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Abstract
Purpose Patients’ expectations during recovery after a trauma can affect the recovery. The aim of the present study was to 
identify different physical recovery trajectories based on Latent Markov Models (LMMs) and predict these recovery states 
based on individual patient characteristics.
Methods The data of a cohort of adult trauma patients until the age of 75 years with a length of hospital stay of 3 days and 
more were derived from the Brabant Injury Outcome Surveillance (BIOS) study. The EuroQol-5D 3-level version and the 
Health Utilities Index were used 1 week, and 1, 3, 6, 12, and 24 months after injury. Four prediction models, for mobility, 
pain, self-care, and daily activity, were developed using LMMs with ordinal latent states and patient characteristics as pre-
dictors for the latent states.
Results In total, 1107 patients were included. Four models with three ordinal latent states were developed, with different 
covariates in each model. The prediction of the (ordinal) latent states in the LMMs yielded pseudo-R2 values between 40 and 
53% and between 21 and 41% (depending of the type R2 used) and classification errors between 24 and 40%. Most patients 
seem to recover fast as only about a quarter of the patients remain with severe problems after 1 month.
Conclusion The use of LMMs to model the development of physical function post-injury is a promising way to obtain a 
prediction of the physical recovery. The step-by-step prediction fits well with the outpatient follow-up and it can be used to 
inform the patients more tailor-made to manage the expectations.

Keywords Trauma · Latent Markov model · Recovery · Physical function

Background

With the improved mortality rates in trauma centers [1–5], 
the focus shifted from mortality rates to non-fatal outcomes. 
Previous research investigated recovery after trauma in terms 
of health status [6–8] and functional outcome [7–9], and 
identified lower extremity injuries, higher Injury Severity 
Score, lower pre-injury health status, longer hospital length 
of stay [6–10], comorbidities, and low educational level as 
prognostic factors for poor recovery.

Previous studies showed that individual recovery expec-
tations influenced the recovery after trauma or orthopedic 
surgery [11, 12]. Patients with higher baseline expectations 
for a total hip or knee replacement showed greater improve-
ments in 1 year [12, 13]. Identifying the expectations of 
patients during treatment is necessary to prevent patients 
from having unrealistic expectations which could lead to 
poor outcomes and dissatisfaction with treatment [14]. 
Therefore, tailor-made information about the trauma and 
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expected recovery should be provided [15]. Decision aids 
increased participants’ knowledge and appeared to have a 
positive effect on patient-clinician communication [16–18]. 
Moreover, patients who used a decision aid were equally or 
more satisfied with their decision and the decision-making 
process [16, 17]. The tailor-made information after a trauma 
and the expected recovery could also increase participants’ 
knowledge and improve patient–clinician communication to 
support decisions of the clinician or the patient during the 
recovery process.

Latent Markov models (LMMs) [19] were used to iden-
tify three physical recovery states (no problems, moderate 
problems, and severe problems) at 1 week to 24 month after 
trauma based on patients’ scores on the EuroQol-5D (EQ-
5D) [20, 21] and the Health Utilities Index (HUI) [22, 23]. 
Furthermore, transitions between these states during the 
24 month follow-up period were modeled. Individual patient 
and trauma characteristics were included in these models 
to predict patient-specific recovery trajectories by estimat-
ing the probabilities of state membership at each time point 
during follow-up.

The aim of the present study was to identify different 
physical recovery trajectories for the more vulnerable, 
injured patients who are at risk for a long recovery trajec-
tory, as well as to predict the recovery of these patients. 
The predicted physical recovery will be used to inform the 
patients more tailor-made and to manage the recovery expec-
tations of trauma patients.

Methods

Study setting

The data of a cohort of trauma patients were derived from 
the Brabant Injury Outcome Surveillance (BIOS) study [24]. 
In this study, adult patients (≥ 18 years) were included if 
they were admitted to an ICU or a ward in Noord-Brabant 
(The Netherlands) within 48 h after injury and who survived 
to hospital discharge between August 2015 and November 
2016. If patients are incapable of completing the self-report 
measures themselves, after 1 month, proxy informants will 
be asked to complete the questionnaire [24]. Patients above 
the age of 75, with pathological fractures, insufficient knowl-
edge of the Dutch language, or discharged within 3 days 
were excluded. The patients discharged within 3 days were 
excluded to focus on the more vulnerable patients at risk 
for functional disabilities. In total, 2396 patients met our 
inclusion criteria and 1525 patients agreed with participa-
tion and signed informed consent. Of these patients, 418 
patients were excluded, because they did not complete the 
pre-injury questionnaire. Accordingly, 1107 trauma patients 
were included in this study and responded to at least one 

questionnaire. See Fig. 1 for an overview of the in- and 
excluded patients.

Outcome

Data about physical recovery (mobility, pain, self-care, and 
daily activity) were collected by the EuroQol-5D (EQ-5D) 
[20, 21] 3-level version and the Health Utilities Index (HUI) 
[22, 23]. The questions of the HUI and the EQ-5D with the 
same attributes were used as multiple indicators of the latent 
states in the estimated LMMs. The self-reported question-
naires were collected at 1 week, and 1, 3, 6, 12, and 24 
months after injury. If patients were discharged within 1 
week after injury, questionnaires were sent by post. If the 
patient was still hospitalized after 1 week, questionnaires 
were distributed by a nurse or a medical doctor. All patients 
that responded to a questionnaire after 1 week, or after 1 
month if they were not possible to respond after 1 week 
because of their health condition, received a questionnaire 
about their pre-injury level of function (EQ-5D).

Prognostic factors

Prehospital data, injury severity, injured body region, hospi-
tal length of stay, and ICU admission were obtained directly 
from the Dutch National Trauma Registry. Patient character-
istics (age, gender, and comorbidities) were extracted from 
the socio-demographic questions in the questionnaire. The 
abbreviated Injury Scale (AIS-90, update 2008) [25] was 
used to define the anatomical region and severity of separate 
injuries in detail. The Injury Severity Score (ISS) [26, 27] 
was used to assess overall trauma severity.

Statistical analysis

Missing values for prognostic factors were imputed by 
means of multiple imputation with 15 imputations and 5 
iterations using the multivariable imputation by chained 
equation procedure [28]. The ISS was imputed in 11 (1%) 
patients and hospital length of stay in 69 (6%) patients.

Four prediction models for mobility, pain, self-care, and 
daily activity were developed using LMMs [19, 29], treat-
ing the response variables as ordinal. LMMs assume the 
observed outcomes, i.e., the observed scores on the EQ-5D 
and HUI, to be generated by an underlying sequence of 
latent, exclusive states, as well as being independent con-
ditional on these latent states. With LMMs, three sets of 
parameters were estimated (Fig. 2). Initial state probabilities 
quantify the probabilities of belonging to one state at the 
first time point. Transition probabilities quantify the prob-
abilities of moving from one state to the same or a different 
state at the next time point. Emission probabilities quantify 
the probabilities of giving a certain response conditional on 
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belonging to a certain state. All sets of parameters were esti-
mated simultaneously by maximizing the likelihood using 
an Expectation–Maximization algorithm [30]. LMMs are 
particularly suited to deal with missing values in the indi-
cators if missingness at random (MAR) can be assumed. 
Instead of imputing these values, the log-likelihood function 
can be adjusted for each observation at each time point to be 
conditional on only the observed indicators rather than on 
all indicators. It is possible to include covariates in this esti-
mation process using multinomial logistic regression and, 
in turn, use the information of the covariates to predict the 
sequence of latent states and the responses for a new patient 
[31]. Because some of the predictors were time varying, 
transition and emission probabilities were not restricted to 
be the same at each time point even though being estimated 
in the same model.

One crucial point when using LMMs is to decide on the 
number of latent states [19]. Best model fit was assessed for 
an LMM without covariates using bivariate residuals [32]. 
Bivariate residuals indicate whether the local independence 
assumption holds between the observed indicators, that is, 
the responses on the EuroQol-5D and HUI. For all four mod-
els, a three-state model was considered appropriate as the 
bivariate residuals were reduced to about 1% of their value in 
the one-state model. Furthermore, for the purpose of inter-
pretability and estimation, the three states were restricted 
to be ordinal. As this, the states have the same interpreta-
tion over the four prediction models as state 1 represents the 
best outcome for mobility, pain, self-care, and daily activity, 
respectively, and state 3 represents the worst outcome.

To select the relevant predictors, the data set was split into 
a training set and a holdout set. The training set was used to 

Fig. 1  Flowchart of the number of included and excluded patients
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select the variables and the holdout set was used to evaluate 
the quality of the prediction. Covariates were entered into all 
four models separately using backward elimination to avoid 
overfitting the training data [33]. Significance as assessed 
by a p value < 0.1. Model performance in terms of predic-
tion of the latent states based on the included covariates was 
assessed using the proportion of classification errors and two 
types of pseudo-R2-measures for the holdout set [32]. One 
pseudo-R2-measure is similar to a standard R2 and takes the 
ordinal nature of the states into account, while the other is 
based on entropy, which is the proportion of classification 
errors that does not account for the ordinal nature of the 
latent states. Analyses were performed in LatentGOLD ver-
sion 6.0 [34]. Multiple imputation and the scoring function 
to obtain predictions were written in R version 3.6.0. Results 
were reported according to the TRIPOD statement [35].

Results

Descriptive statistics

In total, 1107 patients were included in this study, 55% were 
male, and the median age was 62 (IQR 51–69). Of these 
patients, 11% were severely injured (ISS ≥ 16) and 75% were 
classified as a normal healthy patient or with mild systemic 
diseases. Patients mostly reported no pre-injury problems in 
mobility, self-care, daily activity, and pain (75.9%, 90.3%, 
79.7%, and 69.3%, respectively). Most patients had a lower 
extremity injury (59%), upper extremity injury (18%), or thorax 
injury (18%). Missing values were found in pre-injury mobility 
(N = 24), pre-injury self-care (N = 16), pre-injury daily activity 
(N = 23), pre-injury pain (N = 25), and number of comorbidities 
(N = 2). Non-responders had significant more head injuries and 
less lower extremity injuries, and their hospital length of stay 
was significant longer compared to the responders. See Table 1 
for an overview of the demographic data.

Fig. 2  Clarification of LMMs. a Depiction of an exemplary state tra-
jectory. The circles represent the states, and the squares represent the 
EQ-5D or HUI items. b Graphical depiction of the states. The arrows 
represent the probabilities for switching between states (transition 

probabilities). c Graphical depiction of the measurement model. The 
arrows represent the probabilities of being in state 1 conditional on 
the answers given on the EQ-5D and HUI items (emission probabili-
ties)
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The response rates were 56% (N = 618) after 1 week, 88% 
(N = 977) after 1 month, 75% (N = 831) after 3 months, 73% 
(N = 807) after 6 months, 72% (N = 802) after 12 months, 
and 67% (N = 742) after 24 months. Patients reported less 
problems for mobility, pain, self-care, and daily activities 
over time. See “Appendix 1” for the alluvial plots, in which 
the course over time is visible between the different EQ-5D 
values for mobility, pain, self-care, and daily activity.

Prediction model

Four LMMs for mobility, pain, self-care, and daily activity 
were estimated. The prediction of the latent state transitions 
in the LMMs yielded a Standard R2 of 53%, an Entropy 
R2 of 41%, and classification errors of 30% for mobility; a 
Standard R2 of 40%, an Entropy R2 of 21%, and classification 
errors of 40% for pain; a Standard R2 of 47%, an Entropy R2 
of 39%, and classification errors of 24% for self-care; and a 
Standard R2 of 44%, an Entropy R2 of 33%, and classification 
errors of 35% for daily activities.

On average, more than two-thirds of the patients started 
with severe problems (State 3) at 1 week, except for self-care 
where about a third of patients started with severe problems. 

However, most patients seem to recover quickly as only 
about half of these patients still reported severe problems 
in mobility and daily activity after 1 month and about half 
improved to moderate problems (state 2) from where more 
than 20% reported no problems (State 1) after 3 months. In 
self-care, 60% of the patients reported no problems after 3 
months. Transitions into worse outcome states are unusual 
and most often observed for pain with up to 23% (from no 
problems to moderate problems) and 6% (from moderate 
problems to severe problems). See “Appendix 2” for the 
mean transition probabilities for each time point.

Covariates that were selected to score new patients for 
obtaining predictions are reported in Table 2A–D, for mobil-
ity, pain, self-care, and daily activity respectively.

Personalized prediction

Here, we present two hypothetical cases to demonstrate how 
the output of our prediction model might look in practice.

A severely injured (ISS ≥ 16) male patient of 18 years 
was admitted to the ICU. He had an upper extremity, lower 
extremity, head, thorax, and spine injury. He had a length 
of hospital stay of 15 days, no comorbidity, and he had no 

Table 1  Demographic data

N Number, IQR Interquartile range, ISS Injury Severity score, ICU Intensive Care Unit, AIS Abbreviated 
InjuryScale
*Unknown in non-responders

Responders
N = 1107

Non-responders
N = 1289

p value

Male, N (%) 604 (54.6) 712 (55.2) 0.291
Age, median [IQR] 62 [51–69] 61 [47–70] 0.752
ISS ≥ 16, N (%) 120 (10.8) 182 (14.1) 0.178
Number of comorbidities, N (%)* –
 0 476 (43.0) –
 1 343 (31.0) –
 ≥ 2 286 (25.8) –

Missing 2 (0.2) –
Pre-injury no mobility problems, N (%)* 840 (75.9) –
Pre-injury no self-care problems, N (%)* 1000 (90.3) –
Pre-injury no daily activity problems, N (%)* 882 (79.7) –
Pre-injury no pain, N (%)* 767 (69.3) –
Injured body region (AIS ≥ 2), N (%)
Head 108 (9.8) 176 (13.7) 0.013
Face 36 (3.3) 55 (4.3) 0.296
Thorax 196 (17.7) 212 (16.4) 0.164
Abdomen 39 (3.5) 61 (4.7) 0.225
Upper extremity 194 (17.5) 251 (19.5) 0.538
Lower extremity 648 (58.5) 722 (56.0) 0.008
Spine/neck 133 (12.0) 164 (12.7) 0.962
Hospital length of stay, median [IQR] 6 [5–10] 7 [5–12]  < 0.001
ICU admission, N (%) 166 (15.0) 252 (19.6) 0.363
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Table 2  Multinomial regression model for initial state and transition probabilities. Initial state and transition probabilities based on one imputa-
tion set. Ref Reference value. The injured body regions are injuries with an AIS ≥ 2

(A) Mobility

Initial state Coefficient F statistic p value

Intercepts (ref = state 1—no problems) Ref 16.1  < 0.001
State 2—moderate problems − 0.796
State 3—severe problems − 2.703
Gender (ref = male) Ref 5.1 0.025
Female 0.829
Face (ref = no) Ref 3.2 0.076
Yes − 1.673
Lower extremity injury (ref = no) Ref 113.8  < 0.001
Yes 5.513
Spine/neck injury (ref = no) Ref 15.9  < 0.001
Yes 2.277
Hospital length of stay, days 0.166 17.4  < 0.001

Transition probabilities Coefficient F statistic p value

Intercepts (ref = state 1—no problems) Ref 109.7  < 0.001
State 2—moderate problems − 3.599
State 3—severe problems − 13.390
Previous state 18.342 172.9  < 0.001
Measurement (ref = 1 week) Ref 17.2  < 0.001
1 month 0.000
3 months − 3.589
6 months − 3.115
12 months − 3.066
24 months − 1.082
Previous mobility (ref = no problems) Ref 54.7  < 0.001
Moderate problems 4.077
Severe problems 1.471
Number of comorbidities (ref ≥ 2) Ref 7.4  < 0.001
1 0.016
0 1.108
Head injury (ref = no) Ref 5.1 0.024
Yes − 1.211
Thorax injury (ref = no) Ref 15.9  < 0.001
Yes − 1.770
Abdomen injury (ref = no) Ref 10.5 0.001
Yes − 3.092
Lower extremity injury (ref = no) Ref 6.1 0.014
Yes 0.869
Spine/neck injury (ref = no) Ref 8.0 0.005
Yes − 1.314
Hospital length of stay, days 0.170 57.1  < 0.001

(B) Pain

Initial state Coefficient F statistic p value

Intercepts (ref = state 1—severe problems) Ref 17.7  < 0.001
State 2—moderate problems − 0.242
State 3—no problems − 2.921
Age 0.052 8.6 0.003
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Table 2  (continued)

(B) Pain

Initial state Coefficient F statistic p value

Gender (ref = male) Ref 2.8 0.096
Female − 0.693
Previous pain (ref = no problems) Ref 3.4 0.032
Moderate problems − 1.324
Severe problems − 1.999
Number of comorbidities (ref ≥ 2) Ref 2.9 0.058
1 − 0.912
0 − 1.317
Thorax injury (ref = no) Ref 13.4  < 0.001
Yes − 3.068
Upper extremity injury (ref = no) Ref 8.9 0.003
Yes − 2.312
Lower extremity injury (ref = no) Ref 2.8 0.092
Yes − 0.846
Spine/neck injury (ref = no) Ref 4.0 0.047
Yes − 1.584
Hospital length of stay, days − 0.144 6.6 0.011

Transition probabilities Coefficient F statistic p value

Intercepts (ref = state 1—no problems) Ref 218.9  < 0.001
State 2—moderate problems 0.326
State 3—severe problems − 3.260
Previous state 10.465 337.4  < 0.001
Measurement (ref = 1 week) Ref 1.6 0.174
1 month 0.000
3 months − 0.727
6 months − 0.287
12 months − 0.674
24 months − 0.356
Age 0.021 8.1 0.004
Gender (ref = male) Ref 5.4 0.020
Female − 0.416
Previous pain (ref = no problems) Ref 27.6  < 0.001
Moderate problems − 1.468
Severe problems − 3.055
Number of comorbidities (ref ≥ 2) Ref 9.4  < 0.001
1 − 0.422
0 − 1.076
Face (ref = no) Ref 7.7 0.006
Yes 1.416
Thorax injury (ref = no) Ref 7.8 0.005
Yes 0.660
Spine/neck injury (ref = no) Ref 5.2 0.022
Yes − 0.665
Hospital length of stay, days − 0.057 14.2  < 0.001
ISS (ref = 1–15) Ref 8.0 0.005
 > 15 0.951
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Table 2  (continued)

(C) Self-care

Initial state Coefficient F statistic p value

Intercepts (ref = state 1—no problems) Ref 54.3  < 0.001
State 2—moderate problems 0.177
State 3—severe problems − 2.971
Previous self-care (ref = no problems) Ref 5.5 0.004
Moderate problems 1.453
Severe problems 4.603
Head injury (ref = no) Ref 8.3 0.004
Yes − 2.090
Abdomen injury (ref = no) Ref 5.2 0.023
Yes − 2.973
Upper extremity injury (ref = no) Ref 36.3  < 0.001
Yes 3.799
Lower extremity injury (ref = no) Ref 34.0  < 0.001
Yes 2.802
Spine/neck injury (ref = no) Ref 18.2  < 0.001
Yes 3.182
Hospital length of stay, days 0.235 28.7  < 0.001

Transition probabilities Coefficient F statistic p value

Intercepts (ref = state 1—no problems) Ref 90.2  < 0.001
State 2—moderate problems − 4.161
State 3—severe problems − 14.128
Previous State 17.247 133.7  < 0.001
Measurement (ref = 1 week) Ref 10.0  < 0.001
1 month 0.000
3 months − 2.067
6 months − 2.175
12 months − 0.158
24 months − 0.226
Previous self-care (ref = no problems) Ref 32.2  < 0.001
Moderate problems 3.027
Severe problems 5.802
Number of comorbidities (ref ≥ 2) Ref 3.4 0.034
1 0.382
0 0.836
Thorax injury (ref = no) Ref 9.4 0.002
Yes − 1.175
Upper extremity injury (ref = no) Ref 3.6 0.057
Yes 0.638
Spine/neck injury (ref = no) Ref 3.0 0.082
Yes − 0.811
Hospital length of stay, days 0.109 24.9  < 0.001
ISS (ref = 1–15) Ref 7.6 0.006
 > 15 − 1.543

(D) Daily activity

Initial state Coefficient F statistic p value

Intercepts (ref = state 1—no problems) Ref 10.4  < 0.001
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pre-injury problems in mobility, pain, self-care, and daily 
activity. If we import these data in our prediction model, 
the probability to experience severe problems in mobility 

decreased from 96% 1 week after trauma to 25% 1 month 
after trauma and 1% after 3 months. The probability of 
severe problems in daily activity decreased from about 100% 

Table 2  (continued)

(D) Daily activity

Initial state Coefficient F statistic p value

State 2—moderate problems 4.039
State 3—severe problems 6.430
Age − 0.111 21.7  < 0.001
Gender (ref = male) Ref 10.7 0.001
Female 1.428
Previous activity (ref = no problems) Ref 2.4 0.087
Moderate problems 0.418
Severe problems 4.401
Upper extremity injury (ref = no) Ref 9.4 0.002
Yes 2.228
Lower extremity injury (ref = no) Ref 26.0  < 0.001
Yes 2.551
Spine/neck injury (ref = no) Ref 5.0 0.025
Yes 1.692
Hospital length of stay, days 0.134 6.4 0.011

Transition probabilities Coefficient F statistic p value

Intercepts (ref = state 1—no problems) Ref 88.1  < 0.001
State 2—moderate problems − 1.946
State 3—severe problems − 9.764
Previous state 15.693 59.1  < 0.001
Measurement (ref = 1 week) Ref 21.1  < 0.001
1 month 0.000
3 months − 3.162
6 months − 3.944
12 months − 3.509
24 months − 1.897
Previous activity (ref = no problems) Ref 24.2  < 0.001
Moderate problems 1.986
Severe problems 4.085
Number of comorbidities (ref ≥ 2) Ref 3.8 0.023
1 0.303
0 0.779
Face (ref = no) Ref 5.2 0.022
Yes − 1.454
Thorax injury (ref = no) Ref 16.2  < 0.001
Yes − 1.197
Upper extremity injury (ref = no) Ref 3.0 0.086
Yes 0.483
Hospital length of stay, days 0.129 40.6  < 0.001
ISS (ref = 1–15) Ref 8.7 0.003
 > 15 − 1.195

ISS Injury Severity Score
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Fig. 3  State probabilities over time for mobility, pain, self-care, and daily activity
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Fig. 3  (continued)
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after 1 week to 9% after 3 months and 1% after 6 months. 
See Fig. 3A for an overview of the state probabilities for 
this patient over time for mobility, pain, self-care, and daily 
activity.

Another patient, a 75  year old female with a lower 
extremity and head injury (ISS < 16), was not admitted to the 
ICU and the hospital length of stay was 4 days. She had two 
comorbidities and she reported moderate problems in mobil-
ity and self-care, severe daily activity problems, and no pain 
pre-injury. The probability to experience severe problems 
in mobility decreased from 82% after 1 week to 29% after 
6 months and 20% after 2 years. The probability to experi-
ence severe pain was about 48% after 1 week, 10% after 6 
months, and 7% after 2 years. The probability to experience 
severe problems in daily activity was 37% after 2 years. See 
Fig. 3B for an overview of the probabilities to experience no 
problems, moderate problems, or severe problems over time 
for mobility, pain, self-care, and daily activity. See “Appen-
dix 3” for an example of how to use these results in outpa-
tient follow-up to improve patient–clinician communication.

Discussion

We developed four Latent Markov models with covariates 
to predict physical function in terms of mobility, pain, self-
care, and daily activity after a trauma. Overall, we expect a 
good physical recovery for most patients, especially during 
the first 6 months. However, physical recovery still improves 
up to 2 years after injury [36]. Based on patient and trauma 
characteristics, the initial state and transition probabilities 
can be determined, which yields a full predicted latent tra-
jectory in the form of a probability for each state (level of 
function) at each time point. The resulting predicted physical 
recovery will be used to inform the patients and to manage 
the recovery expectations of trauma patients to improve their 
(experienced) health and satisfaction during their recovery.

This study is, as far as we know, the first study to identify 
different physical recovery trajectories after trauma based 
on Latent Markov Models. In comparison to longitudinal 
regression analyses, Latent Markov Models allow for using 
multiple responses or indicators of the outcome of interest 
and are based on modeling transitions between latent states. 
This yields a rather natural manner to gain more insight into 

the nature of recovery trajectories and how these relate to 
patient or trauma characteristics. Previous studies mentioned 
the benefits of tools for predicting patients’ physical recov-
ery. De Graaf et al. [37] developed a prediction model to 
predict functional recovery measured by the Short Muscu-
loskeletal Function Assessment (SMFA) after 12 months. 
They used a multivariable logistic regression model to 
predict the functional outcome, which could be useful for 
quantifying the chance of reaching functional recovery 12 
months after trauma [37]. Besides, the patients at risk for a 
poor outcome could be identified and informed. However, it 
remains difficult to use these kinds of prediction models dur-
ing the outpatient follow-up, because the functional outcome 
after 12 months is predicted, but the recovery trajectory, 
the development over time, in these patients is unknown. 
Therefore, during the outpatient follow-up, it is unknown to 
the clinician whether the individual patient is following the 
predicted recovery pattern to reach the predicted functional 
outcome. This makes it impossible to identify an anomalous 
recovery.

With the prediction model developed in this study, there 
exists a step-by-step personalized prediction. This makes it 
possible to detect patients who recover at a worse rate than 
predicted at an early stage. The clinician could consider a 
change to their treatment approach to optimize the recovery 
possibilities of the individual patient.

Previous studies suggest that patients’ coping abilities and 
recovery expectations will influence their prognosis [11, 15, 
38]. Busse et al. [38] showed that a worse coping and pes-
simism regarding recovery 6 weeks after surgical repair of 
open extremity fractures was predictive to persistent pain, 
reduced quality of life, and pain interference after 1 year. 
This emphasizes the importance of proper expectation man-
agement to optimize the coping of patients and to prevent 
unrealistic expectations which can enhance poor outcomes 
and dissatisfaction [14, 15].

Our prediction model could be used to optimize coping 
and expectations of patients. Furthermore, this prediction 
model could result in increased patients’ knowledge and it 
could improve patient–clinician communication [16–18]. 
The engagement of the patient during the recovery process 
could also increase because of the personalized prediction, 
the same as with the use of Patient Reported Outcome Meas-
ures (PROMs) [39, 40]. Thereby, patients’ knowledge, sat-
isfaction, patients’ outcomes, and preparation for making 
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decision during their treatment could increase [16–18, 26, 
41].

However, clinicians should be aware of patients who 
will have bad perspectives and they need to create realistic 
goals to motivate them. Besides, the clinicians should keep 
in mind that it remains a recovery prediction and it will not 
replace outpatient follow-up. It should be used as a comple-
mentary tool to enable a personalized treatment strategy.

An advantage of the LMM compared to other statistical 
methods for building prediction models based on longitu-
dinal data is that it can use multiple imperfect indicators to 
derive meaningful latent states and models the transitions of 
individuals across these latent states during the observation 
period. Hence, an LMM takes into account unobserved het-
erogeneity between subjects [19]. People who share common 
characteristics and similar scoring patterns on the measured 
outcome will have a similar trajectory across the latent states 
[42]. This is extremely relevant in a heterogeneous popula-
tion such as the trauma population. Based on this, the prob-
abilities for different trajectories can be calculated for each 
patient.

Another advantage is that the step-by-step prediction 
based on the initial and transition probabilities fits well with 
the outpatient follow-up of the patients. When a patient has 
a follow-up appointment, the trauma surgeon evaluates the 
recovery process and whether this process is below or above 
the expected level. This makes LMM a promising tool to 
provide a prediction model in our heterogeneous population.

A limitation of this study is that our prediction model 
has not been externally validated in the Dutch population. 
However, our model is validated using internal validation by 
splitting the set into a training set and a holdout set to assess 
model performance. Another limitation is that complications 
during treatment or after surgery were not included in the 
self-reported questionnaires. However, when a complication 
occurs and has influence on the health outcome, we expect 

that it also leads to a longer hospital length of stay, which 
was one of our variables.

The prediction of the (ordinal) latent states based on the 
covariates yielded pseudo-R2 values between 40 and 53% 
and Entropy R2 values between 21 and 41%. These values 
are not easily comparable to prediction models that have an 
observed outcome which makes it difficult to compare the 
quality of our model. However, a R2 of 50% means that half 
of the variation in the states is explained by the patient’s 
covariates, without having any further information on their 
scores on the EQ-5D values. Finally, 46% of the patients 
who met our inclusion criteria were included. Non-respond-
ers could have different recovery patterns, although differ-
ences between the groups were small.

Further research should be done to validate our predic-
tion model in the national and international population. 
Besides more research is needed to evaluate the effect of 
different treatment approaches during outpatient follow-up. 
This should be used to optimize our prediction model. For 
example, when different treatment approaches show different 
recovery abilities, the recovery trajectory of the individual 
patient should be modified based on the applied treatment. 
Besides, creating a self-learning prediction model is one of 
the goals for the future.

In conclusion, our prediction models based on Latent 
Markov Models to predict physical function post-injury 
turned out to be a promising way to predict recovery during 
outpatient follow-up. The predicted recovery can be used to 
inform the patients more tailor-made to optimize patients’ 
knowledge, satisfaction, and shared decision-making during 
recovery after trauma.
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Appendix 1: Alluvial plots about mobility, pain, self‑care, and daily activity
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Appendix 2: The mean transition probabilities for each time point in each domain 
of the physical recovery. T2 shows the transition from T1 (baseline) to T2 (follow‑up), T3 
from T2 (baseline) to T3 (follow‑up), etc.
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Appendix 3: Example for patient, problems in mobility (A) and pain (B) at 1 week and 2 years 
after injury for patient 1 and patient 2
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