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Abstract. This paper proposes a personalised frequency-based model for pre-
dicting a user’s pathway through a physical space, based on non-intrusive ob-
servations of users’ previous movements. Specifically, our approach estimates
a user’s transition probabilities between discrete locations utilising personalised
transition frequency counts, which in turn are estimated from the movements of
other similar users. Our evaluation with a real-world dataset from the museum
domain shows that our approach performs at least as well as a non-personalised
frequency-based baseline, while attaining a higher predictive accuracy than a
model based on the spatial layout of the physical museum space.

1 Introduction

This paper proposes a personalised frequency-based model for predicting a user’s path-
way through a physical space, called Personalised Transition Model (PTM). Our model
utilises non-intrusive observations of users’ previous movements to generate a path-
way prediction, making the assumption that the movements of other like-minded users
are more indicative of a target user’s behaviour than those of dissimilar users. Specifi-
cally, PTM utilises personalised transition frequency counts to estimate a target user’s
transition probabilities between locations. We apply our model to a real-world scenario
from the museum domain, by utilising it to predict a visitor’s next few exhibits. Our
results show that in our domain, PTM performs at least as well as a non-personalised
frequency-based baseline. Additionally, our model attains a higher predictive accuracy
than a transition model based on the spatial layout of the physical museum space.

Our application scenario is motivated by the need to automatically recommend ex-
hibits to museum visitors, based on non-intrusive observations of visitors’ movements
in the physical space. Employing recommender systems in the museum domain is chal-
lenging, as predictions differ from recommendations (we do not want to recommend ex-
hibits that visitors are going to see anyway). We will address this challenge by combin-
ing the prediction of a visitor’s pathway through the museum with the exhibits predicted
to be of interest to the visitor, e. g., [1]. This supports the recommendation of personally
interesting exhibits that may be overlooked if the predicted pathway is followed.

2 Related Research

PTM extends our previous research on predicting a visitor’s pathway through a physi-
cal museum space [2] by using personalised transition frequency counts to estimate a
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visitor’s transition probabilities from non-intrusive observations of visitors’ previ-
ous movements. Other research projects that investigate techniques for personalis-
ing the museum experience include PEACH [3] for content presentation, CHIP [4]
for exhibit recommendations based on explicit user input, and the system of Cantino
et al. [5], which uses Markov decision processes to generate personalised tour propos-
als for museum visitors. Additional systems for predicting people’s future pathways
include [6–8]. Specifically, Han and Cho model and predict users’ movements by com-
bining Markov models with recurrent self-organising maps [6], Krumm’s system uses a
Markov model to make short-term route predictions for vehicle drivers [7], and Krumm
and Horvitz’s system utilises Bayesian inference to predict where a driver is going as
a trip progresses, based on a history of the driver’s destinations and data about driving
behaviours [8].

3 Personalised Pathway Prediction from Non-intrusive
Observations

Our Personalised Transition Model (PTM) predicts a user’s next few locations (e. g.,
museum exhibits) from non-intrusive observations of users’ previous movements. The
model utilises a transition probability vector pk which approximates the probabili-
ties of moving between locations (k denotes the number of previously visited loca-
tions). Specifically, pk’s element pk(i) represents the probability of a user going from
a current location ik to location i (for all i = 1, . . . , n, where n is the cardinality of
the set I of all locations). More formally, the transition probability pk(i) approxi-
mates Pr(Xk+1 = i | Ik

a ), i. e., the probability that the current user a’s (k + 1)-th loca-
tion is location i (where Ik

a is the sequence of locations visited by user a). The transition
probabilities are updated whenever the current user moves to a new location. This sec-
tion describes our approach of estimating pk in a personalised frequency-based fashion.

For estimating the transition probabilities, we start by calculating the following
similarity-weighted personalised frequency counts (for all i = 1, . . . , n):

xik,i = |N(a)|
∑

u∈N(a)
simk(a, u) �u(ik → i)

∑
u∈N(a)

simk(a, u)
, (1)

where N(a) is the set of nearest neighbours, simk(a, u) is the similarity between users a
and u, and �u(ik → i) indicates whether user u went from location ik to location i.

We calculate simk(a, u) by comparing the sequences of visited locations of users a
and u (called Ik

a and Iu respectively). To this effect, we first determine whether user u
has visited user a’s current location ik. If this is the case, we identify the transitions
between pairs of locations that occur in both Ik

a and I l
u, where I l

u denotes the beginning
of Iu up to and including location ik (otherwise, if ik /∈ Iu, we set simk(a, u) = 0).
We then calculate a discounted count of the identical transitions, where a transition
is discounted according to how long before location ik the transition occurred in Ik

a

and I l
u (we use the inverse of the product of the number of visited locations from the

transition until the current location ik in Ik
a and I l

u as the discounting factor). The dis-
counting is motivated by the fact that identical transitions immediately preceding the



Personalised Pathway Prediction 365

current location ik in Ik
a and I l

u are more indicative of the users’ pathway similar-
ity simk(a, u) around location ik than identical transitions that occurred earlier. Finally,
we normalise the resultant sum to the interval [0, 1].1

The current user a’s set of nearest neighbours N(a) is constructed by selecting up to
KNN users that are most similar to the current user a, from those users whose similar-
ity simk(a, u) is above a certain non-negative threshold S.

To smooth out outliers, we apply additive smoothing to the personalised frequency
counts xik,i (Equation 1) by adding a smoothing constant α > 0 (except for xik,ik

,
which is 0). Further, we set to 0 the smoothed personalised frequency counts that cor-
respond to the visited locations, and normalise the values so that their sum is 1. By
doing this, we focus on unseen locations (e. g., museum visitors rarely return to previ-
ously viewed exhibits). The resultant normalised values correspond to the personalised
transition probabilities p̃k(i), where i = 1, . . . , n.

We employ shrinkage to the mean to regularise the personalised transition prob-
abilities p̃k(i) by combining them with the transition probabilities pk

TM(i) delivered
by a non-personalised frequency-based Transition Model (TM) [2]. This yields PTM’s
shrunken personalised transition probabilities pk(i) as follows:

pk(i) = pk
TM(i) + ω

(
p̃k(i) − pk

TM(i)
)

,

where ω ∈ [0, 1] is the shrinkage weight. If the set of nearest neighbours is empty (i. e.,
a similarity-weighted prediction p̃k is not possible) or the current user a has visited less
than M locations, we estimate the probabilities pk(i) using simply pk

TM(i).
In summary, PTM uses the following adjustable parameters when estimating pk:

(1) smoothing constant α, (2) the minimum number of visited locations M (person-
alised prediction), (3) the minimum similarity S (nearest neighbour), (4) the maximum
number of nearest neighbours KNN, and (5) shrinkage weight ω.

Having (re-)calculated the transition probabilities pk(i) after every move, we predict
a user’s next K locations using the SequenceK approach, which finds the sequence of
the K unvisited locations ik+1, . . . , ik+K ∈ I\Ik

a that maximises the probability

Pr
(
Xk+1 = ik+1, . . . , Xk+K = ik+K | Ik

a

)

=
K∏

m=1

Pr
(
Xk+m = ik+m | Ik+m−1

a

)
=

K∏

m=1

pk+m−1(ik+m).

Factorising the joint probability is possible due to Xk+m depending only on the past.
This enables maximisation by recursively spanning a search tree of depth K − 1, and
performing a search for a maximising path from its root to one of the leaves (we pruned
the search tree by removing unlikely paths).

4 Evaluation

This section evaluates PTM with a real-world dataset of visitor pathways, which was
obtained by manually tracking visitors at Melbourne Museum (Melbourne, Australia)

1 We also experimented with similarity measures based on Hamming distance and Levenshtein
distance, but their performance was inferior.
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from April to June 2008. Specifically, we recorded 158 visitor pathways in the form
of time-annotated sequences of visited exhibit areas, providing information of the type
that may be automatically inferred from sensors. In total, the dataset (described in detail
in [1]) contains 8327 stops at the 126 exhibit areas of Melbourne Museum.2

4.1 Experimental Setup

We implemented two baseline models to evaluate PTM’s performance: (1) a Physi-
cal Distance Model (PDM), using the spatial layout of the museum space to estimate
the transition probabilities (making the assumption that transitions to spatially close
exhibits are exponentially more likely than those to exhibits that are farther away);
and (2) a non-personalised frequency-based approach for estimating a visitor’s location
probabilities, called Transition Model (TM) [2].

Employing leave-one-out cross validation, we tested thousands of configurations of
PDM, TM and PTM to assess the influence of the different parameters on the predictive
performance of the models, and to determine the best-performing variants. Specifically,
model assessment was done by comparing the negative log probability (NLP) scores of
the various configurations (the NLP score represents the average of the negative logs
of the probabilities with which the exhibits actually viewed next were predicted).3

We conducted two types of experiments for assessing the predictive accuracy of the
best-performing model configurations in the SequenceK prediction mode (as above,
we used leave-one-out cross validation):

– Overall Visit (OV). OV evaluates overall performance for a museum visit. For
each visitor, we started with an empty visit, and iteratively added each viewed
exhibit to the visit history. For each iteration, we predicted the next K exhibits,
and added these predicted exhibits to a global set of predicted exhibits (ignoring
duplicate predictions). At the end of a visit, we calculated precision (Pre),
recall (Rec) and F-score for the entire visit by comparing the accumulated set of
all predicted exhibits to the set of actually viewed exhibits. The resultant values
were averaged over all visitors.

– Progressive Visit (PV). PV evaluates immediate predictive model performance
with the progression of a visit, i. e., as the number of viewed exhibit areas increases.
For each fraction of a visit, we first predicted the next K exhibits (we used visit
fractions rather than the actual number of viewed exhibits, because different
visits have different lengths). We then measured immediate classification accu-
racy by calculating CA(K) = |K ∩M|/K (i. e., the proportion of the predicted
sequence K of the next K exhibits that appears in the sequence M of the next
K actually viewed exhibits; this measure equals immediate recall and precision),
and averaged the resultant values over all visitors for each visit fraction.

2 For our experiments, we ignore travel time between exhibit areas, and collapse multiple view-
ing events of one area into one event.

3 The PTM configuration that achieves the minimum NLP score is {α = 0.04, M = 3,
S = 0.00, KNN = 58, ω = 0.40}, where the symbols are explained at the end of Sect. 3.
We omit further results of a sensitivity analysis of PTM’s parameters due to space limitations.
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Table 1. Model performance for the OV and PV experiments

Sequence1 Sequence3
Pre Rec F-score CA(1) Pre Rec F-score CA(3)

PDM 59.03% 46.13% 51.73% 45.06% 54.27% 65.28% 59.08% 45.93%
TM 65.58% 56.87% 60.87% 54.29% 58.59% 71.52% 64.19% 52.59%
PTM 67.09% 58.33% 62.35% 55.97% 59.12% 72.90% 65.06% 54.11%

4.2 Results

This section presents the results of our evaluation for K = 1 and K = 3.

Evaluation of Pathway Predictions for K = 1. The results for K = 1 are summarised
in the left-hand side of Table 1. For the OV experiment, the frequency-based models TM
and PTM statistically significantly outperform the distance-based baseline PDM.4 More
importantly, PTM attains statistically significantly better results than TM with respect to
all measures, which means that using personalised transition frequency counts is bene-
ficial. For the PV experiment, all models perform at a relatively constant level with the
progression of a visit, with PTM achieving the highest average CA(1) of 56% (averaged
over 1000 equally-spaced visit fractions). Further, TM and PTM perform statistically
significantly better than PDM for 66% and 82% of a visit respectively, and PTM per-
forms consistently at least as well as TM (statistically significantly better than TM for
21% of a visit, while TM never outperforms PTM). These results indicate that other
visitors’ movements are better predictors of a visitor’s next exhibit than the spatial lay-
out of the museum. Additionally, personalisation aids prediction, as personalised PTM
outperforms non-personalised TM for the OV experiment, and for some portion of a
visit for the PV experiment.

Evaluation of Pathway Predictions for K = 3. The right-hand side of Table 1 sum-
marises the results for K = 3. For the OV experiment (as for K = 1), the frequency-
based models TM and PTM statistically significantly outperform the distance-based
baseline PDM. Further, personalised PTM performs statistically significantly better
than non-personalised TM with respect to all measures. For the PV experiment (as
for K = 1), all models perform at a relatively constant level with the progression of
a visit (PTM attains an average CA(3) of 54%). In addition, TM and PTM perform sta-
tistically significantly better than PDM for 63% and 77% of a visit respectively, and
PTM attains a statistically significantly higher classification accuracy CA(3) than TM
for 31% of a visit (TM never outperforms PTM). These results are consistent with those
for K = 1. Comparing the Sequence3 variants of our models with the Sequence 1 vari-
ants for the OV experiment, precision for Sequence3 is lower while recall is higher.
This is because at each stage of a visit, predicting the next three exhibits leads to a
larger accumulated set than predicting only the next exhibit (higher recall). However,
the predictions for three exhibits are less likely to be correct than those for one exhibit
(lower precision). For the PV experiment, PTM outperforms TM for a slightly longer
portion of a visit for K = 3 compared to K = 1 (31% vs. 21%).

4 The statistical tests performed are one-tailed paired t-tests (significance level α = 0.05).
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5 Conclusions and Future Work

This paper proposed a frequency-based Personalised Transition Model (PTM) for pre-
dicting a user’s pathway through a physical space. Specifically, our model estimates
a target user’s transition probabilities between discrete locations utilising personalised
transition frequency counts, which in turn are estimated from the movements of other
like-minded users by means of a nearest-neighbour collaborative approach (using a
pathway-based similarity measure). We evaluated PTM by predicting a museum visi-
tor’s next K = 1 and K = 3 exhibits, and showed that in our scenario (1) PTM and TM
(a non-personalised frequency-based baseline) outperform a distance-based baseline,
which means that other people’s movements are better predictors of a visitor’s pathway
than the spatial layout of the museum; and (2) personalisation aids prediction, as PTM
outperforms TM for the overall measures (recall, precision and F-score) and for at least
some portion of a visit for the realistic Progressive Visit experiment.

Overall, PTM yields only a modest (yet statistically significant) improvement over
TM. The small size of this improvement may be due to the sparsity problem, i. e., the
small size of our dataset, which contains only a few visitors with very similar pathways.
In the future, we intend to apply PTM to larger datasets to investigate this further. We
also plan to investigate models for predicting longer location sequences.
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