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Abstract. Hospital information systems record large volumes of clinical events,
yet these records provide only a partial and asynchronous view of patient move-
ment through care processes. Logged timestamps typically reflect administrative
completion rather than true inter-department transitions, making direct recon-
struction of care pathways unreliable.

We model daily ambulatory cardiology care pathways as partially observed
stochastic dynamical systems. Department-level dynamics are represented using
data-driven first- and second-order Markov transition models learned from multi-
year hospital data (2015-2019), comprising 5,308 visit-level episodes across 51
departments. Latent department trajectories are reconstructed from sparse and
noisy observations using a particle filter data assimilation framework that inte-
grates structural transition priors with partial evidence. The transition model in-
corporates empirical termination behavior derived from observed episode statis-
tics.

Reconstruction performance is evaluated via temporal holdout validation,
training on 2015-2018 data and testing on 2019 episodes. Under representative
sparse-observation conditions (stride 4, correctness 0.8), sequential assimilation
improves reconstruction accuracy from 0.274 to 0.551 in-sample and from 0.289
to 0.518 out-of-sample. Gains persist across alternative sparsity and noise re-
gimes, with larger improvements observed under increased observational degra-
dation.

Complementary Bluetooth Low Energy localization experiments conducted
on the same hospital floor provide a physical-layer perspective on observation
uncertainty. Filtering mitigates stochastic sensor noise but does not correct sys-
tematic calibration bias, mirroring the department-level setting. Together, the re-
sults provide empirical evidence that healthcare pathways can be effectively
modeled as partially observed dynamical systems and demonstrate that probabil-
istic data assimilation offers a principled and computationally tractable frame-
work for reconstructing latent institutional trajectories under uncertainty.

Keywords: Healthcare systems modeling, Data assimilation, Particle filtering.
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1 Introduction

Many real-world systems are only partially observable: their underlying state evolves
according to structured dynamics, while available measurements provide incomplete,
delayed, or noisy information. Reconstructing latent trajectories from sparse observa-
tions is therefore a central problem in computational science, with established applica-
tions in geophysics, engineering, and biological systems [1; 2; 3]. In such settings, prob-
abilistic state-space modeling provides a principled framework for integrating struc-
tural dynamics with uncertain data.

Organizational systems exhibit similar characteristics. Their evolution is governed
by institutional rules, operational constraints, and resource allocation mechanisms, yet
available data typically consist of irregular event logs rather than direct state measure-
ments. Inferring structured dynamics from such event-level observations requires mod-
eling under partial observability rather than direct sequence analysis.

Hospital care pathways provide a concrete and operationally critical example. Pa-
tients move between departments according to clinical workflows and capacity con-
straints, but hospital information systems (MIS) record only discrete medical events,
often timestamped at administrative completion rather than at physical transition. Pro-
cess mining approaches reconstruct and analyze observed activity sequences directly
from event logs [4; 5]. While effective for workflow discovery and deviation analysis,
such methods generally treat recorded events as complete representations of the process
and do not explicitly reconstruct latent department-level trajectories evolving under
hidden dynamics.

In contrast, this work treats department sequences as latent stochastic processes and
focuses on reconstruction under partial and noisy observation. The contribution lies in
formulating and evaluating a state-space approach that integrates transition modeling
with probabilistic inference for healthcare pathways.

Stochastic modeling offers a complementary perspective. First-order Markov chains
are widely used in healthcare pathway and decision modeling due to their interpretabil-
ity and tractability [6]. Higher-order extensions allow transition probabilities to depend
on recent history, relaxing the memoryless assumption and increasing expressive ca-
pacity [10]. However, Markov modeling alone describes transition tendencies and does
not address inference under incomplete and noisy observation.

The reconstruction of latent trajectories from partial data is closely related to state-
space modeling and sequential Bayesian filtering. The Kalman filter provides optimal
inference for linear Gaussian systems [1], while Sequential Monte Carlo (SMC) meth-
ods—commonly referred to as particle filters—extend inference to nonlinear and non-
Gaussian settings [3; 7]. These methods approximate posterior distributions using
weighted particle ensembles and are widely applied in geosciences and tracking prob-
lems [2]. Their systematic application to institutional process reconstruction in
healthcare remains comparatively limited.

A related line of research arises in indoor localization. RSSI-based Bluetooth Low
Energy (BLE) fingerprinting methods provide fine-grained spatial observations but are
sensitive to environmental calibration drift and measurement noise [8; 9]. Particle fil-
tering has been used to stabilize localization trajectories under stochastic fluctuations,
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though filtering cannot compensate for systematic bias in the observation model. These
findings illustrate a broader computational principle: structural dynamical constraints
combined with probabilistic assimilation improve robustness under partial observabil-
ity.

In this work, we integrate these strands by modeling daily ambulatory cardiology
care pathways as partially observed stochastic dynamical systems within an agent-
based representation. Each patient is represented as an agent whose latent state corre-
sponds to the current department. State evolution follows a data-driven first- or second-
order Markov transition model estimated from multi-year hospital data. Latent trajec-
tories are reconstructed using a particle filter that assimilates sparse and noisy observa-
tions into the learned structural prior.

Although MIS event data and BLE localization data are analyzed separately, they
represent complementary observational layers of the same institutional system. MIS
records provide semantic but indirect information about departmental transitions, while
BLE localization captures physical trajectories subject to sensor noise and calibration
variability. By examining both layers, the study demonstrates that sequential probabil-
istic assimilation stabilizes inference under stochastic observation noise across seman-
tic and physical representations of hospital processes.

The contributions of this paper are threefold:

1. A formulation of hospital care pathways as partially observed stochastic dynamical
systems using data-driven first- and second-order Markov transition models within
an agent-based representation.

2. A probabilistic data assimilation framework that integrates learned institutional tran-
sition dynamics with partial and noisy observational evidence to reconstruct latent
department trajectories.

3. Quantitative in-sample and temporally held-out validation demonstrating substantial
reconstruction gains over observation-only and model-only baselines, together with
complementary physical-layer localization analysis illustrating the generality of the
partial-observability principle.

The remainder of the paper presents the data sources and modeling framework, ex-
perimental results at both institutional and physical layers, and a discussion of implica-
tions for computational modeling of organizational systems.

2 Methods

We formulate hospital pathway reconstruction as a partially observed state-space model
integrating structural transition dynamics with heterogeneous observational sources.
Figure 1 provides an overview of the modeling architecture.
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Fig. 1. State-Space Architecture for Hospital Pathway Reconstruction under Partial Observabil-
ity.

The following subsections detail the data sources, transition modeling, and sequential
inference framework.

2.1 Institutional Event Data

MIS Event Structure. The empirical data originate from the hospital Medical Infor-
mation System (MIS) and consist of timestamped medical process events linked to in-
ternal patient identifiers. Each record contains the calendar date and time of event com-
pletion (CompletionDate and CompletionTime), the responsible Department, an Exe-
cutionStatus flag (predominantly “completed”), and case-level boundaries (StartEpi-
zode and EndEpizode).

Importantly, CompletionTime reflects administrative documentation rather than
guaranteed physical transition time between departments. In routine clinical practice,
events may be entered retrospectively or in batches, producing intra-day temporal com-
pression and recording bias [11; 5]. For this reason, timestamps are treated as discrete
observational markers rather than exact movement times.

The dataset spans 2015-2019 and includes ambulatory cardiology visits only.

Operational Episode Definition. An episode is defined as the ordered sequence of
departments visited by a single patient during a single calendar day with cardiology-
related activity.

Let i denote a visit identifier and d a calendar date. Let E; ; denote the set of MIS
events associated with visit i on date d. Events are filtered to retain ambulatory admis-
sions with completed status and valid department identifiers. The filtered events are
sorted by CompletionTime. From the resulting ordered list, consecutive duplicate de-
partments are removed to obtain a department trajectory

Xiq = (X1, X2, s X)),

where x; € S denotes the department at position t, and T is the number of distinct
department transitions observed during that calendar day.

Episodes are strictly day-bounded and independent of broader case-level boundaries.
This operational definition aligns with outpatient workflow structure and avoids cross-
day documentation artifacts [4].
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After preprocessing, the dataset contains 5,308 episodes with a mean episode length
of 3.66 departments over the period 2015-2019. Episodes of length one are retained for
termination modeling but do not contribute to higher-order transition counts.

State Space Construction. Let S denote the department state space. Departments are
ranked by frequency in the training period (2015-2018), and the 50 most frequent de-
partments are retained explicitly. All remaining departments are aggregated into a re-
sidual state labeled OTHER, yielding | S |= 51.

This frequency-based truncation mitigates sparsity in higher-order transition estima-
tion while preserving dominant cardiology care flows [10; 12].

Temporal Split. To evaluate temporal generalization, episodes are partitioned chrono-
logically. Episodes from 2015-2018 (3,765 episodes) form the training set, and epi-
sodes from 2019 (1,543 episodes) form the test set. Transition probabilities and termi-
nation statistics are estimated exclusively from the training set, while the test set is
reserved for out-of-sample reconstruction.

Chronological splitting avoids information leakage and reflects realistic deployment
conditions in which historical institutional data are used to reconstruct future pathways
[13].

Observational Characteristics. Two structural properties of the MIS data are central
to modeling. First, completion-time bias may compress multiple events within short
intervals, obscuring true temporal spacing [11]. Second, the MIS records medical ac-
tions rather than physical movement; department transitions are therefore inferred from
successive event assignments rather than directly observed transfers [5].

These characteristics motivate modeling department sequences as latent stochastic
trajectories observed through imperfect event-level proxies, rather than treating rec-
orded event sequences as complete representations of patient movement.

2.2 Physical Localization Data (BLE)

To characterize the reliability of sensor-derived observations under realistic hospital
conditions, Bluetooth Low Energy (BLE) indoor localization experiments were con-
ducted on the second floor of the facility. The localization infrastructure consists of
nine BLE access points (APs) and a predefined set of spatial key points (KPs) distrib-
uted across corridors and rooms.

Figure 2(a) illustrates the physical deployment of APs together with the dense grid
of fingerprint KPs. The KPs serve as discrete reference locations for RSSI fingerprint-
ing and define the measurement anchors for constructing the radio map. During a ded-
icated calibration session, RSSI measurements were collected at each KP to build a
fingerprint-based radio map. This radio map specifies the observation model, providing
the likelihood function that relates measured RSSI vectors to spatial hypotheses during
inference.
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In addition to the dense fingerprint grid, a reduced set of navigational waypoints
defines the topological motion structure of the floor. As shown in Figure 2(b), these
waypoints are connected through a graph representation encoding feasible indoor
movement paths. This graph is used to constrain particle propagation during localiza-
tion, ensuring that motion respects architectural boundaries and navigable routes rather
than unconstrained Euclidean transitions.

The deployment and calibration protocol follow prior experiments conducted on the
same hospital floor [8; 9], but the present formulation explicitly separates the measure-
ment layer (fingerprint KPs and RSSI likelihood) from the motion layer (waypoint
graph and topology-aware constraints). The BLE dataset is analyzed independently
from the MIS data and serves to quantify physical-layer observation uncertainty within
the same institutional environment.

(a)

o Key Points {iPs)
fccass Puints (APS)

Fig. 2. BLE localization modeling components. (a) Access points (APs) and dense fingerprint
key points (KPs) used for RSSI measurement modeling. (b) Reduced waypoint graph defining
navigable indoor topology and constraining particle motion.

2.3  Markov Transition Modeling

Transition Structure. Let S denote the department state space with | S [=51.
Each episode is represented as a sequence

X1.7, X € S.

Department transitions are modeled in discrete time using a Markov framework. As a
baseline, we consider a first-order process

P(Xeyq | xt),

which assumes that the next department depends only on the current department. First-
order Markov models are widely used in healthcare pathway and decision modeling
due to their interpretability and tractability [6; 14].

Transition probabilities are estimated from the training set using empirical maxi-
mum-likelihood estimation. Let N (b, ¢) denote the number of observed transitions from
department b to department c, and let

N(b) = ZN(b, o).
CES

The first-order transition probability is then estimated as
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N(b,c)
N(b)

P(clb)= , for N(b) > 0.
To capture short-term temporal dependencies beyond the memoryless assumption, we
additionally evaluate a second-order extension

P(x¢41 | 2 %01 ) [10].

Let N(a,b,c) denote the number of occurrences of the triplet
(x¢—1 = a,x; = b,x;41 = c), and let

N(ab) = ZN(a, b, c).

CES

The second-order transition probability is estimated as

N(a,b,c)

p(c | a,b) zm

,for N(a,b) > 0.

When a second-order context (a, b) is unobserved, the model reverts to the first-order
estimate P(c | b). All transition probabilities are computed via empirical maximum-
likelihood estimation without additional smoothing or regularization, allowing the tran-
sition structure to reflect directly the observed institutional dynamics in the training
data. Given the moderate state space (|S| = 51) and multi-year training corpus, sparsity
effects were limited in practice.

The resulting transition model is time-homogeneous, i.e., transition probabilities are
assumed to be stationary and do not vary over time within the modeled period. This
assumption reflects aggregation of multi-year training data into a single empirical tran-
sition structure.

Empirical Termination Model. Episodes exhibit heterogeneous lengths. Rather than
imposing a fixed stopping rule, termination probabilities are estimated empirically from
training data.

For the first-order model, let N.,4(b) denote the number of times department bap-
pears as the final state of an episode, and let N,..(b) denote the total number of occur-
rences of bin any position. The first-order termination probability is

Nend (b)
Noce (D)

For the second-order model, termination probabilities are defined analogously. Let
N.,qa(a, b)denote the number of times the ordered pair (a, b) occurs as the final two
states of an episode, and let N, . (a, b) denote the total number of occurrences of this
pair. The second-order termination probability is

pAstop,l (b) =
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Nend (a’ b)
boron o (@, b) = ~22 77
pst p,Z( ) Nocc(a; b)

During simulation or filtering, termination is sampled according to the corresponding
empirical probability.

2.4 Particle Filter Assimilation Framework

State-Space Formulation. The reconstruction of department trajectories is formulated
as a discrete-time state-space model. The latent state at time t is denoted by x; € S,
where S is the department state space. State transitions follow either the first-order or
second-order Markov dynamics previously introduced.

Observed medical events provide incomplete and potentially noisy information
about the latent department sequence. Let y; denote the observation at time t.

In the institutional setting, observations correspond to department-level proxies de-
rived from recorded data sources. For MIS event data, each observation y; € S is ob-
tained from the department attribute associated with a recorded medical event, repre-
senting an administrative indication of patient presence rather than a direct measure-
ment of physical location. For BLE localization data, observations originate from RSSI-
based position estimates, which are mapped to the nearest department or spatial zone,
yielding a discrete department-level proxy consistent with the state space S.

In both cases, y, should be interpreted as a noisy and incomplete observation arising
from delayed or aggregated MIS recording and measurement uncertainty in BLE local-
ization, motivating the use of a probabilistic observation model.

The resulting model corresponds to a partially observed Markov process (POMP),
or equivalently, a hidden Markov-type system [15, 16]. The objective is to infer the
posterior distribution of the latent trajectory given the observations.

Observation Model. To evaluate robustness under controlled partial observability, we
adopt a stochastic observation mechanism.

Observations are available every s time steps (stride). When an observation is avail-
able, it equals the true latent state with probability p.oyec. With probability 1 — Degrrects
the observation is replaced by a uniformly sampled alternative state from S \ {x,}.

The observation likelihood is therefore defined as

Peorrects lfyt =Xt
Pyl xp) = 1—|;I|?°°_"1m, otherwise.

This abstraction enables systematic evaluation of assimilation performance under var-
ying observation sparsity and noise levels while keeping the structural transition model
fixed.

Sequential Monte Carlo Approximation. We approximate the posterior distribution
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P(xyr | Y1:7)

using a particle filter with N = 500 particles.
At each time step, particles are first propagated according to the chosen transition
model. For the first-order model,

xt(-l}-)l ~P(X¢41 | xt(l)),
and for the second-order model,

x ~ Pl | 20,22,

Importance weights are then updated according to the observation likelihood,

W, w0 POy 1220
Weights are normalized at each step. Multinomial resampling is performed when the
effective sample size falls below a predefined threshold.

Sequential Monte Carlo methods provide flexible inference for nonlinear and non-
Gaussian state-space models [17; 18]. In the present setting, they enable integration of
institutional transition regularities with sparse and noisy observations. The particle fil-
tering approach follows a standard bootstrap formulation and is used here as a general
inference mechanism within the proposed modeling framework.

Reconstruction Output. The reconstructed trajectory is obtained using the maximum
a posteriori (MAP) state estimate at each time step. At each time step, the estimated
state corresponds to the department with the highest total posterior weight across the
particle ensemble, effectively selecting the most probable state given the observations
and transition dynamics. Formally,

N
%, = arg max Z w® 1{x® = x},
i=1
where 1{-} denotes the indicator function.

This corresponds to selecting, at each time step, the most probable department under
the particle-based posterior approximation. Reconstruction accuracy is evaluated as the
proportion of time steps for which the reconstructed department exactly matches the
ground-truth department.

2.5  Experimental Design

MIS part. Reconstruction performance is evaluated using per-time-step exact depart-
ment match accuracy:

Accuracy =

1
1%, = x:
Zi Ti Zt {xl,t xl,t}’
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where x;, denotes the true department at time tin episode i, &;, denotes the recon-
structed estimate, and T; is the episode length.

Transition probabilities are estimated from episodes in 2015-2018 (training set). Re-
construction is evaluated both in-sample (2015-2018) and out-of-sample (2019).

The primary experimental configuration uses stride s = 4, observation correctness
DPeorrect = 0.8, and 500 particles. The parameter p.,,-oc: represents the probability
that an observed department label matches the true latent state and is used to control
the level of observation noise.

In the absence of direct ground-truth estimates of observation reliability in MIS or
BLE data, p.orrect Was selected empirically to represent a moderate-noise regime. Val-
ues in the range 0.7-0.9 were explored during preliminary experiments and produced
similar qualitative results, with 0.8 providing a representative balance between signal
and noise. The reported performance trends were stable across this range, indicating
that the conclusions are not sensitive to the exact choice of this parameter.

Sequential inference follows the particle filtering procedure described previously
[16; 19]. Particle counts were selected to balance computational tractability and poste-
rior stability; increasing particle number did not materially change accuracy estimates.

Reconstruction accuracy values are averaged over 500 randomly sampled evaluation
episodes for each split. For particle filtering, results are further averaged over 10 inde-
pendent runs with different random seeds. Reported means reflect aggregate perfor-
mance across episodes; variability across episodes was comparable across models and
did not affect relative performance ranking.

BLE Localization. Localization performance is evaluated on multiple controlled walk-
ing trajectories recorded on the same hospital floor. Ground truth is represented as a
trajectory polyline aligned with the floor plan. Each evaluation trajectory was recorded
using five independent devices, and reported errors correspond to averages across de-
vices.

Two inference pipelines are compared. The baseline uses k-nearest neighbors (KNN)
fingerprinting with k = 6, assigning positions based on similarity between observed
RSSI vectors and the radio map. The sequential approach applies a particle filter with
N = 1000 particles, sampling interval At = 10 seconds, and motion velocity parame-
ter v = 1.5 m/s. Particle propagation follows a bounded-motion model, and im-
portance weights are computed from RSSI consistency with the fingerprint radio map.

To ensure physically valid trajectories, topology constraints are incorporated into the
particle filter. Particles are restricted to accessible indoor areas, preventing wall cross-
ings, and motion feasibility is evaluated using shortest-path distances on the floor graph
computed via Dijkstra’s algorithm. Consequently, spatial propagation respects naviga-
ble indoor routes rather than straight-line Euclidean distances.

Localization accuracy is measured as the mean Euclidean distance between esti-
mated positions and the ground-truth trajectory polyline at each timestamp, consistent
with the evaluation protocol described in prior work [8; 9]. The objective of this exper-
imental design is not to introduce a new localization algorithm, but to quantify obser-
vation variability and to evaluate the effect of sequential filtering under realistic sensor
noise conditions.
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3 Results

3.1 Department-Level Reconstruction

Baseline Comparison. Table 1 summarizes reconstruction accuracy under the primary
configuration. The comparison isolates three effects: observation-only inference, struc-
tural modeling without assimilation, and sequential data assimilation. The largest im-
provement is obtained when structural transitions are combined with sequential particle
filtering.

Table 1. Reconstruction accuracy (stride = 4, peorrect = 0.8)

Model Train (<2018)  Test (2019)
OBS (observation only) 0.274 0.289
ABM (first-order rollout)  0.402 0.408
PF (first-order) 0.551 0.503
PF (second-order) 0.547 0.518

Comparing OBS and ABM isolates the effect of structural transition modeling without
assimilation. Model-only rollout improves reconstruction accuracy from 0.274 to 0.402
in the training period and from 0.289 to 0.408 in the test period.

Sequential assimilation yields the largest gains. In training, first-order particle filter-
ing improves accuracy from 0.402 to 0.551. Out-of-sample, accuracy increases from
0.408 to 0.503 (first-order) and to 0.518 (second-order). Gains grow with larger stride
values.

The first- and second-order formulations show comparable performance in training,
with a modest out-of-sample advantage for the second-order model (0.518 vs 0.503).

Variability across evaluation episodes was comparable across models (standard de-
viation approximately 0.23—0.25) and did not alter the observed performance ordering.

3.2  Localization Accuracy

Table 2 reports mean localization error (m) for representative trajectories.

Table 2. Mean localization error (meters)

Session Path  KNN (mean) PF (mean)

EvalA 1 0.82 0.76
EvalA 2 0.52 0.79
EvalA 3 1.20 1.18
EvalB 1 0.82 0.39
EvalB 2 1.00 0.81
EvalB 3 8.06 8.15
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Two distinct behaviors emerge. For several trajectories (e.g., Eval B, Path 1), particle
filtering substantially improves localization accuracy, reducing mean error from 0.82
m to 0.39 m by mitigating stochastic RSSI fluctuations and producing smoother, topol-
ogy-consistent trajectories.

In contrast, in Eval B, Path 3, both KNN and PF exhibit large errors (=8 m), indicat-
ing systematic calibration mismatch rather than stochastic noise. In such cases, filtering
does not yield improvement.

Figure 3 illustrates these behaviors: PF closely follows the ground truth in the im-
provement case, while both methods deviate substantially in the failure case, showing
that filtering cannot compensate for structural bias in the observation model.

Fig. 3. Representative BLE localization trajectories. (a) KNN vs ground truth for the improve-
ment case (Eval B, Path 1). (b) Particle filter vs ground truth for the same trajectory. (c) KNN vs
ground truth for the failure case (Eval B, Path 3). (d) Particle filter vs ground truth for the same
trajectory. Ground truth trajectories are shown in green; KNN estimates are shown as red dashed
lines; particle filter estimates are shown in blue.

4 Discussion

This study models daily cardiology care pathways as partially observed dynamical sys-
tems. Instead of treating hospital event logs as complete representations of patient tra-
jectories, department transitions are interpreted as latent states evolving under learned
institutional transition regularities. The task therefore shifts from descriptive sequence
analysis to probabilistic state inference under uncertainty.

The results indicate that structural transition modeling alone improves reconstruc-
tion relative to direct use of sparse and noisy observations, demonstrating that depart-
ment flows exhibit statistically stable patterns rather than arbitrary sequencing. More
importantly, sequential data assimilation yields the largest gains in both in-sample and
temporally held-out evaluation. Together, these findings support modeling healthcare
pathways as structured stochastic processes whose latent dynamics can be systemati-
cally exploited for probabilistic reconstruction. From a computational perspective, this
illustrates that state-space modeling and sequential inference methods, traditionally
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applied in physical systems, transfer effectively to organizational settings characterized
by discrete and partially informative observations.

Across all evaluated configurations, the principal improvement arises from sequen-
tial integration of observations with the learned transition prior. The particle filter com-
bines institutional structure with partial evidence to approximate posterior trajectory
distributions that consistently outperform both observation-only inference and model-
only rollout. The persistence of gains in the temporally held-out 2019 data indicates
that learned transition tendencies retain predictive value beyond the training period,
suggesting gradual institutional evolution rather than rapid structural drift.

The comparison between first- and second-order transition models further clarifies
the source of improvement. While incorporating short-term memory yields only modest
additional benefit, the dominant effect stems from probabilistic state estimation itself.
Assimilation—rather than increased transition order—constitutes the primary method-
ological mechanism driving reconstruction performance.

The BLE localization experiments provide a complementary perspective on obser-
vation reliability within the same institutional environment. Even under topology-
aware particle propagation and graph-based motion constraints, localization accuracy
varies across sessions. Sequential filtering reduces stochastic RSSI fluctuations but fails
under systematic calibration mismatch, illustrating a general property of Bayesian state
estimation: filtering mitigates random noise but cannot correct structural bias or mis-
specified likelihood models. This behavior parallels the department-level reconstruc-
tion problem. MIS event records, like RSSI measurements, provide indirect and imper-
fect proxies of the underlying state, potentially affected by delayed entries, aggregation
effects, or partial transition visibility. Structural transition models combined with se-
quential assimilation stabilize inference when uncertainty is predominantly stochastic,
yet remain sensitive to systematic distortions in the observation process. The BLE anal-
ysis therefore reinforces the broader modeling principle of this work: healthcare path-
ways can be treated as partially observed dynamical systems, and probabilistic assimi-
lation yields measurable benefits when observational noise is stochastic rather than
structurally biased.

From an operational perspective, improved reconstruction of care pathways enables
more reliable analysis of patient flow from incomplete event data. By recovering latent
department transitions, the approach supports identification of bottlenecks and atypical
routing patterns, informing workflow optimization and resource allocation. It may also
support online monitoring of patient trajectories under uncertainty.

4.1 Limitations and Future Work

Several limitations warrant consideration. First, the transition model is frequency-based
and assumes stationarity over the training period. Although temporal holdout results
indicate stability, substantial workflow changes could reduce predictive performance.
Adaptive or time-varying transition estimation may address this limitation.

Second, the department-level observation model uses a controlled stride-based cor-
ruption mechanism. Real hospital event noise may exhibit structured temporal depend-
encies or department-specific biases not captured in this abstraction.
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Third, BLE experiments were conducted on a single hospital floor and are intended
to illustrate modeling principles rather than provide a comprehensive localization study.

Future work may explore adaptive transition modeling under evolving institutional
dynamics, richer observation likelihoods derived directly from raw MIS event charac-
teristics, and multi-scale assimilation frameworks that integrate physical localization
and departmental state modeling within a unified inference architecture.

5 Conclusion

This study formulates daily ambulatory cardiology care pathways as partially observed
stochastic processes and demonstrates that probabilistic data assimilation substantially
improves reconstruction of department trajectories under sparse and noisy observa-
tions. Department dynamics are modeled using data-driven first- and second-order
Markov transitions learned from multi-year hospital data, and latent trajectories are in-
ferred through particle filtering within a discrete-time state-space framework.

Across both in-sample and temporally held-out evaluation, sequential assimilation
consistently outperforms observation-only inference and model-only rollout. Higher-
order transition memory yields only modest additional benefit; the primary improve-
ment arises from integrating structural transition priors with partial observations via
Sequential Monte Carlo inference. Temporal holdout results further indicate that
learned transition dynamics retain predictive value beyond the training period, support-
ing the interpretation of healthcare pathways as structured stochastic processes rather
than arbitrary event sequences.

Complementary BLE localization experiments provide a physical-layer validation
of the same principle. Filtering mitigates stochastic observation noise but cannot com-
pensate for systematic calibration bias, mirroring the department-level setting. Assim-
ilation therefore enhances reconstruction when uncertainty is primarily stochastic,
while remaining sensitive to model misspecification.

Overall, the results show that state-space modeling and particle-based data assimila-
tion extend naturally to institutional and healthcare systems characterized by partial
observability. When structured transition dynamics are present, probabilistic assimila-
tion provides a principled and computationally tractable framework for reconstructing
latent process trajectories.

Future work may investigate adaptive transition estimation under evolving work-
flows, richer observation models derived directly from MIS event characteristics, and
multi-scale assimilation strategies integrating physical and departmental state represen-
tations.
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