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Abstract: In this work, we propose an automated, real-time optical scanning approach to assessing 
catalyst performance in the nitro-to-amine reduction using well-plate readers to monitor reaction 
progress. This approach takes advantage of a simple on-off fluorescence probe that gives a shift in 
absorbance and strong fluorescent signal when the non-fluorescent nitro-moiety is reduced to the 
amine form. The combination of an affordable probe and a low barrier-to-entry technique provides 
an accessible approach to high-throughput catalyst screening. Under this paradigm, we screened 114 
different catalysts and compared them in terms of reaction completion times, material abundance, 
price, recoverability, and safety. Using a simple scoring system, we plotted the catalysts in terms of 
cumulative scores, along with some intentional biases, including an emphasis on preference for 
catalysts with potential as green catalysts, considering environmental issues and possible geopolitical 
preferences. 

Keywords: high throughput; catalysis informatics; fluorogenic probe; nitro reduction 
 

1. Introduction 

Catalyst discovery is a time- and resource-intensive endeavor that involves navigating a 
multidimensional design space [1]. Optimal catalysts must balance multiple performance criteria—
such as activity, selectivity, and stability—alongside sustainability considerations, including 
abundance, affordability, recoverability, and safety. The challenge lies not only in meeting these 
diverse requirements but in identifying combinations of catalyst properties and reaction conditions 
that give rise to desirable performance. This necessitates multidimensional screening, where many 
variables—composition, structure, loading, temperature, solvent, and more—must be 
simultaneously explored [2,3]. 

In both homogeneous and heterogeneous catalysis, performance is influenced by various factors, 
including catalyst composition, morphology, particle size, support material, and surface 
characteristics. These parameters often interact non-linearly, making catalyst optimization a complex 
task. Additionally, catalysts are dynamic entities that can alter their behavior under reaction 
conditions through processes like Ostwald ripening, surface reconstruction [4], or particle 
disintegration [5,6]. These time-dependent changes underscore the significance of monitoring 
catalyst evolution throughout the reaction [7] rather than focusing solely on its performance at a 
single point in time. 

High-throughput experimentation (HTE) combined with catalyst informatics [8,9], has emerged 
as a powerful strategy to address this complexity [10,11]. By enabling multidimensional screening 
across many experimental parameters in parallel, HTE accelerates the search for promising catalysts 
and uncovers performance trends that would be missed in one-variable-at-a-time approaches [12,13]. 
Through the use of automated liquid handling, parallel reactors, and integrated analytics [14], HTE 
facilitates the rapid, systematic exploration of large chemical and material spaces and has proven 
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transformative in fields ranging from pharmaceuticals to materials science [15], offering 
miniaturization, throughput, and speed. 

Despite its advantages, traditional HTE methodologies often focus on endpoint analyses, 
capturing data only at the conclusion of reactions. This approach overlooks the kinetic and 
mechanistic insights that can be gleaned from time-resolved data, limiting the depth of 
understanding of catalyst behavior. Recent efforts have begun to incorporate kinetic measurements 
into HTE [16]. However, widespread adoption has been limited by the high costs associated with 
robotic automation. While gas chromatography (GC) and nuclear magnetic resonance (NMR) remain 
the gold standards for quantitative analysis in HTE, they present several drawbacks: time-consuming 
analysis, the need for manual sampling, and limited data throughput. In contrast, optical techniques 
offer a compelling alternative—they are widely accessible, sensitive, rapid, non-invasive, and capable 
of multiplexed, real-time detection [7,17]. Despite their clear advantages, optical methods have not 
yet been widely embraced as frontline tools for quantitative HTE. 

In this study, we introduce a fluorogenic system designed for optical reaction monitoring in 24-
well plate formats, facilitating the simultaneous monitoring of multiple reactions via the reduction of 
a nitronaphthalimide probe (Figure 1) [18–20]. This platform enables the collection of time-resolved 
kinetic data using standard well-plate readers, allowing for the efficient screening, optimization, and 
kinetic analysis of catalysts, exemplified here through the reduction of nitro compounds to amines. 
We assessed the reaction kinetics under consistent aging conditions across a library of catalysts (114 
catalysts). By integrating environmental considerations—such as cost, abundance, and 
recoverability—into the evaluation process, this platform promotes the selection of sustainable 
catalytic materials. 

 

Figure 1. The UV-Vis absorbance and fluorescence shifts of our fluorogenic probe for the optical detection of 
nitro-to-amine reductions. The system consists of a non-fluorescent nitronaphthalimide based precursor which 
becomes highly fluorescent upon reduction [18]. 

2. Methodology 

Assay Preparation for Data Collection 

The system in Figure 1 was examined in the presence of 114 different catalysts, mostly 
heterogeneous, with reaction yield approximated from the relative emission detected in each reaction 
well, and a corresponding reference-well containing the end product mixed with the catalyst. Our 
experimental protocol allowed the measurement of absorption spectrum [300-650 nm] and 
fluorescence of product at preselected intervals, typically 5 minutes, for a total time of 80 minutes. 
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This data-rich experimentation enabled the collection of kinetic graphs of starting material 
(absorbance), product (absorbance, and fluoresence), and isosbestic point, generating a minimum of 
4 kinetic graphs per well. This approach generated 32 data points for each sample including the 
fluorescence and UV absorption, for a total input of over 7,000 data points, illustrating the advantage 
of monitoring kinetics, not just end points; this large volume of data was them condensed in the 
simple kinetic and spectral graphs available in the Supporting Information. In addition each data 
point is associated with a complete absorption or emission spectrum. For systems which exceeded 
50% conversion in 5 minutes we utilized a fast kinetics protocol to examine the early part of the 
reaction, typically adding ~20 additional data entries for those systems. Several examples are 
provided in the Supporting Information. 

Well Plate Set-Up 

The 24-well polystyrene plate (Falcon) was populated with 12 reaction wells and 12 
corresponding reference wells (Figure 2). Each reaction well contained a sample consisting of 0.01 
mg/mL catalyst, 30 µM NN, 1.0 M aqueous N2H4, 0.1 mM acetic acid, and H2O, resulting in a total 
volume of 1.0 mL. Each sample well (S) was paired with a reference (R) well containing the same 
mixture, except that the NN dye was replaced with the anticipated end product, the reduced amine 
form of the probe, AN, as illustrated in Figure 2. 

We used 24-well plates because a total volume of 1 mL enabled the addition of very small 
amounts of catalyst (0.01 mg/mL) while still allowing for reproducible spectroscopic measurements. 
The presence of a standard had two purposes. First, the time profile of the standard well provided a 
means for testing product stability (absorbance) and emission stability (fluorescence) under the 
reaction conditions. Second, the standard was used to convert the absorbance and fluorescence 
intensities of the reaction well into nominal concentrations by taking the ratio of the standard to the 
reaction mixture. Once reaction was initiated, the plate was placed inside the Biotek Synergy HTX 
multi-mode reader. The plate reader was programmed to apply 5 s of orbital shaking at room 
temperate, followed by scanning the fluorescence intensity of the sample. The excitation wavelength 
was set at 485 nm with a band-pass of 20 nm, and the emission wavelength was at 590 nm with a 
band-pass of 35 nm (Figure 1). The Fluorescence intensity of the reactions in the plate was read in 20 
s. Subsequently, the absorption spectrum per reaction well was scanned covering the range of 300–
650 nm. The data collection process (shaking, fluorescence detection, and absorption scanning) was 
repeated every 5 min, for a total time of 80 min to obtain the reaction profile. 
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Figure 2. 24 well-plate set-up design (C). Wells labelled “S” contain NN to AN reaction mixtures, while wells 
labelled “R” contain the corresponding control system, containing the end product AN, rather than the nitro-
containing NN precursor. Absorbance and fluorescence intensities were scanned at pre-selected intervals of 5 
min, for a total of 80 min reaction time. (A) The absorption spectra obtained from the reaction well of 
Cu@charcoal catalyst (catalyst number 31). (B) The absorption spectra obtained from the standard well of 
Cu@charcoal catalyst. Fluorescence data were also recorded for both reaction and standard wells. 

Initial Processing of Spectroscopic Data 

The original data from a microplate reader were converted to CSV files. In our case the files were 
transferred to a MySQL database. For the purpose of visualization and data sharing, the information 
on the performance of each catalyst was converted into a basic graphic file. An example for catalyst 
#31, Cu@charcoal, is shown in Figure 3; these graphs comprise an important part of the Supporting 
Information that includes 115 pages, one for each catalyst and a control experiment, with the basic 
graph and other relevant information, including fast kinetic data when available. 

 

Figure 3. Catalyst profile for catalyst #31, Cu@charcoal. A) UV-Vis absorbance spectra of NN reduction, and (B) 
corresponding wavelengths-of-interest values over time. C) Radar plot scores for the catalyst. D) Fluorescence 
intensity, corresponding to AN-1 yield, over time. 

Each catalyst profile consists of 4 graphs. Panel A in Figure 3 shows the evolution of absorption, 
with the decaying peak at 350 nm corresponding to the nitro form and the growing peak at 430 nm 
for the amine product. The respective absorbance values are measured every 5 minutes, and shown 
in Panel B, along with the absorbance measured at the isosbestic point, 385 nm. In our example, the 
isosbestic point data show a flat line, consistent with a simple chemical conversion without significant 
complications related to side reactions. 

In some examples, a change in the isosbestic point over time implies a change in the reaction, for 
example in pH, or a more complicated mechanism is at play. This is exemplified by zeolite NaY 
(catalyst #11) material screened. Zeolite Y had the highest reactivity compared to all other “catalyst 
supports” screened, reaching a 33% yield in 80 min reaction time while the rest of the support 
materials screened had yields lower than 20% (see Supporting Information). Despite its moderate 
performance, Zeolite Y did not have a stable isosbestic point throughout the reaction which excluded 
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it from further catalyst design. In other cases, the time-evolution of the reaction shows the 
development of significant amounts of the 550 nm absorbing intermediate (Figure 3A), which we 
attribute to the azo/azoxy form of the dye. Samples which exhibit high levels of these compounds are 
subsequently given a low “selectivity” score, on the basis that in many applications of catalysis, 
having long lived reactive intermediates or biproducts could compromise a synthesis and complicate 
product isolation. Our platform is ideal for monitoring biproducts and isosbestic points, as it includes 
the global dynamic behavior of all species present within the catalytic system, offering a deeper 
understanding of the reaction progression than in systems which only monitor reaction end-points. 
Panel D shows the evolution of fluorescence data, with kinetics that are fully consistent with the 
absorption data (compare to the green squares in Panel B). Finally, Panel C shows a radar plot, where 
our experimental data is reflected in the Kinetic Yield and Selectivity entries, with the later evaluated 
visually as indicated above. We also scored our materials on four other key parameters that we 
consider important when selecting catalysts, discussed in the next section. 

Parameter Database 

After developing a system with data-rich experimental capabilities, chemical properties related 
to 1) material abundance and risk of depletion, 2) price, 3) recoverability, and 4) safety, were 
incorporated from literature collected data towards the goal of discovering sustainable, efficient, and 
green catalysts for reduction reactions. 

i. Material abundance was evaluated based on the available supply of the material. The 
information was adapted from the American Chemical Society: “the periodic table’s endangered 
elements”[21]. 

ii. The affordability of the material was evaluated based on the material price per gram which was 
obtained from Sigma Aldrich on September 10, 2021, or estimated for material prepared in our 
laboratories. This estimate was usually four times the cost of precursors. 

iii. Recoverability is the first step towards re-useability. Recoverability was ranked based on the 
material’s solubility in the reaction solvent (H2O), with heterogenous catalysts scoring higher on 
our scale, and unrecoverable soluble catalysts scoring low. 

iv. Safety was measured as the inverse of each materials’ relative hazard score. The National Fire 
Protection Association (NFPA) evaluates materials’ hazard levels based on health, flammability, 
and instability. Each hazard factor was ranked from 0 to 4 based on severity, where a higher 
ranking indicated a greater hazard level. Overall, the hazard levels were added up and the 
inverse value was guided the level of relative safety. 

Table 1 highlights the evaluation levels that were adopted related to every chemical property; 
higher-ranking levels indicate a more sustainable catalyst. This multidimensional dataset was then 
imported into MySQL Workbench. Note that while 5 scores are available (1 to 5) for some parameters 
only 3 or 4 possible values were adopted. 

Table 1. Ranking categories associated with chemical properties. For each parameter, more favorable 
characteristics are awarded a higher standardized score, ranging from 1-5 (row 1, “score/parameter”). 

Score† ➔ 
Parameter ↓ 

1 
(least 

favorable) 
2 3 4 

5 
(most favorable) 

(S) Safety (NFPA 
score) 

8-7  6-5  4-3  2-1  0  

Selectivity 

Intermediate 
persists at 
reaction 

endpoint (550 
nm band 

NA 

Intermediate 
formed then 

disappears by 
reaction end 

point. 550 nm 

NA 

Intermediate 
does not form 

across the 
reaction profile. 

No 550 nm signal 
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remain at 80 
min) 

band gone at 80 
min 

Reaction rate 
Less than 25% 
yield in 80 min 

25 ≤%yield≤ 
60 in 80 min 

60 ≤%yield≤ 100 in 
80 min 

Plateaus to 
completion in 

80 min 

Plateaus to 
completion in < 

20 min 
($)Affordability  > $100 60 ≤ $ ≤ 100 30 ≤ $ ≤ 60 30 ≤ $ ≤ 10 < $10 

(A) Supply & 
Abundance 

0 score NA 1, 2 score NA 3 score 

(R)Recoverability 0 score NA 1 score NA 2 & 3 scores 
† The details of the scoring system can be found in the ESI. Not all score numeric values are used for all properties; 
in some cases (e.g., Selectivity, only values 1,3 and 5 are used. 

Materials Tested 

Drawing from our laboratory’s existing chemical stocks, we initially randomly selected 105 
materials to investigate their performance in catalyzing the model reaction depicted in Figure 1. No 
selection bias was applied other than the material’s availability in the laboratory; several of these 
materials have been reported in earlier publications [22–27]. This random approach resulted in a 
diverse range of chemical compositions, spanning a wide chemical space. Subsequently, the original 
set was expanded to 114 materials by adding nine additional Cerium-containing catalysts, as Cerium 
materials are frequently good catalysts [28]. This decision was made based on the initial observation 
that CeO2 demonstrated promising catalytic activity and a high green score (vide infra). 

3. Results and Discussion 

Importance of Time-Course Analysis in Catalyst Discovery 

There are a number of parameters that are used to quantify catalyst performance, such as turn-
over-number (TON). Quite frequently performance is evaluated at fixed end points, optimized either 
for a specific system, or just based on experimental convenience, such as “overnight” reactions. 
Kinetics is intrinsically linked to catalysis and proper kinetic analysis will allow not only to select the 
best catalyst, but also to select reaction times that optimize yields and selectivity, as well as energy 
use and utilization of equipment. For example, for catalyst #31 (See Figure 3) we monitored the 
reaction for over 80 minutes, but it is clear that 40 minutes would have been sufficient for the reaction 
to complete. Beyond this type of visual analysis, the data acquired is suitable for more detailed kinetic 
analysis, which we approximate with growth and decay monoexponential analysis as illustrated in 
Figure 4. Other types of analysis are justified in some cases and are discussed later; for example, in 
Figure 4 it is clear that for the growth analysis a monoexponential may be a convenient analysis, but 
other models may fit the data better. 
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Figure 4. Absorption (■ 350 nm, ▼430 nm) and fluorescence (▲) data for catalyst #31, Cu@charcoal. The data 
have been slightly adjusted (<10%), so that the range is 0-100% assuming complete conversion applies to 
fluorescence as observed in the absorption measurements. Note that the exponential growth fit does not match 
the data very well. Different kinetic models will be discussed later. The rate constants in min-1 are 0.060 (350 nm), 
0.043 (430 nm) and 0.040 (fluorescence). 

Another crucial parameter, already included in Panel C of Figure 3, is reaction selectivity. A 
careful examination (Panel A) reveals an absorbance in the 550 nm region. This is because an 
intermediate, either an azo or azoxy compound, is formed, which may or may not be reduced to the 
final product, depending on the catalyst employed. These data underscores the significance of holistic 
kinetic profiling in investigating reaction mechanisms by quantifying intermediate formation. For 
instance, for catalyst #31, the selectivity score is 3 (as shown in Table 1). This indicates that the 
biproduct that absorbs at 550 nm is formed, but the corresponding band disappears (and is converted 
to the product) after 80 minutes. 

Among the 114 catalysts screened, we observed four distinct kinetic behaviors of the 
intermediate at 550 nm (see SI). 

A. A constant amount of intermediate was maintained throughout the reaction. 
B. In some cases, the intermediate was undetectable. 
C. A significant accumulation of the intermediate occurred at the beginning of the reaction, 

followed by a slow depletion rate. 
D. In other cases, the intermediate also accumulated early but was followed by a rapid depletion 

rate. 

 
Figure 5. Four models describing the dynamic behavior of the intermediate detected at 540 nm from the HT 
fluorogenic assay data collected from Scheme 2. A) a consistent amount of intermediate detected throughout the 
reaction. B) undetectable intermediate behavior. C) a significant amount of intermediate formation with a low 
depletion rate. D) a significant amount of intermediate formation with a fast depletion rate. 

Fast Kinetics 

Seven of the high performing catalysts had fast reaction rates where the first data point collected 
at 5 min corresponded to over 50% conversion. (Supporting Information plots for catalysts # 13,15, 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: Posted: 8 May 2025 doi:doi:10.20944/preprints202505.0538.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202505.0538.v1
http://creativecommons.org/licenses/by/4.0/


 8 of 13 

 

16, 18 and 43-45). For these high performing catalysts, we adopted a fast-kinetic approach that scans 
fluorescence or absorbance intensities as fast as 10 s intervals. 

The fast kinetics approach allowed us to zoom in and examine the reactivity of high-performing 
catalysts. Many of the fast-performing catalysts were Pd and Pt-based materials. Overall, most of the 
fast-performing catalysts were recoverable (heterogenous) but may struggle to be sustainable due to 
a lack of global material abundance, safety concerns, and affordability, as shown in the scores scheme 
of Table 1 and the radar graphs included in the Supporting Information. Hence, while these catalysts 
out-performed many other materials in pure reaction times, the design of more sustainable catalysts 
with good performance is still preferred for the reduction reactions. 

As an example of a system showing fast kinetic behavior, we selected catalyst #13, Pd@carbon, 
Figure 6. Here the data were collected in two different ways—first using our standard approach with 
measurements taken every 5 minutes (with an early segment shown with solid squares and triangles 
for absorbance and fluorescence, respectively), alongside, the fast kinetic scans where measurements 
were taken every 10 seconds (shown with hollow squares and triangles for absorbance and 
fluorescence, respectively), as the standard acquisition showed that the reaction was mostly complete 
by the time the first point (5 min) was acquired. The data were normalized to display absorbance and 
fluorescence results in the same graph. Only the first 30 minutes are shown in Figure 6, with the 
complete 80 minute acquisition being available in the Supporting information, and is essentially flat 
after the first 20 minutes. This switching in kinetic scanning time ensured the cross-validation of the 
fast and slow kinetics monitoring techniques from the same reaction. 

 
Figure 6. Normal acquisition and fast kinetic data using Pd@Carbon as a catalyst (#13). Absorbance data in red 
and purple and fluorescence in black and blue. Filled data points correspond to normal acquisition that extends 
over 80 minutes, while hollow points represent fast kinetic scans, taken every 10 seconds. 

Note that in Figure 6 the absorbance changes faster than the fluorescence, with half lives of 0.74 
and 3.2 minutes, respectively. A tentative interpretation for these data is that while absorbance 
changes are immediate, the fluorescence is delayed because it requires the amine product to be 
released from the catalyst or its support. Given that carbon has excellent adsorption properties, it is 
perhaps not surprising that it retains the amine, AN, for a relatively long time. In longer time scales 
(>20 min) the kinetic difference shown in Figure 6 is not detectable. This observation is enabled 
because of the real-time nature of the measurements and would not be available with techniques 
based on sampling, off-line analysis and reaction end-point studies. 
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Kinetic Models for Heterogeneous Catalysts 

While our scoring system concentrates on overall performance, many of the high-performing 
catalysts are amenable to kinetic modeling. Heterogeneous catalysts showed three different kinetic 
models, as illustrated in Figure 7 Some catalysts were modeled by a linear plot (i.e., reaction order of 
zero), indicating that the reaction rate is independent of the concentration of the starting material and 
hence the concentration of the active site of the catalytic surface determines the rate of the reaction, 
as manifested by CuFe2O4. Other catalysts were modeled by a smooth growth plot — Michaelis 
Menten-type kinetics — suggesting that the reaction rate is first order in the reagent, as illustrated by 
(Au+Pd)@TiO2 catalyst. Interestingly, some catalysts demonstrated a combination of fast near-linear 
and growth plots as exemplified by the PdCl2 catalyst in Figure 6. A tentative interpretation assumes 
that early in the reaction, the reaction rate is limited by the concentration of the catalytic active site 
(quasi-linear plot). As the product is formed, the slow product dissociation from the catalytic surface 
becomes the limiting factor which changes the kinetic behavior into a growth model, ultimately 
reaching a full reaction conversion but in a much longer time (⁓70 min). 

The complexity of the catalytic behavior associated with the fact that catalysis is a time-
dependent event is seamlessly revealed in our real-time high-throughput platform. These intrinsic 
kinetic behaviors would have been lost if only traditional approaches of high-throughput techniques 
with end-point analysis were implemented. 

 

Figure 7. Kinetic models for 3 representative heterogenous catalysts used, showing three distinct kinetic 
behaviors: A) linear growth, B) monoexponential growth, and C) a hybrid growth consisting of a linear jump, 
followed by monoexponential growth. 

Scoring System 

A traditional evaluation system may look at just yield and cost. In our case “yield” takes into 
account rate as well, with scores ranging from 1 to 5, where 5 means not just high yield, but also fast, 
according to Table 1. Figure 8 shows the product of the yield*price scores, where the maximum 
possible value is 25. They are simply plotted against catalyst number, this representing the order in 
which catalysts for this work were initially located. This plot would lead to the conclusion the copper 
catalysts or CeCl3 should be preferred; such conclusion would ignore the other four parameters (see 
Figure 3C) that we also consider important, particularly as they generally account for safety and 
environmental considerations. A scoring criterium has recently been utilized for asymmetric catalysis 
[29]. 
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Figure 8. product of the yield*cost scores against catalyst number. Individual scores can be found in the 
Supporting Information. 

Instead of the simple approach of Figure 8, we have implemented a biased score that takes other 
parameters into account. For all 114 catalysts, a scoring formula was implemented to plot the 
materials in terms of their yields and potential as green catalysts. There are of course many ways in 
which the scores could be manipulated based on preference, but we chose this to demonstrate how a 
standardized scoring system can be used to assess catalysts at large. The ones illustrated below reflect 
our preferences which of course may be different from those of the reader. Suitable data are provided 
in the Supporting Information so that interested readers can design a scoring algorithm that reflect 
their interests and bias. Some parameters such as abundance and cost may also be sensitive to 
geopolitical considerations. 

A green score is defined (SAR or S*A*R) as the product of scores for safety, abundance and 
recoverability as defined in Table 1. 𝑺𝑨𝑹 ൌ 𝑺 ൈ 𝑨 ൈ 𝑹 (1)

Initially we thought of defining the green score as the sum of S, A and R, however this approach 
is too forgiving on systems that may have one very bad score. In contrast equation 1 penalizes more 
systems with single low (or unacceptable) score. 

For each reaction a score based on the efficiency of the process can be defined as shown in 
equation 2. 𝑺𝒄𝒐𝒓𝒆 ൌ ሾሺ∑ 𝑷𝒊 ሻ ൅ 𝑩𝒂ሿ ൈ 𝒇ሺ𝑷𝒏ሻ ൈ 𝒇ሺ𝑷𝒎ሻ ൈ 𝑩𝒙    (2)

Where individual scores (P) are the 6 parameters (individual scores) defined in Table 1, Pn is a user 
selected parameter and Pm another user selection, providing additional weight to selected 
parameters. Typically one of these parameters would be the yield (in our case Pn). In our case Pm is 
the abundance, but with a square root function, so that yield (Y) is weighted more heavily then 
abundance (A). Further Ba and Bx are bias parameters of an additive or multiplier type, respectively. 
We anticipate that parameter choice may reflect environmental issues and likely geopolitical 
preferences. Equation 3, illustrates the case where no biases are included (i.e., Ba = 0 and Bx = 1). 𝑩𝒂𝒔𝒆 𝑺𝒄𝒐𝒓𝒆 ൌ ሾሺ∑ 𝑷𝒊 ሻሿ ൈ 𝒀 ൈ √𝑨    (3)

An example using the Base Score is shown in Figure 9 where the catalysts are categorized into 4 
quadrants: high yield & high green potential, high yield & low green potential, low yield & low green 
potential, and low yield & high green potential. As already mentioned, CeO2 stands out as a material 
which boasts impressive potential as an effective green catalysts. 
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Figure 9. Comparison of green scores and base scores (Eq. 2) for all 114 catalysts. The top right quadrant 
highlights green catalysts with good overall scores. 

As an exercise, we decided to add bias to our plots, allowing us to select for materials which 
have particular benefits for specific communities. As an exercise we prepared many plots, for 
example emphasizing only yields, or financial aspects. The one shown in Figure 10 reflects our 
affiliations, assigning Bx values of 1.5 to catalysts incorporating Pt, Pd or Co, all elements for which 
Canada is one of the top five producers in the world, thus applying a geographic bias to our data 
interpretation 

 

Figure 10. Comparison of green scores and base scores (Eq. 2) for all 114 catalysts. The top right quadrant 
highlights green catalysts (high S*A*R) with good scores. The base score has been modified with what we 
describe as a Canadian bias (see text). 

4. Conclusions 

Our studies highlight the importance of conducting consistent studies to start work on 
experimental catalysis informatics [8]. These data must be obtained under strictly controlled 
conditions and must include all negative results or failed attempts with the same weight as successful 
experiments. Unfortunately, this is not a common practice in published work or work originating 
from different laboratories. Beyond end point yields, understanding the kinetics of the process is 
critical if reaction times are to be optimized. We believe that beyond yield and price, other parameters 
must be evaluated, as they relate to environmental, health or sustainability issues. To this effect we 
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have created a scoring system that takes into account a total of six parameters visually illustrated 
with radar plots. Further, the scoring system is readily adaptable to different types of bias; these may 
reflect environmental or sustainability issues, or reflect trade practices, supply availability or 
geopolitical preferences. Given our affiliations we demonstrate an example in which scores are biased 
to reflect Canadian preferences. We hope that our scoring ideas will not only be implemented in 
catalysis informatics, but also in other fields, particularly when the acquisition of experimental data 
limits the practical volume of data sets. 

Supplementary Materials: The following supporting information can be downloaded at the website of this 
paper posted on Preprints.org. 
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