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Stochastic Analysis of Therapeutic Modalities Using a
Database of Patient Responses

This paper proposes a new method for stochastic analysis and control which does not
require a model, but rather is constructed directly from a raw database of patient responses
to therapy. Roughly speaking, the basic idea is to evaluate a control (a therapeutic policy or
modality) which has, on the average, proved to work well for similar patients in the database.
By \similar" is meant patients who have the same covariates and who are in similar dynamical
states. These concepts will be made more precise in the paper. The proposed stochastic
analysis and control approach for databases is new, although it is motivated by methods
of machine learning put forth in [1][2] and methods of dynamic programming for stochastic
control given in [3][4].

Concept of State

The �rst key step is to develop the de�nition of a \state" for a given patient in the
database at a given stage of treatment. Many de�nitions of state are possible. Since we
are working with a database of measurements, it is useful to de�ne the state vector directly
in terms of the available measurement information. Assume there are L di�erent types of
measurements obtained on a given patient (e.g., cardiac index, blood pressure, pulse oximetry,
transcutaneous O2 and CO2 tensions, etc.). Then for each measurement type, denoted as y`,
de�ne the state vector as a concatenation of the value y` itself, with its �rst and second time
derivatives y0

`; y
00

` , and with its �rst integral
R
y` dt, as follows,
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Implicit Dynamic Model

It is convenient to think of the propagation of the patient's state xk at time tk, to his
state xk+1 at time tk+1 as obeying the following nonlinear dynamical system with process
noise wk, parameter vector p, and control ui i.e.,

xk+1 = f(xk; ui; p; wk) (2)

For simplicity, p is assumed to be drawn from a �nite set formed by enumerating all useful
combinations of covariates,

p 2 fp1; :::; pMg (3)

Both the parameter vector p of covariates and process noise w help to explain the variability of
responses seen in the database. Speci�cally, the covariates help to distinguish gross di�erences
in responses due to major categories of complications (e.g., with vs. without head injuries,
blunt vs. penetrating trauma, truncal vs. nontruncal trauma, age strati�cations, etc.) On the
other hand, process noise helps to explain smaller di�erences between patients with identical
covariates but with di�erent responses to the same therapy.
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Control Inputs

It will be assumed that there is only a �nite set of M control inputs in (2) that can be
applied to the system. Speci�cally, the control u(tk) at time tk is assumed to be drawn from
the �nite set,

u(tk) 2 fu1; :::; uMg (4)

where ui are controls (therapeutic modalities) such as 
uid therapy with crystalloids, with
colloids, with whole blood or packed RBC's, or various vasoactive drugs such as dobutamine,
dopamine, and other possible modalities.

Nearest Neighbors

Once the state vector and covariates are de�ned, the key concept of a \nearest neighbor"
can be put forth. Given the state xk and a certain covariate p, the N nearest-neighbor states
(denoted as fxjkg

N
j=1 = N (xk; p)) are de�ned as the states x that are closest to xk in the

database and which share the same covariate vector p. Here, a measure of \closeness" is
conveniently de�ned in terms of the quadratic distance between the state and its neighbors,

d(x; xk)
�
= (xk � x)TW (xk � x) (5)

where W is an appropriately chose weighting matrix.

Performance Measure

The performance measure is the probability of survival. For a patient in a given state
x with covariate vector p, the survival probability is denoted by S(x; p). It is evaluated
simply by extracting the N nearest neighbor states to x of patients with the same covariate
vector p and by noting the fraction of them that survived. For example, if Ns of the N
nearest-neighbor states to x survived, then the survival probability is given as,

S(x; p) =
Ns

N
(6)

Applications

Data Mining for Signi�cant Events

One can now trace through individual patient histories in the database and compute
the associated probability of survival S(x; p) as a function of time. A large change, either up
or down, indicates a potentially signi�cant role of the associated therapeutic modality, and
its underlying physiologic mechanisms. The entire database can be mined for therapeutic
modalities having the most e�cacy or harm under speci�c conditions using this technique.

Real-Time Diagnostic Tool

The stochastic analysis is not restricted to subjects contained within the database. In
addition, it can be used on a real patient during his/her clinical care. In this case, the survival
probability S(x; u) is computed (by tracking the subject's nearest neighbors in the database)
and provided to the clinician as a real-time feedback signal which indicates the condition of
the patient as a function of time, and the e�cacy of any therapeutic modalities administered.
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Stochastic Control for Choosing the Optimal Therapy

By classifying a subject's nearest neighbors by the therapeutic modalities employed,
the survival probabilities P (ui; xk; p) can be computed separately for each modality ui. A
useful method for stochastic control then follows by administering the therapy associated
with the highest value of P (ui; xk; p). Intuitively, this therapeutic modality is optimal (and a
worthwhile choice in practice) in the sense that it has the highest survival probability among
nearest neighbors in the database.

The stochastic analysis and control approach is summarized in Figure 1. Examples of
the applications discussed above will be included in the �nal paper, as applied to a large
hemodynamic database of acutely ill patients [5].

Figure 1: Stochastic analysis and control synthesized using a database of responses
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