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ABSTRACT

Poorly specified mixtures, whose composition is unknown, are ubiquitous in chemical and biochem-
ical engineering. In the present work, we propose a rational method for defining and quantifying
pseudo-components in such mixtures that is free of ad-hoc assumptions. The new method requires
only standard nuclear magnetic resonance (NMR) experiments and can be fully automated. In the
first step, the method analyzes the composition of the poorly specified mixture in terms of structural
groups, which is much easier than obtaining the component speciation. The structural groups are then
clustered into pseudo-components based on information on the self-diffusion coefficients measured
by pulsed-field gradient (PFG) NMR spectroscopy. We demonstrate the performance of the new
method on several aqueous mixtures. The method is broadly applicable and provides a sound basis
for modeling and simulation of processes with poorly specified mixtures, without the need for tedious
and expensive structure elucidation. It is also attractive for process monitoring.

1 Introduction

Not being able to specify the molecular composition of a material raises many fundamental questions, such as: How
can the properties of the material be estimated? How can processes with such materials be modeled, given that models
usually require complete knowledge of the composition? How should the material be characterized?

Suppose an analytical elucidation of the speciation of the material is infeasible. In that case, these questions are usually
targeted by one of two strategies: by specifying the way the material was obtained, which can, however, be very
tedious, or, in the domain of modeling, by introducing pseudo-components, which is generally done based on ad-hoc
assumptions. We deal with the issue of poorly specified liquid mixtures in the present work and propose a new, rational
method to characterize them. The new method enables a meaningful quantitative characterization of the poorly specified
mixtures without relying on ad-hoc assumptions.

A poor mixture specification can have different origins and manifestations: let us start from the ideal picture that all
components are known both regarding their nature and their concentration, which is, unfortunately, rarely the case in
practice. A typical deviation from the ideal picture is that only a small fraction of the mixture is not elucidated and that
guarantees are given that the amount of these “impurities” does not exceed a certain threshold so that the properties of
the mixture are not substantially influenced. In this case, the mixture can be described and modeled based on the known
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part alone. However, there are also many cases in which less is known about the composition of the mixture and in
which the unknown components influence its properties substantially; this is the case we are addressing here.

Well-known examples of such mixtures are petroleum oil fractions[1, 2, 3], polymerization products[4, 5], and
fermentation broths[6]. The mixtures from these fields are generally far too complex to fully elucidate and quantify
all constituent components in practice. To still describe these mixtures, pseudo-components have been used[7, 8,
9, 10, 11, 12]. There are two general ways of doing this: either a discrete set of pseudo-components is chosen,
or a continuous distribution of the pseudo-components is assumed. The latter approach belongs to the field of
“continuous thermodynamics”[13, 14]. The extraordinary relevance of introducing pseudo-components becomes clear
by considering that all physical models of mixtures require some knowledge of the composition. Without information
on the composition, the properties of poorly specified mixtures can only be correlated empirically.

The most prominent field in which poorly specified mixtures are modeled by defining pseudo-components is petro-
chemical engineering[8, 2, 3, 15, 16, 17, 12]. Here, a mixture, e.g., crude oil, is often divided into fractions based
on their boiling points, and each fraction is then modeled as a pseudo-component[18]; such a procedure requires
the physical separation of the mixture (e.g., by distillation), which is time-consuming and expensive. Choosing the
pseudo-components and assigning thermodynamic properties to them is thereby generally based on ad-hoc assumptions,
e.g., regarding the number and nature of the pseudo-components.

In contrast, the method we propose here is generic and allows the definition of pseudo-components in a consistent and
automated way without requiring physical separation of the mixture and without relying on any ad-hoc assumptions on
the number and nature of the pseudo-components. Our method may provide suggestions for pseudo-components that
correspond to actual components, which, however, is not a prerequisite for successfully applying the method.

The method we propose is based on the elucidation and quantification of structural groups in the mixtures by nuclear
magnetic resonance (NMR) spectroscopy. This is a much simpler task than elucidating and quantifying chemical
components and can be accomplished swiftly also for complex mixtures. The output of the method, namely, the
composition of an a priori unknown mixture in terms of its groups and their assignment to pseudo-components, can
be used in group-contribution methods for predicting the mixture properties. Such methods are available for many
thermodynamic properties, most notably for activity coefficients[19]. If the groups identified in the NMR analysis are
the same as those used in the thermodynamic group-contribution method, the application of the results from the NMR
spectroscopy is straightforward; in other cases, a mapping is needed, which can usually be found. Furthermore, there is
some flexibility in the choice of the groups identified by the NMR spectroscopy, which can be used for an adaption to
the thermodynamic task. The prediction of the thermodynamic properties of the mixture by group-contribution methods
provides a basis for quantitative process modeling and simulation.

We demonstrate the applicability of our method by considering several complex aqueous mixtures as test cases, but the
approach can also be applied to non-aqueous mixtures. The composition of all test mixtures was known from sample
preparation, but this information was not used for the predictions - it was only used for evaluating the results. The
new method paves the way for thermodynamic modeling of poorly specified mixtures without requiring the elaborate
analytical elucidation of the composition.

2 Overview of the Method

The proposed method can be divided into two general steps, starting with identifying and quantifying structural groups
in the poorly specified mixture and ending with defining and quantifying the pseudo-components. Based on this, in a
subsequent step, which is not considered in the present work, predictive thermodynamic modeling of the properties of
the mixture can be carried out. Figure 1 visualizes the workflow.

In the first step, which we call "NMR fingerprinting", the poorly specified mixture is analyzed by quantitative 13C
NMR spectroscopy and 13C distortionless enhancement by polarization transfer (DEPT) NMR spectroscopy yielding
a quantitative group-specific characterization, cf. Figure 1 (upper panel). In principle, also other experiments could
be (additionally) used in this step, e.g., by NMR spectroscopy with other nuclei like 1H or infrared (IR) spectroscopy.
However, using 13C NMR has the great advantage of high shift dispersion leading to only few overlapping signals also
in spectra of complex mixtures.

For identifying different structural groups in this step, we make use of the fact that the position of a signal in an NMR
spectrum is characteristic for the chemical environment of the nucleus that is observed, i.e., for the structural group
in which it is located. The simplest way for assigning signals to structural groups is using chemical shift tables[22],
namely assigning distinct structural groups to fixed regions of chemical shift of the NMR spectrum. In the present
work, such a simple approach was applied, based on the shift table of the 13C NMR spectrum used in our previous
works[23, 24, 25, 26], which was, however, refined here as described in the following.
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Figure 1: Scheme of the proposed method for the rational definition of pseudo-components. δ denotes the chemical
shift. Dk and Mk denote the self-diffusion coefficient and the molar mass, as estimated with the SEGWE model[20, 21]
of pseudo-component k, respectively.

In contrast to our previous work, the method in this work also relies on information from 13C DEPT NMR spectra,
which allows determining the substitution degree of structural groups, e.g., to differentiate between a primary (e.g.,
’CH3’) and a secondary (e.g., ’CH2’) group. We only note that also more sophisticated approaches like, e.g., the
machine-learning model from our previous work[27], could be used for this purpose, which will be interesting to
combine with the method of this work in the future; this, however, will require extending the approach from Ref.[27] to
also include information from DEPT NMR spectra.

The concentrations of all identified structural groups were then determined by integration of the corresponding peaks
in the quantitative 13C NMR spectrum. The obtained quantitative characterization with respect to structural groups
can already be of great practical interest, e.g., for process and reaction monitoring. However, for other applications,
e.g., the thermodynamic modeling of phase equilibria with poorly specified mixtures, group-specific information is not
sufficient but pseudo-components need to be defined in a rational way.

We achieve this with the second step of our method, where the structural groups are clustered to multiple pseudo-
components, cf. Figure 1 (lower panel) based on pulsed-field gradient (PFG) NMR spectroscopy. PFG NMR
spectroscopy is a routine technique for measuring self-diffusion coefficients and was shown to yield accurate results
for pure components and mixtures[28, 29, 30, 31]. PFG NMR spectroscopy can, of course, support the elucidation of
components, and has been applied for this purpose, see, e.g., Refs. [32, 33, 34, 35, 36, 37]. However, to our knowledge,
it has not been applied for defining pseudo-components yet.

For clustering the structural groups to pseudo-components, information on the self-diffusion coefficients of the groups
are used, which are determined by 13C PFG NMR experiments of a poorly specified mixture in this work. In 13C PFG
NMR spectroscopy, the overlap of signals is significantly reduced compared to 1H PFG NMR, which is particularly
relevant if complex mixtures are studied.[38, 34, 35, 39]However, 13C PFG NMR spectroscopy has lower sensitivity
and longer relaxation times than 1H PFG NMR, which results in longer experimental times needed for a sound analysis.
The named disadvantages of 13C PFG NMR can, in principle, be partially compensated by using polarization transfer
techniques, namely, DEPT, as demonstrated in Ref.[39]; however, since the signals of quaternary carbons would thereby
be suppressed, we have not used this approach here.

The ratio behind using PFG NMR spectroscopy in this work is that groups on the same molecule inevitably have the same
self-diffusion coefficient; hence, groups with similar self-diffusion coefficients can be clustered to pseudo-components.
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Note that the inverse is not necessarily valid, as different components may have similar self-diffusion coefficients. Still,
a clustering based on self-diffusion coefficients seems a natural choice, as, in the worst case, components of a similar
size and nature are lumped together.

One challenge in the clustering task is that the results of the PFG NMR experiments are subject to uncertainties and
there is no guarantee that the structural groups cluster unambiguously into a certain number of pseudo-components. We
have, therefore, decided to use an unsupervised machine-learning technique for this purpose.

Specifically, we propose to use K-medians clustering, which is a variant of the K-means clustering algorithm[40],
relying on both the values of the self-diffusion coefficients and of their uncertainties as inputs.

A second challenge in the clustering task is that the number of clusters, i.e., pseudo-components in our case, is a priori
unknown. This is solved by using the so-called silhouette score[41], which is an unsupervised measure for the quality
of a clustering, to predict a suitable number of clusters.

Based on the obtained clustering and together with quantitative information on the structural groups (cf. upper panel
in Figure 1), this allows determining the relative amount of each structural group in a pseudo-component. This,
however, still allows different solutions for the molar mass of each pseudo-component, as the ratio between groups in
a pseudo-component is the same for arbitrary multiples of the molar mass. Fortunately, the measured self-diffusion
coefficients also contain information on the molar mass of each pseudo-component. Corresponding relations are
encoded in predictive models for diffusion coefficients, such as the Stokes-Einstein Gierer-Wirtz estimation (SEGWE)
model[20, 21], which was used in the present work.

However, directly applying models such as SEGWE for the purpose of predicting the molar mass of pseudo-components
from diffusion coefficients is hampered by two issues: firstly, the diffusion coefficient depends not only on the diffusing
species (the pseudo-component here) but also on the solvent, which is a priori unknown as it is basically the poorly
specified mixture here. However, in many practical applications, it will be valid to assume that the solvent predominantly
contains only one component that is known, e.g., water. Then, the calculation can be made assuming that the solvent
is just that main component. If this is not a valid assumption, there is always the option to carry out the PFG NMR
measurements on a sample that has been strongly diluted with a known solvent, which can then be taken as the main
solvent.

The second issue is that the diffusing component needs to be highly diluted, as basically all diffusion models, including
the SEGWE model, predict diffusion coefficients only in the state of infinite dilution. Also this issue can in general be
tackled by strongly diluting the sample prior to the diffusion measurement (at the cost of lower signal intensities of
the remaining components). As an alternative to address this issue, we propose using the concept of relative diffusion
coefficients[42, 43, 44, 45, 46], i.e., to relate the diffusion coefficient of a pseudo-component to a diffusion coefficient
of a known component in the same mixture and for which the diffusion coefficient at infinite dilution is experimentally
known (or can be calculated using predictive models). If such a component is not present in the mixture, it can always
be added.

To summarize, the results after the two steps of our proposed method are:

1. The definition of a set of pseudo-components in terms of their group-composition and molar mass.

2. The concentration of the pseudo-components.

Of course, the defined pseudo-components may, in the best case, be identical with true components, but they may also
be made up from several true components. If knowledge on one or more true components is a priori available (which
will be the case in many practical problems), the procedure described above can be modified to accommodate that
information, which is highly welcome.

After having accomplished the two steps of our method, the situation for the poorly specified mixture is technically
the same as for any fully specified mixture: the constituents and their concentrations are known. Hence, predictive
thermodynamic models can be applied for calculating the properties of the poorly specified mixture, namely using
thermodynamic group-contribution methods. Such applications are not in the scope of the present paper and will be
discussed in future work.

2.1 NMR Experiments

To characterize the poorly specified mixture, three types of standard NMR experiments are carried out for the proposed
method:

1. 13C NMR spectroscopy.
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2. 13C DEPT NMR spectroscopy.
3. 13C PFG NMR spectroscopy.

In this work, the poorly specified mixtures were analyzed without any pretreatment. In principle, also an internal
standard can be added to facilitate quantification, or the solution can be diluted in a known solvent, as mentioned in
Section 2. In the ESI, Figures S.1-S.3, 13C NMR spectra of the mixtures are shown. Details are given in the ESI in
Section "Experimental Methods".

The experimental time for recording the quantitative 13C NMR and 13C DEPT NMR spectra was in total below 11 h
in all cases, whereas the time for carrying out the 13C PFG NMR experiments was below 41 h in all cases. We note
that, in the present work, we did not focus on time efficiency, which will, however, be addressed in future work, e.g.,
by using fewer gradient steps in PFG NMR[45] or by exploiting polarization transfer techniques like polarization
enhancement nurtured during attached nucleus testing (PENDANT)[47] in combination with PFG NMR. Moreover, a
further reduction of measurement time can be achieved by the addition of T1 relaxation agents, which significantly
shorten the relaxation time of carbon nuclei and therefore enables faster accumulation of signal.[48, 49] Furthermore,
an extensive analysis by PFG NMR might only be necessary once, e.g., for the feed prior to or at the beginning of a
process.

2.2 Identification and Quantification of Structural Groups

In most practical situations that involve poorly specified mixtures, at least some information on the composition is
available. Therefore, the decision on which structural groups to consider can be based on this prior knowledge as well
as on the intended application, and can be tailored to the specific situation.

Given our background in thermodynamics, we have chosen a set of organic structural groups as it is used in a widely
applied thermodynamic group-contribution method, the UNIFAC-method[19], for the regions in the chemical shift
tables. This choice can be considered as an example for the application of our method. Furthermore, we only consider
groups containing C, H, and O atoms in the present work. Extensions and adaptions of our method to other sets of
chemical groups are straightforward.

UNIFAC distinguishes between ’main-groups’ and associated ’sub-groups’, where the sub-groups that belong to
the same main-group usually only differ in the substitution degree of the carbon in the group. Information on the
substitution degree can be obtained from DEPT NMR spectra, such that the DEPT NMR spectra are in particular helpful
for distinguishing different sub-groups. More details can be found in the ESI.

Table 1 summarizes the structural groups considered in the present examples and their assignment to regions in the 13C
NMR spectrum. Note that some groups, e.g., the ’OH’ group, show no signals in 13C NMR spectroscopy but still can
be determined by the characteristic shift of the neighboring alkyl group.

Table 1: Assignment of structural groups from the UNIFAC[19] table to regions of chemical shift in the 13C NMR
spectrum. A distinction between structural groups in the same chemical shift region was made by classifying each
carbon as primary (P), secondary (S), tertiary (T), or quaternary (Q) by considering a quantitative 13C NMR spectrum
and 13C DEPT NMR spectra, cf. ESI.

13C NMR chemical shift region Carbon UNIFAC label Group

0-60 ppm

P CH3

alkylS CH2
T CH
Q C

60-90 ppm
S CH2 + OH

alcoholT CH + OH
Q C + OH

90-150 ppm S/T CH CH alkenylQ C C
150-180 ppm Q COOH carboxylic acid

>180 ppm T CHO aldehyde
Q CH3CO/CH2CO (alkyl + ketone)

The limitations imposed by strictly assigning a single structural group (combination) to each region can be relaxed in
future work by using ML techniques[27]. After the identification of the structural groups, they can be quantified, which
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was done here based on group mole fractions xg:

xg =

Ag

zg∑G
g=1

Ag

zg

(1)

where Ag is the total area of all peaks associated to structural group g in the mixture, zg is the number of NMR-active
nuclei in the respective group g in the same chemical shift region, and G is the total number of distinguished structural
groups, which is G = 11 here, cf. Table 1. After appropriate processing of the spectra, manual peak integration was
conducted to obtain the areas Ag , which was sufficient in all cases here. In more complex cases, advanced peak fitting
techniques can be employed[50, 51, 52]. This, however, will usually not be necessary in 13C NMR spectroscopy. More
technical details about the identification and quantification of structural groups can be found in the ESI.

2.3 Clustering of Structural Groups to Pseudo-components

2.3.1 Determination of Self-diffusion Coefficients of Structural Groups

The diffusion coefficient for each peak in the NMR spectrum (thereby for each assigned structural group) was determined
from the results of the 13C PFG NMR experiments (using a stimulated echo sequence with bipolar pulsed gradients),
using Eq. (2), which is a modified version of the Stejskal-Tanner equation[30, 53]:

ln
(

Ip
I0,p

)
= −

2∑
n=1

cn

(
Dpγ

2δ2
(
∆− δ

3
− τ

2

)
G2

)n

(2)

where Ip is the measured peak height, I0,p is the peak height in the absence of diffusion, γ is the gyromagnetic ratio of
the observed nucleus, δ is the duration of the gradient pulse, ∆ is the diffusion time, τ is the correction constant due
to the usage of the bipolar gradients, G is the gradient strength, and Dp is the self-diffusion coefficient for peak p to
be determined. In prior work of our group, it was empirically found that it is sufficient to consider the first two terms
of the series in Eq. (2); the probe-specific fitting parameters c1 and c2, which account for weak non-linearities in the
gradient profile of the used probe were adopted here from the prior work.[30] From the attenuation of the peak heights
Ip with increasing G, a self-diffusion coefficient Dp for each peak p was obtained by a least square fit of Eq.(2) to the
experimental data using MATLAB 2021 b[54], where I0,p was fitted simultaneously[55, 56].

The results are presented in so-called diffusion-ordered spectroscopy (DOSY) maps, in which the self-diffusion
coefficients of the peaks are plotted over the chemical shift. Besides the self-diffusion coefficients Dp, also their
uncertainties were retrieved, which was done by using the MATLAB function ’nlparci’ assuming a t-distribution for the
error of each self-diffusion coefficient.

2.3.2 Clustering Algorithm

The clustering of the identified structural groups to pseudo-components was done based on both the self-diffusion
coefficient Dp for each peak p as measured by PFG NMR as well as the respective experimental uncertainty of Dp

specified by the 95 % confidence intervals of a t-distribution, i.e., (Dp − ep,95%, Dp + ep,95%). As input for the
clustering, only the vector xp = (Dp − ep,95%, Dp + ep,95%) for each peak p, was used, which is sufficient as it
implicitly contains the information on Dp.

Formally, the goal of the clustering is to partition the set Xmix = {(xp)}Pp=1, whereby P is the total number of peaks
in the 13C NMR spectrum (and the associated structural groups) of a mixture into K clusters. In the present work,
we have used K-medians clustering, which is a variant of the K-means algorithm but which is more robust towards
outliers[57, 58]. Each cluster thereby represents a distinct pseudo-component. For a given number of clusters K,
the K-medians algorithm seeks to minimize the L1 distance, i.e., the sum of the absolute distances in the individual
coordinates of all (input) data points to their assigned cluster centers; the center of each cluster is thereby calculated as
the component-wise median of all assigned data points[54]. Intuitively, K-medians assign those structural groups to the
same pseudo-component that show similar diffusion behavior both with regard to the value of the diffusion coefficient
as well as of the respective uncertainty.

The number of clusters K, i.e., the number of pseudo-components to be distinguished in a mixture, is a priori unknown.
It was chosen here based on the overall silhouette score[41] s(K), which is a common metric for automatically selecting
the most suitable number of clusters for a given clustering problem. Intuitively, s(K) measures in our case how
consistent the definition of the K pseudo-components is, i.e., how similar the diffusion behavior of the structural groups
inside each cluster (pseudo-component) is in average over all pseudo-components for the chosen number K. The value
of s(K) generally lies between -1 and 1, where higher values indicate more consistent solutions. The clustering was
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performed here with different values of K, and the number of clusters K with the highest s(K) was adopted. A detailed
description of the K-medians algorithm and the silhouette score is given in the ESI.

Based on the clustering, the relative number of the structural groups in the pseudo-components can be determined in
analogy to Eq.(1); this was again done here based on group mole fractions xg,k, now for each pseudo-component k.

2.4 Prediction of Molar Masses

For obtaining the absolute number of structural groups in a pseudo-component, additional information on the molar
mass of the pseudo-component is required, which was obtained here also based on the self-diffusion coefficients
measured by PFG NMR spectroscopy. The self-diffusion coefficient of each pseudo-component was thereby calculated
by taking the arithmetic mean of the self-diffusion coefficients of all peaks (structural groups) in the respective cluster.

For taking into account that available models relating self-diffusion coefficients to molar masses are restricted to
infinitely diluted diffusing species and that, in general, the pseudo-components are not present at infinite dilution in a
mixture of interest, the concept of relative diffusion coefficients Drel[42, 43, 44, 45, 46] was applied. The diffusion
coefficient of a pseudo-component DŨ was thereby related to the diffusion coefficient of a known reference component
Dref in the same sample:

Drel =
DŨ

Dref
(3)

In the literature[45, 46, 59], it was shown that relative diffusion coefficients are only a weak function of temperature
and composition if the concentrations of the diffusing species are not too high. For an in-depth discussion, we refer to
the ESI, where we verify this observation based on our own experiments with aqueous solutions up to mass fractions of
the diffusing species of 0.28 g/g. Hence, the following assumption was used:

D∞
Ũ

D∞
ref

=
DŨ

Dref
= const. (4)

From Eq. (4), the number of D∞
Ũ

can be calculated from the experimental data for DŨ and Dref from the PFG NMR
experiments if D∞

ref is known. We recommend selecting the reference component in a way that D∞
ref can be adopted

from the literature. As an alternative, it can also be determined experimentally, which is, however, usually tedious[60],
or estimated using a prediction method[61, 62, 63, 20, 21].

From D∞
Ũ

, in turn, the molar mass MŨ of component Ũ can be calculated using basically any predictive model for
self-diffusion coefficients at infinite dilution. We have used the SEGWE model[20, 21] in the present work, which is a
semi-empirical extension of the Stokes-Einstein equation[64] and was found to be the best available semi-empirical
model for predicting self-diffusion coefficients in a recent study[60]:

D∞
Ũ =

kBT
(

3α
2 + 1

1+α

)
6πηS

3

√
3MŨ

4πρeffNA

(5a)

α = 3

√
MS

MŨ
(5b)

where D∞
Ũ

is the self-diffusion coefficient of pseudo-component Ũ at infinite dilution, MŨ is the molar mass of Ũ, kB is
the Boltzmann constant, ηS and MS are the dynamic viscosity and molar mass of the solvent, respectively, T is the
temperature, and ρeff is a lumped parameter of the SEGWE model, called effective density, whose default value[21]
ρeff = 627 kg m−3 was used here. Calculating the molar mass MŨ from Eq.(5) requires solving a cubic equation and
choosing the appropriate solution[20, 21].

From the molar mass, the absolute number of structural groups in each pseudo-component can be calculated, which will,
in general, not result in integer values. Specifically, integer values are only realistic, if a defined pseudo-component
represents only a single true component of the mixture; still, non-integer values can thereby result from experimental
uncertainties and model errors, cf. ESI for a brief discussion. In the other case, namely, if two or more true components
are lumped into a single pseudo-component, in general non-integer values can be expected. This is, fortunately, usually
not a problem in the application of group-contribution methods. From the absolute number of structural groups in each
pseudo-component, the mole fractions of all pseudo-components can be predicted.
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3 Overview of Applications

The applicability of the proposed method for NMR fingerprinting and the definition and quantification of pseudo-
components is demonstrated in the following by applying it to three dilute aqueous test mixtures of different complexity,
cf. Table 2. The true composition of the mixtures was known from the sample preparation in all cases, but, at no point,
any information about the concentration of any component was used.

All NMR experiments were carried out at 298.15 K. The temperature is, however, only needed for the application of
the SEGWE model. Furthermore, the following information on the dynamic viscosity of the solvent water was used:
ηW = 890.02 · 10−6 Pa · s as reported for T = 298.15 K in Ref.[65]. The fact that only rather dilute mixtures were
investigated facilitates the estimation of the molar mass with the SEGWE model, cf. above, but it poses challenges for
the NMR spectroscopy due to sensitivity issues. The chosen examples are therefore neither particularly favorable nor
unfavorable. More examples will be studied in future work. Here, the focus is on demonstrating the principal feasibility
and on generating first application examples – not on comprehensiveness.

Table 2: Overview of the test mixtures considered in this work. All mixtures additionally contain the solvent water.

Mixture Components i Mi / g mol−1 xi / mol mol−1

I

2-propanol 60.10 0.033
acetone 58.08 0.038
1,4-butanediol 90.12 0.035
acetic acid 60.05 0.033

II

1,4-dioxane 88.11 0.006
cyclohexanone 98.15 0.012
citric acid 192.12 0.025
glucosea 180.16 0.015

III

acetonitrile 41.05 0.022
acetone 58.08 0.016
acetic acid 60.05 0.015
1-propanol 60.10 0.015
2-propanol 60.10 0.015
cyclohexanone 98.15 0.009
1,4-butanediol 90.12 0.010
malic acid 134.09 0.008
xylosea 150.13 0.007
ascorbic acid 176.12 0.006

aGlucose and xylose are present in different anomeric forms in aqueous solution, which were not differentiated here.

4 Results and Discussion

4.1 Prediction of Structural Groups and Clustering to Pseudo-Components

In the following, the results of the application of the proposed method to the three test mixtures, cf. Table 2, are shown.
For better clarity, we distinguish here between the group-specific characterization (NMR fingerprinting) together with
the clustering step in Section 4.1, which yields relative amounts for the structural groups in each pseudo-component, and
the definition of pseudo-components that also involves predicting the respective molar masses in Section 4.2, whereby
absolute numbers for the structural groups in the pseudo-components are obtained. For the sake of completeness, the
results of the group-specific NMR fingerprinting alone, without the clustering step, are included in the ESI.

4.1.1 Mixture I

Figures 2 and 3 show the results of the qualitative definition of pseudo-components for test mixture I. In the left part
of Figure 2, the respective DOSY map is shown together with the result of a clustering into four pseudo-components.
The number of clusters that are distinguished here was automatically selected by the algorithm based on the overall
silhouette score s(K), which is shown in the right part of Figure 2 for different numbers of clusters K. The highest
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overall silhouette score s(K), corresponding to the most consistent definition of pseudo-components according to this
metric, was found for K = 4, which is labeled by the red symbol in Figure 2 (right). In this case, the algorithm found
the true number of components in the mixture and correctly assigned the signals (and the respective groups) to the
different components, as indicated in the legend of Figure 2. Note that water, which was assumed as known solvent and
shows no signal in 13C NMR spectroscopy, is not explicitly considered here and in the following.

Figure 2: Left: DOSY map of mixture I showing the clustering of the structural groups into four pseudo-components
Ũ (K = 4) by the K-medians algorithm. Different clusters are indicated by different colors and the respective true
components are denoted in the legend. The error bars indicate the 95 % confidence intervals based on a t-distribution.
Right: overall silhouette score s(K) for the clustering with the K-medians algorithm for different numbers of clusters
K. The largest s(K), which was found for K = 4, is marked red.

Figure 3 shows the relative composition of the four pseudo-components Ũ1-Ũ4 in terms of group mole fractions defined
by the algorithm for mixture I (bottom row) and compares them to the group mole fractions of the true components (top
row). Note that the information on the true components is only used for comparison, but was not used for obtaining the
predictions. The results show a very good agreement between the predicted compositions of the pseudo-components
and those of the respective true components; the small deviations can be attributed to experimental errors in the NMR
analysis.

Figure 3: Relative composition of the true components (top row) and the predicted pseudo-components (bottom row) in
mixture I in terms of group mole fractions xg,k.

4.1.2 Mixture II

In Figures 4 and 5, the respective results for mixture II are shown. The algorithm distinguishes only three pseudo-
components while there are four true components in this case; citric acid and glucose are lumped into one pseudo-
component due to their similar self-diffusion coefficients, cf. Figure 4 left. In Figure S.7 in the ESI, we demonstrate that
the clustering algorithm correctly assigns all peaks (structural groups) to their respective true components, including
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the correct distinction between citric acid and glucose, if K = 4 is defined a priori, i.e., if four clusters are chosen.
This demonstrates that the method can, in principle, be supported by prior knowledge, e.g., on the number of different
components in a mixture here, whenever such information is available.

Figure 4: Left: DOSY map of mixture II showing the clustering of the structural groups into three pseudo-components
Ũ (K = 3) by the K-medians algorithm. Different clusters are indicated by different colors and the respective true
components are denoted in the legend. The error bars indicate the 95 % confidence intervals based on a t-distribution.
Right: overall silhouette score s(K) for the clustering with the K-medians algorithm for different numbers of clusters
K. The largest s(K), which was found for K = 3, is marked red.

Figure 5 shows the comparison of the predicted and the true group mole fractions in mixture II. For the component
1,4-dioxane (Ũ1), ’OH’ groups are incorrectly identified in contrast to cyclic ether groups, which we call cy-CH2O here
and which are simply not included in the list of groups considered here, cf. Table 1. While such incorrect predictions
of structural groups can naturally influence also the thermodynamic modeling of the mixture based on its predicted
composition, the influence is small in many cases, as we have demonstrated in previous work.[24, 25] This can be
attributed to the fact that our method identifies the structural groups in a physical way, namely based on information on
the chemical shift of the respective peaks in NMR spectra, as well as on the substitution degree of the carbon nuclei.
Since similar chemical shifts indicate a similarity of the structural groups, the falsely predicted structural groups will in
many cases be similar to the true ones. For instance, we can expect a polar group to be falsely interpreted as another
polar group, as it is also the case with the example studied here.

Figure 5: Relative composition of the true components (top row) and the predicted pseudo-components (bottom row) in
mixture II in terms of group mole fractions xg,k. Arrows indicate that a pseudo-component represents a ’mixture’ of
multiple true components.
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The relative composition of pseudo-component Ũ2 shows an excellent agreement with that of the true component
cyclohexanone, whereas the composition of pseudo-component Ũ3 is a combination of that of glucose and citric acid
(weighted by their mole fractions in mixture II). For this pseudo-component, most structural groups are identified
correctly; only a small number of ’CH=CH’ groups are incorrectly assigned to pseudo-component Ũ3, which results
from the peaks of glucose in the 13C NMR spectrum appearing at > 90 ppm. Overall, the small deviations can mainly
be attributed to shortcomings of the peak assignment using a simple chemical shift table, which could be refined in
future work, e.g., by using ML approaches[27].

4.1.3 Mixture III

Figures 6 and 7 show the predictions for mixture III. In this case, the maximum overall silhouette score s(K) was
found for K = 8 clusters, cf. Figure 6 right, while the true number of components in this mixture is ten. The algorithm
fails to distinguish 1-propanol and 2-propanol, which exhibit very similar self-diffusion coefficients, as well as the
strongly polar components malic acid and xylose, cf. Figure 6 left. Given the complexity of the 13C NMR spectrum,
cf. Figure S.3 in the ESI, and the DOSY map for this mixture, cf. Figure 6 left, the performance of the method
is remarkable. Furthermore, again, if the true number of different components (ten) is set as prior information, the
algorithm perfectly distinguishes all components and correctly assigns the structural groups to them, as we demonstrate
in Figure S.8 in the ESI.

Figure 6: Left: DOSY map of mixture III showing the clustering of the structural groups into eight pseudo-components
Ũ (K = 8) by the K-medians algorithm. Different clusters are indicated by different colors and the respective true
components are denoted in the legend. The error bars indicate the 95 % confidence intervals based on a t-distribution.
Right: overall silhouette score s(K) for the clustering with the K-medians algorithm for different numbers of clusters
K. The largest s(K), which was found for K = 8, is marked red.

In Figure 7, the group mole fractions of the true components (first and third row) of mixture III and those of the pseudo-
components (second and fourth row) are compared. In most cases, the pseudo-components show an excellent agreement
with the respective true components with respect to the group mole fraction (acetone, acetic acid, cyclohexanone,
1,4-butanediole) or represent a ’mixture’ of the respective true components (Ũ4, Ũ7). Similar to the results observed
for mixture II, cf. Figure 5, a small number of ’CH=CH’ groups is incorrectly predicted for Ũ7. Furthermore, in
pseudo-component Ũ8, the ’COO’ group of ascorbic acid is misinterpreted as a ’COOH’ group, which is simply due to
the fact that there is no ester group in our list of groups, cf. Table 1. Acetonitrile (Ũ1) is made up of a single group in
UNIFAC (’CH3CN’) that is not included in our list and therefore misinterpreted as a combination of a ’C=C’ and a
’CH3’ group.
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Figure 7: Relative composition of the true components (first and third row) and the predicted pseudo-components
(second and fourth row) in mixture III in terms of group mole fractions xg,k. Arrows indicate that a pseudo-component
represents a ’mixture’ of multiple true components.

4.2 Prediction of Molar Masses of Pseudo-components

The previous step yields the relative amounts of the structural groups in each pseudo-component in the form of
group mole fractions, cf. Figures 3, 5, and 7. For determining the absolute number of structural groups in each
pseudo-component, information on the molar mass of each pseudo-component is required. In our method, we propose
to predict the molar mass based on the measured self-diffusion coefficients of each pseudo-component, and have used
the SEGWE model[20, 21] for this purpose here. For applying the SEGWE model, the solvent has to be known, which
was water in all studied mixtures here, an extrapolation of the measured self-diffusion coefficient to the state of infinite
dilution has to be carried out, and a reference component with known self-diffusion coefficient at infinite dilution in the
pure solvent is required in each mixture, cf. Section 2.4 for details. For convenience, we have simply designated one of
the components of each mixture as reference component but note that also any other component could be added to the
mixture. Note that no a priori information on the concentration of the reference component is required.

Figure 8 (left) shows the results for the prediction of the molar mass of the pseudo-components Ũ of mixture I and
compares them to the molar mass of each respective true component. As reference component, 2-propanol was
chosen and its diffusion coefficient at infinite dilution in water was taken from Ref.[66] (D∞

ref = 0.99 · 10−9 m2 s−1

at T = 298.15 K). Fair agreement is obtained for acetone and acetic acid (and the respective pseudo-components),
whereas the deviation is larger for 1,4-butanediol. Figure 8 (right) shows a comparison of the predicted composition
of mixture I in terms of mole fraction in the water-free part of the mixture x∗

k and the respective true composition of
the mixture. Overall, good predictions for the mole fractions are obtained. The deviations result mainly from poor
estimates of the molar mass and are, hence, presumably related to shortcomings of the SEGWE model.
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Figure 8: Left: prediction of the molar mass of the pseudo-components in mixture I based on the measured self-
diffusion coefficients using the SEGWE model[20, 21]. Right: prediction of the water-free mole fractions x∗

k of the
pseudo-components Ũ in mixture I and comparison to the true composition.

In Figure 9 (left), the prediction of the molar masses of the pseudo-components identified in mixture II are compared
to the respective values for the true components. As reference component, 1,4-dioxane was chosen and its diffusion
coefficient at infinite dilution in water was taken from Ref.[67] (D∞

ref = 1.110 · 10−9 m2 s−1 at T = 298.15 K). Overall,
good predictions were obtained. Since citric acid and glucose were lumped into a single pseudo-component, Ũ3, the
predicted molar mass of Ũ3 is depicted over the values for two true components (citric acid and glucose). In Figure 9
(right), the water-free composition x∗

k of the pseudo-components Ũ in mixture II is shown. Good predictions were
obtained. Note that for the results of pseudo-component Ũ3 the sum of the true components that are part of it (glucose
and citric acid) are depicted.

Figure 9: Left: prediction of the molar mass of the pseudo-components in mixture II based on the measured self-
diffusion coefficients using the SEGWE model[20, 21]. Right: prediction of the water-free mole fractions x∗

k of the
pseudo-components Ũ in mixture II and comparison to the true composition.

Figure 10 (left) shows the prediction of the molar masses of the pseudo-components identified in mixture III and
compares them to the respective values for the true components. Acetonitrile was chosen as a reference component,
thereby a diffusion coefficient at infinite dilution in water was taken from Ref.[68] (D∞

ref = 1.649 · 10−9 m2 s−1 at
T = 298.15 K). In general, higher accuracies can be observed for the smaller components. By contrast, for large
components, such as ascorbic acid and xylose, the molar mass was overpredicted. This presumably results from
deficiencies of the SEGWE model in representing diffusion coefficients of large components with many polar groups. It
is also interesting to note that when xylose is chosen as the reference component, the molar mass of the other highly
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polar components (1,4-butanediol, malic acid, and ascorbic acid) is predicted with higher accuracy, but the prediction of
the molar mass of the smaller and less polar components deteriorates, cf. Figure S.9 in the ESI. In future work, refined
diffusion models that explicitly consider specific interactions, particularly between highly polar components, could be
used instead of the SEGWE model. Significant improvements can thereby be expected as the SEGWE model does not
use any information on the diffusing species except for its molar mass. The development of more sophisticated diffusion
models would therefore be very valuable, in particular since information on the composition of the pseudo-components
is automatically and reliably retrievable, as demonstrated above.

Figure 10 (right) shows a comparison of the water-free composition x∗
k of the pseudo-components and the true

components in the mixture. Overall, a good estimate for the composition is obtained.

Figure 10: Left: prediction of the molar mass of the pseudo-components in mixture III based on the measured self-
diffusion coefficients using the SEGWE model[20, 21]. Right: prediction of the water-free mole fractions x∗

k of the
pseudo-components Ũ in mixture III and comparison to the true composition.

5 Conclusions

Poorly specified mixtures are common in chemical engineering. A common approach to model such mixtures is to
introduce pseudo-components. In this work, a new method for the representation of poorly specified mixtures by
pseudo-components is introduced. Standard nuclear magnetic resonance (NMR) experiments are carried out, yielding
the basis for the NMR fingerprinting. We use this term for labeling the identification and quantification of structural
groups in a mixture. Subsequently, the structural groups are clustered into pseudo-components based on measured self-
diffusion coefficients. By using information about self-diffusion coefficients, the molar mass of the pseudo-components
can also be estimated.

We have demonstrated the applicability of the method using three aqueous mixtures of different complexity as examples
but an extension to non-aqueous mixtures is straightforward. The pseudo-components identified by the method were
either identical with a true component or several true components were lumped into a pseudo-component of similar size
and group composition as the true components. Good estimates for the composition were obtained. In cases where
true components were lumped, the concentration of the pseudo-component was found to be close to the sum of the
concentrations of the respective true components.

The method can be combined with thermodynamic group-contribution methods in a straightforward manner and thereby
enables thermodynamic modeling of poorly specified mixtures without requiring cumbersome component elucidations.
The method, therefore, paves the way for convenient process design and optimization with poorly specified mixtures.

The main source of error for the structural group composition of the pseudo-components is the uncertainty of the
predicted molar mass, which emphasizes the importance of developing more accurate diffusion coefficient models.
Deviations from integer values for the numbers of structural groups in a pseudo-component can indicate that a defined
pseudo-component is not a true component, which could, ultimately, be used for refining the method. This requires,
however, a quantitative error analysis. The topic was beyond the scope of the present work, but is worth being considered
in a follow-up study. In future work, the NMR fingerprinting could be further improved by integrating knowledge
from additional NMR experiments. In principle also results from other group-specific analytical methods could be
incorporated. By combining suitable NMR techniques, the most common chemical groups can be identified and
quantified. The list of groups that are actually identified depends on the chosen techniques and can be adapted to the
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task at hand. In the present work, only groups containing C, H, and O were considered as examples. The list of groups
can be adapted to that used in the thermodynamic group-contribution method, as long as a mapping is possible. The
assignment of the NMR signals to groups was done here using simple chemical shift tables. This can be refined by
using classification methods from machine learning such as support vector classification[27]. Furthermore, in the
present work, the NMR fingerprinting was carried out based on results from cryogenic high-field NMR experiments.
As an alternative, also NMR experiments with benchtop spectrometers should be considered, which are simpler and
easier to handle and would facilitate the application of the new method. To compensate for the reduced sensitivity, new
pulsed-field gradient (PFG) NMR methods, e.g., based on polarization enhancement nurtured during attached nucleus
testing (PENDANT)[47] could be developed and applied, which overcome the disadvantage of suppressing the signals
of quaternary carbons.
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