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ABSTRACT
Existing machine learning methods typically assume consistency in
how semantically equivalent information is encoded. However, the
way information is recorded in databases differs across institutions
and over time, often rendering potentially useful data obsolescent.
To address this problem, we map database-specific representations
of information to a shared set of semantic concepts, thus allowing
models to be built from or transition across different databases.

We demonstrate our method on machine learning models devel-
oped in a healthcare setting. In particular, we evaluate our method
using two different intensive care unit (ICU) databases and on two
clinically relevant tasks, in-hospital mortality and prolonged length
of stay. For both outcomes, a feature representation mapping EHR-
specific events to a shared set of clinical concepts yields better
results than using EHR-specific events alone.
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1 INTRODUCTION
Existing machine learning methods typically assume consistency
in how information is encoded. However, the way information
is recorded in databases differs across institutions and over time,
rendering potentially useful data obsolescent. This problem is par-
ticularly apparent in hospitals because of the introduction of new
electronic health record (EHR) systems. During a transition in data
encoding, there may be too little data available in the new schema
to develop effective models, and existing models cannot easily be
adapted to the new schema since required elements might be lack-
ing or defined differently.

In this paper, we explore the effect of data encoding differences
on machine learning models developed using EHRs. Mining EHRs
enables the development of risk models on retrospective data and
their application in real-time for clinical decision support. Such
models facilitate improving outcomes while lowering costs. How-
ever, this task is complicated by the fact that EHRs are constantly
changing—utilizing new variables, definitions, and methods of data
entry. Furthermore, EHR versions across institutions, and even in
different departments within the same institution, often differ.

While specification changes can appear minor, each difference
means that a riskmodel developed on a prior versionmay depend on
variables that no longer exist or are defined differently in the current
version. For example, the Society for Thoracic Surgeons’ Adult
Cardiac Surgery Database has undergone many transitions since
its introduction in 1989 [19]. During one transition, two variables
indicating whether a patient has a history of smoking or whether
the patient is a current smoker were remapped to a single variable
capturing whether the patient is a current or recent smoker [24].

Remapping variables manually is feasible for small changes, but
modern EHRs may contain over 100,000 distinct items, and this
number continues to grow over time [1, 8]. Consequently, risk
models typically rely on only a small number of variables so that
they can be easily adapted. It has been shown, however, that models
based on a large number of variables typically out-perform models
based on a small number of variables [28]. The alternative, building
version-specific models, is prohibitively labor intensive and creates
a problem during transition periods, when there are insufficient
data to build a high-quality risk model.
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We enable the application of machine learning models developed
using one database on data from another version. We apply natural
language processing (NLP) techniques to meta-data associated with
structured data elements and map semantically similar elements
to a shared feature representation. This approach enables building
models that can leverage data from another database without re-
stricting the data to a subset or requiring database integration, a
difficult problem [7, 13].

In this paper, we present a case study on the structured data in
the Medical Information Mart for Intensive Care (MIMIC-III) [15].
MIMIC-III contains intensive care unit (ICU) data from the Beth
Israel Deaconess Medical Center collected over the years 2001–
2012. It is openly accessible to researchers and provides detailed
patient information, including regularly sampled vital signs, demo-
graphics, lab test results, and time-stamped treatments and inter-
ventions. This data spans two EHR versions, CareVue (2001–2008)
and MetaVision (2008–2012). There are approximately 9,000 items
specific to CareVue and approximately 3,000 items specific to the
MetaVision data.

In this case study, we relate EHR-specific data to clinical concepts
from the Unified Medical Language System (UMLS) [2], a collection
of medical ontologies. An ontology consists of a set of concepts
(entities), and relations between entities. Although general domain
ontologies (e.g., [3]) and tools for identifying equivalent semantic
concepts (e.g., [10]) exist, these tools do not work well with the
highly domain-specific vocabulary present in clinical text.

We demonstrate that using a shared set of semantic concepts
improves portability of risk models across databases compared to
using EHR-specific items. We do this by evaluating the performance
of clinical risk models trained on one database and tested on another
for predicting in-hospital mortality and prolonged length of stay
(LOS).

Our work makes the following contributions:

(1) We present a novel approach to facilitating the construction
and use of predictive models that work across multiple EHR
systems.

(2) We demonstrate the effectiveness of our approach on two
commonly used predictive models and on data from two
epochs of EHR systems in the publicly available MIMIC-III
dataset.

2 RELATEDWORK
Several solutions to resolving structured data in different EHR
versions have been proposed in the literature. Much previous work
has developed methods to reconcile health care information with
different encodings of variable names by mapping databases to
existing clinical vocabularies and ontologies [18, 22, 25].

In [25], the author proposes a method to leverage UMLS to merge
two databases. He demonstrates his approach by producing a shared
representation for lab items at two different hospitals. This work
builds a semantic network for each database structure on its own,
and then seeks to merge the two structures by leveraging context
and outside sources such as UMLS. In contrast, our work does not
seek to relate individual concepts within an EHR as a semantic
network. Instead, we map each element directly to concepts in the

UMLS ontologies and use this representation for greater generaliz-
ability of predictive models.

In the area of clinical risk-stratification, [4] demonstrated that a
model for identifying patients with rheumatoid arthritis generalized
well at other institutions, despite differences in the natural language
processing pipelines used and the differences in structured variable
coding across EHR systems.While promising, the logistic regression
model they tested used only 21 characteristics (from clinical notes
and structured data) drawn from the patient’s record. A similar
method would not be appropriate for our task which draws upon
thousands of characteristics from the EHR.

Changing encodings of databases is an opportunity for transfer
learning methods, where information from a task that is related
(source task) but not directly relevant to the task of interest (tar-
get task) is leveraged to improve performance. For example, [29]
transferred information from other hospitals in the same hospital
network to improve risk predictions for a hospital-acquired infec-
tion at the hospital of interest. In [29], the hospitals had a shared set
of features, but also hospital-specific features. Similarly, our EHRs
intersect (capturing similarly coded lab tests, microbiology tests,
and prescriptions), but each also contains a large set of features
that does not appear in the other. Rather than utilizing the EHR-
specific features directly in our models, we present an approach
to first map the features to semantically equivalent concepts. Un-
like most feature-representation transfer methods, which explicitly
use the data to learn a feature representation where the source
and target data distributions lie closer together [20], we utilize a
domain-specific vocabulary encoded through expert knowledge.

3 METHOD
In this section, we describe a feature representation that captures
the EHR encodings (Section 3.1). Next, we describe the EHR-specific
feature representation for each patient (Section 3.2), and then the
conversion of this representation to the UMLS concepts, called
concept unique identifiers (CUIs) (Section 3.3).

3.1 Bag-of-Events Feature Representation
We construct our feature representation to demonstrate that map-
ping to a shared encoding enables building effective risk models
across EHR versions. The goal of using this representation is not
to learn the best possible risk models; instead, it is to elucidate the
impact of transferring models from one database to another.

To that end, we consider a feature space that relies on the encod-
ing of items in the EHR. Events are represented by the number of
times they occurred. Each patient is represented as a bag-of-events
(BOE) gathered from the first 24 hours of their stay. The BOE rep-
resentation omits information about the ordering of events and
any associated numerical values (e.g., the result of a blood pres-
sure measurement). This type of BOE representation has been used
previously to construct clinical risk models from structured data
[5, 26, 27].

The BOE features capture the different kinds of events encoded
in the EHR systems. While using the values of lab tests or vital
signs would certainly lead to improved predictive performance
[11, 16, 17], it would obscure information about how the encodings
affect model performance.
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Figure 1: Text values often modify the semantic meaning of
the corresponding items. We assign new unique item IDs
with item descriptions that append these values to the ini-
tial item description. In this example, ID 229 in MIMIC is
associated with a number of distinct text values in patients’
charts that modify its semantic meaning.

Bag-of-events is analogous to the bag-of-words representation
for text. We therefore apply the common normalization technique
term-frequency, inverse-document frequency (tf-idf). Tf-idf favors
terms—or, in our case, events—that occur with high frequency
within an individual but infrequently across individuals. These
weights tend to filter out features that occur so broadly that they
are ineffective in differentiating individuals. Finally, we apply a
maximum absolute value normalizer to all features after tf-idf trans-
formation to make the ranges of tf-idf transformed features compa-
rable.

The events we consider are represented in 1) EHR-specific do-
mains, and 2) UMLS concept unique identifiers (CUIs). These feature
spaces are presented in the following sections.

3.2 EHR Item ID Feature Construction
We construct features from the EHRs to reflect the clinical events
that occurred. In the MIMIC-III database, events are defined by an
ID, an associated description, and a text or numerical value. While
numerical values capture measurements of patient state, text values
often add to the semantic meaning of the events. Because of this, we
assign new identifiers for each unique (ID, text value) pair. These
new unique identifiers are referred to as Item IDs in the rest of the
paper.

Figure 1 shows an example. In MIMIC-III, the ID 229 is associated
with the text description “INV Line#1 [Site]"; in other words, infor-
mation about an invasive line that has been placed in the patient.
Events recorded in the chart contain many unique values associ-
ated with this ID, indicating the sites where the line could have
been placed. For example, the text “PA Line” indicates a pulmonary
arterial line, which has very different clinical implications than a
“peripherally inserted central catheter” invasive line.

After constructing the BOE representation in the Item ID feature
space, we apply a filter to remove events that occurred in fewer
than 5 patients to alleviate sparsity in the high-dimensional feature

space (15,909 items in CareVue, 5,190 events in MetaVision). After
applying the filter, CareVue had 5,875 features and MetaVision had
2,438 features.

3.3 Mapping EHR Item ID to UMLS Concept
Unique Identifier

In order to identify the shared semantic concepts represented by the
EHR-specific Item IDs, we annotate clinical concepts from the UMLS
ontologies in the human-readable item descriptions. Although con-
cepts could be identified using simpler string matching methods
such as edit distance, these methods do not handle acronyms and
abbreviations (common in clinical text) well.

Using the Clinical Text Analysis Knowledge Extraction System
(cTAKES), a frequently used tool for identifying UMLS concepts,
we annotate the human-readable item descriptions from both EHR
versions in our data [23]. cTAKES was primarily developed for an-
notating clinical notes, which contain more context than the EHR
item descriptions. This makes identified entities in the item descrip-
tions difficult to disambiguate, and cTAKES often identifies many
concepts for each item description. The entity resolution process is
further complicated by the differing methods of EHR event entry
between CareVue and MetaVision. CareVue allowed for free-text
entry of item descriptions, resulting in typos and inconsistent ab-
breviation and acronym usage. These characteristics result in less
context to leverage during the entity resolution process, and lead
to some ambiguous annotations. Thus, the relation of Item IDs to
CUIs often identifies several relevant concepts, rather than a single
one.

To address this, we consider three methods for defining the set of
CUIs corresponding to each item ID: 1) all CUIs found (all), 2) only
the longest spanning matches (spanning) and 3) only the longest
match (longest). The spanning method is also utilized by [6]. The
authors suggest that this method identifies the most specific con-
cepts corresponding to a given segment of text, without eliminating
useful text auxiliary to the longest concept mention.

Consider, for example, the text “ankle brachial index left” (Figure
2). Initially, five CUIs are associated with this text. For this exam-
ple, longest would choose only the CUI for “ankle brachial index,”
and ignore “left.” This method will likely drop informative CUIs.
This is evidenced by the large drop in the average number of CUIs
identified compared to all (see Figure 3). On the other hand, all
does not remove any CUIs. This may capture concepts that are only
marginally relevant to the item description. For example, the all
annotation of “ankle brachial index” identifies “ankle,” “brachial,”
and “index” as separate CUIs, in addition to the full concept of
“ankle brachial index.” Capturing these constituent words—“ankle,”

Figure 2: All, Spanning, and Longestmethods for annotating
“ankle brachial index left.” These approaches relate the item
descriptions to different sets of CUIs.
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Figure 3: Distribution of number of identified CUIs per Item
ID: ComparingAll, Spanning, and Longest relationmethods.

Figure 4: Transformation of Item IDs BOE representation to
CUIs BOE representation using the all method.

“brachial,” and “index”—as relevant to the concept of “ankle brachial
index” could be misleading rather than informative. Finally, span-
ning presents a medium between longest and all. For this example,
it would identify “ankle brachial index” and “left” as the correspond-
ing CUIs. This captures all of the concepts with the longest spans
across the text without dropping text or including concepts with
mentions contained within a longer, more specific mention.

Figure 3 shows the distribution of number of CUIs per Item ID for
the different mapping methods. Spanning maintains approximately
the same mean number of CUIs per Item ID compared to all, while
reducing the tail from over 20 to 15 CUIs. In Section 5.2, we evaluate
these different methods for mapping Item IDs to CUIs.

With the resulting set of CUIs corresponding to each Item ID, we
mapped the Item ID BOE feature vectors to CUI feature vectors. For
each CUI, we found the set of Item IDs that contained that concept.
We then summed the counts from that set of Item IDs to get the
count for the CUI. This transformation was done before applying
tf-idf normalization. Figure 4 depicts an example of this conversion
using all CUIs.

4 EXPERIMENTAL SETUP
In these experiments,1 our goal is to demonstrate the utility of our
method in building models across related databases. We chose not
to combine the databases to build a single risk model in order to
clearly demonstrate the utility of our approach for transferring
models across databases.

1Code available at https://github.com/mit-ddig/event-cui-transfer.

Figure 5: Length of stay in the ICU in MIMIC-III. Outliers
(LOS > 50 days) truncated for clarity of visualization.

Table 1: Number of patients and clinical outcomes (in-
hospital mortality and prolonged length of stay, i.e. LOS
> 11.3 days) in CareVue (2001-2008) and MetaVision (2008-
2012) portions of MIMIC III.

EHR In-Hospital Mortality Prolonged Length of Stay
N n N n

CareVue 18,244 1,954 (10.7%) 16,735 4,893 (29.2%)
MetaVision 12,701 1,125 (8.9%) 11,758 2,798 (23.8%)

Total 30,945 3,079 (9.9%) 28,493 7,691 (27.0%)

4.1 Task Definition
We considered patients of at least 18 years of age. We included only
these patients’ first ICU stay so as to avoid multiple entries for a
single patient. This filtering is important because it removes the
possibility of training and testing on the same patient (even if they
are different ICU stays). We also removed the set of 120 patients
whose stays overlapped with the EHR transition and consequently
had data in both CareVue and MetaVision. In the resulting cohort,
we extracted data from the first 24 hours of each patient’s stay. This
provides a fair comparison against baseline acuity scores, which
commonly use only information from this time period [16].

We considered the two tasks of predicting in-hospital mortality
and prolonged length of stay (LOS). In-hospital mortality is defined
as death prior to discharge from the hospital. We define prolonged
LOS in the ICU as a stay exceeding the upper quartile (> 11.3 days).
Figure 5 shows the distribution of length of stay across the patients
in the ICU. Table 1 shows the number of patients in each EHR
and the number of cases of the two outcomes. For prolonged LOS,
we filtered out patients who died before the 11.3 day cutoff. This
was to avoid considering patients who died and patients who were
discharged before the prolonged LOS cutoff as equivalent classes.
Because of this, the number of patients (N ) considered for the
outcome of prolonged LOS was lower than the number considered
for the outcome of in-hospital mortality.

We considered several prediction gaps ranging from 0 hours (im-
mediately following observation) to 48 hours in 12 hour increments.
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Figure 6: Number of patients remaining in the ICU (left) and clinical outcomes (right) with prediction gap 0–48 hours.

Figure 7: Diagram of relationship between information used
to construct feature vector (first 24 hours in the ICU) and
prediction gap between information used and outcomes.

The prediction gap is the time from the end of the first 24 hours of
the ICU stay to when we start counting outcomes. Any patient who
experienced the outcome of interest or was discharged during the
prediction gap was removed from the data before modeling. This
impacts performance by removing the easier cases. For example,
a patient who has an item such as “comfort measures only” in the
first 24 hours would have an easily predicted outcome. Increasing
the prediction gap removes such patients from consideration. Fig-
ure 6 shows both the number of patients remaining in the ICU and
the number of clinical outcomes as we increase the prediction gap
(diagrammed in Figure 7) for both CareVue and MetaVision.

4.2 Model Definition
For all of the experiments, we learned L2-regularized logistic re-
gression models with an asymmetric cost parameter:

min
w

1
2
wTw +C+

∑
i :yi=+1

log
(
1 + e−yiw

T xi
)

+C−
∑

i :yi=−1
log

(
1 + e−yiw

T xi
)

(1)

We used the scikit-learn LIBLINEAR implementation to train and
test all models [9, 21].We used logistic regression because themodel
is linear in the features. Therefore the model weights are clinically
interpretable, facilitating assessment of the relative importance of
features. We employed L2-regularization to reduce the risk of over-
fitting, since our data are small relative to the data dimensionality
(see Table 1).

We used 5-fold stratified cross-validation on the training set to
select the best value for C−. We searched for the value in the range
10−7 to 100 in powers of 10. We set the asymmetric cost parameter
(C+C−

) to the class imbalance (i.e., the ratio of the number patients
who did not experience the outcome to the number of those who
did). We evaluated our method using the area under the receiver
operating characteristic curve (AUC). The AUC captures the trade-
off between the false positive rate and the true positive rate of a
classifier when sweeping a threshold.

5 EXPERIMENTAL RESULTS
5.1 EHR-specific Item IDs: Bag-of-Events

Feature Representation
We first demonstrate that the simple BOE representation with EHR-
specific Item IDs is able to predict clinical outcomes such as mor-
tality and prolonged length of stay. We show the performance
against the Simplified Acute Physiology Score II (SAPS-II) [16], a
well-established acuity score that is commonly used as a baseline
when developing risk models for mortality in the ICU [11, 12, 14]
and also uses information from the first 24 hours in the the ICU.

We evaluate performance on CareVue andMetaVision separately.
We computed the AUC on 10 2:1 stratified training:holdout splits.
We show that the Item ID BOE features add auxiliary information to
the physiological variables captured by SAPS on its own (Figure 8).
We used theWilcoxon signed-rank test [30] to evaluate significance
of the differences between the Item IDs-only results and the SAPS-
II + Item IDs results. All differences for both outcomes and both
databases were statistically significant (p-value = 0.0051). Although
the magnitudes of the differences are not large (between 0.005 and
0.015 across all prediction gaps for all tasks), they are consistent. In
the following experiments, we used the SAPS-II + BOE (Item IDs
or CUIs) feature space.

5.2 Mapping Item IDs to CUIs
We evaluate the predictive performance of the BOE features when
the events counted are represented by UMLS concept unique iden-
tifiers (CUIs) rather than EHR-specific Item IDs. We compare the
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Figure 8: Mean AUC across 10 2:1 stratified holdout sets and 95% confidence interval shown for each database and outcome
considered. Item IDs + SAPS-II (purple) significantly outperforms Item IDs-only (blue) or SAPS-II only (red) in predicting
in-hospital mortality (top) and prolonged LOS (bottom) in CareVue (left) and MetaVision (right).

Figure 9: Mean AUC across 10 2:1 stratified holdout sets and 95% confidence interval shown for each database and outcome
considered. Converting to CUIs from Item IDs results in small, but statistically significant differences in performance in 3
out of the 4 tasks considered. Mean AUC across prediction gaps shown for the outcomes of in-hospital mortality (top) and
prolonged LOS (bottom) in CareVue (left) and MetaVision (right).
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Table 2: Outcome: In-Hospital Mortality. Difference in AUC
between SAPS II + Item IDs and SAPS II + CUIs (Span-
ning) shown. Statistical Significance evaluated using the
Wilcoxon Signed-Rank Test.

Prediction CareVue MetaVision
Gap (Hrs) Mean Difference in AUC p-value Mean Difference in AUC p-value

0 0.0050 0.0051 0.0048 0.0051
12 0.0055 0.0051 0.0052 0.0051
24 0.0058 0.0051 0.0071 0.0051
36 0.0056 0.0051 0.0080 0.0051
48 0.0056 0.0051 0.0074 0.0051

performance of a model trained using SAPS-II + CUIs vs. SAPS-
II + Item IDs for each of the tasks of interest. We evaluate the
three methods of translating item descriptions to CUIs described in
Section 3.3.

The mean AUCs across 10 2:1 stratified training:holdout splits
are shown in Figure 9, and the Wilcoxon sign-rank test p-values
for in-hospital mortality and prolonged length of stay are shown
in Table 2 and Table 3, respectively. The mean differences in AUCs
across all the prediction gaps were statistically significant for the
outcome of in-hospital mortality in CareVue and MetaVision, as
well as the outcome of prolonged length of stay in CareVue (p-value
= 0.0051). However, they are small in magnitude (∆ AUC ≤ 0.008).
For the outcome of prolonged LOS, the differences in MetaVision
between SAPS II + Item IDs and SAPS II + CUIs were not statistically
significant. Thus, although some statistically significant decreases
in AUC occur when CUIs are used, they are very small in magnitude.
This small difference shows that representing clinical events using
CUIs can still achieve high predictive performance on predicting
mortality in the ICU within a single EHR system.

As Figure 9 shows, the spanning method appears to have im-
proved or comparable performance to the other approaches across
the four tasks. We therefore use the spanningmethod going forward
to map to the CUI BOE representation. Table 4 shows the number
of item IDs in each EHR version and the resulting number of CUIs
from the cTAKES mapping using the spanning approach.

5.3 CUIs Enable Better Transfer Across EHR
Versions

We evaluate performance on predicting in-hospital mortality and
prolonged length of stay across EHRs. To do this, we train a model
on data from one EHR system (Train DB) and evaluate on data
from the other EHR system (Test DB). We hypothesize that models
trained on CUIs will better generalize across EHRs compared to
Item IDs because 1) mapping to CUIs removes redundancy within
each EHR, particularly CareVue, and 2) the intersecting set of CUIs
between EHRs is larger than the intersecting set of Item IDs relative
to the number of features in each EHR. We compare our approach
of training a model on CUIs to two baselines: 1) training on all Item
IDs from Train DB (Figure 10(a)), and 2) training on the shared set
of Item IDs between Train DB and Test DB (Figure 10(b)). Training
on all Item IDs from Train DB and testing on Test DB effectively
means excluding most of the charted events from consideration
during prediction. While this obviously will not result in the best
prediction performance, it is a realistic simulation of how a model

Table 3: Outcome: Prolonged Length of Stay. Difference in
AUC between SAPS II + Item IDs and SAPS II + CUIs (Span-
ning) shown. Statistical Significance evaluated using the
Wilcoxon Signed-Rank Test.

Prediction CareVue MetaVision
Gap (Hrs) Mean Difference in AUC p-value Mean Difference in AUC p-value

0 0.0048 0.0051 0.0001 0.7989
12 0.0053 0.0051 0.0015 0.5076
24 0.0071 0.0051 0.0017 0.3863
36 0.0080 0.0051 0.0017 0.2845
48 0.0074 0.0051 0.0018 0.2845

that has been developed on one database version might directly be
applied to data from a new schema early on in a transition.

These results are shown in Figure 11. 95% confidence intervals
are shown on the test AUC, generated by bootstrapping the test
set 1000 times to have the same size and class imbalance as the
original test set. The difference between the training AUC and test
AUC provides a sense of how well the model is able to generalize
from Train DB to Test DB, and to what extent it is overfitting to
the training data.

These results demonstrate that the models trained on CUIs out-
perform those trained on both all and shared Item IDs for both
outcomes. In addition, the difference between the training and test
AUC when all Item IDs are used (red lines) is much larger than the
same difference when CUIs are used, or when shared Item IDs are
used. This demonstrates that using CUIs is less prone to overfitting
and results in more generalizable models.

Table 4: Number of Item IDs and CUIs in CareVue, MetaVi-
sion, and intersection for in-hospital mortality after filter-
ing (≥ 5 occurrences in data). For MetaVision, the filter se-
lects 2,438 of the 5,190 features. For CareVue, the filter se-
lects 5,875 of the 15,909 features.

Prediction Gap CareVue MetaVision Intersection
(Hrs) Item IDs CUIs Item IDs CUIs Item IDs CUIs
0 5875 3660 2438 2192 2118 2052
12 5843 3645 2421 2182 2102 2046
24 5795 3619 2405 2175 2094 2041
36 5746 3595 2384 2161 2076 2035
48 5703 3573 2351 2151 2048 2017

Figure 10: Baseline approaches: (a) Train a model on all
items in the training database (Train DB) (left), and (b) Train
a model only on shared items that appear in both the train-
ing and test databases (right).
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Figure 11: AUCwhen training on TrainDB and testing on TestDB using EHR-specific Item IDs (all), Item IDs (shared), and CUIs.
95% confidence intervals are shown for each database and outcome considered. The dashed lines show the training AUC of
eachmodel on Train DB, while the solid lines show the AUC on Test DB. Training using the CUIs representation results in the
best training and test AUCs across all prediction gaps compared to Item IDs (all) or Item IDs (shared) representations. These
improvements are more pronounced for the outcome of Prolonged Length of Stay when training on CareVue and testing on
MetaVision (bottom left).

Using the UMLS CUIs, we increase the AUC on in-hospital mor-
tality by at least 0.01 across all tasks. Similarly, we improve the AUC
on prolonged LOS by at least 0.009 when training on MetaVision
and testing on CareVue. When we train on CareVue and test on
MetaVision, we achieve even larger improvements compared to
shared Item IDs (∆ AUC > 0.03) and all Item IDs (∆ AUC > 0.07).

For predicting prolonged LOS with a gap of 24 hours when
training on CareVue and testing on MetaVision, these differences
translate to an AUC of 0.77 (0.76, 0.78) when using CUIs, compared
to an AUC of 0.70 (0.69, 0.71) when all Item IDs are used and 0.74
(0.73, 0.75) when shared Item IDs are used. Thus, converting our
EHR-specific Item ID features to a shared CUI representation results
in significantly better performance when applying a model learned
on data from one EHR version to data from another.

6 CONCLUSION AND DISCUSSION
We introduce an approach to constructing machine learning mod-
els that are portable across different representations of semanti-
cally similar information. When a database is replaced or a schema
changed, there is inevitably a period of time during which there
are insufficient data to learn useful predictive models. Our method

facilitates the use of models built using the previous database or
data schema during such periods.

We demonstrate the utility of our approach for constructing
risk models for patients in the intensive care unit. We leverage
the UMLS medical ontology to construct clinical risk models that
perform well across two different EHRs on two different tasks:
in-hospital mortality and prolonged length of stay. Our method
of mapping to CUIs results in increased AUC over EHR-specific
item encodings for all prediction gaps, both outcomes, and both
directions of training on one EHR and testing on the other.

Despite improving performance, our method suffers from several
limitations. First, although using the CUI BOE representation leads
to significantly higher overlap in feature spaces between the two
EHRs (CareVue and MetaVision), a significant number of CUIs is
lost when the intersection is taken. We believe that this is the result
of insufficient disambiguation of entities from the free-text item
descriptions utilized in CareVue. Identifying all relevant concepts
from short item descriptions is challenging for existing natural
language processing tools that depend on context for term disam-
biguation. Leveraging other sources of text with sufficient context
to disambiguate these terms (e.g., clinical notes) is a plausible way
to address this problem.
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Second, while our method generalized well across the two EHR
versions in our data, our use of MIMIC-III limits our experiments
to data from the same institution. We chose to work with MIMIC
because it is an open, freely-accessible database, and it allowed
us to conduct a reproducible case study that highlights many of
the challenges associated with the portability of models in a more
general setting. Applying our method to other institutions could
lend insight to how well our approach performs in the presence of
different care staff, practices, and patient population characteristics,
as well as differences in EHR systems. It would also allow us to
investigate how our method performs in transferring models across
institutions.

Although we demonstrate the utility of this method in a clinical
setting, entity resolution for database matching is a common prob-
lem. As databases in finance, government, and other sectors evolve
and data analytics gains traction, resolving changes in information
recording over time is an important task.
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