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1 Introduction

Designing new materials or finding novel applications of existing materials is a difficult task. Solv-
ing this task is, however, necessary, as new technological devices, such as solar cells or thermo-
electric generators, require materials with specifically tailored properties. These materials should
exhibit properties that are advantageous without drawbacks. For example, for energy harvesting,
there are many promising candidate materials, which have excellent electronic and mechanical
properties, they may however be toxic, such as CdTe, or unstable, such as halide perovskites.
Also, cheap production is an important criterion. With rising complexity of technological solu-
tions for problems of todays society, novel materials are required to enable future developments.
To enable these developments, the design of materials should be efficient.

Experimental design of materials is constrained by high costs and long time scales, mostly due
to challenges in synthesis and experimental characterisation. To accelerate this process, theoreti-
cal solid-state models and theories are employed to predict material properties. The work horse of
materials science is density-functional-theory (DFT), which achieves reliable results [1] from first
principles. DFT calculations however still require substantial computational resources to produce
accurate results. The recent establishment of public databases for materials data reduces this cost,
as scientists are able to share and re-use data published by others. Thus, the repetition of calcula-
tions, that have been performed previously, can be avoided, and calculations can be re-purposed
for analysis that may not have been intended by the original authors of the data. There are multiple
material databases readily available, e.g. AFLOW [2], The Materials Project [3], or the NOMAD
Laboratory [4]. The NOMAD Laboratory provides the largest collection of DFT calculations,
more than 100 milion individual calculation runs from more than 40 different DFT codes (specific
implementations of the DFT formalism).

This data, coming from varying sources, is very inhomogeneous. It differs not only in author,
but also in the purpose of the calculation, the DFT code used or the specific computational parame-
ters. For example, a DFT calculation for elastic properties of a material may employ computational
parameters that are not suitable for a reliable representation of the electronic band-structure. Thus,
the unification of this data in a single database rises the question of data quality and error estimates.

To address this question, that data must be analysed to determine their quality. However, the
large amount of available data makes manual inspection infeasible. Therefore, (semi-) automatic
workflows must be employed to identify the most reliable results. In this thesis, this is addressed
by introducing a quantitative measure of materials similarity. This measure is then used to evaluate
the impact of computational parameters on the electronic structure of materials. This analysis can
be used to study the reliability of scientific results by comparing the similarity in cases where high
similarity between different calculations is expected, e.g. for different calculations of the same
material.

The quantitative evaluation of materials similarity requires a numerical representation of ma-
terials, a so-called fingerprint. Material fingerprints represent materials in a specialised manner,
usually concentrating on selected materials. In this work, the similarity of materials is studied
in terms of their electronic density-of-states (DOS). DOS fingerprints were reported in literature
by O. Isayev et al. [5], representing the DOS in a fixed energy interval as a vector of 256 real
numbers. In this work, a binary-valued representation of the DOS is employed, which allows to
emphasise selected energy regions in the spectrum. This allows users to tailor the evaluation of
materials similarity to specific features in the DOS. The construction of the DOS fingerprint is
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customisable making it suited to a broader range of applications.

The correlation of the DOS similarity based on selected parameters is studied by calculating
the similarity between different calculations for individual materials. For each material, results
obtained with different parameters (e.g. cell volume) are compared to each other, generating sim-
ilarity scores. These scores are visualised in so-called similarity matrices. In these matrices,
structures from sets of calculations emerge, which are highly similar to one another. Their analy-
sis gives insight into the correlation between DOS similarity and material parameters, while also
identifying parameters affecting the DOS and making systematic deviations between calculations
visible.
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2 Density Functional Theory

2.1 Kohn-Sham Equations

The basis for DFT is laid by the Hohenberg-Kohn theorem [6] which states, that the ground state
energy E of an interacting electron gas in an external potential v(~r) is a unique functional of the
electron density n(~r):

E[n] = F [n] +

∫
d~r v(~r) n(~r), (1)

where F [n] is a functional dependent only on the electron density. The energy E[n] is minimal
for the electron density n(~r) of the system.

Approaching the quantum-mechanical many-body problem from the electron density n(~r)
simplifies it from a 3N-dimensional to a 3-dimensional problem. Solving for the energy is not
straightforward, as the form of the term F [n] is in general unknown and has to be approximated.

A system of many interacting electrons can be uniquely mapped to an auxiliary system of
non-interacting electrons, with the same the electron density as the interacting electron system.
The basis for this approach was set by W. Kohn and L. J. Sham [7]. The auxiliary system of
non-interacting electrons is described by single particle Schrödinger equations:[

−1

2
∇2 + veff (~r)

]
ψi(~r) = εi ψi(~r), (2)

where each solution ψi(~r) to Eq. (2), corresponds to a single non-interacting electron of the
auxiliary system, with an eigenvalue εi. The effective potential veff (~r) can be split into a sum of
interactions:

veff = vext + vH + vXC . (3)

vext is the external potential acting on the electrons, vH is the Hartree potential, describing the
Coulomb interaction of electrons and vXC accounts for exchange and correlation effects. The
exchange-correlation term vXC is defined as the functional derivative of the exchange-correlation
energy with respect to the electron density n(~r):

vXC =
δEXC

δn(~r)
. (4)

The electron density n(~r) is calculated from the single particle wave-functions of the auxiliary
system:

n(~r) =
N∑
i=1

|ψi(~r)|2. (5)

The general form of the exchange-correlation energy EXC is unknown and has to be approxi-
mated. One possible approximation for the exchange-correlation energy EXC is the local density
approximation (LDA), where the exchange-correlation effects are approximated to those of a uni-
form electron gas with the same electron density n(~r).

ELDA
XC [n] =

∫
d~r εunifXC (n) n(~r), (6)
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where εunifXC is the exchange-correlation energy per particle of the uniform electron gas with an
electron density n(~r). Other approaches are possible, such as the generalized gradient approxima-
tion (GGA), where the gradient of the electron density is taken into account.

EGGA
XC [n] =

∫
d~r f [n(~r),∇n(~r)], (7)

Going one step further, the second derivative, the Laplacian of the electron density, is considered
in meta-GGA exchange-correlation functionals. Another step further, hybrid functionals, combine
semi-local functionals with the Hartree-Fock approach. More accurate and computationally effi-
cient ways of formulating the exchange-correlation energy are a topic of ongoing research.

The Kohn-Sham equations have to be solved self-consistently, as the exact form of the electron
density and of the XC potential are unknown. The problem is solved by starting from an initial
guessed electron density n0(~r). The exchange-correlation potential is then computed according
to Eq. 4 and the Kohn-Sham Equations are mapped to a linear eigenvalue problem which can be
solved numerically for the eigenvalues εi and eigenvectors ψi. The initial guess n0(~r) is updated
by the new electron density nj(~r). This process is repeated until the energy (and possibly other
properties) is converged, i.e. does not change with new iterations.

With a converged electron density n(~r) the total energy ETOT of the system can be computed,
and from the single particle eigenvalues εi the Kohn-Sham band structure and the DOS can be
computed. Different DFT codes employ different implementation of the method of solving the
Kohn-Sham Equations. There are all-electron codes, where every electron of the system is in-
cluded in the calculation. An example of such a code is FHI-aims [8] or exciting [9]. Contrary
to that approach, some codes make use of pseudopotentials to approximate the low lying core
electrons, which leads to a drastic reduction in the computational effort. One example of such
popular DFT code is VASP [10].

2.2 Density of states (DOS)

The electronic DOS describes the number of available electronic states as a function of energy.
For a system of volume V with energy levels En(~k), the DOS is defined as:

DOS(E) =
1

V

∑
n

∑
~k

δ(E − En(~k)), (8)

where ~k is the reciprocal space vector, n is the band index. The energy eigenvalues En(~k) are ob-
tained from the Kohn-Sham equations. The DOS is approximated by discretizing the k-space and
computing the sum of Eq. (8) using this k-point mesh. The k-space needs to be sampled densely
enough until convergence with respect to (w.r.t) the k-point mesh is achieved. Convergence is
reached, when the DOS does not further change with increasing number of k-points.
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3 Material similarity

The DFT formalism allows the computation of material properties from first principles, requiring
only the atomic positions and species of the involved chemical elements. In this work, materials
are defined to be similar when they resemble each other in one or some of their properties. To
compute the similarity between two materials, the electronic structure can be utilised. There are
two common representations of the electronic structure, the band structure and the DOS. The band
structure is not suitable as it is symmetry dependent and not all high-symmetry points are shared
between materials. In contrast to the band structure, the DOS is an integrated property, making it
comparable for all materials. To compute the similarity between materials, the DOS needs to be
numerically represented. For this purpose a DOS fingerprint is defined.

3.1 Material fingerprints

In this thesis, a DOS fingerprint based on the work of Kuban et al. [11] is used, which encodes
a selected region of the DOS while also allowing for feature selection inside of this region. This
means that a specified energy interval of the DOS (further referred to as a feature region) is dom-
inant in the fingerprint. Energy regions outside of this interval are still present in the fingerprint,
their influence on the fingerprint is, however, suppressed in comparison to the feature region.

The DOS fingerprints are generated by the following procedure: The energy interval [E0, E1],
in which the DOS is defined, is partitioned into subintervals [Ei, Ei + ∆Ei] with variable width
∆Ei. The width of these subintervals, ∆E, is modulated by a the following, empirically chosen,
function [11]:

∆E(x) =

⌊
1

δε
(1 + δε− e−

1
2

(x−Eref )
2

σ2 )

⌋
δε, (9)

where b·c denotes the round down operator and the energy interval width ∆E changes in integer
multiples of δε. The DOS is then integrated in every subinterval [Ei, Ei + ∆Ei]:

fi =

∫ Ei+∆E(Ei)

Ei

DOS(E)dE, (10)

where fi represent number of electronic states in the interval [Ei, Ei + ∆Ei].
A grid, whose bin width and height is given by Eq. (9), is laid on top of the DOS histogram.
Individual rectangles of the grid are referred to as cells and a column of cells is referred to as a
bin. The gaussian distribution of Eq. (9) is centered at the reference energy Eref . The energy
intervals ∆E near Eref are smaller, therefore the DOS is better resolved in this region and this
particular region makes up the major part of the total fingerprint. How rapidly the interval width
∆E changes is determined by the parameter σ. The following parameters are chosen for the grid:
Eref = −2 eV, σ = 7, δε = 0.05, the fingerprint is calculated in an energy interval (−10, 5) eV.
These parameters have been chosen empirically to emphasise the DOS near the upper edge of the
valence band, while putting less emphasis on the unoccupied states and ignoring the deep lying
valence states.
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Figure 1: Scheme of the fingerprint generation. The light grey areas in panels a)-c) indi-
cate the borders of the fingerprint. The DOS (panel a)) is integrated into smaller portions
according to Eq. 9. This generates a histogram (panel b)) over which a grid is laid (panel
c)). Only those bins are kept, which are entirely within the fingerprint borders. The bins
which are kept are visualised (panel d)), making up the fingerprint.

In Fig. 1 the process of converting the DOS to a fingerprint is described. The DOS is inte-
grated into a histogram, over which a grid is laid. Only those bins are kept, which are entirely
within the fingerprint borders. The resulting fingerprint does not include the left most bin and
the 2 right most bins in panel c) of Fig.1. Note that the region near −2 eV is resolved very well
compared to the regions near the edge of the energy interval. Each column of the grid is made of
individual cells. If a cell of the grid is fully covered it is assigned a value of one, zero otherwise.
The cells of the grid are stacked on to of each other from left to right, constructing a binary vector
of dimension N , where N is the number of cells in the fingerprint grid. Each bin (containing
several cells) represents the amount of electronic states in an energy interval [Ei, Ei + ∆E(Ei)].

The feature region, which is dominant in the DOS fingerprint, is defined as the range where
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the Gaussian distribution G(E,Eref , σ) satisfies the inequality G(E,Eref , σ) ≥ 1
e . From this

inequality, the feature region corresponds to the energy interval: (Eref −
√

2σ,Eref +
√

2σ).
The energy interval, to which the DOS fingerprint is restricted, may be smaller or larger than the
feature region.

Figure 2: Construction of the feature region. The energy interval satisfying the ineqaulity
G(E,Eref , σ) ≥ 1

e is the feature region. In blue an example DOS is shown. In grey,
energies outside of the feature region are highlighted. Values Eref = 2 eV and σ = 7 are
used.

In Fig. 2, the definition of the feature region is demonstrated. In grey, energies outside of the
feature region are highlighted. Note, that the feature region may make up the full fingerprint. As
already stated, fingerprints in this thesis, unless stated otherwise, are restricted to the energy inter-
val (−10, 5) eV and use the parameters Eref = 2 eV and σ = 7. In this case the entire fingerprint
is in the feature region.

To treat scalar properties of materials on equal footing with the DOS, one can formally define a
so-called property (PROP) fingerprint. It connects the differences of scalar properties with a simi-
larity value. The PROP fingerprint is defined for each scalar property. The following parameters of
materials are expressed in a PROP fingerprint: unit cell volume VUC (in m3), number of sampled
k-pointsNkpt(unitless), and DFT code and XC functional type in a so-called code-functional value
(unitless). The code-functional value (cf-value) is an artificial score, with no physical meaning,
describing the DFT code and XC functional combination of a DFT calculation. The cf-value is
constructed by assigning each DFT code and XC functional combination a unique (but arbitrarily
chosen) value. It is only used for the purpose of analysis and visualisation (see Chap. 5.2). The
following values were chosen for DFT codes: VASP: 5.0, FHI-aims: 1.0, and for XC functionals:
GGA: 0.1, LDA: 0.9. The sum of the DFT and XC functional values build the cf-value.

3.2 Similarity measures

With the materials represented in material fingerprints, their similarities are computed by a similar-
ity coefficient S. There are many similarity coefficients in use, all of which have their advantages
and disadvantages. An overview of is given by Hubálek [12]. Here, the Tanimoto coefficient [13]
Tc(a,b) is used to compute the similarity between two DOS fingerprints. The Tanimoto coeffi-
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cient Tc(a,b) between binary vectors a and b and is given as follows:

Tc(a,b) =
a · b

||a||2 + ||b||2 − a · b
, (11)

where · is the vector scalar product and || · || is the vector norm. The similarity Tc(a,b) of
two DOS fingerprints a and b, is a real number in the interval Tc ∈ [0, 1], Tc = 1 signifying
identical materials, and Tc = 0 completely different materials. The scalar product between two
binary vectors can be interpreted as the number of shared components with value 1. For DOS
fingerprints, this translates to the number of shared cells fully covered by the DOS histogram.
This gives meaning to S(a,b) = 0, signifying no overlap between two DOS fingerprints. The
following properties are also fulfilled of the Tanimoto coefficient of binary vectors:

Tc(a,a) = 1 (12)

Tc(a,b) = Tc(b,a) (13)

Tc(a, c) ≥ Tc(a,b) + Tc(b, c)− 1. (14)

To establish a similarity measure for the PROP fingerprint, one can formally define for two
scalar values a and b:

SPROP (a, b) =
1

|a− b|+ 1
. (15)

While this definition allows the DOS and PROP similarities to be treated on equal footing, it needs
to be noted that the value of SPROP depends on the spread of the property values. Because of this,
the proper choice of the unit of a and b is necessary to recieve interoperable results. It should
also be stated that the case SPROP (a, b) = 0 is not achievable. This property similarity function
SPROP is used to only help visualising and understanding the DOS similarity between materials
and connecting it to the similarity of material properties.

3.3 Visualisation and Analysis

The similarities between all pairs of N materials of a dataset are stored in an N x N matrix, the
similarity matrix. The similarity matrix contains the similarity between material n and m in the n
x m-th entry of the matrix. The matrix has 1’s on the diagonal, as the comparison of a fingerprint
to itself returns a similarity score of S = 1. The similarity measures in this thesis, Eqs. (11), (15)
are symmetric, and the similarity matrix is therefore also symmetric.
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Figure 3: Similarity matrix for a set of 10 materials, indexed 0-9. The x and y coordinates
of the 10x10 matrix are arbitrary indices of the materials. The n x m-th entry of the matrix
is the similarity between the materials n and m, as indicated by the color of the matrix
entry. The red squares indicate groups of similar calculations. On top of the matrix, the
atomic composition of the corresponding calculations is shown.

In Fig. 3, the similarity matrix for a set of 10 materials is visualised. The x and y axes are
arbitrary indices of the materials. The colour code describes the similarity between pairs of mate-
rials. We see that groups of calculations have formed which are more similar to each other than to
other calculations. These groups, which will further be referred to as clusters, are marked by red
and pink squares. To isolate the property which is causing the formation of clusters the similarity
matrices are sorted with respect to a selected property. In Fig. 3, this is the atomic composition.
We realise that each cluster corresponds to a specific material. The first three materials are ele-
mental solids of Au, the second cluster (materials 3-6) contains elemental solids of Co. The lowest
cluster contains elemental solids of Ne. The similarity between metals and noble gases is lower,
as neon is a classical example of a noble gas, while gold and cobalt are metals exhibiting nearly
free electron behaviour.

In the following, the impact of used methods and computational parameters on the DOS is
studied. The data of the NOMAD Encyclopedia is analysed for each material by sorting the
similarity matrix w.r.t selected properties. Each material is analysed separately, i.e. each similarity
matrix contains only calculations corresponding to one material. In the ideal case it is expected,
that the similarity between all calculations of a material will be 1, i.e. the DOS are identical. This
is not necessarily the case, as DFT data is computed and converged with an objective in mind. If
this objective is not the DOS (but for example the elastic properties), then the computed spectrum
may not give fully converged results (while the elastic properties will be reliable). Thus, only
if two DOS are computed in the exact same way, will their similarity be 1. If some parameters
are different, this may lead to differences in the results which will be reflected in the similarity.
Obviously, the similarity matrix will also reflect this change. The sorting of the similarity matrix
is used to inspect the correlation of the DOS w.r.t. the numerical parameters introduced in Sec.
3.1.
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Figure 4: Similarity matrices generated using artificial data. Similarity matrices are sorted
by increasing value of the numerical value of the artifical property (shown below each ma-
trix). Two behaviours of the similarity matrix are shown, ’Saturation’ where the similarity
correlates with the numerical property and ’No saturation’, where no such correlation ex-
ists.

Fig. 4 schematically presents the expected appearance of similarity matrices under different
circumstances. The ’Saturation’ data demonstrates the expected behaviour of a similarity matrix,
which correlates with a numerical value. The similarity between calculations increases going
down the diagonal, eventually becoming 1 for all materials in the lower right corner of the matrix,
which shows convergence w.r.t. the numerical value. This indicates that the numerical value has
influence on the similarity, and sorting of the matrix w.r.t. the numerical value reveals clusters
in the matrix. In the second case (’No saturation’), the sorting of the similarity matrix w.r.t. the
numerical value reveals no clusters in the matrix and conversely no correlation between similarity
and the numerical value is observed.
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4 Data

The data that is analysed in this thesis is provided by the NOMAD Laboratory [4]. Within this
project, materials data from more than 100 million individual code runs is made available to the
scientific public. This is achieved by requesting input and output files for the upload to the data
repository. Based on the information contained in these files, a calculation is fully characterised.
To allow for standardised access to this information, the data contained in the uploaded files is
parsed. Parsing is the automatized processing by a special computer program, the parser, which
reads specific information (like atomic positions or the band gap) from these files and writes them
to a maschine readable dictionary. A single calculation is a single run of a DFT code with all of its
results. Within the NOMAD Laboratory, materials are identified by calculating a hash value which
is composed by the atomic positions, chemical species, unit cell and periodic boundary conditions.

The DOS from DFT codes are computed through a discrete sampling of the Brillouin zone.
This finite sampling may introduce numerical instabilities or give results which do not describe the
real system well. To circumvent this problem, a smoothing function is used to occupy the states
of the system. There are many smearing methods used, such as Methfessel-Paxton smearing [14],
Fermi smearing or Gaussian smearing [15], to name a few.

The DOS data used here originate from the NOMAD Encyclopedia, along with all other infor-
mation, with one exception, the number of sampled k-points, which originates from the NOMAD
Archive.

Search query Number of materials
DOS 1 907 108

DOS + VASP + GGA 1 907 086
DOS + FHI-aims + LDA 160
DOS + FHI-aims + GGA 179
DOS + exciting + LDA 14

Table 1: Results of search queries of the NOMAD Encyclopedia as of February 2021, Show
the number of materials containing at least a single DOS calculation satisfying the search
query.

In total there are almost 2 million materials with DOS calculations available in the NOMAD En-
cyclopedia, with the majority of these materials having at least one VASP calculation using a GGA
XC functional. There are less than 400 materials, which have a DOS calculation with FHI-aims
and less than 20 materials from exciting.

To restrict the dataset size, cubic bulk materials with more than 300 individual DOS are se-
lected. Further, only VASP and FHI-aims calculations with GGA or LDA are considered, as these
DFT codes and XC functionals are most common in the NOMAD Encyclopedia. The full DFT
data is accessible in the NOMAD Archive, using the search engine and the upload ID of the cal-
culations. The upload ID is a global and unique identifier, assigned to the upload of the data to the
Archive. The upload IDs are given in the Appendix for each material individually. By sorting DOS
similarity matrices by DFT code, XC functional, the number of sampled k-points and the unit cell
volume, clusters form which show the correlation of the DOS with the respective parameters.



4 DATA 12

Space group number Materials
221 Po
225 Ag, Al, Cu, Ir, Mn, Ni, Pb, Pd, Pt, Rh
227 Ge, Si, Sn
229 Cr, Fe, Mo, Nb, Ta, V, W

Table 2: Bulk elemental solids, which are studiedin this work. Each of these materials has
a minimum of 300 individual DOS.

Figure 5: Selected materials from Table 2, showing the distribution of XC functionals and
codes for individual materials. For information on all materials of Table 2, see Appendix.
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5 Results

5.1 Feature selection

Different energy ranges of the DOS have different importance for specific applications. This is
reflected by the proportion of the material fingerprint which describes this region. The grid im-
plemented in the generation of the DOS fingerprint, is used to influence this proportion. It can
be adjusted, to reflect a specific energy region more accurately using the parameters Eref and σ.
By setting σ to a large number a homogenous grid can be produced and by setting σ to a small
number the fingerprint will reflect a specific feature near Eref . What is considered a feature of the
DOS is difficult to define as it is context dependent. A feature may have many forms (a peak, a
plateau, etc.), depending on the material in question.

In the following example of CdTe, the feature selection of the DOS fingerprint is demonstrated.

Figure 6: On the left the DOS similarity matrix (computed from Eq. (11)) of 11 different
DFT calculations for CdTe. On the righ the PROP similarity matrix visualises the similarity
of the sampled k-points(using Eq. (15)). The scatter plot below the PROP matrix shows the
number of sampled k-points for each calculation. The x axis shows the material index. In
the similarity matrices the y axis is the same material index, in the scatter plot the y axis
shows the number of sampled k-points. The similarity of pairs of calculations is colour
coded, blue indicating similarity 0 and yellow similarity 1.

In Fig. 6, the similarity analysis of 11 DFT calculations of CdTe (space group number (SPG) 216)
is presented. The data are sorted by increasing number of sampled k-points. The sorting produces
clusters in the DOS similarity matrix (marked by red squares). The similarity of pairs of DOS is
colour coded, shown at the bottom. The entries on the diagonal have naturally similarity 1 (i.e.
identical DOS). The same color coding is used for the PROP matrix, where the similarity in terms
of the sampled number of k-points is visualised. The number of sampled k-points is shown in the
scatter plot below. One can see that the first two clusters are reproduced in the PROP matrix. This
hints at a strong correlation between the DOS similarity and the number of sampled k-points. The
third DOS cluster does not have a correspondance to the clusters in the PROP matrix. In order to
resemble the PROP matrix, the last cluster would need to split into 3 subclusters. This is, however,
not the case, and shows, that these calculations are not sensitive to the variation in the number of
sampled k-points, above a certain threshold. This suggests, that the DFT calculations inside this
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cluster are converged w.r.t. the number sampled k-points. In this cluster, off-diagonal entries of
high similarity have formed. As is shown below, in Fig. 7, they are formed because of a certain
feature in the DOS.

Figure 7: DOS of calculations 10, 9 and 7 from Fig. 6. The grey area signifies the borders
of the fingerprint. On the right, the fingerprint of the respective material is visualised. A
feature of the DOS is marked in red ellipses.

In Fig. 7, 3 spectra from the third cluster of Fig. 6 are shown. Calculations 10 and 7 form an off
diagonal entry while calculations 10 and 9 do not. For calculations 10 and 7, the peak at −4 eV
(marked by the red ellipse) has similar height and width. Calculation 9, while having this peak
as well, has approximately half the magnitude, and is broader. This difference is reflected in the
fingerprints of the respective calculations and it is concluded that this peak is responsible for the
formation of the off-diagonal entries.

The fingerprints of Fig. 7 have been generated by a grid, which is centered at Eref = −2
eV, σ = 7, the feature region being (−2 ±

√
2 · 7) eV. To show, that the peak at approx. −4

eV is responsible for the creation of the secondary diagonal in the DOS matrix in Fig. 6, the
feature region is now restricted to only include this peak. This is realised by using the parameters
Eref = −4 eV and σ = 1, the feature region is then (−4 ±

√
2) eV. The feature region is now

only a small part of the fingerprint.



5 RESULTS 15

Figure 8: Same as Fig. 6, but with the fingerprint generated using different grid parame-
ters: Eref = −4 eV, σ = 1.

The general form of the DOS matrix does not change (in comparison to Fig. 6), i.e. there are still
3 clusters present. However, by modifying the feature region to include only the peak, showing
differences between individual DOS, the secondary diagonal of high similarity in the third cluster
is enhanced, as shown in Fig. 8.

Figure 9: Same as Fig. 7, but fingerprint generated using different grid parameters:
Eref = −4 eV, σ = 1. The feature region is indicated by white background, in light
grey the fingerprint region excluding the feature region is shown, dark grey signifies DOS
outside of the fingerprint.
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Fig. 9 shows the same DOS as Fig. 7, but with a different fingerprint specification. In Fig. 9,
the feature region only includes a single peak. On the right, the fingerprint of the respective DOS
is shown. Note, that a large proportion of the fingerprint is composed by the peak in the feature
region. In contrast to Fig. 6, Fig. 8 shows an enhanced secondary diagonal in the last cluster.
Based on this, it is concluded, that this peak is responsible for the off-diagonal. In the Appendix, a
similarity matrix is available, where the feature region is shifted away from this peak. In this case
the secondary diagonal in the third cluster of Figs. 7 and 9 is not observable.

To summarise, comparison of Figs. 7 and 9, shows that features of the DOS are reflected in
the fingerprint, especially those in the feature region. Through the selection of the feature region,
the focus can be put on specific parts of the DOS. Figs. 6 and 8 show that the similarity is sensitive
to this focus. It is observed, that within a cluster, a secondary diagonal can form, which highlights
a feature shared by pairs of calcuations, as demonstrated on the example of CdTe. Therefore, this
clustering can be used to detect features in calculations.

5.2 Impact of DFT code and XC functional

In 2016, reproducibility of DFT results was studied by K. Lejaeghere et al., reporting that en-
ergies computed by most DFT codes agree very well [16]. In this section we ask the question,
how different DFT codes (VASP or FHI-aims) and XC functionals (LDA or GGA) influence the
density-of-states.

To apply the method described in Chapter 3.3, a cf-value, describing the combination of code
and functional, is defined. This value has no physical meaning and is used only for visualisation.
For details on the construction of the cf-value, see Chapter 3.1.

Figure 10: Similarity matrices, including more than 800 DOS calculations of Al (SPG 225),
obtained from XC functionals LDA and GGA, and from DFT codes FHI-aims and VASP. On
the left, the DOS similarity matrix is shown. On the right, the PROP matrix visualises the
similarity of the cf-value. Clusters corresponding to different DFT code and XC functionals
are marked by red squares in this order from to to bottom: FHI-aims + GGA, FHI-aims +
LDA, VASP + GGA.
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In Fig. 10 the DOS similarity of more than 750 DOS calculations for Al is studied. The data
is sorted by DFT code and XC functional, which is encoded in the cf-value. In the PROP matrix,
three clusters, corresponding to DFT code and XC functional combinations, formed. The three
groups of materials are marked in the DOS matrix. However, only two clusters formed in the DOS
matrix, corresponding to FHI-aims and VASP. The largest (FHI-aims) cluster of the DOS matrix,
has no subclusters, even though it contains DOS from FHI-aims + LDA and FHI-aims + GGA
(each marked by red squares). From this it is concluded, that GGA or LDA with FHI-aims makes
no significant difference in the DOS. The similarity between the (VASP) cluster and the FHI-aims
cluster is low. Such behaviour is unexpected as different DFT codes should give similar results,
if converged. This shows systematic differences in the DOS spectra computed by FHI-aims and
VASP. The same behaviour was observed for all materials studied in this work.

In the following, 3 DOS are chosen for further analysis, each representing one DFT code and
XC functional combination.

Figure 11: 3 DOS chosen from Fig. 10, each representing a combination of DFT code and
XC functional. In grey, the borders of the DOS fingerprint are visualised.

The shapes of the spectra in Fig. 11 are similar, all three spectra resemble the DOS for a free
electron gas. The VASP spectrum shows some features in the energy interval (−5, 2.5) eV, which
are difficult to observe in the noisy FHI-aims data. A possible explanation for the noisiness of the
FHI-aims spectra is low smearing. The FHI-aims results exhibit finite values below the onset of
the VASP data at approx. −11 eV. All three spectra resemble the DOS for a free electron gas. The
FHI-aims results, however, have only half the magnitude of the VASP counterparts. This system-
atic difference indicates that the two codes use different conventions during the normalisation of
the results w.r.t. the spin treatment. Based on this an error report has been sent to the NOMAD de-
velopers, indicating a problem with the normalisation of the data. The above analysis is repeated,
with FHI-aims spectra multiplied by a factor of 2, which systematically improves the similarity
between the two codes, as shown below.
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Figure 12: DOS data from Fig. 10, for Al. The left matrix is based on the original data, the
right matrix on the same data, but the FHI-aims data is multiplied by a factor of two. The
matrix elements indicating the DOS similarity of different codes are marked in red.

Fig. 12 demonstrates, that the correction of the FHI-aims DOS systematicaly increases the similar-
ity between them and VASP spectra. Distribution of similarity values inside the marked regions is
presented in the Appendix. The average DOS similarity between the codes rises from 0.33 before
the correction to 0.62 after. The similarity between VASP and FHI-aims (red square in Fig. 12)
is still not perfect. There are still some differences between the DOS from the two DFT codes.
Similar behaviour is observed for all materials studied in this work. To summarise: two different
DFT codes should not give systemtically different results if converged. Based on this result, all
further analysis is done with corrected FHI-aims DOS.

5.3 Impact of k-point mesh

The convergence of the DOS is assessed with the number of sampled k-points in terms of the
DOS similarity. If the k-point mesh is chosen appropriately (convergence is achieved) then denser
k-point meshes will no longer improve the DOS. The appropriate choice of the k-point mesh de-
pends on the material and on the required precision. The k-point mesh is studied in this chapter,
resulting in an approximate number of sampled k-points for a reasonably converged DOS.
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Figure 13: Similarity matrix, including more than 800 DOS of Al (SPG 225), obtained from
XC functionals LDA and GGA, and DFT codes FHI-aims and VASP. The PROP similarity
matrix shows the similarity of the number of sampled k-points. The scatter plot below shows
the number of sampled k-points for each calculation.

In Fig. 13, the DOS similarity of Al (SPG 226) is visualised, sorted by increasing number of
k-points Nkpt, with calculations using between 32 to 3339 k-points. Starting from the top of the
matrix, calculations with 32 sampled k-points, marked by first red square, are not similar to any
other calculation (as evident from the similarities marked by pink rectangle), including those with
thousands of sampled k-points. Based on this observation it is concluded, that 32 k-points are
insufficient to converge the DOS of Al. The DOS clusters correspond to the clusters of the PROP
matrix, up to calculation 326. In this region, a cluster of calculations with an unexpectedly low
similarity to all of the other calculations has formed, marked by second red square. From material
326 onwards (marked by third red square), the DOS calculations are no longer sensitive to the
increasing Nkpt. This shows, that the threshold for convergence w.r.t. Nkpt is reached. Selected
DOS from the DOS matrix are now studied, to confirm these results, and to inspect the abnormal
low similarity cluster.
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Figure 14: The DOS of selected calculations from Fig. 8. The grey area signifies the
borders of the fingerprint. Blue, orange and purple DOS are from VASP + GGA, green
DOS is from FHI-aims + LDA. The selected calculations are from the marked clusters from
Fig. 13: blue from first red square, purple from second, the rest from the third red square.

In Fig. 14, selected DOS calculations are shown to demonstrate the influence of the number of
sampled k-points. It is observed, that 32 k-points are insufficient for a converged DOS calculation,
and delta like peaks are observed. With 285 k-points, the DOS no longer shows delta peaks and
resembles the DOS with a high Nkpt. The similarity coefficient between the orange and green
DOS is 0.83, whereas between blue and green only 0.37. In Fig. 13 an unexpected island, marked
by the second red square, has formed. This island contains only VASP calculations, which are not
similar to any other calculations. The purple DOS originates from this cluster. DOS calculations
of this cluster may use some other parameters, which strongly change the DOS, as it does not re-
semble any of the other DOS. What these parameters may be is however at the moment unknown.

To summarise, for well-converged results a high number of k-points is required, while less
dense meshes only provide a rough estimate at a lower computational cost. The formation of clus-
ters can be used to identify an approximate minimum value, which gives a reasonably converged
DOS. By the above argumentation, for Al (SPG 225), the minimum number of k-points needed
for a reasonably converged DOS caluclation is Nkpt = 285. At the same time, the clustering of
the DOS has revealed a cluster of DOS, which shows abnormal differences to all the other DOS,
further illustrating the use of the methods of this work as a tool for evaluating data reliability.

5.4 Impact of unit cell volume

The volume of the unit cell has a complex effect on the electronic states and on the DOS. By
using a non-relaxed volume, pressure is introduced to the unit cell and the electronic states are
perturbed, which changes the DOS. If the bonds are strong, then a change in bond length will
perturb the electronic states strongly. The magnitude of this perturbation is material dependent
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and it is studied in following section. The classification of materials w.r.t. their hardness is driven
by the bulk modulus B [17] [2] [3].

To study this behaviour the DOS similarity matrices are sorted by the unit cell volume and
compared to the PROP matrices, containing the unit cell volume similarities. This is demonstrated
on two materials, one with a small bulk modulus and one with a large bulk modulus.

Figure 15: Similarity matrix, including more than 300 DOS of OsB (SPG 187, B =
354.632 GPa [18]), obtained from XC functionals LDA and GGA and DFT codes FHI-
aims and VASP. The PROP similarity matrix shows the similarity of unit cell volumes. The
correlation between the DOS similarity and the unit cell volume is shown by comparing the
DOS and the PROP matrices.

Figure 16: Similarity matrix, including more than 300 DOS of Cs (SPG 229, B = 2.27
GPa [19]), obtained from XC functionals LDA and GGA and DFT codes FHI-aims and
VASP. The PROP similarity matrix shows the similarity of unit cell volumes. The correlation
between the DOS similarity and the unit cell volume is analysed.
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Similarity matrices of two materials are shown, each containing a large number of DOS, calculated
for different unit cell volumes: OsB (B = 354.632 GPa [18]) and Cs (B = 2.27 GPa [19]). Cs is
the only non-cubic material studied in this work. Each material has at least 150 individual DOS
spectra available for two unit cell volumes respectively, which differ by 4%. It is important to have
a comparable unit cell volume change between the two materials, otherwise the comparison is not
meaningful.
Fig. 15 shows the DOS similarity matrix, sorted by the unit cell volume, of bulk OsB (K =
354.632 GPa [18]). The sorting has produced two clusters, each corresponding to different unit
cell volumes, as can be seen by comparing the DOS and PROP matrix. This correlation shows a
strong influence of the unit cell volume on the DOS. Fig. 16 shows the DOS similarity matrix of
bulk Cs (B = 2.27 GPa [19]), sorted by unit cell volume. In this case, for a material with a small
bulk modulus, no clustering is observed in the DOS matrix. This shows, that for Cs, no correlation
is found between the DOS similarity and the unit cell volume.

The DOS similarity of hard materials correlates with the unit cell volume, while soft materials
show a weaker, or no correlation at all. The clustering of DOS with respect to the unit cell volume
was observed for majority of the materials studied in this work. Most of the materials studied are
metals and have a bulk modulusB larger than 100 GPa. The material with the lowest bulk modulus
is Sn (SPG 141) with B = 38 GPa [20]. For this material, no correlation between DOS similarity
and unit cell volume was observed. The material with the highest bulk modulus is Ir (B = 345
GPa) [21]. For Ir, a correlation between DOS similarity and cell volume was observable, it was
however not as strong as in OsB. The matrices for these, and all other studied materials, are in the
Appendix. For each material, at least two unit cell volumes were available with a large number
of representatives. The two volumes available for each material differed by 5%, with the only
exception being Si, where the volumes differed by 10.25%.

In Chapter 5.3, it was shown, that the DOS matrix, sorted by the number of sampled k-points
produces clusters. These clusters, however, do not show the information of the unit cell volume.
To show the information about the unit cell volume VUC and the number of sampled k-pointsNkpt

a composite property ρk is constructed. This composite property ρk is defined as the product of
the unit cell volume VUC and the number of sampled k-points ρk follows:

ρk = Nkpt · VUC . (16)
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Figure 17: Similarity matrix, including more than 800 DOS of Al (SPG 225), obtained from
XC functionals LDA and GGA, and DFT codes FHI-aims and VASP. The PROP similarity
matrix shows the similarity of the composite property ρk. The scatter plot below shows the
value of the composite property ρk for each calculation. In red, the marked clusters from
Fig. 13 are highlighted.

Fig. 17 shows the same data as in Fig. 13, but instead of Nkpt, the data is sorted by the
composite property ρk. In red, the same clusters as in Fig. 13 are marked. We observe, that the
composite property ρk causes a better clustering of the similarity matrix. This is especially well
seen in the marked clusters, which are now split into subclusters, each corresponding to a unit cell
volume. The composite property ρk is more suitable to evaluate the convergence of the DOS than
the total number of k-points Nkpt as it captures information about the unit cell volume and the
sampled k-points.

To summarise, by introducing pressure to the unit cell of hard materials, the electronic states
are perturbed, changing the DOS. The strength of this perturbation is material dependant and it
is shown, that the DOS similarity correlates with the strain of the unit cell for hard materials
(characterised by the bulk modulus B). For soft materials such a correlation was not found. By
constructing composite properties, containing more information about the studied calculations, a
finer clustering of the DOS is achieved.



6 CONCLUSION 24

6 Conclusion

To assess data quality and to ensure the interoperability of data from different sources, it is crucial
to identify which parameters affect the material properties and to identify outliers in the data. In
this work, the correlation between the DOS similarity and similarity of different material prop-
erties and parameters was studied. To numerically represent materials, a special fingerprint was
employed. The construction of the DOS fingerprint makes it possible to reflect selected features
more strongly, i. e. allows for feature selection. For investigating the pairwise similarity between
materials, based on this fingerprint, similarity matrices were constructed. A similarity matrix
contains all pairwise similarities between DOS and makes the analysis of these similarities more
approachable. By sorting the similarity matrix, correlations between the DOS similarity and differ-
ent parameters are uncovered. As a result, similarity matrices allow for an intuitive understanding,
visualisation and analysis of large amounts of data.

The data used in this thesis originates from the NOMAD Encyclopedia [4]. DOS for a selec-
tion of elemental cubic solids were studied. The DOS data is computed by DFT, from DFT codes
FHI-aims and VASP, using semi-local XC functionals LDA and GGA.

The correlation of the DFT code and XC functional and the DOS was studied to examine the
influence of semi-local XC functionals on the DOS. The methods described in this work, can be
used to analyse the influence of any XC functionals or DFT code on the DOS, the only requirement
is enough data for the particular XC functional or DFT code. For systems under investigation, no
influence of the functional was observed. Unexpected behaviour was observed, when including
data from different codes.

To assess the convergence of data, the number of sampled k-points were used. It was obsreved,
that the DOS similarity correlates with the k-point similarity. As the number of sampled k-points
increases, the similarity between DOS calculations also increases. Once a sufficient number of
k-points is sampled, the correlation between number of sampled k-points and DOS similarity
disappears, indicating, that a sufficient number of k-points was sampled. An estimate for the min-
imum number of k-points to reasonably converge a DOS is obtainable from the analysis of the
DOS similarity matrix. During this analysis, a subset of abnormal data was made visible by the
sorting of the DOS matrix.

The influence of the cell volume on the DOS was also investigated. For each material, a large
amount of DOS are available with different unit cell volumes. These varied by 5 %, with only
silicon reaching a change of 10%. It was observed, that for hard materials (classified by their
bulk modulus B), the similarity of the DOS correlates with the cell volume. This effect was not
observed for soft materials, however, only a small amout of soft materials were studied. It was
possible to demonstrate, that with a comparable change in unit cell volume, hard materials have
their electronic states perturbed more strongly by strain than soft materials. Further, a composite
property was constructed, which contains information about the unit cell volume and the number
of sampled k-points. It was shown, DOS matrices sorted by this property exhibit a finer clustering.

6.1 Outlook

The analysis of the NOMAD Encyclopedia DOS data was carried out on only a few selected prop-
erties and by hand. The effect of further properties may be studied, for example the effect of
smearing of the k-point mesh to get a better estimate for the parameters which results in conver-
gence of the DOS w.r.t. the k-point mesh.
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Further analysis of the correlations between the similarity of the DOS and the material param-
eters may be carried out using this method, as it is computationally inexpensive, as the DFT data
is already available in databases. More complex inspection of the properties analysed here is also
possible. In this work, it was possible to characterize the pressure by only using the unit cell vol-
ume. For example, strained systems may also be studied on the basis of the stress tensor. Further,
the k-point mesh may be better analysed by considering the actual positions of the k-points the
Brillouin zone, instead of just the total number of them.

The automatisation of the presented analysis methods would allow for real time data analysis
and error estimation inside the database, with the possibility of making computational parameters
which give best results, available to the scientific community.

Appendix

Figure 18: All materials from Tab. 2, showing the distribution of DFT codes and XC
functionals of calculations for individual materials.
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Figure 19: Distribtuion of similarites in the marked regions of Fig. 12.

Figure 20: Same as Fig. 6, but fingerprint generated using parameters Eref = −1 eV and
σ = 1, in an interval (−10, 5) eV. The secondary diagonals in the last cluster, seen in Fig.
6, are no longer observable.
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Ag, SPG 225

(a) Similarity matrices sorted by the composite property
ρk, showing the correlation between DOS similarity and
composite property similarity

(b) Similarity matrices sorted by the cf-value, describing
the DFT code and XC functional used to compute each
DOS. Similarity matrices show the correlation between
the DOS similarity and the cf-value.

(c) Similarity matrices sorted by the unit cell volume, showing the
correlation between the DOS similarity and unit cell volume.

Figure 21: Similarity matrices, for data of Ag (SPG 225), obtained from XC functionals LDA and
GGA, and DFT codes FHI-aims and VASP. Each subfigure shows the analysis of an individual
property.

Upload IDs of the calculations: ’0-sUPGbCT4WTrNYF4-xkZQ’,
’1CFTsyFoRHuDrpYmuEwYCw’, ’1sJnuLHzTgqKJTy2ED4Ccg’,
’3KZBVXpdQ2au-USEG3FwKw’, ’4AKh pFmSbyUoWphewbpqQ’,
’5A1BV5LBTbGfuvTFh6F0GQ’, ’7jo7hwe4TZWwSCP V6n1lA’,
’AGeD22S7TuCM0TGpN8uAoQ’, ’ATy4zekAQgW-Nlu-0-87Vg’,
’CbcV5E5sT56tBx1zm02 sQ’, ’F9l8brkjQTakEYsqQMI7iQ’, ’FjiYy5-ETRCrs5ktzJA55w’,
’HNZ153qjRRuc0h6A7fdxjg’, ’HrrEtyp8SaSZphJRpKgkXA’, ’L LSn0amQlKS6Q1DCni4nQ’,
’MF3kN7zlT-q942wC1G33Jw’, ’SgUOMRORQ4m6FIm–Z56UA’,
’ 2nyO9ClQEWCl30Uad7Rpg’, ’ ijarO1hQCqsTpOyb62WXw’,
’a30kw7QmQduZzCPtgvAFFA’, ’b5BQDtBcQFKChE0PsrjIAw’,
’e-UOMrI-QDGModmBnxIaBA’, ’eJexi2o0RGmZ-HvagQ0DMg’,
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’ff6C4prETyGImi8aumXLOg’, ’gH4QxKwDRtWU1c5offnNNA’,
’gp Q YgVS06Ape6wZkQSaA’, ’gr1xwRnQQ8yBfXUxkg3clw’, ’hXjxFrSARi6vr8ZsckYj7Q’,
’hiSoHoH4QOel0HmSbYs58Q’, ’nm5KPjFuQTugZfXcR73IYA’,
’uCSlNMEWQfOS5TMvsQXz1A’

Al, SPG 225

(a) Similarity matrices sorted by the composite property
ρk, showing the correlation between DOS similarity and
composite property similarity

(b) Similarity matrices sorted by the cf-value, describing
the DFT code and XC functional used to compute each
DOS. Similarity matrices show the correlation between
the DOS similarity and the cf-value.

(c) Similarity matrices sorted by the unit cell volume, showing the
correlation between the DOS similarity and unit cell volume.

Figure 22: Similarity matrices, for data of Al (SPG 225), obtained from XC functionals LDA and
GGA, and DFT codes FHI-aims and VASP. Each subfigure shows the analysis of an individual
property.

Upload IDs of the calculations:’0-sUPGbCT4WTrNYF4-xkZQ’,
’1CFTsyFoRHuDrpYmuEwYCw’, ’1sJnuLHzTgqKJTy2ED4Ccg’,
’3KZBVXpdQ2au-USEG3FwKw’, ’4AKh pFmSbyUoWphewbpqQ’,
’5A1BV5LBTbGfuvTFh6F0GQ’, ’7jo7hwe4TZWwSCP V6n1lA’,
’AGeD22S7TuCM0TGpN8uAoQ’, ’ATy4zekAQgW-Nlu-0-87Vg’,
’Aoh5s6VqSN-zvF9w6G3F4g’, ’CbcV5E5sT56tBx1zm02 sQ’,
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’EkKGNHKNSNmX8TqxEh7POw’, ’F6FpfGPiRSaYxoQqgfNL3A’,
’FjiYy5-ETRCrs5ktzJA55w’, ’HNZ153qjRRuc0h6A7fdxjg’, ’L LSn0amQlKS6Q1DCni4nQ’,
’MF3kN7zlT-q942wC1G33Jw’, ’SgUOMRORQ4m6FIm–Z56UA’,
’ 2nyO9ClQEWCl30Uad7Rpg’, ’ ijarO1hQCqsTpOyb62WXw’,
’a30kw7QmQduZzCPtgvAFFA’, ’b5BQDtBcQFKChE0PsrjIAw’,
’e-UOMrI-QDGModmBnxIaBA’, ’eJexi2o0RGmZ-HvagQ0DMg’,
’ff6C4prETyGImi8aumXLOg’, ’gH4QxKwDRtWU1c5offnNNA’,
’gr1xwRnQQ8yBfXUxkg3clw’, ’hBSz9S3mRMWJaIvF-l0jqg’, ’hXjxFrSARi6vr8ZsckYj7Q’,
’hiSoHoH4QOel0HmSbYs58Q’, ’uCSlNMEWQfOS5TMvsQXz1A’

Cr, SPG 229

(a) Similarity matrices sorted by the composite property
ρk, showing the correlation between DOS similarity and
composite property similarity

(b) Similarity matrices sorted by the cf-value, describing
the DFT code and XC functional used to compute each
DOS. Similarity matrices show the correlation between
the DOS similarity and the cf-value.

(c) Similarity matrices sorted by the unit cell volume, showing the
correlation between the DOS similarity and unit cell volume.

Figure 23: Similarity matrices, for data of Cr (SPG 229), obtained from XC functionals LDA and
GGA, and DFT codes FHI-aims and VASP. Each subfigure shows the analysis of an individual
property.

Upload IDs of the calculations: ’0-sUPGbCT4WTrNYF4-xkZQ’,
’1CFTsyFoRHuDrpYmuEwYCw’, ’1sJnuLHzTgqKJTy2ED4Ccg’,
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’3KZBVXpdQ2au-USEG3FwKw’, ’4AKh pFmSbyUoWphewbpqQ’,
’5A1BV5LBTbGfuvTFh6F0GQ’, ’7jo7hwe4TZWwSCP V6n1lA’,
’AGeD22S7TuCM0TGpN8uAoQ’, ’ATy4zekAQgW-Nlu-0-87Vg’,
’CbcV5E5sT56tBx1zm02 sQ’, ’HNZ153qjRRuc0h6A7fdxjg’, ’L LSn0amQlKS6Q1DCni4nQ’,
’MF3kN7zlT-q942wC1G33Jw’, ’QloUnHliS1aFU Chsg1SUA’,
’SgUOMRORQ4m6FIm–Z56UA’, ’ZFNMJDbJQ9aUq3o-aMq7lw’,
’ 2nyO9ClQEWCl30Uad7Rpg’, ’ 6Tx47cFRK62jBx4fsvfrw’, ’ ijarO1hQCqsTpOyb62WXw’,
’a30kw7QmQduZzCPtgvAFFA’, ’b5BQDtBcQFKChE0PsrjIAw’,
’e-UOMrI-QDGModmBnxIaBA’, ’eJexi2o0RGmZ-HvagQ0DMg’,
’ff6C4prETyGImi8aumXLOg’, ’gH4QxKwDRtWU1c5offnNNA’,
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Cu, SPG 225

(a) Similarity matrices sorted by the composite property
ρk, showing the correlation between DOS similarity and
composite property similarity

(b) Similarity matrices sorted by the cf-value, describing
the DFT code and XC functional used to compute each
DOS. Similarity matrices show the correlation between
the DOS similarity and the cf-value.

(c) Similarity matrices sorted by the unit cell volume, showing the
correlation between the DOS similarity and unit cell volume.

Figure 24: Similarity matrices, for data of Cu (SPG 225), obtained from XC functionals LDA and
GGA, and DFT codes FHI-aims and VASP. Each subfigure shows the analysis of an individual
property.
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Fe, SPG 229

(a) Similarity matrices sorted by the composite property
ρk, showing the correlation between DOS similarity and
composite property similarity

(b) Similarity matrices sorted by the cf-value, describing
the DFT code and XC functional used to compute each
DOS. Similarity matrices show the correlation between
the DOS similarity and the cf-value.

(c) Similarity matrices sorted by the unit cell volume, showing the
correlation between the DOS similarity and unit cell volume.

Figure 25: Similarity matrices, for data of Fe (SPG 229), obtained from XC functionals LDA and
GGA, and DFT codes FHI-aims and VASP. Each subfigure shows the analysis of an individual
property.
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Ge, SPG 227

(a) Similarity matrices sorted by the composite property
ρk, showing the correlation between DOS similarity and
composite property similarity

(b) Similarity matrices sorted by the cf-value, describing
the DFT code and XC functional used to compute each
DOS. Similarity matrices show the correlation between
the DOS similarity and the cf-value.

(c) Similarity matrices sorted by the unit cell volume, showing the
correlation between the DOS similarity and unit cell volume.

Figure 26: Similarity matrices, for data of Ge (SPG 227), obtained from XC functionals LDA and
GGA, and DFT codes FHI-aims and VASP. Each subfigure shows the analysis of an individual
property.
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Ir, SPG 225

(a) Similarity matrices sorted by the composite property
ρk, showing the correlation between DOS similarity and
composite property similarity

(b) Similarity matrices sorted by the cf-value, describing
the DFT code and XC functional used to compute each
DOS. Similarity matrices show the correlation between
the DOS similarity and the cf-value.

(c) Similarity matrices sorted by the unit cell volume, showing the
correlation between the DOS similarity and unit cell volume.

Figure 27: Similarity matrices, for data of Ir (SPG 225), obtained from XC functionals LDA and
GGA, and DFT codes FHI-aims and VASP. Each subfigure shows the analysis of an individual
property.
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’hiSoHoH4QOel0HmSbYs58Q’, ’pyUZ9lChTd-4CYT93YNl1A’,
’uCSlNMEWQfOS5TMvsQXz1A’

Mn, SPG 225

(a) Similarity matrices sorted by the composite property
ρk, showing the correlation between DOS similarity and
composite property similarity

(b) Similarity matrices sorted by the cf-value, describing
the DFT code and XC functional used to compute each
DOS. Similarity matrices show the correlation between
the DOS similarity and the cf-value.

(c) Similarity matrices sorted by the unit cell volume, showing the
correlation between the DOS similarity and unit cell volume.

Figure 28: Similarity matrices, for data of Mn (SPG 225), obtained from XC functionals LDA and
GGA, and DFT codes FHI-aims and VASP. Each subfigure shows the analysis of an individual
property.
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’uCSlNMEWQfOS5TMvsQXz1A’, ’ydzASitvSpiyji3lsQg1gw’

Mo, SPG 229

(a) Similarity matrices sorted by the composite property
ρk, showing the correlation between DOS similarity and
composite property similarity

(b) Similarity matrices sorted by the cf-value, describing
the DFT code and XC functional used to compute each
DOS. Similarity matrices show the correlation between
the DOS similarity and the cf-value.

(c) Similarity matrices sorted by the unit cell volume, showing the
correlation between the DOS similarity and unit cell volume.

Figure 29: Similarity matrices, for data of Mo (SPG 229), obtained from XC functionals LDA and
GGA, and DFT codes FHI-aims and VASP. Each subfigure shows the analysis of an individual
property.
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Nb, SPG 229

(a) Similarity matrices sorted by the composite property
ρk, showing the correlation between DOS similarity and
composite property similarity

(b) Similarity matrices sorted by the cf-value, describing
the DFT code and XC functional used to compute each
DOS. Similarity matrices show the correlation between
the DOS similarity and the cf-value.

(c) Similarity matrices sorted by the unit cell volume, showing the
correlation between the DOS similarity and unit cell volume.

Figure 30: Similarity matrices, for data of Nb (SPG 229), obtained from XC functionals LDA and
GGA, and DFT codes FHI-aims and VASP. Each subfigure shows the analysis of an individual
property.
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Ni, SPG 225

(a) Similarity matrices sorted by the composite property
ρk, showing the correlation between DOS similarity and
composite property similarity

(b) Similarity matrices sorted by the cf-value, describing
the DFT code and XC functional used to compute each
DOS. Similarity matrices show the correlation between
the DOS similarity and the cf-value.

(c) Similarity matrices sorted by the unit cell volume, showing the
correlation between the DOS similarity and unit cell volume.

Figure 31: Similarity matrices, for data of Ni (SPG 225), obtained from XC functionals LDA and
GGA, and DFT codes FHI-aims and VASP. Each subfigure shows the analysis of an individual
property.
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Pb, SPG 225

(a) Similarity matrices sorted by the composite property
ρk, showing the correlation between DOS similarity and
composite property similarity

(b) Similarity matrices sorted by the cf-value, describing
the DFT code and XC functional used to compute each
DOS. Similarity matrices show the correlation between
the DOS similarity and the cf-value.

(c) Similarity matrices sorted by the unit cell volume, showing the
correlation between the DOS similarity and unit cell volume.

Figure 32: Similarity matrices, for data of Pb (SPG 225), obtained from XC functionals LDA and
GGA, and DFT codes FHI-aims and VASP. Each subfigure shows the analysis of an individual
property.
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’uCSlNMEWQfOS5TMvsQXz1A’, ’yVWKAcmyREmV2z1ZBKF0SQ’,
’ydzASitvSpiyji3lsQg1gw’

Pd, SPG 225

(a) Similarity matrices sorted by the composite property
ρk, showing the correlation between DOS similarity and
composite property similarity

(b) Similarity matrices sorted by the cf-value, describing
the DFT code and XC functional used to compute each
DOS. Similarity matrices show the correlation between
the DOS similarity and the cf-value.

(c) Similarity matrices sorted by the unit cell volume, showing the
correlation between the DOS similarity and unit cell volume.

Figure 33: Similarity matrices, for data of Pd (SPG 225), obtained from XC functionals LDA and
GGA, and DFT codes FHI-aims and VASP. Each subfigure shows the analysis of an individual
property.
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’uCSlNMEWQfOS5TMvsQXz1A’

Po, SPG 221

(a) Similarity matrices sorted by the composite property
ρk, showing the correlation between DOS similarity and
composite property similarity

(b) Similarity matrices sorted by the cf-value, describing
the DFT code and XC functional used to compute each
DOS. Similarity matrices show the correlation between
the DOS similarity and the cf-value.

(c) Similarity matrices sorted by the unit cell volume, showing the
correlation between the DOS similarity and unit cell volume.

Figure 34: Similarity matrices, for data of Po (SPG 221), obtained from XC functionals LDA and
GGA, and DFT codes FHI-aims and VASP. Each subfigure shows the analysis of an individual
property.
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Pt, SPG 225

(a) Similarity matrices sorted by the composite property
ρk, showing the correlation between DOS similarity and
composite property similarity

(b) Similarity matrices sorted by the cf-value, describing
the DFT code and XC functional used to compute each
DOS. Similarity matrices show the correlation between
the DOS similarity and the cf-value.

(c) Similarity matrices sorted by the unit cell volume, showing the
correlation between the DOS similarity and unit cell volume.

Figure 35: Similarity matrices, for data of Pt (SPG 225), obtained from XC functionals LDA and
GGA, and DFT codes FHI-aims and VASP. Each subfigure shows the analysis of an individual
property.
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Rh, SPG 225

(a) Similarity matrices sorted by the composite property
ρk, showing the correlation between DOS similarity and
composite property similarity

(b) Similarity matrices sorted by the cf-value, describing
the DFT code and XC functional used to compute each
DOS. Similarity matrices show the correlation between
the DOS similarity and the cf-value.

(c) Similarity matrices sorted by the unit cell volume, showing the
correlation between the DOS similarity and unit cell volume.

Figure 36: Similarity matrices, for data of Rh (SPG 225), obtained from XC functionals LDA and
GGA, and DFT codes FHI-aims and VASP. Each subfigure shows the analysis of an individual
property.
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’gH4QxKwDRtWU1c5offnNNA’, ’gp Q YgVS06Ape6wZkQSaA’,
’gr1xwRnQQ8yBfXUxkg3clw’, ’hiSoHoH4QOel0HmSbYs58Q’,
’uCSlNMEWQfOS5TMvsQXz1A’

Si, SPG 227

(a) Similarity matrices sorted by the composite property
ρk, showing the correlation between DOS similarity and
composite property similarity

(b) Similarity matrices sorted by the cf-value, describing
the DFT code and XC functional used to compute each
DOS. Similarity matrices show the correlation between
the DOS similarity and the cf-value.

(c) Similarity matrices sorted by the unit cell volume, showing the
correlation between the DOS similarity and unit cell volume.

Figure 37: Similarity matrices, for data of Si (SPG 227), obtained from XC functionals LDA and
GGA, and DFT codes FHI-aims and VASP. Each subfigure shows the analysis of an individual
property.
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’QWmDYCHTQpSM3sRylXg8qA’, ’SgUOMRORQ4m6FIm–Z56UA’,
’U7d-AtBqR6a-my433ppqZg’, ’ 2nyO9ClQEWCl30Uad7Rpg’, ’ ijarO1hQCqsTpOyb62WXw’,
’b5BQDtBcQFKChE0PsrjIAw’, ’dcDrKssEQVCwXF3aAEqaVA’,
’e-UOMrI-QDGModmBnxIaBA’, ’eJexi2o0RGmZ-HvagQ0DMg’,
’gH4QxKwDRtWU1c5offnNNA’, ’hiSoHoH4QOel0HmSbYs58Q’,
’l7r48FczQ6qy6BhRwYyP0g’, ’mAAfBZKmTQWDVL1ZPRsrVQ’,
’mJGWdEW2RJyE3mIWCknwjw’, ’uCSlNMEWQfOS5TMvsQXz1A’

Sn, SPG 227

(a) Similarity matrices sorted by the composite property
ρk, showing the correlation between DOS similarity and
composite property similarity

(b) Similarity matrices sorted by the cf-value, describing
the DFT code and XC functional used to compute each
DOS. Similarity matrices show the correlation between
the DOS similarity and the cf-value.

(c) Similarity matrices sorted by the unit cell volume, showing the
correlation between the DOS similarity and unit cell volume.

Figure 38: Similarity matrices, for data of Sn (SPG 227), obtained from XC functionals LDA and
GGA, and DFT codes FHI-aims and VASP. Each subfigure shows the analysis of an individual
property.
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’5A1BV5LBTbGfuvTFh6F0GQ’, ’7jo7hwe4TZWwSCP V6n1lA’,
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’ ijarO1hQCqsTpOyb62WXw’, ’b5BQDtBcQFKChE0PsrjIAw’,
’e-UOMrI-QDGModmBnxIaBA’, ’eJexi2o0RGmZ-HvagQ0DMg’,
’gr1xwRnQQ8yBfXUxkg3clw’, ’hiSoHoH4QOel0HmSbYs58Q’,
’mKzhnavVRtS2prPAzg9 Ug’, ’q-yMaQ9IQ3Cdu3hHGmrQtA’,
’uCSlNMEWQfOS5TMvsQXz1A’

Ta, SPG 229

(a) Similarity matrices sorted by the composite property
ρk, showing the correlation between DOS similarity and
composite property similarity

(b) Similarity matrices sorted by the cf-value, describing
the DFT code and XC functional used to compute each
DOS. Similarity matrices show the correlation between
the DOS similarity and the cf-value.

(c) Similarity matrices sorted by the unit cell volume, showing the
correlation between the DOS similarity and unit cell volume.

Figure 39: Similarity matrices, for data of Ta (SPG 229), obtained from XC functionals LDA and
GGA, and DFT codes FHI-aims and VASP. Each subfigure shows the analysis of an individual
property.
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V, SPG 229

(a) Similarity matrices sorted by the composite property
ρk, showing the correlation between DOS similarity and
composite property similarity

(b) Similarity matrices sorted by the cf-value, describing
the DFT code and XC functional used to compute each
DOS. Similarity matrices show the correlation between
the DOS similarity and the cf-value.

(c) Similarity matrices sorted by the unit cell volume, showing the
correlation between the DOS similarity and unit cell volume.

Figure 40: Similarity matrices, for data of V (SPG 229), obtained from XC functionals LDA and
GGA, and DFT codes FHI-aims and VASP. Each subfigure shows the analysis of an individual
property.
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W, SPG 229

(a) Similarity matrices sorted by the composite property
ρk, showing the correlation between DOS similarity and
composite property similarity

(b) Similarity matrices sorted by the cf-value, describing
the DFT code and XC functional used to compute each
DOS. Similarity matrices show the correlation between
the DOS similarity and the cf-value.

(c) Similarity matrices sorted by the unit cell volume, showing the
correlation between the DOS similarity and unit cell volume.

Figure 41: Similarity matrices, for data of W (SPG 229), obtained from XC functionals LDA and
GGA, and DFT codes FHI-aims and VASP. Each subfigure shows the analysis of an individual
property.
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Selbstständigkeitserklärung

Ich erkläre hiermit, dass ich die vorliegende Arbeit selbstständig verfasst und noch nicht für
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