
Supplementary Information1

Dataset2

We extract three different types of patient data based on the electronic health records (EHR) from the University of Virginia3

hospital: patient demographic information and risk factors (e.g., comorbidities, medical history), lab testing, and contact4

network data.5

Patient risk factor data6

This dataset consists of risk factors for patients in intensive care units (ICUs). We extracted 19 different risk factors from the7

EHR for each patient, which are all available prior to MRSA testing. All patients received an MRSA test within (t −3, t +3)8

days of being admitted into one of the ICUs, and patients who tested positive for MRSA within this range are considered as9

importation cases. From July 1, 2019, to December 31, 2019, 2470 patients were in the UVA ICUs, with 157 identified as10

importation cases. The following provides a definition for each risk factor and the method of their derivation:11

• MRSA nares: Binary variable indicating whether the ICU admission to be administered is a nares PCR test or a clinical12

culture test. Negative clinical culture tests should not be used to indicate the absence of MRSA.13

• Device (e.g., central line): Binary variable that indicates whether a patient had a catheter, tube, or blood line (defined as14

“device”) administered to them in the UVA hospital system.15

• Age: Integer value indicating the age of the patient in years.16

• Admit from ED: Binary variable indicating that the type of admission to the hospital was defined as an emergency.17

• Admit from healthcare facility: A variable in −1,0,1 indicating where the patient was admitted from. If the patient was18

admitted from a skilled nursing facility or a long-term acute care hospital, it is 1; if admitted from somewhere besides19

these facilities, it is −1. It is 0 if the admission location is unknown.20

• Prior discharge to facility: A variable in −1,0,1 based on a history of a patient’s prior discharges from the UVA21

hospital system. It is 1 if the patient had previously been discharged to a skilled nursing facility or a long-term acute22

care hospital and −1 if they had been previously discharged but not to one of these facilities. It is 0 if there is no prior23

discharge data for the patient.24

• Female sex: Binary variable indicating that the gender of the patient is female.25

• Recent surgery: Binary variable indicating whether the patient has had a surgery performed at any time in the UVA26

hospital system before the date of the ICU admission.27

• Male sex: Binary variable indicating that the gender of the patient is male.28

• Device usage within 90 days: Binary variable indicating whether a device has been administered to the patient within29

the 90 days prior to the ICU admission.30

• Surgery history within 90 days: Binary variable indicating whether the patient has had a surgery performed in the UVA31

hospital system within the last 90 days of the ICU admission.32

• Surgery history 90 days ago: Binary variable indicating if the patient has had surgery in the UVA hospital system more33

than 90 days prior to the ICU admission.34

• Device usage 90 days ago: Binary variable indicating whether a device has been administered to the patient more than35

90 days prior to the ICU admission.36

• Length of stay: Integer value defining how long a patient’s current stay in the hospital has been before the ICU admission.37

• MRSA contacts within 7 days: Integer value defining the number of contacts with an individual whose known MRSA38

status was positive over the 7 days prior to the test administration, as defined by the daily contact networks.39

• MRSA contacts within 14 days: Integer value defining the number of contacts with an individual whose known MRSA40

status was positive over the 14 days prior to the test administration, as defined by the daily contact networks.41

• Elective admission: Binary variable indicating that the type of admission to the hospital was defined as elective.42

• Urgent admission: Binary variable indicating that the type of admission to the hospital was defined as urgent.43

• Routine admission: Binary variable indicating that the type of admission to the hospital was defined as routine.44



Lab testing data45

The dataset consists of infection information for each patient. To diagnose MRSA, two types of tests were used in the University46

of Virginia hospital: culture tests and polymerase chain reaction (PCR) tests. However, a negative culture test does not disqualify47

an individual from being infected with MRSA, so we concentrated on positive culture tests and both negative and positive PCR48

tests. For a specific patient p on a specific day t, yp,t = 1 indicates that the patient tested positive on day t or their most recent49

previous test was positive. Conversely, yp,t = 0 signifies that the patient tested negative on day t or their most recent test was50

negative.51

Contact network data52

In this work, the agent-based model (ABM) used in NEURABM (SIS-ABM model) also took the contact network data as input.53

This dataset consists of a series of contact networks comprising three different types of nodes: patients, healthcare workers54

(HCWs), and locations, and each network is for one day. On a given day t, if i and j are colocated at any time on day t in55

location l, an edge will exist between patient/HCW nodes i, j, and location node l. The colocation data is aggregated from the56

EHR. Specifically, we focus on unweighted and undirected graphs. Therefore, each graph is represented as an N ×N symmetric57

binary adjacency matrix AAAt s.t. AAAt(i, j) = 1 if nodes i and j are connected with an edge at time t, AAAt(i, j) = 0 otherwise. The58

node-set is shared across all graphs. Because of the nature of this data, individuals such as support staff or patient guests are not59

tracked, and thus are not included in the network. Additionally, HCW-HCW colocations are not tracked in rooms where care is60

not administered, such as break rooms.61

SIS-ABM model62

Supplementary Table 1. List of SIS-ABM model parameters

Notation Description

α Pathogen shedding rate
β Disease infectivity
δ Recovery probability

γp Natural pathogen reduction rate on patient nodes
γH Natural pathogen reduction rate on HCW nodes
γL Natural pathogen reduction rate on location nodes

τi jt Transfer ratio from node j to node i at time t

In this work, we use SIS-ABM1 as the agent-based model in our NEURABM framework to simulate the spread of MRSA.63

SIS-ABM is “pathogen load-based”, where each patient can be either Susceptible (S) or Carriage (C), and the model keeps64

track of the pathogen load on all nodes. Such pathogen load-based models are widely used in HAI modeling2–8. We show65

the pseudocode for the model in Supplementary Procedure 1. The parameters are listed in the Supplementary Table 1. In66

SIS-ABM model, each node in the contact networks carries some amount of pathogens that changes over time. The exchange67

of pathogens among nodes is driven by the edges, which indicates the close contacts between these nodes. It further uses τi jt to68

represent the ratio of the pathogen being transferred from node j to node i at time t (or remaining if i = j). Specifically, based69

on the kinds of nodes of i and j, we have 8 kinds of transfer ratios: τPP, τPH , τPL, τHP, τHH , τHL, τLP, τLH . It also uses γp, γH ,70

γL to denote the natural pathogen reduction rate on patient, HCW, and location nodes. Using the transfer ratios τi jt , reduction71

rates γi, and adjacency matrix AAAt , we can construct the transfer matrix RRRt , and write the pathogen load updates using a linear72

operation as in Supplementary Procedure 1 step 5. Here, xxxt is the infection state vector at time t, α is the pathogen shedding73

rate for infected patients. Note that the column-sums of RRRt are restricted to be less than or equal to 1 (i.e., |RRRt lllt |1 ≤ |lllt |1), since74

the total amount of pathogen cannot increase after transfer. In SIS-ABM model, the probability of a patient in the carriage state75

increases with the amount of pathogen, which is formulated as a dose-response function f (·) in Supplementary Procedure 176

step 8. Once infected, the patient sheds α additional pathogen per timestep to his own load, which can later be transferred to77

neighbors (both people and locations) via edges in contact networks; this shedding continues until the patient recovers. Note78

that susceptible patients may still be colonized with the pathogen loads and spread them to others. The model also assumes that79

HCWs and locations that are non-infectable, while they can still act as pathways of pathogen transfer.80

NEURABM framework81

As shown in Supplementary Figure 1, the NEURABM is composed of two parts: the neural network part (green block,82

parameterized by φ ) and the agent-based model simulator part (yellow block).83

The neural network part takes the risk factors of patients fff (where each element fp ∈ fff is for patient p) as input and84

then estimates both the patient-specific parameters θθθ p (where θp ∈ θθθ p is for patient p, and in this work it is the probability85
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Supplementary Procedure 1 SIS-ABM model

1: Inputs: Θ =
{

α,β ,δ ,{AAAt}T
t=1,{τi jt}i, j,t

}
2: Initialize infection-states xxx1 and loads lll1

3: Compute RRRt(i, j) =

{
τi jtAAAt(i, j) if i ̸= j
τi jtγi if i = j

for all t.

4: for t = 1, . . . ,T do
5: Update loads lllt+1 = RRRt lllt +αxxxt .
6: for each patient i do
7: if i is susceptible at time t (i.e., xxxt(i) = 0) then
8: i gets carriage (i.e. xxxt+1(i) = 1) with probability f (lllt(i)) = min{1,β lllt(i)}.
9: else

10: i gets susceptible (i.e. xxxt+1(i) = 0) with probability δ .
11: end if
12: end for
13: end for

that one patient is an importation case) and ABM parameters θθθ M (i.e., the general parameters that apply to every patient in86

the SIS-ABM model, including disease infectivity parameter β , recovery probability δ , pathogen shedding rate α , natural87

pathogen reduction rate for patients, HCWs, and locations γP, γH , γL, transfer ratios from different kinds of nodes τPP, τPH , τPL,88

τHP, τHH , τHL, τLP, τLH ) together. Specifically, the neural network part can be represented by89

θθθ p,θθθ M = NN( fff ;φ) (1)

The ABM simulator part takes both the parameters from the neural network part (including both patient-specific parameters90

θθθ p and ABM parameters θθθ M) and the adjacency matrices collected from EHR for each day, AAA, as input, and then runs the91

simulation process as shown in Supplementary Procedure 1. Specifically, since the probability that one patient is an importation92

case is included in θθθ p, the patient states at day 0 are known. The simulation process can be repeated for arbitrary steps to93

simulate the MRSA spread in T days. The output is the estimated patient states on each day ŷyy. The ABM part can be represented94

by95

ŷyy = ABM(AAA;θθθ p,θθθ M) (2)

With both the neural network part and the ABM simulator part, we can then pipeline both parts together to train them96

simultaneously. Specifically, one training epoch comprises the following four steps.97

1. Step 1: The neural network takes risk factors of each patient as the input to estimate the patient-specific parameters θθθ p98

and ABM parameters θθθ M as in Supplementary Equation 1. Note that the importation probabilities are also included in99

the θθθ p; thus, we can also get a vector of size N (N is the number of patients in the contact network) that represents the100

patients’ states at t = 0.101

2. Step 2: The ABM simulator then takes both the parameters from the neural network part (including patient-specific102

parameters θθθ p and ABM parameters θθθ M) and the adjacency matrices AAA collected from EHR for each day as input to103

run simulations for T steps. The output will be the vector ŷyy if size N ×T as in Supplementary Equation 2, where ŷp,t104

represents the probability of being in state Carriage for patient p on day t.105

3. Step 3: We compare the estimated carriage probability ŷyy with the corresponding ground-truth observations (i.e., observed106

carriage patients) yyy. More specifically, we use the weighted binary cross-entropy loss (BCE loss)107

L (ŷyy,yyy) = ∑
P

∑
T

wposyp,t log(ŷp,t)+wneg(1− yp,t) log(1− ŷp,t) (3)

as the loss function. Here wpos and wneg are the weights for positive and negative observations. We set wpos : wneg ∝108

∑P ∑T 1[yp,t = 0] : ∑P ∑T 1[yp,t = 1], where 1[·] is the indicator function, which is 1 if the condition is true, and 0109

otherwise.110

4. Step 4: With the BCE loss L (ŷyy,yyy), noting that our ABM simulator part is also differentiable as described above, we can111

then calculate the gradient of the computed loss with respect to each parameter of the neural network via backpropagation.112

This allows us to better tune the neural network and learn more reasonable parameters as inputs for the ABM simulator.113
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Supplementary Figure 1. Our NEURABM framework involves 4 steps: (1) The neural network takes the patients’ risk
factor data collected from EHR as input, and outputs both the agent-based model (ABM) parameters, denoted by θθθ M (which
are applicable to every patient), and patient-specific parameters, denoted by θθθ p (importation probabilities in this paper, darker
red means higher probability), for each patient p. (2) These parameters and the adjacency matrices for contact networks of each
day collected from EHR are then fed into the ABM simulator for simulation for T days, and the output will be the probability
that each patient p is in the Carriage state ŷp,t for each day t (darker red means higher probability). (3) We then compare this
ŷp,t with the ground-truth observation of patients in Carriage state (via lab testing), denoted by yp,t , and compute the loss
L (ŷp,t ,yp,t). (4) We backpropagate this loss to the neural network to tune the neural network parameters φ .

We repeat the above 4 steps for several epochs until the loss L (ŷyy,yyy) converges. The pseudo code is given in Supplementary114

Procedure 2.115

Supplementary Procedure 2 NEURABM pseudo code
1: Inputs: Risk factors of patients fff , adjacency matrices of contact networks AAA, lab testing results yyy
2: for each epoch do
3: Estimate the patient-specific parameters θθθ p and ABM parameters θθθ M
4: for each timestep t do
5: Estimate the patient states on day t: ŷyyt
6: end for
7: Compute the loss L (ŷyy,yyy)
8: Update the neural network parameters φ

9: end for
10: Outputs: Neural network parameters φ

The formal problem formulation is given as follows:116

Problem Formulation117

Given the risk factors of patients fff , adjacency matrices of contact networks AAA, lab testing results yyy, the neural network part as118

in Supplementary Equation 1, and the ABM part as in Supplementary Equation 2, find the best neural network parameter φ119

such that120

argmin
φ

L (ŷyy,yyy) = L (ABM(AAA;θθθ p,θθθ M),yyy) = L (ABM(AAA;NN( fff ;φ)),yyy) (4)

With the trained NEURABM model, we can identify importation and nosocomial infection cases. For importation cases,121

note that the neural network part can estimate both patient-specific parameters θθθ p and ABM parameters θθθ M . We can just use122
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this θθθ p as the estimated probability of being an importation case for each patient. For nosocomial infection cases, we will use123

these ABM parameters θθθ M as well as the patient state vector on the last day of week k−1 to run simulations and estimate the124

patient states in week k.125

Baselines126

To compare our NEURABM with current modeling or machine learning-based methods, we also compare with other baselines127

including Feedforward neural network, decision trees, naive bayes, SIS-ABM, SILI-ABM, clinical heuristic methods, and so on.128

For machine learning-based methods, we train two models: one for identifying importation cases, and another for identifying129

nosocomial infection cases.130

• SIS-ABM: As an ablation study, we use only the SIS-ABM model to identify importation and nosocomial infection cases131

to see how it performs.132

• SILI-ABM: Sequential, individual-level inference (SILI) model4 is an agent-based model that uses Bayesian approaches133

to infer the colonization probability of confirmed carriers for each patient.134

• Feedforward neural network: Feedforward neural networks have shown good performance in different clinical estimation135

and prediction tasks in recent years. In this work, we also implemented a multi-layer perceptron (MLP) feedforward136

neural network using Scikit-learn9 in Python.137

• Decision tree: Decision tree is also a widely-used machine learning algorithm in classification and prediction10. It138

represents choices in a tree-like graph, illustrating different outcomes as branches. In this work, we also use a decision139

tree as a baseline using Scikit-learn9 in Python.140

• Naive bayes: Naive bayes is also a powerful and efficient algorithm in machine learning11. It operates on the principle of141

Bayes theorem, where “naive” assumes that features are independent. Similarly, we use Scikit-learn9 and implemented a142

naive bayes classifier.143

• Length of stay: As suggested by a previous study4, patients with longer hospital stay days are suspected of having a144

higher risk of infection. Therefore, we use the EHR to calculate the days a patient stays in the hospital, and use it as the145

clinical heuristic baseline for comparison.146

Additional experiment results147

In addition to the baselines listed in the main article, we also compared with SILI model4 in identifying importation cases. As148

shown in Supplementary Figure 2, our NEURABM (red) achieves better performance than the SILI model (pink).149

We also ran the experiments where we trained until week k−2 and identified nosocomial infection cases in week k, and the150

results show that NEURABM still performs better than other baselines.151

As shown in Supplementary Figure 3a, the x-axis and y-axis represent precision and recall, respectively. The red curve152

represents our NEURABM framework. As shown in the figure, the area under the precision-recall curve for our framework is153

the largest (0.45) compared to other baselines. The dashed grey lines correspond to the precision of 0.25, 0.5, and 0.75. Again,154

our NEURABM always achieves the highest recall with precision equal to 0.25, 0.5, and 0.75, indicating that our framework is155

effective. In Supplementary Figure 3b, we show how the negative predictive value (NPV) changes with threshold changes.156

We can see that the NPV rate is always higher than 0.95 and other baselines, indicating that our NEURABM can identify157

nosocomial infection cases well with fewer missing/undetected patients. We also show the ROC curve in Supplementary158

Figure 3c. Here, the area under the precision-recall curve for our framework is the largest (0.80) compared to other baselines.159

In the table in Supplementary Figure 3d, NEURABM always achieves the highest recall and F1 score with a given precision,160

demonstrating the effectiveness of our framework in identifying nosocomial MRSA infection cases.161

To better examine the performance of our NEURABM method and other baselines in identifying MRSA cases for control,162

we show that if we test the patients based on the ranked infected probability estimated by each method, what percentage of163

MRSA cases can be identified among all cases. As shown in Supplementary Figure 4, we rank all patients according to the164

estimated infected probability of each method from high to low. We then test different percentages of patients and see how165

many actual MRSA patients can be identified by each method. Here, we can see that NEURABM can always identify more166

nosocomial MRSA infection cases (y-axis) given the same test budget (x-axis), which suggests that our framework is effective167

and practical in identifying MRSA cases in clinical settings.168
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SIS-ABM, AUC-ROC: 0.49
Feedforward neural network, AUC-ROC: 0.77
Decision tree, AUC-ROC: 0.77
Naive bayes, AUC-ROC: 0.79
Length of stay, AUC-ROC: 0.63
SILI-ABM, AUC-ROC: 0.57

(d) Identifying MRSA importation cases
Method Precision Recall (Sensitivity, F1 score AUPRC False positive rate Negative predictive value AUC-ROC

True positive rate) (1-Specificity) (NPV)

0.25 0.74 0.37 0.18 0.98
NEURABM 0.50 0.66 0.57 0.60 0.05 0.97 0.86

0.75 0.47 0.58 0.01 0.96

0.25 0.01 0.02 0.01 0.93
SIS-ABM 0.25 0.01 0.01 0.07 0.01 0.93 0.49

0.75 0.01 0.01 0.01 0.93

0.25 0.40 0.31 0.10 0.95
Feedforward neural network 0.50 0.24 0.33 0.36 0.02 0.94 0.77

0.75 0.17 0.28 0.01 0.94

0.25 0.32 0.28 0.08 0.94
Decision tree 0.50 0.23 0.31 0.32 0.02 0.94 0.77

0.75 0.20 0.32 0.01 0.94

0.25 0.29 0.27 0.07 0.94
Naive bayes 0.50 0.09 0.16 0.21 0.02 0.93 0.79

0.75 0.05 0.09 0.01 0.93

0.25 0.16 0.20 0.04 0.94
Length of stay 0.50 0.11 0.18 0.12 0.03 0.93 0.63

0.75 0.05 0.10 0.02 0.93

0.25 0.04 0.06 0.02 0.93
SILI-ABM 0.50 0.03 0.06 0.12 0.01 0.93 0.57

0.75 0.02 0.03 0.01 0.93

Supplementary Figure 2. The performance in identifying importation cases includes: (a) The precision-recall curves (PRC).
The x-axis represents precision, and the y-axis represents recall. The red and other color curves represent NEURABM and other
baselines. A larger area under the precision-recall curve (AUPRC) indicates better performance. AUPRC values are listed in
the legends, and NEURABM has the highest AUPRC value. (b) The negative predictive value (NPV) with different thresholds.
The x-axis is the threshold for classification, and the y-axis is the NPV value. Circles, squares, and triangles correspond to the
thresholds and NPV values where precision is 0.25, 0.5, and 0.75, respectively. A higher NPV value indicates fewer missing
importation cases that are not identified and therefore better performance, and NEURABM has the highest NPV values. (c) The
receiver operating characteristic (ROC) curves in identifying MRSA importation cases. The x-axis is the false positive rate, and
the y-axis is the true positive rate. A larger area under the ROC (AUC-ROC) indicates better performance. AUC-ROC values
are listed in the legends, and NEURABM has the highest AUC-ROC value. (d) The recall, F1 score, AUPRC, false positive rate,
NPV, and AUC-ROC under different precisions (0.25, 0.5, 0.75). The best AUPRC and AUC-ROC are in bold.
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(d) Identifying nosocomial infection cases
Method Precision Recall (Sensitivity, F1 score AUPRC False positive rate Negative predictive value AUC-ROC

True positive rate) (1-Specificity) (NPV)

0.25 0.67 0.36 0.19 0.96
NEURABM 0.50 0.55 0.52 0.45 0.05 0.96 0.80

0.75 0.12 0.21 0.01 0.92

0.25 0.03 0.05 0.01 0.92
SIS-ABM 0.50 0.02 0.03 0.11 0.01 0.92 0.54

0.75 0.01 0.02 0.01 0.92

0.25 0.14 0.18 0.04 0.92
Feedforward neural network 0.50 0.13 0.21 0.19 0.02 0.93 0.48

0.75 0.13 0.22 0.01 0.93

0.25 0.41 0.31 0.11 0.94
Decision tree 0.50 0.32 0.39 0.38 0.03 0.94 0.65

0.75 0.32 0.45 0.01 0.94

0.25 0.18 0.21 0.05 0.93
Naive bayes 0.50 0.17 0.26 0.22 0.02 0.93 0.50

0.75 0.17 0.28 0.01 0.93

0.25 0.21 0.23 0.06 0.93
Length of stay 0.50 0.15 0.23 0.17 0.03 0.92 0.62

0.75 0.08 0.14 0.01 0.92

0.25 0.11 0.16 0.03 0.92
SILI-ABM 0.50 0.02 0.04 0.13 0.01 0.92 0.53

0.75 0.01 0.02 0.01 0.92

Supplementary Figure 3. The performance in identifying nosocomial infection cases includes: (a) The precision-recall
curves (PRC). The x-axis represents precision, and the y-axis represents recall. The red and other color curves represent our
NEURABM and other baselines. A larger area under the precision-recall curve (AUPRC) indicates better performance.
AUPRC values are listed in the legends, and NEURABM has the highest AUPRC value. (b) The negative predictive value
(NPV) with different thresholds. The x-axis is the threshold for classification, and the y-axis is the NPV value. Circles, squares,
and triangles correspond to the thresholds and NPV values where precision is 0.25, 0.5, and 0.75. A higher NPV value
indicates fewer missing nosocomial infection cases that are not identified and therefore better performance, and NEURABM
has the highest NPV values. (c) The receiver operating characteristic (ROC) curves in identifying MRSA nosocomial infection
cases. The x-axis is the false positive rate, and the y-axis is the true positive rate. A larger area under the ROC (AUC-ROC)
indicates better performance. AUC-ROC values are listed in the legends, and NEURABM has the highest AUC-ROC value. (d)
The recall, F1 score, AUPRC, false positive rate, NPV, and AUC-ROC under different precisions (0.25, 0.5, 0.75). The best
AUPRC and AUC-ROC are in bold.
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Supplementary Figure 4. Percentage of identified MRSA cases by screening "high-risk" patients. For each patient in the
UVA ICUs, we use each method to estimate their MRSA infection probability and rank them according to this probability from
high to low. We then screen different percentages of patients (x-axis) and see how many actual MRSA cases can be identified
(y-axis). As seen in the figure, NEURABM can always identify more MRSA cases than other baselines.
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