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ABSTRACT Clostridioides difficile infection (CDI) can lead to adverse outcomes including ICU admission, colectomy, and1

death. The composition of the gut microbiome plays an important role in determining colonization resistance and clear-2

ance upon exposure to C. difficile. We investigated whether machine learning (ML) models trained on 16S rRNA gene3

amplicon sequences from gut microbiota extracted from 1,277 patient stool samples on the day of CDI diagnosis could4

predict which CDI cases led to severe outcomes. We then trainedMLmodels to predict CDI severity on OTU relative abun-5

dances according to four different severity definitions: the IDSA severity score on the day of diagnosis, all-cause adverse6

outcomes within 30 days, adverse outcomes confirmed as attributable to CDI via chart review, and a pragmatic definition7

that uses the attributable definition when available and otherwise uses the all-cause definition. The models predicting8

pragmatic severity performed best, suggesting that while chart review is valuable to verify the cause of complications,9

including as many samples as possible is indispensable for training performant models on imbalanced datasets. Per-10

mutation importance identified Enterococcus as the most important OTU for model performance, and increased relative11

abundance of Enterococcus was associated with severe outcomes. Finally, we evaluated the potential clinical value of the12

OTU-based models and found similar performance compared to prior models based on Electronic Health Records. The13

modest performance of the OTU-based models represents a step toward the goal of deploying models to inform clinical14

decisions and ultimately improve CDI outcomes.15
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INTRODUCTION17

Clostridoides difficile infection (CDI) is the most common nosocomial infection in the United States, and community-18

acquired cases are on the rise (1, 2). The classic CDI case typically occurs soon after antibiotic use, which perturbs the19

protective gut microbiota and allows C. difficile to proliferate (3). Non-antibiotic medications including proton-pump in-20

hibitors and osmotic laxatives have also been associated with increased CDI susceptibilty and inhibited clearance (4, 5).21

Diarrhea is the primary symptom, with some patients developing colitis, toxic megacolon, or requiring intensive care with22

an in-hospital mortality rate of approximately 8-9% (6, 7). Furthermore, 5-20% of initial cases reoccur within 2-8 weeks,23

and recurrent cases are associated with increased morbidity and mortality risk (8, 3). Patient risk factors for CDI-related24

morbidity and mortality include age greater than 65 years, history of recurrent CDI, and co-morbid chronic illnesses (9).25

CDI remains a significant burden on the US health care system with approximately 500,000 cases annually (10, 11).26

There is a need for robust, accurate methods to identify patients at risk of severe CDI outcomes. When paired with27

treatment options that may reduce risk of severity, prediction models can guide clinician decision-making to improve28

patient outcomes whileminimizing harms from unnecessary treatment. Numerous scoring systems for predicting severe29

CDI outcomes based on patient clinical factors have been developed, but none have validated well to external datasets30

nor are any in use in routine clinical practice (12, 13). Rather than relying on limited sets of human-curated variables,31

machine learning (ML) is a promising approach that allows for use of thousands of features to classify samples and32

predict outcomes. Indeed, MLmodels trained on entire Electronic Health Record (EHR) data have demonstrated improved33

performance over curated models (14, 15).34

Aside from patient factors encoded in EHRs, the state of the patient gut microbiome is a promising factor to predict35

severity, as the host microbiota can play either a protective or harmful role in C. difficile colonization, infection, and36

clearance. Mouse studies have found that the initial taxonomic composition of the gutmicrobiome predicts differences in37

clearance, moribundity, and cecal tissue damage in mice infected with CDI (16, 17). Identifying features of the human gut38

microbiota that promote or prevent severe infections can guide further experiments to elucidate microbial mechanisms39

of CDI severity, and incorporating these features into CDI severity models may improvemodel performance to help guide40

clinical treatment decisions.41

Weset out to investigatewhetherMLmodels trainedon the taxonomic composition of the gutmicrobiome canpredict42

CDI severity in a human cohort, whether the severity definition employed affects model performance, and whether there43

is potential clinical value in deployingOTU-basedmodels. Stool samples from1,277 CDI patientswere collected on the day44
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of diagnosis and 16S rRNA gene amplicon sequencing was performed, followed by clustering sequences into Operational45

Taxonomic Units (OTUs). We then trained ML models to classify or predict each of four severity definitions from OTU46

relative abundances, identifiedwhichmicrobial features contributedmost tomodel performance, and conducted a proof-47

of-concept analysis of the potential clinical value of these OTU-based models and compared these to prior EHR-based48

models.49

RESULTS50

CDI severity. There is not currently a consensus definition of CDI severity. Some scoring systems leverage clinical51

data available during the course of CDI, while others focus on adverse outcomes of CDI at 30 days after diagnosis (9, 18).52

We explored four different ways to define CDI cases as severe or not (Figure 1). The Infectious Diseases Society of America53

(IDSA) definition of severe CDI is based on laboratory values collected on the day of diagnosis, with a case being severe54

if serum creatinine level is greater than or equal to 1.5mgdL and the white blood cell count is greater than or equal to55

15kµL (19). Although data for the IDSA score is straightforward to collect, it is known to be a poor predictor of adverse56

outcomes (20). The remaining definitions we employed focus on the occurrence of adverse outcomes, which may be57

more clinically relevant. The “attributable” severity definition is based on disease-related complications defined by the58

Centers for Disease Control and Prevention, where an adverse event of ICU admission, colectomy, or death occurs within59

30 days of CDI diagnosis, and the adverse event is determined to be attributable to the CDI by physician chart review60

(21). However, physician chart review is time-consuming and has not been completed for all cases (n=46 out of 86 cases61

with an adverse outcome), so we defined “all-cause” severity where a case is severe if an adverse event occurs within 3062

days of the diagnosis regardless of the cause of the adverse event. Finally, we defined a “pragmatic” severity definition63

that makes use of the attributable definition when available and uses the all-cause definition when chart review has not64

been completed, allowing us to use as many samples as we have available while taking physicians’ expert opinions into65

account where possible (Figure 1 B). We trained MLmodels to classify (in the case of the IDSA definition) or predict (in the66

case of the three other definitions) severity and determined how well OTU-based models perform for each definition.67
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FIG 1 CDI severity definitions. A) Decision flow chart to define CDI cases as severe according to the Infectious Diseases Society
of America (IDSA) based on lab values, the occurrence of an adverse outcome due to any cause (All-cause), and the occurrence of
disease-related complications confirmed as attributable to CDI with chart review (Attributable). B) The proportion of severe CDI cases
labelled according to each definition. An additional ‘Pragmatic’ severity definition uses the Attributable definition when possible, and
falls back to the All-cause definition when chart review is not available. See Table 1 for sample counts and proportions of severe
cases across severity definitions.
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TABLE 1 Sample counts and proportion of severe cases. Each severity definition has a different number of patient
samples available, as well as a different proportion of cases labelled as severe.
(a) Full datasets

Severity n % severe
All-cause 1,218 7.1
Attributable 1,178 2.2
IDSA 1,072 34.2
Pragmatic 1,218 5.4

(b) Intersection of samples with all labels available
Severity n % severe
All-cause 993 4.6
Attributable 993 2.6
IDSA 993 32.7
Pragmatic 993 2.6

Model performance. We first set out to train the best models possible for each severity definition. Not all samples68

have outcomes available for all four severity definitions due to missing data for some patient lab values and incomplete69

chart review (Figure 1 B), thus each severity definition had a different number of samples when using as many samples70

as possible (Table 1 A). We referred to these as the full datasets. Random forest models were trained on 100 splits of71

the datasets into training and test sets, and performance was evaluated on the held-out test set using the area under72

the receiver-operator characteristic curve (AUROC). Since the severity outcomes were highly imbalanced with different73

proportions of severe samples between definitions, we also calculated the balanced precision and the area under the74

balanced precision-recall curve (AUBPRC) as first proposed by Wu et al. (22) to describe the precision that would be75

expected if the outcomes were balanced.76

After training on the full datasets, the performance as measured by the AUROCs of the training set cross-validation77

folds were similar to those of the held-out test sets, indicating that the models are neither overfit nor underfit (Figure 278

A). As measured by AUROC on the held-out test sets, models predicting pragmatic severity performed best with amedian79

AUROC of 0.69, and this was significantly different from that of the other definitions on the full datasets (P < 0.05). Mod-80

els predicting IDSA, all-cause, and attributable severity performed similarly with median test set AUROCs of 0.61, 0.63,81

and 0.61 respectively. The test set AUROCs were not significantly different (P > 0.05) for attributable and IDSA nor for82

attributable and all-cause, but the IDSA and all-cause AUROCs were significantly different from each other (P < 0.05). We83

plotted the receiver-operator characteristic curve and found that the pragmatic severity models outperformed the oth-84

ers at all specificity values (Figure 2 B). For comparison, a prior study with a different dataset trained a logistic regression85

model on whole Electronic Health Record data extracted on the day of CDI diagnosis to predict attributable severity, yield-86

ing an AUROC of 0.69 (15). While our attributable severity model did not meet this performance, the pragmatic severity87

model performed just as well as the EHR-based model in terms of AUROC.88
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FIG 2 Performance of ML models. In the left facets, models were trained on the full datasets, with different numbers of samples
available for each severity definition. In the right facets, models were trained on the same dataset consisting of the intersection of
samples with labels available for all definitions. Note that the intersection dataset has exactly the same labels for attributable and
pragmatic severity, thus these have identical performance. A) Area under the receiver-operator characteristic curve (AUROC) for the
test sets and cross-validation folds of the training sets, and the area under the balanced precision-recall curve (AUBPRC) for the test
sets. Each point is annotated with the median performance across 100 train/test splits with tails as the 95% CI. B) Receiver-operator
characteristic curves for the test sets. Mean specificity is reported at each sensitivity value, with ribbons as the 95% CI. C) Balanced
precision-recall curves for the test sets. Mean balanced precision is reported at each recall (sensitivity) value, with ribbons as the
95% CI. Original unbalanced precision-recall curves are shown in Supplementary Figure 4.
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Since the data are highly imbalanced with only a small proportion of CDI cases having a severe outcome, evaluating89

the trade-off between precision and recall ismore informative than the receiver-operator characteristic because precision90

and recall do not consider true negatives, which may overinflate the AUROC. However, unlike for AUROC, the baseline for91

the area under the precision-recall curve depends on the proportion of positive outcomes (i.e. severe cases) in the data,92

which vary across these severity definitions. To allow comparison of precision across datasets with different proportions93

of positives, Wu et al. (22) introduced the concept of balanced precision, a transformation of precision based on Bayes’94

theorem that represents the precision that would have been expected if the proportion of positives were balanced at95

0.5. Reporting the area under the balanced precision-recall curve (AUBPRC) allows us to compare the trade-off between96

precision and recall for our different severity defintions. The test set median AUBPRCs from the full datasets followed97

a similar pattern as the test set AUROCs with 0.60 for IDSA severity, 0.67 for all-cause severity, 0.66 for attributable98

severity, and 0.75 for pragmatic severity. The AUBPRCs were significantly different from each other (P < 0.05) for each99

pair of severity definitions except for attributable versus all-cause. We plotted the balanced precision-recall curve and100

found that the IDSA definition outperformed all other models at very low recall values, but the others outperform IDSA101

at all other points of the curve (Figure 2 C). The 95% confidence intervals overlapped the baseline AUROC and AUBPRC102

for the attributable severity models, while all others did not overlap the baseline.103

While it is advantageous to use asmuch data as available to train the best models possible, comparing performances104

of models trained on different subsets of the data is not entirely fair. To enable fair comparisons of the model perfor-105

mances across different severity definitions, we also selected the intersection of samples (n=993) that had labels for all106

four severity definitions and repeated the model training and evaluation process on this intersection dataset. The at-107

tributable definition is exactly the same as the pragmatic definition for the intersection dataset, as we defined pragmatic108

severity to use the attributable definition when available. The performance results on the intersection dataset are shown109

in the right facets of each panel of Figure 2.110

As with the full datasets, the AUROCs of the training sets and test sets were similar within each severity definition.111

The median test set AUROCs were 0.60 for IDSA severity, 0.55 for all-cause severity, 0.59 and for attributable severity.112

The AUROCs on the intersection dataset were significantly different for all-cause versus attributable and all-cause versus113

IDSA severity (P < 0.05), but not for IDSA versus attributable severity (P > 0.05). The median test set AUBPRCs were 0.59114

for IDSA severity, 0.55 for all-cause severity, 0.58 and for attributable severity. Just as with the AUROCs, the AUBPRCs115

were significantly different for all-cause versus attributable and all-cause versus IDSA severity (P < 0.05), but not for IDSA116
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versus attributable severity (P > 0.05). For all severity definitions, performance dropped between the full dataset and117

the intersection dataset since fewer samples are available, but this effect is least dramatic for IDSA severity as the full118

and intersection datasets are more similar for this definition (Table 1 B). The 95% confidence interval overlaps with the119

baseline for both AUROC and AUBPRC for all definitions on the intersection dataset except for IDSA severity.120

Feature importance. We performed permutation feature importance to determine which OTUs contributed the121

most to model performance. An OTU was considered important if performance decreased when it was permuted in122

at least 75% of the train/test splits, with greater differences in AUROC meaning greater importance. We plotted mean123

decrease in AUROC alongside log10-transformedmean relative abundances for the top OTUs (Figure 3). Enterococcuswas124

the most important OTU, being significantly important for all models except for attributable severity on the full dataset.125

Staphylococcus was important for the pragmatic and all-cause definitions on the full datasets, but not for models trained126

on the intersection dataset. Lactobacillus was important only for the all-cause definition on the intersection dataset. All127

remaining OTUs had differences in AUROC < 0.02 and were only significantly important in one or two of the models at128

most. There is not always a clear pattern of increased or decreased relative abundance for important OTUs in severe CDI129

cases, but all of the top 5 OTUs had an increased mean relative abundance in severe cases relative to not severe cases.130

Estimating clinical value. Even if a model performs well, it may not be useful in a clinical setting unless it can guide131

clinicians to choose between treatment options. At this time, we are not aware of any direct evidence that a particu-132

lar treatment reduces the risk of severe CDI outcomes. However, with some assumptions we offer a proof-of-concept133

analysis of the potential clinical value of OTU-based severity prediction models when paired with treatments that may134

reduce severity. When considering the suitability of a model for deployment in clinical settings, the number needed to135

screen (NNS) is a highly relevant metric representing how many patients must be predicted as severe by the model to136

identify one true positive. Similarly, the number needed to treat (NNT) is the number of true positive patients that must137

be treated by an intervention in order for one patient to benefit from the treatment. Multiplying NNS by NNT yields the138

number needed to benefit (NNB): the number of patients predicted to have a severe outcome who then benefit from139

the treatment (23). Thus the NNB pairs model performance with treatment effectiveness to estimate the benefit of using140

predictive models in clinical practice, and are useful for comparing models and performing cost-benefit analyses. Lower141

values of NNS, NNT, andNNB are better, with theminimumvalue being 1, as fewer patientsmust be screened and treated142

in order to benefit a single patient.143

Current clinical guidelines specify vancomycin and fidaxomicin as the standard antibiotics to treat CDI, with a pref-144
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FIG 3 Most important OTUs for model performance. A) Feature importance via permutation test. For each OTU, the order of
samples was randomized in the test set 100 times and the AUROCwas re-calculated to estimate the permutation performance. OTUs
with a greater difference in AUROC (actual performance minus permutation performance) are more important. Mean difference in
AUROC and the 75% confidence interval (CI) is reported for each OTU that had a mean difference ≥ 0.01 for at least one severity
definition, with starred OTUs being significant for the 75% CI. Notably, the OTU most likely corresponding to C. difficile was not
important (see Supplementary Figure 5). Left: models were trained on the full datasets, with different numbers of samples available
for each severity definition. Right: models were trained on the intersection of samples with all labels available for each definition.
Note that Attributable and Pragmatic severity are exactly the same for the intersection dataset. Pseudomonas (OTU 120) is not shown
for IDSA severity in the full datasets nor in the intersection dataset because it was removed during pre-processing due to having near-
zero variance. B) Log10-transformedmean relative abundances of themost important OTUs on the full datasets, grouped by severity
(shape). The vertical dashed line is the limit of detection.
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erence for fidaxomicin due to its higher rate of sustained resolution of CDI and lower rate of recurrence (24). The NNTs145

of fidaxomicin for sustained resolution and prevention of recurrence are each estimated to be 10 (25, 26). However,146

fidaxomicin is considerably more expensive than vancomycin. If fidaxomicin were shown to reduce the risk of severe147

CDI outcomes, it could be preferentially prescribed to patients predicted to be at risk, while prescribing vancomycin to148

low-risk patients. If we assume that the superior efficacy of fidaxomicin for sustained resolution and reduced recurrence149

also translates to reducing the risk of severe outcomes, we can pair the NNT of fidaxomicin with the NNS of OTU-based150

prediction models to estimate the NNB.151

To calculate a clinically-relevant NNS for these models, we computed the confusion matrix at the 95th percentile of152

risk for each prediction model. We excluded the IDSA severity models as the IDSA severity scores were calculated on153

the day of diagnosis, thus they are classification rather than prediction problems. Furthermore, IDSA severity scores154

do not correlate well with disease-related adverse events which are a more salient outcome to prevent. Among the155

models predicting severe outcomes, those trained on the full datasets performed best with an NNS of 4 for the all-156

cause definition, 6 for the attributable definition, and 3 for the pragmatic definition (Table 2). Multiplying the NNS of157

the OTU-based models by the estimated NNT of 10 for fidaxomicin yields NNB values of 40 for all-cause severity, 60 for158

attributable severity, and 30 for pragmatic severity. Thus, in a hypothetical scenario where these assumptions about159

fidaxomicin hold true, between 30 and 60 patients would need to be predicted to experience a severe outcome and be160

treated with fidaxomicin in order for one patient to benefit, with the pragmatic severity models having the best NNB161

when paired with fidaxomicin. As the NNS values were computed at the 95th percentile of risk (where 5% of patients162

screened are predicted to experience severity), these NNB values mean that 600 to 1,200 total CDI patients would need163

to be screened by an OTU-based prediction model and treated with fidaxomicin in order for one patient to benefit. For164

comparison, prior studies predicted CDI-attributable severity using whole Electronic Health Record data extracted two165

days after diagnosis and from a smaller set of manually curated variables, achieving precision values of 0.417 (NNS = 2.4)166

for the EHR model and 0.167 (NNS = 6.0) for the curated model at the 95th percentile of risk (15, 14). Pairing the prior167

EHR-based model with fidaxomicin would yield an NNB of 24 with 480 total CDI patients screened and treated for one168

patient to benefit. Thus the pragmatic severity model did not outperform the EHR-based model, although the EHR data169

were extracted two days after diagnosis while OTUs in this study are from stool samples collected on the day of diagnosis.170

These estimates represent a proof-of-concept demonstration of the potential value and trade-offs of deploying severity171

prediction models trained on microbial factors versus EHRs to guide clinicians’ treatment decisions.172
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TABLE 2 Predictive model performance at 95th percentile of risk. The confusion matrix was computed for the
decision threshold at the 95th percentile of risk for each severity prediction model, which corresponds to 5% of cases
predicted to have a severe outcome. The number needed to screen (NNS) to identify one true positive is the reciprocal
of precision.
(a) Full datasets

Outcome Risk threshold TP FP TN FN Precision NNS Recall Specificity
All-cause 0.20 3 9 217 14 0.25 4 0.18 0.96
Attributable 0.10 2 10 220 3 0.17 6 0.40 0.96
Pragmatic 0.25 4 8 222 9 0.33 3 0.31 0.97

(b) Intersection of samples with all labels available
Outcome Risk threshold TP FP TN FN Precision NNS Recall Specificity
All-cause 0.2 2 8 181 7 0.2 5 0.22 0.96
Attributable 0.1 1 9 184 4 0.1 10 0.20 0.95

DISCUSSION173

We trained ML models based on gut microbial communities on the day of CDI diagnosis to predict CDI severity accord-174

ing to four different severity definitions. The purpose of the full datasets was to train the best models possible given175

the constraints, while using the intersection dataset allows for comparing severity definitions. We found that models176

predicting pragmatic severity with as much data as available performed best, while models classifying IDSA severity out-177

performed the all-cause and attributable definitions only with the intersection. Performance dropped substantially when178

reducing to the intersection dataset for all definitions, likely due to the particularly imbalanced nature of the all-cause179

and attributable definitions. These results demonstrate the importance of using as many samples as possible when data180

are sparse and the outcome is low prevalence, as well as the need to incorporate physician’s expertise when possible.181

Permutation feature importance revealed patterns of important bacteria that concordwith the literature. Enrichment182

of Enterococcus and Lactobacillus in C. difficile infection and severity have been well-documented in prior studies, thus183

their importance and increase in abundance for severe cases is not surprising (27, 28, 29, 17). For many of the top OTUs,184

there is a wide range in importance. Notably, the OTU represented by Pseudomonas had wide variance in importance185

for the full dataset in models predicting attributable severity, with the maximum point more important than any other186

OTU yet a minimum below zero. However, for the intersection dataset, this OTU was removed due to having near-zero187

variance. The presence of Pseudomonas was thus informative in a small number of patient samples, but not in others,188
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and these samples were lost in the intersection dataset. Overall the abundance data are patchy, as these patients were189

likely all taking antibiotics for unrelated infections prior to CDI onset. A limitation of permutation importance is that the190

contribution of each feature is considered in isolation, but members of microbial communities interact and compete with191

each other, thus these complicated relationships are not well captured by permutation importance.192

The full pragmatic severity model performed just as well as a prior EHR-based model trained on the day of diagnosis,193

demonstrating the potential utility of OTU-based models. In terms of the number needed to screen, the OTU-based194

pragmatic severity model outperformed a prior model of manually curated clinical variables, but not a model trained195

on EHR data extracted two days after diagnosis. While the attributable definition had a worse NNS for the OTU-based196

models, it did not perform worse than the prior curated model, and it may be the most clinically relevant as physician197

chart review increases confidence that positively-labelled severe outcomes are due to the CDI rather than other causes.198

Obtaining EHR data for the dataset in this study would allow a more direct comparison of the performance of models199

trained on OTUs, EHRs, or both, as well as extracting EHR data on the day of diagnosis rather than two days after.200

However, it is not enough formodels to performwell to justify deploying them in a clinical setting; benefit over current201

practices must be shown (30). Although no known treatment options have been shown to reduce the risk of severe CDI202

outcomes, fidaxomicin is promising due to its improved time to resolution and reduced recurrence. Despite its increased203

cost, fidaxomicin is also attractive as a preferential antibiotic option as vancomycin-resistant Enterococcus is on the rise204

and enterococci are known to worsen CDI (31, 32). We extended our analysis of clinical value to incorporate the number205

needed to treat for fidaxomicin alongside the predictive models in order to calculate the number needed to benefit. The206

NNB contextualizes model performance within clinical reality, as it combines both model performance and treatment207

effectiveness (23). Amore robust analysis of clinical value would further consider the cost of treatment options versus the208

savings of averting severe outcomes across a range of decision thresholds, as economic disparities are a major barrier to209

treatment in the US (24). Cost-benefit analyses based on clinical trial data have reported that fidaxomicin may be as cost-210

effective as vancomycin as a treatment for initial CDI cases, largely due to the reduced risk of recurrence (33, 34). While211

our analysis of clinical value is only a proof-of-concept, if evidence emerges that new or existing treatments significantly212

reduce the risk of severe CDI, our results can be incorporated into future considerations of whether to build severity213

prediction models and what features should be incorporated. In practice, EHR-based models are less costly to deploy214

than OTU-based models and do not require additional clinical sample collection. Amplicon sequencing is not typically215

performed for CDI patients, however, routinely profiling the microbial communities of CDI patients could be justified if216
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models that incorporate microbial features were shown to improve patient outcomes.217

In all, we found that our models to predict severity from features of the gut microbiome performed moderately well.218

Our approach enabled us to identify bacteria that contributed to model performance and evaluate how well the state of219

the gutmicrobiome can predict several different definitions of CDI severity. Further work is needed to determinewhether220

the performance of OTU-based models is sufficient to justify their deployment in clinical settings, especially as compared221

to EHR-based models. If and when new evidence emerges of improved treatments to prevent severe CDI outcomes,222

deploying performant and robust models for clinicians to tailor treatment options may improve patient outcomes and223

reduce the burden of severe CDI.224

MATERIALS AND METHODS225

Sample collection. This study was approved by the University of Michigan Institutional Review Board. All patient226

samples were collected by the University of Michigan Health System from January 2016 through December 2017. Stool227

samples that had unformed stool consistency were tested for C. difficile by the clinical microbiology lab with a two-step228

algorithm that included detection of C. difficile glutamate dehydrogenase and toxins A and B by enzyme immunoassay229

with reflex to PCR for the tcdB gene when results were discordant. 1,517 stool samples were collected from patients230

diagnosed with a CDI. Leftover stool samples that were sent to the clinical microbiology lab were collected and split into231

different aliquots. For 16S sequencing, the aliquot of stool was re-suspended in DNA genotek stabilization buffer and232

then stored in the -80°C freezer.233

16S rRNAgene amplicon sequencing. Samples stored inDNA genotek bufferwere thawed from the -80°C, vortexed,234

and then transferred to a 96-well bead beating plate for DNA extractions. DNAwas extracted using the DNeasy Powersoil235

HTP 96 kit (Qiagen) and an EpMotion 5075 automated pipetting system (Eppendorf). The V4 region of the 16S rRNA236

gene was amplified with the AccuPrime Pfx DNA polymerase (Thermo Fisher Scientific) using custom barcoded primers,237

as previously described (35). Each library preparation plate for sequencing contained a negative control (water) and238

mock community control (ZymoBIOMICS microbial community DNA standards). The PCR amplicons were normalized239

(SequalPrep normalization plate kit from Thermo Fisher Scientific), pooled and quantified (KAPA library quantification kit240

from KAPA Biosystems), and sequenced with the MiSeq system (Illumina).241

All sequences were processed with mothur (v1.46) using the MiSeq SOP protocol (36, 35). Paired sequencing reads242

were combined and aligned with the SILVA (v132) reference database (37) and taxonomy was assigned with a modified243
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version of the Ribosomal Database Project reference sequences (v16) (38). Sequences were clustered into de novo OTUs244

with the OptiClust algorithm in mothur (39), resulting in 9,939 OTUs. Samples were then subsampled to 5,000 sequences245

per sample. Only the first CDI sample per patient was used for subsequent ML analyses such that no patient is repre-246

sented more than once, resulting in a dataset of 1,277 samples.247

Defining CDI severity. We chose to explore four different ways to define CDI cases as severe or not (Figure 1).248

• IDSA: A case is severe if serum creatinine level is greater than or equal to 1.5mgdL and the white blood cell count249

is greater than or equal to 15kµL on the day of diagnosis (19).250

• All-cause: A case is severe if ICU admission, colectomy, or death occurred within 30 days of CDI diagnosis, regard-251

less of the cause of the adverse event.252

• Attributable: A case is severe if an adverse event of ICU admission, colectomy, or death occurred within 30 days of253

CDI diagnosis, and the adverse event was determined to be attributable to the CDI by two physicians who reviewed254

the medical chart (21).255

• Pragmatic: A case’s severity is determined by the attributable definition if it is available, otherwise it is determiend256

by the all-cause definition.257

Model training. Random forest models were used to examine whether OTU data collected on the day of diagnosis258

could classify CDI cases as severe according to each severity definition. We used the mikropml R package v1.5.0 (40)259

implemented in a custom version of themikropml Snakemakeworkflow (41) for all steps of themachine learning analysis.260

We have full datasets which use all samples available for each severity definition, and an intersection dataset which261

consists of only the samples that have all four definitions labelled. The intersection dataset is the most fair for comparing262

model performance across definitions, while the full dataset allows us to use as much data as possible for model training263

and evaluation. Datasets were pre-processed with the default options in mikropml to remove features with near-zero264

variance and scale continuous features from -1 to 1. During pre-processing, 9,757 to 9,760 features were removed due265

to having near-zero variance, resulting in datasets having 179 to 182 features depending on the severity definition. No266

features had missing values and no features were perfectly correlated. We randomly split the data into an 80% training267

and 20% test set and repeated this 100 times, followed by training models with 5-fold cross-validation.268

Model evaluation. Model performance was calculated on the held-out test sets using the area under the receiver-269

operator characteristic curve (AUROC) and the area under the balanced precision-recall curve (AUBPRC). Permutation270

feature importancewas then performed to determinewhichOTUs contributedmost tomodel performance. We reported271
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OTUs with a significant permutation test in at least 75 of the 100 models.272

Since the severity labels are imbalanced with different frequencies of severity for each definition, we calculated bal-273

anced precision, the precision expected if the labels were balanced. The balanced precision and the area under the274

balanced precision-recall curve (AUBPRC) were calculated with Equations 1 and 7 from Wu et al. (22).275

Number needed to benefit. For the severity prediction models (which excludes the IDSA definition), we set out to276

estimate the potential benefit of deploying models in clinical settings. We determined the decision threshold at the 95th277

percentile of risk for each model, which corresponds to 5% of cases being predicted by the model to experience a severe278

outcome. At this threshold we computed the number needed to screen (NNS), which is the reciprocal of precision and279

represents the number of cases that must be predicted as severe to identify one true positive (42). The number needed280

to treat (NNT) is the number of true positive patients that must be treated by an intervention in order for one patient to281

benefit, and is calculated from the reciprocal of absolute risk in randomized controlled trials (43). Multiplying the NNS282

of a model by the NNT of a treatment yields the number needed to benefit (NNB) - the number of patients that must be283

predicted to have a severe outcome and undergo a treatment to benefit from it (23). NNB encapsulates the benefit of284

pairing a predictive model with a treatment in a clinical setting, with lower NNB numbers being better.285

Code availability. The complete workflow, code, and supporting files required to reproduce this manuscript with286

accompanying figures is available at https://github.com/SchlossLab/severe-CDI.287

The workflow was defined with Snakemake (44) and dependencies were managed with conda environments. Scripts288

were written in R (45), Python (46), and GNU bash. Additional software and packages used in the creation of this289

manuscript include cowplot (47), ggtext (48), ggsankey (49), schtools (50), the tidyverse metapackage (51), Quarto, and290

vegan (52).291

Data availability. The 16S rRNA sequencing data have been deposited in the National Center for Biotechnology292

Information Sequence Read Archive (BioProject Accession no. PRJNA729511).293
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FIG 4 Precision-recall curves. The original precision-recall curves for each model. The horizontal line is the baseline precision,
i.e. the proportion of severe cases in the dataset for each severity definition. Since each definition has a different baseline precision,
the PRCs cannot be compared directly without balancing the precision (see Figure 2).
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FIG 5 C. difficile relative abundance and feature importance. Of the 45 OTUs belonging to the Peptostreptococcaceae family,
only one (OTU 25) had abundance values above the limit of detection. Left: log10-transformed relative abundance of OTU 25 in the
full datasets. The dashed line is the limit of detection. Right: Permutation feature importance as measured by AUROC for OTU 25.
The point is the mean difference in AUROC and the tails are the 75% confidence interval. The dotted line is a feature importance of
zero, meaning the feature is not important.

21


	Introduction
	Results
	CDI severity.
	Model performance.
	Feature importance.
	Estimating clinical value.

	Discussion
	Materials and Methods
	Sample collection.
	16S rRNA gene amplicon sequencing.
	Defining CDI severity.
	Model training.
	Model evaluation.
	Number needed to benefit.
	Code availability.
	Data availability.

	Acknowledgements
	References
	Supplement

