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Abstract

With an ever-increasing number of treatment options, the assessment of treatment sequences
has become crucial in health technology assessment (HTA). This review systematically explores
the multifaceted challenges inherent in evaluating sequences, delving into their interplay and
nuances that go beyond economic model structures. We synthesised a “roadmap” of literature
from key methodological studies, highlighting the evolution of recent advances and emerging
research themes. These insights were compared against HTA guidelines to identify potential
avenues for future research.

Our findings reveal a spectrum of challenges in sequence evaluation, encompassing selecting
appropriate decision-analytic modelling approaches and comparators, deriving appropriate
clinical effectiveness evidence in the face of data scarcity, scrutinising effectiveness assumptions
and statistical adjustments, considering treatment displacement, and optimising model
computations. Integrating methodologies from diverse disciplines—statistics, epidemiology,
causal inference, operational research and computer science—has demonstrated promise in
addressing these challenges. An updated review of application studies is warranted to provide
detailed insights into the extent and manner in which these methodologies have been
implemented.

Data scarcity on the effectiveness of treatment sequences emerged as a dominant concern,
especially because treatment sequences are rarely compared in clinical trials. Real-world data
(RWD) provides an alternative means for capturing evidence on effectiveness and future research
should prioritise harnessing causal inference methods, particularly Target Trial Emulation, to
evaluate treatment sequence effectiveness using RWD. This approach is also adaptable for
analysing trials harbouring sequencing information and adjusting indirect comparisons when

collating evidence from heterogeneous sources. Such investigative efforts could lend support to

iii



Treatment Sequences in HTA: Challenges and Opportunities

1  reviews of HTA recommendations and contribute to synthesising external control arms involving

2 treatment sequences.
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Key Points for Decision Makers

There has been a surge in health technology assessment (HTA) research into treatment
sequence evaluation. Despite advancements in modelling frameworks, the field faces
multifaceted challenges that go beyond economic model structures, including selecting
appropriate sequencing comparators, scarcity of clinical effectiveness evidence necessitating
simplifying assumptions and statistical adjustments, considering treatment displacement
effects, and computational optimisation.

Cross-disciplinary methodologies, such as statistics, epidemiology, causal inference,
operational research and computer science, show promise in addressing these challenges. For
instance, real-world data (RWD) has substantial potential for informing estimates of treatment
sequence effectiveness but demands analysis with appropriate statistical methods—often
adapted from epidemiological and statistical research—to effectively mitigate biases.

Future research should emphasise harnessing causal inference methods in evaluating the
effectiveness of sequences, especially leveraging the Target Trial Emulation approach for
sequencing analysis using RWD or clinical trials, and adjusting indirect comparisons. These
investigative efforts can better inform reviews of HTA recommendations and the synthesis of

external control arms involving sequences.
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1. Introduction

Over the last decade, there has been a growing interest in Health Technology Assessments (HTA) in considering
treatment sequences alongside the existing focus on evaluating treatments at discrete points in a treatment pathway
[1-5]. Given the increasing treatment options [6-10], most diseases involve a pathway of care, wherein the
effectiveness and cost-effectiveness of a treatment can be affected by treatments administered before or after it. That
is, alternating the order of treatments can affect the overall effectiveness, such as the overall survival (OS). These
variations can, in turn, lead to changes in the overall costs of managing a disease. Therefore, to make optimal resource
allocation decisions, it is imperative to consider the entire sequences, rather than individual treatments in isolation.
Appraising treatment sequences requires the development of economic models that compare sequences. While
defining the structure of treatment-sequencing models is recognised as challenging, other aspects, such as selecting
an appropriate baseline sequencing-comparator and evidence of treatment effectiveness, are equally critical [11, 12].

To date, only the English [13, 14] and Canadian [15] HTA guidelines explicitly acknowledge the potential need
to consider the sequencing of technologies [16], albeit without detailed decision-analytic modelling instructions [13-
15]. For instance, the 2022 guideline from the National Institute for Health and Care Excellence (NICE) [14] suggests
considering the “care pathway” for the appraised technology and its comparator when appropriate, such as the
sequences of treatments and diagnostic tests. While the provided guidance is rather generic, two NICE Decision
Support Unit (DSU) briefing papers [17, 18] that informed the 2013 NICE guideline [13] underscores the ongoing
challenges HTA agencies face in numerous appraisals involving treatment sequences, especially regarding the
selection of treatment sequences and their associated costs. Furthermore, NICE is currently piloting the Pathway
Approach for technology appraisals (TAs) in two disease (i.e., renal cell carcinoma and non-small cell lung cancer)
[19], which seeks to streamline the process of economic model development and review for treatments within the
same disease, potentially influencing future evaluations of treatment sequences in HTA.

Despite existing reviews highlighting challenges in treatment-sequencing evaluation [11, 12], a gap remains in
primary research and innovation addressing these challenges. Additionally, the interplay between various challenges
and nuances beyond economic model structures is underexplored. Therefore, we aimed to update and consolidate
existing literature on methodological and conceptual advancements. We curate a “roadmap” of the relevant literature
to provide a holistic view on the current state of treatment-sequencing in HTA, highlighting key challenges and

ongoing research areas, laying a foundation for commissioning and developing new initiatives to address the
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challenges and develop new methods.

Clinical trials are typically the primary source of evidence used in HTA, but these rarely focus on comparing
treatment sequences, or on the effectiveness of a treatment conditional on a specific treatment sequence used prior.
Real-world data (RWD) may be more adept at capturing treatment sequences, and there it a trend towards the enhanced
use of RWD in HTA—particularly evident in organisations like NICE for England and Wales [20]. Hence, a key focus
of our review investigates whether literature exists that discusses the integration of RWD into HTA in the context of
treatment sequencing. We explored the potential and related challenges of this integration and how it fits within the
broader literature roadmap. NICE published a framework on the use of real-world evidence (RWE) in 2022 [20],
which postdates most of the included papers in our study. Consequently, our review aims to contribute fresh
perspectives that may enhance the findings of existing studies, by relating their findings to the implications of NICE's
RWE framework.

Our paper is structured as follows: we first describe the methods of our review (2. Methods), followed by an
overview of the included papers and a narrative synthesis of our findings (3. Results). Finally, we discuss the

implications of our findings for HTA and recommend avenues for future research (4. Discussion and 5. Conclusion).

2. Methods
2.1 The pearl-growing approach

In light of the limitations of conventional systematic review methods for methodological literature, our research
employed the pearl-growing approach [21, 22]. In particular: (1) A literature search for "treatment sequences" in the
absence of established Medical Subject Headings (MeSH) and Embase Subject Headings (Emtree) could lead to biased
results. (2) Our objective was to explore methodology advancements that are relevant across diverse diseases.
However, during a pilot systematic search (Section 2.1.1), we noted a large number of studies that discussed treatment-
sequences in a particular disease area (often multiple sclerosis or rheumatoid arthritis (RA) [23, 24]), without
describing relevant methodology beyond sequencing-model structures. This made the conventional systematic review
approach highly inefficient. (3) Furthermore, relying exclusively on searching electronic databases like PubMed and
EMBASE could result in overlooking crucial ongoing studies and doctoral theses in this emerging topic area. Given
these considerations, the pearl-growing approach appeared to be the best suited strategy.

The pearl-growing approach applied here begins with an initial key paper (i.e. the initial “grit”’) and expands by
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reviewing its reference list and studies that cited it (i.e. growing the “pearl™) [25]. This process is iteratively repeated
for each added relevant paper, eventually leading to the identification of a core set of pertinent studies. This approach
has proved more efficient for reviewing complex evidence [21]. Variations of this technique exist, including using
more than one initial paper [22] or utilising the approach to identify a set of comprehensive search terms rather than
studies [26]. For transparency, we detailed our review procedures in the following sections.

2.1.1  Identification of the initial key paper

In October 2019, a pilot review was conducted on PubMed to identify an initial key paper, using search terms:
(“economic model(s)” OR “economic evaluation(s)””) AND (“treatment sequence(s)” OR “sequence(s)”). The study
by Viola et al. [12], focusing on the selection of sequencing comparators, was selected as the initial “grit” for its
alignment with the inclusion and exclusion criteria in Table 1, and for being the latest relevant publication with
treatment sequence in its title.

2.1.2  Reference and citation tracking

The first round of reference and citation tracking began by screening the reference and citation list of the initial
key paper using their titles and abstracts based on the same criteria from the pilot review (Table 1). The reference list
was extracted from the full-text of Viola et al.’s study [12]. The citations were identified through Google Scholar
Search, as it provides a wider range of results compared to conventional electronic databases. Following screening,
we evaluated the eligibility of shortlisted records up to December 2019 by reviewing their full-text.

Upon completing the first round of reference and citation tracking, a new set of key papers for the next round
was identified. The same procedure was then performed repeatedly for each new set of literature identified in each
round. The process concluded when the literature searches saturated, namely when no more relevant articles could be
identified. Any pertinent articles that the iterative process overlooked, but were brought to the authors attention, were
manually included.

2.2 Review update
To ensure the review remained up-to-date towards publication, an update of citation tracking was performed in

February 2023 for the studies included in the initial review to include additional relevant articles.

3. Results

3.1 Overview of the included studies
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The review included a total of eleven studies, with six identified during the initial phase and five discovered in
the subsequent update. Figure 1 illustrates the inclusion process, and Table 2 details the objectives of each study. In
the initial review, besides Viola et al.’s study [12], three studies were included via reference and citation tracking [11,
27, 28], and two doctoral theses from Tosh and Kim were added post-hoc [29, 30]. Tosh’s thesis, focusing on model
optimisation methods, led to a derivative publication about economic models in RA [3]. Although this subsequent
work was cited by Viola et al. [12], we had excluded it due to its disease-centric focus. Kim's doctoral thesis, which
neither referenced nor was cited by other identified papers, was included because of its parallels to Tosh's doctoral
work. In the third round (not shown in Figure 1 for simplicity), we assessed the references and citations of studies
included in the second round as well as those that were manually included. Although we found further studies
tangentially related to our review's objective, they had overly broad scopes. Some did not specifically investigate the
methodological issues of treatment sequences, but rather broader issues of evaluating chronic diseases involving time-
dependent transitions and sequential procedures [31-43]. Others predominantly comprised clinical studies, researching
the clinical impacts of sequential treatment strategies and treatment switching, without an emphasis on HTA [44-51].
Further, one study is a conference abstract lacking full-text [52]. Consequently, we excluded these studies, indicating
that our literature search has reached saturation. In the updated review, five new studies were included [16, 53-56], all
of which cited at least one of the aforementioned six papers. One of the five was a derivative publication [53] of
Lewis's doctoral thesis identified in the initial review [28].

Table 3 summarises the characteristics of the included studies. The majority of them (55%) were published
between 2020-2022 [12, 16, 53-56], with the remainder from 2015-2019 [11, 27-30]. Only slightly more than half of
the studies (55%) were published in peer-reviewed platforms [11, 12, 16, 53, 55, 56]. The remaining studies included
four PhD theses (36%) [27-30] and a report from the NICE DSU [54]. Among all non-thesis articles (64%, n = 7),
three undertook systematic reviews on methods that can be leveraged to shape the methodological framework for
economic evaluation of treatment sequences [11, 53, 55], one paired a systematic review with a case study on the
selection of baseline sequencing-comparators [12], while the remaining three are non-systematic reviews addressing
various issues around treatment sequence evaluation [16, 54, 56].

3.2 Key research themes and their development roadmap
We identified several research themes (Table 3), including sequencing-model structures and problem structuring

(82%,n=9)[11, 12, 16, 27-30, 53, 55, 56]; developing conceptual frameworks for treatment-sequencing-modelling
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(36%, n = 4) [11, 28, 53, 55]; methods to tackle the effectiveness of treatment sequences, especially in handling
evidence from non-randomised data and indirect comparisons (45%, n = 5) [11, 28, 53, 55, 56]; and the potential for
using RWE to inform sequencing analyses (45%, n=15) [27, 28, 53, 55, 56]. Further developing themes included the
potential of model optimisation methods (18%, n = 2) [29, 30] and causal inference methods (18%, n = 2) [54, 56],
selection of treatment-sequence comparators (9%, n = 1) [12], and the impact of treatment displacement on resource
allocation efficiency and equity (9%, n= 1) [27].

Figure 2 presents a "roadmap" detailing the evolution of treatment-sequencing research. It highlights the
intersections and shifts among various research topics, revealing an increasing trend towards discussing statistical
methodology in the context of treatment sequences. This led to our focus on statistical methods for estimating
treatment sequence effectiveness in subsequent sections. We encourage readers to refer to Figure 2 for a visual
representation of our narrative synthesis results (Section 3.3) and the subsequent Discussion (Section 4).

3.3 Present landscape and challenges of treatment-sequencing evaluation in HTA

In this section, we provide a narrative overview of the current practice and primary challenges associated with
treatment-sequencing in HTA across research themes, drawing from the selected studies.
3.3.1  HTA guidance for evaluating treatment sequences

Zheng et al. introduced a framework for treatment-sequencing modelling in 2017, providing step-by-step
recommendations [11]. Derived from a systematic review of NICE TAs up to TA321 (2014), Zheng et al.’s framework
comprises four steps: (1) model conceptualisation, (2) selecting suitable modelling approach, (3) considering
appropriate data sources for model inputs and (4) determining computation tools. Zheng et al. indicated that treatment
sequences have mainly been incorporated to reflect clinical practice or trial design, determine where to place new
treatments in a sequence, or evaluate the impact of placing an additional treatment into existing treatment sequences.
They noted an uptrend in TAs involving treatment sequences across various disease areas, including oncology,
autoimmune, cardiovascular, neurology/mental health, infectious disease, and diabetes, with oncology featuring the
highest number of treatment-sequencing models. A similar pattern was observed in an updated review by Viola et al.
extending to TA527 (2018) [12].

Lewis et al. [28, 53] and Huang et al. [55] advanced Zheng et al.’s framework by further unpacking the
complexities in determining the effectiveness of treatment sequences and suggesting potential solutions. Lewis et al.

underscored the importance of leveraging quantitative evidence synthesis methods and scrutinising simplifying



10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

Treatment Sequences in HTA: Challenges and Opportunities

assumptions [28, 53]. Meanwhile, Huang et al. identified specific challenges inherent to oncology treatment-
sequencing and proposed solutions to improve the estimation of treatment sequence effectiveness.

Faria's review offered guidance on problem structuring for economic evaluation [16], with a section highlighting
the importance of incorporating relevant sequences in the identification of pertinent decision options. Faria noted
challenges in parameterising sequences in economic evaluation due to limited direct evidence on the effectiveness of
treatments across all positions of sequences.

3.3.2  Scarce clinical evidence for treatment sequences and necessary statistical adjustments in evidence synthesis

Several studies highlighted the challenges of data scarcity in evaluating the effectiveness of treatment sequences
[16, 28, 53, 55]. Such limitations largely stem from the lack of randomised controlled trials (RCTs) comparing
treatment sequences, frequently necessitating the coalescence of evidence of discrete treatment effects (i.e. line-of-
therapy (LOT)-specific effect) from different sources.

Lewis et al. identified that while network meta-analysis/meta-analysis (NMA/MA) is frequently utilised in HTA
for synthesising treatment effectiveness evidence, there existed a gap in HTA guidance when it comes to adapting
these methods for evaluating treatment sequences [53]. They highlighted that the feasibility of conducting an
NMA/MA with RCTs comparing treatment sequences was hindered due to the lack of such trials. Furthermore, while
it might be feasible to conduct an NMA/MA using observational studies that compare treatment sequences, this
approach's viability could be considerably influenced by the inherent biases of observational studies [53]. Driven by
these observations, Lewis et al. underscored the potential of adapting meta-analytic methods to reflect the "position
effect" in deriving LOT-specific treatment effectiveness, including using meta-regression, stratification, or subgroup
analyses in NMA/MA to account for the impact of patient’s treatment history. Although Lewis et al.'s review of meta-
analytic methods was non-disease-specific, only five out of 23 studies were cancer-related, while over half (n = 13)
focused on RA.

Huang et al., conversely, outlined issues related to data scarcity in modelling oncology treatment sequences [55].
Key challenges include (1) strategies to adapt the effectiveness of a LOT based on its position within a sequence; (2)
examining the interplay between the timing of progression, discontinuation of a LOT, and initiation of the subsequent
LOT, and their impact on the modelling results; and (3) the availability of head-to-head comparisons evidence for a
specific LOT or the entire treatment sequence. Huang et al. reviewed 46 oncology treatment-sequencing models from

NICE TAs and PubMed to determine how the aforementioned challenges have been tackled. They stressed the need
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to include both the time to treatment discontinuation and disease progression for LOT-effect in a treatment-sequencing
model, or provide justification for any exceptions. Furthermore, Huang et al. believed treatment-free gaps should be
included unless inapplicable, such as in late-stage cancers with minimal treatment gaps.

Huang et al. noted the prevalent practice of combining data from multiple clinical trials across different LOTs
to model the effectiveness of a treatment sequence (41 models (89%)), such as merging progression-free survival (PFS)
from an earlier LOT trial (e.g. PFS of treatment A in a first-line setting) and OS from a later LOT trial (e.g. OS of
treatment B at in second-line setting) to model the OS for an entire treatment sequence (e.g. OS of treatment sequence
A->B). However, none of these “mergers of evidence” adjusted the estimated effectiveness based on the characteristics
of patients from different data sources (i.e., the misalignment of patient characteristics between LOTSs), primarily due
to the absence of individual patient-level data. In contrast, they identified three models estimated the OS of an entire
treatment sequence using information from a single trial [57-59], and two models used RWD to estimate the OS of an
entire treatment sequence [60, 61]. Given that RWE and single-trial evidence for treatment sequences are often
unavailable by the time of the HTA submissions, Huang et al. recommended combining trial evidence from different
LOTs with necessary adjustments as a more pragmatic approach [55].

Huang et al. found that no models applied head-to-head effectiveness evidence for comparing the entire
treatment sequences, consistent with findings from Lewis et al [53]. Merely 24% of models applied methods to adjust
for indirect treatment comparisons (ITC), which is exclusively limited to comparisons within a single LOT instead of
the whole sequence. Huang et al. recommended making ITC adjustments for each LOT in the sequence and further
adjusting for patient characteristics at the initiation of subsequent treatments, whenever possible. Overall, Huang et al.
concluded that that there is substantial room for improvement in estimating treatment sequence effectiveness.

3.3.3  Simplifying assumptions in response to data scarcity

Despite Lewis et al. highlighting the use of advanced meta-analytic methods for generating LOT-specific
evidence, many NMA/MA did not employ these methods [53]. Lewis et al. found that, such omissions often led to the
need for additional simplifying assumptions when integrating such evidence into treatment-sequencing models [53],
potentially causing biases and uncertainties. They summarised a taxonomy of these assumptions, such as whether a
treatment’s effect is dependent on its position or previous treatments and whether any modifications to the treatment
effect should be made depending on its position or disease duration. Lewis et al. underscored the importance of

carefully assessing the simplifying assumptions in sequencing models. We encourage readers to refer to Lewis et al.'s
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study for details.
3.3.4  Modelling approaches

Decision-analytic modelling approaches for treatment sequencing are well-established [11]. Among the 63
treatment-sequencing models Zheng et al. analysed, cohort state-transition models (e.g. Markov models, Semi-Markov
models) were most prevalent, followed by discrete event simulation (DES), individual state-transition models (e.g.
microsimulations), and decision-trees. Several crucial factors can influence the choice of modelling approach and the
construction of health states, such as patient heterogeneity, number of LOTs, and type of clinical outcomes [11]. Lewis
et al. further detailed the advantages and disadvantages of each approach with a comparison table in their paper [53].

Although partitioned survival models are prevalent in oncology [62], Zheng et al. suggested that such models
were not utilised for treatment sequences due to their inherent methodology and limitations [11]. Contrasting this, an
updated review by Viola et al. highlighted several oncology NICE TAs employing partitioned survival models for
treatment sequences [6]. Lewis et al. also identified comparable applications [53].
3.3.5  Selection of treatment sequences in a decision problem

Zheng et al. noted that most NICE TAs predominately compared treatment sequences that reflect clinical
practice, rather than optimal placement or excluding suboptimal treatment sequences [11]. Viola et al. investigated the
impact of baseline sequence-comparator selection on the incremental cost-effectiveness results by conducting a cost-
effectiveness case study with a treatment-sequencing Markov model featuring four hypothetical treatments [12]. Their
findings revealed that non-cost-effective treatments were never part of an optimal (i.e. most cost-effective) sequence.
Viola et al. proposed excluding non-cost-effective treatments from the baseline comparator or placing them later in
the sequence to improve health resource allocation efficiency. However, they also acknowledged the limited
generalisability of their case study due to the number of treatments and length of the sequences included. Furthermore,
their focus was on maximising resource allocation efficiency without posing any constraints on the positions of
treatments in a sequence, which could occur in real-world practice due to marketing authorisations. Nevertheless,
Viola et al. underscored the need for judiciously selecting baseline sequencing comparators. They cautioned that
overlooking the cost-effectiveness of individual treatments when defining the baseline sequencing-comparator could
lead to misleading results [12].
3.3.6  Impact of treatment displacement on resource allocation efficiency and equity

Haywood’s doctoral thesis delved into the issue of treatment displacement. He defined treatment displacement
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as where new treatments cause existing treatments to be shifted to later LOTs [27]. If not properly addressed in
economic evaluations, Haywood argues that this can result in biased decision-making. Specifically, Haywood argued
that continuing to pay the previously agreed-upon price for displaced treatments is unlikely to prove cost-effective.
This is primarily due to the uncertainty surrounding the effectiveness of these treatments once they are displaced and
used at a later line of therapy, with a high likelihood that effectiveness will be reduced. Consequently, paying the
previously agreed-upon price of displaced treatments when they are used at a later LOT can lead to allocative
inefficiency. Given the lack of clarity on reduced effectiveness, Haywood proposed adjusting the price of displaced
treatments downwards to better reflect their anticipated diminished effectiveness and restore their cost-effectiveness.

To support his argument, Haywood conducted modelling studies to assess the impact of treatment displacement
in several cancers [27], including breast, colorectal, and non-small cell lung cancer. The scarcity of clinical evidence
on sequencing led him to undertake a de novo RWD analysis using Australian Pharmaceutical Benefits Scheme (PBS)
data to understand local treatment patterns, subsequently guiding what treatments and the number of LOTs to be
incorporated into his economic models and their associated costs. However, for LOT-specific effectiveness estimates
(i.e., PFS), Haywood chose to apply estimates from literature and perform meta-analysis instead of conducting RWD
analysis. Haywood’s systematic review and meta-analyses of existing evidence revealed that the displacement of a
treatment may lead to decreased effectiveness, treatment duration, and increased toxicity per unit time. Haywood's
economic modelling results showed that displacement of an existing treatment resulted in an increased incremental
cost-effectiveness ratio (ICER), with a reduction in the price of these treatments being necessary to restore the cost-
effectiveness. Overall, he recommended carefully considering the impact of displacement on currently subsidised
treatments in cancer treatment funding to ensure equity and cost-effectiveness to avoid underestimating the total costs
and overestimating the total benefits of a new treatment being introduced to clinical practice [27].
3.3.7  Model computation and tools

Tosh and Kim's theses were among the earliest works on innovative treatment-sequencing methodologies [29,
30]. Both emphasised the significance of computational optimisation methods for sequencing-models, particularly in
scenarios where the decision problem involves a large number of sequencing-comparators (n > 1000). Tosh
investigated the use of simulation optimisation methods to identify optimal or near-optimal RA treatment sequences,
driven by the inconsistencies in existing economic models for comparing RA treatment sequences [3], which may lead

to potentially inaccurate cost-effectiveness estimates. He approached the issue as a combinatorial discrete simulation
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optimisation problem, experimenting with methods such as simulated annealing and genetic algorithms. While Tosh
found the simulation optimisation via simulated annealing (SOSA) promising, its time-consuming nature prompted
calls for further research on its generalisability. Concurrently, Kim studied similar methods for treatment sequences
in primary hypertension. The nuance in Kim's model lay in its emphasis on individualised treatment sequences, where
each patient in the model could potentially receive the same "treatment strategy" but with different treatment sequences.
For instance, patients exceeding a certain threshold for a particular characteristic would follow one sequence, while
those who fell below the threshold would follow a different one. This contrasted with Tosh’s approach, which
examined the average effect of each treatment sequences on the entire population.

Zheng et al.’s review [11] summarised software that have been used in modelling treatment sequences, including
those in Excel VBA, R, Arena and C. While both Tosh and Kim identified VBA and TreeAge as options for modelling
treatment sequences, they opted for Simul8 and Matlab in their respective doctoral these [29, 30].

3.3.8  Potential of RWE in informing sequencing analyses

RWD has emerged as a valuable tool in supporting treatment-sequencing decisions [11, 12,27, 53, 55]. Evidence
derived from RWD (i.e., RWE) may be used to inform local treatment patterns, sequence selection, and shape model
structures [11, 12,27, 53, 55]. RWE can also be leveraged to capture the effectiveness of the entire treatment sequences
or LOT-specific effectiveness [39, 42]. There are, however, significant challenges that undermine the potential of such
application. One primary limitation is the delay in RWD’s availability [11, 53, 55]. Typically, data collection
commences only after a new drug is introduced to the market, leading to delays in its inclusion in RWD to be used for
HTA submissions. Additionally, studies warned of the inherent issues in RWD that could result in biased findings (e.g.
selection bias, confounding) [53] and underscored the importance of applying statistical methods to mitigate biases in
RWD analyses [27, 53]. Despite these challenges, studies advocated for a further understanding of the pros and cons
of RWE in treatment sequencing decisions in HTA [53, 63].

A recent review by Simpson et al [56] highlighted the latest advances in using RWE to evaluate sequencing in
HTA. They spotlighted Spelman et al.’s approach of harnessing RWD from multiple countries to tackle the issue of
the unmeasured confounding in treatment-sequencing comparative effectiveness studies [64]. Spelman et al.’s study
focused on evaluating different treatment schedules for relapsing-remitting multiple sclerosis (RRMS). It is
highlighted that, even when earlier observational studies compare “similar” patients based on their measured

characteristics [65-67], unmeasured confounders may still exist between patients receiving different treatment patterns
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in a single health care setting. Spelman et al., conversely, compared patients from Sweden and Denmark, where the
treatment options of RRMS patients were comparable but the primary recommended treatment strategy diverged
(starting with highly effective disease-modifying therapies versus treatment escalation, respectively) [64]. By
controlling for various patient characteristics and comparing the clinical outcomes between the two countries, they
proxied the impact of different treatment strategies. This method resembles using geography as an instrumental
variable, which has faced criticism in oncology [68]. Spelman et al., nonetheless, introduced an innovative approach
to comparative effectiveness research [64], which could prove valuable for future HTA submissions involving
treatment sequences. Spelman et al.’s study was not directly included in our review because it focused solely on
clinical findings, while Simpson et al.’s review [56] shed light on its relevance to HTA.
3.3.9  Relevance of causal inference methods in sequencing

A recent NICE DSU report [54] critically reviewed methods for evidence synthesis on clinical effectiveness in
HTA, updating methodologies developed since the 2013 NICE guidance [13]. The report by Welton et al. features a
section underscoring the potential of causal inference methods, especially in addressing the issue of unwanted
treatment-switching in clinical trials, referencing a prior NICE DSU technical support document (TSD) (TSD 16) [69].
Welton et al. highlight the significance of applying causal inference tools in HTA to delineate the disease-treatment
pathway, facilitating covariate selection within statistical methods for synthesising evidence of treatment effectiveness.

We included Welton et al.’s report for its insight into the parallels between treatment-switching in trials and
treatment sequences, suggesting a new research direction. Welton et al. proposed that statistical methods capable of
handling the dynamic treatment changes in RCTs (regardless of whether unintended or permitted) could potentially
offer insights into treatment-sequencing. Thus, they recommend joint research to co-develop these methods in tandem
with treatment-sequencing modelling. We interpreted this as an opportunity to leverage causal inference principles in
developing statistical methods to estimate sequencing effects using RCT data containing treatment-switching, in line
with the heavy reliance on these principles in the NICE DSU TSD 16 guidance [69]. While recognising the value of
causal inference methods, our review excluded several epidemiological and statistical studies on dynamic or sequential
treatment strategies due to their non-HTA focus [44, 45, 51]. However, these studies may provide further insights into
evaluating sequencing effects using causal inference methods, warranting the need for a separate, in-depth review. To

highlight this point, we retain Welton et al.’s paper in our roadmap.
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4. Discussion

Our review underscores the escalating interest in evaluating treatment sequences in HTA and summarises the
emerging research themes (Table 3, Figure 2). These themes have arisen in response to the multifaceted challenges of
treatment sequences, encompassing conceptualising the decision problem, choosing suitable approaches for
constructing treatment-sequencing decision models, identifying and deriving appropriate clinical effectiveness
evidence for treatment sequences in the face of data scarcity, scrutinising effectiveness assumptions and statistical
methods for adjustments, and optimising model computations. We found that interdisciplinary research offers
promising solutions to these challenges. For example, methods from statistical and epidemiological research were
utilised to handle evidence from non-randomised data and perform adjusted indirect comparisons [53, 55, 70, 71], and
methods from operational research and computer science were applied for model optimisation [29, 30].

4.1 Implications of existing treatment-sequencing research for HTA

Early interest in treatment sequencing effects in specific diseases [17, 18, 72-74] led to NICE including advice
on integrating sequential treatments into comparators in their 2013 methods guide [13, 17, 18]. Before Zheng et al.
introduced the non-disease specific treatment-sequencing modelling framework [11], modelling guidance provided
only general considerations about incorporating subsequent treatments [13, 15, 75-77]. Earlier sequencing-modelling
frameworks were either only presented as conference abstracts [52] or had a broader focus on event sequencing beyond
treatments, such as the sequencing of diagnostic procedures or whole disease modelling [36, 37]. The recently updated
2022 NICE manual highlights the importance of "care pathways" [14], covering the sequence of treatments, tests, and
other relevant technologies. In this revision, NICE explicitly requires including all diagnostic technologies in a
sequence, but does not stipulate the same for "treatment" sequences. Further, NICE is piloting the Pathway Approach
to streamline the review of treatments for the same diseases, potentially impacting future HTA involving treatment
sequences [19].

In estimating the effectiveness of treatment sequences, existing studies primarily recommend refining the
derivation of LOT-specific effects and collating evidence from various LOTs, given the difficulties in acquiring data
for entire sequences during the appraisal process [53, 55]. Such approach hinges on leveraging statistical methods to
make adjustments for position effects, and to approximate head-to-head comparisons when collating evidence. Lewis
et al.'s findings on adapting meta-analytic methods to account for position effects [53] seem relevant to NICE’s

guidance for meta-analytic methods (e.g. NICE DSU TSDs 1, 3, and 4) [78-80], while Huang et al.'s recommendations
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[55] seem to relate closely to NICE DSU TSD 18 [70], focusing on population-adjusted indirect comparisons (i.e.,
matching-adjusted indirect comparison (MAIC) and simulated treatment comparisons (STC)). However, none of these
guidelines discuss these similarly rooted methods in the context of treatment sequence evaluation. Furthermore, Huang
et al.'s work seems to be anchored to state-transition models, raising questions about the applicability of their insights
to partitioned survival models [81], which are prevalent in oncology. Importantly, it remains unclear whether there are
other challenges unique to partitioned survival models yet to be identified. For example, "shoehorning" a sequence
into a partitioned survival model might require alternative methods to collate evidence from multiple LOTs. For
instance, combining survival curves from varied sources for different LOTs into a single OS curve for a sequence can
lead to problems, such as unrealistic crossing of cumulative treatment durations and OS curves.

While none of the studies we examined focused on specific methods for generating RWE on treatment sequence
effectiveness, several emphasised the importance of applying statistical methods to mitigate biases in RWD analyses
[27, 53]. These insights mirror those in NICE DSU TSD 17 about using observational data to estimate treatment
effectiveness [71]. However, TSD 17 does not touch on the relevance of these techniques in the context of treatment
sequences. Zheng et al. underscored RWE’s role beyond deriving effectiveness model inputs—also in corroborating
model predictions and assessing uncertainties through sensitivity and scenario analyses. This aligns with the concept
of evidence triangulation, prevalent in fields like epidemiology [82, 83]. While evidence triangulation has its merits,
its utility as a validation tool might be constrained without clear acceptability criteria. Further, it is ambiguous whether
Zheng et al. also implied using RWE as targets for model calibration [84]. Should this be the case, the uncertainty
inherent in sequencing models could be exacerbated, especially when RWE—known for its susceptibility to
confounding bias—is not validated. Specifically, a recent study highlights that the use of calibration targets that are
not well-matched between models and data can result in biased outcomes [85].

In summary, for sequencing effect estimation, we believe it is crucial to incorporate relevant statistical methods
for indirect comparisons, evaluating position or sequence effects, and adjusting for potential confounding and selection
biases. Further reviews and research are needed to understand the strengths and weaknesses of available statistical
methods in the context of treatment-sequencing. Moreover, understanding how these methods should be tailored for
varying data sources, model types and outcomes requires further exploration. We therefore provide actionable
directions for future research in Sections 4.2.1 to 4.2.5.

Determining what sequences to incorporate into a decision problem necessitates striking a balance among
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several factors [12], including conducting an exhaustive review of treatment sequencing clinical evidence [28],
considering local clinical guidelines [11], taking into account real-world practice and marketing authorisations [11,
16, 27], optimising resource allocation efficiency [12, 27], and computational feasibility [29, 30]. While Viola et al.
recommend removing non-cost-effective treatments from a baseline sequencing-comparator to maximise resource
allocation efficiency [12], it is noteworthy that NICE typically defines its comparator of interest as the most commonly
prescribed treatment sequence rather than the “most cost-effective standard treatment”. Lewis raised concerns about
the NICE Committee's approach, noting that the their decisions frequently stem from deliberations without
comprehensive review of clinical evidence on sequencing [28]. Furthermore, while the majority of appraisals assess
fewer than 10 treatment sequences, Tosh and Kim examined exceptions with significantly more sequences [29, 30].
The impact of computational feasibility on sequence inclusion remains unknown. To date, there are no explicit
guidelines prioritising any specific factor for sequence inclusion.

Regarding the impact of displaced treatments, Haywood's proposal to adjust their costs may be contentious [27].
Displaced treatments typically have shorter durations and reduced effectiveness [27], leading to inherent cost reduction.
Hence, implementing additional price cuts could potentially over-penalise. Secondly, reducing the price of displaced
treatments in fast-evolving disease areas may raise fairness concerns and discourage new treatment development,
especially for late-stage treatments. In particular, new treatments may emerge quickly, so that the "less new ones" are
displaced within a short time. Such dynamic might become apparent through initiatives like NICE’s Pathway Project
[19]. Thirdly, having treatments with varying prices at different LOTs presents complexities. A potential approach for
addressing this issue is to implement mandatory pre-planned re-evaluation when displacement occurs and treatments
begin to be used at a later LOT. This could lead to price adjustments where necessary. The potential role of prospective
RWE in monitoring the treatment effectiveness and displacement has not been explicitly discussed. These normative
issues extend greatly beyond economic evaluation and warrant further discussion.

4.2 Future research recommendation
4.2.1  Exploring consideration of treatment sequences in HTA beyond sequencing-models

The extent to which treatment-sequencing comparisons that do not necessitate explicit sequencing model
structures remains uncertain as most existing reviews are geared towards treatment-sequencing economic models [11,
12, 53, 55]. For example, the manufacturer in NICE TA387 [58] used the OS of abiraterone from the COU-AA-302

trial [86] (abiraterone as a first-line treatment in metastatic castration-resistant prostate cancer) to represent the OS of
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an entire treatment sequence (abiraterone = docetaxel = best supportive care) in the model, while an underlying
three-line model was maintained for the purpose of calculating the costs of subsequent treatments. Therefore,
technically, no conventional sequencing structure was required to model the OS. This approach heavily relies on the
assumption that the subsequent treatments received by patients in the COU-AA-302 trial are representative of those
in England’s clinical practice.

Conversely, some HTAs may unintentionally compare the effects of treatment sequences without a sequencing
model because of utilising effectiveness data that inherently include sequencing details. For example, when the aim is
to compare treatments as if no patients had undergone any unintended subsequent treatment, it becomes problematic
to use RCT data with unintended treatment-switching without making appropriate adjustments [69, 87]. Exploring the
prevalence of these approaches in HTA across disease types is warranted, as they can affect the necessary assumptions

required in populating the treatment effectiveness in economic models. While biases in the unadjusted unintended

treatment-switching scenario are well-recognised [69], uncertainties in the first scenario—where the effect of a first-

line treatment is assumed to represent the effect of the entire treatment sequence (e.g. TA387 [58])—may have been

overlooked, warranting further investigation.
4.2.2  Further research on the derivation of clinical effectiveness for treatment sequences

Data scarcity remains a significant challenge when evaluating treatment sequences in HTA [11, 53, 55, 56].
Despite existing studies outlining potential methods for deriving treatment sequence effectiveness [53, 55], there may
be a need for an updated overview of the current practice. The meta-analytic methods summarised by Lewis et al.
appear to be a viable approach for deriving LOT-specific effectiveness [53]. However, their recommendation primarily
stems from RA studies before 2013 and may not be as applicable in oncology due to the complexities of survival meta-
analysis [88, 89]. Huang et al., conversely, exclusively focused on oncology studies and recommended applying ITC
adjustment methods when combining data from various trials [55].

Both Lewis et al. and Huang et al. focus on methods for deriving LOT-specific effectiveness [53, 55], but these
approaches heavily rely on simplifying assumptions about effectiveness and population alignment between LOTs.
Exploring advanced statistical methods to refine the "degradation effect" parameter (a prevalent strategy in
autoimmune disease TAs [90-93]) could potentially mitigate uncertainties stemming from oversimplified assumptions.

This approach could be particularly useful for sequences with a significantly higher number of LOTs, where
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determining LOT-specific effects for each LOT is challenging (e.g. autoimmune HTAs). This approach is suitable
where a degradation effect assumption can be made, but less applicable in situations where subsequent treatments may
be more effective due to specific prior events, such as treatment-induced mutations that enhance the effectiveness of
later therapies. Furthermore, exploring alternative data sources and statistical methodologies to assess the comparative
effectiveness of complete treatment sequences remains an underexplored area, and could prove valuable. Reviewing
statistical methods originally developed for other purposes but are potentially applicable to treatment sequence
evaluation (e.g. those adapted for tackling treatment-switching in RCTs [54, 69]) from both HTA and non-HTA
domains, could inspire new strategies to address sequencing challenges in HTA.
4.2.3  The role of RWE and causal inference in assessing treatment sequence effectiveness

Despite the limited RWD availability for new treatments during appraisals, considerable research emphasises
the significance of exploring RWE’s potential in informing treatment-sequencing effectiveness [11, 27, 53, 55, 56].
RWD holds importance because of its ability to capture patient treatment trajectories over time. By leveraging causal
inference principles, biases in RWD analysis could be mitigated [71, 94, 95]. While existing HTA guidelines provide
methods suitable for non-sequencing scenarios [54, 71], tailored modifications may be required for treatment-
sequencing. For instance, assessing the comparative effectiveness of two complete treatment sequences is complex
due to time-varying confounding, potentially necessitating advanced adjustment techniques, such as g-methods [96,

97]. Statistical methods highlighted by Lewis et al. and Huang et al. implicitly tap into the importance of causal

inference [53, 55]—for instance, adjusted ITC is used to ensure fair comparisons between two groups. This aligns

with HTA’s goal to compare the counterfactual outcomes of alternative interventions: one without the new treatment
and one with it in the healthcare system. Given that the concept of counterfactual outcomes resonate with causal
inference principles, we advocate for their explicit integration into treatment-sequencing HTA, especially when
utilising RWE. This perspective largely mirrors the views in the recently released NICE RWE framework [20].

We identified several niches where RWE can support treatment-sequencing HTA. Each necessitates tailored
study designs and statistical approaches to address biases arising from non-randomised treatments. These areas include:
(1) deriving the effectiveness of a specific LOT or a segment of the treatment sequence, whether in the control or
treatment arm; (2) deriving the overall effectiveness of the treatment sequence in the control arm; (3) deriving the
comparative effectiveness between two (or more) complete treatment sequences.

Application (1) is commonly used to populate the effectiveness of later-line treatments in the model when trial

16



10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

Treatment Sequences in HTA: Challenges and Opportunities

evidence is constrained by short follow-up durations. Conceptually, methodologies described by Lewis et al. and
Huang et al. can be considered to address indirect comparisons and ensure population alignment across LOTs [53, 55].
However, further nuances and challenges of “plugging-in” RWE into a treatment sequence assessment warrant further
exploration. Further, this form of RWE has also been employed as calibration targets for modelling early detection
interventions where evidence from long-term follow-up is scarce [98]. Biases can, however, arise if a mismatch
between the model and data exists [85]. Additionally, this type of RWE can aid in evidence triangulation in oncology,
particularly when scrutinising the plausibility of the extrapolated survival curve of the appraised treatment beyond
trial periods. Comparing the late-stage survival curve from RWE against trial extrapolations can reveal any unrealistic
extrapolations, given that such extrapolations are greatly influenced by the choice of parametric models [99, 100].
However, a caveat is that estimates derived from RWE on late-stage survival might underestimate the effects of the
appraised treatment, since this evidence often comes from data gathered before the introduction of newer frontline
treatments. Recent studies have explored integrating RWE into trial-based survival extrapolations [101]. Future work
in this field may benefit from delving deeper into the nuances of treatment sequencing for such applications.

Application (2) represents a unique case of an external (synthetic) control arm, which received considerable
attention in HTA and regulatory bodies [102, 103], including the NICE RWE framework [20], even though none of
these have specifically addressed the treatment-sequencing scenario. This application's complexity arises from the
need to blend data from multiple sources (typically RWD with a trial arm) and employing statistical methods to enable
direct comparisons of complete treatment sequences. While the statistical methods may conceptually resemble those
used for RWD analysis, adaptions for extending inferences may be necessary [104, 105]. Predictable challenges
include unmeasured confounding, the absence of time-varying covariates, and missing information on subsequent
treatments in trials. While it seems conceptually viable, a renewed review may be needed to identify existing
application and associated challenges, and further application studies are imperative to assess such application’s
feasibility.

Application (3) is specifically pertinent in the re-evaluation of appraisals or reimbursement decisions for
treatments previously funded through alternative funds (e.g. NICE Cancer Drugs Fund (CDF)) [1, 106, 107]. In such
instances, data on previously appraised treatments might become available, presenting an opportunity to harness RWE
for direct comparisons of treatment sequences. This is especially relevant in determining the optimal sequencing or

positioning of treatments. Notably, clinical trials rarely assess the effectiveness of a new treatment across various
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treatment lines (e.g., standard of care = new treatment versus new treatment = standard of care), whereas such
sequences can co-exist in real-world settings and may serve as relevant comparators in an appraisal.

The Target Trial emulation (TTE) approach in epidemiology [63] seems to be a promising tool for comparing
two complete treatment sequences in RWD [108]. The TTE framework [63], rooted in the principle of causal inference,
has garnered substantial attention for its potential in explicitly designing observational studies to estimates causal
effects and mitigate issues such as confounding, selection bias, and immortal time bias. The U.S. Food and Drug
Administration (FDA) has funded projects aimed at examining the Target Trial emulation’s feasibility to answer
clinical questions for regulatory purposes [109, 110], and the NICE RWE framework endorsed the TTE framework
and recommends application in HTA wherever relevant [20].

NICE’s RWE framework briefly mentioned the viability of using emulated Target Trial to compare dynamic
treatment strategies, such as treatment sequences, without specifying operational details. In our view, treatment
sequences can be categorised into different types of treatment strategies [95]: (1) time-related static treatment
strategies (where patients transition to the next-line of treatment at fixed intervals) [111]; (2) dynamic treatment
strategies (where the timing of patients transitioning to the next-line of treatment is based on specific events (e.g.
disease progression) [112, 113], with each patient assigned to a specific type of treatment sequence within each
treatment arm); and (3) dynamic treatment strategies with individualised treatment sequences (where the timing of
patients transitioning to the next-line of treatment is based on patient characteristics, with the possibility of each patient
being assigned to different a treatment sequence based on specific events and additional patient characteristics (e.g.
biomarker status)) [114]. Each of these strategies may require overlapping but distinct analytical approaches.
Additionally, instead of emulating Target Trials for the comparison of dynamic treatment strategies, which are more
relevant to Applications 2 and 3, a recent clinical epidemiology study by Bujkiewicz et al. performed a bivariate NMA
on line-specific emulated Target Trials from the British RA Register [115]. This approach aimed to bridge the
disconnected networks in NMAs when assessing the effectiveness of first and second-line RA therapies, contributing
to improving insights for Application 1.

Given the complexities mentioned above, further studies are, therefore, needed to assess the feasibility and
validity of utilising Target Trial emulation to compare treatment sequences suitable for HTA purposes under different
scenarios [108]. This also echoes a recent review that underscores the need for future research on the application of

RWE with Target Trial emulation in HTA re-evaluation [116].

18



10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

Treatment Sequences in HTA: Challenges and Opportunities

4.2.4  Role of other sources of data harbouring treatment sequencing information

Apart from RWD, other data sources may also harbour comprehensive sequencing information but remain
underexplored in prior research. These include (1) trials (RCTs or single-arm trials) with extended-follow up and
collect information on non-randomised subsequent treatments; (2) RCTs that randomise patients to receive different
treatment sequences; (3) sequential multiple assignment randomised trials (SMARTs) [51, 114], which involve
multiple stages of randomisation at points when treatment changes are indicated, unlike conventional trials where
patient randomisation occurs only at baseline. Applying estimates from source (2) is relatively straightforward and
requires no adjustment if the treatment sequences being compared align with those in a specific decision problem,
although such alignment is uncommon. Utilising estimates from source (3), however, necessitates the use of
specialised analytical techniques specific to SMARTSs [44, 117]. Jamie Robins, known for his contribution in causal

inference methods, noted that the key difference between dynamic treatments in real-world settings and SMARTSs lies

in the randomisation probabilities—unknown in the former while predetermined in the latter [118]. Statistical methods

developed for SMARTS share similarities with causal inference methods for real-world dynamic treatments (e.g. g-
methods, not limited to sequential treatments), and could be relevant for both assessing treatment sequences in RWD
and trials that include sequencing data. Utilising data from source (1) may also require causal inference-guided
statistical methods to mitigate confounding bias [54], and facilitate adjustments for indirect comparisons when
integrating it with other data sources. Given its prevalence over sources (2) and (3), source (1) holds substantial
promise for offering timely insights into treatment sequencing involving the appraised treatment during an appraisal,
setting it apart from RWD’s role. Thus, methods for utilising data from source (1) for HTA should be investigated.
On a separate note, recent advancements in adaptive trial designs could also potentially be adapted to improve
the evaluation of treatment sequence effectiveness [119-122]. While SMARTSs focus on developing pre-defined multi-
stage adaptive interventions, the design of adaptive trials modify trials over time based on interim data. With the design
of dynamic protocols, advancements in adaptive trials may provide transferable statistical methods for assessing
sequencing effectiveness. Specifically, adaptive trials differ from traditional ones by continuously adjusting
randomisation probabilities over time. Informally, these (time-varying) adapted randomisation probabilities sit
between the known probabilities of receiving treatments in SMARTSs and the unknown probabilities in RWD analysis.
Thus, statistical methods for analysing adaptive trials theoretically share similarities with those previously mentioned

for SMARTs and may offer additional insights in addressing challenges related to sequence analysis.
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4.2.5  Model computation, utility, costs and equity

While the potential of computational optimisation methods for treatment sequencing decisions attracted early
attention [29, 30], no further developments have been seen in recent years. This may be associated with a tendency
for HTA to focus on individual treatment effects as oppose to optimising treatment sequences. Further, these early
studies were hampered by inadequate evidence on LOT-specific effects [29, 30], necessitating the use of crude
simplifying assumptions that undermined the value of these methods. Nonetheless, advancements in statistical
methods to better identify these effects may improve the potential value of these computational methods (see Section
4.2.2). A thorough review of recent appraisals might shed light on the recent use of these methods. Although not widely
incorporated into routine HTA processes, relevant codes developed by Tosh and Kim are available online for adaption
[29, 30]. Notably, methods developed in Tosh and Kim’s theses were highlighted by The Professional Society for
Health Economics and Outcomes Research (ISPOR) Task Force as exemplars when a decision problem is framed as
a constrained optimisation problem that accounts for a set of decisions over time [123].

Finally, several other areas have received limited research attention but may be crucial for further exploration,
including equity, utility, and costs within treatment sequence evaluation. Utility, in particular, may encounter similar
data scarcity issues as treatment sequences since patient data at specific time points while on a certain treatment is
often lacking.

4.3 Strengths and limitations of the review

Our study has several strengths. Firstly, our review provides a comprehensive summary of studies focusing on
treatment sequencing within HTA, highlighting both challenges and advancements, including early-stage
developments from doctoral theses. The compilation reveals emerging research areas and underscores the value of
interdisciplinary research. Secondly, our roadmap elucidates how these studies interrelate, enabling researchers with
specific interests to swiftly locate pertinent papers and associated references. Thirdly, we bridged the gap between the
insights drawn from the selected studies and their relevance to existing HTA guidance [70, 71, 78-80] as well as the
newly issued NICE RWE framework [20]. This highlights current gaps in HTA guidelines pertaining to tailored
methods for treatment-sequencing, and offers actionable research areas for enhancement, aiming to complement the
existing guidelines.

Despite its strengths, our study also comes with limitations. First, by focusing on reviews, methodological, and

conceptual papers, the scope of our review may be deemed as limited. However, given the frequent citations to Zheng
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et al.'s work [11] across the majority of the identified literature, we are confident that we have captured the field’s
pivotal paper and its associated literature. Secondly, with our non-disease-specific and HTA-oriented focus, we might
miss other relevant methodological papers that brings additional insights. However, for readers interested in specific
modelling studies or innovative methods from other fields, these can likely be found in the references of the papers
we included. Thirdly, we may not fully capture all disease-specific nuances of their interplay with each of the research
topics. Readers are encouraged to further explore the implications of subject knowledge. Lastly, we may have missed

articles discussing treatment sequences if they did not directly mention such concepts in their titles or abstracts.

5. Conclusion

Our research highlights the multifaceted challenges in evaluating treatment sequences in HTA, including
problem structuring, modelling approaches, selection of treatment-sequencing comparators, model optimisation and
data scarcity in evaluating the effectiveness of treatment sequences. Each of these aspects presents complex,
interrelated issues that warrant further investigation. This field is rapidly evolving, with the issue of data scarcity in
treatment sequences being particularly salient, causing decision uncertainties, arising from inherent biases in data
sources, effectiveness simplifying assumptions, and the appropriateness of the adjustment methods utilised. We found
that interdisciplinary research offers promising solutions to these challenges. This includes applying causal inference
principles from epidemiology and statistical research to manage evidence from non-randomised data and perform
adjusted indirect comparisons. Additionally, insights from operational research and computer science contribute to
model optimisation.

Several avenues for future research are identified. Firstly, given the remarkable potential of RWD in capturing
treatment sequences, it is imperative to investigate appropriate strategies for leveraging RWE in treatment sequence
evaluation. In particular, it is prudent to explore how emerging causal inference methods, such as Target Trial
emulation, can be employed to harness RWD for generating comparative effectiveness of treatment sequences. This
is especially pertinent in the context of re-evaluating treatment appraisals or synthesising an external treatment-
sequencing control arm. Secondly, it is equally crucial to delve into the application of causal inference methods in
analysing clinical trials that harbour sequencing information. This approach holds promise for providing timely
estimations of the appraised treatment’s effectiveness within a sequence, offering valuable insights during the

appraisal process. Thirdly, under-researched areas should be explored, including the generalisability of model
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1 optimisation methods, equity, utility, and costs in treatment sequence evaluation. Finally, an updated review of

2 treatment-sequencing economic evaluation applications may provide valuable insights into the evolving field.
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