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Abstract23

Purpose: Host-response profiling has been proposed as a strategy to support24

pathogen classification, particularly when direct pathogen detection is delayed.25

However, host-response classifiers are sensitive to methodological choices, includ-26

ing classifier selection and variation in immune signal strength across sampling27

conditions.28

Methods: This study uses a controlled in vitro host-response system as a29

testbed to evaluate how dataset curation and signal heterogeneity influence30
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machine learning classification performance, interpretability, and generalizability.31

We generated transcriptomic data from cells exposed to two Gram-positive-32

associated agonists with distinct response magnitudes to represent within-class33

signal diversity relevant to host-response classification. We compared single-34

layer neural network (NN), random forest (RF), and generalized linear model35

(GLM) classifiers using overall and class-based accuracy metrics, and evaluated36

interpretability using class-based variable importance.37

Results: Across datasets, GLM and RF models outperformed NN models,38

indicating that simpler classifiers may be preferable for small transcriptomic host-39

response datasets. We further found that feature importance profiles depended40

strongly on the degree of biological heterogeneity represented in the training41

data, highlighting a tradeoff between signal-regime-specific interpretability and42

robustness to within-class variation.43

Conclusion: These findings position dataset composition as a central design44

consideration for host-response classification and have implications for develop-45

ing more robust classifiers relevant to future infectious disease diagnostics and46

antimicrobial stewardship.47

Keywords: innate immune response, machine learning, pathogen classification,48

infection diagnostics, cytokine profiling, differential gene expression, dataset curation49

1 Background50

Antimicrobial resistance is deemed one of the top global public health threats by51

the World Health Organization [1]. In 2019, antimicrobial resistance resulted in an52

estimated 1.27 million global deaths, with a particularly high burden among inva-53

sive bacterial pathogens in low- and middle-income countries [2]. One contributing54

factor to antimicrobial resistance is the misuse and overuse of antimicrobials (e.g.,55

antibiotics, antivirals, antifungals) to treat infections [3] [4]. Over time, resistance56

can develop when incorrect treatments are repeatedly administered. To avoid inap-57

propriate use of antimicrobials, it is essential to accurately classify pathogens as58

bacterial, viral, parasitic, or fungal [5]. In addition to knowing whether a pathogen59

is bacterial, it is also important to know whether the bacterium is Gram-positive or60

Gram-negative [6, 7]. The distinction has important implications for antibiotic selec-61

tion as Gram-negative bacteria tend to be inherently more resistant to antibiotics62

due to the reduced permeability of the outer cell membrane [6, 8]. Accurate pathogen63

classification informs optimal treatment decisions and reduces the search space for64

pathogen-specific diagnostic tests [9].65

One way to improve current pathogen classification methods is to analyze sig-66

naling patterns from the host’s innate immune system. The innate immune system67

is the body’s first line of defense against invading microbes [10], and its signaling68

patterns arise from conserved mechanisms of pathogen recognition [11]. The innate69

immune system detects invading microbes through pathogen associated molecular pat-70

terns (PAMPs), which are conserved molecular features shared across broad classes of71

pathogens. PAMPs are sensed by pattern recognition receptors (PRRs) expressed by72
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innate immune cells triggering signaling cascades that initiate early immune responses73

[12]. PAMP-PRR interactions are relatively conserved and occur early during infec-74

tion, therefore the resulting signaling responses provide a biologically grounded basis75

for distinguishing different pathogen classes based on their PAMPs (see Supplemen-76

tary section A for further details on the innate immune system). While the innate77

immune system’s network of over 100 interacting signaling patterns makes this task78

too complex to decode manually [13], machine learning (ML) can be leveraged to79

improve the speed and precision of pathogen classification methods by using innate80

immune signaling data to build classification models.81

Others have developed ML models to successfully classify pathogens using deep82

learning and neural networks [14–19], tree-based methods [14–21], support vector83

machines [15–21], and regression-based methods [14, 15, 19, 22–24]. These mod-84

els learned patterns for various types of biological signatures, including transcripts85

[19, 23, 24], proteins [14, 25], metabolites [14], and whole-genome sequences [20]. These86

signatures were derived from diverse in vivo systems and clinical human samples,87

including whole blood [15, 16, 18, 22, 23, 26] or peripheral blood mononuclear cells88

[22, 24], plasma [14], peritoneal effluent [17], and bronchoalveolar lavage fluid [19].89

However, progress in improving host-based pathogen classification using ML remains90

limited by the complexity of the innate immune system and by modeling and dataset91

design decisions. We identify three key gaps related to the application of ML to innate92

immune system data:93

In vivo system and clinical human data are often noisy and lack stan-94

dardization, making it difficult to establish consistent data collection protocols due95

to heterogeneity across individuals and variation in time since infection, both of which96

affect the strength of the measured signal [27]. Many prior studies have relied on clin-97

ical or in vivo-generated data [14–19, 22, 23, 28] rather than in vitro-generated data98

[20, 22, 24]. The procedures and conditions under which data are collected (e.g., in vivo99

vs in vitro) can have downstream effects on ML classifier performance. One challenge100

of using real human data for training ML models is that patient-specific variability101

and noise may obscure biologically meaningful signals, limiting accurate classification.102

Differential signal strength may not always be captured within a sin-103

gle study, as variation in signal strength among individual samples can affect the104

training and testing performance of ML models. This limitation may be due to the105

specialized nature of the data sets on which ML models are trained. Many current106

studies focus on niche applications such as bloodstream infections [18, 28], pulmonary107

infections [19], peritonitis [17], or specific protein-protein interactions [21] rather than108

on broadly applicable host-response patterns. Furthermore, several models did not109

incorporate healthy or non-infected samples during training [14, 15, 26, 28], and are110

therefore unable to capture baseline signal variation. Additionally, biological datasets111

often contain a small number of observations relative to the number of features (i.e.,112

“fat” data). Although small sample sizes are frequently driven by resource-intensive113

data collection procedures, this limitation underscores the need for thoughtful dataset114

curation to capture the full range of plausible signals across variables.115

Consistency is lacking among ML application, as there is substantial varia-116

tion in how ML models are applied to innate immune system data. Currently, binary117
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classification models [14, 15, 18, 22, 23, 26, 28, 29] are used more frequently than118

multiclass models [17, 19, 24, 25]. Moreover, the choice of ML classifier and hyperpa-119

rameter selection can significantly impact model accuracy and interpretability. These120

variations in modeling approaches complicates comparison of conclusions across stud-121

ies. Consistent, generalizable, and trustworthy methods are needed to interpret and122

contextualize the black-box nature of ML models.123

Here, we use a controlled experimental and computational framework to examine124

how these gaps affect host-response classification in three ways. First, we establish a125

protocol for measuring baseline biological signal consistency in a controlled in vitro126

system. We generate in vitro data from experiments using bacterial-associated ago-127

nists to model defined innate immune stimulation. While controlled in vitro systems128

cannot reproduce the full complexity of infection in vivo, they provide an opportunity129

to isolate specific sources of variation that are difficult to disentangle in patient-130

derived datasets. This not only reduces the inherent complexity present in clinical131

data but also allows for a clearer understanding of the drivers that impact ML accu-132

racy and generalizability. Second, we curate three separate datasets spanning a range133

of differential signaling strengths to evaluate how within-class signal variability affects134

classification performance. Finally, we develop a robust framework for tuning, doc-135

umenting, and validating ML methods that use innate immune signals to classify136

bacterial-associated host-response states. Using this framework, we evaluate the abil-137

ity of ML models to distinguish Gram-positive-associated, Gram-negative-associated,138

and uninfected (non-bacterial-associated) responses within a controlled sandbox for139

studying ML classification under biologically-motivated signal variation. Motivated140

by the need for robust host-response classifiers in infectious disease and antimicrobial141

stewardship [1, 7], this study uses a controlled transcriptomic testbed to show that142

within-class signal heterogeneity is a critical determinant of ML generalization and143

interpretability.144

2 Methods145

This study uses an integrated, interdisciplinary approach that combines experimental146

data generation with ML modeling. This process is organized into four distinct steps147

(Figure 1):148

1. Experimental Setup: generate reproducible, physiologically relevant innate149

immune signaling data in vitro using PAMPs to mimic bacterial infection150

(Section 2.1).151

2. Data Curation: implement a standardized, systematic data curation process152

to explore the effects of differential gene expression on ML classification models153

(Section 2.2).154

3. Hyperparameter Evaluation: tune and select optimal hyperparameters for each155

ML model type (Section 2.3.1).156

4. Model Evaluation: train and test ML algorithms to identify patterns of innate157

immune recognition (Section 2.3.2).158
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Step 1: Experimental Setup

Step 4: Model Evaluation

Testing

From the 500 testing & challenge sets,  compare
● Overall & class-based accuracy
● Variable importance
● Sample misclassification

Step 3: Hyperparameter Evaluation

Tuning

50 iterations of 5-fold cross validation with 50 repeats

Each iteration outputs optimal hyperparameters for 
each model type (NN, RF, GLM)

Selection

Select final hyperparameters for each model type 
based on optimality frequency & overall accuracy

Training
Run 500 iterations of model training with different 
samples with final hyperparameters

Step 2: Data Curation
Standardize and normalize 

datasets to explore effects of 
differential gene expression

Sample Generation

Human epithelial A549 lung cells 
were exposed to

  Phase 1: LPS (Gram-negative  
       mimic)

  Phase 2: LTA and Pam3CSK4 
                 (Gram-positive mimics)

1     2    3    4    5    6
A

B

C

D

Gene Signal 
Amplification

Measure amplification of 
immune-focused genes from 
transcriptomic samples with 
qPCR protocols

Fig. 1 Schematic overview of the experimental setup, data curation, and machine learning evaluation
workflow.

2.1 Experimental data159

We used an in vitro microbial mimic exposure assay to generate transcriptomic data160

reflecting innate immune responses to Gram-positive and Gram-negative bacterial161

stimuli, and used the resulting transcriptomic gene expression profiles to demonstrate162

how ML can be applied to classify bacterial subtypes based on innate immune sys-163

tem data. The choice to use transcriptomic data was made to ensure stability of the164

experimental setup, based on previous data generation work [29, 30]. In total, 195165

transcriptomic samples were generated to build ML models for bacterial classification.166

The experiment was conducted in two phases (Figure 1). The first phase generated 50167

Gram-negative bacterial agonists by treating cells with lipopolysaccharide (LPS), a168

canonical Gram-negative PAMP, to mimic Gram-negative bacterial stimulation. The169

second phase comprised of generating 64 Gram-positive bacterial mimic exposures,170

including 32 samples treated with lipoteichoic acid (LTA) and 32 samples treated with171

Pam3CSK4, both of which are representative Gram-positive PAMPs. The remaining172

81 samples were untreated and served as non-bacterial controls. Explanations for how173

LPS, LTA, and Pam3CSK4 PAMPs relate to the innate immune system are found in174
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Section A. Details on the LPS sample generation are described in [30] and Section B.1.175

Further information on LTA, and Pam3CSK4 sample generation can be found in176

Section B.2.177

We used two different types of samples to represent Gram-positive bacteria to178

examine how variation in signal strength between naturally- and synthetically-treated179

cells affects ML model performance. Pam3CSK4 is associated with heightened a180

cytokine response compared to LTA [31] (Figure C1). For the remainder of the181

manuscript, we use “Gram-negative” to refer to LPS-treated samples, “weak Gram-182

positive” to refer to LTA-treated samples, and ”strong Gram-positive” to refer to183

Pam3CSK4-treated samples. In this context, “strong” and “weak” denote differences184

in transcriptomic signal intensity within the Gram-positive data.185

At 24 hours post-treatment, the expression levels of 84 immune-focused genes were186

measured using quantitative polymerase chain reaction (qPCR) protocols. The same187

protocol was used for both experimental phases (Figure 1). The two phases differed188

only in the biological stimulus to which the cells were exposed. As a result, data189

from both phases could be seamlessly combined using our standardized protocols and190

procedures.191

2.2 Dataset curation192

Data curation refers to the way that data are cleaned and processed before being193

input into a ML model. This process is important to ensure that biologically relevant194

signals are captured by ML models rather than spurious signals arising from noise195

and outliers [32]. This process may also include imputation of missing data. The196

choices made during the data curation process can significantly impact the accuracy,197

performance, and interpretatability of ML models.198

Each sample in the dataset includes a class label (Gram-negative, strong Gram-199

positive, weak Gram-positive, or untreated) along with the Cycle threshold (Ct)200

values for 84 immune-focused genes, five housekeeping genes, and three quality control201

wells. The Ct represents the number of PCR cycles required for gene expression to202

become detectable above background noise [33]. Further details on Ct normalization203

are included in Section B.3.204

We curated three different data subsets from the full 195 transcriptomic dataset to205

investigate how differences in Gram-positive signal strength affect ML model perfor-206

mance (Table 1). Recall that Pam3CSK4 tends to induce more potent gene expression207

(lower Ct values) compared to its natural counterpart LTA (Section 2.1, Figure C1,208

[31]). The Ct values are inversely related to gene expression, so lower Ct values observed209

with Pam3CSK4 and higher Ct values observed with LTA indicate stronger and weaker210

gene expression, respectively. All three datasets contain observations from the same211

three class labels: Gram-negative bacterial, Gram-positive bacterial, and untreated.212

The difference among the datasets is which level of Gram-positive signal strength is213

included for model training:214

1. Weak-signal dataset (W-dataset): trained on weak Gram-positive samples215

(LTA)216
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2. Mixed-signal dataset (M-dataset): trained on both strong and weak Gram-217

positive samples under a single label (LTA & Pam3CSK4)218

3. Strong-signal dataset (S-dataset): trained on strong Gram-positive samples219

(Pam3CSK4)220

Curating these three data subsets for training ML models allows us to examine221

the downstream effects that data curation choices have on ML models for biological222

classification. We can evaluate the robustness of our ML models by “challenging” them223

with data exhibiting the opposite signal strength. Specifically, we test weak Gram-224

positive samples on the ML models trained on the S-dataset, and test strong Gram-225

positive data on the ML models trained on W-dataset (Table 1). Models trained on the226

M-dataset do not include a challenge set because both weak- and strong-signal data227

are included in their training. The challenge set can be interpreted as a distribution228

shift across signal magnitude, and is used to test model generalizability. For our host-229

response classification context, this can simulate real world variability across infection230

timing, symptom heterogeneity (e.g., symptomatic vs asymptomatic infections), and231

individual host-response. From an operational perspective, it is important that ML232

models avoid overfitting to their specific training data and instead have flexibility in233

handling a variety of signal magnitudes [34, 35].234

Table 1 Comparison of the three curated datasets used for ML model
training. All datasets are trained on Gram-negative and untreated data.
Dataset differences relate to gene signal strength of the Gram-positive samples
used for training and testing (e.g., strong and/or weak). The challenge class
denotes the Gram-positive signal strength excluded from model training and
testing, which is used to further assess model performance.

Dataset Training/Testing Classes Challenge Class
W Gram(-), weak Gram(+), untreated strong Gram(+)
M Gram(-), strong & weak Gram(+), untreated N/A
S Gram(-), strong Gram(+), untreated weak Gram(+)

2.3 Machine learning models235

Our ML framework compares classification results across three types of ML architec-236

tures: single-layer neural networks (NN), random forest (RF), and generalized linear237

model (GLM) approaches [36–38]. We refer to these as the three “model types”. These238

simple, off-the-shelf ML classifiers were selected based on their high performance in239

binary classification between Gram-negative and untreated data in our previous work240

[29]. This previous work showed that adding hidden layers in the NN did not meaning-241

fully improve overall accuracy, and instead complicated model interpretability. This242

work aims to explore the potential for ML to distinguish bacterial pathogen classes243

from broadly applicable host-response patterns rather than developing the best model244

for this purpose. Additional details for each model type are found in Section D.245

The ML analysis includes steps 3 and 4 of Figure 1. This process highlights different246

approaches for training ML classification models to identify patterns of innate immune247
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recognition. Hyperparameter evaluation involves tuning and selection (Section 2.3.1),248

and model evaluation involves training and testing of ML models (Section 2.3.2). We249

used a 70%/30% train/test split for all process steps, as previous work has shown this250

to be sufficient for transcriptomic data, promoting robust learning while preventing251

overfitting [29]. This procedure was applied to the three data subsets described in252

Section 2.2 (Table 1). Specifically, each dataset (W, M, S) was used to train the three253

model types (NN, RF, GLM) resulting in nine model type/dataset combinations that254

produced overall and class-based performance metrics. The class-based performance255

metrics correspond with the three class labels: Gram-negative, Gram-positive, and256

untreated.257

2.3.1 Hyperparameter tuning258

The hyperparameters of interest for the NN models include the number of nodes in259

the hidden layer (size) and the learning rate that controls the speed at which weights260

are tuned (decay). The hyperparameter of interest for the RF models is the number of261

variables that are randomly sampled as candidates at each tree split (mtry). Each RF262

model consists of 500 trees. The GLM models use a multinomial family and explore263

ranges for the elastic net mixing parameter (alpha) and a general penalty parameter264

(lambda).265

Hyperparameter tuning and selection involved running 50 iterations of 5-fold cross266

validation (CV) with 50 repeats for each model type (NN, RF, GLM). Specifically, 5-267

fold cross validation is performed on the training data (70% of the dataset), and this268

process is repeated 50 times using different samples of the training data for each fold.269

The model is then tested on the remaining 30% of the dataset. The entire procedure270

is iterated 50 times to allow different samples to be included in the training data.271

While our dataset is too small to incorporate a nested CV approach, which applies272

cross validation on inner and outer folds [39], this process enhances the reliability of273

our estimates by considering multiple CV iterations on different training sets. This274

provides a more robust estimate of hyperparameter optimality compared to relying275

on one tuned estimate from a single training set. Further details on hyperparameter276

tuning implementation are found in Section E.277

Each iteration returns an optimal value for the NN size and decay, RF mtry,278

and GLM alpha and lambda based on its corresponding testing accuracy. The final279

hyperparameters are selected from the set of optimal hyperparameters based on the280

frequency with which each value is identified as optimal and its corresponding overall281

accuracy on the testing sets. We use “optimal” hyperparameters to refer to the best282

hyperparameter values identified in each individual iteration, based on that iteration’s283

training data. We use “final” hyperparameters to refer to the selected hyperparame-284

ter values used for further model training and evaluation (step 4 of Figure 1). This285

process is performed separately for each of the three datasets described in Section 2.2.286

A single size, decay, mtry, alpha, and lambda value is selected as the final set of287

hyperparameters for each dataset (Table 1).288
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2.3.2 Model training and evaluation289

Model training and evaluation uses the final hyperparameters selected from the hyper-290

parameter tuning and selection steps (Section 2.3.1). For each model type/dataset291

combination, 500 model iterations were built using 70%/30% train/test splits.292

Overall accuracy is calculated as the proportion of correctly classified samples in293

the testing set across all classes. Class-based (balanced) accuracy is determined for294

each class label. Class-based accuracy is calculated as the average of sensitivity (true295

positive rate) and specificity (true negative rate). Individual sample misclassification296

is calculated as the proportion of times a sample is misclassified in the testing or297

challenge sets. Variable importance is calculated for each model overall and by class.298

Further details about the implementation of model training and evaluation are found299

in Section F.300

3 Results301

3.1 Hyperparameter tuning302

Hyperparameter tuning and selection involved running 50 iterations of 5-fold cross val-303

idation with 50 repeats. Each iteration returned an optimal value for the NN size and304

decay, RF mtry, and GLM alpha and lambda. The final hyperparameters were selected305

from the set of optimal hyperparameters based on the frequency with which each value306

was identified as optimal and its corresponding overall accuracy on the testing set307

(Table 2). Certain model types exhibited more differences in optimal hyperparameters308

across data set curation strategies than others (Table E1). The RF models show the309

clearest differences in hyperparameter tuning results across datasets. NN models had310

the least difference in optimal hyperparameter values across datasets - all datasets311

preferred a larger number of nodes in the hidden layer and a larger decay value. Hyper-312

parameter tuning results for the GLMs indicate that the combination of alpha and313

lambda may have more influence on model selection than each parameter alone. We314

further highlight the tuning results for the RF mtry parameter to demonstrate how315

data curation impacts optimal hyperparameter selection.316

The mtry parameter in RF models denotes the number of variables randomly317

sampled at each tree split. We explored mtry values between 1 and 30. The W-dataset318

prefers a moderate number of variables at each tree split, whereas the S-dataset prefers319

a lower number of variables, and the M-dataset prefers a higher number of variables320

(Figure 2). We suspect that the S-dataset prefers a lower mtry value because signal321

variation between class labels is more distinct, and requires fewer variables to be322

sampled at each split to predict bacterial subtype. The M-dataset may prefer the323

highest mtry value because greater variation in gene signal levels may require increased324

model complexity to correctly classify subtype. None of the iterations for any of the325

datasets returned optimal mtry values below 7. We selected final mtry values of 19 for326

the W-dataset, 29 for the M-dataset, and 11 for the S-dataset. The most complex RF327

models are associated with the M-dataset, while the least complex ones correspond to328

the S-dataset. We refer the reader to Section E and Table E1 for further discussion on329

the tuning results for the remaining hyperparameters.330
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Table 2 Test accuracy metrics obtained using the final set of hyperparameter values selected
for the three datasets.

Dataset Model Type Parameter Final Value Median Accuracy Accuracy Range
W NN size 10 0.983 0.917-0.979
W NN decay 0.5 0.938 0.833-1.00
W RF mtry 19 1.00 0.979-1.00
W GLM alpha 1 1.00 0.979-1.00
W GLM lambda 0.01 1.00 0.971-1.00
M NN size 11 0.931 0.828-1.00
M NN decay 0.5 0.931 0.828-1.00
M RF mtry 29 0.983 0.966-1.00
M GLM alpha 1 1.00 0.948-1.00
M GLM lambda 0.005 0.983 0.966-1.00
S NN size 11 0.958 0.875-1.00
S NN decay 0.5 0.958 0.854-1.00
S RF mtry 11 0.979 0.979-1.00
S GLM alpha 0.25 1.00 0.958-1.00
S GLM lambda 0.01 0.979 0.958-1.00

Fig. 2 Random forest’s mtry hyperparameter tuning results from 150 models across the three
datasets highlight the impact of dataset curation on hyperparameter optimality. (Top) Density plots
of the frequency of optimal mtry values and (bottom) boxplots of testing accuracy show differing
optimal mtry values across curated dataset. With respect to the number of variables sampled at each
tree split, the W-dataset prefers a moderate number of variables, the M-dataset prefers a high num-
ber of variables, and the S-dataset prefers a lower number of variables.

Model evaluation is based on the test sets from 500 model iterations. Each iteration331

implements a 70%/30% train/test split and uses the final hyperparameters selected332

from the hyperparameter evaluation step (Table 2). We assess model performance333

using overall and class-based accuracies, as well as individual sample misclassifications.334
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In addition, variable importance is compared among model types, class labels, and335

datasets. Variable importance results help inform plausible explanations for sample336

misclassification across different classifier types and dataset curation approaches.337

3.1.1 Overall and class-based testing accuracy338

The GLM and RF models significantly outperform the NN models on the testing sets339

across all three dataset curations (Figure 3). The NN models exhibit the widest testing340

accuracy distributions for each model type/dataset combination. For overall testing341

accuracy, the median accuracies for the GLM and RF models are equivalent within342

each of the three datasets (Table 3). This pattern is also observed for the Gram-343

negative and untreated class-specific accuracies. For the weak-signal class, the GLMs344

show the highest median accuracy when trained on the M- and S-datasets and are tied345

with the RF models when trained on the W-dataset (Table 3). For the strong-signal346

class, the GLMs show the highest median accuracy when trained on the M-dataset,347

the RF models show the highest median accuracy when trained on the W-dataset,348

and the GLM and RF models are tied for the highest median accuracy when trained349

on the S-dataset.350

Fig. 3 Distributions of testing accuracy (balanced accuracy) for the three model types organized
by class label (rows) and training dataset (columns). Distributions were created from the test sets of
500 model build iterations. The GLM and RF models exhibit consistent performance across datasets
and class labels, whereas the NN models show the lowest testing performance across class labels and
dataset.
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Table 3 Median overall and class-based testing and challenge accuracies for the GLM, NN,
and RF models trained on the three datasets reported for each class label. Models trained on
the W-dataset are challenged on the strong-signal data, whereas the models trained on the
S-dataset are challenged on the weak-signal data.

Dataset Model Overall Gram(-) Weak Gram(+) Strong Gram(+) Untreated
W GLM 1.00 1.00 1.00 0.938 1.00
W NN 0.938 0.985 0.932 0.594 0.938
W RF 1.00 1.00 1.00 0.969 1.00
M GLM 0.983 1.00 0.987 0.987 0.985
M NN 0.931 0.967 0.947 0.947 0.938
M RF 0.983 1.00 0.974 0.974 0.985
S GLM 1.00 1.00 0.625 1.00 1.00
S NN 0.958 0.967 0.531 0.944 0.958
S RF 1.00 1.00 0.25 1.00 1.00

Overall, models trained on the S-dataset achieve the highest median overall testing351

accuracy among the three datasets. When averaging performance across the three352

model types within each dataset, the W-dataset yields the highest median accuracy for353

the Gram-negative class, whereas the S-dataset yields the highest median accuracy for354

the untreated class. As expected, models trained on the W-dataset achieve the highest355

median accuracy for the weak-signal class, while models trained on the S-dataset356

achieve the highest median accuracy for the strong-signal class.357

3.1.2 Challenge accuracy for Gram-positive data358

Recall that the W-dataset models are challenged on the strong-signal data, while the359

S-dataset models are challenged on the weak-signal data (Table 1). The W-dataset360

models perform better on the challenge data than the S-dataset models (Figure 4). In361

particular, the RF models trained on the S-dataset exhibit the highest performance362

on the testing set but the lowest performance on the challenge set. This challenge sce-363

nario is the only dataset/class label combination in which RF performs worse than NN364

models (Table 3). Despite having the lowest median overall accuracy and untreated365

class accuracy, the M-dataset models exhibit a more balanced accuracy between both366

signal strength magnitudes of the Gram-positive class (Table 3). These results demon-367

strate the importance of training ML models on data spanning a wide range of signal368

strengths to enhance model generalization.369
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Fig. 4 Distributions of testing (no pattern) and challenge accuracies (striped pattern) for the Gram-
positive signal strength magnitudes, organized by training dataset. The testing accuracies for each
dataset show moderate-to-high performance across all model types. The challenge accuracies for the
W-dataset models (i.e., strong-signal data) show moderate performance for the GLM and RF models
and poor performance for the NN models. The challenge accuracies for the S-dataset models (i.e.,
weak-signal data) show poor performance across all three model types. The M-dataset models exhibit
a better balance in accuracy between the two Gram-positive signal strength magnitudes. Note that
the M-dataset includes only one boxplot per model type because weak- and strong-signal data were
trained under a single label.

3.1.3 Variable importance370

Variable importance results differ among model types, dataset curation strategies, and371

class labels (Figures G6-G9). We also observe variation in gene importance between372

the two highest performing model types (GLM and RF) for both strong- and weak-373

signal Gram-positive class labels (Figure 5). We consider “highly important” genes as374

those that appear in the top 20 variables for importance in at least 90% of the 500375

model evaluation iterations for a given model type/dataset combination (i.e., included376

in the top 20 for at least 450 models). Highly important genes are features that are377

consistently used to obtain classification prediction. We observe clear differences in the378

number of highly important genes by model type and dataset curation. RF models tend379

to identify a greater number of highly important variables compared to GLMs. This380

may be because the GLMs employ feature selection via L2 regularization, which is not381

the case for the RF models. In particular, the GLMs trained on the W- and M-datasets382

prefer pure L2 regularization rather than a balance of L1 and L2 regularization, as383

is observed for the S-dataset (Table E1). Consequently, the GLMs trained on the S-384

dataset tend to yield more highly important variables than those trained on the W-385

and M-datasets. Descriptions of gene functions and lists of highly important genes are386

found in Section G and Table G2.387
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Fig. 5 Variable importance for the Gram-positive class labels in the GLM and RF models, organized
by dataset curation. Heatmaps display the frequency with which genes appear among the top 20
variables across 500 models. Genes are ordered according to their top 20 frequency in the GLMs
trained on the M-dataset. Models trained on the S-dataset and RF models tend to exhibit more
highly important genes.
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Fifteen genes are identified as highly important for at least one class label in at388

least one of the nine model type/dataset combinations: BMP4, BMP7, CCL2, CCL20,389

CCL5, CSF3, CXCL1, CXCL2, CXCL5, CXCL8, IL11, IL15, IL1B, IL6, and LTB390

(Figure G10). That is, at least one model type (NN, RF, GLM) trained on at least one391

dataset (W, M, S) ranks these genes as highly important for each class label (Gram-392

negative, Gram-positive, untreated). These genes were also identified as important in393

previously-developed binary Gram-negative vs untreated models [29].394

Several genes are consistently highly important across all nine model type/dataset395

combinations for specific class labels. For example, CCL20 and IL11 are highly impor-396

tant for all model types in the Gram-negative class, BMP7 is highly important for all397

model types in both strong- and weak-signal Gram-positive classes, and CCL5 and398

CXCL1 are highly important for all model types in the untreated class. The CCL20,399

CCL5, and CXCL1 genes were also among the most highly important variables in400

the previous binary classifiers [29]. Other genes are highly important for only a single401

class label. For example, BMP2 is uniquely highly important for the Gram-negative402

class, and CCL24 is uniquely highly important for the untreated class. Other genes403

are highly important for specific model types. Additional genes show model-specific404

importance patterns. For example, CCL17, CCL24, and CSF2 are highly important405

only in NN models, IL18 shows high importance only in GLMs, and IL1B shows high406

importance only in RF models.407

3.1.4 Overall and individual sample misclassification408

The sample-specific misclassification rate is defined as the proportion of times that409

a sample was incorrectly classified in the test or challenge set. Samples are included410

in the test set for approximately 30% of the 500 model iterations (i.e., around 150411

models). Gram-positive samples are included in the challenge set for the opposite412

signal strength category for each of the 500 model iterations (Table 1). That is, all413

32 weak-signal samples are part of the challenge set for the 500 S-dataset models,414

and all 32 strong-signal samples are part of the challenge set for the 500 W-dataset415

models. We first present results of overall misclassifications for each dataset, followed416

by results of individual sample misclassification.417

Overall misclassification results are aggregated from sample-specific misclassifica-418

tion rates for each sample of a given class label. For example, the overall Gram-negative419

misclassification rate for the W-dataset takes the average of the 50 individual Gram-420

negative sample misclassification rates from the W-dataset. Dataset curation affects421

both the predicted label and the frequency of sample misclassifications. The Gram-422

negative and untreated classes show high rates of correct classification across all model423

type/dataset combinations (Figure 6). The Gram-positive samples (both strong- and424

weak-signal) are the most frequently misclassified of all classes. When misclassified, the425

Gram-positive samples are more frequently predicted to be untreated instead of Gram-426

negative. This may be due to more similarity between Gram-positive and untreated427

gene expression distributions compared to the Gram-negative ones. In particular, the428

S-trained models more often classify weak-signal data as untreated because those mod-429

els were not trained to learn the region that overlaps weak-signal with the untreated430

baseline.431
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Fig. 6 Confusion matrices for the three dataset curation strategies (columns) and model types
(rows) with respect to the true (x-axis) and predicted class labels (y-axis). The purple diagonals for
each matrix denote the average percentage of correct label classification across the 500 test sets for
each model type/dataset combination. The orange shaded cells denote the percentage of misclassified
samples. The Gram-negative and untreated classes show high rates of correct classification across all
model type/dataset combinations. Models trained on the S-dataset frequently misclassify the weak-
signal data (challenge set) as untreated for all three model types. The NN models trained on the
W-dataset frequently misclassify strong-signal data (challenge set) as Gram-negative.

Clear differences in interpretation emerge when we disaggregate misclassification432

rates by individual samples. For example, the overall misclassification rate for Gram-433

negative samples of the W-dataset is negligible for the GLM and RF models (Figure 6),434

but one Gram-negative sample in particular (#135) is misclassified as Gram-positive435

over 61% of the time for models trained on the W-dataset (Table 4). Some samples436

exhibit high misclassification rates for certain model type/dataset combinations, or437

even across all model type/dataset combinations (Figures H11). We highlight a few438
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examples of highly misclassified samples and use class-based variable importance to439

assess why these samples may observe higher rates of misclassification than others440

(Table 5). We primarily focus on results between the GLM and RF models since they441

have comparable performance relative to the NNs (Section 3.1.1).442

Table 4 Gram-positive misclassification rates for each
model type/dataset combination for Gram-negative
sample 135. Sample 135 has the lowest CXCL5 signal out
of the three bacterial class labels (Figure H16). CXCL5 is
only highly important for the Gram-negative class in the
RF models trained on the S-dataset – the only model
type/dataset combination that never misclassified sample
135. Sample 135 was never misclassified as untreated.

Model Type Training Data Misclassification Rate
GLM W 0.611
GLM M 0.726
GLM S 0.191
RF W 0.045
RF M 1.00
RF S 0.00

Table 5 Frequently misclassified samples with corresponding predicted class, model
type/dataset combination associated with misclassification, and attributes correlating
with misclassification.

Sample
True
Class

Predicted
Class

Model Type-Dataset Attribute

#135 Gram(-) Gram(+)
GLM-W, GLM-M, GLM-S,
NN-W, NN-M, NN-S,
RF-W, RF-M

CXCL5 importance

#152
Strong
Gram(+)

Untreated GLM-W, GLM-M
CCL5, IL6, LTB
importance

#158
Strong
Gram(+)

Untreated All
CCL5 importance;
Overlapping signal

#54
Weak
Gram(+)

Untreated
GLM-S, NN-S,
RF-W, RF-M, RF-S

Number of highly
important genes

The sample-specific misclassification analysis motivated by class-based variable443

importance provides insight into how ML models interpret complex biological datasets444

(Table 5). Although the black-box nature and nonlinear interactions of ML models445

prevent definitive attribution of misclassification causes, the importance of certain446

variables may explain the improved classification accuracy for specific samples in par-447

ticular model type/dataset combinations. For example, Gram-negative sample 135 had448

the lowest CXCL5 signal out of all class labels (Figure H16), and was only correctly449

classified in the model type/dataset combination that showed high CXCL5 importance450
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(RF models trained on S-dataset). Although highly important genes can be informa-451

tive for class discrimination in most samples, models may have difficulty accurately452

predicting class labels when a sample’s feature values overlap with the distribution453

of another class (CCL5 for sample 158). The number of highly important variables454

in a model may also explain misclassification patterns. Models with a larger num-455

ber of highly important variables may, in some cases, obscure meaningful signals that456

are more clearly captured by simpler models (sample 54). For certain samples, sim-457

pler models trained on fewer variables may achieve improved classification accuracy.458

Further in-depth discussion of misclassification results of these samples is provided in459

Section H.460

Examining the correlation between variable importance and misclassification can461

both enhance ML model design as well as motivate directions for future experimental462

studies. ML model design can be enhanced by up-weighting the importance of genes463

that are shown to affect correct classification. This can be achieved through a two-464

step variable selection and model fitting process, where the first step identifies the465

most important variables for each class, and the second step retrains the models using466

only the important features identified in the first step (in a way that prevents data467

leakage). Designing further experiments that specifically target these highly impor-468

tant genes can enhance mechanistic understanding of their roles in innate immunity.469

This can reveal why these genes are considered important in certain ML classification470

models. Finally, this process allows us to investigate strategies to best balance model471

complexity with generalizability. For example, the RF models trained on the S-dataset472

accurately classified Gram-negative sample 135 and strong Gram-positive sample 152473

when the M-dataset models failed to do so, but these same models struggled to accu-474

rately predict weak Gram-positive sample 54 (Table 5). Additionally, the M-dataset475

models exhibited less misclassification of the strong Gram-positive samples compared476

to the W-dataset models. While the M-dataset models did not outperform either W-477

or S-dataset models on any specific sample, its training on varied Gram-positive signal478

strength promoted overall model generalizability.479

4 Discussion480

4.1 The tradeoff between and generalizability and481

interpretability482

Host response heterogeneity is one of the most confounding factors affecting medical483

intervention [40], and points to the breadth of host responses across dimensions of age,484

sex, genetics, and environmental factors [41]. As a result, it may be ideal to train ML485

models on data with heterogeneous signal to enhance generalizability. In this study,486

generalizability refers to the model’s ability to correctly predict classification when487

tested on data across experimentally-induced signal-strength shifts. We introduced488

the challenge set for the W- and S-datasets as a way to test model generalizability for489

distribution shifts across signal magnitude. This allows us to understand what happens490

when the training distribution is narrower or broader than the biological variability491

at testing.492
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Our weak-signal Gram-positive data could represent samples from asymptomatic493

infection [42] or from those collected shortly after infection [27]. We saw that the S-494

trained models performed the poorest when challenged on weak-signal data, and often495

misclassified these signals as untreated due to the similarity in signal distribution.496

While the M-trained models showed better generalization across the experimentally-497

induced signal-strength shifts, this became a tradeoff to model interpretability.498

The biological interpretation that can be gleaned from ML models remains depen-499

dent on the nature of the curated training dataset. This is most clearly shown by500

analyzing the GLMs for the Gram-positive class. Some genes show high importance501

for only the S-dataset and negligible importance for the W- and M-datasets (e.g., IL6,502

CCL2, CXCL5, etc.). Sometimes, genes that were highly important for the S-dataset503

and negligibly important for the W-dataset show moderate importance for the M-504

dataset (e.g., IL11, TNFRSF11B). Other times, genes that are moderately-to-highly505

important for both S- and W-datasets show less importance in the M-dataset (PPBP).506

There are even genes that show relatively high importance for the M-dataset that507

have negligible or low importance in both S- and W-datasets (eg., CX3CL1, CXCL11).508

However, interpretation was not necessarily reduced in the M-dataset models, but509

rather shifted from subgroup-specific features to class-level ones. Variable importance510

from the M-dataset models provides class-level signals, while the W- and S-datasets511

provide clean, but conditional signals. The homogeneous signal regimes may reveal512

features specific to LTA-like or Pam3CSK4-like responses, but not necessarily features513

robust to Gram-positive response variation.514

Given the nuances between balancing generalizability with interpretability, we515

identified the following patterns about our small transcriptomic host-response dataset:516

GLM offers a strong default when interpretability is prioritized, RF provides a use-517

ful nonlinear benchmark when the testing data aligns with the signal distribution of518

the training data, and the single-layer NN did not provide sufficient benefit under519

these sample size constraints. Mixed-signal training should be considered when robust-520

ness to within-class heterogeneity is more important than identifying agonist-specific521

biomarkers.522

4.2 Within-class heterogeneity on generalizability523

The hyperparameter tuning process adapts model architecture based on the charac-524

teristics of the training data. We showed how the hyperparameter selection can be525

optimized to improve model generalizability. The M-dataset had the highest signal526

variability for the Gram-positive class and preferred the highest mtry value in the RF527

models. The signal level heterogeneity within the Gram-positive class required greater528

model complexity to correctly classify exposure classes.529

The varied within-class heterogeneity across curated datasets further impacted530

classification accuracy – not just for the Gram-positive class, but also for the down-531

stream classification of Gram-negative and untreated classes. The GLM and RF models532

show high accuracy across model type/dataset combinations. But when meaningful533

misclassification occurs for these models, both Gram-negative and weak Gram-positive534

samples are more often misclassified as untreated. In these false-negative cases, the535

models are unable to detect an immune response. In contrast, strong Gram-positive536
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samples are more often misclassified as Gram-negative. In these cases, the models537

detect an immune response in the strong-signal data, but attribute the signal to538

the incorrect bacterial subtype. The GLM and RF models maintain a high level of539

specificity in detecting an immune response, as demonstrated by the untreated class540

exhibiting the fewest frequent misclassifications across these model types.541

4.3 Within-class heterogeneity on interpretability542

The amount of within-class heterogeneity also affected variable importance results543

that point to model interpretability. Models trained on the S-dataset identified a544

greater number of highly important variables on average compared to models trained545

on the W- and M-datasets. Some of these variable importance results aligned with546

our previous findings from binary Gram-negative vs untreated models [29]. However,547

our previous study did not identify IL11 as a highly ranked gene, whereas the present548

study found IL11 to be highly important for Gram-negative data across all model549

type/dataset combinations. Incorporating a third class of Gram-positive bacterial data550

may have revealed the importance of IL11 in distinguishing Gram-negative bacterial551

responses. These findings demonstrate that ML model variable importance results can552

vary substantially depending on how training data are curated.553

Assessing individual sample misclassification in the context of ML variable impor-554

tance can provide insight into both biological interpretation and the black-box nature555

of ML models. Variable importance results suggested a plausible explanation for why556

Gram-negative Sample #135 exhibited higher prediction accuracy in classifiers that557

ranked CXCL5 as a highly important variable. Gram-negative Sample #135 was fre-558

quently misclassified as Gram-positive in the models that did not identify CXCL5559

as highly important. Sample #135 exhibited the weakest CXCL5 signal among all560

bacterial samples, and Gram-negative samples generally showed weaker CXCL5 sig-561

nal levels compared to Gram-positive classes (Figure H16). Because ML models differ562

fundamentally from mechanistic models, we cannot conclude with certainty which of563

the selected classifiers most closely reflect known biological response pathways. Nev-564

ertheless, our ML models provide insight into pathways that may be important for565

distinguishing among different types of infection.566

4.4 Limitations567

The main limitation of this work is that our models classify host-response states568

induced by bacterial-associated agonists rather than clinical infection or live bacterial569

exposure. Although this study does not model the full complexity of clinical infection,570

it addresses a methodological question that is central to how pathogen classifiers oper-571

ate: how training set composition affects ML model behavior given biological signal572

within a class.573

Another limitation of this work is the relatively small sample size of our dataset.574

This is a common feature of many biological datasets that require time- and cost-575

intensive experiments. ML models are generally better suited to large training datasets576

as small datasets are prone to overfitting. To mitigate this challenge, we resampled577

the training data used to build our models 500 times during both hyperparameter578
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tuning and model evaluation steps. As a result, each sample is included in the train-579

ing data for roughly 70% of the iterations, which helps prevent outlier samples from580

having too much influence in model outcomes. Within each training iteration, we581

also incorporated 5-fold cross-validation. Together, this resampling strategy enhances582

the reliability of our models by providing classification probability distributions with583

quantified uncertainty.584

4.5 Future work585

There are various opportunities to optimize the operational capabilities of our ML586

models from both experimental and computational sides. Our integrated, interdisci-587

plinary approach allows the developments from each side to enhance the efficiency of588

the other. For example, our ML variable importance results can assist in reducing the589

panel of immune-focused genes that need to be measured for effective model perfor-590

mance, thereby reducing the costs and time required for subsequent sample generation.591

Other improvements to experimental data generation include varying exposure times,592

PAMP doses, cell types, and PAMP stimulation. The current experimental setup593

exposes human epithelial A549 cells to bacterial PAMPs and measures gene expres-594

sion 24 hours post-exposure. Future in vitro data generation could expand the range595

of exposure times to represent differing times since infection, thereby increasing signal596

strength heterogeneity. Signal strength variation can also be enhanced by exposing597

cells to different PAMP doses. In addition, new host-response patterns may be revealed598

from using different cell types for PAMP exposure (e.g., immune cells). We plan to599

further extend data generation to include viral, fungal, and parasitic agonists. Once600

baseline gene expression signals for each pathogen class are established with our in601

vitro system, we can iteratively integrate ML model development with clinical data.602

These developments will enable construction of a cleaner and more comprehensive603

dataset than what is achieved with clinical or in vivo data alone.604

Opportunities to improve the ML model development side include exploring the use605

synthetic data, adjusting thresholds for classification probability, and incorporating606

hierarchical modeling approaches. Exploring the use of synthetic data to augment our607

models will further mitigate limitations associated with small sample sizes. We can also608

adjust probability thresholds within the ML models to minimize false-negative rate. In609

the context of pathogen detection, predicting the presence of infectious microbes when610

none are present (false positives) may be preferred to failing to detect them when they611

are present (false negatives). Additional opportunities for model development include612

incorporating ensemble or hierarchical modeling approaches. An ensemble framework613

would combine predictions from multiple model types (e.g., GLM and RF) to generate614

classification outputs. A hierarchical model would predict pathogen class through a615

multi-step process. For example, a binary model could first detect whether an innate616

immune response is present (bacterial vs. non-bacterial), followed by a second binary617

model to distinguish Gram-positive from Gram-negative bacteria. Such a hierarchi-618

cal modeling framework may be better for mapping model predictions to underlying619

biological mechanisms. Investigating these extensions will further enhance the clinical620

utility of ML-based pathogen detection.621
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5 Conclusion622

In this methodological study, we use a controlled in vitro host-response dataset as623

a testbed to evaluate how dataset curation and signal heterogeneity influence ML624

classification performance, interpretability, and generalizability. Rather than optimiz-625

ing a classifier for a single narrowly defined experimental condition, we focused on626

how within-class host-response variation affects model behavior. By capturing signal627

variation within Gram-positive data and baseline signals from unexposed control sam-628

ples, we identified gene response patterns that may have otherwise not been revealed.629

Specifically, our investigation compared three off-the-shelf ML classifiers (NN, RF, and630

GLM) for three-way host-response classification models (representing Gram-negative-631

associated stimulation, Gram-positive-associated stimulation, and untreated controls)632

and explored how the signal strength of the Gram-positive bacterial samples in the633

training data affects ML performance. In addition, we examined how models per-634

formed when being challenged with data from a held-out Gram-positive-associated635

signal regime. Our best-performing models achieved high accuracy in distinguishing636

host-response classes under controlled stimulation conditions, and our robust tuning,637

training, and testing procedures provided distributions with quantified uncertainty. We638

evaluated model performance using accuracy, variable importance, and sample mis-639

classification rates, and demonstrated how interpretability and generalizability depend640

on dataset composition. Finally, we used class-based variable importance results to641

assess plausible explanations for frequent sample misclassifications. Our results high-642

light that within-class signal heterogeneity is not merely a source of noise, but a central643

design consideration for developing generalizable and interpretable ML classifiers from644

host-response data.645

In the context of antimicrobial resistance, host-response classifiers are attrac-646

tive because they could eventually help distinguish infection classes earlier in the647

diagnostic process. However, premature deployment of models trained on narrow or648

homogeneous datasets risks poor generalization when clinical samples contain variable649

response magnitudes. Our results suggest that dataset design, particularly representa-650

tion of within-class heterogeneity, should be treated as a central component of model651

development rather than a secondary pre-processing choice.652
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Appendix A The innate immune system683

The innate immune system is the body’s first line of defense against foreign pathogens684

[10]. This evolutionarily-conserved system is activated within minutes to hours upon685

infection and triggers signaling cascades by cytokines and chemokines – proteins that686

elicit antimicrobial responses [11]. The innate immune system is pathogen-agnostic,687

meaning it reacts regardless of the presented pathogen. But despite its nonspecific688

nature, the differential signals from cytokines and chemokines may help distinguish689

different classes of pathogens. The ability to accurately distinguish pathogen classes690

assists in narrowing down the search space for specific pathogen testing [43]. This not691

only enables clinicians to determine an accurate diagnosis with fewer pathogen-specific692

tests, but also reduces administration of inappropriate treatment that contributes to693

increasing antimicrobial resistance [1].694

Toll-like receptors (TLRs) are key components of the immune system’s ability to695

detect pathogens [13]. They recognize evolutionarily-conserved pathogen-associated696

molecular patterns (PAMPs) from invading microbes [11]. Stimulation with TLR-697

ligands induces cytokines and chemokines that regulate immune response [31, 44].698

Here, we use “gene signals” or “gene expression” to refer to the cytokine and chemokine699

amplification levels. Lipopolysacharide (LPS) is a TLR-4 ligand exclusively found in700

the cell walls of Gram-negative bacteria, such as E. coli and Salmonella. The functional701

equivalent of LPS for Gram-positive bacteria is lipoteichoic acid (LTA), which is a702

TLR-2 ligand. Examples of Gram-positive bacteria include Staphylococcus aureus and703

Streptococcus pneumoniae. Knowing whether a bacterial infection is Gram-positive704

or Gram-negative can have implications for selecting optimal treatment and control705

methods [7]. Gram-negative bacteria tend to be inherently more resistant to antibiotics706
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due to the reduced permeability offered by the LPS outer membrane, which prevents707

antibiotic drugs from reaching the cells [8].708

We generate three types of PAMPs from an in vitro system to demonstrate how709

machine learning (ML) can be used to classify subtypes of bacterial pathogens. We710

use LPS to mimic Gram-negative pathogens, and use LTA and Pam3CSK4 to mimic711

Gram-positive pathogens. While LTA is the natural TLR-ligand that is present in712

Gram-positive bacteria, Pam3CSK4 is its synthetic counterpart that often induces713

stronger gene signals than LTA [31, 45]. The same pathway is expressed in both LTA714

and Pam3CSK4, but the two components differ in the magnitude of their expressed715

gene signals. By including a range of variable signal in our data, we can analyze the716

effect of differential gene expression on ML performance.717

We note that our data uses PAMPs to mimic bacterial pathogens rather than the718

full bacterial cells themselves. However, to facilitate language consistency and help719

communicate the broader impact of our work, we use the term “Gram-negative” to720

refer to the LPS-treated samples, “strong Gram-positive” to refer to the Pam3CSK4-721

treated samples, and “weak Gram-positive” to refer to the LTA-treated samples.722

Appendix B Experimental data generation and723

standardization724

This experiment involved two phases to generate 195 samples of bacterial mimics. The725

first phase focused on generating Gram-negative mimics with lipopolysaccharide (LPS)726

(Section B.1), and the second phase focused on generating Gram-positive mimics727

with lipoteichoic acid (LTA) and Pam3CSK4 (Section B.2). Both phases used human728

epithelial lung A549 cells that were sourced from American Type Culture Connection729

(ATCC, CCL-185). The cells were cultured in Kaighn’s Modified Ham’s Formulation730

F-12 Media (ThermoFisher Scientific; 21127022) with 10% fetal bovine serum (Sigma731

Aldrich; F2442-500ML) and 1% v/v penicillin/streptomycin (ThermoFisher Scientific;732

15140122).733

After first strand synthesis, 96-well Human Cytokines and ChemokinesRT2 Profiler734

PCR Arrays (Qiagen; PAHS-150ZC-24) using the RT2 qPCR Master Mix (Qia-gen;735

330529) were used to process qPCR samples. This array measured RNA levels from 84736

different cytokines and chemokines, 5 housekeeping genes, and included 7 control wells737

for each sample. For each type of sample, mRNA expression was measured for 100738

replicates, 50 samples of LPS, 32 samples of LTA, 32 samples of Pam3CSK4, and 81739

untreated controls from a combination of both sets of experiments. The plates were run740

on an Applied Biosystems StepOnePlus Real-Time PCR Thermocycler (ThermoFisher741

Scientific; 4376600) using the following protocol: 95°C for 10 min; 40 cycles: 95°C for 15742

sec; 60°C for 1 min [30]. In this process, a fluorescent probe is mixed with each sample743

allowing the PCR machine to quantify the light intensity of each sample [46]. The Ct744

value, or cycle threshold, represents the cycle number at which a sample fluoresces745

more than the background fluorescence [46]. If the Ct value is low, the cytokine or746

chemokine being detected has a high expression; whereas if the Ct value is high, the747

cytokine or chemokine being detected has a low expression.748
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B.1 Gram-negative (LPS) data generation749

For the cells used to generate LPS samples, two stocks (frozen at passage #4) were750

grown separately for one passage. After this first passage, the two cultures were each751

split into six separate cultures, known as lineages (12 lineages total). These lineages752

were grown separately to increase the biological variation between them. Five passages753

of each cell line were cultured in 24-well plates, with each of the 12 lineages cultured in754

two wells. The day prior to adding to cells, LPS from P. aeruginosa (Sigma Aldrich;755

L9143-25MG) was suspended in water and diluted to 10 µg/mL in fresh media and756

stored overnight at 4°C. After the cells reached ¿80% confluence, the media of one757

well from each lineage was replaced with media warmed to 37°C containing 10 µg/mL758

LPS (treated), while the other well for each lineage was replaced with fresh media759

warmed to 37°C without LPS (untreated). The samples included in phase 1 have been760

previously published in [30].761

B.2 Gram-positive (LTA and Pam3CSK4) data generation762

For cells used to generate LTA and Pam3CSK4 samples, eight lineages of the cell line763

were used. Four different non-consecutive passages of each of the lineages were plated764

into 24-well plates with each of the eight lineages cultured into three wells. The day765

prior to adding to cells, LTA from S. aureus (InvivoGen, tlrl-pslta) and Pam3CSK42 –766

a synthetic triacylated lipopeptide (LP) (InvivoGen, tlrl-pms) – were both suspended767

in water and diluted to 10 µg/mL in fresh media and stored overnight at 4°C.768

On the day prior to adding to cells, the media of one well from each lineage was769

replaced with media warmed to 37°C containing 10 µg/mL LTA (treated), the second770

well from each lineage was replaced with media warmed to 37°C containing 10 µg/mL771

Pam3CSK4 (treated). The third well for each lineage was replaced with fresh media772

warmed to 37°C without LTA or Pam3CSK4 (untreated).773

B.3 Housekeeping genes and data normalization774

In addition to our panel of 84 immune-focused genes, we measured the amplification of775

five housekeeping genes: ACTB, B2M, GAPDH, HPRT1, and RPLP0. The housekeep-776

ing genes are not reactive to LPS, LTA, or Pam3CSK4, and should maintain relatively777

consistent Ct values independent of treatment. We included the housekeeping genes778

to help normalize Ct values among the different classes for building our ML models.779

The B2M housekeeping gene had the lowest treatment affect [29], and was therefore780

selected to normalize the data. The mean Ct value of the B2M gene was subtracted781

from the Ct value of the genes. To handle missing observations, undetermined Ct782

values were replaced with the maximum value of the normalized Ct value of that gene,783

plus one.784

Finally, amplification of three quality controls (HGDC, RTC, and PPC) were tested785

for PCR efficiancy and contamination. Human genomic DNA contamination (HGDC)786

was measured to test if any DNA contamination was present, reverse transcription787

control (RTC) was measured to check for impurities in the RNA sample that would788

impede reverse transcription, and positive PCR control (PPC) was measured to check789

for impurities that would impact the PCR process.790
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Appendix C Strong and weak Gram-positive signal791

The Ct values are inversely related to the amount of detected gene expression – we792

observe lower Ct values with Pam3CSK4 and higher Ct values with LTA, indicating793

stronger and weaker gene expression, respectively. However, to enhance visual intu-794

ition, we show the distributions of negative Ct values of Pam3CSK4 and LTA. That795

is, the higher (less negative) -Ct values observed from Pam3CSK4 indicate stronger796

levels of gene expression, whereas the lower (more negative) -Ct values observed from797

LTA indicate weaker levels of gene expression.798

Fig. C1 Gene signal distribution comparison between the weak (LTA) and strong (Pam3CSK4)
Gram-positive data for CCL20, CSF3, IL6, and LTB. Gene signal is consistently more up-regulated
for the strong Gram-positive data. Note that the negative of the Ct values are shown here, where
lower values of -Ct corresponds with weaker amounts of gene expression, and higher values of -Ct

correspond with stronger gene expression levels.
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Appendix D Machine learning models799

Neural network (NN): inspired by the brain’s neural connectivity. For this study,800

the input layer consists of the 84 gene expression values (Ct values). This input is801

manipulated within a single hidden layer, and the output predicts the class label802

(Gram-negative, Gram-positive, or untreated). Previous work showed that additional803

hidden layers did not meaningfully improve overall accuracy, and instead complicated804

model interpretability [29]. The hidden layer manipulates the input via weights that805

are tuned by backpropagation. In backpropagation, the error is minimized through806

partial derivative calculations with respect to the weights.807

808

Random forest (RF): uses prediction averages across an ensemble of decision809

trees. For this study, tree construction is based on the magnitude of Ct values and810

the resulting prediction for each sample is based on the majority classification label811

vote across the trees.812

813

Generalized linear models (GLM): transformations of the Ct values are assumed814

to have a linear relationship with the expectation of the dependent variable (class815

label). The discrete class labels are linked through the logarithm of the odds of the816

probability that the class label occurs. The GLMs fit the coefficients to scale the817

transformed Ct values.818

Appendix E Hyperparameter tuning process and819

results820

Implementation: Hyperparameter tuning was performed in R programming soft-821

ware. We use the train function from R’s caret package to build models using each822

of hyperparameter value. We select the methods “nnet” for the NN models, “rf” for823

our RF models, and “glmnet” for our GLMs. We use caret’s createDataPartition824

function to split our data into training and testing sets while ensuring that we825

retain the correct class distribution from the full dataset. Testing accuracy was com-826

puted with the predict function from the stats package, along with the caret’s827

confusionMatrix function.828

Hyperparameter tuning and selection involved running 50 iterations of 5-fold cross829

validation with 50 repeats for each model type (NN, RF, GLM). The training data830

(70% of the dataset) was divided into five, mutually exclusive subsets of equal size831

(folds). The model is trained on the four of the folds and validated on the fifth fold.832

This process is repeated until each fold is used in validation. Moreover, the cross833

validation process is repeated 50 times (repeats) using different splits of the training834

data. That is, the folds of each each repeat comprise of different samples of the training835

data. Once the model is trained, it is tested on the remaining 30% of the dataset.836

We repeat this process 50 times (iterations) to allow different samples to be part of837

the training data. We obtain a more robust and reliable estimate of hyperparameter838

optimality by averaging performance across multiple folds, repeats, and iterations.839
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Each iteration returns an optimal value for the NN size and decay, RF mtry,840

and GLM alpha and lambda. The final hyperparameters are selected from the set of841

optimal hyperparameters based on the frequency of each value’s optimality and the842

respective overall accuracy on the testing sets. This process is performed separately843

for each of the data subsets (W-, M-, and S-dataset).844

845
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NN size: The size parameter of the neural network indicates the number of nodes in846

the hidden layer. We explored node sizes of 1-11. Eleven is the maximum node size847

based on the number of input features. All three datasets prefer a larger number of848

nodes for the single-layer neural net. We selected a size value of 10 for the W-dataset849

and size value of 11 for the M- and S-datasets as the final size values, based on the850

frequency density and testing accuracy distributions (Figure E2). None of the model851

iterations return an optimal size value less than 3.852

853

Fig. E2 Size hyperparameter tuning results from 150 neural network models. (Top) Density plot of
optimal size frequency. (Bottom) Boxplots of testing accuracy with respect to size value.
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NN decay: The decay parameter of the neural network denotes the learning rate for854

the speed at which the weights are tuned via backpropagation. We explored decay855

values of 1 × 10−5, 1 × 10−4, 0.001, 0.01, 0.05, 0.1, and 0.5. Only decay values of856

0.1 and 0.5 are within the set of optimal values (Figure E3). Larger decay values857

increase the amount of regularization to avoid overfitting and lead to lower weighted858

coefficients. The decay value of 0.5 is most frequently selected as the optimal value,859

therefore we selected this as the final decay value for each dataset.860

861

Fig. E3 Decay hyperparameter tuning results from 150 neural network models. (Top) Density plot
of optimal decay frequency. (Bottom) Boxplots of testing accuracy with respect to decay value.
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GLM alpha: Alpha is the elastic net mixing parameter in the GLMs. We explored862

alpha values of 0, 0.25, 0.5, 0.75, and 1.00. Alpha ranges from 0 to 1 and controls the863

balance between L1 (LASSO) and L2 (ridge) regression. An alpha value of 1 indicates864

pure LASSO regression, which drives the model towards down-selection of highly865

correlated predictors. By contrast, an alpha value of 0 indicates pure ridge regres-866

sion, which instead distributes weights among correlated predictors. The W-dataset867

strongly prefers pure LASSO regression (alpha = 1), and the S-dataset prefers lower-868

to-moderate values of alpha compared to the M-dataset (Figure E4). We selected final869

alpha values of 1 for the W- and M-datasets, and 0.25 for the S-dataset. None of the870

model iterations prefer pure ridge regression (alpha = 0). For the W- and M-datasets,871

there are less differences in signal strength between the Gram-positive and untreated872

classes. A lower ratio of signal to noise may prefer pure LASSO regression since there873

may only be a few variables contributing to different signals.874

875

Fig. E4 Alpha hyperparameter tuning results from 150 generalized linear models. (Top) Density
plot of optimal alpha frequency. (Bottom) Boxplots of testing accuracy with respect to alpha value.
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GLM lambda: Lambda is a general penalty parameter that affects the overall876

amount of regularization in the GLMs. We explored lambda values of 1 × 10−5,877

5 × 10−5, 1 × 10−4, 5 × 10−4, 0.001, 0.005, 0.01, 0.05, 0.1, and 0.5. The S-dataset878

prefers larger values of lambda compared to the W- and M-datasets (Figure E5). We879

selected final lambda values of 0.01 for the W-dataset, 0.005 for the M-dataset, and880

0.1 for the S-dataset. Smaller values of lambda lead to less regularization penalty881

and retain more variables in the model. More variables may be necessary to discern882

class label in these datasets because the overlap in gene expression among the class883

labels muddies the signal. This rationale counters the reasoning for preferring pure884

LASSO regulation, indicating that the combination of alpha and lambda may matter885

more than each parameter alone. None of the model iterations return optimal lambda886

values below 1 × 10−4 or above 0.1. This suggests that a moderate amount of regu-887

larization is required for successful classification of all three datasets.888

889

Fig. E5 Lambda hyperparameter tuning results from 150 generalized linear models. (Top) Density
plot of optimal lambda frequency. (Bottom) Boxplots of testing accuracy with respect to lambda
value.

Appendix F Model training and evaluation890

implementation891

Model training and evaluation uses the final hyperparameters selected from the hyper-892

parameter tuning and selection steps (Section 2.3.1). For each model type (NN, GLM,893

RF) and dataset (W, M, S) combination, 500 iterations of the models were built using894
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Table E1 Final hyperparameter selection for the W-, M-, and S-datasets.

Model Parameter Range Final (W) Final (M) Final (S)
NN size 1-11 10 11 11
NN decay 1e-5, 1e-4, 1e-3, 5e-3, 0.5 0.5 0.5

0.01, 0.05, 0.1, 0.5
RF mtry 1-30 19 29 11
GLM alpha 0, 0.25, 0.5, 0.75, 1 1 1 0.25
GLM lambda 1e-5, 5e-5, 1e-4, 5e-4, 1e-3, 0.01 5e-3 0.1

5e-3, 0.01, 0.05, 0.1, 0.5

70%/30% train/test splits. The createDataPartition function was again imple-895

mented to split the dataset to maintain the correct label proportions in the training896

and testing sets. The NNs were built using the nnet function of the nnet package.897

The RFs were built using the randomForest function from the randomForest pack-898

age and each model uses an ensemble of 500 trees. The GLMs were built using the899

glmnet function from the glmnet package and used a multinomial family.900

Overall accuracy was calculated based on the proportion of correctly classified sam-901

ples in the testing set. Class-based accuracy was determined for each classification label902

(Gram-positive, Gram-negative, untreated) and used the Balanced Accuracy metric903

obtained from the confusionMatrix function. The class-based, or balanced accuracy904

takes the average of sensitivity (true positive rate) and specificity (true negative rate).905

Individual sample misclassification was calculated based on the proportion a sample906

was misclassified in the testing or challenge sets. Model variable importance was calcu-907

lated for overall and by class label. The varImp function from the caret package was908

used to determine variable importance for the GLMs (overall and by class) and over-909

all for the NNs. Variable importance for GLMs is based on the absolute value of the910

Ct values. Overall variable importance for the NNs uses a combination of the weight911

values for the nodes in the hidden layer. Class-based variable importance of the NNs912

uses the the olden function from the NeuralNetTools package. This measures the913

relative importance of input variables with respect to hidden layer connection weights.914

Variable importance for the RFs (overall and by class) use the importance function915

from the randomForest package. This uses the mean decrease in accuracy method,916

which measures how much accuracy decreases when a feature’s values are permuted.917

Appendix G Variable importance918

The selection of 84 immune-focused genes can be divided into several groups according919

to function (Table G2). We use the following cytokine groupings to relate ML variable920

importance to biological mechanisms:921

• Chemoattractants: attract immune cells to sites of infection or injury [47]922

• Anti-inflammatory: help reduce immune responses and control inflammation [48]923

• Pro-inflammatory: trigger and amplify immune responses and inflammation [48,924

49]925

• Involved in apoptosis: programmed cell death926
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• Growth and differentiation factors: support development and specialization of927

different cell types [50, 51]928

• Hematopoietic growth factors: stimulate the production of blood and immune929

cells930

• Th1-associated: promote cell-mediated immune responses; helpful against intra-931

cellular pathogens (i.e., viruses and bacteria) [52, 53]932

• Th2-associated: support humoral immune defense against extracellular pathogens933

(i.e., parasites, allergens, toxins, extracellular bacteria) [54]934

• Th17-associated: defend against certain infections and may contribute to inflam-935

mation [53, 55, 56]936

Functional groupings were verified from the UniProt database [57] with additional937

references for each group included above.938
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Table G2 Functional groupings of immune-focused selection of genes. Bolded genes are highly important
for at least one model type/dataset combination for all class labels. Green-colored genes are highly
important for all model type/dataset combinations for the Gram-negative class. Violet-colored genes are
highly important for all model type/dataset combinations for the Gram-positive classes (strong- and
weak-signal). Blue-colored genes are highly important for the untreated class. Functional groupings were
verified from the UniProt database [57]. Functional group descriptions and additional references are included
within the text. Note that some genes appear for multiple groups.

Functional Group Genes

Chemoattractants

CCL1, CCL2, CCL3, CCL5, CCL7, CCL8, CCL11, CCL13,
CCL17, CCL18, CCL19, CCL20, CCL21, CCL22, CCL24, CX3CL1,
CXCL1, CXCL2, CXCL5, CXCL8, CXCL9, CXCL10, CXCL11,
CXCL12, CXCL13, CXCL16, IFNA2, IL16, PPBP, XCL1

Anti-inflammatory IL1RN, IL10, IL13, TGFB2

Pro-inflammatory
CCL2, CCL3, CCL5, CX3CL1, CXCL8, CXCL9, CXCL10, IFNG, IL1A,
IL1B, IL6, IL15, IL17A, IL17F, IL18, LTB, MIF, TNF

Involved in apoptosis FASLG, LTA, TNFRSF11B, TNFSF10
Growth &
differentiation factors

ADIPOQ, BMP2, BMP4, BMP6, BMP7, CNTF, CXCL9, CXCL10, GPI, LIF,
MSTN, NODAL, OSM, SPP1, TGFB2, TNFRSF11B, TNFSF11, VEGFA

Hematopoietic
growth factors

CD40LG, CSF1, CSF2, CSF3, IL3, IL7, IL11, IL15, THPO, TNFSF11,
TNFSF13B

Th1-associated CXCL10, IFNG, IL2, IL10, IL12A, IL12B, IL18, TNF
Th2-associated CCL17, IL2, IL3, IL4, IL5, IL10, IL13, IL27
Th17-associated CCL20, CXCL8, IL2, IL6, IL9, IL17A, IL17F, IL21, IL22, IL23A IL24, IL27
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Fig. G6 Overall variable importance organized by dataset (x-axis) and model type (column panels).
Heatmaps show the frequency that genes were among the top 20 variables out of 500 models. Genes
are ordered based on the top 20 frequency of the GLMs trained on the M-dataset.
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Fig. G7 Variable importance of the Gram-negative class, organized by dataset (x-axis) and model
type (column panels). Heatmaps show the frequency that genes were among the top 20 variables out of
500 models. Genes are ordered based on the top 20 frequency of the GLMs trained on the M-dataset.
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Fig. G8 Variable importance of the Gram-positive classes, organized by dataset (x-axis) and model
type (column panels). Heatmaps show the frequency that genes were among the top 20 variables out of
500 models. Genes are ordered based on the top 20 frequency of the GLMs trained on the M-dataset.
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Fig. G9 Variable importance of the untreated class, organized by dataset (x-axis) and model type
(column panels). Heatmaps show the frequency that genes were among the top 20 variables out of
500 models. Genes are ordered based on the top 20 frequency of the GLMs trained on the M-dataset.

39



Fig. G10 Highly important variables for the GLM and RF models, organized by dataset (x-axis) and
class label (row panels). Genes are considered highly important when ranked in the top 20 variables
for at least 450 of the 500 model build iterations (90%).
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Appendix H Sample-specific misclassification939

We consider samples to be “meaningfully” misclassified if they are misclassified at940

least 5% of the time for the model type/dataset combination.941

Gram-negative class: 28 of 50 samples (56%) are never misclassified for any model942

type/dataset combination (Figure H12). When only considering the GLM and RF943

model types, which have the highest test accuracies and comparable performance, only944

five samples (10%) are meaningfully misclassified in at least one model type/dataset945

combination (Figure H11). One of these samples is misclassified as Gram-positive,946

while the other four are misclassified as untreated.947

948

Weak Gram-positive class: 23 of 32 samples (71.9%) are never misclassified when949

part of the test set (W- and M-datasets, Figure H13). When considering only the950

GLM and RF model types, only four samples (12.5%) are meaningfully misclassified951

in the test set (Figure H11). However, these 23 samples are meaningfully misclassified952

when included in the challenge set (S-dataset). All weak-signal samples (for both test953

and challenge sets) that are meaningfully misclassified by the GLM and RF models954

are misclassified as untreated.955

956

Strong Gram-positive class: 16 of 32 samples (50%) are never misclassified when957

included in the test set (H- or M-datasets, Figure H14). When only considering the958

GLM and RF model types, only two samples (6.25%) are meaningfully misclassified959

in the test set (Figure H11). Both of these samples are misclassified as untreated.960

Additionally, 10 samples (31.25%) are meaningfully misclassified in the challenge set961

(W-dataset). All of these 10 samples are misclassified as Gram-negative.962

963

Untreated class: all samples are misclassified at least once in at least one model964

type/dataset combinations (Figure H15). When only considering the GLM and RF965

model types, only 4 of 86 of these samples (< 5%) are meaningfully misclassified966

(Figure H11). One of these samples is misclassified as Gram-negative while the other967

three are misclassified as Gram-positive.968
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Fig. H11 Sample-specific misclassification rates from GLM and RF models for each class label,
organized by predicted class (rows) and dataset curation (columns). Lighter shaded cells indicate the
misclassification rates from the challenge set. Only samples that were meaningfully misclassified (i.e.,
misclassified at least 5% of the time) are shown here.
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Fig. H12 Sample misclassification rates of the Gram-negative samples for the three model types,
organized by prediction class (row panels) and dataset (column panels).
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Fig. H13 Sample misclassification rates of the weak Gram-positive samples for the three model
types, organized by prediction class (row panels) and dataset (column panels). Lighter shaded cells
indicate the misclassification rates from the challenge set (strong-signal data).
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Fig. H14 Sample misclassification rates of the strong Gram-positive samples for the three model
types, organized by prediction class (row panels) and dataset (column panels). Lighter shaded cells
indicate the misclassification rates from the challenge set (weak-signal data).
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Fig. H15 Sample misclassification rates of the untreated samples for the three model types, orga-
nized by prediction class (row panels) and dataset (column panels).
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H.1 Gram negative sample #135969

Sample 135 is frequently-to-highly misclassified as Gram-positive by all model types970

trained on the W- and M-datasets and by the GLM and NN models trained on the971

S-dataset (Figure H12). In contrast, it is never misclassified as Gram-positive by the972

RF models trained on the S-dataset. This pattern reveals that the models recognize973

an immune response but fail to correctly distinguish the type of bacterial infection.974

Sample 135 is never misclassified as untreated. This type of classification uncertainty975

is clinically relevant and important to report.976

CXCL5 is uniquely identified as highly important for the Gram-negative class in the977

RF models trained on the S-dataset (Figure G10). Recall that Ct values are inversely978

related to gene expression levels. Sample 135 exhibits the highest Ct value (i.e., the979

lowest –Ct value) among all bacterial samples (Figure H16). Although the black-box980

nature and nonlinear interactions of ML models prevent definitive attribution of the981

cause of misclassification of sample 135, the importance of CXCL5 in the RF models982

trained on the S-dataset may contribute to improved classification accuracy for this983

sample.984

Fig. H16 CXCL5 signal distribution for the Gram-negative, weak Gram-positive, and strong Gram-
positive class labels. Note that distributions show the negative of the Ct value, and therefore lower
values of the scale correspond to weaker levels of gene expression. Sample 135 is frequently-to-highly
misclassified as Gram-positive for all model types trained on the W- and M-datasets and for the
GLM and NN models trained on the S-dataset. It is never misclassified as Gram-positive for the RF
models trained on the S-dataset. CXCL5 is only highly important for the Gram-negative class in the
RF models trained on the S-dataset. Sample 135 also has the lowest CXCL5 signal out of the three
bacterial class labels.
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H.2 Strong Gram-positive sample #152985

Variation in highly important variables across model type/dataset combinations may986

explain why certain samples are more often correctly classified in some combinations987

than in others. Sample 152 is frequently misclassified as untreated by the GLMs trained988

on the W- and M-datasets (Figure H14). CCL5, IL6, and LTB are highly important989

for the Gram-positive class in all model types trained on the S-dataset, but are not990

highly important for the Gram-positive class in the GLMs trained on the W- and991

M-datasets (Figure G10). The upregulation of CCL5, IL6, and LTB in sample 152992

exceeds the corresponding distributions observed in untreated samples (Figure H17).993

The importance of CCL5, IL6, and LTB in models trained on the strong-signal data994

may explain why sample 152 is more often correctly classified in those models.995
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Fig. H17 Signal distributions for the strong Gram-positive and untreated samples for CCL5, IL6,
and LTB. Note that distributions show the negative of the Ct value, and therefore higher values of the
scale correspond to stronger levels of gene expression. Sample 152 is highly misclassified as untreated
for the GLMs trained on the W- and M-datasets. CCL5, IL6, and LTB are highly important for the
Gram-positive class for all model types trained on the S-dataset, but are not highly important for
the Gram-positive class trained on the GLMs of the W- and M-datasets. The up-regulation of CCL5,
IL6, and LTB for sample 152 is higher than the respective distributions of the untreated samples.
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H.3 Strong Gram-positive sample #158996

Models may have difficulty accurately predicting class labels when a sample’s feature997

values overlap with the distribution of another class, particularly when those features998

are deemed highly important for classification. Sample 158 is frequently misclassi-999

fied as untreated across all model type/dataset combinations (Figure H14). CCL5 is1000

highly important for the Gram-positive class in seven out of nine model type/dataset1001

combinations and is also highly important for the untreated class across all model1002

type/dataset combinations (Figure G10). The CCL5 signal for sample 158 is indistin-1003

guishable from the range observed in untreated samples (Figure H18). These results1004

suggest that although CCL5 is informative for class discrimination in most samples,1005

overlapping signals can limit its utility for accurately classifying specific samples such1006

as Sample 158.1007

Fig. H18 Signal distribution for the strong Gram-positive and untreated samples for CCL5. Note
that distributions show the negative of the Ct value, and therefore lower values of the scale correspond
to weaker levels of gene expression. Sample 158 is highly misclassified as untreated for all model
type/dataset combinations. CCL5 is highly important for the Gram-positive class in 7 out of 9 model
type/dataset combinations, and is highly important for the untreated class for all model type/dataset
combinations. The CCL5 signal is indistinguishable from the range of untreated samples.

H.4 Weak Gram-positive sample #541008

The number of highly important variables in a model may also explain misclassifica-1009

tion patterns. Models with a larger number of highly important variables may, in some1010

cases, obscure meaningful signals that are more clearly captured by simpler models.1011

Sample 54 is frequently misclassified as untreated by the RF models trained on the1012

W- and M-datasets and by all model types trained on the S-dataset (Figure H13).1013

In contrast, Sample 54 is rarely misclassified by the GLM and NN models trained1014

50



on the W- and M-datasets. For the W- and M-datasets, no genes are highly impor-1015

tant for GLM or NN models that are not also highly important for the RF models1016

(Figure G10). BMP7 is highly important for the Gram-positive class across all nine1017

model type/dataset combinations. The BMP7 signal for Sample 54 is slightly weaker1018

than that observed in untreated samples (Figure H19). These results suggest that, for1019

certain samples, models trained on fewer variables may achieve improved classification1020

accuracy.1021

Fig. H19 Signal distribution for the weak Gram-positive and untreated samples for BMP7. Note
that distributions show the negative of the Ct value, and therefore lower values of the scale correspond
to weaker levels of gene expression. Sample 54 is highly misclassified as untreated for the RF models
trained on the W- and M-datasets, and for all model types trained on the S-dataset. However, sample
54 is rarely misclassified for the GLM and NN models of the W- and M-datasets. For the W- and
M-datasets, no genes are highly important for GLM or NN models that are not highly important for
the RF models. BMP7 is highly important for all model type/dataset combinations for the Gram-
positive class. The BMP7 signal for sample 54 is slightly weaker than that from any of the untreated
samples. Sample 54 provides evidence to suggest that some samples may have better classification
accuracy when trained on fewer variables.
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