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Supplementary Figure 1: Escher map of the E. coli central carbon metabolism network. The reactions are represented

as blue lines and the metabolites as orange circles. This map was generated using the Escher web tool'.
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Supplementary Figure 2: Upper Panel: Discriminator Loss (green) and generator Loss (orange) values over training

epochs for 5 statistical repeats. Lower Panel: Discriminator Accuracy over training epochs (5 statistical repeats) for (a)

Physiology 1 (b) Physiology 2 (c) Physiology 3 (d) Physiology 4. The losses of the discriminator and generator stabilize

as training progresses. The discriminator accuracy settles near 50% indicating that the discriminator cannot distinguish

between training data (from ORACLE) and generated data (from the generator).
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Supplementary Figure 3a: Generation and Validation of REKINDLE generated datasets for Physiology 2. The panels

description and the meaning of abbreviations are presented in the caption of Figure 2 of the main manuscript.
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Supplementary Figure 3b: Generation and Validation of REKINDLE generated datasets for Physiology 3. The panels

description and the meaning of abbreviations are presented in the caption of Figure 2 of the main manuscript.
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Supplementary Figure 3c: Generation and Validation of REKINDLE generated datasets for Physiology 4. The panels

description and the meaning of abbreviations are presented in the caption of Figure 2 of the main manuscript.
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Supplementary Figure 4: 1000 models were perturbed 10 times randomly between 0.5X;s¢ < AX < 2Xp¢s and then

allowed to evolve with the perturbed state, AX, as the initial condition and then checked if the dynamics comes back to

within 1% of the reference steady state for (a) Physiology 2 (b) Physiology 3 (c) Physiology 4. We see that higher

percentage of REKINDLE parameterized kinetic models comes back to the steady state compared to ORACLE.
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Supplementary Figure 5: (a) KL divergence scores of kinetic parameters distributions with biologically relevant and non
relevant dynamics for Physiology 1. (b) Distributions of the KL divergence scores in (a). We observe that only a handful
of parameters have significant KL divergence scores and majority of the parameters have KL divergence score close to
zero. This indicates the most parameters have the same distributions in the kinetic models with relevant and non-relevant

dynamics.
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Supplementary Figure 6: The top 7 kinetic parameters from Fig 3a are visualized in the metabolic network. The green
highlight indicates the substrate of the kinetic parameter with their associated reaction. The red numbers indicate the
rank of the kinetic parameter according to Figure 3a. The exact reactions and rate law expressions of these 7 parameters
are elaborated in Supplementary Table 1.
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Supplementary Table 1: The reaction and the rate law formalisms of the top 7 kinetic parameters from Fig. 3a. Here S;

and P; represents the " substrate and product of a reaction, K., represents the equilibrium constant of the reaction and h

is the Hill coefficient of the generalized Michaelis-Menten and Convenience kinetics.
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Supplementary Figure 7: 50,000 REKINDLE generated models were divided into 10 sub-populations (indicated by the
different shades of the bins) based on their respective values of A) Kj43"° B) Ki%524 (left). and (Right) the maximum

eigenvalue distributions of the Jacobian for the subpopulations. The thick black line indicates the mean of the distribution
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physiology and gradually constrain the ranked parameters in the top panel in a cumulative manner, based on their ranks

(right). Constraining the parameters stabilizes (blue) as well as rescues (green) the unstable models.
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Supplementary Figure 9: The kinetic parameter space of the training dataset for Physiology 1 was visualized using
different unsupervised dimension reduction tools (a) PCA (b) UMAP (c) tSNE. We observe that these tools are not able to
recover a proper boundary between the relevant and non-relevant kinetic parameter sets. We observed similar results for

all the 4 different physiologies.
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Supplementary Figure 10: The kinetic parameter space was visualized using UMAP (a) with all the parameters (b) Only
the top 5 parameters in Fig 3a. We observe that in the (a) the REKINDLE generated data (green) and the training set
(orange and blue) are completely disjoint and in (b) they share the same space. This indicates that the GANs in
REKINDLE are able to distinguish between significant parameters and non-significant parameters and learn them

accordingly.
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Supplementary Figure 11a: The discriminator loss (green line) and generator loss (orange line) for the case of transfer
learning from Physiology 4 to Physiology 1, using 10 (top panel), 50, 100, 500 and 1000 (bottom panel) samples from

physiology 1, for 5 statistical repeats. The losses show similar trends for all 11 other cases of transfer learning.
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Supplementary Figure 11b: The discriminator accuracy for the case of transfer learning from Physiology 4 to
Physiology 1, using 10 (top panel), 50, 100, 500 and 1000 (bottom panel) samples from physiology 1, for 5 statistical
repeats. The accuracies show similar trends for all 11 other cases of transfer learning. It can be seen that training beyond

150 epochs leads to discriminator overpowering the generator for the cases with 500 and 1000 samples.
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5 statistical repeats. The incidences show similar trends for all 11 other cases of transfer learning.



Supplementary Note 1: Testing classification performance of
different machine learning algorithms on kinetic parameter
sets

The choice of the proper machine learning algorithm was crucial in accomplishing our task of conditional
generation of a specific category of training data. For conditional generation, successful implicit classification
(between different categories of training data) is a necessary condition. As GANs accomplish both these
tasks, it was our method of choice. Variational Autoencoders (VAEs)?, another class of generative neural
networks with similar complexity as GANs, would also be an attractive option but we opted for GANs
because of its ability to extrapolate data®.

Nevertheless, we did a comparative study of the classification accuracy (the ability to correctly classify
biologically relevant and non-relevant kinetic parameter sets for the 1st physiology) of four commonly used
algorithms (1) Logistic Regression (1) Support Vector Machines (1ll) XGBoost Classifier (IV) Random Forest
Classifier. The classification performance is summarized in Supplementary Figure 12.
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Supplementary Figure 12: Classification accuracies of standard machine learning models between biologically relevant

and irrelevant kinetic parameter sets for physiology 1. The black horizontal line indicates 50% classification accuracy.

None of these methods had a classification accuracy superior to 75 % ( (I) Logistic Regression: 73.46 % (ll)
Support Vector Machines 74.28% (Ill) XGBoost Classifier 75.71% (IV) Random Forest Classifier 59%),
indicating that more complex nonlinear function approximators like deep neural networks are more suited for
this task. Additionally, these methods did not provide reliable information about important features that one
could use for the downstream task of conditional generation. We pruned the important features indicated by
the algorithms mentioned above, and this pruning did not lead to an increase in performance. This indicates
that the feature importance results are unreliable due to low classification accuracy and hence will lead to
inconsistent conclusions if used for the generation task. Finally, even if these simpler algorithms had good

classification accuracy, it would be difficult for some of these to integrate the information from the classifier



into the kinetic modeling frameworks. This study was implemented in Python using the scikit-learn library
(https://scikit-learn.org/stable/) and is available in the Github repository of REKINDLE
(https://github.com/EPFL-LCSB/rekindle) named algorithm__classification_test.ipynb.

Supplementary Note 2: Advantages of REKINDLE over
traditional sampling-based kinetic modeling methods.

REKINDLE offer the following benefits over traditional sampling-based kinetic modeling methods:

. Ease of extrapolation (transfer learning) to other physiological or steady-state conditions:
Even when sampling-based workflows like ORACLE have a good incidence of kinetic models with
desired dynamics for one specific steady-state condition, it does not guarantee similarly good inci-
dences for other conditions. In contrast, REKINDLE can consistently extrapolate and generate mod-
els with desired dynamics over multiple steady-state and physiological conditions using transfer
learning.

1. ‘Off the shelf’ usage: The state of a trained REKINDLE generator for a given physiological condi-
tion can be saved and then reused indefinitely to generate models with desired dynamics. Implicit
knowledge about the system, such as the metabolic network structure and non-linearities of the en-
zyme mechanisms, are inherently captured and stored in the state of the neural network. This allows
for the creation of openly accessible repositories of neural networks specific for various physiological
conditions/ specific strains & organisms that the community can use directly.

Il Generation Time: Generation with neural networks is orders of magnitude faster than sampling
based kinetic networks.

V. Customizable Stopping Criteria: The duration and quality of the training can be customized by de-
fining criteria for specific properties of the generated data (here, one can define desired thresholds
for metrics like KL divergence, diversity of generated dynamic modes, etc.), to choose the best gen-

erator for downstream studies automatically.

Supplementary Note 3: Checking for overfitting in GANs

We have reported in the manuscript the distribution of the eigenvalues corresponding to the slowest
dynamics for the models trained from scratch and the transfer learning trained models (Fig 4c, lower panel).
The distributions show that parameter sets generated by transfer learning are as diverse as those obtained
by training from scratch, and none of the generators obtained from transfer learning has a mode collapse.

These indicate that there is no overfitting in the generator.

Next, to address overfitting in the discriminator, we cross-checked our results with literature from the

field. Overfitting in the discriminator is indicated by an increase in the statistical distance between generated
and training data* and an increase in discriminator accuracy, as an overfitted discriminator tends to reject
generated data points that are slightly different from the training data, thus biasing the generator into a mode

collapse or a failure in the training procedure. A mode collapse results when the generator always generates



the same model and the discriminator accepts it. This can be verified by inspecting at the diversity of the
generated models. We observe that the generated models have a high diversity in terms of the dynamic
modes of the Jacobian (Figure 2a, Figure 4c bottom panel, Supplementary Figure 3a, 3b, 3c). Moreover, the
distributions of the individual kinetic parameters generated are also broad (Figure 3a), indicating there was

not a mode collapse.

Moreover, we see a decreasing trend in the KL divergence score between the training data and generated
data (Fig 2a, Supplementary Figure 3a, 4a, and 5a, Supplementary Note 3) and convergence of the
discriminator accuracy to near 50 % (Supplementary Figure 2), indicating that the major indicators of
discriminator overfitting are absent. We acknowledge that a decreasing statistical distance between two
distributions does not guarantee diversity of populations (e.g., the distance between two very similar but
narrow distributions is also zero/close to zero). However, since we measure the KL divergence with respect
to the training data, which is diverse enough for our purposes, a decreasing KL divergence indicates that

generated data is also approaching the same diversity.

Similarly, in the case of transfer learning in REKINDLE-TL, we have plotted the discriminator accuracies for
one of the 12 cases (Supplementary Figure 11b). As mentioned in the manuscript, the other eleven cases
followed the same trend. For the cases with 500 and 1000 training data samples, we see overfitting in the
later stages of training (after 200 and 150 epochs, respectively) indicated by the increasing discriminator
accuracy. This is also accompanied by more significant fluctuations in the criterion losses of the discriminator
and generator (Supplementary Figure 11a). However, we also observe that our desired incidence of relevant
models converges to near 100 %, well before the overfitting commences (around 50 epochs). Thus, we only
used results from the earlier phase of the training to avoid using generated models from a pathological stage

of the training process.

Supplementary Note 4: Validating statistical similarity of
generated data against test dataset and randomized
dataset.

In Figure 2a, Supplementary Figure 3a, 4a, 5a, we report the Kullback-Leibler divergence of the generated
dataset from the training dataset, confirming that the generated data becomes statistically similar to the
training data as training progresses. For additional validation, we measured the KL divergence of the
generated data with the test dataset as well (Methods). We expected to see similar trends in the KL
divergence as the training and test sets are statistically identical. This was confirmed by plotting the

divergences for both the datasets as shown in Supplementary Figure 13.
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Supplementary Figure 13: Kullback Leibler divergence between the REKINDLE generated data and (i) training data

(solid light green) (ii) test data (solid teal line) for Physiology 1 for 5 statistical repeats. The corresponding dashed lines
indicate the minimum and maximum KL divergences observed over 5 repeats.

We observe that the KL divergences show a decreasing trend in both cases, indicating that the GANs did not
overfit the training data. For further validation, we generated a random control dataset of 5000 kinetic
parameter sets by uniformly sampling every individual kinetic parameter independently, within their
respective ranges in the ORACLE dataset. We then calculated the KL divergence of the generated data and
the control dataset and compared it with the training and test datasets. The results are summarized in
Supplementary Figure 14. We observe that the KL divergence between the REKINDLE generated dataset
and the control dataset does not show any decreasing trend unlike as in the case of training and test
datasets. This implies that the decreasing trend in the latter cases is not a random artefact but a result of
successful learning of the biologically relevant parameter space by the GANs during training.
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Supplementary Figure 14: Kullback Leibler divergence between the REKINDLE generated data and (i) training data
(solid light green) (ii) test data (solid teal line) (iii) control data (black-brown line) for Physiology 1 for 5 statistical repeats.

The corresponding dashed lines indicate the minimum and maximum KL divergences observed over 5 repeats.

Supplementary Note 5: Generating biologically non-relevant
models with REKINDLE.

Conditional Generative Adversarial Networks (CGANSs) can be used to generate new data from a specific
labelled class of the training data (biologically-relevant, biologically-nonrelevant). In REKINDLE, we use
cGANs to conditionally generate biologically relevant kinetic parameter sets using the biologically-relevant
class label in the generator seed. While we are not interested in biologically-nonrelevant models because
they do not represent any physiologically observed metabolic characteristics, for the sake of completion, we
investigated can we generate non-relevant models using the corresponding class label in REKINDLE. We
selected the generators with the highest incidence of biologically relevant models (Supplementary Table 2)
and generated 1000 non-relevant models for each metabolic physiology by changing the class label in the
generator seed. We then tested these models for non-relevance by calculating the eigenvalues of their

Jacobian matrix (Methods). The results are summarized below (Supplementary Table 2).

We observed that the incidence of non-relevant models is low compared to relevant models. This suggests
that the cGANSs did not learn the non-relevant space of the kinetic parameter space as well as it did for the
relevant space. To investigate this space further, we discretized the kinetic parameter space of the training
data into 16 subspaces based on the maximum eigenvalue of the Jacobian near the boundary line of our
imposed classes i.e., Re(1,,4,) = —9, for all 4 physiologies (X axis, Supplementary Figure 15 a-d). For each
of these 16 subspaces, we quantified the difference between the distributions of individual kinetic parameters
that belong to a particular subspace and those subspaces that have larger eigenvalues, again using the KL
divergence score. We observed that only locally stable subspaces (Re(4,,4,) < 0) contained kinetic
parameter sets that had significant differences in the distributions of certain kinetic parameters whereas non-

relevant and especially locally unstable models (Re(A,,4,) > 0) did not (Supplementary Figure 15 a-d, here



the KL divergence scores are normalized for each subspace). This suggests that there are no determining
characteristic parameters that make a certain kinetic parameter set locally unstable, unlike relevant

parameter sets.

Supplementary Table 2: Incidence of biologically relevant and non-relevant models generated with REKINDLE for four

physiologies.
Physiology1 Physiology 2 Physiology 3 Physiology 4
Directionality of Reactions TA_)LA 1 QL TA_>LA I QL TA(_LA 1 QL TA(_LA I €L
Relevant Models 97.7% 97.3% 99.3% 100.0%
Non-relevant Models 18.5% 9.8% 54.5% 16%
(stable but slow, unstable) (6.1%, 12.4%) (3%, 6.8%) (30.2%, 24.3%) (11.1%, 4.9%)

Moreover, we also plotted the same heatmap as Supplementary Figure 15 but this time the KL divergence
scores were normalized over the entire space and not for each subspace, to visualize where the strongest
information was present. We observed that the strongest signals in the KL divergence scores of the relevant
models appear further away from the eigenvalue partition line (Re(1,,,,,) = —9) for 3 of the 4 physiologies (
Re(Aq)~ — 20 for physiology 1, Re(A,4,)~ — 25 for physiology 3 and Re(4,,,,,.)~ — 25 for physiology 4
(Supplementary Figure 16 a-d). We hypothesize that the GANs used in REKINDLE is able to capture this
bias and thus generates kinetic parameter sets that are further away from the eigenvalue class partition line
compared to the training data (Figure 2e, Supplementary Figure 3a-c). Exceptionally, the strongest signal for

physiology 2 occurs around Re(A,,4,) = 10 (Supplementary Figure 15b, Supplementary Figure 16b).
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Supplementary Figure 15: Differences in distributions of individual kinetic parameters (y-axis) using KL divergence
between 16 discretized sub-populations based on eigenvalue space (x-axis) near the class boundary i.e., Re(1,,4,) = —9
(green dashed line) for (a) Physiology 1 (b) Physiology 2 (c) Physiology 3 (d) Physiology 4. The white dashed line

represents Re(1,,.,) = 0. Here the KL divergence for each sub-population is normalized between 0 and 1.
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between 16 discretized sub-populations based on eigenvalue space (x-axis) near the class boundary i.e., Re(1,,,45)



(green dashed line) for (a) Physiology 1 (b) Physiology 2 (c) Physiology 3 (d) Physiology 4. The white dashed line

represents Re(A,,4,) = 0.

Supplementary Note 6: Interpretability of REKINDLE results

REKINDLE captures the complex mapping between the kinetic parameters and the biologically relevant
dynamics space, and interpreting its outputs offers insights into the relevant kinetic parameters that ensure
imposed physio-biological conditions.

The comparison of KL divergence scores of biologically relevant and irrelevant kinetic models (2000 kinetic
models from each category) for Physiology 1 revealed that just a few parameters had a significant difference
in the distributions between the two populations (Supplementary Figure 5a, b). This suggests that the values

of these parameters are indeed affecting the biological relevance of the generated models.

We took a random population of 100 locally unstable models to test this hypothesis. Within this population,

KACS

we constrained the highest-ranked parameter, Ky 5, (Fig 3a, Supplementary Figure 6, Supplementary

Table 1), within its top 10 percentile values in the direction that favors relevancy, i.e., toward higher
parameter values (Supplementary Figure 17, Figure 3), and observed the dynamics of the resulting kinetic
models. Remarkably, 29 of the resulting models became biologically relevant, meaning that this parameter
strongly affects this property. We repeated this procedure and constrained the top 2 parameters, the top 3
parameters, and so on until we constrained all ten of them. The constraints on the parameters resulted in a
bigger portion of models becoming biologically relevant. For example, when we constrained the top 7
parameters, we obtained ~60% of models with biologically relevant dynamics and over 70% of locally stable
models. Adding further constraints beyond the top 7 parameters did not significantly affect the dynamics,
indicating that these parameters are sloppy.

We repeated this study for the other three physiologies (Supplementary Figure 8). Similar to Physiology 1, in
Physiologies 2 — 4, the parameter group with the highest KL divergence scores had the highest impact on
the biological relevance. While a high KL divergence score indicated that a kinetic parameter was affecting
the biological relevance, the parameter ranking on this score did not always coincide with the most efficient
conversion of biologically irrelevant models to relevancy. For example, we observed for Physiology 3 that
biologically irrelevant models became relevant only after constraining the first five parameters
(Supplementary Figure 8), suggesting that the 5" ranked parameter was the most significant for biological

relevancy.
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Supplementary Figure 17: (Left) The parameters in Fig 3a (main manuscript) are constrained within 90-th percentile

and 100-th percentile (dashed vertical lines) of the relevant class (green) in the direction that favors biological relevancy.
(Right) The fraction of locally unstable, stable and relevant models as Fig 3a result of constraining the parameters as
explained in the left panel. We begin with 100 locally unstable models (orange bar, left) and gradually constrain the
parameters in a cumulative manner, based on their ranks (right). Constraining the parameters stabilizes (blue) as well as
rescues (green) the unstable models. We notice that there is a negligible change in dynamics after the top 7 parameters

have been constrained.

These results suggest that GANs trained in REKINDLE are capable of implicit model reduction and
distinguishing between features (kinetic parameters) that directly affect desired properties from features that
do not. To confirm this, we performed unsupervised dimension reduction with UMAP*' on the REKINDLE
generated set and the training set for Physiology 1, first using all the parameters and then using only the top
5 parameters from Fig. 3a (Supplementary Figure 10a, b). In the former case, we observed that the

generated and the training set are disjoint, while in the latter case, both sets share the same space.

Supplementary Note 7: Differences in kinetic parameter
distributions between different physiologies.

The differences in individual parameter distributions between the different physiologies is a relevant metric,
especially in transfer learning. To examine this, we looked at the statistical difference between the
distributions of individual kinetic parameters between different physiologies, quantified using the KL

divergence. The results are summarized in Supplementary Figure 18.
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Supplementary Figure 18: The KL divergences between distributions of 259 individual kinetic parameters,

parameterized by ORACLE, among the 4 physiologies used.

As expected, we observe that some of the parameters are completely sloppy (very similar distributions
between physiologies). However, many of them are affected by the changes in the directionality of reactions
in the metabolic network. The transfer learning manages to capture these differences and generate relevant
models accordingly for all the physiologies. Additional indicator of the differences between the parameter
sets of different physiologies are the top ranked parameters based on the difference in distributions of

relevant and non-relevant parameter sets (Figure 3 and Supplementary Figure 17).



Supplementary Note 8: Extrapolation beyond test and
training datasets.

In Supplementary Note 4, we show that the generated dataset well generalizes the entire ORACLE dataset
from which the training and test data were sourced. But this is not indicative of any incidence of data being
generated outside the domain of the original dataset. To examine any evidence of REKINDLE generalizing
beyond the test and training set, we looked at the eigenvalue distributions of the generated datasets during
training and compared their width of distributions to the test and training dataset (Supplementary Figure 19).
We observe that in some instances, the generated models go well beyond the ORACLE dataset. However,
the generators with the capacity to produce models beyond the test and training data might not necessarily
have the best incidence of relevant models. If the design objective of the metabolic study is to get much
faster models than those in the test and training data, then these special generators could be leveraged.
Since, generation is extremely efficient with neural networks, one could create large synthetic datasets in

seconds and curate for the models with the desired ‘faster’ dynamics.
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