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The theory and computational tools developed to interpret and
explore energy landscapes in molecular science are applied to
the landscapes defined by local minima for neural networks.
These machine learning landscapes correspond to fits of
training data, where the inputs are vital signs and laboratory
measurements for a database of patients, and the objective is
to predict a clinical outcome. In this contribution, we test the
predictions obtained by fitting to single measurements, and
then to combinations of between 2 and 10 different patient
medical data items. The effect of including measurements over
different time intervals from the 48h period in question is
analysed, and the most recent values are found to be the
most important. We also compare results obtained for neural
networks as a function of the number of hidden nodes, and for
different values of a regularization parameter. The predictions
are compared with an alternative convex fitting function, and a
strong correlation is observed. The dependence of these results
on the patients randomly selected for training and testing
decreases systematically with the size of the database available.
The machine learning landscapes defined by neural network
fits in this investigation have single-funnel character, which
probably explains why it is relatively straightforward to obtain
the global minimum solution, or a fit that behaves similarly to
this optimal parameterization.

1. Introduction

There is an increasing need in the hospital setting for methods
to predict the mortality risk and decompensation likelihood of
patients [1]. Early identification of patient deterioration can assist
provider organizations to properly manage and treat patients
in a timely manner, to improve outcomes and allocate limited
operational and financial resources efficiently [2,3]. With the rise
in prevalence of electronic health records (EHRs) for clinical
practice (over 75% of USA hospitals have a basic EHR system [4],
while approximately 92% of UK hospitals use some form of
EHR [5]) comes the opportunity to obtain clinically relevant
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patient data, such as vital signs and laboratory results, for patient instability forecasting-based decision
support [6]. Additionally, with EHRs, patient health information is all centralized in one place, increasing
ease of analysis with computational tools.

In this study, our aim is to predict the likelihood of mortality for critical care patients using approaches
and analyses that build on the theory of potential energy landscapes in molecular science. Patient records
were obtained from the Multiparameter Intelligent Monitoring in Intensive Care (MIMIC) III clinical
database, which is a comprehensive dataset that contains clinical information of patients admitted to
intensive care units [7]. Previous studies spanning epidemiology, clinical decision rules development,
and electronic patient monitoring [8] have employed this database to investigate a broad range of
areas in addition to mortality forecasting, including sepsis [9-11], acute pancreatitis [12] and extubation
failure (the inability to sustain spontaneous breathing after removal of an artificial airway) [13]. Prior
work on mortality prediction largely involves the use of clinical decision support systems (CDSSs),
which are information systems created for the purpose of improving clinical decision-making [14].
While CDSSs have great potential to transform clinical care, there are some implementation and design
issues for present systems [15]. Most current prediction models are based on a synthesis of patient-
specific information and physiological parameters [16]. This formulation means that the models make
the assumption that risk factors are independent of one another, which makes the patient mortality
prediction less sensitive, and therefore less accurate. Among the most popular CDSSs are the modified
early warning score (MEWS), the sequential organ failure assessment (SOFA) and the simplified acute
physiology score (SAPS II), which have only moderate accuracy, and have not proved to be especially
beneficial for clinical use [2,17].

Our approach in the present contribution is to apply the conceptual and computational tools of
potential energy landscape theory to the landscape defined by neural network fits to patient data for
prediction of mortality. For molecules and condensed matter, the underlying potential energy surface
in a specific electronic state encodes its dynamics, thermodynamics and structure. The lowest energy
structure is the global minimum of the potential energy surface. Location of this global minimum can
often be accomplished efficiently using global optimization techniques. In this study, likely candidates
for global minima of neural network fits are located using basin-hopping global optimization [18-20].

For the neural network fitting, the cost function that is minimized is derived from the difference
between the predicted and actual patient outcomes. Generally in the case of non-convex cost functions,
there will be multiple local minima [21], and we can employ all the potential energy landscape
methodologies to investigate emergent properties of the resulting machine learning landscape. Here,
we illustrate how some of these tools from the potential energy landscape framework can be applied to
analyse machine learning landscapes defined by a cost function involved in fitting to training data. Our
aim is to showcase how energy landscape approaches can be applied to time series of medical data, and
offer new perspectives for future research that may lead to improved predictive methods.

2. Machine learning fits and predictions

The first fitting functions considered were three-layer neural networks (figure 1) containing input, output
and hidden nodes [22]. We employed a single hidden layer in this initial survey in view of successful
previous applications [23], and a bias was added to the sum of weights used in the activation function
for each hidden node, wP", and each output node, w}’o [22]. The inputs correspond to patient data for a
selected set of vital signs and laboratory measurements, including values from one or more of the 48h
time windows. We, therefore, consider a variable number of inputs, Nj,, for each patient, data point «,
represented as x* = {x{, ..., x}"\,in}, with the complete input dataset written as X = (x},..., xNaawy,

There are Noyut =2 outputs, 0 and 1, corresponding to death in hospital and survival, which are
calculated as

Nhidden Nin
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for each patient dataset x and network parameters wf]l) between hidden node j and output i, and w](?

between input k and hidden node j, and bias weights w" and wz?".
To reduce the effect of outliers, the two outputs were transformed into softmax probabilities as
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Figure 1. A three-layer neural network with four inputs, five hidden nodes and two outputs. The training variables are the link weights,

(2) (1) f ; bh b
W and W; , and the bias weights, w; andw}”.

To train each network, we minimize the cost (objective) function, ENN(W; X), with respect to the
5].1), w(.,%), wPh and w?", written collectively as a vector of weights W. Basin-hopping global
optimization was used [18-20] to search for the global minimum, and all the distinct minima obtained
during these searches were saved for later comparison. In this approach, we take steps between local
minima of the cost function, accepting or rejecting moves according to a simple Metropolis criterion [24]
based upon the change in cost function, scaled by a parameter that plays the role of temperature.
Downhill moves are always accepted, and the probability of accepting an uphill move depends on the
fictitious temperature [18-20]. For the machine learning landscapes considered in the present work,
locating the global minimum is straightforward, and the choice of basin-hopping parameters is not
critical. A customized L-BFGS optimization routine was employed for local minimization, based on
the limited memory version [25,26] of the quasi-Newton Broyden [27], Fletcher [28], Goldfarb [29],
Shanno [30], BEGS procedure. Analytic first and second derivatives (including the regularization terms
defined below) were programmed for both EQW;X) and ENN(W; X) in the public domain GM N and
OPTI Mcodes for exploration of the corresponding machine learning landscapes. Some further details are
provided in §3, and a review of the energy landscape perspective in the context of machine learning has
recently appeared [31].
For each patient, «, we know the actual outcome c(a) =0 or 1, and the cost function was written as

variables w

Ndata
1
ENN(W; X) = — N D Inpi(WiX) + 2W?, (2.3)
ata a=1

which includes an L? regularization term weighted by a specified coefficient A > 0. This term is designed
to reduce overfitting, biasing against large values for individual variables. It also changes the zero
eigenvalue, which would otherwise result from a uniform shift in all the w}’o, to 2.

The quality of predictions obtained from fits corresponding to local minima of ENN(W; Xipain) is
judged from the corresponding values of ENN(W; Xtest), and especially from the area under the curve
(AUC) values calculated from the probabilities p?IN(W; Xtest)-

We have compared selected neural network results with those obtained from a quadratic function of
the inputs, which is a convex function:

Nin Nin
. 1), 2),
y?:w(o)(z)—{— E w,(()(z)xk-i- E w,(q-)(l)xkxj, (2.4)
k=1 k=1,j=k
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Table 1. The 33 distinct types of vital sign and laboratory measurements contained in the MIMIC Il database. In each case, the n
abbreviation is listed together with the number of patients, in increasing order.

data description no. patients
HCT haematocrit 46
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which has Nout(1 + Nin(Nin + 3)/2) variables that we again write collectively as W. Probabilities were
defined as
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Table 2. AUC values for test set predictions of patient outcome using one vital sign or laboratory data item and neural network fits for -
3,4, 5 and 6 hidden nodes. These are the results for the highest AUC values for testing, sorted for 6 hidden nodes. Fitting and testing

were performed for data obtained in each hour, ranging from the last (index 1) to the first (index 48), for three consecutive hours 1-3, 2—
4,...,46-48, (again counting backwards in time, so that hour 1is the last entry, i.e. the most recent), and for hours 1-2, 1-4,1-6, 1-8,
1-10, 1-12 and 1-24. For the longest range 1-24, the network with 6 hidden nodes was not considered. In each case, the regularization
parameter A was fixed at 10=>. The maximum AUC values are italicized.

hidden nodes

data items i i i i \train st
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Table 3. AUC values for test set predictions of patient outcome using two vital sign or laboratory data items and neural network fits for n
3,5and 7 hidden nodes. A total of 231 different combinations of three data items were considered; these are the results for the highest

AUC values, sorted on the AUC values for 7 hidden nodes. Results were obtained for time ranges of 1and 1-2, 1-3, 1-6 and 1-12 h using
A =10, and the highest AUC value is reported in each case, together with the corresponding time range. The maximum AUC values
obtained are highlighted in italics for each choice of hidden nodes.

hidden nodes

R A R train
data items Nata

urine INR 1-12 0.708 1-6 0.701 1-3 0.700 8348 8348
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Table 3. (Continued.)

hidden nodes
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3. Machine learning and energy landscapes

In several recent contributions, we have shown how the energy landscape framework developed
for molecular and condensed matter can be applied to cost functions that support multiple minima
(non-convex functions) in machine learning [32,33]. Further discussion can be found in an overview
article [31], which attempts to draw together various research strands that may be related using the ideas
and computational tools of energy landscape theory [34].

Details of the methods employed to explore the machine learning landscape can be found in earlier
work; these techniques are well established for applications to atomistic (and coarse-grained model)
systems, and here we simply summarize the present calculations. To identify the global minimum for
the neural network fits, we employed basin-hopping [18-20] as implemented in the GM N program [35],
with a modified L-BFGS minimization algorithm [25] (limited memory quasi-Newton Broyden [36],
Fletcher [37], Goldfarb [38], Shanno [39] approach). The convergence condition for each minimization
was a root mean square gradient below 107 reduced units, with tighter convergence of 1071 for
the distinct minima at the end of each run. This threshold is sufficiently tight to distinguish different
local minima by simply comparing the cost function value. Finding the global minimum for these
machine learning landscapes is generally straightforward, and so a large fixed step size and temperature
parameter in the accept/reject step were employed to obtain a survey of local minima. Relatively short
runs of 1000 basin-hopping steps were used in each case, guided by tests in previous work [32,33]. The
present results surveyed a wide range of input data and alternative fits, requiring nearly 40 000 basin-
hopping global optimization runs for the neural network fits, and over 10000 local minimizations for
the convex quadratic function. These tests correspond to different combinations of patient data items,
different regularization parameters A, different time windows for the patient data, and hidden layers
with alternative numbers of hidden nodes.

Knowledge of local minima is sufficient to gauge the predictive power of different fitting functions,
but it does not define a landscape. To achieve this more detailed level of description, we must understand
how the local minima are connected by transition states (saddle points of index one [40]). This analysis
was performed for selected test cases, one of which is reported in more detail below. The results are
not only of fundamental interest for comparison with molecular landscapes but also provide insight
into the location of different minima by local minimization, and the efficiency of global optimization.
All the transition state searches used the doubly-nudged [41,42] elastic band [43,44] approach to
identify candidates for accurate refinement with hybrid eigenvector-following [45,46]. We employed the
OPTI M[47] program to characterize transition states and pathways, and the PATHSAMPLE [48] program
to organize the overall exploration of each connected landscape.

The ability to visualize the landscape has played a key role in identifying molecular and condensed
matter systems with the ability to self-organize, and distinguishing them from glass-formers [34]. Here,
we employ disconnectivity graphs [49,50], where efficient relaxation to the global minimum is associated
with single-funnel landscapes [34]. Most of the machine learning landscapes we have investigated so far
seem to fall into this category [32,33], and a further example is presented in §5. Once again, the machine
learning landscapes we have characterized in the present investigation appear to be funnelled, which
explains why global optimization, or locating low-lying minima of the cost function, is relatively easy.
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Table 4. AUC values for test set predictions of patient outcome using three vital sign or laboratory data items. A total of 1540 different
combinations of three data items were considered; these are the results for the highest AUC values, sorted on the neural network AUC
values. For the quadratic fitting function, results were obtained for time ranges of 1and 1-2, 1-3, 1-6 and 1-12 h. For the neural network
fits, we considered time ranges of 1and 1-2 with 3 and 5 hidden nodes (Ny,). The highest AUC values obtained for the test data amongst
all the local minima obtained in training are reported in each case for A = 10 and the time range and number of hidden nodes they
correspond to. The maximum AUC values obtained for any combination are highlighted in italics for each fitting function.
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Table 4. (Continued.)

neural network fit quadratic fit
data items time time Ngein
PaC0, GCS FiO, 1-2 3 0.827 1 0.839 413 413
HC03GC R e o R R e e =
HC03G( o [ o e o D Ly o
Pa0,GCSFO, T 3 083 1T 0848 mo 13

4. Input data

In total, 53211 patient records were employed from the MIMIC III clinical database [51], which consists
of anonymized data for patients at the Beth Israel Deaconess Medical Center (BIDMC) in Boston.
The Institutional Review Boards of BIDMC and the Massachusetts Institute of Technology waived the
requirement for individual patient consent, as our study does not impact clinical care and all data were
deidentified.

Each record analysed from MIMIC III contains a collection of up to 33 different clinical measurements,
including vital signs, for a 48 h period of hospitalization. For each patient, there is also a record of two
possible outcomes, namely death in hospital and early discharge. In this study, we aimed to predict
death in hospital, corresponding to 3879 patients. Of these records, 458 were removed, since the recorded
outcomes were contradictory, with early discharge also reported. Vital sign and laboratory measurements
without times were removed (1.6% and 1.2%, respectively). The number of patients with records of each
type and the abbreviations employed are summarized in table 1.

To treat data obtained at irregular time intervals, the measurements were averaged over the 48
time windows corresponding to consecutive hours, ordered backwards in time from the most recent
results (index 1). Empty entries were set to the earliest non-zero average available. For each data
type, an average value was calculated over all patients for every time range considered, and the
inputs were scaled to shift the mean to unity in each case. This ‘feature scaling” puts the inputs into
a standardized range and the local minimizations that are run in the subsequent fitting exhibit better
convergence properties.

Training and testing were performed by randomly dividing the patients into two disjoint sets of equal
size (with one more entry for testing when the total number of patients was odd). For each local minimum
a of ENN(W,; X'y or EQ(W,,; X3i0), the quality of the predictions was judged from the area under
the receiver operating characteristic (ROC) curve obtained with the testing data as ENN(W,; X' or
EQ(Wa ;XY The ROC curve is a plot of the true positive rate, Tpr, against the false positive rate, Fyr, as
a function of the threshold probability, P, for making a certain classification. P is the threshold at which
the output probability pIO\IN (W;X) or p5(W; X) is considered large enough to predict that outcome 0 (death
in hospital) will occur. Hence,

Ndata .
>0 5 ,0© (pp ™ (W; X) — P)

N lata
221" 8e(d),0

Ndata NN
1-34 ® W,. X)—P
and For(W; X; P) = 241 ( ;(d),o) (PN (W; X) )/

221" (1= 8cap,0)

Tpr W;X;P) =

(4.1)

where © is the Heaviside step function, § is the Kronecker delta and c(d) is the outcome (class label, 0 or
1) for patient d. The area under the curve is obtained by numerical integration of

1
AUC(W; X) =J Tor(W; X; P) dFpr(W; X; P). 4.2)
0

The AUC value is interpreted as the probability that the prediction will discriminate correctly between
two patients chosen at random from the sets with different outcomes. AUC values between 0.7 and 0.8,
0.8 and 0.9, and 0.9 and 1 are often described as fair, good and excellent, respectively.
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Table 5. AUC values for test set predictions of patient outcome using four vital sign or laboratory data items. A total of 1001 different
combinations of four data items were considered; these are the results for the highest AUC values, sorted on the neural network AUC
values for A = 107, Results were obtained for two A values, time ranges of 1and 1-2, and 3, 5 and 7 hidden nodes (V) for the neural
network fits. The highest AUCvalues for the test data among all the local minima obtained in training are reported in each case, along with
the time range and number of hidden nodes they correspond to. The maximum AUC values obtained for any combination are highlighted
in italics for each fitting function and A value.

neural network fit quadratic fit

A=10""° = A=107°

data items time N, time  AUC Ny st
RRINR HC03 GCS

(Continued.)
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Table 5. (Continued.)

neural network fit quadratic fit

A=10""

q q train
data items time Niata

platelets GCS BUN ASBP 5 0.834 5 0.833 0.765 0.765 8808 8808
urine PaC0, GCS BUN 1 5 0834 1 5 0834 1 0.830 1 0.830 5882 5883
INR GCS BUN ASBP 1 5 0834 1 7 0834 1 0779 1 0.778 8057 8058

5. Results

An extensive set of tests was first run for the 33 individual medical data items (referred to as
measurements below) using neural network fits over various time ranges, with 3, 4, 5 and 6 hidden nodes
and A =1072. In total, 13299 global optimization runs were performed for these combinations. Table 2
summarizes the time interval corresponding to the maximum AUC achieved in testing for each of the
hidden node values. This survey revealed that changing the number of hidden nodes did not have much
effect. The results where the highest AUC values approaching 0.7 are achieved generally correspond to
readings taken near the end of the 48 h period. The effect of varying the time interval was investigated
systematically for combinations of input data where better AUC values are achieved, as discussed below.
Hence, further details of the results for single data types are omitted for brevity. The main purpose of
this initial survey was to guide the selection of input data for improved predictions.

Of the 33 different vital sign and laboratory measurements, 22 were considered in the next phase
of calculations, where all 231 combinations of two distinct measurements were used as input data.
This subset was selected based on the performance of the individual inputs and the number of data
records available. Neural networks with 3, 5 and 7 hidden nodes were considered for time windows
corresponding to the last hour (index 1) and the last two, three, six and twelve hours (ranges 1-2, 1-
3, 1-6 and 1-12). A total of 3465 basin-hopping global optimization runs were therefore performed, all
for A =1075. The maximum AUC values observed for any time window with each of the three hidden
layers are collected in table 3 for the best pairs of input data, together with the number of patients in
the training and test sets. The best AUC values increase from 0.7 to 0.8 when two measurements are
considered in the fits, and again there is little dependence on the number of hidden nodes. There is no
significant advantage in using memory of measurements taken before the final data collection in the last
hour.

All three possible combinations were then considered for the same 22 measurements as for the doublet
combinations, with time intervals 1 and 1-2 and hidden layers of 3 and 5 nodes. These 1540 triplet
combinations therefore required 6160 global optimization runs. In this case, the results were compared
with the quadratic fitting function defined in equation (2.4), for time ranges 1-2, 1-3, 1-6 and 1-12, with
2 =1073. The results for the best combinations, sorted on the neural net values, and the time interval
and number of hidden nodes they were achieved for, are collected in table 4. We see that using three
data types raises the best AUC values to around 0.85, which is clearly a worthwhile improvement. The
correlation between the best neural network and quadratic fit predictions is analysed further below.

The number of distinct measurements was further reduced to 14 for calculations involving all possible
quartet combinations. For the 1001 quartets, we considered time ranges 1 and 1-2h, with 3, 5 and 7
hidden nodes for the neural net fits, requiring 6006 global optimization runs. In this case, we compared
the quadratic fits for the same time ranges, along with regularization parameters of A = 107° and 10°
(table 5). The results show that the maximum AUC values do not improve significantly from the best
triplet combinations in table 4, and that there is no significant difference for the two values of the
regularization parameter.
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Table 6. AUC values for test set predictions of patient outcome using 5 to 10 vital sign or laboratory data items. A total of 45 different
combinations of data items were considered; these are the results for the highest AUC values, sorted on the neural network AUC values.
For the quadratic fitting function, results were obtained for time ranges of 1and 1-2, 1-3, 1-6, 1-7, 1-8, 1-9,1-10, 1-11 and 1-12 h. For
the neural network fits, we considered time ranges of 1and 1-2 with 3, 5,7, 9 and 11 hidden nodes (). The highest AUC values obtained
for the test data among all the local minima obtained in training are reported in each case for . = 10~ and the time range and number
of hidden nodes they correspond to. The maximum AUC values obtained for any combination are highlighted in italics for each fitting

function. In each case, NI = Nar or N2 + 1; the highest AUC values obtained for each fitting function are highlighted in italics.

neural network fit quadratic fit

. . . it i
data items time time Nisa

(Continued.)
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Table 6. (Continued.)

neural network fit quadratic fit

data items time time Ngn

urine GCS BUN ASBP HR 1 5 0.836 1 0.833 5444
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To further test whether extended combinations of clinical and laboratory measurements might lead
to improved predictions, a variety of additional inputs were considered, including up to 10 different
measurements. Here, we again compared the neural network and quadratic fits, this time for 1 = 10-°.
Results for 41 of these combinations are collected in table 6. Hidden layers of 3, 5, 7, 9 and 11 nodes were
used for the neural networks, with time ranges of 1 and 1-2. The quadratic fits were run for time ranges
1,1-2,1-3,...,1-12. The combination of extra measurements does not improve predictions significantly
over the best quartets, which can be combined with most of the other data types to produce quintets that
produce comparable predictions. The extra computational expense involved in adding more inputs, and
fitting more parameters for longer time intervals and more hidden nodes, does not result in significant
improvements.

To provide some idea of the likely systematic error involved in these calculations, the runs were
repeated for all the multiplet combinations reported in table 6 with 3 hidden nodes for the neural
networks and measurements corresponding to the final hour (index 1). The patient data for training
and testing were randomized differently for each repeat, and the mean and standard deviation of
the AUC values obtained in testing were calculated for five (neural networks) or 10 (quadratic fits)
independent choices. These results are collected in table 7. The standard deviation generally decreases
for combinations with more patients, whether the predictions are good or not. For the best AUC values,
the standard deviation is usually reassuringly small. Larger AUC values can sometimes be obtained for
smaller datasets, but these are due to larger fluctuations for the smaller number of patients. In choosing
the optimal combinations of patient data for predictions, we should be guided by results where the
population that contributes to the measurements is as large as possible.

Another check on the results is provided by the consistency of the predictions obtained from the
neural network and quadratic fitting functions. To quantify this consistency the correlation coefficients
for least-squares regression between the highest AUC values obtained in testing for the alternative fits
were calculated for all four cases where common input data were considered. The resulting correlation
coefficients are 0.86 for the multiplets (table 6 and figure 2a), 0.88 for the quartets with » =1075, (table 5
and figure 2b), 0.85 for quartets with A = 107°, (table 5 and figure 2c) and 0.85 for the triplet combinations
(table 4 and figure 2d). Here, the largest AUC value obtained in testing for any time window and
number of hidden nodes (for the neural nets) was used. The quality of the predictions obtained from
these alternative fitting functions exhibits quite a strong correlation. However, for the combinations of
three and four different measurements, we note that there is a group of points where the best neural net
prediction appears to be significantly better than the best quadratic fit result. This observation will be
analysed in future work.

For one of the best combinations of input data, namely the HCO3, GCS, BUN, ASBP measurements,
some further analysis of the landscape was conducted. To test the effect of using measurements
from different time intervals, we employed the quadratic fitting function with 1 = 1075. Training was
performed for measurements corresponding to all 48h, separately, the 46 possible blocks of three
consecutive hours, and for all the measurements in the intervals 1-2, 1-3, 1-4, . . ., up to 1-22. The results
are shown in figure 3. Here, we clearly see that it is the most recent measurements that produce the
most accurate predictions in testing, and that there appears to be little or no advantage in considering
earlier data.

A disconnectivity graph for the HCO3, GCS, BUN, ASBP combination was constructed for a neural
network containing 5 hidden nodes using the measurements from the final hour, with A =107°. The
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Table 7. Mean and standard deviation of the AUC values for test set predictions of patient outcome using 4 to 10 vital sign or laboratory
data items. A total of 45 different combinations of data items were considered for the last time interval (index 1above) and 3 hidden
nodes for the neural network fits, with A = 105 The statistics were obtained for five and 10 random training and testing selections for
the neural network and quadratic fits, respectively.

neural network fit quadratic fit

data items patients

urine HCO; GCS ASBP RR 0.617 0.081 0.669 0.081 162
e p e pH H(03 R T T IR— b o T T i
e p S pH HC03 AP BN N o o s s o s
o H(OgG(S o 02 ........................................................ o e o e i
e HCO3R T (02 ....................................... s o e T i
e H(03R B BN TEE P COZSpOZ ............................ o T o T i
o HCO3R B BUN eV P COZSpOZ T s s e el i
urine platelets RRpHHCO; GCSASBP 0728 003 078 00m ey
e p o pH H(03 TR o o e e s

(Continued.)
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Table 7. (Continued.)

data items

urine platelets RR pH PaC0,

quadratic fit

patients
1762

neural network fit

0.689 0.006 0.681
0732 0.008 0.729
0.690 0.010 0.673
0.798 0.010 0.790
0.657 0.018 0.649
0.665 0.012 0.639
0.669 0.013 0.658
0.655 0.005 0.638

. ®) 0.9 .
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Figure 2. Plots of AUC values obtained in testing for neural networks (NNs) (vertical axis) against quadratic (Q) fits (horizontal axis) with
different combinations of patient measurements. (a) Multiplets (five or more vital sign or laboratory data items) A = 10, (b) Four data
items, A = 10~°. (c) Four data items, A = 10~5. (d) Three data items, A = 10—, The maximum AUC testing value for any time interval
and any number of hidden nodes (neural net fits) is used for each combination of measurements. The best fit straight line is plotted in

each case.

organization that results corresponds to a single-funnel landscape, as shown in figure 4. This structure
means that local minima are connected to the global minimum by pathways with relatively low downhill
barriers. There is no competing low-lying minimum separated from the global minimum by a high
barrier, which would constitute a secondary funnel, corresponding to a kinetic trap for a molecular
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Figure 3. Plots of AUC values obtained in testing for the quadratic fitting function with four measurements (HC0s, GCS, BUN and ASBP)
over different time windows. The three plots are for fits based upon each of the 48 h, blocks of three consecutive hours and a variable
range from the last measurement including all hours backwards in time, i.e. 1,1-2, 1-3, etc., up to 1-22. The training and testing sets
included 3770 and 3771 patients, respectively, randomly reordered.

system. We identify this as an unfrustrated landscape [34,52-54], associated with efficient relaxation
to the global minimum. Locating the global minimum using methods such as basin-hopping [18-20]
is therefore straightforward. In a molecular system, this organization would also suggest that the low-
lying minima are structurally similar. For the machine learning landscape, the funnelled character and
lack of frustration suggests the absence of alternative fits with similarly high predictive quality, but a
qualitatively different pattern of weights in the parameter space. This analysis is consistent with previous
results involving machine learning classification of outcomes for geometry optimization in a simple
molecular system [32]. A more detailed understanding of how the observed structure arises could be
very insightful, and clearly merits further investigation. Such efforts are in progress, and will build upon
analogues of thermodynamic and kinetic properties. For example, a theoretical framework to assign heat
capacity features to local minima has recently been applied to both molecular and machine learning
landscapes [55].

6. Conclusion

In this contribution, we have applied conceptual and computational tools from the potential energy
landscapes framework to analyse machine learning landscapes defined by a cost function involved in
fitting to training data. This approach has been used to predict patient outcomes using the MIMIC III
clinical database [51]. We have compared results for neural networks with a range of different hidden
nodes, as well as alternative regularization parameters. The predictive performance has been tested for
various vital sign and laboratory measurements, including combinations of up to 10 different data types.
We have also analysed how the predictions are affected when data from different time windows over the
48h of collection are used for training and testing. Here, we find that the most recent measurements
are generally the most useful, and including older data can degrade the results. Neural networks
with between 3 and 11 hidden nodes were usually found to have similar performance, and the best
AUC values obtained in testing are around 0.85 for particular combinations of three or more clinical
measurements.

The neural network predictions have also been compared with an alternative quadratic fitting
function, which exhibits a single minimum for a given set of training data. We find a strong correlation
between the AUC values obtained from these different functions. To gauge the uncertainties in the patient
outcome predictions, the calculations were repeated for both fitting functions using a number of different
random choices of patients for the training and testing sets. The standard deviation in the resulting AUC
values is lowest when the datasets are as large as possible.
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Figure 4. Disconnectivity graph for the machine learning landscape corresponding to the four measurementsin figure 3 (HCO;, GCS, BUN
and ASBP) for the final hour of data collection (index 1) with a neural network containing 5 hidden nodes, with A = 10~>. The stationary
point database contains 1997 minima and 7492 transition states.

Likely candidates for the global minima of the neural network fits are located using basin-hopping
global optimization [18-20]. As in previous explorations of machine learning landscapes, short basin-
hopping runs appear sufficient to reliably locate the lowest cost function value. To understand this
observation, we have explored selected landscapes in more detail, characterizing the transition states that
link local minima via steepest-descent paths, and the corresponding barriers defined by the cost function
metric. These explorations produce the equivalent of a kinetic transition network [56-58] for a molecular
or condensed matter system. The resulting databases of minima and transition states can be visualized
using disconnectivity graphs [49,50]. One example is illustrated for a combination of four clinical
measurements where a neural network with five hidden nodes exhibits good predictive properties. The
underlying machine learning landscape has the appearance of a single funnel, which is the structure
we associate with efficient relaxation to the global minimum, and self-organizing properties in atomistic
systems [34,50,59]. Local minima are connected to the global minimum by relatively small downhill
barriers. This organization probably explains why it is usually not difficult to find a fit corresponding
to a low-lying minimum, with similar properties to the global minimum.
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