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Abstract In the vast majority, kinetic modeling is done in isothermal conditions. The benefit of
adiabatic mode is using temperature as an online observable. Nevertheless, in adiabatic mode,
one can only get the initial/inlet and final/outlet concentrations, making the development of
kinetic models difficult in the presence of several reaction steps. Obtaining kinetic models
tested in isothermal and adiabatic modes could change our methodology in kinetic modeling
because such models can be used in optimization, thermal risk assessment and pinch
analysis. Besides, for chemical systems with several reaction steps, one needs to spend much
time to analyze the different samples to get concentration profiles. Thus, developing kinetic
models combining isothermal and adiabatic experimental runs could reduce the experimental
stage. We tested this methodology in the hydrogenation of 5-(hydroxymethyl)furfural (5-HMF)
by using different combinations of adiabatic and isothermal noised synthetic runs. We
compared the estimated kinetic constants obtained from these noised synthetic runs with the
hypothetical true ones, and the sum of squared residuals. The hypothetical true kinetic
constants were created. Global sensitivity analysis using the hypothetical true kinetic constants
in isothermal and adiabatic modes was carried out to measure the influence of these constants
on the estimated concentration and temperature. We found that implementing some adiabatic

runs in a set of experimental runs could be beneficial from a parameter estimation standpoint.

Keywords global sensitivity analysis, Sobol’ indices, kinetic modeling, chemical kinetic

constants estimation, adiabatic mode, 5-HMF, hydrogenation, Bayesian statistics
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1. Introduction

The origin of chemical kinetics started in the 18™ and 19" centuries. Several prominent
chemists played an essential role, like Lavoisier or Gay-Lussac, who put the basis of chemical
observation !; Berthollet who made major contributions to the understanding of equilibria
phenomena and reaction rates 2, Berzelius who introduced the concept of catalyst ® or
Arrhenius who showed the relationships between rate constants and temperature “. In the 20"
century, Hinshelwood worked on developing reaction law and reaction mechanisms °. It was
vital during this century to predict the concentration, yield, or selectivity in different reactors,
i.e., chemical reaction engineering. This science was popularized by famous researchers like

Villermaux © or Levenspiel 7.

Since then, kinetic modelers have been doing their best to develop kinetic models using
experimental and theoretical approaches. These models are fundamental to scaling up a

process or optimizing the production process from a yield and energy standpoint.

The development of such models requires prior knowledge about reaction mechanisms to
define some rate expression, experimental data that could be noised at different levels, and

thermodynamic data such as reaction enthalpy, kinetic of mass transfer, etc.

The obtention and analysis of experimental data are vital to developing reliable kinetic models
8. Any kinetic modeler knows that the accuracy and complexity of kinetic models depend on
the quality of experimental data. Using online measurement to follow kinetics is appealing
because one does not interfere with the reaction mixture. Spectroscopy methods like FTIR
were used for some cases °!° or quadrupole mass spectrometers !. Nevertheless, these
methods could be limited to the nature of the measured compounds and the nature of the

reaction system.



Calorimetry is also an appealing method using temperature or heat-flow rate as a signal 1718,
Nevertheless, using the calorimetric method requires perfectly characterizing the reactor
environment from a thermal viewpoint. For instance, one must verify that the heat loss is
negligible, characterize the global heat transfer coefficient value, measure the heat capacity,
etc. Itis challenging to determine the kinetics of several consecutive or parallel reactions solely

based on temperature or heat-flow rate, but not for a single reaction step.

In the case of several reaction steps, the benefits of using a reaction calorimeter in different
thermal modes allow us to validate the kinetic models and to get knowledge of heat-flow rate

evolution. Such information is essential for pinch analysis or thermal risk assessment.

Zero-order, batch and adiabatic modes are often used for thermal risk assessment because it
is the most conservative approach °. Experimenting with adiabatic mode also allows us to

observe the presence or absence of secondary reactions 2°.

Salcedo et al. 2* showed the possibility and the benefits of developing kinetic models in different
thermal modes (isothermal, adiabatic and isoperibolic). This approach to developing kinetic
models in different thermal modes is rare in the literature 2223, Using only a reaction calorimeter
to develop a kinetic model for a complex model could be a priori non-sufficient. By complex
model, we mean a system with multiphasic and several reactions. To develop kinetic models
for such a system, one needs to know the concentration evolution of species 2425, Using
adiabatic conditions in reaction calorimeters requires no withdrawal of samples to avoid
interference with temperature, limiting the kinetic description of all reaction steps. On the other
hand, one could imagine combining some experiments in isothermal conditions, including
offline analysis, and some in adiabatic conditions, including online reaction temperature. The
benefit of adiabatic conditions is that we do not have to analyze several samples during the

experiments.



We studied the hydrogenation of 5-(hydroxymethyl)furfural (5-HMF), a multiphasic system with
several exothermic reaction steps. Hydrogenation of 5-HMF, issued from the hydrolysis of
cellulose, can lead to several interesting molecules used as biofuels or as polymer
intermediates 273, This article aimed to determine the impact of the number of adiabatic and
isothermal runs on the kinetic modeling. In the first step, we generated synthetic data with
different noise levels in isothermal and adiabatic conditions. Using different sets of synthetic
runs with noise, we carried out kinetic modeling to determine the kinetic constants and the sum
of squared residuals (SSR). It is essential to stress that the hypothetical true kinetic constants

used to generate synthetic data were not obtained from laboratory experiments.



2. Generation of synthetic data

This section explains how we generated the synthetic runs without errors, and with the

addition of errors to get noised synthetic runs.
2.1 Generation of synthetic data without errors

Figure 1 shows the reaction steps for the hydrogenation of 5-HMF over a virtual catalyst. We
imagined that the true mechanism follows a Langmuir-Hinshelwood with the dissociation of
hydrogen (LHD1). Hence, the reaction rate for each step can be expressed by Eqs (1)-(3). The
inspiration to derive such reaction rates is from the studies of Gyngazova et al., 2017 and Jain

and Vaidya, 2016 327,

Lol el T el e ey

5-HMF BHMF DHMDHF _ DHMTHF
5-hydroxymethylfurfural 2 5-bishydroxymethylfuran 2 5-dihydroxymethyldihydrofuran 2. 5-dihydroxymethyltetrahydrofuran

Figure 1. Reaction steps for the hydrogenation of 5-HMF to DHMTHF.
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where, ki represents the rate constant for each reaction step i, K| is the adsorption constant for
each species j, Cj is the concentration of the species j, and w is the catalyst loading in mass
per reaction volume. Due to its properties, synthetic runs were performed using GVL as a
solvent %, Table 1 displays the hypothetical true kinetic constants assigned and used in this

study.

A modified Arrhenius equation was used as suggested by Buzzi-Ferraris *°.



In(k;(T)) = In (ki(TRef)) e (1 - TRTef) ()

R'Tref

where, E,; is the activation of reaction i, R is the universal gas constant, T, is a reference

temperature and T is the reaction temperature. Using Eq. (4) decreases the correlation

between the rate constant and activation energy.

We also modified the adsorption constant as ln(Kj). In this way, we can linearize the numerator

in Eqs (5) to (7).

Numerator parts were expressed as

k1 Kymr - Ky = exp (ln (kl (TRef)) + Ri:l;f : (1 - TRTef) + In(Kypr) + IU(KH)> (5
ky  Kgumr - Ky = exp (hl (kz (TRef)) + R.ETaif ) (1 - TRTef) + In(Kpymr) + IU(KH)> (6)

ks Kpumpur - Ky = exp (hl (k3 (TRef)) o (1 - TRTef) + In(Kpympur) + h'l(KDH)) (7)

R-Tref



Table 1. Hypothetical true kinetic constants for the hydrogenation of 5-HMF over a virtual

catalyst.

k1(393.15K) 4.00-10% mol - gZt-s7t
Ea; 110 k] - mol~1!

k2(393.15K) 7.5010% mol - gk - st
Ea, 130 k] - mol~?!

k3(393.15K) 4.80-10% mol - gzt -s71
Eas 150 k] - mol™?!
Kymr 0.8 L-mol™?!
Kpumr 0.4 L-mol™!
Kpumpur 0.3 L-mol™?!
Kpumrhr 0.1 L-mol™!
Ky, 10 L-mol™?!

Table 2 displays the reaction enthalpies for each reaction step. These values were obtained
from the study of Vasiliu et al. “° at 298K. They calculated the hydrogenation enthalpy of BHMF
to DHMTHF to be -155.64 kJ'mol?, and we assumed that the enthalpy of each step was -77.82
kJ'mol?. The choice of this reaction system was motivated by its multiphasic feature and the

number of exothermic reaction steps.

Table 2. Reaction enthalpy values, calculated at 298K, at stake for the hydrogenation of 5-

HMF to DHMTHF. %

Reaction steps Reaction enthalpy (k] - mol™1)
R1: HMF+H>.<>BHMF -87.44
R2: BHMF+H,=>»DHMDHF -77.82
Rs: DHMDHF +H>=»DHMTHF -77.82




The kinetic model was developed in a batch reactor under isobaric mode. Synthetic runs

were generated in isothermal or adiabatic conditions.

Material balances for the different species in the liquid phase are derived as

d[s-HMF] _
dt - Rl (8)
d[H, Iy .
dztl = ky.a* ([Hyljq — [Hzliq) —R1 — R, — R3 ©)
d[BHMF] _ Ri— R, w0
dt
d[DHMDHF] _ R, — Ry o
dt
d[DHMTHF] _ Ry -

dt

where, [H,];;4 is the concentration of hydrogen at the gas-liquid interface. This concentration

[H2]7iq

PH, Reactor

was determined using Henry’s constant He(T) = (molL*bar?).

The term k. a is the volumetric gas-to-liquid mass transfer coefficient for hydrogen (s), and

was calculated as !

T \%5 [ pyi\025
Kia = (k. Dmoaigiea * (122)  + (22) (13)

HLiq HULiq

where, (k;.a)modairica WaS assumed constant for all the synthetic runs and fixed to 2.22-

0.5 0.25
-6 (Pas . Pas o1 . . .
10 ( P ) (kg_m_g) s~*. The temperature dependence of the density and kinematic

viscosity of GVL, the solvent, was expressed via the data obtained from the work of Ariba et

al 42

The equation of Van’t Hoff was used to express Henry’s temperature dependence:

—AHg,p 1 1
He(Tg) = He(Tges = 373.15K) * exp <TSI * (E B 373.15)> (14)



From Wang et al. , it was found that AHg,; 4, = 5936.8 Jmol™* and He(Tg.; = 373.15K) =

1.86 molL*bar?.

In the case of adiabatic synthetic runs, the thermal balance of the reaction system was included

dTg _ (—R1"AHR1—Ry"AHR 2 —R3"AHR 3)V (15)

dt mg'Cpr+Mcataiyst'CPcatalyst

where, Ty is the reaction temperature, R; is the reaction rate of i, AHy ; is the reaction enthalpy
of i, my is the mass of the reaction mixture, Cpy is the heat capacity of the reaction mixture
and was supposed to be one of the GVL solvent, m 4tq;ys; is the mass of catalyst, Cpcqtaiys: iS
the heat capacity of the catalyst, and V is the reaction volume. The evolution of heat capacity
and reaction volume with temperature was considered, and it was supposed to be one of the

GVL solvents #2. For the virtual catalyst, we used the heat capacity of activated carbon *°.

Synthetic data in isothermal and adiabatic conditions were generated from the resolution of
ordinary differential equations (8) to (12) and (15) using kinetic and thermodynamic data from
Tables 1 and 2. These ODEs were solved by DDAPLUS solver using a modified Newton

algorithm 44, installed in the software Athena Visual Studio “°.



2.2 Generation of synthetic data with errors

This section describes the design of the experimental matrix created via the kinetic and
thermodynamic constants (Tables 1 and 2). In the case of adiabatic runs, we added errors on

concentration (initial and final) and reaction temperature.

Two types of synthetic data were generated: one with low error and the other with high error.
One can find these data at Mendeley data presented in Excel files named:
Synthetic_data_high_error_adiabatic; Synthetic_data_high_error_isothermal;
Synthetic_data_low_error_adiabatic and Synthetic_data_low_error_isothermal

(https://data.mendeley.com/datasets/v38n3wbsrt/1).

The level of errors was the ones typically found in the literature. We used the

np.random.normal from Python.

2.2.1 Synthetic runs with low errors

Tables 3 and 4 display the experimental matrix for synthetic runs performed in isothermal and
adiabatic conditions. These runs were generated using the initial conditions from Tables 3 and
4. An error with a standard deviation 5% was applied on concentration and 0.1 K for reaction
temperatures (Excel files Synthetic_data_low_error_isothermal and

Synthetic_data_low_error_adiabatic at https://data.mendeley.com/datasets/v38n3wbsrt/1).

From laboratory experiments performed in adiabatic mode, it is not recommended to withdraw
samples during the reaction to keep the reaction temperature signal stable. Therefore, there
were no concentration values during the reaction for synthetic runs in adiabatic mode. Figures
2 and 3 show the true concentration of species and temperatures versus the noised-corrupted

signals.

The design of the experimental matrix was done as the kinetic experimentalist model would
have done. For instance, Runs 1 and 2; 3 and 4 were carried out to evaluate the effect of
reaction temperature, Runs 3 and 5 to evaluate the effect of pressure; Runs 2 and 6 to evaluate

the effect of catalyst loading; and Runs 1 and 7 to evaluate the effect of HMF loading.
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Table 3. Experimental matrix for isothermal conditions with low error level.

Run | Temperature | mumro | Mevio | Meat | PHz | [GVL]o | [H2]o | [DHMDHF]o | [HMF]o | [BHMF]o | [DHMTHF]o
°C g bar mol-L?
1 100 4 30 | 0.08 |50 | 862 |0.00 0.00 0.91 0.00 0.00
2 110 4 30 | 0.08 | 50 | 854 |0.00 0.00 0.90 0.00 0.00
3 130 4 30 0.02 | 50 | 8.37 |0.00 0.00 0.89 0.00 0.00
4 160 4 30 0.02 | 50 | 8.12 |0.00 0.00 0.86 0.00 0.00
5 130 4 30 0.02 | 20 | 8.37 |0.00 0.00 0.89 0.00 0.00
6 110 4 30 1 50 | 8.54 |0.00 0.00 0.90 0.00 0.00
7 100 1 30 0.08 | 50 | 9.46 |0.00 0.00 0.25 0.00 0.00
8 110 3 30 | 0.06 | 30 | 8.80 |0.00 0.00 0.70 0.00 0.00
9 160 10 30 |0.005|100| 6.91 |0.00 0.00 1.83 0.00 0.00
10 140 10 30 |0.004| 80 | 7.05 |0.00 0.00 1.86 0.00 0.00
11 140 6 30 0.3 | 70 | 7.83 |0.00 0.00 1.24 0.00 0.00
12 150 8 30 | 015 | 90 | 7.34 |0.00 0.00 1.55 0.00 0.00
13 120 10 30 | 0.25 |100| 7.19 |0.00 0.00 1.90 0.00 0.00
14 150 8 30 0.35 | 90 | 7.34 |0.00 0.00 1.55 0.00 0.00
15 150 10 30 0.25 | 100 | 6.98 |0.00 0.00 1.85 0.00 0.00

11




Table 4. Experimental matrix for adiabatic conditions with low error level.

Run | Temperature | mumro | Mevio | Meat | PHz | [GVL]o | [H2]o | [DHMDHF]o | [HMF]o | [BHMF]o | [DHMTHF]o
°C g bar mol-L?
16 100 4 30 | 0.08 | 50 | 8.62 |0.00 0.00 0.91 0.00 0.00
17 110 4 30 | 0.08 | 50 | 8.54 |0.00 0.00 0.90 0.00 0.00
18 130 4 30 | 0.02 | 50 | 8.37 |0.00 0.00 0.89 0.00 0.00
19 160 4 30 | 0.02 | 50 | 8.12 |0.00 0.00 0.86 0.00 0.00
20 130 4 30 | 0.02 | 20 | 837 |0.00 0.00 0.89 0.00 0.00
21 110 4 30 1 50 | 8.54 |0.00 0.00 0.90 0.00 0.00
22 100 1 30 | 0.08 | 50 | 9.46 |0.00 0.00 0.25 0.00 0.00
23 110 3 30 | 0.06 | 30 | 8.80 |0.00 0.00 0.70 0.00 0.00
24 160 10 30 |0.005|100| 6.91 |0.00 0.00 1.83 0.00 0.00
25 140 10 30 |0.004| 80 | 7.05 |0.00 0.00 1.86 0.00 0.00

12
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The impact of the number of adiabatic runs on kinetic model results was evaluated by using

different synthetic runs:

-Approachl: all isothermal and adiabatic synthetic runs were used in the modeling stage, i.e.,

from Run 1 to Run 25;

-Approach2: all isothermal synthetic runs were used in the modeling stage, i.e., from Run 1

to Run 15;

-Approach3: all adiabatic synthetic runs were used in the modeling stage, i.e., from Runs 16

to 25;

-Approach4: 15 synthetic runs were used in the modeling stage, including 14 isothermal runs
and 1 adiabatic run. We carried out modeling on 10 sets of runs (Supporting information, S1).

The distribution between isothermal and adiabatic runs was done aleatory;

-Approach5: 15 synthetic runs were used in the modeling stage, including 13 isothermal runs
and 2 adiabatic runs. We carried out modeling on 10 sets of runs (Supporting information, S1).

The distribution between isothermal and adiabatic runs was done aleatory;

-Approach6: 15 synthetic runs were used in the modeling stage, including 10 isothermal runs
and 5 adiabatic runs. We carried out modeling on 10 sets of runs (Supporting information, S1).

The distribution between isothermal and adiabatic runs was done aleatory;

-Approach7: 15 synthetic runs were used in the modeling stage, including 9 isothermal runs
and 6 adiabatic runs. We carried out modeling on 10 sets of runs (Supporting information, S1)
to avoid false conclusions. The distribution between isothermal and adiabatic runs was done

aleatory;

-Approach8: 15 synthetic runs were used in the modeling stage, including 7 isothermal runs
and 8 adiabatic runs. We carried out modeling on 10 sets of runs (Supporting information, S1).

The distribution between isothermal and adiabatic runs was done aleatory.

15



For Approaches 4 to 8, different sets of runs were evaluated to avoid drawing hasty
conclusions. All modeling results are Mendeley data

(https://data.mendeley.com/datasets/v38n3wbsrt/1 and Excel files

Kinetic_modeling_Approachl_All_isothermal_adiabatic_experiments_LHD1_low_errors;
Kinetic_modeling_Approach2_All_isothermal_experiments LHD1 low_errors;
Kinetic_modeling_Approach3_All_adiabatic_experiments_LHD1 low_errors;
Kinetic_modeling_Approach4_14 isothermal_1_adiabatic_runs_LHD1 low_errors;
Kinetic_modeling_Approach5 13 isothermal 2 adiabatic_runs_LHD1 low_errors;
Kinetic_modeling_Approach6_10_isothermal_5_adiabatic_runs_LHD1 low_errors;
Kinetic_modeling_Approach7_9 isothermal 6 adiabatic_runs_LHD1 low_errors and

Kinetic_modeling_Approach8_ 9 isothermal 8 adiabatic_runs_LHD1 low_errors.

16
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2.2.2 Synthetic runs with high errors

Tables 5 and 6 display the experimental matrix for synthetic runs performed in isothermal and
adiabatic conditions. Initial conditions were used to create synthetic data at high errors. An
error with a standard deviation 13% was applied on concentration and 1K for reaction
temperatures (Excel files Synthetic_data_high_error_isothermal and

Synthetic_data_high_error_adiabatic at https://data.mendeley.com/datasets/v38n3wbstrt/1).

No samples were withdrawn during the synthetic adiabatic runs. Figures 4 and 5 show the true

concentration of species and temperatures versus the noised-corrupted signals.

17
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Table 5. Experimental matrix for high error in isothermal conditions.

Run | Temperature | muvro | Mevio | Meat | Pr2 | [GVL]o | [Hz2]o | [DPHMDHF]o | [HMF]o | [BHMF]o | [DHMTHF]o
°C g bar mol-L?
1H 100 4 30 | 0.08 | 50 | 8.62 0 0 0.91 0 0
2H 110 4 30 | 0.08 | 50 | 8.54 0 0 0.90 0 0
3H 130 4 30 | 0.02 | 50 | 8.37 0 0 0.89 0 0
4H 160 4 30 | 0.02 | 50 | 8.12 0 0 0.86 0 0
5H 130 4 30 | 0.02 | 20 | 8.37 0 0 0.89 0 0
6 H 110 4 30 1 50 | 8.54 0 0 0.90 0 0
7H 100 1 30 | 0.08 | 50 | 9.46 0 0 0.25 0 0
8H 110 3 30 | 0.06 | 30 | 8.80 0 0 0.70 0 0
9H 160 10 30 |0.005|100| 6.91 0 0 1.83 0 0
10H 140 10 30 |0.004| 80 | 7.05 0 0 1.86 0 0
11 H 140 6 30 0.3 70 | 7.83 0 0 1.24 0 0
12H 150 8 30 | 015 | 90 | 7.34 0 0 1.55 0 0
13H 120 10 30 | 0.25 | 100 | 7.19 0 0 1.90 0 0
14 H 150 8 30 | 035 | 90 | 7.34 0 0 1.55 0 0
15H 150 10 30 | 0.25 | 100 | 6.98 0 0 1.85 0 0
16 H 100 9 30 1.00 | 100 | 7.52 0 0 1.79 0 0
17H 110 9 30 1.00 | 100 | 7.45 0 0 1.77 0 0
18 H 90 9 30 1.00 | 100 | 7.59 0 0 1.81 0 0
19H 95 1 30 | 0.10 | 100 | 9.50 0 0 0.25 0 0
20H 125 1 30 | 0.10 | 100 | 9.23 0 0 0.24 0 0

18




Table 6. Experimental matrix for high error in adiabatic conditions.

Run | Temperature | Mumro | Mevio | Meat | Pr2 | [GVL]o | [H2]o | [DHMDHF]o | [HMF]o | [BHMF]o | [DHMTHF]o
°C g bar mol-L?
21H 100 4 30 |0.08| 50 | 8.62 |0.00 0.00 0.91 0.00 0.00
22H 110 4 30 |0.08| 50 | 8.54 |0.00 0.00 0.90 0.00 0.00
23H 130 4 30 (0.02| 50 8.37 |0.00 0.00 0.89 0.00 0.00
24H 160 4 30 [0.02| 50 8.12 |0.00 0.00 0.86 0.00 0.00
25H 130 4 30 (0.02| 20 8.37 |0.00 0.00 0.89 0.00 0.00
26H 110 4 30 [1.00| 50 8.54 |0.00 0.00 0.90 0.00 0.00
27H 100 1 30 |0.08| 50 9.46 |0.00 0.00 0.25 0.00 0.00
28H 110 3 30 |0.06| 30 | 8.80 |0.00 0.00 0.70 0.00 0.00
29H 160 10 30 |0.01| 100 | 6.91 |0.00 0.00 1.83 0.00 0.00
30H 140 10 30 |0.00| 80 | 7.05 |0.00 0.00 1.86 0.00 0.00
31H 90 7 30 |1.20| 30 | 8.00 |0.00 0.00 1.48 0.00 0.00
32H 90 7 30 |1.20| 50 | 8.00 |0.00 0.00 1.48 0.00 0.00
33H 90 7 30 |1.20| 70 | 8.00 |0.00 0.00 1.48 0.00 0.00
34H 90 7 30 [1.20| 90 8.00 |0.00 0.00 1.48 0.00 0.00
35H 95 7 30 [(0.50| 90 7.96 |0.00 0.00 1.48 0.00 0.00
36H 95 7 30 [1.20| 90 7.96 |0.00 0.00 1.48 0.00 0.00
37H 127 8 30 [0.05| 95 7.52 |0.00 0.00 1.59 0.00 0.00
38H 127 8 30 [0.07| 95 7.52 |0.00 0.00 1.59 0.00 0.00
39H 127 8 30 |0.14| 95 | 7.52 |0.00 0.00 1.59 0.00 0.00
40H 127 8 30 |0.30| 95 | 7.52 |0.00 0.00 1.59 0.00 0.00
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As for synthetic runs with low errors, we make the kinetic modeling by using several

approaches for synthetic runs with high errors (S3).
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3 Sensitivity analysis using hypothetical true kinetic constants

A global sensitivity analysis was performed via Sobol's method based on the variance

decomposition technique 4647, The SALib Python library was used “.

The purpose of this analysis is to evaluate the impact of true kinetic constants (Table 1) and
initial operating conditions on the ordinary differential equations (8)-(12) and (15). Such
analysis is vital to know the difficulty of estimating some kinetic constants. In adiabatic
conditions (Figure 6), one can notice that the natural logarithm of the first reaction step, mass
catalyst and initial temperature has a significant influence on the concentration of HMF, BHMF,
DHMTHF, DHMDHF, H, and reaction temperature. The other kinetic constants have a lower
effect, which could make their estimation very challenging. One should remember that for
adiabatic conditions, we track the concentrations at the beginning and end, and the reaction

temperature during the reaction time.
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Figure 6. Sobol total-order sensitivity indices for adiabatic synthetic runs.
Figure 7 shows the Sobol total-order sensitivity indices for species concentration in isothermal
conditions. The natural logarithm of the rate constant of the first reaction step significantly
impacts the concentrations, except for the concentration of hydrogen. This observation is
because we worked in isobaric and isothermal conditions; thus, the concentration of hydrogen
stays constant with reaction time. The temperature and mass of the catalyst significantly impact



the different concentrations, except for hydrogen. One can also notice that the other kinetic

constants do not significantly affect the concentration effect.
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4  Kinetic modeling using synthetic runs with errors
Non-linear regression was done via Athena Visual Studio software “°.

In isothermal conditions, the following observables were used as observables: 5-HMF, BHMF,
DHMDHF, and DHMTHF concentrations. In adiabatic conditions, the initial and final
concentrations were used as observables, and the reaction temperature was recorded at
regular time intervals. Bayesian framework is more suitable for a multiresponse system than
the non-linear least squares approach “°%°, Indeed, Box and Draper developed a methodology
to minimize the determinant criterion used as an objective function (OF) in the Bayesian

framework in a multiresponse system 5152,

The GREGPLUS subroutine, implemented in Athena Visual Studio, minimizes the OF 454,
This subroutine also determines the credible intervals for each estimated parameter and

calculates the normalized parameter covariance. The OF is expressed by
OF =(a+ B+ 1) In(Jv]) (16)

where |v| is the determinant of the covariance matrix of the responses, B is the number of

responses, and a is the number of events in response.
Each element of this matrix is as follows:
vij = XWF. O — Vo) * (Vju — V) (17)

where y;, is the synthetic concentration or temperature and y,, is the estimated value for
response i and event u; and y;, the synthetic data and y,,, the estimated value for response j

and event u. The term WF is the weight factor value.
The minimization of the OF is done via successive quadratic programming.

The credible intervals of the estimated parameters were evaluated by the marginal highest

posterior density (HPD).
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4.1 Kinetic modeling with synthetic runs with low errors

Figures 8 and 9 show examples of the fit of the model to the synthetic data. Approach 1 was
used for these figures, i.e., all isothermal and adiabatic synthetic runs were used. The error
bars represent the 95% confidence interval value and Student’s t distribution. The variance o2

was calculated as
1 N2
0% = — n_1(xy — %) (18)

where, n is the number of replicates, x,, the concentration or temperature values of sample p
and x is the mean value of the replicate. It was assumed that each sample was analyzed three

times, for that reason there is three replicate values for the concentration.

The error bars were calculated as

_ -1 0C -1
X—ty - .

a T
2 Vn

]R3

_ o
X+t N (19)

N

t&~ ' is the student t-value for n-1 samples.

2

Figure 8 shows that the fit of the model to synthetic data (mean value) is good; there was no
temperature because it was done in isothermal conditions. Figure 9 shows that the fit of the
model to synthetic concentration and temperature in adiabatic mode is good. Run 19 is an

adiabatic synthetic run, so no samples were withdrawn during the reaction progress.

The results of kinetic modeling for Approach 1, including the correlation matrix and HPD
intervals, could be found in the repository (Excel file
Kinetic_modeling_Approachl_ All isothermal_ adiabatic_experiments LHD1 low_errors  at

https://data.mendeley.com/datasets/v38n3wbsrt/1).
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Figure 10 shows the ratio SSR/n, where n represents the total synthetic point number.

Approaches 1 to 3 were done with all Runs, all isothermal and all adiabatic runs, respectively.

Therefore, no error bars were associated to their SSR/n values. Approaches 4 to 8 were

performed using different sets of runs (Supporting information S1), thus, it was possible to

calculate the error bars, based on the standard deviation. Figure 10 shows that all approaches

give similar SSR/n values concentrations, except for Approach 3. Approach 3, only adiabatic

synthetic runs, gives a high ratio for concentration and temperatures. It is interesting to observe

that Approach 8, constituting 8 adiabatic and 7 isothermal runs, gave similar SSR/n values to

Approach 1. Such an approach could be beneficial to decrease the number of isothermal runs,

which are time-consuming for the analytical part.
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Figure 11 shows the estimated results for Approaches 1 to 3, i.e., using all synthetic runs, all
isothermal synthetic runs and all adiabatic synthetic runs. The error bars represent the HPD
values (Excel files
Kinetic_modeling_Approach2_All_isothermal _experiments LHD1 low_errors;
Kinetic_modeling_Approach3_All_adiabatic_experiments_LHD1 low_errors;

Summary LHD1 low_errors at https://data.mendeley.com/datasets/v38n3wbsrt/1). The

estimated parameters are generally similar to the hypothetical true ones for modeling using all
numerical and isothermal synthetic runs. This observation is more nuanced for modeling using
only all adiabatic synthetic runs (Approach 3). The regression time is longer using all adiabatic
synthetic runs because they are more synthetic data, giving less accurate results for the

logarithm of rate and adsorption constants.
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Figure 11. Comparison of the estimated kinetic constants obtained from Approach 1to 3 (i.e.,
all synthetic runs, all isothermal synthetic runs and all adiabatic synthetic runs) and the

hypothetical true ones (Real), where the error bars are the HPD intervals.

Table 7 recaps the different approaches with low errors.

Table 7. Number of adiabatic and isothermal synthetic runs in the approach.

Approach Number of isothermal runs Number of adiabatic runs
1 15 10
2 15 0
3 0 10
4 14 1
5 13 2
6 10 5
7 9 6
8 7 8

Figure 12 shows the effect of the number of adiabatic runs on the estimation of different kinetic
constants. The total number of synthetic runs used in the modeling is 15. The orange line
represents the true hypothetical values. The error bars do not represent the HPD but the
standard deviation between each modeling (Supporting information S2 and Excel files
Kinetic_modeling_ApproachX_All_isothermal_adiabatic_experiments_LHD1 low_errors and

Summary LHD1 low errors at https://data.mendeley.com/datasets/v38n3wbsrt/1). For

instance, for Approach 4, we performed the kinetic modeling for each Mix (Supporting

information S1) thus, we got 10 values for each estimated kinetic constants.
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In general, one can observe that modeling the different set of synthetic runs in the Approach
(Supporting information S1-Approaches 4 to 8) can provide estimated kinetic constants close
to the true hypothetical values. Nevertheless, one must conclude that parameter estimation

using 15 isothermal synthetic runs with low errors gives estimated constants closer to the true

hypothetical values.

From Figure 12, one cannot include that there is a clear effect of the number of adiabatic

synthetic runs on the results of kinetic modeling. The error bars in Figure 12 are the standard

deviation between each mix set of runs.

One should remember that the benefit of adiabatic synthetic runs compared to isothermal

synthetic runs is that there are fewer samples to analyze.
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Figure 12. Effect of adiabatic synthetic runs with low errors for Approaches 2 (all isothermal
runs) and 4 to 8 (error bars are the standard deviation) towards hypothetical true kinetic

constants (Real).

We did not observe strong correlations between estimated parameters in kinetic models
developed using low error. The analysis of the normalized covariance matrices did not show
high values, i.e., higher than the absolute value of 0.95 *3. The same observation was done by

analyzing the parity plots for each observable, and it was found that the model can correctly
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predict the synthetic data. The kinetic models are available in the repertory Mendeley Data

(https://data.mendeley.com/datasets/v38n3wbsrt/1).
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4.2 Kinetic modeling with synthetic runs with high errors.

We studied the effect of high error on the modeling. From the 20 synthetic runs generated in
isothermal conditions (Table 5) and from the 20 synthetic runs generated in adiabatic
conditions (Table 6), we evaluated 6 approaches summarized in Table 8. In Supporting

information, S3 shows the aleatory distribution of the different runs for the different approaches.

Table 8. Number of adiabatic and isothermal synthetic runs in the Approach using synthetic

runs with high errors.

Number of isothermal Number of adiabatic synthetic
Approach
synthetic runs runs
1H 20 0
2H 0 20
3H 17 3
4H 14 6
5H 10 10
6H 6 14
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Figure 13 shows the fit of the model to synthetic concentrations (exp_mean) from Runl7H in
isothermal conditions via Approach 1H, where the error bars represent the confidence interval
of 95%. One can notice that the model can fit the synthetic concentration in an excellent way.
Figure 14 shows the fit of the model to synthetic concentrations (_exp) and reaction

temperature (Temp_exp) for Run 40H via Approach 6H.
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Figure 13. Fit of the model LHD1 to synthetic concentration with high error for Run 17H from

Approach1H with error bars.
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Figure 14. Fit of the model LHD1 to synthetic concentration with high error for Run 40H from

Approach 6H.
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This section evaluates the effect of the number of adiabatic synthetic runs on the sum of square
of residuals (SSR). Each Approach has the same number of runs. One can find the Excel file
Summary_LHD1 high_errors in repository Mendeley data

(https://data.mendeley.com/datasets/v38n3wbsrt/1).

In order to compare the effect of the number of adiabatic synthetic runs on SSR, we divided
this value by the number of synthetic points, n. Figures 15 and 16 show that SSR/n for the
intermediate BHMF and DHMTHF are slightly higher than the other. One can observe that the
use of Approach2H gives higher SSR/n values for the intermediate DHMTHF and for the
reaction temperature. The kinetic modeling using ApproachlH does not have SSR/n for
temperature because synthetic runs were generated in isothermal conditions. Using
Approach1H leads to slightly lower values of SSR/n for all species, globally. The SSR/n for all
species for ApproachlH and Approach3H to Approach6H is relatively similar. For SSR/n

temperature, the use of Approach5H and Approach6H gives the lowest value.

2.00E-02 B SSR_HMF/n M SSR_BHMF/n SSR_DHMTHF/n SSR_DHMDHF/n
1.80E-02
1.60E-02
1.40E-02
1.20E-02
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Figure 15. SSR/n from different Approach with all synthetic runs at high error values.
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Figure 16. SSR/n from different Approach with all synthetic runs at high error values.

Figure 17 shows the effect of adiabatic synthetic runs at high errors. We did not include the

HPD intervals for the sake of clarity.

From Figure 17, one can notice that the use of only adiabatic synthetic runs (Approach2H)
gives the farthest estimated values from the true ones, and the use of only isothermal synthetic
runs (ApproachlH) gives the closer estimated values from the true ones. This observation is
essentially verifiable for the estimation of the adsorption constants. This difference relies on
the fact that the temperature response is the sum of the three reactions, thus making

challenging the estimation.

Kinetic modeling with Approch5H and 6H, where more than 50% of runs were done in adiabatic

conditions, allows a good estimation of the kinetic constants.
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Figure 17. Effect of adiabatic synthetic runs with high errors for all Approaches towards

hypothetical true kinetic constants (Real).

In general, kinetic models developed using high errors did not show strong correlations

between the estimated parameters, and the parity plots show that the model can predict the

concentration and temperature. The Kkinetic models are available in the repertory

(https://data.mendeley.com/datasets/v38n3wbsrt/1).
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5 Conclusions

This article deals with the impact of implementing adiabatic runs with isothermal runs for
consecutive exothermic reaction steps, i.e., hydrogenation of 5-HMF. We created hypothetical
true kinetic constants for Langmuir-Hinshelwood with the dissociation of hydrogen on the
surface. Several synthetic runs were built from these hypothetical true kinetic constants, and
two different error levels were added to the true synthetic concentration and temperature. The
operating conditions were chosen as a kinetic modeler would have done, i.e., effect of initial
temperature, concentration, pressure, catalyst loading, etc. These synthetic runs were done in
a batch reactor and in isobaric mode. We created different approaches defined as a set of runs

with different numbers of adiabatic and isothermal runs.

Estimating some kinetic constants, such as adsorption, is challenging. Hence, a global
sensitivity analysis was done via the calculation of Sobol’ indices in isothermal and adiabatic
mode to know the most influential parameters (initial operating conditions and estimated kinetic
constants) on ordinary differential equations (ODESs) from materials and energy balances. This
analysis confirmed the difficulty of estimating the adsorption constants at the surface because
their influence are low. In isothermal and adiabatic modes, this analysis showed that the kinetic

constants for the first reaction step mainly influence the ODEs significantly.

By using 15 runs with low errors, i.e., standard deviation of 5% for concentration and 0.1K of
temperature, we found that the ratio SSR/n for each observable, where n is the number of
synthetic points, were similar for all approaches, except the one with only adiabatic runs. The
ratio SSR/n obtained only for Approach using adiabatic runs were the higher ones. Such
observation was also done for parameter estimation; the estimated kinetic constants were
found to be far from the true ones by using solely adiabatic runs and were closed by using

solely isothermal runs.
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The use of 20 runs with high errors, i.e., a standard deviation of 13% for concentration and
1.0K of temperature, showed the same trend. It is impossible to correctly estimate kinetic
constants solely with adiabatic runs for such reaction systems. Nevertheless, mixing adiabatic

and isothermal runs gives similar estimated constants than the use of only isothermal runs.

Mixing adiabatic runs and isothermal runs for parameter estimation has two benefits. Firstly, it
allows to decrease the analytical stage, and secondly it allows to get some models for product

optimization, pinch analysis and thermal runaway assessment.

An extension of this work could be evaluating this approach in model selection. One of the
main questions could be if different models, such as Eley-Rideal or non-competitive Langmuir-

Hinshelwood, could be discriminated via adiabatic runs.
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Notation

mCatalyst

OF

P Hp,reactor

R

Concentration of species j

Standard heat capacity of reaction mixture

Standard heat capacity of the solid catalyst
Activation energy of reaction step i

Henry’s constant

Concentration of hydrogen at the gas-liquid interface
Enthalpy of hydrogen solubilization

Reaction enthalpy of step i

Initial concentration of j

Rate constant of reaction i

Volumetric gas to liquid mass transfer coefficient for hydrogen
Adsoprtion constant of species j

Mass of reaction mixture

Mass of solid catalyst

Objective function

Pressure of hydrogen in reactor

Universal gas constant

Reaction rate of step i

Temperature

Reference temperature

Reaction volume
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Greek letters

pLiq

.uLiq

Number of events in response

Number of responses

Determinant of the covariance matrix of the responses
Variance

Liquid density

Kinematic viscosity

Catalyst loading

Abbreviations

BHMF

DHMDHF

DHMTHF

FTIR

5-HMF

GVL

HPD

ODE

SSR

w

2,5-Bishydroxymethylfuran
2,5-Dihydroxymethyldihydrofuran
2,5-Dihydroxymethyltetrahydrofuran

Fourier-transform infrared spectroscopy
5-(Hydroxymethyl)furfural

y-Valerolactone

Highest probability density in modeling estimation estimation
Ordinary differential equation

Sum of squared residuals

Water
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