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Abstract
Clinical data extraction is a necessary
step for quantitative analysis in clinical research. Whereas most machine
learning algorithms learn from fixed
length or regularly-collected panel data,
health records data are neither. To
facilitate the development of transparent and reproducible machine learning
models from such data, we introduce
TL-Lite, a clinical data ingestion, transformation, and visualization tool for
conducting temporal machine learning.
The central principle behind TL-Lite
is to provide visual responsiveness at
the individual level alongside management of the desired transformations behind the scenes that go on to be applied throughout the cohort and that
result in cohort-level summaries, statistics, models and predictions. Characterization of the tool, discussion of
design choices, and examples of use
demonstrate its added value. A demo
is provided at https://www.andrew.
cmu.edu/user/jweiss2/viz.html.
Keywords: Clinical forecasting, visualization, extraction, survival analysis

patients in clinical rounds involve updates on
status and are often convened around visual
aids that depict measurements of progression
and recovery. For example, public health intervention planning is benefitted from knowing prediction lead times, and visualizations
that include time lag establish trust in the
feasibility of the approach. For example,
coordinated care protocols are complicated,
and measurement of protocol adherence can
be monitored using visualizations with temporal landmarks of receipt and monitoring
for adverse events. These examples of healthcare delivery all show the importance of time.
That predictive forecasting can guide anticipatory decision making is a strong argument
for the role of temporal machine learning in
health care.

Since the widespread adoption of electronic health records, significant advances
have been made in clinical data visualization
and clinical forecasting. Yet there remains a
gap between these efforts. While it is standard to provide visual evidence of the value
of a model for any model developed, its further applied use is frequently limited. One
source comes from the lack of transparency
1. Introduction
in the end-to-end computation, potentially
Time is a focal dimension of clinical data, due to a laborious, error-prone, or opaque
and visualizations used in clinical practice transformation of the clinical data stream.
center around it. For example, discussions of As an example, the standard and pervasive
© 2020 J.C. Weiss.
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Cox model leaves feature timing as implicit,
and only inferentially are the features associated with time t = 0. How multiple measurements across time are reduced to single
value representations may be left to text or to
imputation. On the other hand, end-to-end
prediction systems must address the problem
that the user design choices are specified up
front. Often making good choices is contingent on intermediate computations realized
through checkpoint visualizations. The importance of these checkpoints often stems the
clinical utility of end-to-end designs.
To address this gap, we present TL-Lite,
a reactive and visual end-to-end system
for conducting clinical forecasting. TL-Lite
begins with visualizations of database extracts in the form of an entity-attributevalue (EAV) model, and ends with visual
assessments of an internally validated, userspecified, temporal model. Along the way,
users can see the effects of their design
choices through visual summaries at the individual and cohort level. This enables them
to better understand their data and to refine
and adjust settings for their analysis. It also
facilitates comparative assessments of model
stability, feature irreplaceability, and choice
of phenotype definition.
While the individual elements of TL-Lite
are well known, their integration into an
interactive clinical research tool is novel
and useful. In fact, possessing similarities
to standard tools and following established
guidelines serves to enhance familiarity and
increase ease of use. Here are two similarities. Like leading commercial and clinical research visualization tools, time is given a visual dimension, and the data is shown at the
level of the individual. And like these systems, users can navigate patient data across
views to provide high-level characterization
and to inspect low-level data elements.
Unlike these systems, a user can design a
forecasting model and assess its performance

in minutes. We are unaware of any single visual framework with individual-level and cohort visualizations, user-specified model construction, and forecasting assessments. The
closest systems in spirit are those embedded in commercial EHR systems, which have
been described in validation efforts (Bennett
et al., 2019). However, the degree of manual
implementation appears high, and the timeto-analysis of these systems appears slower
by orders of magnitude. In terms of time-toanalysis, the Green Button informatics consult service reports a turnaround time of 1
to 3 days. However, this system appears to
be split into separate tools connected via experienced personnel (Longhurst et al., 2014;
Schuler et al., 2018).
Contributions. We introduce Temporal Learning Lite (TL-Lite), an interactive
visualization tool for constructing temporal forecasting models from clinical entityattribute-value data. We motivate and describe design choices that integrate visualization and machine learning elements. We
demonstrate the tool with three use cases
based on two large private data sets and
a public subset.
A demo of the tool
is available at: https://www.andrew.cmu.
edu/user/jweiss2/viz.html, with credentials of login: demo, and password: omed.
Related work. The ecosystem of clinical
visualization and clinical machine learning
tools is rich and comprises too many to name,
so we will highlight selected works instead.
Please see the recent review which provides
a detailed discussion of this space (LevyFix et al., 2019). TL-Lite follows the line
of research into visualizations with time occupying a visual axis (Plaisant et al., 1996;
Shahar et al., 2003; Aigner and Miksch,
2006). Like CareVis, the cohort visualization leverages the concept of view coupling,
where multiple plots and tables react together synchronously (Aigner and Miksch,
2006). For clinical event selection, visual fea-
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ture selection augments list-based and regular expression-based selection and has been
explored previously (Krause et al., 2014).
TL-Lite is built using the R Shiny framework and leverages many of the tools in
the ecosystem (Chang et al., 2017). Similar
to Clairvoyance (Jarrett et al., 2020), TLLite is both temporal and end-to-end, with
the benefit of simplicity and interactive visualization during interaction with the user.
Guidelines meant to assist cohort specification and prognostic modeling are published
as checklists (Collins et al., 2015; Norgeot
et al., 2020), and they provide effective mental models and are referenced in TL-Lite.

2. Method
End users of the tool, e.g., health professionals and clinical researchers, will be familiar
with the underlying data elements. We want
them to use the tool without requiring detailed knowledge of the algorithms that organize, process, and model the data. With
this in mind, we follow several key concepts
in the TL-Lite design.
Time as a visual axis. Whereas many
machine learning models treat time as secondary to value by making time implicit,
the de facto framework of electronic health
record visualization is the timeline. In timelines, data elements of interest, e.g., values, intervals, sequences, are displayed across
time as a visual axis. Understanding how
raw data came to be substituted with processed values is critical when addressing stability, robustness, and applicability, to name
a few desiderata. Observing values over time
enables prediction lead time specifications,
measurement error identification, and may
uncover relationships between events that
may impact study relevance and measurement review.
Reactivity and completeness. Alert
fatigue, burnout, and technical debt are asso-

ciated with increased use of electronic health
records. We design TL-Lite to be responsive to minimize increased burden and worsening of the user experience. The inherent
tradeoff is that reactivity is possible for individual data and light computation, while
cohort data is complete and representative,
yet may be large and slow to process.
Transparency
of
representation.
While the data stream may be difficult to
consume in entirety, the ability to inspect
and “sanity-check” intermediate representations establishes trust. By building
visualization elements that enable exploration of these representations, the user
learns to rely on these elements as the
complexity of the modeling effort increases.
Checkpointing these representations and
using bookmarking to save user design
choices aids the conduct and sharing of
reproducible research.
Complementarity. The central goal of
TL-Lite is to facilitate well-specified and
well-crafted predictive forecasting, and the
visualization tool is meant to ease this process. At the same time, organizing the clinical data stream into meaningful visualizations can be aided by introducing machine
learning elements. There is a complementarity of these approaches, where leveraging the
benefits of one where another hits roadblocks
results in a better overall solution.
2.1. TL-Lite Overview
TL-Lite is an a R Shiny temporal data processing pipeline (Figure 1). It accepts delimited files which specify at minimum four
columns representing: (Patient ID, Time,
Event, Value) and which are ordered by
Patient ID and Time. The application displays data at the individual and cohort level,
and it allows custom processing of the patient timelines into matrices and other objects for temporal machine learning. It pro-
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Figure 1: TL-Lite pipeline. Each stage is interactive, enabling the user to make adjustments
in each stage. Versioning of intermediate computations is modular, and passing
versioned computations from panel to panel enables reuse and refinement.

vides an interface for building models and assessing those models with standard survival
performance measures. Intermediate computations can be saved and downloaded and
then reuploaded for later use. With training, users can build custom forecasting models to assess risk for any number of cohort,
outcome, and feature combinations.
The application is designed to be reactive
on local data and at the same time act as
an effective representation for the complete
cohort. To achieve this, the data is split into
three views: (1) the individual, (2) the inmemory cohort, and (3) the disk/database
(DB) cohort. Data for an individual are
displayed with time as a visual axis for familiarity and as an exemplar for the effects
on an individual when selection criteria are
applied. The in-memory cohort acts as a
representative subsample of the larger outof-memory cohort and is used to determine
the clinical event list and to compute statistical summaries and missingness. The
disk/DB cohort can be optionally integrated
into these summaries throughout the processing pipeline, and precision comes at the
expense of slower calculations. The usability
of TL-Lite relies on a presenting reactive visualizations to develop the desired pipeline,
which is then followed by a slower set of steps
once the pipeline has been determined.

2.2. Panels of TL-Lite
TL-Lite is split into four main panels for
(1) cohort extraction, (2) representation, (3)
modeling, and (4) assessment. It also has accessory panels containing guideline checklists
and fixed width and panel data conversion.
Cohort extraction panel. The initial
visualization displays individual-level data in
the form of a patient trajectory represented
by events indexed by a number (the event
index) across time (Figure 2). The user has
options to explore the data by switching patients, brushing the data points for inspection, selection, and zooming. Faceted value
plots show value changes across time. Cohort
definitions are crafted using option groups
for the temporal windowing, outcomes, features, inclusion and exclusion criteria, and
custom annotations. Temporal windowing
specifies the time window in a patient trajectory where a loss function is evaluated.
Outcomes and features define which clinical
events to maintain and which may be discarded from future analysis, as do exclusion
(if any) and inclusion (if any) criteria. Annotations provide a simple way to add events
of interest. For example, the outcome “Severe thrombocytopenia” can be the result of
an annotation measuring when the platelet
count is measured to be below 50×109 /L.
Another example is the definition of a marker
for 24 hours post ICU admission which can
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Figure 2: Cohort selection panel. A patient trajectory from the selected dataset is displayed with user-selected value plots. Highlighted events data are shown in the
table. Cohort refinements are applied to the patient graph reactively, and upon
versioning are applied to the in-memory (and optionally the disk/DB) cohort.
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Figure 3: Automated groupings of clinical events (middle right panel, y-axis) eases the process of drag-to-select feature selection. Sparse SVD applied to sparse adjacency
matrices based on temporal co-occurrences result in right singular vectors (mixture vectors) that are clustered with k-means.

be used as a lower window bound for analyses
that would like to discount outcomes occurring in the first 24 hours after admission.
Event selection can be a cumbersome task
at baseline, yet it is a key element in outcome
and feature specification, i.e., electronic phenotyping and covariate selection respectively.
The user would like to pull some subset from
the large number of distinct clinical event
types, and selecting from very long lists may
be prohibitively slow. We provide several alternatives: list selection, regular expression
selection, and brushed selection. Regular expression and brushed selection enable quick
assignment of features, while list selection is
effective in refining the subsequent selection
list.
Brushed selection is affected by the ordering of events because selection is lim-

ited to a contiguous interval along a visual
axis. Alphabetically-ordered features may be
meaningfully presorted if in their name they
contain a hierarchy, e.g. International Classification of Diseases 10 (ICD-10) and Logical Observation Identifiers Names and Codes
(LOINC) codes. However, the user may have
events not coded this way or may prefer
alternate groupings. To provide additional
event groups, we provide an auto-group feature which reactively identifies event clusters
(Figure 3) so that contiguous brushed selection selects like events. The clustering is on
EAV data, so a conversion to a feature matrix is necessary for standard clustering algorithms. This is accomplished by specifying
an event-event weighted adjacency matrix,
where the value of pairs corresponds to the
number of times the events co-occur in pa-
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tient ID and time. This could be a slow and
memory intensive process—quadratic in the
number of events and linear in the number of
event occurrences—so a sparse and approximate approach is chosen to maintain reactivity. Events are subsampled from the selected
individual and a subset of individuals in the
in-memory cohort, and a sparse weighted
adjacency matrix is constructed. A rank-d
sparse singular value decomposition (SVD)
is applied, and the right singular vectors are
interpreted as mixture components. Clustering using k-means identifies events with similar mixtures which correspond to similar cooccurrence profiles. The number of clusters
k is user-selected.
When the user is satisfied with the cohort selection criteria, they can version their
dataset. This instructs the server to compute the extraction for the cohort with options for application to the in-memory cohort only (faster) or to the disk/DB cohort as
well (slower). The versioned objected stores
the resulting EAV data as well as design parameters involved in its creation. The versioned object can then be selected for review
of the changes applied. Per-feature value
processing is available with z-normalization
and quantile transformations, and the original values are kept in an accessory column for
summary statistics processing later. Upon
completion of cohort extraction, the user
selects the representation panel and passes
the versioned “cohort” object for representational refinement.
Representation panel. Because the
extracted data remains in EAV format, a
transformation into subsets is necessary for
forecasting analyses.
The primary division comes through the definition of time
t = 0, where two representations are computed from EAV data: (1) a baseline representation for events timestamped prior to t =
0, and (2) a forecasting representation (including outcomes, time-varying covariates,

and windowing parameters) for those timestamped with t > 0. While the lower window bound from cohort selection is a natural
t = 0 definition, the user may select alternatives. The t > 0 representation is a set of
interval EAV data so that time-varying analyses have the necessary underlying data to
compute from. The representation of data
and imputation technique (if necessary) is
also selected.
Shown to the user are baseline (t ≤ 0)
summaries including event missingness profiles and summary statistics (exemplified in
Figure A.2. These are helpful in identifying
features that will require high levels of imputation or that possess values that are unexpected. Alongside baseline visualizations,
the forecasting representation is depicted in a
scope, where the interval determinations are
user-selected. In the “forecast” view, time is
shown in both the x- and y- axes, where the
x-axis indicates the time of prediction and
feature availability, and the y-axis indicates
the time of forecast, i.e. the time of outcomes and loss measurement. For example,
the time-invariant Cox model will be represented as a vertical line with x = t = 0
because only features at or before baseline
may be used in the forecast. In the “trajectory” view, the EAV data for an individual
are shown with the interval markers indicating which interval the data will be stored in.
When the user is satisfied, the version button
is clicked, and a versioned “representation”
object is created.
Modeling panel. With the “representation” in hand, the user can now specify the type of machine learning testing
framework, with options of “train only”,
“train/tune/test”, and “cross-validation”.
Selection of an option creates an object based
on the patient IDs stored in the representation object, with the user specifying sizing hyperparameters. The outcome type and
models are selected, and for now the options
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are time-to-event using glmnet Cox and Cox.
Hyperparameters for glmnet Cox are chosen by running the cv.glmnet function which
conducts inner cross-validation determining
level of shrinkage, which is separate from the
outer cross-validation user option. When the
user is satisfied, the validation and representation objects are passed to the selected
model routine, and a “modeling” object is
produced.

Assessment panel. We follow the TRIPOD guidelines that suggest assessment
measures of discrimination, calibration, and
feature association (Collins et al., 2015). The
user specifies evaluation on the train, tune or
test set, with the default being the tune set
so as not to over-analyze the test set. For
discrimination, we provide the concordance
measure with confidence intervals based on
bootstrap resampling of the data being evaluated. Three visual assessments are also
provided: forest plots, Kaplan-Meier risk
stratification plots (Kassambara et al., 2017),
and survival calibration plots. Examples are
given in Figure 4. The forest plot, which is
independent of assessment data, is displayed
per validation fold with a single point per feature given by the geometric mean. When the
number of strata and prediction times are entered, strata based on predicted survival are
created and assessed with the Kaplan Meier
group survival estimate. Note that, despite
using a Cox model that observes the proportional hazards assumption, survival probabilities must be computed using both the
model and a base hazard (we use the Breslow estimator per fold), and so across crossvalidation folds the probabilities and rankings are in fact time-dependent. When the
user is satisfied, the data and figures can be
downloaded for further analysis.

3. Experiments and Results
We demonstrate use of TL-Lite in two electronic health records from MIMIC III and in
one from the Marshfield Clinic Johnson et al.
(2016, 2019). MIMIC III has a public subset of 100 deceased individuals and serves as
data for the demo: https://www.andrew.
cmu.edu/user/jweiss2/viz.html, credentials u: demo, p: omed. We investigate the
following clinical problems: (1) predicting
severe thrombocytopenia during ICU stays
among patients with sepsis (meeting Sepsis3 criteria in MIMIC III); (2) predicting survival among patients admitted to the ICU
one day after admission (MIMIC III Public Demo); and (3) predicting microvascular complications of type 2 diabetes mellitus (T2DM) among patients with T2DM. We
provide details of the first case, and discuss
the second and third cases in Appendices A.1
and A.2.
Severe thrombocytopenia, or a platelet
level below 50 ×109 /L, can lead to excessive bleeding, and in some patients with this
level of platelet depletion or lower, transfusing platelets as a blood product can be
life saving. Compared to other blood products, the shelf-life of platelets is short (no
more than 5 days), so blood banks are interested in matching supplies of platelet products to anticipated demand. For example,
a model of time to severe thrombocytopenia
could be used in forecasting demand among
future sepsis populations. Given that predicting severe thrombocytopenia throughout
the course of an ICU stay is a challenging
task given only information prior to ICU admission, we do not expect high discriminative ability, due to the uncertain nature of
disease progression. Despite this, we may be
able to accurately assess level of risk through
risk stratification and calibration assessment,
since such estimates would be sufficient to
forecast demands for subsequent encounters.
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Table 1: Severe thrombocytopenia
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To address this scenario, we use TL-Lite
to construct a time-to-event model based on
pre-ICU data. In MIMIC III, the majority
of clinical data tied to the patient that are
time-stamped prior to entry into the ICU are
demographic or laboratory measurements, so
we choose to focus on these. We identify
patients matching Sepsis-3 criteria following
Johnson et al. (2018), process the tables to
EAV format, sort by Patient ID and Time,
and load into TL-Lite. We define time t = 0
as entry into the ICU and the upper window boundary as ICU discharge.
We select a z-normalized, per-feature representation with last observation carry forward imputation with mean imputation for numeric
measurement types never occurring. We apply 5-fold nested cross-validation.
The resulting model demonstrates moderate discriminative ability indicated by concordance levels of 0.689 (Table 1). The predictive model for risk stratification cleanly
separates risk groups (Figure 4), where the
highest and lowest quintiles by risk have
80% and 97% 10-day survivals (from severe
thrombocytopenia). Groupwise, the predictions are well calibrated. The high risk calibration group has a prediction tail, which
can be explored by the user by increasing the
number of calibration groups up to sample
size limitations (the Greenwood confidence
interval widths will also increase). Forest
plots and summary statistics are in Figures
A.1 and A.2.

−
−
−
−
−

2523

1786

1123

785

583

450

2522

1834

1235

902

712

571

2522

1808

1195

880

686

544

2522

1706

1150

862

673

547

2523

1570

994

692

531

413

0

60

120

180

240

Time

Kaplan Meier survival estimate

1.0

0.9

0.8

0.7

0.6
0.6

0.7

0.8

0.9

1.0

Predicted survival

Figure 4: Time (hours) to severe thrombocytopenia (<50×109 /L), legend:
predicted risk intervals. Calibration plot: predicted survival (xaxis) and Kaplan-Meier survival
estimates (y-axis).

4. Discussion
TL-Lite is a visualization and forecasting
tool to bridge the gap between clinical visualization and machine learning analysis. The
tool can assist those with clinical experience
in crafting cohorts to address their inquiries,
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and it can inform computational researchers
about clinical data and highlight the design
choices behind processed data formats. For
those with experience in both domains, TLLite provides ease of use when crafting data
sets, baselines for comparison, and visualizations in the cohort design process. We
foresee the primary use cases of TL-Lite as
twofold: (1) as a useful tool to address clinical equipoise at the point of care, and (2)
as an educational tool to bridge the gap between clinical domain experts and machine
learners.
As an aid to health professionals. We
anticipate in-house use of the tool, where
an IT/research team conducts an extraction
into EAV data and builds a pipeline for automated updating. Then, approved members
can access EAV data on intranet to conduct
internal analysis. This use case highlights
one of the advantages of TL-Lite, namely
that after the initial pipeline setup, end users
can be health care professionals, i.e., domain
experts, who may not have experience or
bandwidth to conduct extensive coding.
As an educational tool. For use as an
educational tool, we provide integration with
the MIMIC III Public Demo and a panel for
converting fixed-width and panel data into
EAV form. We will continue to host a demo
version, which runs on a cloud micro instance
with 1 CPU core and 2 GB memory, and will
take requests to host instances with higher
and adaptive computational needs. This will
aid machine learning for health researchers,
who benefit from being able to visualize and
interact with electronic health records data
to understand their complexity.
On privacy. As with any analysis of
health data, privacy is a concern. While credentialing is a service provided in TL-Lite,
additional steps should be in place to protect the data. First, the primary intended
use case is for intranet deployment, similar
to that of many electronic health records.

Because of TL-Lite’s download functionality, either users must not have access from
personal devices (intranet use case) or the
data must be deemed fully de-identified (educational use case), or both. One possibility is to only allow viewership and download of the in-memory cohort, which is determined to meet de-identification standards
and that satisfies access controls, e.g., is in a
provider’s or care unit’s active patient set.
Then, versioning actions could be applied
to the disk/DB cohort, with only aggregate
statistics presented. This approach could be
paired with additional security measures and
differentially private algorithms.
On simplicity versus flexibility. For
any analytic tool or software, there is a
simplicity-flexibility tradeoff. For maximum
flexibility, one could omit the entire TL-Lite
interface. For users with needs in this direction, TL-Lite provides downloadable extracts at each step, which can be loaded externally for further analysis. This flexibility
comes at the cost of not providing or slowly
constructing visual aids that are helpful in
the analytic process. Alternatively, being restricted to the user interface limits the analytic design choices to those implemented
into the system, but does allow for reactive
analysis. The tension of flexibility and security (as above) will likely split the health
professional aid use case into two; one targeting a research environment with greater
control, e.g., user-defined code options for
expert coders and research teams, and one
targeting clinical experts who seek efficient
simplicity. In either case, providing additional documentation, tutorials, and demonstrations will increase TL-Lite’s ease of use.
Limitations and future work. There
are limitations to TL-Lite. Users who possess datasets with column name mismatches
will need to undertake an extensive annotation effort beyond the intended use of this
tool. Meta-learning is not integrated. Anal-
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demo (version 1.4).
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caveat that they may not generalize to outFeng, Mohammad Ghassemi, Benjamin
of-sample distributions. Adapting to data
Moody, Peter Szolovits, Leo Anthony Celi,
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and Roger G Mark. MIMIC-III, a freely
and making improvements to TL-Lite panels
accessible critical care database. Scientific
are future work (Appendix A.3).
data, 3(1):1–9, 2016.
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Appendix A. Additional Studies
The main paper describes results from the
MIMIC III Sepsis-3 cohort in full. The forest
plot from the main analysis is provided (Figure A.1). Summary statistics for the cohort
characterize these individuals (Figure A.2).
In the process of designing a study for
a large cohort, it can be beneficial to map
out the process using a subset of the data.
TL-Lite facilitates this using reactive interactions with the in-memory cohort which
serves as a representative sample of the
disk/DB cohort. Here we present statistics
that are generated in less than a second (as
opposed to seconds to minutes). The advantage of the representative sample approach is
that we can compare design choices quickly.
For example, the choice of time t=0 is central
to survival models, and the resulting data set
may be substantially different based on this
choice. As an illustration, if we select entry
and exit to the critical care unit as two t=0
times, the summary statistics and missingness change substantially (Figures A.3 and
A.4). Similarly, a comparison of Figures A.2
and A.3 (left) shows the representativeness
of the in-memory cohort with respect to the
statistics of the disk/DB cohort.
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Figure A.2: MIMIC III Sepsis-3 cohort
statistics as reported in TL-Lite

Figure A.1: Thrombocytopenia forest plot
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Figure A.3: MIMIC III Sepsis-3 in-memory cohort, pre-ICU (left) and post-ICU (right)
summary statistics
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Figure A.4: MIMIC III Sepsis-3 in-memory
cohort, pre-ICU (left) and
post-ICU (right) missingness
statistics, ordered by degree of
missingness
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In Subsections A.1 and A.2, we show the
analysis of multiple additional clinical trajectory datasets to demonstrate the flexibility
of TL-Lite in analyzing data with different
characteristics and scales.
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To facilitate access to rich clinical data with
fewer barriers, Physionet.org provides data
for 100 deceased individuals in the MIMIC
III Public Demo. We build a mortality survival model based on demographics and laboratory results up to the first day after admission to the ICU. Note that inferences from
this dataset may be limited due to the knowledge that all patients have passed, which
may bias the survival analysis, and due to the
limited data size. Despite this, the dataset
is effective for visualizing critical care data,
and provides an interactive experience particularly useful for those not interacting with
electronic health records on a daily basis.
Risk strata and calibration profiles illustrate the limitations of small sample sizes
and the difficulty of this forecasting problem: even with two risk strata, the Kaplan Meier group survival confidence bands
are overlapping in both plots (Figure A.5).
Given these results, interpretations of the
forest plot should be considered with caution
or withheld entirely.
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Figure A.5: MIMIC III Public Demo: survival time (years) by risk group,
calibration, and hazard ratio
forest plot.

412

TL-Lite: Temporal Visualization and Learning for Clinical Forecasting

A.2. Marshfield Clinic: Complications
of Type 2 Diabetes
Marshfield Clinic has a long-standing electronic health record of members in the
United States Midwest Region with data
from 1960 to the present. We selected a subpopulation diagnosed with type 2 diabetes
mellitus to forecast time-to-complication
during the period 2007-2017. The health
records contain outpatient encounters, diagnoses, laboratory tests, procedures, demographics and medications. We tracked members with new onset T2DM (as determined
by an electronic phenotype of ICD code for
diabetes, a hemoglobin A1c exceeding 6.4,
or an outpatient non-fasting glucose measurement exceeding 200) through this period,
with early censorship at the time of last encounter if no encounters were recorded over
in 30 months (2.5 years). Outcomes of interest were the first of any microvascular complication including neuropathy (neurologic),
retinopathy (ophthalmic), and nephropathy
(renal). The motivation is that high risk
individuals could be selected for additional
elective screening in a public health or wellness program.
Summary statistics describe a characteristic demographic of a Midwest population
with elevated hemoglobin A1c levels (Figure
A.6). Results indicate the ability to stratify risk and show well calibrated predictions
groupwise (Figure A.7). The risk burden is
substantial: roughly one third of the highest quintile will experience a complication
over 10 years, and even one fifth of the low
risk quintile will as well. The forest plot in Figure A.6: Marshfield Clinic summary
Figure A.8 suggests that for many individstatistics at onset of type 2
uals the disease has already manifested itdiabetes
self in the form of diagnosis codes indicating
diabetes with extra manifestation, but not
to the point of using the codes specifically
for the downstream microvascular complica- variation in coding as opposed to progression
tions. The degree to which this represents of disease warrants further study.
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Figure A.7: Marshfield Clinic:
survival
time from T2DM complications
(years), calibration by risk Figure A.8: Marshfield Clinic: hazard ratio
group
forest plot
1

A.3. Additional Future Work
We maintain a list of requested improvements to the elements of each panel, which
includes use of cohort matching and weighting schemes (case-control analysis, inverse
weighting, etc.), additional machine learning models, imputation methods, model refinement capabilities, assessment techniques,
and event name cleaning tools. The challenge is to maintain low levels of technical

3
Hazard ratio

5

debt for simplicity and longevity while providing a sophisticated, interactive forecasting tool. Finally, expansion of the EAV to
allow for richer value representation, e.g., intervals, free text, images, and graphs, would
enable exploration of other data types while
maintaining time as a primary element in the
analysis.
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