and highrecision measurements (Zhai, Shi, Wong,
Han, & Chen, 2024; Dong, 2016). Howeverpirocess measurement tools often lack the

resolution to detect these deviations (Yadav et al., 2024).

Concurrent production of multiple product lines requires continuous adjustments
to operational parameters, measurement protocols, process configurations, and tooling.
These process changes expose highly sensitive photonic components to increased
variability, which can affect optical performance (Xing, Dong, Khan, & Bogaerts, 2022).
Wafer and device designs are frequently modified to account for these evolving foundry
conditions (Yadav, Bidnyk, & Balakrishnan, 2023), creating a recursive pattern where

fabrication and design are continuously evolving in response to each other.

To manage this variability and maintain throughput within cost constraints,

fabricators employ Statistical Process Control (SPC) and selective sampling. However,



these systems are limited by time, capacity, and cost, constraining the number of wafers,
spatial areas, and process conditions that can be monitored (Lee & Roh, 2023). This lack
of comprehensive measurement coverage across fabrication steps complicdasemef
establish correlations between process parameters and test outcomes (Zhai, Shi, Wong,
Han, & Chen, 2024). These limitations result in spatially and temporally sparse datasets

which impact the ability to correlate yield losses with fabrication estons.

1.2. Research Motivation

Generative Al has the potential to add $2.6 to $4.4 trillion annually to the global
economy and automate 60% to 70% of existing tasks across industries (Chui et al., 2023).
According to McKinsey & Company, totgenerative Al compute demand is projected to
rise from 0.2 quintillion FLOPS (0.2 1 10j
quintillion FLOPS (25 1 -faldijcredseibocompitatdrdl; r epr e
requirements (Burkacky et al., 2027 his rapid increase in compute density presents

critical challenges for data center interconnects as generative Al workloads require high

bandwidth, lowlatency connectivity between servers and components.

Current data center infrastructure predominantly employs cdygssd
connectionsThese connectiorare insufficient to meet the increased demand and
accelerating the transition to optical connectivity solutions (Burkacky et al., 2024). PLCs
are core components of scalable, hagginformance optical communication infrastructure,
and are increasingly inethand to support nexteneration Al systems. Scaling the
production of these devices to achieve kyigld wafer fabrication is capitahtensive,
imposingcost and time pressures on small and medium business (SMB) fabricators. This

research seeks to assist these fabricators in scaling production without incurring



additional costs or delays by deriving measurements and monitors that enhance the

localization of excursion sources.

1.3. Problem Statement

Planar Lightwave Circuit (PLC) device testing accounts for up to 29% of total
production costs (Latkowski et al., 2019); however, sampling strategies used to reduce
this expense hinder the correlation of yield losses with fabrication causes (Zhai, Shi,

Worg, Han, & Chen, 2024).

In-line inspection and metrology are utilized to detect frigk defects that can
lead to yield excursions (Leachman & Ding, 2011). Increasing the frequency and
coverage of inspections improves defect detection rates; however, such measures are
costprohibitive for smaller fabrication facilities. Higher measurement frequency extends
production timelines anthcreasegosts (Kim, Kim, & Kim, 2020), with complete
fabrication cycles frequently requiring several weeks or months to complete (Lee & Roh,

2023).

Manufacturing control systems, such as Statistical Process Control (SPC) mitigate
process variance to maintain high yield and device performance (Rauch, 2001); enabling
cost reductions through statistical sampling. This approach results in-pdrighmarce,
costefficient fabrication process. Conversely, sampling increases the probability that
excursions remain undetected until final testing, reducing profitability due to prolonged
investigation and remediation efforts (Lee & Roh, 2023). Determiningpthtecause and
remediating these excursions is complicated by the lack of complete measurements of the

fabrication process (Zhai, Shi, Wong, Han, & Chen, 2024).



1.4. Thesis Statement

Localization of excursion sources in PLC fabrication can be identified by
temporally and spatially correlating lowimensional wafer measurements with kigh

dimensional chip measurements.

Traditional yield failure analysis relies on historical knowledge, domain expertise,
and heuristics to infer sources of failure in statistically controlled fabrication processes
(Zhai, Shi, Wong, Han, & Chen, 2024). Identifying the causes of low waf@lsyigider
controlled conditions typically requires engineers and chip designers to hypothesize
potential failure mechanisms and investigate mul@ttiernativesincreasing exposure of
additional wafers. Spatiotemporal correlation of wafer fabricatiorchipltest
measurements offers a dataven approach to localize failure sources, reduce

investigation time and expedite remediation efforts.

1.5. Research Objectives

This research has the following objectives:

OBJ1: Quantitatively evaluate whether statistically sampled wafer fabrication and
chip test measurements can be accurately reconstructed to improve existing sampling

strategies.

OBJ2: Identify and quantify spatiotemporal correlations between wafer
fabrication measurements and clepel test measurements, assessing their predictive

strength for identifying sources of fabrication excursions.

OBJ3: Assess the accuracy and limitations of the current chip sampling

methodology, quantifying its predictive reliability for wafer yield.



1.6. Questions And Hypotheses

This research investigates the correlation of wafer fabrication and chip test

measurement to localize sources of yield failures. The research questions are as follows:

RQ1: Can the missing 30% of parameter measurements from wafer fabrication

and chip test be accurately imputed without distorting the underlying data distribution?

RQ2: Are wafer fabrication measurements spatially and temporally correlated

with chip test measurements?

RQ3: How effectively does the current chip sampling methodology predict wafer

yield?

To address these questions, this research quantitatively evaluates data
reconstruction methods, spatiotemporal correlations, and sampling efficacy within the

context of this dimensional disparity.

H1: Reconstructed wafer fabrication measurements will not statistically differ

from observed measurements in distribution and central tendency, as validated by

C«

KolmogorovSmirnov (K-S) and ManAWh i t ney U ( MW) tests (

H2: Reconstructed chip test measurements will not statistically differ from
observed measurements in distribution and central tendency, as validated by

Kolmogorov+Smirnov (kS) and ManAiwh i t ney U ( MW) tests (U

H3: Spatial and temporal clustering of chip test outliers will identify fabrication

excursions with 80% accuracy.



H4: Imputing missing measurements using algorithmic computation will detect

excursions in fabrication processes with 80% accuracy.

H5: Spatiotemporal correlations between wafer fabrication and chip test

measurements will identify fabrication excursions with 80% accuracy.

H6: The current wafer fabrication yield prediction methodology results in an

estimation error exceeding 20%.

1.7. Scope

This research focuses on PLC fabrication processes in SMB environments. The
methodologies developed are intended to be broadly applicable to other domains that
encounter similar dimensional measurement constraints, particularly where increasing
measuremerftequency is constrained by cost or time. This research explicitly excludes
hardwarelevel metrology innovations, direct modifications to fabrication processes, and
capitatintensive interventions such as expanded physical measurement infrastructure or

advanced automation systems.

The PLCs examined in this research are Coarse Wavelength Division
Multiplexing (CWDM) devices, which divide optical signals into multiple closely spaced
wavelength channels, each carrying distinct data. These devices are especially susceptible
to cumulative fabrication variations, as their functionality relies on precise control of
optical path lengths through configured delay lines (Xing, Dong, Khan, & Bogaerts,

2022).



1.8. Limitations

This research relies on data from a single PLC fabricator, where process
conditions, measurement protocols, and operational challenges may differ substantially
from other fabrication environments. It focuses on one product line alefimed 18
month period, which may limit applicability to other product variants or manufacturing
intervals. Additional constraints include variability in measurement quality, evolving
fabrication conditions, and the selective nature of statistical sagn@isa result, while
the methodologies and insights presented offer useful guidance, they should be adapted to

suit different fabrication contexts, product lines, and operational conditions.

1.9. Organization of Praxis

This research praxis @ganized into the following chapters: Chapter 2 provides a
literature review covering sources and classification of variance, imputation ef high
dimensional data, temporal correlation, and tse&es clustering. Chapter 3 outlines the
research methodolggincluding domain investigation, data collection and preparation,
imputation, spatiotemporally correlated time series, and yield prediction. Chapter 4
presents the results without interpretation. Chapter 5 details the findings, outlines the
conclusionsgiscusses contributions to the body of knowledge, and offers

recommendations for future research.



Literature Review

2.1. Introduction

The objective of this research is to evaluate whether spatial and temporal
correlations between PLC wafer fabrication (WF) and chip test (CT) measurements can
be leveraged to identify sources of yield loss in SMB fabrication environments. This
literature eview examines four technical domains relevant to this objective: (1) sources
and classifications of variance, (2) imputation techniques fordhigiensional datasets,

(3) temporal correlation analysis, and (4) tisexies clustering methods. Each domain
informs the research methodology supporting three primary questions: (RQ1) Can
missing parameter values be accurately reconstructed? (RQ2) Are fabrication and test
measurements spatially and temporally correlated? (RQ3) Do current sampling methods

constrainyield prediction?

2.2. Sources And Classification of Variance

The ability of a fabricator to improve yield is closely linked to its capacity to
rapidly identify and eliminate sources of variation (Cunningham, Spanos, & Voros,
1995). These variations can occur physically, temporally and spatially, either distinctly or
in combination. External factors must also be considered, including ambient temperature,
relative humidity, process variation, and equipment aging (Zheng et al., 2019). SPC
controls for these variations by monitoring parameters that serve as proxfesstor t
sources of variation and constraining these variations within the expecttsrmm
range (Spanos, 1991). Fabricators that invest in identifying the underlying causes of low
yield achieve better performance outcomes than those that do not (Cunmji@genos,

& Voros, 1995).



Variation in fabrication is classified as either within or betweeafers andccurs
either systematically (repeatable) or stochastically (random) (Spanos, 1991). The cross
product of these creates four classifications specific to wafer fabricationwiates
systematic® ), intradie systematicdd) ), intrawafer randomd@ ), and intradie
random ({ ) (Xing, Dong, Khan, & Bogaerts, 2022). Physical processes that introduce
systematic variations (e.g., chemical vapor deposition) across a wafer are classified as
@ ; when they impact multiple wafers they are classifiedas These variations
result in baseline yield losses characterized by stationary distributions until changes are
made to mitigate (Leachman & Ding, 2011). Stochastic variatibns @ndw ) can
| ead to fideadlyo excursions thalteaarlegyonot det
excursions that are detected byprocess measurements (Leachman & Ding, 2011).
These types of variations emit temporal signatures which are central to Research

Obective 2 (OBJ2) and Research Question 2 (RQ2).

2.2.1. Physical

Foundational principles of light propagation, refraction, polarization, and optical
multiplexing InPLCsar e det ai | e dFundamer@disrofiOpticallatioodgraplsy
(Mack, 2012) and Fudamentals af OpticalWaeegum@amroso,
2005). These works establish the theoretical basis for interpreting optical test
measurements in PLC devices, including crosstalk (AX);adjacent crosstalk (NAX),
polarizationdependent loss (PDL), transverse electric and magnetic modesM,E/T
insertion bss (IL), ripple (RP), refractive index (RI), and passband (PB). Their
application informs the relationship between physical design parameters and expected

measurement behavior in fabricated photonic circuits.



Physical variations and their correlation to measurements is extensively studied in
research. There are measurable correlations between physical fabrication parameters
(e.g., waveguide geometry, layer thickness) and optical test characteristics (&, IL,
NAX, PDL) in PLC fabrication processes (Rauch, 2001). These physical variations and
their impact on yield inform domain understanding and analysis of measurement

correlation in PLC fabrication.

Physical parameters such as waveguide width, etch depth, refractive index (RI),
and deposition thickness are known to affect chip performance, including spectral
response and signal integrity (Rauch, 2001). Variations in waveguide geometry (width
and thickess) directly influence PB characteristics, AX and NAX performance, with
studies showing that even nanometeale deviations (1 nm = 0.001 um) can cause
observable spectral shifts (Bulthuis, 2022). Deviations in waveguide fabrication alter the
transit tme and phase of photons-ohip, originating from local etch chemistry, imaging
errors, wafer bow, resist spin inconsistencies, and depositieaniformities (Bulthuis,
2022). Highindexcontrast waveguides are particularly sensitive to sidewall roughnes
and waveguide width fluctuations; such imperfections can introduce phase and increased
AX, NAX, and TX (Martens et al., 2015). Namiformity in layer thickness or etch
depth across a wafer causes fluctuations in effective RI, shifting arrayed waveguide
grating (AWG) channel wavelengths and distorting the PB shape, thereby narrowing the
1 dB/3 dB bandwidth (Han, Robin, Gervais, Ménard, & Shi, 2022). Further, Han, Robin,
Gervais, Ménard, & Shi, 2022 demonstrated that process variations in wafer thickness,
etch depth, waveguide width, and RI lead to changes in waveguide effective index,

introducing response uncertainty in photonic devices.
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2.2.2. Temporal

The fabrication of a PLC wafer is a series of sequential s@pprogressing
from an initial stated ; ) to a final productd ), accumulating systematic and
stochastic variation$ () at each step. These temporal variations accumulate during
fabrication, degrading chip performance and increasing yield losses (Xing, Dong, Khan,
& Bogaerts, 2022). Fabrication systems generate extensive temporal, spatial, and
multivariate measurementsdetect these accumulating variations (Zhang et al., 2018).
Excursions, stochastic variations, and long cycle times increase the volume of wafers

exposed, resulting in yield losses (Leachman & Ding, 2011).

Outliers (i.e., excursions) arise as a consequence of a temporal or continuous
anomalous behavior of a system. They can be classified as unexpected spikes, drops,
trend changes, and level shifts (Hanni, 2020). The classification of outliers, as detailed by
Tsay, 1988, are temporal signatures for detecting episadic Y events in wafer
fabrication. An additive outlier (AO) is characterized by a single observation that
deviates markedly from the datads typical ra
thereafterWhereasan innovational outlier (I0) arises when an event occurs (e.g.,
excursion) that affects the current observation and subsequent observations. This event
can either be transient (TC) or permanent (LC). The objective of this research (OBJ3) is
to identify s@tiotemporal correlation changes as excursion signatures, speciically

innovation outliers (10) that are either transient (TC) or permanent (LC)

2.2.3. Spatial

Process variations can be classified into three types: loedgipandent, layout

dependent, and random effects. Locatiboe pendent effects are influ
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position on the wafer; layoutependent effects arise from translating circuit schematics
into physical mask layouts; and random effects occur independently of spatial or layout
factors (Xing, Dong, Khan, & Bogaerts, 2022). Defective chips often formedlpati
correlated clusters, revealing procésduced deviations such as lithography
misalignment, etch neaniformity, or localized contamination events (Taha, 2023). The
propagation of systematic errors is influenced bydésaceson the wafer and its

proximity to neighboring devices (Xing, Dong, Khan, & Bogaerts, 2022). This spatial
dependency introduces multicollinearity into wafer datasets, as adjacent regions tend to
exhibit correlated deviations. Such multicollinearity complicates the identification o
independent defect sources and must be addressed in downstream modeling and

correlation analysis.

2.3. Excursion Detectiorand Remediation

Excursions are identified when failure rates increase above control thresholds
(Leachman & Ding, 2011). Defect detection is critical for maintaining production yield in
chip fabrication; however, traditional manual inspection methods are resoteusive
and often lack the precision required for consistent defect detection (Taha, 2023). Data
driven control strategies (i.e.,-process measurements and control charts) are used for
statistical process monitoring and variance detection (Spanos, 1991).timaova
approaches for extending-gitu testing of intact wafers extend techniques while reducing
the associated costs (Yadav et al., 2024). Once an excursion is detectedyfollow
engineering investigations often lead to identification of the root caussudntsequent
modifications to equipment or process parameters to prevent recurrence (Leachman &

Ding, 2011).
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Research into defect remediation targets both measurdrased identification
and processpecific interventions. Fabricatioafinement can be achieved by optimizing
individual steps or by deploying advanced, though often expensive, fabrication tools
(Xing, Dong, Khan, & Bogaerts, 2022). The performance of circuit building blocks can
be enhanced under imperfect fabrication cbons to reduce yield degradation (Yadav et
al., 2024). Design adaptations can increase tolerance to variability without altering
existing fabrication protocols (Xing, Dong, Khan, & Bogaerts, 2022). Physical and
virtual measurement methodologies can beagged or refined to improve detection of
fabrication variance and decrease the time required for remediation (Kim, Kim, & Kim,

2020).

2.4. Imputation of High-Dimensional Data

Missing data mechanisms are classified into three categories relevant to this
research: Missing Completet Random (MCAR), Missingt Random (MAR), and
Missing Notat Random (MNAR). MCAR occurs when the likelihood of missingness is
independent of both observed and unobserved data (i.e., all cases have an equal
probability). MAR applies when the probability of missingness is related to groupings
within the observed datand is generally the initial assumption for most modern
imputation approaches. In coast, MNAR refers to cases where missingness depends on
unobserved data in ways that cannot be explained by the observed variables (van Buuren,

S., 2018).

A central challenge in missing data imputation lies in utilizing the available
Afobservedo entries to i nfer -otdéreorrelatiomd ser ved o

and dependencies within the dataset (Chen, Yang, & Sun, 2020). Missing values that are

13



clustered or follow a specific pattern may impact the effectiveness of imputation methods
and simple approaches like mean and median can result in biased estimates and
underestimation of standard errors (Alwateer, AtlarREbuf, Ghoneim, & Gad, 2024).
Effective imputation requires the modeling of complex spatial and temporal dependencies
to accurately reconstruct missing entries (Chen, Lei, Saunier, & Sun, 2021). The
objective of imputation is not only to estimate missing values (predictive accuracy) but
also to enable valid inference from incomplete data (inferential accuracy) (Thurow et al.,

2021).

No single imputation method is universally optimal; the most suitable approach
depends on the specific research question being addressed (Thurow et al., 2021).
Selecting the appropriate method based on the data characteristics and domain is required
to acheve the best possible results (Pereira, Abreu, Rodrigues, & Figueiredo, 2024). The
choice of imputation methods must be informed by the specific characteristics, analytical
objectives, and mechanism of missingness (Alwateer, AtlasRaBlUf, Ghoneim, &

Gad, 2024). Imputation methods should preserve the statistical characteristics of the

original dataset, including both the underlying distributions and thevatable

relationships (Alwateer, Atlam, BRaouf, Ghoneim, & Gad, 2024). Imputation methods

shauld preserve the multicollinearity, including location, variance, and correlation among
variables, as well as the datasetoés distribu
shape (Thurow et al., 2021). Distribution preservation is the core objetiR@1y H1,

and H2.
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2.4.1. Methods

Traditional statistical imputation methods (e.g., mean, last observed value,
median) and time series models (e.g., autoregressive integrated moving average) have
historically been employed to replace missing values with statistical estimates (Wang et
al., 2024). These lowdimensional methods are deterministic, computationally efficient,
and widely adopted due to their ease of implementation (Alwateer, AtlaRadilf,
Ghoneim, & Gad, 2024). These imputation methods often assume that data follows a
specificdistribution (e.g., normal distribution), and deviations may cause imputed values
to not be representative (Alwateer, AtlamsRdouf, Ghoneim, & Gad, 2024). They also
assumdow dimensionalitywhere the number of covariateg | is fixed or grows slowly
relative to the number of unit€(), facilitating theoretical approximations such as the
Laws of Large Numbers and the Central Limit Theorem (Johnstone & Titterington,
2009). Whereas in higtimensional datasets the number of covariatg} €éxceeds the
number of units € ) (Brini & Heuvel, 2023), and including all variables in an imputation
model is often computationally infeasible and statistically unstable (Deng, Chang, Ido, &

Long, 2016).

Dimensional reduction techniques, such as matrix factorization, are often used to
overcome the challenges of inputting missing higinensional data (Brini & Heuvel,
2023). The Probabilistic Principal Component Analysis (PPCA) model assumes data are
generged by a few latent variables with Gaussian noise and uses the expectation
maximization (EM) algorithm to infer the principal components, filling in missing values
in a way that maximizes data likelihood (Tipping & Bishop, 1999).-8oftute

iteratively peforms truncated Singular Value Decomposition (SVD) on the incomplete
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data, shrinking the singular values of a matrix toward zero, to smooth out noise and
prevent overfitting (Mazumder et al., 2010). While these methods are effective, they are
invariant to the spatial, temporal (Chen, Lei, Saunier, & Sun, 2021), and complex

patterns present in these additional dimensions (Lyu et al., 2024).

Tensor completion extends lesaink approximation techniques to multi
dimensional arrays (tensors), enabling the preservation of intrinsic data structures such as
space x time x variable configurations through mahily low-rank assumptions (Liu,
Musialski,Wonka, & Ye, 2009). Unlike matrix factorization, which flattens data into two
dimensions, tensor models maintain the higireler format and extract latent
components across each mode of the tensor (Acar, Kolda, Dunlavy, & Mgrup, 2010).
Tensorbased methas, including CANDECOMP/PARAFAC (CP) and Tucker
decomposition, enable expressive modeling by decomposing data into structured
components tailored to multidimensional relationships (Rabanser, Shchur, &
Gunnemann, 2017). These approaches have been shoelivés dccurate imputations
even with high missing rates (e.g., 70%) by leveraging the multilinear interactions among
modes (Chen, Yang, & Sun, 2020). When applied to spatiotemporal data, tensor
completion outperforms matrzased alternatives by preseryicorrelations across time,
space, and variables, making it especially suitable fortigiensional and structured

datasets (Chen, Lei, Saunier, & Sun, 2021).

Multiple imputation (M) is generally accepted as the most effective method for
imputing missing data (van Buuren, S., 2018; Brini & Heuvel, 2023). Ml techniques are
categorized as Multivariate Normal (MVN) models and Multivariate Imputation by

Chained Eqations (MICE) models (van Buuren, 2018). MVN models assume that data
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follows a joint normal distribution, estimating missing values by sampling from a
conditional multivariate normal distribution derived from the covariance structure of the
observed data (van Buuren, 2018). This assumption enables MVN models to estimate
missing values using the inteariable relationships encoded in the covariance matrix of
the observed data. MICE models, in contrast, impute missing values through a sequence
of regression models, where each variable with missing entries is modeled cahdition

the others (van Buuren, 2018). Unlike the-pass approach of MVN, MICE iteratively
cyclethrough the variables, fitting regression models appropriate to the data type and
distribution of each variable. Both MVN and MICE depend on learning-ireeable
relationships from the observed data. However, wheng, the available data is

insufficient to reliably estimate these relationships; the covariance matrix becormes non
invertible or poorly conditioned, thereby limiting the ability to estimate inéerable
dependencies accurately (Ledoit & Wolf, 2004). Imputing data with hierarchical
dependencies and temporal autocorrelation remains a recognized challenge, not because
multiple imputation is theoretically unsuited, but because these structuralesatiepl

hinder its practical application (van Buuren, S., 2018).

Hot deck imputation replaces missing values with observed values from similar
cases, thereby preserving the distribution (Alwateer, AtlarRdeluf, Ghoneim, & Gad,
2024) . Hot deck methods rely on predefined
may be ampled with or without replacement during imputation. These approaches do not
involve model estimation and are generally less affected by model misspecification
compared to parametric methods such as regression imputation (Andridge & Little,

2010). The bas form, random hot deck imputation, draws replacement values from the
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complete set of observed measurements within the same group (Andridge & Little, 2010).
A standard extension incorporates a proximity criterion (e.g., temporal) to restrict the
donor pool to contextually similar records. Hot deck imputation remains prédaiero

its use of empirical values and the ability to integrate covaleatd constraints in donor

selection (Andridge & Little, 2010).

Predictive Mean Matching (PMM) is categorized as a hot deck technigue in which
imputation values are drawn from complete cases that exhibit minimal distance from the
predicted mean of the incomplete case (van Buuren, S., 2018). One drawback of PMM is
the endency for identical donor values to be selected repeatedly, a condition that
becomes more pronounced when datasets have limited sample sizes or when missingness
exceeds the count of observed measurements (van Buuren, S., 2018). A simulation
analysis by Mrshall, Altman, Royston, & Hold€2010 suggested that PMM may be the
most appropriate multiple imputation method when data are not characterized as MNAR

and missingness levels remain below 50%.

Complex imputation models should be decomposed into simpler components and
imputed with less complex methods when they produce valid outcomes (van Buuren, S.,
2018). These findings suggest that hot dieaked imputation strategies offer the most

promise fo handling temporally and hierarchically structured missing data.

2.4.2. Evaluation

Evaluating the performance of imputation methods is essential for ensuring that
the imputed data retains the structure and statistical properties of the original dataset
(Alwateer, Atlam, EIRaouf, Ghoneim, & Gad, 2024). This is commonly tested using the

Kolmogorov Smirnov (K-S) and MannWhitney (MW) tests, which assess whether two
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independent samples come from the same population and have similar distributions
(Ozcomak et al., 2013). The-& test compares the cumulative distribution functions of
the original and imputed samples, detecting differences in central tendency, dispersion,
skewness, and kurtosiSt{eskin 2000). The MW test focuses on central tendency by
ranking all values across two independent samples and comparing the distribution of
thoseranks:reducing the influence of outlierSijeskin 2000). Together, they support
evaluation of whether imputed data differs meaningfully from the original distribution

(Sheskin 2000).

2.5. Temporal Correlation

Monitoring the covariance among multivariate parameters is esseantial
statistically controlled systems because control mechanisms designed to stabilize
variables at fixed levels may inadvertently alter the taterable correlation structure
(Weix, Cath, & Hering, 2024). Multivariate Statistical Process Monitoring (MSPM)
techniques are designed to evaluate system performance in real time using multivariate
data; however, these methods often assume independence among variables, making them

less applicabléo time-series data (Weix, Cath, & Hering, 2024).

The Pearson produahtoment correlation coefficienti () is a descriptive
statistical measure that quantifies the degree to which a linear relationship exists between
two variables. The sign éfindicates the direction of the linear relationship, where a
positive value denotes a direct relationship and a negative value denotes an inverse
relationship. The absolute valueiof 9 S) represents the strength of the linear
relationship, enabling prediction of a criterion variable)(based on a predictor variable

(®) (Sheskin 2000).
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Extended to time series, Pearsonds coef fi

relationship between two time serigs @M Kb andf &M K of equal length,
with values exceeding 70% typically indicating strong correlation (aligned with H3).
Correlation values in time series are dynamic and evolve asvati@ble relationships
shift, necessitating the use of a moving window to capture tteseyes accurately. This
non-stationary behavior results in a broad spectrum of correlation values, with similar

temporal patterns appearing intermittently or only over limited intervals (Hanni, 2020).

2.6. TimeSeries Clustering

Clustering is among the earliest methods in unsupervised machine learning (ML)
and has been demonstrated to effectively reveal latent structure within raw data
(Paparrizos et al., 2024). Most clustering algorithms operate iteratively and rely on a
predefired criterion to determine when a clustering solution has been reached, thereby
guiding the termination of the iterative process (Liao, 2005). When extended o time
series data, clustering is utilized to identify frequent and episodic patterns (Aghabozorgi
et al., 2015). Effective implementation of tireeries clustering requires a detailed
understanding of datasspecific characteristics and the selection of appropriate
similarity metrics (Liao, 2005). Timseries clustering involves applying a clustering
algorithm to group unlabeled data, with algorithm selection influenced by both the
characteristics of the data and the intended analytical objectives (Liao, 2005). Clustering
of multivariate timeseries enables identification of recurring temporal patiérmsever,
the detection and interpretation of these patterns become increasingly complex in high

dimensional datasets (Hallac, Vare, Boyd, & Leskovec, 2017).
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2.6.1. Methods

K-Means iteratively applies Euclidean distance (ED) to compute the proximity
between each data point and all centroids for cluster assignment, partitioning data into
groups that maximize inteduster similarity while minimizing intraluster similarity
(Paparrizos et al., 2024). The algorithm begins with arbitrarily selected initial cluster
centroids, iteratively assigns data points to the nearest cluster, updates the centroids based
on current assignments, and repeats until the objective function conyerge 2005).

The performance of #Means deteriorates in higlimensional timeseries contexts due

to the sensitivity of ED to temporal distortions such as shifts and scaling (Paparrizos et
al., 2024) and its assumption of spherically shaped clusters{2020). Defining

weight vectors consistently across uneegaabth series complicates the effective use of
K-Means clustering (Liao, 2005). Statistical sampling can create these types of ragged

series due to temporal gaps in measurements.

Dynamic Time Warping (DTW) extends classical sequence comparison
algorithms by enabling the alignment of sequences with continuous values. This enables
nortlinear mapping between time indices (Liao, 2005). DTW uses an elastic measure to
find an optimal waping path that minimizes the total distances between sequences
(Paparrizos et al., 2024ndidentifies the optimal alignment between series by-lirear

temporal compression or expansion to minimize the cumulative distance (Hanni, 2020).

Agglomerative clustering, a hierarchical distah@sed method, constructs a
dendrogram by initially treating each time series as an independent cluster and
successively merging the most similar cluster pairs based on a selected distance metric

(Liao, 2005. Hierarchical algorithms offer the advantage of not requiringspeeified
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cluster counts and can accommodate time series of varying lengths using appropriate
distance measures (Paparrizos et al., 2024). However, their merge/split mechanism
renders them less suitable for laigmale datasets and relatively inflexible, often
necesitating integration with other algorithms to achieve efficient clustering

performance (Aghabozorgi et al., 2015).

Gaussian Mixture Models (GMM), a probabilistic metdelsed approach, assume
that all data points are generated from a finite set of Gaussian distributions, each
representing a cluster, and learn these distributions accordingly (Hanni, 2020). This
methodues an EM algorithm to estimate the maxir
cluster membership in cases of incomplete data (Morad, 2020; Dempster, Laird, & Rubin,
1977). GMMs are sensitive to parameter initialization and often require multiple runs to

convergeon an adequate solution (Hanni, 2020).

2.6.2. Evaluation

Time-series clustering is a technically demanding task, particularly when
temporal distortions are not easily minimized (Paparrizos et al., 2024). Evaluation of
clustering quality and performance is inherently dorsgiecific and subjective in the
absencef labeled data (Aghabozorgi et al., 2015). The number, size, similarity of
clusters, and identification of outliers, depend heavily on the specific goals and
constraints of the clustering task (Aghabozorgi et al., 2015). Standard evaluation
methods, suchs external indices that rely on class labels or internal metrics like Sum of
Squared Errors (SSE), are widely used to assess clustering performance (Aghabozorgi et

al., 2015).
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The objective of this research (OBJ2) is to identify spatiotemporal correlations
between wafer fabrication and test measurements in the absence of labeled data. Unlike
studies that evaluate cluster validity based on time series similarity or dissimitasty,
work does not assess clustering accuracy using traditional metrics. Instead, the clustering
process is guided by the goal of generating the smallest number of clusters that contain
the largest number of series, exhibit minimal internal variancegd@prand include the
fewest outliers. While optimizing clustering configurations could be an independent area

of study, clustering in this context serves a functional role in excursion localization

2.7. Summary And Conclusion

Research on manufacturing optimization tends to focus on caypgakive HVM

environment s, which accumul ate Atrillions

data increments in petabyte | evelso (Zhai,

HVM environments produced 100,000 wafer starts per week (14,285 daily), with
corresponding costs of approximately $5.4 billion (Bauer et al., 2020). In contrast, SMB
fabricators, such as the one examined in this study, operate at a scale of 500 to 1,000
wafe starts peweek:frequently relying on older seraiutomated tools and human

operators due to financial or infrastructural constraints.

These fabricators operate under constraints including limited data availability,
manual operations, and fragmented monitoring systems. They need virtual measurement
approaches that enhance their ability to localize excursions and mitigate losses from
unre®lved excursions in the fabrication cycle (Leachman & Ding, 2011). This research

addresses these limitations by applying spatiotemporal measurement correlation and
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clustering methods to reveal latent failure patterns without requiring labeled data or

additional measurements.

While prior literature has addressed various aspects ofdries clustering and
yield enhancement, no studies were identified that systematically construct rolling,
pairwise correlation timseries between fabrication and test measurements specitaally
localize excursions. Unlike traditional applications that evaluate correlation between
compl ete time series, this approach computes
wafer fabricatiofWF) and chip test (CT) spatial measurements at each tireg uging
the preceding values. This produces a spatiotemporal correlation series where
variations indicate the likelihood of excursions. Clustering these series to identify
multicollinearity relationships to isolate excursion events remains underexplored,
particularly within thke context of SMB PLC fabrication. These gaps underscore the need
for research that incorporates temporal and spatial correlation analysis tailored to

excursion detection in resourcenstrained fabrication environments.

24



Methodology

3.1. Introduction

This methodology is organized into five sections: domain investigation, data
transformation and analysis, data imputation, spatiotemporal correlation, clustering, and
yield estimation. Domain investigation established the context by examining the
fabricaton environment, process flows, tooling, product architecture, and the principles
of optical lithography and planar lightwave circuits. This foundational knowledge is used
to guide the integration of heterogeneous data sources, identify potential sources of
variance, inform imputation strategies, and define the structural relationships between
waferlevel parameters and chipvel outcomes relevant to correlation and yield analysis.
The data transformation and analysis seabigtline the extraction and transformation of
data from the production execution and analytics systems, including the development of
pipelines for feature engineering, spatial mapping, and the temporal alignment of
fabrication and test operations. Data imputatiescribes the methodsadsto reconstruct
missing parameter measurements across both wafer fabrication (WF) and chip test (CT)
datasets. This is followed by a section on spatiotemporal correlations that discusses
construction of pairwise timseries, temporal correlation, serggstering, and excursion
event labeling based on the WF and CT datasets. The final section addresses the

methodology for evaluating current wafer yield prediction practices.

3.2. Domain Investigation

The fabrication process, associated systems, and datasets were examined through
a combination of empirical analysis, expert consultation, site inspection, and literature

based validation. Interviews were conducted with fabrication process engineers, system
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developers, and executives to contextualize both syleeshand processpecific

constraints. A multday onsite visit was conducted at the photonic chip fabrication

facility in Fremont, California. During the visit, cleanroom operations were directly
observed, including wafer processing and metrology procedures, tool calibration
protocols, and environmental controls. This included a detailed review of wafer and chip

measurement procedures in collaboration with process engineers.

This investigation supported the modeling of the wafer fabrication process and
associated data flows. It was used to analyze discrepancies between measured and
derived features (e.g., substrate wafer thickness), guide feature selection (e.g., exclusion
of scratch and particulatelated features), and evaluate results. The feasibility of
proposed research approaches and machine learning (ML) models was assessed by
evaluating the coverage of WF measurements relative to the complete fabrication process
and icentifying sources of variance not captured. The availability and completeness of
missing measurements (e.g., trimming adjustments, equipment calibration, and
environmental factors) were reviewed for inclusion in the research. The complete
process, includip assumptions, data gaps, and findings, were reviewed with data
scientists, process engineers, and executives. This collaborative review helped refine the

research direction, data selection, and methodology.

3.3. Data Transformationand Analysis
3.3.1. Extractand Transform

A data asset pipeline was developed using a Dagster (Elementl, 2024) to extract

and shape wafer fabrication (WF) and chip test (CT) measurementadaee ). WF

measurements were sourced from the companys
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(MES) and CT measurements were sourced from the Data Analytics System (DAS).
These assets were transformed in distinct pipelines, with integrated reporting, and then
crossfiltered to the same set of wafers. The generated datasets were used in downstream

pipelines (e.g., imputation and correlation) to meet the research objectives.

L

MES
(source system)

Imputation
. Transform, Clip » Feature
Ingest & Merge Engineering Filtering
< Time Series

Correlation

L

DAS
(source system)

Transform, Clip | Feature Filtering

Ingest & Merge Engineering

Filter Filter

Figure 1. Extract and Transform Pipeline

Chip testing evaluates each product against an average of 10 specifications,
defined by customer segment tolerances. A single target specification was selected in
consultation with the Fabricator, which was used to filter the CT measurements. The
selectedand filtered specifications were not retained in the dataset. The chip results
dataset (CR) records binary pass/fail specificatiependent outcomes, reflecting the

target performance characteristics of the device.

Datasets were integrated, cleaned, and transformed into a standardized format
comprising thedate_idx and the primary featuresiafer_name , parameter , and
parameter_value . Spatial measurements for Wiiafa_left |, data_top
data_center ,data_bottom ,data_right )and CT ¢hannel_ %o channel 3
were included, with their means storegarameter_value . Statistical measures

initially provided by the data source were recomputed locally to ensure numerical
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consistency. Spatial measurements and their averpgestieter_value ) are

collectively referred to as value measurements.

Column names containing special character
to standardized formats (e.g., replacipwith _delta ). Spaces were replaced with
underscores, and timestamps were standardized. The final consolidated dataset,
containing both ITU (relative to ITU specifications) and SELF (relative to individual chip
characteristics) measurements, was created by concateatifperwafer JISON files
into a single Pandas data frame. All SELF measurements were filtered from the final

dataset.

All date columns were converted to a numeric date indate(idx ),
calculated as the number of days between an event date and anchor date. The anchor date
set at the publication date (31 January 1987) of the paper by Soref & Bennett, 1987 that is
considered the birth of silicon photonics (Siew et al., 2021). All aakexi fields will be
referred to as dates in this research. Minimum and maximum dates were calculated per
wafer (vafer_name ) andadded asnin_date_idx andmax_date _idx features.
Inconsistencig in timestamp data from MES were resolved by selecting the earliest

recorded date for each record.

Thechip_location feature was constructed by conc
with the row value and 6C6 with the column v
reporting. The originalow andcolumnparameters were retained in the dataset to support

faster indexing and computation.
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3.3.1.1. Descriptive Statistics

Statistics were computgaie- and posiclipping for the WF and CT datasets for
each parameter usimympyandscipy. Central tendency was calculated usipgmean
andnp.median . Dispersion was quantified usimg.std for standard deviation and
np.percentile for quartilebased metrics, including the first quartile (25th
percentile), third quartile (75th percentile), and interquartile range (IQR). Additional
metrics computed included coutérf ), minimum @p.min ), maximum Qp.max ), and
coefficient of variation (CV), derived dap.std/np.mean)*100 , Where the mean
was norzero. All statistics were computed after excluding-nameric and missing

values.

Kurtosis was used to quantify the frequency of extreme values and was computed
usingscipy.stats.kurtosis with its default configuratio
definition fisher=Trug. Under this definition, kurtosis is expressedasess kurtosjs
where a value of 0 corresponds to the normal distribution. Positive values indicate
heavier tails (leptokurtic), implying increased potential for outliers; negative values
indicate lighter tails (platykurtic), suggesting reduced likelihood of outliens. F

implementation details, see the SciPy documentation (https://docs.scipy.org).

Skewness was used to evaluate distribution asymmetry and was calculated using
scipy.stats.skew with default parameters. A skewness of O reflects a symmetric
distribution, while positive and negative values indicate right and left skew, respectively.
Absolute values greater than 1 are generally interpreted as highly skewed. For further

details, se¢he SciPy documentation (https://docs.scipy.org).
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The datasets, WF and CT, were clipped using a 1.5 x interquartile range (IQR)
threshold. Descriptive statistics were recomputed-plggbing and compared to pre
clipping values to assess the impact of outlier removal on the distribution shape and
spreadHistograms with 30 bins and overlaid Gaussian kernel density estimates (KDE)
were used to visualize the distribution shape and assess its modality. Box plots, generated
before and after clipping, provided a fdpwn perspective to support visual evaluatbn

distributional changes and shifts in central tendency.

Comparison histograms of CV, skewness, and kurtosis were created to evaluate
the distribution of these parameter data. Each measure was plotted as a histogram using
20 bins, with a vertical red dashed line indicating the median value of the distribution.

CV and skewness were plotted on linear scales using their raw values. Kurtosis, which
ranged from approximately 100 to over 600,000 across six orders of magnitude, was

t ransf or me(kurtasis # 1) tg actommodate its extensive range.

3.3.1.2. Scoping

WF measurements were scoped to the CWDM product and associated core
wafers, which are shared across multiple product lines. The product fabrication lifecycle
of a wafer consists of three phases: core, product, and testi(foee 3. Wafers
transition from the core phase to a proespecific state at lithography
(operation_id = 420 ). The initial dataset included a singleoduct_name
column that conflated core and product labels, encompassing wafers that would and
would not become part of the CWDM produthese labels were separated into
temporary features, and the prodapecific label was baegropagated to the

corresponding core records. The resulting mixed dataset was analyzed and subsequently
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crossfiltered with CT to produce the raw dataset, after which the temporary features

were removed.

Figure 2. WF Measurement- Product Fabrication Lifecycle
3.3.2. Feature Engineering

3.3.2.1. Categorical

Hi

i

Core Span
(p=15.9)

(p=8.1)

Inventory Span

Product Span

(n=4.9)

Total Span
(n=28.9)

A hierarchical structure was implemented to support the aggregation and

sequencing of measurements. An aggregatameter_category

feature was

defined to group parameters representing similar wafer characteristics (e.g., thickness).

This parameter grouping was used to renparameteralues by removing equipment

identifiers and outdated process descriptors, standargiarggmeter_category as

the terminal element (e.gfCO_THK_F50renamed to

POST ETCH_LAYER_THICKNESS
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WF measurements were collectad® operationseach identified by a unique
operation_id . These operations were addedperation_layer and grouped as
lower cladding, core, lithography, etching, top cladding, and capping. Astheneter
field lacked an inherent sequence within each operational step, an ordering was
established by calculating the peafer parameter sequence and assigning the median

positional rank across all wafers to frerameter_order  feature.

3.3.2.2. Calculated

Wafer fabrication (WF) measurements contain wafer and layer thickness
parameters that track the changes during fabrication. These parametersxdueeaot
full thickness measures (POST_HM_WAFER_THICKNESS,
POST_CAP_WAFER_THICKNESS), specific layer measurements
(PR_LAYER_THICKNESS), and measurements based off an underlying and
unmeasured substrate layer (TOX_LAYER_THICKNESS,
POST_ETCH_LAYER_THICKNES). They contain a mixture of both singular and
spatial measurements. These measurements enable fabrication control at specific points,
yet do not represent the complete transitgde,which are potential sources of

variation.

Wafer fabrication (WF) thickness features were engineered to isolate sources of
variance by calculating and imputing the derived measures. These measurements were
constructed in sequential operations, progressively calculating the values. The
methodology ér engineering these features adhered to three principles: (1) broadcast
single measurements to all spatial features to align with fabrication assumptions (2)

extract a measurement only if it can be systematically differentiated (3) set the date_idx
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to the source measurement for single sources and between sources using domain

knowledge for multiple sources.

These engineered feature calculations were forward and backward calculated,
then compared to the ground truth data. The deltas were inserted to account for unknown
variance. These were then spatially and temporally analyzed for consistency 3Figure

summarizes the derived features and formulas applied.

feature formula
0 CALC_POST_CAP_WAFER_THICKNESS SUBSTRATE_WAFER_THICKNESS + POST_CAP_LAYER_THICKNESS
1 CAP_LAYER_THICKNESS calc POST_CAP_LAYER_THICKNESS - POST_TC_LAYER_THICKNESS
2 CORE_AND_TOX_LAYER_THICKNESS calc TOX_LAYER_THICKNESS + CORE_LAYER_THICKNESS
3 CORE_LAYER_THICKNESS_calc CORE_AND_TOX_LAYER_THICKNESS - TOX_LAYER_THICKNESS
4 ETCH_DEPTH_ calc POST_ETCH_LAYER_THICKNESS - PRE_ETCH_LAYER_THICKNESS_source
5 ETCH_LAYER_THICKNESS -ETCH_DEPTH
8 HM_LAYER_THICKNESS 0.11
T POST_CAP_CALCULATED_WAFER_THICKNESS POST_CAP_WAFER_THICKNESS - POST_CAP_CALCULATED_WAFER_THICKNESS_source
8 POST CAP_DELTA WAFER THICKNESS POST_CAP_WAFER_THICKNESS - POST_CAP_CALCULATED_WAFER_THICKNESS
9 POST_PR_LAYER_THICKNESS CORE_AND_TOX_LAYER_THICKNESS + PR_LAYER_THICKNESS
10 POST_PR_WAFER_THICKNESS POST_HM_WAFER_THICKNESS + POST_PR_LAYER_THICKNESS
11 POST_TC_WAFER_THICKNESS SUBSTRATE_WAFER_THICKNESS + TC_LAYER_THICKNESS
12 PRE_ETCH_LAYER THICKNESS POST_ETCH_LAYER_THICKNESS + abs(ETCH_DEPTH)
13 PR_SHRINKAGE_LAYER_THICKNESS PRE_ETGH_LAYER_THICKNESS - POST_PR_LAYER_THICKNESS
14 SUBSTRATE_WAFER_THICKNESS POST_HM_WAFER_THICKNESS - (CORE_AND_TOX_LAYER_THICKNESS + HM_LAYER_THICKNESS)
15 SUBSTRATE_WAFER_THICKNESS_bf (POST_CAP_WAFER_THICKNESS - POST_CAP_LAYER_THICKNESS) + (TOX_LAYER_THICKNESS - POST_ETCH_LAYER_THICKNESS)

Figure 3. WF Feature Engineering- Thickness Equations

A clusterseparated time series visualization of the inserted delta measurements
was constructed for temporal analysis. This visualization was generated by Gaussian
Mixture Model (GMM) clustering scaled measurement into groups of similar
measurements. Theimber of clusterggfoup_count ) and the rolling mean window
size were determined based on visual inspection of the distribution and the segmentation
of the series. Each data point was assigned to its corresponding cluster using Euclidean
Distance. Thesduster labels were used to segment the time series into distinct groups,
which were plotted as separate trajectories. For each cluster, both the raw measurements

(as scatter points) and a rolling mean trend line were included. Trend lines were rendered
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with 50% transparency to preserve visibility of the underlying point distribution while

differentiating cluster structure.

3.3.2.3. Spatial Region Mapping

A wafer region map was developed to assign spatially located chips
(chip_location ) to defined regions tested in fabricatiovafer_region ). After
establishing the initial mapping, the minimum and maximum number of measurements
per wafer and region were computed. This analysis identified wafers with minimal
regional coverage, including cases with only a single chip in the bottom region. To
address this imbalance, regional boundaries were adjusted to maximize chip coverage and
ensure that no region containeefo measurements. The finalized map was applied to the

CT dataset to generate tafer_region  feature.

Region shape influences pegion analysis, and the actual spatial regions exhibit
overlap. For instance, the left corner of the top region represents a spatial blend of the
left, top, and center regions. WF test regiwafer_region ) is a categoricalariable,
and fabrication does not record the specific locations of these measurements, which
constrained the feasibility producing a more granular mapping. Creating this granularly
mapping using interpolation, correlated chip locations or other methog®tsraial area

of future research.
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Figure 4. WF/CT Wafer Region to Chip Location Map

CT and CR measurements are stored in a jagged matrix structure aligned at the
top-left origin. Wafers have a circular physical geometry, resulting in spatial
misalignment of raw chip positions. This misalignment was corrected using a wafer mask
that offsetthe value of theowf eat ure to reposition chips acc
circular layout. When pivoted and transformed into a 2D tensor, this adjustment produced
a matrix that accurately reflects chip positions relative to their location on the physical
wafer, with NaN masking applied to invalid positions (Begire 4. While suitable for
spati al correlation analysis, this is not r
CWDM PLC wafer comprises 12 columns and 43 rows of rectangular chips, which
produces an oblong oval shape in tensor form. Further transfomtatapproximate a
circular shape would require inserting duplicative columns, introducing potential bias

into modeling and analysis. Conversely, retaining the oblong shape introduces visual
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bias. This was addressed by preserving the oblong tensor structure for analytical use (see
Figure § and applying a reshaping transformation when generating maps for visual

inspection (se€igure §.

Shape: torch.Size([43, 121)
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3.3.3. Temporal Analysis
3.3.3.1. WF Operatiomnd Measurement Groups

The relationship between operatia@pération_id ), measurement
(parameter ), and time date_idx ) was evaluated to assess whether sparsity in WF

measurements was temporally related.

The WF dataset was first groupedvegtfer_name , then a distinct list of
alphanumerically sortesheasureandoperationsvas created. These were counted per
wafer and added tmeasure_count andoperation_count . This dataset was then
grouped by measures and by operations, creating two composite keys:
measures_group_number  andoperations_group_number respectively. A
composite of these two keys was creatgdp_number ) classifying wafers into
distinct operational and measurement process groups. A dataset of the minimum
date_idx andwafer_name was then joined to the group dataset, creating a
temporally ordered dataset of wafend groups. This methodology was repeated after

crossfiltering the WF and CT datasets wafer name .

This data was visualized as a temporal bubble timeline disiteg idx  and
group_number . Each point in the scatter plot indicates wafers from a specific group on
a given date, with point size scaled by the number of wafers. Group identifiers are shown
on the yaxis, and theJaxis representdate _idx . Distinct colors were used to

differentiate groups.
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3.3.3.2. WF Intervals

The Intrawafer temporal intervals between WF measurements were analyzed to
determine suitability for timelependent models. These intervals were derived by first
sorting the WF dataset yafer_ name anddate idx . The
time_since_last_op feature was computed as the differencdate_idx
between the current row and the previous row within each wafer, using a
groupby(wafer_name) operation followed bydiff() . Missing values,
corresponding to the first measurement in each wafer sequence, were fill€dOwTib
calculate the time until the next operation, tinge_until_next_op feature was
computed as the differencedate_idx between the current row and the next row
within each wafer group. This was implemented usthi( - 1) , which returns
negative values when moving forward in time. Hes() function was then applied to
convert these into positive durations, representing the time until the next recorded
operation. Missing values, which occur at the final measurement for each wafer, were
also filled with0.0. A horizontal box plot was constructed to visualize and evaluate the
distribution of time intervals between successive parameter measurements. Parameters
were grouped by their associated operations, with background shading applied by

operation_name to support visual delineation

3.3.3.3. CT Intervals

The intratest interval per wafer was calculated to quantify the delay between the
initial and final test dates. Thest_date_span for each CT record was defined as
the absolute difference between the minimum date inaéx @date_idx ) and

maximum date indexifax_date_idx ). Three binary feature flags were introduced to
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classify wafers based on test timing: same tiest (date_span =0 ), short span
(O < test_date_span <=7 ), and long spartgst_date_span > 7 ). The
resulting dataset was groupeddate_idx andspan_category , with counts
aggregated and reshaped into a wide format wherespach category  formed a
distinct column. This grouped data was visualized using a stackedéines histogram

for temporal analysis.

3.3.3.4. CT Outliers

Outliers were evaluated to identify correlations between outlier events and time.
A chip parameter series was created by concatencttipglocation and
parameter . Outliers were identified by comparing the original value measurements to
their clipped counterparts. The total count of outliers, overall measurements, and
percentagen_outliers/ n_measurgswere computed for each date. These percentages
were then evaluated using both simple and weighted rolling averages in 7, 14;dayd 21
windows, whichwere selected using visual inspection and experimentation of smoothing

behavior to optimize excursion event detection.

Ouitlier clustering was performed using GMM. A secondary clustering stage was
executed to partition global clusters into granulargrdups. The clustered groups were
inspected to identify episodic (temporary, resolved) and systemic (persistent) events.
Outlier clusters were plotted using the same methods as spatiotemporal correlation series.
Wafer heat maps were created of the resultant clusters to identify spatial correlations and

failure patterns.
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3.4. Data Imputation

Two methodologies were used for imputing missing value measurements:
broadcast and imputation. Data was broadcast to all spatial features for series that contain
only a single measure. Missing data is imputed onrergineered features consistent
with OBJ1and RQ1. The data imputation pipeline for WF measurements is depicted in

Figure 7
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Figure 7. WF Measurement- Imputation Pipeline

The two imputation methods evaluated were: random sampling imputation and
Predictive Mean Matching (PMM). The imputation methodology utilizes the three main
steps as defined by van Buun@®©18: imputation, analysis, and pooling. These steps
were codified in the WF and CT imputation pipelines that extract parameters, insert
missing records, broadcast to spatial areas (WF only), and impute the missing
measurements. A separate pipeline was crdatezgach parameter series that performs a
hyperparameter sedr by imputation method, per parameter and value measurement,

scoring each independently.
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To evaluate the distribution and central tendency effect of PMM imputation, a
grid search was conducted across five combinatiomamitation_order and
sample_posterior settings. Each configuration was applied to the same dataset, and
imputations were generated under specific ordering constraints (random, ascending,
descending, roman) and posterior sampling toggles. For each configuration, the resulting

imputations werealidated per spatial feature.

Two nonparametric hot deck imputation methods, random imputation and
random rolling imputation, were evaluated using a grid search conducted independently
for each value measurement. The first approach randomly sampled from all available
non-missing valus within the series and value measurement. The second approach used
a rolling window centered on each measur emen
historical data within a set of window sizes of (5, 10, 15, and 20). The results of each

approactwerethenscored independently.

Imputation performance was validated for distribution and central tendency (per
H1 and H2) using the pfienputed and posimputed datasets for hypothesis testing.
Distributional similarity was evaluated using the Kolmoga@®mirnov (K-S) test at a
significance level oflpha = 0.05This was implemented using theipy.stats
functionks_2sampwith the defaultalternative="two - sided" and specified
method="asymp' . This method uses an asymptotic approximation of the cumulative
distribution function (CDF) for@mputational efficiency in large sample sizés (¢ 0.
Central tendency was evaluated using the NMvimtney U (MW) test at the same
significance level, implemented with teeipy.stats packaganannwhitneyy

configured withalternative="twesided'to explicitly evaluate both tails of the distribution.
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Application of both tests was conditional

than one unique value in each distribution to ensure statistical validity.

3.5. Spatiotemporal Correlation
3.5.1. Correlation

The WF dataset contains 27 parameters measured in 5 spatial locations
(data_left , data top , data_center , data_bottom , data right )
and a spatial meapgrameter_value ). This results in a maximum of 162
measurements per wafer, assuming complete samplmgmeters x (spatial locations +
spatial mean)The CT dataset consists2ff parameters measured in 4 spatial locations
(channel_ 1 , channel_2 , channel_3 , channel 4 ) and a spatial mean
(parameter_value ) for each of the 416 chips on a wafer. This results in a maximum
of 43,680measurements per wafer, also assuming complete sampdiragneters x
(spatial locations + spatial mean) x number of chijpeasurements are temporally spread
in both datasets. WF measurements are taken throughout the weeks or months of
fabrication, followed by days to months dfig testing. Evaluating whether WF and CT
measures are temporally and spatially correlated requires bridging this temporal and data

dimensional disparity.
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Figure 8. Spatiotemporal Correlation Excursion Detection System

CT measures were anchored to the earliest test date per wafer to reduce the testing

temporal dimension. This data was then pivotedate idx ,wafer_name , and
parameter , with duplicates removed. The engineenafer_region  feature was

used to define columns, producing a data structure with wafer spatial features. The
featureparameter_value  was recalculated as the mean of the corresponding spatial
measurements. This dataset was merged with the WF datasafe@nname

duplicating each chip test measuredach wafer measurement. A correlation series
identifier was created by concatenating the wafer and chip parameter names, using a

double underscore, to generate pairwise correlation series esyimedronized

measures.

The Pearson correlation coefficient was calculated between each correlation series

and value measurement using ad#y window, corresponding to the change cycle
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recommended by the Fabricator. This process produced a time series of temporally and
spatially correlated measurements between wafer fabrication and subsequent chip test

outcomes (seBigure 9.

date_idx parameter parameter_value data left data_top data_center data_bottom data_right window_size

1 13561 TOX_LAYER_THICKNESS__TX -0.165498 0.753650 -0.107288 -0.037726 -0.375517 -0.045426 30
13561 TOX_LAYER_THICKNESS__RP_TE_TM 0.559079 0.617405 0.196195 -0.245224 -0.371770  0.544649 30

7 13561 TOX_LAYER_THICKNESS__RP_MN_MX 0.598143 0.638711 0.139795 -0.106033 -0.448643  0.485390 30
10 13561 TOX_LAYER_THICKNESS__PDL 0.113200 0.277332 0.037299 0.110641 -0.166431 0.105010 30
13 13561 TOX_LAYER_THICKNESS__PB_AT_AX_TE_TM -0.347852 0.728829 -0.198771 -0.005560 -0.265964 -0.255930 30

Figure 9. WF/CT Spatiotemporal Correlation - Dataset
3.5.2. Clustering

Four clustering methods were evaluated for applicability to spatiotemporal
correlated series clustering: Agglomerative, Gaussian Mixture Model (GMN)e&ns
and TimeSeries kMeans. Agglomerative was selected to cluster based on macro and
micro patternsK-Means and Timé&eries kKMeans were selected as widely used
methods. GMM was selected for its probabilistic approach and expected series gaussian

distribution. Each method was evaluated on the sartag@vindow.

3.5.2.1. Selecting Cluster Count

The optimal number of clusters or componebtss{_kor n_componenisis a
required hyperparameter for each of the evaluated methods. It was determined through a
sequential procedure integrating Principal Component Analysis (PCA), GMM clustering
and penalized Bayesian Information Criterion (BIC). The input correlatioasseas
reshaped into lonfprmat, preserving both theeries_index anddate_idx
columns for temporal alignment. A maximum cluster coldntr(ax) was computed as a
fixed proportion (0.25) of the total sample count to prevent-eggmentation.

Dimensionality reduction was performed ussidearn.decomposition.PCA
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function. The number of components was selected to meet a cumulative explained
variance threshold of 0.95. This value was implemented as a configurable parameter in
the clustering pipeline to support future tuning and selected to preserve sufficient
variarce while avoiding the persistent undsustering behavior (e.g.J 2 clusters)

observed at lower thresholds. As the focus of this research is on detecting spatiotemporal
correlations rather than optimizing cluster structure, exploration of alternateghtids

is left to future research.

The dataset was then projected into the resulting lalveensional PCA space.
For each candidate cluster counn the range_min , k_max], a Gaussian Mixture
Model (GMM) was fitted usingklearn.mixture.GaussianMixture function.
The Bayesian Information Criterion (BIC) was computed for each fit to assess model
performance while penalizing model complexity. A penalty term, proportional to the ratio
‘OQ  and scaled bpenalty weight , was added to the raw BIC to discourage
over or undefitting. The value ok that minimized the penalized BIC was selected as

best_kand subsequently used as the cluster count for method evaluation.

3.5.2.2. Method Evaluation

K-Means clustering was performed using kh&leansalgorithm from the
sklearn.cluster module. Input data were normalized usBtgndardScaleo
standardize the mean and variance across features. This algorithm was configured with
the number of clusters set to thest_kcount, a fixed random seed to ensure
reproducibility, anch_init  set to 10 (the default for auto) to allow multiple centroid
initializations for improved convergence stability. Cluster assignments were generated

using thefit_predict method
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Time-series kmeans clustering was performed usingThmeSeriesKMeans
algorithm from theslearn.clustering module with Dynamic Time Warping
(DTW) as the similarity metric. Input data were dogsampled along the time axis and
reshaped into threéimensional arrays required by the algorithm. D@ampling was
applied to reduce the computational cost associated with-Das®d timeseries
clustering, resulting in partial utilization of the original series. Sequiavet
normalization was applied usidigmeS eriesScalerMeanVariance to standardize
mean and variance across individual time series, which supportsIsdesgut clustering
by reducing varianedriven distortions. The algorithm was configured with the number
of clusters set to thieest_k count, DTW as the distance metric and a fixed random
seed for reproducibility. Cluster assignments were generated usifig finedict

method.

Agglomerative clustering was performed using the
AgglomerativeClustering algorithm from thesklearn.cluster module.
Input data were normalized usiSgandardScaler . The algorithm was configured
with the number of clusters set to thest_k count. The defaulivardlinkage criterion
was set to minimizes the total withauster variance at each merge step and encourage
formation of compact, variandeomogeneous clusters. Cluster assignments were

generated using tH&_predict method.

Gaussian Mixture Model (GMM) clustering was performed using the

GaussianMixture  algorithm from thesklearn.mixture module. Input data

were normalized usin§tandardScaler . The algorithm was configured with the
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number of components sethiest_k , a fixed random seed for reproducibility, and the
covariancdype parameter set téull', allowing each mixture component to

independently model the full covariance structure of the features. This configuration
supports clusters with distinct orientations and variances. All clustering was performed
using hard assignment via tfie predict method, which assigns each observation

to a single cluster. Hard assignment was selected to enforce mutually exclusive cluster
memberkip and constrain the clustering solution space to identifying excursions rather

than modeling all possible correlation structures.

3.5.2.3. Method Ranking

Clusters were ranked using a quality scoring function applied individually to each
parameter and value measurement series. For each series, clusters vextesfitstd and
then evaluated using a muiéictor scoring function incorporating the mean spread,
spread variability, and weighted outlier scores. The scoring function computed quality
scores by taking the inverse mddamascaled compos
weighted outlier score. To prevent division by values near zero, the denominator was
clipped to a minimum threshold before inversion. Clusters with one series were assigned
a quality score of zero. Multiple thresholds were evaluateatpdiusters for re
clustering, including thresholds on the mean and maximum outlier percentages, spread
metrics, and series count. These were codified as hyperparameters in the imputation
pipeline for future research and optimization. After scoring, alsstere sorted by
descending quality score, and a bineny_5indicator was assigned to identify the
highestranked clusters for each seriébe resultvas sorted by descending quality score

and series to identify the top scoring cluster for each.
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The mean, median, minimum, maximum, standard deviation, and 25th / 75th
percentiles are calculated per cluster, as the aggregate of series measurements per date.
The spread mean and standard deviation represent the average deviation and variance
within thecluster, where lower values indicate tighter, higheality clusters. The spread
median and IQR ranges provide a similar metric with the influence of outliers removed.
These calculations created a time series of statistical measuremecitssparthatould

be visualized as a median time series and IQR spread.

To quantify the cluster quality relative to the temporal consistency of its series
members, an outlier detection metric was defined at both the series and cluster levels. For
each date, the interquartile range (IQR) was computed across measurementievithin
cluster. Each member series was then evaluated at each date to determine whether its
value fell outside the IQR bounds of the cluster on that date. Tkeeges outlier
percent was calculated as the fraction of dates on which a series exceedesténdQ@R

envelope, providing a temporal measure of its deviation from the group. This yielded a

series_outlier_percent for each parameter. The
cluster_outlier_percent was then computed as the arithmetic mean of all
series_outlier_percent values within the cluster, capturing the aggregate

anomaly behavior across all series.

P . . .
cl uster_outﬁlleer_pesgeutl i er _percent

Equation 1. Cluster Evaluation - Outlier Percent
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To account for the disproportionate likelihood that small clusters will exhibit
lower outlier rates by chanceweighted_cluster_outlier_impact was
calculated by multiplying theluster_outlier_percent by thecountof series in
the cluster. This adjustment penalizes large clusters that contain a high percentage of

outliers.

wei ghted_cl ust ecrl _uosuttelri_eoru tilmpearctper cent

Equation 2. Cluster Evaluation - Weighted Outlier Impact

To combine cluster compactness and outlier impact into a single evaluation
metriccagqual ity score was defined as the inverse
internal spread and its weighted outlier impact. The cluster spread feature
(cluster_spread_mean ), reflects the average intsgeries variability within the
cluster and serves as a measure of compactness. The outlier impact component
(weighted_cluster_outlier_impact ) quantifies the frequency and scale of
tempor al anomalies, scaled by cluster size.
balance the influence of spread versus outtgract. To avoid instability or inflation of
scores for neazero penalties, the denominator was clipped at a minimum value of 0.1.

This construction ensures that only clusters which are both internally tight and temporally
consistent receive high qualisgores, while diffuse or erratic groupings are penalized
accordingly. Clusters containing only a single series were assigned a score of zero by

default.
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1 o 0N o p
qual Ityi‘ﬁfﬁf’ué’ter_sp|r't'watlgmteed_cl usthef _outlier

Equation 3. Cluster Evaluation - Quality Score

Scoring thresholds used to determine whethetustering was necessary were
derived through experimentation. Clusters were penalized forsipiggad_mean ,
spread_std , andspread_max , with additional conditions based on outlier
characteristics such asean_outlier_percent , max_outlier_percent ,and a
weighted compositeutlier_score . The weights for these were codified into the

pipeline as hypeparameters for tuning with the below default rules and thres(sdes

Figure 10)
rule_number rule_description rule_name measurement evaluate Inclusive threshold

0 1 Mean of Cluster Outliers Exceeds Threshold mean_outlier_prop mean_outlier_percent greater  False 0.20
1 2 Maximum of Cluster Outliers Exceeds Threshold max_outlier_prop max_outlier_percent  greater False 0.20
2 3 Minimize Weighted Qutlier Score outlier_score_weighted outlier_score greater False 3.00
3 4 Intra-Cluster Average Spread and Small Cluster Penalty spread_and_outlier spread_mean greater  False 0.50
4 4 spread_and_outlier outlier_score greater  False 0.50
5 5 Minimize Spread Standard Deviation spread_std spread_std greater False 0.25
6 6 Minimize Clusters with Extreme Spread spread_max spread_max greater False 1.00
77 Penalize Large Clusters with High Spread large_cluster_spread n_series greater  False 30.00
8 7 large_cluster_spread spread_mean greater  False 0.30

Figure 10. Cluster Evaluation- Ranking Rules

Re-clustering was performed using binary partitioning based on scoring outcomes
to prevent small, unstable clusters. Finally, the entire combined set (original optimal
clusters, previously flagged suptimal clusters, and newly generated-slsters) was
reranked collectively. This methodology compared clusters initially identified as

suboptimal directly against both original optimal clusters and newly created clusters.
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These groups served as the baseline clusters for excursion analysis, with targeted re

clustering performed as required by visual analysis.

3.5.3. Excursion Event Labeling

Excursion events were identified manually using an event search function that
filtered clusters based on a target measure (i.e., WF or CT measurement), minimum
member count, minimum and maximum spread, outlier percentage, and maximum
standard deviation. @didate clusters were plotted (using the methodology described
below) and evaluated for temporal anomalies. Clusters with large spreads and outliers
were reclustered, then added back to the cluster pool for further evaluation. Clusters that
exhibited themost visually distinct patterns and/or temporally aligned events were added
to a global candidate pool for creslsister event identification. Once identified, these
events were stored in an event registry file for application to anyd&mes plot durig

correlative analysis.

Statistics were preomputed for all clusters and used in the plotting function.
Daily statistics were calculated by computing the median, range, and quartiles for cluster
members on each day. Confidence bounds were defined as the daily median * half the
daily range, forming an envelope that may exceed individual parameter maxima due to
the incorporation of both daily central tendency and iptgameter variability. This
additional variability was used to compensate for daily aggregation, characterming gr
level behavior rather than individual parameter limits. The daily cluster median was

defined as the median of member medians for correlation values on each day.

This timeline visualization was generated using thecpraputed daily medians

and percentile ranges from the parameter measurements, which were rendered as filled
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bands to highlight temporal spread. A configurable threshold (10% by default) was used

to color member series in red when, across a
measurements exceeded the cluster Odaries nt er qu a
were overlaid as shaded areas to highlight cluster spread, and event markers were added

for analysis.

3.6. Yield Estimation

The chip test results (CR) dataset was filtered to thelekigd pass/fail results per
wafer. The filtered data was groupedvegfer name andwafer_region , and
parameter_value = was computed as the mean peate of all chips in region. An
unstackoperation was applied to generate a wholenat dataset with spatial features
matching those of the WF dataset. A distinct mappingadér_nameo its earliest test
date (nin_date_idx ) was computed and merged into the dataset, with missing values
filled usingNaN to preserve calculation integrityhe resulivas a pemwafer dataset
anchored tonin_date_idx  (renamed talate_idx ) and containing mean values for

chip pass rates across spatial regions.

Visual inspection of the spatial sampling methodology was enabled by generating
a mediarcentered wafer map. A derived featuregasure_count=1 , was
appended to each valid record to support spatial frequency aggregation through
summation. The dataset was reshaped into edimensional matrix using
pandas.pivot_table , With row as the index andolumnas the column variable,
aggregating by summingeasure_count values and filling missing positions with
zero. This produced a 42x12 matrix correspondingeacpatial structure of watdevel

measurements. Mediarentering was then applied to the matrix to highlight deviations

52



from the median sampling count at each chip location. The resulting matrix was
visualized using theeaborn.heatmap  function, with a custom colormap centered at
zero to illustrate relative over and ungampling. To better reflect the physical wafer
geometry, the wafer map was adjusted by inserting additional columns, and a binary

mask was applied to suppress fubrip areas.

To quantify the estimation error associated with reliance on columns 3 and 4 for
wafer yield prediction, a daily error metrics algorithm was implemented. This algorithm
compares central tendency and distribution spread between two sampling approaches:
Method A, which includes only columns 3 and 4, and Method B, which comprises all
columns. For each method, daditatistics €.g9., median, IQR, and full range) were
computed usingandagyroupbyoperations andumpypercentile functions. Absolute
percentage eors were calculated for each metric to quantify discrepancies between the
two methods. A prediction interval coverage error was derived by averaging the IQR and
range errors, capturing underestimation in distribution spread. These components were
combinedinto a single overall estimation error metric using variable weightings on the

median error and prediction interval error.
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Results

4.1. Introduction

This section presents the results of implementing the methodology to meet the
research objectives, specifically: (1) does sampling impacts the ability to reconstruct WF
and CT measurements (RQ1), (2) can fabrication excursions be detected by exploiting
multivariate relationships (RQ2), and (3) is the yield estimation methodology
representative of the actual yield (RQ3). Each research question and associated

hypothesis are addressed in order.

Ingestion and transformation results are in Appedik Exploratory Data
Analysis (EDA) and the results of 1.5 IQR clipping of the WF and CT datasets is in

AppendixA.2.

4.2. Research Question 1

RQZ Can the missing 30% of parameter values from wafer fabrication and chip
test measurements be accurately imputed without distorting the underlying data

distribution?

This research question was addressed by first analyzing the causes of missingness
in both WF and CT measures. Then imputing missing measures and evaluating the

results.

4.2.1. Hypothesis 1 (H1) Results

H1: Reconstructed wafer fabrication measurements will not statistically differ
from observed measurements in distribution and central tendency, as validated by

KolmogorovSmirnovand Marwh i t ney U tests (U = 0.05) .
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4.2.1.1. Causes of Missingness

Missing measurements in wafer fabrication are temporally related to shifts in
operations and measurement procetses Figure 11)rhis bubble chart displays 63
distinct groups of wafers, each representing a unique combination of operations and
measurements. Each group is differentiated by a distinct color. Individual bubbles
indicate wafers belonging to a specific group on a given déte bwbble size

proportionally scaled to represent the wafer count.
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Figure 11. Temporal Changes in FabricatiorOperations and Measurements

During the timespan between February 1, 2385619 and February 1, 2025

(1388)), five (5) operations and measurement groups are predominantly utilized, with
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shifts indicative of changing fabrication processes. The primary process (purple) extends
throughout the period. Primary processing shifts (blue) in Mar8660- 13590, reverts

for two weeks, then shifts back for the next two months, until revered in1R6%Q. A

new process (green) is utilized through the summer months,1B88@Q i August

(13725. In October 13780 the yellow process is utilized for approximately a month

until switching to a new process in NovembEB§05. This process continudisrough

the research period.

Crossfiltering to the intersection of wafers between WF and CT measurements
and focusing on the ionths between February 2028%29 and February 2025
(13895, clarifies the temporal causes of missingness (see Figure 12). Using Group 1
(purple) as the baseline, the process changes in JunelB&E3§H(to remove the
ETCH_DEPTH DICD, FICD measurements (Group 3, teal). Etch depth measurement
was restarted in late June366Q with Group 2 (blue) missing onkyICD andDICD
measurements. The shift in m&kptember {3740 removes core thickness and RI
measurements, while the shift in r@ttober {3780 removes measurements for

capping thickness and etch depth.
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Figure 12. Temporal Changes in Fabrication Cross-Filtered, Top 5

As a result of these process shifts, 36.60% of DICD (1020/2790), 31.36% of
ETCH_DEPTH (875/2790), and 37.24% of FICD (1039/2790) are missing because the
measurements were not collected. In comparison, core layer refractive index (RI)
measurementSCORE_LAYER_TE_RIandCORE_LAYER_TM_R) are missing only
6.70% of records. While these measures have low missing record rates, they have high
missing spatial feature rates at 69.14% and 71.22% respectively. These missing rates are

the result of process control saing (SPC) and not operational process shifts.

An additional source of missingness are measurements, that by design, are only
taken in a single location (e.¢dM_SHEET RESISTANCENd
POST_CAP_WAFER_BOW These features can exhibit missingness due to lack of
collection; however, missing spatial measurements are by design. These values for these

features were broadcast to all spatial regions before imputing missing values.
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4.2.1.2. Imputation

The imputation pipeline successfully imputed 99.86% of the missing 39,137 WF
measurements using a combined random sampling and rolling approach. The
measurements not imputed are a result of the distribution of imputation methods and the

warmupperiod required by rolling imputation (sEeure 13; utilized 13.89%.

random_sampling
800 rolling_random
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-]
=]
(=]

6000

B
=3
o

40001

Number of Imputed Values

N
(=]
(=}

20001

DICD
FICD

CORE_LAYER_THICKNESS
ETCH_TE_RI

ETCH_TM_RI
POST_CAP_WAFER_THICKNESS
POST_HM_WAFER_THICKNESS
TOX_LAYER_THICKNESS
CORE_LAYER_TE_RI
CORE_LAYER_TM_RI
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Figure 13. WF Imputation - Random and Rolling Count byParameter

The K-S (KolmogorovSmirnov) test measures the maximum distance between
two cumulative distribution functions with a smallevg@lue denoting the probability that
the distributions are different. WF imputation resulted in a mean distribution pass+ate (K
SU > 0. 05) Fglre B}JIPARAMETER &ALUE andDATA_RIGHT

performed the worst, witBDATA LEFT andDATA_TOP achieving 100%.
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parameter parameter_value data left data top  data_center data_bottom data_right
0 TOX_LAYER_THICKNESS 0.318754 0.759563 0.079744 0.323509 0.443615 0.426366
1 CORE_LAYER_THICKNESS 0.442205 0.084044 0.546733 0.872761 0.644508 0.028466
2 CORE_AND_TOX_LAYER_THIGKNESS 0.244769 0.732585 0.649178 0.499709 0.014324 0.243116
3 CORE_LAYER_TE_RI 0.000000 0.999304 0.994269 0.999989 0.999988 0.936280
4 CORE_LAYER_TM_RI 0.000000 0.318891 0.822063 0.763132 1.000000 0.387656
5 POST_HM_WAFER_THICKNESS 0.888469 0.749362 0.775827 0.370676 0.757424 0.004158
6 DICD 0.993348 0.866755 0.992296 0.156363 0.841386 0.841386
7 ETCH_DEPTH 0.288933 0.799421 0.790392 0.983901 0.383107 0.867413
8 FICD 0.976296 0.503667 0.981616 0.844942 0.997677 0.385376
9 ETCH_TE_RI 0.978863 0.190476 0.986780 0.353667 0.590270 0.409366
10 ETCH_TM_RI 0.710309 0.831942 0.956450 0.999270 0.918684 0.962019
11 POST_CAP_WAFER_THICKNESS 0.671940 0.078349 0.133138 0.006925 0.235662 0.975710
12 PASS_RATE 83.333333 100.000000 100.000000 91.666667 91.666667 83.333333

tends to have larger values than the other, with smaNaiyes indicating that the groups

ar

e

The MW (MannWhitney U) tests central tendency by determining if one group

di

Figure 14. WF Imputation - KS Results

fferent

WF

i mputation

resulted

of 90.3% (seéigure 15. The feature®ARAMETER_VALUE andDATA_RIGHT

performed the worst, witBDATA_TOP achieving 100%. Notably, excepting

DATA_LEFT, the same parameters and spatial features that failed MW also failed KS.
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parameter parameter_value data_left data top  data center data_bottom data_right

0 TOX_LAYER_THICKNESS 0.124137 0.918397 0.061835 0.345617 0.484185 0.212020
1 CORE_LAYER_THICKMESS 0.246959 0.074990 0.514353 0.901552 0.347516 0.020723
2 CORE_AND_TOX_LAYER_THICKNESS 0.352912 0.804597 0.962848 0.759008 0.002602 0.209241
3 CORE_LAYER_TE_RI 0.000000 0.602824 0.837765 0.960797 0.935617 0.322932
4 CORE_LAYER_TM_RI 0.000000 0.758302 0.337681 0.352504 0.846895 0.437686
5 POST_HM_WAFER_THICKNESS 0.777896 0.966681 0.432811 0.153441 0.840196 0.000872
6 DICD 0.947499 0.866138 0.804271 0.130118 0.614690 0.675565
7 ETCH_DEPTH 0.280481 0.555423 0.914059 0.581250 0.233313 0.673482
8 FICD 0.732211 0.381484 0.957002 0.868825 0.804180 0.085648
9 ETCH_TE_RI 0.841579 0.124327  0.858201 0.281172 0.264041 0.145157
10 ETCH_TM_RI 0.885750 0.328369 0.617133 0.758740 0.245590 0.983601
11 POST_CAP_WAFER_THICKNESS 0.567857 0.035744  0.137085 0.011619 0.106347 0.802466
12 PASS_RATE 83.333333 91.666667 100.000000 91.666667 91.666667 83.333333

Figure 15. WF Imputation - MW Results
4.2.2. Hypothesis 2 (H2) Results

H2: Reconstructed chip testeasurements will not statistically differ from
observed measurements in distribution and central tendency, as validated by

-

Kolmogoro¥Smirnovand ManhWwh i t ney U tests (U = 0.05)

An analysis of the causes of missingness for CT Measurements was conducted for
RQ3 and presented in context in that section. This section will focus specifically on the

results of imputation.

The imputation pipeline successfully imputed 100% of all missing 20,009,827 CT

measurements using random sampling Sgare 16.
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Figure 16. CT Imputation - Random and Rolling Count by Parameter

CT imputation resulted iamean distribution passrate U > 0. 05) of

(seeFigure 17.
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parameter parameter_value channel 1 channel 2 channel 3 channel 4
0 AX 0.707948 0.771292 0.861058 0.858860 0.731216
1 1L 0.438853 0.614756 0.535513 0.374574 0.789342
2 NAX 0.989746 0.990697 0.741056 0.853838 0.785544
3 PBOP5_AVGPOL 0.237435 0.768341 0.933346 0.703927 0.886374
4 PB1_AVGPOL 0.500953 0.542722 0.077094 0.992417 0.083208
5 PB1_CWIL 0.239626 0.918395 0.595717 0.994355 0.990685
6 PBI1_MN_MX 0.450204 0.957036 0.417230 0.125260 0.830389
7 PBI_TE.TM 0.688479 0.178614 0.652372 0.701612 0.611130
8 PB20_AVGPOL 0.770001 0.918573 0.925857 0.788061 0.077797
9 PB20_MN_MX 0.218680 0.386842 0.649504 0.998526 0.947726
10 PB20_TE_TM 0.795090 0.568240 0.765964 0.370876 0.890903
11 PB3_AVGPOL 0.890591 0.988422 0.313407 0.538808 0.703738
12 PB3_CWIL 0.419742 0.130044 0.470741 0.747043 0.828893
13 PB3_MN_MX 0.383208 0.462915 0.862852 0.595609 0.256724
14 PB3_TE_TM 0.933400 0.409619 0.332013 0.388645 0.766891
15 PB_AT_AX_MN_MX 0.441199 0.101681 0.540154 0.701314 0.500252
16 PB_AT_AX_TE_TM 0.623275 0.388897 0.568595 0.845576 0.781806
17 PDL 0.274154 0.651168 0.799282 0.743175 0.984004
18 RP_MN_MX 0.544611 0.256688 0.328699 0.906003 0.098945
19 RP_TE_TM 0.666885 0.624718 0.3721086 0.080303 0.213524
20 TX 0.133617 0.645877 0.510339 0.948482 0.415221
21 PASS_RATE 100.000000 100.000000 100.000000 100.000000 100.000000

Figure 17. CT Imputation - KS Results

CT imputation resulted iame a n

100% (sed-igure 19.
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parameter parameter_value channel 1 channel 2 channel 3 channel 4
0 AX 0.487419 0.380381 0.322262 0.603971 0.300380
1 1L 0.693701 0.198068 0.437114 0.124382 0.996487
2 NAX 0.879135 0.770404 0.791628 0.718559 0.758544
3 PBOP5_AVGPOL 0.166879 0.684835 0.970599 0.545474 0.825610
4 PB1_AVGPOL 0.501005 0.438086 0.064054 0.758088 0.166501
5 PB1_CWIL 0.518132 0.985419 0.393586 0.954264 0.784722
6 PBI1_MN_MX 0.528340 0.716685 0.236607 0.223563 0.664025
7 PBI_TE.TM 0.534502 0.233068 0.461294 0.698343 0.335682
8 PB20_AVGPOL 0.921057 0.464587 0.8708186 0.780492 0.092962
9 PB20_MN_MX 0.208154 0.382393 0.667186 0.878031 0.902216
10 PB20_TE_TM 0.870203 0.494436 0.628307 0.768687 0.929575
11 PB3_AVGPOL 0.884891 0.793720 0.391089 0.529964 0.683360
12 PB3_CWIL 0.556429 0.138277 0.374000 0.428096 0.377151
13 PB3_MN_MX 0.226079 0.373580 0.813579 0.299916 0.147198
14 PB3_TE_TM 0.779942 0.274774 0.195559 0.266734 0.979718
15 PB_AT_AX_MN_MX 0.338714 0.285473 0.215816 0.635646 0.943815
16 PB_AT_AX_TE_TM 0.427115 0.441142 0.239078 0.446665 0.982163
17 PDL 0.474568 0.660162 0.845110 0.310594 0.818799
18 RP_MN_MX 0.965275 0.107785 0.139144 0.735352 0.121570
19 RP_TE_TM 0.634607 0.781340 0.349057 0.133824 0.278218
20 TX 0.056389 0.256604 0.426884 0.971029 0.564744
21 PASS_RATE 100.000000 100.000000 100.000000 100.000000 100.000000

Figure 18. CT Imputation - MW Results

4.3. Research Question 2

RQ2: Are wafer fabrication measurements spatially and temporally correlated

with chip test measurements?

The objective of research question 2 (RQ2) is to identify and quantify

spatiotemporal correlations between WF and CT measurements to identify sources of

fabrication excursions. The intent of this objective is to reduce the dimensionality of the

10>* order of magnitude data disparity between these measurements, thereby reducing

the parameter space required for investigations.

All dates in this section are approximate, affected by rolling averages and

di mensi onal

Ity

reduction.

The

term

fexcur si

changes in fabrication. All empirical validation was conducted by the Fabricator.

63

0



4.3.1. Hypothesis 3 (H3) Results

H3: Spatial and temporal clustering of chip test outliers will identify fabrication

excursions with 80% accuracy.

Chip test (CT) measurement outlier percent, calculated usinglay2Weighted
rolling average, has a median of 0.01 during the periodHigeee 19. The timeseries
perchip plot shows that most chips have outlier percentages below 0.05, with elevated
outlier rates concentrated in specific chips. The predictive strength of utilizing the
spatiotemporal relationship between chip outliers is demonstrated in two scenarios:

photolithography mask and chuck excursions.
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Figure 19. CT Outliersi Per-Chip Time-Series

Clustering creates multiple baseline groups where the outlier rate is below 0.01
(seeFigure 20); y-axis cropped at 0.4@Within these groups are patterns where chips

move together in relation to their outlier percentage.
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Figure 20. CT Ouitliers - Baseline Group

4.3.1.1. Scenario 1: Photolithography Mask

203559 with chip

The first event in this scenario (1) begins March 16

R26C4outlier percentage progressively rising to a leslafted median of 0.32 by May

20th (13624 (see Figure 21); sustaining that outlier percentage through the research

period.
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Figure 21. CT Episodic Chip Failures- Time-Series (group 1)
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Two additional chipsR18C3andR34C1Q outlier events begin around this time
on May 10th {3614 and 15 days later on May 25th3629 respectively, rising to a

level shifted median of 0.44 (see Figure 22).
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Figure 22. CT Episodic Chip Failures- Time-Series (group 2)

The third groupR22C12 R23C1, andR2C7) begins 45 days later on June 09
(13679, August 03 £3699, and August 2313719 respectively; reaching a median
percentage of 0.32 (see Figure 23). The last two events occurring approximately 20 days

apart.
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Figure 23. CT Episodic Chip Failures- Time-Series (group 3)

Pivoted spatially, the wafer maps show localized failures in all six locations
without the characteristic spatial clustering indicative of fabricatioiniced anomalies.

These wafer maps reveal three additional locations with localized outlier patterns (se

Figure 24).
| =
— ]
) —— . (==
= (=)

Figure 24. CT Episodic Chip Failures- Heat Map
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Three chip locationdR33C1Q R13C1 andR26C5H show a global median
frequency of 0.25 (see Figure 23, green line), indicating a baseline yield loss for these

chips throughout the research period.

1.0
— R13C1

R26C5
— R33C10

0.4 /\/_/\ Vo

ﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁ

Figure 25. CT Systematic Chip Failures Time Series
The wafer map for these chips shows a similar localized failure pattern sustained
throughout the research period (see Figure 26). The excursion event of these 9 anomalous
chips must occur in an operation that can produce localizechggefailures,

incrementally introduce additional failures, and sustain these failures once introduced.
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13529 - 13693 13694 - 13858

Figure 26. CT Systematic Chip Failures Heat Map

Once identified, the Fabricator was notified of these events to validate and
remediate if necessary. The excursion associated with these clustered outliers, as
empirically validated by the Fabricator, was due to a buildup of organic matter on the
photolithography CWDM mask, resulting in persistent and increasing outlier failures.

The Fabricator confirmed that all 9 excursion events (chips) are related to this excursion
and subsequent mask cleaning remediated the excursion by eliminated all organic defects.

The pass rate for excursion localization on this scenario is 100% (9 of 9).

4.3.1.2. Scenario 2: Replacing The Chuck

The second excursion event (1) occurs on May 05, 202809 at seven chip
locations R21C4 R21C5 R21C9 R22C4 R22C5 R23C4 R23C9H, with a pre

resolution median outlier percentage of 0.13 (see Figure 27).
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Figure 27. CT 10 Failure Resolution- Time-Series (scale reduced)

The wafer map reveals two spatially distinct outlier regions, consistent with
fabricationinduced anomalies (see Figure 28, Plot 1). These two anomalous regions are

resolved after this event (see Figure 29, Plot 2).
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Figure 28. CT IO Failure Resolution- Heat Map
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The Fabricator confirmed that these outliers were caused bytdated chuck in
the photolithography process. This device was replaced on March3581, which is
approximately the peak of outliers for this cluster. The Fabricator validated that all 7
excursion events (chips) are related to the replacement of the chuck and resolution of the
excursion event. The pass rate for excursion localization sis¢lhario is 100% (7 of

7).

4.3.2. Hypothesis 4 (H4) Results
H4: Imputing missing measurements using algorithmic computation will detect

excursions in fabrication processes with 80% accuracy.

The thickness engineering pipeline consists of 37 assets to progressively
broadcast, insert, calculate, and evaluate engineered thickness. These engineered features
were excluded from the imputation research. The result of testing this hypothesis is

preseted in the scenario, photoresist shrinkage.

4.3.2.1. Scenario 3: Photoresist Shrinkage

The calculation imputation pipeline inserts delta measurements where forward or
backward calculation of measurements identifies and an anomaly in measuréinergs
IS a mean 2.11 micronsif) difference between the photoresist layer thickness and the
calculated preetch layer thickness. The distribution of this delta is rmatidal, with

three distinct peaks and a larger central peak (see Figure 29).
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Figure 29. WF PR_SHRINKAGE_LAYER_THICKNESS - Distribution

These distributions, pivoted temporally, show that these deltas shift at distinct
dates, indicating changes in fabrication (see Figure 30). The distribution of this delta (
-2.1838,0=-2.2052) remains consistent Februadyne 2024. On June 18th3653
event 1), the delta decreases by approximatein?’ =-0.5931,0=-0.4767) for 10
days. On June 28t 38663 event 2), the delta increases by’ ( =-4.5068,0= -

4.4585), remaining for ~60 days. On August 272B723 it reverts, shrinking by ~4m

for 41 days, then reverting on October 7tB164. In each of these cases there are

several leading indicator measures prior to the shift. These changes are indicative off an
oscillating fabrication process between June and October impacting the thickness of the

wafer after photoresist application anefdre etching.
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Figure 30. Photoresist Shrinkage Layer Temporal

The event on June 183653 Event 1)resulted from the failure of the higiower
UV Bake lamp used in posixposure bake (PEB) to stabilize the photoresist layer.
Without this lamp, the Fabricator resorted an oven bake for stabilization; however, this
caused undesirable shrinkage in the prestist. On June 288663 Event 2), PEB was
changed to a lower power UV lamp with longer b&kees,resulting in a more consistent
shrinkage and higher yield. This second lamp fails around August2¥783, forcing a
temperature onlpake,which produed lower quality results. On September 29756
(Event) the failures spike due to an oven failure. The subsequent excursion analysis by
the Fabricator identified anomalies where a longer bake time at at a lower temperature
resulted in the desired thickness (three small dots prieveatc). The final change on
October 7th 13764, implements this new low temperature, long baiacessresolving

the excursion.

The Fabricator empirically validated 100% of the 4 events.
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4.3.3. Hypothesis 5 (H5) Results

H5: Spatiotemporal correlations between wafer fabrication and chip test

measurements will identify fabrication excursions with 80% accuracy.

The joinedpairwiseWF/CT timeseries sets resulted in 1.491 million records with
567 pairwise unique series spanning 486 date indexes. The spatiotemporal clustering
system produced 126 clusters. Additional cluster splitting (i.«lustering) was utilized
when requiredo identify related events. Clustering method evaluation is in Appendix
A.3, and clustering results evaluation is in Apperfli%. The Gaussian Mixture Models

(GMM) method was utilized for all spatiotemporal correlation series.

The spatiotemporal clustered series represent both trailing and leading indicators
of fabrication excursions. The trailing indicator is a result of the temporal span between
wafer measurement and chip testing, as well as the rollirdag@vindow used fothe
series. The leading indicator is a result of the sequential fabrication process where a
correlationchangesn an earlier stage (e.g., etching) may relate to change in a later stage
(e.g., capping). These effects were not evaluated in this researekpuied to require

labeling in the production environment for efficacy.

Two fabrication excursion events are presented to validate this hypothesis: etch
depth andhard maskThese scenarios were identified based on the temporal relationship

of events between clustered series and the relationship with previously identified events.

4.3.3.1. Scenario 4: Etch Depth

Etch depthETCH_DEPTH displays an extended period of gradually reducing

correlation from0.63 on February 27, 20243541 to ~0 by August 113697 (Figure
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31). Coinciding with the increase in PR thickness delta layer discussed previously (Event
pr.3), etch depth reverses its gradual increase in negative correlation on August 27
(13722. The 17day period between September 28747 event 2) and October 7

(13764 event pr.4) etch depth experiences a period of correlative volatility. During this
period,correlation abruptly changes froi.13 to 0.28 (0.414 spread), then inverts to

0.44; corresponding to the PR thickness delta increase4.5068,w= -4.4585).

1.00 pr.1 pr.2 1 pr.3 2 aprd

spread:
[1.3316]
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Figure 31. Scenario 4 Etch Depth Excursion Event- Time Series

The clustered spatiotemporal correlation series for these events (see Figure 32)
are between etch depth PB05, PB1, and PB3 CT measurements. This correlation matrix is

color coded to correspond to the associated time series.
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Figure 32. Scenario 4 Etch Depth Excursion Event- Correlation Matrix

Concurrent with the increased variance in etch depth correlations, FICD, bowing
(POST_TC and POST_CAP), and RI (CAP) show increased correlation changes (see
Figure 33). FICD proceeds to oscillate with 2 &0 negative flattop bands separated
by the etctdepth peak (Event) and PR change (Event pr.4). Bowing (TC and CAP)
experiences a negative correlation inversion starting on AuguéBZ23 (Event pr.3)
and abruptly inverting to a negative peak (Event 2), reversing (Eyemtd recovering
approximate to the PR delta thickness change
inversion begins concurrent with Event pr.3, rapidly inverts with etch depth (Eyent

peaks on the PR delta change (Event pr.4) and then reduces to ~0 correlation.
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Figure 34. Scenario 4 Group 1 - Correlation Matrix

In addition to the events described above, correlated events are evident in

HM_SHEET_RESISTANCEPR_LAYER_THICKNESSETCH_TE_RI|

ETCH_TM_RI, andPOST_CAP_WAFERBOWsee Figure 3 Plots 1, 2, and 3,
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respectively). In all 3 cases the changes in correlation are temporally related to both the

PR (Events pr.3, pr.4) and etch depth peak (Esgent
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Figure 35. Scenario 4- Group 2 - Time Series
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Figure 36. Scenario 4- Group 2 - Correlation Matrix
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These results were reviews with the Fabricator that validated 75% (6 of 8)
excursion events and associated correlations. The results of their evaluation are presented

below.

The etch depth (ETCH_DEPTH) correlation spike and stabilization of FICD
correlation (se&igure 33 Plot 1) is directly related to the oven failure eveewé¢ntc)
validated in H4, Scenario 3. The negative correlation inversion of ETCH_TE_RI and
ETCH_TM_RI (sed-igure 3, Plot 2) were not investigated at the time and cannot be

empirically validated.

The post top cladding and capping wafer b&@ET_TC_WAFER_BOW
POST_CAP_WAFER_BOWCcorrelation changes were caused by the accumulation of
boron on the top cladding deposition nozzle. This reduced the flow of bocomased
tension, which affects wafer bowing. The changes in this correlation are related to an
initial cleaning andmplementation of &leaning schedule after the second failure (see
Figure 33 Plot 3). The boron composition is related to the changes in top cladding
refractive index {C_TM_RI) (seeFigure &, Plot 4) and could be related to the changes
in capping RI CAP_TE_R); however, the latter cannot be empirically validated (see

Figure 33 plot 4).

The hard mask sheet resistand®( SHEET _RESISTANCIEcorrelation
changes are related to both an excursion and design chan&y(seed, Plot 1). The
initial drop (Event) is associated with a failure in the sputter devices and using in
process inventory with a thickand denser hard mask (1000 angstrom) concurrent with

outsourcing to a less dense hard mask. The sputter returns to operations and fabrication
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returns to using the denser 1000 angstrom hard mask (rapid decrease in negative
correlation). The sputter, working at higher volumes, intermittently fails (negative
correlationslope). The excursion is remediated by switching to the outsources less dense
hard maskconcurrent with fabrication changes to integrate the change in material

(positive upward correlation slope).

4.3.3.2. Scenario 5: Hardlask

The second scenario involves the tungsten nitadglé  hardmask is deposited
on the core using a physical vapor deposition (PVD) process and functions as a diffusion
barrier during etching. ThHeardmask measurementil _SHEET RESISTANCE
assesses the electrical resistance of this layer, serving as a proxy for its density and

thickness

This measurement undergoes a-dag 82.68point inversion on March 28, 2024
(13579 ( ®), shifting to a positive correlation of 0.50 with all chip measures extept
NAX, PDL, andRP (see Figure B. This event () occurs ~20 days after installation of
the new chuck on March 8355). This positive inversion reverts 16 days later on April
12 (13586 event 1), reaching a correlation low-6f19 on April 22 {3596 Event 2), 10
days later. The previously described photoresist events and etch events are included in

associated figures for context
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Figure 38. Scenario 5 Hard Mask Excursion Event - Correlation Matrix
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POST_TC_WAFERBOWsee Figure 8). BothPOST ETCH_LAYER_THICKNESS
andPOST_TC_LAYER_THICKNES®xhibit a sudden inversion between March 1
(13544 and March 14%3557%, correlated with the same CT measuremdPB3(R|

PB20 R| AX, andTX), and an inversion point spread near 100: 93.60 points and 97.03,
respectively. All correlation events occur approximately between MartB35( and

April 22 (13599.
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Figure 39. Scenario 5 Group 1 - Time Series
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Figure 40. Scenario 5 Group 1 - Correlation Matrix

These correlation events are related to changes in FICD, post etch layer thickness,
etch Rl and TC bow (see Figuté). POST_ETCH_LAYER_THICKNES®ppears in
both Figure39 and41 due to its selinverting relationship with CT measurements.
During the thirteerday period from March 113544 to March 14 {3557, the
relationship betweeROST _ETCH_LAYER_THICKNES@nd CT measurements
(PB20, PB refractive index, AX, and TX) exhibits a 93@&fnt correlation inversion,
shifting from a-0.43 to a 0.51 positiveocrelation. On approximately March 283571,
eventc) all 4 clusters experience events: FICD correlation increases,
POST _ETCH_LAYER_THICKNES&ndPOST_TC_BOWbegin reversing correlation,

etch refractive index (ETCH_TE and TM RI) undergoes complete sign inversion.
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Figure 42. Scenario 5 Group 2 - Correlation Matrix

These synchronized correlative temporal inversions suggest a photolithegraphy
related excursion impacting hamhsk deposition and etch thickness. During this period

there are multiple photolithograph changes that correspond to changes in correlation
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including equipment changes (i.e., chuck) on March3%%1) and modifications to the
hardmask on April 1213586 that are reflected in the changing correlations between

WF and CT measurements.

The Fabricator evaluated this scenario and the corresponding excursion events
and determined their relationship to core layer changes. In March 2024, the core layer
thickness was increased by 0.08 (3.420' m to 3.4520 m). This increase in thickness
changes the refractive indeXk{CH_TE_R|ETCH_TM_RI, TC_TM_RI). Thickness
layer measurement®QST_ETCH_LAYER_THICKNESS
POST _TC_LAYER_THICKNESSand bowing POST _TC_WAFER_BOWare
directly attributed to this changeélCD measures the waveguides that are etched in the
glass of the core layer. The oscillating changes in correlation are related to adjustments in
the fabrication process and the mixture of inventory during saturation. Thenaakd

resistance correlation changes are not related and cannot be validated.

The Fabricator empirically validated 87.50% (7 of 8) spatiotemporal correlations

in this scenario.

4.4. Research Question 3

RQ3: How effectively does the current chip sampling methodology predict wafer

yield?

The effectiveness of the Fabricatoros
methodology was researched by: (1) evaluating the temporal and spatial shape of the
current methodology, and (2) estimating the error rate of this methodology against

optimistic, pesinistic, and minimum weights on fabrication variance.
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4.4.1. Causes of Missingness

Missing measurements in chip testing result from two causes: (1) sampling, (2)
temporal delay. In the first case, they are not and will not be tested due to business
reasons (e.g., customer purchases untested chips). The second case results from a
temporaldelay between the completion of fabrication and the saturation of testing of that
wafer. The results of the analysis of this second case are detailed below as they impact

the sampling methodology.

Chip testing for a single wafer can range from hours to months. As shown in
Figure43, test timing varies: some wafers are completed within a day (Plot 1), others
take several days (Plot 2), and some stretch over months (Plot 3). The longest span
between the first and last chip test on a single wafer was 204 days. This classification
enabés both absolute and relative temporal contextualization of each chip test event

within the broader intravafer testing timeline.

Same Day Tests Short Span Tests Long Span Tests
(0 days) (1-7 days) (>7 days) Test Span Distribution

5M

4aM

Count

M

2
¥
o
(=]
=
7
>
]
-]
™~
A
c
[
aQ
(1]
o
c
o
-

M Same Day

(0 days)
22.5%

1] 1 2 3 4 5 6 7 0 25 50 75 100125150175 200
Days Between Tests Days Between Tests Days Between Tests

Figure 43. CT Temporal Interval - Histogram
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The stacked timseries visualization presents the chronological distribution of
chip test events across the dataset Fsgare44). Each datestacked bar chart displays

the proportion of test results classified into the three temporal span categories.
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Figure 44. CT Temporal Interval - Stacked Time Series

The results of this analysis indicated that CT measurements for any given day are
not reflective of the fabrication environment conditions on that date. Instead, they
represent a temporally distributed set of measurements influenced by the span
compositionof the wafers tested on that day. For example, 717,000 chip tests were
completed ori3725 Of these, 98,000 were associated with wafers that had all tests
conducted on the same day (complete sets), 590,000 were associated with wafers whose
tests were disbuted across a ongeek period, and 29,000 were from wafers whose tests
spanned periods longer than one week. Consequently, the test results for that date reflect
a distribution of measurements spanning that period. In relation to RQ3, the sampling

methalology employed by the fabricator does not account for this temporal dispersion,
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wherein measurement data associated with a specific day may reflect a mixture of

fabrication conditions depending on the span distribution of the contributing wafers.

4.4.2. Fabricator Yield Estimation

Chip result (CR) measurements exhibit characteristics of systematically
intentional missing data, defined as clustered values missing due to lack of measurement
(van Buuren, S., 2018). The medieentered wafer map (s€eggure45) of test sampling
shows distinct clusters diigh-testfrequency in red, moderate frequency in lighter
shades, and low frequency in light blue, with +veaifer areas masked in gray. These
variations indicate that specific chip locations, particularly columns 3 and 4, are tested
morefrequently. Light blue areas in the center and right regions indicate sampling levels

below the median observed across the wafer.

13524 - 13609 13610 - 13644

=5 =

Figure 45. CR Sampling- Wafer Heat Map (13524- 13644)

Sampling of CR measurements, in addition to spatial clustering, exhibits temporal
clustering. Between February 118624 and May 5 {3609, sampling was

predominantly concentrated in columns 6 through 8, with elevated bar sampling (light
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red) in edge regions of the wafer ($a@gure %, Plot 1). These regions reinforce the
columntlevel sampling pattern, with elevated bar samples tested on all columns except
columns 3 and 4. This strategy changes between May3B81(Q and June 91(3649 (see
Figure 40 Plot 2), with highfrequency testing shifting to columns 3 and 4, elevated

testing in center column 6, and termination ofpelumn elevated bar sampling.

The methodology shifts between June 18645 and December 208820, with
oversampling concentrated in columns 3 and 4 and the center region slightly under
sampled (see Figurédplot 1). The final shift occurs between Decembet3@1) and
January 10%3859, with undersampling moving from the center to columns 1 and 2 and

moderate ovesampling appearing in the center of column 5 (see Figure 41, plot 2).

13645 - 13820 13821 - 13859

] ]
Figure 46. CR Sampling- Wafer Heat Map (13524- 13644)
Several chip areas are consistently ursssnpled, highlighted with blue boxes
(seeFigure %), specifically chip locationd®R8C2 R8C11 R41C4 andR41C4 These
locationsremain undesampled after the methodology change between Mag&1(

and June 91(3644. Two other clusters, highlighted with green boxes, change from under
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to median sampled after this change. The strategy shifts in the two periods previously
reviewed {3645 13820and13821 13589 (seeFigure %), which is characterized by a

gradual reduction of undeiampling of the blue highlighted areas to mediampled.

Investigation of events determined that the systematic tsadepling (i.e.,
mi ssingness) was not attributable to the
the wafer dicing design. Circular wafers are diced in a square grid and typically tested in
shortened column groups called bars. The combination of grid dicing atesbag
results in short bars in the wafer corners; in this case, either single bars or bars 40% of
full length. Subsequent changes in dicing design, rather than sampling methodology,

account for the reduced sampling in these regions.

The 14day weighted rolling average time series, anchored to the earliest per
wafer test date, shows similar temporal yield patterns across columns (see Figure 4
with the horizontal green line representing the median baseline yield of 76%. These
synchronized patterns are evident in the yield decrease and increase events, as expected
in a tightly controlled process. The excursion events identified earlier meealcfor

context.
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Figure 47. CR - Column Pass Rate Series

The aggregate cluster of these yields shows a wide range of values (see Figure

48), with median ranges of 0.63.86, minimum values of 0.46.84, and maximum

values of 0.780.94. This indicates that no single column fully represents yield at a given

date. Convergence areas without spread, eveams! 10, correspond to dates where no

measurement tests were conducted.
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Figure 48. CR - Column Pass Rate Spread
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Clustering the column pass rate time series reveals four distinct groupings.
Columns 11 and 12 have the highest global median of 0.84, with the dewcsd

maximum IQR spread of 0.07 (see Figug. 4
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Figure 49. CR - Columns 11 & 12 Pass Rate Spread

Columns 3 and 4 have the secdrighest global median of 0.7%3hdthe highest

maximum IQR spread of 0.12 (see Figa.
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Figure 50. CR - Columns 3 & 4 Pass Rate Spread
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Columns 9 and 10 have a similar global median at 0.750 and the tightest IQR,
with a maximum spread of 0.05, indicating that these columns follow similar patterns

(see Figurél).
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Figure 51. CR - Columns 9 & 10 Pass Rate Spread

The center columns (5 through 8) have the lowest global median of 0.69 and the

seconehighest maximum IQR spread of 0.10 (see Fidgide
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Figure 52. CR - Columns Other Pass Rate Spread
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4.4.3. Hypothesis 6 (H6) Results

H6: The current wafefabrication yield prediction methodology results in an

estimation error exceeding 20%.

The baseline yield of columns 3 and 4 (samjland all columns (sampt®
shows a median error rate below the H4 estimation error rate of 20% (see33gure
This error rate increases as the spread betéxegrvincreases; however, with its
median baseline yield 0.g&ints above the lowest and 0-08ints below the highest

values, the mediatdis representative of the wafer with a median error @42.
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Figure 53. Median Column Sampling Error Rate

This median estimation error assigns zero weight to prediction error arising from
variance, quantified as the spread between vahasia In contrast, the IQR (see
Figure 49, light blue dotted) and range (see Fi§drdight blue) median error rates are
0.73 and 0.70, respectively. For example18i66(Event ), the median error rate is
0.029, while both IQR and range error rates are 0.96, indicating that a sample prediction

on this date would have 3.5 percent accuracy.
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Figure 54. Column Sampling Accuracywith Zero Variance Weight

Weighting the accuracy of predictions by 40% (see Fi§&yeauses the overall
estimation error to exceed the H4 20% estimation error threshold nearly 100% of the time
with a median overall estimation error of Q.3 his indicates that applying even a small
weight to fabrication variance (40%) produces a yield estimation error above the 20% H3

threshold.
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Figure 55. Column Sampling Accuracy With 40% Variance Weight
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Discussion And Conclusions

5.1. Introduction

The WF dataset represented only a fraction of the operational process for a wafer
and excluded podabrication procedures such as trimming, where wafers are modified to
meet operational tolerances. Environmental factors, machine configurations, material
composition, and design modification sources of variance are furthermore not included.
These constraints are characteristic of SMB fabricators that lack the capital and scale that
enable application of manufacturing optimization research that tends toolocapital

intensive HVM environments.

The objectives of this research are to support SMB fabricators to overcome these
operational constraints by determining if: missing parameter vahrdse accurately
reconstructed (RQ1), spatiotemporal correlation between WF and CT measurements can
identify yield excursions (RQ2), and if sampling methods accurately predict yield. This
chapter will address these questions by discussing the results and the conclusieds de
from this research. This will be followed by the lessons learned to guide future
practitioners in their research. Concluding with the contribution to the body of knowledge

and recommendations for future research.

5.2. Discussion

This research produced several notable findings that emerged during analysis.
Findings that had a potential impact on fabrication operations were reviewed directly
with the Fabricator to enable timely remediations. These results are discussed below, then

followed by the results specific to the research questions.
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The WF temporal interval analysis identified implausible inconsistencies in
measurement dates, most prominerRity LAYER_THICKNESS These results were
reviewed with the Fabricator which determined that process engineers were occasionally
performing bulk entry of this data. In response, additional process controls and

monitoring were implemented to reduce future inconsistencies.

The final optional fabrication step, pdabrication thermal trimming,
compensates for fabrication variance by modifying the refractive index (RI) through one
or more controlled annealing steps at speci f
This pregse adjustment corrects fabricatioduced deviations to improve device
performance (Xie, Frankis, Bradley, & Knights, 2021). An analysis of this data for
inclusion in this research identified inconsistencies in the application efelmperature
trimming( 550 AC) eampde rhaitguor e anneal ing (1000 AC)
specifications. These inconsistencies were reviewed with the Fabricator, where it was
determined that process engineers were using domain knowledge to occasionally deviate
from these specifications. These deviations affect measurements for controlled processes
and complicate the development of predictive models. In response, additional process

controls and monitoring were implemented.

5.2.1. Research Question 1

RQZ Can the missing 30% of parameter values from wafer fabrication and chip
test measurements be accurately imputed without distorting the underlying data

distribution?

Research question 1 (RQ1) was evaluated on both the wafer fabrication (WF) and

chip test (CT) datasets. The results of Hotphothese@dicate that these values can be
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imputed without distorting the underlying data distribution. The aggregate imputation
performance of CT over WF measurements (~9% difference) aligns with the more

uniform distribution of CT measurements and changing conditions in fabrication.

5.2.1.1. Hypothesis 1 (HIDiscussion

H1: Reconstructed wafer fabrication measurements will not statistically differ
from observed measurements in distribution and central tendency, as validated by

KolmogorovSmirnovand MarwWh i t ney U tests (U = 0.05) .

This hypothesis was tested using multiple imputation methods on the WF
measurement dataset with aggregate pass rate 0f¥-91.7% and MW-90.3%. These
results were achieved using random and random rolling, with the latter using multiple
window sizes. A small percentage (0.14%) of values were not imputed due to the use of
rolling windows. These results indicate that WF measerds can be imputed while

preserving the distribution and central tendency of the data.

Result: H1 Hypothesis- Confirmed

5.2.1.2. Hypothesis 2 (H2) Discussion

H2: Reconstructed chip test measurements will not statistically differ from
observed measurements in distribution and central tendency, as validated by

Kolmogoro¥Smirnov and MariWh i t ney U tests (U = 0.05).

This hypothesis was tested using multiple imputation methods on the CT dataset
with an aggregate pass rate of 100% for bot® End MW. These results were achieved

using random sampling only and imputed 100% of values. These results indicate that CT
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measurements can be imputed while preserving the distribution and central tendency of

the data.

Result: H2 Hypothesis- Confirmed
5.2.2. Research Question 2

RQ2 Are wafer fabrication measurements spatially and temporally correlated

with chip test measurements?

Research Question 2 (RQ2) was evaluated by testing 3 hypothesis and empirical
evaluation of 5 scenarios by the Fabricator. The objective in answering this question was
to determine if multivariate relationships between WF and CT measurements could be
explated to identify fabrication excursions. The aggregate result of the 3 hypothesis is
that these relationships can identify these excursions and monitoring these relationships

can enhance process control and reduce investigation cycle time.

5.2.2.1. Hypothesis 3 (H3) Discussion
H3: Spatial and temporal clustering of chip test outliers will identify fabrication

excursions with 80% accuracy.

This hypothesis was tested against 2 scenarios: photolithography mask and chuck
excursions. The aggregate result of these scenarios is that CT outliers can be utilized to
localize fabrication excursions when evaluated from both a temporal and spatial

dimersion.

Outlier scenario 1 was related to the organic defects in the photolithography mask
resulting in 9 excursion events between March 16 and August 23. The Fabricator

confirmed that all 9 events (chips) are related to this excursion and subsequent mask
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cleaning remediated the excursion by eliminated all organic defects. The pass rate for

excursion localization on this scenario is 100% (9 of 9).

The impact of this unmonitored excursion amounts to an estimateddh#D0
yield loss during the research timeframe, assuming complete loss beginning at each event

date. This was confirmed as a likely assumption by the Fabricator.

The second excursion scenario (2) resolves on May 05 and was caused by an
outdated chuck in the photolithography process. The Fabricator validated that all 7
excursion events (chips) are related to the replacement of the chuck and resolution of the
excurson event. The pass rate for excursion localization on this scenario is 100% (7 of

7).

The excursion events identified in these scenarios, along with subsequent
empirical evaluation by the Fabricator, indicate that spatiotemporal clustering of CT
outliers can identify fabrication excursions. Both scenarios achieved a pass rate of 100%

for acombined pass rate of 100%.

Result: Hypothesis 3- Confirmed (100%)

5.2.2.2. Hypothesis 4 (H4) Discussion

H4: Imputing missing measurements using algorithmic computation will detect

excursions in fabrication processes with 80% accuracy.

The objective of testing this hypothesis was to determine if the temporal change
in unmeasured variance could be derived and utilized to identify changes in fabrication.

This hypothesis was tested by calculating the changes in layer and wafer thiclaress, th
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inserting the deltas as new features. This process resulted in multiple delta features with

difference between photoresist and-ptehing the most prominent.

The photoresist shrinkage layer measuren@egr{ario 3) is the difference
between the photoresist layer thickness and the calculategbréayer thickness. This
excursion event was the result of equipment failures and subsequent remediation efforts.
The Fabricator empirically validated all 4 idiietd excursion events. The pass rate for

excursion localization using algorithmic computation for this scenario is 100% (4 of 4).

The excursion events identified in this scenario, along with subsequent empirical
evaluation by the Fabricator, indicate that algorithmic computation of delta
measurements can identify fabrication excursions. Furthermore, the conformation of the
relationslp between this scenario and the etch depth scenario (4) demonstrates the

applicability of this method.

Result: H4 Hypothesis- Confirmed (100%)
5.2.2.3. Hypothesis 5 (H5) Discussion

H5: Spatiotemporal correlations between wafer fabrication and chip test

measurements will identify fabrication excursions with 80% accuracy.

The objective of this hypothesis was to determine if spatiotemponadlations
between WF and CT measurements could localize fabrication excursions. This
hypothesis was tested using the clustered correlation changes in 2 scenarios: etch depth

and hard mask resistance changes.

Scenario 4 identified 8 excursion events occurring late August to@atbper

2024 andelated to the excursion events identified in scenario 1. The detected changes, as
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validated by the Fabricator, were related to 3 different events: UV lamp failure, boron
nozzle accumulation and sputter device failure. Of the 8 detected excursion events, the

Fabricator validate 6, for a scenario pass rate of 75.00%.

Scenario 5 identified 8 excursion events occurring in March 2024. The excursions
identified in this scenario are related to a design change in the core layer, increasing it by
0.03' m. Of the 8 detected excursion events, the Fabricator validater a scenario

pass rate of 87.50%.

The excursion events identified in this scenario, along with subsequent empirical
evaluation by the Fabricator, indicate that clustering spatiotemporal correlations can
identify fabrication excursions. In aggregate, the Fabricator validated 13 of the 16

excursion events for a combined pass rate of 81.25%.

Result: Hypothesis 5 Confirmed (81.25%)

5.2.3. Research Question 3

RQ3: How effectively does the current chip sampling methodology predict wafer

yield?

Research Question 3 (RQ3) evalcipted the e
sampling methodology. This was evaluated from both the perceptual and computational
dimensions. The perception of yield is influenced by thetdalay yield metrics, which
are &ewed by the span distribution of the contributing wafers. This dimension should be

evaluated prior to making changes to the estimation methodology.

The computational dimension is detail in the H6 section below.

5.2.2.4. Hypothesis 5 (6) Discussion
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H6: The percolumn chip sampling methodology error rate exceeds 20%.

The median baseline yield for the CWDM product is 76%; a baseline loss of 24%
of all chips produced. These rates do not indicate a varfaeedabrication process as
the current yield prediction method assumes. Using the baseline loss rate as the varianc

weight, which is an optimistic assumption, produces a median estimation error of 20%.

The current Fabricator peolumn yield prediction sampling methodology
accurately predicts the median yield witB.&7% median error rate. This prediction
methodology is based on a fabrication process with zero variability; an assumption that is
empirically false. Adding a nominal variance weight of 20% increases the error rate to

16.40%, while a 40% variance weight increases it@63

These results indicate that the estimati o

method exceeds the H6 20% threshold.

Result: H6 Hypothesis- Confirmed
5.3. Conclusion

This research evaluated multiple methods to exploit the multivariate relationships
between fabrication and test measurements to localize sources of fabrication excursion.
Dimensionality reduction was performed using wafer maps, analogous to spatial,kernels
to pool median aggregate chip results into wafer regions. Temporal dimensionality
reduction was performed by joining each wafer spatial measurement (left, top, center,
bottom, right) to all its future region pooled results. Multivariate relationships wer

distilled with rolling 3@day spatiotemporal correlation, creating a tsegies of
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fabrication relationship changes. Ins&ries relationships were determined through

clustering with excursion event scenarios identified then validated by the Fabricator.

This research concluded that: (1) missing measurements can be imputed without
distorting the underlying distribution and central tendency, (2) multivariate relationships
can be exploited for excursidocalization, (3) yield estimation and sampling must

account systematic and stochastic variance.

The result of this research is a framework for an extensible system to monitor and
label changes in multivariate relationships with excursioffiakrication,supporting the
transition from unsupervised to supervised learning. This framework was designed for
extensibility in adding components (e.g., imputation and clustering methods),
hyperparameter tuning (e.g., rolling windows, thresholds), and measurements.
Furthermoreit demonstratethe feasibility augmenting statistical process control (SPC)
with spdiotemporal correlation control (SCC) to reduce the cycle time of investigations

and associated costs.

5.4. Lessons Learned
There are three lessons leardedingthese investigation®r future researchers.

These are detailed below.

Clustering focused on identifying the highesiality group with minimal spread
and the greatest number of members. This was followed by a seedndtexing step to
separate largespread groups. This tw&tep process introduced complexity, especially i

interpreting overlapping patterns. Researchers facing similar complex clustering should
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consider starting by optimizing for minimum spread over maximum members, then using

a secondary approach (agglomerative) to create larger cluster groups.

Realworld engineering problems frequently involve raw data from active
operations that are large, noisy, and incomplete. In this study, constructing a usable
dataset required integrating raw parameter measurements with historical spreadsheets and
domain kowledge. The effort highlighted the necessity of a systamesited data
architecture and design process. Researchers working with production data sources

should adopt this approach at project initiation.

The volume of data and scope of required transformations exceeded local storage
capacity, resulting in recurring bottlenecks. Three alternatives were evaluated: external
device I/O introduced system instability, cloud storage incurred excessive costs and
latency, and clouthased sync services such as iCloud caused synchronization failures
and processing delays. A key lesson was to provision local compute storage to match

projected research demands or to incorporate cloud service costs into the planreng phas

5.5. Contribution To Body of Knowledge

This research demonstrated that the multivariate relationships between fabrication
and test measurements can be exploited to localize the sources of fabrication excursions.
Thedimensionality reduction methods used, while specific to fabrication, are extensible
to other domains where ordef-magnitude disparities exist between datasets.
Constructing and clustering spatiotemporal correlated series to overcome the dimensional
disparity between related data sets is a novel approach for identifying events in

statistically controlled processes. These methods are extensible to anyspair
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multivariate relationships with clustering identifying the groups of relationships that

correlate in similar ways, supporting the changing Fabrication environment

This type of spatiotemporal correlation control (SCC) has the potential to
augment statistical process control (SPC) by incorporating multivariate temporal
observations that reflect historical and leading indicators of process deviations. In tightly
contrdled fabrication environments, multivariate measurements have a temporal
correlation baseline that can be used for enhanced monitoring. The spikes and inversions
in this baseline can be used to localize fabricatocursionsenabling dateenhanced

investgations.

The novel methods in this research are intended to assist small and medium
business (SMB) PLC Fabricators in scaling production by reducing cycle time, localizing
yield excursions, and enhancing accuracy in monitoring and yield estimation. The
proposed saitions achieve these objectives without requiring hardueare metrology
innovations, direct modifications to fabrication processes, or capitaisive
interventions such as expanded physical measurement infrastructure or advanced

automation systems.

5.6. Recommendations For Future Research

The static region map assigned chip locations to wafer regions without accounting
for overlap between the regions. This mapping could be enhanced using interpolation,
correlated chip locations, or other methods to more accurately relate chips to wafer

regions.
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The effect of hard versus soft clustering assignments on excursion identification
and cluster diversity warrants further examination. Comparing exclusive and overlapping
assignment strategies may reveal differences in cluster member similarity and the
sengivity of excursion detection. Identifying the temporal events when pairwise
correlation time series shift between rexclusive clusters could expose additional

excursion behavior that is not captured under hard assignment constraints.

Excursion event identification in this research was a manual process. Future work
could apply timeseries event detection methods, combined with the excursion
identification strategies in this research, to automate this process. Detection could be
furtherenhanced by identifying correlations between events to improve spatial

localization of excursions.
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Appendices

A.l. Ingestion And Transformation

Ingestion of wafer fabrication (WF) measurements from the Management
Execution System (MES) comprised 291,047 records and 35 features, representing
15,223 wafers and total size of 264.63 MB. Subsequent data integration joined the
ingested measurements witheration, tool, lot, product and batch tables, denormalizing
the dataset and increasing the size to 453.65 MB. Twelve sparse parameters with
measurements present in 30.2% or fewer wafers were excluded from the dataset (see
Figure %). Filtering these lowmeasurement and levelevance parameters identified in
domain investigation (e.g., SCRATCH, OTHER) yielded a baseline dataset containing

10,650 wafers, 116,098 records, and a total size of 98.38 MB.
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Ingested 724,202 chip test (CT) and chip result (CR) measurement JSON files
from the Data Analytics System (DAS). Each JSON file was processed to extract
embedded test measurements and result data into an expanded data frame. These files
were incrementallyparsed in 4 stages to extract, transform, and consolidate into a single

474 MB parquet format using snappy compression.

A sparsity analysis identified a binary distribution in which parameters exhibited
either more than 97% missing values or less than 3% missing Ys&eBigure B). This
threshold was used for filtering sparse parameters, resulting in the removal of 20
parameters (10.4% of all parameters), each containing no more than 2.08% of all
measurements. These excluded parameters were derived features created by the fabricato
from measurements and were removed due to insufficient representation. Among the
retainedparameters, 232 NaN values (0.00029%) were distributed across parameters and
channels; these were imputed using the global median of the respective parameter. The
final dataset, containing 172 parameters and their associated measurements, was stored in

Paquet format with Snappy compression to optimize storage and retrieval efficiency.
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Figure 57. CT - Initial Parameters NaN Values
A.2. Distribution And Clipping

The comparison histograms of gripped WF measures show riggikewed
distributions for CV, skewness, and kurtosis (Sggire B). The CV distribution has a
median of 4.0. Parameters suclC&3RE_LAYER_TM_RI(5100.97) ETCH_DEPTH
(2081.78), andPOST_ETCH_WAFER_BOW?207.38) exceed 200, contributing to the
long right tail of the distributionThe maximum value c€ORE_LAYER_TM_RI
(approximately 1.49110 ) exceeds its median
with the numerical similarity indicating a likely decimal placement error. The skewness
distribution centers a0.2 but spans a wide range, with values up to 50.99 for
CORE_LAYER_TM_RIand 41.87 foPOST_HM_WAFER_THICKNESSreflecting
strong asymmetry in a subset of¢tkurtpserB met er s.
scale, shows a raw median of 16.8 and several parameters witaitgghdistributions,
includingCORE_LAYER_TE_RI(844.48) ancETCH_DEPTH(953.51). These values
across all three measures indicate-nommality and the presence of langegnitude

deviations in multiple fabrication parameters prior to outlier clipping.

Figure 58. WF - Comparison of CV, Skewness and Kurtosis
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