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Abstract:

Small-angle X-ray scattering (SAXS) is a powerful technique for assessing macromolecular
structure. High-throughput SAXS is limited by the time-consuming and, at times, subjective nature
of SAXS data interpretation. We present SAXS Assistant, a Python-based script that streamlines
SAXS data analysis to extract features for machine learning (ML) and key structural parameters,
including the Guinier radius of gyration (Ry), pair distance distribution function (PDDF)-derived
Re, maximum particle dimension (Dnax), and Kratky plots. The script builds upon BioXTAS RAW,
and validates reliability via Guinier/PDDF R, agreement, an important indicator of well-measured
datasets. For assistance in Duqx estimation, a multi-layer perceptron (MLP) regressor was trained
with 1,940 data files from the small angle scattering biological data bank (SASBDB). The model
achieved a test set performance R? = 0.90 and mean absolute error (MAE) = 11.7 A. Training
exclusively with experimental data translates analyses from researchers, including experts in the
field, to the ML model, which helps assess Dy.ax estimations from PDDF. Gaussian mixture model
(GMM) clustering was implemented to classify profiles into structural classes based on entries in
the SASBDB. Users may therefore assess the similarity between experimental samples and known
biomolecular shapes within the mapped repository entries. This probabilistic clustering aids in

quantifying information from Kratky and generating shape-descriptive features. SAXS Assistant



accelerates SAXS data analysis through enforced quality control, ML-ready outputs, and flags for
low-confidence results. In addition to providing the ability to analyze large datasets at high-
throughput, this tool is versatile and may serve researchers in both biological and synthetic

polymer research fields.

Statement of Significance

Interpreting small-angle X-ray scattering (SAXS) data is often time-consuming and subjective.
SAXS Assistant helps streamline this process, automating structural parameter extraction and
integrating machine learning-derived insights. Models were developed using 3,322 researcher-
evaluated SASBDB submissions, incorporating features previously shown to capture
macromolecular shape. The tool enhances Kratky-based interpretation through unsupervised
clustering, offering probabilistic insights into conformational composition. Moreover, it aids in
assessing the quality of the pair-distance distribution function by providing a machine learning—
predicted maximum dimension. SAXS Assistant is open-source, pip-installable, and accessible to
users with minimal coding experience. By the generation of summary plots and structured outputs,
it supports expert validation while broadening access to SAXS analysis for biological and synthetic

macromolecules.

1. Introduction

Small-angle X-ray scattering (SAXS) is a technique often used to obtain basic structural
information of macromolecules in solution, such as the radius of gyration (Ry), flexibility, and
folding behavior (1-5). A typical SAXS dataset is obtained by subtracting the scattering profile of

the buffer from that of the biomolecule in solution (6). The resulting profile contains intensity



values /(g) as a function of the scattering vector ¢, and error in the measured intensities presented
as the standard deviation o(g) (2,6,7). High-throughput SAXS experiments can produce hundreds
of scattering profiles, substantially increasing the time and effort required for data analysis (1). In
addition, SAXS data quality must be assessed prior to analysis to prevent fallacious structural
parameter determination (1,2,5,8). While collecting scattering profiles at high-throughput is facile,

accurate high-speed analysis of large datasets remains a major challenge.

Researchers continue to develop tools and scripts to streamline SAXS analysis workflows and to
meet user-specific needs that may build on available pre-existing tools (3,7,9). There are a variety
of software tools available for data analysis, reduction, and modeling (3,10,11). These include
BioXTAS RAW, SASFIT, ScAtter, and SasView (3,7-10). Among these, BioXTAS RAW is a
popular platform due to its approachability and diverse functionalities, including shape
reconstruction, buffer subtraction, and data reduction (3). ATSAS remains the most widely used
analysis suite including tools for data preprocessing as well as advanced modeling (3,10,11).
Despite advancements in analysis tools, aspects of SAXS data analysis still rely on user judgment.
For example, the selection of the Guinier region is a largely subjective process, often determined
through iterative calculations of the R, and an assessment of fit quality metrics such as R? and
residuals (1). Algorithms like Auto Guinier from BioXTAS RAW largely address this by
automating region selection (3,10,11). Likewise, D,ax selection through indirect Fourier transform
(IFT) provides some metrics like the quality of the fit, but still requires additional considerations
based on the characteristic appearance of the curve obtained by IFT such as smoothness to reduce
termination effects (6,12). The advent of accessible machine learning (ML) toolkits and user
guides for biomaterials research has the potential to further lower the barrier to entry for high-

throughput analytical techniques (13). SAXS is well-suited for ML applications, due to its



compatibility with high-throughput data generation, the availability of large, curated repositories
such as the small angle scattering biological data bank (SASBDB), and tools for the generation of

synthetic data (6,14-16).

ML has been previously applied to overcome the challenges of expertise requirements to properly
interpret SAXS data and the need for predefined scattering models. For example, computational
reverse engineering analysis for scattering experiments (CREASE) integrates genetic algorithms
and molecular simulations for the interpretation of scattering data without the need for pre-defined
models (17-20). CREASE has previously been applied for the study of self-assembling
amphiphilic block copolymers, revealing both micelle and monomer-level structural information
(17). Other ML-based approaches have also been explored, such as the SWAXS-focused method
by Chen and coworkers for RNA duplexes, which illustrates the potential of ML to obtain data
insights from experimental scattering (21). Here, we introduce SAXS Assistant, a Python-based
script designed to streamline and largely automate SAXS data analysis and dataset generation. The
script extracts key structural parameters, including Guinier Ry, Dpax, and IFT-derived R, and
generates diagnostic plots for user inspection (Figure 1). It builds upon open-source components
from RAW and processes folders of buffer-subtracted SAXS profiles (3). As a quality control step,
the script requires agreement between R, values derived from Guinier and the IFT curve to ensure
dataset reliability (1,4,12). Files that fail to meet this agreement threshold are flagged and excluded
from automatic reporting, minimizing the risk of incorrect structural assignment and reducing the
need for user intervention. While initially developed to support high-throughput SAXS screening
of random copolymers and the discovery of compact single-chain polymer nanoparticles (SCNPs),

the script is broadly applicable to biological and synthetic macromolecules alike.



To lower the subjectivity during Duax and IFT evaluation, an ML component was incorporated to
help evaluate the results obtained from the pair distance distribution function (PDDF). The ML-
guided Duqx prediction helps users evaluate the quality of their structural estimations by translating
to the model analysis patterns learned from researchers. Our interest was in incorporating
researcher-level intuition from human-determined results to enhance SAXS data analysis for
specialists and newcomers alike (6,16). We also integrated an unsupervised clustering framework
into the script as an additional structural interpretation aid. A Gaussian mixture model (GMM) was
applied to identify structural classes based on global scattering features. This type of classification
is particularly useful for biological samples which may contain regions with distinct
conformations, enabling quantification of heterogeneity (8). The model quantifies structural
composition with respect to distinct structural domains, enhancing the qualitative understandings
of Kratky analysis through quantifiable metrics. This was also extended to probe the structure of
polymer SCNPs from our group’s on-going research to develop synthetic protein-mimetics from
random copolymers. By integrating this clustering framework with automated databasing, we

enhance the interpretability, organization, and ML readiness of high-throughput SAXS workflows.
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Figure 1. Schematic of SAXS Assistant. SAXS profiles are uploaded to the SAXS Assistant
software, which analyzes good quality profiles, outputs key structural parameters in the form of a
PDF and an Excel file, and flags problematic SAXS profiles for manual assessment. Created using



Biorender. A schematic workflow of data from input to output maybe found in the supplemental
information.

2 Materials and Methods
Use of RAW Open-Source Code and Dependencies

Portions of open-source code from BioXTAS RAW were used to read profiles and the Auto Guinier
and BIFT functions were used to obtain R, and the PDDF, respectively (3,22). All code was written
in Python. The SAXS Assistant source code and package is available through GitHub and PyPI

viapip install SAXS-Assistant.

SAXS Assistant was developed in Python (version >3.7). The source code and installation package
are available on GitHub and PyPI. All required dependencies are installed automatically via
setup.py during pip installation. For users who wish to install packages manually, a complete list
of dependencies is provided in the included requirements.txt file as stated on the project’s PyPI

page (https://pypi.org/project/saxs-assistant/).Data from SASBDB

A Python script gathered 3,577 SAXS profiles from the REST API of the SASBDB repository.
Files with missing values for Guinier Rg, /(0), PDDF R, or /(0)) were omitted and those flagged by
SAXS Assistant were not used for comparison between methods or model training. The profiles
from the SASBDB were truncated to ¢ < 0.25 A™! and those with g reported in nm™! were converted
to A!. Profiles of differing resolutions had discrepancies in the size of g-spacing increments; with
a large portion being high-resolution data yielding small g-spacing increments. To allow for a
closer comparison between profiles regardless of original profile resolution, we sampled each
profile for g-values akin to those collected by our group, gmi» near 0.005 A! (23). This also speeds

up analysis as PDDF calculation becomes slow with increase in data size. Data files that resulted



in errors during file reading were also omitted. A DataFrame containing Guinier and PDDF R,

along with sample identifier was created for future analyses.
SAXS Data Collection

SAXS/WAXS data were collected over the g range of 0.005-3.13 A™!, with a g range of 0.005-0.25
A used for analysis. Both SAXS and WAXS data were collected simultaneously with two
detectors, Pilatus 1M for SAXS and Pilatus 900K for WAXS, and 15.14 keV X-rays (A = 0.8189
A). Background subtraction was performed for each SAXS profile using the buffer corresponding
to a given sample by scaling for the water scattering at ¢ ~2 A. All SAXS data collections by the
group employing the high throughput (HT-SAXS) method at beamline 16-ID life science X-ray
scattering (LIX), part of the National Synchrotron Light Source II (NSLS-II) at Brookhaven

National Laboratory (Upton, NY) (24-26).
Guinier Peak Analysis for Data Visual Inspection

Guinier peak analysis (GPA) can confirm the existence of a Guinier region in a collected dataset,
as well as inform on the quality of this region (i.e., how many points are present in the region) (4).
GPA is achieved by transforming the Guinier region into a plot of gl(g) versus g*, where the
presence of a peak in this region confirms the existence of a Guinier region (4). The GPA plot

shows a rise in points within the Guinier region from g near zero to g’max = 1.5/Rs’.

Another variant of GPA is the dimensionless GPA plot, which is obtained from plotting gR./(gq)/1(0)
versus (qR) (4). In this work, the y-axis is shown on a natural logarithm scale, consistent with the
Scatter program implementation. Dimensionless GPA can be used to validate the obtained R, and
1(0) values and examine the peak location (4). In the current script, GPA is plotted up to g> ~ 0.0012

AZ. In the scope of this script, GPA is only used to provide visual insight into the existence of the



Guinier region and inform whether a lack of Guinier points led to the inability of the script to
provide analysis for a given sample. The script plots the theoretical /(g) calculated from Eq. 1
alongside experimental data from the Guinier approximation to visualize the agreement (or lack

thereof) between experimental and theoretical values using the dimensionless GPA plot (4,27).

2R2
1(@) ~ 1(0) exp (— = g) &

Determination of Ry

The script determines R, through two complementary methods, a custom PDDF-informed method
from the script (referred to as PDDF-Informed in the software) and the Auto Guinier function from
RAW (3). PDDF-Informed is similar to RAW Auto Guinier, except that it requires agreement
between PDDF and Guinier R, by filtering out fits that do not fall within the range of 15% of R,
values calculated from the PDDF as guix is varied. This combined Guinier/PDDF technique was
implemented to mitigate Guinier R,’s sensitivity to minor sample aggregation, which is commonly
observed in our polymer nanoparticle sample analysis. The results of these two methods are then
evaluated to decide whether PDDF-Informed or Auto Guinier yields the best solution based on the
mean residuals from the calculated /(g) from the Guinier approximation Eq. 1 to the data in the
region of gR; < 2. This range was chosen as this is the plotted range of the dimensionless GPA plot
shown in summary plots. The results of each method are both displayed in the summary plots for
the user to validate the script decision, including dimensionless GPA plots, Guinier fit, and

residuals to fit.

SAXS Assistant selects whether PDDF-Informed or Auto Guinier yields a better fit by calculating

the method with the lowest mean residuals from Eq. 1 and the collected data. A green box is added



to the summary plot GPA for the solution chosen, unless both PDDF-Informed and Auto Guinier

yield the same result.

Training ML model to Predict Dyax from SASBDB Data

An MLP regressor was trained to predict Dy using the data obtained from the SASBDB, using
entries with Dpax < 300 as majority of data was within this range. The MLP consisted of four
hidden layers, each having 32 neurons, with the parameters set as follows: activation = ‘relu’,
solver = ‘adam’, alpha = le-3, max_iter = 1000, and random_state = 42. First, features were
extracted from the profiles by transforming the data into the dimensionless Kratky scale as shown

by Franke et al (16). Subsequently, the normalized Porod invariant of the dimensionless Kratky

plot was calculated up to gR, = 3, 4 and 5 using normalized apparent volume, V", as the final value
(16).

2m?
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In addition to the features obtained from the above transformation, Guinier R; and minimum gR;
(minimum ¢ after sampling), were input features for the model. Data scaling was done using
StandardScaler() from scikit-learn. The data was split into training and testing sets using a 60/40
split, as a large test set was preferred for robustness in model validation. The R’ score and mean
absolute error (MAE) were used as evaluation metrics and tested with 1,294 experimental profiles
from the SASBDB (see Supplemental Data). The optimal architecture was identified by attempting

different numbers of neurons and hidden layers to predict Dma (6). The model was tested for



overfitting by evaluating performance as the dataset size increased, in which case a significant

decline in performance as data fraction increased would indicate overfitting (Fig. S1) (13).

To assess the relative influence of input features on Dy, prediction, we performed a permutation
importance analysis using the permutation_importance function from scikit-learn. The trained
MLP regressor was evaluated on the test set, and baseline performance was established by
calculating R? Each feature (Guinier Re, V'3, V4, V5, and minimum gR;) was then randomly
permuted 100 times, and the resulting decrease in R? was recorded. The mean of the R? drop were
computed to quantify the stability of feature importance estimates. This approach allowed us to
rank features according to their impact on predictive performance, with larger R? decreases

indicating greater importance.

Shape Mapping and Structure Classification Through Clustering

Unsupervised clustering was done using a GMM. The Akaike information criterion (AIC) and the
Bayesian information criterion (BIC) were calculated to evaluate optimal cluster selection for up
to nine clusters (Fig. S2). The final selection of cluster number considered both the BIC and Kratky
plots of high confidence samples in each cluster to determine if sufficient resolution was achieved
within the clusters (28). The Kratky plots were used to evaluate shape separation considering the
effect of dataset size on the evaluation metric, where BIC tends to favor lower model complexity,
to prevent overfitting (29,30). Meanwhile the AIC score is not as strict at penalizing for model
complexity (30). The two cluster numbers that lead to the lower BIC scores were examined along
with the Kratky of high confidence samples for each cluster during optimal cluster number
selection (Figs. S3 and S4). Samples were excluded if they had fewer than 100 neighbors within

the top 10% pairwise distance threshold, as these were considered extreme outliers unlikely to



contribute meaningfully to clustering. In total, 6 out of 3,328 samples were excluded based on this

criterion.

To assess the relative contribution of scattering features (V3, V4, V5) in GMM clustering, we
performed a feature separation analysis. Following GMM fitting, cluster labels were extracted, and
several complementary metrics of feature relevance were calculated. Between- and within-cluster
variances were estimated from the GMM means and covariances, and their ratio reported as a
Fisher-style separation score. Additional measures included the range of cluster means, one-way
ANOVA F-statistics with associated p-values (using f classif from scikit-learn), and mutual
information between features and assigned clusters (mutual info_classif). Together, these metrics

quantify how strongly each feature discriminates cluster membership.

Polymeric SCNP Synthesis and SAXS Sample Preparation

Statistical copolymers were prepared via automation-assisted photoinduced electron/energy
transfer reversible addition-fragmentation chain transfer (PET-RAFT) polymerization in 96-well
plate format as previously described (31-33). Copolymer designs were selected by Latin hypercube
sampling (LHS) to combine up to four monomers in any feed ratios with degrees of polymerization
(DP) ranging from 100 to 400. The monomers in this library included 2-hydroxypropyl
methacrylate (HPMA) as a neutral monomer, [2-(methacryloyloxy)ethyl]-trimethylammonium
chloride (TMAEMA) and 3-sulfopropyl methacrylate (SPMA) as ionizable monomers, methyl
methacrylate (MMA), 2-hydroxypropyl methacrylate (HPMA), diethylaminoethyl methacrylate
(DEAEMA), trifluoroethyl methacrylate (TFEMA), and butyl methacrylate (BMA) as
hydrophobic monomers, poly(ethylene glycol) methacrylate (PEGMA) and N-[3-

(dimethylamino)propylJmethacrylamide (DMAPMA) as hydrophilic monomers, and [2-



(methacryloyloxy)ethyl]dimethyl-(3-sulfopropyl) methacrylate (SBMA) as a zwitterionic

monomer.

A Python script prepared Excel-based synthesis sheets that directed the Hamilton Microlab
STARIet liquid handling robot’s reagent transfer steps based on polymer designs selected through
LHS. These synthesis sheets control monomer feed ratios, DP, and well position. Stock aliquots
prepared in DMSO of monomer (2 M), chain transfer agent (50 mM), and photoinitiator (2 mM)
were loaded into the robot and automated reagent transfers were carried out in clear, flat-bottom
96-well polypropylene plates to a final well volume of 200 uL and a final monomer concentration
of 1 M. While CTA:initiator ratios were fixed at 25:1, monomer:CTA ratios ranged from 50 to 200
to control DP. Following a mixing step, plates were covered with plate sealing tape and transferred
to our custom 96-array LED lightbox, which offers per-well control of photoinitiation driven by
an Arduino UNO R4 Minima microcontroller (34). After 16 hours of light exposure, the plates

were removed from the lightbox for purification.

Samples were diluted 10x in ultrapure water, transferred to 3.5 MWCO cellulose dialysis tubing,
and suspended in 4 L of ultrapure water for dialysis. After 72 hours and four water changes,
samples were transferred from dialysis tubing to 15 mL centrifuge tubes, frozen and subsequently
lyophilized until purified polymer remained. Lyophilized polymers were redissolved in 100 mM

potassium phosphate buffer at pH 7.4 and prepared at multiple concentrations for SAXS analysis.

Results and Discussion

Analysis Efficiency



For each profile analyzed, the script generates a single-page PDF sheet populated with summary
plots for rapid user inspection of the analysis results, along with the exported raw graph data for
re-graphing. (Figs. 2, S5-S7) (35). In the summary plots PDF, the plots corresponding to Guinier
and PDDF are displayed in a similar style to BioXTAS RAW to increase familiarity for
experimentalists accustomed to BioXTAS RAW software (3). The plots in the summary sheet
include: (1) the scattering profile as log(I(q)) vs. g, (i1) GPA plot; (iii) Kratky plot; (iv) Guinier fit,
residuals and dimensionless GPA plot with the fitted data and calculated /(g) from R, and /(0) and
assigned cluster probabilities by GMM; and (v) PDDF plot fit to the data and residuals, including
an ML-derived prediction of D... Together, the summary plots provide a concise one-page
overview of both raw as well as derived information to support automated analysis and user
validation. The scattering profile, GPA, and Kratky plots allow assessment of overall data quality
and folding state; the Guinier and PDDF panels allow direct evaluation of R and Dyuax. Meanwhile,
the ML components provide insights derived from models trained experimental data from
SASBDB where GMM probabilities provide a structural classification summary and Dpax
predictions can help users assess the validity of the [FT-derived Dy.qx value and curve. If PDDF-
Informed and Auto Guinier yield different R, values, a green box surrounds the selected solution
(Fig. 3 a-b) (36,37). We evaluated SAXS Assistant’s ability to correlate PDDF and Guinier R,
values against a conventional workflow that used Auto Guinier from RAW followed by PDDF

determination with BIFT configured to start from Guinier gmi» (Fig. 3 ¢ and Table 1).
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Figure 2. Summary plots for a solved file by SAXS Assistant. (a) Profile, GPA plot, and
dimensionless Kratky. (b) Dimensionless GPA showing the fit of the data according to calculated
I(g) from both R, methods with the selected method surrounded by a green box, GMM-assigned
probabilities abbreviated as Fx (Cluster 4, Flexible), Gb (Cluster 3, Globular), Ds (Cluster 2,
Disordered), Pd (Cluster 1, Polydisperse), and Fd (Cluster 0, Folded). (¢) Guinier fit window and
residuals for both selection methods. (d) PDDF fit to the data, residuals, PDDF curve obtained
from BIFT with a vertical line indicating the Dua. predicted by ML, where red indicates more than
20% difference in Dygy from IFT.



In SAXS Assistant, R, values are selected through decision blocks, that first require agreement
between reciprocal- and real space- derived R,. This is followed by comparison of mean residuals
between the two Guinier methods implemented (see Section 2, Determination of R). Files without
such agreement are flagged as unsolved. Results from both the SAXS Assistant and the
conventional approach (Auto Guinier + BIFT without decision blocks) were compared with the
submitted Guinier and PDDF values for the same 3,170 SASBDB entries. Both workflows used
identical input profiles and g-spacing, ensuring that differences in outputs arose only from the
analysis logic. While the conventional method’s mean discrepancy was 5.45% compared to
SASBDB, SAXS Assistant reduced this to 1.77%, much closer to the reported values at 2.42%.
Disagreement was much higher when Auto Guinier was used with BIFT in the absence of decision
blocks as implemented by SAXS Assistant, with a 26% mean disagreement. A fraction of samples
have significantly large differences in R, from PDDF and Guinier, resulting in a large average
percent difference as seen by the median values, however when dealing with large datasets this
results in increased effort to identify and correct. We conclude that SAXS Assistant outperforms
the conventional method and manual analysis in reporting R, values that are in agreement with
both Guinier and PDDF. The script performance is especially relevant when adapting high-
resolution profiles by resampling to match the coarser g-spacing typical of our experiments
ensuring comparability. Although higher-resolution data may perform better, the goal here is to
enable fair comparison in the format of the lower-resolution data we routinely collect. This
demonstrates that the SAXS Assistant pipeline minimizes the impact of problematic cases while

maintaining consistency with reported to SASBDB values.

This is also validated when comparing R, found by SAXS Assistant and conventional methods

were compared to the corresponding reported values in SASBDB. Across the 3,170 entries, both



Auto Guinier and SAXS Assistant reproduced depositor Guinier R, values within ~2% on average,
demonstrating the robustness of Auto Guinier at identifying R, (Table 2). This performance is
further complemented in SAXS Assistant by the PDDF-informed Guinier method, which helps
prevent outliers arising from discrepancies between real- and reciprocal-space R, estimates. For
PDDF-derived Ry, SAXS Assistant showed a mean percent deviation of 3.6% (median 1.8%),
whereas BIFT alone showed a mean percent deviation of 24.0% despite a median of only 2.5%,
reflecting the presence of severe outliers (Table 2). These findings highlight that the inflated
average reported for BIFT is not representative of the majority of cases but rather driven by a
minority of problematic datasets. SAXS Assistant mitigates this effect through its decision-block
framework, ensuring improved robustness across large datasets thus increasing efficiency while
minimizing trade-off between analysis quality. These findings are consistent with prior evaluations
of BIFT in the BioXTAS RAW package, which reported that BIFT characteristically overestimates
Dumax relative to experimenter-reported values, which in turn can lead to corresponding

overestimation of R, from the PDDF (3).
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Table 1. Comparison of performance at R, validation demonstrates that SAXS Assistant
outperforms the conventional method and is on par with analyses reported to the SASBDB.

Mean % Median %
Method Disagreement Disagreement 75th Percentile
Auto Guinier and BIFT 26.00 545 13.51
SASBDB Submissions 3.72 2.42 4.70
SAXS Assistant 2.79 1.77 3.93

Table 2. Percent deviation of Guinier- and PDDF-derived R, values from SASBDB-reported
values for SAXS Assistant and conventional workflows without decision blocks as implemented
by SAXS Assistant.

Method Mean % Deviation | Median % Deviation | 75th Percentile
SAXS Assistant Guinier R 1.57 0.87 2.07
Auto Guinier R, 1.71 0.84 2.05
SAXS Assistant PDDF R, 3.61 1.84 4.40
BIFT PDDF R, 24.04 2.47 11.59

Estimating Dyax with ML Assistance

The Dmax of a scatterer is typically determined by the PDDF (6,8,12). The PDDF represents the
distribution of electron pair distances in a scatterer, which, in addition to size information, provides
structure and morphology insights based on the shape of the curve (6-8,12,38). Fig. S8 a-b shows
the PDDF of three proteins from the SASBDB (SASDA32, SASDMX3, SASDJ92) of
characteristically different structures and their corresponding bead models (14,39,40). BSA is a

compact globular protein with a symmetrical, bell-shaped PDDF (8,12,41). S. epidermidis



extracellular binding protein (EmbP), which has an elongated structure, results in an asymmetrical
PDDF with an extended tail (8,12). Immunoglobulin is a compact multi-domain protein, and this
structure is reflected by two peaks in the PDDF (12,42). The PDDF can also be utilized for

advanced characterization, such as ab initio model reconstructions (7,38).

Given the need for expert intuition in selection of an appropriate PDDF and D, automating
PDDF selection is a challenging task (3,6). For this, we turn to ML models trained to predict Dx,
leveraging large datasets of expert and researcher-selected PDDF curves. Our goal was the transfer
of researcher-level intuition toward automated D,..c determination (6,14,15). ML methods have
been used to predict Dy Without requiring an IFT, including the application of simulated data
from geometrical models and of experimentally derived models for synthetic data generation for
model training (6,16). To the best of our knowledge, SAXS Assistant is the first to use a large
dataset of experimental profiles only. Here, we trained an MLP neural network to predict Djuq with
the architecture shown in Fig. 4 a. An MLP was selected for this application because they are well-
suited for tasks involving non-linear data and are often used in applications of image recognition,
natural language processing, forecasting, and pattern recognition (43,44). MLPs are neural
networks composed of an input layer, hidden layers and an output layer, wherein each layer

contains several neurons (6,43,44).
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Figure 4. (a) Architecture of MLP. (b) Predicted versus actual Dy for the MLP model predicting
on an unseen test set. (c) PDDFs corresponding to samples where the MLP predicted a Dyx greater
than the Dyux reported to the SASBDB. Observation of the SASBDB PDDF demonstrates that the
model’s prediction was more appropriate and the SASBDB-reported D,.ax Wwas an underestimation,
leading to early truncation of the PDDF curve. (d) Samples reporting overestimated SASBDB Dx
values made the model appear to underestimate Dy.ax, though its predictions accurately reflected
the expected curve shape. In (c) and (d), PDDFs were normalized by dividing P(r) by its maximum
and r by the corresponding Dy (maximum r-value), such that both axes ranged up to 1 to highlight
curve shapes independent of absolute scale.

Regression metrics were used to evaluate the model’s performance when trained on 1,940 samples
to predict Dyax for 1,294 unseen test samples from SASBDB. The MLP yielded R’ = 0.90 and
MAE of 11.7 A, demonstrating significant predictive power for Dy (Fig. 4 b). Only 115 files from
the test set (9%) had a Dy deviating more than 20% from the reported SASBDB value. To further
investigate the model’s ability to predict Dmax, we looked at samples for which the model

predictions were > 20% from actual values. This threshold accounts for a potential 5-10%



uncertainty in Dpq values submitted to SASBDB. Close examination of cases with predictions
greater than the reported values often indicate a PDDF curve with underestimated Djuax, not
smoothly reaching zero (Fig. 4 ¢) (45,46). Similarly, when the model’s predictions were less than
the reported values, it was likely that the SASBDB PDDF had an overestimated Dyux (Fig. 4 d)
(47-49). Permutation importance analysis revealed that Guinier R, was by far the most influential
feature, with R? dropping by ~1.6 when permuted. By contrast, features such as V'3, V4, and V'’
had moderate contributions, while minimum gR, showed relatively small influence compared to
all other features. This confirms that while multiple features refine the predictions, the model
strongly relies on Guinier R,. The high importance of Guinier R, is not surprising, as Franke et al.
previously used Kratky-derived features for Dy.qx prediction, in which the model required R, as an

input (16).

The MLP model's performance suggests it can intuitively predict Dy and assess the selected
PDDF's appropriateness. The model was integrated in the script as a tool to assess the validity of
the PDDFs obtained from BIFT. The model's predicted Dy.ax value will be displayed on the PDDF
obtained by BIFT. If Dyax values differ by more than 20%, the prediction will be shown in red on
the summary plots, else these will be shown in green (Figs. 2, S5 and S6). Through the SAXS
Assistant pipeline, PDDFs consistent with Guinier-derived R, and /(0) are obtained, and their Dyax
values are cross-checked using an MLP model trained on SASBDB data. This ML-based step does
not replace conventional PDDF use in ab-initio reconstruction but rather provides a tool assisting

in automated validation to flag potential over- or under-estimated Diax values.



Shape Mapping and Structure Classification

Previously, synthetic data of predefined shapes or classes were used as references to compare the
structure of biological samples (16). In this work, rather than defining the structural landscape by
pre-defined classes (shapes), our goal was to identify classes based solely on experimental

SASBDB data. Typically, structure probing from SAXS data relies on qualitative analysis using

Kratky plots. Dimensionless Kratky plots of globular proteins show a maximum peak at the

crosshairs position of (v3, 1.1) (8,12,41). An intrinsically disordered or cylindrical biopolymer’s
Kratky curve will continue to increase as gR; increases (8,12,41,50). Proteins with both elongated,
unstructured regions and folded regions would display a peak beyond the characteristic globular
peak position, with a curve that decreases at higher gR, (8,12,41,50). An extended chain or
experimentally unfolded protein shows an initial plateau followed by monotonic increase

(8,12,41,50).

We aimed to complement Kratky analysis by incorporating ML-derived quantifiable metrics (12).
This was accomplished by applying a GMM to cluster the mapped SASBDB entries into distinct
classes. Algorithms like K-Means clustering assign data points to clusters based on their distance
from a centroid, assuming circular or spherical thresholds for clusters (28,30). Hard thresholds are
not necessarily aligned with real-world complexity, such as the structural composition of biologics
(8,12). GMMs are probabilistic in nature, whereas this assumes that data points are from a mixture
of finite Gaussian densities (28,30). GMMs perform soft clustering, determining the likelihood
that a datapoint belongs to a cluster, preventing the loss of information for data displaying
overlapping characteristics (28). GMM clustering can quantify complex morphologies, making it

particularly useful for intrinsically disordered proteins (IDPs), which may contain both compact



and disordered or flexible regions (8,12,30). The entries mapped into 3D-space and clustered by

GMM are shown in Fig. S9.

The Kratky plots of high-confidence samples within each cluster, or those with a probability
greater than 0.90 of belonging to each cluster, are shown in Fig. S4. Cluster 0 (referred to as
Folded) with 884 entries shows folded structures that did not display the characteristic globular
peak (8). Both the BSA dimer and the alcohol dehydrogenase monomer samples fall within this
cluster of folded but nonglobular morphologies. Cluster 1 (Polydisperse) contains 163 entries,
most of which display a globular peak, with some showing an additional peak at higher gR,. Many
polydisperse systems are found in this cluster, including mixtures of different proteins where
components may differ in size and shape as well as systems with heterogeneity. Samples found
within Cluster 1 include ordered structures, core-shell structures like polysorbate micelles, HIV-1
envelope glycoproteins, and lipid nanoparticles. Cluster 2 (Disordered) had 697 entries with
Kratky plots displaying characteristics of highly flexible biomolecules, Gaussian chain-like
structures, unfolded proteins, as well as plots resembling those seen in studies of protein
aggregation (41,51). Cluster 2 includes well-known IDPs like a-synuclein, which has random coil
regions and is linked to Parkinson's disease through amyloid fibril aggregation in neurons (51). A
second well-known IDP found in this cluster was the tau protein, which is associated with
Alzheimer’s disease through the formation of B-sheet intracellular aggregates (52). Cluster 3
(Globular) had 693 entries of globular structures including monomeric BSA, tetramer alcohol
dehydrogenase, and lysozyme (8,12). Cluster 4 (Flexible) is the largest cluster with 885 samples
with structures that resemble partially unfolded proteins or samples with flexible regions (8,12).
An example of proteins in this cluster are a mutated dimeric aldehyde-alcohol dehydrogenase, in

which the mutation resulted in a more extended conformation compared to the non-mutated



enzyme (53). Another entry in this cluster is chitinase, a plant enzyme from the class I glycoside
hydrolase family 19. Chitinase’s structure is known to consist of two domains connected by a

flexible linker (54).

GMM clustering was applied to quantify the structural composition of samples by comparison of
class assignment probabilities of monomer (SASDEES), purified dimer (SASDFRS8), and an
unspecified mixture of BSA (SASDDN3) (16,55,56). Fig. 5 a shows the Kratky and cluster
probabilities for these three different samples. For monomeric BSA, globular character dominates
(Cluster 3, Globular). The dimer shows a primarily folded structure with some globular features
(Cluster 0, Folded). The mixture shows an intermediate between the dimer and the monomer
forms, with an increase of globular structural character compared to the dimer suggesting their
potential presence. This mixture is from a dataset used by Franke et. al, the pioneers in SAXS data
featurization through Kratky, who previously noted a potential presence of dimers in the solution
(16). Their strategy was adopted in this work to quantify structural composition probabilistically,
which validates their assumption on why this sample slightly deviated from the expected globular
sample (16). We further validated the GMM clustering’s ability to quantify structural composition
with mAb, Palivizumab (SASDSU6), a nanobody (SASDSV6), and a complex of the two
(SASDSW6) in Fig. 5 b (57). Antibodies are Y-shaped proteins whose structure consists of three
functional components including two antigen binding domains (Fab), the fragment crystallizable
region (Fc), and a linker providing conformational flexibility (42). The structural composition of
the mAb is reflected in the assigned probabilities, with the highest probability belonging to Cluster
0 (Folded), followed by the Flexible and Disordered clusters. The nanobody showed a high
probability of falling within the flexible/partially unfolded class (Cluster 4). The complex shows

a shift in structural probabilities, forming an intermediate between the antibody and nanobody,



indicating a transition in overall structural behavior. The probability of a sample belonging to one

of these clusters from classes discovered by the model may be used to enhance Kratky in

understanding the structural composition of biologics. Considering that some biologics can exhibit

structurally distinct regions, this probabilistic clustering approach offers a realistic quantification

of molecular structure in reference to existing biological data.
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Figure 5. Dimensionless Kratky plots and corresponding cluster probability distributions. (a) BSA
as a monomer (SASDEEY), purified dimer (SASDFRS8), and in a mixture (SASDDN3). (b)
Palivizumab (SASDSU®6), its nanobody (SASDSV6), and their complex (SASDSW6). GMM



clustering assigns a probability of the samples belonging to the different structural classes: Cluster
0 (Folded), Cluster 1 (Polydisperse), Cluster 2 (Disordered/Extended), Cluster 3 (Globular), and
Cluster 4 (Flexible / Partially Unfolded). Structural transitions across conditions are reflected by
shifts in class probabilities. The mixture of BSA as well as the mAb-nanobody complex display
shifts corresponding to the contribution of the individual components in each system.

Polymer Conformations

SCNPs are formed when a polymer chain collapses in solution due to a balance of intermolecular
and intramolecular interactions between solvent and polymer, as well as between polymer chains
(58). There is increasing interest in designing SCNPs that mimic protein folding for applications
such as catalysis, nanoreactors, sensors, and biomedicine, using either covalent or non-covalent
strategies (58-61). Non-covalent approaches rely on designing copolymer compositions that
undergo hydrophobic collapse to form folded conformations (59,62). This principle aligns with the
foldamer catalysis hypothesis, suggesting hydrophobic collapse can drive structural compaction,

sometimes resulting in folded conformations yielding functional sites (63).

We applied the SAXS Assistant script for the group’s ongoing research on polymeric SCNPs
synthesized from statistical copolymers that result in self-assembled structures driven by
hydrophobic collapse. Fig. 6 a shows one of these statistical copolymer-based SCNPs (SCNP
No.1), which exhibits a concentration-dependent conformation. At higher concentrations, SCNP
No.1 adopts a compact, globular conformation. At lower concentrations, it transitions to a modestly
less globular, slightly more extended folded state, changing shape while maintaining its size, as
shown by only a small increase in Duae at the lower concentration (Fig. S10). At higher
concentrations, some proteins adopt more compact structures that enhance stability, in accordance
with the excluded-volume theory (64). The crowding-responsive behavior of this SCNP supports

the notion that polymeric SCNPs functionally resemble proteins, particularly IDPs (59,62).
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In the presence of crowders, IDPs can be categorized into three categories: foldable, non-foldable
(remain unstructured), and unfoldable (undergo further unfolding). The majority of literature cites
a lack of significant structure-forming effects of crowders on IDPs (64). This observation also
validates the notion of similarity between SCNPs and IDPs. The limited literature on foldable IDPs
may reflect their rarity, just as monomeric compositions leading to compact SCNPs are rare. In
SCNP work by our group, most compositions result in unstructured and disordered conformations
like the example seen in Fig. 6 b. Because compact SCNPs are much rarer than extended SCNPs,
class imbalance will always favor structurally disordered SCNPs. This phenomenon points to the
need for efficient optimization methods like ML supplemented with probabilistic structural
characterization, which is capable of potentially addressing these class imbalance issues. Fig. 6 ¢
shows SCNP No.3 which, similar to proteins, loses structural integrity after heat stress at 80 °C for
one hour. In contrast, SCNP No.4 (Fig. 6 d) deviates from behavior typical of proteins, whereby
under the same heat stress conditions, its structure remains intact. Proteins are known for their
sensitivity to environmental factors like temperature, and overcoming this limitation has become
a major research focus (32,65-67). Applying ML to uncover the mechanisms behind these
differences will require identifying additional SCNPs with similar behaviors, enabling more
confident conclusions about the compositional features responsible. Uncovering monomer
compositions leading to different polymer conformations will shed deeper insights into structure—
function relationships in synthetic systems, while also advancing our understanding of the

mechanisms that govern protein folding and stability.

Feature importance in unsupervised learning like clustering remains an emerging area without
standardized approaches. Our analysis of V’3—F"’5 relied on separation-based metrics, including

between-/within-cluster variance ratios, ANOVA F-tests, and mutual information with cluster



labels (Table S1). These metrics are conceptually aligned with recent work proposing prototype-
based feature importance (PBFI), which assess the contribution of features via differences in
cluster prototypes (68). Consistent with this framework, we observed that /'3 and V’4 dominate
cluster discrimination, while 5 contributes less (Table S1). Since V'’ corresponds to a higher ¢
region, this analysis suggests that clustering is primarily driven by low- and mid-g features from
Kratky ('3, and V’4). We therefore hypothesized that although background subtraction errors
inevitably influence clustering, their impact is less pronounced for minor subtraction deviations,
since these disproportionately affect the high-g region (69). To test this, we varied subtraction
scaling factors and found that while absolute cluster probabilities shifted, the overall structural
classification was preserved, supporting the robustness of the clustering results. Tables S2 and S3
show that for the samples in Fig. 6 a, even when subtraction was intentionally over- or under-
scaled, the overall cluster identities followed the same trend. For instance, the 5 mg/mL sample
generally maintained a higher probability of globular classification than folded, whereas the
opposite remained true for the 2 mg/mL sample with the final cluster assignment remaining the
same. These results indicate that while subtraction errors shift absolute probabilities, the relative
classification trends remain robust under slight deviations. This is also not surprising considering
the STDs of the features where V7’5 shows greater instability with a greater STD compared to the

lower ¢ features.

Limitations and Future Work

While SAXS Assistant performs well at automated Guinier- and PDDF-based parameter extraction
and 1s well suited for high-throughput data analysis, several limitations should be noted. First, the
accuracy of any analysis depends on the quality of the input data. Importantly, regarding

appropriate subtractions as these can affect the validity of nearly all extracted parameters (70).



Therefore, while the clustering and regressor models capture features effectively to enable
predictions, their sensitivity to background subtraction and thus high-¢ noise must be considered.
Feature separation analysis on GMM indicated that clustering holds reduced sensitivity to minor
subtraction errors, however poor data quality can still bias probability assignments. Since the
SASBDB contains reported values which depend on depositor experience and analysis, thus may
introduce some bias in model predictions. Second, the tool generalizes well across proteins and
polymeric SCNP systems, however its applicability to concentrated or aggregated samples has not
been extensively studied within this work. Particularly relevant, polydisperse samples were
underrepresented in the GMM training set. In such cases, manual inspection or alternative
modeling approaches (e.g., CREASE) may be more appropriate (18,20). Furthermore, SAXS
Assistant resamples profiles by default to match our group’s standard ¢ spacing. While resampling
had little effect on SASBDB evaluation results, it may not suit all users’ preferences. Additionally,
we note that for elongated or highly flexible scatterers, PDDF-derived R, values are often
systematically larger than Guinier R, values. SAXS Assistant applies a 15% agreement threshold
to balance robustness and automation, which means that in some cases the tool may preferentially
report an R, closer to the Guinier estimate even when a slightly larger PDDF R, could be more
appropriate (71). Lastly, as with any automated tool, results should not be taken as definitive
without proper user evaluation. SAXS Assistant is intended to complement, not replace, expert
judgment. The one-page summary plots are a central component of the workflow, enabling rapid
validation and helping users decide when manual reanalysis is necessary. This distinction
highlights that SAXS Assistant is best suited for large-scale, high-throughput analysis, with
manual methods remaining preferable for specialized or borderline cases. These limitations also

present opportunities for future work. Expanding training datasets to include more polydisperse



and aggregated systems, adding flexible resampling options, and developing improved background
subtraction correction or detecting modules would further enhance the generalizability and

usability of SAXS Assistant.

Conclusion

SAXS Assistant is an open-source analysis script that utilizes functionalities from open-source
BioXTAS RAW program and integrates ML for prediction and structural analysis. Developed to
extract Ry, Dmar, Kratky, and shape information from subtracted SAXS data, organizes these
parameters into an ML-compatible Excel format and user-friendly summary document for final

validation. SAXS Assistant is available through GitHub, and PyPI via pip install SAXS-

Assistant. Instructions can be found by running saxs_ assistant
show tutorial,show supplemental followed by the execution of
show tutorial(), and show supplemental () which leads to folder with a .ipynb

example to get started.

SAXS Assistant also provides tools to gain deeper insights into SAXS data from unsupervised ML
models. Over 3,000 SASBDB entries were used for script validation and ML model training, which
enabled learning from diverse biological data from researchers around the globe. The MLP model
predicts Dpax values from features extracted during analysis, aiding in assessing the
appropriateness of PDDF curves. The script also uses GMM clustering on dimensionless Kratky-
based features to classify samples into probabilistic classes. These classes can aid in quantifying
the structural character in SAXS samples based on the different classes discovered through
clustering of SASBDB data. This approach was applied to polymeric SCNPs to characterize their

folding behavior, demonstrating how ML-derived structural classification can enhance the



qualitative interpretations from Kratky with quantitative metrics from the model. Together, these
tools extend SAXS Assistant’s utility beyond basic analysis to enable quantitative structural
characterization of biologics and biomimetic synthetic systems. We believe this platform will
prove to be useful to those dealing with large datasets and those new to SAXS data analysis,
offering ML tools that provide insights from real biological data analyzed by researchers and

experts.

Data and Code Availability

All supplemental data, including the SASBDB ID with structural parameters used for training
regressor (xIsx), clustering model (xIsx) and evaluation of the script (xIsx), trained models (joblib),
and analysis scripts (.py), are available on GitHub at: https://github.com/GormleyLab/SAXS-
Assistant An installable version of SAXS Assistant is available in PyPI via pip install
SAXS-Assistant. The script can be used to redirect to the supplemental data directly by
running saxs assistant show supplemental followed by

show supplemental ().
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