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Abstract: Objective: To evaluate the efficacy of a clinical data-driven intelligent diagnosis and treatment model 
in chronic obstructive pulmonary disease (COPD) home rehabilitation, focusing on improving patient outcomes 
through personalized interventions. Methods: A total of 82 COPD patients (control group) received conventional 
care from January to September 2023. An additional 86 patients (intelligent group) were managed via a cloud plat-
form integrating wearable devices (smart bracelets, pulmonary function meters) and symptom tracking apps from 
October 2023 to July 2024. Real-time data (blood oxygen, heart rate, FEV1%, FVC) were uploaded daily, with long 
short-term memory -based acute exacerbation alerts. Personalized rehabilitation, medication, and nutrition guid-
ance were delivered via mobile platforms, alongside biweekly video consultations. A 6-month follow-up assessed 
pulmonary function (FVC, FEV1%, MMEF, PEF), cardiac function (LVEDD, LVEF), 6MWD, dyspnea (mMRC), quality of 
life (SGRQ), compliance, and exacerbation events. Results: At 3-6 months, the intelligent group showed significant 
improvements in pulmonary function (higher FVC, FEV1%, MMEF, PEF; all P < 0.05), cardiac function (improved 
LVEDD, LVEF, 6MWD; all P < 0.05), symptoms (lower mMRC, SGRQ scores; both P < 0.05), and compliance (higher 
data upload and intervention response rates; both P < 0.001). Exacerbations were reduced, with fewer events and 
shorter hospitalizations (all P < 0.05). Conclusions: The intelligent model improves COPD rehabilitation through real-
time monitoring and personalized care, significantly enhancing pulmonary and cardiac function, exercise capacity, 
and quality of life, while reducing exacerbations and hospitalizations. This model holds potential for broader clinical 
adoption.

Keywords: Clinical data intelligent diagnosis and treatment mode, chronic obstructive pulmonary disease, home-
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Introduction

Chronic obstructive pulmonary disease (COPD) 
is the third leading cause of death worldwide, 
with its prevalence rising and disease burden 
increasing [1, 2]. According to the World Health 
Organization, there are approximately 384 mil-
lion COPD patients globally, resulting in over  
3 million deaths annually, with a prevalence 
rate of 13.7% among individuals aged 40 and 
above in China [3, 4]. Characterized by progres-
sive airflow limitation, frequent acute exacer- 
bations, and continuous lung function decline, 
COPD leads to repeated hospitalizations, 
impaired quality of life, and greater social and 
economic burdens [5-7]. The traditional hospi-

tal-centered diagnostic and treatment model 
primarily focuses on acute phase interventions 
but fails to address the stable phase, where 
dynamic tracking of symptoms and early risk 
warning is lacking [8, 9]. With an aging popula-
tion and a shift in medical service models, 
home rehabilitation has become an essential 
component of COPD management. However, 
current home management approaches suffer 
from fragmented physiological data collection, 
delayed interventions, and lack of compliance 
monitoring [10, 11].

Recent advancements in artificial intelligen- 
ce and clinical medicine offer new opportuni-
ties for chronic disease management. Wearable 
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devices enable real-time monitoring of key 
physiological indicators like blood oxygen satu-
ration and respiratory rate, which, when com-
bined with structured data from lung function 
tests and medication records, create dynamic 
health profiles [12, 13]. Machine learning algo-
rithms have demonstrated significant ad- 
vantages in predicting disease progression, 
warning of acute exacerbations, and tailoring 
rehabilitation plans. Studies have shown that 
deep learning models have an AUC value of 
0.87 for predicting the 30-day readmission  
risk in COPD patients [14, 15]. However, exist-
ing research mainly focuses on hospital-based 
decision-support systems, and the integration 
of intelligent diagnosis and treatment models 
in home environments faces challenges such 
as data integration, algorithm generalization, 
and doctor-patient collaboration mechanisms. 
Specifically, aligning clinical guidelines with the 
unique characteristics of home care remains 
unsolved.

This study aims to develop an intelligent diag-
nosis and treatment system based on multi-
source clinical data, leveraging Internet of 
Things (IoT) sensors to capture real-time home 
environment parameters and patient physiolog-
ical indicators. The system will incorporate a 
decision-making model with time-series analy-
sis, overcoming the passive and reactive nature 
of traditional home management. It will estab-
lish a full-cycle management loop, including 
environmental risk alerts, dynamic rehabilita-
tion adjustments, and intelligent medication 
reminders. The results will offer innovative 
solutions to enhance patient self-management, 
reduce acute exacerbations, and provide both 
theoretical and practical insights for developing 
intelligent chronic disease management sys- 
tems.

Materials and methods

General information

Eighty-two COPD patients admitted to Taizhou 
Cancer Hospital from January to September 
2023 were assigned to the control group, and 
86 COPD patients admitted from October 2023 
to July 2024 were assigned to the intelligent 
group. This study was approved by the Ethics 
Committee of Taizhou Cancer Hospital, and all 
procedures involving human participants were 

conducted in accordance with the Declaration 
of Helsinki (2013 revision).

Patient selection

Eligible patients met the following criteria: con-
firmed diagnosis of COPD according to the 
Global Initiative for Chronic Obstructive Lung 
Disease (GOLD) 2023 guidelines [16], with a 
post-bronchodilator forced expiratory volume in 
one second/forced vital capacity ratio < 0.70; 
age ≥ 40 years; COPD history of ≥ 2 years; clini-
cal stability (no acute exacerbations requiring 
hospitalization or emergency care within the 
past 8 weeks); ability to operate basic digital 
interfaces (smartphone apps, wearable devic-
es) after standardized training; and residence 
within a 30-km radius of the study center. 
Exclusion criteria included: severe respiratory 
comorbidities (e.g., active lung cancer, bronchi-
ectasis with recurrent infections, untreated 
tuberculosis, interstitial lung disease); signifi-
cant cognitive impairment (Mini-Mental State 
Examination score < 24) or psychiatric disor-
ders; active malignancies or systemic autoim-
mune diseases; major organ dysfunction (he- 
patic failure, renal failure with estimated glo-
merular filtration rate < 30 mL/min/1.73 m2, or 
New York Heart Association functional classifi-
cation class III-IV heart failure); pregnancy or 
lactation; thoracic surgery or mechanical ven- 
tilation within 3 months prior to enrollment; 
inadequate home infrastructure (e.g., unstable 
internet, refusal to use monitoring equipment); 
planned relocation (> 4 weeks); severe visual/
hearing impairment preventing device interac-
tion; or concurrent enrollment in conflicting 
interventional trials.

Methods

The control group received standard manage-
ment, including monthly outpatient follow-up, 
standardized health education manuals, basic 
medication guidance, and paper-based reha-
bilitation plans.

The intelligent group used an IoT + cloud com-
puting-based intelligent diagnosis and treat-
ment system. Patients uploaded data daily via 
a smart bracelet (monitoring blood oxygen, 
heart rate, and activity), a home pulmonary 
function meter (recording FEV1% and FVC), and 
a symptom self-assessment app (collecting 
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cough frequency, sputum characteristics, and 
COPD assessment test score elements). A 
dynamic prediction model based on the short-
term memory neural network analyzed data 
trends in real time. If parameters deviated from 
baseline values by ≥ 15% or the acute exacer-
bation risk score exceeded a threshold, a three-
level warning mechanism (platform alert, SMS 
to the attending physician, emergency contact 
notification) was triggered. Personalized reha-
bilitation plans, including respiratory training 
video guidance (with AI motion capture error 
correction), medication adjustments, and nutri-
tional meal plans, were pushed to patients via 
mobile terminals. Additionally, at least biweekly 
video consultations were facilitated for two-way 
communication between doctors and patients. 
A decision tree rule base was established 
based on the GOLD guidelines, with parameter 
weights optimized every two weeks using 
machine learning algorithms.

Outcome measures

Pulmonary function: Pulmonary function was 
assessed using the CHEST AC-8800 pulmo-
nary function tester (CHEST Company, Japan) 
before enrollment, and at 3 and 6 months post-
enrollment. The following parameters were re- 
corded: forced vital capacity (FVC), forced expi-
ratory volume in one second as a (FEV1%), 
FEV1/FVC%, maximum mid-expiratory flow rate 
(MMEF), and peak expiratory flow rate (PEF).

Diaphragmatic function: The right diaphragmat-
ic thickening fraction and diaphragmatic excur-
sion were measured before enrollment, and at 
3 and 6 months post-enrollment. Diaphragmatic 
excursion was defined as the vertical distance 
between the lowest point of the diaphragm 
(during expiration) and the highest point (during 
inspiration), measured under electrodialysis.

Cardiac function: Cardiac function was evalu-
ated using the Philips IE33 echocardiography 
system before enrollment, and at 3 and 6 
months post-enrollment. Key indices included 
left ventricular end-diastolic diameter (LVEDD) 
and left ventricular ejection fraction (LVEF).

Exercise endurance: Patients performed the 
6-Minute Walk Test (6MWT) before enrollment, 
and at 3 and 6 months post-enrollment. A 
30-meter flat, wide, and straight path was 
used, with patients instructed to walk as far as 
possible within 6 minutes. The distance walked 

during the first test was recorded, and after a 
30-minute rest, a second test was performed. 
The distance from both tests was recorded, 
and the average distance was calculated.

Dyspnea evaluation: The modified Medical Re- 
search Council (mMRC) scale was used to 
assess dyspnea severity before enrollment, 
and at 3 and 6 months post-enrollment. Scores 
were as follows: 0, no dyspnea except after 
strenuous exercise; 1, shortness of breath 
when walking fast or climbing slowly; 2, walking 
slowly due to dyspnea; 3, walking 100 meters 
on level ground without resting; 4, dyspnea 
when dressing or undressing.

Quality of life: The St. George’s Respiratory 
Questionnaire (SGRQ) [17] was used to evalu-
ate quality of life before enrollment, and at 3 
and 6 months post-enrollment. The question-
naire consists of 51 items across three dimen-
sions: disease impact, activity limitation, and 
respiratory symptoms. Scores range from 0 to 
100, with higher scores indicating worse quality 
of life. The scale demonstrated good internal 
consistency (Cronbach’s α = 0.88).

Statistical analysis

Statistical analyses were performed using 
SPSS version 29.0 (IBM Corp., Armonk, NY). 
Continuous variables were first tested for nor-
mality using the Shapiro-Wilk test and visual 
inspection of Q-Q plots. Normally distributed 
data were expressed as mean ± standard devi-
ation. Between-group comparisons were per-
formed using independent samples t-tests for 
two groups, and one-way ANOVA for compari-
sons involving more than two groups. For longi-
tudinal changes within groups at multiple time 
points, repeated measures ANOVA followed by 
Tukey’s HSD test was used. Categorical vari-
ables were presented as frequencies (percent-
ages) and compared using χ2 or Fisher’s exact 
tests when expected cell counts were < 5. A 
two-tailed P-value of < 0.05 was considered 
statistically significant.

Results

Comparison of clinical data

The baseline clinical characteristics of the two 
groups were comparable, with no significant 
differences observed across the following 
parameters: gender distribution (male/female), 
mean age, body mass index, duration of COPD, 
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education level (junior high school or below vs. 
high school or above), smoking history (yes/no), 
comorbidities (hypertension and diabetes; yes/
no), and GOLD disease severity grading (grades 
I-II vs. III-IV). All comparisons yielded P-values > 
0.05, confirming homogeneity of the cohorts 
before intervention, as shown in Table 1.

Comparison of pulmonary function indexes

Pre-intervention pulmonary function measure-
ments (FVC, FEV1%, FEV1/FVC%, MMEF, PEF) 
showed no significant between-group differ-
ences (all P > 0.05). At 3 and 6 months after 
enrollment, pulmonary function indexes (FVC, 
FEV1%, FEV1/FVC%, MMEF, and PEF) in both 
groups were significantly higher than those at 
baseline (all P < 0.05). The intelligent group 
exhibited significantly better pulmonary func-
tion than the control group at 3 and 6 months 
post-enrollment (all P < 0.05), as shown in 
Figure 1.

Comparison of diaphragmatic function

Baseline right diaphragmatic thickening frac-
tion and diaphragmatic mobility were compa-

rable between groups (both P > 0.05). At 3 and 
6 months, both diaphragmatic thickening frac-
tion and mobility were significantly improved in 
both groups (both P < 0.05). The intelligent 
group showed significantly better results than 
the control group at 3 and 6 months (both P < 
0.05), as shown in Figure 2.

Comparison of cardiac function and exercise 
endurance

Initial assessments revealed no significant dif-
ferences in cardiac function (LVEDD, LVEF) or 
exercise capacity (6MWD) between groups (all 
P > 0.05). After 3 and 6 months, the intelligent 
group demonstrated significantly better cardi-
ac function and exercise endurance compared 
to baseline and the control group (all P < 0.05), 
as shown in Figure 3.

Comparison of dyspnea scores

Pre-intervention mMRC dyspnea scores show- 
ed no significant difference between the groups 
(P > 0.05). At 3 and 6 months, both groups had 
significantly lower mMRC scores than those  
at baseline (P < 0.05). The intelligent group 
showed significantly lower mMRC scores com-

Table 1. Comparison of clinical data between the two groups
Clinical data Control group (n = 82) Intelligent group (n = 86) t/χ2 P
Gender
    Male 49 54 0.163 0.686
    Female 33 32
Age (years, 

_
x  ± sd) 68.4 ± 11.5 69.7 ± 11.0 0.758 0.450

BMI (kg/m2, 
_
x  ± sd) 23.97 ± 2.16 24.05 ± 2.31 0.232 0.817

Duration (years, 
_
x  ± sd) 6.93 ± 2.53 6.59 ± 1.75 1.017 0.311

Level of education
    Junior high school and below 46 53 0.989 0.320
    High school and above 39 33
Smoking history
    Yes 30 27 0.504 0.478
    No 52 59
hypertension
    Yes 19 22 0.132 0.716
    No 63 64
diabetes
    Yes 14 12 0.312 0.576
    No 68 74
GOLD grading
    Grades I to II 54 56 0.010 0.920
    Grades III to IV 28 30
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Figure 1. Changes in pulmonary function indexes in the two groups. A. FVC; B. FEV1%; C. FEV1/FVC%; D. MMEF; E. 
PEF. Note: Compared with before enrollment, *P < 0.05; Compared with the control group at the same period, #P 
< 0.05. FVC: forced vital capacity; FEV1%: forced expiratory volume in one second; MMEF: maximum mid-expiratory 
flow rate; PEF: peak expiratory flow rate.

Figure 2. Comparison of diaphragmatic function between the two groups. A. Diaphragmatic mobility; B. Right dia-
phragmatic thickening fraction. Note: Compared with before enrollment, *P < 0.05; Compared with the control 
group at the same period, #P < 0.05.
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pared to the control group at both 3 and 6 
months (P < 0.05), as shown in Figure 4.

group. However, the difference in the number of 
non-compliant patients (12 vs. 8) was not sta-
tistically significant (χ2 = 1.987, P = 0.159), as 
shown in Table 2.

Comparison of exacerbation events and hospi-
talization outcomes

The total number of exacerbation events was 
significantly lower in the intelligent group (χ2 = 
5.678, P = 0.017), as was the number of severe 
exacerbations (χ2 = 4.321, P = 0.037). The 
intelligent group also had significantly fewer 
hospitalizations (χ2 = 4.890, P = 0.027) and 
shorter average hospitalization days (t = 3.456, 
P = 0.001), as shown in Table 3.

Discussion

With an aging population and persistent air pol-
lution, COPD has become a significant global 
public health challenge [18-20]. The disease is 
characterized by persistent airflow limitation, 
progressive lung function decline, and repeat-

Figure 3. Comparison of cardiac 
function and exercise endur-
ance between the two groups. A. 
6MWD; B. LVEDD; C. LVEF. Note: 
Compared with before enroll-
ment, *P < 0.05; Compared with 
the control group at the same pe-
riod, #P < 0.05. 6MWT: 6-Minute 
Walk Test; LVEDD: left ventricular 
end-diastolic diameter; LVEF: left 
ventricular ejection fraction.

Comparison of quality of life

Baseline SGRQ scores across 
all dimensions (respiratory 
symptoms, activity limitation, 
disease impact) were compa-
rable between the groups (all 
P > 0.05). As shown in Figure 
5, both groups demonstrated 
a decreasing trend in respira-
tory symptoms, activity limita-
tion, and disease impact over 
time (all P < 0.05). The intelli-
gent group consistently show- 
ed greater improvement in 
these areas compared to the 
control group, as depicted in 
Figure 5 (all P < 0.05).

Comparison of patient compli-
ance and system usage

The daily data upload rate  
was significantly higher in the 
intelligent group (t = 12.345, 
P < 0.001). Similarly, the inter-
vention response rate (t = 
10.123, P < 0.001) and doc-
tor-patient interaction frequ- 
ency (t = 14.567, P < 0.001) 
were higher in the intelligent 

Figure 4. Comparison of mMRC scores between the 
two groups. Note: Compared with before enrollment, 
*P < 0.05; Compared with the control group at the 
same period, #P < 0.05. mMRC: modified Medical 
Research Council.
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ed acute exacerbations, severely affecting 
patients’ quality of life and imposing a substan-
tial medical and economic burden [21-23]. The 
traditional home-based rehabilitation model 
relies on regular outpatient follow-ups and sub-
jective symptom reports, resulting in fragment-
ed data collection and delayed interventions, 
which complicates accurate and dynamic dis-
ease management [24-26]. In recent years, the 
integration of the Internet of Things, cloud com-
puting, and machine learning technologies has 
provided new strategies to overcome these 
challenges. By combining wearable devices, 
intelligent terminals, and clinical data, a real-
time monitoring, intelligent warning, and dyna- 
mic intervention system has emerged as a key 
approach to enhance COPD management effi-
ciency [27-29]. This study explores the applica-
tion of intelligent diagnosis and treatment 
modes based on clinical data in home settings, 
aiming to provide an empirical foundation for 
optimizing disease management.

ditional fixed rehabilitation programs [32, 33]. 
The decrease in mMRC scores reflects the 
advantages of multi-dimensional symptom 
monitoring. By integrating data such as cough 
frequency, sputum characteristics, and blood 
oxygen levels, the system can identify silent 
dyspnea early, initiate appropriate interven-
tions (e.g., atomization inhalation, postural 
expectoration guidance), and prevent delays in 
symptom management. The improvement in 
SGRQ scores across activity limitation, respira-
tory symptoms, and social psychology high-
lights the system’s ability to address the limita-
tions of the traditional biomedical model by 
providing interdisciplinary interventions, such 
as psychological counseling and AI-driven nutri-
tional guidance [34, 35].

However, this study has several limitations. 
First, while the inclusion criteria followed the 
GOLD guidelines, the study sample was drawn 
from a single medical center, which may intro-
duce homogeneity bias due to regional differ-

Figure 5. Comparison of quality 
of life between the two groups. 
A. Respiratory symptoms; B. 
Limited mobility; C. Impact of 
diseases. Note: Compared with 
before enrollment, *P < 0.05; 
Compared with the control group 
at the same period, #P < 0.05.

The results of this study dem-
onstrated that the intelligent 
group outperformed the tradi-
tional management model in 
improving lung function, exer-
cise tolerance, and quality  
of life. Continuous improve-
ments in lung function indices 
(FVC, FEV1%, and MMEF) con-
firm that the intelligent system 
detects early changes in small 
airway function through daily 
monitoring and trend analysis, 
enabling timely adjustments 
to bronchodilator use and 
delaying airflow limitation pro-
gression [30, 31]. The signifi-
cant improvement in 6-minute 
walk distance (6MWD) may  
be attributed to the personal-
ized training program, which 
adapts based on real-time 
exercise data. For instance, 
the system reduces exercise 
intensity when blood oxygen 
fluctuations are detected or 
increases the training load 
incrementally as muscle str- 
ength improves. This dynamic 
adaptation is more physiologi-
cally appropriate than the tra-
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ences in medical standards and patient edu- 
cation. Multi-center studies are needed to vali-
date the generalizability of the findings. Second, 
although the 6-month follow-up period provides 
insights into the short-term effects, COPD is a 
chronic, lifelong disease. Long-term follow-up 
(3-5 years) is needed to evaluate the sustained 
impact on acute exacerbation frequency, annu-
al lung function decline, and other long-term 
indicators. Additionally, challenges related to 
elderly patients’ ability to operate smart devic-
es were not fully addressed; 8 cases of non-
compliance due to complex interfaces suggest 
that further simplification of the human-com-
puter interface and enhanced user training are 
required.

In conclusion, the intelligent diagnosis and 
treatment model based on clinical data enables 
dynamic monitoring of vital signs through IoT 
technology, establishes individualized warning 
thresholds via machine learning algorithms, 
and combines guideline-driven, stepwise inter-
vention strategies to form a closed-loop COPD 
home rehabilitation management system. This 
model effectively improves cardiopulmonary 
function, enhances exercise endurance, and 
improves quality of life. Its core value lies in 
transforming passive care into active health 
management and reducing medical resource 
consumption through data-driven, precise inter- 
ventions. Future research should focus on inte-
grating new technologies, such as 5G telemedi-
cine and digital twins, while expanding sample 
representation, addressing medical ethics, and 
ensuring data security. This will support the 

transition of intelligent diagnosis and treatment 
models from technical innovation to clinical 
practice, ultimately achieving a paradigm shift 
in COPD full-cycle health management.
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