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Abstract
Background: Online reviews of health care services represent a growing source of unsolicited, citizen-generated data that
can complement traditional instruments for monitoring public perception of health systems. However, longitudinal analyses
examining how citizens’ perceptions evolved before, during, and after the COVID-19 pandemic remain scarce, and existing
studies have rarely differentiated between levels of care.
Objective: This study aimed to examine the longitudinal evolution of public perception of a regional public health system
over a 10-year period, with particular attention to differences between primary care and hospital services, and to assess whether
the COVID-19 pandemic produced a temporary disruption or a more persistent structural shift in citizens’ evaluation of health
care.
Methods: A retrospective longitudinal observational study was conducted using 47,589 online reviews from 812 public
health care facilities in Andalusia, Spain, collected from Google Maps between 2016 and 2025. Reviews were classified as
positive or negative based on star ratings and validated against manual annotation using Cohen κ. The proportion of negative
reviews was analyzed across 3 periods: prepandemic (2016‐2019), pandemic (2020‐2022), and postpandemic (2023‐2025).
Structural breaks were identified through change-point detection analysis. Logistic regression models with robust standard
errors clustered at the facility level were used to quantify differences in negative sentiment across levels of care and over time.
Results: The proportion of negative reviews increased from 38.7% (2598/6713) in the prepandemic period to 73.7%
(13,296/18,046) during the pandemic, remaining elevated at 66.5% (15,181/22,830) in the postpandemic period. Change-point
detection identified March 2020 as a major structural break. The pandemic had markedly different effects across levels of
care: negative reviews in primary care rose from 34.8% (1330/3819) to 81.9% (10,138/12,371) during the pandemic, remaining
at 75.7% (9464/12,505) postpandemic, whereas hospital care showed a more moderate increase from 43.8% (1268/2894)
to 55.6% (3158/5675), remaining stable thereafter. Logistic regression models confirmed that the trajectory of negative
perception in primary care diverged significantly from hospital care during and after the pandemic, with interaction terms
indicating substantially higher odds of negative reviews in primary care during the pandemic (odds ratio 5.28, 95% CI
3.95‐7.07) and postpandemic period (odds ratio 3.66, 95% CI 2.66‐5.03).
Conclusions: The findings indicate that the COVID-19 pandemic was associated with a persistent structural shift in public
perception of health care services rather than a temporary fluctuation and that this shift was disproportionately concentrated
in primary care. The sustained deterioration in citizens’ perception of primary care observed years after the acute crisis
suggests that postpandemic recovery strategies should explicitly address the postcrisis phase and prioritize the relational and
communicative dimensions of primary care alongside structural capacity. Large-scale digital trace data offer a scalable and
continuous complement to traditional patient satisfaction instruments for monitoring health system legitimacy over time. These
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findings should be interpreted in light of the self-selection bias inherent to online reviews and the single-region scope of the
analysis.
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Introduction
Online Reviews as a Source of Citizen
Perception Data
Over the past decade, the evaluation of health systems has
increasingly extended beyond traditional survey instruments
toward large-scale digital traces of citizen experience,
particularly online reviews of health care organizations and
professionals [1]. Platforms such as Google Maps, Yelp, and
physician-rating websites have turned citizens from passive
respondents into active evaluators whose unsolicited, free-text
assessments accumulate continuously over multiple years [2-
5]. This makes them particularly well suited for studying
temporal changes in public perception of health care services
[6].

Throughout this manuscript, the terms experience,
perception, and sentiment are used to refer to conceptually
distinct but related layers of citizen engagement with health
services. Experience refers to the actual encounter between a
citizen and the health care system. Perception refers to how
that experience is interpreted, evaluated, and remembered
by the individual, shaped by expectations, prior interactions,
and broader institutional narratives. Sentiment refers to the
affective valence expressed in observable discourse, including
online reviews and ratings, constituting the empirical layer
accessible to large-scale digital trace analysis. The present
study operates at the level of sentiment as an empirically
observable proxy for perception, while acknowledging that
this proxy is mediated by the conditions under which reviews
are produced and shared.

The unstructured nature of these textual narratives
requires computational methods to be analyzed at scale.
Sentiment classification and change-point detection pro-
cedures allow researchers to transform free-text content
into structured longitudinal indicators of population-level
perception, complementing conventional measures of system
performance with insights derived directly from citizen
discourse [7-12].
Public Perception and the Legitimacy of
Health Systems
Public perception of health care services plays a critical role
in shaping trust in health institutions and the legitimacy of
publicly funded systems [13]. Trust has been associated with
important behavioral outcomes, including the willingness to
seek care, adherence to medical advice, and public support
for collective financing arrangements that sustain universal
health coverage [14]. Conversely, persistent narratives of
dissatisfaction or institutional failure may erode confidence
in public systems, contribute to the avoidance of services

or bypassing of primary care, and influence broader societal
debates regarding the organization and financing of health
care [5].

Importantly, experiences and expectations of care differ
across levels of the health system. Primary care typically
functions as the main entry point to publicly funded sys-
tems and is characterized by frequent, routine interactions
with citizens, longitudinal relationships, and coordination of
care [2]. Hospital care, by contrast, is usually experienced
through episodic encounters, often in contexts of acute illness
or heightened vulnerability [15]. These structural differen-
ces generate distinct evaluative frameworks: primary care
tends to be judged in terms of accessibility, continuity, and
relational quality, whereas hospital services are more often
evaluated with regard to perceived technical competence,
safety, and management of complex clinical situations [12].
Consequently, different levels of the same health system
may produce distinct experiential trajectories and narrative
patterns in citizen discourse [16].
COVID-19 as a Systemic Organizational
Shock
The COVID-19 pandemic produced an unprecedented
organizational shock to publicly funded health systems,
forcing rapid reconfiguration of services, clinical pathways,
and resource allocation [17,18]. Across many countries,
including Spain, this translated into the near-overnight
substitution of face-to-face encounters with telephone or
digital consultations in primary care, the postponement of
routine non-COVID services, and altered accessibility and
continuity of care for large segments of the population [19-
21].

Emerging empirical studies suggest that the first waves
of the pandemic were associated with a deterioration in
patient-reported experience, particularly in access, communi-
cation, and waiting times, and that online reviews and patient
complaints documented increasingly negative narratives
during the acute phase [22,23]. However, most existing
analyses rely on cross-sectional designs or limited observa-
tion windows surrounding the acute crisis, and longitudinal
analyses of citizen discourse spanning several years before
and after the pandemic remain scarce [24].
The Gap in the Literature
Although the literature documents important disruptions in
patient experience during the pandemic, several fundamen-
tal questions remain unresolved from a longitudinal perspec-
tive [24]. It remains unclear whether public perception of
health care services has returned to prepandemic levels or
has stabilized at a new plateau of negativity. Likewise, little
is known about whether deterioration in public perception
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reflects a temporary adjustment or a more durable shift in
how citizens evaluate health services. Furthermore, the extent
to which primary and hospital care have followed similar or
divergent trajectories of perception after COVID-19 has not
been systematically examined.
Conceptual Framework: Temporary
Shock vs Structural Transformation
From a conceptual standpoint, 2 broad interpretative models
can be considered when examining postpandemic trajectories
in citizen perception of health systems. In a temporary shock
model, the pandemic is understood as producing an abrupt
but transient disturbance: levels of dissatisfaction increase
during the acute crisis but gradually return to baseline once
organizational pressures diminish and services recover [25].
In this scenario, the pandemic does not fundamentally alter
the structure of citizen discourse about health care; it merely
amplifies preexisting concerns temporarily.

In contrast, a structural transformation model conceptual-
izes the pandemic as a critical juncture that reshapes how
citizens interpret and evaluate their encounters with health
services. Under this model, the crisis may lead to persis-
tent increases in negative perception, reordering of thematic
priorities in patient narratives, and potentially widening
differences in how various levels of the health system are
evaluated [26]. From this perspective, the pandemic does not
simply perturb evaluative patterns but contributes to a more
enduring reconfiguration of expectations, problematization,
and legitimacy surrounding health care services.
Study Objective and Research Question
To address this gap, the present study analyzes a longitudi-
nal corpus of 47,589 online reviews of public health care
facilities in Andalusia (Spain), spanning from 2016 to 2025,
drawn from a larger initial pool of over 66,000 reviews
retrieved from Google Maps and filtered for textual content,
length, and language consistency. Using validated senti-
ment classification and change-point detection, the analy-
sis examines whether the COVID-19 pandemic produced a
temporary disruption or a more persistent structural shift in
public perception of health services, with particular attention
to differences between primary care and hospital care.

Methods
Study Design
This study was designed as a retrospective longitudinal
observational study based on user-generated online reviews.
The objective was to analyze the evolution of public
perception of the Andalusian public health system using
large-scale textual data generated by patients on digital
platforms.

The analysis included reviews of public primary care
centers and hospitals that belong to the Andalusian Public
Health System (Servicio Andaluz de Salud). By covering both
levels of care, the study aimed to capture potential differences
in public perception across components of the health system.

The longitudinal nature of the dataset enabled analysis of
temporal changes in perception over several years.

The design and reporting of this study adhered to
the STROBE (Strengthening the Reporting of Observatio-
nal Studies in Epidemiology) statement [27]. A completed
STROBE checklist is provided as Checklist 1.

Ethical Considerations
This study was based exclusively on publicly available,
user-generated content posted on Google Maps. No interac-
tion with patients or health care professionals took place, no
clinical or otherwise identifiable health data were accessed,
and no informed consent was required.

The study protocol (study code AP-0020 2025) was
submitted to the Provincial Research Ethics Committee of
Almería (Comité de Ética de la Investigación con med-
icamentos, CEIm Provincial de Almería), an accredited
committee constituted in accordance with Andalusian Decree
8/2020 of 30 January (Official Gazette of the Regional
Government of Andalusia [BOJA] number 24, 5 February
2020) [28]. On 26 November 2025, the committee issued a
formal ruling (reference SICEIA-2025‐002988) determining
that the study did not require ethics committee evaluation
(“no procede valoración por parte del CEI/CEIm”) on the
grounds that it did not involve human participants in the
regulatory sense established by Spanish Law 14/2007 of 3
July [29] on Biomedical Research and relied exclusively on
publicly available secondary data.

Reviewer names and any other potentially identifying
information were excluded from the analytical dataset; only
the textual content, star ratings, dates, facility identifiers,
and aggregated geographic information were retained. Data
processing complied with European General Data Protection
Regulation (EU-GDPR) 2016/679 [30] and Spanish Organic
Law 3/2018 [31].
Data Source and Data Collection
The sampling frame included all publicly funded primary care
and hospital facilities within the Andalusian Public Health
System, identified through the official institutional directory
of the Andalusian Health Service. This publicly available
registry was exported to a structured dataset containing
facility names and identifiers, which served as the basis for
the automated identification of the corresponding locations on
Google Maps.

Because the objective was to analyze citizens’ perceptions
of the public health system as a whole, all facilities listed in
the directory were included and no sampling procedures were
applied. Consequently, no a priori sample size calculation was
performed: the analytical corpus reflects a population-based
census of all publicly available digital reviews of the regional
public health care system rather than a probabilistic sample.
Web Scraping Procedure
Data collection followed a multistage automated web
scraping pipeline. A custom Python script based on the
Selenium framework searched for each facility on Google
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Maps and retrieved the corresponding location URLs. These
URLs were then processed using an automated scraping
tool implemented on the Apify platform, which extracted
all publicly available reviews associated with each location,
including review text, star rating, review date, reviewer name,
overall location rating, geographic coordinates, and facility
metadata.

The extraction was conducted in December 2025 and
retrieved all reviews available on the platform at that time,
with the earliest reviews dating back to 2010. To ensure
temporal consistency and sufficient data density for longitudi-
nal analysis, the analytical period was restricted to reviews
published between 2016 and 2025.

Text Preprocessing and Data Cleaning
Although the primary analysis relied on star ratings as a
proxy for sentiment, textual data were processed to ensure
data quality and to enable validation procedures.

Reviews that did not contain textual content were
removed. In addition, reviews containing fewer than 5 words
were excluded in order to eliminate entries that did not
provide meaningful narrative information.

The remaining reviews were subjected to standard
text-cleaning procedures, including conversion to lowercase,
removal of punctuation, removal of URLs and special
characters, and filtering using regular expressions.

Language detection procedures were applied to exclude
reviews written in languages other than Spanish, ensuring
linguistic consistency within the dataset.

The initial scraping pipeline retrieved approximately
66,000 raw reviews across the registered facilities. After
excluding reviews without textual content, reviews with fewer
than 5 words, and reviews not written in Spanish, the final
analytical corpus consisted of 47,589 textual reviews from
812 publicly funded health care facilities. A summary of the
cascade of inclusion and exclusion criteria is provided in
Multimedia Appendix 1 (flow diagram). The full text of all
retained reviews was preserved in the analytical dataset.

Sentiment Categorization
For the purpose of analyzing public perception, reviews were
categorized according to their star rating, which served as
a proxy indicator of sentiment. Reviews with ratings of 4
or 5 stars were classified as positive, whereas reviews with
ratings of 1 or 2 stars were classified as negative. Reviews
with 3 stars were classified as neutral and were retained in
the analytical dataset; in the binary logistic regression models,
they were coded as not negative.

To assess the validity of this proxy, a subsample of 300
reviews was drawn from the analytical corpus through simple
random sampling, without stratification by year, level of care,
or star rating. Each review was manually classified by the
first author as positive, negative, or neutral based on the
affective valence of the review text, with the label reflect-
ing the dominant tone of the narrative. Agreement between
the star-rating–based classification and the manual annotation

was quantified using Cohen κ coefficient, yielding κ=0.84,
which supports the use of star ratings as a scalable proxy
indicator of sentiment in large-scale observational datasets
[32].
Temporal Analysis
To examine temporal changes in public perception, the
proportion of negative reviews was calculated for each year
of the study period. Temporal trends were visualized using
annual time-series plots comparing primary care and hospital
services.

The study period was divided into 3 phases: prepan-
demic (2016‐2019), pandemic (2020‐2022), and postpan-
demic (2023‐2025), enabling comparisons across different
stages of the COVID-19 pandemic.

The 2023‐2025 period is operationalized as postpandemic
with reference to the formal end of the World Health
Organization Public Health Emergency of International
Concern for COVID-19 on 5 May 2023 [33]. Although major
nonpharmaceutical interventions in Spain had already been
progressively relaxed during 2022, that year was retained
within the pandemic period because it represented a transi-
tional phase in which health care services continued to adapt
to pandemic-related organizational disruptions and changing
patterns of care delivery. We acknowledge that the boundary
between the pandemic and postpandemic phases is not sharp
and that some endemic dynamics of SARS-CoV-2 transmis-
sion persist; the operational definition used here reflects the
institutional and organizational transition from emergency
response to routine care management.
Change-Point Detection
To identify potential structural breaks in the temporal
trajectory of negative perception, a change-point detection
analysis was conducted using the pruned exact linear time
algorithm implemented in the ruptures Python library.

The algorithm was applied to the monthly time series of
negative review proportions using a radial basis function cost
function, allowing the detection of distributional changes over
time.
Statistical Analysis
Logistic regression models were used to quantify differences
in negative sentiment across levels of care and over time, with
negative sentiment as the dependent variable.

The analysis followed a stepwise approach. First, a
baseline model assessed the association between level of
care (primary vs hospital) and the probability of a review
being negative. Second, a model including year (centered)
was introduced to account for temporal trends in sentiment.
Third, an interaction model incorporating level of care ×
year interaction was specified to examine whether temporal
trajectories differed between primary and hospital care.

To specifically evaluate the impact of the COVID-19
pandemic, an additional model included pandemic period
categories (prepandemic, pandemic, and postpandemic) and
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interaction terms between the level of care and the pandemic
period.

The use of progressively specified nested models, together
with the 2 complementary parameterizations of time (centered
year as a continuous trend and pandemic period as a
categorical exposure), served as a robustness check for the
stability of the main associations across alternative analytical
strategies.

Results were reported as odds ratios (ORs) with 95% CI.
Robust standard errors clustered at the health care facility
level were used for inference on coefficients, while likelihood
ratio tests were used to compare nested models.

All reviews retained in the analytical corpus had complete
data for the variables used in the statistical models (star
rating, date, facility identifier, and level of care). Reviews
with missing text or with fewer than 5 words had been
excluded during preprocessing, and no imputation of missing
data was therefore required at the analytical stage.
Software Environment
All analyses were conducted in Python. Data manipula-
tion and preprocessing used pandas and NumPy; logistic

regression modeling and additional statistical procedures used
statsmodels and SciPy; change-point detection was performed
with the ruptures library; text processing for cleaning and
validation relied on NLTK and spaCy; and data visualization
was implemented with Matplotlib and Seaborn.

Results
Data Collection and Review Retrieval
The data collection pipeline retrieved all available online
reviews associated with the identified public health care
facilities during the extraction process. Figure 1 shows the
annual volume of raw reviews retrieved before the application
of text-length and language eligibility criteria, illustrating the
progressive increase in the use of online platforms for sharing
health care experiences over the study period. After prepro-
cessing and the application of the inclusion criteria, the final
analytical corpus consisted of 47,589 textual reviews from
812 publicly funded health care facilities of the Andalusian
Public Health System.

Figure 1. Annual volume of raw user-generated online reviews retrieved from Google Maps for public health care facilities of the Andalusian Public
Health System (Servicio Andaluz de Salud), Spain, 2016‐2025.

Across the analytical corpus of 47,589 reviews, 65.3%
(n=31,075) of reviews were classified as negative, 30.4%
(n=14,470) as positive, and 4.3% (n=2044) as neutral,
according to the sentiment categorization based on star
ratings.
Temporal Evolution of Negative
Perception
The proportion of negative reviews varied substantially across
the study period. Prior to the COVID-19 pandemic, negative
reviews accounted for approximately 38.7% (12,026/31,075)

of annual reviews. During the pandemic period, this
proportion increased markedly to 73.7% (22,902/31,075).
Although the proportion declined slightly in the postpandemic
period, it remained elevated at 66.5% (20,664/31,075), well
above prepandemic levels.

Overall, the proportion of negative reviews did not return
to prepandemic levels in the most recent years of the dataset,
suggesting a sustained shift in citizens’ perceptions follow-
ing the pandemic rather than a purely temporary fluctuation
(Figure 2).
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Figure 2. Temporal evolution of the proportion of negative online reviews of public health care facilities in the Andalusian Public Health System,
Spain, 2016‐2025 (retrospective longitudinal observational study, 47,589 user-generated reviews from 812 facilities via Google Maps). Reviews were
classified as negative when assigned 1 or 2 stars by the reviewer. Vertical dashed lines indicate the boundaries of the COVID-19 pandemic period,
with the prepandemic period defined as 2016‐2019, the pandemic period as 2020‐2022, and the postpandemic period as 2023‐2025.

Change-Point Detection
The change-point detection analysis identified 3 structural
change points in the trajectory of negative reviews. The most
prominent was detected around March 2020, coinciding with
the onset of the COVID-19 pandemic and marking a sharp

increase in the proportion of negative reviews. Additional
change points were identified around September 2017 in
primary care and around July 2018 in hospital care, suggest-
ing earlier shifts in the dynamics of negative perception prior
to the pandemic (Figure 3).

Figure 3. Structural change-point detection in the monthly proportion of negative online reviews of public health care facilities in the Andalusian
Public Health System, Spain, 2016‐2025 (retrospective longitudinal observational study, 47,589 user-generated reviews from 812 facilities via
Google Maps). Reviews were classified as negative when assigned 1 or 2 stars. Dashed vertical lines indicate structural change points detected using
the pruned exact linear time (PELT) algorithm with a radial basis function (RBF) cost function, as implemented in the ruptures Python library. The
shaded area corresponds to the COVID-19 pandemic period.

To quantify the magnitude of these shifts, the propor-
tion of negative reviews was compared across the prepan-
demic, pandemic, and postpandemic periods (Table 1). In
primary care, negative reviews increased markedly from
34.8% (1330/3819) in the prepandemic period to 81.9%
(10,138/12,371) during the pandemic, remaining elevated
at 75.7% (9464/12,505) in the postpandemic period. In
contrast, hospital care showed a more moderate increase,

from 43.8% (1268/2894) before the pandemic to 55.6%
(3158/5675) during the pandemic, remaining relatively stable
thereafter (5717/10,325, 55.4% in the postpandemic period).
The pandemic had a substantially stronger impact on the
perceived quality of primary care services, with negative
perceptions remaining persistently higher even after the acute
pandemic phase.

Table 1. Proportion of reviews classified as negative across prepandemic, pandemic, and postpandemic periods, stratified by level of care, in public
health care facilities in the Andalusian Public Health System (Servicio Andaluz de Salud), Spaina.
Period Primary care, n/N (%) Hospital care, n/N (%)
Prepandemic (2016‐2019) 1330/3819 (34.8) 1268/2894 (43.8)
Pandemic (2020‐2022) 10,138/12,371 (81.9) 3158/5675 (55.6)
Postpandemic (2023‐2025) 9464/12,505 (75.7) 5717/10,325 (55.4)

aBased on a retrospective longitudinal observational analysis of 47,589 user-generated reviews from 812 facilities retrieved from Google Maps.
Reviews were classified as negative when assigned 1 or 2 stars by the reviewer.
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Logistic Regression Models
The proportions reported in the preceding subsections
describe the absolute magnitude of negative perception within
each level of care and time period, providing a descriptive
picture of how citizen-generated sentiment varies across the
study period. The logistic regression models presented in
this subsection complement these descriptive proportions by
quantifying the relative strength of the associations between
negative sentiment, level of care, and time, while accounting
for the nonindependence of reviews nested within facilities
using robust standard errors clustered at the facility level.
The ORs reported below should therefore be interpreted as
adjusted measures of relative differences, not as estimates of
absolute prevalence.

In the baseline model including only the level of care,
reviews referring to primary care showed significantly higher
odds of being negative compared with hospital reviews (OR
2.33, 95% CI 1.98‐2.73; P<.001).

After adjusting for temporal variation using the cen-
tered year variable, the association between level of care
and negative sentiment remained statistically significant
(OR 2.48, 95% CI 2.12‐2.90; P<.001). In addition, the
year variable showed a positive association with negative
sentiment (OR 1.15, 95% CI 1.12‐1.19; P<.001), indicating
that the probability of negative reviews increased progres-
sively over time.

A third model including an interaction term between
level of care and time was estimated to assess whether
the difference between primary and hospital care evolved
across the study period. The interaction term was statistically
significant (OR 1.15, 95% CI 1.09‐1.21; P<.001), indicating
that the increase in the probability of negative reviews over
time was more pronounced in primary care compared with
hospital care (Table 2).

Table 2. Logistic regression models estimating the probability of a review being classified as negative as a function of level of care (primary care vs
hospital services) and timea.
Variable Model 1b Model 2c Model 3d

Primary care, ORe (95% CI) 2.33 (1.98‐2.73) 2.48 (2.12‐2.90) 2.53 (2.18‐2.94)
Year (centered), OR (95% CI) —f 1.15 (1.12‐1.19) 1.08 (1.04‐1.11)
Primary care × year, OR (95% CI) — — 1.15 (1.09‐1.21)
Pseudo-R² 0.030 0.048 0.052

aBased on a retrospective longitudinal observational analysis of 47,589 user-generated online reviews of 812 public health care facilities of the
Andalusian Public Health System, Spain, 2016‐2025 (Google Maps). Reviews were classified as negative when assigned 1 or 2 stars by the reviewer;
hospital care served as the reference category for level of care.
bModel 1 includes only level of care.
cModel 2 adjusts for temporal trend using centered year variable.
dModel 3 adds an interaction term between level of care and the centered year variable.
eOdds ratios with 95% CI are reported, with robust standard errors clustered at the health care facility level.
fNot applicable.

A separate set of logistic regression models incorporated the
pandemic period as a categorical exposure along with its
interaction with level of care. Compared with the prepan-
demic reference, the odds of negative reviews increased
during the pandemic (OR 1.61, 95% CI 1.26‐2.05; P<.001)
and remained elevated in the postpandemic period (OR 1.59,
95% CI 1.23‐2.06; P<.001). While primary care showed
lower odds than hospital care in the prepandemic period
(OR 0.69, 95% CI 0.51‐0.91; P=.009), it experienced a
markedly sharper increase during and after the pandemic,

with statistically significant interaction terms (Table 3). A
likelihood ratio test confirmed that the interaction model
improved fit relative to the baseline model (LR=3144.83,
df=4, P<.001), indicating that the association between level
of care and negative sentiment varied significantly across
pandemic periods. Taken together, these findings indicate
that the COVID-19 pandemic had a disproportionate and
persistent impact on public perception of primary care
services (Figure 4).

Table 3. Logistic regression model assessing the association between level of care (primary care vs hospital services), pandemic period (prepandemic
2016‐2019, pandemic 2020‐2022, and postpandemic 2023‐2025), and the probability of a review being classified as negativea.
Variable ORb (95% CI) P value
Primary care 0.69 (0.51‐0.91) .009
Pandemic period 1.61 (1.26‐2.05) <.001
Postpandemic period 1.59 (1.23‐2.06) <.001
Primary care × pandemic 5.28 (3.95‐7.07) <.001
Primary care × postpandemic 3.66 (2.66‐5.03) <.001

aBased on a retrospective longitudinal observational analysis of 47,589 user-generated online reviews from 812 public health care facilities in the
Andalusian Public Health System, Spain (Google Maps). Hospital care and the prepandemic period served as reference categories. Reviews were
classified as negative when assigned 1 or 2 stars by the reviewer.
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bOdds ratio with 95% CI and P values are reported, with robust standard errors clustered at the health care facility level.

Figure 4. Temporal evolution of the proportion of negative online reviews stratified by level of care (primary care vs hospital services) in
the Andalusian Public Health System, Spain, 2016‐2025 (retrospective longitudinal observational study, 47,589 user-generated reviews from 812
facilities via Google Maps). Reviews were classified as negative when assigned 1 or 2 stars by the reviewer. The dashed vertical line indicates the
onset of the COVID-19 pandemic in Spain (March 2020), which coincides with the structural break identified by the change-point detection analysis.

Discussion
Principal Findings
This longitudinal analysis of citizen-generated online reviews
of the Andalusian public health care system over a 10-year
period yielded 3 principal findings, each directly addressing
the objectives stated in the Introduction section. First, the
proportion of negative reviews increased sharply from 38.7%
in the prepandemic period to 73.7% during the pandemic
and remained elevated at 66.5% in the postpandemic period,
with change-point detection identifying March 2020 as a
major structural break in the monthly time series. Second,
the pandemic affected primary care and hospital services in
markedly distinct ways: negative reviews in primary care
rose from 34.8% to 81.9% during the pandemic and persis-
ted at 75.7% thereafter, whereas hospital care showed a
more moderate and stable shift from 43.8% to 55.6%, with
logistic regression confirming statistically distinct trajecto-
ries between the 2 levels of care. Third, several years after
the acute phase of the crisis, the proportion of negative
reviews has not returned to prepandemic baseline, supporting
the interpretation that the pandemic produced a persistent
structural shift in citizen evaluation of the health system
rather than a temporary disruption.
Comparison With Prior Work
Prior to the pandemic, negative reviews accounted for
approximately 38.7% of the corpus, a figure broadly
consistent with patterns documented in studies of online
health care reviews in comparable contexts [22]. Following
the onset of the pandemic in early 2020, this proportion
rose markedly to 73.7%, and although it declined slightly
in subsequent years, it remained substantially elevated at
66.5% in the postpandemic period, well above prepandemic
levels. The structural break detected around March 2020
using change-point analysis provides additional empirical

support for the interpretation that the pandemic represented a
discontinuity rather than an acceleration of preexisting trends.

Notably, the data also reveal earlier structural shifts in
the prepandemic period, with change points identified around
2017 in primary care and around 2018 in hospital care. While
the drivers of these earlier transitions fall outside the primary
scope of this study, they suggest that deterioration in public
perception of health services preceded the pandemic and that
COVID-19 may have acted as an amplifier of tensions that
were already emerging within the system [24].
Temporary Shock vs Structural
Transformation
The conceptual framework proposed in this study distin-
guishes between 2 broad trajectories following systemic
shocks to health services. Under a temporary shock model,
disruptions produce transient increases in dissatisfaction that
gradually resolve as organizational pressures diminish and
services recover [34]. Under a structural transformation
model, the shock functions as a critical juncture that produces
durable changes in how citizens interpret and evaluate their
encounters with health institutions [35].

The empirical evidence aligns with the structural trans-
formation scenario. Negative perceptions did not return to
prepandemic levels following the acute phase of the crisis:
the proportion of negative reviews remained at 66.5% in
the postpandemic period, compared with 38.7% before the
pandemic, a difference of nearly 28 percentage points.
The change-point analysis corroborates this interpretation,
identifying March 2020 as a structural break rather than
a temporary perturbation in the time series [2]. The logis-
tic regression models additionally indicate that the probabil-
ity of a review being negative increased significantly over
time, independently of the pandemic period categorization,
suggesting that the deterioration in public perception cannot
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be attributed exclusively to the acute disruptions of 2020‐
2022 but reflects a broader and more durable transformation
in how citizens narrate their experiences of care.

This interpretation is consistent with broader theoreti-
cal perspectives on institutional legitimacy [36], which
view large-scale crises as critical junctures capable of
reshaping citizen expectations and trust in public institu-
tions, particularly when disruptions affect the everyday
interface between citizens and services. Once expectations
are recalibrated downward and negative experiential frames
become normalized, recovery to prior levels of perceived
quality may require sustained organizational improvements
rather than the mere resolution of the acute crisis [37].

At the same time, the observational design of the study
does not permit strong causal attribution of the observed
structural shift exclusively to the COVID-19 pandemic.
Other concurrent factors, including ongoing reforms in
primary care organization, sustained workforce shortages,
the accelerated digitalization of public services, and broader
societal changes in expectations regarding public institutions,
may have contributed to the deterioration of citizen percep-
tion in parallel with the pandemic. The change-point analysis
identifies March 2020 as a clear temporal discontinuity in the
time series, strongly suggesting an association with the onset
of the pandemic, but the persistence of elevated negative
perception in subsequent years is likely to reflect a confluence
of pandemic-related and structural drivers rather than a single
causal mechanism.
Divergent Trajectories Between Primary
Care and Hospital Care
One of the most substantively important contributions of
this analysis is the identification of divergent trajectories in
public perception between primary care and hospital services.
While previous studies examining patient experience during
the COVID-19 pandemic have predominantly analyzed health
systems as aggregate entities, the present findings indicate
that the pandemic affected different levels of care in markedly
distinct ways [2,38,39].

Hospital services experienced a moderate increase in
negative perception during the pandemic (from 43.8% to
55.6%), and this remained relatively stable thereafter. Primary
care, by contrast, underwent a substantially more pronounced
and persistent deterioration (from 34.8% to 81.9%, remain-
ing elevated at 75.7%). The interaction terms in the logis-
tic regression models confirmed that these trajectories were
statistically distinct.

This asymmetry suggests that the pandemic did not affect
all components of the health system equally but rather
amplified preexisting structural tensions at specific organiza-
tional interfaces. In the case of primary care, these ten-
sions may be rooted in longstanding constraints, including
insufficient staffing, growing demand associated with chronic
disease management, and organizational fragmentation that
rendered services particularly vulnerable to disruption under
emergency conditions [40]. The earlier structural breaks
identified in the change-point analysis, around 2017 in

primary care and 2018 in hospital care, suggest that deteri-
oration in public perception had already begun prior to the
pandemic, consistent with documented pressures on primary
care services in Spain during this period [20].

Why Primary Care Absorbed the
Negative Perception
From a structural perspective, primary care operates as the
main interface between citizens and publicly funded health
systems, characterized by frequent interactions, longitudi-
nal relationships, and strong expectations of accessibility
and continuity [41]. Unlike hospital care, typically encoun-
tered through episodic and acute episodes, primary care is
embedded in the everyday routines of citizens, which exposes
it disproportionately to reputational damage when accessibil-
ity is disrupted.

During the pandemic, primary care services in Spain
underwent rapid and substantial organizational reconfigu-
ration. The widespread adoption of telephone triage sys-
tems and remote consultation models, implemented almost
overnight to manage patient flows and reduce transmis-
sion risk, fundamentally altered the experiential dimen-
sions through which citizens interacted with primary care,
particularly in terms of perceived accessibility, waiting
times, and continuity of the doctor-patient relationship [42].
While these adaptations were organizationally necessary, they
generated a significant mismatch between prior expectations
and the experienced reality of care, which is likely to be
reflected in the evaluative content of patient reviews [42].

A complementary explanation relates to the differential
symbolic framing of care levels in public discourse during the
pandemic. Hospitals were prominently positioned in media
and institutional narratives as the front line of the crisis
response, overloaded but indispensable [43]. Primary care,
by contrast, was frequently experienced as less accessible
and less visible [44], potentially functioning as a bottleneck
through which broader systemic pressures were experienced
and narrated by citizens, even when underlying constraints
originated elsewhere in the system.
Implications
These findings carry implications for understanding how
health system legitimacy evolves following systemic shocks
and for the design of postpandemic recovery strategies. While
the present study does not directly measure care utilization
or institutional trust, the sustained deterioration in public
perception of primary care, the main everyday interface with
publicly funded systems, may have downstream consequen-
ces for trust and engagement with health services that extend
beyond the acute crisis period [41]. Persistent dissatisfaction
with primary care access has been associated in the literature
with behavioral responses, including bypassing the gatekeep-
ing function, increasing reliance on emergency services, and
reduced adherence to preventive care pathways [45], all of
which carry significant implications for the efficiency and
sustainability of publicly funded systems.
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From a policy perspective, the persistence of elevated
negative perception well into the postpandemic period
suggests that recovery strategies should be explicitly designed
to address the postcrisis phase rather than focusing exclu-
sively on acute emergency response [46]. The deterioration in
public perception did not resolve spontaneously as pandemic
pressures diminished, implying that active and sustained
intervention is required beyond the acute crisis. Recovery
strategies focused exclusively on operational bottlenecks may
fail to address the underlying erosion of experiential quality
and relational trust that accumulated during the crisis [47,48],
and rebuilding the communicative and relational dimensions
of primary care, including continuity, personalized attention,
and transparent communication with patients, may be as
important as addressing structural capacity.

The divergence between primary and hospital care further
points to the need for differentiated recovery strategies across
levels of the system [49]. Investment should prioritize not
only structural capacity, including staffing, infrastructure,
and appointment systems, but also the relational dimensions
of care that shape everyday citizen experience. The rapid
adoption of remote consultation models during the pandemic,
while organizationally necessary, may have produced lasting
reputational costs that have not been fully reversed [42].
Policymakers should consider whether the current balance
between remote and face-to-face consultation adequately
meets citizen expectations and whether targeted efforts to
restore in-person accessibility could contribute to rebuilding
public trust. These considerations are particularly relevant in
the Spanish context, where primary care has faced sustained
pressure from workforce shortages, increasing demand, and
organizational fragmentation predating the pandemic [20,40].

From a methodological standpoint, this study demonstrates
the potential of large-scale digital trace data as a continu-
ous and scalable instrument for monitoring public percep-
tion of health systems longitudinally. Unlike traditional
patient satisfaction surveys, online reviews are generated
continuously, accumulate across extended time periods, and
capture unsolicited citizen discourse in naturalistic settings
[6]. The approach developed here could be extended to
other regional health systems or adapted to monitor specific
domains of care quality over time. Future research could
build on this work by incorporating fine-grained textual
analysis of review content to identify the specific drivers of
persistent dissatisfaction [2] and by conducting comparative
analyses across health systems with different organizational
models. Although the analysis presented here is grounded in
the Andalusian context, comparable patterns of deteriorated
patient experience during the pandemic have been documen-
ted in several other publicly funded health systems [22,23],
suggesting that the dynamics described may reflect broader
cross-system phenomena rather than purely local effects.
Limitations
Several limitations should be considered when interpreting
these findings. First, online reviews are subject to self-
selection bias, as individuals who choose to leave reviews
are more likely to report particularly positive or negative

experiences. Users of online review platforms tend to be
younger, more digitally engaged, and more urban, which
may limit the representativeness of the sample with respect
to the overall population of health service users, and prior
research has documented a negativity bias in online reviews
[50,51]. The analytical corpus therefore reflects the discursive
expression of a self-selected subset of the population, and
absolute levels of negativity should not be interpreted as
population-representative estimates of citizen satisfaction. In
addition, the volume of available reviews per facility was
uneven across the analytical corpus, so that facilities with
limited online presence or low review density contributed
less information to the longitudinal comparisons, weighting
the corpus toward facilities and time periods with higher
review activity. The longitudinal design partly mitigates this
concern by focusing on relative changes in proportions over
time rather than absolute levels: under the assumption that
the underlying biases in review behavior remained reason-
ably stable across the study period, temporal comparisons
remain informative about shifts in public perception. The
manual annotation used to validate the star-rating-based
sentiment classification was performed by a single annotator,
which precludes the assessment of interrater reliability; future
validation work using multiple independent annotators would
strengthen the methodological foundation of star-rating-based
sentiment proxies in this type of corpus.

Second, the volume of online reviews increased substan-
tially over the study period, which may reflect not only
changes in user experience but also broader changes in
platform adoption and user behavior, raising the possibility of
time-varying measurement bias. To mitigate this concern, the
analysis focused on the proportions of negative reviews rather
than absolute counts, an approach that is robust to changes
in overall review volume; in addition, the sharp discontinuity
identified by the change-point analysis around March 2020
is difficult to attribute solely to gradual shifts in reviewer
composition or in platform adoption, which would be
expected to produce smooth secular trends rather than abrupt
structural breaks. Nevertheless, it cannot be entirely ruled out
that gradual changes in reviewer composition contributed in
part to the observed trends. Within-year seasonality was also
not explicitly modeled in the regression analyses, although
the monthly aggregation used in the change-point detection
partially captures sub-annual variation.

Third, the use of star ratings as a proxy for perception
provides a unidimensional measure that does not capture
specific domains such as communication, waiting times, or
perceived quality of care. While the high agreement observed
between star ratings and manually annotated sentiment
supports their use as a scalable indicator, more granular
analyses combining sentiment trajectories with aspect-based
or thematic analysis of review content would be necessary to
fully understand the specific experiential drivers of dissatis-
faction.

Fourth, the statistical models explain only a limited
proportion of the variability in individual-level outcomes,
which is expected in analyses of subjective perceptions that
are influenced by multiple contextual factors not captured in
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the dataset. The objective of the models was not to predict
individual reviews but to estimate population-level effects
and identify structural changes in perception over time.

Finally, the findings are drawn from a single regional
health system, and their generalizability to other institutional
or national contexts should be assessed through comparative
research.
Conclusions
Public perception of health care services did not recover to
prepandemic levels in the years following the COVID-19
crisis. The evidence presented here indicates that the
pandemic marked a structural turning point in how citizens
evaluate publicly funded health services, with the structural
break detected around March 2020 representing a clear
discontinuity rather than a transient perturbation.

The findings reveal a marked divergence between primary
care and hospital services that persisted well into the
postpandemic period. While hospital services experienced a
moderate and relatively stable increase in negative percep-
tion, primary care underwent a substantially more pronounced
and enduring deterioration. This asymmetry suggests that
the pandemic amplified preexisting structural tensions within
primary care rather than affecting the health system homoge-
neously, and that the experiential and symbolic dimensions of
primary care made it particularly vulnerable to reputational
damage when everyday accessibility was disrupted.

These findings have direct implications for postpan-
demic recovery policy. The persistence of elevated neg-
ative perception years after the resolution of the acute
crisis indicates that restoring service capacity alone is
insufficient to rebuild public trust. Recovery strategies should

explicitly target the relational, communicative, and acces-
sibility dimensions of primary care and should be sus-
tained beyond the acute phase of the crisis. Differentiated
approaches across levels of care are necessary to avoid
misallocation of resources and to address the specific deficits
that have accumulated in primary care. Concrete examples of
such differentiated recovery measures could include sustained
investment in primary care workforce expansion to restore
in-person accessibility, the introduction of explicit indicators
of relational and communicative quality alongside operational
efficiency metrics, and the development of mechanisms for
periodic monitoring of citizen narratives as an early-warning
instrument for shifts in perceived legitimacy.

Beyond the Andalusian context, these findings illustrate
how systemic shocks to publicly funded services may produce
durable shifts in citizen evaluation that outlast the operational
resolution of the crisis itself, and they underline the need
for health system governance frameworks to monitor and
respond to the experiential and relational dimensions of care,
not only the operational ones. The methodological frame-
work developed here, combining large-scale digital trace
data, validated sentiment classification, and change-point
detection, is in principle transferable to any health system
with sufficient digital review activity, offering a low-cost and
continuous instrument that complements rather than replaces
traditional satisfaction surveys and provides timely signals
about shifts in citizen experience that would otherwise go
undetected until the next formal measurement cycle. As
health systems worldwide navigate postpandemic recovery,
the capacity to detect early and persistent shifts in citizen
discourse may become an increasingly relevant component
of resilience and legitimacy monitoring in publicly funded
health care.

Acknowledgments
The authors used Claude (Anthropic) for language editing and writing assistance during the preparation of this manuscript,
including improvements to phrasing, grammar, and structural clarity. The tool was not used to generate scientific content,
analyze data, produce results, or formulate interpretations. All AI-assisted text was critically reviewed and edited by the
authors, who take full responsibility for the integrity and accuracy of the final manuscript.
Funding
The authors declared no financial support was received for this work. This study was conducted as part of the doctoral research
of JG-G at the Universitat Politècnica de València.
Data Availability
The dataset analyzed in this study was retrieved from publicly available Google Maps reviews. Redistribution of the raw
scraped corpus is restricted by the Google Maps Platform Terms of Service, which prohibit the bulk export and redistribution
of platform content. For this reason, the raw review-level dataset cannot be deposited in a public repository. Aggregated data
sufficient to reproduce all reported statistics, including yearly proportions of negative reviews and period-level summaries by
level of care, are presented in the manuscript and tables.
The source code used for data preprocessing, sentiment classification validation, change-point detection, and statistical
modeling is openly available at GitHub (Microsoft) [53] under the MIT License and is permanently archived on Zenodo
(CERN Data Centre & InvenioRDM) [52]. Requests for further information on the data collection pipeline can be addressed to
the corresponding author.
Authors’ Contributions
Conceptualization: JG-G, CLS-B, CF-L
Data curation: JG-G
Formal analysis: JG-G

JOURNAL OF MEDICAL INTERNET RESEARCH Gazquez-Garcia et al

https://www.jmir.org/2026/1/e96824 J Med Internet Res 2026 | vol. 28 | e96824 | p. 11
(page number not for citation purposes)

https://www.jmir.org/2026/1/e96824


Investigation: JG-G
Methodology: JG-G, CLS-B, CF-L
Project administration: CF-L
Software: JG-G
Supervision: CLS-B, CF-L
Validation: JG-G
Visualization: JG-G
Writing - original draft: JG-G
Writing - review & editing: CLS-B, CF-L
All authors read and approved the final manuscript.
Conflicts of Interest
None declared.
Multimedia Appendix 1
Study flow diagram showing review retrieval, preprocessing, application of eligibility criteria, and construction of the final
analytical corpus for the retrospective longitudinal observational study of public perception of the Andalusian Public Health
System, Spain, 2016-2025.
[PNG File (Portable Network Graphics File), 1135 KB-Multimedia Appendix 1]

Checklist 1
STROBE checklist.
[PDF File (Adobe File), 188 KB-Checklist 1]
References
1. Zhang X, Sun J, Li X, Liu Y, Li C. Developing a framework for online review-based health care service quality

assessment: text-mining study. J Med Internet Res. Jul 9, 2025;27(1):e66141. [doi: 10.2196/66141] [Medline: 40633095]
2. Aunimo L, Oprescu AM, Kudryavtsev D, Munoz Saavedra L, Romero Ternero MDC. Perceived quality of service in

primary health care based on Google Maps reviews before, during, and after the COVID-19 pandemic: sentiment
analysis. J Med Internet Res. Sep 23, 2025;27:e70410. [doi: 10.2196/70410] [Medline: 40986861]

3. Nembhard IM, Matta S, Shaller D, Lee YSH, Grob R, Schlesinger M. Learning from patients: the impact of using
patients’ narratives on patient experience scores. Health Care Manage Rev. 2024;49(1):2-13. [doi: 10.1097/HMR.
0000000000000386] [Medline: 38019459]

4. Matta S, Lee YSH, Grob R, Schlesinger M, Nembhard I. The perceived usefulness of patient narrative feedback in
primary care settings. Patient Exp J. Aug 8, 2024;11(2):13-26. [doi: 10.35680/2372-0247.1943]

5. Lloyd R, Munro J, Evans K, et al. Health service improvement using positive patient feedback: systematic scoping
review. PLOS ONE. 2023;18(10):e0275045. [doi: 10.1371/journal.pone.0275045] [Medline: 37796785]

6. Greaves F, Ramirez-Cano D, Millett C, Darzi A, Donaldson L. Use of sentiment analysis for capturing patient
experience from free-text comments posted online. J Med Internet Res. Nov 1, 2013;15(11):e239. [doi: 10.2196/jmir.
2721] [Medline: 24184993]

7. Hendrickx I, Voets T, van Dyk P, Kool RB. Using text mining techniques to identify health care providers with patient
safety problems: exploratory study. J Med Internet Res. Jul 27, 2021;23(7):e19064. [doi: 10.2196/19064] [Medline:
34313604]

8. Hirschberg J, Manning CD. Advances in natural language processing. Science. Jul 17, 2015;349(6245):261-266. [doi:
10.1126/science.aaa8685] [Medline: 26185244]

9. Gonzalez-Hernandez G, Sarker A, O’Connor K, Savova G. Capturing the patient’s perspective: a review of advances in
natural language processing of health-related text. Yearb Med Inform. Aug 2017;26(1):214-227. [doi: 10.15265/IY-
2017-029] [Medline: 29063568]

10. van Buchem MM, Neve OM, Kant IMJ, Steyerberg EW, Boosman H, Hensen EF. Analyzing patient experiences using
natural language processing: development and validation of the artificial intelligence patient reported experience measure
(AI-PREM). BMC Med Inform Decis Mak. Jul 15, 2022;22(1):183. [doi: 10.1186/s12911-022-01923-5] [Medline:
35840972]

11. Khanbhai M, Anyadi P, Symons J, Flott K, Darzi A, Mayer E. Applying natural language processing and machine
learning techniques to patient experience feedback: a systematic review. BMJ Health Care Inform. Mar
2021;28(1):e100262. [doi: 10.1136/bmjhci-2020-100262] [Medline: 33653690]

12. Feizollah A, Lin CY, O’Malley L, Thompson W, Listl S, Byrne M. The use of natural language processing to interpret
unstructured patient feedback on health services: scoping review. J Med Internet Res. Aug 14, 2025;27(1):e72853. [doi:
10.2196/72853] [Medline: 40811803]

JOURNAL OF MEDICAL INTERNET RESEARCH Gazquez-Garcia et al

https://www.jmir.org/2026/1/e96824 J Med Internet Res 2026 | vol. 28 | e96824 | p. 12
(page number not for citation purposes)

https://jmir.org/api/download?alt_name=jmir_v28i1e96824_app1.png
https://jmir.org/api/download?alt_name=jmir_v28i1e96824_app1.png
https://jmir.org/api/download?alt_name=jmir_v28i1e96824_app2.pdf
https://jmir.org/api/download?alt_name=jmir_v28i1e96824_app2.pdf
https://doi.org/10.2196/66141
http://www.ncbi.nlm.nih.gov/pubmed/40633095
https://doi.org/10.2196/70410
http://www.ncbi.nlm.nih.gov/pubmed/40986861
https://doi.org/10.1097/HMR.0000000000000386
https://doi.org/10.1097/HMR.0000000000000386
http://www.ncbi.nlm.nih.gov/pubmed/38019459
https://doi.org/10.35680/2372-0247.1943
https://doi.org/10.1371/journal.pone.0275045
http://www.ncbi.nlm.nih.gov/pubmed/37796785
https://doi.org/10.2196/jmir.2721
https://doi.org/10.2196/jmir.2721
http://www.ncbi.nlm.nih.gov/pubmed/24184993
https://doi.org/10.2196/19064
http://www.ncbi.nlm.nih.gov/pubmed/34313604
https://doi.org/10.1126/science.aaa8685
http://www.ncbi.nlm.nih.gov/pubmed/26185244
https://doi.org/10.15265/IY-2017-029
https://doi.org/10.15265/IY-2017-029
http://www.ncbi.nlm.nih.gov/pubmed/29063568
https://doi.org/10.1186/s12911-022-01923-5
http://www.ncbi.nlm.nih.gov/pubmed/35840972
https://doi.org/10.1136/bmjhci-2020-100262
http://www.ncbi.nlm.nih.gov/pubmed/33653690
https://doi.org/10.2196/72853
http://www.ncbi.nlm.nih.gov/pubmed/40811803
https://www.jmir.org/2026/1/e96824


13. Kalulu P, Fisher A, Whitter G, et al. Trust, trust repair, and public health: a scoping review. Front Public Health.
2025;13:1560089. [doi: 10.3389/fpubh.2025.1560089] [Medline: 40575096]

14. Rasiah S, Jaafar S, Yusof S, Ponnudurai G, Chung KPY, Amirthalingam SD. A study of the nature and level of trust
between patients and healthcare providers, its dimensions and determinants: a scoping review protocol. BMJ Open. Jan
23, 2020;10(1):e028061. [doi: 10.1136/bmjopen-2018-028061] [Medline: 31980505]

15. Zitek T, Bui J, Day C, Ecoff S, Patel B. A cross-sectional analysis of Yelp and Google reviews of hospitals in the United
States. J Am Coll Emerg Physicians Open. Apr 2023;4(2):e12913. [doi: 10.1002/emp2.12913] [Medline: 36852191]

16. Sulaiman MH, Muda N, Abdul Razak F. Analyzing patient complaints in web-based reviews of private hospitals in
Selangor, Malaysia, using large language model-assisted content analysis: mixed methods study. JMIR Form Res. Jun
27, 2025;9:e69075. [doi: 10.2196/69075] [Medline: 40577714]

17. Witter S, Thomas S, Topp SM, et al. Health system resilience: a critical review and reconceptualisation. Lancet Glob
Health. Sep 2023;11(9):e1454-e1458. [doi: 10.1016/S2214-109X(23)00279-6] [Medline: 37591591]

18. Khalil-Khan A, Khan MA. The impact of COVID-19 on primary care: a scoping review. Cureus. Jan 2023;15(1):e33241.
[doi: 10.7759/cureus.33241] [Medline: 36618499]

19. Castillo-Rodenas M, Vicente Gómez JÁ, Fuster-Casanovas A, Miró Catalina Q, Vidal-Alaball J, López Seguí F. Impact
of COVID-19 on the pediatric primary care model in Catalonia: analysis of changes in the number and type of face-to-
face and remote visits. JMIR Pediatr Parent. Mar 15, 2024;7:e49943. [doi: 10.2196/49943] [Medline: 38532544]

20. Satué de Velasco E, Gayol Fernández M, Eyaralar Riera MT, Magallón Botaya R, Abal Ferrer F. Impact of the pandemic
on primary care. SESPAS Report 2022 [Article in Spanish]. Gac Sanit. 2022;36:S30-S35. [doi: 10.1016/j.gaceta.2022.
05.004] [Medline: 35781145]

21. Gasch-Illescas A, Calle-Serrano M, Vallejo-Vaz AJ, et al. Impact of the first wave of the COVID-19 pandemic on non-
COVID inpatient care in southern Spain. Sci Rep. Jan 30, 2023;13(1):1634. [doi: 10.1038/s41598-023-28831-6]
[Medline: 36717651]

22. Stanley J, Hensley M, King R, Baum N. The relationship between internet patient satisfaction ratings and COVID-19
outcomes. Healthcare (Basel). May 12, 2023;11(10):1411. [doi: 10.3390/healthcare11101411] [Medline: 37239695]

23. Çınar C, Erbay E, Çeliker G, Yıldırım AS. Evaluation of online patient complaints regarding city hospitals in Türkiye
during the COVID-19 pandemic: a content analysis study. Patient Exp J. 2024;11(1):121-130. [doi: 10.35680/2372-0247.
1881]

24. Moynihan R, Sanders S, Michaleff ZA, et al. Impact of COVID-19 pandemic on utilisation of healthcare services: a
systematic review. BMJ Open. Mar 16, 2021;11(3):e045343. [doi: 10.1136/bmjopen-2020-045343] [Medline: 33727273]

25. Al Asfoor D, Tabche C, Al-Zadjali M, Mataria A, Saikat S, Rawaf S. Concept analysis of health system resilience.
Health Res Policy Syst. Apr 5, 2024;22(1):43. [doi: 10.1186/s12961-024-01114-w] [Medline: 38576011]

26. Shvetsova O. Institutional change in healthcare as brought about by the critical juncture of the COVID-19 pandemic.
Binghamton University; 2025. URL: https://orb.binghamton.edu/working_paper_series/21 [Accessed 2026-07-17]

27. von Elm E, Altman DG, Egger M, et al. The Strengthening the Reporting of Observational Studies in Epidemiology
(STROBE) statement: guidelines for reporting observational studies. The Lancet. Oct 2007;370(9596):1453-1457. [doi:
10.1016/S0140-6736(07)61602-X] [Medline: 18064739]

28. Junta de Andalucía. Consejería de Salud y Familias. Decreto 8/2020, de 30 de enero, por el que se regulan los órganos de
ética asistencial y de la investigación biomédica en andalucía [Article in Spanish]. Boletín Oficial de la Junta de
Andalucía. Feb 2, 2020. URL: https://www.juntadeandalucia.es/boja/2020/24/3 [Accessed 2026-07-28]

29. Ley 14/2007, de 3 de julio, de investigación biomédica [Article in Spanish]. Agencia Estatal Boletín Oficial del Estado.
URL: https://www.boe.es/buscar/act.php?id=BOE-A-2007-12945 [Accessed 2026-07-28]

30. Regulation (EU) 2016/679 of the European Parliament and of the Council of 27 April 2016 on the protection of natural
persons with regard to the processing of personal data and on the free movement of such data, and repealing Directive
95/46/EC (General Data Protection Regulation) (Text with EEA relevance). European Union; May 4, 2016. URL: https://
eur-lex.europa.eu/eli/reg/2016/679/oj [Accessed 2026-07-28]

31. Ley orgánica 3/2018, de 5 de diciembre, de protección de datos personales y garantía de los derechos digitales [Article in
Spanish]. Agencia Estatal Boletín Oficial del Estado. URL: https://www.boe.es/buscar/act.php?id=BOE-A-2018-16673
[Accessed 2026-07-28]

32. Viera AJ, Garrett JM. Understanding interobserver agreement: the kappa statistic. Fam Med. May 2005;37(5):360-363.
[Medline: 15883903]

33. Statement on the fifteenth meeting of the IHR (2005) emergency committee on the COVID-19 pandemic. World Health
Organization. URL: https://www.who.int/news/item/05-05-2023-statement-on-the-fifteenth-meeting-of-the-international-
health-regulations-(2005)-emergency-committee-regarding-the-coronavirus-disease-(covid-19)-pandemic [Accessed
2026-05-22]

JOURNAL OF MEDICAL INTERNET RESEARCH Gazquez-Garcia et al

https://www.jmir.org/2026/1/e96824 J Med Internet Res 2026 | vol. 28 | e96824 | p. 13
(page number not for citation purposes)

https://doi.org/10.3389/fpubh.2025.1560089
http://www.ncbi.nlm.nih.gov/pubmed/40575096
https://doi.org/10.1136/bmjopen-2018-028061
http://www.ncbi.nlm.nih.gov/pubmed/31980505
https://doi.org/10.1002/emp2.12913
http://www.ncbi.nlm.nih.gov/pubmed/36852191
https://doi.org/10.2196/69075
http://www.ncbi.nlm.nih.gov/pubmed/40577714
https://doi.org/10.1016/S2214-109X(23)00279-6
http://www.ncbi.nlm.nih.gov/pubmed/37591591
https://doi.org/10.7759/cureus.33241
http://www.ncbi.nlm.nih.gov/pubmed/36618499
https://doi.org/10.2196/49943
http://www.ncbi.nlm.nih.gov/pubmed/38532544
https://doi.org/10.1016/j.gaceta.2022.05.004
https://doi.org/10.1016/j.gaceta.2022.05.004
http://www.ncbi.nlm.nih.gov/pubmed/35781145
https://doi.org/10.1038/s41598-023-28831-6
http://www.ncbi.nlm.nih.gov/pubmed/36717651
https://doi.org/10.3390/healthcare11101411
http://www.ncbi.nlm.nih.gov/pubmed/37239695
https://doi.org/10.35680/2372-0247.1881
https://doi.org/10.35680/2372-0247.1881
https://doi.org/10.1136/bmjopen-2020-045343
http://www.ncbi.nlm.nih.gov/pubmed/33727273
https://doi.org/10.1186/s12961-024-01114-w
http://www.ncbi.nlm.nih.gov/pubmed/38576011
https://orb.binghamton.edu/working_paper_series/21
https://doi.org/10.1016/S0140-6736(07)61602-X
http://www.ncbi.nlm.nih.gov/pubmed/18064739
https://www.juntadeandalucia.es/boja/2020/24/3
https://www.boe.es/buscar/act.php?id=BOE-A-2007-12945
https://eur-lex.europa.eu/eli/reg/2016/679/oj
https://eur-lex.europa.eu/eli/reg/2016/679/oj
https://www.boe.es/buscar/act.php?id=BOE-A-2018-16673
http://www.ncbi.nlm.nih.gov/pubmed/15883903
https://www.who.int/news/item/05-05-2023-statement-on-the-fifteenth-meeting-of-the-international-health-regulations-(2005)-emergency-committee-regarding-the-coronavirus-disease-(covid-19)-pandemic
https://www.who.int/news/item/05-05-2023-statement-on-the-fifteenth-meeting-of-the-international-health-regulations-(2005)-emergency-committee-regarding-the-coronavirus-disease-(covid-19)-pandemic
https://www.jmir.org/2026/1/e96824


34. Ismail SA, Bell S, Chalabi Z, et al. Conceptualising and assessing health system resilience to shocks: a cross-disciplinary
view. Wellcome Open Res. 2022;7:151. [doi: 10.12688/wellcomeopenres.17834.1] [Medline: 38826487]

35. Capoccia G. Critical junctures and institutional change. In: Mahoney J, Thelen K, editors. Advances in Comparative-
Historical Analysis. Cambridge University Press; 2015:147-179. [doi: 10.1017/CBO9781316273104.007]

36. Saulnier DD, Duchenko A, Ottilie-Kovelman S, Tediosi F, Blanchet K. Re-evaluating our knowledge of health system
resilience during COVID-19: lessons from the first two years of the pandemic. Int J Health Policy Manag. 2023;12(Issue
1):6659. [doi: 10.34172/ijhpm.2022.6659] [Medline: 37579465]

37. Belloni G, Monod S, Poroes C, Bühler N, Avendano M, Wernli D. Health systems governance, shocks and resilience: a
scoping review of key concepts and theories. BMJ Glob Health. Jun 19, 2025;10(6):e017358. [doi: 10.1136/bmjgh-2024-
017358] [Medline: 40541279]

38. Baránková M, Greškovičová K, Strnádelová B, Krizova K, Halamová J. Let us take it into our own hands: patient
experience during the COVID-19 pandemic. Int J Environ Res Public Health. Oct 29, 2022;19(21):14150. [doi: 10.3390/
ijerph192114150] [Medline: 36361026]

39. Wong ELY, Wang K, Cheung AWL, Graham C, Yeoh EK. Thinking beyond the virus: perspective of patients on the
quality of hospital care before and during the COVID-19 pandemic. Front Public Health. 2023;11:1152054. [doi: 10.
3389/fpubh.2023.1152054] [Medline: 37744522]

40. García Rada A. Primary care in Spain: underfunded, understaffed, and neglected. BMJ. Nov 29, 2022;379:o2665. [doi:
10.1136/bmj.o2665] [Medline: 36446427]

41. Kringos DS, Boerma WGW, Bourgueil Y, et al. The European primary care monitor: structure, process and outcome
indicators. BMC Fam Pract. Oct 27, 2010;11(1):81. [doi: 10.1186/1471-2296-11-81] [Medline: 20979612]

42. Iguacel I, Antón I, Urcola F, Ariño M, Martínez-Jarreta B. Assessing patient satisfaction with telephone-based
consultations before, during and after the COVID-19 pandemic in Spain. Aten Primaria. Feb 2024;56(2):102792. [doi:
10.1016/j.aprim.2023.102792] [Medline: 37924620]

43. Costa-Sánchez C, López Golán M. Impacto de la COVID-19 en la comunicación de los hospitales en España.
Adaptaciones y evaluación de sus profesionales [Article in Spanish]. Revista de Comunicación. Sep 8, 2022;21(2):69-90.
[doi: 10.26441/RC21.2-2022-A4]

44. Cura-Gonzalez I, Polentinos-Castro E, Bolaños-Gallardo E, et al. From unconditionality to disenchantment among
primary healthcare professionals during the COVID-19 pandemic: a qualitative study from Madrid, Spain. BMJ Open.
Jul 24, 2025;15(7):e090248. [doi: 10.1136/bmjopen-2024-090248] [Medline: 40707155]

45. Forrest CB. Primary care in the United States: primary care gatekeeping and referrals: effective filter or failed
experiment? BMJ. Mar 29, 2003;326(7391):692-695. [doi: 10.1136/bmj.326.7391.692] [Medline: 12663407]

46. Does healthcare deliver?: Results from the patient-reported indicator surveys (PaRIS). OECD; 2025. URL: https://www.
oecd.org/en/publications/does-healthcare-deliver_c8af05a5-en/full-report/building-trustworthy-21st-century-healthcare-
systems_2139da94.html [Accessed 2026-05-22]

47. McKee M, Van Schalkwyk MC, Greenley R, Permanand G. Placing trust at the heart of health policy and systems. Int J
Health Policy Manag. 2024;13:8410. [doi: 10.34172/ijhpm.2024.8410] [Medline: 39099501]

48. Correia T. Trust building in public health approaches: the importance of a “people-centered” concept in crisis response.
Risk Manag Healthc Policy. 2024;17:1903-1908. [doi: 10.2147/RMHP.S471250] [Medline: 39104746]

49. Solanes-Cabús M, Paredes E, Limón E, et al. Primary and community care transformation in post-COVID era:
nationwide general practitioner survey. Int J Environ Res Public Health. Jan 16, 2023;20(2):1600. [doi: 10.3390/
ijerph20021600] [Medline: 36674354]

50. Ranard BL, Werner RM, Antanavicius T, et al. Yelp reviews of hospital care can supplement and inform traditional
surveys of the patient experience of care. Health Aff (Millwood). Apr 2016;35(4):697-705. [doi: 10.1377/hlthaff.2015.
1030] [Medline: 27044971]

51. Hu N, Pavlou PA, Zhang J. On self-selection biases in online product reviews. MIS Q. Jun 1, 2017;41(2):449-471. [doi:
10.25300/MISQ/2017/41.2.06]

52. Gazquez-Garcia J, Sánchez-Bocanegra CL, Fernandez-Llatas C. Public perception of health care before, during, and after
COVID-19: a longitudinal analysis of online reviews (preprint). J Med Internet Res. Preprint posted online on Apr 1,
2026. [doi: 10.2196/preprints.96824]

53. Javiergazq/online-reviews-health-system-covid. GitHub. URL: https://github.com/javiergazq/online-reviews-health-
system-covid [Accessed 2026-07-20]

Abbreviations
BOJA: Official Gazette of the Regional Government of Andalusia
EU-GDPR: European General Data Protection Regulation
OR: odds ratio

JOURNAL OF MEDICAL INTERNET RESEARCH Gazquez-Garcia et al

https://www.jmir.org/2026/1/e96824 J Med Internet Res 2026 | vol. 28 | e96824 | p. 14
(page number not for citation purposes)

https://doi.org/10.12688/wellcomeopenres.17834.1
http://www.ncbi.nlm.nih.gov/pubmed/38826487
https://doi.org/10.1017/CBO9781316273104.007
https://doi.org/10.34172/ijhpm.2022.6659
http://www.ncbi.nlm.nih.gov/pubmed/37579465
https://doi.org/10.1136/bmjgh-2024-017358
https://doi.org/10.1136/bmjgh-2024-017358
http://www.ncbi.nlm.nih.gov/pubmed/40541279
https://doi.org/10.3390/ijerph192114150
https://doi.org/10.3390/ijerph192114150
http://www.ncbi.nlm.nih.gov/pubmed/36361026
https://doi.org/10.3389/fpubh.2023.1152054
https://doi.org/10.3389/fpubh.2023.1152054
http://www.ncbi.nlm.nih.gov/pubmed/37744522
https://doi.org/10.1136/bmj.o2665
http://www.ncbi.nlm.nih.gov/pubmed/36446427
https://doi.org/10.1186/1471-2296-11-81
http://www.ncbi.nlm.nih.gov/pubmed/20979612
https://doi.org/10.1016/j.aprim.2023.102792
http://www.ncbi.nlm.nih.gov/pubmed/37924620
https://doi.org/10.26441/RC21.2-2022-A4
https://doi.org/10.1136/bmjopen-2024-090248
http://www.ncbi.nlm.nih.gov/pubmed/40707155
https://doi.org/10.1136/bmj.326.7391.692
http://www.ncbi.nlm.nih.gov/pubmed/12663407
https://www.oecd.org/en/publications/does-healthcare-deliver_c8af05a5-en/full-report/building-trustworthy-21st-century-healthcare-systems_2139da94.html
https://www.oecd.org/en/publications/does-healthcare-deliver_c8af05a5-en/full-report/building-trustworthy-21st-century-healthcare-systems_2139da94.html
https://www.oecd.org/en/publications/does-healthcare-deliver_c8af05a5-en/full-report/building-trustworthy-21st-century-healthcare-systems_2139da94.html
https://doi.org/10.34172/ijhpm.2024.8410
http://www.ncbi.nlm.nih.gov/pubmed/39099501
https://doi.org/10.2147/RMHP.S471250
http://www.ncbi.nlm.nih.gov/pubmed/39104746
https://doi.org/10.3390/ijerph20021600
https://doi.org/10.3390/ijerph20021600
http://www.ncbi.nlm.nih.gov/pubmed/36674354
https://doi.org/10.1377/hlthaff.2015.1030
https://doi.org/10.1377/hlthaff.2015.1030
http://www.ncbi.nlm.nih.gov/pubmed/27044971
https://doi.org/10.25300/MISQ/2017/41.2.06
https://doi.org/10.2196/preprints.96824
https://github.com/javiergazq/online-reviews-health-system-covid
https://github.com/javiergazq/online-reviews-health-system-covid
https://www.jmir.org/2026/1/e96824


STROBE: Strengthening the Reporting of Observational Studies in Epidemiology

Edited by Amaryllis Mavragani; peer-reviewed by Diana Barger, Miloud Chakit, Nana Adwoa Amoh-Asante, Onder Tutsoy;
submitted 01.Apr.2026; final revised version received 24.May.2026; accepted 26.Jun.2026; published 12.Aug.2026

Please cite as:
Gazquez-Garcia J, Sánchez-Bocanegra CL, Fernandez-Llatas C
Public Perception of Health Care Before, During, and After COVID-19: Longitudinal Analysis of Online Reviews
J Med Internet Res 2026;28:e96824
URL: https://www.jmir.org/2026/1/e96824
doi: 10.2196/96824

© Javier Gazquez-Garcia, Carlos Luis Sánchez-Bocanegra, Carlos Fernandez-Llatas. Originally published in the Journal of
Medical Internet Research (https://www.jmir.org), 12.Aug.2026. This is an open-access article distributed under the terms
of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work, first published in the Journal of Medical Internet
Research (ISSN 1438-8871), is properly cited. The complete bibliographic information, a link to the original publication on
https://www.jmir.org/, as well as this copyright and license information must be included.

JOURNAL OF MEDICAL INTERNET RESEARCH Gazquez-Garcia et al

https://www.jmir.org/2026/1/e96824 J Med Internet Res 2026 | vol. 28 | e96824 | p. 15
(page number not for citation purposes)

https://www.jmir.org/2026/1/e96824
https://doi.org/10.2196/96824
https://www.jmir.org
https://creativecommons.org/licenses/by/4.0/
https://www.jmir.org/
https://www.jmir.org/2026/1/e96824

	Public Perception of Health Care Before, During, and After COVID-19: Longitudinal Analysis of Online Reviews
	Introduction
	Online Reviews as a Source of Citizen Perception Data
	Public Perception and the Legitimacy of Health Systems
	COVID-19 as a Systemic Organizational Shock
	The Gap in the Literature
	Conceptual Framework: Temporary Shock vs Structural Transformation
	Study Objective and Research Question

	Methods
	Study Design
	Ethical Considerations
	Data Source and Data Collection
	Web Scraping Procedure
	Text Preprocessing and Data Cleaning
	Sentiment Categorization
	Temporal Analysis
	Change-Point Detection
	Statistical Analysis
	Software Environment

	Results
	Data Collection and Review Retrieval
	Temporal Evolution of Negative Perception
	Change-Point Detection
	Logistic Regression Models

	Discussion
	Principal Findings
	Comparison With Prior Work
	Temporary Shock vs Structural Transformation
	Divergent Trajectories Between Primary Care and Hospital Care
	Why Primary Care Absorbed the Negative Perception
	Implications
	Limitations
	Conclusions



