
An Adaptive Cusum Test Based on a Hidden Semi-Markov Model for
Change Detection in Non-invasive Mean Blood Pressure Trend

Ping Yang∗ and Guy Dumont∗ and J Mark Ansermino∗∗

Abstract— A Hidden Semi-Markov Model is proposed to
describe a trend signal for non-invasive mean blood pressure.
Based on the model, a Viterbi beam search algorithm working
with an adaptive Cumulative Sum test is proposed to detect
change points and recognize change patterns online. Testing
results on the simulated signals and clinical signals demonstrate
that the algorithm has improved performance over the standard
Cumulative Sum test for change detection, and has the potential
to provide a clinically relevant description of trend changes.

I. INTRODUCTION

Blood pressure is measured during anesthesia either by
direct cannulation of a peripheral artery or non-invasive
occlusion of the brachial artery with a cuff. During automated
non-invasive oscillotonometric blood pressure measurement,
the systolic pressure is first detected by slowly releasing
the cuff pressure until a distal pulse occurs. Diastolic and
mean blood pressures are then measured by processing the
turbulence in the artery distal to the cuff. A measurement
cycle takes 30 seconds. However, since frequent inflation
leads to congestion of the arm, non-invasive blood pressure
is usually measured every 3 to 5 minutes during surgery.

Anesthesiologists perform multiple tasks and cannot main-
tain continuous observation of the monitoring system. Alarm
systems commonly test the non-invasive mean blood pressure
(NIBPmean) against fixed thresholds, which do not adjust to
the patient’s current state, resulting in poor sensitivity and a
high false alarm rate. We have previously described an algo-
rithm for detecting trend changes in respiratory variables [1];
however, it is not suitable for the infrequent measurements
seen with NIBPmean.

Changes in the NIBPmean trend have large amplitudes or
sustained durations, whereas disturbances caused by phys-
iological variations and movements are relatively small or
short. The Cusum test is therefore an intuitive choice for
change point detection.

Changes in the NIBPmean trend are characterized by
different patterns. In Fig. 1(a), segments might be described
as stable, short abrupt increase and short gradual decrease.
Similar patterns have different significance in different con-
texts. For instance, a change of similar amplitude and
duration to the significant change in Fig. 1(a) might be
insignificant in Fig. 1(b), given the previous long abrupt
decrease. The standard Cusum test uses fixed criteria for
evaluating variations and would therefore introduce a false
change point in this situation.
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Fig. 1. Two example trends: similar patterns have different significance

TABLE I

SEGMENTAL STATES OF NIBPMEAN

A Increase Decrease Stable
B Abrupt Gradual Abrupt Gradual
C lg sht lg sht lg sht lg sht

States S1 S2 S3 S4 S5 S6 S7 S8 S9

sht – short, lg – long

To increase the performance of a Cusum test, our proposed
algorithm imitates the detection process adopted by anes-
thesiologists by recognizing change patterns and then using
expert knowledge about the transition relationship between
these patterns to evaluate upcoming data.

II. METHODS

A. Signal Model: Segmental Hidden Semi-Markov Model

The segmental states of NIBPmean trend are hierarchically
classified into nine types according to their durations and
shapes (see Table I). We assume that the likelihood of
occurrence for each segmental state depends only on the
previous segment, independent of other historical states.
The trend signal can therefore be modeled by a first-order
segmental Hidden Semi-Markov Model (HSMM).

The segmental Hidden Semi-Markov Model is an exten-
sion of the Hidden Markov Model (HMM) [2]. As in the
HMM, transitions between segmental states in the HSMM
follow a first-order Markov process. Each element in the state
transition matrix Aji specifies the conditional probability of
changing from one state Sj to another Si. However, unlike
the HMM, where one signal state generates one measure-
ment, each segmental state in the HSMM corresponds to a
series of measurements. For example, the first segment in
Fig. 1(a) is composed of measurements over t

′
1... t

′
2.

The segmental state sk is not directly observable. It only
determines the pattern parameters that guide the shape and
duration of the signal within the segment. True signal values
x then vary according to the pattern, and eventually generate
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measurements y. The process is modeled as:

Segmental State : si
k, t

′
k

Duration : di
k = t

′
k − t

′
k−1

for t = t
′
k−1+1...t

′
k

Predictions : et = λet−1 + (1 − λ)yt−1

Shape : xt=

⎧⎨
⎩

min(et+θi
k, limiti

k), si
k∈{S1 . . . S4}

max(et+θi
k, limiti

k), si
k∈{S5 . . . S8}

et, si
k = S9

Measurements : yt = xt+w

(1)

In (1), si
k indicates the state of the kth segment is Si.

The distributions of the duration parameter di, the shape
parameter θi and the limiti are all conditional on the state
Si, and are independent of each other. The additive white
noise w follows a constant truncated Gaussian distribution.

The shape parameter θi is the magnitude by which true
signal values vary from the predictions at one step, i.e., θi in-
fluences the change speed; limiti determines the amplitude.
For abrupt changes, θi and limiti tend to distribute around
larger mean values than gradual changes (see Fig. 2). For
the duration parameters, it is natural to assume the segment
of a long duration has a larger di (see Section II-D).
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Fig. 2. Segmental shapes resulting from parameters of different values

With the signal model, the problem of change point
detection and pattern recognition is translated to searching
for a sequence of (s, t

′
) given the measurements y1...t.

B. Offline Solution: Extended Viterbi Algorithm

The extended Viterbi algorithm finds the segmental state
sequence that has the maximum posterior probability. For
each possible segmental state at time t, conditional on y1...t,
the algorithm calculates the probability of the most likely
path leading to the node (si

k, t
′
k=t). A likelihood function

P(i, t) is defined as [3]:

P(i, t)= max
(s,t′ )1...k−1

P{(s, t′)1...k−1, y1...t|sk =i, t
′
k =t} (2)

The magnitude of P is determined by the degree of mea-
surements fitting the shape description (Ps), the transition
probability from the last segment (Pt), and the likelihood
of the segment having a corresponding duration (Pd). The
recursive updating process of P(i, t) is:

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

Ps(i, t, t
′
k−1) = P{y(t

′
k−1+1)...t|θi, limiti}

Pt(i, j, t
′
k−1) = P(j, t

′
k−1)Aji

Pd(i, t, t
′
k−1) = P{dk = t − t

′
k−1|di}

P(i, t) = max(sj
k−1,t

′
k−1)

{PdPtPs}
(3)

The end point t
′
k−1 and state sj

k−1 of the previous segment
that maximize P(i, t) are also recorded until the end of signal
T . Starting from argmaxiP(i, T ) and tracking back through
these records, we can find the most likely state sequence.

The procedure of backward tracking not only results
in extensive computation, but also makes this algorithm
impractical for online change detection. A stopping rule is
needed to decide when to start tracking backward and initiate
a new segment.

C. Online Solution: Beam Search with Cusum Pruning

Beam search is widely used with the standard Viterbi
algorithm and the HMM. It uses a heuristic function to
estimate the promise of each node, and similar to how we
search around a dark room following a flashlight beam, it
only searches the promising nodes included in the beam [4].

The same idea is used in our algorithm. By evaluating the
Cusum against the testing mask, a Cusum test determines
whether a segment of a different state might have occurred,
and tells of the possible new states. The Cusum test is there-
fore used to stop updating P(i, t), and define the conditions
that nodes (sk, t

′
k) have to fulfill to be included in the beam.

The following process is carried out at time t:
1. The Cusum of prediction residuals is checked against

the mask for the historical data belonging to the beamt. A
broken lower arm determines that t is an increasing change
point, and {S1...S4} are the states in the new beam beamt+1;
a broken upper arm determines a decreasing change point,
and {S5...S8} are the states in the new beam; an intact mask
beyond the end of the mask suggests the segmental state is
almost stable, and {S3, S7, S9} are the states in the new
beam; other situations suggest no change has occurred, and
the states in the old beam are copied to the new beam.

2. If no change is detected, t is added in the beam as a
possible end point of the current segment. If a change point
is detected, we search the old beam beamt to find the state
and end point of the current segment (sk, t

′
k) that maximizes

the P function of the most likely states in the new beam as
in (4); meanwhile, a new segment is initiated. t

′
k+1...t are

the possible end points for the new segment and therefore
become the end points in the new beam.

(sk, t
′
k) = argmax

(sj
k,t

′
k)∈beamt

{ max
i∈beamt+1

P(i, t)} (4)

3. P(i, t+1) is updated as in (5) for the next iteration. The
Cusum mask is also adapted to the recognized segment and
the states in the new beam.

P(i, t + 1) = max
(sj ,t′ )∈beamt+1

{PdPtPs} (5)

The CUSUM testing mask is designed according to the
signal model. The shape model in (1) indicates that before
reaching the limit, prediction residuals follow:

rest = yt − et = w + θi (6)

For different change patterns, mean shifts of rest have
different values (see Fig. 2). Our mask design therefore aims
at different shift values.
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For instance, the targeted states of the upper arm are
decreases {S5...S8} and stable S9 (see Fig. 3). Since S5

is a sustained S6, and S7 a sustained S8, only S6, S8 and
S9 are used. A standard arm is generated for each state by
setting the slope as half of the mean (for k6 and k8) or half
of the maximum value (for k9) of the corresponding change
speed θ, according to the design criteria proposed in [5].
The tail of each mask is flattened due to the constriction of
limit. A small threshold h helps the mask capture change
points quickly, whereas a large h lowers the false alarm rate.
Anesthesiologists’ experience in evaluating the significance
of each state is adopted in dealing with the tradeoff.

As the duration ranges for {S5...S8} and S9 are connected
head to tail with some overlapping, the outline of these arms
is used as the Cusum testing mask. The mask can be further
smoothed by averaging over the overlapping areas.

h
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h
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k
6k

8k
9

Fig. 3. Mask design of the upper arm

The mask generated above is only optimal for the initial
iteration since anesthesiologists’ knowledge about the signif-
icance of each state is based on an initial prior probability p0

for each state. As mentioned in the beam search process, the
prior probability pi

t+1 of the upcoming segment being Si is
conditional on the recognized (sk, t

′
k) and the new possible

states in beamt+1, and updated as below:

pi
t+1= I{

∑
j∈beamt+1

Ask,jPs(j, t, t
′
k)Pd(j, t, t

′
k)Aj,i} (7)

I means normalizing. hi is multiplied by an adapting param-
eter λi

t+1 =1+log(pi
t+1/pi

0), so that each part of the mask
gets updated online.

D. Parameter Setting

An experienced anesthesiologist who is involved in this
study and familiar with the concept of this algorithm was in-
terviewed with a clinician-friendly questionnaire. The knowl-
edge collected was used to generate the transition matrix and
the distribution of each parameter. Below n(a, b, c, d) denotes
a Gaussian distribution N(a, b) truncated beyond [c, d].

A=

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

.100 .100 .050 .050 .200 .050 .200 .050 .200

.050 .050 .0 .0 .250 .200 .250 .200 .0

.150 .100 .0 .0 .225 .100 .225 .050 .150

.100 .100 .0 .0 .225 .200 .200 .175 .0

.200 .050 .200 .050 .100 .100 .050 .050 .200

.250 .200 .250 .200 .050 .050 .0 .0 .0

.225 .100 .225 .050 .150 .100 .0 .0 .150

.225 .200 .200 .175 .100 .100 .0 .0 .0

.125 .125 .125 .125 .125 .125 .125 .125 .0

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

Noise in a unit of 1 mm Hg: w∼n(0, 6,−9, 9)
Duration di in a unit of three minutes:
d1∼n(8, 4, 4, 8) d2∼n(3, 3, 2, 4) d3∼n(11, 4, 5, 11)
d4∼(4, 3, 3, 5) d5∼n(9, 4, 5, 9) d6∼n(4, 3, 3, 5)
d7∼(13, 4, 6, 13) d8∼n(5, 3, 4, 6) d9∼n(20, 8, 10, 20)

θi in percentage of the end value of last segment:
θ1,2∼n(20, 3, 15, 28) θ3,4∼n(10, 2, 8, 15)
θ5,6∼n(−18, 3,−26,−13) θ7,8∼n(−8, 2,−13,−6)
θ9∼n(0, 3,−8, 8)

limiti in percentage of the end value of last segment:
limit1...4∼n(140, 9, 115, 140) limit5...8∼n(60, 9, 60, 85)
limit9∼n(0, 4,−8, 8)

III. RESULTS

A. Simulation Testing

The extended Viterbi, the standard Cusum test and the
proposed algorithm were tested on the same set of 10
simulated signals, each containing three segments. Half of
these simulated signals were randomly generated using the
proposed signal model and parameter setting, and the remain-
ing signals each were composed of two randomly generated
segments and one manually added segment. The manually
added segment has an above-average probability PsPd of
being a desired pattern, but a minimum transition likelihood.
This means the segment fits the state pattern description well;
however, given the previous state, the change is insignificant.

The test results of each method were compared in Table II.
For the Viterbi algorithm and our algorithm, the falsely
detected patterns were classified into three types, based on
the error level in the hierarchy (see Table I). For example, if
a short gradual increase was detected at the location where
the true pattern was a short abrupt increase, the error was
classified as Type B. A Type A error is the most severe,
indicating the direction of a trend is falsely detected; a Type
B error is more tolerable to anesthesiologists, indicating an
inaccurate description of the speed of change; a Type C
error is considered the least severe, indicating an inaccurate
description of the duration. Due to the lack of pattern
recognition, false Cusum results were only grouped into false
positives, i.e., Type A errors, and false negatives.

For the 25 significant segments, the Viterbi algorithm
generated fewer Type B and C errors and fewer false nega-
tives. However, similar to the Cusum test, it detected more
insignificant segments, resulting in more Type A errors.

The deviations between the identified t
′

and the true end
points were calculated for the recognized segments excluding
Type A errors. The bias of our algorithm has a similar
distribution to the Viterbi algorithm, and a majority of points
were located at their true locations with zero bias (see Fig. 4).
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Fig. 4. Histogram: bias of the detected end points
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TABLE II

RESULTS ON SIMULATED DATA (PERCENTAGE/NUMBER)

Error Type A: FP B C FN
Extended Viterbi 24.0/6§ 4.0/1 8.0/2 0.0/0
Our Algorithm 8.0/2† 8.0/2 24.0/6 4.0/1

Standard Cusum 16.0/4‡ 12.0/3
(1) FP-False Positive, FN-False Negative (2) 25 significant and 5
insignificant segments (3) §4, †1 and ‡4 are at the insignificant segments.

TABLE III

RESULTS ON CLINICAL DATA (PERCENTAGE/NUMBER)

Error Type A: FP B C FN
Extended Viterbi 38.9/21 5.6/3 27.8/15 1.9/1
Our Algorithm 7.4/4 24.1/13 29.6/16 3.7/2

Standard Cusum 14.8/8 5.6/3
(1) FP-False Positive, FN-False Negative (2) 54 annotated segments

B. Clinical Data Testing

Following ethical approval, NIBPmean trend signals were
collected from 10 day case surgeries at British Columbia
Children’s Hospital. Since the data collection software sam-
pled the readings of blood pressure monitors at a higher rate
(every 5 seconds) than the monitors’ cycling rate (every 3
minutes), multiple samples were collected for one measure-
ment. The signals were resampled down before testing. An
anesthesiologist annotated the end points and states of the
clinically relevant segments after surgery, and the annotations
were used as a reference to evaluate the test results.

As seen in Table III, compared to the standard Cusum,
our algorithm detected noticeably fewer false positives and
marginally fewer false negatives. For instance, in Fig. 5 at
t1, by tracking backward along the fixed mask, the standard
Cusum detected the upper arm was broken from within at
t2, and therefore falsely detected this insignificant decrease.
At the same location, the adaptive mask was adjusted by our
algorithm to a very different shape. Since the last segment
was likely a long abrupt increase, the adapting parameters
λ for detecting the upcoming short decreases (S6 or S8)
became relatively large, and made the corresponding parts
of the upper arm larger than the fixed mask. Neither the
duration nor the amplitude of this decrease was large enough
to break the upper arm; it was therefore not detected.

Compared to the simulation results, the Viterbi algorithm
again had the highest false positive rate.We also found higher
Type B and C error rates for both Viterbi and our algorithm,
indicating compromised pattern recognition performance.

IV. DISCUSSIONS AND CONCLUSION

The testing results on the simulated signals and the clinical
signals demonstrate that by incorporating the knowledge of
anesthesiologists, our algorithm provides improved perfor-
mance over the standard Cusum test for change detection.

Compared to the Viterbi algorithm, our algorithm is able
to work online and generates fewer false positives. Most of
the false positives detected by the Viterbi algorithm were in-
significant changes. The nature of the change point detection
problem requires that the significance of the segment is eval-
uated first, and only then the patterns for the detected seg-
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Fig. 5. Proposed algorithm vs. standard Cusum: an example

ments need to be recognized. However, the Viterbi algorithm
maximizes the combined probability of a segment fitting the
shape description and the state transition as well. A well
fitted pattern can compensate a small transition likelihood
and cause a false positive. In our algorithm the transition
probability is used to adjust the testing mask before pattern
recognition; insignificant segments are therefore avoided.

The pattern recognition accuracy of our algorithm on the
clinical data was lower than that on the simulated data. This
is not surprising since the parameter setting based on the
experience of one anesthesiologist can be biased. If a large
number of annotated cases are available, the Expectation
Maximization algorithm [6] can be used to obtain more
accurate estimates. An alternative solution would be to
collect expert knowledge from multiple anesthesiologists and
use the inter-rater agreed upon settings to alleviate the bias.

The pattern recognition accuracy is also influenced by
the signal characteristics. For states that have overlap in the
pattern parameter distributions, errors are inevitable.

Linguistic description of the clinically relevant trend
changes can be readily generated using the output of our
algorithm, and further used in a high level expert system.
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