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1 Methods

1.1 Recurrent neural network (RNN)

RNN computes a hidden vector at each time step (i.e. state vector h; at time t),
representing a history or context summary of the sequence using the input and
hidden states vector form the previous time step. This allows the model to learn
long-range dependencies where the network is unfolded as many times as the
length of the sequence it is modeling. Equation [I]shows the computation of the
hidden vector h; using the input T; and the previous hidden vector h;_1 where

¢ is a non-linear transformation such as ReLU(z) = max(0,z) or tanh(z) =
.
e*4e~*"

by non-linear function are applied to the state vector h; as described in equation
The non-linear operator o can be either the sigmoid function o(z) = H%
applied to scalar input z € R, or its generalization the so ftmax function applied
to vector Z € RX | softmax(z); = ZK for i = 1,.., K. As a result, the

outcome 7; represents a probability dlstrlbutlon over the set of possible labels
Viaber at time t.

To compute the outcome ¢; at time ¢, an affine transformation followed

hi = (WhoTy + Wiphe—1 + brg) (1)
U= U(WVlabezhEt + E‘/label) (2)

where Wy, € RP»XDn W, € RPwd Wy, € RIViavelxDPn g, e RPn,
byiope € RIVievetl representing the model weights @ to be optimized and Dy, d
are the dimensions of h; and Z; vectors respectively. Note that the weights are
shared across all the network (see Figure [If for RNN representation).

1.1.1 Long short-term memory (LSTM)

Long short-term memory (LSTM) [11/2] falls in the gated memory cells approach
that modifies the basic RNN by replacing the standard neurons/units in the
hidden layer with gated/memory cells to generate the hidden state vector h; as
described by the equations below. Moreover, LSTM introduces a new cell state
vector ¢; that overall contributes in the decision mechanism on what part of the
history to keep or forget. The computation of the output ¢; at time ¢ remains
the same as explained in the RNN section.

iv=0(Wi, T+ Wi, he1 + b,w) (input gate)
fi= U(Wﬁﬂxt + Whhht 1+ bh ) (forget gate)
oy = o (W, T + Wophy1 +by,) (output gate)
& = (Wi, T + Wi hi1 + bhm) (new state/memory cell)
G =f,0C 1+1i ®& (final cell state)
hy =0, © ¢(¢) (hidden state vector)

where W7, Wim, b th each € RP»*4 and Whh, Whh7 Wy, Whh each
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Figure 1: Graphical representation of unfolded RNN

€ RP»*Dn_ The biases by, Bim, byus by, each € RP where Dy, and d are
the dimensions of h; and Z; vectors respectively. The operator ¢ represents the
stgmoid function, ¢ the tanh or ReLU function, and ® the element-wise product
(i.e. Hadamard product) function. Compared to the standard/conventional
RNN (see Equation , it can be noted the added complexity in terms of the
number of weight matrices and biases required to compute the hidden state
vector Et.

1.1.2 Gated recurrent unit (GRU)

Gated recurrent unit (GRU) presents similar approach to LSTM but with
a simpler model that modifies the computation mechanism of the hidden state
vector h; through the specified equations below.

% = o(Wi, T + Wiphe_1 +bp,) (update gate)
To = o(Wh, T + Whph1 +bp,) (reset gate)
he = (W T + 71 O W1 + BZI) (new state/memory cell)
hi=(1-%)0 e+ 2 © hos (hidden state vector)

The model computes a reset gate 7; that is used to modulate the effect of the

previous hidden state vector h;_; when computing the new memory vector h.
The update gate Z; determines the importance/contribution of the newly gener-

ated memory vector hy compared to the previous hidden state vector h;_; when



computing the current hidden vector h;. The weights Wi ., Wi, th each

€ RPrxd and Wi, W1, | W;}h each € RP» ZD’L. The biases B;Zm, bhm, bhw each
€ RP» where Dj, and d are the dimensions of h; and T; vectors respectively. The
operators notation have the same meaning as described in the LSTM section.

1.1.3 RNN objective function

In our work, we use RNN to refer to RNN, LSTM and GRU models targeting the
sequence labeling view of the problem. We defined the loss for an i-th sequence
at each time step by the cross-entropy loss

‘Vvlabel‘

= Z s x log () (3)

where the loss for the i-th sequence (i.e. i-th patient’s timeline/trajectory) is
defined by the average loss over the sequence length T;

1 Zﬂ ()
1
Li = i vt lt (4)

Given that our focus is on the 30 days all-cause readmissions after HF hospi-
talization, our model’s focus should be on the index events (i.e. claims/events
where HF is the primary diagnosis of hospitalization). Hence, the objective
function could be modified to reflect this requirement. We modify the defined
loss over i-th sequence (see Eq. |4) by defining an average loss for non-index and
index events separately and then taking a convex combination between both
losses parametrized by «. The parameter « is determined using a validation
set. Our modification is inspired by the work done in [4].

T;

1 = (D7 [0)
LHF —1 Zl ]]'[xt ,primaryHF — ]']
Zt 1 [ przmaryHF - ] t=1
T;
LnOTLHF 1 Z l(l)]]. O}
Z [ (%) t 7107’MrL(LTyHF
t=1 ,pmmaryHF
Li = (1 - a) Ly + o(L{'F) ()

where ]l[fggrimmy gr = 1] is an indicator function that is equal to 1 when the

feature vector fgl) representing the event at time ¢ for the i-th sequence has
HF as the primary diagnosis (we refer to this loss by Convex HF NonHF). A
second variation (Uniform HF) to the first objective function in Eq. is to
consider only the index events in the patients’ timeline where we compute the
average cross-entropy loss for the index events only.

Li=Lj'" (6)

A third variation (Convex HF lastHF) is to take a convex combination be-
tween all index events and the last index event in the timeline.



T.
1 LA .
HF __ (2) 1 1=(2) _
Li - T; 1 —(2) -1 § :lt l[xt,primaryHF - 1]
Zt:l [xt,primaryHF - ] t=1

LéastHF _ l;}')

Li = (1= a)L{" + a(L*"F) (7)

where Lé‘””{ Fis the cross-entropy loss for the last HF event (i.e. the last index
event in the patient’s timeline) and lgpl) =— Z‘C‘Z‘{bell yg,f,)c X log(g)éf’)c).

The previous variations consider the sequence labeling approach since the loss
function for a sequence is defined as a composite of losses from different times/events
in a patient’s timeline. A final variation that uses the sequence classification
view of the problem is to define an objective function that focuses only on the
last HF event (LastHF) by computing the loss at the last target event we aim

to predict.

Li _ LéastHF (8)

Lastly, the objective function for the whole training set D4y, is defined by the
average loss across all the sequences in Dy,.q;, plus a weight regularization term
(i.e. ly-norm regularization) applied to the model parameters represented by 6

N
1 A
L(0)= > Li+ 3ol 9)
N 2
i=1

In practice, the training occurs using mini-batches where computing the loss
function and updating the parameters/weight occur after processing each mini-
batch of the training set.

1.1.4 RNN with conditional random fields (CRF)

CRF models the conditional probability of a sequence y given its correspond-
ing sequence of observation vectors x (i.e. p(y1,¥2, ..., yr|T1,To, ..., Tr)) using
a parametrized global feature vector F(x,y) € R’ that takes input/output se-
quences to produce J-dimensional vector. As a result, the computation of the
conditional probability of an output sequence given its input sequence of obser-
vations is equal to

0 F(xy)

plyl) = S (10)
Zzl €Y 69 Fley)

where Y is the set of all label sequences, the denominator represents the normal-
izer (commonly referred to the partition function Z), and 6 is the weight vector
corresponding to the global feature vector F(x,y). The common definition of
the feature vector F uses the first-order Markov assumption in order to make
the inference and model training tractable |5]. That is



T
F(XaZ) = Z?(Xa ta ytflayt) (11)

where the global feature vector F is the sum of a local feature vector f applied
at each time step until the end of the sequence. The local vector f has the same
dimension of F (i.e. € R7) and has access to the whole observation sequence
x, and the current and previous states/outputs y;—1 and y; [5]. Generally, in-
creasing the model order k (i.e. k > 2) would lead to exponential computational
complexity in terms of k. However, recent work as in [6H8], showed under the
assumption of label pattern sparsity, the use of higher-order models (i.e. mod-
els with k > 2) is feasible without incurring an exponential complexity in the
training and inference algorithms [9].

We denote the output features of the RNN layer by z = [z1,%2, -+, Z7] Tep-
resenting the sequence of output features computed from the input sequence x
(both sequences have equal length). The potential functions in the CRF layer
are computed using z along with label sequence y. In our work, we experimented
with two potential functions: N

1. RNNCRF (Unary) that computes unary potentials v, (Z;) by passing the
RNN output feature vector z; at time ¢ to a linear affine map and apply-
ing a non-linear transformation resulting in a vector of size equal to the
number of classes |Vjgper| for each Z;. The pairwise potential is modeled
using a transition parameters matrix A(ys—1,y:) of size |Vigper| X |Viavei|
representing the transition score from one outcome class to another. The
total score computation is equal to F(z,y) = Zle(wyt (Ze) + A(ye—1,9¢))-

2. RNNCRF (Pairwise) that computes pairwise potentials ¢, ,,,(Z:) by us-
ing linear affine map transformation followed by non-linear element-wise
operation generating an output of size |Vigper| X |Viaber| similar to the ap-
proach reported in [10]. The total score F(z,y) is equal to F(z,y) =

Sty ()

1.2 Dataset features representation
1.2.1 Input features 7,

Each claim/event in a patient’s timeline is represented by a feature vector T
encoding the characteristics of the hospitalization event and the corresponding
patient. The feature vector T; is composed of:

e Diagnosis: every claim in the dataset includes 25 ordered fields, each reg-
istering patient’s diagnosis category based on CCS grouper [11] during the
corresponding hospitalization event. We first extracted set Vgiagnosis T€p-
resenting the diagnosis having at least 1000 counts/occurrences registered
in the HF dataset. Then, we constructed the following vectors:

1. Tgiag1 & one-hot encoded vector € {0, 1}Vaiagnosis| representing the
diagnosis category registered for the primary diagnosis field

2. Tgiag2 a one-hot encoded vector € {0, 1}‘Vdia9"05is| representing the
diagnosis category registered for the secondary diagnosis field



3. Tdiags a one-hot encoded vector € {0, 1}|Vdia9"05is| representing the
diagnosis category registered for the tertiary diagnosis field

4. Teountdiag @ Vector € RIVaiagnosis| representing the count of diagnosis
categories registered in all 25 diagnosis fields

e Procedures: every claim in the dataset includes 15 ordered fields, each reg-
istering patient’s administered procedure category based on CCS grouper
during the corresponding hospitalization event. We first extracted set
Viprocedures Tepresenting the top procedures having at least 1000 counts
registered in HF dataset. Then, we constructed the following vectors:

1. Zproc1 a one-hot encoded vector € {0, 1}Veroceaures| representing the
procedure category registered for the primary procedure field

2. Tprocz & one-hot encoded vector € {0, 1}|mecedw“| representing the
procedure category registered for the secondary procedure field

3. Tprocs & one-hot encoded vector € {0, 1}|VP7'°Cedwes| representing the
procedure category registered for the tertiary procedure field

4. Teountproc @ vector € RIVerocedures| representing the count of procedure
categories registered in all 15 procedure fields

e Body-system chronic condition: every claim in the dataset includes 25
ordered fields, each representing body-system chronic condition indicators,
categorizing ICD-9-CM diagnosis codes into chronic or not [12]. We refer
to the list of body-system categories by set Vicpronic that includes 18
categories. We constructed the following vectors:

1. Tpehronict @ one-hot encoded vector € {0, 1}Vserronicl representing
the body-system chronic condition indicator category listed in the
primary field

2. Tpehronicz & one-hot encoded vector € {0, 1}Veenronicl representing
the body-system chronic condition indicator category listed in the
secondary field

3. Tpehronics & one-hot encoded vector € {0, 1}Veenronicl representing
the body-system chronic condition indicator category listed in the
tertiary field

4. Teountbehronic & vector € RIVeerronicl representing the count of body-
system chronic condition indicator categories registered in the 25
fields

e External cause of injury code: every claim in the dataset includes 4 or-
dered fields, each detailing an injury code (E-code) based on CCS software
categorizing all ICD-9-CM diagnosis codes into 20 categories [12]. We re-
fer to the list of E-code categories by set V.coq. that includes 20 categories.
We constructed the following vectors:

1. Tecoger a one-hot encoded vector € {0,1}Veceael representing the E-
code injury category listed in the primary field

2. Teountecode & vector € RIVecodel representing the count of E-code injury
categories registered in the 4 fields



e Procedure classes: every claim in the dataset includes 15 ordered fields,
each describing a broad category code (i.e. class) based on categorization
of the ICD-9-CM procedure codes [12]. We refer to the list of procedure
broad categories by set Vprocedureciass that includes 4 categories. We con-
structed the following vectors:

1. Tountpelass & vector € RIVprocedureetass| representing the count of pro-
cedure class categories registered in the 15 fields

e Comorbidity condition: every claim in the dataset includes 29 binary fields
€ {0, 1}, each representing an indicator of a specific comorbidity that was
determined by the AHRQ comorbidity software [13]. The software deter-
mines comorbidities that are more likely present prior to hospitalization
event [13]. We refer to the comorbidity categories encoded in the 29 binary
variables by set Vi.pmorbid- We constructed the following vector:

1. Teomorvia & vector € {0,1}Veemorvial where each component corre-
sponds to one of the 29 binary fields representing the presence/absence
of a comorbidity condition

e Major diagnostic category (MDC) assigned by HCFA DRG Grouper algo-
rithm during the processing of HCUP dataset [12]. We refer to the list of
MDC categories by set V;,4. where we constructed the following vector:

1. Zmde a one-hot encoded vector € {0, 1}|dec| representing the MDC
code/category

e Risk of mortality subclass: every claim in the dataset includes a field that
measures risk of mortality subclass based on all patient refined diagnosis
related groups assigned using software developed by 3M Health Informa-
tion System [12]. The measure consists of five categories which we refer
to by the set Viiskmortar - We constructed the following vector:

1. Zriskmortal & one-hot encoded vector € {0, 1}‘”‘““0”‘1” representing
the risk of mortality subclass category

e Severity of illness subclass: every claim in the dataset includes a field that
measures severity of illness subclass based on all patient refined diagnosis
related groups assigned using software developed by 3M Health Informa-
tion System [12|. The measure consists of five categories which we refer
to set Vieverity - We constructed the following vector:

1. Tseverity a one-hot encoded vector € {0, 1}|Vse'“mfy‘ representing the
severity of illness subclass category

e Major operating room procedure indicator: Zorproc € {0,1} a binary vari-
able indicating whether a major operating room procedure was reported
on discharge

e Number of chronic conditions: T,chronic € R a variable representing the
counts of unique chronic diagnosis reported on the discharge



e Socio-demographics: every claim is associated with a patient and includes
information regarding patient’s age, gender, income and place/location of
residence. We constructed a vector Tsociodern that represents the concate-
nation of the following variables:

1. age: z,4. € R a variable representing the age of the patient

2. gender: Zgender € {0,1} a binary variable representing the gender of
a patient

3. income: Tincome € {0, l}‘Vi"CUme| a one-hot encoded vector indicating
the median household income quartiles for patient’s zip code, where
Vincome 18 the set of income categories

4. place/location: Zpje € {0, 1}Vrioel & one-hot encoded vector describ-
ing patient’s location based on the National Center for Health Statis-
tics (NCHS) classification scheme for US counties, where V. is the
set of location categories

5. resident: Zyesident € {0,1} a binary variable representing if the pa-
tient is resident in the state in which they were treated

e Event/claim info: every claim included the length of stay of the hospital-
ization event, if the admission was on a weekend, and the discharge month.
We also computed the time difference between the hospital admission of
a current claim/event and the discharge of previous claim/event for all
events in a patient’s timeline. We constructed a vector Teyen: that is the
concatenation of the following variables:

1. length of stay: x;,s € R a variable representing the length of stay in
days for each hospitalization event

2. time difference between consecutive events: za; € R a variable rep-
resenting the time difference in days between current admission and
previous discharge events

3. admission on weekend: Zgweekend € {0,1} a binary variable indicat-
ing if a patient was admitted on a weekend

4. discharge month: Zgmontn € {0, 1}Vamentnl a one-hot encoded vector
indicating a patient’s discharge month where Vgy,onen is the set of
recorded months in the dataset

5. disposition of patient: Zgispuniform € {0,1}|Vdispu"if°“n‘ a one-hot
encoded vector indicating the disposition of the patient at discharge

6. expected primary payer: Tpaysre € {0, 1}|VPWSTC| a one-hot encoded
vector indicating the expected primary payer (such as Medicare, pri-
vate insurance, etc.)

7. same-day event: Tsumeday € {0, 1}|VW"64W‘ a one-hot encoded vector
identifying transfers and/or same-day stay collapsed records

8. elective admission: Zejective € {0,1} a binary variable indicating elec-
tive versus non-elective admission

9. rehab transfer: z,enqs € {0,1} a binary variable indicating if the
claim is a combined record involving transfer to rehabilitation, eval-
uation, or other aftercare



10. number of index events: ZTcountinderz € R a variable representing the
number of index events in the timeline of a patient up to the current
admission event (inclusive)

11. number of admission events: Teountevents € R & variable representing
the number of admission events in the timeline of a patient up to the
current admission event (inclusive)

Hence, the feature vector T, is the concatenation of all these variables, encoding
the characteristics of both the event and its corresponding patient at one time
step of the patient’s trajectory.

2 Experiments

2.1 Hyperparameters optimization
2.1.1 RNN model

The set of all possible hyperparameters configuration (i.e. choice of values for
hyperparameters) for RNN models is reported in Table [1] These hyperparam-
eters controlled the network architecture design that is represented in Figure

2

2.1.2 RNNSS model

The hyperparameters configurations for RNNSS model is reported in Table
which controlled the network architecture design depicted in Figure

2.1.3 RNNCRF model

Similar to RNN models, the set of all possible hyperparameters configuration
for models using RNN with CRF is reported in Table [3] along with the network
architecture design in Figure

2.1.4 CRF and Neural CRF models

CRF only and Neural CRF models’ hyperparameters configuration is reported
in Tables 4] and [5| respectively along with the network architecture/design in

Figure [

Parameter name Set /range values Best /optimal value
Embedding layer (Blue block) dimension {0,[d/2], [d/3], [d/4]} where d is input dimension 0
RNN layer (Yellow block)
RNN type {LSTM, GRU, Vanilla RNN} Vanilla RNN
Hidden vector dimension D, {8,16,32,64,128,256} 16
Number of hidden layers {1,2,3} 1
Dropout probability paropout {0.15,0.35,0.5} 0.35
Embedding layer (Orange block) {0. Dy, [Dn/2], [ Dn/3]. [ Dn/4]} 0
Non-linear function {tanh, ReLU} ReLU
l>-norm regularization A {1073,1072,10~ 1} 10~
Convex combination parameter for the RNN objective function, o {0.65,0.8,0.95} 0.8
Batch size during training | B| {8,16,32,64,128} 64
Optimization algorithm {Adam} Adam

Table 1: RNN hyperparameter options (see Figure

10
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Figure 2: RNN generic model/architecture

Legend:

o c: the reference/target
outcome

® ?: optional layer

® h_{t}: context/history
vector

® x_{t}: input vector
representing data from
admission event

o T: last event in timeline

Parameter name Set/range values Best/optimal value
Embedding layer (Blue block) dimension {0, [d/2], [d/3]. [d/4]} where d is input dimension [d/2]
RNN layer (Yellow block)
RNN type TLSTM, GRU, Vanilla RNN} GRU
Hidden vector dimension D), {8,16,32,64,128, 256} 128
Number of hidden layers {1,2,3} 1
Dropout_probability paropout {0.15,0.35,0.5} 0.15
Embedding layer (Orange block) {0, Dy, | Dy /2], | Dn/3], | Dn/Al} [Dn/3]
Non-linear function {tanh, ReLU} tanh
l>-norm regularization A {1073,10%,10" T} 10~
Convex combination parameter for the RNN objective function, a {0.65,0.8,0.95} 0.8
Batch size during training | B| {8,16, 32,64, 128} 64
Scheduled sampling parameter p {Linear, Exponential, Sigmoid} Exponential
Optimization algorithm {Adam} Adam

Table 2: RNNSS hyperparameter options (see Figure

Parameter name Set /range values Best /optimal value
Embedding layer (Blue block) dimension | {0, [d/2], [d/3], |d/4]} where d is input dimension [d/2]
RNN layer (Yellow block)
RNN type {LSTM, GRU, Vanilla RNN} GRU
Hidden vector dimension Dy, {8,16,32,64,128,256} 128
Number of hidden layers {1,2,3} 1
Dropout probability paropout {0.15,0.35,0.5} 0.15
Embedding layer (Orange block) {0, Dy, [ Dn/2], | Di/3], | Dn/4]} | Dr/3]
Non-linear function {tanh, ReLU} tanh
lo-norm regularization A {1073,1072,10" T} 1072
Batch size during training | B| {8,16,32,64,128} 64
Optimization algorithm {Adam} Adam

Table 3: RNNCRF hyperparameter options (see Figure

11
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Figure 3: RNNCRF generic model/architecture

\ Parameter name \ Set /range values \ Best /optimal value

l>-norm regularization A {1073,1072,107 1} 1072

Batch size during training |B| | {8, 16, 32,64, 128} 64

Optimization algorithm {Adam} Adam

Table 4: CRF hyperparameter options (see Figure E[)

Parameter name Set /range values Best/optimal value

Embedding layer (Blue block) dimension {0, 1d/2],[d/3],[d/4]} where d is input dimension [d/2]
Dropout probability paropout {0.15,0.35,0.5} 0.15
Embedding layer (Orange block) {0,1D:/2],[Di/3], [ Di/4]} where D; is input dimension from previous layer [ [Di/3]
Non-linear function {tanh, ReLU} tanh

Iy-norm regularization A {1073,1072, 10"} 10~

Batch size during training |B| {8,16,32, 64,128} 64
Optimization algorithm {Adam} Adam

Table 5: Neural CRF hyperparameter options (see Figure

12
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Figure 4: CRF generic model/architecture

2.1.5 CNN model

CNN model’s hyperparameters configuration is reported in List [1| along with
the network architecture/design in Figure

2.1.6 CNN-Wide model

CNN-Wide model’s hyperparameters configuration is reported in List [2] along
with the network architecture/design in Figure @

2.1.7 MLP model

MLP model’s hyperparameters configuration is reported in List [3] along with
the network architecture/design in Figure Iﬂ

Cony Blck operstons rspeat: imes)

N
Convoluton wih sauare  Batehnom (1) slmentuise Oropout () Poaing
Komals oporaton

Losssiotjctive
functon

Embeddng _Batchnom

Fltenod vector
layer (Lnoar) (7)

Figure 5: CNN generic model/architecture
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List 1 CNN hyperparameter options (see Figure[5|). Best parameters are colored
in blue.
CNN hyperparameters configuration
| Conv Block operations
|_Conv Block J

| Conv Block I
Square kernel SiZe .........ciiiiiiiiiiiiieennn {3 x3,5x5}
BatCh MOTM «'vvvrtnti i ei i {True, False}
Non-linear function ..................ccouonn.. {tanh, ReLU}
DIOPOUL .+ vttt {0,0.15}
Starting number of kernels ................... {64,128,256}
Number of repeats for Conv Block I ............... {1,2,3}

| POOLINE vttt {AvgPool, MaxPool}

| Number of repeats for Conv Block J .................... {7,8}

| FC Block operations
Embedding layer dimension ............... {|D:i/3], | Di/4] | D:/5]}

where D; is the dimension of flattened feature vector from
the last convolutional layer

BatCh MOTM ....o.viniiiiiii i {True, False}
Non-linear functiom ...............coiiiiiiiini.n, {tanh, ReLU}
DIOPOUL .t .ttt {0,0.15,0.35,0.5}
Number of repeats for FC Block K ...............cvuiunnn. {1,2}
| ly-norm regularization A ........iiiiiiiiiiiii.... {1073,1072,10~1}
| Batch size during training [B| ..............oiiiiiiil {8,16, 32}
| Optimization algorithm ........c..eiiiiuiiiiinniniennennnnn. {Adam}

Norinear
Batch o (7)  elementwise Dropout (7)  Pooling over
operation ime

FC Block operations (repeat: k
times)

! Readmission Losssiobjective
Embedding _ Batch norm Oulcomemap 1 ohabilty function
layer (Linear) (?)

El

3 log(P(y_{t=Tj=c)

Figure 6: CNN generic model/architecture
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List 2 CNNWide hyperparameter options (see Figure @ Best parameters are
colored in blue.

CNN-Wide hyperparameters configuration
| Conv Block operations

Rectangular kernel size ..... {2 xd,3xd,5xd} where d is the
input dimension

BatCh MOTM «.ttenttt ettt eia et {True, False}
Non-linear function ............cviiiiiiinnnnnnnnnnn {tanh, ReLU}
0o} o 7o) . R PP {0,0.15}
Number of Kernels ..........ceeiiiuiuiieennnnnnennn. {16, 32, 64, 128}
Apply Padding ..veeiniii i {True, False}
POOLING ttttnttittit i {AvgPool, MaxPool}
Number of kernel types used ............coiiiiiiniiiiininn.. {2,3}

| FC Block operations
Embedding layer dimension ........... {Dy,|Di/2],|Di/3], | Di/4]}

where D; is the dimension of flattened feature vector from
the last convolutional layer

BatCh MOTM «..vtnttittii it {True, False}
Non-linear fumcCtiom ............oeviiiuiiiinenninnns {tanh, ReLU }
0o} o 7o) . A {0,0.15,0.35,0.5}
Number of repeats for FC Block K .........c.cceviieeinn... {1,2}
| ly-norm regularization A ...............o.ooial {1073,1072,1071}
| _Batch size during training |[B| ..............ooooiiil {8,16, 32}
| Optimization algoTithm .........coeiuinieininninennenennennns {Adam}

List 3 NN hyperparameter options (see Figure[7). Best parameters are colored
in blue.

NN hyperparameters configuration

| FC Block operations
Embedding layer dimension ............... {lD:/2],D:/3], | Di/4]}
where D; is the dimension of feature vector from the
previous layer
BatCh MOTM .+ttt e {True, False}
Non-linear function ............ceeiiiiiiieennnnnnn. {tanh, ReLU }
DYOPOUL  « ettt ettt {0,0.15,0.35,0.5}
Number of repeats for FC Block K ................... {1,2,3,4,5}
| [y-norm regularization A ............ ..ol {1073,1072,107 1}
| Batch size during training |B| .........cioiiiiiiiiaa... {32,64,128}
| Optimization algorithm ..............cooiiiiiiiiiinnnninn.n. {Adam}
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Parameter name ‘ Set /range values ‘ Best /optimal value ‘

[1-norm regularization A {1072,1072,10~ 1} 10T
Optimization algorithm {Liblinear, Saga} Liblinear /Saga
Weighting scheme (i.e. weighting training examples) | {Balanced, None} Balanced

Table 6: Logistic regression with /;-norm regularization (LASSO)

‘ Parameter name ‘ Set /range values ‘ Best /optimal value ‘
l3/l3-norm regularization A {1073,1072,10~ 1,1} 1071
Optimization algorithm {Liblinear, Saga} Liblinear/Saga
Weighting scheme (i.e. weighting training examples) {Balanced, None} Balanced

Table 7: Logistic regression with lo-norm regularization

2.1.8 Logistic regression

Logistic regression models’ hyperparameters options are reported in Tables [f]
and [7] respectively.

2.2 Feature importance
2.2.1 Logistic regression

The analysis of feature importance is reported in Figure [§] which shows the
normalized coefficients of the trained LASSO models averaged across all folds.

2.2.2 RNNCRF model

For the best neural model (RNNCRF), we report the analysis of feature impor-
tance according to an approach previously reported in [14]. In short, we iterated
over all features attached to the last HF event, and computed the probability
of readmission with a feature present or absent. The difference between both
probabilities allowed us to quantify a feature’s importance across the five folds
(we call this metric diff prob see Fig. E[) Additionally, we computed another
variation of the same metric by incorporating the percentage of occurrence of
each feature (i.e. when the feature is present) in the computation. In other
words, we weighted the computed differences by the percentage of time each
feature was present in the dataset (referred to diff prob_weighted, see Fig. .
A third variation, is computing a ratio (for every feature) dividing the average
difference in probability (diff prob) by the average value of the feature when it
was present and again weighted by the percentage of occurrence of the feature
(ratio_ diff prob_weighted, see Fig. .

2.3 Models’ performance across five-folds

Figure [12| reports the ROC and average ROC curves of the best models across
all five-folds.
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Legend:
o c: the reference/target
outcome
© ?: optional layer
® x_{t}: input vector
representing data from
Lossyobjedive log(P(y_{t=T}=c) admission event
function o T: last event in timeline

Readmission y_{t=T}
probability

Outcome map

Non-linear
element-wise
operation

!
I
Dropout mask m
o0000

e —

t
= (OO000

Embedding
layer (Linear)

FC Block operations (repeat: k times)

x_{t=T}

« Diagnosis
* Procedures
 Comorbidities
 Sociodemographic

o Age

© Gender

© Income

o Residence/location
o Length of stay
© Time from last event
e efc.

Input vector

/

Time T

Figure 7: NN generic model/architecture
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payment: Medicaid

[Tertsry procedure] Other OR procedures on vessels othe than head and neck

orbidity: chronic pulmonary disease

[Tertiary diagnosis) Olher and unspecified benign neoplasm

£ diagnosis] C of surgical or medical care

[Count dlagnosis] Other nervous system disorders

[Primary procedure] Hemodialysis

yment: Medicars

[ diagnosis] C and disorders

discharge monm Nov.

loc Missing

[Primary procedure] Contrast aortogram

orbidity: metastatic cancer

[Count] chronic conditon inicator body system: Symptoms, signs, and -defined conditons
olid tumor withou

[Secondary diaghosis] Other endocine disorders

omorbidity: lymphoma

[Tertiary iagnosis) Cancer of Kidney and renai pelvis

[Secondary procedure] Contrast aortogram

" Caunt diagnodis] Allorgia reacions

[Count diagnosis] Coronary atherosclerosis and ofher hart iscase
Tertiary diagnosis] Lung disease due to external agents

[Count] chronic condition indicator body system: Diseases of the genitourinary System
Resident

[Primary [

[Tertiary procedure] Contrast aortogram

number of registered chronic conditions

[Tertiary procedure] Bone marrow biopsy
{Coun] chroric condilon ndicator body syster: Diseases of the skin and subcutaneous tissue

position: Against medical advice (AMA)

[Count diagnosis] Phiebitl: thrombophiebitis and thromboambolism

[Count] chronic condition indicator body system: Infectious and parasitic d\s?ase

stay

Number of hospialization events in the timeline up to current admission {nclusive)

[Tertiary diagnosis] Asthma
[Secondary d\agnos\s] Other diseases of kidney and ureters
Secondary diagnosis] Other aftercare
isposition: Routine
[Tertiary procedure] Diagnostic cardiac catheterization; coronary arteriography
[Primary procedure] Electrocardiogram
orbidity: alcohol abuse
Same-day stay involving two dlscharges at the same hospital
[Primary procedure] Insertion; revision; removal of cardiac
mary procedure] Magnati resonance imaging
Tertary diagnosis] Retinal detachments: defacts; vascular oecusion; and fetinopathy
[Tertiary d\agncs\s] Other ear and senss organ disorders
[Secondary procedure] Insertion; revision; removal of ca
{Secondary dlagnos\s] Naphriis: hephrosis renal sclarosie
econdary diagnosis] Septicemia (except in labor)
[Count) chronic conditon indicator body system: Endocrine nuiriinl, and metabolicdiseases and immuniy sorders
Primary procedure] CT scan abdomen
severty of s sublass: Minor 0ss of function (inludes cases wih no comorbdiy or complcations)
[Count] chronic condition indicator body system: Diseases of the circulatory system
[Tertiary procedure] Diagnostic ultrasound of abdomen of retroperitoneum
ayment: Self-pay

Age
[Secondary procedure] Electrocardiogram
Number of days from last event: not applicable (typically first event)

[Tertiary Othr diagnosiic
unt diagnosis] Conduction disorders
[Gount] ehronic conliion indicator bodly system: Diseases of the respirstory system
[Count diagnosis] Congestive heart failure; nonhypertensive
ount diagnosis] Disorders of lipid metabolism
Count diagnosis] Other aftercare
Number of days from last any hospitalization discharge
[Count diagnosis] Delirium, dementia, and amnestic and other cognitive disorders
[Count diagnosis] Residual codes; unclassified
disposition: Discharged alive, destination unknown, beginning in 2001

[Count diagnosis] Peri-; endo-; and myocarditis; cardiomyopathy (except that caused by or sexually disease)

Figure 8: Top-35 features (normalized) in LASSO models contributing to the

increase and decrease of log-odds of readmission
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[Count procedure] Other OR procedures on vessels other than head and neck
orbidity: drug abuse

Transfer Involvlng two d\scharges lrom different hospitals

omorbidity: peripheral vascular disorders

severity u! illness subclass Major loss of function

[Count mporary and
comorbxd\ty dlabetes uncomplicated
comorbldlly valvulardlsease

[Count] E ecified

comorbldlty coagulopathy

[Count] E Codes: Adverse effects of medical care
comorbidity: other neurological disorders
comorbidity: chronic blood loss anemia

[Count procedure] Other non-OR therapeutic procedures on skin and breast
[Count procedure] Blood transfusion

comorbidity: deficiency anemias
[Count procedure] Contrast aortogram
discharge month: Feb

vascular diseases
payment: Medicaid
comorbidit hoses

ayment: Medicare

comorbidity: diabetes with chronic complications
morbidity: renal failure

severity of illness subclass: Extreme loss of function
[Count procedure] Hemodialysis

comorbidity: liver disease

comorbidity: chronic pulmonary disease
Comorbidily: metastatic cancer

morbidity: lymphoma

comorbidity: solid lumor without metastasis
ischarge month:

dlscharge month:

Jan

Resident
disposition: Against medical advice (AMA)

[Count procedure] Incision and drainage; skin and subcutaneous tissue

[Co
[Count pmcedure] Coronary arlery bypass graft CABG)
[Cou Diagno
[Gount] chronic condition indicator body system Drecases of e circulatory system
[Count procedure] Other respiratory therapy
risk of mortality subclass: Minor likelihood of dying
severity of iliness subclass: Moderate loss of function
discharge month: Sept
nt: No charge
payment: Private insurance
[Count procedure] Insertion; revision; replaoeme[g(: removal of cardiac pacematker or cardioverteridefbilator
ount

[Count procedure] Cardiag shoss toms
rbidity: obesity

[Count procedure] Other diagnostic cardiovascular procedures
Not metropolitan or micropolitan counties

arge month: Jun

[Count procedure] Electrocardiogram

Eleclve admission: Yes

(combine
dlscharge month: Jul

[Count piratory intubation and ventilation

discharge month: May

discharge month: Aug

discharge month: Oct

comorbidity: alcohol abuse

Same-day stay involving two discharges at the same hospital

severity of illness subclass: Minor loss of function (includes cases with no comorbidity or complications)
payment: Self-pay

[Count procedure] Diagnostic cardiac catheterization; coronary arteriography

disposition: Routine

Age
disposition: Discharged alive, destination unknown, beginning in 2001
Number of days from last any hospitalization discharge

02 04 05 o8 0

Figure 9: Top-35 features (normalized) in RNNCRF models using diff prob

metric
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comorbidity: coagulopamy
[Count] chronic condition indicator body system: Diseases of the genitourinary System

disposition: Against medical advice (AMA)

comcrmuwy depresslcn

of stay

[Count dlagnosxs] Cardiac dysrhy\hmxas

orbidity: liver disease

comorbidity: other n neum\aglcal disorders

[Count] procedure class: Minor Therapeutic

[Count procedure] Blood transfusion
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comorbidity: peripheral vascular disorders
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ent: Medicai

dlscharge month: Feb

Elective admission: No

[Count procedure] Hemodialysis

Admission day on weekend

severity of illness subclass: Extreme loss of function

Not a transfer or other same-day stay

risk of mortality Sibclass: Major likelihood of dying

comorbidity: diabetes with chronic complications

comorbldlly fluid and electrolyte disorders

comorbidity: diabetes, uncomplicated

Diseases and Disorders of the Circulatory System

discharge month: Jan

discharge month: Nov

comorbidity: deficiency anemias

severity of illness subclass: Major loss of function

number of regis(ered chronic conditions

morbidity: renal failure

comorbidity: chronto pu\monary disease

ayment: Medicare

Resident

risk of mortality subclass: Moderate likelihood of dying
risk of mortality subclass: Extreme likelihood of dying
[Count diagnosis] Other nutritional; endocrine; and metabolic disorders
Elective admission: Yes
discharge month: Sept
median income: 76-100th percentile
payment: Self-pay
Counties in metro areas of 250,000-999,999 population
Not metropolitan or micropolitan counties
risk of mortality subclass: Minor likelihood of dying
median income: 51-75th percentile

discharge month: Jun
payment: Private insurance
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[Count diagnosis] Other aftercare
[Count pi intubation and ventilation
Gender: Female
discharge month: May
discharge month: Aug
disposition: Home Health Care (HHC)
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idi i i i and
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ge

Figure 10: Top-35 features (normalized) in RNNCRF models using

diff prob_weighted metric
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Figure 11: Top-35 features (normalized) in RNNCRF models using ra-

tio diff prob_weighted metric
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Figure 12: ROC curves for the best models across all five-folds
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