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Machine learning and natural language processing techniques are being integrated into chemistry
and materials science, finding utility at field and domain levels of research. While these tools have
existed, the relative recent emergence of these tools within high-level programming languages like
Python means that they have only recently begun to be utilized at scale. In this dissertation, |
explore the ways in which these tools can be applied in field-specific settings and a general,
domain-level one. In one, | develop a new analysis methodology utilizing image registration,
dimensionality reduction, and multivariate analysis to derive information from multimodal atomic
force microscopy images. In a second, | utilize and develop reusable code for a Python package
within the scanning probe community to obtain insights about and examine impacts of different
physical contributions to a measured signal in a specialized atomic force microscopy technique. In
another, | introduce a practitioner-centric framework for evaluating topic models that moves away
from the dichotomic approach utilized in model development with a critical downstream benefit
of advancing data-driven materials research via natural language processing. These works
illustrate the ways in which existing machine learning and natural language processing are
powerful tools and makes a case for the need of domain expertise in their development, much like

the symbiotic work of computationalists, experimentalists, and theorists.
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Chapter 1. INTRODUCTION

At the foundation of machine learning and artificial intelligence are mathematical theories that
have existed for decades.’” Despite this, adoption of these tools in the field of chemistry at mass
throughout the entirety of the research pipeline has been slow, with recent publications utilizing
brute force, human-powered approaches toward tasks that would benefit either from existing tools
or their continued development.®*1 Accessible high-level programming languages like Python
along with the development of educational curriculum incorporating computer-science based skills
for domain researchers has aided the incorporation of these tools that were previously
inaccessible.*? While these tools grounded in mathematical and statistical frameworks have found
widespread utility, significant work remains in making them a central component of experimental
chemistry. As a start, the works discussed herein look at how techniques that are broadly
categorized as image registration, dimensionality reduction, multivariate analysis, and natural
language processing can be utilized in chemistry.

In chapter 2, I introduce a new methodology utilizing multimodal atomic force microscopy
involving the sequential application of statistical learning methods. This analysis pipeline extracts
compositional information that cannot be derived from the analysis of images from any one
technique alone; it is a demonstration of how data science techniques can be merged with
microscopy techniques to fully leverage the gestalt of a multimodal approach. It is also one of the
first experimental validations in an applied research setting of an emerging technique called
photoinduced force microscopy, providing the scanning probe microscopy community with a
sense of how this nanoscale infrared-based technique compares to its established, macroscale

analog: Fourier Transform Infrared Spectroscopy. The analysis pipeline introduced is broadly



2

generalizable to any image data, encouraging researchers to move beyond non-rigorous methods
of analyzing multimodal data.

In chapter 3, I study the role of electrostatics and its impact on piezoresponse-based force
microscopy methods. A method called Band-Excitation Piezoresponse Force Microscopy (BE-
PFM) is used to collect time-dependent piczoresponse ‘relaxation’ spectra on exemplary non
ferroelectric and ferroelectric materials. The resulting spectra are analyzed by curve fitting to
extract information telling of the physical phenomena occurring. | decouple the electrostatic
contribution from the measured signal in this technique look at the impact this electrostatic
contribution has on a related technique, contact Kelvin Probe Force Microscopy. Based on the
results of this work, make practical experimental and analysis recommendations for removing its
contribution in piezoresponse-based force measurements. A component of this work entailed
writing a module for analyzing the results from BE-PFM and was incorporated into Pycroscopy, a
Python package in part for scanning probe microscopists.

In chapter 4, | explore how different topic models can form the basis of a machine-focused
information retrieval system for scientific text that is content based. This work has downstream
implications on curating field-specific databases and ultimately, the quality of high-throughput
efforts for materials design. | evaluate their performance with a prevailing metric and introduce a
practitioner-centric one based on mutual information that is a proxy for their ability to return high
quality results based on an abstract query. These metrics are correlated with human judgments of
the semantic structure of the models. Pending results of two human evaluation tasks, we find that
in most cases, the topic models examined can be seamlessly integrated into a domain setting
according to the prevailing metric. We find that the mutual information based metric is more telling

of how well a model performs as the basis of an information retrieval system. This work establishes



3

a practitioner-centric, domain-agnostic framework for evaluating topic models, regardless of
model assumptions. The broader implications of this work include guiding annotation efforts for
downstream tasks and increasing the rate at which novel ideas are adopted all of which accelerate
materials research. Lastly, a high-level overview of the value of this work is presented along with

suggestions for future work.



Chapter 2. NANOSCALE STRUCTURE-FUNCTION PROPERTIES
WITH IMAGE REGISTRATION, DIMENSIONALITY
REDUCTION, AND REGRESSION !

2.1 ABSTRACT

Correlating nanoscale chemical specificity with operational physics is a long-standing goal of
functional scanning probe microscopy (SPM). We employ a data analytic approach combining
multiple microscopy modes using compositional information in infrared vibrational excitation
maps acquired via photoinduced force microscopy (PiFM) with electrical information from
conductive atomic force microscopy. We study a model polymer blend comprising insulating
poly(methyl methacrylate) (PMMA) and semiconducting poly(3-hexylthiophene) (P3HT). We
show that PiFM spectra are different from FTIR spectra but can still be used to identify local
composition. We use principal component analysis to extract statistically significant principal
components and principal component regression to predict local current and identify local polymer
composition. In doing so, we observe evidence of semiconducting P3HT within PMMA
aggregates. These methods are generalizable to correlated SPM data and provide meaningful
technique for extracting complex compositional information that is impossible to measure from

any one technique.

2.2 INTRODUCTION

Chemical structure and composition are inextricably linked to the functional properties that give

rise to materials with promising applications in systems from solar cells to batteries.!314

! Adapted with permission from Kong, J.; Gridharagopal, R.; Harrison, J.S.; Ginger, D.S. Identifying Nanoscale
Structure—Function Relationships Using Multimodal Atomic Force Microscopy, Dimensionality Reduction, and
Regression Techniques. J. Phys. Chem. Lett. 2018. https://doi.org/10.1021/acs.jpclett.8001003
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Quantitative structure-function models are key to efficiently developing paradigms that enable
materials discovery at a rate that outpaces the classical synthesis-characterization-theory
approach.® Images from multimodal atomic force microscopy (AFM) techniques which provide
spatially resolved, quantitative structural and functional information make for particularly well
suited data sets for this purpose.® Statistical learning tools can be leveraged to apply detailed
quantitative analysis on structural and functional maps to develop insight for optimized materials
and devices.

AFM-based techniques have become ubiquitous in functional nanoscale characterization.t’-?
Imaging chemical composition on this scale however, has been challenging; historically, such data
were acquired using techniques including near-field scanning optical microscopy (NSOM) and tip-
enhanced Raman spectroscopy (TERS), both of which can image chemical structure far beyond
diffraction-limited optics.?>>* NSOM and TERS, however, impose a limitation of requiring careful
optical alignment to “directly” collect optical information.?>%> To circumvent this issue, scanning
probe methods like photoinduced force microscopy (PiFM)%627 and photothermal infrared
microscopy (PTIR, also called AFM-IR)?®2° have been developed to mechanically probe
vibrational modes. These techniques use an infrared (IR) laser that spans the vibrational excitation
range for many common organic materials. Instead of measuring the excitation via a change in
absorption as in NSOM, they measure the response via a mechanical response of the tip. Of these,
PiFM has the distinction of being a nominally “non-contact” technique as opposed to a direct
thermal expansion measurement in PTIR,% though the ultimate result in either paradigm are IR
spectra with nanoscale resolution measured via cantilever dynamics.

Briefly, PiFM generates spatial maps with chemical contrast by measuring the time-integrated

photoinduced gradient force between a tip and sample due to the interaction between their



6

polarizabilities at wavenumbers corresponding to vibrational modes of different chemical
species.?® PiFM can also generate hyperspectral images containing a photoinduced force infrared
spectrum at each pixel, enabling visualization of absorption maps at all wavelengths. The current
understanding of time-integrated photoinduced force3:2° and theory of PiFM can be found
elsewhere,26:36

One of the principal advantages of chemical imaging via PiFM is that correlated functional and
chemical maps can be utilized to advance our understanding of the relationships between chemical
structure and composition and electrical properties on the nanoscale. While hybrid systems that
can obtain registered images of materials like AFM/mass spectrometry’ are useful, they are more
costly to implement and therefore motivate data-driven approaches to extract such information.
Gleaning this level of insight requires combining domain knowledge and data science tools which
in the field of scanning probe microscopy (SPM) have largely been applied to multidimensional
SPM data sets.'® For example, principal component analysis (PCA) has been used as a tool to
analyze band excitation SPM data® and extract statistically significant contributions to signals in
general mode and general dynamic AFM.3%4! To gain physical insights from multidimensional
first-order reversal curve current-voltage (FORC-1V) SPM data, techniques like k-means
clustering and Bayesian linear unmixing have been applied.*?43 With the continued development
of multidimensional SPM techniques, statistical learning tools will have an increasingly important
role in processing, analyzing, and extracting information from progressively larger data sets.

A natural extension of the permeation of these data science techniques into the SPM community
is to apply these tools to multimodal images with the goal of understanding the relationship
between chemical structure and functional properties. As a simple demonstration of the utility of

this approach, we apply statistical learning techniques to registered hyperspectral photoinduced
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force and conductive AFM (cAFM) images of a model polymer blend system: a phase-segregated
blend of semiconducting poly(3-hexylthiophene) (P3HT) and insulating poly(methyl
methacrylate) (PMMA). These polymers’ distinct chemical fingerprints and the strong contrast
between their electronic properties make this blend an ideal system for benchmarking analysis
techniques to be used in increasingly complex systems with optoelectronic and chemical
heterogeneity such as emerging mixed cation hybrid perovskites.244

In this work, we employ affine transformations as an image registration technique, PCA as a
dimensionality reduction tool, and principal component regression (PCR) as a statistical analysis
method. This sequence of techniques is a representative analysis flow in deriving correlations
between chemical and functional image data. (See section 2.7.1 for graphical overview.) We apply
this approach to our model polymer blend to demonstrate the robustness of the registration and
interpretability of the data resulting from PCA and PCR. Despite the linear nature and relative
simplicity of PCR, it provides a sensible prediction of current with the larger deviations providing
useful insight into the tomographic structure of the film. Importantly, this method is generalizable

to correlated datasets from other chemical mapping tools as well.

2.3 EXPERIMENTAL METHODS
231 Materials

All materials were purchased from Sigma-Aldrich and used as received unless otherwise stated.
A 1:1 ratio, 1 wt.% solution of poly(3-hexylthiophene) (P3HT) and poly(methyl methacrylate)
(PMMA) blend was prepared following methods in Kergoat et al.*> PMMA was dissolved in

dichlorobenzene by stirring overnight. Subsequently, P3HT was added to the PMMA solution and
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stirred until completely dissolved. The solution was then filtered with a 0.45 pm

polytetrafluorethylene (PTFE) filter.

2.3.2  Polymer Film Fabrication

Films were fabricated on ITO substrates (TFD, Inc.) which were sequentially cleaned by sonicating
in dilute detergent, acetone, and propan-2-ol, and subsequently treated with oxygen plasma for 10
minutes. A thin layer of NiO was deposited by spin-coating in air a precursor consisting of 129
mg nickel(ll) acetylacetonate dissolved in 5 mL of anhydrous ethanol with addition of 50 pL of
38% HCI at 5000 rpm at 11000 rpm/s for 30 s. The NiO layer was annealed at 320 °C for 45 min
in air. Subsequently, the polymer precursor solution was spin-coated onto the NiO at 1500 rpm

and 1500 rpm/s for 30 s in air. Films were then heated at 120 °C for 20 min.

2.3.3 Hyperspectral Infrared Imaging

A Molecular Vista Inc., Vista Scope coupled to a LaserTune QCL with wavenumber resolution of
0.5 cm™ was used for hyperspectral photoinduced force hyperspectral imaging. The PiFM was
operated in sideband mode where the first and second mechanical resonance frequencies at 320
kHz and 1.9 MHz of a Si cantilever with Pt coating were used to detect the photoinduced force
and surface topography, respectively. During imaging, the laser was swept from 760 cmto 1875

cmt. The sample was housed in a vacuum shroud back filled with nitrogen.

2.3.4  Conductive Atomic Force Microscopy

Conductive atomic force microscopy measurements were taken with an Asylum Research MFP-
3D BIO atomic force microscope (Oxford Instruments) installed on an inverted Nikon Eclipse Ti

inverted microscope and Table Stable vibration isolation stage. A surface bias of +5 V was applied
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as a Budget Sensors ContE-GB tip with spring constant ~0.2 N/m was raster scanned across the
surface of the sample to simultaneously measure the topography and current between the tip and

sample.

235 FTIR

FTIR spectra were collected on a Thermo Fischer Nicolette 8700 with a nitrogen cooled MCT-A

detector. 256 scans, 1.928 cm™! resolution, with an optical velocity of 0.9494, an aperture of 3.

2.4 RESULTS AND DISCUSSION

The distinct chemical nature of P3HT and PMMA result in unique vibrational modes in their
respective IR spectra. Figure 2.1a shows attenuated total reflectance Fourier-transform IR (ATR-
FTIR) spectra of PMMA, P3HT, and their blend in the range 1700-1760 cm. (For full range
spectra see Figure 2.7.) PMMA exhibits a vibrational mode corresponding to a carbonyl stretch at
1734 cm that is also present in the blend but not in P3HT.#¢ Fig. 2.1b shows that, within the range
780-840 cm?, P3HT contains an aromatic C-H out of plane bending mode at 824 cm™.4" As
expected, this vibrational mode is also present in the blend but not in PMMA. Importantly,
vibrational modes present in the bulk material are also present at the nanoscale as shown in PiFM
point spectra of films made of neat PMMA and P3HT in Figure 2.1c and 2.1d, indicating that they
can be used as spectroscopic handles for nanoscale characterization.

According to the theoretical description of PiFM, the PiFM signal response originates from the
real part of the polarizability,? though photothermal contributions can arise due to the imaginary
part of the polarizability under certain imaging conditions.3® In contrast, the absorption in FTIR
spectra is proportional to the imaginary part of the linear susceptibility.*® Thus, the signal in PiFM

and FTIR spectra, at least in current understanding, probe different parts of a material’s response
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to an electromagnetic field. Therefore, it is expected that there will be differences between local

PiFM and macroscopic FTIR spectra.
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Figure 2.1. A comparison of attenuated total reflectance Fourier transform infrared (ATR-
FTIR) (a, b) and photoinduced force microscopy (PiFM) point spectra (c, d) of neat polymer and
blend films of poly(3-hexylthiophene) (P3HT) and poly(methyl methacrylate) (PMMA) showing
that vibrational modes present in bulk ATR-FTIR spectra are also present in local PiFM spectra.
(a, ¢) The spectral range of ~1700 to 1780 cm™* corresponds to a C=0 stretch in PMMA. (b, d)
The spectral range of ~780 to 870 cm* corresponds to a C-H out-of-plane bending mode in P3HT.
For the purposes of this work, however, it is only important that the PiFM spectra of PMMA and

P3HT both exhibit distinct spectral fingerprints, a condition we expect to hold generally for
materials that have distinguishable FTIR spectra. For instance, Figure 2.1c shows the presence of
a carbonyl (C=0) stretch in neat PMMA and the polymer blend around 1728 cm™and 1735 cm™,

respectively; its absence in P3HT is in excellent agreement with the bulk ATR-FTIR spectra.
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However, the aromatic C-H bend of P3HT appears to shift from 824 cm™ in the ATR-FTIR

spectrum to 806 cm™ in the PiFM point spectrum as shown in Figure 2.1d. Since P3HT exhibits
no other vibrational modes in this region, it is reasonable to deduce that this peak corresponds to
the aromatic C-H bend of this molecule.*” While this shift places this vibrational mode in the
vicinity of an unidentified vibrational mode of PMMA around 810 cm, this peak is higher
intensity in the P3HT blends and characteristic of P3HT.

We interpret the lineshape differences between our PiFM spectra compared to some of those
previously reported in the literature (dispersive vs. quasi-Lorentizian) based on the physical origin
of the PiFM signal. Notably, Jahng, et al. and Yang, et al. have reported that there are both thermal
and photoinduced force contributions in PiFM, with the former giving rise to dissipative,
Lorentzian line shapes and the latter to dispersive lineshapes.®¢*° However, if the sample’s thermal
relaxation rate is shorter than the interpulse time separation of the laser, the sample does not have
enough time to achieve significant thermal expansion and the photoinduced force gradient can be
separated from the thermal contribution.®® As the thermal contribution is proportional to a
wavelength-dependent thermal expansion coefficient, we expect there to be a wavenumber
dependence to the thermal and photoinduced force contributions in most spectra. Therefore, a
superposition of Lorentzian and dispersive line shapes can be anticipated under many common
imaging conditions. Specifically, some studies have shown PiFM spectra that match well with
those of FTIR in the 1300 - 1800 cm™* window?"*° and therefore, at least in current understanding,
those spectra would be interpreted as having a greater thermal contribution. In Fig. 2.5a-d, the
PiFM spectral peak at 823 cm™ is not in agreement with those of FTIR, but appear more dispersive.
Therefore, we interpret these peaks as having a greater photoinduced force gradient contribution.

The unidentified vibrational mode of PMMA around 800 cm™* and carbonyl stretch around 1734

11
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cml, are in good agreement with those of FTIR so we interpret these peaks as having a greater
thermal contribution.”

To identify structure-function relationships, we take a hyperspectral PiFM image over the range
760 — 1875 cmt and current image at +1 V sample bias with a gold tip. Prior to any data analysis,
we register the hyperspectral PiFM and current images using the affine transformation capabilities
in Dipy.>! Briefly, translation, rigid, and affine transformations are sequentially optimized for the
topography obtained in parallel with the cAFM scan. These transformations are obtained by
automated maximization of the statistical dependence (as measured by mutual information)
between the intensity distributions of the topography images obtained during hyperspectral PiFM
and current imaging. Additional details regarding the image registration can be found in the Sl and
Jupyter notebook online in the associated repository.5?

We used separate instruments for PiFM and cAFM. In this case, image registration is important
because differences due to variations in scan angle, piezo drift, and the different imaging
modalities (intermittent contact for PiFM and contact mode in CAFM) can lead to distortions which
can mask the sought-after structure-function relationships. We achieved successful co-localization
across both microscopy methods with the following protocol: (1) we registered the images
optically within several um using visible alignment marks; (2) we imaged roughly the same region
by locating the region of interest via large scans; and (3) we precisely aligned the images post-
capture using affine transformations. (See methods and section 2.7.3 for details.)

Figure 2.2 shows the registered integrated hyperspectral PiFM and current images along with the
topography. The integrated hyperspectral PiFM image (Fig. 2.2a) is obtained by integrating the
area underneath the IR spectrum, spanning 760-1875 cm™ at every pixel (see Figure 2.7 for

associated full range spectra at isolated points). Contrast in this image is largely due to the presence
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of an intense C=0 stretch in PMMA,; areas rich in PMMA give a greater integrated signal due to
this large peak. Since P3HT is a hole conductor, the domains in the cAFM image (Fig. 2.2b)
correspond to hole extraction from the P3HT domains through the grounded tip.>® As expected,
the current reflects the strong contrast in conductivity of this semiconductor-insulator blend, with
the current over PMMA being significantly lower than that over P3HT. The topography of the
blend (Fig. 2.2c) shows formation of PMMA aggregates (bright regions) within a P3HT matrix

(dark background), a natural result of phase segregation within the blend.>*
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Figure 2.2. Registered multimodal atomic force microscopy data: (a) integrated hyperspectral PiFM signal
over the range 760-1875 cm™, (b) current under +1 V sample bias, and (c) topography images of the same
10 x 10 um? area of a PSHT/PMMA blend. In (c) the bright aggregates are PMMA and the dark matrix is
P3HT.

We then utilize PCA to extract statistically important components from the hyperspectral image
data cube of dimensionality 231 x 247 x 548 (see section 2.7.7 for further information). With PCA,
the hyperspectral PiFM image is re-expressed as a linear combination of the principal components
(PCs). Often, the variance of the original data captured by the first few principal components is
large and quickly drops off for subsequent components, making PCA a useful data reduction

technique allowing one to work under the premise that most interesting information is contained
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in first few, K, principal components and reduce the number of variables we examine from 548 to

K.55
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Figure 2.3. Principal component score images and principal components of the hyperspectral PiFM
image as infrared (IR) spectra. Loading maps for the (a) first and (b) second eigenvectors showing that
principal component analysis can be used to differentiate the PMMA from P3HT. IR spectra of the (c) first
and (d) second eigenvectors which shows that the principal components are not necessarily physically
interpretable in that they maximize variance, but may not correspond to physically observable spectra, a

result that is well-known for PCA.

We apply PCA on the hyperspectral PiFM data set.%® Figure 2.3 shows images of the first two
scores along with their respective principal components. The score images (loading maps) (Fig.
2.3a-b) are obtained by plotting the value of each principal component (Fig. 2.3c-d) at each spatial
pixel. The resulting score images (Fig. 2.3a-b) can be used to differentiate between polymers as

seen in the loading maps, where the contrast in the image is the integrated intensity of the spectral

loading at each pixel (Fig. 2.3c-d).
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Attempting to decipher a structure-function relationship from the principal component images of
hyperspectral PiFM data alone, however, proves difficult. Within the framework of PCA, the
loadings define the contributions of the original wavenumbers to the principal components.
Loadings large in magnitude at particular wavenumbers signify greater contributions to the
principal component. Thus, contrast seen in a score image can be largely attributed to
wavenumbers with large loadings in the corresponding principal component. If one desires to
interpret the principal components as spectra, neither can be done so in the physical sense, as each
has negative absorbance values. This outcome, namely non-intuitive principal components without
obvious physical analogs, is a well-known result of PCA. 424357 We highlight it here merely as a
reminder that while sometimes PCA of scanning-probe data may appear to decompose into desired
physical components,3841.58 gne should not expect such results to always be the norm.

We note that numerous other techniques for spectral extraction such as, independent component
analysis (ICA), nonnegative matrix factorization (NMF), automatic target generation process
(ATGP), pixel purity index (PPI), vertex component analysis (VCA), N-FINDR, and numerous
others exist.>®% Many methods available in software libraries rely on the presence of pure
endmember spectra®®-®, while others require more overhead to implement. (See 2.7.6 for
additional discussion regarding hyperspectral unmixing.) We plan to compare these approaches in
more detail in the future, but here, we focus on what can be achieved with relatively simple and
widely-accessible PCA methods.

Turning back to the PCA data, in principal component 1 (Fig. 2.3c), peaks at 1739 cm™, 1453 cm-
Land 1489 cm* which are known vibrational modes of PMMAZ®“, have the greatest loadings. In
addition, there is a strong negative peak at 823 cm, which is spectrally correlated with the P3HT

aromatic C-H bending mode.*” These peaks are therefore primarily responsible for the contrast
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observed in the first loading map (Fig. 2.3a). Intuitively, pixels with high principal component 1
scores, will have original spectra with strong absorption peaks at 1793 cm™, 1453 cm™ and 1489
cmt corresponding to a C=0 stretch, an unassigned vibrational mode, and O(CHz) bend,
respectively, in PMMA. In contrast, pixels with high principal component 1 scores will have
original spectra with a weak absorption peak at 823 cm™. The peaks at 1739 cm™* and 823 cm™ are
largely responsible for the contrast generated in the second loading map (Fig. 2.3b) as indicated
by principal component 1 (Fig. 2.3d). We interpret principal component 2 therefore, broadly as a
lack of PMMA and presence of P3HT.46:47

We now turn to extract physical insight by combining PCA data with cAFM information. We use
principal component regression (PCR), which uses the principal components as the independent
variables in a multiple linear regression model, to understand the relationship between local
chemical composition (even without assigning composition fractions or endmember spectra) and
electronic function.

To perform the analysis, we randomly selected 10% of the image pixels and fit a multiple linear
regression model by regressing the electrical current on the first 10 principal components. With
this model, we can reasonably predict the current of the remaining pixels from the hyperspectral
information alone as shown in Figure 2.4. (For quantitative measures of error and spatially
resolved training and test data sets, see section 2.7.7.) Fig. 2.4a shows that the predicted current
is in good overall qualitative agreement with the measured current (Fig. 2.2b). Overall, the PMMA
aggregates are predicted to be more insulating than the P3HT components. Importantly, this model
also reasonably predicts the current images for different image sets of the same composition

polymer blend. (See Section 2.7.7 for more information.)
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Figure 2.4. Current as predicted with a principal component regression model obtained by
regressing the electrical current onto the first ten principal components. (b) Error image obtained
by subtracting the real current, shown in Figure 1b, from the predicted current.

Figure 2.4b shows the error image (measured current — predicted current), from the principal
component regression. We speculate that regions where the PCR model under predicts the current
could be regions of better ordered P3HT with higher mobility.®5-%8 Interestingly, this image
contains additional insight: regions that diverge most from the PCR model inform the identification
of the polymer and appear to reveal tomographic structure indiscernible from PiFM or cAFM
alone. Figure 2.5a shows the integrated hyperspectral PiFM image with the spatial distribution of
the pixels (in yellow) where the PCR model over-predicts the real current by more 3 standard
deviations (See 2.7.8 for statistical rationale). Upon closer inspection, we see these pixels reside
within regions that have negligible electrical current in CAFM, yet where the PCR model predicts
they are P3HT. The average spectrum, reconstructed from the first 10 principal components, for
these pixels, denoted P3HT*, along with that of the PMMA aggregates, and P3HT matrix are

shown in the spectral windows corresponding to the distinct vibrational modes of P3HT and

PMMA in Figure 2.5b and c, respectively (see Figure 2.13 for masks used to obtain average
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spectra). The average spectrum for these pixels is similar to that of the P3HT matrix as it exhibits
a negative peak at 1733 cm (Fig. 2.5¢), distinct from the PMMA aggregates. In addition, it also

has a peak at 823 cm-!; the weaker intensity is consistent with these regions being within PMMA.
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Figure 2.5. (a) Regions with predicted current that deviate more than 3 standard deviations
from the real current (yellow pixels) overlaid on the hyperspectral PiFM image. (b) The average
spectrum, reconstructed from the first 10 principal components only, of pixels in (a) are in blue,
PMMA aggregates in orange, and P3HT matrix in green for the range 850-780 cm and (c) 1670-
1790 cm. The regions highlighted in (a) are likely to be P3HT regions within the PMMA
aggregates that are electrically insulated.

This interpretation, combined with the presence of a vibrational mode at 823 cm suggests that
these regions are likely P3HT regions trapped within the PMMA aggregates. The advantage of the
PCA/PCR approach as shown in Fig. 2.5 is clear when compared to the seemingly straightforward
approach of using the raw hyperspectral PiFM signal at 823 cm™ to correlate with the cAFM
current image. The result (see Fig. 2.14) is less clear than the PCA/PCR approach because of the
noise at 823 cmt, while PCA allows more use of the acquired information, while also denoising
the data. The pixels shown in Fig. 2.5a exhibit the spectral signatures of P3HT regions, but lack

an electrically-connected pathway for hole transport through the entire film. Also notable is that

these regions (Fig. 2.5a) are not directly correlated with regions of lower integrated hyperspectral
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PiFM intensity (see Fig. 2.15) in the same region as might be expected if this information were
contained within the top few nanometers accessible to PiFM.%® The error from PCR, combined
with our a priori knowledge about the semiconducting and insulating nature of the two polymers
suggests an explanation for why P3HT aggregates within PMMA do not appear in the CAFM
image: it is due to the lack of an electrically connected pathway to the extracting contact. Such
inferences are impossible with either the cAFM or PiFM alone and reveal a level of tomography
(sub-surface structure) that is unique to a data-driven approach to scanning probe regression of

electrical information on chemical nanostructure.

2.5 CONCLUSION

Herein, we have acquired hyperspectral PiFM and cAFM images of the same area within a
PMMA/P3HT blend film. We show that while the local PiFM spectra do not necessarily match the
macroscopic FTIR, they are still useful in differentiating between the polymers. We described a
representative workflow to register and analyze hyperspectral PiFM and cAFM images with PCA
and PCR. Using these statistical tools, we demonstrate that the two techniques provide
complementary information that when combined, provide additional insight into the tomography
of P3HT/PMMA that neither provides in isolation. While the PCR model yields a reasonable
prediction of the current image, we note that these results show there could be additional value in
moving beyond basic PCA approaches in the future. Furthermore, to improve predictions of the
PCR model, it is likely that nonlinear techniques such as multiple adaptive regression splines
(MARS)’°, which can flexibly model more sophisticated relationships by including nonlinearity
and interaction terms, will be necessary. Incorporating prior information about systems can also
improve the results of dimensionality reduction and regression; therefore, these techniques may be

more appropriate when applied within a Bayesian framework.”
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2.7 SUPPLEMENTARY INFORMATION

2.7.1  Graphical Overview of Workflow
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Figure 2.6. Overview of work flow. The hyperspectral photodinduced force microscopy (PiFM)
and conductive atomic force microscopy (CAFM) images are aligned with affine transformations
prior to data analysis. Principal component analysis (PCA) is then applied to the hyperspectral
PiFM image to extract statistically significant principal components (PCs). Principal component
regression (PCR) where the electrical current is regressed onto the first ten principal components
is used to develop a model that quantifies their relationship with the current.

21



22
2.71.2 Full Range FTIR and PiFM Spectra
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Figure 2.7. (a) Attenuated total reflectance Fourier-transform infrared (FTIR) and (b)
photoinduced force microscopy (PiFM) point spectra of neat PMMA (orange traces), neat P3HT
(green traces), and blend (blue traces) films along with the laser profile of the QCL (grey, dashed
trace) in the region 800 to 1800 cm™.

2.7.3 Image Registration

The hyperspectral PiIFM image was obtained in an area located near a visible “X” as described in
the methods section. After imaging, the tip was used to scratch a 17 um box around the region
imaged as shown in Fig. 2.8a. The region of interest was located following the procedure described
in the methods section. The raw, unregistered topographies obtained in hyperspectral and

conductive AFM imaging are shown in Fig. 2.8b and c, respectively.
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Figure 2.8. (a) Optical microscopy image of the 17 um box used for locating the region of interest.
Unregistered topography scans obtained during (b) hyperspectral PiFM imaging and (c)
conductive AFM imaging.

A multiresolution approach using affine transformations with mutual information (MI) as a
similarity metric was employed to register the current and hyperspectral PiFM images. Image
registration was performed in Dipy®?, following a package-specific tutorial.”> An optimized affine
transformation was found with the corresponding topography images and applied to the current
image to register it with the hyperspectral PiFM image. To calculate the M, the joint and marginal
probability distribution functions were estimated using the Parzen-window method.” Distributions
were computed using all pixels and discretized to 32 bins. A multi-resolution strategy featuring a
three-level Gaussian Pyramid containing sub-sampled topographies at quarter, half, and full
resolutions was used. The coarsest, medium, and finest resolutions were Gaussian-smoothed with
o =3, 1, and 0, respectively. At each of the aforementioned resolutions, 10,000, 1,000, and 100
optimization iterations were performed. The registration was refined in three stages where the
translation, rigid, and affine transformations were sequentially optimized using results from the
prior stage. A limited memory Broyden-Fletcher-Goldfarb-Shanno box (L-BFGS-B) optimization

algorithm was used. After registration, the images were cropped to a common area of spatial

dimensions 231 x 247 pixels.
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Mutual information (MI) measures the statistical dependence between image intensities of
corresponding pixels in two images, A and B.? When aligned, the statistical dependence is

measured by the Kullback-Leibler distance’ is assumed to be a maximal.

2.7.4  PiFM Point Spectra
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Figure 2.9. (a) Various points in the region imaged and (b) their associated photoinduced force
microscopy point spectra in the range 775-1875 cm-.

2.7.5  Principal Component Analysis

Principal component analysis was performed with sci-kit learn using singular value decomposition
after correcting for laser power. As the laser profile was unreliable in the range 775 to 760 cm*!
and this section of the spectra does not contain relevant spectroscopic information, this range was
removed from the hyperspectral data cube. The intensities at each wave number were mean
centered prior to PCA to ensure that the first principal component was not simply the average

spectrum across all pixels. The data were also scaled to unit variance.

2.7.6 Hyperspectral Unmixing

Hyperspectral unmixing aims to decompose the hyperspectral PiFM image into constituent

endmember spectra and determines fractional abundances of each at every pixel. However, the
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techniques listed in the main text, when used out of the box, with standard inputs, do not produce
desired endmember spectra. Figure 2.10 shows the two resulting endmember spectra from
nonnegative matrix factorization (NMF), independent component analysis (ICA), vertex
component analysis (VCA), automatic target generation process (ATGP), NFINDR, and pixel
purity index (PPI) when default arguments are used in the extraction methods. The resulting
spectra either are not physically meaningful or unable to separate the characteristic vibrational
modes of P3HT and PMMA at 823 cmand 1735 cm, respectively.

The results from NMF and ICA were obtained with scipy version 1.0.0 in Python 3.5 using default
arguments with two endmembers specified. Figure 2.10a shows the resulting two endmember
spectra. Like PCA, NMF is a matrix decomposition technique but is constrained by non-negativity
which often enables physically meaningful interpretation of components.537® In this case, however,
NMF gives spectral components that contain peaks that are concave up which is not observable
physically. Figure 2.10b shows the component spectra obtained from ICA which assumes
statistical independence between each component, a condition we do not expect to be true as the
presence of PMMA indicates the absence of P3HT in this phase segregated polymer blend. The
extracted components from ICA are able to separate the defining vibrational modes of P3HT and
PMMA but contain negative values as can be seen in Figure S5b and therefore, do not align with
physical reality.

More advanced hyperspectral unmixing technigques such as vertex component analysis (VCA),
automatic target generation process (ATGP), N-FINDR, and pixel purity index (PPI) assume the
presence of a pure endmember in the image and extract basis spectra without any a priori

information. VCA was implemented following the method described in Nascimento and Dias’®
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using code by Laadr on Github with two endmembers specified.”” The results from N-FINDR,
ATGP, and PPI were obtained with pysptools version 0.14.2 in Python 3.5.

When default arguments with two endmembers specified, these techniques do not appear to
separate the defining features of P3HT and PMMA. VCA finds endmembers by iteratively
projecting data onto a spectrum orthogonal to the subspace already spanned by determined
endmembers and stops when the specified number of basis spectra are found.’® Fig. 2.10c shows
the extracted endmembers from VCA; we see that this method gives spectra with negative values
and cannot better differentiate between the vibrational modes corresponding to P3HT and PMMA
compared to ICA. ATGP extracts endmembers one-by-one by projecting pixels onto orthogonal
basis spectra to identify spectrally distinct pixels.6? The resulting spectra (Fig. 2.10d), while
containing some peaks with similar shapes as those acquired in PiFM (Fig 2.7b), still do not match
the spectra of neat P3HT or PMMA. N-FINDR assumes that each pixel is a linear combination of
endmember spectra and simplistically, searches for the purest pixel in a given hyperspectral image.
The resulting spectra (Fig. 2.10e) from this technique are similar to ATGP in that they capture
some, but not all, peak positions and shapes. PPI, like N-FINDR, also searches for the purest
spectral signatures in a hyperspectral image.’® The extracted basis spectra (Fig. 2.10f), while not
perfect, are distinct in the 1730 cm™ region. These spectra are appear similar to those from ATGP

and N-FINDR.
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Figure 2.10. Extracted endmember components from (a) nonnegative matrix factorization (NMF),
(b) independent component analysis (ICA), (c) vertex component analysis (VCA), (d) automatic
target generation process (ATGP), (e) NFINDR, and (f) pixel purity index (PPI). These methods
used out of the box either do no return physically meaningful spectra or are unable to separate the
characteristic of P3HT from PMMA in the extracted endmembers.

2.7.7  Principal Component Regression

Regressing the first ten principal components of 10% of randomly selected pixels (see Fig. 2.11)
to the electrical current gave a regression equation of:
Current (pA) = 6.6 —4.3-1071X; +3.5-1071X, —2.9-1072X; — 1.6 - 107X, — 4.1
102X — 5.5-107%2X,+8.3-107%2X, + 3.3-1072Xg + 1.5- 102X, + 8.4
* 10_2X10 + €
where Xidenotes the ith principal component. By several quantitative measures, the extent to which
the model fits the data, while not perfect, is reasonable. For linear regression models, the fit is
usually evaluated with two related metrics: the residual standard error (RSE) and R-squared
statistic (R?). The (RSE) is an estimate of the standard deviation of e in the model.”® Here, an RSE

of 1.7 pA indicates on average, the PCR model will give a predicted current that deviates 1.7 pA

from the true current. It was computed with the test data using the formula:
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’ 1
RSE = |——RSS
n—2

where RSS is the residual sum of squares and is given by:

n

— 2
RSS = Z(Currentmeasured - Currentpredicted)
i=1

The R? statistic is a value between 0 and 1 that indicates the fraction of variance explained by the
model.” Here, the R? statistic of 0.85 indicates the PCR model explains 85% of the variance in the
current and suggests that model is an approximation of the data. It was calculated using the

following equation:

RSS

RZ=1-——
TSS

where TSS is the total sum of squares given by:

n

2
Z(currentmeasured - Currentaverage)
i=1

In addition, the F-statistic can be used to test whether there is a relationship between the current
and principal components.” If there is a relationship between the current and one of the principal
components, the F-statistic is expected to be larger than 1. It can be calculated using:

_ (TSS—RSS)/p
~ RSS/(n—-p-—1)

Here, an F-statistic of 154955 with associated p-value of 1.1 x 101 (obtained by summing the tail
of the probability density function of all F-statistic values greater than 154955) signifies that there

is a relationship between at least one of the principal components and the current.
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Figure 2.11. Randomly selected pixels (white) overlaid on the integrated hyperspectral PiFM
image used to generate the (a) training and (b) test data sets.

Importantly, the model can use the principal components of a different sample and predict its
current in a qualitatively consistent manner. We take a hyperspectral PiFM image of a second
sample as shown in Figure 2.12a, apply the same dimensionality reduction on the data, and predict
the current using the model described in the main text. Similar to the hyperspectral PiFM shown
in the main text, contrast in this image is largely due to the presence of a carbonyl stretch in PMMA
and its absence in P3HT. The pattern observed over the PMMA aggregates are a result of patches
of P3HT over the aggregates. Figure S6b shows the measured current image, obtained by applying
a+1V bias between the tip and sample of the same area shown in Figure 2.12a. These images were
aligned using the same affine transformation procedure as described for the data set in the main
text. The predicted current is shown in Figure 2.12c and the error image obtained by subtracting
the measured current from the predicted current is shown in Figure 2.12d. Overall, bright regions
in the hyperspectral PIFM image (PMMA aggregates), map to a low predicted currents and darker
regions (P3HT) map to high predicted currents, consistent with the data set in the main text and
with the materials’ expected electrical properties. The model gives, on average, a prediction that
deviates 83 pA from the measured current. This metric is unsurprising as the results of PCA, and

therefore the predicted current, are affected significantly by the magnitude of the spectra in the
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hyperspectral PiFM image which can vary across images due to differences across tips and in laser

power. The result of applying this model on a different sample shows that the qualitative results

and physical model obtained are generalizable.

20 150
3
s g
© o
c -
2 c
n o
s 5
i &)
o
0 0
160 10
< <
o a
c c
o o
5 =
(&) (&)
0 -30

Figure 2.12. (a) Hyperspectral photoinduced force image of a polymer blend comprising
poly(methyl methacrylate) (PMMA) and poly(3-hexylthiophene) (P3HT). (b) Current measured
by applying a surface bias of +1V of the same area. (c) Predicted current from applying principal
component analysis and regression obtained with the image set in the main text, showing that the

model holds qualitatively. (e) Error image obtained from subtracting the measured from predicted
current.

2.7.8  Selection of Pixels in Error Analysis

The distribution of error values in current, I, (error = I(measured) — I(predicted)) was roughly

normal, with 68.3%, 96.5%, and 99.7% of the values lying within one, two, and three standard
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deviations of the mean. We chose pixels with error greater than three standard deviations (5.3 pA)

more than the mean to analyze as they were poorly fit by the regression model.

2.7.9 P3HT and PMMA Masks

Figure 2.13. Pixels within the (a) P3HT matrix and (b) PMMA aggregates, both in orange, for
which the average reconstructed spectra in Fig. 2.5 was obtained.

2.7.10 Integrated Hyperspectral Intensity at 823 cm™!

ignal (a.u.) 3

PiFM S

-
()]

Figure 2.14. Integrated hyperspectral intensity about the vibrational mode corresponding to a
C-H out-of-plane bend in P3HT.
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2.7.11  Pixels with Low Hyperspectral Intensity and Low Current

Figure 2.15. In yellow are: (a) pixels with integrated hyperspectral intensity (<0.2 a.u.) which
selects for P3HT; (b) pixels with low measured current (<2 pA) which selects for PMMA,; and (c)
pixels with low integrated hyperspectral intensity and low predicted current (<2 pA). Simply

selecting for pixels with low integrated hyperspectral intensity and low predicted current does not
provide the same result shown in Fig. 5b in the main text.
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Chapter 3. CHARGE RELAXATION IN PIEZORESPONSE FORCE

MICROSCOPY AND ITS IMPACT ON CONTACT KELVIN
PROBE FORCE MICROSCOPY?

3.1 ABSTRACT

Piezoresponse force microscopy (PFM) and associated spectroscopies are a key tool in the study
of nanoscale ferroelectrics, ionic systems, and complex electromechanical behaviors in soft matter
and biological systems. Yet, the origin of the electromechanical response even in simple inorganic
materials can be nonsingular, confounding attempts to interpret results in terms of physical
material parameters. This often leads to purported observations of ferroelectric behavior in
nanoscale systems of bulk non-ferroelectric materials. Here, we investigate the origins of
relaxation in PFM, considering the dynamics of surface charges and explore how this influences
the measured electromechanical response. We perform a controlled study by measuring the
relaxation of the electromechanical response in non-ferroelectric amorphous HfO2 and a
ferroelectric BaTiOs thin film as a function of reading voltage. These results are then used to
explain a commonly observed concavity in contact Kelvin probe force microscopy measurements.
This study has implications for the interpretation of all piezoresponse force spectroscopies, and
points towards the need for time-dependent measurement of the electrostatic contribution to the

measured electromechanical response.

2Adapted with permission from Kong, J.; Kelley, K.P.; Collins, L.F.; Kalinin, S.V.; Balke, N.;
Vasudevan, R.K.
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3.2 INTRODUCTION

Piezoresponse force microscopy (PFM) has been an in invaluable tool for imaging and
measurement of piezo and ferroelectric samples for more than 20 years.® Its utility stems from the
wide variety of samples that can be probed from biological samples® to ceramics® and
nanostructures.®® In addition, the ease of sample preparation for PFM along with its ability to image
ferroelectric domains with sub 10-nm resolution make it a powerful, accessible tool.®* Of equal
importance are the various spectroscopic modes of PFM® that enable the correlation of functional
with microstructural features such as domains, dislocations, and grain boundaries.®® However,
despite its widespread use, the signal interpretation in PFM remains a proverbial thorn, leading to
many anomalous reports of ferroelectric behaviors in nanoscale systems that otherwise show no
macroscopic evidence of ferroelectricity.8-93

In PFM, the electromechanical response is defined as the measured deflection signal from the
standard atomic force microscope (AFM) setup and can stem from multiple physical origins
including piezoelectricity and electrostatics. The electrostatic contribution can arise from a variety
of phenomena including charge injection and ion migration as illustrated in Fig. 3.1a. This
contribution to the overall signal comes from the difference in the cantilever and surface potentials
and has largely been studied in the context of Kelvin probe force microscopy (KPFM).87:8894 The
magnitude of the electrostatic contribution (Dg;) is traditionally approximated by k* ~1C'(Vpo —
Vsp)V4c Where k™ is the effective contact stiffness, Voc the applied DC potential, Vac the AC
voltage applied to measure the electromechanical response, C’ the effective capacitance gradient,

and Vsp the surface potential.
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Figure 3.1. (a) An AFM tip, when biased, can cause charge injection and/or migration of ions,
that can than affect the subsequent electrostatic response. (b) Schematic of the KPFM response for
a non-ferroelectric sample, where the bias perturbs the local surface potential and therefore affects
the measured response in time. When the magnitude of the applied DC is equal to the new local
surface potential, the relaxation, assuming that local effects dominate, is annulled. (c) Outline of
the DC waveform applied to the tip; measurements are taken at each time step, but the reading
voltage is varied while the writing voltage is kept constant.

The surface potential generally varies across the sample and will therefore be a function of (x,y).
Biases applied to the tip are only expected to change the Vsp in a small region near the location of
the tip, (xi, yi). If we assume a constant Vac = 1 V, then measuring the response as a function of
Vbc should result in an electrostatic contribution to the electromechanical response that is linear
(in the absence of all other mechanisms). An example is shown in Fig. 3.1b. — when Vpc is equal
to the surface potential, the magnitude of the electrostatic response goes to zero.® This is indeed

observed, and the measurement of this response with respect to applied ‘writing’ voltages in
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contact (usually used for probing ferroelectric hysteresis loops) constitutes the technique called
contact Kelvin Probe Force microscopy (cKPFM).88:96.97

As a foundation, the above discussion simplistically assumes that the electrostatic response Des is
time independent. However, changes in the electromechanical response with respect to time known
colloguially as relaxation is often observed in both PFM%-1% and KPFM; this phenomenon is the
basis for techniques like time-dependent KPFM.19! While relaxations in PFM can have a
ferroelectric origin like the motion of domain walls within a probed volume, this phenomenon can
also be a result of charge relaxation.%? For example, it has been shown that even on soda-lime
glass, hysteretic electrostatic response can be obtained when the tip is not in contact with the
sample at distances tens to hundreds of microns above the sample, further obfuscating the origins
of the measured electromechanical response.l®® We cite these examples to show that an
electromechanical response can be obtained in both ferroelectric and non-ferroelectric materials
and originate from a superposition of electrostatic and piezoelectric properties but that it is difficult
to isolate the contributions of each.

Understanding the origins of relaxation in the measured signal is important for assigning
mechanisms from relaxation spectroscopy data and subsequent materials characterization. For
example, when relaxation times are slow (~>100 ms) traditional hysteresis loop acquisition will
average over a time-dependent signal and thus include the dynamic component as part of
‘stationary’ loop data. In PFM spectroscopy, the average measurement time for a hysteresis loop
occurs within 1 s, which means that charging phenomena can significantly contribute to the
measured dynamic responses. Therefore, understanding relaxation is crucial even for quasi-static
PFM spectroscopies which assume time-independence (i.e. fast relaxations with respect to

measurement time). For PFM imaging, the role of charging phenomena can be more complex, as
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imaging times far exceed those which are required to obtain spectra. We pose that relaxation times
for oxide surfaces can differ by many orders of magnitude, from well below seconds to tens of
hours.2941% As such, these phenomena are of fundamental interest for both PFM imaging and

spectroscopy.

3.3 EXPERIMENTAL DESIGN AND METHODS

To experimentally investigate the origin of relaxation in the electromechanical response measured
by PFM, we apply a DC write voltage to the tip and measure the electromechanical response as a
function of time and DC read voltage in two exemplary materials: non-ferroelectric, amorphous
HfO2 and ferroelectric BaTiOs films using the band excitation (BE) technique applied to scanning
probe microscopy.®” In BE, the frequency-dependent tip deflection signal around the contact
resonance is measured and subsequently fit to a single harmonic oscillator model to extract the
amplitude. The electromechanical response is calculated via Acos6 where 6 is the measured phase
and A is the fitted amplitude.

We operate under reasonable assumptions and specific experimental conditions that
mitigate the complexity of the PFM signal. It is known that the DC write pulse, VwriTe, will change
the charge state of the surface or tip-surface junction (see Figure 3.1a), regardless of whether the
material is ferroelectric or not. With regards to this, we assume that a new electrochemical potential
equilibrium is established and the effect of charging, due to the DC write pulse, can be represented
as a change in local surface potential Vsp (Vsp — Vsp), effectively shifting the response line in Fig.
1b vertically. We note that this field can also cause local migration of pre-existing surface charges
including hydroxyl ions, as shown in Fig. 3.1a.

In addition, relaxation in ferroelectric materials is expected to be complex. Motion of ferroelectric

domain walls changes the volume fraction of switched domains, thereby affecting the polarization
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in the probed volume and ultimately, the measured piezoresponse. To address this, we measure
the relaxation with Vreap and Vwrite aligned with the polarization direction of the domain being
investigated such that the ferroelectric contributions can be effectively negated. We note that our
approach is dichotomic with dynamic switching spectroscopy piezoresponse force microscopy (D-
SSPFM)% which induces switching of ferroelectric domains and includes the contribution of
nanodomains also contributes to the measured signal. Our alignment of both Vreap and VwriTe in
the direction of the polarization circumvents this concern. While separation of response from
relaxation curves on ferroelectric materials with complex domain structures is beyond the scope
of this report, a promising avenue is using the interferometric sensing to effectively annul the
electrostatic response.%3108 However, since the piezocoefficient djj is not necessarily independent
of Vpc within a domain (e.g., if there is a field-induced phase transition®11%), we consider the
dynamics of screening charges.

We operate under reasonable assumptions and design our experiments to mitigate the complexity
of the PFM signal. Relaxation in ferroelectric materials is expected to be complex; motion of
ferroelectric domain walls change the volume fraction of switched domains, thereby affecting the
polarization in the probed volume and subsequently, the measured piezoresponse. To address this,
we measure the relaxation with Vreap and Vwrite aligned with the polarization direction of the
domain being investigated such that the ferroelectric contributions can be effectively negated. We
note that our approach is dichotomic with dynamic switching spectroscopy piezoresponse force
microscopy (D-SSPFM)% which induces switching of ferroelectric domains and includes the
contribution of nanodomains also contributes to the measured signal. Our alignment of both Vreap
and VwriTe In the direction of the polarization circumvents this concern. While separation of

response from relaxation curves on ferroelectric materials with complex domain structures is
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beyond the scope of this report, a promising avenue is using the interferometric sensing to
effectively annul the electrostatic response.%®1% However, since the piezocoefficient dij is not
necessarily independent of Vpc within a domain (e.g., if there is a field-induced phase
transition!%%119) 'we consider the dynamics of screening charges.

To modify the relaxation, we apply a constant write voltage but measure the electromechanical
response as a function of DC read voltage as represented in orange in the waveform in Fig. 3.1c.
Measurements were performed over a 5 x 5 grid with the electric field in the same direction during

VwriTe and Vreap steps. (See Sl for additional experimental details.)

3.4 RESULTS AND DISCUSSION

The averaged relaxation traces as a function of read voltages for HfO2 after -6 Vwrite and +6
VwriTe are shown in Fig. 3.2a and b, respectively. For both, as Vreap moves away from Vwrite, the
absolute value of the response decreases. To analyze the relaxations quantitatively, we fit the
curves to a dual exponential fit of the form A; * exp(—t/t,) + A, * exp(—t/7,) + c; the model
was selected over the stretched single exponential models given a superior Akaike information
criterion!!! score for most measured pixels (see Fig. 3.6). Figure 3.2c shows Ao, the first relaxing
amplitude in a dual exponential fit. While a linear trend is expected with respect to Vreap, we
suspect that the relaxing amplitude shows a weakly linear trend due to the dual exponential fit. For
HfO2, the signal is expected to be purely electrostatic in origin which is corroborated by the equal
spacing of relaxation curves. The time constants, plotted in Fig. 3.2d show a weak dependence on
the read voltages. These data validate that relaxation, due to electrostatics, occurs and can

contribute to measurements done in short time windows that capture the relaxation phenomenon.
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Figure 3.2. (a) Relaxation response as a function of read voltages for -6 V and (b) +6 V. (c) Fitted
relaxing amplitude for both write voltages, where the relaxing amplitude is first (out of two) for
the dual exponential fit. Error in fit parameter is smaller than marker size. (d) Time constant for
both write voltages, where the t plotted is to from the dual exponential fit.

Next, we perform the same measurement for ferroelectric BaTiOs and compare the
relaxation curves to those for HfO2. For BaTiOs, we align the polarization direction with the DC
write step by poling an area with the write voltage prior to performing the spectroscopic
experiment. (See Sl for additional information.) Relaxation traces for BaTiOs as a function of read
voltages after -6 Vwrite (Fig. 3.3a) and +6 Vwrite (Fig. 3.3b) applications were recorded and
remarkably, show features very similar to HfO2. Both materials have electromechanical signals
that appear to qualitatively relax in similar manner. A strong linear dependence on the relaxing
amplitude (Ao) is found for both polarities (see Fig. 3.3c), but the time constant (z0) dependence
appears more complex (Fig. 3.3d). We rule out the instability of switched nanodomains as the
origin of relaxation in BaTiOs since the polarization direction of the sample is aligned with both
Vwrite and Vreap. Instead, we propose that relaxation occurs due to electrostatics, injected charges,

and possible surface diffusion of pre-existing ions. We note that long time constants for BaTiOs

have been identified on oxide surfaces including nanostructured Ceria'? and LiNbO3'*® using
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time-resolved KPFM. In those cases, it was posited that long time constants are likely due to proton
transport across the surface. Further work involving chemical imaging in combination with AFM
will be required to better isolate the specific physical mechanisms at play.'?
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Figure 3.3. Relaxation curves measured for -6 V(a) and +6 V(b) write voltages. Note that these
are measured after pre-poling to align the polarization orientation with the subsequent applied field
from the writing pulse, to eliminate domain wall relaxations. Fitted relaxing amplitudes (c) and
time constants (d) for both write polarities. Only the first relaxing amplitude Ao and time constant
70 are shown.

We now investigate how relaxation can impact the form of the measured piezoresponse hysteresis
loops and in particular, those derived from contact-KPFM (cKPFM).88 This technique aims to
utilize the linear relationship between the electrostatic response and DC read bias to disentangle it
from the ferroelectric contribution, which to the first approximation is invariant to the read voltage.
We start by considering the contribution of electrostatics to concavities present in cKPFM loops.
Figure 4a shows the average of 25 cKPFM response curves of the BaTiOs thin film after write
steps in the range -9 V and +9 V. (For cKPFM response curves of amorphous HfOz, see Fig. 3.8.)

We first look at the portions of traces acquired with negative write and read voltages (e.g., -9

VwriTe Write with negative Vreap, shown in red to the left of the dashed line) and note that they
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exhibit a linear dependence with respect to the read voltage. This linear dependence with respect
to the read voltage is also present in the relaxation curves in Figure 3b before significant relaxation
occurs, as corroborated by the linear relationship between the relaxing amplitude and read voltage
shown by the red dots in Figure 3.3c. The cKPFM traces in Figure 3.4a are also linear with respect
to each other, exhibiting a stacking that is parallels that of the relaxation curves in Figure 3.3b.
However, the cKPFM traces acquired with a positive write and read voltage (Fig. 3.4a, shown in
blue to the right of the dotted line), have a slight downward concavity. This downward concavity
is mimicked in the relaxation curves captured with positive write and read voltages in their initial
relaxing amplitude shown by the blue dots in Figure 3.3c. In addition, the cKPFM traces in this
portion of the graph exhibit a ‘bunching’ and are not linearly spaced with respect to each other.
This is also reflected in the relaxation curves shown in Figure 3.3b where the relaxation curves are
not linearly spaced, and at a read voltage of 4V, shows markedly different behavior.

We now look more specifically at how relaxation impacts the concavity of cKPFM curves by
constructing pseudo-cKPFM traces using relaxation spectra acquired by BE-PFM. Figure 3.4b
shows the pseudo-cKPFM traces constructed by taking the electromechanical response of the
relaxation curves immediately (t = 0 s) after Vwrite is turned off for BaTiOs. The portion
constructed with -6 Vwrite and negative read voltages (in red) is linear whereas that constructed
with 6 Vwrite and positive read voltages (in blue) exhibits a slight concavity. Figure 3.4c shows
the pseudo-cKPFM loops constructed by taking the electromechanical response of the relaxation
curves 0.5 s after VwriTe is turned off. The portion constructed with -6 Vwrite and negative read
voltages (in red) remains linear whereas the concavity present in that constructed with 6 Vwrite
and positive read voltages (in blue) becomes even more dramatic. As a control, we collect cKPFM

curves and construct pseudo-cKPFM traces with the relaxation spectra of HfO2 (see Figure 3.8)
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and note that there appears to be a voltage dependence as the curve constructed with 6 Vwrite and
positive read voltages (in blue) relaxes differently compared to the other constructed trace. Related
to this, we also show that adding a voltage dependence to the relaxing amplitudes in a basic
simulation can also introduce concavities in the cKPFM response (see Fig. 3.9). Collectively, these
results show that nonlinearities in cKPFM have both a voltage-dependent and an electrostatic,
time-dependent component.

We focus on the contribution of electrostatics to the measured PFM signal and nonlinearities in
present in cKPFM in this paper and offer ideas for mitigating their contributions. The results
presented in this paper suggest that the electrostatic contribution can be removed by acquiring the
PFM and cKPFM signals in a relaxed state with the time-independent electrostatic contribution
deduced from the total signal. The electrostatic contribution can be obtained by acquiring band
excitation piezoresponse force spectroscopy with on- and off-field hysteresis loops and
subsequently extracting the electrostatic contribution as described in Ref. 35.114 Alternatively, an
AFM equipped with an interferometric displacement sensor can be used to quantitatively measure

the tip displacement.1%8
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Figure 3.4. (a) Average of 25 cKPFM response curves acquired with Vwrite and Vreap in the
range -9 V to 9 V on the same BaTiOs thin film used to obtain relaxation spectra. (b) cKPFM
traces constructed from the relaxation data immediately (0 s) after Vwrite and (c) 0.5 s after
VwriTe is turned off.

3.5 CONCLUSION

In summary, we measured the electrostatic contribution to the relaxation of the electromechanical
PFM response on an amorphous HfO2 and a ferroelectric BaTiOs thin film. These relaxations have
important implications for the interpretation of piezoresponse and contact Kelvin probe force
microscopies. Beyond cKPFM and relaxation PFM spectroscopy, relaxation affects related
techniques including hysteresis loop acquisition, where a measurement may average over the

relaxations and induce strange effects, and standard PFM measurements. We show that concavities
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present in cKPFM loops can be explained by relaxation via construction of pseudo-cKPFM loops
with BE-PFM relaxation spectra. An understanding of these effects assists in interpretation of
loops captured during cKPFM experiments and the electrostatic origin of features such as

concavities can be used to remove their contributions.
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3.7 SUPPLEMENTARY INFORMATION

3.7.1  Additional Experimental Details

For BE-PFM, we use an external power source to apply a bias to the sample continuously during
both the write and read steps. The sample bias was chosen to acquire a particular read voltage from
the perspective of the tip; the tip bias during Vreap is 0 V. The voltage applied to the tip during
the write steps were changed based on the sample bias to acquire the appropriate write voltage (+6
V). As an example, the DC biases used to acquire the write and read steps BaTiOs are shown in

Table 3.1. This keeps the electric field in the same direction during both the write and read steps.
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The relaxation curves are acquired starting immediately after the write bias is turned off (0 s) and
for 0.5 seconds at 2 ms intervals. The rise time associated with the DC bias changes, dictated by
the data acquisition card, is around 20 ns. As there is dependence of the measured PFM signal on
the AC probing bias,®15> we use a 1 V probing AC bias for all measurements to acquire the
relaxation curves and cKPFM loop. For HfO2, measurements were performed on a grid over an 8
um area. For BaTiOs, measurements were performed on a grid over a 2 um area within a 2.5 um
area that was pre-poled using the appropriate write voltage. In both cases, we used a 5 x 5 grid,
resulting in 25 relaxation spectra per combination of Vreap and VwriTE.

Table 3.1. Sample and tip biases used to obtain the desired read (Vreap) and write (VwriTe)
voltages for BaTiOs.

Tip Bias (V) -3 -4 -5 -6
Sample Bias (V) 3 2 1 0
Actual Vwrite (V) | -6 -6 -6 -6
Actual Vreap (V) -3 -2 -1 0

oloo|jo|o
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3.7.2  Supplemental Figures
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Figure 3.5. (a) Representative topography of the ~80 nm thick epitaxial BaTiOs thin film with a
smooth surface and roughness RMS <0.5 nm. (b) Phase image after poling a 2.5 um area with +6
V and (c) -6 V. For BaTiOs, relaxation measurements were performed on a 2 um area within the
poled region.
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Figure 3.6. The Akaike information criterion (AIC) was used for model selection; a lower AIC
indicates the preferred model. Here, the AIC for single and double exponential fits are shown for
band excitation piezoresponse force microscopy relaxation curves acquired at -6 (a, b) and +6
VwriTe (¢,d) steps for HfOx (a, ¢) and BTO (b, d). Lower values indicate that model is statistically

preferred.
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Figure 3.7. Remaining parameters from performing a double exponential fit to relaxation curves
for HfO2 (a-c) and BaTiOs (d-f).
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Figure 3.8. (a) Average of 25 Contact Kelvin Probe Force Microscopy (cKPFM) response curves
acquired with Vwrite and Vreap in the range -8 V to 8 VV on amorphous HfO2. (b) cKPFM traces
constructed from the relaxation data immediately (0 s) after Vwrite and (c) 0.5 s after VwriTe is

turned off.
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Figure 3.9. Simulated cKPFM traces for (a,c) positive and (b, d) negative Vreap. The traces for
(a,c) are generated from the dual exponential function A; * exp(—k; *xt) + A, *xexp(—k, * t)
where A1 and Az are the relaxation amplitudes ki and k2 are the inverse time constants. Relaxation
amplitudes are made dependent on the reading voltage multiplied by the write voltage, squared.
Time constants are sampled from a normal distribution. The traces for (c,d) are obtained by taking
the average of the signal in (a,b), respectively. Collectively, these results show that nonlinearities
(i.e., not completely linear or step-function responses) in cKPFM are a result of the voltage and
time-dependent relaxation amplitude which is electrostatic in origin.
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Chapter 4. MACHINE FRAMEWORK FOR EVALUATING TOPIC
MODELS IN CONTENT-BASED INFORMATION RETRIEVAL
SYSTEMS FOR SCIENTIFIC TEXT?

4.1 ABSTRACT

Topic models have the potential to form the basis of a content-based information retrieval system
for developing corpora used in data-driven materials development. Here, we evaluate the
performance of three topic models in an applied setting and compare their performance in a general
language setting. We quantitively evaluate their performance with a ubiquitous metric used to
benchmark topic models and introduce a mutual-information based metric that is a proxy for their
performance in corpus development. These metrics are validated with human judgments on model
coherence. This evaluation pipeline is domain-agnostic and practitioner centric, and can be broadly

applied across a variety of settings.

4.2 INTRODUCTION

While the entirety of known chemical and property space is available for data-driven materials
research in the form of scientific papers, only a small fraction contains information relevant to a
particular field.''® Extracting scientific data requires the curation of corpora that accounts for the
context of pertinent data.!*”'*® Constructing field-specific datasets has traditionally required
manual curation of relevant papers by domain experts, metadata-based searches, or brute force

methods that parse through all articles published in a wide time frame or specific journals.1%-126.11

3 Adapted with permission from Kong, J.; Dollar, O.; Pfaendtner, J.; Beck, D.A.C.
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Of these approaches, the accessible ones are inherently limited to the knowledge contained within
either a group of researchers or the scope of selected journals. With government-regulated pushes
to make data and scientific papers open-access, an approach that combines the specificity and
generality of demonstrated approaches is needed to parse the resulting papers.

A promising option is to utilize topic models which aim to derive a semantically meaningful latent
topic representation of a corpus and its documents along with a predictive model for new texts.
Within chemistry, topic modeling has largely been adapted for uses at the field-level. Examples
include using them to classify materials synthesis paragraphs,*?” organize 1.6 million molecules of
the ChEMBL22 dataset,'?® retrieve microscopy images of materials using queries,?® and extract
relevant features given mass-spectrometry fragmentation spectra.’3® At the domain level, it is
primarily used in a manner that parallels aspects of the science of science to varying degrees of
specificity.126131.132 For example, in one, word embeddings were trained on 3.3 million scientific
abstracts and interpreted as latent topics to accurately predict pseudo-future thermoelectric
materials.’?® In the context of corpora curation, topic models can be trained on a subset of a large
corpus and subsequently be used as an information retrieval system to curate articles based on
content.!6133 This idea utilizes the topic model-generated representation of a document as a query

to retrieve related results, combining the benefits of the two existing approaches.

4.3 EXPERIMENTAL DESIGN AND METHODS

Like most natural language processing (NLP) tools, the development of topic models utilizes
general language text, without being “chemistry aware.”>3413" Given the development of
chemistry-specific models for entity extraction!16-138-145 and domain-specific pretrained models'#6-

148 along with use of these tools in topic modeling pipelines,*3514° uncertainty surrounding topic
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models performance on scientific text rife with specialized language precludes their usage. To add
an additional layer of complication, the topic modeling field develops and benchmarks on metrics
that measure the coherence of model-generated topics as opposed to their ability to cluster similar
documents together.24-151 While topic models have the potential to curate high quality, field-
specific corpora based on content, a framework to evaluate their performance is needed to enable
their usage in content-based information retrieval systems for targeted scientific data extraction.
In this work, we quantify the performance differences of topic models on general and scientific
language texts and introduce a domain agnostic, application-centric metric to measure their
performance as information retrieval models for corpus curation. The general language corpus is
comprised of English articles from Wikipedia and the scientific one built from a subset of abstracts
sampled from the S20RC corpus published in the fields of chemistry and materials science.%8:152
We aim to keep the two corpora as similar as possible such that topic model performance
differences can be attributed to the content within the two. Therefore, to parallel the breadth of
content described in scientific abstract and obtain entries of similar length, we take the introduction
section of Wikipedia entries to construct the general language corpus. Corpora statistics are shown
in Table 4.2. (See Supplementary Information for preprocessing details.)

Table 4.2. Corpus information for Wikipedia and S20RC. For scientific domain corpus used,

we sampled a subset of the S20RC corpus, targeting abstracts published within the fields of
chemistry and materials science.

General Chemistry

Source Wikipedia S20RC
Number of Docs.
Train 1M 1M
Test 250 250
Mean Tok/Doc 94 95

Vocab Size 25,990 18,256
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4.4 RESULTS AND DISCUSSION

We focus on three topic models: Latent Dirichlet Allocation (LDA), product of experts LDA
(ProdLDA), and contextualized topic model (CTM).5134135153,154 These models build on top of
each other and thereby form a conceptually clean way to assess how incremental changes affect
their performance. We start with LDA, which is widely used in applied settings and as a baseline
model in topic model development.1?’-130.135-137 The hasic idea behind LDA is that documents are
represented as a mixture of latent topics which are in turn represented by a distribution over a
vocabulary of words. Its name is derived from the fact that one of its parameters 0, which affects
the topic distribution for each document has a Dirichlet probability distribution.® LDA is a
multinomial mixture model which means that topics are characterized by a multinomial
distribution and each word in a document is sampled from a multinomial distribution
preconditioned on a topic.®> This multinomial mixture is replaced with a product of experts in
ProdLDA, which from a statistics perspective can result in distributions sharper than their
components and has a practical downstream effect of producing more coherent topics.'3+1% With
respect to an information retrieval system, it is possible that a topic model utilizing a product of
experts can focus on the variety of aspects present in an abstract that are relevant to researchers
from different fields. CTM is an extension of ProdLDA and incorporates pre-trained language
models via pre-trained document embeddings from SBERT.13>1% Across the two corpora, we use
correlation explanation to select the hyperparameter N, the number of topics; with the exception
of the number of topics, we keep all other hyperparameters the same.*®” (See Sl for additional
information regarding these models and training hyperparameters.) These models are generative,
and their outputs include probability distribution functions of latent topics for each document and

words for each topic.
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To evaluate these models, we first look at normalized pointwise mutual information (NPMI),
which quantifies topic coherence via the pairwise co-occurrence of topic words.'*® For each model
trained on the two corpora, we calculate NPMI for the top 10 words of each topic using the training
corpus.’®® NPMI is a statistical measure of the pairwise occurrence of the top N word and scores
topics highly if all pairs have high joint probability compared to their marginal probability. A
positive correlation between NPMI and human-perceived topic coherence has been validated in
LDA and has made it the prevailing metric used to evaluate newly developed topic models.4%151
(See Sl for additional details about NPMI.)

Table 4.3 shows the three topics with highest NPMI and the top five words associated with that
topic for each model and corpus. In general, it is easier to form an intuitive sense of what a topic
captures across all model-generated topics for the general language corpus compared to the domain
one which is unsurprising due to the highly specialized nature of research articles. It is notable that
the mean NPMI across topics in the general language corpus is lower for CTM compared to
ProdLDA, given the incorporation of a pretrained model; that it is similar, for ProdLDA and CTM
in the chemistry corpus; and that this metric is comparable between the general and domain corpus
for CTM. While it is intuitive to qualitatively examine model-generated topics and their
differences, we conduct two-sample, pairwise one-tailed Kolmogorov-Smirnov (KS) at a=0.05 to
test the observed qualitative differences. (See Sl for more information regarding the two-sample
KS test, its assumptions, null and alternative hypotheses tested, interpretation of results.) We find
that these qualitative observations are corroborated by the KS test. In addition, the results of this
test show that despite the apparent larger values in topic NPMI for ProdLDA in the general
language corpus compared to the domain one, this difference is not corroborated by the KS test;

the corresponding difference is corroborated by the KS test for LDA. Collectively these results
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suggest that given consistent selection criteria of the number of topics but otherwise same
hyperparameters, ProdLDA and CTM can be used in a domain setting without significantly
affecting topic NPMIs whereas LDA cannot.

Table 4.3. The highest-NPMI topics generated from LDA, ProdLDA, and CTM across the two
corpora are shown along with the top-10 NPMI of each topic. Mean top-10 NPMI over all topics

is shown on the last line for each corpus and model. Models are trained with fifty and sixty topics
for the general and chemistry corpus, respectively.

Gener: al
I

LDA rodLDA CT™M

sumn costa art
earth grey exhibition
moon

album party  specie
song election  plant
member  fin

chart vote tree

NPMI 0.243 0.219 0.216 0281 0.331 0.266 0.260
Mean 0.142 0177 0.167

Chemistry
ProdLDA CT™

light film tof
red layer Hight

NPMI 0.296 0.256 0.189 0.406 0.280
Mean 0.110 0.165

Next, we examine the correlation of NPMI with human evaluations of topic quality via the word
intrusion task.?°%15! In this task, domain experts are shown the top 5 words in random order with
an intrusion word that has low probability of being in the current topic and high probability of
belonging to another topic. (See Sl for more information about this task.) The positive correlation
between this metric and human perception has only been validated for LDA; more recently has
been found that it may be less reliable than its axiomatic acceptance suggests, especially for neural
topic models (here, ProdLDA and CTM).14%151 Despite the widespread use of this metric in topic
model development, we conduct this study to add to the availability of correlated metric with
human judgement of which there are few in the topic modeling literature!#®-15! and test if a
correlation exists between this metric and domain-expert identified coherence. Pending the results

of this task, it is possible that:
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0] correlations are less generalizable than previously thought and only applicable when
certain criteria overlap, which would be consistent with recent findings4® and/or,
(i) NPMI is/is not correlated with the human judgments of topic coherence for the
chemistry corpora.

We also examine the correlation of NPMI with a second, application focused task which we call
search relevance. In this task, domain-experts are shown the first few sentences of a query abstract
from the domain test corpus and asked to rate the relevance of a result abstract on a 3-point scale.
This task is modeled after an alternative task used to evaluate topic coherence.'#%1% The result
shown is sampled from the top N results returned by each model. This task is blind in that the
evaluator does not know the ranking of the search result nor which model returns it. This task is to
be conducted. (See Sl for more information about the search relevance task.) It is possible that this
task shows a negative correlation, which would be somewhat unsurprising given the results in
Chang et al where it was shown, albeit in a different way that topic coherence was negatively
correlated with the overall semantic structure.’® Regardless of the correlation direction or lack
thereof, this information is valuable for assessing the performance of topic models as a foundation
for content-based information retrieval systems based on NPMI, which is commonly reported.
To decouple the search relevance task (a measure of the overall semantic structure of the topic
model) from NPMI (a measure of the semantic structure of topics), we look at the Jensen-Shannon
(JS) distances between the document representations (i.e., their probability distribution functions)
from the test corpora. The JS distance is a measure of similarity between two probability
distributions bounded by 0 and 1 with 0 meaning that the two are the same. Since these
distributions are representations of the abstracts, we interpret the JS distance to be a similarity

metric of the documents. First, abstracts are simplistically assigned to the one topic for which it
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has the highest probability. Then, for each model, we calculate the mean pairwise JS distances of

the representations assigned to the same topic. More concretely, if there are a different abstracts
belonging to topic t, for each abstract, we calculate the (‘2‘) different pairwise JS distances and then

divide by a to obtain the mean pairwise JS distances of representations assigned to the t™" topic.
For each abstract, we also calculate the mean pairwise JS distances of the representations that do
not belong to that topic. To account for the fact that there are more that do not belong to topic t
than those that do, we randomly sample r from the out of topic representations such that r is equal
to a.

Figure 4.1 shows the resulting probability density functions estimates for each corpus-topic model
combination with the more opaque distributions representing the in-topic probability density
function and the more transparent distributions representing the out-of-topic probability density
function estimates. For the general language corpus, the differences between the global maximum
of the in and out of topic probability density functions appear to be greatest for ProdLDA and
CTM; for the chemistry corpus, the greatest difference is found within CTM. Interestingly, for
both corpora, the probability density function for the out of topic JS distances is sharpest for LDA.
We suspect the difference between the in and out of topic distributions shown is likely correlated
with the results of the to-be-done search relevance task on the domain corpus. Figure 4.2 shows
the difference in the probability density function estimates of the in and out of topic JS distances
shown in Figure 4.1 for the chemistry corpus. While the distribution for CTM is broader than that
for ProdLDA and LDA, it tends to have higher probability density values for higher JS differences.
We conduct two-sample, pairwise one-tailed KS at =0.05 on the difference between the mean
out of topic and in topic JS distances. The results of this test show that differences between the

mean out of topic and in topic JS distances tend to be higher for CTM compared to ProdLDA and
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LDA,; and, that they tend to be higher for LDA than ProdLDA. (See SI for more information about

null and alternative hypotheses tested and interpretation of results.) The results of this test are

indicated by colored circles in Figure 2.

Next, we look at the correlation between the in-topic and out-of-topic JS distances along with their

differences with the results of the to-be done search relevance task to see if this task can be

automated. Depending on the results of the human evaluation tasks and its correlation with the

calculated JS distances, these results can show one or both of the following:

Q) The JS distances of the in/out of topic abstracts or their differences are

not/negatively/positively correlated with human judgment of search relevance.

(i) The distribution of the JS distances of the in/out of topic abstracts or their differences

is related to the results of the search relevance task.
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Figure 4.1. Probability density function estimates of the mean pairwise Jensen-Shannon
distance between the document representation of an abstract belonging to the same model-
generated topic (more opaque shade) and those belonging to different model-generated topics
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(more transparent shade) across models for each corpus. Note the change in domain of the density
values in LDA for the general language corpus.

Chemistry
CT™M ProdLDA LDA
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Density
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Figure 4.2. Difference in probability density function estimates of the Jensen-Shannon
distance between the document representation of an abstract belonging to the same model-
generated topic and those belonging to different model-generated topics for the chemistry corpus
(JS diff). Results from the two-sample pairwise Kolmogorov-Smirnov tests at a=0.05; for
example, the orange dot underneath CTM indicates that the values for JS diff tend to be higher
than those for LDA.

45 CONCLUSION

This work evaluates the performance differences of LDA, ProdLDA, and CTM when applied to a
scientific domain corpus as opposed to a general language one. The NPMI for topics generated by
each model and corpus combination is calculated and it was found that NPMI changes the least
when applied to a corpus rife with jargon. This metric is correlated with human judgments on topic
coherence, the results and ensuing conclusion which are pending. The JS distance is also
introduced as a domain-agnostic, application focused metric to assess their performance on domain
corpora curation. We validate these results with a new human evaluation task, the results and
subsequent conclusion which are pending.

As it sits at the head of the NLP extraction pipeline, topic modeling can have a variety of
applications beyond being the foundation on which a content-based information retrieval system
is built.*1617 1t can also be (re)applied to direct annotation efforts to train models for entity and

relationship extraction, construction of knowledge graphs, and other downstream tasks to capture
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the diversity of texts present in the corpus. This has direct implications on the generalizability of
task specific architectures. Using them as opposed to tools based on co-citation and bibliographic
coupling can enable the inclusion of both closely and distally related papers in building field-

specific databases can also increase the rate at which new innovative concepts are adopted.17:160
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4.7 SUPPLEMENTARY INFORMATION

4.7.1  Preprocessing Details

For preprocessing, we use the default en-core-web-sm spaCy model.'®* We select a random subset
of the chemistry and materials science abstracts from the S20RC corpus and require that abstracts
have at least 75 whitespace-separated tokens to ensure that we select abstracts that contain a
sufficient amount information. After stop word removal, we remove abstracts with fewer than 50
tokens. We repeat this process until we acquire 1M abstracts which comprise the training set on
which the models are trained. For the Wikipedia corpus, we follow the same protocol.

We use a general language stop word list provided by Dieng, et al'3¢ along with a list of symbols
for both corpora. For the scientific domain corpus, we use an additional list of stop words
comprising element names and their abbreviations. We tokenize using spaCy keeping the
lowercased lemmatized terms if it is more than two letters. Following Hoyle et al, to build
dictionary for each corpus, we remove tokens that appear in more than 90% of documents and
fewer than 2(0.02|D|)¥'°¢ 10 documents where |D| is the corpus size which takes into account the

power-law distribution of word frequency and scales to large corpora.14:162
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We manually curate the test data for the scientific domain corpus to obtain a ground-truth

categorization of abstracts. The 250 abstracts in the test set fall under five broad categories of

papers: nanomaterials, biology, batteries, catalysts, and perovskites and are not included in the

training of topic models. These abstracts are broken down into ‘batches,” which contain field level

topics. We outline descriptions below.

Nanomaterials

Batch 0: MnOz in supercapacitors and their characterization

Batch 1: usage of transition metal dichalcogenides in hydrogen evolution reactions

Batch 2: characterization of single-walled carbon nanotubes; either purely computational
or with experimental characterization

Batch 3: development of CdS-based nanomaterials

Batch 4: WS; and its characterization and applications either alone or with other transition

metal dichalcogenides

Perovskites

Batch 0: degradation mechanisms in CHsNHsPbls perovskites and ways to prevent
degradation

Batch 1: trap-assisted recombination mechanistic studies

Batch 2: Ruddlesden-Popper perovskites and their optoelectronic applications

Batch 3: characterization of ferroelectric/multiferroic properties of perovskites

Batch 4: excitons/biexcitons in cesium lead halide perovskite quantum dots and

nanocrystals

Batteries

Batch 0: understanding of or aiding in uniform formation of solid electrolyte interphase in
lithium-ion batteries
Batch 1: mitigating volume expansion in silicon used in batteries

Batch 2: synthesis of new materials for cathodes of lithium-ion batteries
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e Batch 3: development of new materials or modification of existing materials for solid state
electrolytes and their characterization

e Baitch 4: development and characterization of electrode materials for use in lithium-ion

batteries

Catalysts
e Batch 0: activated carbon composite catalysts in various applications
e Batch 1: synthesis of new TiO2 photocatalysts and their characterization
e Batch 2: nanoparticles used as catalysts or catalysts supports
e Batch 3: same as batch 2

e Batch 4: same as batch 2

Biology
e Batch 0: hypoxia inducible factor 1 and its role in cancer
e Batch 1: molecular level studies of amyloid beta peptide and its role in Alzheimer’s
e Batch 2: estrogen, phytoestrogens, and estrogen receptors in humans and mammals
e Batch 3: glucocorticoids as it relates to stress and skeletal muscles

e Batch 4: antimycobacterial agents in tuberculosis

4.7.2  Topic Models

In all models examined in this paper, the common underlying components are as follow. Words
are defined as a unit of discrete data from a vocabulary of size V. Each document is defined as a
sequence of n words from the vocabulary and represented by a vector w = (wy,w,,...,wy)
where N is the number of words in a document. A corpus is a collection of documents, D =
{w,w,,...,wy } where M is the number of documents. Documents are assumed to be comprised
of a mixture of a set of latent topics that is influenced by a parameter .. The words within each

document are dependent on two variables: a topic from the mixture of topics comprising the
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document and a parameter 3. The parameters o and 3 are document-level and are sampled once
per corpus within the model. The key difference between LDA and ProdLDA is that B is
unnormalized whereas in LDA, B is constrained to a multinomial simplex.>® For completeness, we
note that there is an additional change in ProdLDA: the use of Autoencoding Variational Bayes.
However, the use of a variational autoencoder replaces a model-specific inference method and is
motivated by the development of a generalized inference method to accelerate topic model
development (deriving a model-specific inference method is often difficult) and not differences in
encoding documents for model input. As mentioned in the main text, CTM is builds on top of

ProdLDA by incorporating document representations.’

4.7.3  Selection of Hyperparameters

For each model, different hyperparameters are required with the common one being the number
of latent topics, N. For this, we utilize CorEx which aims to maximize the total correlation
(multivariate mutual information) of the topics generated.® For each corpus, we train CorEx topic
models on the 1M training set with N ranging from 10 to 170 in steps of 10. We pick the N that
contains the maximal amount of total correlation explained after 5 replicates. The average total
correlation along with error bars corresponding to 95% confidence intervals are shown in Figure

4.3.
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Figure 4.3. Total correlation explained by CorEx model as a function of number of topics for
the general and Chemistry language corpora. The model explaining the maximum total correlation
is 50 and 60 for the general and Chemistry corpora, respectively and is indicated by a green circle.

4.7.4  Two-sample Kolmogorov-Smirnov (KS) Test

The question a two-sample Kolmogorov-Smirnov (KS) test answers is whether two observed
distributions come from the same distribution. It is a non-parametric test in that it does not assume
that the data in question follows a specific distribution (e.g., a Gaussian distribution). It is a more
general than a t-test in that it considers the underlying cumulative distribution functions and is
thereby sensitive changes in variance, standard deviation, and modality of the two distributions in
question.

The null hypothesis of a two-sample KS test is that the observed distribution of values comes from
the same underlying CDFs F(x) = G(x). There are three options for an alternative hypothesis; in
this paper we use the alternative hypothesis F(x) < G(x). This alternative hypothesis is interpreted

by the following example: if x; has the CDF F(x) and x; has the CDF G(x) for all observations,

then the values in x; tend to be larger than those in x;.
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Normalized Pointwise Mutual Information (NPMI)

To calculate NPMI, we use the input training corpus to estimate the joint word probabilities with

a co-occurrence window size of 10 applied to the top 10 words from the head of each topic

distribution. Topic NPMIs were calculated with gensim. The resulting probability density function

estimates for the topic NPMIs are shown in Figure 4.4. (See titled Probability Density Estimation

for more information.)

In the main text, we make some qualitative observations about the topic NPMI values across the

different models and corpora. Those observations along with the alternative hypothesis to test them

are:

(i)

(i)

(iii)

(iv)

Observation: the mean NPMI across topics in the general language corpus is lower for

CTM compared to ProdLDA.

a. In the alternative hypothesis, F(x) was taken to be the underlying CDF of the
calculated topic NPMI values for CTM, and G(x) was taken to be that of ProdLDA.

Observation: the mean topic NPMI for ProdLDA is similar to that of CTM in the

chemistry corpus.

a. F(x) was taken to be the underlying CDF of the calculated topic NPMI values for
CTM, and G(x) was taken to be that of ProdLDA. We test this hypothesis in both
directions, i.e., in a second test, we switch what we take to be F(x) and G(x).

Observation: the mean NPMI is comparable between the general and domain corpus

for CTM.

a. F(x) was taken to be the underlying CDF of the calculated topic NPMI values for
the general corpus generated by CTM, and G(x) was taken to be that of the topic
NPMI values for the chemistry corpus generated by CTM. We test this hypothesis
in both directions.

We also test if the underlying CDFs of the topic NMPIs within the remaining models

(LDA and ProdLDA) across the two corpora are different.

a. See (iii) a. for an example.
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Figure 4.4. Probability density function estimates of the topic NPMIs across models for each corpus.

4.7.6  Jensen Shannon (JS) Distance Differences

We test all possible pairwise combinations regardless of the observed global maxima of the
probability density functions shown in Figure 2 for the main text. If F(x) is the underlying CDF
for CTM, we take G(X) to be the underlying CDF for LDA and ProdLDA. If F(x) is the underlying
CDF for ProdLDA, we take G(x) to be the underlying CDF for CTM and LDA despite its global
maximum being less than that of LDA and CTM. The results of this are shown in Figure 2 and

described in the main text.
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4.7.7 Human Evaluation Tasks

We conduct a study involving human evaluation of topic quality and search relevance to probe the
semantic quality of topics and its overall latent structure, respectively. We implement the following
quality control measures for these tasks: we require that domain expert annotators have at least 2+
years of graduate school experience for both the domain and general language task and we show
examples and descriptions of each task before asking annotators to perform the task.

For the word intrusion task, we first show domain experts obvious examples of intrusion word.4°
These examples include “baby, crib, diaper, beer, pacifier, cry” as shown in Hoyle et al. with the
explanation that the example word “beer” is least related to infants.'*® We show a more difficult
example, as shown in Hoyle et al with “hard drive, motherboard, video card, processor, RAM,
USB key” with the example word USB key being the least related to the rest which are found
inside a computer.

For the search relevance task, we show annotators the first few complete sentences for the query
abstract, the first few complete sentences for the result abstract, and ask them to rate the relevance
of the result abstract with the following descriptions below.

e Very related: the two abstracts are clearly related to each other, and it would be
easy to describe they are related. A researcher doing research on the content in the
query abstract will definitely find the search abstract useful.

e Somewhat related: the two abstracts are loosely related to each other, but it is
difficult to tell. A researcher doing research on the content in the query abstract

might find the search abstract useful.
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e Not very related: the two abstracts do not share an obvious relationship to each
other. A researcher doing research on the content in the query abstract will not find

the search abstract useful.

4.7.8  Probability Density Function Estimation

We use Gaussian kernels for probability density function estimation with Scott’s Rule to estimate
bandwidth. This method is known to work best for unimodal distributions, with a tendency to over
smooth multimodal ones. While we see some evidence of the multimodality of the estimates
obtained, we are primarily interested in using these estimates to visualize the distribution of the
topic NPMIs, in topic and out of topic JS distances and the difference between them. We pick this
over box and whisker plots traditionally shown in the topic modeling literature because they
provide a sense of how the data are distributed. The probability density function estimates are not
used for the KS tests nor are they correlated with results from the search relevance task. For these

two tasks, we use the calculated NPMIs and raw difference in the JS distances.
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Chapter 5. OUTLOOK AND FUTURE DIRECTIONS

This dissertation outlines projects that are concrete demonstrations of how statistical learning and
natural language processing tools made available via a high-level programming language, can be
incorporated into the entire research pipeline, albeit in different fields. The work with topic models
shows how natural language processing can be utilized at the beginning of the research pipeline to
gather a diverse, field-specific corpus for data-driven materials research. An example of how
instrument class-specific Python modules and packages can be incorporated into workflows to
inform how experiments are conducted to minimize undesirable signal contributions was described
in the work with Band-Excitation Piezoforce Microscopy. In another demonstration at the
intersection with atomic force microscopy, the work with Photoinduced Force Microscopy is an
example of how statistical learning and image registration can be used to fuse the results of two
different methods to form an additional data set that provides new domain insights not present in
analysis of the inputs individually.

While existing tools can be incorporated as shown in the examples described herein, they are not
without limitations. For example, applying dimensionality reduction methods to infrared spectra
can yield representation spectra that are not sensible to a domain expert. As a second example,
some topic models can be integrated more easily into a domain setting than others, but it is difficult
to discern those that can from those that cannot. These limitations point towards the need for
integrating domain information into the development of statistical learning methods and natural

language processing methods.
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