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Abstract

Background: Personalized follow-up for type 2 diabetes may improve the alignment between monitoring intensity and patient
needs, but operational approaches that jointly consider follow-up timing, modality, expected health benefits, and resource use
remain limited.

Objective: This study develops a Markov decision process (MDP) framework for personalized follow-up planning, externally
validates complementary risk-prediction models, and estimates the projected 12-month cost-effectiveness of model-generated
follow-up strategies.

Methods: We retrospectively analyzed longitudinal data from 41,398 patients with type 2 diabetes managed in 10 community
health centersin Nanjing, China, over the 2015-2024 calendar period. An independent Shanghai cohort included 25,506 patients
from 10 communities. We developed least absolute shrinkage and selection operator (LASSO)-Cox models to predict 1-year
incident complication and mortality risk and evaluated discrimination in Shanghai. Separately, a 12-cycle finite-horizon MDP
used observed action-conditional state transitions with prespecified utility, cost, access, and willingness-to-pay parameters to
generate personalized follow-up policies.

Results: For an example patient initially without recorded complications (SO), the personalized policy increased annual
effectiveness by 0.48 quality-adjusted life days (QALDs; 0.0013 quality-adjusted life years [QALY g]) and cost by 33.46 CNY
(1 CNY=US$0.15), yielding anincremental cost-effectivenessratio (ICER) of 25,499 CNY/QALY. In aheterogeneous simulated
cohort of 1000 patientsinitialized in SO, mean annual effectivenessincreased from 313.52 to 314.05 QAL Ds (0.85896 to 0.86041
QALY S), and mean annual cost increased by 24.67 CNY, yielding an ICER of 17,016 CNY/QALY. Externa C-indices were
0.778 for incident complications and 0.812 for mortality. Deterministic sensitivity analyses did not materialy alter the
cost-effectiveness conclusion.

Conclusions: The MDP framework generated individualized 12-month follow-up policies with small projected QALY gains
at modest incremental program cost, while the complementary risk models demonstrated external discrimination in an independent
cohort. As action-conditional transitions were estimated from observational records and several economic parameters were
prespecified, the modeled differences represent projections rather than causal treatment effects and require prospective
implementation and economic validation before clinical adoption.

(JMIR Med I nform 2026;14:e88206) doi: 10.2196/88206
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Introduction

Diabetesis one of the most common chronic diseases globally
[1]. In China, a combination of population growth [2], aging
[3], rising obesity rates [4], and an increasingly sedentary
lifestyle [5] has led to a substantial increase in the number of
people with diabetes.

Diabetes management guidelines emphasize follow-up care as
acritical nonpharmacological component of long-term disease
management. This approach is important for monitoring
glycemic control, identifying complications, improving quality
of life, and supporting sustained self-management [6,7]. For
instance, the American Diabetes Association recommends more
frequent follow-up visits for newly diagnosed or poorly
controlled patients, with individualized schedules for those at
high risk of complications [8]. European guidelines also
emphasi ze patient-centered care and i ndividualized management
according to patient characteristics, risk profiles, preferences,
and treatment burden [9-11]. The Chinese guidelinesrecommend
that primary health care providers conduct 4 evenly spaced
face-to-face follow-up visits each year for patients diagnosed
with type 2 diabetes [12].

Beyond guideline-scheduled visits, prior studies have examined
follow-up frequency and regularity, telemedicine-assisted
follow-up, and risk-stratified encounter schedules for diabetes
and other chronic diseases [13-18]. These studies indicate that
follow-up involves not only whether contact occurs, but also
how often, when, and through which modality. However, only
a few approaches provide an operational decision model that
jointly determines follow-up timing and modality while
accounting for projected health benefit, access burden, and
resource use in primary care.

Implementing personalized follow-up in primary care is
challenging because relevant longitudinal data are fragmented,
planning often depends on manual judgment, and growing
chronic-disease caseloads constrain clinical capacity. These
constraints create a need for decision support that can translate
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routinely collected data into explicit follow-up policies while
preserving clinical interpretability and resource awareness.

This study aimed to develop a Markov decision process
(MDP)—based personalized follow-up planning framework for
patients with type 2 diabetes, externally evaluate the
discrimination of complementary risk-prediction models, and
estimate the projected 12-month cost-effectiveness of
model-generated personalized follow-up strategies compared
with standardized follow-up.

Methods

Study Design

Thisstudy retrospectively analyzed real-world longitudina data
from 10 community health centers in Nanjing, China. The
Nanjing source database covered the period 2015-2024, whereas
individual patients had variable follow-up durations (Figure 1).
Eligible patientswere adults aged over 18 yearswith confirmed
type 2 diabetes according to International Classification of
Diseases, 10th Revision (ICD-10) codes and enrollment in the
public health management program. Patients with severe
cardiovascular or cerebrovascular diseases and pregnant women
wereexcluded. A totd of 50,288 individua swith type 2 diabetes
were identified in the source database. After excluding
individuals without analyzable longitudinal follow-up because
of relocation, transfer out of thelocal public health management
system, or incomplete or invalid records, 41,398 patients were
included in the analytic cohort. Deaths observed after cohort
entry were retained as outcome events and modeled as the
absorbing state S5 rather than treated as lossto follow-up. The
analytic cohort had amean follow-up duration of 4.2 yearsand
comprised 224 source data fields and 174,041 longitudinal
follow-up records after analytic restructuring. Before risk-model
development, identifiers, dates, per-measurement metadata,
administrative and follow-up-process variables, outcome and
survival-time variables, and fields used solely to construct MDP
states and transitions were excluded from candidate prediction
features. Eligible variables were subsequently encoded into 124
candidate design predictors as described bel ow.
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Figurel. Flowchart of the Nanjing devel opment cohort and Shanghai external validation cohort for Markov decision process (M DP)—based personalized

follow-up planning in type 2 diabetes (T2D).
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Patients were categorized into standardized and nonstandardized
follow-up groups based on their observed follow-up patterns.
Standardized follow-up was defined as 4 annual in-person visits,
1 per quarter, as stipulated by Chinese public health regulations.
Nonstandardized follow-up was defined as any observed pattern
that deviated from this guideline-based schedule, including
fewer or more than 4 annual follow-ups, uneven follow-up
intervals, or the use of tel ephone or community-based follow-up
modalities instead of the scheduled in-person visits. The
standardized follow-up group included 20,721 patients and the
nonstandardized follow-up group included 20,677 patients.
Because of the large sample size, several baseline variables
showed statistically significant differences between the 2 groups,
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therefore, standardized mean differences were used as the
primary criterion for assessing baseline comparability. Most
measured baseline characteristics showed small between-group
differences. No additional propensity score matching or
weighting was performed because MDP transition-probability
estimation required preserving the full observed state-action
transition structure and avoiding sparse transition cells. The
nonstandardized follow-up group was not a randomized
intervention arm but an observational category derived from
routinefollow-up records. The comparison between standardized
and nonstandardized follow-up patterns was treated as a
descriptive assessment of observed follow-up patterns rather
than as a causal estimate of treatment effect (Table 1).

JMIR Med Inform 2026 | vol. 14 | e88206 | p. 3
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

Chenet a

Table 1. Baseline characteristics of patients with type 2 diabetes in the Nanjing devel opment cohort by observed follow-up pattern.

Features Standard follow-up group Nonstandard follow-up group P value SMD?P
Number of patients, n 20,721 20,677 N/AC N/A
Age (years), mean (SD) 64.64 (10.63) 63.87 (11.05) <.001 0.071
Sex, n (%) .90 0.001
Male 9948 (48.01) 9940 (48.07)
Female 10,773 (51.99) 10,737 (51.93)
Duration of type 2 diabetes (years), mean (SD) 8.91 (6.86) 8.25 (6.98) <.001 0.095
Family history of type 2 diabetes, n (%) <.001 0.052
Yes 6216 (30.00) 5716 (27.64)
No 14,505 (70.00) 14,961 (72.36)
Complications, n (%) 15 0.015
Yes 354 (1.71) 315 (1.52)
No 20,367 (98.29) 20,362 (98.48)
Disability, n (%) 55 0.006
Yes 940 (4.54) 912 (4.41)
No 19,781 (95.46) 19,765 (95.59)
Education level, n (%) <.001 0.027
Iliterate or semiliterate 2528 (12.20) 2345 (11.34)
High school education or less 16,633 (80.27) 16,749 (81.00)
College education or greater 1560 (7.53) 1583 (7.66)
Types of medical insurance, n (%) .04 0.031
Urban-employee medical insurance 11,872 (57.29) 11,737 (56.76)
Urban-resident medical insurance 8288 (40.00) 8334 (40.31)
Rural medical insurance 223 (1.08) 195 (0.94)
Other types of medical insurance 338 (1.63) 411 (1.99)
Smoking, n (%) <.001 0.039
Yes 5867 (28.31) 5497 (26.59)
No 14,854 (71.69) 15,180 (73.41)
Drinking, n (%) 57 0.006
Yes 4149 (20.02) 4093 (19.79)
No 16,572 (79.98) 16,584 (80.21)
Exercise frequency, n (%) <.001 0.199
Almost never exercise 3572 (17.24) 4503 (22.21)
1-3 times per week 5317 (25.66) 6299 (30.46)
More than 3 times per week 11,832 (57.10) 9785 (47.32)
Tooth loss, n (%) .002 0.031
Yes 9804 (47.31) 10,102 (48.86)
No 10,917 (52.69) 10,575 (51.14)
L ower-limb edema, n (%) .02 0.022
Yes 5325 (25.70) 5517 (26.68)
No 15,396 (74.30) 15,160 (73.32)
Blood type, n (%) <.001 0.199
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Features Standard follow-up group Nonstandard follow-up group P value SMD?P

A 5886 (28.41) 5484 (26.52)

B 5066 (24.45) 4461 (21.57)

0 5606 (27.05) 4841 (23.41)

AB 4163 (20.09) 5801 (28.49)
Blood pressure (mm Hg), mean (SD)

Diastolic 80.06 (8.87) 80.01 (8.92) 60 0.005

Systolic 134.58 (15.15) 135.12 (15.34) <.001 0.036
Waist measurement (cm), mean (SD) 85.45 (9.08) 85.81 (8.95) <.001 0.040
BMI (kg/m?), mean (SD) 25.01 (3.16) 25.02 (3.12) 87 0.002
Heart rate (times/min), mean (SD) 74.33 (9.22) 74.88 (9.47) <.001 0.058
Urine microalbumin (mg/24 h), mean (SD) 41.96 (47.11) 39.70 (46.07) <.001 0.048
Fasting blood glucose (mmol/L), mean (SD) 7.35(2.12) 7.53 (2.31) <.001 0.082
Hemoglobin (g/L), mean (SD) 139.64 (12.90) 139.77 (13.02) .29 0.010
L eukocyte count (x10%L), mean (SD) 6.33 (1.46) 6.30 (1.42) 03 0.021
Platelet count (x10%L), mean (SD) 202.81 (49.64) 203.75 (49.20) 05 0.019
Total cholesterol (mmol/L), mean (SD) 4.88 (1.00) 4.89 (0.98) .59 0.005
Triglycerides (mmol/L), mean (SD) 1.38(0.57) 1.39 (0.57) .02 0.023
Low-density lipoprotein cholesterol (mmol/L), mean 2.66 (0.80) 2.67 (0.80) .08 0.017
(SD)
High-density lipoprotein cholesterol (mmol/L), mean 1.40 (0.34) 1.41(0.32) .03 0.021

(SD)

83MD: standardized mean difference.

PSMD was used to assess between-group differences in baseline characteristics, with an SMD<0.10 indicating small differences between groups.
Multicategory SMDs were cal culated using the multivariate formula of Yang and Dalton [19] and refer to the categories as displayed in this table. Most
SMDs were below 0.10. No additional propensity score matching or weighting was performed, because estimation of the Markov decision process
state-action transition probabilities required preserving the full observed transition structure and avoiding sparse transition cells.

°N/A: not applicable.

External evaluation of the complementary risk-prediction models
used an independent cohort of 25,506 patients from 10
communities in Shanghai, with a mean follow-up duration of
1.87 years(data collected in 2023-2024). Variablesrequired for
the primary risk models were harmonized in definition and
coding across the Nanjing and Shanghai cohorts. The Shanghai
cohort was used only to evaluate the external discrimination of
the Nanjing-devel oped risk model sand was not used to validate
the MDP policy or cost-effectiveness projections.

Ethical Consider ations

This study was approved by the Ethics Board of Nanjing
University, Nanjing, China  (approva number
OAP20240930001), and the approval covered the retrospective
analysis of both the Nanjing development cohort and the
Shanghai external validation cohort. The requirement for
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informed consent waswaived because all datawere deidentified
and collected during routine clinical practice and public health
management. No compensation was provided to participants,
and no identifiable individual information is presented in this
paper or its multimedia appendix.

Model Development

We formulated personalized follow-up planning as a
finite-horizon MDP with 12 monthly decision cycles. The model
consisted of health states, follow-up actions, action-specific
transition probabilities, and an immediate monthly net health
benefit reward [20,21]. Table 2 summarizes the notation, state
definitions, decision variables, health utility parameters, cost
parameters, willingness-to-pay thresholds, and travel-related
disutility parameters used in the model.
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Table 2. Notation used in the 12-month Markov decision process model for personalized follow-up planning in type 2 diabetes.

Variables Meaning statement

Fundamental variables

Patient, i=1, ..., N
Period, t=1, ..., 12

Sit Hedlth state of patient i in montht, 5§ t0{ S0, S1, S2, S3, $4, S5}

0 No recorded diabetes-related complication

S1 Diabetic nephropathy

S2 Diabetic retinopathy

S3 Diabetic peripheral neuropathy

%) Lower-extremity arterial disease and diabetic foot

S5 Death

dit Patient i without complications at t, with 1 indicating yes and O indicating no.

Cany, it Patient i has any recorded diabetes-related complication at t, with 1 indicating yesand O indicating
no.

C neph, it Patient i has diabetic nephropathy at t, with 1 indicating yes and 0 indicating no.

Cret, it Patient i has diabetic retinopathy at t, with 1 indicating yes and 0 indicating no.

C neuro, it Patient i has diabetic peripheral neuropathy at t, with 1 indicating yes and 0 indicating no.

Clead, it Patient i has |lower-extremity arterial disease and diabetic foot at t, with 1 indicating yes and O
indicating no.

B.(s'ls, @) Action-specific transition probability of moving from health state sin month t to health state s
in month t+1 under follow-up action a.

At Length of each monthly cycle, fixed at 365/12 days in the base-case analysis.

Us Health utility value of state s, where s=0, 1, 2, 3, 4, 5 corresponds to SO, S1, S2, S3, $4, and S5,
respectively.

Ccomp, S Annual complication-related cost for health state s, where s=0, 1, 2, 3, 4, 5; the value is O for
both SO and S5.

Cpase, i Annual baseline diabetes management cost for patient i, applied only while the patient isnot in
the death state and converted to monthly cost by dividing by 12.

co t Cumulative number of outpatient follow-up visits used before month t.

Fi tat, Cot) Monthly modeled modality-specific follow-up cost for patient i in month t.

fq Additional outpatient follow-up charge applied from the fifth outpatient visit onward.

fo Model ed tel ephone follow-up charge per call.

fg Modeled community follow-up charge per visit.

¢ bese it Monthly baseline diabetes management cost for patient i in month t.

c My Monthly complication-related cost for patient i in month t.

¢ follow ’ Monthly modeled follow-up charge for patient i in month t.

¢ fotal Monthly cost for patient i in month t, including monthly baseline cost, monthly complication-

' related cost, and the modeled foll ow-up-charge component.

¢ Annua cost for patient i under policy 11, obtained by summing the 12 monthly total costs.

2, Travel distance of patient i to outpatient follow-up, measured in kilometers.

H Travel-related disutility coefficient applied to outpatient follow-up, defined as 0.00032 utility

loss per kilometer in the base-case model.
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Variables Meaning statement
AD WTP?threshold expressed as CNY ”/QALDC.
Ay WTP threshold expressed as CNY/QALYY.
Vt(S,COt; AD) Maximum expected cumulative net health benefit from month t onward.
Decision variables
& Follow-up action selected in month t, where 0 denotes no follow-up, 1 outpatient follow-up, 2

telephone follow-up, and 3 community follow-up; the action set is A={0, 1, 2, 3}.

AWTP: willingness-to-pay.

b1 CNY=US $0.15.

CQALD: quality-adjusted life day.
dQALY: quality-adjusted life year.

Health states were operationally defined using structured
diagnosis records coded according to the ICD-10 Healthcare
Security Version [22] issued by the National Healthcare Security
Administration of China. Diabetes-related complication states
wereidentified using ICD-10 code categories corresponding to
type 2 diabetes with rena complications, ophthamic
complications, neurological complications, periphera circulatory
complications, and diabetic foot. The hedlth state space consisted
of 6 mutually exclusive states: no recorded diabetes-related
complication (S0), diabetic nephropathy (S1), diabetic
retinopathy (S2), diabetic peripheral neuropathy (S3),
lower-extremity arterial disease and diabetic foot ($4), and death

(S5; Figure 2). Baseline prevalent complications were defined
asrelevant | CD-10—coded diagnoses recorded before or at model
entry, whereas incident complications were defined as the first
newly recorded ICD-10—coded diagnosis of a complication
category during follow-up among patients without that
complication category at baseline. Death was identified from
mortality records and modeled as the absorbing state. Once a
patient entered a complication state, reversal to SO was not
allowed inthe model. The detailed |CD-10 Healthcare Security
Version coding algorithm and state-assignment rules are
provided in Tables S19 and S21-S23 in Multimedia Appendix
1.

Figure 2. Hedlth-state transition structure of the 12-month Markov decision process model for personalized follow-up planning in patients with type

2 diabetes. LEAD: lower-extremity arterial disease.
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Remair
Remain S2 |
Diabetic retinopathy Absorbing
SO S5
No recoded complications 'Tjjain Death
S3
N .
Peripheral neuropathy
Remai"\
— S4

LEAD / diabetic foot

Reversal from complication states to S0 was not allowed.

Actions were the decisions or measures that could be taken in
each state and that influenced state transitions within the model.
In the model constructed in this study, decisions involved
determining the number of follow-ups, intervals, and methods

https://medinform.jmir.org/2026/1/e88206

for a patient over the course of ayear. Periods were defined as
t=1, 2, ..., 12, corresponding to the months of the year. Clinical
eventsand follow-up recordswith irregul ar dateswere assigned
to the corresponding monthly cycle according to their recorded
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dates. Monthly state-action transitions were then constructed
from the patient’s recorded health state and follow-up action
within each monthly cycle.

Let a, denote the follow-up action selected in month t, where
a=0 represents no follow-up, a=1 represents outpatient
follow-up, a=2 represents telephone follow-up, and a=3

represents community follow-up. Let cot denote the cumulative

number of outpatient follow-up visits completed before month
t.

Rewards were defined asimmediate monthly net health benefits
rather than as ratios of health benefits to costs. The MDP
objective was to maximize the expected cumulative net health
benefit over the 12-month horizon. Monthly health benefits
were measured in quality-adjusted life days (QALDSs), and
monthly costs were converted into QALD-equivalent losses
using the willingness-to-pay threshold.

For patient i in month t, current state s, action a, and prior
follow-up count c°, the adjusted health utility was defined as
follows:

(s, a) =us; —I(a= 1), s+ 55

1, ¢(55,a) =0
where ugisthe health utility of state s, 1(a=1) isan indicator for

outpatient follow-up, * is the travel distance for outpatient
follow-up, and n isthe travel-related disutility coefficient. The
death state S5 was assigned a utility of O.

Monthly QALDs were calculated as follows:

365
12

where At=365/12 denotes the fixed length, in days, of each
monthly cycle. Therefore, a patient who remains living
throughout a complete cycle accrues the state-specific utility
multiplied by 30.4167 days. Patientsin the absorbing death state
accrue 0 QALDs.

The costing analysis adopted arestricted public health program
perspective rather than a full health-system or societal
perspective. The annual baseline diabetes-management cost
represented  routine  program  expenditures,  while
modality-specific follow-up costs reflected additional charges
in the model. The first 4 outpatient follow-up visits were
assigned no additional charge because they are considered
routine services under the public health program. This does not
imply zero resource use or that all provider costs are fully
captured by the baseline cost.

QALD; (s, a) = At X (s, a), At =

Monthly cost comprised a baseline management component, a
complication-related component, and a follow-up component.
The monthly follow-up cost for patient i in month t, denoted as

F..(a, ), was defined as follows:

https://medinform.jmir.org/2026/1/e88206
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Fiu(a, €%) = 1(@=1)I(c°24)f, + 1(a=2)f, + I(a=3)fs
wherel(+) isanindicator function, f; isthe additional outpatient

follow-up charge applied from the fifth outpatient visit onward,
f, is the modeled tel ephone follow-up charge per call, and f; is
the modeled community follow-up charge per visit. Under the
specified accounting convention, thefirst 4 outpatient follow-up
visits were assigned no additional modality-specific charge.
This assignment represents a charging rule within the model
and should not be interpreted as indicating zero provider
resource use. Modality-specific charges were accrued only in
the month in which the corresponding follow-up action occurred.

The monthly cost components, monthly total cost, and annual
cost over the 12-month horizon were then calcul ated asfollows:

C .
CPe = I(s;, # S5) bf;e"

C
G = (1 .55 e

C{’%HOW — I(Si,t +* SS)FE,t(af' Cto)

total _ o base comp follow ~10 __ total
Cie" =Cig  +Cp " +C MG = E Ex[Cl2™]

The annual baseline diabetes management cost for patient i,
denoted by Cp.j, Was calculated using the following
prespecified age-adjustment function:

Cbase,i = Cmax/[l + eXp(_Agel/k)]

where ¢;,,=15,000 CNY/year (1 CNY=US $0.15) was the
annual basdline-management cost ceiling and k=10 was the
age-scale parameter. Over the model ed age range of 40-80 years,
this function generated annual baseline management costs of
approximately 14,730-14,995 CNY. It therefore represented an
approximately constant annual baseline diabetes-management
cost with limited age adjustment and was treated as a
prespecified modeling assumption rather than a cost function
estimated directly from individual-level expenditure data. The
baseline management cost was accrued in all living states SO-4.
Patientsin states S1-S4 additionally accrued the corresponding
annual complication-related cost Ceomps: AS the MDP used
monthly cycles, both annua cost components were divided by
12 before monthly accrual. No baseline management,
complication-related, or follow-up cost was accrued after entry
into S5. Thus, all annual costsreported in the cost-effectiveness
analyses were obtained as the sum of the 12 monthly costs.
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The willingness-to-pay threshold was expressed internally as
CNY per QALD:

Ap=(A/365)
where Ay isthewillingness-to-pay threshold expressed asCNY
per quality-adjusted life year (QALY) and Ap is the
corresponding threshold expressed as CNY per QALD.

The immediate reward used in the MDP was the monthly net
health benefit:

ri,t(st,at,cOt; AD) = QALDi,t(st,at) — (Ctotali,t/AD)

Thus, the willingness-to-pay threshold entered the MDP
optimization through the net health benefit reward function.
Incremental cost-effectiveness ratios (ICERS) were calculated
after policy optimization and were not maximized directly in
the Bellman recursion. Transition probabilities were estimated
from observed monthly transitions in the longitudinal data. To
reduce instability arising from sparse state-action cells, we
applied Laplace smoothing to the transition probability
estimates. For month t, current state s, action a, and admissible
next state s, the smoothed transition probability was calculated
asfollows:

n:(s,a,s)+a
N:(s,a) + aK;

where ng(s, a, S) is the observed number of transitions from s
to S under action a in month t, Ni(s, a) is the total number of
observed transitions starting from state sunder action ain month
t, and K isthe number of clinically admissible next states under
the no-reversal constraint. The main analysis used a=1.
Sensitivity analyses were conducted using alternative Laplace
smoothing parameters. The transition structure comprised 288
month-by-action-by-state cells. Four cells had no observed
transitions; all 4 were in the absorbing death state S5 in month
12, where only 1 next state was admissible, so the smoothed
probability remained 1 and the absorbing structure was
preserved. Among the 240 cells starting from aliving state, the
smallest observed denominator was 28 and the median was
1453; only 1 of these cells had adenominator below 30, and 24
had a denominator below 100. Telephone follow-up was the
sparsest action, with a median denominator of 131.5. Across
al 288 cells, including those starting from the absorbing death
state, 17 cells had a denominator below 30 and 55 had a
denominator below 100.

P.(s'ls,a) =

We further conducted deterministic 1-way sensitivity analyses
to assess uncertainty in key cost-effectiveness parameters.
Health utility values, complication-related medical costs, the
annual baseline-management cost ceiling c,, Outpatient
follow-up cost, telephone follow-up cost, community follow-up
cost, and travel-related disutility were varied by +20% or —20%
from their base-case values. Specifically, ¢, Was evaluated at
12,000, 15,000, and 18,000 CNY /year; the base-case value
remained 15,000 CNY /year. For these scenarios, the MDP was
re-solved, and group-level QALYs, costs, ICERs, and
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incremental net monetary benefits were recalculated while
holding all other parameters at their base-case values. As the
willingness-to-pay threshold entered the M DP objective through
the net health benefit reward function, analyses varying the
willingness-to-pay  threshold  were interpreted as
willingness-to-pay—dependent policy reoptimization scenarios
rather than fixed-policy acceptance-threshold analyses.
Specifically, the MDP was re-solved under willingness-to-pay
thresholds corresponding to 1x and 3x China’'s 2024 per capita
gross domestic product per QALY. Therefore, changes in
incremental QALYSs, incremental costs, and ICERs across
willingness-to-pay scenarios reflect changes in the optimized
policy, not arecalculation of the ICER for afixed policy.

As the follow-up planning problem had a fixed 12-month
horizon, the optimal policy was solved using backward
induction. Let V1,4(S, Cryq; Ap) denote the value function at

month t, where the horizon is t=12 and c°, records the
cumulative number of outpatient follow-up visits used before
month t for cost accounting. The value function gives the
maximum expected cumulative net health benefit from month
t onward for a patient in state s, and the terminal value was set
asfollows:

Vra(S, Corii Ap) =0

For each month, state, and follow-up count, the value function
was recursively updated as follows:

Ve(s,cfidp) = max (s, a,¢f5hp) +yZﬁt(s |s,a)VH1 (5 'C?+1:}‘D)
s

where A={0, 1, 2, 3} denotes the action set consisting of no
follow-up, outpatient follow-up, telephone follow-up, and

community follow-up; ry(s, a,C%; Ap) istheimmediate monthly
net health benefit; C°,,, is the updated follow-up count after

action a; "¢ jsthe smoothed transition probability; and yis
the discount factor. The base-case MDP used an agorithmic
discount factor of y=0.98 for the expected future value in the
Bellman recursion, whereas annual QALDs and costs were
reported as undiscounted sums of the 12 monthly outcomes.
The discount factor was varied in deterministic sensitivity
analyses, including y=1.000 and y=0.9959. At each monthly
cycle, at most one action could be selected. Patients alive at the
start of amonthly cycle accrued full monthly QALDsand costs,
with transitions applied at the end of the cycle. The terminal
value of zero closesthe analysis at the 12-month horizon, so no
health benefit accruing after month 12 is credited to any policy.

A monthly factor of 0.98 corresponds to an annual factor of

0.98'2=0.785, that is, an effective annual discount rate of
approximately 27%. This value was applied as an algorithmic
parameter within the Bellman recursion and does not enter the
reporting of effectiveness or costs: annual QALDs and costs
are reported as undiscounted sums of the 12 monthly values.
The monthly factor of 0.9959, corresponding to the annual rate
of 5% recommended by the China Guidelines for
Pharmacoeconomic Evaluations[23], and the undiscounted case
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of 1.000 were both examined in deterministic sensitivity
analysis.

Clinical variables such asfasting blood glucose, blood pressure,
BMI, urine microalbumin, complication indicators, and other
electronic health record featureswere treated as candidate inputs
for state identification and risk prediction. The least absolute
shrinkage and selection operator (LASSO)-Cox models
identified routinely collected variables that discriminate
complication and mortality risk.

For the example-patient analysis, we first specified the patient’s
baseline characteristics (Table 1) and assigned the patient to an
initial health state according to baseline complication status.
The MDP then generated a 12-month personalized follow-up
policy for each possibleinitial statefrom SO to S4. The primary
analysis used exact expected-value propagation over the
smoothed transition probabilities to calculate annual QALDSs,
annual costs, and ICERs. Under policy 1, the annual expected
QALDsfor patient i were calculated by summing the expected
monthly QALDSs across all 12 cycles. Annual QALY's were
obtained by dividing annual QALDs by 365.

12
QALD} = Z Ex|At @ (s, ar)]
t=1

QALDT

s _ QALD
ALY =365

To check the simulation algorithm, we additionally performed
aMonte Carlo simulation with 10,000 trajectories. The Monte
Carlo analysis was used as an algorithmic check rather than as
the primary estimator of QALDs and costs. The group-level
simulation used a cohort of 1000 heterogeneous patients
initialized in SO, with variation in age and travel distance. The
simulated SO cohort used a fixed random seed of 12; age was
sampled as an integer from 40 to 80 years, and travel distance
was sampled uniformly from 0.5 to 10.0 km. The state-specific
base utility of SO was fixed at 0.868 for all patients. Individual
variation in adjusted utility arose from action-specific travel
disutility and subsequent differences in expected health-state
occupancy. A worked month-by-month expected-value trace
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for 1 selected ssimulated patient and direct reconciliation of
monthly and annual QALDs and costs for selected
patient-strategy examples are provided in Tables S8 and S9 in
Multimedia Appendix 1.

For the economic evaluation, QALDs were retained as the
model’s health-effect unit because the MDP used monthly cycles
over a 12-month horizon. To align with standard health
economic reporting, QALDs were converted to QALY's by
dividing QALDs by 365, and ICERSs were reported primarily
asCNY per QALY inaccordance with conventional cost-utility
analysis and pharmacoeconomic evaluation practice [23-25].
CNY per QALD was provided only as a supplementary
equivalent where applicable.

M odel Parameterization

Transition-Probability Parameterization

Empirical  monthly state-action transition counts were
constructed from observed longitudinal follow-up records. For
the primary analysis, al eligible chronologically continuous
month-to-month transitions were retained, including transitions
crossing calendar-year boundaries, provided that the records
represented consecutive monthly observations for the same
patient. Clinical events and follow-up actions were assigned to
their corresponding monthly cycles according to their recorded
dates, and transitions were summarized by cycle month, current
health state, follow-up action, and next health state. Laplace
smoothing was then applied to these aggregated transition
counts.

The aggregated transition table contained the observed transition
count nt, a, s, s, denominator Nt, a, s; number of clinicaly
admissible next states Kt, a, s; admissible-transition indicator;
and smoothed transition probability. The smoothed probabilities
in thisfile were used to construct the transition tensor P[t, a, s,
s] for al primary analyses. The observation unit underlying
these countsisthe patient-month within an eligible patient-year,
so that a patient contributing several eligible years contributes
several monthly transitions; the denominatorsreported for each
cell are therefore counts of patient-months rather than counts
of distinct patients.

Missing Data and I mputation

We quantified missingness for selected core variables used in
risk prediction, state identification, transition-probability
estimation, and MDP parameterization; these summaries are
reported in Table S18 in Multimedia Appendix 1. Recordswith
missing outcome information, survival time, event indicators,
or MDP-defining information such as health state or transition
action were excluded from the corresponding analysis because
these quantities define the analytic outcome or transition
structure. Predictor imputation was performed only after the
Nanjing development cohort and the independent Shanghai
external validation cohort had been defined and kept separate.
The preprocessing workflow is shown in Figure Sl in
Multimedia Appendix 1.

For predictor variables retained in the modeling pipeline,
missing values were handled using random-forest—based
imputation. The imputation procedure for the Nanjing cohort
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was fitted within the development data. The Shanghai external
validation cohort was processed separately without using
outcome information or observations from the Nanjing
model -fitting process, thereby reducing the risk of information
|eakage between development and external validation.

We considered the missing-data mechanism most consistent
with missing at random, conditional on observed demographic
characteristics, clinical measurements, visit patterns, and disease
history. This assumption was considered more plausible than
missing completely at random because missingnessin rea -world
electronic health records is often related to clinical workflow
and observed patient characteristics. However, missing not at
random could not be fully excluded, particularly for laboratory
tests or examinations that may have been selectively ordered
for patients with higher clinical risk. As random-forest—based
imputation does not fully propagate imputation uncertainty in
the same way as multipleimputation, inferential statisticsfrom
imputed predictors were interpreted cautiously, and the
prediction modelsweretreated asrisk-stratification toolsrather
than causal explanatory models.

Risk Prediction Model Development and Validation

The framework has 2 components with distinct roles. The risk
prediction component, described in this subsection, evaluates
whether routinely collected primary-care variables discriminate
incident complications and mortality, and it is the component
for which validation in an independent external cohort was
possible. The decision component requires action-conditional
transition probabilities, that is, the probability of each next
health state given the current state and the follow-up action
selected in that cycle. These cannot be obtained from the Cox
models, which estimate 1-year risk from eligible person-year
records and were not conditioned on the follow-up action; they
were therefore estimated nonparametrically from the observed
month-by-state-by-action transition counts, as described above.
The 2 components are accordingly reported together but were
not coupled numerically: no quantity produced by the risk
prediction models enters the transition tensor, adjusted health
utility, cost function, immediate reward, or Bellman recursion.
Withinthe MDP, apolicy isindividualized by the current health
state, travel distance, and age.

To predict the time from a patient’s current health state to
subsequent complications or death, we developed 2 risk
prediction models. an incident complication model and a
mortality model. Both modelswerefitted on aperson-year data
structure: each patient contributed 1 record per eligible
follow-up year, and the time variable within each record was
the number of days of exposure during that year, censored at
365 days. The 2 models therefore estimate 1-year risk on the
same timescale as the 12-month horizon of the MDP. For the
incident complication model, the event indicator was a first
newly recorded complication diagnosiswithin the year; patients
whosefirgt eligible year aready carried acomplication diagnosis
were excluded as prevalent cases, and person-years occurring
after a first complication were removed from the risk set, so
that each patient contributed at most 1 incident event. For the
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mortality model, the event indicator was death within the year.
As each patient contributed several person-years, all inference
accounted for within-patient clustering: cross-validation folds
were assigned at the patient level, the optimism bootstrap
resampled patients rather than person-years and refitted the Cox
model conditional on the LASSO-selected predictor set, and
therefitted Cox models used cluster-robust SEswith the patient
asthe clustering unit. All candidate predictors werefirst entered
into a LASSO-penalized Cox proportional hazards model for
feature selection. The penalty parameter wastuned using 10-fold
cross-validation based on partia-likelihood deviance. The
lambda.1se rule was prespecified before model fitting as the
primary tuning rule to obtain a parsimonious and stable
prediction model, and the lambda.min rule was prespecified as
a secondary analysis reported in Table S24 in Multimedia
Appendix 1. Models were not selected on the basis of external
validation performance. After predictors with nonzero LASSO
coefficients were selected, these variables were refitted in
multivariable Cox modelsto estimate coefficients, hazard ratios,
and 95% Cls. As variable selection was performed before Cox
refitting, P valuesfrom the refitted Cox modelswereinterpreted
as exploratory results only. The purpose of these models was
prediction and risk stratification rather than causal inference.
Model discrimination was assessed using the apparent C-index,
the patient-level bootstrap optimism—corrected C-index
conditional on the LASSO-selected predictor set, and the
external C-index in the Shanghai validation cohort. The Cox
proportional hazards assumption was assessed using scaled
Schoenfeld residuals.

To assess whether departures from the proportional hazards
assumption materially affected discrimination, particularly for
the mortality model, we conducted an additional sensitivity
analysis using random survival forest models, which are
nonparametric ensemble methods for right-censored survival
data and do not require the proportional hazards assumption
[26]. For each outcome, the random survival forest model was
trained using the same LASSO-selected predictors as the
primary Cox model. Each forest used 500 trees, a minimum
node size of 15, the log-rank splitting rule, and
mtry=Ffloor(sgrt[p]), where p wasthe number of LASSO-selected
predictors. The same Nanjing devel opment cohort and Shanghai
external validation cohort were used, and discrimination was
evaluated using the Harrell C-index. This sensitivity analysis
examined whether relaxing the proportional hazards assumption
materially changed model discrimination rather than replacing
the LASSO-Cox modelsused for parsimoniousrisk stratification
and interpretability.

The health utility valuesfor patient i at timet are shown in Table
3. Published utility evidence for type 2 diabetes and
diabetes-related complications indicates that the health utility
values used in the model were 0.868 for SO (ho recorded
diabetes-related complication), 0.753 for S1 (diabetic
nephropathy), 0.830 for S2 (diabetic retinopathy), 0.769 for S3
(diabetic peripheral neuropathy), and 0.692 for 4
(lower-extremity arterial disease and diabetic foot); the utility
value for S5 (death) was set to 0[27,28].
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Table 3. Health utility values used for type 2 diabetes and diabetes-related complication states in the Markov decision process model®.

Markov decision process  Hedlth state

Utility parameter Health utility value

State

S No recorded diabetes-related complication Up 0.868
S1 Diabetic nephropathy uq 0.753
S2 Diabetic retinopathy us 0.830
S3 Diabetic peripheral neuropathy us 0.769
A L ower-extremity arterial disease and diabetic foot Uy 0.692
S5 Desth us 0.000

#The state indices used in this table are identical to the Markov decision process health-state definitions and the analysis code: S1 denotes diabetic
nephropathy, S2 diabetic retinopathy, S3 diabetic peripheral neuropathy, S4 lower-extremity arterial disease and diabetic foot, and S5 death.

Travel distance was included to represent the accessibility
burden of outpatient follow-up. Prior evidence suggests that
longer driving distanceto primary careisassociated with poorer
glycemic control among patientswith diabetes[29]. Inthe MDP,
this burden was represented as atravel-related utility decrement
applied only to outpatient follow-up. The base-case coefficient
was 0.00032 utility loss per kilometer; it wastreated asamodel
parameter rather than an exact causal estimate and was varied

by +20% or —20% (range 0.000256-0.000384) in deterministic
sensitivity analysis. No travel-related disutility was applied to
nonoutpatient actions, and S5 (death) had a utility of O.

Annua medical cost parametersare presented in Table 4. These
annual costs were used as input parameters for the economic
evaluation but were converted to monthly state costs before
being applied in the 12-month MDP model.

Table4. Annual medical cost parameters used for type 2 diabetes and diabetes-related complication states?

MDP state Hedlth state Cost parameter Annual cost, CNY S/year
S0-S4 while dlive Baseline diabetes management Cbase i 15,000/ (1+exp[—Agei/10])
S No complication-related cost Ccomp , O 0

S1 Diabetic nephropathy C comp,1 12,000

2 Diabetic retinopathy C comp,2 4500

S3 Diabetic peripheral neuropathy C comp,3 5500

A L ower-extremity arterial disease and diabetic foot C comp,4 8000

S5 Death N/Ad 0

acbage,i denotes the annual baseline diabetes management cost accrued while patient i remained alive and was calculated as 15,000/(1+exp[—-Age/10])
CNY /year. The baseline management cost was accrued in al living states S0-S4 and was distinct from the state-specific annual complication-related
COSt Coomp,s Patientsin S1-S4 therefore accrued both the baseline management cost and the corresponding complication-rel ated cost. Annual costswere

divided by 12 before entering the monthly MDP cycles. No cost was accrued after entry into Sb.

BMDP: Markov decision process.
“1 CNY=US$0.15.
IN/A: not applicable.

To avoid ambiguity in state-to-parameter mapping, all utility
and cost parameters were indexed according to the same state
definitions used in the MDP health-state space. Specifically,
S1 corresponded to diabetic nephropathy, S2 to diabetic
retinopathy, S3 to diabetic peripheral neuropathy, $S4 to
lower-extremity arterial disease and diabetic foot, and S5 to
death. The same mapping was used in the analysis code,
parameter tables, sengitivity analyses, and [ICD-10
state-assignment appendix. The complete state-to-parameter
mapping is provided in Table S20 in Multimedia Appendix 1.

According to the Chinese National Basic Public Health Service
Standards [30], patients with type 2 diabetes are entitled to 4
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free outpatient clinic follow-up visitsannually [ 12,31,32]. Under
themodel’s accounting convention, thesefirst 4 outpatient visits
weretherefore assigned no additional modality-specific charge.
Outpatient visits beyond the first 4 were assigned a charge of
12 CNY per visit, based on aregistration fee of 2 CNY and a
blood glucose test fee of 10 CNY. Telephone and community
follow-up were assigned modeled charges of 13.8 CNY per call
and 40 CNY per visit, respectively. These amounts should be
interpreted as charge-based model inputs rather than estimates
of thefull economic opportunity cost of provider time, facilities,
consumables, or administrative support. As the MDP used
monthly decision cycles, these charges were accrued only in
the month in which the corresponding follow-up action occurred.
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Results

Risk Prediction Modéd Performance

For the incident-complication model, after excluding 669
patients with prevalent complications, removing 19,144
postevent person-years, and applying the prespecified
outcome-time eligibility criteria, 152,415 eligible patient-year
observations from 40,729 patients were included, with 7050
first incident complication events. After prespecified exclusions

Chenet a

and one-hot encoding, 124 candidate design predictors entered
the LASSO-Cox model; the lambda.1se rule retained only
duration of diabetes. The apparent, optimism-corrected, and
Shanghai external C-indices were 0.777, 0.777, and 0.778,
respectively. The mortality model included 174,041 eligible
patient-year observationsfrom 41,398 patients and 3047 deaths.
Of the same 124 candidate design predictors, 7 were retained
by lambda.1se; the corresponding apparent, optimism-corrected,
and external C-indices were 0.768, 0.767, and 0.812. Selected
predictors are shown in Table 5.

Table 5. Penalized Cox model predictors for complication and mortality risk in the Nanjing development cohort?®.

Risk factors Coefficient Hazard ratio (95% Cl) P value
Outcome: complications
Duration of diabetes 0.084 1.087 (1.084-1.090) <.001
Outcome: death
Splenomegaly (abnormal) 0.468 1.597 (1.446-1.764) <.001
Lips (abnormal) 0.431 1.539 (1.393-1.699) <.001
Lower limb edema 0.395 1.484 (1.348-1.635) <.001
Mass 0.383 1.466 (1.325-1.622) <.001
Hepatomegaly 0.347 1.415 (1.271-1.575) <.001
Mobile dullness 0.274 1.315 (1.185-1.460) <.001
Age 0.070 1.072 (1.068-1.076) <.001

8ClIsand P values were obtained using cluster-robust SEs with the patient as the clustering unit. As predictor selection preceded Cox refitting, P values

are exploratory and were not used for model selection.

In the prespecified |lambda.min secondary analysis, 65 predictors
were retained for incident complications and 95 for mortality.
External C-indiceswere 0.752 and 0.833, respectively, compared
with 0.778 and 0.812 for the primary lambda.1se models. Four
selected categorical variables (occupation, marital status,
medical payment type, and blood group) were structurally
unavailable in Shanghai and, for the lambdamin
external-discrimination analyses only, were fixed at their
devel opment-cohort reference levels. Predictor imputation was
completed separately within the Nanjing development cohort
and the Shanghai external-validation cohort before mode! fitting,
and no additional imputation was performed during model fitting
or external scoring. Neither primary lambda.1se model included
these variables, so primary external validation was unaffected.
In single-year cross-sectional analyses, duration of diabetes
aloneyielded C-indices of 0.790 in the second follow-up year
(32,923 patients; 1194 events) and 0.768 in the third follow-up
year (25,564 patients; 1383 events). These secondary analyses
arereported in Table S24 in Multimedia Appendix 1.

Scaled Schoenfeld residual tests showed no evidence of violation
of the proportional hazards assumption for the
incident-complication model (global P=.93), whereas significant
deviations were detected for the mortality model (global
P<.001). Therefore, we used the L ASSO-Cox maodels primarily
as prediction and risk-stratification tools rather than as causal
explanatory models. To examine whether relaxing the
proportional hazards assumption materially affected model
discrimination, we conducted asensitivity analysisusing random
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survival forest models that do not rely on the proportional
hazards assumption. For the incident-complication model, the
500-tree random survival forest achieved adevel opment C-index
of 0.781 and an external C-index of 0.776, compared with 0.777
and 0.778 for the LASSO-Cox model, respectively. For the
mortality model, the random survival forest achieved a
development C-index of 0.791 and an external C-index of 0.814,
compared with 0.768 and 0.812 for the LASSO-Cox model,
respectively. The corresponding external C-index differences
relativeto LASSO-Cox were—0.002 for incident complications
and +0.002 for mortality. These differences were negligiblein
magnitude, indicating that the random survival forest did not
materially improve external discrimination. For mortality, the
detected proportional-hazards deviations did not materialy
weaken discrimination; for incident complications, the random
survival forest served as a nonparametric sensitivity check
despite no detected proportional-hazards violation. We retained
the LASSO-Cox models as the primary risk models because
they provide a parsimonious and interpretabl e set of predictors.
Detailed results of the random survival forest sensitivity analysis
are provided in Table S17 in Multimedia Appendix 1.

Development of Personalized Follow-Up Planning

The MDP model generated a 12-month personalized foll ow-up
policy for each example patient according to the patient’sinitial
health state, age, and travel distance. Clinical variables from
electronic health records were used for state identification and
in the risk prediction models. The MDP itself used the current
health state, age, monthly health utility, travel distance, and
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smoothed transition probability matrices to determine the
optimal follow-up schedule and modality.

Table 6 summarizesthe MDP-generated personalized follow-up
strategiesfor exampl e patients entering the model from different
initial health states. The table reports the annual number of
follow-ups and the distribution of follow-up modalities; the
complete month-by-month schedules are provided in Table S1
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in Multimedia Appendix 1. Patients in S5 were assigned no
follow-up because death was modeled as an absorbing state. If
a patient’s complication status changed during follow-up, the
subsequent strategy would be updated according to the new
health state. The illustrative SO patient was aged 60 years and
had atravel distance of 2.0 km. Group-level expected follow-up
counts are reported separately in Table S11 in Multimedia
Appendix 1.

Table 6. Summary of MDP?generated personalized follow-up strategies by initial health states.

Initial state State definition Total follow-ups per year,n  Outpatient, n Telephone, Community,n  Follow-up pattern
n
0 No complication 5 4 1 0 4 outpatient follow-ups and 1
telephone follow-up

S1 Diabetic nephropathy 8 8 0 0 8 outpatient follow-ups

S2 Diabetic retinopathy 6 6 0 0 6 outpatient follow-ups

S3 Diabetic peripheral 6 6 0 0 6 outpatient follow-ups
neuropathy

A Lower-extremity arte- 6 5 0 1 5 outpatient follow-ups and 1
rial diseaseand diabet- community follow-up
ic foot

3\IDP: Markov decision process.

bThe table summarizes the 12-month MDP-generated follow-up plans for example patients by initial health state. The complete month-by-month
follow-up schedules are provided in Table S1 in Multimedia Appendix 1. Death was modeled as the absorbing state S5 and was therefore not assigned

follow-up.

Effectiveness at the Individual L evel

At the individual level, the personalized follow-up strategy
improved expected health outcomes for the example patient.
For the example patient initially in SO, the personalized strategy
increased annual QALDsfrom 313.64 to 314.12, corresponding
to an increase of 0.48 QALDs per year. A Monte Carlo
algorithmic check with 10,000 simulated trajectories produced
similar results: the personalized strategy yielded 314.26 QALDs
compared with 313.75 QALDs under standardized follow-up.
Inthischeck, thefinal complication-state probability was5.19%
under the personalized strategy and 5.09% under the
standardized strategy, and the corresponding final death
probabilities were 1.28% and 1.61%. These Monte Carlo
estimates are reported in Table S4 in Multimedia Appendix 1.
Complete expected-val ue effectiveness results across al initial
states are provided in Table S2 in Multimedia Appendix 1.

Cost-Effectiveness Analysis at the Individual L evel

Annual costswere obtained by accumulating monthly state and
follow-up costs over the 12-month horizon. For the example
patient initialy in SO, the personalized strategy increased
effectiveness by 0.48 QALDs and increased annual cost by
33.46 CNY. The resulting ICER was 25,499 CNY/QALY, or
69.86 CNY/QALD. The Monte Carlo agorithmic check
produced broadly consistent cost-effectiveness results for the
S0 exampl e patient. The willingness-to-pay threshold, set at 3
times China's 2024 per-capita gross domestic product, was
287,248 CNY/QALY. The ICER was substantially below this
threshold, indicating that the personalized follow-up strategy
was cost-effective for the example patient under the model
assumptions, although it was not cost-saving under the base-case
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program-costing assumptions. The complete individual-level
cost-effectivenessresults acrossinitial health statesare provided
in Table S3 in Multimedia Appendix 1.

Effectiveness at the Group L evel

At the group level, we evaluated the MDP-based personalized
follow-up strategy in a heterogeneous simulated cohort of 2000
patients initialized in SO. The analysis used a fixed cycle
duration of 365/12 daysfor each of the 12 monthly cycles. The
personalized strategy produced a mean annual effectiveness of
314.05 QALDs (0.86041 QALYs), compared with 313.52
QALDs(0.85896 QALY s) under the standardized strategy. The
mean incremental effectiveness was 0.529 QALDs (0.00145
QALY S) per patient-year. The cohort-mean month-by-month
accumulation of QALDs and costs under both strategies is
reported in Table S10 in Multimedia Appendix 1; the 12
monthly values sum exactly to the annual cohort meansreported
in Tables S5 and S6 in Multimedia Appendix 1. The
corresponding annual reconciliation based on patient-level and
monthly sumsis provided in Table S7 in Multimedia Appendix
1.

The cohort-level QAL Dswere consistent with themodel’ s state
utilities and end-of -horizon state distributions. For reference, a
patient remaining in SO throughout the full year without
outpatient travel disutility would accrue 365 x 0.868 = 316.82
QALDs. The dlightly lower cohort means reflected transitions
to lower-utility complication states, mortality, and outpatient
travel disutility.

We also compared monthly expected state distributions under
the 2 strategies, including complication-state occupancy and
cumulative mortality, as reported in Tables S12 and S13 in
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Multimedia Appendix 1. By the end of the 12-month horizon,
the expected proportion of patients occupying complication
states S1-$4 was 5.114% under the personalized strategy and
5.115% under the standardized strategy, corresponding to 51.14
and 51.15 expected patients per 1000 patients, respectively. The
corresponding expected cumulative mortality proportionswere
1.437% and 1.610%, corresponding to 14.37 and 16.10 expected
deaths, respectively. The 2 strategiestherefore produced broadly
comparable end-of-horizon state distributions, and the
group-level advantage of the personalized strategy lay in
improved QALDs and cost-effectiveness rather than in alarge
reduction in end-of-horizon complication or death probabilities.
The personalized strategy neverthelessresulted in dlightly lower
cumulative mortality and 0.0126 additional expected living
patient-months per patient over the 12-month horizon.

In the present group-level simulation, patients were initialized
in SO to evaluate personalized follow-up planning among
patients without baseline complications. The base utility of SO
wasfixed at 0.868 for all patients, whereas age, travel distance,
and action-specific travel disutility contributed to heterogeneity
in simulated outcomes. The personalized strategy generated a
mean of 2.72 follow-ups per patient-year, including 1.74
outpatient follow-ups, 0.96 telephone follow-ups, and 0.01
community follow-ups; the standardized strategy generated 3.98
outpatient follow-ups per patient-year. The corresponding
group-level strategy summary is provided in Table S11 in
Multimedia Appendix 1.

Cost-Effectiveness Analysis at the Group L evel

Under the specified program-costing assumptions, the
personalized strategy increased mean annual cost by 24.67 CNY
and mean annual effectiveness by 0.00145 QALY's compared
with standardized follow-up. The resulting ICER was 17,016
CNY/QALY, which was substantialy below the
willingness-to-pay threshold of 287,248 CNY/QALY. The
complete group-level cost-effectiveness results are provided in
Table S5 in Multimedia Appendix 1.

—personalized —standardized

AC =C - C
personalized standardized
AE = QALY — QALY
ICER = Ac
~ AE

The incremental total cost was decomposed into baseline
diabetes-management expenditure, complication-related cost,
and additional modality-specific follow-up charges. Compared
with standardized follow-up, the personalized strategy increased
mean baseline diabetes-management expenditure by 15.64 CNY
and mean additional follow-up charges by 14.94 CNY, while
reducing mean complication-related cost by 5.91 CNY. These
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components reconciled exactly with the total incremental cost
of 24.67 CNY. The higher baseline diabetes-management
expenditure was consistent with the additional 0.0126 expected
living patient-months under the personalized strategy. The
additional follow-up charge reflected the expected distribution
of outpatient, telephone, and community follow-up actions
across patients and health-state trajectories.

Sensitivity Analysis

To examine whether the MDP results were sensitive to the
smoothing assumptions used in transition probability estimation,
we repeated the group-level MDP analysis using alternative
L aplace smoothing parametersof a=.1, .5, 1.0, and 2.0; detailed
results are provided in Table S14 in Multimedia Appendix 1.
Across these smoothing parameters, the personalized strategy
increased mean annual effectiveness by 0.00136-0.00178
QALY s and increased mean annual cost by 19.95-53.67 CNY
compared with standardized follow-up. The corresponding
ICERs ranged from 14,716 to 31,151 CNY/QALY. All ICERs
remained substantially below the willingness-to-pay threshold
of 287,248 CNY/QALY, indicating that the projected
cost-effectiveness results remained consistent across the
examined transition-probability smoothing parameters.

We also performed deterministic 1-way sensitivity analysesfor
health utility values, complication-related medical costs, the
annual baseline-management cost ceiling ¢4, follow-up costs,
the agorithmic discount factor, and travel-related disutility.
The parameter ranges are reported in Table S15 in Multimedia
Appendix 1, and the corresponding results are presented in Table
S16 in Multimedia Appendix 1. Across these deterministic
scenarios, the personalized strategy increased annual
effectiveness by 0.00124-0.00160 QALY sand increased annual
cost by 21.74-55.68 CNY compared with standardized
follow-up. The corresponding ICERs ranged from 14,987 to
35,613 CNY/QALY. The ICER for the personalized strategy
remained below the willingness-to-pay threshold of 287,248
CNY/QALY across al examined deterministic scenarios.
Varying the algorithmic discount factor only had alittle effect
on the conclusion: with no discounting, the personalized strategy
increased annual effectiveness by 0.00145 QALY s and annual
cost by 25.42 CNY, resulting in an ICER of 17,494
CNY/QALY. With a monthly factor of 0.9959, corresponding
to an annual discount rate of 5%, the corresponding valueswere
0.00145 QALYs, 25.29 CNY, and 17,408 CNY/QALY. Both
| CERs remained far bel ow the willingness-to-pay threshold. In
the willingness-to-pay—dependent policy re-optimization
analyses, the MDP was re-solved using willingness-to-pay
objectives corresponding to 1 and 3 times China's 2024 per
capita gross domestic product. Under the 1x gross domestic
product objective, the personalized strategy increased
effectiveness by 0.00140 QALYs and cost by 18.65 CNY,
resultinginan ICER of 13,295 CNY/QALY. Under the 3x gross
domestic product objective, the personalized strategy increased
effectiveness by 0.00145 QALYs and cost by 24.67 CNY,
resulting in an ICER of 17,016 CNY/QALY. Both ICERs were
below their corresponding willingness-to-pay thresholds.
Varying the annual baseline-management cost ceiling ¢, 10
12,000, 15,000, and 18,000 CNY/year produced ICERs of
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14,987, 17,016, and 19,018 CNY/QALY, respectively; the
15,000 CNY /year scenario reproduced the base-case result.

External Validation of Risk Prediction Modelsin the
Shanghai Cohort

The final risk-prediction models developed in Nanjing were
applied without reestimating model parameters in the
independent Shanghai cohort of 25,506 patients from 10
communities (mean follow-up 1.87 years). The dligible
incident-complication validation set contained 25,499
observations with 1742 events and yielded an external C-index
of 0.778. Mortality validation used all 25,506 observations,
including 125 deaths, and yiel ded an external C-index of 0.812.
As the Shanghai cohort had a shorter follow-up duration than
the Nanjing development cohort, these analyses validate
discrimination rather than the MDP policy, cost-effectiveness
projections, or long-term clinical effectiveness.

Discussion

Principal Findings

Using longitudinal primary-care data, we developed a 12-month
finite-horizon MDP that selected follow-up timing and modality
by maximizing expected net health benefit under prespecified
utility, cost, access, and willingness-to-pay parameters. In both
the example-patient and simulated-cohort analyses, the
personalized policy produced small projected QALY gains at
modest incremental program cost. 1n the 1000-patient SO cohort,
the ICER was 17,016 CNY/QALY, below the modeled
willingness-to-pay threshold of 287,248 CNY/QALY.
End-of-horizon complication-state occupancy was nearly
identical between strategies, whereas modeled mortality was
dightly lower wunder the personalized policy. As
action-conditional transitionswere estimated from observational
records and may reflect confounding by indication, these
differences are model-based projections and should not be
interpreted as causal effects of follow-up modality.

Deterministic sensitivity analyses preserved the overall
cost-effectiveness  conclusion  across the  examined
transition-smoothing, utility, Ccost, travel-disutility,
willingness-to-pay, cycle-convention, and discount-factor
scenarios. These analyses support structural robustness within
the specified model but do not quantify sampling or joint
parameter uncertainty; accordingly, they do not provide a
probability that the personalized strategy is cost-effective. The
higherr modeled cost arose from both additional
modality-specific follow-up charges and greater accrual of
baseline management costs over the slightly larger number of
expected living patient-months.

Comparison With Prior Work

Prior diabetes follow-up research has examined encounter
frequency, guideline adherence, telemedicine, personalized care
systems, and self-management support [15-17,33-36].
Risk-based follow-up has also been evaluated in other
chronic-disease settings [18,37,38]. These studies inform who
may need more intensive care or how follow-up can be
delivered, but fewer provide an explicit sequential decision
framework that jointly selects timing and modality while
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incorporating expected health benefit, accessibility, and resource
use. Related methodol ogical work has applied machine-learning
methods to predict follow-up intervals and has used MDP or
approximate dynamic programming formulations to schedule
health care encounters and allocate resources in other service
settings [20,21,39].

Our study extends this literature by formulating follow-up
planning as a sequential decision problem and incorporating
QALDs and program costs directly into the MDP reward
structure. The model did not project short-term cost savings;
instead, it generated a small additional expected health benefit
at an incremental modeled cost. Thisdistinctionisimportant in
primary care, where decision support should make the trade-off
between expected benefit and resource use explicit rather than
equating personalization with lower expenditure.

The framework should be viewed as a candidate
decision-support approach rather than a ready-to-deploy
scheduling system. After prospective validation, it could support
structured planning of follow-up frequency and modality using
routinely collected clinical information together with
prespecified utility, cost, and accessibility parameters. Its effects
on clinician workload, patient adherence, service substitution,
and implementation feasibility were not evaluated here and
should be established before the model is used to modify
mandated or routine follow-up schedules.

The incident-complication model was highly parsimonious:
lambda.1se retained duration of diabetes alone, with apparent,
optimism-corrected, and external C-indicesof 0.777,0.777, and
0.778, respectively. The lambdamin model retained 65
predictors but had lower external discrimination, and the
single-year analysesyielded similar discrimination with duration
of diabetes alone. Several conventional metabolic markers,
including fasting blood glucose, blood pressure, and BMI,
provided little incremental 1-year discrimination beyond
duration of diabetes in this analysis. This parsimony reflects
both the 1-year prediction horizon and the prespecified
lambda. 1se tuning rule, under which duration of diabetes alone
achieved discrimination comparable to that of the larger
lambda.min model. These findings are specific to 1-year risk
discrimination in the available data and do not imply that these
or other established clinical risk factors are clinicaly
unimportant. For mortality, lambda.1se retained 7 predictors,
although lambda.min yielded a higher external C-index (0.833
vs 0.812), the prespecified parsimonious model remained
primary rather than selecting a model based on external
performance. The 500-tree random survival forest sensitivity
analysis changed external C-indicesby only —0.002 for incident
complications and +0.002 for mortality. Thus, the detected
proportional-hazards deviations in the mortality model did not
materially impair discrimination. These risk models were
complementary validation analyses and supplied no numerical
input to the MDP.

Limitations

Thisstudy has severd limitations. Firgt, action-specific transition
probabilities were estimated from observationa follow-up
records rather than randomized or prospectively assigned
interventions. They may therefore reflect care-seeking behavior,
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clinician decision-making, access, adherence, residual baseline
imbalance, and unmeasured confounding; Laplace smoothing
addresses sparse cells but not confounding by indication. Most
baseline differences were small, although exercise frequency
and blood type had standardized mean differences of .199.
Transition-cell denominators represent patient-month transitions
rather than distinct independent patients, and sampling
uncertainty in these probabilities was not modeled. The
incremental effectiveness estimate was also small relativetoits
variation across smoothing scenarios. The MDP results should
therefore be interpreted as projected decision-support outputs
under the estimated transition structure, rather than as causal
evidence for reducing guideline-based foll ow-up requirements.
Individualization was limited to health state, travel distance,
and age because the LASSO-Cox risk estimates did not
condition the action-specific transitions.

Second, random-forest—based predictor imputation does not
propagate imputation uncertainty in the same way as multiple
imputation. In addition, the Cox models were fitted to
person-year records, so patients with longer follow-up
contributed more records, although cross-validation, bootstrap
resampling, and robust SEs were handled at the patient level.
The models were therefore used for prediction and risk
stratification rather than coefficient-level causal inference. The
reported bootstrap optimism correction was conditional on the
LASSO-sdlected predictor set and therefore quantified optimism
in the Cox refitting step rather than uncertainty from repeating
the complete variable-sel ection procedure. External calibration
was not assessed, so the reported C-indices establish
discrimination but not calibration of absolute risk.

Third, routine public health records did not capture medication
costs, productivity losses, or the full opportunity cost of provider
time, facilities, consumables, and administrative support. The
analysis therefore used a restricted public health program
perspective. The absence of an additional charge for the first 4
outpatient visits is a program accounting convention, not
evidence of zero resource use. Adding omitted resource
components could change the absolute costsand I CER in either
direction, depending on differential resource use. As a
substantial component of the incremental cost arises from
baseline-management expenditure accruing over additional
living patient-months, the cost-effectiveness ratio implied by
thissurvival channel aoneiscloseto the baseline-management
cost divided by the utility of SO; its magnitude is therefore
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largely determined by this prespecified cost parameter. The
baseline-management cost function was also prespecified rather
than estimated from individual-level expenditure data; varying
its annual ceiling, Cpa from 12,000 to 18,000 CNY /year
assessed structural sengitivity but did not substitute for empirical
cost validation.

Fourth, travel distance was represented as a linear
accessibility-related disutility. This simplification may not
capture nonlinear relationships or nontravel-related barriersand
may favor lower-burden modalities for patients living farther
from primary care. Part of the projected QALY gain therefore
reflects modeled access burden rather than biomedical disease
control alone.

Fifth, the MDP states were mutually exclusive and did not
explicitly represent concurrent diabetes-related complications,
which may underestimate the burden of multimorbidity. The
12-month horizon aso captures short-term projected
cost-effectiveness rather than lifetime value, as major
diabetes-related complications often develop over multiple
years.

Finally, the Shanghai cohort had shorter follow-up than the
Nanjing development cohort and was used only to validate
risk-model discrimination; neither external calibration nor the
MDP policy or economic projections were validated in
Shanghai. Prospective studies should eval uate implementation
effectiveness, workload, adherence, modality-specific outcomes,
calibration, and generalizability, while considering risk-adjusted
or causal methods for estimating action-conditional transitions.

Conclusions

This study developed a 12-month MDP framework that uses
observed action-conditional transition patterns together with
prespecified utility, cost, access, and willingness-to-pay
parameters to generate personalized follow-up policies for
patients with type 2 diabetes. In the modeled analyses, the
personalized strategy produced small projected QALY gainsat
modest incremental program cost, and independent Shanghai
data supported the discrimination of the complementary
risk-prediction models. As the decision model relied on
observational transition data and partly prespecified economic
parameters, these results should be regarded as model-based
projections requiring prospective implementation, calibration,
and economic validation rather than as causal evidence for
changing guideline-mandated follow-up schedules.
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