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The complexity and variability of biological data has promoted the increased use of machine learning 
methods to understand processes and predict outcomes. These same features complicate reliable, 
reproducible, interpretable, and responsible use of such methods, resulting in questionable relevance 
of the derived. outcomes. Here we systematically explore challenges associated with applying 
machine learning to predict and understand biological processes using a well- characterized in vitro 
experimental system. We evaluated factors that vary while applying machine learning classifers: 
(1) type of biochemical signature (transcripts vs. proteins), (2) data curation methods (pre- and 
post-processing), and (3) choice of machine learning classifier. Using accuracy, generalizability, 
interpretability, and reproducibility as metrics, we found that the above factors significantly mod- 
ulate outcomes even within a simple model system. Our results caution against the unregulated use 
of machine learning methods in the biological sciences, and strongly advocate the need for data 
standards and validation tool-kits for such studies.
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Machine learning (ML) can arguably be defined as the development of statistical algorithms that confer the ability 
to learn and adapt without following explicit instructions. 90% of the world’s data has been generated in the last 
five years1 resulting in the rapid expansion of the use of ML methods. In biology, ML has largely been used to infer 
functional relationships from data without the need to define them apriori, i.e., predict responses and processes 
without a strong understanding of underlying systems. Indeed, classifiers such as random forest (RF)2, support 
vector machine (SVM) 3-5, and neural network (NN)6  have been applied to diverse fields such as genomics 
and immunology. Predictive classifiers have been constructed to gain mechanistic insights into cardiovascular 
disease7, acute ischemic stroke8, bacterial and viral peritonitis9, bacterial sepsis10, and latent tuberculosis11. 
Several studies outline processes and considerations that can enable the effective use of data science methods in 
biology12,13. Whereas the ability to predict outcomes where mechanisms are unknown or insufficiently defined 
is the ideal end state for use of ML in biology, we argue that at present, without standardization and validation 
tools, the physiological relevance of outcomes derived from such studies are questionable. There are various 
reasons for this: (1) Biological datasets, as they currently exist, are inherently small; and may not be enough to 
derive reliable ML-driven interpretations. (2) Biological data is intrinsically complex – various factors such as 
the choice of the system from which the data is generated (e.g., in vitro vs. in vivo), conditions of data collection 
(e.g., instrument, experimentalist, other), type of signatures being measured (e.g., RNA vs. protein), and other 
factors influence output. (3) Understanding a biological system typically requires the integration of various data 
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sources14,15. Although the ability to integrate complex raw data has been simplified with the use of methods 
such as deep neural networks16,17, when combined with the intrinsic variability in biological data streams, our 
ability to derive reliable systems-level understanding from such studies remains uncertain. (4) Choice of the ML 
classifier could introduce a significant bias in deriving the outcomes. Indeed various ML classifiers – Bayesian18, 
tree- based19,20, kernel21, network-based fusion methods22, matrix factorization models23, and a range of deep 
neural networks6,24,25 – can be utilized to capture complexity of biological systems, but conditional application 
of these methods is not fully understood. 5) Design of such studies involves critical decisions, both with regards 
to experimental design and data curation and analyses, which can potentially impact accuracy, reliability, and 
reproducibility. For instance, necessary data preparation in the form of cleaning, normalization, scaling and 
standardization; training/testing data split; the extent of hyperparameter tuning; implementation of feature 
selection; and visualization and interpretation of the results are (as yet) non-standardized decision points in the 
analysis pipeline that can influence outcomes.

In this manuscript, for the first time, we begin to explore the impact of the above critical factors on 
outcomes, using Lipopolysaccharide (LPS)-mediated toll-like receptor (TLR)-4 signaling as a model system 
(Fig. 1). LPS is an essential lipoglycan in the cell walls of Gram-negative bacteria and a pathogen-associated 
molecular pattern recognized by the human TLR-4, resulting in innate immune stimulation26–28. The resulting 
cytokine and chemokine responses have been measured at both the RNA transcript and protein levels29,30, and 
as such, it is a well-characterized signal transduction system. In this manuscript, we systematically evaluated 
the impact of three distinctive aspects of study design on predicting LPS exposure using the cytokine and 
chemokine expression profiles as outcomes: (1) choice of biochemical signature (tran- scripts vs. proteins), (2) 
data curation decisions (pre- and post-processing methods such as parameter optimization, data normalization, 
scaling, feature selection and others), and (3) choice of ML classifier (five “off-the-shelf ” algorithms that have 
been routinely used in exploring biological systems7,9–11,31). We explored model building with “fat” biological 
data, i.e., datasets with few observations relative to the number of parameters, which is typical in biological 
systems32,33. We evaluated outcomes on the basis of accuracy, interpretability, and identification of signals 
previously reported from experimental analysis (ground-truth)29,30. Our work demonstrates the impact of these 
design decisions, and reiterates need for standardization and benchmarking to derive reliable, physiologically 
valid outcomes from such studies.

Results
We compared five classifier types – single layer neural net (NN), random forest (RF), elastic-net regularized 
generalized linear model (GLM), support vector machine (SVM), and na¨ıve bayes (NB) – for their ability 
to accurately predict LPS stimulation or lack thereof and identify features critical to prediction accuracy. The 
criteria for our non-exhaustive classifier selection were (1) previous use for the interrogation of other/similar 
biological processes7,9–11,31 and (2) ready availability (of-the-shelf) for use by investigators. While more complex 
classifiers exist, e.g. multi-layer neural networks34, auto-encoders35, and gradient methods36, we found that, for 
our dataset, the additional complexity of multi-layer neural networks did not demonstrably improve classification 
performance (see Fig. S8). Variable importance was similarly unchanged. This may be an indication that this 
dataset is more linearly separable and thus does not require the non-linearity capabilities afforded by multi-layer 
neural nets37. This may not be true of all datasets, so one must assess if the complexity is necessary for each 
dataset individually. Furthermore, training of these more complicated models is time-intensive and less straight-

Fig. 1.  Systematic assessment of impact of experimental and data analytics factors – (1) Experimental model 
system, (2) biochemical data type (transcripts vs. proteins), (3) data curation methods, (4) choice of ML 
classifier - on outcome accuracy in LPS-mediated signaling of TLR-4 in A549 cells.
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forward for a non-expert user, with additional hyper-parameters not tuned with the caret package. Therefore, 
for the remainder of the analysis, we use a single-layer NN classifier when comparing to the other classifiers 
evaluated.

Impact of training data proportion on accuracy
With overall classification accuracy as a metric (Eq. 1), we evaluated performance of classifiers against varying 
train/test proportions (Fig. 2a, Fig. S1). As fraction of data designated to training increased, accuracy on the test 
set also increased across all classifiers, as might be anticipated. Across training sets, RF and GLM outperformed 
other classifiers for the transcripts data, whereas GLM and NN outperformed on protein data. For transcripts 
data, the fraction of RF classifiers that achieved 100% accuracy against the test set (500 data assortments) rapidly 
increased as training set size increased, followed closely by GLM. For the proteins, GLM and NN had the highest 
proportion of 100% testing accuracy, followed by SVM. RF was notably less accurate for the proteins, with < 50% 
of classifiers achieving 100% accuracy even when trained on over 80% of the data. NB was consistently less 
accurate than other classifiers for both datasets, reach- ing 50% classifiers with 100% accuracy at 86% training 
data for the transcripts data,

and no classifiers with 100% accuracy until 76% of the data for training for the pro- tein data. Thus, classifier 
accuracy changes dramatically based on the proportion of training data and the random sample in the split. 
Based on the performance of the various models at differing train/test proportions, we identified a 70%/30% 
(transcripts), and 64%/36% (proteins) as split percentages for use in the rest of the analyses in our study. The 
proteins dataset is smaller than the transcripts dataset, simply as a factor of the number of analytes measured. 
Thus, we had to choose different train/test percentages for the two datasets, minimizing exclusion of significant 
data, ensuring high accuracy and approximately equal-sized test data to compare between datasets. We contend 
that the decision of train/test ratio, as determined by such factors, could add bias to the outcomes, which further 
substantiates need for standardization metrics for such analyses.

Impact of hyperparameterization
Hyperparameters are factors that dictate how each classifier is constructed. We evaluated accuracy of each 
classifier across a range of hyperparameter values. Figure 2c shows average accuracy against the reserved fold 
testing data, over 250 random assortments of training data, and demonstrates that the effect of hyperparameter 
tuning on accuracy can vary greatly by classifier type. Hyperparameter optimization affects accuracy of GLM, 
SVM, and NB significantly. In general, effects are more pronounced with protein data than transcript data. This is 
possibly due to the smaller size, increased standard deviations29, and “missingness” of this data, especially when 
compared to transcripts (Fig. S2). For RF and NN, most combinations of hyperparameters do not significantly 
impact average classifier accuracy with the transcript data. For GLM, SVM, and NB, hyperparameters governing 
method of variable reduction and exclusion can impact performance, particularly for small datasets likely 
because they tend to use fewer variables in the final model, whereas RF and NN tend to use many more variables. 
GLM, SVM, and NB exhibit ranges of hyperparameter values with dramatically lower accuracy than optimal 
with both datasets.

Assessing classifier predictor selection
Identification of key features is a primary purpose of using ML methods, whether it is to enable foundational 
understanding or drive applied bioscience. Figure 2b depicts features with highest average rank for each classifier 
for both datasets. All five classifiers selected similar small clusters (6 to 11) of features as most important (lowest 
rank), but some interesting patterns were observed. For example, NN consistently ranked only two variables as 
most important (CXCL1 and CCL5 for transcripts, CXCL8 and CXCL3 for proteins), while assigning a broad 
array of ranks across the remaining cytokines/chemokines (Fig. S3). GLM highly weighted up to three variables 
(CCL5, CXCL2, and LTB for transcripts, CXCL8 and IL6R for proteins), and consistently excluded others (Fig. 
S3). GLM distributes middle tier ranks among a third group of features, but does not incorporate all cytokines/
chemokines. Differences between SVM and NB are negligible likely because importance is calculated in a model-
agnostic manner with these classifiers. For the transcripts, we observed eight features with average ranks ≤ 15 
with every classifier- CCL5, CXCL1, CXCL2, LTB, CCL20, IL-6, CXCL8, CXCL5- albeit asso- ciated with varying 
orders of importance. Two additional features, CCL2 and CSF3, showed average rank ≤ 15 in all classifiers except 
NN. Thus, important features for RF, GLM, NB, and SVM are similar, if not perfectly aligned. However, there are 
significant differences in outcomes among selected classifiers, especially with regards to prediction accuracy. We 
note that the most highly ranked features overlap with known cytokines/chemokines significantly upregulated 
in LPS-exposed cells, as determined by ground-truth experimental data29. NN also selected many of the same 
variables, but the importance of CCL2 and CSF3 and others were obscured, potentially because of wide variability 
in rankings across training repeats. With the protein data, all five classifiers identified IL-6, CXCL8, CXCL5, and 
CXCL3 as top predictors of LPS exposure, again a refreshing consistency in outcome, albeit with varying order 
of importance. This is largely consistent with experimental studies, which reported IL-6, CXCL8, and CXCL3 
to be significantly upregulated in LPS exposure29. CCL2 was identified as one of the top predictors by four of 
the five classifiers (all but GLM), while CSF3 was identified by three. Interestingly, NN and GLM, which are the 
most accurate protein classifiers, do not include CSF3 in the top 15 predictors. In all, consistency among the top 
15 predictors is lower for proteins, compared to transcripts. SVM, NB, and RF share eight predictors, including 
all five selected by NB. The most accurate classifiers, GLM and NN, share six top predictors, including IL6 and 
CD147(BSG) which were not selected by the other three classifiers. Thus, while there is some consistency in 
outcomes, there is significant variability based on the choice of dataset (proteins or transcripts), classifier, and 
hyperparameters used in the analysis.
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Fig. 2.  Type and construction of classifier impacts prediction accuracy and predictor importance. (A) 
Proportion of models trained on 500 different random training samples that yielded 100% accuracy on the test 
set. (B) Average rank (less than or equal to 15) of each transcript/protein for the entire panel of cytokines and 
chemokines for repetitions of five-fold cross validations performed on all classifiers for both datasets. Gray 
tiles: cytokines/chemokines present, but lacking average rank ≤ 15. Blank tiles: cytokine/chemokine present in 
only one of the datasets. (C) average accuracy of each model type against the reserved fold of the normalized 
training set at a range of values for parameters controlling the model structure for transcripts (top) and protein 
(bottom) for each of the five classifiers.
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Comparison of transcripts vs. proteins datasets
Overall, the following cytokines and chemokines were selected as top predictors in both the transcripts and 
proteins datasets: IL-6, CCL2, CXCL8, CXCL5, and CSF3. However, the top five predictors for transcripts– 
CCL5, CXCL1, CXCL2, LTB, and CCL20 – were not measured in the protein panel. It is encouraging that 
when measured in both panels, predictors with high importance in classification with one data type retain their 
importance with the other data type. Yet, there remains significant variability in top predictors, highlighting the 
need for validation standards before deriving physiological relevance from such studies.

Changes in importance distributions between data types
Fig.  3b demonstrates distribution of scaled importance scores for seven (of a total 12) overlapping features, 
with each of the five classifiers, for both data types. The other five overlapping cytokines/chemokines were not 
identified as important features by any classifier. The importance distributions between data types (transcripts 
vs. proteins) differ between classifier types, altering the outcome of the study. For RF, overlapping features are 
less important for transcripts data and more important for protein data. For instance, only CXCL5 had a similar 
distribution of importance scores for both transcripts and proteins. RF was seen to attribute high importance to 
IL6 with much greater consistency in the proteins data than it does for the transcripts, suggesting the classifier 
distributes predictive power differently with the two data types. Indeed, RF is much less accurate for the protein 
data (Fig. 3a). The other four classifiers differ significantly in the impact of data type on distributions of scaled 
importance. For NN, distributions are generally similar between the two data types, with the notable exception 
of CXCL8. Indeed, CXCL8 is consistently more important for all classifier types with the use of protein data, as 
compared to transcripts. Some of the cytokines/chemokines ranked with higher importance in the transcripts 
panel do not have corresponding signatures in the proteins panel (the latter being a smaller array, as noted 
earlier), which may be one of the reasons for this discrepancy. For GLM, CCL2 and CSF3 are largely excluded 
from importance in the protein data, despite having moderate importance in the transcript data. Despite using 
fewer predictors, GLM achieves similar testing accuracy on the protein data as it does with transcripts. This may 
be because of the limited feature selection using this classifier38, and shows that other predictors can compensate. 
Indeed, CCL2 and CSF3 are highly correlated with heavily weighted features such as CXCL5, CXCL8, and 
IL-6 (Fig. S4). Because importance for SVM and NB is calculated in a model agnostic manner, they are less 
informative; with identical importance distributions between the two both on transcripts and proteins, although 
it is noted that SVM is significantly more accurate than NB for both data types. Thus, relative importance of 
predictors differs across classifiers and data types, complicating accurate biological interpretation.

Impact of data curation and classifier construction decisions on accuracy
We determined that the choice of raw (not normalized) vs. normalized data impacts the optimal hyperparameter 
values and accuracy. Raw data has different magnitudes for each predictor. For GLM, NB, and SVM, use of 
raw data did not impact the choice of hyperparameter values, or corresponding classification accuracy; though 
importance order was affected with the use of GLM. Most significantly, data normalization changes optimal 
hyperparameter values for NN (Fig. 4a). Indeed normalizing data affects both average accuracy and optimal 
hyperparameter ranges for both types of data with this classifier. The decay parameter values, which produced 
the most accurate NNs shifted from lower decay values with normalized data, to higher ones with the use of raw 
data. The change in accuracy between NN classifiers trained on normalized and raw data was more pronounced 
with protein data. For RF, using raw data negatively impacted overall accuracy on transcripts data (Fig. S5), 
narrowing optimal hyperparameter range. Yet, it had minimal effect on accuracy of protein data (Fig. S6).

Impact of number of features used in the classifier
Because of the large number of predictors in the transcripts data, and high accuracy among all five classifiers, we 
evaluated the effect of eliminating predictors on accuracy. Figure 4b shows average accuracy of each classifier over 
all folds and repetitions for different feature set sizes. Accuracy of RF and NN are least impacted by feature set 
size, and the classifiers retain high accuracy across most sizes. Still, accuracy drops precipitously at the small- est 
sizes evaluated (< 2–3 features). SVM is also minimally impacted by changes in size above a minimum threshold 
of 2 features. NN demonstrates small, but noticeable increases in accuracy as more features are included. In 
contrast, NB shows gradual increase in accuracy as number of features drops until it reaches its optimal size of 
10 features, wherein the accuracy degrades with less features used. Similarly, GLM performed slightly better at 
smaller sizes, achieving highest accuracy at 6 predictors. Down-selection of correlated features was evident in 
optimal sizes for the transcripts data, wherein optimal sizes were consistently smaller than the largest cluster of 
cor- related features (Fig. S7). In general, different classifiers perform better with varying feature set sizes. Thus, 
feature reduction is not consistent across classifiers.

Assessing batch effects
We evaluated prediction accuracy of each classifier against dataset(s) generated by different researcher(s), with 
assured use of the same proto- cols, materials, instruments, and all experimental parameters. Thus, the change 
in the investigator is the primary source of variation in the data, although it can be argued that the change in 
the date of performance might also be a factor. We noted that this difference – a single point of variation- has a 
pronounced effect on those classifiers that rely heavily on only a few predictors. For example, GLMs were 100% 
accurate on the transcripts training set and nearly 100% accurate on the test set with as few as two variables 
(this size corresponding to high values of hyperparameters α and/or λ). Yet, GLMs performed poorly against 
transcripts validation set (Fig. 4c) run by a different investigator. CCL5, for instance, was not upregulated to 
the same extent in the transcript validation set as it was in the testing set. Therefore, smaller GLMs, which 
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Fig. 3.  Impacts of data type on model accuracy and feature importance between classifiers. (A) Testing 
accuracy of five classifiers over 500 random training and testing data splits for the transcript (blue) and 
protein (yellow) data. Solid line: mean accuracy on the hold out test set for the 500 training interactions, 
Ribbons: one standard deviation above and below the mean. (B) Scaled importance values closest to 1 indicate 
highest importance for a given classifier. Widest portions of the distribution indicate the most frequent scaled 
importance across the fifty repetitions of five-fold cross validation feature selection for each of the models.
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consistently relied primarily on CCL5 for classification, failed to predict LPS exposure in all cases, despite it 
being the same experimental system.

Discussion
ML is based on pattern recognition, and consequently, improves performance/yields from a given task with 
experience39,40. Experience, as pertains to ML, is derived from previously collected data relevant to the task 
being studied. Thus, availability of large and reliable datasets is critical to the success of ML in any discipline. 
Yet, intrinsic variability and diversity of biological data and the relatively smaller sizes of datasets complicates 
application of ML in this discipline. In addition, lack of standardization with regards to design of the ML workflow 
further contributes to the ineffective use of data science in biology. In this study, we systematically decoded the 
impact of distinctive inputs that can influence the ability of a ML classifier to unravel a simple immunological 
signal transduction event in an in vitro cell system (Fig. 1). Our results strongly state that achieving reliable, 
interpretable, reproducible use of ML in biology requires standardization, controls and validation datasets.

First, the experimental design, which includes data type (transcripts vs. proteins) and data processing and 
curation choices, significantly modulate the outcome of a study. Even with a controlled in vitro experimental 
design, the use of multi-omic data, differences in data size, distribution, choice of classifier and data curation 
methods and other factors modulated accuracy of predictions and ranking of significant features in our 
study. Given that current sources of biological data are seldom large enough to allow for reliable uncertainty 
quantification, the standard practice of integrating information from different sources, and deriving salient 
conclusions from associated analysis, while understandable, can be associated with questionable reliability, 

Fig. 4.  Impact of data curation on classifier performance (A) Impact of Feature Scaling on Accuracy: For 
NN we show the average accuracy on the reserved fold of the training set for the transcript (left) and protein 
(right) datasets for the scaled (top) and un-scaled (bottom) data at a range of values for parameters controlling 
the model structure.(B) Impact of Feature Set Size on Accuracy: The average accuracy (solid line) and +/- one 
standard deviation (ribbons) are shown for model sizes ranging from 1–84 for the transcripts data for the five 
classifiers. These cross validated accuracies were generated via recursive feature selection for NB, NN, SVM, 
and RF, while GLM elastic net performs feature selection via regularization parameterization. (C) Biological 
Variation has an outsized impact on model accuracy for certain model configurations. GLM parameter 
optimization across the transcript dataset shows that structural parameter values cause the GLM to perform 
very differently against the reserved fold (a) vs. the test set (b) vs. the validation set (c) (the data gathered at 
a later date and by a different experimentalist). Note that against the reserved fold, there are highly accurate 
models even at high λ and high α values, which corresponds to models with very few predictors ( 2–4). 
However, as these models are tested against unseen data in the test and particularly in the validation set, the 
very minimal models begin to fail because of variations in the primary predictor, CCL5. In order to perform 
better across data batches, the classifer needs to preserve more predictors (lower α and/or lower λ values).
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reproducibility and physiological relevance. Indeed, our results show that while highly accurate ML classifiers 
could be generated with each of the five classifiers tested for both data types, differences in accuracy and 
interpretability urge caution in both data preparation and interpretation.

Additionally, inherent differences in classifier types may result in differing importance structures, with some 
classifiers (e.g., NB and GLM) relying more heavily on a limited number of predictors while others spread the 
importance over multiple related predictors. It should be noted that importance information for all classifiers 
indicated strong biologically relevant signals which mirrored the previously reported experimental analysis of 
this data29 and supported by literature connections to LPS and TLR-4 signaling41–43. However, particularly with 
the protein data, different classifier structures tended to select different “important” signals outside a small core 
group, suggesting that looking at an ensemble of classifier types may be most informative when identifying 
biologically relevant signals. For example, the choice of using RF with the protein data would highlight CXCL10 
as a significant biomarker, in contrast with choosing NN or GLM, which would not align with that selection. Our 
study raises an important question – how can we confirm biological significance of the outcomes of such studies? 
Taken together, our results motivate meticulous standardization, rigorous comparison, and communication of 
data preparation for ML classifiers applied to biological data (particularly “fat” data). Without prior knowledge, 
and when relying on a single classifier type, a researcher may have difficulty identifying such biases in importance. 
How we design the combination of data curation and classifier depends on the desired use of the model and the 
intended generalizability of the system. While the application of AI/ML in biological sciences has extensive 
potential, we are not yet entirely ready for the apriori use of these tools to unravel unknown or poorly known 
processes; and some degree of mechanistic understanding is recommended to ensure physiological relevance 
of the analysis. Effective use of ML in biological sciences necessitates careful both careful data preparation and 
benchmarking against known biological mechanisms and multiple classifier types, and the development of 
standards and synthetic data sets to assess validity of outcomes.

Methods
Source data sets, normalization, missingness and standardization for ML analysis
We previously reported on comprehensive transcript and protein profiles of LPS- mediated induction of cytokines, 
which were assembled into a database and utilized here29,30. Therein, LPS from Pseudomonas aeruginosa, was 
used to stimulate A549 lung epithelial cells, which is known to express a variety of TLRs including TLR-444. 
Following stimulation, cells were harvested, lysed, and lysate harvested for protein analysis and RNA extracted 
for transcript analysis. This database30 comprises of 110 paired samples from twelve different cell culture lineages 
that under- went 5 different passages, before being designated as control or treated with LPS. The transcript 
profiles of 84 cytokines and chemokines, standardized to a housekeeper cytokine/chemokine for normalization 
was determined. The final 10 samples were generated 6 months after the first 100 by another researcher to 
introduce an additional layer of data variability. These 10 samples are referred to as the “validation data”. For 
78 of the 110 samples a protein panel of 69 cytokines and chemokines was also assessed to generate a matching 
protein dataset. The protein data was transformed from the raw fluorescence signal to pg/mL using the standard 
curve.

Missing data values were treated differently in the two data sets. For the transcripts data, missingness is 
assumed to be due to an insufficient number of cycles in the PCR process, and therefore missing data were 
represented by setting the CT value to 41, one cycle greater than the number used in the protocol, according to 
the standard practice in the field. While there are more advanced methods for handling non-detects in qPCR 
data45, the relatively low number of missing values, 4% of all observations, made this unnecessary. For the 
protein data, missing values were one of two types (1) NP (no particles detected in flow cytometry), representing 
a lack of signal in the fluorescence data, (2) signal higher/lower than that of the highest/lowest dilution of the 
standard curve. The values that were outside the range of the standard curve were assigned to the min or max 
dilution value of standard curve, as is standard practice29. This type of missingness represented 64% of the data. 
The NP values, which represented 0.5% of the observations, were filled by the mean value for the data, stratified 
by status of the LPS-mediated stimulation46. Due to the high proportion of missing observations in the protein 
data, additional steps were taken to minimize the impact of filled values on the modeling by pruning features in 
the data that contained more than 70% missing observations. This eliminated 39 cytokine/chemokine features 
from the protein data leaving 30 remaining predictors above the 70% missingness cutoff. Fig. S2 shows the 
distribution of percentages of the data is missing for the entire panel of cytokines and chemokines.Except for 
where the impact of data normalization was being explicitly evaluated, classifiers were run with normalized 
data. Both types of data were normalized to a [0,1] scale using min/max normalization with the minimum 
and maximum values for each particular cytokine/chemokine in the training set. The datasets analysed during 
the current study are available from the corresponding author on reasonable request, and are included in the 
publication by Jacobsen et al.29.

Machine learning classifers
ML classifiers were all run in R Statistical Software (version 4.2.2)47. Classifiers were constructed using the 
following R packages: the RandomForest48 package for RF models; neuralnet49, nnet50, and RSNNS51 for NN 
models; glmnet52,53 for GLM models; e107154 for SVM models; and naivebayes55 for NB models. Addi- tional 
details about methodology and specific implementation of each model type and analysis can be found in 
Development and Evaluation of Machine Learning Classifiers and Implementation Details in the Supplementary 
Information. The code developed during the current study are available from the corresponding author on 
reasonable request. Performance of the classifiers was evaluated primarily based on the overall classification 
accuracy:
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Accuracy = # of Correctly Classified Observations

Total # of Observations
� (1)

We also calculated other accuracy metrics such as Sensitivity (Eq. S2), Specificity (Eq. S3), Precision (Eq. S4), and 
Area under the ROC curve (AUC)56,57, however for this particular dataset, the results did not differ significantly 
from that of overall accuracy. The performance of the classifiers based on these other metrics can be seen in Figs. 
S9 and S10 and Tables S4 and S5.

Determining proportion of training data
To evaluate the impact of training set size, 500 random balanced subsets of the data were generated for different 
training percentages ranging from 10 to 90% of the data assigned as training, with the remainder assigned 
as testing. Average overall classification accuracy against the remaining testing data was calculated for each 
classifier at each training percentage using default hyperparameter values either hard-coded into the functions 
used or determined in preliminary analyses. The values used are described in Table S2. For the remainder of 
the analyses, a training set size of 70% was used for transcripts data and a training set size of 64% was used for 
protein data to preserve accuracy without over-fitting. Different percentages of training data were used to have 
a closer to equal number of testing samples (30 transcript and 28 protein) for both datasets while maintaining a 
robust training dataset size.

Hyperparameter tunning
Hyperparemeter tuning was performed using the caret package58, running across a predefined set of 50 repeats, 
each with 5-fold cross-validation for a total of 250 runs per classifier. The hyperparameters for which tuning 
was performed are detailed in Table 1. For most classifiers, a tuning grid was set up spanning values for the one 
to three hyperparameters in each model structure and the “train” function from the caret package was used to 
tune over all hyperparameters simultaneously, and accuracy against the reserved fold – the random 20% of the 
training data left out of the training for each run – was evaluated at each hyperparameter combination. The 
exception is RF, where the “train” function did not accommodate training the number of trees (ntrees). For this 
classifier, then, the “train” function was applied manually at each tested value of ntrees. The “method” option 
was set to “rf ” for RF, “glment” for GLM, “nnet” for NN, “mlpML” for three layer neural net (NN3), “svmLinear” 
for SVM, and “na¨ıve bayes” for NB. The tuned parameters (used for feature importance determination) are 
recorded in Table S3.

Feature selection methods
The impact of the number of features that the model is trained on was assessed by tuning the hyperparameters 
across the range of model sizes due to the interdependence of the number of features and the hyperparamter 
configuration. For RF, NN, SVM, and NB, recursive feature elimination (RFE) was used concurrently to perform 
feature selection. We used the “rfe” function from the caret package58, to perform 50 repetitions of 5-fold cross 
validated RFE. This demonstrates change in accuracy as the least important feature is sequentially eliminated. 

Model Hyper-parameter Description

NN
Size Scalar setting the number of nodes in the hidden

layer.

Decay Parameter dictating the weight decay, a
regularization method used to address over-fitting by reducing weights of irrelevant parameters59.

NN3

Layer1 Scalar setting the number of nodes in the first
hidden layer.

Layer2 Scalar setting the number of nodes in the second
hidden layer.

Layer3 Scalar setting the number of nodes in the third
hidden layer.

RF
mtry “The number of variables randomly sampled as

candidates at each split”48.

ntrees The number of decision trees in the “forest”.

GLM
Alpha

Elastic net mixing parameter, used to calculate
the penalty used in regularization. Values of α closer to 1 favor sparse models, with the penalty 
becoming the LASSO penalty when α = 152, 53 Values of α closer to 0 favor reduction in coefficient 
values, with the penalty becoming the ridge penalty when α = 0, and spreading coefficient 
magnitude across correlated variables without feature selection 52, 53.

Lambda Regularization parameter which determines the
weight of the penalty in the objective function. A value of 0 corresponds to no regularization.

SVM Cost Regularization parameter; the “cost of constraint
violation”54.

NB
Usekernal Whether class-conditional distributions are

calculated for numeric preditors using kernal density estimation55.

Laplace Laplace smoothing parameter. A value of 0
corresponds to no smoothing.

Table 1.  Implications of hyper-parameters used in tuning of each classifier.
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For the GLM we used elastic net regularized regression to perform feature selection. When smaller values 
of hyperparameters α and λ are used, the GLM elastic-net regularization shares predictive weight amongst 
correlated variables, as opposed to down-selecting as does the default LASSO-regularized classifier60 (default α = 
1). We suggest that this allows the classifier to be more robust to noise or batch effects affecting a small number of 
predictors, again highlighting the variability in performance across hyperparameters when applying to new data.

Model interpretability via feature importance
Feature importance was evaluated on classifiers of normalized data, such that the coefficient values or weights 
were not biased by the differences in concentration magnitudes of the various signaling molecules. For RF, GLM, 
and NN, importance was calculated using the “varImp” function from the caret package. For SVM and NB, 
which do not have a default feature importance measure, caret defaults to using a filter importance method via a 
receiver operating characteristic (ROC)58,61 analysis to characterize feature importance.

Data availability
The datasets analysed during the current study are available from the corresponding author on reasonable re-
quest, and are included in the publication by Jacobsen et al. [29].
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