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Abstract

Cytokine-induced killer (CIK) cell therapy is an adoptive cell immunotherapy under investigation for malignancies including metastatic colorectal cancer
(mCRC). Clinical activity has been attributed primarily to CD3*CD56* NK-like T cells, with CD8* cells considered a key effector subset. However, the
transcriptional and clonal states underlying CD8* CIK-cell expansion and function remain poorly undefined. We combined single-cell RNA and paired T-cell
receptor sequencing to profile 43,047 cells from day-14 CIK cell products generated from five patients with mCRC. Among 14,973 CD8* CIK cells, ten
transcriptional states were identified, comprising six conventional and four NK-like states (C3, C5, C7 and C9). NK-like T-cell frequency increased during CIK
expansion in all patients. The ten most expanded CD8* clonotypes preferentially occupied NK-like states in four patients, while memory-like states
predominated in one, revealing inter-patient heterogeneity. Despite this, NK-like states showed significant clonal overlap (permutation test, Benjamini-
Hochberg-adjusted P < 0.05), consistent with phenotypic plasticity, whereas memory-like states were largely clonally distinct. Trajectory analysis supported a
branching model in which intermediate C5 was associated with trajectories toward highly cytotoxic Temra-like C9 or cytotoxic C3, with a further trajectory
from C3 toward dysfunctional-like C7. Regulon analysis identified state-specific programs, including KLF2 in C5, GFI1 and IKZF2 in C9, IKZF1 in C7 and
FOXM1 in proliferative C8. Together, these findings identify an apparent branch point within NK-like CD8* CIK cells that may shape cytotoxic and
dysfunctional phenotypes. This suggests that targeting pathways governing this transition may improve CIK-cell manufacturing and lead to more effective
therapeutic outcomes in mCRC.

INTRODUCTION

Colorectal cancer (CRC) remains a major cause of cancer-related death worldwide, with about 1.9 million new cases diagnosed annually and poor survival
outcomes in metastatic disease, underscoring the urgent need for more effective therapies (1). Cytokine-induced killer (CIK) cell therapy has emerged as a
promising immunotherapeutic approach with the potential to significantly improve CRC outcomes. Previous clinical trials have demonstrated that adjunct
CIK cell therapy can significantly improve short term overall and progression-free survival in CRC patients, but the therapeutic efficacy of CIK cells is not
durably sustained (2). A better understanding of the cell subsets and their developmental pathways in the CIK cell product may lead to improvements in the
culture techniques with improved short- and long-term therapeutic outcomes.

CIK cells are a heterogeneous population of lymphoid cells expanded ex vivo from peripheral blood mononuclear cells (PBMC) (3). Currently they are
described as comprising three subpopulations: conventional T cells (CD3 + CD56-), natural killer (NK)-like T cells (CD3 + CD56+, hereafter referred to as NK-
like CIK cells), and NK cells (CD3- CD56+). CIK cells exhibit tumour cytotoxicity through both MHC-restricted and MHC-independent mechanisms, mediated
by T cell receptors and NK receptors, respectively. MHC-independent tumour recognition is thought to be critical for CIK cell therapeutic efficacy and is
primarily be driven by the NK-like CIK cell subpopulation (4, 5), which express NK receptors such as NKG2D and mediates tumour cell killing through
interactions with its ligands, MICA/B and ULBPs commonly found on tumour cells(6). In addition, the expression of CD16 in some CIK cells enables antibody-
dependent cell-cytotoxicity (ADCC), supporting enhanced tumour clearance when combined with monoclonal antibodies (7). Despite increasing confidence in
the clinical application of CIK cells, their transcriptional heterogeneity and functional states remain poorly characterised.

Previous characterisation of CIK cells has relied on flow cytometric immunophenotyping and bulk transcriptomics to study the underlying biology (8, 9).
These techniques identified NK-like CIK cells as critical mediators of therapeutic efficacy and subsequently their enrichment during culture is commonly used
as a quality metric for clinical use. While these approaches have led to significant advancements in our understanding of CIK cell biology, they lack the
resolution required to answer important questions required to advance this field further. These include the unbiased identification of discrete cell states
within CIK cell cultures, the transcriptional dynamics that drive CIK cell subset differentiation, the clonal relationships between transcriptional states, and the
functional contribution of these states to therapeutic effectiveness. Among CIK subsets, CD8 + T cells are considered the principal mediators of tumour cell
killing (10, 11), yet the transcriptional heterogeneity and NK-like differentiation specifically within this compartment remain unknown. Here, we focused on
CD8 + CIK cells to resolve their functional and clonal heterogeneity at single-cell resolution, with the aim of defining discrete transcriptional states,
differentiation trajectories, and TCR-based clonal features that underpin cytotoxic and NK-like phenotypes.

Recent developments in single-cell RNA sequencing (scRNA-seq), integrated with single-cell TCR V(D)J sequencing (scTCR-seq) and improved
computational tools have significantly advanced our understanding of T cell immunobiology by enabling high resolution cell annotation, identification of rare
and transitional T cell states, and tracing of differentiation trajectories and clonal expansion We hypothesised that application of scRNA-seq and scTCR-seq
on CIK cells would uncover novel and useful insights into CIK cell heterogeneity and their function.

In this study, we generated autologous CIK cells from treatment-naive mCRC patients for single cell analysis. Day 14 CIK cell products were generated from
PBMC isolated from five mCRC patients (12). Paired scRNA- and scTCR-seq on the CIK cells was undertaken using 10X Chromium NextGEM Single Cell 5’
Reagent Kits v2 (10X Genomics). Profiling of transcriptional states of CD8 + CIK cells, clonal dynamics, and linking T cell receptor identity to functional
phenotype at single-cell resolution were then performed. Together, our findings provide novel insight into the molecular characteristics that underlie the
functional identity of therapeutic CIK cells.

RESULTS

scRNA-seq reveals the cellular heterogeneity of CIK cells.
scRNA-seq from pooled mCRC donor PBMCs.

We performed scRNA-seq on Day 14 CIK cell products generated from five treatment- naive patients with metastatic CRC (mCRC) (Fig. 1a). CIK cell cultures
were verified to contain NK-like CIK cell expansion by flow cytometry before sequencing (Supp. Fig. S1).Following quality control and filtering, we retained
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43,047 cells across our pooled CIK samples for analysis. We identified 17 distinct “Global Cell Clusters” (G) present across all donors by unsupervised
Louvain clustering, and then defined the transcriptional identity of each cluster by the top 100 differentially expressed genes (DEGs) (Supp. Table S1, Supp.
Fig. S2c). These cell clusters were then grouped into seven main cell subtypes based on shared expression patterns before matching to known cell types
(Fig. 1b). Analysis of individual donors show similar proportions of these cell populations across all samples (Fig. 1c).

Identification and annotation of 7 major cell populations found in CIK cells

The seven main subtypes were identified as CD4 + T cells, CD8 + T cells, Mixed CD4/CD8 + T cells, NK cells, y962 T cells, B cells, and Cycling T Cells (Fig. 1b-
c). As expected, the majority of our CIK cells were T cells as shown by robust CD3E expression in groups labelled CD4 + T cells, CD8 + T cells, Mixed
CD4/CD8 + T cells, Cycling T cells, and y962 T cells (Fig. 1d). Within the T cell subtypes, CD4 and CD8A expression was utilised to identify CD4 +and CD8 + T
cells respectively. We were able to identify cell clusters containing only single-positive CD4 and CD8 T cells, however some contained a mixture of single
positive CD4 and CD8 T cells and were labelled “Mixed CD4/CD8 T cells”. “Cycling T cells” similarly contained a mixture of CD4 and CD8 T cells and were
identified by the robust expression of the proliferation marker MKI67 (Fig. 1d) and an enrichment for a cell cycle gene signature (Supp. Fig. S3a) (13). In
addition to ap T cells, we also identified a population of y962 T cells through TRDV2 and TRGV9 expression (Fig. 1d). The y962 T cell clusters were enriched
for cytotoxicity-associated genes (GNLY, NKG7, FCGR3A) and NK receptors (NCAM1, KLRC1, KLRD1, NCR3) (Supp. Table S1). Notably, the y962 T cells
expressed ZBTB16 which encodes PLZF, a critical transcription factor for effector y& T cell function (Supp. Table S1) (14). Other than T cells, we also
identified a small population of NK cells characterised by high expression of NCAM1(encoding CD56) and TYROBP1 (Fig. 1d) and enriched for a gene
signature for human NK cells (Supp. Fig. S3b) (15). Finally, we also identified some remaining B cells characterised by their expression of CD79 and
MS4A1(Fig. 1d). Taken together, our scRNA-seq analyses confirm previous flow cytometric based CIK cell studies, which showed that the cell product is
predominantly composed of af T cells. As expected, cytotoxic CD8 + T cells are the main cells expanded in our CIK cell culture and due to their highly potent
cell killing capacity should be critical for CIK cell mediated tumour clearance (16). To define cytotoxic CD8 + T cells composition in our CIK cell products, we
performed sub-analyses of cytotoxic CD8 + T cells (15) .

scRNA-seq profiling of CD8 + T cells in CIK cultures

To assesses CD8 + T cell heterogeneity, we computationally isolated all CD8 single-positive ap T cells from 43,047 cells of the pooled samples (n = 14,973).
Unsupervised clustering of this CD8 + T cell population led to the identification of 10 distinct cell clusters (Fig. 2a, b). Top differentially expressed genes for
each “Cytotoxic Cluster” (C) were identified (Supp. Table S2), followed by manual annotation to match these with known CD8 + T cell phenotypes (Fig. 2a-b).
By initially dividing these cell clusters based on NCAM1 expression (Fig. 2c), we identified conventional (CO, C1, C2, C4, C6, C8) and NK-like (C3, C5, C7, C9)
CD8 + subtypes. The proportional changes of CD8 + T clusters across parents shown in Supp. Fig. S2a.

Transcriptional profiling defines functional states in conventional CD8 + T cells.

C0 and C1 shared a memory-associated transcriptional core, including TCF7, IL7R, LEF1, CCR7, LTB, and SELL, together with intermediate expression of GZMK
and GZMM and lack of terminal cytotoxicity genes such as GZMB, NKG7, and PRF1 (Fig. 2a; Supp. Fig. S4-S5). CO was further distinguished by enrichment
of interferon-stimulated genes (ISGs) such as 1ISG20, indicating an ISG-responsive program within a memory-like transcriptional state (Supp. Table S3). Thus,
rather than representing an independent lineage, CO likely reflects an ISG+ state of this memory-like population (17). Pathway-enrichment analyses supported
this interpretation: CO was enriched for interferon-response signatures, whereas C1 showed hypoxia and glycolysis-associated programs, including HILPDA,
BNIP3, PFKFB4, and MIR210HG (Supp. Fig. S6). Together, these findings suggest that CO and C1 represent related but functionally divergent central memory
(Tem)-like states (ISG + Tcm-like and Tem-like).

Interestingly, while most of Cytotoxic Clusters displayed elevated expression of canonical type 1 (Tc1) signature genes such as TNF, TBX21 and IFNG (Supp.
Fig. S4), C2 had low Tc1 gene signatures and instead had high expression of GATA3, along with elevated expression of PTGDR2, IL13 and IL4, consistent with
type 2 cytotoxic T cells (Tc2) signature and was therefore annotated as a “Tc2-like” subtype (17).

Cell clusters C4, C6, and C8 showed enrichment of cycling cells (Fig. 2a). Cell cycle phase distribution showed that C4 was predominantly composed of
G2/M phase, whereas C6 was enriched for S phase, and C8 showed a broader distribution across S and G2/M phases (Supp. Fig. S7a). To determine
whether these clusters exhibited transcriptional identities beyond their cycling state, differential expression analysis was performed on C4, C6, and C8,
followed by exclusion of cell-cycle-associated genes (Supp. Table S4, Supp. Fig. S7b). C4 was characterised predominantly by MKI67 expression with no
additional transcriptional identity markers and was therefore labelled “Cycling”. In contrast, C6 expressed memory-associated genes (AQP3, CD27, LEF1, LTB,
IL7R) and was labelled “Cycling, Memory-like”. C8 co-expressed cytotoxic effector genes (GZMB, PRF1, GNLY) and exhaustion-associated checkpoint genes
(ENTPD1, LAG3, CTLA4), consistent with an effector-to-exhaustion phenotype among actively cycling cells and hence was labelled “Cycling, Teff/Tex-like".

Identification of NK-like CD8 + T cell states.

NK-like CIK cells are reported to be critical for CIK cell therapeutic efficacy (5). NK-like CD8 + T cells, identified by expression of NCAM1 and NK-associated
activating and inhibitory receptors, were primarily localised in C3, C5, C7, and C9 (Fig. 2d). NCAM1 expression was highest in C9 (63.6% of cells), with
intermediate expression in C3, C5, and C7 (10.6-12.2%), compared with background levels in the remaining clusters (C0-2; 2.2-6.1%) (Supp. Table S5). C3,
C5, and C9 resembled effector memory (Tem) states, showing high enrichment of effector-related genes (GZMB, GZMA, PRF1, NKG7, GNLY, CST7, FASLG,
IFNG, GZMK, GZMH) (Supp. Fig. S8).

C3 and C5 shared cytotoxicity-associated transcriptional features, with no significant difference in patient-level cytotoxicity scores between the two subtypes
(paired Wilcoxon p = 0.281; adjusted p = 0.281; Supp Table S6). C3 showed intermediate expression of CD226, KLRK1, KLRD1, and BHLHE40 (Fig. 2d; Supp.
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Fig. S8). BHLHE40 sustains CD8 + T cell effector and exhausted phenotypes (18). In support, C3 displayed elevated expression of exhaustion-associated
genes (LAG3, and CTLA4) with a consistent trend toward greater exhaustion than C5 across all 5 patients, although the difference did not reach statistical
significance (paired Wilcoxon p = 0.059; adjusted p = 0.118; Supp Table S6). We therefore annotated C3 as a “Teff NK-like” subtype (Supp. Fig. S8). In
contrast, C5 showed comparable cytotoxicity marker expression but lower expression of exhaustion markers and more pronounced expression of adhesion-
associated genes, including ITGB7, ITGAL, ITGA2, and ITGB2 (Supp. Fig. S8). Together, these features were consistent with a less exhausted, intermediate
Tem phenotype, therefore C5 was annotated as an intermediate Tem NK-like subtype.

C9 had elevated expression of CX3CR1 and FCGR3A, (Supp. Fig S7), suggesting a terminally differentiated effector memory (Temra)-like state (19).
Interestingly, C9 expressed the highest cytotoxic-associated genes, NK-activating receptors (NCR3, KLRK1, KLRCZ2), NK-inhibitory receptors (KLRD1, KLRC3,
KIR2DL1, KIR3DL1, and NCAM1 (Fig. 2d). Thus, C9 was annotated as a “KIR+ Temra NK-like” subtype (Fig. 2a).

C7 showed downregulated expression of effector genes as well as high expression for multiple exhaustion markers, including HAVCR2, ENTPD1, CTLA4 and
TOX (Supp. Fig. S7). HAVCR2, ENTPD1, and TOX are associated with driving cells toward a terminally exhausted (Tex)-like state (20). Therefore, C7 was
annotated as Tex NK-like (Fig. 2a).

To further validate these identity assignments, we scored CD8 + cell subtypes using NK-like, Tex, and Temra gene module scores derived from gene sets
reported in published single-cell studies. Consistent with our marker-based annotation, C7 showed the highest mean Tex module score among the ten
Cytotoxic Clusters, with significant elevation relative to C0, C2, C4, C6 and C8 (Tukey-adjusted P < 0.05), although it did not differ significantly from C1, C3, C5
or C9 (Supp. Fig. S9a). C9 exhibited a significantly higher Temra module score than all other subtypes (Tukey-adjusted P < 0.05), consistent with C9
representing the most Temra-like cytotoxic state (Supp. Fig. S9b). Among the NK-like subtypes, C9 also showed the highest NK-like module score,
significantly exceeding all other clusters including C3, C5 and C7 (Tukey-adjusted P < 0.05), while C3 and C5 scored significantly higher than most but were
not significantly different from each other (Supp. Fig. S9¢). C7 showed an intermediate NK-like score, significantly higher than C2, C4, and C6, but
significantly lower than C3, C5, and C9 (Supp. Fig. S9c). Thus, our module-score analysis further supported the manual annotations and marker-based
assignment of both conventional and NK-like CD8 + T-cell subtypes

Taken together, we provide for the first time a comprehensive annotation of CD8 + T cell subtypes including comprehensive characterisation of previously
unknown transcriptional states within the NK-like CD8 + T cell subtypes in our CIK cell products.

scTCR analysis reveals clonal connectivity among CD8 + CIK cell states

We next investigated the clonal relationships between these transcriptional states using TCR sequences as genetic barcodes to track shared differentiation
trajectories in our CIK cell cultures. In total, 34,525 TCR clonotypes were successfully mapped across the CIK cell subtypes, including 12,892 clonotypes
detected in CD8 + CIK cells (Supp. Tables S7-8). Hyperexpanded clonotypes (> 20 cells) were predominantly observed within the NK-like subtypes C3, C5, C7
and C9 (Fig. 3a, b). Differential expression analysis comparing expanded (> 10 cells) and non-expanded (< 9 cells) clonotypes further showed increased
expression of cytotoxicity genes, including GZMB, PRF1, NKG7 and IFNG, together with exhaustion genes including LAG3, TOX, ENTPD1 and HAVCR2 (Fig. 3c).
These results are consistent with clonal expansion of CD8 + NK-like cytotoxic subtypes upon activation. consistent with enrichment of cytotoxic and
exhaustion-associated programs among expanded CD8 + CIK clonotypes (21).

We next quantified pairwise clonal overlap between transcriptional states to determine the extent to which distinct CIK subtypes shared TCR clonotypes. The
greatest overlap was observed between C9 and C3 (27.9%), C9 and C5 (25.6%), C9 and C7 (20.9%), respectively (Fig. 3d), indicating substantial clonal sharing
among NK-like states. Interestingly, C8 also showed substantial overlap with C9 (23.3%), suggesting a clonal relationship between the cycling C8 state and
NK-like cells. Additional overlap was observed between C9 and other cycling subtypes, C4 (16.3%) and C6 (16.3%). In contrast, CO—C2 showed limited clonal
sharing with the NK-like subtypes, with no detectable overlap between C9 and CO, C1 or C2. This descriptive analysis identified the transcriptional state pairs
with the greatest degree of clonal sharing

We next investigated whether these observed pairwise overlaps were greater than expected by chance. Using a patient-stratified permutation test (5,000
permutations), we compared the observed clonal overlap for each transcriptional-state pair with the overlap expected under the null model (see Methods;
permutation-based evaluation of clonal relationships as in LRT) (22). Multiple state pairs showed significantly greater clonal sharing than expected by
chance (BH-adjusted P < 0.05; Supp. Table S9), including relationships among the NK-like (C3, C5, C7 and C9) and cycling (C4, C6 and C8) CD8 + subtypes.
We further examined whether enriched clonal relationships were consistently observed across individual patients. C3-C5 and C3-C8 showed significant
clonal overlap in four of five patients and were also significant after combining patient-level P values using Fisher's method (BH-adjusted P < 0.05; Supp.
Table S10). However, the extent of clonal connectivity varied across patients, with several state-pair associations detected in only one or two samples,
indicating inter-patient heterogeneity in clonal relationships.

To further resolve these relationships at the individual-clonotype level, we identified clonotypes spanning multiple transcriptional states. Two unique
clonotypes were detected across all five states examined (C3, C5, C7, C8 and C9), comprising 29 and 205 cells, respectively. Additional clonotypes spanned
four states, with state combinations involving C3, C5, C7, and C8 or C3, C5, C8 and C9; these clonotypes were detected within individual patients (Supp. Table
S11). These findings provide clonal-level evidence that individual TCR clonotypes can populate multiple transcriptional states, complementing the pairwise
overlap and cross-patient reproducibility analyses. Taken together, this analysis at the individual-patient level revealed marked heterogeneity in clonal fate
(Supp. Fig. S10a). In four of five patients (QEH234, QEH235, QEH236 and QEH238), the top 10 expanded clonotypes per-patient were predominantly
distributed across NK-like and cycling states and generally showed higher cytotoxicity and exhaustion signature scores (Supp. Fig. S10b). In contrast,
expanded clonotypes in QEH237 were dominated by conventional states CO—C2 and showed comparatively lower cytotoxicity as well as higher memory and
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Tc2 signature scores (Supp. Fig. S10b). Notably, the NK-like expanded clonotype in QEH237 retained a high cytotoxicity signature, indicating that the
comparatively lower cytotoxicity across the top expanded clonotypes reflected their distinct transcriptional composition rather than reduced cytotoxicity of
the NK-like state itself.

Pseudotime analysis reveals NK-like CD8 + T cells differentiation

To further investigate potential differentiation relationships among NK-like CD8 + CIK cells during ex vivo expansion, we performed pseudotime trajectory
analysis (Fig. 4a). We focused on clonally related states C3, C5, C7, C8 and C9, which showed significant clonal sharing. The highly cycling subtypes C4 and
C6 were not included because their transcriptional profiles were dominated by cell-cycle-associated programs, which can represent a major source of
variation that confounds inference of differentiation trajectories (23). In contrast, C8 was retained despite its cycling phenotype because, in addition to
cycling features, it displayed intermediate effector and exhaustion-associated transcriptional programs, placing it within the broader transcriptional
continuum of NK-like CIK cell states examined here. Additionally, although significant clonal sharing was detected between C9 and the cycling subtypes C4
and C6 (Supp Table S9-10), these associations not accompanied by the multi-state clonotype patterns observed among C8 and the NK-like states (Supp
Table S11). C8 was therefore selected as the starting state for trajectory inference, resulting in three major branching pseudotime trajectories (Fig. 4a-b). The
Tem-int NK-like subtype C5, consistent with our previous characterisation of an intermediate-effector phenotype (Fig. 2a), occupied an intermediate position
along all three trajectories, which terminated in C3, C7 or C9. Two terminal states, C3 and C9, were characterised by effector NK-like T-cell programs, with C9
displaying Temra-like features and C3 (Teff NK-like) displaying an early exhausted effector phenotype. The third trajectory terminated in C7 (Tex NK-like),
characterised by an exhaustion profile, and progressed through both C5 and C3 as intermediate states (Fig. 4c).

Gene expression patterns along pseudotime further supported these distinct trajectories. Effector-associated genes, including GZMA, GNLY, NKG7 and PRFT1,
increased along the trajectories toward cytotoxic states, whereas their expression was markedly reduced toward C7 (Fig. 4d; Supp. Fig. S11a). Conversely,
exhaustion-associated genes, including HAVCR2 and TOX, progressively increased toward C7 and reached their highest levels in this state (Fig. 4d; Supp. Fig.
S11b). Together, these findings support a model in which clonally related NK-like CD8 + CIK cells occupy divergent transcriptional trajectories, with C5 and C3
representing closely related intermediate/effector states, C9 representing a highly cytotoxic Temra-like state, and C7 representing an exhaustion-associated
state with reduced cytotoxic features (24).

To investigate regulatory programs associated with the inferred trajectories, we examined regulon activity across pseudotime (Fig. 4e). Proliferation-
associated FOXM1 activity was enriched toward early pseudotime, consistent with the cycling C8 subtype (25). In contrast, effector-associated regulons,
including TBX21, EOMES, and CEBPD, showed enrichment in cytotoxic subtypes (C9, C5, C3) across intermediate-to-late pseudotime, coinciding with the
emergence of cytotoxic NK-like transcriptional subtypes (26). Distinct regulatory programs were also associated with the late pseudotime state. SMAD4,
NFATC2, RUNX3, and IKZF1 showed preferential regulon activity in the Tex-like NK-like subtype (C7), relative to the other subtypes examined (C8, C5, C9, and
C3) (Supp. Table S12). Cluster-level analysis further identified regulons with preferential higher activity in individual NK-like subtypes (Supp. Table S13).
Notably, preferential activity of IKZF1 in C7, GFIT1 and IKZF2 in C9, and KLF2 in C5 aligned with the distinct transcriptional states of these subtypes. IKZF1
activity was associated with the Tex-like C7 subtype, GFI1 with the highly cytotoxic terminal effector C9 subtype, and KLF2 with the intermediate C5 subtype.
These associations identified IKZF1, GFI1, and KLF2 as candidate regulatory factors associated with distinct effector and dysfunctional states in NK-like CIK
cell differentiation.

Together, these dynamic regulon activity patterns identify distinct regulatory programs associated with the transcriptional continuum from a cycling state
toward cytotoxic and exhausted states, providing candidate regulatory mechanisms associated with the divergent phenotypes observed among clonally
related CD8 + CIK cells.

DISCUSSION

Here, we constructed a single-cell transcriptome atlas of CD8 + CIK cells by integrating scRNA-seq and scTCR-seq. Focusing on NK-like T cells, we resolved
NK-like CD8 + CIK cells’s transcriptional heterogeneity, clonal relationships, and trace their lineage trajectories to a functional branch point at which an
intermediate state diverges into functional cytotoxic or dysfunctional exhausted fates. This analysis provides a detailed characterization of CD8 + NK-like
populations within CIK cell products, identifies clonal and transcriptional features underlying this divergence, and offers a rationale for strategies to guide CIK
cell manufacturing toward a more effective therapeutic.

CIK cells comprise a heterogeneous population of immune cells (27). We first defined the major cellular populations within bulk day-14 autologous CIK cell
products, a commonly used manufacturing end point for CIK cells. We confirmed that our CIK cells were predominantly composed of CD8 + and CD4+aB T
cells, with smaller populations of NK, y962 T, and B cells. Furthermore, the ratio of CD4 +to CD8 + T cells was at approximately 50:50, suggesting that CD4 +
T cells may have a role in CIK cell therapeutic efficacy (28-30). However, since CD8 + T cells are established key contributors to CIK-mediated cancer control,
we have focused in this study on analysing the CD8 + CIK cells, characterising their transcriptional and functional heterogeneity, with a particular emphasis
on the NK-like T cell populations (31).

As expected, CD8 + CIK cells could be broadly divided into conventional and NK-like T cells. Conventional T cells were primarily identified as memory-like
populations. Surprisingly, we also identified a conventional Tc2-like population characterised by type 2 cytotoxic signatures, including GATA3, GZMB, IL4, and
IL13(32, 33). As this Tc2-like subtype was consistently found in all donors, these Tc2-like cells may have currently unknown roles in CIK cell efficacy. A recent
study demonstrated that type 2 cells within CAR-T infusion products can suppress a dysfunctional subset and contribute to population homeostasis (32),
raising the possibility that Tc2-like cells in our CIK cell products could similarly influence the functional state of other populations, including NK-like cells, and
so warrant further investigation.
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Beyond the identification of conventional CD8 + CIK subtypes, we revealed for the first time that NK-like CD8 + CIK cells comprise 4 functionally distinct
subtypes. These subtypes are proposed to arise from proliferative cells with combined effector and exhaustion-associated features (C8), that lead to NK-like
subtypes with an effector memory-like intermediate subtype (C5), a highly cytotoxic terminal subtype (C9), an effector subtype with cytotoxic and early
exhaustion features (C3), and a dysfunctional subtype expressing highly expressing exhausted features with significantly reduced cytotoxicity (C7)
consistent with previous reports describing dysfunctional T-cell phenotypes (34).

In four of the five patients, the most expanded clonotypes were predominantly associated with four NK-like subtypes (C3, C5, C7, and C9), whereas in the
other patient the dominant clonotypes were primarily those associated with conventional CD8 + CIK subtypes (C0O, C1, and C2). This occurred despite an
increase in the overall NK-like population across all patients, suggesting that phenotypic enrichment and clonal expansion may represent partially distinct
features of CIK product evolution. Compared with non-expanded clonotypes, expanded clonotypes within these NK-like subtypes exhibited higher expression
of cytotoxicity- and exhaustion-associated genes, whereas non-expanded clonotypes showed greater expression of memory-associated genes including
LEF1 and CCRY7. These findings align with previous observations that expanded T cell clonotypes predominantly exhibit increased expression of cytotoxicity
and exhaustion genes(35).

We also observed that conventional CD8 + CIK cell subtypes (CO0, C1, and C2) showed limited clonal overlap with NK-like subtypes. In contrast, shared
clonotypes were detected across multiple NK-like subtypes (C3, C5, C7, C9) and cycling subtypes (C4, C6, C8). This suggests that clonally related CD8 + CIK
cells, can occupy distinct transcriptional states, rather than representing discrete, clonally independent populations. Consistent with this observation, inferred
trajectory analysis of these subtypes, using C8 as a starting state, positioned the C5 intermediate state as a branch point associated with 3 NK-like
transcriptional states, which include an effector memory (C3), Temra (C9) and exhausted (C7) subtype (Fig. 5).

Regulon activity analysis further identified transcriptional regulatory features associated with distinct NK-like subtypes. While some regulons were shared
across multiple subtypes, KLF2, IKZF1 and GFI1 showed preferential activity for C5, C7 and C9 respectively. The preferential KLF2 activity observed in C5 is
notable given previous evidence that KLF2 supports functional effector potential while limiting terminal dysfunction (36, 37). Together with the intermediate
position of C5 in the inferred trajectory, these findings suggest that KLF2 activity may be associated with maintenance of an intermediate transcriptional
state with potential to adopt distinct effector phenotypes. Preferential IKZF1 activity in C7 was associated with the Tex-like transcriptional state. Consistent
with our findings, previous studies have identified IKZF1 as a regulator associated with T cell exhaustion (38, 39), raising the possibility that increased IKZF1
activity contributes to the dysfunctional phenotype of exhausted CIK cells. Finally, GFIT showed preferential activity in effector associated Temra subtype
(C9), consistent with previous studies indicating that GFI7 contributes to terminal effector T cell differentiation and antitumor responses (40, 41). These
findings highlight distinct regulatory programs associated with the transcriptional states of NK-like CIK cells. We hypothesise that manipulating candidate
regulatory programs that distinguish effector from dysfunctional states may provide a strategy to influence the functional composition of CIK products.

This study has several limitations. First, our analysis focused on transcriptional and TCR profiling of CIK cell products at a single timepoint. Although we
identified substantial cellular and clonal heterogeneity and findings consistent with relationships among transcriptional states, a single timepoint cannot
establish the directionality of differentiation. We could not determine whether a blood-derived progenitor population gives rise to the NK-like CD8 + CIK cell
subtypes (42) or whether additional transitional states are present at earlier stages of culture. Longitudinal profiling across multiple timepoints during CIK
cell expansion will be important to define the emergence and progression of these NK-like states. Second, although scRNA-seq was performed on bulk CIK
cell products, this study did not present analysis on the CD4 + T cell compartment. As CD4 + T cells constitute a substantial proportion of our CIK cell product
(28), defining their composition and potential functional contribution will provide further insight into the determinants of CIK cell therapeutic efficacy
(manuscript in preparation). Third, our dataset comprised five donors with metastatic CRC. Although we observed broadly consistent T cell subset
composition across donors, validation in larger cohorts and across different cancer types will be required to determine the generalisability of these findings
to CIK cell products generated for different clinical indications. Importantly, our identification of defining protein markers associated with these
transcriptional states provides a potential approach for flow cytometric identification and monitoring of these populations. Finally, functional validation of the
transcription factors highlighted by regulon activity analysis, including through CRISPR-based perturbation(43), will be important to determine whether these
factors contribute causally to CIK cell phenotypic diversification.

Protocols for the manufacture of CIK cells vary in detail, and lack of standardisation continues to be an important challenge in the field. A more detailed
understanding of the cellular composition and transcriptional states within CIK cell products is an important prerequisite for developing rational approaches
to manufacturing standardisation. Our study defines the heterogeneity of CD8 + CIK cells, identifying both expected cell populations and previously
unappreciated transcriptional states. By linking these states to distinct clonal and regulatory features, our findings provide a framework for systematically
evaluating how culture conditions and other manufacturing parameters influence CIK cell differentiation. Our findings of distinct regulatory programs
associated with the transcriptional continuum from a cycling state toward cytotoxic or exhausted states, suggests that it may be possible to manipulate
culture conditions to favour the development of cells with specific phenotypes. Such approaches may lead to more consistent CIK cell products and inform
strategies to enrich for cellular states with greater therapeutic potential.

MATERIALS AND METHODS
Subjects

A total of five treatment-naive patients diagnosed with metastatic colorectal cancer (mCRC) enrolled in the study which was conducted at The Queen
Elizabeth Hospital (TQEH, Woodbville, South Australia). Clinical details of the patients can be found in Table 1. Written informed consent was obtained from all
participants. Blood samples were taken prior to the patients undergoing treatment. The research team assigned patient identifiers (QEH234-238) that cannot
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be linked to patient identity outside of the study group. The Human Research Ethics Committee of the Central Adelaide Local Health Network granted ethical
approval for this research. (HREC/14/TQEHLMH/164).

Table 1
Patient Characteristics

PatientID Sex AgeRange Cancer Primary Origin

QEH 234 M 70-75 Caecum

QEH 235 M 65-70 Transverse colon
QEH 236 M 55-60 Caecum

QEH 237 M 65-70 Hepatic Flexure
QEH 238 F 45-50 Sigmoid

CIK cell generation

Cytokine induced killer (CIK) cells from blood of mMCRC patients were generated using our previously reported CIK cell expansion protocol (12). Briefly,
peripheral blood mononuclear (PBMC) cells were isolated from whole blood using Ficoll Paque™ PLUS (GE Healthcare Bio-sciences AB, Sweden,) density
gradient centrifugation. Freshly isolated PBMCs were initially seeded at a concentration of 5x10° cells/mL in serum free media X-VIVO 15 (LONZA,
Switzerland) supplemented with 1000 U/mL of interferon gamma (IFN-y) (Miltenyi Biotec, USA) in 24 well tissue culture grade plates. After one day,
0.05pg/mL of anti-CD3 (Miltenyi Biotec, USA) and 300 IU of interleukin (IL)-2 (Miltenyi Biotec, USA) were added to the culture. After three days, an additional
500 pL of media containing 300 IU of IL-2 was added. Every 3 to 4 days, cells were divided to maintain a density of 1x10° cells/mL, while 300 IU of IL-2 was
supplemented during the 14-day culture period.

Flow cytometry

Flow cytometry to detect expansion of CD3 + CD56+ CD8 + T cells (CD8 + NK-like) within CIK cell cultures was performed on day 14 as a quality control prior
to scRNA-sequencing (Supp. Fig. S1). To do this, freshly isolated PBMCs and day 14 expanded CIK cells were collected and stained with BD Horizon Fixable
Viability Stain 780 (FVS780; Biolegend, USA), followed by an incubation with 50 pL Fc block (BD Biosciences, USA) for 10 min in 4 C to prevent non-specific
binding. To stain for cell surface markers, the cells were incubated with a panel of fluorophore-conjugated antibodies in FACS buffer (2% FBS, 0.05% sodium
azide, 1T mM EDTA in sterile 1x PBS), including anti-human CD3 (clone UCHT1) BV510, CD56 (clone 5.1H11) PECy7, CD4 (clone A161A1) FITC, CD8 (clone
SK1) Alexa Fluor 647, CD226 (clone TX25) PE, and CD314 (clone 1D11) BV421 (Biolegend, USA). Next day, the cells were washed in FACS buffer and acquired
on a Cytek Aurora flow cytometer (Cytek Biosciences, USA). Data were analysed using FlowJo (v10). Plots depicting the expansion of NK-like CIK cells, as
well as the frequencies of CD8 + cells within CD3 + CD56+ populations (NK-like) and within CD3 + CD56- T cells over 14 days of culture are shown in Supp.
Fig. S1c-d.

Single-cell RNA sequencing

On day 14 of CIK cell culture, cells were collected and resuspended at approximately 1x102 cells/ul, targeting the capture of about 1x10* cells per library for
single-cell 5’ gene expression and TCR sequencing using the 10X Chromium platform based on NextGEM Single Cell 5’ Reagent Kits v2 (Dual Index) protocol
(CG000331 Rev F). Library preparation and sequencing were performed by the South Australian Genomics Centre (SAGC, Adelaide, Australia) using MGl
DNBSEQ-G400 sequencer. Two libraries were prepared :a gene expression library that contains sequencing reads and a T cell receptor library containing TCR
information as nucleotide sequence (V(D)J library).

Single-cell RNA sequencing (scRNA-seq) analysis

Sequence preprocessing and demultiplexing

The FASTQ files of five samples (QEH234-238) obtained from sequencing were processed using the 10X Genomics Cell Ranger (v6.1.2, 10X Genomics) multi
pipelines. This pipeline outputs single cell feature counts, TCR sequence assignments, and associated annotations for each library. Alignment of reads was
performed with the GRCh38 human reference genome. Filtered annotated contig files, clonotype information, features, barcodes, and matrix generated by the
Cell Ranger were used as input files for downstream analysis.

Analysis workflow for single-cell transcriptomic data

All gene expression analyses were performed using R (v4.5.1) and Seurat package (v5.4.0). Other R packages used during this analysis include dplyr (v1.0.8),
patchwork (v1.1.1), ggplot2 (v3.3.5), pheatmap (v1.0.13), and RColourBrewer (v1.1.2). To correct for ambient RNA contamination, we applied SoupX (v1.6.2)
to each sample independently. Following RNA ambient correction, Seurat objects were created for each sample, and doublets were individually removed from
all samples using the scDblFinder package (v1.24.10). The cleaned samples were then merged for downstream analysis. To ensure removing low-quality
cells, following quality control parameters were used. Cells exhibiting more than 5% mitochondrial genes, and fewer than 400 or more than 4000 unique
feature counts were excluded from the analysis. The quality filtered gene expression matrices were normalized using Seurat's NormalizeData function with
the LogNormalize method. Highly variable features were identified using the vst method, selecting the top 2,000 variable genes across all cells. The data
were then scaled by ScaleData function of Seurat library and principal component analysis (PCA) was performed on the top 30 principal components. To
account for batch effects across samples, harmony integration was calculated on the PCA embeddings using the harmony correction algorithm (v1.2.4). The
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harmony adjusted components were then used to generate a shared nearest-neighbour graph with the FindNeighbors function. It was followed by
unsupervised clustering using the Louvain algorithm at a resolution of 0.8. To identify optimal clustering resolution, we performed clustering across a range
of resolutions (0.1 to 1.4, step = 0.1) and evaluated cluster stability using the clustree package (v 0.5.1) (Supp. Fig. S2a). A resolution of 0.8 was selected as
it provided the highest resolution while preserving robust cell subtypes (Supp. Fig. S2a). The detailed information about identified cell subtypes was
discussed in the result section of the main text. Finally, Uniform Manifold Approximation and Projection (UMAP) was performed on the batch corrected data
using the top 30 dimensions for visualization of cells. In total, 43,047 high-quality cells were obtained from five samples for downstream analysis.

Identification of subtype-specific marker genes and cell subtypes

We determined cluster-specific marker genes using the FindAlIMarkers function in Seurat with the parameter test.use set to “wilcox”, facilitating differential
expression analysis between each cluster and all other cells. Next, we ranked the top 100 differentially expressed genes (DEGs) for each subtype based on
their average log?2 fold change. Subsequently, the cell subtypes were annotated using the top 100 differentially expressed genes from each cell subtype. A
comprehensive list of the top differentially expressed genes for all cell subtypes is available in Supp. Table 1, 2. Visualisation of joint density function and
expression intensity of specified genes were generated using the Nebulosa package (v 1.20.1)(44). Detailed descriptions of additional analyses steps are
provided in the Supplementary Methods.

Isolation of CD8 + CIK cells

CD8 +ap CIK cells (n = 14,973) were extracted from the integrated CIK cells dataset (n = 43,047) using Seurat. The subsetting process was based on
LogNormalized expression values. CD8 + aB T cells were defined as cells with the following threshold: CD8A>0|CD8B>0) & CD4==0& TRGV9==0&
TRDV2 = = 0). This threshold excluded CD4 + T cells, y962T cells, and any potential doublets, yielding 14,973 CD8 + aB T cells (34.8% of the total dataset) for
downstream analysis. To validate the specificity of this population, expression of the pan-T-cell marker CD3 was assessed independently of the subsetting
criteria: 99.0% of cells classified as CD8 + CIK cells expressed at least one CD3 subunit transcript (CD3D, CD3E, or CD3G), confirming the T-cell identity of the
selected population.

TCR data integration and clonotype annotation

We analysed T cell receptor (TCR) sequences and clonal expansion using the Cell Ranger V(D)J pipeline. TCR data from all five CIK samples were merged
with the combineTCR function in the scRepertoire R package (v 2.6.2). We cleaned the data by removing barcodes without any TCR information, cells with
more than one TCR, and non-productive rearrangements (using removeNA = TRUE, removeMulti = TRUE, and filterNonproductive = TRUE). Therefore, only T
cells that contain at least one functional a-chain and one B-chain remained for downstream analysis. Clonotypes were defined by matching the exact V(D)J
gene segments and the nucleotide sequence of the CDR3 region. We then combined these clonotype labels to our main Seurat object with
combineExpression function. Hence we could look at gene expression and clonal behaviour at the same time. Of the 43,047 high-quality cells after
preprocessing, 34,525 cells had a detectable clonotype. These formed 27,915 unique clonotypes, of which 2,460 clonotypes were comprised of more than
one cell. Clonotype sizes range from 1 cell to 1146 cells. Any T cells that shared the same a or B-chain sequence were considered as belonging to the same
clonotype. To measure clonal expansion, we calculated how many cells belonged to each clonotype. We grouped clones by size: singlets (1 cell), small (2-9
cells), expanded (10-20 cells), and hyperexpanded (> 20 cells). Cells where no aBTCR could be detected were labelled “No TCR”. We highlighted individual
large clones or single cells directly on the UMAP.

Clonal overlap between transcriptional states

To quantify pairwise clonal overlap between transcriptional states, we computed, for each state pair (A, B), the proportion of unique clonotypes in the smaller
state that were also present in the other state:

\varvecC'\varvecl\varveco\varvecn\varveca\varvecl\varveco\varvecv\varvece\varvecr\varvecl\ varveca\Varvecp yarvec, \varvecs) = \

To assess whether the observed clonal overlaps were greater than expected by chance, we performed a patient-stratified permutation test. Cell-state labels
were randomly shuffled within each patient while preserving the original clonotype assignments. The overlap between each pair of states was recalculated
across 5,000 permutations to generate a null distribution, from which empirical one-sided P values were calculated. P values were adjusted for multiple
testing using the Benjamini—Hochberg procedure. This approach is conceptually similar to methods used to assess non-random clonal relationships in
integrated scRNA-seq and scTCR-seq analyses (22). To assess whether clonal overlaps were reproducible across patients, we repeated the permutation
analysis separately for each patient. For each state pair within each patient, cell-state labels were randomly shuffled 5,000 times to generate a null
distribution and an empirical one-sided P value. P values from the patient-level tests were adjusted for multiple testing using the Benjamini—Hochberg
procedure. We then combined the patient-level P values for each state pair using Fisher's method and applied a second Benjamini—Hochberg correction
across state pairs. State pairs with an adjusted Fisher P < 0.05 were considered reproducibly enriched across patients.

Individual-clonotype state spanning analysis

To examine whether individual TCR clonotypes were detected across multiple transcriptional states, we analysed cells from C3, C5, C7, C8 and C9.
Clonotypes were defined using the paired TCR a- and B-chain sequence identifier (CTstrict). For each clonotype, we counted the number of cells assigned to
each state. A clonotype was considered present in a state when it was detected in at least two cells. Clonotypes detected in two or more states were
classified as multi-state clonotypes. For each multi-state clonotype, we recorded the states occupied, the total number of cells, and the number and identity
of patients in which it was detected.

Pseudotime Trajectory Analysis
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To reconstruct the transcriptional continuum of clonally related CD8 + CIK cells, Monocle 3 (v1.4.29; https://github.com/cole-trapnell-lab/monocle3 ) was
applied (45). Cells were first subsetted to TCR-sharing subtypes (C3, C5, C7, C8, C9) identified in Seurat, and the default assay was set to raw RNA counts to
preserve untransformed expression values for downstream modeling. Following conversion to a Monocle cell_data_set (CDS) object, we retained the Seurat-
derived UMAP coordinates. For gene selection, we combined a balanced set of subtype-specific markers (the top 20 positively differentially expressed genes
per subtype, identified using FindAllMarkers with min.pct = 0.25 and logfc. threshold = 0.5) with a curated panel of biologically relevant genes associated with
NK-like cytotoxicity, memory, and exhaustion phenotypes (GZMB, PRF1, KLR family, TCF7, PDCD1, TOX, LAG3). Dimensionality reduction was then performed
on this curated gene set using preprocess_cds with 50 principal components. Cells were clustered using Louvain community detection (cluster_cells), and a
principal graph was learned in the UMAP space using learn_graph. Pseudotime was computed by designating subtype C8 as the root state, with the root
principal node defined as the graph vertex closest to the majority of C8 cells using a custom function. Module scores for cytotoxicity (GNLY, PRF1, GZMB,
GZMH, GZMK, IFNG, NKG7) and exhaustion gene signatures (CTLA4, TOX, HAVCR2, TIGIT, LAG3, LAYN) were calculated using AddModuleScore in Seurat and
visualized as a function of pseudotime to assess their relationship along the trajectory. Density distributions of pseudotime per subtype were visualized
using kernel density estimation. Individual genes associated with exhaustion and cytotoxicity were further visualised as normalized expression along
pseudotime.

PySCENIC analysis

Regulon activity was evaluated using the Python implementation of the SCENIC algorithm, pySCENIC (v0.12.1). Co-expression modules between
transcription factors and potential target genes were inferred from the normalized expression matrix of aBCD8 + CIK cells using a gradient boosting-based
approach conceptually based on GRNBoost2, applied to the union of the top 5,000 highly variable genes and all detected transcription factors. Modules were
filtered to retain direct targets by cis-regulatory motif enrichment (hg38 v10 databases). Regulons define a transcription factor together with its target genes.
Regulon activity in single cells was quantified using AUCell. The resulting AUC score matrix was integrated with the Seurat object for downstream analysis
and visualization.

Statistical analysis

For the experimental data, statistical analyses were performed using GraphPad Prism (V 10.1.0) using the test described in the figure legend. The number of
samples included is specified in the figure legends. The detailed statistical methods are listed in the figure legends. For the scRNA-seq, statistical analysis
and figure generation were conducted using R version 4.5.1 and python version 3.13.5.
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Figure 1

scRNA-seq analysis workflow and integrated clustering of CIK cells.

(a) Study design overview for paired scRNA-seq and scTCR-seq of cytokine-induced killer (CIK) cells from metastatic CRC donors (n=5). lllustration prepared
using BioRender.com (b) UMAP visualization with labelling by cell-type annotations. (c) Bar chart depicting proportional cell-type compositions of individual
samples. (e) Feature plot overlay of marker genes defining the seven main groups, projected onto the integrated UMAP.
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Figure 2

Phenotypic heterogeneity and functional signatures of CD8+ CIK cell clusters.

(a) UMAP embedding displaying 10 “Cytotoxic Clusters” (CO-C9) of CD8+ CIK cells, defined by unsupervised clustering. (b) Discriminative gene sets across
each cluster were visualized as a scaled expression heatmap with the top 5 discriminative genes per cluster, ranked by average log2 fold-change, listed in
Supp. Table S2. (c¢) Joint density plot of NCAM1(CD56) and CD8 expression projected onto the CD8+ CIK UMAP, highlighting cells with an NK-like
transcriptional phenotype. (d) Dot plot of NK-activating (NCR3, KLRK1, CD226, NCR2, FCGR3A) and NK-inhibitory (KLRC1, KLRB1, KLRD1, KIR2DL1, KIR3DLT)
receptor genes across C0—C9. Dot color indicates scaled average expression, dot size indicates the percentage of cells expressing each gene per cluster.
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Figure 3

Clonal expansion patterns and transcriptional features in CD8+ CIK cells.

(a) UMAP embedding of CD8+ CIK cells by clonal expansion size (hyperexpanded >20 cells, expanded 10-20, small 2-9, singlets and no TCR). (b) Bar chart
summarising clonal expansion distribution across cell clusters. (c) Differential gene expression analysis was performed comparing hyperexpanded and
expanded clonotypes (>=10 cells per clonotype) with small and singlet clonotypes (<10 cells per clonotype). Cells without detected TCRs were excluded from
this analysis. (d) Heatmap depicting clonal overlap matrix between cluster pairs, by proportion of shared clones
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Figure 4

Pseudotime trajectory and regulon dynamics of clonally linked CD8+ CIK cells.

(a) UMAP showing the trajectories of Cytotoxic Clusters C3, C5, C7, C8, and C9, selected based on extensive shared TCR clonotype overlap, over pseudotime
inferred by Monocle3. Cells are coloured by cell subtype identity, trajectory rooted at C8. (b) The same trajectory coloured by pseudotime value, illustrating
the ordering of cells from the trajectory origin (dark blue) to terminal branches (light yellow). (¢) Density distribution of cells along pseudotime, shown
separately for each cluster, depicting the relative position of each cluster along the inferred trajectory. (d) Exhaustion and cytotoxicity score across
pseudotime, coloured by cluster. (e) Heatmap showing activating regulon (+) along the pseudotime trajectory. Only a manually curated activating regulon
selected for established roles in T cell proliferation, activation, effector differentiation, and exhaustion is displayed.
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Figure 5

Proposed CD8+ NK-like CIK transcriptional states in CIK cell culture.

The model depicts the 4 NK-like transcriptional states, and a proposed progenitor identified in CIK culture, key genes and regulons of each state, and the
proposed transitional relationships between these states.
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