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Abstract: Wide-angle X-ray diffraction analysis is a powerful tool for investigating the
structure and orientation of cellulose microfibrils in plant cell walls, but the complex
relationship between diffraction patterns and underlying structural parameters remains
challenging to both understand and validate. This study presents a comprehensive dataset
of 81,906 Monte Carlo-simulated wide-angle X-ray diffraction patterns for the cellulose 1
200 lattice. The dataset was generated using a mechanistic, physically informed simulation
procedure that incorporates realistic cell wall geometries from wood anatomy, including
circular and polygonal fibers, and accounts for the full range of crystallographic and
anatomical parameters influencing diffraction patterns. Each simulated pattern required
multiple nested Monte Carlo iterations, totaling approximately 10 million calculations
per pattern. The resulting dataset pairs each diffraction pattern with its exact generating
parameter set, including mean microfibril angle (MFA), MFA variability, fiber tilt angles,
and cell wall cross-sectional shape. The dataset addresses a significant barrier in the
field—the lack of validated reference data with known ground truth values for testing
and developing new analytical methods. It enables the development, validation, and
benchmarking of novel algorithms and machine learning models for MFA prediction
from diffraction patterns. The simulated data also allow for systematic investigation
of the effects of geometric factors on diffraction patterns and serves as an educational
resource for visualizing structure—diffraction relationships. Despite some limitations, such
as assuming ideal diffraction conditions and focusing primarily on the 52 cell wall layer, this
dataset provides a valuable foundation for advancing X-ray diffraction analysis methods
for cellulose microfibril architecture characterization in plant cell walls.

Dataset: 10.6084/m9.figshare.28458716
Dataset License: CC-BY 4.0

Keywords: cellulose microfibrils; microfibril angle; X-ray diffraction; wide-angle X-ray
diffraction; Monte Carlo simulation; plant cell walls; wood anatomy; diffraction pattern analysis

1. Introduction

X-ray diffraction analysis has long been a powerful tool for investigating the structure
and orientation of cellulose microfibrils in plant cell walls, with early studies dating back to
the pioneering works of Sisson [1], Herzog and Jancke [2], Herzog et al. [3], and Preston [4].
As the most abundant biopolymer on Earth [5], cellulose has been a primary material for
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industrial applications and energy production throughout history [6]. The advent of the 21st
century bioeconomy has renewed interest in cellulose due to its potential for eco-friendly
applications [7].

The stiffness of cellulose, with estimated tensile moduli ranging from 106 to
138 GPa [8-10], arises from its unique hierarchical structure. In vascular plants, cellu-
lose 18 microfibrils form helical structures around the cell wall, with their angular orientation
relative to the cell axis defined as the microfibril angle (MFA) [11]. The MFA on the S2 cell wall
layer is widely recognized as a critical determinant of the physical and mechanical properties of
cellulosic materials, rivaling or even surpassing the importance of density [8,12].

Despite extensive research, the relationship between the MFA and the resulting X-ray
diffraction patterns remains complex and challenging to validate [13-15]. The mathematical
description of this relationship through the generalized cell wall tilt equation provides a
physical basis for understanding diffraction patterns, but validating analytical methods has
been limited by the lack of ground truth data, where the exact generating parameters are
known. This dataset addresses this gap by providing simulated diffraction patterns with
known parameters based on rigorous mathematical models. While both wide-angle X-ray
diffraction (WAXD) and small-angle X-ray scattering (SAXS) are generally accepted methods
for estimating the MFA [16], the literature often fails to clearly link MFA predictions to the
anisotropic properties of plant fibers, such as shrinkage and mechanical characteristics [17].

This comprehensive dataset of simulated X-ray diffraction patterns addresses a crit-
ical gap in the field of plant cell wall analysis. Its unique value lies in providing re-
searchers with a large collection of diffraction patterns paired with their exact generating
parameters—a ground truth reference that is impossible to obtain through experimental
methods alone [18,19]. By spanning the full parameter space of microfibril orientations,
cross-sectional geometries, and fiber tilts, this dataset enables the development, validation,
and benchmarking of new analytical algorithms and machine learning models for MFA
prediction [15,20]. The applications of this resource extend beyond method development to
educational purposes, allowing researchers to visualize the relationships between structural
parameters and resulting diffraction patterns [21]. Furthermore, the dataset can serve as
a testing ground for hypotheses regarding the impact of specific anatomical features on
diffraction patterns without the need for specialized X-ray equipment [11,22]. The sharing
of this computationally intensive simulation data aims to accelerate progress in under-
standing the cellulose architecture and its relationship to the mechanical properties of
plant-based materials [12,23].

Over the past decade, theoretical advancements in WAXD-based MFA analysis have
stagnated, with most studies relying on established methodologies despite their limita-
tions [13,24,25]. The lack of a universally accepted method or gold standard for MFA
prediction has led to challenges in validating results [26]. Discrepancies in the predictive
capacity of MFA have been observed, with some studies reporting significant correlations
with mechanical properties [23,27] and others finding inconclusive results [17,28,29].

These issues likely arise from the lack of procedures that account for cell-to-cell
and within-cell wall variability of the MFA, cross-sectional shape, and fiber tilts [18].
The importance of accurately accounting for MFA variability within the cell wall has been
highlighted by Cave and Robinson [18], who noted that a 5° change in MFA deviation can
result in substantial errors in predicted values if not properly considered.

To address these challenges, this study presents a comprehensive dataset of 81,906 Monte
Carlo-simulated X-ray diffraction patterns for the cellulose 200 lattice. This dataset, gener-
ated through physically informed simulations, incorporates cell wall geometries typical
of wood anatomy and accounts for the full range of crystallographic and anatomical pa-
rameters influencing diffraction patterns. By providing a large-scale dataset with known
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ground truth values for all geometric parameters, this research establishes a foundation for
developing and validating improved methods for WAXD-based MFA analysis in plant cell
walls. This dataset represents a significant step towards overcoming the lack of validated
reference data, a major barrier in the field, and enables the development of more accurate
and robust analytical techniques.

2. Data Description

The dataset presented in this study consists of two main components: simulated X-ray
diffraction patterns and their associated generating parameters. These components are
provided as separate CSV files, enabling researchers to easily access and analyze the data
using a wide range of tools and programming environments.

2.1. Simulated Diffraction Patterns

The primary data file, profiles, contains the simulated X-ray diffraction patterns, where
each row represents a complete 360° azimuthal intensity profile of the cellulose 200 lattice
diffraction. The file structure comprises 361 columns: an id column that uniquely iden-
tifies each pattern and corresponds to the identifiers in the parameter file, followed by
360 columns (numbered 0-359) containing the intensity values at each azimuthal angle.
Each column number corresponds directly to its azimuthal angle in degrees, providing a
complete diffraction pattern with 1° angular resolution. These intensity profiles capture
the characteristic double-peak pattern typically observed in cellulose 200 lattice diffrac-
tion, with peaks generally occurring around 90° and 270° for aligned samples, as shown
in Figure 1 .

Figure 1. (a) The plot depicts the coordinate axes of the apparatus (shown in solid lines) along with
the imaginary circles of the MFA spirals and diffraction spots (represented by dashed lines) according
to the geometrical conditions for WAXD for cellulose 200 lattice. u is the MFA, 6 is the Bragg angle, v
is the angle of the cell wall tangent, and ¢ is the azimuthal angle where scattered beam sb hits the
plane of detector X’Z’ (ib: incident beam). (b) Misalignment (tilts) of fibers (w and p) with respect to
apparatus coordinates. (c) Typical 200 lattice diffraction pattern of unaltered cellulose-based fibers;
intensity shows two opposite peaks.

The parameter file, params, contains the complete set of generating parameters for
each diffraction pattern, as well as conventional analytical metrics calculated from the
simulated profiles. This file includes the unique id column to link parameters with their
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corresponding diffraction pattern, followed by columns for the generating parameters: cell
wall cross-sectional shape template, mean MFA (i), MFA standard deviation (0}), mean
fiber tilt angles (w and p), tilt angle standard deviations (0, and 0,), and cell wall rotation

angle (7'). Table 1 provides a detailed description of the params data file structure.

Table 1. Parameters data file (params) structure.

Parameter Col. Name Type Range Description

Pattern ID id Integer Variable ID for diffraction pattern

Template template Integer 1-3 Cross-section shape type

fl MFA Float N(25.0°,12.0°) Mean microfibril angle

oy desMFA Float U(5.0°,20.0°)  MFA standard deviation

0 incli Float ~ N(0.0°,10.0°)  Template rotation angle

@ omega Float N(0.0°,5.0°) Mean forward /backward tilt

Ow desv_omega Float U(0.0°,5.0°) Forward /backward tilt standard deviation

0 rho Float  N(0°,5.0°) Mean lateral tilt

0o desv_rho Float U(0°,5.0°) Lateral tilt standard deviation

VA MFA (Peak 1) VA_MFA1 Float Variable Variance approach MFA estimate for first peak
VA MFA (Peak 2) VA_MFA2 Float Variable Variance approach MFA estimate for second peak
Peak 1 Std Dev desvi Float Variable Standard deviation of first diffraction peak
Peak 2 Std Dev desv2 Float Variable Standard deviation of second diffraction peak
Peak 1 Variance  varil Float Variable Variance of first diffraction peak

Peak 2 Variance = var2 Float Variable Variance of second diffraction peak

The inclusion of these stochastic parameters allows for a comprehensive analysis
of how diffraction patterns vary with changes in structural and geometric factors. Cell
wall shapes were selected based on anatomical patterns observed in wood, covering
circular fibers typical of hardwood and reaction wood [30] as well as polygonal tracheids
characteristic of normal softwood [31,32]. By incorporating realistic cell wall geometries
and their variability, this dataset captures the complexity of wood cell wall structures in
simulated diffraction patterns [33,34].

The parameter file also includes conventional analytical metrics calculated from the
simulated diffraction patterns using established methods. These include the T parame-
ter [13,24] and the variance approach [25,35]. The inclusion of these metrics allows for direct
comparison between simulated patterns and traditional WAXD analyses, facilitating the
validation of existing methods and the development of new analytical approaches [36-38].

All intensity values in the profiles file are normalized and represent relative diffraction
intensities. The azimuthal profiles are recorded without integration in the 26 direction, sim-
ulating diffraction patterns at constant momentum transfer corresponding to the cellulose
200 lattice peak. Table 2 summarizes the structure of the profiles data file.

Table 2. Diffraction pattern data file (profiles) structure.

Parameter Column Name Type Range Description
Pattern ID id Integer Variable 1D for diffraction pattern
Intensity Vector 0.. 359 Float Array [0, max] 360° azimuthal intensity profile

2.2. Cell Wall Templates

Three template files defining cross-sectional shapes are used in the simulations, as
shown in Figure 2.
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(a) Circular (b) Hexagonal (c) Square

Figure 2. The three cross-section templates shown here were used as base models: (a) Circular,
(b) hexagonal, and (c) square. For each diffraction pattern generated in the 81,906-pattern dataset,
one of these templates was randomly selected.

3. Methods
3.1. Dataset Generation

The dataset was generated using a Monte Carlo simulation procedure based on estab-
lished WAXD physics. The foundation of this simulation is the generalized tilt equation
(Equation (1)) that describes the 200 lattice diffraction condition for cellulose microfibrils
with various orientations and tilts:

+{ sin(¢ — w) cos(6) sin(p) cos(7y) — sin() [cos(p) sin(7y) sin(p) — sin(p) cos(u)]

1
+ cos(8) cos(¢ — w)[sin(p) sin(p) sin(7) + cos(p) cos(p)] } = 0 =

In this equation, 6 represents the Bragg angle, y is the microfibril angle, «y is the angle
of the cell wall tangent, ¢ is the azimuthal angle where the scattered beam hits the detector
plane, and w and p represent the tilts of the fiber with respect to apparatus coordinates
(forward /backward and lateral tilts, respectively).

For the generation of diffraction patterns, the solutions for ¢ in Equation (1) are
calculated using

¢ =tan"! (%) +cos! (ﬁ) +mr+w ()

where the components are defined as

A = cos(0) sin(p) sin(p) sin(y) + cos(0) cos(p) cos(p) 3)
B = cos(8) sin(p) cos(7y) 4)
C = sin(0) cos(p) sin(p) sin(y) — sin(6) sin(p) cos(p) ()
e {1, A>0 ©)

0, otherwise

Using these equations, each diffraction pattern in the dataset was generated through a
multi-step Monte Carlo simulation procedure, as shown in Figure 3.
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Figure 3. Flowchart of the Monte Carlo simulation procedure used to generate the diffraction pattern
dataset. The nested loop structure shows how each of the 10,000 main iterations contains 1000
embedded iterations, resulting in approximately 10 million calculations per diffraction pattern.

3.2. Validation

The validation of the simulated dataset was conducted through a twofold approach.
First, the generated diffraction patterns were compared against experimental X-ray diffrac-
tion data to ensure that the simulations accurately captured the key features and character-
istics of real-world measurements. This comparison provided a qualitative assessment of
the dataset’s fidelity to physical reality. Second, a thorough analysis of the parameter distri-
butions and correlations within the dataset was performed. This quantitative evaluation
verified that the simulated data exhibited realistic distributions and relationships between
the various structural and geometric parameters, consistent with the expected behavior
based on the underlying physics and wood anatomy.

4. User Notes
4.1. Data Format

The simulated X-ray diffraction dataset is provided in a standard comma-separated
value (CSV) format, ensuring compatibility with a wide range of data analysis tools and
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programming environments. Each row in the dataset represents a single diffraction pattern,
with columns corresponding to the azimuthal intensity values (0 through 359) and the
associated geometric parameters (template, fi, 0, @, 0w, p, 0p, ¥'). The azimuthal intensity
values capture the complete 360° diffraction profile with a 1° angular resolution, enabling
detailed analysis of the diffraction patterns.

Figure 4 demonstrates the fidelity of our simulation approach by comparing real-world
experimental diffraction patterns with their most similar simulated counterparts; Tables 3-5
show the generating parameters for each of the profiles in the plot. The close correspon-
dence between measured and simulated patterns illustrates the representativeness and
realistic nature of the simulated data, validating its utility for training accurate predictive
models of wood microstructure.

0.008 0.012
= Test Pattern

= Test Pattern

) = Test Pattern
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Figure 4. Plot of sample profiles and 5 nearest simulated profiles. (a) Sample 185, (b) Sample 230, and
(c) Sample 303.

Table 3. Sample 185 and 5 nearest simulated profiles with generating MFA and desMFA (Figure 4a).

ID MFA desMFA
72431 26.8° 15.3°
71946 28.0° 17.6°
21663 27.5° 14.9°
78119 27.8° 18.8°
71806 28.2° 16.8°

Table 4. Sample 230 and 5 nearest simulated profiles with generating MFA and desMFA (Figure 4b).

ID MFA desMFA
43056 27.7° 12.6°
29767 28.1° 12.9°
21145 28.3° 13.2°
14257 28.1° 12.9°
7068 27.9° 11.8°

Table 5. Sample 303 and 5 nearest simulated profiles with generating MFA and desMFA (Figure 4c).

ID MFA desMFA
78384 22.9° 16.1°
43178 22.0° 14.0°
55022 21.5° 14.8°
18541 22.0° 14.5°
13725 22.1° 14.5°

The data also include asymmetric diffraction patterns, as shown in Figure 5, which
arise from lateral tilts (p) causing the 200 lattice peaks to deviate from their idealized 180°
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opposition. These asymmetric patterns are commonly observed in real-world samples
where cell wall segments fail to align symmetrically with the incident X-ray beam due to
natural growth variations or specimen preparation artifacts. Our simulation framework
incorporates these tilts through the generalized diffraction equation (Equation (1)), ensuring
that the trained models can accurately interpret the full spectrum of diffraction patterns
encountered in experimental settings.

To further explore the simulated profiles, the Supplementary Materials include a link
to a video where each profile is plotted, with the associated generating parameters.

204

154

Intensity

0 90 180 270 360

Angle (degrees)
Figure 5. Plot of three randomly selected asymmetric profiles.

4.2. Recommended Applications

The comprehensive nature of this simulated dataset makes it particularly suitable for
a range of applications in the field of X-ray diffraction analysis of cellulose microfibrils.
One key application is the development and validation of new methods for predicting
the microfibril angle (MFA) from diffraction patterns. The dataset’s large size and known
ground truth values for MFA and other parameters provide an ideal testbed for evaluating
the accuracy and robustness of novel prediction algorithms. Additionally, the dataset is
well suited for training and validation of machine learning models, which can leverage
the rich parameter space to learn complex relationships between diffraction patterns and
underlying structural features. The simulated data also enable systematic investigation
of the effects of various geometric factors, such as cell wall cross-sectional shape and
fiber tilts, on the resulting diffraction patterns. This can provide valuable insights into
the sensitivity of diffraction methods to these parameters and guide the interpretation of
experimental data. Finally, the dataset serves as a benchmark for comparing and assessing
the performance of existing and future prediction algorithms, promoting standardization
and reproducibility in the field.

4.3. Assumptions and Considerations

Researchers working with this dataset should note that the simulated diffraction
patterns were generated with specific assumptions about the X-ray beam geometry and
specimen characteristics. Users seeking to compare these simulations with experimental
data should ensure their experimental setup aligns with these assumptions or apply ap-
propriate corrections for different geometries. Additionally, when analyzing the patterns,
researchers should be aware that the intensity values are normalized and do not reflect
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absolute scattering intensities; comparisons between patterns should focus on relative
intensity distributions rather than absolute values.

The background effect in the diffraction patterns, which arises from amorphous
molecules and the 51, S3, and P layers of the cell wall, was not considered in the simula-
tions. This simplification is reasonable, as in empirical patterns the baseline is typically
eliminated prior to analysis. However, researchers should be aware of this assumption
when comparing simulated data to experimental results and account for any potential
discrepancies introduced by the presence of background signal in real-world measurements.

4.4. Data Subsetting and Filtering

Efficient use of this large dataset can be facilitated by initially subsetting the data based
on specific parameter ranges of interest. For example, researchers focusing on compression
wood might prioritize patterns with high MFA values (>30°), while those interested in
tension wood or normal wood might focus on lower MFA ranges. The dataset can be
easily filtered using common data analysis tools such as Python with pandas [39,40], R [41],
or specialized scientific software.

4.5. Analytical Method Development

Development of new analytical methods benefits from a training-validation—test
approach, where model development occurs on a subset of the data, with final validation
performed on a separate holdout set to ensure generalizability [42]. Visualization of
the relationship between input parameters and resulting diffraction patterns through
dimensionality reduction techniques such as PCA [43] or t-SNE [44] can reveal clusters and
trends within the parameter space.

4.6. Machine Learning Applications

For machine learning applications, the dataset has been intentionally structured to
support both supervised learning (predicting parameters from patterns) and unsupervised
approaches (discovering inherent structure in the diffraction patterns) [45,46]. Various
feature extraction methods warrant consideration, as the raw 360-point intensity profiles
may benefit from preprocessing such as smoothing, peak detection [47], or transformation
to frequency domain representations. When comparing prediction accuracies, metrics that
account for the circular nature of angular data, such as circular mean absolute error or
angular correlation coefficients [48,49], are preferable to standard regression metrics.

4.7. Limitations

While the simulated dataset offers a valuable resource for X-ray diffraction analysis
of cellulose microfibrils, users should be aware of certain limitations. The simulated data
assume ideal diffraction conditions, which may not fully capture the complexities and vari-
ability encountered in real-world experiments. Additionally, the dataset is limited to three
basic cross-sectional templates (circular, hexagonal, and square), which, although represen-
tative of common wood cell geometries, may not encompass the full diversity of cell wall
shapes found in nature. The simulations also do not account for the effects of the S1 and S3
layers of the cell wall, focusing primarily on the S2 layer, which is the main contributor to
the diffraction signal. Lastly, the dataset assumes a constant momentum transfer, meaning
that the intensity values are recorded without integration in the 20 direction. While this
simplification is common in the analysis of the cellulose 200 peak, it may limit the direct
comparability to experimental data that integrate over a range of 26 values. Despite these
limitations, the simulated dataset provides a valuable starting point for understanding the
complex relationships between cellulose microfibril structure and X-ray diffraction patterns,
and serves as a foundation for future research and method development in this field.
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Supplementary Materials: A video of all simulated profiles with generating parameters is available
at: http://www.doi.org/10.6084/m9.figshare.28644365 (accessed on 28 March 2025).
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