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Study design and databases
We built and then validated a computational clinical decision support model based on the retrospective analysis of two non-overlapping intensive care databases, containing data collected from adult patients: 
1. The Medical Information Mart for Intensive Care version III (MIMIC-III) is an open access anonymized database of 61,532 admissions from 2001-2012 in six intensive care units (ICUs) at a Boston teaching hospital16. 
2. The Philips eICU Research Institute Database (eRI) contains more than 3.3 million admissions from 2003-2016 in 459 ICUs across the U.S.A. 
MIMIC-III was used for model development, and eRI for model validation. Both databases contain high-resolution patient data including demographics, vital signs time series, laboratory tests, illness severity scores, medications and procedures, fluid intake and outputs, clinician notes, and diagnostic coding.

Patient cohorts
In both datasets, MIMIC-III and eRI, we included adult patients fulfilling the sepsis-3 criteria7. Sepsis was defined as a suspected infection (prescription of antibiotics and sampling of bodily fluids for microbiological culture) combined with evidence of organ dysfunction, defined by a SOFA score ≥ 27,30. We adhered to the original temporal criteria for diagnosis of sepsis: when the antibiotic was given first, the microbiological sample must have been collected within 24 hours; when the microbiological sampling occurred first, the antibiotic must have been administered within 72 hours30. The earlier event defined the onset of sepsis. In line with previous research, we assumed a baseline SOFA of zero for all patients29,30.
Exclusion criteria:
· In both databases:
· Age < 18 years old at the time of ICU admission
· Mortality not documented
· Withdrawal of treatment (see below)
· In MIMIC-III:
· Intravenous fluid intake not documented
· In eRI:
· ICU readmissions, because of the potential risk in this database of mixing up data from subsequent ICU admissions.
· Patient admitted in an ICU with insufficient data collection (see below).

We excluded patients whose treatment was withdrawn, since in their case clinical decisions are no longer made aiming to optimise survival, which would have led to spurious actions in the AI policy. Withdrawal of treatment often involves patients with high severity of illness, on high doses of vasopressors, in which the treatment is withdrawn since it is considered futile. Therefore, we defined withdrawal as patients who died within 24 hours of the end of the data collection period and received vasopressors at any point and whose vasopressors were stopped at the end of the data collection. 
In the eRI, the data was recorded heterogeneously across ICUs. To avoid any systematic bias in our analysis (e.g. when no medication appears in the database, where it was actually administered), we excluded hospitals for the years where the availability of data was not sufficient, as data recording practices could vary over time. We defined two indicators of data availability for vasopressors and intravenous fluids, averaged per day, per patient, per hospital and per year. Given that our analysis resolution is 4 hours, we expected at least 6 records per day, even if the dose was constant. Hospital-years with less than 6 daily records on average were excluded. In total, 331 ICUs out of 459 were excluded with the combined data quality selection approach. For comparison, the data quality in MIMIC-III was high, with a weighted daily average over the 5 ICUs of 20.4 intravenous fluids records and 31.1 vasopressor records.

[bookmark: _gjdgxs][bookmark: _GoBack]Data extraction and pre-processing
In MIMIC-III, data were included from up to 24 hours preceding until 48 hours following the estimated onset of sepsis, in order to capture the early phase of its management including initial resuscitation. The outcome was 90-day mortality. Due to the size of the eRI database (over 2.4 terabytes), a simplified data extraction process had to be employed. Therefore, we identified all adult patients who had sepsis during the first 36h after admission and extracted data of these patients for the first 72h after admission. Survival at 90 days was not available in eRI, so hospital mortality defined the outcome of interest in this cohort.
In both datasets, a set of 48 variables was extracted, including demographics, Elixhauser premorbid status17, vital signs, laboratory values, fluids and vasopressors received and fluid balance (Supplementary Table 2). Patients’ data were coded as multidimensional discrete time series with 4-hour time steps. Data variables with multiple measurements within a 4-hour time step were averaged (e.g. heart rate) or summed (e.g. urine output) as appropriate.
All features were checked for outliers and errors using a frequency histogram method and univariate statistical approaches (Tukey’s method). Errors were corrected when possible (e.g. conversion of temperature from Fahrenheit to Celsius degrees). Parameters were capped to clinically plausible values.
To address the problem of missing or irregularly sampled data, we used a time-limited parameter-specific sample-and-hold approach in both datasets, a common practice with health time-series data that intuitively matches the cognitive process of clinicians31. The remaining missing data was interpolated in MIMIC-III using multivariable nearest neighbour imputation since the clustering algorithm did not accept missing values32. We did not interpolate the remaining missing data in eRI since it was not required for model validation.

Building the Computational Model
The true patient physiological state is only partially represented by the data available, and therefore the disease process could be formulated as a Partially Observable MDP. A Markov decision process (MDP) was used to approximate patient trajectory and to model the decision making process12,18,33. The MDP is defined by the tuple , with:
·  a finite set of states (in our model, the health states of patients),
·  the finite set of actions available from state  (in our model, the dose prescribed of intravenous fluids and vasopressors converted into discrete decisions),
·   the transition matrix, containing the probability that action  in state  at time t will lead to state  at time t+1, which describes the dynamics of the system,
·   the immediate reward received for transitioning to state . Transitions to desirable states yield a positive reward, while reaching undesirable states generates a penalty. 
· γ the discount factor, which allows to model the fact that future reward is worth less than immediate reward.

A sample of 80% of the MIMIC-III cohort was used for model training, while the remaining 20% was used for model validation. The state space was defined by clustering all patient time series from the MIMIC-III development set. A good cluster hierarchy is one in which individuals that are in the same cluster are similar with respect to their observable properties. Specifically, the state space was constructed by k-means++ clustering of the patients’ data, resulting in 750 discrete mutually exclusive patient states34. We used Bayesian and Akaike information criteria to determine the optimal number of clusters (Supplementary Figure 2e)35. We chose a high value of k to ensure a highly granular model, whilst avoiding using too large a state space (> 1,000), which would have led to very sparsely populated states (Supplementary Figure 2a). Two absorbing states were added to the state space, corresponding to death and discharge of the patient. To further assess the validity of our state aggregation, we used the distribution of International Classification of Diseases codes in the states and demonstrated that past medical history and diagnoses are encapsulated to some extent within our chosen state definition (Supplementary Figure 2b). 
Prior to clustering and to account for unequal means and variances in data, normally distributed data was standardized, log-normal distributed variables were log-transformed before standardization, and binary data was centred on zero. The normality of each variable was tested with visual methods: quantile-quantile plots and frequency histograms. 
The management of ICU patients with sepsis is extremely complex and includes several principles such as rapid control of the source of infection, correction of hypovolaemia, and management of secondary organ failures. Including all these potential interventions as actions in the MDP would have required a much larger dataset. A key challenge is arguably the management of intravenous fluids and vasopressors. Consequently, we focused on medical decisions regarding total volume of intravenous fluids and maximum dose of vasopressors administered over each 4h period. Intravenous fluids included boluses and background infusions of crystalloids, colloids and blood products, normalized by tonicity as previously described8. The vasopressors included norepinephrine, epinephrine, vasopressin, dopamine and phenylephrine, and were converted when necessary to norepinephrine-equivalent using previously published dose correspondence37. To define the action space, the dose of each treatment was represented as one of five possible choices, choice 1 being “no drug given”, and the remaining non-null doses divided into 4 quartiles (Supplementary Table 3). The combination of the two treatments produced 25 possible discrete actions. We expressed the suggested dose as the median of each dose bin matching a suggested action. 
The sequences of successive states and actions are referred to as patients’ trajectories. In our models, we used either hospital mortality or 90-day mortality as the sole defining factor for system defined penalty/reward. When a patient survived, a positive reward was released at the end of each patient’s trajectory (a “reward” of +100), while a negative reward (a “penalty” of -100) was issued if the patient died. 
We estimated the transition matrix  by counting how many times each transition was observed in the MIMIC-III training dataset and converting the transition counts to a stochastic matrix32. In high-risk environments (where executing a bad policy could cause harm) limiting the action space to known options is a sensible choice to increase the safety of the model. We restricted the set of actions to choose from to frequently observed actions taken by clinicians, and excluded transitions seen less than 5 times. As such, the resulting AI policy suggests the best possible treatment among all the options chosen (relatively frequently) by clinicians.
Markov models rely on the Markov property, which is that the transitions (given state and action) are memoryless. The probability to leave a state in a Markov chain remains constant, no matter how long the agent has been in the state. Thus,  the probability to remain in a state follows an exponential decay37. We measured the empirical state persistence probability for each state and found a high goodness-of-fit between the data and exponential decay distributions for virtually all states (Supplementary Figure 2).
The discount factor  defines the horizon of the reinforcement learning agent, which is how much importance is given to future rewards compared to the reward in the current state. It can take values between 0 and 133. We chose a gamma value of 0.99, which means that we put nearly as much importance on late deaths as opposed to early deaths. 
In reinforcement learning, a policy π corresponds to a set of rules dictating which action is taken while in a particular state33. Each MDP determines a state-action value function , that reflects the expected sum of discounted rewards for choosing an action while in a particular state, and following a policy π thereafter33. In our model,  summarizes the effect of the treatment decisions on the patient’s mortality risk, with beneficial decisions having positive  values, and harmful decisions negative  values12,13. 

Evaluation of clinicians’ actions
We performed an evaluation of the actual actions (the policy) of clinicians using temporal difference learning (TD-learning) of the Q function, by observing all the prescriptions of intravenous fluids and vasopressors in existing records (offline sampling) and computing the average value of each treatment option, at the state level33. The advantage of TD-learning over policy iteration is that it does not require knowledge of the MDP (model-free), and makes it possible to learn simply from sample trajectories33. It was computed iteratively from actual patient episodes of successive state-action pairs, with resampling, using the following Q update formula:
         (1)
With  the current {state, action} tuple considered,  the next {state, action} tuple, α the learning rate and  the immediate reward.
We stopped the evaluation after processing 500,000 patient trajectories with resampling, when the value of the estimated policy reached an asymptote.

Estimation of the AI policy
We learned a theoretical optimal policy (which we call the “AI” policy) for the MDP using in-place policy iteration, which identified the decisions that maximize the long-term sum of rewards, hence the expected survival of patients33. Policy iteration started with a random policy that was iteratively evaluated then improved until converging to an optimal solution. After convergence, the AI policy corresponded to the actions with the highest state-action value in each state:
	(2)
The value of a policy π was computed using the Bellman equation for  and represented the expected return when starting in  and following  thereafter:
 		(3)
Because 90-day mortality was not available in the eRI, hospital mortality was used as the outcome of interest. We verified first that the model performed well in the MIMIC-III database, when training the model using hospital mortality (Supplementary Figure 3) and 90-day mortality (data not shown). This sanity check supported the extension of the framework into the eRI data.

Model evaluation
Our objective is to evaluate the value of a newly learnt AI policy using trajectories of patients generated by another policy (the clinicians’)19–21. This is termed off-policy evaluation (OPE). Using direct, model-based estimates of the policy value are known to reduce variance at the cost of adding bias to the estimate20,38. Therefore, we implemented a type of high confidence off-policy evaluation (HCOPE) method, weighted importance sampling (WIS), and used bootstrapping to estimate the true distribution of the policy value in the test sets20,21,39. WIS may be a biased although consistent policy estimator, so the bootstrap confidence interval may also be biased, even though the literature suggests that consistency is a more desirable property than unbiasedness20,38,40. It is accepted that bootstrapping produces accurate confidence intervals with less data than exact HCOPE methods, and is safe enough in high risk applications such as healthcare20,21. Of note, the use of bootstrap confidence intervals around WIS estimates have not been previously described in biomedical research, but the approach is suggested in reinforcement learning research20,21.
We define  as the behaviour policy (the clinicians’), from which actual patient data was generated and  as the evaluation, or AI policy. In OPE tasks, importance sampling is a simple way to correct for the discrepancy between  and 41. Weighting the estimate allows reducing its variance38. Using IS methods with a deterministic evaluation policy is problematic, since only a few {s,a} pairs and short sequences can be used for policy evaluation. Indeed, the IS weights become zero as soon as the two policies diverge. We softened , which now recommends taking the suggested action 99% of the time, and any of the other actions a total of 1% of the time. This allows assessing the entirety of the patient trajectories. Our goal is to estimate the value of  from data trajectories. We define  as the per-step importance ratio,  as the cumulative importance ratio up to step ,  as the average cumulative importance ratio at horizon  in dataset ,  the number of trajectories in 19,38.
The trajectory-wise WIS estimator is given by:
               (4)
Then, the WIS estimator is the average estimate over all trajectories, namely:
               (5)
Where  is WIS applied to the -th trajectory.
We built 500 different models from various random 80% of the MIMIC-III data, and evaluated the AI policies with WIS on the remaining 20% of the data. State membership for test set data points was determined according to whichever training set cluster centroid they fell closest to. Once the state membership was known, we knew what the suggested action and its corresponding recommended dose of medications were. In each model, we also estimated the value of a random policy and a zero-drug policy, for comparison (Figure 2b). As recommended, the selected final model maximises the 95% confidence lower bound of the AI policy among the 500 candidate models20. We demonstrate that this bound consistently exceeded the 95% confidence upper bound of the clinicians’ policy provided that enough models were built (Figure 2a). Then, we tested the selected policy in the eRI (Figure 3a).
We also tested the influence of the variability of the behaviour policy by measuring the WIS estimator using 500 different behaviour policies (generated by 500 different clustering of the training data) but a fixed evaluation policy. The 95% lower bound of the AI policy exceeded the 95% upper bound of the clinicians’ policy 66.4% of the time. Since we selected the AI policy maximising the WIS estimator, the models where the variability in the behaviour policy led to a low WIS estimator were by design discarded.
Because laboratory results are recorded in the data at the time of sampling, a fraction of the laboratory values would not have been immediately available to clinicians to inform decision making but were available to the AI Clinician. We tested the effect of this potential bias by shifting artificially all the “slow” laboratory tests (white blood cell count, platelet count, clotting, renal and liver function tests…) in the eRI cohort 4 hours into the future. This manipulation did not significantly alter the WIS estimator: 85.1 (IQR 85.1 - 86.0) (t-test p>0.05).
Similarly to previous work, we also measured the performance of the AI policy using direct indicators and analysed patient outcomes as a function of the gap between clinicians and AI policies15. Here, we analysed patient mortality in the test sets when the dose actually administered corresponded to or differed from the dose suggested by the AI policy (Figures 3d and 3e, Supplemental Figure 3). We used bootstrapping to generate confidence bounds.

Human subject data
The institutional review board (IRB) of the Massachusetts Institute of Technology (No. 0403000206) and Beth Israel Deaconess Medical Center (2001-P-001699/14) approved the use of MIMIC-III for research. The use of the eRI database was approved by the eICU research committee and exempt from IRB approval as the database security schema and the re-identification risk were certified as meeting safe harbour standards by Privacert (Cambridge, MA) (45 Code of Federal Regulations 164.514(b)(1) and Health Insurance Portability and Accountability Act Certification no. 1031219-2).

Data availability
The two databases used in this research, MIMIC-III and eRI are available for access, in part or in total, by relevant parties subject to abiding by their usage policies. To facilitate the reproduction of our results, we provide the list of anonymous patient identifiers for both databases as supplementary files patientIDs_MIMIC3.csv and patientIDs_eRI.csv.

Computer code
The databases were queried in pgAdmin 4 v 1.3, and computations were implemented in Matlab R2017a (MathWorks Inc.). The SQL and Matlab code to recreate the models and generate the figures have been deposited and are available at https://github.com/matthieukomorowski/ICURL.
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