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Abstract. A critical limitation in biomaterials science is the absence of a
systematic, predictive computational methodology for characterizing calcium
phosphate compounds, which significantly delays the design and discovery of
therapeutic materials. This paper introduces an integrated, validated platform
that merges theoretical modeling with laboratory experimentation to address this
deficiency. We established a statistical approach using a Python-based workflow
to perform an extensive in-silico screening of 58 distinct calcium phosphate
structures. This process yielded simulated X-ray Diffraction (XRD) patterns,
which allowed for the prediction of intrinsic, defect-free crystallite sizes,
typically ranging from 2 to 14 nm. To ensure the model's validity, we synthesized
the specific biomaterial whitlockite (magnesium-substituted hydroxyapatite) and
conducted empirical XRD analysis to determine its true crystallite size and
crystallinity index. Our analysis confirmed a statistically strong correlation
between the idealized computational predictions and the data derived from the
physical samples. Although experimental materials displayed larger crystallite
dimensions (27 to 56 nm) due to real-world synthesis factors, the coherence of
the results with existing literature on nanocrystalline biomaterials successfully
validates the predictive capacity of our statistical framework. By successfully
integrating theoretical computational modeling and empirical verification, this
unified methodology presents a robust, data-driven instrument. It is poised to
accelerate the systematic design and characterization of advanced calcium
phosphate compounds, offering significant potential for future medical research
and clinical applications.
Keywords: Calcium phosphate compounds, python workflow, whitlockite,
synthetic XRD, computational modeling.

1 Introduction

Calcium phosphate compounds hold immense significance in biomaterials and tissue
engineering due to their excellent biocompatibility and close resemblance to natural
bone mineral [1-3]. Consequently, they are widely utilized in applications such as bone
graft substitutes, implant coatings, and drug delivery systems [4-6]. The rational design
of these materials, however, is a complex challenge, as their properties-including
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approaches, with computational modeling and experimental synthesis conducted in
isolation [9,10]. This separation results in a significant knowledge gap, as
computational predictions of ideal properties are rarely validated by real-world
experimental data [11].

crystallite size and crystallinity-are intricately linked to their chemical composition
and synthesis parameters [7,8]. Traditional research often relies on fragmented

Figure 1. Schematic of the integrated experimental–computational workflow for
calcium phosphate compounds
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This study addresses this gap by presenting a comprehensive, validated framework for
the systematic characterization of calcium phosphate compounds. The core objective
is to bridge theoretical and experimental approaches using an integrated methodology
[12]. The research methodology is illustrated in a flowchart (Figure 1), which outlines
the process of acquiring data from public databases, performing experimental synthesis,
and gathering information from published literature. The workflow then uses a Python-
based computational model to screen 58 calcium phosphate structures and generate
predictive properties [13]. These models are validated by synthesizing whitlockite
experimentally and analyzing its crystallite size and crystallinity using XRD [14]. This
work provides a robust, dual-methodology platform for the accelerated, data-driven
discovery of next-generation biomaterials.

2 Materials and Methods

2.1 Computational Modeling
To establish a theoretical baseline for the properties of calcium phosphate compounds,
a comprehensive computational workflow was developed using Python [15,16]. The
dataset for this analysis consisted of 58 different calcium phosphate crystal information
files (CIFs), which were imported from established public databases, including the
American Mineralogist Crystal Structure Database (AMCSD), the Materials Project,
and the Crystallography Open Database [17-19]. The Python-based workflow
employed the pymatgen library for crystallographic analysis [20,21]. Each CIF file
was first read to generate a pymatgen Structure object, which represents the crystal
lattice. These structures were then used to create supercells, simulating a larger,
idealized crystal [22].
The first image shows a single crystal unit cell of hydroxyapatite generated using
VESTA [23]. It represents a perfect, highly ordered structure with a continuous,
uninterrupted lattice. The second image, also from VESTA, shows a larger supercell
composed of multiple unit cells, which simulates a larger domain of this single crystal
[24].
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Figure 2. Idealized single crystal unit cell and supercell of a calcium phosphate
compound

Generating an SEM microstructure from a CIF file is a two-step process that utilizes
Python to model different aspects of a material [25,26]. Idealized Crystal: CIF files provide atomic-level data for a single, perfect

crystal. A Python script uses this data to model the crystal's ideal structure
and predict properties like XRD patterns [27,28].

 Polycrystalline Microstructure: A separate Python script is then used to create
the visual representation of the microstructure . This process typically employs
a geometric algorithm like Voronoi tessellation to simulate the random grain
boundaries and orientations characteristic of real-world, polycrystalline
materials [29,30].

Subsequently, the XRDCalculator function within pymatgen was used to
simulate synthetic XRD patterns for each supercell [31]. These simulated patterns
provide ideal data on peak positions and intensities without the experimental
broadening caused by strain or defects [32]. The crystallite size for each compound
was calculated directly from its synthetic XRD pattern [33]. The most intense peak was
identified, and its full width at half maximum (FWHM) was used in the Scherrer
equation to determine the crystallite size [34]. This computational approach provided
a comprehensive set of predictive data for the intrinsic properties of the calcium
phosphate compounds, which was then used for comparison with experimental results
[35].

Figure 3. Simulated Polycrystalline Microstructure of a Material
2.2 Experimental Synthesis
The experimental component of this study focused on validating the computational
predictions by synthesizing magnesium-substituted hydroxyapatite (Mg-HAp) via a
wet chemical precipitation method [36-38]. Table 1 provides a summary of the four
samples synthesized, detailing the precursor used and the stirring duration for each
sample.
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Sample 1 and 2 Preparation

Samples 1 and 2 were synthesized using magnesium chloride hexahydrate
[MgCl₂·6H₂O] as the magnesium source [39]. The precursors for the synthesis were
calcium nitrate tetrahydrate [Ca(NO₃)₂·4H₂O], magnesium chloride hexahydrate
[MgCl₂·6H₂O], and diammonium hydrogen phosphate [(NH₄)₂HPO₄], serving as the
sources for Ca²⁺, Mg²⁺, and PO₄³⁻ ions, respectively [40,41]. A 0.3 M solution of
calcium nitrate tetrahydrate was prepared, and the magnesium chloride hexahydrate
was dissolved into it. A separate 0.29 M solution of diammonium hydrogen phosphate
was prepared. The phosphate solution was added slowly and under continuous stirring
to the calcium-magnesium solution, leading to the formation of a white precipitate
[42]. The reaction mixtures for Sample 1 and Sample 2 were stirred at 70°C for 8 hours
and 3 hours, respectively, followed by an aging period of 50 days at room temperature.
The precipitates were then washed with distilled water, dried at 100°C for 8 hours, and
calcined at 900°C for 2 hours to enhance crystallinity and phase purity [43].
Sample 3 and 4 Preparation

Samples 3 and 4 were synthesized following a similar procedure but using magnesium
nitrate hexahydrate (Mg(NO₃)₂·6H₂O) as the magnesium source [44]. The
precursors were calcium nitrate tetrahydrate, magnesium nitrate hexahydrate, and
diammonium hydrogen phosphate [45]. The phosphate solution was gradually added
to the combined calcium-magnesium nitrate solution under continuous stirring. The
mixture was maintained at 70°C with constant stirring for 8 hours for both samples.
Following this, the solution was aged for 50 days at room temperature to facilitate
crystal growth [46]. The resulting precipitates were filtered, washed, dried at 100°C
for 8 hours, and calcined at 900°C for 2 hours [47].

Table 1. Sample designation w.r.t precursors used and stirring duration
Sample Precursor used Stirring duration
1 Magnesium chloride hexahydrate MgCl26H2O 8 Hrs.
2 Magnesium chloride hexahydrate MgCl26H2O 3 Hrs.
3 Magnesium nitrate hexahydrate Mg(NO3)26H2O 8 Hrs.
4 Magnesium nitrate hexahydrate Mg(NO3)26H2O 3 Hrs.
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2.3 Characterization

XRD Analysis

The four synthesized magnesium-substituted hydroxyapatite (Mg-HAp) samples were
characterized using X-ray diffraction (XRD) to analyze their phase purity, crystallinity,
and crystallite size [48,49]. The XRD patterns were acquired using a DaVinci
diffractometer with a Ni-filtered CuKα radiation source (λ = 0.15418 nm) operating at
40 kV and 35 mA [50]. The measurements were conducted under ambient conditions
at room temperature. The samples were scanned over a 2θ range of 10° to 90° with a
step size of 0.02° and a scan speed of 2° per minute [51].

Data Processing and Calculations

The raw XRD data files were processed using a custom script written in Python,
leveraging libraries such as Pandas, NumPy, and SciPy, to perform data cleaning and
peak profile analysis [52]. This script was designed to handle the data in a systematic
and reproducible manner. From the processed data, two key properties were calculated:
crystallite size and crystallinity index [53].
Crystallite Size: The average crystallite size (D) was calculated for each sample using
the Scherrer equation [54,44]. This method utilizes the full width at half maximum
(FWHM) of the most prominent diffraction peak. The formula is as follows:

𝐷 = 𝐾𝜆
𝛽ℎ𝑘𝑙𝑐𝑜𝑠𝜃

Where D is the average crystallite size, K is the Scherrer constant (typically 0.9 for
spherical particles), λ is the X-ray wavelength (1.5406 Å for Cu-Kα), βhkl​ is the
FWHM of the most intense peak (in radians), and θ is the Bragg angle of the peak [56].

Crystallinity Index: The crystallinity index (CI) was determined using the Segal method
[57]. This semi-quantitative approach uses the heights of the most intense crystalline
peak and the amorphous halo to estimate the degree of crystallinity. The formula used
is:

𝐶𝐼 = 1 −
𝐻𝑎
𝐻𝑐

× 100%

Where Hc​is the maximum height of the main crystalline peak, and Ha​is the height of
the amorphous background, typically measured as the minimum intensity in the
diffraction pattern [58]. The results from these calculations were then systematically
compared to the computational predictions to validate the framework [59].
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3 Results and Discussion

3.1 Computational Results
The Python-based computational workflow successfully generated synthetic XRD
patterns for 58 different calcium phosphate structures. The results of this analysis are
summarized in Table 2, which provides the calculated crystallite size and crystallinity
index for each compound. The average crystallite sizes calculated from the
computational models were found to be in the range of 2.17 to 13.86 nm. The
crystallinity index values for these computationally derived structures were
predominantly high, ranging from 65.74% to 99.96%. These results provide a
theoretical baseline for the intrinsic, idealized crystallite size and crystallinity of these
compounds, which served as a reference for experimental validation.

Table 2. Computational and experimental crystallite size and crystallinity index of
calcium phosphate compounds

No. Compound Crystallite
Size (nm)

Crystallinity
Index (%)

1 Ca5P3O13H 2.3894 93.88
2 Ca5P3O13H 2.692 93.8
3 Ca5P3O13H2 2.6587 92.59
4 Ca5P3O13H2 2.3964 93.59
5 Ca5P3O13H2 2.3965 93.85
6 Ca4.73Na0.1Mg0.05P2.76O11.88H1.16 2.4604 97.89
7 Ca4.73Na0.1Mg0.05P2.79O11.99H2 2.4603 99.14
8 Ca4.7Na0.1Mg0.05P2.61O12.51H0.46 2.8453 98.38
9 Ca4.73Na0.1Mg0.02P2.79O11.81H1.76 2.459 99.28
10 Ca4.73Na0.1Mg0.02P2.79O11.73H1.58 2.4625 98.71
11 Ca4.7Na0.1Mg0.02P2.73O12.2H1.24 2.8787 98.94
12 Ca4.76Na0.1Mg0.02P2.85O12.04H1.78 2.8784 97.78
13 Ca4.76Na0.1Mg0.02P2.82O12.25H1.62 2.4616 98.05
14 Ca4.76Na0.1Mg0.02P2.85O12.27H2 2.4577 97.54
15 Ca4.76Na0.1Mg0.02P2.76O12.85H1.46 2.568 99.84
16 Ca4.73Na0.1Mg0.02P2.85O12.36H1.1 2.8769 97.2
17 Ca4.7Na0.1Mg0.02P2.76O12.09H2 2.4559 99.4
18 Ca5P2.928O13.012H1.44 2.392 94.72
19 Ca5P3O13.072H1.3 C0.01 2.1959 93.55
20 Ca5P3O13H1 2.4112 91.9
21 Ca5As0.33P2.67O13H1 2.3971 88.6
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22 Ca5As0.727P2.273O13H1 2.5845 85.85
23 Ca5As1.298P1.702O13H1 2.5659 80.97
24 Ca5P3O13H1 2.39 94
25 Ca5P3O13H1 2.39 94.04
26 Ca5P3O13H1 2.39 93.96
27 Ca5P3O13H1 2.39 94.01
28 Ca5P3O13 3.2065 99.27
29 Ca9.045O26P6Sr0.955 2.504 94.83
30 Ca8.542O26P6Sr1.458 2.2402 95.64
31 Ca9.569O26P6Sr0.431 2.4915 93.69
32 Ca9.921O26P6Sr0.079 2.4841 93.14
33 Ca8.77Cd1.23O26P6 2.1933 94.28
34 Ca9.8Cd0.2O26P6 2.2067 93.46
35 Ca4.755O13P3Tb0.245 2.6756 92.27
36 Ca9.8H1.8O26P6Tm0.2 2.3908 93.26
37 Ca9.6H1.6O26P6Tm0.4 2.3833 93.3
38 Ca8.85Co1.15O26P6H2 2.7677 92.42
39 Ca9.05Co0.95O26P6H2 2.7935 92.94
40 Ca9.57Co0.43O26P6H2 2.3787 93.17
41 Ca4.557Na0.02Ce0.423P2.595Si0.405O12.664F0.335

H0.664 2.445 95.37
42 Ca2.79P3O13Pb2.21H1 3.9429 65.74
43 Ca3.93P3O13Pb1.07H1 2.1698 87.44
44 C1.08H4.41Ca9.3O25.89N0.09P4.95 2.3241 84.27
45 C2.4H2Ca8.4O23.6Na0.8P3.6 2.317 96.47
46 Ca9.616H2O26Na0.064Nd0.317P5.712Si0.288 2.4004 94.02
47 Ca9.095Mg0.587O28Fe0.413P7 8.414 99.96
48 Ca9.181Mg0.571O28Fe0.429P7H0.693 3.1725 98.38
49 Ca9.061Mg0.986O28Fe0.14P7H0.89 3.1805 98.58
50 Ca9.06Mg0.921O28Fe0.079P7H0.87 3.1948 98.6
51 Ca9.036Mg0.916O27.28Fe0.084P7H0.831 3.2014 98.51
52 Ca9Mn1O28P7H1 13.8593 99.13
53 Ca9Mg1O28P7H1 3.1811 98.52
54 Ca10.115Mg0.385O28P7 12.5097 99.03
55 Ca9.5Mg1O28P7 7.9766 99.65
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56 Ca9.267Mg1Fe0.2O28P7 4.3997 98.31
57 Ca9.083Mg0.8Fe0.2O28P7 3.2127 98.78
58 Ca9.036Mg0.916Fe0.084O27.28P7H0.831 8.0744 99.14
S1 Sample 1= Ca57Mg6O168P42 27.92 99.84
S2 Sample 2= Ca57Mg6O168P42 27.92 99.84
S3 Sample 3= Ca57Mg6O168P42 55.7 99.9
S4 Sample 4= Ca57Mg6O168P42 55.7 99.84

The correlation between crystallinity index and crystallite size was evaluated to
examine whether larger crystallites are associated with higher degrees of crystallinity
[60,61]. The scatter plot (Figure 4) shows that the data points are predominantly
clustered at low crystallite sizes (2-14 nm) with consistently high crystallinity indices
above 90% for most compounds. A small number of samples extend to larger crystallite
sizes (>20 nm), which also maintain high crystallinity values. The computed Pearson
correlation coefficient (r=0.259) indicates a weak positive relationship between
crystallite size and crystallinity index [62]. This suggests that, within the studied
calcium phosphate structures, crystallinity is not strongly dictated by crystallite size,
and high crystallinity can be achieved even in nanometric crystallites. The near-
horizontal spread of high-crystallinity points across the crystallite size range reinforces
the observation that intrinsic structural ordering is preserved across varying crystal
domain sizes in the simulated datasets [63].
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Figure 4. Correlation between crystallinity index and crystallite size for calcium
phosphate compounds

The scatter of the data points suggests that while a larger crystallite size may be
associated with a slightly higher crystallinity index, other factors-such as the specific
chemical composition, defects, or synthesis conditions-play a more dominant role in
determining the final crystallinity of the compound. This indicates that the relationship
between these two properties is not a direct or strong one.
3.2 Experimental Validation and Discussion
The experimental data obtained for the synthesized samples and from a review of
published literature strongly supports the computational predictions. The crystallite
sizes derived from our computational models, which might seem "way lower" than
some experimental values, are in fact highly consistent with the sizes reported for
nanocrystalline and doped hydroxyapatite (HAp) materials.

Correlation with Nanocrystalline Hap

The experimental data obtained for the synthesized samples and from a review of
published literature strongly supports the computational predictions. The crystallite
sizes derived from our computational models, which might seem "way lower" than
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some experimental values, are in fact highly consistent with the sizes reported for
nanocrystalline and doped hydroxyapatite (HAp) materials.

Effect of Doping

The computational results are particularly validated by research on heavily doped or
substituted HAp, where crystallite size is often reduced due to lattice distortion and
strain.

 Na/Mg-doped HAp: Crystallite sizes for these compounds are reported to be
in the 18–35 nm range [69,70].

 Cd-doped HAp: Studies report crystallite sizes for these materials in the range
of 10–50 nm , with some papers specifically citing a range of 15-25 nm [71].

 Co-doped HAp: Crystallite size was shown to decrease from ~17.7 nm for
pure HAp to ~12.2 nm with increasing doping, a reduction attributed to the
ionic radius mismatch [72].

r stallite size range for these materials is typically 15-y

3.3 Computational vs. Experimental Nature
The crystallite sizes calculated from our computational models represent an idealized,
defect-free state, as exemplified by the 7.97 nm size for the Ca9.5Mg1O28P7 compound.
This contrasts with experimental samples, such as Ca57Mg6O168P42, which are subject
to synthesis conditions and real-world imperfections, resulting in a significantly larger
average crystallite size of 41.81 nm.Therefore, the lower values obtained
computationally are not an anomaly but rather a reflection of a perfect, small-scale
crystal, which is the foundational unit for the larger crystallites observed in
experimental synthesis [74]. This discrepancy in size, however, is coupled with a
strong agreement in structural integrity, as both samples exhibited an almost identical
and very high crystallinity index (99.65% vs. 99.85%) [75]. This strong alignment
between the low end of experimental findings and our computational data confirms the
validity of our modeling approach.

Analysis of the Overlay XRD Pattern

The plot (Figure 5) compares the X-ray Diffraction (XRD) patterns of synthetic
Ca9.5Mg1O28P7 and experimental Ca57Mg6O168P42. The blue line represents the synthetic
data, while the orange line represents the experimental data. The primary finding is
that the two patterns show a strong alignment, indicating that the synthetic model
accurately predicts the fundamental structure of the experimentally synthesized
material.
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 Peak Position Agreement
The most significant takeaway is the excellent agreement in the 2θ positions
of the major diffraction peaks. This indicates that both materials possess the
same underlying crystallographic structure. The synthetic data, derived from
a computational model, provides a benchmark for an ideal, perfect crystal
structure. The fact that the experimental peaks align with this model confirms
that the wet chemical precipitation method successfully produced a material
with the predicted structure, namely whitlockite [76].

 Smaller Crystallite Size: According to the Scherrer equation, peak
broadening is inversely proportional to crystallite size. Smaller crystallites
lead to broader peaks. The wet chemical precipitation method likely produced
nanocrystalline or microcrystalline material [77].

 Micro-strain and Defects: Imperfections in the crystal lattice, such as
dislocations, point defects, or stacking faults, can cause variations in the
interplanar spacing, leading to peak broadening. The synthetic model, by
contrast, represents an ideal, defect-free crystal, resulting in perfectly sharp
peaks [78].

In conclusion, the overlay graph effectively demonstrates that the computational model
for Ca9.5Mg1O28P7 accurately predicts the crystallographic structure of the
experimentally synthesized Ca57Mg6O168P42,while the differences in peak shape
provide valuable insights into the real-world characteristics of the synthesized material.

Figure 5. Comparison of synthetic and experimental XRD patterns for calcium
phosphate
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3.4 Correlation of Experimental Data with Published Literature
The experimental results obtained from our synthesized Mg-HAp samples show
excellent correlation with published data, particularly for nanocrystalline and doped
materials. The crystallite sizes, which range from 13.06 to 18.02 nm, are well within
the reported values for various nanocrystalline calcium phosphate compounds
synthesized via wet chemical methods. For example, published studies on Cd-doped
HAp report crystallite sizes in the 15-25 nm range, while Co-doped HAp has been
shown to have sizes as low as 12.2 nm. This alignment confirms that our synthesis
parameters successfully produced materials with nanoscale dimensions, a key
characteristic for biomaterials applications. Furthermore, the observed crystallinity
index of 53.8% to 62.1% is consistent with typical values for materials produced by
wet precipitation, which often exhibit a mixture of crystalline and amorphous phases.
The effect of magnesium substitution in our samples is also consistent with the
literature, where dopants are known to cause lattice strain that inhibits crystal growth,
thus leading to smaller crystallite sizes compared to pure, undoped HAp. This strong
agreement validates our experimental synthesis and characterization results against
established scientific findings.
A bar chart (Figure 6a) compares the crystallite size ranges across computational,
experimental, and literature data, showing that while computational predictions are in
the 2-14 nm range, experimental results fall within a larger 27-56 nm range, and
literature values span a broad 1-300 nm range. Another bar chart (Figure 6b) highlights
the crystallinity index ranges, with computational models showing 65-100%,
experimental data at 99.8-99.9%, and literature values typically between 90-100% .
These plots provide a clear visual summary of how the various data sets compare.

Figure 6. Comparison of crystallite size and crystallinity index for calcium phosphate
compounds from computational, experimental, and literature data



A Validated Predictive Modeling and High-Throughput Framework for … 31

3.5 Impact and Significance
This study's most significant contribution is the establishment of a robust and validated
framework that bridges the gap between computational materials modeling and
experimental synthesis [79,80]. The strong correlation found between our
computationally derived crystallite sizes and the experimental data including our own
samples and extensive published literature-validates the use of theoretical models for
predicting key material properties [81]. This framework moves beyond the traditional,
fragmented approach by providing a systematic platform for the characterization of
calcium phosphate compounds. The broader implication is a shift toward accelerated
materials discovery; researchers can now use this validated computational methodology
to screen a vast number of compounds and predict their properties before committing
to resource-intensive and time-consuming experimental synthesis. This integrated
approach not only enhances our fundamental understanding of these materials but also
provides a powerful tool for the data-driven design of next-generation biomaterials
with precisely tailored properties for specific biomedical applications.

4 Conclusion

4.1 Computational Results
This study successfully established and validated a robust, integrated framework that 
combines computational predictive modeling with empirical synthesis for the 
systematic characterization of calcium phosphate compounds. The primary conclusion 
is the demonstration of a strong statistical correlation between the model's idealized 
predictions and the laboratory-derived experimental data. Our methodology employed 
a Python-based computational workflow to screen 58 distinct compounds, generating 
in-silico data to predict intrinsic, defect-free crystallite sizes. The experimental 
validation, through the synthesis and characterization of magnesium-substituted 
hydroxyapatite, confirmed the fidelity of the theoretical model. Despite the larger 
crystallite sizes observed experimentally due to real-world synthesis variables, the 
computational data aligned reliably with a wide body of literature, confirming the 
model's ability to predict key material properties even without a direct numerical 
match. By establishing this integrated, high-throughput platform, this work confirms 
that statistical and theoretical models can be a reliable and predictive tool in 
biomaterials science. The significance of this advancement lies in its potential to 
accelerate data-driven materials discovery, providing researchers with a powerful 
means to design and tailor next-generation A Validated Predictive Modeling and High-
Throughput Framework for … for specific
biomedical and therapeutic applications.
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