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Abstract This work introduces a machine learning framework that allows the investigation of13

the influence of reaction centers on the metabolic state of astrocyte cells. The proposed ML14

framework takes advantage of spatial astrocyte metabolic data stemming from numerical15

simulations for different reaction center configurations and allows for the following: (i) Discovery16

of cell groups of similar metabolic states and investigation of the reaction center configuration17

within each group. This approach allows for an analysis of the importance of the specific location18

of the reaction centers for a potentially critical metabolic state of the cell. (ii) Qualitative19

prediction of the energetic state of the cell (based on [ATP]: [ADP]) and quantitative prediction of20

the metabolic state of the cell by predicting the spatial average concentration of the metabolites21

or the complete spatial metabolic profile within the cell. (iii) Finally, the framework allows for the22

post hoc analysis of the developed quantitative predictive models using a SHAP approach to23
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investigate the influence of the reaction center positions for further support of the insights drawn24

in steps (i)-(iii). Following the implementation of the framework, we observe that a uniform25

mitochondrial distribution within the cell results in the most robust energetic cell state. On the26

contrary, realizations of polarized mitochondrial distributions exhibit the worst overall cell health.27

Furthermore, we can make accurate qualitative predictions regarding cell health28

(𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 0.9515 , 𝑟𝑒𝑐𝑎𝑙𝑙 = 0.9753) and satisfactory predictions for the spatial average29

concentration and spatial concentration profiles of most of the metabolites involved. The30

techniques proposed in this study are not restricted to the dataset used. They can be easily used31

in other datasets that include findings from various metabolic computational models.32

33

Introduction34

Understanding the complex interplay ofmoleculeswithin cells is crucial for advancing fields such as35

medicine, biotechnology, andpharmacology. In the intricate landscapeof cellular biology,metabolism36

is a complex series of interconnected pathways occurring in living cells. It operates through specific37

biochemical reactions andproduces energy andother essential biochemical compounds. Energy in38

the form of ATP is the fuel of all living systems, andmetabolism is designed to optimally regulate it.39

Metabolism is thus a prerequisite for the optimal function and survival of cells and, in extension, for40

the survival of organisms. An example of particularly important cells are astrocytes (cf.Fig. 1), the41

most abundant glial cells and crucial energetic supporters of the energy-intensive brain (Pellerin42

et al., 1998). In general, the study of cellularmetabolism has evolved significantly, with researchers43

now employing a multidisciplinary approach that integrates both biological experiments and com-44

putational modeling. Given the intricate nature of metabolism, employing mathematical models45

is essential for a comprehensive investigation (Kitano, 2002).46

Metabolic processes are not uniformly distributed throughout the cell. Subcellular compart-47

ments such as mitochondria, endoplasmic reticulum, and cytoplasm exhibit distinct metabolic48

activities. In astrocytes, the enzymatic distribution of hexokinase seems to be fundamental for49

glucose uptake (Sánchez-Alvarez et al., 2004), while the location of mitochondria appears to be50

crucial for calcium activity (Jackson and Robinson, 2015). Thus, the current research direction aims51

to include spatial cellular information (Agapakis et al., 2012) to spatially quantify metabolites and52
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their dynamics over time. Recent advances in analytical techniques have contributed to obtaining53

a snapshot of the cellular status. For example, spatial metabolomics (Alexandrov, 2023) aims to54

identify and analyze metabolites directly within their -usually- geometrically complex spatial sur-55

roundings. Imaging and image analysis techniques have been proven to be useful in investigating56

spatio-temporal intracellular ATP and cellular morphological changes (Suzuki et al., 2015; ?). In57

addition, these spatially resolved data contribute to a more comprehensive understanding of how58

metabolic processes are compartmentalized and coordinated within the cell.59

Complementing the analytical techniques mentioned above, computational approaches have60

become a valuable tool for unraveling the complexity of cellular metabolism. Classical metabolic61

modeling approaches range from stoichiometric models (Llaneras and Picó, 2008) to kinetic sim-62

ulations (Cortassa et al., 2003; Aubert and Costalat, 2005; Aubert et al., 2005). These models are63

capable of predicting and simulating the dynamics of the metabolic system. In addition, they can64

help guide experimental design and generate hypotheses. The main limitation of these models65

is the assumption of a well-mixed cellular environment, which neglects the spatial heterogeneity66

present in the biological systems that we discussed above. Several recent computational models67

have proposed spatially resolved kinetic models and agent-based simulations (Szabó and Merks,68

2013; Cleri, 2019) exploring how metabolite concentrations can vary in spatial dimension in differ-69

ent cellular morphologies of varying geometric complexity. This modeling approach is particularly70

valuable as it approaches biological reality and is well suited for the study of phenomena such as71

organelle crosstalk and the impact of spatial constraints on metabolic fluxes (Khalid et al., 2018;72

Bell et al., 2019; Ellingsrud et al., 2020; Farina et al., 2023; Garcia et al., 2023). Biological snap-73

shots of metabolite concentrations obtained from in vivo and in vitro cells offer valuable glimpses74

into cellular states (Kobayashi et al., 1999) and can be used as starting points for spatially resolved75

models. Although these data can characterize the cellular state at the moment they are collected,76

they are unable to capture the dynamic nature of cellular metabolism. Moreover, there is a limit77

to the data that can be collected from a cellular sample: staining a cell to gain information on one78

metabolite can prevent the investigation of another. Lastly, the lack of comprehensive data on79

the temporal aspects of metabolic processes hinders the ability of computational models to accu-80

rately simulate and predict the real-time behavior of cellular metabolism. Bridging these gaps in81

both experimental snapshots and computational modeling data is essential for understanding the82

intricate dynamics that govern cellular metabolic networks.83
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Addressing the limitations in our current understanding of cellular metabolism, machine learn-84

ing techniques (Zampieri et al., 2019; Alber et al., 2019) could be applied to bridge the gap between85

static biological snapshots and dynamic models. For this purpose, we implement a machine learn-86

ing approach on a dataset consisting of the results of a spatially resolved computational metabolic87

model of an astrocyte (Farina et al., 2023). This computational model provides us with spatial in-88

formation of the metabolites in a simplified two-dimensional rectangular cellular domain, given89

different configurations of reaction centers in the form of coordinates on the 𝑥- and 𝑦-axes.90

The proposed approach aims to discover reaction centers (inputs) that are potentially critical91

to the metabolic state of the cell (output). To this end, the following steps are necessary: a) Dis-92

covery of groups of similar metabolic profiles, using only the output of the computational model93

(spatial metabolic concentrations at steady state). This is achieved through the use of clustering94

algorithms. By analyzing the inputs corresponding to the resulting clusters, we can draw insights95

into the relationship between the reaction center position and the metabolic state of the cell. b)96

Qualitative prediction of cell health status using only the coordinates of the reaction centers as97

input. This is made possible through the use of classification algorithms. The input-output rela-98

tionship insights derived from the previous step are expected to greatly influence the predictions99

of the classification algorithm used. c) Quantitative prediction of the metabolic state of the cell100

using the coordinates of the reaction centers as inputs. This is enabled by the use of regression101

algorithms, in our case, Artificial Neural Networks (ANNs). We are able to predict both the average102

concentration of the metabolites in the domain and the spatial profile of the metabolites in the103

domain at steady state. Last but not least, d) since the explainability of the developed “black-box”104

ANN models is very important for our application, a SHAP analysis (Lundberg and Lee, 2017) can105

be performed for the developed regression models. The obtained values can shed more light on106

the effect of each input (reaction center coordinates) on model output (spatial metabolite concen-107

tration) and further indicate whether the insights derived in the previous steps are meaningful.108

These techniques have the potential to decode the complexity inherent in cellular metabolism,109

offering a means to generate more comprehensive and accurate representations of metabolic110

processes. Hopefully, they can also be applied to spatially resolved computationalmodels of higher111

metabolic or geometric complexity, which are predominant when it comes to cells.112
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Figure 1. (a) A sketch illustrating the crucial location of an astrocyte between a neuron and a blood vessel,
relevant for their metabolism. (b) A concise overview of the metabolic model used to describe the main
pathways in astrocytes. (c) An example of [ATP] concentration profile obtained solving the metabolic model in
a 3D human astrocyte obtained from a confocal microscopy image. (d) Dynamic evolution of the six
considered metabolites averaged inside the 2D domain for three sampled realizations, one for each
distribution of reaction centers. (e) Scatter plot of the spatial average [ATP] ∶ [ADP] vs spatial average [LAC]

for all available cell configurations at steady state - Clear distinctions between uniform configurations and
polarized and polarized log-normal configurations.

Methods113

Computational Model114

Biochemical Reaction Model115

We consider a spatially resolved metabolic model, proposed in (Farina et al., 2021, 2023), which116

prioritizes the arrangement of the reaction sites in the domain and the geometries of the domain117

at the expense of a more elementary chemical model.118

In its simplicity, the model captures the main fundamental metabolic energy pathways in five119

chemical reactions: glycolysis, mitochondrial activity, and lactate dehydrogenase. Glycolysis is de-120

scribed by two chemical reactions named HXK and PYRK. The first one accounts for the enzymes:121

hexokinase, phosphoglucose isomerase, phosphofructose kinase, and fructose bisphosphate al-122

dolase. HXK consumes glucose (GLC) and adenosine triphosphate (ATP) producing adenosine123
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diphosphate (ADP) and glyceraldehyde (GLY). The second reaction, PYRK, uses the product of the124

first reaction to produce ATP and pyruvate PYR. Now, PYR can either be used by the lactate de-125

hydrogenase enzyme (LDH) to produce lactate (LAC) or enter the mitochondria and contribute to126

mitochondrial activity. Mitochondrial activity accounts for the Krebs cycle and oxidative phospho-127

rylation, producingATP. Finally, the energetic production within the cell is balanced by considering128

the cellular activity that consumes ATP.129

The chemical model is then described as follows:130

HXK ∶= GLC + 2ATP → 2ADP + 2GLY (1)
PYRK ∶= GLY + 2ADP → 2ATP + PYR (2)
LDH ∶= PYR → LAC (3)
Mito ∶= PYR + 28ADP → 28ATP (4)
act ∶= ATP → ADP , (5)

An overview of the model is presented in Fig. 1.131

Mathematical model132

Mathematically, themodel is then translated into a reaction-diffusion system (Murray, 2002) through133

a set of partial differential equations (PDE), which allows us to a) solve the metabolic model in a134

geometrical bounded domain; b) account for the molecules’ diffusivity; c) distribute spatially the135

chemical reaction sites inside the domain.136

In a bounded 2-dimensional domain, Ω, we consider a fixed number,𝑀 ∈ ℝ+, of reaction sites137

for chemical reactions: HXK, PYRK, LDH and Mito, which are spatially distributed using a spatial138

reaction rate density, 𝑗 . Spatial reaction rates are defined as the product between classical reac-139

tion rates 𝐾𝑗 , and Gaussian functions defined with a center {𝐱𝑖}𝑀𝑖=1 ∈ Ω and variance 𝜎𝑖 ∈ ℝ+. The140

cellular activity, act, operates homogeneously in the domain Ω with reaction rate 𝐾act .141

142

The reaction-diffusion system is defined as follows:143
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𝜕[GLC]
𝜕𝑡

= 𝐷[GLC]∇2[GLC] −HXK[GLC][ATP]2 + 𝐽in
𝜕[ATP]

𝜕𝑡
= 𝐷[ATP]∇2[ATP] − 2HXK[GLC][ATP]2 + 2PYRK[ADP]2[GLY]

+28Mito[PYR][ADP]28 −𝐾act[ATP]

𝜕[ADP]
𝜕𝑡

= 𝐷[ADP]∇2[ADP] + 2HXK[GLC][ATP]2 − 2PYRK[ADP]2[GLY]

+𝐾act[ATP] − 28Mito[PYR][ADP]28

𝜕[GLY]
𝜕𝑡

= 𝐷[GLY]∇2[GLY] + 2HXK[GLC][ATP]2 −PYRK[ADP]2[GLY]

𝜕[PYR]
𝜕𝑡

= 𝐷[PYR]∇2[PYR] +PYRK[ADP]2[GLY] −LDH[PYR]

−Mito[PYR][ADP]28

𝜕[LAC]
𝜕𝑡

= 𝐷[LAC]∇2[LAC] +LDH[PYR] − 𝜂LAC[LAC] ,

(6)

where:144

• The source of GLC is described through a function 𝐽in ∶ Ω × [0, 𝑇 ] → ℝ:145

𝐽in(𝑥, 𝑡) =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

𝛼 ∈ ℝ if (𝑥, 𝑡) ∈ Ωin × [0, 𝑇 ], where Ωin ⊂ Ω

0 otherwise.
. (7)

• The degradation of LAC, which is proportional to the amount of LAC in region Ωout ⊂ Ω is146

described by the function 𝜂LAC ∶ Ω × [0, 𝑇 ] → ℝ147

𝜂LAC(𝑥, 𝑡) =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

𝜂 ∈ ℝ if (𝑥, 𝑡) ∈ Ωout × [0, 𝑇 ], where Ωout ⊂ Ω

0 otherwise.
. (8)

Formore details on themathematical model and parameters, we refer the readers to (Farina et al.,148

2023).149

Data acquisition150

Datawere acquiredbynumerically solving the reaction-diffusion system that arose from themetabolic151

model presented in the previous section. We used standard finite elementmethods (Hughes, 2012)152

using the FEniCS software (Alnæs et al., 2015). First, the reaction-diffusion system was converted153

to its corresponding weak form. Then, we spatially discretize the two-dimensional rectangular do-154

main by finite elements using the packagemshr (number of finite elements 25298 and number of155
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dofs 13207). We temporally discretize the time derivative using a backward Euler scheme with a156

time step of 0.15 (s) (Quarteroni and Valli, 2008). The solution of the weak form is defined on the157

space of piecewise Lagrangian finite elements of degree one.158

We consider a 2-dimensional rectangular domain ([0, 𝑙] × [0, 𝐿], with width 𝑙 = 4𝜇m and length159

𝐿 = 140𝜇m) where we place 10 reaction sites per chemical reaction with a spatial extent of 𝜎 =160

1.0𝜇m. The input/inlet of the system is the entrance of GLC in the bottom left corner, while the161

output/outlet is the outflux of LAC in the opposite corner. To investigate the crucial role of spa-162

tial arrangement in cellular domains, we consider three possible distributions of the reaction sites:163

uniform, polarized, and polarized log-normal. The uniform distribution considers the 10 reaction164

sites per chemical reaction to be sorted from uniform distributions. The polarized consider an165

extreme reaction site configuration supposing that glycolysis is located at the bottom of the rect-166

angular domain close to the GLC influx while the 10 reaction sites for LDH are sorted at the top of167

the rectangular domain. The main difference between polarized and polarized log-normal lies in168

the distribution of the mitochondria. In the first case, six reaction sites for Mito are placed where169

glycolysis is located, and four reaction sites are at the top of a part of the rectangular domain, to170

ensure that some mitochondria can be found throughout the domain. The polarized log-normal171

setting uses a log-normal distribution to sort the 10 Mito reaction sites, causing mitochondria to172

be locatedmainly in the lower part of the domain and almost none co-located with LDH. Examples173

of the three distributions can be seen in Figure 2.174

The dataset used in this study is composed of 1,428 uniform, 1,336 polarized, and 1,314 po-175

larized log-normal realizations. The information for each realization are the 𝑥 and 𝑦 location of176

the reaction center sites, the average concentration of the six metabolites in the domain at steady177

state and the spatial concentration at each grid point inside the discretized domain for the six178

metabolites at the steady state.179

Unsupervised learning180

Unsupervised learning algorithms process unlabeled data to discover interesting patterns within181

the data. For instance, they might perform an association rule analysis or create clusters of similar182

observations in a dataset (Hastie et al., 2009b). Furthermore, dimensionality reduction techniques183

such as the widely used Principal Component Analysis (PCA), autoencoders (Wang et al., 2016),184

and diffusion maps (Koronaki et al., 2020, 2023) —also fall under the umbrella of unsupervised185
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learning since they provide a reduced data representation without considering the corresponding186

response variable (or label) of the data.187

In the upcoming sections, we will provide a concise overview of the clustering and dimension-188

ality reduction techniques that have been implemented.189

Clustering190

For our clustering study, which aims to discover groups of cells that demonstrate similar metabolic191

profiles, we implement an agglomerative hierarchical clustering algorithm (Murtagh and Contreras,192

2012; Vijaya et al., 2019). Agglomerative clustering starts with a number of clusters equal to the193

number of observations and progressively merges clusters until a single cluster remains. The way194

these clusters merge is based on the dissimilarity metric and the linkage criterion used. Here, the195

Euclidean distance is implemented as the dissimilarity metric and a ward linkage criterion (Ward,196

1963). This criterionminimizes the total variance within the cluster bymerging the clusters in a way197

that leads to the smallest increase in variance after eachmerge. Specifically, it aims tominimize the198

sum of squared differences within all clusters. The scikit-learn AgglomerativeClustering module is199

used for this task (Pedregosa et al., 2011). Agglomerative hierarchical clustering is selected because200

it provides insight on how the data merges as the number of clusters changes. This information is201

readily available in the form of a dendrogram, such as the one presented in Fig. 3.202

Dimensionality reduction203

Each row spatial concentration data matrix realization has 79,242 columns, one for each of the six204

metabolite concentration values at each of the 13,207 grid points. Reducing the dimensionality of205

the spatial data will be very beneficial when manipulating the data and when training predictive206

models later on. For this task, Principal Component Analysis (PCA) is implemented (Jolliffe and207

Cadima, 2016). PCA linearly transforms the original data onto a new coordinate system where208

PCs can be easily identified. The amount of PC retained for subsequent analysis depends on user209

criteria. In this work, we aim to retain 99.9% of the variance and to keep the reconstruction Root210

Mean Square Error (RMSE) below 0.03. The scikit-learn PCAmodule is used for this task (Pedregosa211

et al., 2011).212
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Supervised learning213

Supervised learning algorithms, in contrast to unsupervised ones, are based on labeled data. In214

labeled data, the features (𝑥𝑖) are associated with the corresponding responses (𝑦𝑖). These models215

use available data to make predictions for future observations. Supervised learning encompasses216

regression for continuous variables and classification for binary or ordinal responses (James et al.,217

2021).218

In the present work, the coordinates of the 40 metabolite reaction centers can be considered219

as inputs, with the response variables being the spatial metabolite concentrations or the spatial220

averagemetabolite concentrations. Based on these continuous variables, binary variables can also221

be engineered (healthy vs. non-energized cell) for classification purposes.222

The methods evaluated for this work include: (a) linear methods: for regression, lasso (Tibshi-223

rani, 1996), and ridge (Hoerl and Kennard, 1970) regression, and logistic regression for classifica-224

tion tasks. (b) Support vector machines (SVMs) (Cortes and Vapnik, 1995) that can be categorized225

as linear or nonlinear methods based on the kernel used for classification tasks. (c) Tree-based226

methods: involving classification and regression trees (Breiman et al., 1984) and their ensemble227

counterparts such as random forests (Breiman, 2001), gradient-boosted trees (Friedman, 2001), ex-228

tra trees (Geurts et al., 2006), and XGBoost (Chen and Guestrin, 2016), which combine numerous229

trees to improve performance (Hastie et al., 2009a). (d) Artificial neural networks (ANN), whose230

diverse architectures (Aggarwal, 2018) can provide valuable options for both classification and re-231

gression tasks.232

In the present work, logistic regression, random forests, SVM, extra trees, gradient-boosted233

trees, XGBoost, and ANNs are implemented for supervised learning tasks. However, results are234

presented only for methods that demonstrate the best performance for our dataset, namely logis-235

tic regression for classification tasks and ANNs for regression tasks. An overview of the supervised236

learning approaches used in this work is presented in Fig. 2c.237

Logistic regression is implemented for the classification of cells as healthy or non-energized,238

based solely on the coordinates of the metabolite reaction centers. The scikit-learn LogisticRe-239

gressionCV module is used for this task (Pedregosa et al., 2011). This module also has the added240

benefit of including cross-validation and hyperparameter optimization in the training process, thus241

reducing overfitting.242
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In terms of the regression tasks of this work, Artificial Neural Networks (ANNs) are implemented243

for the prediction of spatial concentration profiles and the spatial average concentrations of the244

metabolites. The TensorFlow (Martín Abadi et al., 2015) and Keras Python libraries (Chollet et al.,245

2015) are used for the development and training of the ANN models in this work.246

As the performance of ANNs is significantly influenced by their architecture, optimizing the ar-247

chitecture during the training process is crucial. To achieve this, a Bayesian optimization approach,248

based on the work of (Snoek et al., 2012) is employed for hyperparameter tuning in each ANN249

model. For this task, we use the keras-tuner Python library (O’Malley et al., 2019). Similarly to other250

optimizationmethods, Bayesian optimization aims to find optimal values for bounded parameters251

(hyperparameters in our case), denoted 𝑥1, 𝑥2, ..., 𝑥𝑛 ∈ 𝑋 that minimize an objective function 𝑓 (𝑋)252

(equivalent to the loss function of the neural network). In Bayesian optimization, a probabilistic253

model is constructed for 𝑓 (𝑋), which allows us to identify the best points in X for evaluating 𝑓 (𝑋)254

in subsequent steps. Unlike local gradient-based methods, this approach considers all available255

information about 𝑓 (𝑋) (Snoek et al., 2012).256

SHAP analysis257

Shapley values, originally introduced by Shapley (1952) in the field of game theory and proposed as258

a tool to analyze machine learning models in (Lundberg and Lee, 2017), intricately assess the aver-259

age contribution of each feature’s value to predictions. In this way, they provide an understanding260

of how perturbations of a variable can influence the output of the model, thus shedding light on261

models that have traditionally been considered “black boxes”.262

In this work, a SHAP analysis is performed on 3 of the ANN regressionmodels developed for the263

prediction of spatial average metabolite concentrations. The final goal is to discover not only the264

inputs have themost influence onmodel output, but also the type of influence they have. However,265

the results of this SHAP analysis only provide information about the relationships between inputs266

andmodel outputs. These results shed light on previously “opaque” MLmethods but should not be267

used to make causal claims about input/output relationships.268
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Figure 2. (a) Samples of the three different types of reaction center configurations: uniform, lognormal and
polarised lognormal. Glucose enters the cellular domain from the origin of the axis, while lactate exits from
the opposite vertex. (b) Distributions of three metabolites of interests for each type of reaction center
configuration. (c) The three implemented supervised learning approaches. (d) Out of sample parity plots for
the spatial average prediction of [LAC] and [ATP]. (e) Out of sample confusion matrix for the prediction of the
energetic state of the cell (non-energized vs healthy).

Results269

Clustering270

An agglomerative hierarchical clustering algorithm is used to discover observations with similar271

characteristics solely based on the results (outputs) of the computational model. The results con-272

sist of the concentration values of the six metabolites at the 13,207 grid points used for the compu-273

tational simulations. A subset of the entire dataset is used for clustering. Subsequently, the input274

to the clustering algorithm is a matrix of dimension 1,767x79,242.275

Following clustering, we attempt to analyze the resulting realization groups. We investigate a)276

themean spatial averages of the six differentmetabolite concentrations, b) themean [ATP] ∶ [ADP],277

and c) the distribution of the 𝑦 coordinates of mitochondria in each cluster. The mean spatial278

averages of all six metabolites provide a great overview of the metabolic state of the cell. The279

mean [ATP] ∶ [ADP] is an excellent indicator of cell health, as cells that demonstrate a ratio lower280

than 1 can be considered non-energized and in a state of deterioration, while cells with a ratio281

greater than 1 are considered adequately energized and thus healthy. Finally, by investigating the282
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distribution of the 𝑦-axis coordinates of themitochondria for each cluster, we can uncover possible283

relationships between the metabolic state of the cell and the locations of the mitochondria. Our284

analysis reveals the following.285

1. Based on the results of Table 1, it appears that cluster 1 contains healthier cells, given the286

fact that the average [ATP] ∶ [ADP] is the highest of the 5 clusters with a value of 1.910. It287

also appears that cluster 1 has the lowest values for [GLY] and [PYR], suggesting that this is288

the most efficient cluster that consumes these two substrates to maximize ATP production.289

Cluster 3 contains fewer energized cells, given its average [ATP] ∶ [ADP] of 0.435. It should290

also be noted that cluster 1 contains only realizationswith a uniform reaction site distribution.291

This is also evident in Fig. 5d.292

2. When comparing the clusters containing realizations of non-uniform reaction center distribu-293

tions, we can see that for clusters 2 and 3 the mitochondria are located close to the cell inlet294

(and subsequently closer to the glucose entering the cell), whereas the cells for clusters 0295

and 4, the mitochondria have better coverage of the spatial domain. This result is visualized296

in the histogram of Fig. 5d. This is a hint that mitochondrial distribution is a great driver of297

cell health, as clusters 2 and 3 demonstrate a lower average [ATP] ∶ [ADP] (0.852 and 0.435,298

respectively) when compared to clusters 0 and 4 (1.610 and 1.388, respectively).299

3. Last, solely based on the concentration values the algorithm can discern the three main300

groups (uniform, polarized and polarized log-normal) of cells available in the dataset. Cluster301

1 contains solely uniform realizations, clusters 0 and 4 contain mostly polarized and some302

polarized log-normal realizations. Clusters 2 and 3 contain almost exclusively polarized log-303

normal realizations.304

Discerning between Healthy and Not energized cells305

As already established, an important indicator of cell health is the spatial average of [ATP] ∶ [ADP]306

(ATP-to-ADP ratio) within the cell. When [ATP] ∶ [ADP] ≥ 1, the cell is considered adequately307

energized and healthy, whereas when [ATP] ∶ [ADP] < 1 the cell is considered non-energized and308

unhealthy.309

Given this threshold and the calculated spatial averages of [ATP] ∶ [ADP] for all available sam-310

ples, we can convert the continuous output (ratio) to binary (health), where ℎ𝑒𝑎𝑙𝑡ℎ = 0 when311

𝑟𝑎𝑡𝑖𝑜 < 1, and ℎ𝑒𝑎𝑙𝑡ℎ = 1 when 𝑟𝑎𝑡𝑖𝑜 ≥ 1. Using the available reaction center coordinates for each312
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Figure 3. Agglomerative hierarchical clustering dendrogram.

Table 1. Mean spatial metabolite concentration averages in each cluster. Lowest and highest values for each
metabolite are presented in bold.

Cluster [GLC] [ATP] [ADP] [GLY] [PYR] [LAC] [ATP]:[ADP]

0 0.110 1.961 1.239 0.101 1.260 1.143 1.610
1 0.201 2.097 1.103 0.079 0.150 1.935 1.910

2 0.098 1.457 1.742 0.159 1.261 1.179 0.852
3 0.104 0.962 2.238 0.130 1.286 1.221 0.435

4 0.104 1.849 1.351 0.121 1.256 1.148 1.388

observation as inputs and the binary variable ℎ𝑒𝑎𝑙𝑡ℎ as output, we can train a logistic regression313

model that can predict the health status of a cell, given only the coordinates of the reaction centers.314

The inputs consist of the coordinates (𝑥, 𝑦) for 40 different reaction centers (10 of each of the315

four types), totaling 80 inputs. Before training the logistic regressionmodel, the inputs are centered316

to 0 and scaled by their standard deviation.317

Of the 4,078 observations, 85% is used as a training set and 15% as a test set. Checking the318

performance of the model on both sets can allow us to avoid overfitting and make sure that the319

resulting model generalizes well in unseen data.320

The resulting logistic regression model can discern between healthy and non-energized cells321

with high accuracy for both the training (0.9412) and the test set (0.9515). Further classification322
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metrics, such as the f1 score, recall, and precision, are presented in Table 2. The confusionmatrices323

for the performance of the logistic regression algorithm in both the training and the test set are324

presented in Fig. 2e.325

Given the nature of the logistic regression algorithm, we can use the resulting coefficients to326

try to make sense of the connection between the input variables and the output (cell health state).327

Observing Fig. 4, it is evident that the y coordinates of themitochondria highly influence themodel328

output.329

Table 2. Binary classification metrics. The trained logistic regression model shows great performance for
both the test and training sets.

Training Set Test Set
F1 0.9638 0.9701
Accuracy 0.9412 0.9515
Precision 0.9561 0.9650
Recall 0.9716 0.9753

Figure 4. Logistic regression coefficients for the not energized/ healthy cell classification problem. The y-axis
coordinates of the mitochondria appear to be highly influential for the model. Essentially, the dominating
coefficient values of the mitochondrial y-axis coordinates show that a better spread of mitochondria within
the cell -and not close to the cell inlet- increases the probability of a healthy cell.

Predicting spatial metabolite concentrations330

Although the prediction of cell health status is already quite valuable, it is often preferable to have331

models that can predict a continuous variable rather than a binary variable. Similarly to the clas-332

sification problem, the coordinates of the 40 reaction centers can be used to predict continuous333
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Figure 5. (a) Actual and predicted spatial metabolite concentration (in mM) profiles for randomly sampled,
out of sample reaction center configurations. (b) Absolute relative error (%) between the actual and predicted
metabolite concentrations presented in (a). (c) SHAP values for the spatial average [LAC] and [ADP] predictive
models. For the [LAC]model, the location of the LDH reaction centers is the most important for the output of
the model, followed by the locations of HXK and PYRK reaction centers. For the [ATP]model, the location of
the mitochondrial reaction centers is the most important for the model output. (d) Histogram showing the
distribution of the mitochondrial reaction center for each discovered cluster. On the top right, histograms of
the [ATP] ∶ [ADP] for each cluster. Clusters 0, 1 and 4 appear to have more observations with [ATP] ∶ [ADP]>1,
whereas clusters 2 and 3 appear to be more problematic. When investigating the y coordinates of the
mitochondria for each cluster, it is clear that for clusters 2 and 3, the mitochondria are located primarily close
to the input of the cell (𝑦Mito = 0), while for clusters 0, 1 and 4 the mitochondria have better coverage of the
domain.

variables. These continuous values can be either the spatial averages of the six metabolite concen-334

trations or, taking it one step further, the spatial profiles of the metabolite concentrations.335

As in the binary classification problem, 85% of the 4,078 observations are used as a training set336

and 15% as a test set.337 16 of 26



Spatial averages338

ANNmodels are used for the prediction of spatial averages of the six metabolite concentrations. A339

different model is trained for each metabolite concentration. To ensure optimal performance, we340

include hyperparameter optimization in model training. The hyperparameters tested are:341

1. The number of network layers (𝑁layers). Varied between 2 and 5.342

2. The number of neurons per layer (𝑁neurons). Varied between 2 and 100.343

3. The activation function used in all of the layers. The functions tested are: a) sigmoid, b) tanh,344

and c) Relu. It should be noted that the output layer always has a single neuron using a linear345

activation function.346

50% of the test set is used as a validation set during training to avoid overfitting through early347

stopping. This means that if the validation error does not drop after a certain number of training348

epochs (10 in our case), the training stops.349

The resulting neural networks, along with their performance in the test set, are presented in350

Table 3. The models developed for the prediction of [PYR] and [LAC] demonstrate excellent per-351

formance with a R2 = 0.998 and R2 = 0.993 respectively. Satisfactory performance is observed for352

the predictions of [ADP] (R2 = 0.914), [ATP] (R2 = 0.894) and [GLC] R2 = 0.862). The developed [GLY]353

regression model shows a rather modest performance (R2 = 0.595).354

Table 3. Optimal hyperparameters and spatial average metabolite concentration regression test set
performance metrics for the developed ANN models. Results for [PYR] and [LAC] are excellent. For
[GLC], [ATP] and [ADP], the results are satisfactory. However, the [GLY]model demonstrates a slightly worse
performance.

𝑁𝑙𝑎𝑦𝑒𝑟𝑠 𝑁𝑛𝑒𝑢𝑟𝑜𝑛𝑠 activation R2 MAPE MAE MSE

[GLC] 5 82 sigmoid 0.862 9.21% 1.33E-02 3.77E-04
[ATP] 4 67 sigmoid 0.894 4.63% 7.78E-02 1.14E-02
[ADP] 4 77 sigmoid 0.914 5.11% 6.94E-02 9.24E-03
[GLY] 3 97 sigmoid 0.595 33.89% 3.58E-02 3.66E-03
[PYR] 5 97 sigmoid 0.998 3.62% 1.64E-02 4.59E-04
[LAC] 5 97 sigmoid 0.993 1.49% 2.12E-02 8.60E-04
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Spatial profiles355

Given the satisfactory performance of the predictivemodels for spatial average concentrations, we356

can go a step further, trying to predict the spatial concentration profiles of the six metabolites in357

the cells given only the positions of the 40 reaction centers. Given the nature of the output vector358

(length of 79,242 - six metabolite concentration values for each of the 13,207 grid points), it is clear359

that dimensionality reduction methods can be useful for reducing the dimensions of the output360

space.361

Amodel is developed for the spatial concentration profile of eachmetabolite. This translates to362

an output vector of length 13,207 (1 concentration for each grid point) for each developed model.363

Principal component analysis (PCA) is used for this task, following the centering of the output364

data using their mean and their scaling using their standard deviation. The number of principal365

components retained for each output is chosen based on the reconstruction root mean squared366

error (RMSE). The number of principal components retained is chosen so that the reconstruction367

root mean squared error (RMSE) is lower than 0.03. This leads to a different number of principal368

components (PCs) for each metabolite. Specifically, 17 PCs are retained for the spatial [ATP] and369

spatial [ADP]models, 5 PCs are kept for the spatial [PYR] and [LAC]models, 9 PCs are retained for370

the spatial [GLY]model, and finally, 11 PCs are used for the spatial [GLC]model.371

As with the spatial average concentration predictive models, we include hyperparameter opti-372

mization when training the spatial profile models. The hyperparameters tested are:373

1. The number of network layers (𝑁layers). Varied between 2 and 5.374

2. The number of neurons per layer (𝑁neurons). Varied between 10 and 650.375

3. The activation function used in all of the layers. The functions tested are a) sigmoid, b) tanh,376

c) relu, and d) elu. Note that the output layer size is equal to the number of PCs retained for377

the model. Furthermore, output neurons always use a linear activation function.378

Once again, 50% of the test set is used as a validation set and early stopping is used during379

training to avoid overfitting.380

The resulting neural networks, along with their performance in the test set, are presented in381

Table 4. Themodels developed for the spatial concentration prediction of [PYR] and [LAC] demon-382

strate excellent performance with R2 = 0.956 and R2 = 0.972 respectively. Reasonable performance383

is observed for the predictions of [ADP] (R2 = 0.698), [ATP] (R2 = 0.700) and [GLC] R2 = 0.775). The384
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developed [GLY] regression model shows unsatisfactory performance (R2 = 0.474). It is evident385

that the performance of the models follows the trend of the models trained for simpler spatial386

average concentration predictions.387

Table 4. Optimal hyperparameters and spatial profile metabolite concentration regression test set
performance metrics for the developed ANN models. Performance for [PYR] and [LAC] are excellent. For
[GLC], [ATP] and [ADP], the results are reasonable. However, the [GLY]model demonstrates a
non-satisfactory performance.

𝑁𝑙𝑎𝑦𝑒𝑟𝑠 𝑁𝑛𝑒𝑢𝑟𝑜𝑛𝑠 activation R2 MAPE MAE MSE

[GLC] 2 285 sigmoid 0.775 9.24% 1.34E-02 6.16E-04
[ATP] 3 500 sigmoid 0.700 12.93% 1.69E-01 6.31E-02
[ADP] 3 650 sigmoid 0.698 13.10% 1.69E-01 6.24E-02
[GLY] 5 340 sigmoid 0.474 64.43% 4.40E-02 5.78E-03
[PYR] 5 10 elu 0.956 9.33% 2.42E-02 1.47E-03
[LAC] 5 10 elu 0.972 1.40% 2.17E-02 1.43E-03

Some examples of predicted spatial metabolite concentrations are presented in Fig. 5, along388

with the actual metabolite concentration profile and the absolute relative reconstruction error (%).389

It is evident that, while most of the trends are retained, there are certain zones of higher relative390

errors for certain models. However, it should be noted that for certain metabolite concentrations,391

the actual values can be quite small, which means that small absolute errors in the prediction can392

lead to very high relative errors.393

Effect of inputs on model output (SHAP analysis)394

Following the training of individual models for both spatial metabolite concentrations and spatial395

average concentrations, we would like to investigate the influence of model inputs on model out-396

puts.397

For this task, we will focus on three spatial average concentration models. Specifically, we will398

perform a SHAP analysis for the spatial average predictive models of [LAC], [ATP], and [ADP]. The399

results of the SHAP analysis for [LAC] and [ATP] are presented in Fig. 5c.400

For the [LAC] model, it appears that the positions of the LDH reaction centers on the y-axis401

are the most influential variables for the model output. Furthermore, it appears that when the402
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reaction centers are located high on the y-axis, the model output is negatively influenced.403

For the [ATP] model, it appears that the positions of the mitochondria on the y-axis are the404

most influential variables for the model output. Furthermore, we can observe that when the mito-405

chondria are located close to the inlet of the cell, the predicted spatial average [ATP] is negatively406

affected.407

For the [ADP] model, it appears that the positions of the mitochondria on the y-axis are the408

most influential variables for the model output. Furthermore, we can observe that when the mito-409

chondria are located close to the outlet of the cell, the predicted spatial average [ADP] is negatively410

affected.411

The results of the SHAP analysis for the [ATP] and [ADP]models appear to be mirror images of412

each other. It looks like when themitochondria are located close to the cell inlet, the average [ATP]413

of the cell is negatively affected, while the average [ADP] is positively affected. However, when414

the mitochondria are located close to the cell outlet, the average [ATP] appears to be positively415

affected, while the average [ADP] is negatively affected.416

It is worth pointing out that although SHAP analysis can shed light on the relationship between417

model inputs and outputs, it cannot be used to make causal claims regarding these relationships.418

Conclusions & Perspectives419

Several machine learning methods are implemented to gain insight into metabolism within astro-420

cyte cells by exploring a dataset consisting of static metabolic images of astrocytes generated from421

a reaction-diffusion computational model solved in a two-dimensional geometrical domain.422

Hierarchical clustering of the dataset, based solely on the outputs of the computational exper-423

iments, results in 5 groups. Each group has its distinctive metabolic characteristics. The discov-424

ered clusters reveal differences not only regarding the average metabolite concentrations of their425

members but also on the side of the inputs (reaction centers). By analyzing the reaction center426

configurations corresponding to each cluster, we observe that a uniform mitochondrial distribu-427

tion results in the best overall cell health. On the contrary, realizations of polarized log-normal428

mitochondrial distributions exhibit the worst overall cell health. It is also shown that a high con-429

centration of mitochondria close to the cell inlet is not beneficial to the cell, especially compared430

to a better coverage of the cell. Our results are in agreement with the discussion presented on the431

original model Farina et al. (2022).432
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Following the encouraging results of the clustering analysis, wedeveloped a classificationmodel433

able to accurately predict cell health (healthy/non-energized) taking only the reaction center posi-434

tions as input. The nature of the logistic regression model used also allows us to confirm the435

importance of mitochondrial distribution on cell health.436

Moving one step forward and past the binary nature of healthy/non-energized output, we con-437

structed artificial neural network (ANN) regression models that can satisfactorily predict the av-438

erage spatial concentration of the six metabolites of interest. We show that it is also possible to439

recreate the spatial profiles for the six metabolites with satisfactory accuracy. For both regression440

problems, the LAC and PYR predictive models perform best, followed by those for ATP, ADP, and441

GLC. The GLYmodels exhibit only a modest performance. In general, regression models that pre-442

dict spatial average metabolite concentrations perform better than their counterparts that predict443

the full spatial profiles.444

Following regression, SHAP analysis allows us to see into the black boxes that are ANNs, high-445

lighting the importance and influence of different reaction center positions onmodel output. Specif-446

ically, the positions of the lactate dehydrogenase (LDH) reaction centers greatly influence the spa-447

tial average concentration of [LAC], and the positions of the mitochondria influence the spatial448

average concentration of [ATP] and [ADP], consistent with the formulation of the metabolic model.449

Based on these encouraging results, several future steps are possible. The first step would in-450

volve applying a similar approach to more complex computational domains that better represent451

actual astrocytic cells. Going further, we could use existing experimental images that provide mito-452

chondrial location data Chu et al. (2022) as initial inputs for our approach, with a suitable choice of453

computational model. Extending this methodology to different or more detailed metabolic path-454

ways could also provide insights into a broader range of species that influence metabolism.455

While in this paperwehave considered a simplified two-dimensional domain and abasicmetabolic456

model, ourmachine learning approach can serve as a bridge linking the spatial information from in457

vitro or in vivo images with computational models, thereby gaining deeper insights into metabolic458

dynamics and cellular states. It should be highlighted that the methods used in this work are not459

limited to the dataset presented; they can be readily applied to other datasets derived from various460

metabolic computational models.461
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