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Oneinten neonates are admitted to neonatal intensive care units,
highlighting the need for precise interventions. However, the application of
artificial intelligence (Al) in guiding neonatal care remains underexplored.

Total parenteral nutrition (TPN) is a life-saving treatment for preterm
neonates; however, implementation of the therapy inits current formis
subjective, error-prone and resource-consuming. Here, we developed
TPN2.0—adata-driven approach that optimizes and standardizes TPN using
information collected routinely in electronic health records. We assembled
adecade of TPN compositions (79,790 orders; 5,913 patients) at Stanford
to train TPN2.0. In addition to internal validation, we also validated our
model in an external cohort (63,273 orders; 3,417 patients) from a second
hospital. Our algorithm identified 15 TPN formulas that can enable a
precision-medicine approach (Pearson’s R = 0.94 compared to experts),
increasing safety and potentially reducing cost. A blinded study (n=192)
revealed that physicians rated TPN2.0 higher than current best practice.

In patients with high disagreement between the actual prescriptions

and TPN2.0, standard prescriptions were associated with increased

morbidities (for example, odds ratio = 3.33; P value = 0.0007 for necrotizing
enterocolitis), while TPN2.0 recommendations were linked to reduced risk.
Finally, we demonstrated that TPN2.0 employing a transformer architecture

enabled guideline-adhering, physician-in-the-loop recommendations that
allow collaboration between the care team and Al.

Neonatalintensive care units (NICUs) provide critical care to newborns
with serious medical conditions. In the United States, approximately
10% of newborns are admitted to NICUs and this number continues to
rise' . Preterm birth—the leading cause of death in children under five
years old—is asubstantial contributor to NICU admissions, withits rate
alsoincreasing over the past decade®. To better serve these vulnerable
newborns, NICU practices have incorporated increasingly advanced
innovations. These range from the introduction of mechanical ven-
tilation in the 1970s’, the implementation of surfactant replacement
therapy in the 1980s° and the use of therapeutic hypothermia in the
United States in early 2000s’. Today, with the rise of big data and Al,
another new frontier in NICU innovation involves making care deci-
sions informed by computational methods that leverage troves of

data, such as continuous monitor recordings and electronic health
records (EHRs). We are already seeing advances in various predictive
models, such as for the detection of newborn sepsis’ or intraventricular
hemorrhage (IVH)®. Despite these advances, the potential of Al remains
largely untapped. Clinical adoption of Alin many US hospitals remains
as low as 10% (ref. 9), with almost 90% of the adoption concentrated
in radiology and cardiology and 0% in neonatology'’. Even with high
accuracy, many predictive models do not influence outcomes in real
clinical settings'"2. This underscores the need for clinically relevant
Althat goes beyond making predictions to guiding effective interven-
tions, ashift reflected in emerging trends such as large action models
in autonomous systems, which emphasize actionable outcomes for
greater clinical impact™*,
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TPN, used here to encompass both TPN (zero enteral feeds) and
partial PN (parenteral nutrition), where some amounts of enteral feeds
are also provided, plays a crucial role for many NICU patients. It isin
particularly important for those born prematurely or with gastroin-
testinal complications, by providing essential nutrients directly into
the bloodstream when enteral feeding is not possible or sufficient.

For some newborns withunderdeveloped or compromised gastro-
intestinal tracts, TPN is their main source of nutrition and sole source
forsome". However, best practice for prescribing and formulating TPN
is costly, time-consuming to formulate and requires extensive multi-
disciplinary collaboration. Other practices that do not involve amulti-
disciplinary teamor adhere to standardized guidelines tend to resultin
worse outcomes'®”. Contributing toits complexity are the regional dif-
ferencesinpractice and the lack of universal guidelines'®'.In the United
States, TPN protocols for preterminfants emphasize early, aggressive
nutrition with higher protein and calorie goals; in Europe, formulations
with lower proteins are used to avoid metabolic complications" 2.,
Given these complexities, it is not surprising that errors in TPN man-
agement—ranging from prescribing and compounding to labeling
and administration—are the most frequently cited among high-alert
medications in NICUs****. To mitigate these errors, previous calculator
tools for TPN formulations have aimed primarily at addressing issues
such as component compatibility, electrolyte balance and osmolarity
calculations*?. These calculator tools are available commercially
(for example, Infusion Studio or modules within Epic**’. However,
their scopes remain limited in addressing the broader complexities
of prescribing TPN. Whether due to errors or suboptimal protocols,
improper TPN administration has been associated with heightened
risks of mortality and morbidities, including necrotizing enterocolitis
(NEC), bronchopulmonary dysplasia (BPD), gastrointestinal diseases,
sepsis and more®**°, These challenges and risks associated with TPN
highlight an opportunity for data-driven approaches like Altoimprove
safety, efficiency and patient outcomes in the NICU.

Here, we report the development and validation of TPN2.0—an
Al approach that formulates a set of standardized TPN compositions
and assigns treatments to newborns based on routinely collected
data from their EHR. We developed TPN2.0 using advanced machine
learning (ML) algorithms, performed external validation and tested
it with a multidisciplinary healthcare team. TPN2.0 can also have a
broaderimpact beyond the standard of practice. The recent American
Society for Parenteral and Enteral Nutrition (ASPEN) guidelines for
parenteral nutrition in premature infants recognize that standard-
ized solutions like TPN2.0, being relatively easy to implement, will be
particularly valuable in resource-limited settings?, including in the
United States, and in low-and middle-income countries (LMICs) where
customized TPN is often inaccessible,

Results

We compiled a TPN dataset consisting of 79,790 prescriptions from
5,913 unique patients and linked them to their EHRs to develop a
data-driven TPN approach called TPN2.0. The data were collected at
Stanford Health Care—a quaternary care hospital in the United States,
fromJanuary 2011toJanuary 2022. The newborn clinical characteristics
arereported in Supplementary Table 1 along with the incidence of 17
principal neonatal morbidities. The clinical characteristics collected
include demographics, laboratory measurements, conditions, medica-
tions, observations and procedures. A flowchart detailing this process
is shown in Extended Data Fig. 1. An independent dataset from the
University of California, San Francisco (UCSF) was used for external
validation of TPN2.0. The UCSF dataset contained 63,273 TPN prescrip-
tions from 3,417 unique patients.

Study design and overview
TPN2.0 was designed to reduce the formulation subjectivity and
increase the compounding efficiency of the TPN prescription process

by leveraging ML to (1) formulate a set of standardized TPN formulas
and then (2) recommend the best fit from these standardized formulas
based onthe patient’s clinical characteristics (Fig.1a). The approachis
data-driven, resolving the ambiguity in determining the ideal composi-
tion of TPN, which currently varies based on selected guidelines and
individual providers” anecdotal experiences'****. This approach can
streamline the prescription process, reducing the human resources and
time required from hours to probably a couple of minutes. All of this
is achieved while maintaining the necessary level of personalization
to meet the diverse nutritional needs of newborns. The standardized
formulas also open the possibility of mass manufacturing, which can
eliminatethe4-12 h oflead time and errors fromindividual compound-
ingand shipping. These benefits enable TPN2.0 to address the current
TPN processes’ shortcomings and accessibility issues.

TPN2.0 was developed based on data collected over a decade
at Stanford (Supplementary Table 1). During this 10-year period, the
patients’ average number of days on TPN was 14 + 23 days, withamedian
of 7 days reflecting high variability among cases; for example, the 90th
percentile extends up to 50 days (Fig. 1b). The components of TPN
can also vary independently over time (Fig. 1c and Supplementary
Fig.1). For example, all macronutrients monotonically increased and
plateaued, whereas zinc and copper peaked and then decreased. This
variability, alongside diverse patient phenotypes, underscores the
complex challenges in nutritional management.

TPN2.0 formulas identified through a data-driven
approach

To develop TPN2.0, we first employed a variant of deep-learning
architecture called avariational neural network (VNN) combined with
semisupervised iterative clustering (Fig. 2a). The VNN compressed
high-dimensional patient data into a latent representation, which is
effective for subsequent clustering. The TPN2.0 VNN was trained on the
compressed EHR representations (Methods), daily laboratory values,
demographic data and TPN basic parameters such as daily total fluid
targets and enteral volumes, to generate the TPN compositions. The
latent representation from the VNN was then grouped into discrete
clusterstoreduce theinnumerable numbers of TPN recommendations
into afinite set of clusters, that is, standardized formulas, that allows
mass manufacturing. This could substantially reduce costs associ-
ated with TPN and increase safety. Moreover, standardized TPN can
have a long shelf-life of up to 2 years at room temperature*’, making
widespread distribution possible to hospitalsin low-resource settings
that currently lack means to independently formulate TPN.

We found thatonly 15 clusters were required for TPN2.0 to achieve
sufficient correlations between a given cluster’s composition and the
prescribed TPN. This number of clusters yielded a Pearson’s correlation
(R) of 0.82 (P value < 0.0001) relative to the original VNN predictions.
Two-dimensional (2D) visualization of the VNN’s latent space demon-
strates the heterogeneity of the nutritional needs in different patients
(Fig. 2b and Supplementary Fig. 2). The optimal composition of TPN
may change from day to day, and each patient may not necessarily fol-
lowthe same longitudinal trajectory. An exampleis presentedin Fig. 2b,
where apatientrequiringintravenous nutrition through acentral line
was first assigned to cluster C3, which contained the lowest concen-
trations of solutes (Fig. 2c). Inresponse to higher nutritional needs as
thenewborngrew from days 2-9, they were then shifted from C3to C1
and then C7, which provided higher nutritional and caloric content.
However, uponbeing diagnosed with hyponatremia, TPN2.0 adapted
by moving the patient to cluster C6, which delivered a higher sodium
concentration of 5.6 mEq kg™ day™. The nutritional profile of each
cluster is shown in Extended Data Fig. 2. This flexibility highlights the
capability of TPN2.0 to address diverse nutritional needs by algorithmi-
cally assigning one of the 15 standardized formulas.

The cluster analysis demonstrated that model performance
using 15 clusters was optimal. A higher number of clusters resulted
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TPN2.0 model simplifies the process by automatically analyzing patient data—
comprising laboratory test values and clinical characteristics—and assigning one
ofthe15 premade TPN formulas to them. TPN2.0 aims to streamline operations
toreduce cost, error and practice variability. This is achieved by a combination of
Aland standardized TPN compositions. b, Cumulative distribution of the number
of days patients are on TPN shows that 50% of the patients receive TPN for up to

7 days, and 95% receive it for up to 50 days. ¢, Normalized mean values of TPN
components by day, demonstrating the dynamic nature of TPN components.

indiminishing gains and did not show enough gainin performance to
justify anincreased number of formulas (Fig. 2d). TPN2.0 was also more
objective than actual prescriptions. Our analysis showed that TPN2.0
had alower variance for similar types of patients compared to current
best practice across all TPN components (Extended Data Fig. 3). This
indicates that TPN2.0 was more consistent than actual prescriptions
inrecommending the same TPN compositions for patients with similar
clinical characteristics. It also demonstrates that any two members of
the healthcare teammay not agree on the same TPN compositions for
the same patient (for more on this, see ‘Blinded providers rate TPN2.0
higher than best practice’).

Independent validation of TPN2.0 inasecond
hospital

In this retrospective study, we validated the VNN model on an inde-
pendent cohort at UCSF. The Stanford team did not have access to the

UCSF data. The model, without retraining, was provided to UCSF and
the results were reported independently.

Although TPN practices may vary among providers, and more
so across different hospital systems, certain characteristics remain
similar. For example, the TPN dosage at both Stanford and UCSF can
predict the weights of infants (Pearson’s R > 0.90; Fig. 3a). At Stanford,
TPN2.0 recommendations performance was highly correlated with that
of humanexperts (Pearson’s R = 0.94; P value < 0.0001; 20% difference)
and vastly outperformed baseline ML methods such as Elastic Net
(Fig.3b). Difference between prescriptions among human experts for
asimilar type of patients was used as the gold standard (Methods). The
resulting difference, measured by distance of each TPN component,
among human experts and to TPN2.0 recommendations is shown in
Fig. 3c. Stratification of the results indicated that the performance
generalized similarly across races and sexes (Extended Data Fig. 4a).
Thehighlevel of correlation persisted even whenthe train/test setinthe
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on their historical EHR. Initially, TPN2.0 recommends formula C3, followed by
C1, which are low-concentration bags typically used in the first few days of life.
Subsequently, the recommendation switches to a more nutrient-rich formula,
C7, until hyponatremia develops. In response to this, the model automatically
switches the patient to formula C6, which has one of the highest sodium
concentrations. Once the hyponatremiais resolved, the recommendation goes
back to Cl1. This case showcases how the model can adjust TPN bag prescriptions
based on real-time changes in patient conditions. ¢, TPN2.0 clusters have distinct
compositions. The within-nutrient normalized composition of the formulas
illustrated in the example patient’s journey. Comparison should not be made
across nutrients. d, This plot visualizes the relative Pearson’s R and the number
of clusters, demonstrating diminishing returns after 15, where higher numbers
of clusters did not result in substantial performance gain to justify the decrease
in practicality. The relative R was calculated from the ratio between R from the
cluster predictions and from the model’s raw predictions.

time-based cross-validation scheme. Specifically, we trained the model
on data from two timeperiods and tested it on the remaining period,
repeating this process for each of the three periods. This approach

demonstrated that the model’s performance remained consistently
high, regardless of which timeperiod was used for testing (Extended
DataFig.4b). The stable correlation throughoutall periodsimplies that
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similarity between experts and TPN2.0 performance. Error bars, s.e. Comparing
these distances between the experts’ TPN and TPN2.0 reveals a high correlation at
both Stanford (n=79,790 TPN from 5,913 patients) and UCSF (n = 63,273 TPN from
3,417 patients). The model also outperforms baseline ML (Elastic Net). Dataare
presented as mean values + s.e.m. ¢, At both sites, TPN2.0 shows similar distance
to experts for all components (Pearson’s R and Pvalue). Here, lower distances
suggest consistency among experts, as seen with components like levocarnitine
or multivitamins. In contrast, higher distances reflect lower performance, such
asin dextrose and amino acid contents, which are due to greater variability in
practice. In contrast, levocarnitine or multivitamins are mostly abinary decision
with better defined guidelines. The bands represent 95% confidence intervals.

potential shifts in clinical guidelines over time had little influence on
the effectiveness of the model.

At UCSF, TPN2.0 retained significantly high performance with
their human experts (Pearson’s R = 0.91; P value < 0.0001; 35% differ-
ence; Fig. 3b). At both sites, dextrose and amino acids were among

the components exhibiting the highest distances for both the human
experts and, to a lesser extent, TPN2.0 (Fig. 3¢c). This implies higher
variability between expert providers in these components, which
was expected since the guidelines for these components have wider
possibilities. This is in contrast to those with lower distances such
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also significantly higher (Mann-Whitney U'test, two-sided P value < 0.0001)
than the actual prescribed TPN and random TPN. Data are presented as mean
values +s.e.m.

as levocarnitine, which is usually constrained to either 0, 10 or
20 mg kg™ day™. Overall, this demonstrates that TPN2.0 performs
similarly to expertsin both institutions.

Blinded providers rate TPN2.0 higher than best
practice

We validated TPN2.0 in a blinded study. We recruited ten members
of the healthcare team to first chart review randomly selected NICU
patients whoreceived TPN. Next, they were presented with three poten-
tial TPN solutions: TPN2.0’s recommendation, the actual TPN solution
developed by the care team according to best practice and arandom
TPN prescription as a negative control. Their task was to rate each of
the three options on a scale of 0 to 100, with 100 being the highest
preference (Fig. 4a). A total of 192 comparisons were completed. The
results showed that TPN2.0 received the highest average expertrating
(scoreof 56), outperforming both prescribed (average score of 35) and
random TPN (average score of 20; Fig. 4b). By counts, TPN2.0 was also
rated the highest most frequently (Supplementary Fig. 3). To reduce
possibleindividual human errors, we performed an additional analysis
where we included only patients evaluated by at least three stakehold-
ers and took the mean of their scores. Even when compared against
this mixture of human experts setup, TPN2.0 consistently received
the highest ratings, with the score for every patient either matching
orexceeding that of the prescribed TPN, underscoring the robustness
of TPN2.0 preference (Extended Data Fig. 5). This blinded study sup-
plements our performance metrics from the retrospective studies by
providing additional insights from real-world scenarios.

Deviation from TPN2.0 is associated with adverse
outcomes

The process of prescribing TPN is one of the most frequently cited
errors among high-alert medications in NICUs, potentially impacting
patient outcomes®>*, Given this, we next asked whether retrospec-
tive data could shed light on the potential value of TPN2.0 inreducing
adverse clinical outcomes. We selected a set of 16 critical neonatal
morbidities, along with the congenital heart disease (CHD) status,
to investigate whether the deviation from TPN2.0 in TPN prescribed
before the diagnosis date is associated with an increase in these out-
comes. Therelationship between these outcomesis displayedinFig. 5a,
where closer nodes and thicker edgesindicate the pairs that are more

likely to co-occur. We calculated the odds ratio (OR) of each outcome
when the actual prescriptions highly disagreed with TPN2.0 and dis-
played the results as a node size in Fig. 5a. Disagreement was defined
as cases where the difference between the composition of TPN2.0
and the actual prescriptions fell within the top 20% of calculated dis-
tances across all pairs. Within this group of patients, the OR of mortality
(fivefold), cholestasis (fivefold), NEC (threefold) and sepsis (twofold)
increased significantly as the prescriptions deviated from TPN2.0
(Fig. 5b). These heightened ORs persisted even when adjusted for the
volume of enteral feeds, if any, associated with the TPN prescriptions
(Supplementary Fig. 4). Among these patients, actual prescriptions
also exhibited higher variances among races than TPN2.0 (Extended
DataFig. 6). To avoid confounding factors, in each of these morbidities,
we used control patients with matched gestational age, birth weight
and postmenstrual age.

Over the decade of data collection, substantial changes in pre-
terminfant care occurred. Key milestonesinclude: 2013 (O,saturation
goals changed from 88-92% to 90-95% (ref. 41) and CHD screening
was introduced*’), 2014 (cooling on transport for HIE*?), 2015 (brain
care bundle, small baby unit, weight-based postextubation support),
2016 (standardized intubation and premedication**), 2017 (Premiloc
protocol, TPN cessation at 100 ml kg™ feeds*) and 2018 (PDA closure
with Piccolo*®*). Later changes, including less invasive surfactant
administration/minimally invasive surfactant therapy and faster NEC
feeding pathways, wereimplemented after the study period***’. Nota-
bly, there have been no great changes in the way that TPN has been
prescribed or administered over the study period. More importantly,
these changes did not affect the conclusion of our study. Even if we
stratified the cohort into three different periods, we still observe the
increased ORs when prescriptions deviated from TPN2.0 for all four
morbidities across all periods (Supplementary Fig. 5). This analysis
supports thatthese changesininfant treatments during these periods
had limited effect on the outcomes related to TPN2.0.

As opposed to disagreement with TPN2.0, we also analyzed
cases with high similarity to TPN2.0 compared to other prescrip-
tions. Similarity was defined as prescriptions where the calculated
distance between TPN2.0 and the actual formulation fell within the
bottom 20th percentile of distances across all pairs. TPN prescriptions
that were highly aligned with TPN2.0 were associated with signifi-
cantly lower ORs: mortality (fivefold reduction), cholestasis (twofold
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reduction) and sepsis (twofold reduction; Supplementary Fig. 6).
Collectively, these findings suggest that deviations from TPN2.0 are
associated withincreased odds of adverse outcomes, while close adher-
ence could provide further benefits and reduce the likelihood of these
complications.

In a separate analysis that combines these two insights, we used
the same definition defining disagreement (>80th percentile) and
similarity (<20th percentile) to TPN2.0 to conduct survival analysis
of these outcomes. The analysis further emphasizes our previous
results. Forexample, at the same distance proportion, the cholestasis
survival rate of patients with prescribed TPN close to TPN2.0 was ~80%
when those with prescribed TPN disagreeing with TPN2.0 were down
to 50% (Fig.5¢).

An example patientis visualized in Fig. 5d. This patient showed a
high deviation from TPN2.0 recommendations (more than the 95th
percentile away) and was diagnosed with cholestasis, with fat dose
accounting for one of the largest portions of this deviation before
diagnosis (-2 g kg™ in TPN2.0 as opposed to 3 g kg™ in the actual pre-
scriptions). A higher fat dose was probably prescribed to maximize
growthand development. However, studies have also shown that exces-
sive fat amounts are associated with heightened risks of cholestasis,
especially inthe prolonged use of soybean-based oil as in this case*® .
Note that, after the diagnosis, the actual prescription’s fat doses were
decreased to alevel similar to that initially recommended by TPN2.0.
This exampleillustrates one source of disagreement between TPN2.0
and actual prescriptions. Interestingly, an additional blinded study
of patients with cholestasis revealed that deviations from TPN2.0
were unlikely to result from physicians intentionally modifying TPN
compositionsinanticipation of clinical outcomes. Inthe blinded test,
the healthcare teams were unable to distinguish between TPN2.0
prescriptions and best-practice prescriptions before the diagnosis
date, suggesting that any observed differences in outcomes were not
confounded by preemptive changesin TPN formulations (Supplemen-
tary Fig. 7). This suggests that TPN compositions can be optimized
to improve outcomes, providing a foundation for future studies to
establish new gold standardsin patient care. However, itisimportant
to note that these inferences are based on observational dataand are
hypothesis-generating. While the best attempts were made to account
for possible confounders, these findings should not be considered
causal until confirmed by arandomized controlled study. TPN compo-
nentsthatlargely contribute to the overall difference between TPN2.0
and actual prescriptions are visualized in Supplementary Fig. 8, and
the complex interplay between different nutrients and patient char-
acteristics is visualized in Supplementary Fig. 9.

Enabling guideline-adhering and
physician-in-the-loop TPN2.0

Inreal-world NICUs, interactions with physicians and strictadherence
to safety guidelines are crucial. To address this, we next developed

a transformer-based, physics-informed (PI) model that not only
incorporates clinical pharmacy safety guidelines, but also enables
physician-in-the-loop collaborative decision-making. This hybrid
approachbalances automation with human expertise, enhancing both
safety and personalization in neonatal care.

When compounding TPN, the prescribed TPN dosage should
adhere to clinical and institutional guidelines®*, such as osmolarity
limits, maximum component concentrations and ensuring solubility.
Indeed, theresulting TPN should also abide by physical expectations,
such as the balance between total negative and positive ions. The list
of all expectations and guidelines considered, as well as their limits,
is tabulated in Supplementary Table 2. Here, we explored sequential
models such as Pl-transformers to achieve this goal. A transformer is
a deep-learning model that uses an encoder to process longitudinal
input data, that is, clinical characteristics, and a decoder that takes
the previous days’ ground truth for predictions, thatis, TPN prescrip-
tions, along with the encoded data to generate the current output
(Fig. 6a). Adding tothese structures, the PI-transformer was designed
to adhere to specific constraints while making predictions. Figure 6b
presents the average violation acrossall criteria, with individual criteria
detailed in Extended Data Fig. 7. The Pl-transformer exhibited ~sixfold
lower violation of these rules compared to the normal transformer
architecture, and was the lowest among all algorithms considered.
It also achieved this without sacrificing general correlation perfor-
mance compared to the normal transformer or any other cutting-edge
deep-learning methods (Extended Data Fig. 8).

In clinical settings, exceptional cases are inevitable, making it
essential that future versions of TPN2.0 are flexible enough to work
collaboratively with physicians to respond to unique patient needs.
To address this, we aim to explore the Pl-transformer’s ability to
incorporate physicians’ demands. We implemented a custom train-
ing method by using teacher forcing only for pretraining, followed
by inference as training to fine-tune the model. This resulted in a
substantial improvement to a correlation of 0.66. This TPN-specific
training method not only improved performance but also enabled
the transformer to meet physicians’ demands. For comparison, the
baseline performance using teacher forcing is only 0.48 (Fig. 6¢).
The model was also interpretable end-to-end, allowing physicians to
identify features that drive the model predictions both at the global
and local (individual) levels. It also highlights how asingle feature can
influence predictions differently across samples. For example, insome
cases, higher serum calciumincreases the likelihood of being assigned
toaspecific cluster. However, in other cases, it has the opposite effect
(Extended Data Fig.9).

To highlight the utility of this approach, consider a scenario
where a physician disagrees with components of the recommendation
from the transformer. The physician could modify the recommen-
dation. The next day, the model can use this modified prescrip-
tion as the decoder’s input instead of its previous day’s prediction.

Fig. 5| TPN2.0 recommendations are associated with lower rates of
morbidities and mortality. a, A correlation network visualizing the cosine
similarity between 16 neonatal outcomes. The size of each node is proportional
to the OR of developing the morbidity when the patient’s prescriptions deviated
from TPN2.0. Prescriptions are considered to deviate from TPN2.0 when the
average Manhattan distance between their compositions is more than the 80th
percentile away. Only prescriptions before the diagnosis (up to 3 months) are
included. The thickness and color of the edges are proportional to the strength
ofthe cosine similarity; thicker and darker lines indicate higher similarity.

b, ORsin patients who received prescriptions deviating from TPN2.0. Morbidities
that showed a significant increase in OR include cholestasis, NEC, sepsis and
mortality. The P value of the OR is obtained through a two-sided z test for the
log OR and is not adjusted for multiple comparison. Dots, mean values; error
bars, 95% confidence intervals. ¢, Survival plots depicting the difference in
therate of developing an outcome between cases and controls as the distance

between TPN2.0 and the actual prescription grows. The case group consists of
patients whose average distances between TPN2.0 and the actual prescriptions
arebeyond the 80th percentile, that is, those with prescribed TPN with
composition very different from TPN2.0. The control group consists of those
with distances below the 20th percentile, that is, those with prescribed TPN

with very similar compositions to TPN2.0 recommendations. Lines, estimated
survival probability; shading, 95% confidence intervals. The Pvalue is obtained
fromlog rank test. d, To demonstrate this with an example, a patient whose actual
prescriptions deviated from TPN2.0 and developed cholestasis on day 64 of TPN
is visualized. The difference in fat dosage is one of the main contributors to the
deviation from TPN2.0 recommendations. The actual prescriptions have mostly
3 g kg™ while TPN2.0 recommends 2 g kg before the diagnosis. In past studies,
restriction of TPN fatin vulnerable populations has been associated with reduced
risks of cholestasis**~*. DBIli, direct bilirubin.
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This modification would allow the model to better mimic agiven pre-
scriber. To evaluate the model, we replicated this scenario by replac-
ing TPN2.0 compositions with actual prescriptions in our dataset.
By replacing only 5% of the TPN2.0 recommendations (with the
biggest disagreement with physicians) with actual prescriptions,
the correlation between TPN2.0 recommendations and prescribed
TPN on the next days increased to 0.72 (Fig. 6¢). The trend continued

with the frequency of physicianintervention and reached a correlation
of 0.78 at 20% intervention. Further analyses showed that this improve-
ment was observed across all individual physicians (Extended Data
Fig.10) and that the model still preserved most of its associations to
improved outcomes even after intervention (Supplementary Fig. 10).
This demonstrated how Al can synergistically co-pilot with healthcare
providers providing real-world NICU care.
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Fig. 6| TPN2.0 by PI-transformer enables physician-in-the-loop recommen-
dations that adhere to pharmacist guidelines. a, A PI-transformer was
developed to cluster TPN compositions over time. To predict TPN composition
attime ¢ (Y,) for patient P,, future data (X,.,) is masked to prevent information
leakage. The model employs a positional encoder for daily TPN to generate
latent representations that the decoder combines with previous TPN data (Y,.;)
to predict Y,.In pretraining, teacher forcing is used; in fine-tuning, ‘inference
astraining’is applied as the decoder autoregressively processes previous
predictions. During inference, the model predictions could also be replaced by
actual prescriptions if needed. The predictions are further utilized to calculate
TPN characteristics. b, TNP2.0 recommendations comply with pharmacist
guidelines and rules. These computed values, together with ten pharmacist
guidelines/physical expectations (Supplementary Table 2)—including
osmolarity, dextrose concentrations and calcium phosphate solubility limits—are
integrated into boundary condition losses to enforce clinical standards. TPN2.0
with PI-transformer exhibited the fewest violations among all algorithms tested

(n=79,790 prescriptions from 5,913 patients). ¢, The performance of TPN2.0
improves with increased physician intervention. Simulated interventions,
inwhich10% of the TPN2.0 recommendations that are least consistent with
actual prescriptions are replaced by the actual prescriptions’ valuesin the
decoder, further enhance performance. At 0% intervention, the model also
outperforms the baseline teacher forcing method. This analysis mimics real-
world scenarios where physicians modify Al recommendations, and shows that
closer collaboration between Al and clinicians enhances model accuracy. Data
are presented as mean values + s.e.m.d, Inoneillustrative case, the model’s zinc
prediction of 362 mcg kg™ on day 1was modified to 200 mcg kg according to the
actual prescription. The gray area represents the distribution of all zinc values
inthe data. After the intervention, the model maintained a zinc of 200 mcg kg-1
for the following 8 days, consistent with the actual prescriptions. Subsequently,
the prediction shifted back to approximately 350 mcg kg'—a change that was
later followed by the physicians. This indicates the ability of the model to balance
clinical judgment with the data-driven approach.

An example of this intervention is shown in Fig. 6d where we
simulated the physician modifying a recommendation due to the
large distance between TPN2.0 and the actual prescription. Zinc
was the main difference between the recommendation and the

physician’s preference. Here, the transformer suggested a zinc dos-
age of 364 mcg kg™, whereas the actual prescription was 200 mcg kg™
After the simulated intervention, the transformer was able to adapt
and kept zinc at the same level the physician would have wanted for
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the next 8 days. According to guidelines, preterminfantslike this case
should receive 400 mcg kg™ of zinc*. TPN2.0 correctly recommended
the higher zinc, butin arare circumstance such as this, providers may
prescribe less zinc to accommodate other unique clinical factors.
Over time, the transformer shifted zinc back to a higher level, which
the actual prescriptions then followed only 3 days later. This result
showcased that TPN2.0 canadaptto a provider’s needs while balancing
consistency with its data-driven recommendations.

Discussion

We aggregated a cohort of 79,790 TPN orders linked to EHRs from
5,913 neonates and an external cohort with 63,273 TPN orders from
3,417 newborns and infants. Our data, collected over 10 years, include
TPNorders with anearly equal distribution of sexes and several racial
representations (Supplementary Table1). From these comprehensive
datasets, we demonstrated that an Almodel can develop TPN composi-
tionsinadata-driven manner. Based onthe model, we also report aset
of Al-driven TPN formulas that could respond to the varying nutritional
needs of newborns while still being manageable for mass production,
substantially reducing cost and risk for errors. Although the racial
distribution modestly underrepresented Black/African Americanand
Indigenous populations, findings from stratified analyses suggested
our results were broadly applicable across racial groups (Extended
DataFig. 6). We then showed that TPN2.0 recommendations were rated
higher by experts compared to currentbest practice, and validated the
results independently in a second hospital system. Through in-depth
analyses of newborn outcomes, weidentified associations between the
onset of morbidities and deviation from TPN2.0. We also leveraged a
Pl-transformer architecture to make our model adaptive toinput from
physicians and adhere to clinical/pharmacy safety guidelines. These
benefits allowed TPN2.0 to standardize TPN with a personalization level
comparable with the state-of-the-art, while also potentially making
high-quality TPN potentially more accessible, both in low-resource
settings in the United States and in LMICs.

While numerous predictive models have been deployed ininten-
sive care settings®*”’, often with great accuracy, these predictions have
yet to meaningfully change clinical outcomes or practices™. In the
current healthcare environment where the care team has to balance
patient care with information overload and alarm fatigue, Al models
need to focus on actionability, not just predictive modeling®™*°. TPN
presents a unique opportunity for such actionability, in partnership
between Aland physicians. Currently,administering TPN for aneonate
ischallenging due to their complex nutritional needs and lack of clear
clinical guidelines®, resulting in overreliance on anecdotal experience.
Current TPN practice also requires an extensive amount of time and
human resources to prescribe and prepare. With many stakeholders
involved, TPNis error-prone, with 65% of errors occurring even before
administration to patients®. The data-driven approach, standardiza-
tion and objective recommendations provided by TPN2.0 directly
address these limitations.

The benefits of standardized TPN, such asreductioninerror, cost
and practice variation®, are well established. Indeed, the industry, as
well as professional societies worldwide?®**, have been attempting to
moveinthisdirection. Standardized TPN solutions are typically devel-
oped based on expert consensus and are considered best practice in
some countries, such as the UK and Australia®“**®, However, the lack of
rigorous evidence through randomized trials and their design by expert
opinion as a‘gold standard’ raises concerns about their applicability,
particularly for preterminfants—a population with highly diverse and
individualized nutritional needs. Reflecting this, organizations like
ASPEN advised against the use of standardized TPN in such cases®.
The other bottleneck toward this goal is the lack of personalizationin
which the current one(or few)-size-fits-all solutions could jeopardize
patient safety, such as by causing electrolyte disorders®”* including
hyponatremia or hypermagnesemia’®. This drawback has prevented

the widespread adoption of standardized TPN in many countries,
including the United States. In contrast, customized TPN based on an
individual expert opinion may introduce biases stemming from anec-
dotal experience. TPN2.0 strikes a balance between personalization
and standardization by leveraging a data-driven approach, combining
the strengths of both methods. Its recommendations were grounded
in evidence and were associated with improved outcomes, such as
reduced morbidity rates. The 15 standardized formulas produced by
TPN2.0 increase safety and reduce cost, while the Almodel maintains
a high degree of responsiveness to patients’ dynamic needs during
NICU stay.

TPN2.0 was designed to collaborate with the healthcare teamin
clinical settings to promote ease of adoption and increase safety. Al
algorithms focused purely onablack box approach to clinical predic-
tions often struggle with adoptionand generalizability in the real world.
In contrast, models with physician-in-the-loop have been evaluated
to have improved accuracy and user satisfaction””2. TPN2.0 has been
developedtoadapttoindividual physicians’ judgment when needed,
while continuing to promote a data-driven approach. This ensures that
the Al serves as asupportive tool for physicians, while leaving the ulti-
mate decision-making authority firmly in their hands. TPN2.0 was also
designed to automatically adhere to clinical/pharmacy guidelines and
composition requirements. Although validationsinclinical settings are
still required before the deployment of TPN2.0, these initial findings
already demonstrate its ability to cater toboth patient nutritional needs
and clinical requirements.

One limitation of this study is the reliance on structured EHR
data, which lacks comprehensive patientinformation and is prone to
dataset shift’. This shift emphasizes the need for continuous Al perfor-
mance monitoring, as highlighted by the United States Food and Drug
Administration”. Although our dataset includes key TPN-related vari-
ables (laboratory values, diagnoses and procedures), it excludesimag-
ing, waveforms and clinical notes. Future studies should incorporate
multimodal or biological systems for enhanced decision-making”™’®.
Our blinded study was limited to Stanford experts prescribing TPN.
To validate TPN2.0 preferences, future research will involve experts
from other institutions to explore the impact of training, experience
and local protocols. Variations in enteral feed types (formula ver-
sus breast milk) and compositions remain unexplored and should
be investigated in future studies. Ethical considerations are critical
when applying Al in the NICU, as decision-making involves parents
or guardians representing critically ill newborns. Transparency and
alignment with clinical expertise are essential to support, not replace,
decision-making. Real-world databiases may also confound findings,
as specific TPN compositions could be prescribed for particular con-
ditions and outcomes. Although we mitigated potential confounders
by analyzing prediagnosis TPN data and using a blinded study the
findings remain preliminary and associative and need prospective
validation in arandomized controlled trial (RCT). RCTs are crucial to
establish causality, control biases and provide stronger clinical evi-
dence. Future RCTs should assess not only growth and development
but also nutrition-related morbidities (for example, hyponatremia,
hypermagnesemia) and long-term outcomes such as neurodevelop-
ment”” and the incidence of chronic conditions like metabolic and
cardiovascular disorders’”’, Despite current limitations, this study
highlights the ground-breaking potential of TPN2.0 to improve neo-
natal health, offering life-long benefits that are often harder to achieve
inolder populations.

Taken together, TPN2.0 demonstrates the potential of Al to go
beyond predictive diagnosis and guide a key therapeutic decision for
newborns in the most vulnerable time of their lives. This approach
streamlines and standardizes TPN processes, enhancing accessibil-
ity (particularly in low-resource settings) and increasing safety. Our
work sets the foundation for future studies to assess the real-world
impact of TPN2.0 on this patient population, which may be influenced

Nature Medicine | Volume 31| June 2025 | 1882-1894

1891


http://www.nature.com/naturemedicine

Article

https://doi.org/10.1038/s41591-025-03601-1

by various confounding factors. These studies will include ongoing
efforts for multisite model validation and prospective clinical trials.
This framework also allows future incorporation of causal AI**®', This
can better inform the design and execution of RCTs to establish a
true gold standard for TPN that is based objectively on the improved
outcomes for individual newborn characteristics. It also highlights
the fundamental role that Al will have in future neonatal intensive
care medicine. This progress will lay the foundation for Al models to
autonomously guide therapeutic strategies beyond TPN, paving the
way for the development of large action models®.
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Methods

Study design

Thediscovery cohort datawere aggregated from the EHRs at Stanford
Health Care. Thelinkage of the two datasets enabled the integration of
nutritional data, phenotypic traits and long-term outcomes. All Stan-
ford EHR data were mapped to the Observational Medical Outcomes
Partnership Common Data Model v.5.3.1. The data included patient
observations, procedures, medications and conditions. The study
was approved by the Institutional Review Board of Stanford University
(reference no. 39225) with inform consent waived. We first identified
acohortof 6,991 neonatal/pediatric patients in NICU/pediatricinten-
sive care units who received a total of 113,773 TPN orders recorded
between January 2011 and January 2022. These TPN data represent
best practice in the field and come as close as possible to represent-
ing the gold standard given the knowledge currently available to the
field. AIITPN orders were developed by a multidisciplinary healthcare
team. Each order is placed by a neonatologist, house staff resident or
neonatal nurse practitioner, and is then checked by a NICU clinical
pharmacistand a NICU dietitian. They also use modular tools, such as
those embedded in Epic, for automated calculation to ensureaccurate
molecular dosages and appropriate physicochemical properties. Of
the 6,991 patientsidentified, 5,913 were retained as they received their
first TPN within the first 2 years of delivery, which resulted in 79,790
TPNorders. Sexand gender were not consideredin the study design as
thisisaretrospective study of all available patients that fit the inclusion
criteria. Of these, 68% of the prescriptions were TPN with no enteral
feeds, and the rest were partial PN with some amounts of enteral feed.
These datainclude patientsreceiving both total and partial parenteral
nutritionas they transitiontoincreased enteral feeding while preparing
for discharge from the NICU.

In addition, anindependent validation cohort was obtained with
EHRs from the UCSF. All 3,417 patients who received their first TPN
within the first 2 years of birth between October 2012 and January
2024 in the UCSF EHR Database were included (63,273 TPN orders).
The curated UCSF EHR data contain demographics, specific labora-
tory measurements and TPN data. This study was approved by the
Institutional Review Board of UCSF (reference no.17-22929) with con-
sent waived.

Data processing and packages
AtStanford, gestational age at delivery and birth weight were extracted
fromclinical notesin the newborns’ EHRs. Free text in clinical notes was
searched systematically using regular expressions. When several clini-
calnotes were available for the same newborn and values were discord-
ant, the most commonly occurring value was retained or the average
across all the different values if two or more values appeared with the
same frequency. To check the accuracy of the information extracted
from clinical notes compared to manual chart review, in our previous
study, we randomly sampled 40 newborns. Their gestational age at
delivery and birth weight were extracted by reviewing electronic charts
manually. Comparison of these systematically extracted datawiththose
extracted manually from clinical notes showed perfect accuracy®..
For each newborn, their entire medical history available in the
EHRs corresponding to their days on TPN was extracted. This consisted
ofallconditions, observations, medications and procedures, recorded
under the patient identification number. Different types of records
were as follows: (1) conditions (presence of a disease or medical con-
dition); (2) observations (observed clinical sequelae obtained as part
of the medical history); (3) medications (utilization of any prescribed
and over-the-counter medicines, vaccines and large-molecule bio-
logictherapies) and (4) procedures (records of activities or processes
ordered by or carried out by a healthcare provider on the patient fora
diagnosticor therapeutic purpose). Conditions, observations, medica-
tions and procedures were organized by patient and date and time of
the day at which they were entered into the EHR system.

About 5% of the gestational age and birth weight data were missing,
and they were imputed using missing forest based on the phenotypic
data. Other missing laboratory values wereimputed using the patient’s
latest past known values, if any, otherwise mean values of the cohort
were used. For the EHR data, each procedure, condition, drug and
observation were represented in a binary format. All analyses were
performed using Python v.3.10, and the deep-learning models were
implemented using either pyTorch (v.2.0.1) or Tensorflow (v.2.11.0)
on a linux-based server with Intel(R) Xeon(R) Gold 6330 and NVIDIA
A40 equipped. Data processing and analyses were performed using
Scipy (v.1.11.1), Numpy (v.1.24.4), scikit-learn (v.1.2.2), Pandas (v.2.2.2),
statsmodel (v.0.14.0), sksurv (v.0.21), lifelines (v.0.28.0), missForst
(v.3.1.3) and forestplot (v.0.4.1).

TPN2.0 by variational neural network and iterative clustering
Our VNN was anadaptation of a variational autoencoder (AE)®—atype
of generative deep-learning model, to better suit the task of predict-
ing TPN compositions from the inputs while maintaining the ability to
generate latent representation of the patient via the bottleneck layer.
The VNN bottleneck layer contained 16 nodes, which generated the
latent space for subsequent clustering.

Theinputs of the model were composed of two parts. The first part
is a32-dimensional latent representation obtained from a multimodal
AE, where thefirst two layers were modality specific, then connected at
the final layer before the bottleneck. The decoder mirrored this struc-
ture. Theinput and outputinclude all EHR data, which consisted of four
modalities: 1,625 observations; 1,037 medications; 5,607 conditions and
6,230 procedure features. The second part of the VNN inputs was the pri-
mary data physicians typically look at to determine TPN dosages. These
include basic characteristics (sex, race, days since birth, gestational age,
birthweight, dosing weight and cholestasis status), whole blood serum
values (alanine transaminase, albumin, alkaline phosphatase, aspartate
transferase, blood ureanitrogen, calcium, chloride, creatinine, glucose,
ionized calcium, magnesium, phosphate, potassium, sodium, triglycer-
ide) and feed information (total fluid volume, enteral fluid volume, TPN
volume, infusion rate, protocol (neonatal versus pediatric), feed line
(central versus peripheral), days on TPN, hours of TPN and fat product
type). The second part of the input data was not compressed and was fed
into the VNN explicitly (Fig. 2a). The outputs of the model are the TPN
dosages which include fat (g kg™), amino acids (g kg™), dextrose (%),
acetate (mEq kg™), calciumgluconate (mg kg™), copper (mcg kg™), famo-
tidine (mg kg™), heparin (units ml™), levocarnitine (mg kg ™), magnesium
(mEq kg™), multivitamins (ml kg™, phosphate (mmol kg™?), potassium
(mEq kg™), selenium (mcg kg™), sodium (mEq kg ™) and zinc (mcg kg ™).

The Stanford cohort data were separated randomly during the
twofold cross-validation, where each fold is structured as 40% train-
ing, 10% validation and 50% test set. The separation was done at the
patient level, that is, no different TPN orders from the same patient
were in both the training and test sets. The model was trained using a
batchsize of 128 and optimized using an adaptive moment estimation
(Adam) optimizer to minimize the average root mean squared error
(r.m.s.e.) across all TPN componentsin the training set. The lossin the
validation set was used to determine the stopping point of the training
process. The model was then evaluated on the unseen test set using
Pearson’s correlation between each pair of actual an actual prescription
and TPN2.0 as the metric. We also reported performance compared
to human experts (Fig. 3b). To first evaluate human performance (the
goldstandard), we calculated the Euclidean distance between a given
prescriptionand another actual prescription from a patient with similar
characteristics. A patient with similar characteristics was identified
by randomly selecting one whose laboratory serum values and base-
line characteristics were all within a 10% range of difference from the
original patient’s values. To evaluate TPN2.0 performance, a similar
approach was taken, but TPN2.0 recommendations of the matched
patient were used to calculate Euclidean distance instead. The distance
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performance of human and TPN2.0 was then compared using normal-
ized distance and correlation metrics.

The model’s performance was also evaluated using an independ-
ent cohort from UCSF. We trained aseparate VNN model on asubset of
features that overlaps both Stanford and UCSF data. This VNN version’s
input did not include aspartate transferase, blood urea nitrogen, cre-
atinine, enteral information, fat product, hours of TPN, infusion rate,
ionized calciumor total fluid information. It was trained and evaluated
at Stanford using the same protocol as described above, and then evalu-
ated on the UCSF cohort without any retraining.

After training and validating the VNN model, we employed itera-
tive semisupervised clustering on the training set to condense the
number of predicted componentsinto afinite set of formulas. For each
combination of protocol and feeding line, for example, neonatal cen-
tral line, the 16-dimension VNN latent representations were grouped
into 100 clusters using K-means clustering. The Euclidean pairwise
distances between these cluster centroids were calculated and sorted.
Wethenselected the 30 pairs with the smallest distances. For each pair,
we assessed the changesin correlations if the pair were to be merged.
The correlations were between the compositions from the assigned
clusters and the actual prescriptions. The pair that resulted in the
smallest change in correlation was merged. Essentially, we first over-
clustered into 100 clusters and iteratively merged the pair of clusters
that minimized thereductionincorrelation totheactual prescriptions.
This process repeated until we achieved the desired number of clusters.
The final model was then applied to the test set without retraining.

Visualization of high-dimensional latent space

The 16-dimensions latent space from the VNN was reduced to 2D for
visualization using uniform manifold approximation and projec-
tion. We randomly sampled 20,000 data points for the visualization.
Uniform manifold approximation and projection was initialized
with the following parameters: n_neighbors = 20, min_dist = 0.001,
metric = ‘chebyshev’and spread = 3. Theresulting 2D datapoints were
colored according to the TPN2.0 predicted clusters.

Evaluation of consistency in actual prescriptions and TPN2.0
To determine whether the variability of TPN2.0 was lower than that of
actual prescriptions (Extended Data Fig. 3), we first needed to group
similar patients together to be able to determine accuracy and con-
sistency within each group. An AE with a 16-dimensional latent space
was constructed to encode and decode the input data. The encoder
and decoder used neural network layers with rectified linear units
and sigmoid activations, respectively. Afterward, the AE was trained
using mean squared error loss and the Adam optimizer. Post-training,
thelatent space representation was extracted for clustering. K-means
clustering was performed with arange of 5to 50 clusters. The optimal
number of clusters was determined by two methods: (1) silhouette
scores and (2) plotting the within-cluster sum of squares and using
the KneeLocator method (Supplementary Fig.11). We used the highest
optimal number of clusters between these methods—29 clusters—to
take a more conservative approach and improve the assessment of
physician prescription variance.

To ensure that similar patients were clustered together and that
the reduction in variance was due to accurate TPN2.0 clustering and
not merely the result of reducing the number of possible formulas, a
randomized clustering test was conducted. TPN2.0 clusters were shuf-
fled1,000 times and the weighted mean variances were recalculated. In
alliterations, the actual TPN2.0 clusters had lower variance (6* = 0.76)
thanthe random cluster (0>=0.99), indicating the decrease in variance
was due to accurate clustering.

Blinded study of TPN2.0
We conducted a blinded study to evaluate the healthcare team’s
preference between actual prescriptions and TPN2.0. In this study,

we recruited members of the healthcare team who were typically
involved in TPN prescription to rate different TPN solutions from
0 to 100 when presented with a patient profile. Up to 30 patients
were randomly selected from Stanford historical records. For each
patient, the three TPN solutions were presented: the actual pres-
cription given to the patient, the TPN2.0 cluster composition and a
random TPN. The random TPN composition was drawn randomly from
other actual prescriptions in the dataset. The team was blinded to
the labels of the three TPN solutions; they also did not have access
to the previous days’ TPN records. Other than these, the team
was allowed to access any EHR of the patient. The healthcare team
participating in the study included pediatric residents, neonatology
fellows, neonatologists and pharmacists. This generated a total of
192 comparisons.

A similar blinded study was conducted with a physician to
identify whether the distance between TPN2.0 and the actual pres-
cription was confounded by the physician adjusting prescription com-
position in expectation of a certain diagnosis. In this study, only ten
TPN from different patients were used. These patients were the ones
who exhibited the highest distances between TPN2.0 and actual pres-
criptions before cholestasis diagnosis.

Outcome extraction and analysis against TPN2.0

We collected 17 neonatal outcomes of interest, including anemia, BPD,
candidiasis, cerebral palsy, cholestasis, CHD, mortality, intraventricu-
larhemorrhage, jaundice, NEC, patent ductus arteriosus, periventricu-
lar leukomalacia, pulmonary hemorrhage, pulmonary hypertension,
respiratory distress syndrome, retinopathy of prematurity and sepsis.
The selected clinical morbidities are among the most commonly
observed in patients in the NICU setting®***°, especially in preterm
infants. Although some, such as NEC, are more commonly seenin pre-
terminfants, others like BPD and sepsis affect both term and preterm
infants, and may be influenced by various factors, including the use
of TPN”. Many of these conditions are interconnected. For example,
conditions like NEC, which is linked to intestinal injury, can occur in
term infants, particularly those with underlying conditions such as
hypoxia in congenital cardiac diseases’’. Although these morbidi-
ties are well recognized in NICU care, many of them remain under-
investigated, particularly in the context of emerging tools such as
ML. This analysis, therefore, includes these conditions to provide a
comprehensive evaluation of the potential risks that influence neo-
natal health outcomes, not solely limited to known risks associated
with TPN use.

Outcomes were considered to be present or absent based on neo-
nates’ health record data. The outcome data were extracted from the
newborn’s medical history at any timepoint since their birth up until
3 months after their last day on TPN. Grouped disorders (for example,
other central nervous system disorders or liver diseases) affecting the
same organ system were excluded due to nonspecificity and confound-
ing potentials. The list of SNOMED concept codes used to identify the
presence/absence of each outcome is reported in Supplementary
Table 3. A blinded manual chart review of the outcomes considered
for 30 randomly sampled preterm newborns was conducted in our
previous study to assess the sensitivity and specificity of the definitions
used”. Overall sensitivity and specificity (across all outcomes) were
97.5% and 98.8%, respectively, showing high concordance between
manual chart review adjudication and EHR-based definitions.

To evaluate whether the rates of adverse outcomes changed
according to the similarity between TPN orders and TPN2.0 recom-
mendations, we calculated the distance between the composition of
eachorderandthe TPN2.0 recommendations. The distance represents
how similar the two were, where shorter distances indicated higher
similarity. If the rates of outcomes changed with distance, that means
prescribing more (or less) similar to TPN2.0 was associated with out-
comes. The distance was calculated using the Manhattan distance
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across all standardized nutrient values. Three analyses were used to
evaluate the distance versus outcomerates relationship: areaunder the
receiver operating characteristic (AUROC), OR and survival analyses.
The AUROC metricindicated if anincrease in distance was associated
with higher rates of adverse outcomes. In the OR analysis, we split the
datainto case and control groups by patients with less than the 80th
percentile distance from TPN2.0 being the control and those with more
being the case. We then calculated the OR for each outcome between
these two groups. Outcomes with a significant OR (P < 0.05; Woolf
test) and an AUROC > 0.6 suggested a trend where higher distances
predicted higher risks of adverse outcomes (Supplementary Fig. 12)
and were presented in the main findings. For the survival analysis, we
replaced the commonly used time component with the Manhattan
distance. To determine whether there was a difference in the rate of
adverse outcomes between those who were very close to TPN2.0 and
those who were very far, we split the case and control groupsinto those
morethanthe 80th percentile away from TPN2.0 and those within the
20th percentile distance from TPN2.0, respectively. The P value to
determine the rate differences between the two groups was obtained
from a multivariate log rank test’. Note that, in all analyses, we used
only theinformation from up to 3 months before the day of diagnosis
and removed any cases with CHD to limit confounding potentials. For
the analysis of NEC, we limited it to only prescriptions within the first
6 months of life to limit any false discovery, as the disease happens
only earlyinlife.

Development of deep sequential models for TPN

Sequential models could leverage the longitudinal nature of TPN data
to increase model performance. Three deep-learning variants were
investigated: long short-term memory (LSTM)*, temporal Kolmogo-
rov-Arnold networks (KAN)***” and transformer®®. LSTM s a variant of
recurrent neural network architecture that allows the model to learn
from sequential data. A sequence-to-sequence LSTM model was con-
structed such that, for each input, there was an output corresponding
to that day. The hidden state from the timepoint tis then recycled as
part of the inputs for timepoint ¢ + 1 for predicting the next outputs.
Our LSTM model consisted of a256-node LSTM layer followed by a fully
connected layer with sequence padding to address variable lengths.
Afterward, asequence-to-sequence KAN model was also investigated.
KAN architecture is a recently developed alternative to multilayer
perceptron, which is what LSTM, transformer and most other neural
network models are based on, that showed superior performance in
many applications and features, such as stability and interpretability.
Essentially, KANs have learnable activation functions on edges, while
multilayer perceptrons have fixed activation functions on nodes. KANs
also have no linear weights, with every weight parameter replaced by
a univariate function such as a spline. Similar to LSTM, our temporal
KAN model consisted of a256-node recurrent neural network-like KAN
layer followed by a fully connected layer.

Transformer architecture is aneural network thatlearns the con-
text of sequential data (encoding) and generates new data from it
(decoding) using anattention mechanismto focus onrelevant parts of
the sequence. To predict the TPN dosage for timepoint ¢, the encoder
was fed input from timepoint t and the decoder was fed the TPN dos-
age from timepoint ¢ - 1 (Fig. 6a). We built a transformer model with
alayer of 256-node encoder and decoder with eight attention heads.
The modelwas first pretrained using the teacher forcing method”®—a
common training technique where the transformer’s decoder was
fed the correct output (actual prescriptions) during training. Similar
to VNN, the loss function to minimize was r.m.s.e. and the optimizer
was Adam. For the PI-transformer, we imposed additional losses with
regard to conditions and boundaries described in Supplementary
Table 2. Note that the solubility was calculated using calcium phosphate
curve approximation equations’. The model was then trained without
the teacher forcing or using the actual prescriptions as input, that is,

autoregressively generated the prediction of timepoint t and fed it as
the decoder’s input for prediction of timepoint ¢ + 1. Once trained, a
clustering layer'° was appended to the previous prediction output
layer. The clustering layer was initiated using K-means cluster centroid.
The model was then trained to minimize an equal mix of clustering
loss'®® and the r.m.s.e. loss from predicted outputs before clustering
until the cluster assignment converged. We found this method per-
formed better in the TPN dataset context.

Inference was used to determine the transformer model’s perfor-
mance measured by Pearson’s correlation. By default, inference makes
predictions autoregressively, which is similar to the way we trained the
model but without updating the model’s weights. The flexibility of the
inference method also allowed us to investigate its next-day perfor-
manceinascenario where TPN2.0 recommendations were to be modi-
fied today. To conduct a study mimicking this scenario, the Euclidean
distances between the model predictions and the actual prescriptions
were calculatedinthe training set. A distance cutoff was chosen based
onthedesired percentile, thatis, a cutoffat the 80th percentile distance
ifwe are studying 20% intervention. During inference, any prediction
withadistance over the cutoff was replaced by the actual prescription
asthedecoder’sinput. This mimics ascenario where the predicted TPN
composition wastoo different from the providers’ expectations; hence,
they modified it. Note that when the actual prescription was used as
the decoder’s input, we did not take that prediction instance for the
calculation of the model performance.

Feature attribution was performed using Gradient SHAP—a vari-
ant of SHapley Additive exPlanations designed for deep-learning
models'”". The method leverages the gradients of the model’s outputs
with respect to its inputs to estimate feature importance, enabling
the decomposition of predictions into contributions from individual
features. To simplify the analysis, the longitudinal data was flattened
into a cross-sectional format. We summarized the training dataset into
100 representative background samples using K-means clustering. For
each cluster assignment probability, SHAP values were computed for
7,500 randomly selected test samples.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Stanford University and University of California, San Francisco are the
custodians of their own individual patient-level protected information.
Access tothese datais subject to approval fromthe respective institu-
tions. Torequest data access, researchers or institutions should contact
N.A. at https://nalab.stanford.edu/. The request will further require
approval from Stanford University Privacy Office and the Institutional
Review Boards (IRBs). Requests will be reviewed on a rolling basis and
timeline is dependent on the IRB. Data will be for research purposes
only and must comply with ethical guidelines and institutional poli-
cies ondata privacy.

Code availability

Arepository with the original Python code used to train the VNN and
the transformer model is available on GitHub at https://github.com/
tpjoe/TPN2.0.
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Extended Data Fig. 1| Flowchart diagram of the dataset generation process.
The datawere aggregated from the EHRs at Stanford Health Care. The linkage
of the two datasets allowed for a combination of nutritional data, phenotypic
traits, and long-term outcome data, among others. All EHR data were mapped
to the Observational Medical Outcomes Partnership (OMOP) Common Data
Model (CDM) version 5.3.1, which included patient observations, procedures,
medications, and conditions. Gestational age at delivery and birth weight

were extracted from clinical notes in the newborns’ EHRs using regular
expressions. For each newborn, their entire medical history available in the EHR
corresponding to their days on TPN was extracted, including all conditions,
observations, medications, and procedures, while excluding TPN medication
records to avoid potential data leakage. Conditions, observations, medications,
and procedures were organized by patient, date, and time of entry into the EHR
system. Conditions that affect multiple organ systems were excluded. Initially,

October 2012 - January 2024

3,703 patients

UCSFTest | 67 662 Orders

the Stanford cohort included 6,991 neonatal/pediatric patients in neonatal/
pediatric intensive care units with 113,773 TPN orders recorded between
January 2011 andJanuary 2022. Of these, 5,913 patients were retained as they
received their first TPN within the first 2 years of delivery, resulting in 79,790
TPN orders. EHR data were represented in a binary format for each condition,
drug, procedure, and observation. The patients with congenital heart diseases
were dropped for the TPN2.0 outcome comparison analysis. In addition, an
independent external validation cohort was obtained from EHRs from the UCSF
Hospital and Clinics and the Benioff Children’s Hospital. The UCSF EHR database
contains demographics, specific lab measurements, and TPN data. This included
all 3,417 patients who received their first TPN within the first 24 months of birth
between October 2012 and January 2024 in the UCSF EHR Database, totaling
63,273 TPN orders.
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plot shows lower mean variances within the patients in the same group for all
componentsin TPN2.0 compared to current best practice.
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different subpopulations. The corresponding powers of the stratified analyses
are 1for both male and female at the significance level (a) of 0.0001, and 1

for Asian (o= 0.0001), 0.93 for African American (o. = 0.001), 0.94 for Native
(a=0.01),1for white (ot =0.0001), and 0.89 for race unknown (o = 0.0001).
Therace ‘Native’ includes both Native Hawaiian or Other Pacific Islander and
American Indian or Alaska Native due to the insufficient numbers of population
from these races in our cohort. Refer to Supplementary Table 1for the number
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TPN2.0 Difference
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of data pointsin each group. Data are presented as mean values +/-SEM. b,

The model performance with experts as described in Fig. 3c with these results
obtained from a time-based cross validation instead of a random train-test split.
In each cross-validation, the model was trained on data from a time period that
did not overlap with the test period. For example, in the last plot, the model is
trained on data fromJanuary 1** 2011 to August 312017, and it is tested on TPN
orders from September 1 2017 to January 31° 2022. The high correlation across
all periods suggests that potential changes in clinical guidelines from different
periods did not meaningfully impact the model performance.
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aggregating scores at the patient level, and only include those rated by at least

3 experts. Thisresulted in a total of 23 comparison pairs. The bar chart showing
the aggregated rating scores for TPN2.0, prescribed TPN, and random TPN
formulations still shows that TPN2.0 receives the highest ratings, significantly
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outperforming both the prescribed TPN from best practice and random
formulations. Error bars represent standard errors across the aggregated
scores. Data are presented as mean values +/- SEM. b, Furthermore, looking at
the individual patient’s averaged rating score, each represented by a dot in the
scatter plot, TPN2.0 was rated either about the same as prescribed TPN, or in
most cases, higher than them. These results support the preference for TPN2.0,
even when evaluated using amethod that more closely reflects clinical best
practices.
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who were not diagnosed with any of the 16 adverse outcomes or congenital heart ineach group. Data are presented as mean values +/- SEM.
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Extended DataFig. 7 | Fraction of TPN compositions that adhere to each criterion of pharmacist/clinical guidelines or physical expectations. The limits for these
criteriaare listed in Supplementary Table 2. Here, physics-informed (PI) transformer vastly outperforms normal transformer, VNN, and baseline Elastic Net.
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Extended Data Fig. 8 | Physics-informed (PI) transformer accommodates Kolmogorov-Arnold Networks (KAN), transformers, and Pl-transformer, all

safety criterion while maintaining accuracy comparable to other algorithms. showing similar performance. The performanceis a Pearson’s R of TPN2.0
Comparison of the performance (n=79,790 TPN from 5,913 patients) of different composition vs. the actual prescription composition. Data are presented as mean
deeplearningarchitectures, including VNN, Long Short-Term Memory (LSTM), values +/- SEM.
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Serum Chloride = 104.0 Cholestasis Status = 0.0 Serum Magnesium = 1.38 Serum Calcium = 9.44

Serum Bicarbonate (CO2) = 24.0

Gestational Age = 287.0 Birth Weight = 4.18 Serum Potassium = 4.97
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Extended Data Fig. 9 | Feature attribution analysis reveals the features driving
the predictions of the transformer-based TPN2.0. a, A heatmap of average
gradient-based SHAP (SHapley Additive exPlanations) values visualizes global
feature importance for each selected feature and cluster. The SHAP values are
derived from 7,500 randomly and uniformly selected TPN orders. The clusters
are organized into neonatal central line, peripheral, and pediatric protocol
clusters. For each cluster, only SHAP values from samples assigned to that cluster
are considered. Color intensity represents the magnitude of SHAP values, with
red indicating positive contributions and blue indicating negative contributions
to cluster assignment. For example, assignment to cluster 1 of the central line

is heavily influenced by serum creatinine levels, while cluster 4 relies more on
serum calcium levels. Importantly, the model does not heavily depend on race

or sex for cluster assignments, minimizing demographic-based biases. b, Force
plots demonstrate how features drive cluster assignments at alocal, patient
level. The top plot shows a sample assigned to cluster 2 of the central line, where
features like birth weight, gestational age, and serum bicarbonate exert strong
positive influences, increasing the assignment probability to 0.43 (-3.5x the
base value of 0.123). In contrast, the bottom plot shows a sample with areduced
probability of 0.10 for cluster 2 due to negative contributions from low serum
calcium, serum sodium, gestational age, and birth weight. These examples
highlight the complexity of the model’s predictions at an individual level,
revealing feature-specific contributions that may not be fully captured by global
explanations.
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Extended Data Fig. 10 | TPN2.0 with physician-in-the-loop recommendations of physicianintervention, where physicians adjust TPN2.0’s recommendations in
leads to performance improvement for every physician. a, The number of asimulated scenario. Here, we show that the improvement applies to every single
TPN orders prescribed by each physicianin the dataset. b, Collaboration with individual. Each dot in the pair plot represents the average correlation of TPN2.0

TPN2.0 leads toimproved performance for every individual physician. Figure 6¢ to all actual prescription by a physician.
previously shows that the model’s performance improves with increasing levels
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